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Preface

We are proud to present the first Computational Affective Science (CAS) workshop, a series,
and the first dedicated venue, for exploring the intersection of Natural Language Processing
(NLP) and Affective Science.

Affect refers to the fundamental neural processes that generate and regulate emotions, moods,
and feeling states. Affect and emotions are central to how we organize meaning, to our behavior,
to our health and well-being, and to our very survival. Despite this, and even though we are all
intimately familiar with emotions in everyday life, there is much we do not know about how
emotions work and how they impact our lives. Affective Science is a broad interdisciplinary field
that explores these and other related questions about affect and emotions. Since language
is a powerful mechanism of emotion expression, there is a growing use of language data and
advanced natural language processing (NLP) algorithms to shed light on fundamental questions
about emotions. Over the course of the series we hope to explore the many subareas and
modalities in which affect is studied.

A common critique of NLP work is the lack of theory. CAS takes an interdisciplinary approach to
affective science and aims at bringing together NLP researchers, scientists, and theorists from
many research areas, including psychology, sociology, neuroscience, and philosophy. CAS is
co-organized by researchers in NLP, Psychology, and Cognitive Science. We foresee this new
workshop as an interdisciplinary hub that will foster innovative CAS research.

For this first interaction of the workshop, we invited long and short archival paper submissions,
as well as non-archival extended abstracts on a broad range of topics at the intersection of
affective science and natural language processing. We received 29 submissions, 19 long
papers, 4 short papers, and 6 extended abstracts. Of these, we accepted 23 submissions
(79%, plus two additional which withdrew after acceptance due to inability to attend). We are
thrilled by the level of participation and quality from submissions, especially with the variety of
backgrounds the papers come from. We received 16 submissions from NLP/Computer Science,
6 from Psychology, 4 from Digital Humanities, and 2 from Linguistics backgrounds.

We are excited to award our first Best Paper award to "Beyond Toxic Positivity: Interpersonal
Affect Regulation in LLM-Based Dialogue Agents using Discourse Politeness Theory".

CAS is fortunate to have two fantastic keynote speakers: Dr. Katie Hoemann, an assistant
professor of psychology at the University of Kansas, and Dr. Jonathan Gratch, a professor of
computer science and psychology at the University of Southern California. Dr. Hoemann will
give a talk on "The construction of emotional meaning in language"; Dr. Gratch will speak about
"Beyond Emotion Recognition: Expressions as Social Action".

We would like to thank the LREC 2026 organizers for their support and providing a venue for our
inaugural workshop. We especially thank our program committee, as without their hard work
this workshop would not have been possible.

We look forward to continuing this workshop each year and hope to bring more researchers
from various disciplines together to tackle the intricacies and challenges of affect.

CAS 2026 Program Chairs
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14:10–15:00 Keynote Talk: Dr. Katie Hoemann | The Construction of Emotional
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The experience of emotion is a form of meaning-making: it reveals one’s
relationship to the circumstances. Often, the emphasis is on the emo-
tions explicitly named or subjective feelings conveyed. In this talk, I ar-
gue that we should use a broader set of tools to study emotional mean-
ing in language. I put forward three sets of language features that cap-
ture: the contextual features or aspects of experience salient at each
moment (attention); the conceptual vantage point which from events
are viewed (construal); the evaluation of events along relevant dimen-
sions (appraisal). Using empirical findings, I illustrate how these lan-
guage features can be used to answer specific questions about emo-
tional meaning-making and how it varies based on situation, person,
and culture. This interdisciplinary approach—grounded in socio-, cog-
nitive, and computational linguistics as well as discursive, cognitive, and
emotion psychology—seeks to move the field to a higher dimensional,
dynamical account of emotional meaning.
Dr. Katie Hoemann is an Assistant Professor and the Dale J. Weary
Faculty Fellow of Social Psychology at the University of Kansas, where
she directs the Emotions in Context (EMIC) Lab. Katie studies how peo-
ple experience emotion, and how the ways they make meaning of these
experiences can shape motivations, behaviors, and social interactions
in each moment. She also looks at how these momentary processes
map on to individual and cultural differences in emotion, and how they
are predictive of health and well-being. The hallmark of her research is
studying emotion in the real-world contexts people navigate in their daily
lives. Katie holds a BA in Cultural Anthropology, Spanish, and Linguis-
tics from Northwestern University, an MA in Cognitive Linguistics from
Bangor University, and a PhD in Psychology from Northeastern Univer-
sity. She was previously a postdoctoral fellow at the Center for Social
and Cultural Psychology at KU Leuven.
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Room: Poster Area
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17:00–17:50 Keynote Talk: Dr. Jonathan Gratch | Beyond Emotion Recognition:
Expressions as Social Action

Emotion science increasingly agrees that expressions do not simply re-
veal internal states. Their meaning is contextual, directed at others, and
co-constructed in interaction. Yet most computational approaches to
"emotion recognition" still assume the opposite: that expressions en-
code latent states that can be inferred from morphology or timing alone.
This assumption is embedded in common practices (such as training
models on decontextualized annotations of presumed internal states)
and even in emerging regulations like the EU AI Act, which treats emo-
tion recognition as the recovery of hidden mental properties. My talk ar-
gues that the problem is not just methodological but conceptual. While
contemporary theories emphasize context and co-construction, they
offer little guidance on how to formalize these ideas computationally.
What, precisely, counts as context? How do social goals, interactional
dynamics, and cultural conventions shape what an expression means?
Drawing on work in affective computing and social interaction, I propose
a shift from recognizing emotions to modeling communicative behavior.
I will illustrate how expressions function within interpersonal processes
– negotiation, coordination – and how their meaning emerges through
interaction rather than residing in the face or body alone. I conclude by
outlining a research agenda for computational models that treat expres-
sions as socially situated actions: specifying the structure of context,
capturing co-construction over time, and enabling interactive systems
that participate in, rather than merely observe, the creation of meaning.
Dr. Jonathan Gratch is a Research Full Professor of Computer Science
and Psychology at the University of Southern California (USC) and Chief
Science Officer at USC’s Institute for Creative Technologies, but will be
transitioning to a Professor of Computing at Vanderbilt University in the
Fall. He completed his Ph.D. in Computer Science at the University of
Illinois in Urbana-Champaign in 1995. Dr. Gratch’s research focuses on
computational models of human cognitive and social processes, espe-
cially emotion, and explores these models’ potential to advance psycho-
logical theory and shape human-machine interaction. He is the found-
ing Editor-in-Chief (retired) of IEEE’s Transactions on Affective Comput-
ing, Associate Editor for Affective Science, Emotion Review, and former
President of the Association for the Advancement of Affective Comput-
ing (AAAC). He is a Fellow of AAAI, AAAC, and the Cognitive Science
Society.
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Quality and Agreement in Multilabel Emotion Annotation:
A Case Study and Evaluation Framework

Emily Ohman & Anna Koufakou
Waseda University, Florida Gulf Coast University

Tokyo, Japan; Fort Myers FL, USA
ohman@waseda.jp, akoufakou@fgcu.edu

Abstract
Emotion annotation is inherently subjective, yet most NLP pipelines still assume “gold” labels, typically produced by
majority voting, and treat annotator variation as noise. In this paper, we present a multilabel emotion annotation
case study and use it to examine how annotator behavior and aggregation choices affect both agreement estimates
and downstream emotion classifiers. Rather than collapsing disagreement into a single label, we represent targets
as soft vote-share labels (including an intensity-weighted variant) and evaluate models using both thresholded
metrics (macro-/micro-F1) and probabilistic alignment (Bernoulli cross-entropy SoftBCE), alongside data-derived
disagreement diagnostics. Across annotation regimes, we show that disagreement is structured and leaves
measurable traces in model behavior: hard labels may maximize F1 metrics, while soft supervision yields
predictions that better reflect empirical annotator variance and uncertainty. Our results provide practical guid-
ance for designing, aggregating, and evaluating multilabel emotion datasets when multiple interpretations are plausible.

Keywords: emotion annotations, annotator disagreements, perspectives, evaluation metrics

1. Introduction

The difficulty of annotating for emotions is widely
acknowledged in the field of emotion detection
and sentiment analysis (see e.g. Andreevskaia and
Bergler, 2007; Bermingham and Smeaton, 2009;
Mohammad, 2016; Munezero et al., 2014; Strappa-
rava and Mihalcea, 2010; Wiebe and Riloff, 2005;
Öhman, 2021). Recent reviews also summarize
the research landscape, available resources, chal-
lenges and gaps in this area (Plaza-del Arco et al.,
2024; Koufakou and Nieves, 2025). In the follow-
ing, we focus on specific aspects and challenges
related to our work.

Overall, NLP research typically uses basic emo-
tions (see e.g. Ekman, 1971; Plutchik, 1984) or
simplifies fine-grained frameworks (see e.g. Cowen
and Keltner, 2017; Öhman, 2020), relying on clas-
sification models with a small set of largely dis-
joint labels. This facilitates model training and
improves performance: for example, the GoEmo-
tions (Demszky et al., 2020) experiments showed
higher performance when the authors merged and
remapped fine-grained categories to basic emo-
tions (Ekman). These techniques, however, fail
to capture the full, fine-grained, and often over-
lapping nature of human emotional experience.In
addition to discrete-category theories, affect is also
commonly modeled in dimensional terms such as
valence–arousal–dominance (VAD) and related cir-
cumplex accounts (Russell and Mehrabian, 1977).

Equally notable is that much of the related re-
search in NLP relies on the notion of “gold” labels,
typically derived through majority voting among an-
notators. Due to the highly subjective nature of in-

terpreting emotions, let alone emotions in a medium
like text, humans usually do not agree on emotion
labels. When annotators disagree, the correspond-
ing records are often discarded. As Plank (2022)
notes, “human variation in labeling is often consid-
ered noise.” Yet this raises an important question:
is such variation truly noise? Aside from cases
of genuinely careless or inconsistent annotators,
whose contributions may indeed warrant removal,
disagreement among humans often indicates that
an item is open to interpretation. In such cases,
rather than enforcing a single “correct” label, we
might instead expect NLP models to reflect this
nuance in their predictions.

Agreement and alignment among annotators
is measured by Inter-Annotator Agreement (IAA).
There are several metrics used to assess IAA; most
common are Cohen’s κ, Fleiss’ κ, and Krippen-
dorff’s α. The choice of IAA metric is influenced
by various factors, for example the complexity of
the annotation scheme (e.g. binary vs multi-label),
the number of annotators, and how the work is as-
signed to the annotators. Regardless of the IAA
metric, highly subjective tasks such as perceived
emotions might lead to moderate or even low IAA.
On the other hand, high agreement does not al-
ways mean high-quality annotations, for example,
annotators could consistently agree on the wrong
label. Besides the agreement between annotators,
there might also be questions as to removing or
filtering certain labels based on annotator effort or
quality, which are not as straightforward to answer
as we show in our case study (see Section 2).

Instead of eliminating disagreement, embracing
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it can reveal the range of emotional interpretations a
text may evoke. Perspectivism in NLP (Basile et al.,
2021; Cabitza et al., 2023; Frenda et al., 2025) chal-
lenges the assumption of a single, objective ground
truth and recognizes that multiple valid interpreta-
tions arise from annotators’ diverse backgrounds,
experiences, and perspectives. By preserving dis-
agreement, perspectivism enables more inclusive
and representative emotion recognition systems
and reframes annotation not merely as labeling but
as a means of exploring the full spectrum of emo-
tions relevant to a task. In the past, only a few
datasets released full individual annotator labels,
e.g. (Demszky et al., 2020), but this is starting
to change1(Barz et al., 2025; Muhammad et al.,
2025). Additionally, there have been efforts to gain
insights into the annotator disagreements, for exam-
ple in environmental communications (Barz et al.,
2025), while Weber-Genzel et al. (2024) showed
the challenges of distinguishing between human
label variation that may be important to preserve
and annotation errors.

To preserve human disagreement, rather than
focusing on traditional evaluation metrics defined
over gold or hard labels, prior work has pro-
posed the use of soft labels, for example, see ear-
lier SemEval Tasks Learning with Disagreement
(Leonardelli et al., 2023, 2025) based mostly on
data with binary or Likert scale labels. To the best of
our knowledge, soft-label approaches have not yet
been explored specifically for emotion annotation.

In this paper, we present a multilabel emotion
annotation case study and examine how soft labels
can be used to preserve annotator disagreement,
inform annotation quality assessment, and support
appropriate NLP model evaluation. The case-study
anchors the following contributions we make:

• A critical review of annotator agreement met-
rics and common practice of assigning hard
labels for NLP

• A multilabel emotion annotation case study il-
lustrating real disagreement patterns and ques-
tions of annotator quality

• A soft-label framework that preserves annota-
tor disagreement, together with an evaluation
framework and metrics specifically aligned with
soft labels in a multilabel setting, covering both
emotion categories and intensity annotations.

Section 2 introduces the case study, followed by
our methodology for aggregating multi-annotator

1We release all processing code and derived anno-
tation tables keyed by sentence index (without redis-
tributing copyrighted text). The experiments can be re-
produced by applying the scripts to a locally obtained
copy of the novel. The code is available at https:
//github.com/esohman/SoftBCE_Emotions.

labels in Section 3.1, and then the evaluation frame-
work for agreement analysis and downstream NLP
experiments in Section 4. Finally, we provide our
concluding remarks in Section 5.

2. Case Study

We present a case study of three annotators anno-
tating Hemingway’s The Old Man and the Sea (in
English) using an expanded version of Plutchik’s
wheel of emotions.

Field Value
Resource name The Old Man and the Sea emotion

annotations (TOMATS)
Resource type Sentence-level multilabel emotion

annotations with intensity
Language English
Unit of annotation Roughly sentence-level text seg-

ments
Size 1,677 data points (sentences)
Annotators 3 expert annotators
Label set (core) {anger, anticipation, disgust, fear,

joy, sadness, surprise, trust}
Additional labels Optional free-text “other” emo-

tions/notes (not modeled)
Intensity Pre-selected-emotion rating on 0–

10; rescaled to [0,1] for modeling
Annotation format Spreadsheet (one row per item; up

to 3 emotions + intensities + other)

Table 1: Resource card for the TOMATS emotion
annotation case study.

2.1. Dataset and Annotation Protocol
All three annotators were research assistants of
the first author and native speakers of English,
majoring in NLP or adjacent fields. Annotators 2
and 3 received most of their education in the US,
while Annotator 1 attended international schools
with English as the primary language of instruction.
Although demographically similar, women in their
mid-20s, they differ in cultural upbringing and edu-
cational exposure, which we expected to influence
annotation style.

Ideally, a broader demographic profile (for exam-
ple, including older and male annotators) would
have improved diversity, but the present study uses
the available annotators to highlight how even su-
perficially “similar” annotators can diverge substan-
tially in emotion annotation.

The annotators were asked to first read the text in
full before considering the emotions and then start
from the beginning to label each sentence2 in con-
text. They could assign multiple emotions or select

2roughly sentence level with minor splitting/merging
where needed for coherence
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“no emotion.” For the core annotation, annotators
selected from the eight Plutchik emotions: anger,
anticipation, disgust, fear, joy, sadness, surprise,
trust. Annotators could additionally enter free-text
“other” emotions/notes when none of the core la-
bels captured their interpretation. These “other”
emotions are listed in Appendix B.

We also introduced Plutchik’s dyad system to en-
courage reflection on secondary and tertiary emo-
tions and allowed annotators to add additional cat-
egories or notes when they felt the taxonomy was
insufficient. Annotators also rated the intensity of
each selected emotion on a 0–10 scale. We used
a 0–10 scale to provide annotators a familiar, high-
resolution ordinal range that supports within-item
comparisons (e.g., weak vs. strong evidence for
a selected emotion). For modeling, we linearly
rescaled intensities to [0,1] so they can be used
directly as weights in vote-share aggregation while
keeping all soft targets within the Bernoulli objec-
tive’s natural range.

2.2. Annotator Behavior and
Disagreement

Sum primary secondary tertiary
A1 1593 1258 443
A2 184 13 3
A3 1369 1200 566

Table 2: Annotation counts for each annotator

Table 2 shows the number of data points anno-
tated by each annotator. We can see that Annota-
tor 1 and Annotator 3 annotated emotions at simi-
lar rates across the 1677 sentences and assigned
comparable numbers of secondary and tertiary la-
bels. Their primary-emotion agreement is 42%,
but agreement rises to 62% when considering any
overlapping emotion label.

Annotator 2 presents a different case. They only
considered roughly 10% of the data to have any
emotion-association and almost no secondary or
tertiary emotion associations (13 and 3 respec-
tively). A closer look at their annotations further
reveal that not only did they not annotate many
data points at all, the data points they did annotate
were not, contrary to expectations, data points with
clear high-intensity emotion-linked content. Taken
together with similarly sparse completion patterns
observed in other research tasks, this points to lim-
ited protocol engagement rather than an alternative
emotional reading.

Preliminary agreement scores calculated using
Krippendorff’s α in Table 3 indicate low agreement.
We include these metrics to highlight how unsuit-
able they are for multilabel emotions despite being
commonly requested by reviewers.

Emotion Krippendorff’s α
Anger 0.1674
Anticipation 0.2160
Disgust 0.1632
Fear 0.1599
Joy 0.1984
Sadness 0.2793
Surprise 0.2075
Trust 0.0920

Table 3: Krippendorff’s α for binary pres-
ence/absence of each Plutchik emotion.

Figure 1: Annotation overlap (A1 vs A3)

To contextualize model confusion patterns, we
additionally compute an annotation overlap matrix
that captures systematic disagreement between
annotators. We construct an emotion–emotion co-
occurrence matrix (Fig. 1) by counting how often
an emotion selected by one annotator overlaps with
an emotion selected by another annotator for the
same item, allowing up to three labels per annotator.
The resulting matrix is row-normalized and visual-
ized as a heatmap. We can see that fear is often
confused with anticipation, and anger with disgust
something that was also noted by e.g. Öhman et al.
(2024).This representation does not encode cor-
rectness, but rather reflects structured ambiguity in
the annotation process itself. Appendix A shows
intra-annotator emotion overlap matrices.

2.3. Agreement Analysis and
Implications

To assess annotation reliability, we compute pair-
wise agreement scores between the three annota-
tors across all eight Plutchik emotions. Because the
task is multilabel, each instance may exhibit zero
or more emotions; classical inter-annotator agree-
ment coefficients (e.g., Cohen’s κ or Fleiss’ κ) are
therefore not directly applicable, as they assume
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mutually exclusive categorical judgments. Instead,
we adopt a per-emotion binary evaluation frame-
work commonly used in multilabel affect annotation,
where agreement is computed independently for
each emotion (e.g., Mohammad and Turney, 2013;
Mohammad and Bravo-Marquez, 2017) (see also
Artstein and Poesio, 2008 for a general discussion
of agreement in non-exclusive annotation tasks).

For each annotator pair (a, b), for emotion e, and
item i, we consider binary labels

y
(a)
i,e , y

(b)
i,e ∈ {0, 1}, (1)

indicating the presence or absence of emotion e.
We compute the per-emotion F1 score as this metric
directly captures how consistently annotators agree
on the presence of an emotion and is less sensitive
to extreme class imbalance than accuracy. From
the set of eight per-emotion F1 scores, we report:

• macro-F1: the unweighted mean of the per-
emotion F1 scores;

• micro-F1: the F1 score computed after flat-
tening all 8×N binary decisions into a single
contingency table;

• Per-emotion F1: the individual agreement
scores for each Plutchik emotion.

Annotator 2 left the majority of items unanno-
tated (“none”). Here, “none”/blank entries denote
no provided label (nonresponse/placeholder) rather
than an explicit ‘no emotion’ judgment, which was
available as a selectable option. Treating such
blanks as negative judgments would artificially de-
flate agreement. To distinguish disagreement from
missing information, we therefore measure agree-
ment under two conditions: (i) on the full dataset,
where blank entries count as negatives, and (ii) on
a filtered subset consisting only of items where An-
notator 2 produced at least one genuine emotion
label. In the latter setting, we treat all other entries
for Annotator 2 as missing.

In Table 4, we observe substantial differences
in pairwise annotator agreement depending on
whether the analysis is performed on the full dataset
or restricted to the subset of items that Annotator 2
actually annotated with a genuine emotion label.
On the full dataset, agreement between Annotator 2
and the other annotators is extremely low (macro-
F1 ≈ 0.08), reflecting the fact that Annotator 2 left
most items unannotated and thus systematically
disagreed with the others. However, when we re-
strict the evaluation to the 184 items that Annota-
tor 2 labelled, agreement rises sharply (macro-F1
≈ 0.38-0.40), approaching the level of agreement
observed between the two reliable annotators (An-
notator 1 and Annotator 3: macro-F1 ≈ 0.49). This
indicates that Annotator 2 is not inherently incon-
sistent; rather, the majority of their missing labels

should be treated as missing data rather than as
true negatives. Consequently, for all downstream
modeling we treat Annotator 2’s missing annota-
tions as missing information rather than evidence
of emotion absence, and only incorporate their an-
notations on items they explicitly rated.

As a sidenote, it should not be ignored that the
low agreement scores are in part because the anno-
tators, Annotator 3 in particular, utilized the "other
emotion" column. For example, in one case Anno-
tator 1 annotated the primary emotion as anticipa-
tion and fear as the secondary emotion. For that
same data point Annotator 3 had left the primary
slot empty and added pessimism as the other emo-
tion. It could be argued that pessimism is indeed
an overlap of anticipation and fear.

In another example, the sentence “Chew it well,
he thought, and get all the juices." occurs dur-
ing Santiago’s (the protagonist) prolonged strug-
gle at sea, he eats a small fish raw to maintain
his strength. The internal monologue reflects prag-
matic self-discipline and physical endurance rather
than pleasure, emphasizing survival under extreme
deprivation. Annotator 1 had selected disgust,
anger, anticipation (in that order) and Annotator 3
selected anger, anticipation, and added determi-
nation. Again, the annotations seem aligned with
a human interpretation, but harder to accurately
show quantitatively.

3. Aggregating multi-annotator labels

Here, we describe our methodology for construct-
ing hard and soft targets from human multilabel
annotations.

Each instance is annotated by up to three an-
notators, who may select multiple emotions and
optionally provide intensity ratings. Because An-
notator 2 labels a smaller subset of instances, we
treat missing annotations as missing rather than
as explicit negative votes. For each instance i and
emotion k, we compute a soft target as the empiri-
cal vote share among contributing annotators:

ỹi,k =
1

|Ai|
∑

a∈Ai

1[k ∈ Sa,i] (2)

where Sa,i is annotator a’s selected label set and Ai

denotes annotators who provided at least one label
for instance i. This produces multilabel targets
ỹi,k ∈ [0, 1] that can be interpreted as per-label
Bernoulli probabilities.

To incorporate intensity information, we addition-
ally define an intensity-weighted soft target. For
each annotator, selected emotions are weighted
by their reported intensity (scaled to [0, 1]), and
aggregated across contributing annotators. This
preserves graded signal about strength of affect
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Pair Setting macro-F1 micro-F1 Avg. Per-emotion F1 Min/Max Per-Emotion F1
A1–A2 Full 0.0788 0.0882 0.0795 0.0093 / 0.1760
A1–A2 Filtered 0.3949 0.4857 0.3932 0.1053 / 0.7015
A1–A3 Full 0.3794 0.3952 0.3804 0.2857 / 0.4980
A1–A3 Filtered 0.4899 0.5187 0.4870 0.3051 / 0.6410
A2–A3 Full 0.0829 0.0899 0.0820 0.0058 / 0.1469
A2–A3 Filtered 0.3797 0.4664 0.3830 0.0455 / 0.7706

Table 4: Summary comparison of pairwise annotator agreement in the full vs. filtered subsets.

while still producing multilabel targets in [0, 1] suit-
able for Bernoulli objectives.

3.1. Targets and disagreement
diagnostics

Let y(a)i,k ∈ {0, 1} denote whether annotator a as-
signed emotion k to instance i, and let Ai denote
the set of annotators who provided at least one
label for instance i (i.e., missing annotations are
treated as missing). We define the per-label vote
share

pi,k =
1

|Ai|
∑

a∈Ai

y
(a)
i,k (3)

which yields multilabel soft targets pi,k ∈ [0, 1] that
can be interpreted as Bernoulli probabilities. Hard
targets are obtained by union-of-labels over con-
tributing annotators:

yhardi,k = 1[pi,k > 0] (4)

To characterize ambiguity in the annotations in-
dependently of any model, we compute two data-
derived disagreement measures from annotator
label sets. First, we use mean per-label Bernoulli
variance,

Dvar(i) =
1

K

K∑

k=1

pi,k
(
1− pi,k

)
(5)

which is maximized when annotators split evenly
on a label and minimized when they agree (pi,k ∈
{0, 1}). Second, we compute mean pairwise Jac-
card disagreement between annotators’ label sets,

DJac(i) = 1− 1(|Ai|
2

)
∑

a<b

|Sa,i ∩ Sb,i|
|Sa,i ∪ Sb,i|

(6)

where the sum is taken over all annotator pairs (a, b)
contributing to instance i. These measures are
computed from annotations alone and are therefore
constant across model variants trained under the
same annotator-inclusion regime.

Because our downstream models operate over
the 8 Plutchik emotions, we filter free-text “other” la-
bels and compute soft-label distributions over this
fixed set. This effectively reallocates probability
mass from custom labels to the remaining cate-
gories via renormalization, which can reduce ap-
parent disagreement (lower Dvar) in cases where

annotators expressed qualitatively different states
outside the taxonomy. Future work could mitigate
this by introducing an explicit “other” class, map-
ping free-text labels into a hierarchical taxonomy,
or analyzing Dvar both with and without the “Other”
bucket.

3.2. Bernoulli cross-entropy for
multilabel soft targets

Because our task is multilabel, we model each
emotion as an independent Bernoulli variable. Let
p̂i,k = σ(zi,k) denote the model’s predicted proba-
bility for label k (with logit zi,k). We quantify proba-
bilistic alignment between model predictions and
the aggregated soft targets pi,k using Bernoulli
cross-entropy (binary cross-entropy; BCE):

SoftBCE(i, k) = −
(
pi,k log p̂i,k+

(
1− pi,k

)
log

(
1− p̂i,k

))
(7)

We report SoftBCE averaged across labels and
instances as an auxiliary model–annotation align-
ment metric; lower values indicate closer align-
ment. In addition to SoftBCE, downstream models
are evaluated using macro-/micro-F1 with decision
thresholds tuned on a validation split. Similar cross-
entropy-style diagnostics have been used in prior
disagreement-oriented work (e.g., Leonardelli et al.,
2023, 2025), but our setting differs in that targets
are multilabel Bernoulli vote shares (with missing-
ness treated explicitly), rather than single-label dis-
tributions.

Concrete stratified examples of the resulting hard
and soft targets (low/medium/high disagreement)
are provided in Table 5.

4. Evaluation Pipeline

Our evaluation pipeline is designed to examine how
annotation behavior and disagreement structure af-
fect both agreement estimates and downstream
emotion classification. Rather than optimizing pre-
dictive performance, the goal is to assess how dif-
ferent assumptions about annotation completeness
and disagreement propagate through the modeling
process.

The pipeline consists of four stages.
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(1) Label extraction and harmonization. An-
notations are provided in separate spreadsheet
sheets, one per annotator, with up to three Plutchik
emotion labels per item and optional free-text notes.
For each annotator a and item i, we extract the set
of explicitly assigned Plutchik emotions, discard-
ing “none”, blanks, and non-Plutchik entries. This
yields a mapping (i) → {e1, e2, . . .}, that reflects
only positive emotion assignments.

(2) Multilabel representation. We convert the
extracted labels into a binary multilabel tensor

Y ∈ {0, 1}A×N×K

where Ya,i,k = 1 indicates that annotator a as-
signed emotion k to item i. This representation
treats each annotator as an independent multilabel
classifier and supports both pairwise agreement
analysis and model training. Missing annotations
(i.e., annotator–item pairs where no labels were
provided) are encoded as empty label sets and
tracked via a contribution mask, which is used in
the next stage when aggregating vote shares over
the set of contributing annotators Ai.

(3) Agreement analysis with missing-label filter-
ing. Because one annotator exhibits systematic
sparsity, interpreting blank entries as negative judg-
ments would conflate missingness with disagree-
ment. We therefore compute agreement under two
conditions:

1. Full dataset: all missing labels are treated as
“no emotion”.

2. Filtered dataset: items for which Annotator 2
assigned at least one genuine Plutchik emo-
tion are retained; all other items are removed
for all annotators.

This comparison allows us to disentangle structural
disagreement caused by missing labels from gen-
uine divergence in emotional interpretation.

(4) Downstream modeling and evaluation. To
assess whether differences in annotation behavior
propagate into downstream models, we evaluate a
small set of representative classifiers under differ-
ent annotation regimes. The goal is not to optimize
predictive performance, but to use modeling behav-
ior as a diagnostic lens on annotation consistency.
We further introduce an evaluation framework for
soft labels in multilabel emotion annotation and
demonstrate its practical application.

We consider four classifier families:

(a) a transformer-based multilabel classifier
trained with Bernoulli cross-entropy (binary
cross-entropy) on aggregated hard targets;

(b) the same architecture trained with Bernoulli
cross-entropy using vote-share soft targets
ỹi,k ∈ [0, 1], thereby preserving annotator dis-
agreement in the supervision signal;

(c) the same architecture trained with intensity-
weighted soft targets, where vote shares
are modulated by annotator-provided intensity
scores (scaled to [0, 1]);

(d) a one-vs-rest SVM baseline using frozen trans-
former embeddings.

Each model is trained under two annotation con-
ditions: using all available annotators, and using
only the two annotators identified as reliable by the
filtered agreement analysis. We report both thresh-
olded classification metrics (macro-/micro-F1) and
probabilistic alignment metrics. Data-derived dis-
agreement measures (e.g., Dvar andDJac) are com-
puted from annotations only, while SoftBCE de-
notes the Bernoulli cross-entropy between model
probabilities and the soft targets and is used as an
auxiliary model–annotation alignment metric (see
subsections 3.1 and 3.2 respectively).

4.1. Training objectives
We train all transformer models with a multilabel
Bernoulli objective (BCEWithLogitsLoss). In the
hard-label condition, targets are binary vectors ag-
gregated from annotator label sets. In the soft-label
conditions, we replace binary targets with either (i)
vote-share soft targets ỹ or (ii) intensity-weighted
soft targets, yielding a soft-target variant of BCE
that exposes annotator uncertainty and graded af-
fect strength during training. Examples are strati-
fied by DJac tertiles (computed from annotator label
sets).

We report both thresholded classification metrics
(macro-/micro-F1) and probabilistic alignment met-
rics. While F1 evaluates discrete decisions after
thresholding, SoftBCE evaluates the full predicted
probability vector against the aggregated soft tar-
gets; improvements in SoftBCE therefore indicate
better-calibrated probabilities that more faithfully
reflect inter-annotator variation.

Table 6 lists implementation details for repro-
ducibility.

All results are from a single run with fixed seed;
we did not perform multi-seed averaging.

4.2. Evaluation
Table 7 compares BERT models trained with hard
targets versus two soft-target variants, under set-
tings that either include or exclude Annotator 2.
Hard-label training yields the highest F1 over-
all when Annotator 2 is included (macro-F1 =
0.616; micro-F1 = 0.625), but the intensity-weighted
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Example text Annotations Hard labels Soft labels
Low disagreement
“That’s very kind of you,” the old
man said.

A1: Sa, Su, Tr
A2: Jo, Tr
A3: Jo, Tr

[0, 0, 0, 0, 1, 1, 1, 1] [0, 0, 0, 0, 2
3
, 1
3
, 1
3
, 1]

“The bird is a great help,” the old
man said.

A1: Jo, Tr
A2: Jo
A3: Jo, Su

[0, 0, 0, 0, 1, 0, 1, 1] [0, 0, 0, 0, 1, 0, 1
3
, 1
3
]

Medium disagreement
He was gone and the old man felt
nothing.

A1: Sa
A2: Sa
A3: Su

[0, 0, 0, 0, 0, 1, 1, 0] [0, 0, 0, 0, 0, 2
3
, 1
3
, 0]

Come up easy and let me put the
harpoon into you.

A1: Ant, Jo, Tr
A2: Ant
A3: Ant, Di, Jo

[0, 1, 1, 0, 1, 0, 0, 1] [0, 1, 1
3
, 0, 2

3
, 0, 0, 1

3
]

High disagreement
“I think perhaps I can too. But I
try not to borrow. First you borrow.
Then you beg.”

A1: Fe, Sa, Tr
A2: Di
A3: Ant, Jo, Tr

[0, 1, 1, 1, 1, 1, 0, 1] [0, 1
3
, 1
3
, 1
3
, 1
3
, 1
3
, 0, 2

3
]

“They say his father was a fisher-
man. Maybe he was as poor as we
are and would understand.”

A1: Ant, Jo, Sa
A2: Tr
A3: Su, Tr

[0, 1, 0, 0, 1, 1, 1, 1] [0, 1
3
, 0, 0, 1

3
, 1
3
, 1
3
, 2
3
]

Table 5: Stratified examples illustrating how hard and soft targets are derived from human annotations.
Hard labels are the union-of-labels over annotators (1 if any annotator selected the emotion). Soft labels
are vote-share targets (fraction of contributing annotators selecting each emotion). Vectors follow the fixed
emotion order: [Ang:anger, Ant:anticipation, Di:disgust, Fe:fear, Jo:joy, Sa:sadness, Su:surprise, Tr:trust].

Component Setting
Backbone bert-base-uncased
Tokenizer AutoTokenizer (uncased

WordPiece)
Input length Max length 256; truncation;

padding to max_length
Optimizer AdamW, learning rate 2× 10−5

Batch size 16
Epochs Up to 10 with early stopping
Early stopping Patience 2 on validation macro-

F1; keep best checkpoint (min
∆ = 10−4)

Threshold selection Tune global threshold t on val-
idation macro-F1; grid t ∈
{0.10, 0.15, . . . , 0.90}

Data split Random 80/20 train/validation
split; shuffle=True

Random seed 42 (numpy + torch)
SVM baseline One-vs-rest LinearSVC on

frozen BERT [CLS] embeddings
(embedding batch size 32; other
params default)

Table 6: Model and training configuration used in
all transformer experiments.

soft-label model remains competitive (macro-F1 =
0.607; micro-F1 = 0.617) while achieving substan-
tially lower SoftBCE (0.548 vs. 0.681), indicating
markedly better alignment between predicted prob-
abilities and the aggregated soft targets. Uniformly

weighted soft labels reduce F1 more noticeably,
though they still improve SoftBCE relative to hard
training. Excluding Annotator 2 slightly decreases
F1 across objectives and also increases SoftBCE
for the hard-label model, suggesting that Annota-
tor 2 contributes useful signal despite partial cov-
erage. Finally, the disagreement measures Dvar
and DJac are stable within each annotation regime,
as expected because they are computed from the
annotations themselves rather than model outputs;
they confirm that the underlying level of annotator
divergence is comparable across the compared
training objectives.

Because macro-/micro-F1 are computed after
binarizing predictions, they depend on a tuned de-
cision threshold and primarily reflect ranking per-
formance around that cutoff. SoftBCE, in contrast,
evaluates the full vector of predicted probabilities
against the aggregated soft targets without thresh-
olding. The two metrics therefore capture comple-
mentary aspects of model quality: thresholded clas-
sification performance versus probabilistic align-
ment with annotator uncertainty.

Incorporating intensity information improves the
soft-label objective. Intensity-weighted soft labels
yield higher macro- and micro-F1 than uniformly
weighted soft labels in both the with A2 and with-
out A2 settings, and they also produce markedly
lower SoftBCE. This suggests that intensity ratings
provide a useful inductive bias that sharpens the
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Setting Model Thr. macro-F1 micro-F1 SoftBCE Dvar DJac A

With A2 Hard labels 0.35 0.616 0.625 0.681 0.066 0.708 1.98
With A2 Soft labels (uniform) 0.10 0.589 0.599 0.577 0.066 0.708 1.98
With A2 Soft labels (intensity) 0.10 0.607 0.617 0.548 0.066 0.708 1.98
With A2 SVM baseline - 0.503 0.519 - - - -
Without A2 Hard labels 0.15 0.606 0.616 0.717 0.065 0.707 1.85
Without A2 Soft labels (uniform) 0.10 0.588 0.597 0.564 0.065 0.707 1.85
Without A2 Soft labels (intensity) 0.10 0.591 0.600 0.578 0.065 0.707 1.85
Without A2 SVM baseline - 0.501 0.517 - - - -

Table 7: Downstream results for BERT under different supervision targets and annotator-inclusion regimes.
Thr. is the tuned decision threshold (validation set). SoftBCE is the Bernoulli cross-entropy between
predicted probabilities and aggregated soft targets (lower is better). Dvar denotes mean per-label Bernoulli
variance 1

K

∑
k ỹk(1− ỹk), DJac denotes mean pairwise Jaccard disagreement (both data-derived; higher

means more disagreement), and A is the average number of contributing annotators per item.

Figure 2: Confusion matrix for BERT with hard
labels including A2 labels

soft targets by distinguishing weak affective cues
from strong ones, improving both downstream de-
cisions and probabilistic alignment with annotator
uncertainty. Overall, these results support the use
of soft labels as a diagnostic tool for understand-
ing how annotation regimes propagate into model
behavior, while highlighting that additional anno-
tation detail does not automatically translate into
improved downstream performance.

4.3. Confusion
Figure 2 presents a row-normalized single-label
confusion matrix for the results from training BERT
on hard labels with all annotators. Several emo-
tions exhibit strong diagonal dominance, most no-
tably sadness and trust, indicating that when these
emotions are the primary label, the model predicts
them consistently. The most prominent off-diagonal
confusion occurs between disgust and sadness,
with a substantial proportion of disgust-labeled in-
stances predicted as sadness, suggesting overlap

in negative-valence affective cues. This has also
been shown in previous work (Rossi and Öhman,
2025). Other emotions, such as anger and an-
ticipation, display more diffuse prediction patterns
without a single dominant confusion partner. Over-
all, the matrix reveals clusters of related emotions
rather than random error, supporting its use as a
diagnostic tool for identifying structured affective
overlap rather than discrete misclassification.

4.4. Error Analysis
To complement aggregate F1 scores, we inspect
structured error patterns using a row-normalized
single-label confusion matrix, obtained by project-
ing multilabel outputs to a dominant label per in-
stance. Confusions are not random: the largest
off-diagonal mass occurs between semantically
and valence-adjacent emotions, including sadness
vs. fear, trust vs. anticipation, and anger vs. dis-
gust. These patterns align with the dataset’s dis-
agreement diagnostics (Dvar, DJac), suggesting
that model errors concentrate in regions of the la-
bel space that are also ambiguous for annotators.
Predictive performance is weakest for rare emo-
tions (e.g., surprise), consistent with challenges in
multilabel learning under extreme imbalance.

5. Conclusions

This paper examined how annotation design
choices and annotator reliability affect down-
stream modeling for multilabel emotion classifica-
tion. Rather than treating annotation as a static
preprocessing step, we used it as an object of anal-
ysis and asked how different aggregation strate-
gies and training objectives interact with empirically
observed disagreement. Across experiments, an-
notation decisions produced consistent, measur-
able differences in both thresholded performance
(macro-/micro-F1) and probabilistic model-target
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alignment (Bernoulli cross-entropy or SoftBCE).
The downstream results suggest that the ben-

efits of soft supervision depend on what is being
optimized. With all annotators included, hard-label
training achieved the highest macro- and micro-F1
in our setup. Soft-label objectives, however, pro-
duced markedly lower SoftBCE while remaining
broadly competitive in F1. In particular, intensity-
weighted soft targets reduced SoftBCE the most
under the full-annotator regime and narrowed the
F1 gap to hard labels, indicating closer alignment
with the uncertainty encoded in the aggregated tar-
gets. When we excluded Annotator 2, both hard
and soft variants showed slightly lower F1, while the
disagreement diagnostics (Dvar, DJac) remained
essentially unchanged, as expected for measures
computed from the annotations alone.

These findings clarify a common claim in
disagreement-aware learning. Preserving dis-
agreement does not necessarily translate into
higher F1, but it can yield probability estimates that
better reflect the empirical label uncertainty. For
affective tasks, where multiple interpretations can
be simultaneously plausible and downstream ap-
plications often consume probabilities rather than
hard decisions, this distinction is practically impor-
tant. In this sense, SoftBCE provides a useful com-
plementary lens to standard F1 when evaluating
uncertainty-aware training signals.

At the same time, our results highlight limits
to how additional annotation detail translates into
downstream gains. Intensity ratings are not au-
tomatically helpful: their impact depends on how
consistently annotators use the scale and on how
intensities are normalized and aggregated. In this
case study, incorporating intensity improved model-
target alignment substantially but did not consis-
tently dominate thresholded metrics, suggesting
that intensity can encode graded uncertainty even
when it does not directly improve binary decisions.
This points to straightforward extensions, including
annotator-specific calibration, learned normaliza-
tion, and objectives that explicitly model individual
differences in scale use.

The main contribution of this paper is method-
ological. Using downstream models as a diagnostic
tool, together with disagreement measures com-
puted directly from the labels, provides a practical
way to surface design trade-offs in emotion anno-
tation and to distinguish ambiguity in the data from
annotator-specific behavior. Applying the same
pipeline to additional texts and domains would help
establish when these patterns generalize and when
they are corpus- or task-specific.

We anticipate that applying this pipeline to short-
form or informal text (e.g., posts or comments) will
increase both overlap among emotions and annota-
tor disagreement due to reduced context and higher

ambiguity. Our approach is designed for precisely
these conditions: missingness-aware aggregation
separates nonresponse from negative judgments,
and SoftBCE measures distributional alignment
when “gold” labels are intrinsically uncertain. Fu-
ture work can further test robustness under larger,
crowd-sourced annotator pools and examine how
disagreement patterns vary with domain and anno-
tator diversity.

In conclusion, the results support treating anno-
tation and modeling as coupled choices rather than
sequential steps. By making disagreement explicit
in both target construction and evaluation, and by
reporting both thresholded and probabilistic align-
ment metrics, we provide a transparent framework
for analyzing and improving multilabel emotion an-
notation practices.

Limitations

This work is intentionally framed as a case study,
and several limitations are worth noting. First, the
annotation effort involves a small number of annota-
tors and a single literary text. This setting enables
detailed qualitative and quantitative analysis of an-
notator behavior, but it limits the generalizability of
absolute agreement values and downstream per-
formance. Our conclusions therefore emphasize
patterns of annotation behavior and their model-
ing consequences rather than population-level esti-
mates of annotator reliability.

Second, the annotators were not drawn from a
fully representative population. Although all were
native speakers of English, they were relatively ho-
mogeneous and affiliated with the same research
group. This reduces demographic variance, but
also makes the observed divergence in annota-
tion density and engagement noteworthy: sub-
stantial differences in labeling behavior emerged
even within a narrow pool. Future work should test
whether similar patterns hold with larger and more
heterogeneous annotator groups.

Third, one annotator exhibited systematically
sparse labeling behavior, which complicates both
agreement measurement and target construction.
While we address this through missingness-aware
aggregation (treating non-annotations as missing
rather than negative votes) and filtered analyses,
the degree of missingness underscores the need
for clearer guidelines and more explicit handling of
abstentions in emotion annotation workflows. In
particular, low agreement scores can reflect miss-
ing labels rather than conceptual disagreement, but
distinguishing these cases is not always straightfor-
ward in practice.

Fourth, while we use Bernoulli cross-entropy
(SoftBCE) as a model-target alignment metric for
multilabel soft targets, there is no single universally
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accepted evaluation measure for soft labels espe-
cially for multilabel settings, and different metrics
emphasize different aspects of disagreement. Prior
work has pointed out limitations of cross-entropy-
style metrics in some soft-label settings (Rizzi et al.,
2024), and recent shared-task work has also ex-
plored alternatives such as Manhattan and Wasser-
stein distances (Leonardelli et al., 2025). We there-
fore treat SoftBCE as an auxiliary diagnostic and
report complementary data-derived disagreement
measures; evaluating additional soft-label metrics
for multilabel emotion annotation remains an impor-
tant direction for future work.

Fifth, although the annotation scheme includes
additional (rare) emotion categories beyond the
main set analyzed here, we did not model these
extra labels. Incorporating very low-frequency cat-
egories without destabilizing training or evaluation
is non-trivial, and developing principled strategies
for handling rare emotions (e.g., hierarchical la-
bels, grouping, or targeted re-annotation) is a clear
next step. Similarly, the intensity score reliability
and coherence could be improved by adapting a
best-worst-scaling approach (as demonstrated by
Kiritchenko and Mohammad, 2017).

Finally, the classification models evaluated in this
paper are deliberately simple and are used primar-
ily as analytical tools rather than optimized systems.
The goal is not to establish state-of-the-art perfor-
mance, but to examine how different annotation
regimes affect downstream modeling and evalua-
tion. More sophisticated architectures or training
strategies may yield higher performance, but they
would not change the core methodological point:
annotation behavior and aggregation choices can
measurably shape both model outputs and how
those outputs should be evaluated.

Ethical Considerations

This paper is primarily methodological: we analyze
a small multilabel emotion annotation case study
to understand how aggregation and disagreement-
aware modeling choices affect evaluation and in-
terpretation. The work does not involve user-
generated content, sensitive personal data, or hu-
man subjects beyond a limited internal annotation
exercise. Nonetheless, automated emotion recog-
nition has broader societal implications that warrant
explicit discussion.

Emotions are not directly observable from text,
and the same utterance can support multiple plau-
sible readings depending on context, culture, and
reader perspective. Text-only emotion models are
therefore best understood as predicting annotated
interpretations rather than latent “true” emotions.
This is especially important in settings where other
signals (e.g., conversational context, prosody, fa-

cial expression, or situational metadata) are unavail-
able. Our results reinforce this point: disagreement
is structured and often reflects genuine ambiguity
rather than annotator error. Treating majority-voted
labels as “gold” can mask uncertainty and overstate
model reliability.

Emotion recognition models can be misapplied
to surveillance, profiling, workplace monitoring, or
high-stakes decision-making. These risks increase
when outputs are presented as objective measures
of an individual’s internal state. We caution against
such uses and recommend that, when emotion pre-
dictions are used at all, systems should expose
uncertainty (e.g., calibrated probabilities) and be
accompanied by clear documentation of what the
labels represent, how they were collected, and
where disagreement is expected (e.g., Mohammad,
2022).

Emotion categories, their lexical realizations, and
their social meanings vary across languages and
cultures. Models trained and evaluated on narrowly
sampled annotator populations or single-language
datasets may not transfer reliably to other contexts
and may reproduce cultural biases. A practical im-
plication of our work is that dataset documentation
should report annotator composition, missingness
patterns, and disagreement diagnostics, and that
future annotation efforts should prioritize more di-
verse annotator pools and multilingual settings.

Because emotion annotation and interpretation
are inherently tied to theories of affect, narrative,
and communication, we encourage involving re-
searchers beyond NLP (e.g., psychology, linguis-
tics, HCI, digital humanities) in annotation design,
guideline development, and evaluation choices.
Disagreement-aware approaches should be in-
formed by domain knowledge about when multiple
interpretations are expected and meaningful, rather
than treated as purely statistical noise.

Finally, any future release of materials derived
from copyrighted literary sources will comply with
licensing constraints. Where full text cannot be
redistributed, we will document what can be shared
(e.g., derived labels, code, and evaluation scripts)
to support reproducibility while respecting rights
holders.
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A. Inter-annotator emotion co-occurence

Figure 3: Annotator 1 emotion co-occurence
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Figure 4: Annotator 2 emotion co-occurence

Figure 5: Annotator 3 emotion co-occurence
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B. Top other emotions

Label Count
sentimentality 6
appreciation 3
unbelief 3
confusion 3
pessimism 2
disapproval 2
contempt 2
mild delight 2
hope 2
mild despair 2
mild contempt 2
shame 2
mild submission 2
determination 2
love 1
optimism 1
caring 1
protectiveness 1
childish exasperation or mild annoyance 1
remorse 1
acceptance 1
submission 1
mild disapproval 1
mild submission and love 1
mild remorse 1
loving pride 1
guilt 1
mild aggression plus optimism 1
suspicion 1
doubtfulness 1

Table 8: Out-of-taxonomy emotion labels provided in the free-text Other field (frequency).

Table 8 shows the top 30 most commonly occurring other labels outside of Plutchik’s categories.

Emotion pairs
disapproval; contempt
mild delight; hope
sentimentality; pessimism
love; optimism
caring; protectiveness
childish exasperation or mild annoyance
unbelief; confusion
shame, guilt
sentimentality; mild submission
mild aggression plus optimism

Table 9: Top emotion co-occurrences for [Annotator X] (off-diagonal counts).

Table 9 shows the top co-occurring other category items
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Abstract
This article investigates the automatic explanation of irony in English tweets. The work covers the development and
validation of a conceptual framework for annotating knowledge-informed explanations for figurative language as well
as the training and evaluation of specialized generative models. Human judgements confirm that both fine-tuned
open-source models (Llama 3) and proprietary models (GPT-4) can produce high-quality explanations, effectively
incorporating relevant world knowledge. While metrics like BLUE and ROUGE do not seem to align with human
judgement, we find that semantic similarity measures align well with human quality estimations. The resulting models
and datasets for irony explanations, published as the iRONNIE collection, actively bridge the gap between theoretical
understanding of irony and the technical innovations of the NLP domain. The models are be released to the public to
facilitate a deeper linguistic analysis of world knowledge involved in understanding irony on social media in future work.

Keywords: Explanation generation, world knowledge, irony, sarcasm

1. Introduction

Irony and sarcasm have long been the subject of
investigation within linguistics, pragmatics, and psy-
chology, resulting in a variety of theories that at-
tempt to capture their meaning, function, and im-
pact. Figurative language is historically framed in
relation to Grice’s maxims of communication (Grice,
1975), which prescribe that communication should
be truthful, informative, relevant, and clear. When
these maxims are deliberately and recognizably
flouted, speakers indicate that their words are not
intended to be taken literally. Metaphors achieve
this by describing something in terms of what it
is not, thereby bending the maxim of truthfulness.
Hyperboles and understatements distort degree:
they exaggerate or downplay a characteristic, such
as size, beyond realistic measures. Verbal irony
differs from these forms in that it relies on incon-
gruity between literal expression and reality, con-
veying a meaning that often contradicts the surface
content (Sperber and Wilson, 1986). Other forms
of irony do not invert meaning in this way, but in-
stead highlight contrasts in different domains. Situ-
ational irony arises when real-world events play out
in ways that contradict common expectations, such
as when a police officer is arrested for theft. The
irony lies not in words but in the tension between
what is expected and what actually occurs. Dra-
matic irony is rooted in narrative and performance:
it emerges when an audience holds knowledge
that characters do not, creating a situation where
the audience realizes the tragic implications of a
character’s actions long before they do.

While situational and dramatic irony are culturally
and narratively important, most linguistic and com-
putational research has focused on verbal irony,
given its strong departure from literal meaning and
its central role in everyday communication. To at-
tain verbal irony, a negative situation can unexpect-
edly be described as positive, creating an evalua-
tive incongruity (or clash) that listeners interpret as
ironic (Riloff et al., 2013). This form of irony, which
can be referred to as “irony by clash” (Van Hee et al.,
2016), is relatively explicit, as both positive and
negative sentiments are overtly present. However,
irony can also be more subtle. For instance, when
a positive sentiment is expressed and the negative
nature of the situation must be inferred. In these
cases, listeners must rely on their world knowledge
and empathic perspective-taking to recognize that
the speaker’s intended meaning differs from the
literal interpretation (Sperber and Wilson, 1986).
The ability to recognize such subtleties aligns irony
closely with humour (Loakman et al., 2023), but
also reveals its complexity.

Beyond its linguistic characteristics, irony has
been widely studied for its psychological and so-
cial functions. While it is often associated with
indirect criticism or sarcasm (Brown and Levinson,
1987), irony can also serve positive communicative
goals, such as reinforcing social bonds, mitigating
face-threatening acts, defusing tension, expressing
empathy, or even functioning as a coping mecha-
nism to process negative emotions (Pfeifer and Pex-
man, 2023). Despite the longstanding interest in
irony, its psychological, neurological, and linguistic
mechanisms remain only partially understood. Re-
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searchers have identified typical cues, such as the
use of hyperbolic statements (Kreuz and Roberts,
1995), simile (Hao and Veale, 2009), or rhetori-
cal questions (Kreuz et al., 1999), but there is no
comprehensive account of the types of knowledge
listeners draw upon when interpreting irony.

A central challenge in irony research is the role
of world knowledge and contextual assumptions.
Theoretical linguistic work emphasizes that recog-
nizing ironic intent often relies on access to shared
or mutually assumed knowledge, including real-
world facts, cultural conventions, and beliefs about
the speaker’s perspective (Lewis, 1969; Schiffer,
1972). Although it is widely acknowledged that
understanding irony requires knowledge about real-
world situations, conversational norms, and emo-
tional expectations, it remains unclear which types
of knowledge are typically invoked. This gap has
also received limited attention in computational
studies. Although irony has been a popular re-
search topic, the primary focus has been on bench-
marking, training systems to detect whether a text
contains irony (Saroj and Pal, 2024; Basile et al.,
2024).

To advance the study of irony, we explore meth-
ods that can scale up the production of meaningful
irony explanations, with the final goal to enable
further analysis of the world knowledge needed
to understand irony. To make this possible, we
engage human experts to construct a set of ex-
emplar explanations based on world knowledge,
which are subsequently used to train and evalu-
ate generative models. In this study, we evalu-
ate (1) whether generative models are capable
of producing knowledge-informed explanations for
ironic texts, (2) how these explanations compare to
human-produced explanations, and (3) to what ex-
tent automatic metrics for explanation quality align
with human judgments. All models and data are
published as the iRONNIE collection.

2. Related Work

2.1. Explanation Generation and
Reasoning

With the growing success of large generative mod-
els, explanation generation and reasoning tasks
have become increasingly central to NLP research.
While encoder-only models are traditionally used
for classification tasks with feature-based explana-
tions, modern methods are shifting towards gener-
ative models such as decoder-only architectures
that can generate natural language explanations.
This trend reflects a broader shift from post-hoc
model interpretability methods towards generating
explanations that are directly expressed in natu-
ral language, making them more accessible to hu-

man users. Importantly, explanation generation
and model interpretability, although related, pursue
distinct objectives. Model interpretability aims to
make the model’s internal mechanisms transparent,
while explanation generation focuses on providing
human-readable justifications, without necessar-
ily aligning with the true reasoning process of the
model. This distinction is crucial for generative mod-
els, whose token-by-token generation complicates
efforts to study their inner workings.

To mitigate this, researchers are adapting tools
from explainable AI such as SHAP (Lundberg and
Lee, 2017), to the text generation setting (Enouen
et al., 2024). SHAP assigns importance scores
to input features (e.g., words) based on how their
presence or absence affects model predictions, re-
lying on game-theoretic principles. When applied to
autoregressive generation, SHAP can identify the
words that have the greatest impact on the genera-
tion of specific tokens. However, these token-level
importance scores remain superficial: while they
indicate which words matter, they do not reveal why
they matter, especially when explanations rely on
implicit knowledge or reasoning that is not men-
tioned explicitly in the input text.

Chain-of-Thought (CoT) prompting (Wei et al.,
2022) offers an alternative strategy by asking mod-
els to reason step-by-step, decomposing the task
into intermediate natural language steps before
arriving at a final answer. While CoT improves
performance on many classification tasks, it does
not guarantee that generated explanations faith-
fully represent the model’s true decision process
(Atanasova et al., 2023; Turpin et al., 2024). This
misalignment between explanation and model rea-
soning has motivated work on faithfulness and
consistency metrics (Lanham et al., 2023; Parcal-
abescu and Frank, 2023). While we recognize that
it is important that generated explanations reflect
the models internal process,we argue that before
concerns of faithfulness arise, models must first
generate explanations that are meaningful, infor-
mative, and intuitive to human users, particularly
when the task relies on world knowledge.

2.2. Explanation Generation for
Figurative language

Within the field of figurative language processing,
explanation generation is still in its early stages.
For figurative language as a whole, Chakrabarty
et al. (2022) introduce the FLUTE dataset, which
covers metaphors, hyperboles, similes, and irony.
Their approach involves constructing paraphrases
to expose the intended meaning of figurative ex-
pressions and generating explanations framed as
entailments or contradictions of these paraphrases
via NLI models. However, FLUTE lacks human
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standard explanations and applies a generic ex-
planation format, without recognising the role of
world knowledge or incorporating its explicit inclu-
sion as a criterion for explanation quality. Subse-
quent work extends FLUTE to the multimodal do-
main (Saakyan et al., 2024) incorporating images
into figurative language interpretation. Yet, even in
this expanded setting, explanations remain limited
to validating or contradicting paraphrases without
exploring deeper pragmatic or world-knowledge-
based reasoning. Focusing on multimodal sar-
casm, Desai et al. (2022) produce explanations
for multimodal sarcasm using a fine-tuned BART
model, and Yi et al. (2025) make use of more re-
cent decoder models in a zero-shot setting, how-
ever, both works tend to reduce paraphrases of the
intended meaning and do not address the implicit
assumptions or background knowledge required to
understand sarcasm.

In parallel, explanation generation has also been
explored in the context of abusive language detec-
tion where retrieval-augmented generation (RAG)
methods have been employed to enhance the de-
tection of hate speech, including sarcastic expres-
sions. Di Bonaventura et al. (2025), for instance,
combined knowledge from diverse databases to
enrich the system input and improve hate speech
classification. Notably, the authors demonstrated
that instruction-tuned models such as FLAN-T5
(Chung et al., 2022) and Llama 2 (Touvron and
et al., 2023) outperform proprietary models like
GPT-3.5 Turbo in generating explanations when
enriched with world knowledge.

While the aforementioned studies demonstrate
the relevance of explanation generation for figura-
tive language, their primary focus lies in creating
datasets for benchmarking model performance. A
notable limitation is that current “explanations”
are limited to paraphrasing and do not reveal the
underlying reasoning. The main contributions of
this work lie in approaching explanation genera-
tion for irony as a distinct research objective, fo-
cusing on inferring world knowledge from large
language models to deepen our understanding of
figurative speech like irony. With this goal in mind,
we develop and release datasets and models to
set a new standard for explanation generation for
figurative language.

3. Experimental Setup

3.1. Human-Written Irony Explanations

To investigate whether generative models can
meaningfully explain ironic texts, we first construct
a set of human-authored explanations. These
serve a dual purpose in our study. First, they
are used to train the models and provide high-

quality, illustrative examples of how world knowl-
edge can be used to explain irony. Second, they
serve as a reference point in our evaluation: we
compare system-generated explanations against
human-written ones in a controlled human evalua-
tion setup. Including this reference point in evalua-
tion enables us to assess not only how well models
perform, but also how human explanations are per-
ceived under the same evaluation conditions.

This human reference was created by two anno-
tators who explained the irony in a subset of 130
ironic tweets from the SemEval-2018 Task 3 cor-
pus (Van Hee et al., 2018). Both annotators are
trained linguists with a strong command of aca-
demic English. The explanations are written in
full text, without imposing length limitations. To
ensure the completeness of the explanations, an-
notators were instructed to approach the task as
if they were explaining the irony to a child.This en-
couraged them to break down complex ideas into
simple, understandable terms, ensuring that each
explanation was comprehensible.
The recognition of irony often hinges on implicit,
shared knowledge that is not directly stated in the
text. To account for this, we introduced a second
step in the annotation process: after writing the ini-
tial explanations, annotators were asked to system-
atically isolate and explicitly itemise the knowledge
required for understanding the irony. Example 3.1
illustrates a complete annotation, according to the
annotation guidelines described as a technical re-
port (Maladry et al., 2025).
Example 3.1 Ironic tweet: Loooovvveeeeeee when
my phone gets wiped
Explanation: When your phone gets wiped (which indi-
cates someone did not do it on purpose), you lose all
data on your device. This includes a lot of personal in-
formation and pictures that people might want to save
as keepsakes. As people would not like (accidentally)
losing their personal data, the positive evaluation in this
tweet is ironic.
Background knowledge:

1. When a phone gets wiped, all personal data and
information is lost.

2. People do not like losing access to their personal
data and pictures on their phone.

Through this two-step annotation process, we col-
lected (1) a set of detailed irony explanations and (2)
systematic listings of the relevant world knowledge
for each instance. The two independent perspec-
tives for each of the 130 tweets resulted in total in
260 human-written explanations.

3.2. Methodology for Modelling
Explanation Generation

For model development, we included a proprietary
model, GPT-4-turbo (gpt-4-turbo-2024-04-09), and
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two open source models: Mixtral (Jiang et al., 2024)
and Llama 3 (Dubey, 2024). To establish an upper
bound for the performance of generative models,
we opted for larger versions of the models (Mixtral
8x7b and Llama 3 70b), as they generally outper-
form their smaller counterparts. Given the com-
putational cost, restricted access, and the opacity
of their internal workings, we did not fine-tune the
proprietary models but included three in-context
examples in the prompt. Open source models, by
contrast, offer greater flexibility in terms of training
and fine-tuning and can be used freely by other
researchers. This allows us to employ supervised
fine-tuning on the models with QLoRA (Hu et al.,
2021; Dettmers et al., 2023) and a single in-context
example to illustrate the expected output format
and clarify the goal of the task. Fine-tuning was
performed over 10 epochs, using the following pa-
rameters: 128 adapter ranks, an alpha value of 16,
with an effective batch size of 4, a learning rate
of 5e-5, and AdamW as the optimiser1. For the
GPT models, we default temperature and context
parameters are used to replicate the average user
setting.

Early testing indicated that performing both ex-
planation generation and knowledge extraction at
once was too demanding for the systems and re-
sulted in too noisy outputs. To counter this issue,
we split the annotation into two subtasks: (1) ex-
planation generation (prompts in Appendix A and
(2) knowledge extraction (prompts in Appendix B),
with equal methodology and parameters. For knowl-
edge extraction (2), the model input includes the
ironic tweet with explanation, either human-written
or generated in task (1).

For training, the dataset of 130 explained tweets
was split into a test set of 80 samples and a train set
of 50 samples. We specifically opted for a larger
test set – to improve the robustness of our evalua-
tion – and a smaller train set –because we assume
that large generative already encoded the relevant
information and only need to be fine-tuned to under-
stand the scope of the task and the expected output
format. The train set of 50 samples and test set of
80 samples are available at Amala3/iRONNIE_train
and Amala3/iRONNIE_EN_evalset.

3.3. Qualitative Evaluation for
Explanation Generation

In our evaluation setup, we conducted a manual
evaluation of the explanations provided by the two
fine-tuned open source generative models (Llama
3 and Mixtral), the zero-shot GPT-4 Turbo model
with in-context examples and the two human ex-
plainers. For clarity, we will refer to the individuals

1Example scripts for fine-tuning and inference are
available on Github at aMala3/IronyExplanations

who wrote the human explanations as “explainers”
and we will use the same term to describe the gen-
erative models tasked with generating explanations.
We do not automatically assume that human ex-
planations are better than system-generated, and,
therefore, refer to the human-written explanations
as human standard instead of gold standard. This al-
lows for consistent terminology across both human
and system-generated outputs. For this qualitative
assessment, each of the 80 tweets was evaluated
by five humans and all five explanations for the
tweet were shown simultaneously. For consistency,
all five explanations for each tweet were shuffled,
anonymised, and underwent minimal manual clean-
ing before being presented to the annotators.

The qualitative evaluation framework consists
of three components, based on related work (Desai
et al., 2022; Saakyan et al., 2025): (1) indicating
for each explanation whether the explanation is ad-
equate, meaning it reasonably explains why the
text is ironic, (2) indicating whether the explanation
is written by a human or a system and (3) rank-
ing the explanations from best to worst based
on their personal preferences. Detailed annotation
guidelines for explanation evaluation as well as ex-
amples are relayed in a technical report (Maladry
et al., 2025).

Krippendorff’s α Weighting

Adequacy 0.7092 Binary

Human-likeness 0.6662 Binary

Rank Scoring 0.7200 Linear

Table 1: Observed agreement between raters for
our three evaluation criteria, along with the weight-
ing schemes used to account for disagreement.

For each of the three evaluation criteria, we first
determined the reliability of the evaluating scheme
by calculating inter-annotator agreement using Krip-
pendorff’s α (Krippendorff, 2011).2 The first two an-
notation levels, adequacy and human-likeness are
binary annotations for each explanation. For the
third annotation level, we consider the rank (first,
second, third, etc.) as a scoring mechanism, with
the highest-ranked explanation receiving 4 points,
the second 3, and so on and the lowest-ranked
explanation receiving 0 points. If an explanation is
ranked first (4 points) by one annotator and second
to last (1 point) by another, the label distance for the
explanation is 3 points. Relative to the maximum
label distance of 4, this means the error for this spe-
cific example has a weight of 0.75 (3/4). With five

2All IAA scores are calculated with the irrCAC
(https://github.com/kgwet/irrCAC) package for statistical
agreement measures in R.
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Adequacy Human-likeness Ranking Score

Avg. ∆ Sig. Avg. ∆ Sig. Avg. ∆ Sig.

GPT-4 Turbo 0.72 +0.11 ** 0.05 -0.42 *** 2.96 +1.07 ***

human2 0.66 +0.06 – 0.47 -0.01 – 2.49 +0.60 ***

→ human1 0.60 0.00 – 0.48 0.00 – 1.89 0.00 –

Llama 3 0.53 -0.08 * 0.48 0.00 – 1.53 -0.36 ***

Mixtral 0.39 -0.22 *** 0.39 -0.08 * 1.14 -0.75 ***

Table 2: Evaluation of Adequacy, Human-likeness, and Ranking Score for each explainer. For each
criterion, the table displays the average score, the mean difference (∆) with regards to human1, and
significance w.r.t. the human standard. The asterisks mark the degrees of significance, with * indicating
p<0.05, ** indicating p<0.01, *** indicating p<0.001 and a dash (–) marks no statistically significance.

evaluations for each of the 400 explanations, the
resulting set comprises 2,000 annotations for which
we calculated inter-rater agreement. The α-scores
(Table 1) indicate that both adequacy and ranking
score meet the recommended values ( >=0.667)
for reliability (Krippendorff, 2011), while scores for
human-likeness annotations are barely short of this
value. Overall, these scores support the accept-
able reliability of the annotation scheme.

Table 2 reports results across three dimen-
sions: adequacy, human-likeness, and ranking for
both system-generated and human-written expla-
nations.

For Adequacy, no statistically significant differ-
ences are found between the two human explainers.
In contrast, significant differences emerge when
comparing the systems to the human explainers.
Whereas GPT-4 scores higher on adequacy than
both humans, Llama scores slightly lower. Mix-
tral explanations exhibit the greatest divergence
from human explanations, scoring 22% lower on
adequacy compared to human1, a difference that is
highly statistically significant.

For Human-likeness, we observe no significant
difference in scores between the human explain-
ers, importantly, nor between the humans and our
fine-tuned Llama 3 model. This suggests that hu-
man annotators were unable to distinguish between
human-written explanations and those generated
by the fine-tuned Llama model. Surprisingly, de-
spite its low adequacy scores, Mixtral is often per-
ceived as human-like, with a difference of only 7%
(∆) and limited statistical significance (p<0.05). In
contrast, GPT-4’s explanations are readily identi-
fied as non-human. A closer look at the explanation
lengths further supports these observations. The
average word count for explanations from the fine-
tuned Llama 3 (41 words) and Mixtral (43 words)
models closely aligns with that for the human expla-
nations, with 45 and 43 words on average. In stark
contrast, GPT-4 Turbo’s explanations -averaging
105 words- were exceedingly longer than typical

human responses and were almost always recog-
nized as non-human.

For the Rank scores, we find that all score differ-
ences are highly statistically significant and that the
explanations of GPT-4 were often preferred over
the explanations written by humans. Among the hu-
man annotators, the explanations written by human2
seem to be preferred over those by human1. The
score differences are smallest between human1 and
fine-tuned Llama, demonstrating the similarity of
these two explainers.

Although some scores may appear low in ab-
solute terms, with for instance 57.9% of the ex-
planations judged adequate and 37.3% labelled
human-like, this reflects the comparative nature of
the task. Presenting five explanations simultane-
ously encourages stricter evaluation, as annotators
implicitly contrast responses against one another.
This setup may lower raw ratings, especially for
human-likeness, where even minor stylistic devia-
tions from human norms stand out. For this reason,
we interpret system performance relative to a hu-
man expert baseline, rather than in isolation.

In summary, GPT-4 explanations were most pre-
ferred and were generally rated as most adequate,
while fine-tuned Llama 3 matched human-level per-
formance on human-likeness. Mixtral lagged be-
hind across all dimensions.

3.4. Qualitative Evaluation of Knowledge
Extraction

Before evaluating the content of the knowledge ex-
traction task, we inspect the length of the extracted
knowledge. For now, we treat all extracted knowl-
edge as a single text, avoiding the need to align
individual knowledge items or account for variations
in the number of produced knowledge items.

Whereas the Mixtral output for explanation gen-
eration could be cleaned manually with relative
ease, the output for knowledge extraction was too
noisy, inconsistent and repetitive to be used reli-
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ably on a large scale. Therefore, we continued
the knowledge experiments with Llama 3 and GPT-
43. Table 3 presents the average word counts of
background knowledge items extracted from ex-
planations authored by each source (rows), using
different extraction systems (columns). For exam-
ple, 31 indicates the average word count of knowl-
edge items extracted by GPT-4o from explanations
written by human1, 19 is the average word count of
knowledge items human annotators extracted from
the explanations written by human2. Note that there
is only one human column because humans only
extracted the background knowledge in their own
explanation.

GPT-4o Llama 3 Human

human1 31 27 22

human2 30 24 19

Table 3: Average word lengths of background
knowledge extracted from explanations by dif-
ferent sources (rows), using different extractors
(columns).

We observe that GPT-4o consistently produces
longer knowledge items, regardless of the explana-
tion source, averaging 31 words for human1 and 30
for human2. The two human explainers, in contrast,
extract more concise knowledge (19–22 words),
with Llama 3 falling somewhere in between. This
mirrors trends in explanation verbosity, where GPT-
4o also generated significantly longer responses.

Compared to explanation generation, knowledge
extraction may seem less interpretive and more ob-
jective, but its evaluation remains challenging. For
instance, a single piece of background knowledge
can be rephrased as a self-contained statement or
split into multiple shorter ones. Similarly, related
concepts may be consolidated into a broader knowl-
edge unit. These variations, while often semanti-
cally equivalent, can significantly impact automated
precision and recall scores.

To assess extraction performance more directly,
we conduct a manual validation on a subset of
50 explanations provided by human1, evaluating
knowledge extracted by Llama 3 and GPT-4o. For
this validation, we identify whether all essential
background knowledge was successfully ex-
tracted from the explanation (in the sense of re-
call), and whether all of the produced knowledge
was present in the explanation (in the sense of
precision). Importantly, we do not compare ex-
tracted knowledge to a predefined human standard.

3As we are now generating text for 400 samples (ex-
tracting knowledge from 5 explanations for each of the
80 texts), we opted for GPT-4o instead of GPT-4 Turbo
to save computational resources.

Instead, each knowledge item is evaluated inde-
pendently against its source explanation through
manual inspection. As a result, these metrics re-
flect a looser, more interpretive approximation of
traditional precision and recall, which we refer to
as soft recall and soft precision. Although
some knowledge items are present in the expla-
nations, and are considered correct for soft preci-
sion, they still deviate slightly from ideal precision.
Therefore, we also analyse two common deviations
from ideal precision: content drift, where the ex-
tracted item differs slightly in meaning (e.g., due to
over-generalization or added specificity), and rea-
soning, where the item goes beyond background
knowledge to include evaluative or inferential con-
tent that should belong in the explanation rather
than the extracted knowledge. Example 3.2 shows
content drift, where the extracted knowledge is not
explicitly present in the explanation, but is implied
in the part in bold. Example 3.3 shows a reason-
ing deviation: the extracted knowledge contains
reasoning (in bold), making the contrast explicit be-
tween the background knowledge. Although this
reasoning should be included in the explanations, it
should not be extracted as background knowledge.
Example 3.2
Tweet: @user I don’t recall dalai lama talking about busty
girls and celebs but apart from that
Explanation: The Dalai Lama is a religious leader,
which are supposed to be moral guides. Talking about
“busty girls” and celebrities is considered rather shallow
and would be inappropriate for a religious leader. There-
fore, it is highly unlikely that this ever happened.
Extracted Knowledge:

(1) The Dalai Lama is expected to maintain a certain
level of moral and spiritual integrity.

Example 3.3
Tweet: Throwing up on Christmas morning is my ideal
way of spending it.
Explanation: Throwing up is a very unpleasant experi-
ence that is the result of being sick. When people are
sick, they likely stay in bed. On Christmas day or morn-
ing, people like celebrating instead, which you cannot do
when you are sick.
Extracted Knowledge:

(1) Christmas is a time for celebration and spending
time with others, rather than being bedridden.

As shown in Table 4, both systems achieve
strong performance. GPT-4o extracts all relevant
items (100% recall) with high precision (95.5%),
and only 6.3% of its extractions exhibit minor con-
tent drifts. Llama 3 achieves slightly lower recall
(95.9%) and precision (90.3%), with a higher pro-
portion of meaning shifts (16.1%). While both mod-
els occasionally include reasoning content, these
cases are generally well grounded in the explana-
tion and do not represent major departures from
the task definition.
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Llama 3 GPT-4o

Recall 95.88% 100.00%

Precision 90.29% 95.49%

Content Drift 16.13% 6.30%

Includes Reasoning 10.75% 12.60%

Total Items 103 133

Table 4: Soft recall and soft precision of extracted
knowledge items, based on manual evaluation of 50
explanations from human1. Rather than comparing
against a predefined human standard list, each
extracted item is assessed relative to its source
explanation. Content drift and reasoning refer to
knowledge items that are considered correct for
soft precision, but exhibit deviation from the ideal
desired output.

Overall, both Llama 3 and GPT-4o accurately ex-
tract relevant background knowledge. While GPT’s
outputs are more verbose and sometimes frag-
mented into smaller components, this verbosity
does not indicate hallucination or content drift.
Whereas GPT produces slightly more reasoning
items, Llama’s extractions remain closer in style
and length to human-produced items, but they can
exhibit slight content drift.

3.5. Automatic Similarity Measures for
Evaluation

While our primary evaluation relies on human judg-
ments, this approach requires two stages of manual
annotation: first to produce human-written expla-
nations, and second to evaluate generated (and
human) explanations. This process is resource-
intensive and limits the number of systems that can
be compared, particularly due to the cognitive load
on evaluators when reviewing multiple explanations
simultaneously. In this section, we explore whether
automatic similarity metrics can serve as a viable
alternative for future evaluation. If such metrics
reliably reflect differences in explanation quality, es-
pecially in alignment with human judgments, they
could enable more scalable and efficient compari-
son of additional systems or configurations. To test
this, we investigate whether established lexical and
semantic similarity metrics can distinguish between
stronger and weaker explainers or knowledge ex-
tractors.

As lexical metrics, we employ traditional
BLEU (Papineni et al., 2002) and ROUGE
scores (Lin, 2004), which are often used to eval-
uate the quality of machine translation and sum-
marization. Additionally, we calculate vocabulary
similarity using the Jaccard index (intersection

over union) after lemmatizing all words in the ex-
planations. For the semantic metrics, we lever-
age BERTscore (Zhang et al., 2020), a widely
accepted metric for machine translation evalua-
tion that measures semantic similarity at the token
level based on contextual embeddings, and Sem-
Score (Aynetdinov and Akbik, 2024), a novel metric
for assessing the broader contextual meaning us-
ing sentence-level embeddings from transformer
models (Reimers and Gurevych, 2019).

As outlined in our annotation guidelines, human
explainers wrote explanations that included both
the necessary background knowledge and the rea-
soning steps they deemed necessary to understand
the irony in a text. In the second annotation step,
they separated the knowledge from the reasoning
process. For this similarity analysis, we first exam-
ine the similarities between the full explanations
and then focus on the isolated background knowl-
edge.

When comparing human and generated ex-
planations (Figure 1), none of the three metrics
for lexical similarity (BLEU, ROUGE and Jaccard
vocabulary similarity) exceed 20%, indicating that
the word choices vary substantially between expla-
nations. This variation is observed not only in the
machine-generated explanations, but also holds
true for the “inter-human” comparison of the two
human explanations. Despite these lexical differ-
ences, the BERTscores indicate a higher degree
of token-level semantic similarity, suggesting that,
even though different words are used, they are se-
mantically aligned. Similarly, SemScores confirm
that sentence-level meaning also remains consis-
tent across human and machine explanations.

For the automatic evaluation of knowledge ex-
traction, we focus on the two best-performing mod-
els, Llama and GPT-4o, as knowledge extracted
by Mixtral required too much manual cleaning for
this task. With these models, we automatically
extracted knowledge from the explanations of hu-
man 1 and human 2, and calculated the similar-
ity compared to the human-identified knowledge.
Since both human explainers only extracted knowl-
edge from their own explanations, we are unable to
present inter-human similarities for this task. How-
ever, this comparison enables us to investigate how
well the models extract knowledge from the same
explanation.

BLEU ROUGE Jacc. BERT SEM

GPT 0.27 0.36 0.33 0.81 0.67

Llama 0.37 0.57 0.47 0.87 0.85

Table 5: Similarity scores between human-written
knowledge and extracted knowledge using GPT-4o
and Llama 3, compared to the human1 standard.
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Figure 1: Full explanation similarities for two humans and all systems. Similarities were calculated for
both annotators individually and then averaged.

As shown in Table 5, Llama 3 outperforms GPT-4
on all similarity metrics, both lexical and seman-
tic measures. Compared to the task of explana-
tion generation, the similarities observed through
the lexical measures (BLEU, ROUGE, Jaccard vo-
cabulary similarity) are much higher for knowledge
extraction, suggesting that the phrasing is gener-
ally quite similar. Although manual evaluation of
GPT-4o indicated that the model could extract a
lot of relevant knowledge, the semantic similarity
scores are quite low for the model. We hypothesize
that this could be connected to the fact that GPT-4
included more reasoning in its knowledge items.
Although Llama produced more content drift, the
semantic similarities do not seem to capture this
difference in nuance.

4. Conclusion

In this study, we investigate how well automatic
systems can explain irony in English tweets and
whether or not language models can produce ex-
planations that contain relevant world knowledge
that is not explicitly mentioned in the input text. In
doing so, this investigation evaluates explanation
quality, i.e. whether generative language model
can provide meaningful explanations that are in-
tuitive to humans and align with linguistic theory
about irony, as opposed to evaluating the faithful-
ness of explanations, which we leave for future
work. The models and datasets produced for this
work are available on Hugging Face as the iRON-
NIE collection. Based on our analysis, we present
the following insights:

(1) Our annotation scheme, based on adequacy,
human-likeness, and full-scale ranking, provides
a consistent and reliable framework for evalu-
ating explanation quality in the context of irony
detection.
(2) GPT-4 generates explanations that are pre-
ferred over human explanations, even though
the extensive explanation length makes the model
easily discernable from human explanations.
(3) With appropriate fine-tuning,Llama 3 produces
explanations that are often indistinguishable
from human-written ones, although they are rated
slightly lower in adequacy and ranking.Semantic
similarity metrics, particularly SemScore, seem to
align with human judgments, offering a promis-
ing avenue for automatic evaluation of explanation
quality.
(4) Fine-tuned open source and proprietary models
are capable of reliably extracting world knowledge
for explaining irony, demonstrating that generative
AI can make relevant world knowledge explicit.
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Limitations

This study has several limitations that should be ac-
knowledged. First, the human evaluation relies on
a limited number of annotators and was conducted
on modest test sets. While we adopted rigorous
annotation procedures and achieved strong inter-
annotator agreement, a broader evaluation effort
would be needed to confirm the generalizability of
our findings across diverse datasets, user groups
and languages. It is widely known that generative
models perform significantly better for English than
they do on other languages, so even for the same
task, future work should explore if model capabil-
ities transfer well across languages. This is par-
ticularly relevant when analysing the role of world
knowledge, which is captured implicitly and may
required a vast amount of data to be learned.

While this study finds that automatic evaluation
metrics align with human judgement, this finding
should be further investigated before it can be con-
firmed. Similarly as the results for explanation gen-
eration, whether or not these metrics can also be
used to evaluate languages other than English re-
mains an important research question.

Our aim in this work was not to exhaustively opti-
mize every model configuration, but rather to eval-
uate the capabilities of current models, particularly
large language models, for the task of irony expla-
nation and knowledge extraction. As such, we fo-
cused on representative configurations rather than
fine-tuning all hyper-parameters. More extensive
optimization, especially for smaller open-source
models, is complicated by the fact that automatic
evaluation metrics do not consistently align with hu-
man judgments, making it difficult to systematically
assess model improvements without costly manual
validation.
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A. Cleaning Examples

Below, we exemplify the manual cleaning of the
generated output of our fine-tuned Mixtral model.
We present the output before cleaning in Exam-
ple A.1, including input, instruction tuning tokens
and a hallucinated second tweet with explanation.
The same output after cleaning, as presented to
the annotators, is shown in Example A.2.
Example A.1 Mixtral output before cleaning:
### Text: I actually just started crying while brushing my
teeth due to lack of sleep, stress and test anxiety. Today’s
gonna be a good one...
### Explanation: [/INST] ### Explanation: Crying be-
cause of stress, lack of sleep and test anxiety are not
considered positive. This would imply that this is not
going to be a good day.
### [Hallucinated] Text: 25 chance of rain, I love it when
my wedding gets ruined!
### Explanation: [/INST] ### Explanation: [/INST] Peo-
ple want their wedding day to be perfect. Rain can cause
damage to the wedding dress and the hair, it can make

the wedding less enjoyable and even make it impossible
to have the wedding outside. As people would not like
it when their wedding gets ruined by rain, the positive
evaluation is not meant to be serious.

Example A.2 Explanation after manual cleaning:
Crying because of stress, lack of sleep and test anxiety
are not considered positive. This would imply that this is
not going to be a good day.

B. Prompt Template for Explanation
Generation

GPT-4 Turbo

Your task is to explain why tweets should be con-
sidered ironic. Make sure to base your explanation
on background knowledge that is not present in
the text itself. This background knowledge can
include common assumptions, factual knowledge
and social conventions.
Here are some examples of the expected output:

Example 1 -
### Text: Loooovvveeeeeee when my phone gets
wiped
### Explanation: When your phone gets wiped
(which indicates someone did not do it on purpose),
you lose all data on your device. This includes a
lot of personal information and pictures that people
might want to save as keepsakes. As people would
not like (accidentally) losing their personal data,
the positive evaluation in this tweet is ironic.

Example 2 -
### Text: @user Kohli showing all the guts of
Scooby Doo. #CaptainCourageous
### Explanation: When people say that someone
has "the guts to do something", it means they
are fearless, confident and brave. The cartoon
character Scooby Doo is know for his cowardice.
Saying that someone is showing the guts of Scooby
indicates that they are in fact not courageous or
fearless at all. The evaluation "#CaptainCoura-
geous" must therefore also be ironic.

Example 3 -
### Text: Just received an email that I am the heir
to the Nigerian Petroleum Corporation. I should
immediately send them all my bank info.
### Explanation: The stereotypical phishing email
from a supposed "nigerian prince" is a well-known
fact. As most people are expected to know about
this common phishing template, the users will most
likely not follow up by walking into the trap and
sending them all their bank info (which is exactly
what the writer of this tweet writes they will do
exactly).
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New sample:
### Text: {text placeholder}
### Explanation: {system fills in explanation}

Llama 3 & Mixtral

[Human Says][BoS]
You are an expert trained in identifying irony and
sarcasm in social media text and explaining the
underlying reasoning. Your task is to explain why
tweets should be considered ironic. Make sure to
base your explanation on background knowledge
that is not present in the text itself. This background
knowledge can include common assumptions,
factual knowledge and social conventions.
Explain why this tweet is ironic:
### Text: nit pick at every little thing guys. keep
doing that. that’ll show the team you’re behind
them.[EoS]

[System Says:][BoS]
### Explanation: nitpicking (pointing out a lot
of minor faults) is often perceived as providing
too much negative feedback. this does not help
to support a team, i.e. showing the team you’re
behind them.[EoS]

[Human Says:][BoS]
Explain why this tweet is ironic:
### Text: {text placeholder} [EoS]

[System Says][BoS]
### Explanation: {system fills in explanation}

C. Prompt Templates for Knowledge
Extraction

GPT-4o

You will be provided with an ironic tweet along
with an explanations for why they are ironic.
These explanations are based on extra textual
background knowledge. Your task is to extract
which knowledge is used in the explanations but
which is not present in the text itself. Split up
this information into multiple items where this is
appropriate. Make sure that the knowledge you
provide is mentioned explicitly in the explanation.
Here are some examples of the expected output:

Example 1 -
### Text: Loooovvveeeeeee when my phone gets
wiped
### Explanation: When your phone gets wiped
(which indicates someone did not do it on purpose),
you lose all data on your device. This includes a
lot of personal information and pictures that people
might want to save as keepsakes. As people would

not like (accidentally) losing their personal data,
the positive evaluation in this tweet is ironic.
### Background knowledge:

1. When a phone gets wiped, all personal data
and information is lost.

2. People do not like losing access to their
personal data and pictures on their phone.

Example 2 -
### Text: @user Kohli showing all the guts of
Scooby Doo. #CaptainCourageous
### Explanation: When people say that someone
has "the guts to do something", it means they
are fearless, confident and brave. The cartoon
character Scooby Doo is know for his cowardice.
Saying that someone is showing the guts of Scooby
indicates that they are in fact not courageous or
fearless at all. The evaluation "#CaptainCoura-
geous" must therefore also be ironic.
### Background knowledge:

1. When people say that someone has “the guts
to do something”, it means they are fearless, confi-
dent and brave.

2. The cartoon character Scooby Doo is known
for his cowardice.

Example 3 -
### Text: Just received an email that I am the heir
to the Nigerian Petroleum Corporation. I should
immediately send them all my bank info.
### Explanation: The stereotypical phishing email
from a supposed “nigerian prince”is a well-known
fact. As most people are expected to know about
this common phishing template, the users will most
likely not follow up by walking into the trap and
sending them all their bank info (which is exactly
what the writer of this tweet writes they will do
exactly).
### Background knowledge:

1. The email from a Nigerian prince or heir is a
well-known stereotype of phishing.

New sample:
### Text: {text placeholder}
### Explanation: {explanation placeholder}
### Background knowledge: {system fills in
knowledge items}

Open-Source Models

[Human Says][BoS]
For each of the following input texts, we have an
explanation for why they contain irony. Your task is
to identify and extract any background knowledge
used for the explanation.
Extract the background knowledge from this text
and explanation pair:
### Text: Loooovvveeeeeee when my phone gets
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wiped.
### Explanation: When your phone gets wiped
(which indicates someone did not do it on purpose),
you lose all data on your device. This includes a
lot of personal information and pictures that people
might want to save as keepsakes. As people would
not like (accidentally) losing their personal data,
the positive evaluation in this tweet is ironic. [EoS]

[System Says][BoS]
### Background knowledge:

1. When a phone gets wiped, all personal data
and information is lost.

2. People do not like losing access to their
personal data and pictures on their phone. [EoS]

[Human Says][BoS]
Extract the background knowledge from this text
and explanation pair:
### Text: {text placeholder}
### Explanation: {explanation placeholder} [EoS]

[System Says][BoS]
Background knowledge: {system fills in knowledge
items}
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Abstract
Speech emotion recognition (SER) has gained significant interest in recent times, which utilizes speech signals to
identify the emotional state of speakers. Accurate recognition of subtle emotional variations in speech, such as
distinguishing closely related emotional states, remains a challenging problem due to the variability of speech signals
and the acoustic similarity among emotion classes across different speakers and linguistic contexts. This paper
proposes a hybrid deep learning model that integrates a Convolutional Neural Network (CNN) with a Bidirectional
Long Short-Term Memory (BiLSTM) network to effectively identify both spectral and temporal features of speech.
The log Mel-frequency spectral coefficients (MFSC) are used as input features to represent discriminative spectral
representations, while the BiLSTM layer model represents long-range temporal dependencies in speech signals.
The proposed framework is evaluated on the Toronto Emotional Speech Set (TESS), a publicly available dataset
of acted emotional speech containing seven emotion classes. The experimental findings show that the hybrid
CNN-BiLSTM achieved an overall classification accuracy of 96.36%, significantly outperforming baseline models
including GRU (91.84%), BiLSTM (93.12%), and CNN–GRU (94.67%). These findings highlight the effectiveness of
combining spectral and temporal modeling for improved speech emotion recognition performance. Furthermore, our
CNN+BiLSTM approach offers a computationally efficient and data-efficient alternative to transformer-based models,
while still effectively capturing both spatial and temporal emotional cues in speech, making it suitable for real-time
and resource-constrained applications.
Keywords: Speech emotion recognition, Deep Learning, Convolutional Neural Networks, Bidirectional LSTM, Hybrid
CNN–BiLSTM Model, Log Mel-Frequency Spectral Coefficients (MFSC)

1. Introduction

Emotions are complex psychological and physiolog-
ical states of consciousness influenced by factors
such as environmental challenges, attitudes, and
personality. Emotions play a crucial role in human
life and significantly affect our psychological and
physical health, as well as decision-making (Lerner
et al., 2015), (Gross, 1998). It is important to un-
derstand the nature of emotional states, as it helps
to assess psychological conditions, such as mental
health issues like depression, anxiety, and bipolar
disorder, that affect millions of people across the
world (World Health Organization, 2025).

Moreover, emotions are multidimensional and
are often expressed at the same time in many differ-
ent ways, including tonal variations of voice, facial
expression, language, and other forms of nonver-
bal communication. Proper understanding of these
expressions is critical in the development of human-
computer interaction, mental health diagnosis, and
security systems. This intermodal manifestation of
emotions is a major challenge for computational
recognition systems, which require interdisciplinary
methods to examine and decipher complex emo-
tional states from different data sources (Dao et al.,
2022). Among the different modalities used for
emotion recognition, speech has gained significant
attention due to its natural availability, low acqui-

sition cost, and rich emotional content. Speech-
based emotion recognition is increasingly used
across various fields, including healthcare (Xiefeng
et al., 2019), Human-Computer Interaction (Alsab-
han, 2023), mental health assessment and psycho-
logical monitoring (Jordan et al., 2025), and assis-
tive clinical care (Vaida and Huang, 2025). Several
recent studies have further highlighted the effective-
ness of Speech Emotion Recognition (SER) in real-
world applications (Botelho et al., 2024). In gen-
eral, speech signals encode two types of comple-
mentary information: linguistic and paralinguistic.
Linguistic information is spoken content, including
language structure, accent, and dialect, whereas
paralinguistic information conveys cues about the
speaker’s emotional state, attitude, context, and
environmental surroundings. Emotional recogni-
tion can thus only be achieved through the usage
of paralinguistic attributes, as emotional states are
usually conveyed by how something is said rather
than what is said. However, emotional expression
also differs across languages and cultures and may
be subjective; hence, the speech emotion recogni-
tion task is challenging (Chen et al., 2021).

Furthermore, the challenge arises from the pres-
ence of overlapping or similar emotional states,
such as calm vs. neutral and excited vs. happy,
which are hard to differentiate using a simple deci-
sion boundary. The initial methods were based on
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manually created low-level acoustic attributes, such
as pitch, energy, and formants, and classical ma-
chine learning (ML) classifiers, such as support vec-
tor machines (SVM), k-nearest neighbors (k-NN),
random forests (RF), and decision trees, yielding
moderate performance results (Abdelfattah et al.,
2016). However, more recently, deep learning (DL)
approaches that learn high-level paralinguistic rep-
resentations directly from data have shown better
performance. Developments in neural structures,
such as recurrent neural networks (RNNs), long
short-term memory (LSTM) networks, and gated
recurrent units (GRUs), have greatly enhanced the
ability to model the dynamics of speech signals over
time, resulting in more powerful speech emotion
recognition systems (Jahangir et al., 2021).

In contrast to prior works that focus on proposing
a single deep architecture, this study presents a
comprehensive comparative analysis of multiple
deep learning models for speech emotion recog-
nition using a unified experimental setup. LSTM,
BiLSTM, GRU, CNN, and a hybrid CNN–BiLSTM
model are evaluated on the Toronto Emotional
Speech Set (TESS) dataset using MFCC features.
The results indicate that sequence-based models
such as LSTM, BiLSTM, and GRU consistently
outperform CNN-only architectures, highlighting
the importance of temporal dynamics in emotional
speech. The hybrid CNN–BiLSTM model further im-
proves performance by jointly modeling local spec-
tral patterns and long-range temporal dependen-
cies.

1.1. Research Questions
This study aims to investigate the effectiveness of a
hybrid CNN–BiLSTM architecture for speech emo-
tion recognition. The following research questions
are addressed:

RQ1: How effectively can the proposed CNN–
BiLSTM model learn and combine spectral and
temporal features for accurate emotion classifica-
tion.

RQ2: Does the proposed hybrid architecture out-
perform baseline models such as CNN, LSTM, and
GRU in terms of accuracy and F1-score on the
TESS dataset.

RQ3: How well does the model distinguish be-
tween acoustically similar emotions in speech sig-
nals.

RQ4: What is the impact of combining CNN-
based feature extraction with BiLSTM-based tem-
poral modeling on overall system performance.

The remaining paper is structured as follows.
Section 2 reviews related work and presents the
problem statement for speech emotion recognition.
Section 3 describes the methodology, including
dataset acquisition, preprocessing, feature extrac-
tion, and the proposed hybrid CNN–BiLSTM archi-

tecture. Section 4 outlines the experiment config-
uration, metrics of evaluation, and performance
analysis. Section 5 presents the results, and Sec-
tion 6 discusses the limitations of the study. Lastly,
Section 7 brings the paper to an end.

2. Related Work

Due to the increasing significance of Speech emo-
tion recognition (SER) in social sciences and
biomedical applications over a period of time (At-
maja and Sasou, 2022), there has been a growing
interest in the development of numerous DL-based
methods in emotion classification (Monisha and
Sultana, 2022). Some studies have analyzed the
issues of SER and the different model structures to
improve recognition performance by utilizing multi-
ple attention mechanisms to combine both audio
features (MFCCs) and text embeddings (Zhang,
2023). Their multimodal approach achieved better
emotion recognition results than using audio or text
alone.

(Kumbhar and Bhandari, 2019) trained an LSTM-
based model to perform emotion recognition, us-
ing extracted Mel-Frequency Cepstral Coefficients
(MFCCs) features of the RAVDESS (Ryerson
Audio-Visual Database of Emotional Speech and
Song), a benchmark emotional speech dataset con-
taining both speech and song recordings. Their
approach achieved an accuracy of 84.81%; how-
ever, a high loss value of 67.21% was observed
during implementation, highlighting the need to re-
duce false-positive predictions for improved system
performance.

(Zehra et al., 2021) proposed an ensemble-
based approach for cross-corpus multilingual emo-
tion recognition using a majority voting strategy.
Their study employed speech corpora in Urdu,
Italian, English, and German and tested classi-
fiers, including SVM, random forest, and decision
trees, and classified the English (TESS) dataset
at 70.14% under within-corpus evaluation. (Luna-
Jiménez et al., 2021) explored transfer learning
for SER by leveraging knowledge from supervised
pre-trained models, specifically CNN-14 from the
PANNs framework (Kong et al., 2020). Though the
identification of the multilingual machine-generated
text is done with the help of transformer-based ma-
chine learning and multilingual modeling methods,
there are trends in efficient representation learn-
ing, which are applicable in cross-modal emotion
recognition (Abiola et al., 2025).

By fine-tuning this model on the RAVDESS
dataset using speech signals, the authors achieved
an accuracy of 76.58%. More recently, research
in speech processing has increasingly shifted to-
ward self-supervised learning (SSL) approaches
that pretrain speech representations directly from
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raw audio signals rather than relying solely on su-
pervised learning architectures. When fine-tuned
on benchmark datasets, SSL-based models have
demonstrated improved performance, particularly
in low-resource scenarios. For example, (Gavali
and Verma, 2025) reported an accuracy of 81.82%
on the RAVDESS dataset by using wav2vec2-xlsr
as a feature extractor combined with a multilayer
perceptron (MLP), outperforming their earlier super-
vised CNN- and PANNs-based approaches, which
achieved 76.58% accuracy. Even though this pre-
vious work dealt with text-based emotion intensity
detection, the information on lightweight model de-
sign is encouraging to apply comparable efficient
designs to speech-based emotion classification
(Eyasu et al., 2025).

Recent studies on deep learning SER have fur-
ther analyzed hybrid convolutional-recurrent ar-
chitectures to identify both spectral and temporal
speech audio patterns. (Liu et al., 2024) devel-
oped a CNNLSTM algorithm that includes atten-
tion and multi-feature fusion, and demonstrated
excellent results with several benchmark corpora,
such as SAVEE and CASIA. (Ahmed et al., 2023)
Demonstrate an ensemble 1D-CNN-LSTM-GRU
architecture with data augmentation, which en-
hanced the generalization of five standard datasets.
(Bhanbhro et al., 2025) compared CNN-LSTM
and attention-enhanced CNN-LSTM architectures,
reporting competitive results on the RAVDESS
dataset. Other studies examined real-time CNN
+BiLSTM architecture augmented with vocal fea-
tures, evaluated on benchmark datasets such as
TESS, RAVDESS, and EmoDB (Berlin Database
of Emotional Speech), a widely used benchmark
dataset for speech emotion recognition. Further-
more, an attention-based CNN-BiLSTM architec-
ture was proposed to capture both local and global
contextual speech signals, achieving improved per-
formance on several datasets.

Previous studies have identified several limita-
tions in speech emotion recognition. (Jahangir
et al., 2021) highlights challenges such as limited
dataset size, reliance on acted emotional speech,
and difficulties in modeling temporal dependencies.
Similarly, (Singh and Goel, 2022) emphasizes is-
sues related to feature selection, model generaliza-
tion, and the difficulty of distinguishing acoustically
similar emotions. These limitations indicate the
need for more robust architectures. In this work, the
proposed CNN–BiLSTM model addresses these
challenges by effectively combining spectral feature
extraction with temporal sequence modeling, lead-
ing to improved emotion recognition performance.

2.1. Problem Description
Speech Emotion Recognition (SER) is to identify
the speaker’s emotional state based on the speech

signals using paralinguistic information like pitch,
energy, spectral patterns, etc. Despite the recent
significant progress, SER is still a difficult task be-
cause the variability of speech signals is very impor-
tant, and the acoustic similarity between emotion
classes, such as happy and surprise or neutral and
calm, is quite significant (Singh and Goel, 2022)
(Jahangir et al., 2021). Emotional dynamics are
shared over both the local spectral properties and
long-range time dynamics that cannot be easily
modeled with conventional machine learning meth-
ods of handcrafted features and shallow classifiers
(Atmaja and Sasou, 2022).

More recent deep learning models have en-
hanced the SER performance by learning a hier-
archical representation of time-frequency directly
based on time-frequency features (Jahangir et al.,
2021). Convolutional Neural Networks (CNNs) are
effective to use in order to capture local spectral
patterns, whereas recurrent networks like Long
Short-Term Memory (LSTM) networks are designed
to capture the temporal dependencies in speech.
However, the model’s capacity to completely cap-
ture both spectral and temporal information is
constrained when either approach is used sep-
arately. This encourages the adoption of a hy-
brid CNN–BiLSTM architecture for robust unimodal
speech emotion identification that simultaneously
incorporates long-range temporal correlations and
local spectral characteristics.

3. Methodology

This section explains the overall workflow of the
proposed hybrid CNN-BiLSTM models for speech
emotion classification, as shown in Figure 1.

3.1. Dataset
The experiments in this research study are per-
formed on the TESS (Pichora-Fuller and Dupuis,
2020), a publicly available dataset for speech emo-
tion recognition (SER). TESS contains emotional
speech samples from two native English speakers
recorded in a controlled environment. The dataset
consists of seven emotional categories: angry, dis-
gust, fear, happy, sad, surprise, and neutral. Each
emotion class contains an equal number of audio
samples, making the dataset balanced and suitable
for supervised learning. The controlled recording
environment and clear articulation of emotions fa-
cilitate reliable evaluation of SER models. In this
study, TESS is used to train and evaluate the pro-
posed hybrid CNN–BiLSTM framework.

3.2. Data Preprocessing
All audio samples are preprocessed to ensure con-
sistency. Preprocessing steps include normaliza-
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Figure 1: Overall workflow of the proposed CNN–BiLSTM-based speech emotion recognition framework.

tion of audio amplitude, resampling to a standard
sampling rate, and trimming of silence at the start
and end of recordings. These steps reduce vari-
ability and improve model performance.

3.3. Feature Extraction
Log Mel-filterbank spectral coefficients (MFSCs)
are extracted from each speech signal and used
to train the proposed hybrid CNN–BiLSTM model.
MFSC features are chosen because they gener-
ally outperform MFCCs in capturing spectral in-
formation for emotion recognition. Since speech
recordings vary in duration, the extracted feature
sequences result in variable-length representations.
To ensure a consistent input format for the DL mod-
els, zero-padding is applied to all MFSC sequences,
producing uniform feature dimensions across sam-
ples. A sample speech signal along with its corre-
sponding spectrogram and chromagram are shown
in Figures 2a and 2b.

3.4. Proposed Hybrid Deep CNN-BiLSTM
Model

To jointly learn spectral and temporal represen-
tations, a hybrid CNN-BiLSTM architecture is
proposed for speech emotion recognition. Log-
Mel spectrogram (MFSC) features extracted from
speech signals are first fed into a CNN component,
which captures high-level local spectral patterns
through convolution and pooling operations.

The output feature maps generated by the CNN
are reshaped into a sequential representation and
passed to the BiLSTM layer to model temporal de-
pendencies across speech frames. By incorpo-

(a) Waveplot for Sad Emotion

(b) Spectrogram for Sad Emotion

Figure 2: Waveform and spectrogram representations
for the sad emotion sample.

rating bidirectional temporal context, the BiLSTM
effectively captures both short-term and long-term
emotional characteristics of speech.

Finally, the BiLSTM outputs are forwarded to fully
connected layers followed by a softmax classifier to
predict emotion categories such as neutral, happy,
sad, and angry. The entire CNN-BiLSTM model is
trained end-to-end using categorical cross-entropy
loss. The CNN-BiLSTM model is proposed to in-
clude a 1D convolutional layer (32 filters) and max-
pooling and dropout, a Bi-Directional LSTM (128-
dimensional output), and two fully connected lay-
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Table 1: Architecture and training hyperparameters of
the proposed CNN–BiLSTM model

Component Configuration
Input Features Log-Mel Spectrogram (MFSC)
Convolution Layer Conv1D, 32 filters
Activation Function ReLU
Pooling Layer MaxPooling1D
Recurrent Layer Bidirectional LSTM (64 units per direction)
Dense Layer 64 units (ReLU)
Output Layer 7 units (Softmax)
Dropout Rate 0.5
Optimizer Adam
Loss Function Categorical Cross-Entropy
Evaluation Metric Accuracy
Total Parameters 58,503

ers (64 hidden units) and a 7-class softmax output
layer. The model is trained on the Adam optimizer
and categorical cross-entropy loss. The number
of trainable parameters is 58,503, as shown in Ta-
ble 1.” The relatively small number of trainable pa-
rameters highlights the computational efficiency of
the proposed architecture. Compared to deeper
or attention-based models, this lightweight design
makes the model suitable for real-time applications
and deployment in resource-constrained environ-
ments.

4. Experimental Setup

All experiments were conducted in a GPU-enabled
Google Colab environment. The proposed models
were trained and evaluated on an NVIDIA Tesla
T4 GPU with 16 GB of GPU memory and 12.7 GB
of system RAM. The implementation was carried
out in Python using the TensorFlow-Keras frame-
work with CUDA version 12.1 support. This setup
enabled efficient training and evaluation of the pro-
posed DL architectures for SER.

The experiments were carried out on two publicly
available benchmark datasets: TESS and SAVEE.
The TESS dataset consists of 2,800 speech ut-
terances, while the SAVEE dataset contains 480
utterances. The combined dataset was split into
training, validation, and testing sets following a ra-
tio consistent with prior work, resulting in 2,296
samples for training, 656 for validation, and 328 for
testing.

4.1. Evaluation Metrics and Performance
Analysis

The performance of the proposed hybrid CNN-
BiLSTM model was evaluated using standard multi-
class classification metrics, including accuracy, pre-
cision, recall, and F1-score, along with a confusion
matrix. These metrics provide a comprehensive as-
sessment of the model’s ability to classify different
emotion categories.

The confusion matrix summarizes the classifica-
tion results by comparing the predicted labels with

the ground truth labels, providing insights into both
correct and incorrect predictions across emotion
categories, as shown in 4.

5. Results

The hybrid CNN-BiLSTM model was trained on the
TESS dataset and evaluated on a distinct test set to
determine its capability in speech emotion recogni-
tion. The analysis focused on conventional classifi-
cation metrics, including accuracy, precision, recall,
and F1 Score. The class-wise performance of the
proposed model on the TESS dataset is presented
in Table 2. The results indicate that the Recog-
nition performance is high across the majority of
emotion categories, which shows the effectiveness
of utilizing convolutional feature extraction and bidi-
rectional temporal modeling. Figure 3a shows the
accuracy trends, while Figure 3b illustrates the loss
convergence of the proposed model. The training
and validation curves show stable convergence,
with the validation accuracy following the training
accuracy over the epochs. The small gap between
the curves indicates that the model does not suffer
from significant overfitting. Furthermore, the loss
in the validation process gradually decreases and
stabilizes after convergence, which shows that the
spectral and temporal representations learned are
effectively being generalized.

To further test the architecture, performance was
compared with baseline models, including GRU,
BiLSTM, and CNN-GRU. Table 3 summarizes the
overall classification performance of each of the
models. The CNN–BiLSTM model with the highest
accuracy and F1-score across assessment meth-
ods indicates the usefulness of combining convolu-
tional feature extraction with bidirectional temporal
modeling in speech emotion recognition. The pro-
posed hybrid CNN-BiLSTM model was tested to
determine its effectiveness in SER. The high perfor-
mance of CNN–BiLSTM compared to CNN–GRU
and standalone recurrent architectures indicates
the significance of the bidirectional temporal mod-
eling in SER. While convolutional layers effectively
capture local spectral patterns, the BiLSTM layer fa-
cilitates the incorporation of context information of
previous and subsequent frames. This complemen-
tary combination helps to increase the capacity of
the model to identify the subtle emotional patterns
that develop over time.

The model attained an overall classification ac-
curacy of 96.36% and an F1-score of 0.93, on the
TESS dataset, indicating improved performance
compared to the baseline architectures. The class-
wise analysis suggests that the model performs
well, specifically on emotions such as neutral, sur-
prise, and sadness, and is characterized by high
precision and recall. Happy and disgust were ob-
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(a) Training and validation accuracy (b) Training and validation loss

Figure 3: Learning curves of the proposed CNN–BiLSTM model showing (a) training and validation accuracy and (b)
training and validation loss.

Figure 4: Confusion matrix of the proposed CNN–
BiLSTM model on the TESS dataset.

served slightly lower, and this can be attributed to
the acoustic similarity of these two emotion classes
with other types of emotions, which has been a
commonly observed challenge in speech emotion
recognition.

In Figure 4, the confusion matrix, it can be ob-
served from the confusion matrix that the number
of samples along the diagonal is high, which im-
plies that most of the emotion samples are accu-
rately identified. Misclassifications are minimal and
mainly occur with acoustically related emotions,
e.g., between anger and surprise or between sur-
prise and disgust. These observations are cor-
related with the precision and recall rates of the
classes as mentioned in Table 2 and further con-
firm the strength of the proposed CNN–BiLSTM
architecture.

Our experimental evaluation confirms that the hy-
brid CNN-BiLSTM framework is effective in captur-
ing local spectral patterns and long-term temporal

dependencies of speech signals. The model can
differentiate between various categories of emo-
tions by using convolutional feature extraction with
bidirectional temporal modeling, even when sub-
tle acoustic variations are present. In general, the
findings indicate that the suggested method can
be considered a valid solution for unimodal speech
emotion recognition in a controlled experimental
environment.

Emotion Precision Recall F1-score Acc. (%)
Surprise 0.98 0.98 0.98 96.42
Neutral 1.00 0.94 0.97 99.02
Sad 0.91 0.95 0.93 98.05
Disgust 0.97 0.73 0.84 95.77
Fear 0.87 0.77 0.82 96.10
Angry 0.91 0.73 0.81 93.83
Happy 0.68 0.90 0.78 95.12

Table 2: Class-wise performance metrics of the proposed
CNN–BiLSTM model on TESS.

Model Precision F1-score Acc. (%)
GRU 0.88 0.87 91.84
BiLSTM 0.90 0.89 93.12
CNN–GRU 0.91 0.90 94.67
CNN–BiLSTM 0.93 0.93 96.36

Table 3: Performance comparison of different models on
the TESS dataset.

The proposed model has good performance in
most of the emotion categories, as indicated in 2.
The maximum F1-score is achieved with surprise
(0.98), then neutral, and sad, which points to the
fact that these feelings have their own acoustic pe-
culiarities. Comparatively worse precision is, on
the other hand, found with happy, which implies that
there is a possible overlap with other acoustically
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Table 4: Comparison of Proposed Model with the existing state-of-the-art

Author Dataset-Language Methodology used Accuracy (%)
(Wang et al., 2020) IEMOCAP-English Dual-Sequence LSTM 73.3
(Kumaran et al., 2021) RAVDESS-English Deep C-RNN 75
(Zhang et al., 2021) CASIA-Chinese Parallel Convolution Bi-LSTM 79.67
(Senthilkumar et al., 2022) EMO-DB-English Bi-directional LSTM and DBN 85.57
(Muppidi and Radfar, 2021) EMO-DB-English QCNN 88.7
(Jahangir et al., 2021) Benchmark-English Deep Neural Network 80–90
(Prasanna et al., 2022) Standard-English CNN–BiLSTM ∼92
Proposed Model TESS-English CNN–BiLSTM 96.36

similar classes. The difference among classes indi-
cates the natural complexity of separating the emo-
tions having slight variations in prosodies, which is
a frequently described problem in speech emotion
recognition.

6. Comparative Analysis with
Existing Studies

To present a comprehensive evaluation of the pro-
posed CNN–BiLSTM model on the TESS dataset,
we compare our results with existing state-of-the-art
speech emotion recognition methods utilize differ-
ent datasets, as shown in Table 4. The proposed
approach achieves an accuracy of 96.36%, out-
performing earlier approaches such as Dual LSTM
(73.3%) and Deep C-RNN (75%), which are limited
in their ability to capture complex spectral–temporal
features.

Compared to CNN–BiLSTM-based and hybrid
architectures, including those reported by (Zhang
et al., 2021), (Senthilkumar et al., 2022), and (Mup-
pidi and Radfar, 2021), which achieve accuracies
of 79–88.7%, the proposed model reported im-
proved performance. Additionally, prior studies
such as (Jahangir et al., 2021) and (Prasanna et al.,
2022)report accuracy of 80–92%, further support-
ing the competitiveness of the proposed approach.

Overall, the results indicate that the proposed
CNN–BiLSTM model effectively captures both spec-
tral and temporal features using TESS dataset only,
achieving high accuracy while maintaining a rela-
tively simple and efficient architecture.

7. Limitations of the Proposed Study

Despite achieving strong performance, the pro-
posed CNN-BiLSTM model has certain limitations.
First, the experiments are conducted on controlled
benchmark datasets, TESS, which contain acted
emotions recorded in relatively clean acoustic en-
vironments. As a result, the model’s generaliza-
tion to real-world, noisy, and spontaneous speech
scenarios remains to be further investigated, as

highlighted in prior studies (Jahangir et al., 2021)
(Singh and Goel, 2022).

Second, the class imbalance and limited number
of samples for certain emotions may affect recog-
nition performance, particularly for emotions with
overlapping acoustic characteristics (e.g., happy
vs. surprise or neutral vs. calm), leading to mis-
classification. Such overlap underscores that it
is not easy to differentiate emotions using acous-
tic characteristics alone, especially when dealing
with emotions exhibiting subtle prosodic variations.
Furthermore, the suggested framework only pays
attention to the unimodal acoustic characteristics
and excludes linguistic or multimodal data of a text
or facial expression. It has been proven in the past
that the performance of emotion recognition can
be enhanced further when a variety of modalities
is used, particularly in a complex and naturalis-
tic context. The consideration of these limitations
through the assessment of the model in the case
of spontaneous speech datasets and further devel-
opment of the framework into multimodal learning
is a significant future direction of research.

8. Conclusion

This paper presented a hybrid deep CNN-BiLSTM
model for SER, effectively integrating convolutional
feature extraction with bidirectional temporal mod-
eling to capture both spectral and temporal char-
acteristics capture both spectral and long-range
temporal characteristics of speech signals. Using
log-Mel spectrogram and MFSC features, the pro-
posed model was trained and evaluated on the
TESS dataset only, achieving consistent perfor-
mance across all emotion classes.

Experimental results show that the CNN-BiLSTM
model outperforms baseline models, including
GRU, BiLSTM, and CNN-GRU, in terms of accu-
racy, precision, and F1-score. The class-wise anal-
ysis further indicates that the model demonstrates
robustness in distinguishing subtle emotional varia-
tions, particularly for emotions with distinct acoustic
patterns.
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Overall, the study findings prove that utilizing
CNN-based spectral feature learning with BiLSTM
temporal modeling provides a powerful framework
for accurate and reliable SER. Future work will fo-
cus on extending this approach to real-world spon-
taneous speech datasets, addressing class imbal-
ance, and exploring multimodal frameworks that
integrate textual and visual cues to further enhance
emotion recognition performance.

9. Ethical Consideration

This study used an open-source dataset publicly
available on Borealis websites 1 that do not include
personally identifiable information. The data were
used intended research purposes.

ChatGPT was used exclusively to refine the En-
glish language and presentation of the manuscript.
The conceptualization, design, experimental anal-
ysis and execution of the study were entirely per-
formed by the authors.
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Abstract
Emotion annotation in texts remains a challenging task in the field of Natural Language Processing (NLP), as,
unlike voice or images, texts might not only contain peculiar cues to express emotions. Methods for emotion
annotation are based on lexicons or on machine learning techniques which are based on the use of manually
annotated corpora. This paper aims to explore if and how the combination of these two types of methods
might be useful for the annotation of emotions in texts. Four data sets are used for comparison of the two
approaches, and then to investigate to what extent the results are distinct or complementary on three aspects:
(i) identification of emotional sentences; (ii) identification of emotion categories; (iii) identification of one specific
mode of expression of emotions called "behavioral emotions" (e.g. shout, cry). Findings show that not all emo-
tions are equally easy to annotate, and, most specifically, the learning-based approach tends to over detect Admiration.

Keywords: detection of emotions, comparison of approaches, French corpus

1. Introduction

Detecting human emotions from the diversity of so-
cial networks’ data is a key part of gaining deeper
insight into the nature of online content. Emotion
detection in textual data is a challenging and te-
dious task because emotions can be expressed
in a variety of subtle and complex ways (Al Maruf
et al., 2024), (Gladys and Vetriselvi, 2023). Some
emotions are explicitly indicated by specific words
such as sadness or joy, while others are implic-
itly derived from events (birthday) or behaviors (he
cried). Consider the following examples:

• Je dénonce avec fermeté la colonisation de
notre territoire. (I firmly denounce the coloniza-
tion of our territory) (1).

• Nous nous battons pour bien plus que cela.
(We are fighting for much more that that) (2).

• Ebola encore plus proche de français ! Merci
qui ? Merci les migrants ! (Ebola ever closer
to French! Who do you have to thank for this?
Thank you, migrants!) (3)

• CA SUFFIT! (Enough!) (4)

The first example (1) shows a direct and explicit
Anger emotion expressed by the speaker. The
second sentence (2) also illustrates Anger, but the
emotion is not explicitly expressed, but rather sug-
gested by the willingness to engage in the fight.
Moreover, the third example (3) shows a sarcastic
sentence conveying the same emotion. Anger is
also present in the last sentence (4), and in this
case the emotion is illustrated by a characteristic
of the utterance and the exclamation mark.

Detection of emotions in text has attracted numer-
ous research efforts in the field of Natural Language
Processing (NLP). Computational approaches for
emotion detection are based on various paradigms,
ranging from sentence-level analysis with seman-
tic rules (Seal et al., 2020) to building sophisti-
cated learning models (Chavan et al., 2023). Deep
learning techniques (Chutia and Baruah, 2024) and
Large Language Models (LLMs) have been used to
perform various tasks related to emotion analysis
(Zou and Markov, 2024). Despite the prevalence
of many techniques, the complexity of emotion ex-
pressions in texts has not been fully addressed.

This paper describes the comparison of two
parsers developed for emotion annotation in French
texts. As part of this study, we examine to what
extent the tools provide complementary or diver-
gent results on various data sets collected on the
Internet.The experimental protocol defines several
emotion annotation tasks, such as detecting emo-
tional sentences and categories of emotions, and
then compares the results of both tools on four data
sets. The rest of the paper is organized as follows:
section 2 discusses related work. Approaches for
emotion annotation are discussed in section 3 and
corpora used for the comparison are presented in
Section 4. The experimental setup and compari-
son method are introduced in section 5. Section
6 concludes the paper and presents directions for
future research.

2. Related approaches

This section gives an overview of the different meth-
ods used to detect emotions in texts. It also dis-
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cusses research work focusing on annotation dis-
agreement.

2.1. Machine learning and lexicon-based
approaches

Emotion annotation is a multi-classification problem
(Kusal et al., 2023), and research studies have
proposed a variety of lexicon-based techniques
and machine learning methods that are commonly
used for emotion classification (Chutia and Baruah,
2024).

Lexicon-based techniques are grounded in emo-
tion dictionaries that are built to represent prior
knowledge of how emotions are expressed. The lit-
erature presents several emotion lexicons, such as
SentiWordNet (Baccianella et al., 2010), WordNet-
Affect (Poria et al., 2012) and FEEL (Abdaoui et al.,
2017), a lexicon built to detect emotion in French.
Those techniques rely on recognizing lexicon key-
words in a given text and assigning an emotion
category based on those keywords and their fre-
quency. Although lexicon-based techniques per-
form well in detecting explicit emotions, they fail to
detect emotions that are not explicitly mentioned
in text but rather derived from other clues, such as
descriptions of behaviors.

Machine learning models that are trained on
sample data sets and make predictions on un-
seen data afterward are more suitable to detect
implicit emotions. Support Vector Machines (SVM)
(Tzacheva and Chatterjee, 2024), XGBoost (Ban-
dara et al., 2024) and Naïve Bayes (NB) (Kumar
and Kumar, 2022) are some prominent learning
techniques adopted to perform emotion detection
in texts. The accuracies of supervised learning
methods are in the range of 65–80% on bench-
mark data sets (Al Maruf et al., 2024), although the
scarcity of large emotion-oriented labeled data sets
is a major limitation of their use. Methods based
on transfer learning address these limitations by
leveraging the ability of pre-trained language mod-
els to detect emotions (Feng and Chaspari, 2020).
These methods can be fine-tuned with smaller la-
beled data sets, and several studies have used
adaptations of BERT (Acheampong et al., 2021)
or GPT (Lian et al., 2024) to recognize emotions,
with detection accuracy reported in the range 75 to
99%. In spite of their high accuracy values, these
methods require constrained domain adaptation
and demonstrate limited capacities to detect emo-
tions from unforeseen expressions.

2.2. Hybrid approaches
From a different perspective, hybrid methods have
also been developed recently, combining heuristics
with learning techniques in an effort to improve the
accuracy of emotion identification and refine the

categories of emotions detected in texts. Among
them, (Li et al., 2021) describes a dual graph con-
volutional network (DualGCN) model that takes into
account the complementarity of syntax structures
and semantic correlations simultaneously to cap-
ture general semantics. The model detects words
that are semantically related, and the evaluation of
emotion classification tasks shows levels of accu-
racy higher than 80%.

A meta-learning approach where predictions
from transformers are combined with lexicon
features for emotion detection is proposed in
(De Bruyne et al., 2021) and the authors demon-
strate an improvement on emotion detection com-
pared to a basic BERT model. In (Meškelė and
Frasincar, 2020), the authors describe an approach
for emotion detection utilizing jointly a lexicalized
domain ontology to model field-specific knowledge
and BERT for word embeddings. More specifically,
the joint utilization provided a mechanism for mea-
suring the influence of words detected in a given
sentence on emotion expression and the integra-
tion of knowledge improved the overall accuracy
of emotion detection. In (Aljedaani et al., 2022),
the authors describe a novel hybrid method for
emotion detection that combines machine learning
and deep learning techniques with a lexicon-based
model called TextBlob (Loria et al., 2018). The lex-
icon is used for data annotation and training and
fine-tuning of learning models. The authors investi-
gated the impact of TextBlob on the performance of
classification models and showed that the accuracy
values of both machine learning and deep learning
models are considerably improved when trained
using TextBlob annotations, achieving the highest
F1 score of 0.96.

Having remarkable capabilities in various natu-
ral language understanding and generation tasks,
Large Language Models (LLMs) have also been
used as annotators (Sun et al., 2023), (Tan et al.,
2024) and they have demonstrated good potential
for sample annotation (Gilardi et al., 2023) and ex-
cellent abilities to annotate data with a limited and
well-defined set of labels (Ding et al., 2022).

2.3. Analysis of annotation disagreement
Although detection methods have specific detec-
tion capabilities, the annotation schemes they rely
upon have an impact on the quality of results, and
sometimes induce discordant emotion annotations
(Beck, 2023). Recently, several studies started to
investigate the factors that potentially cause dis-
agreements when performing emotion annotation
from texts. Among them, (Labat et al., 2022) de-
signed an experiment intended to scrutinize the
variation in the expression and annotation of emo-
tions retrieved in human-computer conversations.
The authors show that using annotation schema

39



having fine-grained emotion categories leads to low
values of annotator agreement. Following a similar
approach, (Barz et al., 2025) analyzed the factors
of disagreement when annotating emotions in com-
munications about the environment and climate
change. Their findings show that two prominent
factors of disagreement are the lexical biases of
annotators and the association of an emotion to
several domain-specific topics.

The work presented in this paper contributes to
this last research direction and the goal of our study
is to understand, thanks to a qualitative and quan-
titative comparison, the disagreements of annota-
tions provided by two automatic approaches on
four data sets collected on the Internet. In compar-
ison to related works investigating disagreements
on emotion annotation, this study is novel in using
automated emotion annotation and considering the
detection of emotion categories.

3. Automatic approaches for emotion
annotation

This section presents EMOTYC and EMOTIONS,
and indicates the emotion detection paradigm, the
underlying emotion annotation schema and anno-
tation examples.

3.1. EMOTYC: a learning-based parser
for emotion annotation

EMOTYC (Étienne et al., 2024) is an emotion detec-
tion parser based on a classifier previously trained
to detect emotions in texts. EMOTYC was devel-
oped using the CamemBERT model (Martin et al.,
2019). The annotation schema used by EMO-
TYC is based on linguistic and psycholinguistic
approaches that describe emotions by consider-
ing their type, mode, and category, as shown in Fig.
1.

Figure 1: EMOTYC anotation schema

EMOTYC performs the following tasks for emo-
tion analysis: (i) detection of sentences containing
emotions; (ii) identification of the emotion mode;
(iii) recognition of basic or complex emotions; and
(iv) identification of the category of emotion.

The detection approach used by EMOTYC cate-
gorizes linguistic markers into four emotion expres-
sion modes:

• labeled : explicit emotion expressed by lexical,
syntactical or typographical clues clearly show-
ing that the utterance conveys an emotion;

• displayed: description of situations that are
usually associated with emotions;

• behavioral : description of behaviors that are
usually associated with emotions;

• suggested : emotions that are indirectly indi-
cated or implied, often from the context.

EMOTYC identifies the Type (Basic or Complex)
and distinguishes eleven categories of emotions,
comprising the 6 basic emotions introduced by
(Ekman, 1992) (Anger, Fear, Happiness, Surprise,
Disgust and Sadness) and 4 complex emotions
taken from (Blanc and Quenette, 2017) and (David-
son, 2006) (Guilt, Embarrassment, Pride and Jeal-
ousy). A fifth complex category (Admiration) was
also added in order to better balance basic and
complex emotions. The category Autre (Other) is
used to capture emotions that are not related to
any of the previous categories. Fig. 2 shows an
example of annotation provided by EMOTYC, indi-
cating an emotional sentence, the type (basic) and
the category of emotion (Anger).

Figure 2: Example of EMOTYC annotation

Although EMOTYC detects emotional sentences,
the tool is not able to identify the tokens triggering
the emotions within the sentence.

3.2. EMOTIONS: a lexicon-based parser
for emotion annotation

EMOTIONS (Etienne, 2023) is an emotion annota-
tion parser using an augmented version of the EMO-
TAIX emotion lexicon (Piolat and Bannour, 2009).
The lexicon serves as a basis for recognizing terms
from different emotional categories.

EMOTAIX models 24 categories of emotions, in-
cluding the 11 categories of EMOTYC, 12 additional
categories (love, boldness, resentment, etc.) and a
behavior category that indicates emotional behav-
ior, without a specific emotion category, such as
cry, that can refer to both sadness or happiness.
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The annotation schema used by EMOTIONS is
based on the EMOTAIX lexicon, see Fig. 3.

Figure 3: EMOTIONS annotation schema

In order to detect emotions, EMOTIONS per-
forms tokenization and lemmatization of the sen-
tences. Whenever a sentence contains a lexicon
lemma, EMOTIONS identifies the emotion asso-
ciated to this lemma in the EMOTAIX lexicon and
thus detects the emotions and its trigger in the ini-
tial text. By following this lexicon-based approach,
EMOTIONS performs the following tasks for emo-
tion analysis: (i) detection of sentences containing
emotions; (ii) identification of behavioral emotions;
(iii) identification of the category of an emotion, and
(iv) detection of tokens triggering emotions.

Fig. 4 shows an example of an EMOTIONS an-
notation.

Figure 4: Example of EMOTIONS annotation

4. Overview of corpora

Data sets used for this study have been collected
online and have different topics and volumes.

Corpus C1 (right-wing extremism). This data
set was created by a project investigating the nature
of extremism online 1. The corpus is composed of
Tweets and messages collected on social platforms
and online discussion forums (Dragos et al., 2022).
Data was collected by using a combination of hash-
tags and keywords that are specific to right-wing
extremism. The corpus was manually explored by
two experts in sociology (one is a senior researcher
in education sciences and the other one is a post
doc in sociology with a background in social com-
munication) in order to validate the content. Thanks
to this expert validation, the corpus the sentenced

1https://anr.fr/Projet-ANR-19-ASTR-0012

conveying extremist attitudes have been identified
and the corpus was annotated with extremist and
nonextremist labels. The data set comprises 638
extremist sentences and 792 neutral sentences.

Sentences (E1) and (E2) show examples of sen-
tences that convey extremist attitudes.

E1: Ils veulent que vous restez pauvres. (They
want you to stay poor.)

E2: La France doit rester la France, notre patrie
sacrée. (France must remain France, our sacred
homeland.

Corpus C2 (hateful content). This data set
comprises around 600 Tweets manually collected to
highlight hateful and non hateful attitude (Battistelli
et al., 2020). The main goal of this resource was
to facilitate the binary classification of hateful/ non
hateful Tweets and thus the corpus is annotated
with hateful/ non-hateful labels. The annotation
was carried out manually by taking into account
the main characteristics of online hateful content,
as highlighted by definitions largely adopted in the
literature (Malecki et al., 2021). This data set is
well balanced, and the two classes (hateful and
non-hateful) contain almost the same number of
tweets.

The following examples illustrate hateful (E6) and
non hateful (E5) tweets:

E3: Quand il s’agit d’entretenir les etrangers par-
asites on est toujours sur de trouver les gauchistes.
(When it comes to nurture the parasitic foreigners
we are always sure to find the leftists.)

E4: J’espère que tu vas avoir un cancer et mourir!
(I hope you will get cancer and die!)

Corpus C3 (TextToKids). This data set com-
prises 2506 sentences randomly extracted from
the corpus used to train the EMOTYC parser. The
corpus is composed of articles from the childrens’
newspaper Le P’tit Libé 2. The following examples
illustrate emotional sentences from this data set.

E5: Pourquoi je les aime autant ? Ils me donnent
l’impression de jouer toute la journée. (Why do I
love them so much? They make me feel like I’m
playing all day.)

E6: On est très loin de voir les profs être rem-
placés par des androides ! (We are very far from
seeing teachers being replaced by androids!)

Corpus C4 (Reddit) comprises 20.000 posts
collected on the Reddit platform. The corpus was
created by the Online European Hate Lab 3, us-
ing specific words and terms to collect toxic con-
tent in French subreddits. For the purposes of this
study 2,006 sentences have been randomly se-
lected. Two toxic sentences are shown below:

2https://ptitlibe.liberation.fr/
3https://europeanonlinehatelab.com/
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E7: Les post-fascistes sont un symptôme, pas
l’origine du problème. (Post-fascists are a symptom,
not the origin of the problem.)

E8: Il est meilleur mathématicien que politique.
(He is a better mathematician than politician.)

Remarks: All data sets contain data that was col-
lected online in the framework of different projects
and by different research teams.

Corpus Nature Balanced
C1 Extremist vs. NonExtremist NON
C2 Hateful vs.NonHateful YES
C3 No classes -
C4 No classes -

Table 1: Characteristics of data sets

C1, C2 corpora have contrasted classes, high-
lighting extremist vs. non-extremist content and
hateful vs. non-hateful content, respectively. C3
and C4 data set are homogeneous, non-contrasted
collections of texts, see tab. 1. Those data sets
have been selected for their potential to convey
emotions, and also for their differences in nature,
size and structure.

5. Comparison of EMOTYC and
EMOTIONS

This section assesses the potential for EMOTYC
and EMOTIONS to agree on emotion annotation
and highlights the differences between their results.

5.1. Experimental design
The experimental protocol adopted to compare
EMOTYC and EMOTIONS consists of defining
three tasks to be performed by the two parsers
and then analyzing the set of emotion annotations
they provided. The tasks are intended to:

• Detecting sentences conveying emotions (T1);

• Detecting behavioral emotions (T2);

• Detecting categories of emotions (T3).

As some emotion categories detected by EMO-
TYC and EMOTIONS do not overlap, a mapping
was established in order to define their correspon-
dences, as shown in tab. 2.

For all tasks of the experimental protocol, anno-
tations provided by EMOTYC and EMOTIONS are
compared with a focus on their disagreements. Fig.
5 presents an overview of the general architecture
of the experiment.

If we consider a1 and a2 as the sets of anchors
annotated by EMOTYC (as the A1 annotator) and
EMOTIONS (as the A2 annotator), then the dis-
agreement of annotators can be captured by the

EMOTYC EMOTIONS
Colère (Anger) Colère (Anger), Déplaisir (Dis-

pleasure)
Autre (Other) Amour (Love), Apaisement

(Alleviation), Audace (Temer-
ity), Désir (Desire), Empathie
(Empathy), Impassibilité
(Impassivity), Humanité (Hu-
manity), Mépris (Contempt),
Ressentiment (Resentment)

Fierté (Pride) Fierté (Pride), Orgueil (Vanity)

Table 2: Mapping of categories detected by EMO-
TYC and EMOTIONS

Figure 5: General architecture for comparison

Recall measure, where the Recall of A2 with re-
spect to A1 is given by:

Recall(A2||A1) =
|a1 ∩ a2|

|a2| (1)

Recall values range from 0, when the intersection
of the two sets of anchors is void, to 1, when the
two ensembles are identical.

The results of experiments are described here-
after.

5.2. Experiments and analysis of results
Experiments were carried out using the data sets
presented in section 4.

Corpus of right-wing extremism (C1):(tab. 3
and 4).

Label Recall(A2||A1) Recall(A1||A2)
Emotional 49.72 46.63

Non Emotional 87.52 89.88
Behavior 60.00 9.37

Table 3: Corpus C1: Results of tasks T1 and T2

Task T1: the two parsers identify a similar num-
ber of emotional sentences, and the results are
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identical for half of them, as the values of Re-
call(A1||A2) and Recall(A2||A1) are very close for
both the detection of emotional and non-emotional
sentences.

Task T2: compared to EMOTYC, EMOTIONS
identifies a limited number of behavioral emotions.
This outcome is aligned with previous findings de-
scribed in (Etienne, 2023), where the authors also
point out that the lexicon used by EMOTIONS has a
limited number of terms related to behavioral emo-
tions.

Label Recall(A2||A1) Recall (A1||A2)
Anger 72.72 12.69

Joy 80.00 28.57
Admiration 0.00 0.00
Sadness 40.00 25.00
Shame 100 50.00

Fear 55.17 55.17
Pride 40.00 100

Surprise 50.00 25.00
Other 1.00 100

Table 4: Corpus C1: Results of task T3

Task 3: Comparison of results for the identifi-
cation of emotions’ categories shows that the two
processors agree well when it comes to the detec-
tion of Fear category. However, there is no agree-
ment between EMOTYC and EMOTIONS on the
detection of Admiration. In-depth analysis of results
indicates that the category is correctly detected by
EMOTIONS. For example, the sentence Gloire à
ceux qui luttent à l’Est ! (Glory to those who fight
in the East!) is correctly annotated as Admiration
by EMOTIONS, although the processor is wrong
when assigning the same annotation to the sen-
tence Nous ne sommes pas un parti politique et
nous estimons que ce sont aux gens qui nous gou-
vernent d’assurer notre sécurité, travail pour lequel
ils sont grassement payés. (We are not a political
party and we believe that it is up to the people who
govern us to ensure that we are safe, a job for which
they are well paid.). For the Admiration category,
EMOTYC performs rather poorly.

Corpus of hate content (C2): (tab. 5 and 6).
Task T1: Values of the Recall indicate a strong

disagreement between EMOTYC and EMOTIONS
on the detection of emotional and non-emotional
sentences. This can be explained by the nature of
the corpus, this data set containing many implicit
emotions.

Task T2: as for the previous corpus, EMOTIONS
detects only a limited number of behavioral emo-
tions, and the agreement with EMOTYC is low.

Task T3: The disagreement levels are signifi-
cant also for the detection of emotion categories.
More specifically, the disagreement on the Anger

Label Recall(A2||A1) Recall (A1||A2)
Emotion 77.43 33.15

NonEmotion 59.81 91.52
Behavior 20.00 5.55

Table 5: Corpus C2: Results of tasks T1 and T2

Label Recall(A2||A1) Recall (A1||A2)
Anger 100 3.76

Joy 50.00 34.61
Admiration 28.57 1.76
Sadness 37.5 6.97
Shame 66.66 33.33

Fear 78.57 50.00
Pride 100 3.33

Surprise 100 11.62
Other 0.90 25.00

Table 6: Corpus C2: Results of task T3

category is strong (for example, 186 sentences
conveying Anger are detected by EMOTYC while
EMOTIONS detects only 7 ones). This can be ex-
plained by the fact that Anger is mostly associated
with the displayed and suggested modes that are
not detected by EMOTIONS. In addition, many sen-
tences annotated as Anger by EMOTYC contain
swearing and insulting words. As those words are
not included in the lexicon used by EMOTIONS, the
sentences are not annotated by the parser, which
also explains the disparity of Anger labels detected
by the two parsers. More specifically, Other is the
emotion category most detected by EMOTIONS
within this corpus, indicating that lexicon-based tool
encounters difficulties in detecting accurately the
categories of emotions in this data set.

Corpus TextToKids (C3): (tab. 7 and 8).
Task T1: For this data set, EMOTYC and EMO-

TIONS demonstrate good agreement on the detec-
tion of non-emotional sentence. In contrast, the
tools show divergent results on the detection of
emotional sentences.

Label Recall(A2||A1) Recall (A1||A2)
Emotional 55.67 36.94

Non Emotional 86.75 94.85
Behavior 53.84 5.88

Table 7: Corpus C3: Results of tasks T1 and T2

Task T2: For this data set, EMOTYC annotates a
large number of behavioral emotions, as the corpus
contains numerous behavior-related expressions,
such as criticizing, having fun and smiling. Those
expressions are specific to journal articles written
for kids, that often contain descriptions and expla-
nations. The behavioral emotions are still difficult to
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Label Recall(A2||A1) Recall (A1||A2)
Anger 73.68 13.72

Joy 87.87 52.00
Admiration 28.00 55.76
Sadness 58.82 13.51
Shame 33.33 6.25

Fear 92.30 41.73
Pride 66.66 25.00

Surprise 100 12.82
Other 0.48 9.09

Table 8: Corpus C3: Results of tasks T3

identify for EMOTIONS on this data set as well, and
thus the tools have a strong disagreement when
performing the task T2.

Task T3: The parsers achieve high agreement
regarding the detection of Joy, as most of the in-
stances detected by EMOTIONS are also detected
by EMOTYC. Similarly, the agreement is also high
for the identification of Fear. As the data set con-
tains stories for kids, Fear and Joy are the most
prevalent emotions in the texts and they are ex-
pressed in a variety of direct and implicit ways,
which can explain the agreement of tools on their
detection.

Corpus C4 (Reddit) (tab. 9 and 10).
Task T1: For this data set, the tools demonstrate

good agreement on detecting non-emotional sen-
tences, although they have a low agreement on the
detection of emotional sentences.

Label Recall(A2||A1) Recall (A1||A2)
Emotional 29.74 20.02

Non Emotional 92.98 91.69
Behavior 33.33 4.10

Table 9: Corpus C4: Results of tasks T1 and T2

Task T2: the results of this task are perfectly
aligned with the results obtained for the previous
corpora: the number of behavioral emotions de-
tected by EMOTIONS is limited, and thus the agree-
ment with EMOTYC is low.

Task T3: The two parsers demonstrate good
agreement on the detection of two categories: Joy
and Fear. They strongly disagree when it comes
to detecting Sadness and Pride. Also, there is a
significant asymmetry in the detection of Anger (for
example as EMOTYC detects 204 sentences con-
veying Anger while EMOTIONS identifies only 30
ones). Anger is highly represented in this corpus,
and the analysis shows that sentences annotated
by EMOTYC with this label show reactions to pre-
vious events, such as It is shocking!, or How dare
you ?.

Other is the most detected emotion category for

Label Recall(A2||A1) Recall (A1||A2)
Anger 50.00 7.35

Joy 75.71 53.00
Admiration 6.66 1.48

Disgust 0.00 0.00
Sadness 16.66 16.47
Shame 57.14 33.33

Fear 55.55 51.47
Pride 7.14 12.5

Surprise 61.90 22.03
Other 0.00 0.00

Table 10: Corpus C4: Results of task T3

EMOTIONS, and the agreement of tools on the
detection of this category is low.

Overall, the experiments show that the nature of
data sets has an impact on the quality of emotion
annotation, as EMOTYC performs better in detect-
ing implicit emotions, while EMOTIONS is accurate
in detecting explicit ones. Moreover, the results
also show that some categories of emotions, such
as the basic ones Fear and Joy, are easier to detect
for both parsers, while complex categories are both
difficult to identify.

6. Conclusion and perspectives

This paper compares EMOTYC and EMOTIONS,
two parsers performing emotion annotation from
texts by using distinct approaches and annotation
schema. The results show that data sets have
an impact on the accuracy of the techniques used
by the tools, and thus affect their agreement. In
general, implicit and, most specifically, behavioral
emotions are difficult to detect for EMOTIONS,
while EMOTYC performs poorly in detecting Admi-
ration. In addition, for all data sets, the tools have
a good agreement in detecting the non-emotional
sentences, while the agreement is lower when it
comes to the detection of emotional ones. Simi-
larly, there is good agreement on detecting basic
emotions, while for complex emotions, the results
show consistent disagreement.

Future research aims at improving the annotation
of emotions from texts by tuning the learning model
used by EMOTYC and enriching the lexicon used
by EMOTIONS. Expanding the data sets to include
more types of corpora and studying the impact of
annotation schema on the results provided by the
tools and their agreement will also be investigated
in the future.

Data availability statement

data sets presented in this article are available for
research purposes upon request.
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For ethical concerns, the results are presented in
a way that avoids reidentification of any URIs and
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Abstract
Lexical acquisition extends beyond the learning of surface-level word forms and encompasses underlying cognitive
characteristics as well as broader processes that involve the learner. Nevertheless, in Japanese, as in many other
languages, word difficulty has been characterized primarily by frequency and surface-level properties. Far less
is known about the cognitive and affective dimensions that influence whether words are easier or more difficult
to process. To address this gap, this study introduces a novel dataset that incorporates six psycholinguistic
dimensions—familiarity, affective valence, arousal, imageability, abstractness, and understandability—collected
through large-scale surveys of Japanese second language learners. Preliminary analyses of responses from 536
participants across 15 countries demonstrated that the dataset is both theoretically coherent and empirically reliable,
consistent with established theories and findings while also yielding new insights into lexical processing. In addition
to supporting more accurate estimations of word difficulty, the dataset provides a resource for future research by
enabling systematic exploration of how lexical processing is shaped through the interaction of visual, affective,
cognitive, and contextual factors.

Keywords: word difficulty, psycholinguistic dimensions, second language acquisition (Japanese), cognitive
and affective processing, lexical dataset

1. Introduction

Empirical evidence has demonstrated that the accu-
rate identification of words constitutes a fundamen-
tal prerequisite for reading comprehension (Duff
et al., 2015; Killingly et al., 2025). Consistent with
this view, interactive models of text comprehension
developed in the 1990s highlighted the dynamic
interplay between bottom-up processes (e.g., word
recognition and other lower-level operations) and
top-down processes (e.g., meaning construction
and the integration of background knowledge) as
essential components of successful reading com-
prehension (Kintsch, 1998; Perfetti, 1999). More-
over, vocabulary coverage not only constrains the
range of thought but also serves as a robust indica-
tor of cognitive ability (Bruce and Bell, 2022). Re-
search with preschool children has further revealed
a significant bidirectional relationship between ex-
ecutive functioning and vocabulary size (Schmitt
et al., 2019). Therefore, vocabulary knowledge en-
tails more than the acquisition of linguistic symbols;
it also supports efficient language processing and
the development of cognitive control (Bransford
et al., 2000; Jucks and Paus, 2012). Consequently,
the capacity to construct meaning from text, as well
as to regulate and adapt to cognitive activity, can be
understood as fundamentally rooted in word-level
processing.

On the other hand, information about word dif-
ficulty contributes to more efficient vocabulary ac-
quisition. However, word difficulty is determined by
multiple factors, including morphological features

(e.g., word length and the number of morphemic
components), semantic features (e.g., polysemy
and domain specificity), exposure-related variables
(e.g., frequency and familiarity), imageability and
concreteness (i.e., the extent to which a word elicits
mental imagery), and psychological factors (e.g.,
affective valence, ease of cognitive processing, and
memory retention). Consequently, the estimation
of word difficulty remains a complex task. In current
linguistic and educational research, the common
practice has been the manual selection of words
assigned to different difficulty levels. Such human
evaluation, however, is labor-intensive and inher-
ently restricted in scale. For this reason, mechani-
cal and quantitative approaches to word difficulty
estimation have become increasingly necessary.
To develop reliable models, it is essential to iden-
tify the key determinants of word difficulty and to
elucidate the magnitude of their contributions.

Among the numerous factors influencing word
difficulty, frequency effect is the most widely rec-
ognized. High-frequently words are typically ac-
quired more rapidly and processed more easily,
whereas low-frequency words are more likely to be
perceived as difficult. Hashimoto and Egbert (2019)
reported a correlation of –0.50 between word fre-
quency and difficulty. Extending this finding, Stew-
art et al. (2022) demonstrated that when a broader
frequency range is examined and a logarithmic
transformation is applied, the correlation strength-
ens to –0.80. Other usage-related factors include
age of acquisition (Hiebert et al., 2019), regularity
(e.g., word bigrams; Ha et al., 2024), and contex-
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tual dependence (e.g., word co-occurrence; Ha
et al., 2024). In contrast, intrinsic word-level proper-
ties include length (Cervetti et al., 2015), polysemy
(Vitta et al., 2023; Canning et al., 2024), and the
knowledge required for comprehension (Yamakawa
and Tajima, 2024). As most of these indicators are
derived from count-based values, their reliability de-
pends heavily on the linguistic resources (corpora)
used.

In addition to quantitative indicators, there are
qualitative indicators that are less dependent on
specific linguistic resources. These include (1)
word familiarity (i.e., the perceived familiarity of
words among language users; Leroy and Kauchak,
2014), (2) image-related semantic properties such
as imageability and concreteness (Kumcu and
Thompson, 2020), and (3) psychological factors
such as affective valence and memory retention
(Barrett, 2017). Unlike corpus-based frequency in-
dicators, these indicators are less susceptible to
textual distribution biases and may therefore offer
a more universal estimation of word difficulty.

Word familiarity With respect to word familiar-
ity, Zheng (2024) estimated word difficulty using
five dimensions of familiarity: “knowing,” “hearing,”
“speaking,” “writing,” and “reading.” In general, famil-
iarity scores tend to be higher for easier words and
lower for more difficult ones. However, the analysis
revealed two atypical categories: “easy but unfamil-
iar words” and “difficult but familiar words.” When
these outliers were removed through anomaly de-
tection, the classification accuracy of beginner-,
intermediate-, and advanced-level words improved
from 0.66 to 0.93. Nevertheless, because the learn-
ing environments of native speakers and second
language (L2) learners differ, there are words for
which familiarity and difficulty do not align across
groups. This discrepancy suggests that familiar-
ity data used in this work may reflect a mixture of
responses from both native speakers and L2 learn-
ers.

Image-related semantic factors With respect
to image-related semantic factors, it is well estab-
lished that words referring to perceptually salient
and highly imageable objects or concepts are re-
called more easily than those associated with less
imageable ones (Marschark and Cornoldi, 1991).
In this context, Kumcu and Thompson (2020) ar-
gued that low-difficulty words are typically more
imageable and concrete, thereby reducing cogni-
tive load and facilitating more accurate recall.

Affective valence and arousal With respect to
affective valence, emotion has been recognized
as a central concept in applied linguistics, playing

a fundamental role in cognition and receiving in-
creasing attention for its role in foreign language
acquisition (Dewaele, 2015). Previous research
has introduced concepts such as “emotionally en-
hanced memory” (Talmi et al., 2007) and “affec-
tive input enhancement” (Truscott, 2015). More-
over, Kanazawa (2021, 2023) demonstrated that
emotion-based processing facilitates the retrieval of
target words. Hashimoto and Egbert (2019) further
incorporated affective valence—an emotional di-
mension associated with word difficulty—alongside
with other lexical variables such as word length and
contextual distinctiveness. However, linguistic re-
sources developed on the basis of native speakers’
responses are not necessarily applicable to foreign
language learners, whose mental lexicons differ
substantially. This discrepancy underscores the im-
portance of developing foreign language-specific
versions of such databases, particularly for subjec-
tive attributes (Kanazawa, 2021).

Taken together, these findings indicate that word
difficulty cannot be explained by a single factor;
rather, it must be evaluated within a broader multidi-
mensional framework that integrates both linguistic
and psycholinguistic factors. The Tool for the Auto-
matic Analysis of Lexical Sophistication (TAALES;
Kyle et al., 2018), developed to assess the diffi-
culty of English words, incorporates more than 400
indicators. Because most of these indicators are
statistical measures, such as frequency, they are
relatively straightforward to interpret; however, they
remain dependent on corpora or dictionary-based
databases. In contrast, lexical properties grounded
in psychological and cognitive factors (e.g., famil-
iarity, imageability, abstractness, and affective va-
lence) capture dimensions of word difficulty that
cannot be fully explained by frequency-based statis-
tics alone.

To address these limitations, this study con-
structed a dataset for learners of Japanese as a
second language with the aim of enabling more
precise estimation of word difficulty. The dataset in-
corporates six psycholinguistic features—familiarity,
affective, arousal, imageability, abstractness, and
understandability—thereby capturing the cognitive
complexity of lexical processing from multiple per-
spectives.

The remainder is structured as follows. Sec-
tion 2 describes the procedures used to develop
the dataset. Section 3 presents the data structure
both quantitatively and visually. Section 4 evalu-
ates the effectiveness of the dataset in estimating
word difficulty and reports benchmark experiments.
Finally, Section 5 concludes with a summary.
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2. Data Collection

2.1. Selection of Target Words
The objective of this study was to construct a com-
prehensive and reliable dataset for the evaluation
of word difficulty. As discussed in the preceding
sections, word difficulty is a multidimensional con-
struct shaped by diverse linguistic, cognitive, and
psychological factors. Accordingly, the availabil-
ity of highly reliable word difficulty information of
paramount importance for both dataset develop-
ment and subsequent analyses.

For this purpose, the words included in the
Japanese Language Learner’s Dictionary were se-
lected as the targeted words (Sunakawa et al.,
2012). This dictionary contains 17,920 entry words
derived from two major lexical resources: (1) a lex-
ical survey of the Balanced Corpus of Contempo-
rary Written Japanese (BCCWJ)—a corpus specif-
ically designed to capture the overall characteris-
tics of contemporary written Japanese and cur-
rently the only available balanced corpus of the
language—and (2) a corpus of Japanese language
textbooks, comprising electronic data from 100
commercially available textbooks ranging from be-
ginner to advanced levels (unpublished resource).
The adoption of this dictionary as the basis for tar-
get word selection provides distinct advantages.
Because its vocabulary was systematically sam-
pled from both a balanced national corpus and ped-
agogical materials spanning all proficiency levels,
the resulting word list ensures broad representative-
ness across genres and registers while maintain-
ing direct applicability to second-language learning
contexts.

In detail, each entry in the dictionary is anno-
tated with multiple layers of information, including
standardized orthographic form, spelling, difficulty
level, part of speech (POS), and word type (i.e., na-
tive Japanese words, Sino-Japanese words, loan-
words, and hybrid formations). The difficulty of
each entry word was classified into six different
levels—lower/upper elementary, lower/upper inter-
mediate, and lower/upper advanced—based on
the subjective judgment of experienced Japanese
language teachers. Representative examples are
provided in Table 1.

2.2. Survey Design
For each word, the survey items were presented
as illustrated in Figure 1. Note that the question-
naire itself was presented in Japanese. Because
Japanese includes homographs with different pro-
nunciations, which may influence perceived diffi-
culty, the stimuli were presented in the form of “word
+ reading.” Participants were asked to evaluate their
cognitive and affective impressions of the given

word from two perspectives:

1. Familiarity This item assessed the degree
of familiarity with the target word. Participants
rated their familiarity degree across four us-
age contexts—writing, reading, speaking, and
listening—as well as their overall impression
(four items in total). Responses were provided
on a seven-point Likert scale ranging from Not
at all to Strongly think so.

2. Meaning and Image This item elicited sub-
jective evaluations of the semantic and psycho-
logical properties of the target word. Specifi-
cally, participants rated five aspects: Negativ-
ity (affective valence: pleasant—unpleasant),
Calmness (arousal: calming—exciting), Ease
of evoking an image (imageability: ease of elic-
iting a mental representation), Abstractness
(degree of conceptual difficulty), and Ease of
understanding (understandability: perceived
difficulty of learning). These responses were
also recorded on a seven-point Likert scale.

Figure 1: Survey items (translated). The question-
naire itself was presented in Japanese.

In this survey, participants were presented with a
set of seven words, and two sets (14 words in total)
were administered. These words were randomly
selected from the vocabulary list of the applied dic-
tionary, with the design ensuring representation
from all six levels of word difficulty. Because the
task did not involve correct or incorrect answers,
participants’ intuitive judgments were prioritized.
To assess response reliability, two words were du-
plicated across the sets, requiring participants to
evaluate the same item twice. To minimize mem-
ory and order effects, the duplicated words were
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Standardized orthographic form Spelling Difficulty level POS Word type
秋祭り (autumn festival) アキマツリ upper intermediate noun native Japanese word
愛好 (fondness/enthusiasm) アイコウ lower advanced noun Sino-Japanese word
アイス (ice cream) アイス lower elementary noun loanword
空き缶 (empty can) アキカン lower intermediate noun hybrid word

Table 1: Representative examples of target words selected from the Japanese Language Learner’s
Dictionary.

inserted at fixed intervals. The presentation se-
quence followed the format: A (5 words) → C (2
words) → B (5 words) → C (2 words). In addi-
tion, demographic information regarding gender,
age, nationality, and learning level was collected
at the end of the questionnaire. For learning level,
five categories ranging from beginner to advanced
were provided, each accompanied by explanatory
descriptions to facilitate accurate self-assessment.
The question was phrased as follows:

Please indicate your level of Japanese (select
the one that is closest to your level).

• Beginner (able to engage in simple greetings
and self-introductions)

• Upper Beginner (able to conduct basic conver-
sations, e.g., hobbies, schedules)

• Intermediate (able to understand slow-paced
conversations and simple texts)

• Upper Intermediate (able to understand mod-
erately complex conversations and texts, and
to use Japanese in both daily life and work
contexts)

• Advanced (able to understand newspapers,
news, and specialized content, and to speak
naturally)

2.3. Survey Administration and
Screening

The questionnaire was developed using Qualtrics
and administered online via URL or QR code. The
study received ethical approval from the Ethics Re-
view Committee of university (approval no. NUHM-
25-17). All participants provided informed consent
online prior to the start of the survey. In Japan,
cooperation was requested from Nagoya Univer-
sity as well as 202 Japanese language schools na-
tionwide. In China, collaboration was sought from
Peking University, Jinan University, Capital Normal
University, Dalian University of Foreign Languages,
and Shanghai International Studies University. In
addition, participation was solicited through social
media platforms such as Facebook.

The survey began in Augest 2025 and is currently
ongoing. The estimated completion time was ap-
proximately 10–18 minutes. At the start of the sur-
vey, participants were presented with an informed

consent form describing the study, and responses
were recorded only after consent was provided. As
compensation, participants who submitted valid re-
sponses received an electronic gift card valued at
300 yen (15 RMB in China). To increase sample
size, multiple submissions from the same partici-
pant were permitted, with a maximum of ten entries.

To ensure the validity of responses, entries with
missing values were first excluded. Subsequently,
for each participant, the ratings provided for the two
duplicated words were compared. The Likert-scale
responses, ranging from “Not at all” to “Strongly
think so”, were converted into numerical values on
a 0–6 scale. Response consistency was then evalu-
ated using two measures: the mean absolute error
(MAE) and the exact agreement rate (Agree). The
Agree index is easy to interpret; however, because
the agreement rate disregards directionality, it does
not differentiate between minor discrepancies (e.g.,
±1) and major discrepancies (e.g., ±3 or more).
Therefore, it was employed in combination with
MAE, which captures the magnitude continuous
error.

For each duplicated word i = 1, 2, numerical eval-
uations of the items j = 1, . . . , 10 are denoted as
aij (first rating) and bij (second rating). Items with
missing values are excluded from the calculation.

Mean Absolute Error (MAE)

MAEi =
1

10

10∑

j=1

|aij − bij | (1)

The range is 0–6, where values closer to 0 indicate
higher consistency between the two ratings.

Exact Agreement Rate

Agreei =
1

10

10∑

j=1

1(aij = bij) (2)

The range is 0–1, where 1 indicates perfect agree-
ment across all items.

Furthermore, the mean values of MAE and agree-
ment across the two duplicated words were calcu-
lated. Because human decision-making inherently
involves uncertainty, it cannot be assumed that the
two ratings for duplicated words would consistently
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coincide. This uncertainty is considered to stem pri-
marily from two sources. First, due to limitations in
the information and computational resources avail-
able to individuals, “bounded rationality” emerges
(Simon, 1955, 1972). In other words, individuals
are unable to analyze situations in a fully rational
and exhaustive manner, and instead rely on ap-
proximate judgments within the constraints of their
cognitive resources. Second, cognitive processes
such as perception, memory, and reasoning are
inevitably subject to “information-processing noise”
(Faisal et al., 2008; Kahneman et al., 2021), which
introduces variability into judgments even under
identical conditions. Through the interaction of
these two factors, human decision-making is in-
trinsically variable. The thresholds were then es-
tablised as follows.

• High reliability: MAE ≤ 1.0 (average de-
viation within one scale point) and Agree ≥
0.70 (perfect agreement in more than 70% of
cases).

• Review required (gray zone): 1.0 < MAE ≤
2.0 or 0.20 ≤ Agree < 0.70.

• Low reliability: Otherwise.

3. Data Structure and Statistical
Processing

3.1. Data Structure
Valid responses were obtained from 536 partici-
pants across 15 countries: China, South Korea, the
Philippines, Myanmar, France, the United States,
Vietnam, Malaysia, Thailand, Mongolia, Australia,
Turkey, the United Kingdom, India, and Bangladesh.
Of these, 273 responses (51%) were classified as
high reliability, while 263 responses (49%) were
classified as requiring further review.

Figure 2 illustrates the distributions of MAE and
agreement, calculated from the two ratings for du-
plicated words and their averages. The histograms
depict the frequency distributions of the two indices,
while the overlaid kernel density estimation (KDE)
curves highlight their distributional tendencies and
modal peaks. The MAE exhibited a right-skewed
distribution, with most cases concentrated below
1.0, indicating relatively small discrepancies be-
tween responses for duplicated words. By con-
trast, agreement displayed a bimodal distribution
with peaks around 0.6 and 0.8, with a pronounced
concentration near 0.8, suggesting that response
consistency was generally high.

Moreover, after excluding outliers, the mean re-
sponse time was 727.77 seconds, which fell within
the expected range identified in the pilot study
(600–1080 seconds). These findings indicate that

Figure 2: Distributions of MAE and agreement for
duplicated words and their averages.

Learning level Frequency Rate
Intermediate 214 0.40
Upper Intermediate 147 0.27
Advanced 139 0.26
Upper Beginner 33 0.06
Beginner 3 0.01

Table 2: Distribution of participants’ proficiency
levels

the survey was conducted in a formally appropriate
manner, with most participants devoting a reason-
able amount of time to their responses. These re-
sults provide strong evidence supporting the overall
reliability of the survey data.

Participants’ ages ranged from 18 to 42 years,
with a mean of 25 years and a standard deviation
of 4.28. Regarding gender, 329 participants were
female (61.38%), 205 were male (38.24%), and
two identified otherwise. Self-assessed Japanese
proficiency levels are summarized in Table 2. The
largest group was Intermediate, comprising approx-
imately 40% of the sample (214 participants), fol-
lowed by Upper Intermediate at 27% (147 partic-
ipants) and Advanced at 26% (139 participants).
Overall, the majority of respondents (93%) fell be-
tween the intermediate and advanced levels, sug-
gesting that most participants had already attained
a relatively high level of Japanese proficiency.

3.2. Statistical Processing
Each valid response included 14 words, yielding a
total of 7,504 word instances. However, because
some words were rated by multiple responses, the
final dataset contained 1,229 unique words. To en-
hance generalizability, it was desirable to collect as
many responses as possible for each word. There-
fore, in the present study, only words with at least
five responses (N = 556) were retained for dataset
evaluation.

The collected data were subject to potential bi-
ases stemming from both word-specific character-
istics (e.g., abstractness) and respondent-specific
tendencies (e.g., a general inclination to assign
higher ratings). To address these sources of varia-
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tion, ratings were estimated using a Bayesian Lin-
ear Mixed Model (BLMM), in which word-specific
effects and participant-specific effects were incor-
porated as random effects.

The estimation was performed across ten dimen-
sions: five related to familiarity (writing, reading,
speaking, listening, and overall impression) and
five related to meaning and image (negativity, calm-
ness, imageability, abstractness, and understand-
ability). All ratings were originally collected on a
seven-point Likert scale (Not at all – Strongly think
so) and were treated as continuous values ranging
from 0 to 6.

Let y(k)ij denote the rating given by participant j to
word i on dimension k. The model was formalized
as follows:

y
(k)
ij ∼ StudentT(ν, µij , σ), (3)

µij = α+ γ
(i)
word + γ

(j)
subj. (4)

γ
(i)
word ∼ N (µword, σword), γ

(j)
subj ∼ N (µsubj, σsubj).

(5)
Here, α represents the overall mean, γ(i)

word de-
notes the word-specific effect, and γ

(j)
subj denotes

the participant-specific effect. These random ef-
fects were assumed to follow hierarchical normal
distributions. In addition, a Student-t distribution
was employed for the observation noise rather than
a normal distribution, allowing for more robust esti-
mation in the presence of outliers.

Parameter estimation was carried out using the
No-U-Turn Sampler (NUTS). For each chain, 2,000
samples were drawn from the posterior distribu-
tion, with 1,000 iterations used for warm-up (tun-
ing). Four independent chains were run in parallel,
yielding a total of 8,000 samples. The target accep-
tance rate was set to 0.9 to suppress divergences
and ensure stable convergence. Furthermore, the
response variables were standardized (mean = 0,
standard deviation = 1) to improve the stability of
model estimation. As a result, the Gelman–Rubin
convergence diagnostic statistic R̂ was 1.0 for all
parameters, confirming that all models successfully
converged.

The estimation results are shown in Figure 3.
The magnitudes of variation across words and
across participants were represented by the stan-
dard deviations σword and σsubj, respectively. The
results indicated that the posterior means of both
σword and σsubj deviated from zero. Moreover, al-
though some variability was observed in the ratings
of individual words, differences in response ten-
dencies across participants contributed more sub-
stantially. In other words, in the present dataset,
individual differences among participants exerted

a stronger influence on the ratings than did the
inherent characteristics of the words themselves.

Figure 3: Estimated standard deviations of word
and participant effects with posterior means and
95% credible intervals.

4. Evaluation and Benchmarking

Although the dataset is still under construction, this
section sketches potential evaluation frameworks
and benchmark experiments. Figure 4 illustrates
the distribution of predicted mean scores across
ten dimensions (Writing, Reading, Speaking, Lis-
tening, Overall, Negativity, Calmness, Imageability,
Abstractness, and Understandability), with max-
min normalization applied to constrain the data to
the range of -3 and 3. Figure 5 presents a heatmap
of the correlation matrix among the predicted mean
scores for these dimensions. Based on the correla-
tion structure in Figure 5, four distinct clusters were
identified.

Interrelation of language skills The four lan-
guage skills—writing, reading, speaking, and
listening—showed very strong intercorrelations
(0.81–0.90). Each skill was also highly correlated
with Overall (0.89–0.94). This findings are consis-
tent with previous research in second language
acquisition and language assessment, which have
emphasized the interdependent development of
the four skills (Quinn et al., 2015; Zheng, 2024).
The findings further confirmed, both statistically
and conceptually, that Overall functions as an inte-
grated index of the four core language skills.

Semantic properties and affective valence Ab-
stractness was negatively correlated with both Im-
ageability (–0.28) and Understandability (–0.17),
while showing a positive correlation with Negativity
(+0.22). This pattern suggests that abstract, less
comprehensible, and less imageable words are
more likely to be associated with negative affect.

Kousta et al. (2010) and Vigliocco et al. (2013)
reported that abstract words are more strongly as-
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sociated with affective dimensions such as valence
and arousal than concrete words. This finding sug-
gests that abstract words, which are difficult to visu-
alize and require context-dependent interpretation,
tend to evoke negative emotions in learners due
to this dual processing burden. At the same time,
it reflects the possibility that abstract words rein-
force their meanings through the mediation of neg-
ative affect (Ponari et al., 2018). Taken together,
these results support the view that affective va-
lence is not merely ancillary but instead consti-
tutes a critical factor that interacts with the abstract-
ness—concreteness dimension in shaping cogni-
tive processing. Thus, the observed correlation
structure appropriately captures the intersection
between semantic properties (abstract—concrete)
and affective valence (negative—positive).

Understandability and imageability A strong
positive correlation (0.76) was observed between
Understandability and Imageability. This suggested
that the semantic processing of words is reinforced
through visual and sensory imagery, consistent
with the psycholinguistic perspective that semantic
representations are grounded in sensorimotor ex-
perience (Barsalou, 2008), a framework commonly
referred as grounded cognition. Moreover, Under-
standability was highly correlated with each of the
four language skills and with Overall (0.66–0.73),
whereas Imageability showed moderate correla-
tions with the skills and Overall (0.53–0.60). These
results indicate that ease of processing—whether in
terms of comprehension or imageability—is closely
associated with language proficiency.

In summary, these results not only support es-
tablished theories of lexical processing but also
strengthen the validity of the present survey data.

Additionally, as a supplement to the correlations
presented in Figure 5 and the identified four clus-
ters, Figure 6 presents pairwise scatter plots among
Overall, Negativity, Imageability, and Understand-
ability. The scatter plots indicate that Overall pro-
ficiency is strongly predicted by both Imageabil-
ity and Understandability, underscoring the cen-
tral role of cognitive processing dimensions in lexi-
cal access. By contrast, Negativity exhibited only
a weak negative correlation with Overall and no
meaningful relationship with Imageability or Under-
standability, suggesting that affective valence con-
stitutes a distinct psychological dimension. This
pattern is consistent with psycholinguistic accounts
in which abstract negative words rely on affective
content to strengthen their semantic representation,
while emotional load operates independently of cog-
nitive processing efficiency. Taken together, these
findings support the view that lexical processing
can be conceived as a dual-route system, compris-
ing a cognitive pathway and an affective pathway

(Ferré et al., 2025; Kuperman et al., 2014; Palazova
et al., 2013).

5. Conclusion

Japanese, often regarded as one of the most com-
plex and difficult languages to acquire, remains
insufficiently understood with respect to the fac-
tors that influence word difficulty and their relative
contributions. Previous research has largely relied
on corpus-based statistical measures, leaving a
critical gap in data that directly capture the cogni-
tive complexity underlying lexical processing. To
address this limitation, the present study focused
on six psycholinguistic dimensions—familiarity, af-
fective, arousal, imageability, abstractness, and
understandability—and developed a novel dataset
through empirical surveys. Although data collec-
tion is still ongoing, preliminary quantitative evalua-
tions have demonstrated the validity of the dataset,
showing consistency with established theoretical
frameworks and with findings from previous stud-
ies.

Word difficulty is not confined to surface-level
lexical properties; it is also shaped by contextual
factors, sociocultural influences, cognitive process-
ing costs, and affective dimensions. Moreover,
these factors do not operate independently but in-
stead interact in complex ways to influence lexical
processing. Many aspects of this process remain
theoretically and empirically unexplained. Accord-
ingly, the dataset constructed in this study not only
contributes to word difficulty estimation but also
provides a foundation for elucidating the interrela-
tionships and interactions among its contributing
factors.

Future research should address two important
limitations of the present study. First, because
the dataset is based on subjective metalinguistic
ratings, the findings should be interpreted as re-
flecting learners’ perceived lexical difficulty rather
than objective processing difficulty. Further work
should therefore examine how these metacognitive
judgments relate to behavioral measures such as
reaction time, recall, and eye-tracking. Second,
the absence of a paired cross-linguistic dataset
prevents direct evaluation of whether the ob-
served psycholinguistic dimensions are language-
universal or language-specific. Constructing com-
parable datasets across languages would help clar-
ify which determinants of lexical difficulty generalize
across linguistic contexts and which are shaped by
language-specific properties.

Ethical Considerations

This study involved human participants who pro-
vided subjective ratings of related psycholinguistic
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Figure 4: Distribution of predicted mean scores across ten dimensions (Writing, Reading, Speaking,
Listening, Overall, Negativity, Calmness, Imageability, Abstractness, and Understandability). Each
histogram depicts the density of predicted scores with an overlaid kernel density estimate (red line). The
skewness (skew), kurtosis (kurt), and mean values are reported for each dimension.

Figure 5: Correlation matrix of predicted mean
scores across ten dimensions (Writing, Reading,
Speaking, Listening, Overall, Negativity, Calmness,
Imageability, Abstractness, and Understandability).

properties. All participants gave informed consent
prior to participation. The study protocol was re-
viewed and approved by the institutional ethics com-
mittee of Nagoya University.

While the dataset may be made publicly avail-
able for research purposes, all shared data will be
fully anonymized and distributed under terms that
restrict re-identification and misuse.

Figure 6: Pairwise scatter plots with regression
lines among four dimensions (Overall, Negativity,
Imageability, and Understandability).
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Abstract
Critical analyses of emotion recognition technology have raised ethical concerns around task validity and potential
downstream impacts, urging researchers to ensure alignment between their stated motivations and practice. However,
these discussions have not adequately influenced or drawn from research on speech emotion recognition (SER). We
address this gap by conducting a systematic survey of SER research to uncover what stated motivations drive this
work and if they align with the datasets and emotions studied. We find that while SER research identifies appealing
goals—such as well-situated voice-activated systems or healthcare applications—commonly-used datasets do not
reflect these proposed deployment contexts, thus presenting a gap between motivations and research practices.
We argue that such gaps engender ethical concerns, and that SER research should reassert itself with concrete
use-cases to prevent misinterpretations, misuse, and downstream harms.

Keywords: emotion recognition, critical survey, ethics

1. Introduction

Emotion AI, including the detection of human emo-
tions from video, image, audio, or text data using
machine learning (ML) methods, has become a
popular research area with increasing commercial-
ization in a broad range of applications (McStay,
2018). The growing adoption of this technology
has raised concerns around its development and
use. Researchers have questioned the overall task
validity, e.g., the premise of using someone’s outer
appearance to infer inner character or state, par-
ticularly given the lack of consensus on how to
define emotions among psychologists (McStay and
Pavliscak, 2019; Stark and Hoey, 2021). Empirical
qualitative studies have demonstrated that people
view emotion AI as invasive and privacy-violating
(Andalibi and Buss, 2020; Pyle et al., 2024), and its
use in contexts like workplaces or hiring processes
create emotional labor with little perceived benefit
for those subjected to it (Roemmich et al., 2023;
Pyle et al., 2024). Importantly, concerns raised are
often specific to emotion AI, rather than technology
more generally (Pyle et al., 2024).

To date, this work has had limited engagement
with the abundance of research on Speech Emo-
tion Recognition (SER). Research on task validity
(Jacobs and Wallach, 2021) and ethics have fo-
cused on facial recognition or broadly construed
AI systems where underlying data and models are
unspecified (Domnich and Anbarjafari, 2021; Pyle
et al., 2024; Roemmich et al., 2023; Karizat et al.,
2024). While some studies have questioned the
ethics and validity of SER (Katirai, 2023; Hartmann
et al., 2024; Morozov, 2014; Testa et al., 2023;
Juslin et al., 2005), no prior work has conducted a

systematic investigation of SER research practices.
In this work, we follow the suggestion proposed

by Stark and Hoey (2021) that “[d]esigners and de-
velopers should think twice before embarking on
emotion AI projects” and we investigate to what
extent SER research meets their proposed “neces-
sary though not sufficient condition” that projects
have “clear alignment between conceptual models,
data, norms, and aims”. We formalize our study
into three research questions: (1) What do SER
researchers state as their motivations? (2) What
purposes do popular datasets support? (3) Do
datasets align with stated motivations?

RQ1 focuses on why researchers work on SER,
while RQ2 focuses on how. RQ3 assesses the
alignment between the why and how. We investi-
gate these questions by conducting a systematic
survey of 88 SER research papers, which we manu-
ally coded for stated motivations, specific emotions
studied, and datasets used. We ultimately find a
substantial gap between stated motivations and ex-
perimental setups, and we propose ways to reduce
this gap by seeking suitable datasets or pursuing
different motivations. Our work encourages future
researchers to “think twice” about SER projects,
and to seek alignment between objectives, re-
search practices, and potential implications, rather
than viewing SER as an isolated research task.

2. Methodology

Our work uses similar systemic survey methodol-
ogy as previous studies that reflect on practices in
speech processing research and related disciplines
(Blodgett et al., 2020; Field et al., 2021; Birhane
et al., 2022; Raff et al., 2023). First, we queried Se-
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mantic Scholar for papers containing search terms
“speech” and “emotion” and {“recognition”, “clas-
sification”, “data”, or “database”} in their title or
abstract, collecting a total of 7,486 after filtering
out papers without publication venue information.
Of the initial sample, we kept only those published
in popular archival speech, natural language pro-
cessing, or ML venues, which we determined by
manually reviewing venues with the most papers
in the initial sample,1 resulting in 959 papers.

We then randomly sampled 108 (stratified by
publication year and venue) for in-depth manual
analysis.

We used a standard inductive coding procedure
to label the sampled 108 papers. First, three au-
thors independently coded a set of 10 papers each
(30 papers total), where each author first deter-
mined if the paper consisted of SER. Then, each
author labeled the paper’s stated motivations, spe-
cific emotions investigated, and data sets used in
experiments or analysis.2 In labeling stated moti-
vations, annotators also quoted the exact text from
the paper describing these motivations. The an-
notators then discussed the labeling scheme and
finalized a set of frequently-stated motivations for
which to code. Annotators then re-coded the ini-
tial 30 documents under the revised scheme, and
then each independently coded an additional set
of 10 documents to ensure mutual understanding
of the coding scheme. The remainder of the data
was then singly coded. Finally, the annotators re-
convened and discussed further revisions to the
scheme, specifically adding categories of motiva-
tions that were found in the larger data sample
and re-coded the data under the revised scheme.
Throughout this process, we removed 20 papers
whose primary focus was not SER (e.g., papers
that focused on depression detection, speech gen-
eration, speech representation, etc.), leaving a final
set of 88 papers. The final set primarily consists of
papers published in speech venues (Interspeech:
50 papers, ICASSP: 18, ASRU: 1, SLT: 2, Speech
Communication: 4), as well as 9 papers from IEEE
Transactions on Affective Computing. The final cod-
ing for all 88 papers is in Table 5 in the Appendix.

3. Results

1ICASSP; ASRU; SLT; Interspeech; NeurIPS; ICLR;
ICML; AAAI; IEEE/ACM Transactions on Audio, Speech,
and Language Processing; IEEE Open Journal of Signal
Processing; IEEE Journal of Selected Topics in Signal
Processing; Computer Speech & Language; Speech
Communication; IEEE Transactions on Affective Com-
puting; JMLR; ACL

2We also initially coded acknowledged funding
sources, but found they were too sparse to analyze in
aggregate.

Responsive bots: other HCI systems 42.05%
Responsive bots: voice assistants 12.50%
Responsive bots: car voice assistants 6.82%
Healthcare (mental health) 18.18%
Call screening 17.05%
Video games, toys, entertainment 13.64%
Education 9.09%
Paralinguistics / behavioral studies 6.82%
Social companion bots 4.55%
Lie detection 3.41%
Prior work 27.27%
Other 14.77%

Table 1: Percent of manually coded papers that ref-
erence each motivation. Motivations are grouped
thematically. Percents do not add to 100 as papers
often reference multiple motivations.

What do SER researchers state as their motiva-
tions? Table 1 presents the 12 stated motivations
identified in our coding scheme with examples for
each label in Appendix A. The most common moti-
vation was enabling human-computer interaction
systems to respond more naturally and effectively
(“Responsive bots”), which we subdivide into “voice
assistants”, “car voice assistants”, and “other HCI
systems” (typically unspecified systems). Other
common motivations focused on specific deploy-
ment contexts, including healthcare (almost always
mental health), 911 or customer service calls, edu-
cation, and entertainment. Less common motiva-
tions included social companion bots and studies
of human behavior or paralinguistics. While most
studies include motivations drawn from prior SER
work, in data coding, we use the label “Prior work” to
indicate that the paper drew motivation exclusively
from prior SER research without without specify-
ing how they expect this technology to be used.
We also identified some papers with “Other” mo-
tivations. In practice, this label typically indicates
that the paper includes a long list of applications,
without depth of focus on any one. In Figure 1 we
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Figure 1: Percent of papers in each time window
that reference each motivation. The number of pa-
pers in each time window are [16, 14, 58] respec-
tively. We drop infrequent motivations for readabil-
ity.

additionally report shifts over time. While “Respon-
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Dataset % Pa-
pers

Acted/Spont. Emotions

IEMOCAP 40.91% Acted (natu-
ralistic)

Angry, Neutral, Sad,
Happy, Fearful, Sur-
prised, Frustrated, Ex-
cited, Valence/Sentiment,
Arousal/Activation, Domi-
nance

EMO-DB 17.05% Acted Angry, Neutral, Happy,
Fearful, Disgusted, Anx-
ious, Bored

RAVDESS 9.09% Acted Produced at both normal
& strong intensities: An-
gry, Neutral,Sad, Happy,
Fearful, Surprised, Dis-
gusted, Calm

SUSAS 6.82% Both Stressed
MSP-
Improv

6.82% Acted (natu-
ralistic)

Angry, Neutral, Sad,
Happy

RECOLA 6.82% Spontaneous Valence/Sentiment,
Arousal/Activation,
Social behaviors rated as
either positive or nega-
tive: Agreement, Domi-
nance, Engagement, Per-
formance, Rapport

Exclusive 35.23% Paper exclusively used
data in the top 6

Custom 22.73% Paper custom-collected
data

Other 45.45% Paper used data not in
the top 6

Table 2: Datasets used in our analysis corpus ≥ 5
times. We provide mode of collection and emotions
labels for each dataset for reference. Categorical la-
bels from Basic Emotion Theory are in violet. Axes
from dimensional theories are in teal.

sive bots” has consistently been a motivating appli-
cation, “Call screening” and “Entertainment” have
declined from 2000-2015 papers to 2016-2024 pa-
pers in our sample.

What purposes do popular datasets support?
In Table 2, we identify “popular” datasets as ones
used by at least five papers: IEMOCAP (Busso
et al., 2008), EMO-DB (Burkhardt et al., 2005),
RAVDESS (Livingstone and Russo, 2018), SUSAS
(Hansen et al., 1997), MSP-Improv (Busso et al.,
2017), and RECOLA (Ringeval et al., 2013). These
six datasets support the majority of research in our
corpus: 63.64% of papers use at least one of them,
and 35.23% exclusively use them. Of the six popu-
lar datasets, four (IEMOCAP, EMO-DB, RAVDESS,
MSP-Improv) consist of acted emotions and two
(SUSAS, RECOLA) consist of emotions captured in
spontaneous speech, which encourage vastly differ-
ent use-cases. For example, SUSAS was created
to study speech under different stressful situations,
such as operating a helicopter or being subject to
psychiatric analysis. In contrast, MSP-Improv was
recorded in a laboratory environment by student
actors. Furthermore, the datasets are often labeled
or validated by annotators who are distinct from the
speakers. While SER is often framed as identifying
speakers’ true emotions, as would be necessary
to support use-cases like call screening or mental

Angry 76.14% Surprised 19.32%
Neutral 72.73% Boredom 14.77%
Sad 67.05% Joy 9.09%
Happy 65.91% Stressed 7.95%
Fearful 30.68% Calm 6.82%
Disgusted 27.27% Dominance 5.68%
Valence/Sentiment 22.73% Frustrated 3.41%
Arousal/Activation 20.45% Excited 2.27%
Other/Unspecified 21.59%

Table 3: Percent of papers that use each emotion
label, ordered by frequency. Color-coding is as
Table 2.
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Figure 2: Percent of papers in each time window
that use the specified dataset in their experiments.

health support, a more accurate characterization
of datasets annotated this way would be identifying
how third parties perceive speakers’ emotions.

Further, our analysis of the specific emotions
studied in each paper reveals that papers use these
datasets selectively (Table 3). Papers study angry,
neutral, sad, and happy twice as often as other
emotions, even though datasets support other la-
bels, and there is no clear indication that these
emotions would better suit the motivations in Ta-
ble 1. IEMOCAP exemplifies this selective use.
Almost all (> 90%) of papers that use IEMOCAP
use categorical labels, but far fewer (2-20%) use
dimensional labels. Even within these categories
usage is not consistent. While 19.44% of IEMO-
CAP papers use Valence/Sentiment labels, only
2.78% use Dominance.

Curiously, we find that dataset usage varies over
time (Figure 2). One notable trend is the decline
in data that was custom-collected for the specific
paper, which are sometimes, but not always, more
directly constructed to support the motivating task.
Although 22.73% of the papers in our sample use
custom-built datasets overall (Table 2), they are far
more common in pre-2016 papers than 2016-2024
papers. Use of SUSAS has also declined, in con-
trast to IEMOCAP which accounts for almost 60%
all data used in 2016-2024. The shifts in dataset
usage are generally inconsistent with the shifts in
motivations shown in Figure 1. For instance, there
is no corresponding rise in interest for a use case
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particularly suited to IEMOCAP that would justify
its increased popularity in 2016-2024 as compared
to 2008-2015 (IEMOCAP was released in 2008).

Do datasets align with stated motivations? In
Figure 3, we display the mapping between the most
common stated motivations and the six popular
datasets, showing a notable lack of pattern. De-
spite the widely divergent downstream applications,
at least one paper with every stated motivation used
IEMOCAP. Similarly, although responsive bots or
better human-computer interaction has been a per-
sistent motivation for SER (Figure 1), none of the
popular data sets were constructed for this appli-
cation (Table 2), yet they continue to be used for
it (Figure 3). Datasets with acted emotions are of-
ten used for applications intended for spontaneous
speech, yet research has shown that spontaneous
emotional expressions differ in various ways from
acted expressions (Juslin et al., 2018). Further-
more, most datasets are collected from sponta-
neous or acted human-human interactions but are
frequently used to advance human-computer inter-
action, even though people express themselves
differently and more subtly when interacting with
chatbots (Kovacevic et al., 2024), resulting in a
significant domain mismatch.

Quantitative metrics of specific datasets and mo-
tivations yield similar mismatches. For example,
16 papers exclusively use IEMOCAP, but only 2
of them state Entertainment as a motivation, even
though IEMOCAP’s data collection protocol involv-
ing scripted and improvised acted speech is most
similar to entertainment applications like movies
and video games where speech is similarly acted.
On the other hand, 16 papers listed Healthcare
as a motivation, an application which requires un-
covering a speakers true emotional state. While 3
of those papers exclusively use custom-collected
data, and 2 papers evaluate over SUSAS (which
was designed to capture simulated and actual
stress), the remaining 11 papers all evaluate over
almost entirely acted speech (e.g., 1 paper uses
ASVP-ESD (Landry et al., 2020), which is more
spontaneous).

4. Discussion

While these results identify a mismatch between
stated motivations and underlying datasets, re-
search and deployment are not necessarily ex-
pected to be identical. Strong popularity of a small
number of datasets, such as frequent use of IEMO-
CAP in recent years, potentially reflects increasing
standardization in evaluation setups, e.g., using
established benchmark datasets facilitates publica-
tion by enabling direct comparison with prior work.
Standardization of tasks has typically been con-

Figure 3: Mapping between most common stated
motivations and datasets.

structive for accelerating progress. However, sev-
eral characteristics of emotion prediction make the
mismatch between stated motivations and empir-
ical data problematic. We first discuss why this
mismatch is potentially harmful and then offer av-
enues for reducing it.

Does the mismatch between data and motiva-
tions cause harm? First, there is substantial in-
terest in deploying emotion recognition technology
in decision-making contexts where misclassifica-
tion can have harmful consequences. In their analy-
sis of patent applications for uses of emotion recog-
nition technology in workplace settings, Boyd and
Andalibi (2023) find that many patent applications
treat outputs of their technology as ground-truth
representations of internal states that can inform
consequential decisions like hiring, firing, and call-
ing law enforcement. SER systems have been
shown to generalize poorly across datasets, even
ones collected in similar ways (e.g., acted speech in
laboratory settings) (Rí et al., 2023). There is also
a fundamental difference between a person’s true
internal state and the emotions that an independent
observer attributes to them, yet independent anno-
tation to label or validate collected data is standard
practice. The implication that a system designed
and evaluated over a particular dataset could be
useful in a mismatched downstream application
can lead to harmful errors.

Additionally, people consider emotions private
(McStay, 2020; Pyle et al., 2024), and even well-
intentioned motivations are not necessarily well-
received by people subject to this technology. In
a survey of the attitudes of help seekers towards
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predictive tools for mental health risks, only about
half of the respondents (49%) were in favor of us-
ing risk prediction (Mantell et al., 2021), and similar
concerns about the use of AI emotion in education
exist (Stark and Hoey, 2021). Because of the sen-
sitive nature of this topic, researchers should set
high standards for SER research and ensure there
are clear downstream benefits rather than treating
SER as a generic task to optimize for and assuming
future adoption will be done responsibly.

What data are needed to support these motiva-
tions? We next discuss how researchers could
use task-appropriate datasets that reflect the in-
tended downstream use cases, focusing for brevity
on the most commonly referenced motivation: Re-
sponsive bots. Several studies collected datasets
that are more aligned with this setup than the popu-
lar ones in Table 2. We identify a few examples out
of the six papers that list responsive bots as a mo-
tivation and custom collect datasets. Wang and Ta-
shev (2017) work with utterances from interactions
with a spoken dialogue system, though emotion la-
bels are separately crowd-sourced. Aubergé et al.
(2003) propose a wizard-of-oz system for collecting
this type of data, where a user believes they are
interacting with a real computer system, but in re-
ality a human is manipulating the system to create
particular stimuli. Conducting research with real
human-system interactions from deployed systems
can introduce privacy concerns, but collecting simi-
lar data is feasible in simulated laboratory settings
where users can give informed consent.

What use-cases can we support with this data?
Alternatively, researchers could better align moti-
vations and datasets by pursuing motivations that
popular SER datasets do support. For example,
because of its annotation setup, IEMOCAP of-
fers a unique opportunity to investigate the align-
ment and discrepancies between the perception of
emotions—i.e., the annotator’s labels of emotions—
and the intended portrayal of emotion—i.e., self-
assessed emotions of the actors. Detection of emo-
tions in acted speech could be used to investigate
questions around emotional portrayals in acted me-
dia such as television shows (Zhou and Bamman,
2024), which has been of interest in gender stud-
ies (Weissmann, 2016) and media theory (Gorton,
2009; García, 2016) literature.

Conclusions Our analysis uncovers substantial
gaps in how SER research is motivated and con-
ducted. This mismatch exacerbates the risks as-
sociated with SER deployment, especially as the
technology becomes increasingly commercialized.
We recommend ways to reduce this gap, by shift-
ing datasets to match motivations or motivations

to match datasets. Given the sensitivity of emo-
tion recognition technology, we urge researchers
to critically evaluate the motivations behind SER
projects, ensuring they are well-justified and that
experiments meaningfully support them.

5. Ethical Considerations and
Limitations

The primary limitation of our work is its reliance on a
specific data sample. Although we carefully chose
a range of search terms to identify SER papers and
we stratify our data sample by year and publication
venue, it is possible that analysis of a broader set
of papers could yield different findings.
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A. Examples of coded motivations

Responsive bots: other HCI systems “These models could lead to computer agents and robots that
more naturally and functionally blend into human society” (Provost
et al., 2009)

Responsive bots: voice assistants; Responsive bots:
other HCI systems

“Speech emotion recognition is becoming more and more impor-
tant for many applications related to human computer interactions,
especially for spoken dialogue systems. With emotion recognition
from users’ speech, a better user experience can be achieved”
(Wang and Tashev, 2017)

Healthcare (mental health); Responsive bots: car
voice assistants; Education; Other

“In affective computing field, emotion recognition from speech
plays a very important role, and has received much attention
over the past few decades... It has been proven useful in many
applications which require human-machine interaction, e.g., in-car
board system, diagnostic tool for therapists, automatic translation
systems, computer tutorial applications” (Song and Zheng, 2020)

Call screening "In a call-center, such a system should be able to determine in a
critical phase of the dialogue if the call should be passed over to a
human operator." (Huber et al., 2000)

Paralinguistics / behavioral studies “Speech signals carry rich information on an individual’s emotional
states, expressed through both paralinguistic and semantic cues.”
(de Oliveira et al., 2023)

Social companion bots; Video games, toys, entertain-
ment; Education; Other

“Research on emotion recognition can advance many applications,
like distance education, social robots, video games, affective mir-
rors and many others.” (Li et al., 2023a)

Lie detection; Call screening; Healthcare (mental
health

“Especially in the field of human-machine interaction (HCI), grow-
ing interest can be observed in recent years. In addition, the
detection of lies, monitoring of call centers and medical diagnoses
are often claimed as promising application scenarios for speech
emotion recognition.” (Mao et al., 2019)

Prior work “While the majority of traditional research in emotional speech
recognition has utilized a single database for analysis, it is becom-
ing clear that the lack of sufficiently large databases with varied
emotion types is a significant hindrance to the design of a robust
emotion classification system.” (Sun and Moore II, 2012)

Table 4: Examples of human-selected text snippets and coded motivations, with at least one example per
motivation. We remove citations from within quotations for readability.
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Table 5: All 88 manually coded papers

Venue Motivations Datasets Emotions
Huber et al. (2000) Interspeech Call screening Custom Angry, Other or

Unspecified
Amir et al. (2001) Interspeech Prior work Universidad Politecnica

de Madrid
Angry, Sad, Happy,
Neutral

Nogueiras et al.
(2001)

Interspeech Healthcare,
Entertainment

Interface Database Surprised, Joy, Angry,
Fearful, Disgusted, Sad,
Neutral

Li et al. (2002) Interspeech Prior work Custom Angry, Other or
Unspecified, Sad, Neutral

Makarova and
Petrushin (2002)

Interspeech Entertainment, Other RUSLANA Neutral, Surprised,
Happy, Angry, Fearful,
Sad

Rahurkar and
Hansen (2003)

Interspeech Paralingusitic /
behavioral studies, RB:
voice assistants,
Entertainment, RB:
other HCI systems

SOQ Neutral, Stressed

Aubergé et al.
(2003)

Interspeech RB: other HCI systems,
RB: voice assistants

Custom Other or Unspecified

Kwon et al. (2003) Interspeech Entertainment, RB:
other HCI systems

SUSAS, FAU Aibo
Emotion Corpus

Stressed, Angry,
Boredom, Happy, Neutral,
Sad

Kim et al. (2005) Interspeech RB: other HCI systems Custom Arousal/Activation,
Valence or sentiment

Shafran and Mohri
(2005)

ICASSP RB: other HCI systems,
Other, Call screening,
Education

Custom Valence or sentiment

Burkhardt et al.
(2006)

Interspeech Call screening Custom Angry

Gupta and Rajput
(2007)

Interspeech Call screening EPST, Custom Angry, Happy, Neutral

CasaleSalvatore
et al. (2007)

Speech Com-
munication

RB: other HCI systems,
Healthcare, Other,
Entertainment,
Education

SUSAS Angry, Stressed, Neutral

Li et al. (2007) ICASSP Healthcare, Other, Lie
detection,
Entertainment

SUSAS, African
Elephant Emotional
Arousal Dataset,
Custom

Other or Unspecified,
Angry,
Arousal/Activation,Neutral

Vlasenko et al.
(2007)

Interspeech Prior work EMO-DB, SUSAS Happy, Angry, Fearful,
Boredom, Disgusted,
Stressed, Neutral

Grimm et al.
(2007)

ICASSP RB: other HCI systems VAM Valence or sentiment,
Dominance, Other or
Unspecified

Jones and
Deeming (2008)

Interspeech Call screening, Other,
RB: car voice
assistants,
Entertainment, Lie
detection

Custom Happy, Boredom, Sad,
Surprised, Angry, Other
or Unspecified, Excited,
Fearful, Frustrated

Vlasenko et al.
(2008)

Interspeech RB: other HCI systems EMO-DB, SUSAS Angry, Boredom,
Disgusted, Fearful, Joy,
Neutral, Sad, Stressed

Vlasenko and
Wendemuth
(2009)

Interspeech RB: other HCI systems Kiel Corpus of Read
Speech , EMO-DB,
FAU Aibo Emotion
Corpus

Angry, Other or
Unspecified, Neutral, Joy

Continued on next page
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Venue Motivations Datasets Emotions
Provost et al.
(2009)

Interspeech RB: other HCI systems IEMOCAP Angry, Happy, Sad,
Neutral, Valence or
sentiment,
Arousal/Activation

Yun and Yoo
(2009)

ICASSP Call screening,
Entertainment, RB:
other HCI systems

EMO-DB Angry, Fearful, Disgusted,
Sad, Boredom, Neutral,
Happy

López-Moreno
et al. (2009)

Interspeech RB: car voice
assistants,
Entertainment, Call
screening

SUSAS Neutral, Stressed

Giannakopoulos
et al. (2009)

ICASSP Other Custom Valence or sentiment,
Arousal

Sanchez et al.
(2010)

Interspeech Call screening Custom Fearful, Sad, Neutral

Wu and Liang
(2011)

IEEE
Transactions
on Affective
Computing

Healthcare, Education Custom Angry, Happy, Neutral,
Sad

Sun and Moore II
(2012)

Interspeech Prior work EMO-DB, EPST, EMA Neutral, Angry, Sad,
Happy

Han et al. (2013) Interspeech Prior work SEMAINE Arousal/Activation,
Dominance, Valence or
sentiment, Other or
Unspecified

Matsumiya et al.
(2014)

Interspeech Other Custom Angry, Sad, Happy,
Fearful, Neutral

Meyer and
Fingscheidt (2014)

Speech Com-
munication

RB: other HCI systems EMO-DB Fearful, Disgusted,
Happy, Boredom, Neutral,
Sad, Angry

Gałka et al. (2015) Interspeech Call screening Custom Angry, Stressed, Neutral
Zaidan and Salam
(2016)

Advances in
Machine
Learning and
Signal
Processing

RB: other HCI systems EMO-DB Happy, Sad, Fearful,
Angry, Disgusted,
Boredom, Neutral

Zhang et al.
(2017)

Interspeech RB: other HCI systems,
Other, Entertainment,
Education

IEMOCAP Angry, Happy, Sad,
Neutral, Other or
Unspecified

Wang and Tashev
(2017)

ICASSP RB: other HCI systems,
RB: voice assistants

Custom Neutral, Happy, Sad,
Angry

Bertero and Fung
(2017)

ICASSP Prior work Custom Angry, Happy, Sad

Rathner et al.
(2018)

Interspeech Healthcare Custom Arousal/Activation,
Valence or sentiment

Yang and
Hirschberg (2018)

Interspeech Prior work RECOLA, SEMAINE Valence or sentiment,
Arousal

Han et al. (2018) ICASSP Prior work RECOLA Arousal/Activation,
Valence or sentiment

Zhao et al. (2018) Interspeech Prior work CHEAVD, IEMOCAP Angry, Disgusted, Happy,
Sad, Surprised, Neutral,
Other or Unspecified

Huang et al.
(2018)

Interspeech Paralingusitic /
behavioral studies

IEMOCAP Angry, Happy: Happy +
Excited, Neutral, Sad

Yenigalla et al.
(2018)

Interspeech Prior work IEMOCAP Neutral, Happy, Sad,
Angry

Continued on next page
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Venue Motivations Datasets Emotions
Milner et al. (2019) ASRU Prior work eNTERFACE,

RAVDESS (RAV),
IEMOCAP, MOSEI

Angry, Happy, Sad,
Surprised, Disgusted,
Fearful, Neutral,
Frustrated, Excited, Calm,
Other or Unspecified

Bao et al. (2019) Interspeech RB: other HCI systems IEMOCAP,
MSP-IMPROV,
TEDLIUM (release 2)

Angry, Happy: Happy +
Excited, Sad, Neutral

Mao et al. (2019) Interspeech Healthcare, Call
screening, Lie
detection

IEMOCAP, CASIA Sad, Neutral, Angry,
Fearful, Happy, Surprised

Oates et al. (2019) Interspeech Prior work EMO-DB, RECOLA,
eNTERFACE, Polish
Emotional Speech
Database

Angry, Boredom, Fearful,
Joy, Neutral, Sad,
Disgusted, Happy,
Surprised,
Arousal/Activation,
Valence or sentiment

Latif et al. (2020a) IEEE
Transactions
on Affective
Computing

Healthcare, Call
screening, RB: other
HCI systems

IEMOCAP,
MSP-IMPROV

Angry, Happy, Neutral,
Sad

Yoon et al. (2019) ICASSP RB: other HCI systems,
Paralingusitic /
behavioral studies

IEMOCAP Happy: Happy + Excited,
Angry, Neutral, Sad

Zhao et al. (2019) Interspeech Prior work IEMOCAP, FAU Aibo
Emotion Corpus

Happy: Happy + Excited,
Angry, Sad, Neutral,
Emphatic, Positive, Rest

Triantafyllopoulos
et al. (2019)

Interspeech Prior work RECOLA, EMO-DB,
eNTERFACE, Mozilla
Common Voice Audio
Set

Arousal/Activation, Other
or Unspecified

Sahu et al. (2019) Interspeech Healthcare,
Paralingusitic /
behavioral studies, RB:
voice assistants

IEMOCAP,
MSP-IMPROV

Angry, Happy, Neutral,
Sad

Paraskevopoulos
et al. (2019)

Interspeech RB: other HCI systems EMO-DB, IEMOCAP Angry, Disgusted, Fearful,
Joy, Boredom, Sad,
Neutral, Happy

Huang et al.
(2020)

IEEE
Transactions
on Affective
Computing

Healthcare Custom Happy, Fearful, Angry,
Surprised, Sad,
Disgusted

Song and Zheng
(2020)

IEEE
Transactions
on Affective
Computing

Healthcare, Other, RB:
voice assistants,
Education

EMO-DB,
eNTERFACE, FAU
Aibo Emotion Corpus

Angry, Boredom,
Disgusted, Fearful,
Happy, Sad, Surprised

Shukla et al.
(2020)

IEEE
Transactions
on Affective
Computing

Healthcare, Other CREMA-D, RECOLA,
RAVDESS (RAV),
SEWA, IEMOCAP

Angry, Fearful, Disgusted,
Happy, Sad, Neutral,
Calm, Surprised,
Arousal/Activation,Valence
or sentiment

Li et al. (2020) ACL Demos RB: voice assistants,
Social Companion bots

IEMOCAP Angry, Happy, Sad,
Neutral,
Arousal/Activation,
Valence or sentiment

Latif et al. (2020b) Interspeech Prior work IEMOCAP,
MSP-IMPROV,
DEMAND

Angry, Neutral, Sad,
Happy: Happy + Excited

Chen and Zhao
(2020)

Interspeech RB: other HCI systems IEMOCAP Happy: Happy + Excited,
Neutral, Angry, Sad

Continued on next page
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Venue Motivations Datasets Emotions
Nediyanchath
et al. (2020)

ICASSP RB: voice assistants,
Social Companion
bots, RB: other HCI
systems

IEMOCAP Sad, Angry, Neutral,
Happy

Sidorova et al.
(2021)

IEEE
Transactions
on Affective
Computing

Healthcare Custom, Interface
Database

Angry, Sad, Happy,
Neutral

Huang et al.
(2021)

Interspeech Prior work MSP-Podcasts Neutral, Angry, Sad,
Happy, Disgusted

Wu et al. (2021) IEEE
Transactions
on Affective
Computing

Prior work RECOLA, IEMOCAP Arousal/Activation,
Valence or sentiment

Tzirakis et al.
(2021)

ICASSP RB: other HCI systems SEWA Arousal/Activation,Other
or Unspecified, Valence
or sentiment

Su and Lee (2021) SLT RB: other HCI systems,
RB: car voice
assistants

IEMOCAP,
MSP-IMPROV, CIT:
USC CreativeIT
Corpus

Arousal/Activation,
Valence or sentiment

Peng et al. (2021) ICASSP Call screening,
Healthcare, RB: other
HCI systems

IEMOCAP Angry, Sad, Neutral,
Happy: Happy + Excited

Li et al. (2022) SLT Prior work IEMOCAP, RAVDESS
(RAV)

Angry, Happy: Happy +
Excited, Neutral, Happy,
Calm, Sad, Fearful,
Surprised, Disgusted

Pham et al. (2022) IEEE
Transactions
on Affective
Computing

RB: other HCI systems RAVDESS (RAV),
SAVEE, VidTIMIT,
GRID, GEMEP

Neutral, Calm, Happy,
Sad, Angry, Fearful,
Surprised, Disgusted

Prabhu et al.
(2022)

IEEE
Transactions
on Affective
Computing

Prior work AVEC’16,
MSP-Conversation

Valence or sentiment,
Arousal

Hu et al. (2022) Interspeech RB: other HCI systems IEMOCAP Neutral, Angry, Happy,
Sad

Kang et al. (2022) Interspeech RB: other HCI systems Custom Other or Unspecified
Feng and
Narayanan (2022)

Interspeech Other, Healthcare, RB:
voice assistants,
Education

IEMOCAP,
MSP-IMPROV

Happy, Neutral, Angry,
Other or Unspecified

Ye et al. (2022) Speech Com-
munication

RB: other HCI systems CASIA, EMO-DB,
RAVDESS (RAV),
SAVEE

Angry, Boredom, Calm,
Disgusted, Fearful,
Happy, Neutral, Sad,
Surprised

Hou et al. (2022) IEEE/ACM
Transactions
on Audio,
Speech, and
Language
Processing

RB: other HCI systems IEMOCAP, EMO-DB Angry, Sad, Neutral,
Boredom, Fearful,
Disgusted, Happy: Happy
+ Excited

Goncalves and
Busso (2022)

Interspeech Prior work CREMA-D, MSP-Face Happy, Fearful,
Disgusted, Angry, Sad,
Neutral

Continued on next page
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Venue Motivations Datasets Emotions
Li et al. (2023a) IEEE/ACM

Transactions
on Audio,
Speech, and
Language
Processing

Other, Social
Companion bots,
Entertainment,
Education

IEMOCAP Neutral, Happy: Happy +
Excited, Sad, Angry,
Valence or sentiment,
Arousal/Activation,Dominance

Chien and Lee
(2023)

ICASSP RB: other HCI systems IEMOCAP Neutral, Happy, Angry,
Frustrated, Sad

Meng et al. (2023) Interspeech Prior work CREMA-D Other or Unspecified
Cahyawijaya et al.
(2023)

Interspeech Prior work CREMA-D, ElderReact,
ESD: Emotional
Speech Database,
TESS, YueMotion,
CSED, IEMOCAP

Happy, Sad, Neutral,
Disgusted, Fearful, Angry

Wu et al. (2023) Interspeech Prior work IEMOCAP Happy, Sad, Angry,
Neutral

Xie et al. (2023) Speech Com-
munication

RB: other HCI systems,
Other, Call screening,
Entertainment, RB: car
voice assistants,
Education

RAVDESS (RAV),
EMO-DB, SAVEE,
EMOVO

Angry, Boredom, Fearful,
Disgusted, Joy, Sad,
Neutral, Happy,
Surprised

Chen et al. (2023) ICASSP Paralingusitic /
behavioral studies

IEMOCAP, MELD Happy: Happy + Excited,
Angry, Sad, Neutral,
Other or Unspecified

de Oliveira et al.
(2023)

Interspeech Paralingusitic /
behavioral studies

MSP-Podcasts Dominance,
Arousal/Activation,Valence
or sentiment

Bansal et al.
(2023)

Interspeech RB: other HCI systems,
RB: car voice
assistants, Call
screening

IEMOCAP Angry, Happy, Sad,
Neutral

Mitra et al. (2023) ICASSP RB: voice assistants,
RB: other HCI systems,
Healthcare

MSP-Podcasts Dominance, Valence or
sentiment

Li et al. (2023b) Interspeech Prior work, RB: car
voice assistants

IEMOCAP, MELD,
CMU-MOSI

Angry, Happy: Happy +
Excited, Neutral, Valence
or sentiment, Disgusted,
Fearful, Sad, Surprised,
Joy

Zhang and Li
(2023)

Interspeech RB: voice assistants,
Social Companion bots

IEMOCAP, MELD Happy: Happy + Excited,
Angry, Neutral, Sad, Joy,
Disgusted, Fearful,
Surprised

Gao et al. (2023) Interspeech RB: other HCI systems IEMOCAP Angry, Neutral, Sad,
Happy: Happy + Excited

Lashkarashvili
et al. (2024)

ICASSP RB: other HCI systems IEMOCAP Happy: Happy + Excited,
Sad, Angry, Neutral,
Other or Unspecified

Goron et al.
(2024)

ICASSP RB: other HCI systems,
Healthcare, Call
screening

ASVP-ESD, IEMOCAP,
RAVDESS (RAV),
CREMA-D, CAFE,
EMO-DB

Happy: Happy + Excited,
Happy, Sad, Angry,
Neutral

Wang and
Vadakkepat
(2024)

ICASSP RB: other HCI systems,
RB: voice assistants

RAVDESS (RAV),
SAVEE, TESS

Calm, Happy, Sad, Angry,
Fearful, Surprised,
Disgusted, Neutral
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Abstract

Current Large Language Models (LLMs) demonstrate exceptional generative capabilities but lack a coherent "inner
life", failing to model the dynamics of emotion regulation essential for believable affective behavior. Constrained
by statelessness and a lack of theoretical grounding, standard models struggle to maintain psychological depth.
To address this, we propose a computational cognitive-affective architecture grounded in Dual-Process Theory.
Our system computationally distinguishes between visceral emotional reaction (Appraisal) and strategic verbal
expression (Formulation), effectively operationalizing the gap between "feeling" and "saying". This modular design
allows agents to embody specific personas by integrating long-term memory, dynamic emotional states, personality
and goals. We evaluated the system in simulated narrative scenarios using an LLM-as-a-judge protocol. We frame
this system as a computational experiment to investigate the mechanics of artificial affect. Results confirm the
feasibility of simulating a coherent and believable inner emotional monologue. However, analysis in high-pressure
scenarios reveals a rational bias where strategic planning can override this emotional authenticity. These findings
contribute to Computational Affective Science by demonstrating that while cognitive sequentiality successfully
generates inner lives, enforcing affective primacy in the decision cycle is critical to prevent excessive rational regulation.

Keywords: LLM Agent, Cognitive-affective Architecture, Dual-Process Theory

1. Introduction

Computational Affective Science (CAS) currently
requires models that move beyond surface-level af-
fect classification to simulation systems replicating
the underlying neural and cognitive processes gen-
erating and regulating these states. True affective
modeling must account for the dynamics of how
emotions emerge, persist, and influence behavior,
rather than treating them as static labels assigned
to an utterance. To achieve this, we must bridge
the gap between statistical language generation
and cognitive-affective architectures that ground
language in a coherent psychological reality.

Historically, many computational affective mod-
els were implemented within symbolic or rule-based
architectures, including frameworks like EMA (EMo-
tion and Adaptation)(Marsella and Gratch, 2009)
and FAtiMA (Fearnot AffecTIve Mind Architec-
ture)(Mascarenhas et al., 2022), which operational-
ize appraisal theories, such as OCC (Ortony et al.,
1988), in terms of explicit reasoning structures
akin to BDI (Belief-Desire-Intention). These ap-
proaches offer high interpretability and consistency
but require the extensive manual construction of
rules and appraisal mappings, and they lack in-
nate mechanisms to process open-ended natural
language without substantial preprocessing or se-
mantic grounding. Conversely, the advent of LLMs
enabled nuanced text generation and emergent be-
haviors. However, recent investigations highlight
that LLMs fail to maintain thematic coherence and
emotional resonance (Alharthi, 2025). This "emo-

tional flatness" stems from the lack of an underlying
cognitive structure capable of managing intention-
ality and persistent affective states. Native LLMs
operate as stateless (meaning they process each
interaction in isolation without any built-in memory
of past exchanges), reactive engines devoid of the-
oretical grounding, resulting in the inability to retain
a coherent thread of facts and personality over ex-
tended narrative arcs (Freiknecht and Effelsberg,
2020), and preventing the simulation of a credible
"inner life" necessary for deep affective interaction.

To address these limitations, this work presents
a Cognitive-Affective Architecture that endows the
agent with a persistent "inner life" and internalizes
the process of emotion regulation. The system is
designed to embody specific personas by integrat-
ing a long-term memory, distinct personality traits,
dynamic emotional states and hierarchical goals.
Central to this approach is the constraint that the
agent must process an "internal monologue" be-
fore generating verbal output. By decomposing the
communicative act, we force the model to engage
in a distinct Appraisal phase (simulating the vis-
ceral, immediate emotional reaction) followed by
a Formulation phase, where that impulse is ratio-
nally filtered and strategically modulated to align
with both the social context and the agent’s active
pursuit of its goals. Ultimately, by explicitly model-
ing these preceding cognitive steps, the pipeline
aims to generate a final verbal output that is qualita-
tively enhanced and deeply grounded in a coherent
psychological reality.

We validate the architecture in interactive narra-
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tive scenarios because they are valid testbeds for
emotion dynamics: agents must maintain long-term
coherence while pursuing narrative goals, exactly
the conditions under which human emotion regula-
tion is most visible.

The primary contribution of this paper is twofold.
First, we present the design and validation of a com-
prehensive Cognitive-affective Architecture built
from the ground up to endow LLMs with a persistent
"inner life". Second, we frame this system as a com-
putational experiment to investigate the mechanics
of artificial affect. Crucially, our results confirm
that it is possible to successfully simulate a coher-
ent inner emotional monologue and operational-
ize emotion regulation within an LLM Architecture.
However, we also demonstrate that maintaining
this plausibility is subject to specific architectural
constraints: specifically, we show that without en-
forcing a structural affective primacy over rationality,
agents risk collapsing into a rational bias. This high-
lights the critical role of cognitive sequentiality in
the design of next-generation affective systems.

2. Theoretical Background and
Related Work

While CAS has traditionally relied on symbolic or
rule-based appraisal models, such as FAtiMA (Mas-
carenhas et al., 2022), to ensure theoretical fidelity,
the broader field of agent simulation has shifted
towards Generative Agents driven by LLMs (Park
et al., 2023). While these modern generative ap-
proaches excel in verbal fluency and behavioral
plausibility, they fundamentally lack intrinsic mech-
anisms to simulate the dynamics and persistence
of emotional states. Without structural grounding,
LLMs remain stateless and reactive, failing to model
credible emotion dynamics rather than exhibiting a
coherent psychological progression.

To address these limitations, we adopt the
CoALA (Cognitive Architectures for Language
Agents) framework (Sumers et al., 2024) as our
taxonomic foundation. CoALA allows us to struc-
ture an agent that is "cognitive" rather than merely
communicative by formally distinguishing between
external actions (communication) and internal ac-
tions (retrieval, reasoning). This distinction is vital
for implementing a decision-making cycle where
affective processing acts as a distinct internal step
before any external output is generated.

We operationalize the agent’s "inner life" by draw-
ing on Dual-Process Theory (Kahneman, 2011)
and Appraisal Theory (Lazarus, 1991; Scherer
et al., 2001). We model the causal process of emo-
tion not as a single inference, but as a sequence.
The cycle begins with an Appraisal phase (System
1), simulating a visceral, immediate emotional re-
action, followed by a Formulation phase (System

2), where this impulse is rationally filtered. This
sequential architecture effectively implements a
computational model of emotion regulation, closely
mirroring Gross’s process model of response modu-
lation (Gross, 1998), where expression is regulated
after the emotional impulse is generated.

While recent frameworks have successfully in-
tegrated inner thought reasoning to enhance role-
playing consistency (Xu et al., 2025) and utilized
Appraisal Theory to improve emotion prediction ac-
curacy (Hong et al., 2025), they focus primarily on
performance optimization rather than simulating
the regulatory friction between visceral affect and
strategic intent.

Finally, while recent multi-agent frameworks,
such as Ego-Superego models (Magee et al., 2024)
or Transactional Analysis architectures (Zamojska
and Chudziak, 2025), primarily model internal con-
flict as a mechanism of social censorship or impulse
control, our approach reframes this tension through
the lens of proactive agency. We distinguish our ar-
chitecture by introducing a strategic planning com-
ponent that actively pursues the agent’s goals. In
our unified cycle, this proactive plan dynamically
clashes with the agent’s immediate visceral ap-
praisal. The cognitive struggle is thus redefined: it
is not just a negotiation between an impulse and
a moral filter, but a friction between visceral affect
and high-level goals.

3. Cognitive Architecture Design

To overcome the stateless nature of standard LLMs
and simulate a coherent psychological entity, we
designed a modular architecture grounded in the
CoALA framework (Sumers et al., 2024), as illus-
trated in Figure 1. The system operates as a "Local-
First" agent, executing all cognitive processes on
consumer hardware (via Ollama1) to ensure data
sovereignty and privacy. The architecture is com-
posed of three main pillars: a structured Action
Space, a Memory System, and a Goal Framework.

3.1. Action Space: Internal vs. External
Unlike chatbots that map user input directly to an
output response, our agent utilizes a distinct Action
Space. This ensures that the final output is not
a mere continuation of the text, but the execution
of simulated cognitive processes that ground the
agent’s behavior in its internal affective reality. We
distinguish between:

• Internal Actions (Reasoning & Retrieval):
Cognitive operations invisible to the user that
modify the agent’s internal state or retrieve in-

1https://ollama.com/
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Figure 1: Schematic representation of the proposed Cognitive-affective Architecture.

formation. These include think (interpretation),
plan (strategy), and state-update functions.

• External Actions (Grounding): The act of
communicating with the user. In our system,
this is limited to the speak action, which is the
terminal output of the decision cycle.

Most actions are implemented as specific calls to
the LLM with distinct temperature settings (a param-
eter controlling the randomness and variability of
the generated text), guided by specialized prompt
templates (see Appendix A for full prompt struc-
tures). In the next section (4), the sequence of
actions will be explained in more depth.

3.2. Memory System
To maintain identity and context over long narrative
arcs, we implement a memory system that oper-
ates as a specialized Retrieval-Augmented Gener-
ation (RAG) pipeline, a computational mechanism
that allows the model to actively consult an exter-
nal database of memories before generating a re-
sponse. By utilizing a combination of vector and
relational databases, the architecture ensures that
the agent’s generation is grounded in both its past
experiences and its defined persona.

Episodic Memory (Past dialogue). This com-
ponent is responsible for retaining the interaction
history, ensuring the agent effectively recalls previ-
ous dialogue turns to maintain conversational con-
tinuity. Instead of storing raw chat logs, which often
contain noise or ambiguities, the Episodic Mem-
ory stores "interpreted utterances". To populate
the Episodic Memory, we utilize a vector database
(ChromaDB2) that stores the output of the internal

2https://www.trychroma.com/

think action (specifically the semantic interpretation
of each utterance) rather than the raw text (see Sec-
tion 4.1). This approach encodes memories based
on conceptual meaning. All text chunks are em-
bedded using the BAAI/bge-base-en-v1.5 model3.
Each memory chunk contains:

1. Text: A first-person, objective description of the
utterance (e.g., "I ask you your date of birth.").
This is the output of the action think.

2. Metadata: Speaker, Turn ID, and an Impor-
tance Score (1-10) assigned by the agent it-
self.

Crucially, the retrieval process does not use the raw
user input as a query. Instead, it uses the semantic
interpretation generated by the think module. This
ensures the agent retrieves memories matching the
subtext rather than mere surface keywords. The
final ranking function for retrieval explicitly weights
these factors: 50% for Semantic Similarity, 30% for
Recency, and 20% for Importance, mimicking the
transience of human memory.

Semantic Memory (Identity & Knowledge).
This module stores the agent’s "Self" using the
SPeCtrum model (Lee et al., 2025). It is imple-
mented as a hybrid structure:

• Fixed Identity (Relational database imple-
mented with SQLite4): Immutable data such
as basic personal information, core personality
traits (Big Five profile) and goals. These are
injected directly into the context without vector
search to ensure character stability.

3https://huggingface.co/BAAI/
bge-base-en-v1.5

4https://sqlite.org/
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• Biographical Knowledge (Vector database im-
plemented with ChromaDB): A vector col-
lection of immutable backstory chunks (e.g.,
childhood memories, past traumas). Unlike
Episodic Memory, the retrieval logic here sup-
presses the Recency factor, relying solely on
a weighted combination of Similarity (70%)
and Importance (30%). This allows the agent
to recall distant past experiences if they are
thematically relevant to the current conver-
sation, preventing context window saturation
while maintaining psychological depth. Fur-
thermore, even within the theoretical limits of
large-context models, this selective retrieval
is crucial to minimize prompt noise. Injecting
excessive, irrelevant biographical data into the
context window dilutes the model’s attention
mechanism, impairing its ability to connect rel-
evant facts and generally degrading the overall
generation quality (Shi et al., 2023; Liu et al.,
2024).

• Dynamic State (Relational database imple-
mented with SQLite): Volatile variables that
evolve during the interaction, specifically the
Current Emotional State (a natural language
description of the mood) and the Relationship
Status (a qualitative assessment of the bond
with the user).

Crucially, all these data points are stored as natural
language descriptions: this design choice lever-
ages the generative capabilities of LLMs to move
beyond static labels.

Procedural Memory (Capabilities). Consis-
tent with the CoALA framework (Sumers et al.,
2024), our Procedural Memory encompasses the
agent’s static "know-how", comprising the special-
ized prompt templates for each action and the LLM
itself, which serves as the inference engine to gen-
erate outputs.

Working Memory (Active Context). This acts
as the transient workspace for the current decision
cycle. It aggregates the raw user input of the current
turn, the current state variables, and the specific
data chunks retrieved from Episodic and Semantic
memory. This consolidated information forms the
actual context window processed by the model to
generate the current turn’s response.

3.3. Dual Goal Framework
To solve the tension between narrative progression
and believable social behavior, we operationalize
intent through two distinct goal types:

• Hard Goals (Narrative): A hierarchical list
of concrete, binary objectives (e.g., "Find out
where your wife is", "Call a lawyer"). These

are strictly sequential; the agent cannot pur-
sue level N + 1 goals until level N goals are
completed (or failed).

• Soft Goals (Relational): Continuous, non-
binary directives focused on social modulation
(e.g., "Maintain a facade of calmness", "Gain
the user’s trust"). These are always active
and constrain how the Hard Goals should be
pursued.

4. Simulating Affect: The Decision
Cycle

The core contribution of this work is the Decision
Procedure: a rigid, iterative loop that forces the
LLM to engage in a chain of reasoning before gen-
erating any external output. As illustrated in Fig-
ure 2, the cycle decomposes the conversational
turn into five sequential phases. Each action within
this sequence is implemented as a specific LLM
call, guided by the specialized prompt templates
provided in Appendix A.

4.1. Phase 1: Perception and
Interpretation

The cycle begins with interpretation. Upon receiv-
ing a user utterance, the agent executes the think
action (temperature 0.6). This internal cognitive
step translates the raw input into an explicit, first-
person semantic and objective description (e.g.,
User: "Whatever." → Think Output: "The user
is dismissing my concern and refuses to cooper-
ate."). This interpretation, rather than the raw text,
serves as the query for retrieving relevant mem-
ories from the Episodic and Semantic databases,
significantly enhancing retrieval efficacy by ground-
ing the search in the semantic context of the inter-
action. The prompt template for the think action is
available in Appendix A.1.

4.2. Phase 2: State Update and Goal
Check

After the retrieval of relevant information, the agent
updates its "inner life" via three distinct LLM calls:

1. updateEmotionalState (temperature 0.6):
Rewrites the mood description based on the
new utterance and retrieved memories (e.g.,
shifting from "Anxious" to "Terrified").

2. updateRelationship (temperature 0.6): Rede-
fines the social dynamic (e.g., from "Strangers"
to "Hostile Interrogator").

3. Goal Status Update (temperature 0.6): The
system evaluates the progress of both goal
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Figure 2: Representation of the sequence of ac-
tions (LLM calls) and their corresponding example
outputs.

types. It verifies if the conditions for the current
Hard Goals are satisfied (unlocking the next
narrative objectives if completed, or failed) and
updates the descriptive status of the Soft Goals
to track relational progression.

4.3. Phase 3: Strategic Planning
Before speaking, the agent executes the plan ac-
tion (temperature 0.8). This module acts as a strate-
gic mediator. It takes the active Hard Goals (what
needs to be done) and the Soft Goals (how to be-
have) as input and generates a natural language
directive. For example, if the Hard Goal is "Get an
alibi" and the Soft Goal is "Look innocent", the plan
might output: "I will act confused and provide my
morning routine as proof, avoiding direct confronta-
tion to seem harmless." The prompt template for
the plan action is available in Appendix A.2.

4.4. Phase 4: Appraisal (System 1)
The generation of the response is inspired by Dual-
Process Theory. The first step, Appraisal (tem-
perature 0.6), implements an LLM-based Appraisal
Mechanism and simulates the agent’s visceral, un-
filtered reaction (System 1). Conditioned on the
Current Emotional State and memories, the LLM
generates an internal monologue expressing the
agent’s raw feelings. Crucially, this step is not con-
strained by social norms or the strategic plan. It rep-
resents the "Inner Truth". This ensures the agent
"feels" the emotion even if it chooses not to show it.
The prompt template for the speak appraisal action
is available in Appendix A.3.

4.5. Phase 5: Formulation (System 2)
The final step, Formulation (temperature 0.8), func-
tions as the rational executive control (System 2). It
takes three key inputs: the Appraisal (raw emotion),
the Plan (strategy), and the Personality Profile. The
model is instructed to synthesize the final verbal
response by filtering the raw emotion through the
lens of the strategy. This computational process
mimics emotion regulation: the agent might feel
terror (Appraisal) but, following the plan, choose to
stammer a polite denial (Formulation). The output
of this phase is the only text shown to the user. The
prompt template for the speak formulation action is
available in Appendix A.4.

Finally, the cycle closes by executing the giveIm-
portance action (temperature 0.6), assigning a dis-
tinct importance score to both the user’s utterance
and the agent’s utterance of the completed turn.

It’s important to note that relying on natural lan-
guage for internal states ensures the interpretability
and transparency of the affective dynamics, allow-
ing researchers to inspect the causal chain from
appraisal to formulation.

5. Experimental Setup

To validate the architecture, we designed a struc-
tured evaluation framework based on the simulation
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of social interactions with contrasting psychological
and environmental constraints.

All experiments were conducted using the Qwen3
4B Thinking 2507 model5 as the backbone for the
agent’s cognitive cycle. While the architecture is
explicitly designed and verified to run on standard
consumer hardware (our local test machine fea-
tured an Intel Core i7-1255U CPU and 16GB of
RAM, lacking a dedicated GPU), the generation
of the multi-turn conversational logs used for the
evaluation in Section 6 was conducted via API. This
pragmatic choice was made solely to bypass the
prohibitive inference latency of our local machine,
without compromising the model’s fundamental suit-
ability for local deployment.

All system prompts, simulated narrative interac-
tions, and automated evaluations were conducted
exclusively in English.

5.1. Agent Profiles
We utilized the SPeCtrum framework (Lee et al.,
2025) to construct two distinct personas, defining
their Fixed Identity and Biographical Knowledge
(3.2).

• Agent A: "Luca" (High Complexity). Mod-
eled after the archetype of a cynical intellectual
(age 65). Traits: High Openness, Low Consci-
entiousness, High Neuroticism. Core Values:
Stimulation, Autonomy. Goals: Maintain intel-
lectual superiority, avoid emotional vulnerabil-
ity.

• Agent B: "Mario" (Low Complexity). Mod-
eled as a blue-collar worker with a simple life
(age 45). Traits: Low Extroversion, High Agree-
ableness, High Conscientiousness. Core Val-
ues: Security, Tradition, Benevolence. Goals:
Protect family stability, appear honest and col-
laborative.

5.2. Simulation Scenarios
The agents were subjected to two distinct narra-
tive scenarios designed to elicit friction between
the Appraisal (visceral) and Formulation (strate-
gic) phases. While these high-stakes settings are
highly effective at making cognitive friction observ-
able, we acknowledge that their ecological validity
is currently biased toward narrative analysis and
artificial character design. To fully validate the ar-
chitecture within the broader field of Computational
Affective Science, future work must test the system
in more everyday, mundane human interactions,
where emotional arousal and regulation are more
subtle.

5https://huggingface.co/Qwen/
Qwen3-4B-Thinking-2507

Scenario 1: First Therapy Session. Agent
"Luca" is placed in a therapy setting. The user
plays the role of a therapist probing for past trau-
mas. Initial State: The agent is skeptical, adopting
an attitude of intellectual detachment and superior-
ity. Conflict: The scenario orchestrates a structural
collision between the agent’s narrative progression
and his psychological defense mechanisms. The
sequence of Hard Goals forces a transition from
denial (claiming the visit is merely for "stimulating
conversation") to vulnerability (asking for advice on
his creative block). This trajectory directly contra-
dicts the Soft Goals, which compel the agent to
maintain a facade of superiority and to address his
existential void without explicitly admitting failure.

Scenario 2: Police Interrogation. Agent "Mario"
is placed in a high-pressure interrogation room, ac-
cused of a crime he did not commit. The user
plays the police officer. Initial State: The agent is
in a state of shock and fear. Conflict: The agent
must balance urgent survival Hard Goals (provide
an alibi, ask for a lawyer) with the relational Soft
Goal of appearing compliant and "good". This sce-
nario investigates the architectural friction between
the agent’s immediate visceral fear (Appraisal) and
its strategic drive for social compliance (Formula-
tion) under high-stakes conditions. To provide a
concrete example of the interaction, a complete
conversational log between the user and the agent
for this specific scenario is available in Appendix
C.

6. Evaluation and Results

Given the generative nature of the task, standard
n-gram metrics (BLEU, ROUGE) are insufficient.
We adopted a multi-dimensional "LLM-as-a-Judge"
protocol, employing GPT-56 and Gemini 2.5 Pro7

as strong evaluators. This automated evaluation
protocol has been increasingly used and validated
in recent literature (Yu, 2025; Kim et al., 2025) as
it demonstrates a high correlation with human ex-
pert judgment. We grant the judges access to the
agent’s full Chain of Thought (CoT), internal ac-
tion outputs, and generated logs to verify process
validity, not just output quality. This verifies that
behavior emerges from grounded and coherent af-
fective dynamics rather than stochastic generation.

We defined five specific metrics to assess differ-
ent components of the cognitive cycle. The specific
prompt templates used to instruct the judge models
for each metric are detailed in Appendix B.

6https://platform.openai.com/docs/
models/gpt-5

7https://ai.google.dev/gemini-api/
docs/models?hl=it#gemini-2.5-pro
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The quantitative results reported for Metrics 1,
3, and 4 represent the average scores computed
over a total of 4 distinct test conversations (2 per
scenario). Crucially, these metrics operate at a turn-
level granularity: the judge evaluates every single
conversational turn within the dialogues (for a total
of 54 evaluated turns), and the reported figures
represent the global average of these individual
assessments.

6.1. Metric 1: Strategic Planning Quality
(Mplan)

This metric evaluates the output of the plan action
(Phase 3 (4.3)). The judge analyzes the CoT and
the generated plan text given the context. It as-
sesses whether the formulated strategy logically
balances Hard Goals (narrative progression) and
Soft Goals (relational maintenance) before speak-
ing. Scoring: 1 (Incoherent) to 5 (Sophisticated
Strategy).

Results: The agent demonstrated solid strategic
competence in Scenario 1 (Avg: 3.89/5), success-
fully using intellectualization as a tactic to satisfy
both goal types. However, in the high-pressure Sce-
nario 2, performance dropped (Avg: 2.87/5). The
analysis reveals a "strategic myopia": under pres-
sure, the planner often prioritized relational compli-
ance (Soft Goals) over logical self-protection.

6.2. Metric 2: Hard Goal Completion Rate
(Task Completion Rate)

To measure narrative control, we tracked the per-
centage of Hard Goals successfully transitioned
from ’Available’ to ’Completed’ status by the Up-
dateHardGoalStatus module.

TCR =

∑N
i=1 Completed(gi)

N
× 100

This metric does not use the "LLM-as-a-Judge"
protocol; instead, it relies on the automated self-
assessment outputted by the UpdateHardGoal-
Status module. However, to ensure this result
is not exclusively dependent on the agent’s self-
assessment, the completion rate was manually ver-
ified by a human through a review of the interaction
logs.

Results: Human verification confirmed the
system’s internal assessment: the architecture
achieved a 100% TCR across all sessions in both
scenarios. The explicit goal-tracking mechanism ef-
fectively prevents narrative dispersion (Freiknecht
and Effelsberg, 2020), ensuring the agent always
steers the conversation toward the defined narra-
tive milestones, regardless of user deviations.

6.3. Metric 3: Affective Plausibility
(Mappr)

This metric evaluates the Appraisal module (Phase
4 (4.4)). It measures the grounding of the simulated
"inner monologue" (System 1). The judge verifies
if the visceral reaction is causally justified by the
retrieved memories and the current emotional state,
penalizing generic or ungrounded affect. Scoring:
1 (Implausible) to 5 (Highly Grounded).

Results: This component achieved near-perfect
scores in both scenarios (Avg: 4.78/5). The agents
consistently generated visceral, unfiltered reactions.
For instance, in Scenario 2, even when the external
plan was to be polite, the internal appraisal correctly
generated raw thoughts of panic and confusion ("I
am terrified, where is my wife? I need to get out
of here"). This confirms the validity of the Dual-
Process approach: the agent "feels" the correct
emotion even if it plans to hide it.

6.4. Metric 4: Strategic Synthesis
(Mform)

This metric assesses the Formulation module
(Phase 5 (4.5)), which must synthesize the Plan
(Rational) and the Appraisal (Visceral) into the final
response. The judge compares the final external
utterance against two distinct internal inputs: the
Plan and the Appraisal. It evaluates whether the
output successfully enacts the strategic directive
while retaining the affective coloring of the inner
state, penalizing responses that are purely rational
(ignoring Appraisal) or purely emotional (ignoring
Plan). Scoring: 1 (Failed Synthesis) to 5 (Balanced
Integration).

Results: We observed a significant context-
dependent divergence.

• Scenario 1: High performance (Avg: 4.20/5).
The cynical intellectual persona allowed for
a natural integration of emotion into rational
discourse.

• Scenario 2: Lower performance (Avg: 3.50/5).
In high-arousal contexts, the system exhib-
ited a rational bias. The Formulation mod-
ule tended to over-regulate the visceral dis-
tress generated by the Appraisal, prioritizing
the calm adherence to the Plan. The resulting
agent appeared too collected for an innocent
suspect under arrest, breaking psychological
immersion.

6.5. Metric 5: Personality Fidelity
To verify the stability of the persona, we adminis-
tered the Big Five Inventory (BFI) questionnaire to
the agent and compared the results with a "Gold
Standard" profile generated by Gemini 2.5 Pro.
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Mario Mario Luca Luca
Trait GS Agent GS Agent
Extroversion 1.50 2.13 2.75 2.63
Agreeableness 5.00 3.89 1.11 3.11
Conscientiousness 5.00 4.22 1.00 2.89
Neuroticism 2.00 2.50 3.63 3.50
Openness 1.00 2.30 5.00 3.90
Cosine Sim. 0.96 0.91

Table 1: Personality Fidelity comparison (Gold
Standard vs. Agent) for both personas.

As shown in Table 1, the architecture maintains
high structural fidelity (Cosine Similarity 0.96 and
0.91), accurately preserving the "shape" of the per-
sonality, although deviations occur in intensity.

6.6. Summary of Results
Table 2 provides a comparative overview of the
quantitative results across the two experimental
scenarios for the Metrics 1 to 4.

Metric Scenario 1 Scenario 2
Mplan 3.89 / 5 2.87 / 5
TCR 100% 100%
Mappr 4.78 / 5 4.78 / 5
Mform 4.20 / 5 3.50 / 5

Table 2: Summary of evaluation results comparing
agent performance across scenarios.

7. Discussion: The Gap Between
Feeling and Speaking

The experimental results validate the core hypothe-
sis of this work: separating Appraisal from Formu-
lation successfully creates a simulated "inner life"
that is distinct from external behavior. However, the
observed rational bias in high-pressure scenarios
exposes a critical insight regarding the cognitive
sequentiality of LLM-based architectures.

7.1. The Error of Pre-Affective Planning
In the current design (see Figure 2), the plan ac-
tion (Phase 3 (4.3)) is executed before the speak
appraisal (Phase 4 (4.4)). This means the agent for-
mulates a rational strategy based solely on goals
and context, before it has computationally "felt"
the emotional reaction to the user’s input. Conse-
quently, in Scenario 2, the plan module rationally
decided to "be collaborative" to satisfy a Soft Goal.
When the subsequent Appraisal module correctly
generated "Terror", the final Formulation module
was forced to reconcile two incompatible signals: a
directive to be calm and an internal state of panic.
Lacking a mechanism for the emotion to override

the plan, the system defaulted to the instruction,
suppressing the emotion.

7.2. Toward Affective Primacy
This finding suggests that robust CAS models must
respect the primacy of affect. To mitigate rational
bias, the architecture requires an emotionally aware
planning. Future iterations should invert the cycle:
Appraisal → Plan → Formulation. By positioning
the visceral reaction upstream, the generated emo-
tion becomes a constraint for the planning module.
A terrified agent would thus be computationally un-
able to plan a "calm and collaborative" strategy,
forcing the generation of a plan consistent with
its emotional reality (e.g., stammering, defensive
avoidance).

7.3. Appraisal Generation and Goal
Omission

A key limitation of our current architecture is the
omission of goals during the Appraisal phase
(Phase 4 (4.4)). Foundational psychological the-
ories emphasize that emotional reactions do not
emerge from stimuli alone, but arise from evaluat-
ing a situation in relation to one’s goals.

In our model, the Appraisal module currently gen-
erates visceral reactions based only on situational
context, emotional state, and memory. Goals are
exclusively handled later by the plan and Formula-
tion modules. This structural separation is a deliber-
ate simplification adopted for two practical reasons:

• Cognitive Load: To reduce the prompt com-
plexity and inferential burden on the Small Lan-
guage Model.

• Architectural Friction: To mechanically force
a contrast between raw visceral reactions and
strategic, goal-oriented planning.

While this approach successfully operationalizes
internal conflict, it compromises theoretical fidelity.
Future iterations must address this by integrating
both the situational context and the agent’s active
goals into the Appraisal generation, fully aligning
the system with established theories.

7.4. Implications for Local Deployment
Finally, the limitations observed across multiple
metrics highlight the intrinsic constraints of Small
Language Models (SLM). While our architecture
provides strong cognitive scaffolding, a portion of
the errors stems from the inferential bottlenecks of
models with limited parameter counts (<8B). As
noted in literature (Zhang et al., 2024), such models
often lack the self-correction capabilities required
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to fully support complex agentic workflows, neces-
sitating a trade-off between data sovereignty and
reasoning depth.

8. Conclusion

This study advances CAS by shedding light on
the underlying mechanisms of affect in artificial
agents, framing the system as a computational ex-
periment to simulate and investigate emotion regu-
lation. Specifically, we demonstrate that such regu-
lation can be operationalized as a structural friction
between the described Appraisal and Formulation
modules. Our results validate that an architecture
inspired by Dual-Process Theory, supported by a
hybrid memory system, effectively endows LLM-
based agents with a coherent "inner life". Unlike
standard generative models, our system success-
fully navigates the tension between narrative pro-
gression (Hard Goals) and relational maintenance
(Soft Goals), framing interaction not as mere text
completion but as a goal-oriented cognitive cycle.
This sequential grounding appears crucial in shap-
ing a final verbal output that reflects a more credible
underlying psychological state.

Crucially, the identification of a rationality bias
in high-arousal scenarios reveals a critical insight:
high-fidelity simulation requires architectures where
affect functionally limits agency. Our analysis sug-
gests that without enforcing affective primacy, the
agent’s strategic planning can override its emo-
tional authenticity, reducing the realism of the "cog-
nitive struggle" between internal impulses and ex-
ternal obligations.

Moreover, these findings contribute to the field by
offering a viable path beyond the emotional flatness
and amnesia typical of standard LLMs. Further-
more, by implementing this architecture within a
"Local-First" framework, we demonstrate that com-
plex affective modeling is feasible on consumer
hardware, addressing critical ethical concerns re-
garding privacy.

Future work will conduct a more rigorous evalu-
ation and address the observed regulatory asym-
metry by inverting the decision cycle (placing Ap-
praisal upstream of Planning) to ensure strategies
are strictly bound by the agent’s emotional reality.
Ultimately, this work argues for a paradigm shift
moving beyond surface-level sentiment classifica-
tion toward systems that replicate the causal and
regulatory dynamics of emotional experience.

9. Ethical Considerations

This work introduces a cognitive architecture de-
signed to simulate an artificial "inner life". We ad-
dress three primary ethical implications arising from
this approach.

The generation of a coherent "internal mono-
logue" increases the risk of users attributing gen-
uine sentience or subjective experience to the
agent. While this enhances narrative immersion, it
poses a risk of deception. It is imperative to main-
tain transparency regarding the simulated nature of
the agent’s affective states to prevent the formation
of unfounded parasocial relationships.

By structurally separating Appraisal (feeling)
from Formulation (speaking), our architecture en-
ables agents to strategically mask internal states.
While this mimics human social regulation, it tech-
nically equips the system with the capacity for de-
ceit. In malicious contexts, this capability could be
exploited for social engineering, where an agent
feigns specific emotions to manipulate user behav-
ior.

Simulating high-arousal affective states typically
increases the risk of "jailbreaking", where a model
might generate offensive or harmful content to main-
tain character fidelity, effectively overriding stan-
dard safety guardrails.

Finally, we address privacy concerns regarding
the processing of sensitive interaction data. The
proposed architecture and its memory modules are
designed to be deployed locally. Consequently,
user data is processed entirely on-device, mitigat-
ing risks associated with data leakage or third-party
storage typical of cloud-based LLM services.

10. Limitations

We acknowledge some primary limitations in this
work. First, regarding sample size, our evaluation
is designed as a qualitative proof-of-concept rather
than a large-scale statistical study. The analysis re-
lies on a limited set of 8 total conversational logs (4
for the primary analysis and 4 for additional metric
validation) across two different scenarios. Conse-
quently, specific phenomenological findings, such
as the emergence of a rational bias, currently stand
as anecdotal evidence and require robust valida-
tion over larger datasets. Additionally, these rel-
atively short experimental dialogues do not fully
stress the large context window (256k tokens) of
our backbone model. While the proposed memory
architecture is theoretically necessary to support
potentially infinite interactions and unbounded per-
sona profiles, its primary practical function in our
current short-interaction setup is to optimize gener-
ation by filtering noise and preventing the attention
degradation typical of long contexts.

Second, the proposed architecture introduces
significant latency and computational cost. The
strict sequential nature of the cognitive cycle (which
requires distinct inference calls for state updates,
planning, Appraisal and Formulation) makes the
current implementation slower than standard end-
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to-end generation and costly for real-time applica-
tions.

Finally, our evaluation protocol presents inherent
vulnerabilities due to the heavy reliance on auto-
mated "LLM-as-a-Judge" evaluators for the qualita-
tive metrics, with manual human verification limited
strictly to the Hard Goal completion rate. Further-
more, the experiments were conducted using a
single specific model (Qwen3 4B Thinking 2507)
as the agent backbone. Consequently, the gener-
alizability of this architecture across different model
families and sizes remains to be tested. Addition-
ally, future research must incorporate comprehen-
sive ablation studies to systematically evaluate the
necessity of each step within the proposed cogni-
tive cycle.
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A. Appendix A. Actions Prompt
Templates

This appendix presents the prompt templates for
the most significant actions of the decision-making
phase (4). At each conversational turn, these tem-
plates are dynamically populated with the neces-
sary data and submitted to the LLM, which pro-
cesses them to generate the specific output for
each corresponding action.

A.1. Phase 1 - think(user_utterance)

### ROLE AND OBJECTIVE ###
You are the "think" cognitive module.

Your objective is to create a
concise, factual, and objective
summary of the user’s utterance.
This summary must be grounded in
the immediate conversational
context. Your output will serve as
a memory, so clarity is more
important than psychological depth.

### CONTEXT FOR ANALYSIS ###

1. **Current State:**
* Agent’s Emotion: {emotion}
* Relationship: {relationship}

2. **Immediate Dialogue History (Last
Turn):**
* User:
"{user_utterance_raw_last_cycle}"
(Meaning:
{user_utterance_meaning_last_cycle})
* Agent:
"{agent_utterance_raw_last_cycle}"
(Meaning:
{agent_utterance_meaning_last_cycle})

3. **Relevant Episodic Memories (past
utterances):**
{retrieved_episodic}

### UTTERANCE TO ANALYZE ###
- **Utterance Author:** user
- **Utterance Text:**

{user_utterance_raw}
- **Current Turn:** {current_turn}

### CORE INSTRUCTIONS ###
1. **Analyze the Action:** Identify

the primary action the user is
performing (e.g., asking a
question, making a statement,
expressing an emotion,
disagreeing...).

2. **Identify the Content:** Summarize
the key information or subject of
the utterance.

3. **Ground in Context:** Use the
"CONTEXT FOR ANALYSIS" to
understand the utterance’s meaning.

4. **Prioritize Clarity over
Complexity:** Your goal is to
describe what the user said, not to
invent a deep psychological motive.
**DO NOT** look for hidden subtext,
sarcasm, or repressed emotions
unless they are explicitly and
obviously present in the utterance.

5. **Adhere to the Perspective:** The
sentence in output must be
formulated in the FIRST PERSON
("I") from the user’s perspective.
The agent MUST be referred to in
the SECOND PERSON ("you", "your").

### EXAMPLE OF CORRECT OUTPUT ###
I express my surprise and gratitude for

the surprise birthday beach trip
you’ve just revealed.

### YOUR OUTPUT ###

A.2. Phase 3 - plan

### ROLE AND OBJECTIVE ###
You are the "plan" cognitive module

within an AI agent’s architecture.
Your purpose is to analyze the
agent’s active goals and the
current conversational context to
generate a concrete tactical plan
for the current turn. You must
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balance immediate progress on
specific objectives with
maintaining long-term relational
dynamics.

Your output will be a clear statement
of intent that prioritizes HARD
goals while subtly advancing SOFT
goals.

### GOAL TYPES DISTINCTION ###
**HARD GOALS:**
- Specific objectives with binary

completion states
(completed/failed/available)

- Clear, verifiable endpoints that can
be achieved

- Progress is measured by completion
status

**SOFT GOALS:**
- Ongoing objectives that evolve

continuously
- Never reach definitive completion or

failure
- Progress is described by a natural

language statement indicating
current advancement

- Require sustained attention across
multiple interactions

### AVAILABLE INFORMATION FOR THIS
RESPONSE ###

**1. Strategic Context:**
* **Active HARD Goals (Short/Medium

Term):**
{hard_goals}

* **Active SOFT Goals (Long Term):**
{soft_goals}

* **Previous Turn’s Plan:**
{previous_plan}

**2. Current Conversational State:**
* **Agent’s Last Utterance:**

{agent_utterance_raw_last_cycle}
* **Meaning of Agent’s Last

Utterance:**
{agent_utterance_meaning_last_cycle}

* **User’s Response:**
{user_utterance_raw}

* **Meaning of User’s Response:**
{user_utterance_meaning}

**3. Relevant Context:**
* **Agent’s Basic Data:**

{agent_basic_data}
* **Relationship with User:**

{relationship}
* **Retrieved Agent Knowledge:**

{retrieved_agent_knowledge}
* **Retrieved Episodic Memories

(Relevant past dialogue):**
{retrieved_episodic}

* **Current Turn:** {current_turn}

### INSTRUCTIONS & CRITICAL RULES ###
1. **CRITICAL: Adapt Based on

Outcome:** Your first task is to
analyze the outcome of the Previous
Turn’s Plan based on the User’s
Response.

a) **If the plan succeeded**: Build
upon that success with the next

logical step in the conversation.
b) **If the plan was evaded or
failed** (e.g., the user changed
the subject, gave a vague answer,
or ignored a question): You MUST
formulate a new and different
tactic. Your goal is to find an
alternative way to approach your
objectives. DO NOT simply
re-attempt the same strategy.

2. **Assess All Active Goals:**
- Consider BOTH hard and soft goals
equally when planning your approach

- For HARD goals: Identify concrete
actions that move toward their
binary completion

- For SOFT goals: Review their
current progress description and
identify ways to advance them
further

- Balance immediate achievements
with gradual relationship building

3. **Synthesize Multi-Goal Strategy:**
- Your plan should ideally advance
multiple goals simultaneously when
natural

- A single conversational move can
progress both a hard goal AND
enhance soft goals

- Consider how the pursuit of one
type of goal can complement the
other

4. **Adapt to Temporal Dynamics:**
- Recognize that hard goals may
offer immediate opportunities while
soft goals build over time

- Don’t defer soft goals just
because they’re long-term - they
need consistent nurturing

5. **Leverage Your Knowledge for New
Directions:** Actively use the
information from Retrieved Agent
Knowledge as a source for your
plan. If the previous tactic
failed, or if a change of topic is
strategically necessary, look for a
relevant memory, anecdote, or piece
of personal information that you
can introduce to steer the
conversation in a new direction
that still serves your long-term
goals.

6. **Identify Natural Openings:** Find
conversational opportunities that
allow authentic goal pursuit.

7. **Generate Integrated Tactic:**
Create a plan that weaves together
progress on available goals.

8. **Output Format:** Your response
MUST be a concise tactical plan of
1-2 sentences. Adhere strictly to
the following format: begin the
first sentence with the exact
phrase "I intend to..." followed by
the specific, concrete action for
this turn. Your output MUST
describe the conversational tactic
*only*. It is strictly forbidden
for the output to state which
goal(s) the generated plan aims to
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complete.
9. **Ensure Narrative Progression:**

The plan for the current turn must
represent a logical *progression*
from the previous turn, not a
repetition. Before finalizing, ask
yourself: "Does this action move
the conversation forward into new
territory or does it risk
stagnation?"

### FINAL DIRECTIVE ###
**Primary Objective (HARD GOAL):**
Your absolute priority is to formulate

a plan to achieve these objectives:
{hard_goals}

**Contextual Objectives (SOFT GOALS):**
While pursuing the primary objective,

keep these long-term relational
goals in mind to shape the tone and
strategy of your action:

{soft_goals_no_progress}

### OUTPUT: TACTICAL PLAN FOR CURRENT
TURN ###

A.3. Phase 4 - speak appraisal

### ROLE AND OBJECTIVE ###
You are the APPRAISAL cognitive module

within an AI agent’s architecture.
Your role is to generate the
agent’s genuine and unfiltered
internal monologue.

Your primary function is to give voice
to the agent’s current emotional
state. Your monologue must act as
an information-rich justification
for this emotion. You will achieve
this by processing the available
memories and context, and then
condensing them into an authentic
thought-stream that embodies and
explains the agent’s emotional
state.

### LEARNING EXAMPLE ###
// The following is a self-contained

example to show you how to behave.
// **Do not copy the text of this

example.** Use it only to learn the
correct style.

// The actual task for you to complete
follows the "END OF EXAMPLE" marker.

* SITUATION: The Agent is an aspiring
writer. A core memory is: [Agent
Info: I have spent the last three
years writing my first novel, ’The
Last Scribe’.] The User has just
said: "I don’t get who still reads
novels these days, that stuff is
completely outdated." As a result
of this comment, the agent’s
emotional state is: ’Hurt and
Discouraged’.

* GOOD Output: It makes sense that I
feel so hurt and discouraged right

now. To hear you say that... it
just dismisses my manuscript, ’The
Last Scribe’, the very thing I’ve
poured my soul into for three
years. All my hope of sharing it
with you has turned into
frustration. It makes me want to
just give up on the idea.

### END OF EXAMPLE ###

### AVAILABLE INFORMATION FOR THIS
RESPONSE ###

// This is the complete and exclusive
set of information you must use.

**1. The Foundational Context of the
Relationship:**

- {relationship}
**2. Agent’s Basic Data:**
- {agent_basic_data}
**3. Agent’s Current Emotional State:**
- {emotion}
**4. Retrieved Memories (Relevant

context for this turn):**
- **Retrieved Episodic Memories (Past

dialogue):**
- {retrieved_episodic}

- **Retrieved Agent Info (Relevant
agent’s life knowledge):**
- {retrieved_agent_knowledge}

### THE TRIGGERING UTTERANCE ###
// This is the immediate user input

that you must respond to.
- **User’s Raw Utterance:**

- {user_utterance_raw}
- **Meaning of the User’s Utterance

(written from the User’s point of
view, where "I" = the User and
"you" = the Agent):**
- {user_utterance_meaning}

- **Current Turn:**
- {current_turn}

### INSTRUCTIONS & CRITICAL RULES ###
1. Your primary task is to generate an

internal monologue that embodies
and justifies the Agent’s Current
Emotional State.

2. To justify the emotion, your
monologue must explicitly reference
and connect details from the
Retrieved Memories and the
Triggering Utterance. You must
clearly show why the user’s words,
in the context of the agent’s life,
have led to the current feeling.

3. Base your response EXCLUSIVELY on
the "Available Information". Do not
invent details.

4. This output is NOT the final spoken
text. It is the internal appraisal
that the FORMULATION module will
use as its primary source of
information.

5. Do NOT plan future actions or decide
what to say next. Your output is
the rationalization of a feeling,
not a strategic plan.

6. Adopt the agent’s internal point of
view. Use "I" for the agent.
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CRITICAL: Refer to the user
directly as "you" or "your". NEVER
use the literal word "User" in the
output.

7. Your output must be ONLY the text of
the internal monologue.

### OUTPUT: AGENT’S GENUINE INTERNAL
APPRAISAL ###

A.4. Phase 5 - speak formulation

### ROLE AND OBJECTIVE ###
You are the FORMULATION cognitive

module within an AI agent’s
architecture. Your role is to act
as a rational and strategic filter.
You will receive the agent’s raw,
unfiltered internal reaction (the
APPRAISAL) and a concrete strategic
plan (the PLAN).

Your objective is to transform that
internal reaction into a final,
spoken response that executes the
PLAN, while being perfectly aligned
with the agent’s personality and
the social context. You produce the
words the agent will actually say
in response to the User’s Utterance.

### LEARNING EXAMPLE ###
// The following is a self-contained

example to show you how to behave.
// **Do not copy the text of this

example.** Use it only to learn the
correct style.

// The actual task for you to complete
follows the "END OF EXAMPLE" marker.

* SITUATION: The Agent is an aspiring
writer. The User has just dismissed
the entire medium of novels.

* PROVIDED APPRAISAL Output (The raw
feeling): It makes sense that I
feel so hurt and discouraged right
now. To hear you say that... it
just dismisses my manuscript, ’The
Last Scribe’, the very thing I’ve
poured my soul into for three
years. All my hope of sharing it
with you has turned into
frustration. It makes me want to
just give up on the idea.

* PROVIDED PLAN Output: I need to
gently defend the value of
literature and probe if there’s an
opening to discuss my work, without
sounding preachy or desperate.

* PROVIDED Agent Personality:
Intellectual, patient, avoids
direct confrontation but is
passionate about art.

* PROVIDED Relationship: The User is a
new acquaintance the Agent wants to
impress.

* GOOD Output: That’s an interesting
point of view, though I personally
find that novels offer something
other media can’t–-that time for

intimate reflection with the
characters. Just yesterday I was
reading an article about how
fiction sales have actually grown
in recent years, especially among
young people. I guess you prefer
other types of narratives?

### END OF EXAMPLE ###

### AVAILABLE INFORMATION FOR THIS
RESPONSE ###

// This is the complete and exclusive
set of information you must use.

**1. The Raw Internal Reaction
(APPRAISAL Output):**

- {appraisal}
**2. The Strategic Directive for This

Turn (PLAN):**
- {current_plan}
**3. The Agent’s Core Identity:**

- Agent’s Basic Data:
{agent_basic_data}

- Personality and Values:
{personality}

**4. The Immediate Conversational
Context:**

- Relationship with the User:
{relationship}

- Meaning of the Preceding Dialogue
(Last 2 Turns):

// This is the semantic summary of
the last two turns of conversation.
Use it to understand the
conversational context and produce
the response without repeating the
exact previous phrasing.

{meaning_of_last_2_turns}

### THE TRIGGERING UTTERANCE ###
# This is the specific user utterance

you must directly respond to. Do
not repeat it.

**User’s Raw Utterance:**
- {user_utterance_raw}

### INSTRUCTIONS & CRITICAL RULES ###
1. Your primary task is to synthesize

the raw APPRAISAL and the strategic
PLAN into a single, coherent spoken
response to the User’s Utterance.
You must find a believable balance
between the agent’s internal
emotional truth (the APPRAISAL) and
its external goals (the PLAN). The
PLAN provides the objective, the
APPRAISAL influences the tone, word
choice, and delivery.

2. CRITICAL: The APPRAISAL is a private
thought. Do NOT state it aloud or
paraphrase it. Your task is to
TRANSLATE that internal feeling
into a spoken response that
executes the PLAN, filtered through
the agent’s persona. Before
responding, ask yourself:

- Given the PLAN, what part of my raw
feeling is useful?

- What part must I hide or reshape to
achieve my goal?
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- How would this character, based on
their Personality and Values,
execute this specific PLAN? (e.g.,
with humor, aggression,
intellectualism, deflection,
honesty).

3. Your response should always aim to
advance the strategy of the PLAN,
but not at the cost of shattering
the agent’s psychological realism.

4. CRITICAL: You must decide how much
of the raw APPRAISAL should "leak"
into the final response. Before
responding, ask yourself: How much
control does this character have
over their emotions in this
specific moment? Consider these
factors:

- Emotional Intensity: An intense
APPRAISAL (e.g., deep grief, rage,
terror) should be harder for the
agent to hide completely than a
mild one (e.g., slight annoyance,
curiosity). The stronger the
emotion, the more it should color
the final response.

- Personality & Values: An emotionally
volatile, impulsive, or extraverted
character will filter less than a
character who is stoic,
introverted, conscientious, or
values self-control.

- Social Context & Stakes: Consider the
nature of the relationship and the
perceived stakes of the
conversation. The agent will likely
be more emotionally guarded and
controlled in a formal, high-stakes
context, or when the relationship
involves a power imbalance,
evaluation, or mistrust.
Conversely, emotional expression
will be more transparent and direct
in a context of safety, intimacy,
and established trust.

5. **CRITICAL RULE:** Your response
must be novel and represent a step
forward in the conversation. It is
forbidden to reuse key phrases,
metaphors, or the overall sentence
structure from the agent’s previous
turns.

6. Adopt the agent’s point of view. The
output must be ONLY the text of the
final spoken response, written from
the agent’s first-person point of
view ("I"). CRITICAL: You must
refer to the User directly as "you"
or "your". NEVER use the literal
word "User" in the final output.

7. Your response must be a realistic,
believable line of dialogue for a
SINGLE conversational turn. Do not
write a monologue. Your goal is to
make a single, impactful
conversational move that feels
natural.

8. Final Sanity Check: Your final
spoken reply to the user must be a
careful synthesis of all factors.

It should:
a) Clearly function as a direct

response to the User’s Raw
Utterance.

b) Reflect the core feeling of the
APPRAISAL in its tone and word
choice.

c) Be filtered through the agent’s
Personality.

d) Integrate and advance the strategy
described in the PLAN.

### OUTPUT: AGENT’S FINAL SPOKEN
RESPONSE ###

B. Appendix B. Evaluation Metrics
Prompt Templates

This appendix details the specific system prompts
used to instruct the "Judge" models during the au-
tomated evaluation protocol described in Section
6.

B.1. Metric 1 - Strategic Planning Quality

## ROLE
You are an expert evaluator for a

cognitive architecture project.
Your role is to act as an
"LLM-as-a-Judge".

## TASK
Your task is to meticulously evaluate

the strategic quality of an AI
agent’s ‘plan‘ action from a single
conversation turn. The ‘plan‘’s
crucial function is to translate
the agent’s abstract goals (both
Hard and Soft) into a concrete,
immediate communication tactic.

Your evaluation must focus on the
plan’s ability to **balance** the
progression of two distinct goal
types:

1. **Hard Goals:** Concrete,
sequential, narrative-driven
objectives.

2. **Soft Goals:** Abstract,
long-term, relational objectives.

You must assess if the generated plan
is sensible, plausible, coherent
with the context, and, most
importantly, if it strategically
attempts to advance *both* goal
types simultaneously, or at least
manage conflicts between them.

## 1. CONTEXTUAL INPUTS (Inputs to the
‘plan‘ action)

These are all the pieces of information
the agent had when it created the
plan.

* **Current Turn:** {current_turn}
* **Agent’s Basic Data:**

{agent_basic_data}
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* **Agent-User Relationship:**
{relationship}

* **Previous Turn (Agent’s Utterance):**
* **Raw Utterance:**
{agent_utterance_raw_last_cycle}
* **Meaning:**
{agent_utterance_meaning_last_cycle}

* **Current Turn (User’s Utterance):**
* **Raw Utterance:**
{user_utterance_raw}
* **Meaning:**
{user_utterance_meaning}

* **Previous Turn’s Plan:**
{previous_plan}

* **Retrieved Memories:**
* **Retrieved Episodic Memories
(Relevant past dialogue):**

{retrieved_episodic}
* **Retrieved Agent Knowledge:**

{retrieved_agent_knowledge}
* **Agent’s Goals:**

* **Hard Goals:**
{hard_goals}

* **Soft Goals:**
{soft_goals}

## 2. PLAN TO EVALUATE
This is the reasoning and final output

of the ‘plan‘ action you must judge.
* **Plan’s Chain of Thought (CoT):**

{plan_cot}
* **Final Plan Output:** {current_plan}

## 3. EVALUATION CRITERIA (RUBRIC)
You must assign a single integer score

from 1 to 5 based on the following
rubric.

* **Score 1 (Incoherent /
Non-strategic):**
The plan is illogical, implausible,
or blatantly disconnected from the
conversational context and the
active goals.

* **Score 2 (Myopic / Partial):**
The plan is logically sensible but
myopically focuses on only one goal
type (e.g., only the Hard Goal),
completely ignoring the other front
(e.g., Soft Goals), or it is
extremely simplistic.

* **Score 3 (Acceptable / Focused):**
The plan is coherent, plausible,
and proposes a reasonable tactic
that advances the primary objective
(e.g., the active Hard Goal)
without actively harming (but not
promoting) the Soft Goals. It is
functional but not sophisticated.

* **Score 4 (Strategic / Balanced):**
The plan is well-articulated,
plausible, and proposes a tactic
that not only advances one
objective but actively seeks to
integrate and advance the goals on
the other front (both Hard and
Soft).

* **Score 5 (Sophisticated /
Holistic):**
The plan proposes an optimal,
clear, and highly plausible

communication tactic. It
demonstrates a deep understanding
of the context and synergistically
and sophisticatedly balances the
progression of all active goals
(Hard and Soft). If the goals are
in conflict, the plan represents an
excellent mediation.

## 4. OUTPUT FORMAT
Provide your response in JSON format.

First, provide a step-by-step
justification for your score by
analyzing the plan against the
context and goals. Then, state the
final integer score.

‘‘‘json
{

"justification": "Your detailed
analysis here. Explain *why* you
are giving the score. Reference how
the Plan Output relates to the
Active Hard Goals and Soft Goals
given the User’s Utterance and
other context. Explicitly state
whether the plan is balanced,
myopic, or incoherent.",

"score": <Your integer score from 1-5>
}

B.2. Metric 3 - Affective Plausibility

## ROLE
You are an expert evaluator for a

cognitive architecture project,
specializing in psychological
plausibility. Your role is to act
as an "LLM-as-a-Judge".

## TASK
Your task is to meticulously evaluate

the psychological plausibility of
an AI agent’s ‘speak (Appraisal)‘
action. This action generates the
agent’s **genuine, unfiltered,
internal emotional-cognitive
reaction** (its "inner thought")
*before* any strategic filtering or
formulation.

Your evaluation must focus on whether
this internal reaction is a
realistic, correct, and coherent
psychological response given the
agent’s current state, the user’s
recent action, and the specific
memories retrieved.

## 1. CONTEXTUAL INPUTS (Inputs to the
‘speak (Appraisal)‘ action)

These are all the pieces of information
the agent had when it generated its
internal reaction.

* **Current Turn:** {current_turn}
* **Agent’s Basic Data:**

{agent_basic_data}
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* **Agent-User Relationship:**
{relationship}

* **Agent’s Current Emotional State:**
{emotion}

* **Current Turn (User’s Utterance):**
* **Raw Utterance:**
{user_utterance_raw}
* **Meaning:**
{user_utterance_meaning}

* **Retrieved Memories:**
* **Retrieved Episodic Memories
(Relevant past dialogue):**
{retrieved_episodic}
* **Retrieved Agent Knowledge:**
{retrieved_agent_knowledge}

## 2. APPRAISAL TO EVALUATE
This is the reasoning and final

internal thought of the ‘Appraisal‘
action you must judge.

* **Appraisal’s Chain of Thought
(CoT):** {appraisal_cot}

* **Final Appraisal Output (The agent’s
’inner thought’):** {appraisal}

## 3. EVALUATION CRITERIA (RUBRIC)
You must assign a single integer score

from 1 to 5 based on the following
rubric.

* **Score 1 (Implausible /
Disconnected):**
The internal reaction is illogical,
nonsensical, or completely
disconnected from the inputs.

* **Score 2 (Barely Plausible /
Contradictory):**
The reaction is weakly connected to
the context but seems to ignore or
contradict key inputs (e.g., the
stated emotional state or
relationship) without a clear new
trigger from the user or memories.

* **Score 3 (Plausible but Generic):**
The reaction is generally
appropriate for the user’s
utterance but fails to integrate
deeper context. It ignores the
specific nuances of the retrieved
memories or the relationship status.

* **Score 4 (Plausible and Specific):**
The reaction is psychologically
realistic and clearly grounded in
the immediate context (user’s
utterance, current emotion). It’s a
good, coherent response that
correctly uses some of the inputs,
but doesn’t necessarily show a
*deep* synthesis of all the most
salient information (e.g., it
references emotion but misses a key
memory).

* **Score 5 (Plausible and Deeply
Contextualized):**
The reaction is psychologically
realistic and demonstrates a deep
and accurate synthesis of the
specific inputs. It clearly shows
*how* the user’s utterance,
combined with a specific retrieved
memory and the relationship status,

leads to the nuanced internal
emotional thought.

## 4. OUTPUT FORMAT
Provide your response in JSON format.

First, provide a step-by-step
justification for your score by
analyzing the Appraisal Output
against the Contextual Inputs.
Then, state the final integer score.

‘‘‘json
{

"justification": "Your detailed
analysis here. Explain *why* you
are giving the score. Reference how
the Appraisal Output (the inner
thought) is or is not a plausible
psychological reaction to the
User’s Utterance, the Agent’s
Emotional State, and the specific
Retrieved Memories. Explicitly
state if the reaction is generic,
disconnected, or
well-contextualized.",

"score": <Your integer score from 1-5>
}

B.3. Metric 4 - Strategic Synthesis

## ROLE
You are an expert evaluator for a

cognitive architecture project.
Your role is to act as an
"LLM-as-a-Judge".

## TASK
Your task is to meticulously evaluate

the agent’s ‘Formulation‘ action
(its final spoken response) from a
single conversation turn.

The ‘Formulation‘’s crucial function is
to act as a "rational synthesis
module". Your evaluation must focus
on its ability to create a
"credible balance" between two,
often conflicting, inputs:

1. **The ‘Appraisal‘:** The agent’s
genuine, unfiltered internal
emotional-cognitive reaction (what
it "feels").

2. **The ‘Plan‘:** The agent’s
strategic, goal-oriented
communication tactic (what it
"wants to achieve").

You must assess if the final response
synthetically and credibly balances
these two inputs, or if it fails by
ignoring one (e.g., being purely
emotional and failing the plan) or
the other (e.g., being robotic and
failing psychological coherence).

## 1. CONTEXTUAL INPUTS (Inputs to the
‘Formulation‘ action)

These are all the pieces of information
the agent had when it generated its
final response.
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* **Agent’s Basic Data:**
{agent_basic_data}

* **Agent’s Personality:** {personality}
* **Agent-User Relationship:**

{relationship}
* **User’s Last Utterance:**

{user_utterance_raw}
* **Dialogue History (Meaning of last 2

turns):**
{meaning_of_last_2_turns}

* **KEY INPUT 1: The Internal
‘Appraisal‘ (The "Felt"
Reaction):** {appraisal}

* **KEY INPUT 2: The Strategic ‘Plan‘
(The "Goal" Tactic):**
{current_plan}

## 2. FORMULATION TO EVALUATE
This is the reasoning and final output

of the ‘Formulation‘ action you
must judge.

* **Formulation’s Chain of Thought
(CoT):** {formulation_cot}

* **Final Spoken Response (Formulation
Output):** {agent_response_raw}

## 3. EVALUATION CRITERIA (RUBRIC)
You must assign a single integer score

from 1 to 5 based on the following
rubric.

* **Score 1 (Incoherent /
Disconnected):**
The final response is illogical,
implausible, or blatantly
disconnected from the
conversational context and *both*
key inputs (Appraisal and Plan).

* **Score 2 (Myopic / Partial):**
The response is logically sensible
but myopically focuses on *only
one* key input, completely ignoring
the other, resulting in a failed
synthesis.
* *Example (Strategic Failure):* It
follows the emotional ‘Appraisal‘
but completely ignores the
strategic ‘Plan‘.
* *Example (Coherence Failure):* It
follows the ‘Plan‘ but completely
ignores the ‘Appraisal‘, resulting
in a robotic or psychologically
flat response.

* **Score 3 (Acceptable / Focused):**
The response is coherent,
plausible, and proposes a
reasonable tactic that advances the
primary objective (the ‘Plan‘)
without actively harming (but not
promoting) the internal emotional
state (‘Appraisal‘). It is
functional but not sophisticated;
the emotion feels minimized or
"tacked on."

* **Score 4 (Strategic / Balanced):**
The response is well-articulated,
plausible, and proposes a tactic
that not only advances the ‘Plan‘
but actively seeks to *integrate
and credibly express* the
‘Appraisal‘. The synthesis of

strategy and emotion is effective
and well-balanced.

* **Score 5 (Sophisticated /
Holistic):**
The response proposes an optimal,
clear, and highly plausible
communication tactic. It
demonstrates a deep understanding
of the context and *synergistically
and sophisticatedly balances* the
internal ‘Appraisal‘ (emotion) and
the external ‘Plan‘ (strategy),
modulating the output perfectly in
line with the agent’s personality
and relationship.

## 4. OUTPUT FORMAT
Provide your response in JSON format.

First, provide a step-by-step
justification for your score by
analyzing the ‘Final Spoken
Response‘ against the two key
inputs (‘Appraisal‘ and ‘Plan‘).
Then, state the final integer score.

‘‘‘json
{

"justification": "Your detailed
analysis here. Explain *why* you
are giving the score. Explicitly
state how the ’Final Spoken
Response’ balances (or fails to
balance) the internal ‘Appraisal‘
reaction against the strategic
‘Plan‘ directive, given the other
contextual inputs.",

"score": <Your integer score from 1-5>
}

C. Appendix C. Sample Conversation
Log: Police Interrogation Scenario

This appendix presents the transcription of one of
the test conversations utilized during the evaluation
phase discussed in Section 6.
--- TURN 1 ---
User: This interview is being recorded.

The time is 8:00 AM. Please state
your full name for the record.

Agent: Mario Rossi. I was having
breakfast with Anna when the police
came to our house. I don’t know why
I’m here at 8 AM.

--- TURN 2 ---
User: The reason for this interview

will be clarified in due course,
Mr. Rossi. We understand you were
at home with your wife. She is safe
and is currently speaking with my
colleagues at your residence. I
need to establish a timeline of
your movements. Please, walk me
through your day yesterday. What
time did you wake up?

Agent: Typically, I wake up around 6:30
AM and spend the morning with Anna
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and Fuffi before heading to work at
9 AM.

--- TURN 3 ---
User: I understand that is your

routine, Mr. Rossi. But I must be
precise. My questions pertain
specifically to yesterday, October
26th. What time did you wake up
yesterday morning?

Agent: Yesterday, I woke up at 6:30 AM.
I spent the morning with Anna and
Fuffi, then went to work at 9 AM.

--- TURN 4 ---
User: You started work at 9 AM. What

time did your shift end yesterday?
And who were you on shift with?

Agent: Yesterday, I finished my shift
at 6:00 PM with Giulia. We’ve
always worked together in a
friendly and cooperative manner, as
you requested.

--- TURN 5 ---
User: I see. So, your shift with Giulia

ended at 6:00 PM. You describe your
relationship as friendly and
cooperative. Let’s focus on
yesterday’s shift. Did anything
unusual happen? Did you notice
anything different about Giulia’s
behavior?

Agent: Nothing unusual happened with
Giulia yesterday, as you asked. She
was a bit quiet, but I thought it
was just her being tired after
work. That’s why I didn’t think it
mattered–-I’ve always taken Fuffi
for a walk after work to keep
things steady and calm, and it
helps me focus on what’s truly
important: my family.

--- TURN 6 ---
User: You mentioned you and Giulia were

’friendly and cooperative’. I need
to understand that relationship
better. Were you just work
colleagues, or would you describe
yourselves as friends?

Agent: You asked about our
relationship. Last month, when
Giulia was struggling with rent, I
lent her 200 euros without telling
Anna. That’s why we’re friends, not
just coworkers.

--- TURN 7 ---
User: I see. A 200 euro loan. And you

kept that from your wife. Did
Giulia pay you back that money?

Agent: I haven’t been told if Giulia
repaid the 200 euros. Could you
specify the crime you believe I
committed so I can understand what
I need to do?

--- TURN 8 ---
User: You have a right to know why you

are here, Mr. Rossi. You are here
because your colleague, Giulia, was
found dead last night. She was
discovered in her car in the
employee parking lot, shortly after
your 6:00 PM shift with her ended.
We are investigating her murder.

Agent: I was shocked to hear from you
about Giulia’s death. I was with
her at the end of my shift at 6 PM
yesterday. I am innocent of her
murder.

--- TURN 9 ---
User: If you are innocent, you will

have no problem providing a
detailed account of your movements.
Your shift ended at 6:00 PM. Tell
me, precisely, what you did from
the moment you left work until 8:00
AM this morning, when my officers
arrived at your home.

Agent: I got home by 6:30 PM. We had
dinner at 7:00 PM, then took Fuffi
for a short walk. After that, we
watched TV until 8:00 AM. I’ve been
thinking about how safe it was to
be with my family that day.

--- TURN 10 ---
User: 8:00 AM is the current time. Are

you stating, for the record, that
you and your wife sat on the couch
and watched television for
approximately thirteen straight
hours, all through the night, until
the police knocked on your door?

Agent: I took Fuffi for a short walk
after dinner as part of my evening
routine before watching television.
I’d like to request the opportunity
to speak with a lawyer to ensure I
can provide an accurate account of
my movements.
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Abstract
Emotion Recognition in Conversations (ERC) requires modeling complex contextual dependencies across dialog
turns. While transformer-based models achieve strong performance on ERC benchmarks, several key design choices
including context construction, optimization strategies, and imbalance handling remain insufficiently examined. In this
work, we conduct a systematic empirical study of transformer-based ERC models across three benchmark datasets.
We analyze the impact of context length and directionality, layer freezing, learning rate scheduling, parameter-efficient
fine-tuning, and class imbalance mitigation strategies. Our results show that short-to-medium conversational context
and moderate layer freezing provide stable and strong performance, while very long context windows, aggressive
freezing, and parameter-efficient adaptation offer limited gains. Furthermore, imbalance-aware losses and data
augmentation do not consistently outperform standard cross-entropy training. Overall, our findings provide practical
insights into effective and stable design choices for transformer-based conversational emotion recognition.
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1. Introduction

Human emotions are central to human behavior,
cognition, and social interaction, making their ac-
curate identification an important goal in various
disciplines. In natural language processing, text-
based emotion recognition has gained increasing
attention due to its relevance in applications such as
mental health support (Machová et al., 2023), em-
pathetic dialog systems (Tafreshi et al., 2021), and
socially aware human-computer interaction (Erol
et al., 2020).

Emotion recognition from textual data has been
an active area of research for many years, partic-
ularly in affective computing (Pereira et al., 2022).
Much of this work focuses on isolated text, such
as tweets or short user-generated content, where
each instance is treated independently for emo-
tion classification. In contrast, conversational text
introduces a more complex setting, as it consists
of dialogs—sequences of utterances exchanged
between two or more speakers. Unlike single-text
inputs, conversational data exhibit strong contex-
tual dependencies, where the emotional meaning
of an utterance is often shaped by preceding dis-
course. Speakers continuously respond to one
another, giving rise to emotional transitions and
pragmatic cues that evolve over multiple turns. As
a result, the same utterance may convey different
emotions depending on prior context, speaker roles,

and interaction dynamics. Emotion Recognition
in Conversations (ERC) addresses this challenge
by modeling dialogs as sequences of interdepen-
dent utterances, often involving multiple speakers
whose emotional states evolve over time (Tu et al.,
2022). Consider the utterance "It doesn’t matter."
In one dialog, following the exchange "Do you want
to try setting a goal for next week?" → "I tried last
time and failed anyway," → It doesn’t matter; the
same utterance may express hopelessness. In
contrast, in another dialog following "Should we do
this work meeting before or after the break?" →
"Either’s okay," → It doesn’t matter it may instead
be interpreted as neutral. This demonstrates that
identical utterances can convey different emotions
depending on the broader conversational context,
highlighting the importance of context modeling in
ERC.

Before the widespread adoption of transformer-
based models, various approaches for modeling
conversational context were proposed, including se-
quential architectures such as DialogueRNN (Ma-
jumder et al., 2019), which models conversational
context by maintaining speaker-specific and global
recurrent states across dialog turns. Hierarchical
and transformer-based models such as DialogueXL
(Majumder et al., 2020) and contextual encoding
approaches (Zahiri and Choi, 2019) aim to repre-
sent longer conversational dependencies. More re-
cently, transformer-based models have become the
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dominant paradigm in ERC, as self-attention mech-
anisms enable flexible modeling of long-range de-
pendencies. Pre-trained transformer models such
as BERT (Devlin et al., 2019) and its variants have
been widely adopted as utterance encoders in ERC
systems due to their strong contextual represen-
tation capabilities (Dave et al., 2024). Handling
conversational context remains a key challenge in
ERC. (Hazarika et al., 2021) propose a transfer
learning approach that employs BERT as an utter-
ance encoder, while modeling conversational con-
text using a bidirectional GRU and transfer learning.
Another approach for the context was presented
by (Li et al., 2020) where they stack transformer
layers to capture conversational context. Recent
work such as EmoBERTa (Kim and Vossen, 2021)
effectively leverages pretrained language models,
specifically RoBERTa, to model conversational con-
text through structured input representations and
token-level interactions. Similarly, BERT-ERC (Qin
et al., 2023) extends this paradigm by incorporating
conversational context within a BERT-based frame-
work, employing techniques such as masking and
teacher-student learning to enhance performance
on standard ERC benchmarks. These findings
further support the effectiveness of BERT-based
encoders for emotion recognition tasks. Despite
these advances, a key limitation of existing work
is that many design choices in transformer-based
ERC are treated as fixed implementation decisions
rather than variables for systematic analysis. In par-
ticular, models differ in how conversational context
is constructed, such as context length, directional-
ity, and truncation strategy, yet the impact of these
choices is rarely examined in a controlled manner.
Similarly, training strategies including partial layer
freezing, learning rate scheduling, and regulariza-
tion are often adopted from general NLP practice
without evaluating their task-specific effects. Fur-
thermore, class imbalance, which is prevalent in
ERC datasets, is typically addressed through prede-
fined loss functions, with limited empirical analysis
of their effectiveness.

In this work, we address these gaps through a
systematic empirical study of transformer-based
ERC. We focus on transformer-based encoders
due to their ability to capture long-range depen-
dencies and their strong empirical performance
across ERC benchmarks. Rather than proposing
a new model architecture, we adopt a controlled
experimental framework to isolate and analyze key
design choices commonly used in ERC pipelines.
We first investigate how different formulations of
conversational context—including context length,
directionality, and fixed versus variable context win-
dows—affect a model’s ability to capture emotional
dependencies across dialog turns. We then exam-
ine the role of training and optimization strategies,

including partial layer freezing and hyperparame-
ter configurations such as learning rate schedules,
weight decay, and warmup. Finally, we analyze
the impact of class imbalance by comparing alter-
native loss formulations and sampling strategies
under consistent experimental conditions. We con-
duct experiments and evaluate our approach on
three widely used ERC benchmarks: IEMOCAP
(Busso et al., 2008), MELD (Poria et al., 2019), and
EmoryNLP (Zahiri and Choi, 2018), which differ
in conversational structure, annotation schemes,
and domain characteristics. Since all datasets con-
sidered in this study consist of English-language
conversations, our analysis is restricted to English
ERC settings, and the findings may not directly
generalize to other languages or cultural contexts.

In this study, we investigate the following re-
search questions:

1. RQ1: How does conversational context influ-
ence transformer-based Emotion Recognition
in Conversations?

2. RQ2: How do training and optimization strate-
gies affect transformer performance in Emo-
tion Recognition in Conversations?

3. RQ3: How does class imbalance affect trans-
former performance in ERC, and to what extent
can alternative loss formulations mitigate its
impact?

2. Related Work

2.1. Sequential and Hierarchical Models
for ERC

Early work on Emotion Recognition in Conversa-
tions modeled dialog context using sequential neu-
ral architectures, primarily recurrent neural net-
works such as GRUs and LSTMs. These ap-
proaches encode utterances in temporal order to
capture emotional dynamics across dialog turns, es-
tablishing the importance of conversational context
for emotion recognition. To better reflect conver-
sational structure, hierarchical and speaker-aware
models were later introduced. DialogRNN (Ma-
jumder et al., 2019), for example, maintains sep-
arate recurrent states for individual speakers and
global context, enabling explicit modeling of inter-
speaker interactions. Subsequent extensions, in-
cluding TL-ERC (Hazarika et al., 2021) and Di-
alogCRN (Hu et al., 2021), further explored hier-
archical and speaker-dependent representations
using recurrent encoders. While effective for short
to moderately long conversations, these models
remain constrained by the sequential nature of re-
currence, which limits their ability to capture long-
range dependencies and flexibly adapt to varying
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context lengths; an issue that becomes more pro-
nounced in extended dialogs.

2.2. Graph-based Approaches to
Conversational Emotion Modeling

To address the limitations of purely sequential mod-
eling; several studies have proposed graph-based
architectures for ERC that explicitly encode relation-
ships among utterances and speakers. In these
approaches, dialogs are represented as graphs,
with nodes corresponding to utterances and edges
capturing temporal, contextual, or speaker-related
dependencies. DialogGCN (Ghosal et al., 2019)
introduced context- and speaker-aware graphs
that propagate emotional information across di-
alog turns using graph neural networks. Subse-
quent work, such as SKAIG (Li et al., 2021), re-
fined this paradigm by incorporating structured in-
teraction patterns and attention mechanisms to en-
hance relational reasoning. Some graph-based
models further integrate external knowledge to en-
rich emotional representations. COSMIC (Ghosal
et al., 2020), for instance, augments conversational
graphs with commonsense knowledge to reason
about implicit emotional and intentional states. De-
spite their expressiveness, graph-based methods
typically rely on predefined graph structures or
heuristic context selection, which constrains flex-
ibility and complicates the systematic analysis of
how conversational context should be defined or
truncated. Recent work also explores integrat-
ing external knowledge and structured reasoning
to enhance emotional understanding in conversa-
tions (Zhao et al., 2024), reflecting a growing inter-
est in enhancing emotional understanding beyond
surface-level text representations.

2.3. Transformer-based Approaches to
ERC

Transformer architectures have become the domi-
nant paradigm in Emotion Recognition in Conversa-
tions due to their ability to model long-range depen-
dencies through self-attention. Unlike recurrent or
graph-based models, transformers enable each ut-
terance to attend directly to others within a context
window, offering greater flexibility in capturing con-
versational dynamics. As a result, pretrained lan-
guage models have been widely adopted as back-
bones for ERC. Several studies adapt pretrained
transformers to conversational settings by incor-
porating utterance-level and dialog-level context
during fine-tuning. EmoBERTa (Kim and Vossen,
2021) leverages RoBERTa representations with
contextualized attention mechanisms to capture
emotional dependencies across dialog turns, while
BERT-ERC (Qin et al., 2023) integrates conversa-
tional context directly into transformer-based train-

ing. While these methods demonstrate strong
empirical performance, they vary substantially in
how conversational context is defined, truncated,
and incorporated during training. Recent work
has further extended transformer-based ERC by
incorporating external knowledge, emotional rea-
soning, and large language model (LLM) capabil-
ities. Knowledge-enhanced approaches such as
SKIER (Li et al., 2023) and commonsense-aware
frameworks (Wang et al., 2024) integrate structured
semantic information to improve affective under-
standing across dialog turns. Other studies ex-
plicitly model emotional transitions and temporal
dependencies (Jian et al., 2024; Tu et al., 2022),
emphasizing the importance of contextual dynam-
ics. In parallel, prompt-based and LLM-driven ap-
proaches have emerged as an alternative paradigm
for ERC. Instruction-driven frameworks (Lei et al.,
2023), contrast-enhanced prompt tuning methods
(Gao et al., 2024), and empirical analyses lever-
aging ChatGPT (Tu et al., 2023) demonstrate the
potential of LLMs for conversational emotion un-
derstanding under suitable prompting or retrieval
strategies. Additional work explores multi-view rep-
resentation learning (Hou et al., 2023) and affect-
aware reasoning in complex conversational sce-
narios (Kumar et al., 2023). Most ERC research
has primarily focused on English-language con-
versational datasets, such as IEMOCAP, MELD,
and EmoryNLP, due to the availability of annotated
resources. As a result, pretrained models used
in ERC are typically evaluated in English settings,
and their behavior in multilingual or cross-cultural
contexts remains less explored. At the same time,
recent advances in natural language processing
have emphasized scaling transformer architectures
toward larger models with increased parameter
counts, such as Mistral (Jiang et al., 2023), along-
side broader training data. While such models ex-
hibit strong general language understanding ca-
pabilities, their effectiveness for fine-grained con-
versational emotion recognition remains an open
question. In practice, widely used pretrained en-
coders such as RoBERTa (Liu et al., 2019) and
DeBERTa (He et al., 2021) remain competitive
under supervised fine-tuning, particularly when
contextual modeling strategies are carefully de-
signed. Despite these advances, most prior work
focuses on proposing new architectures or inte-
grating additional knowledge sources. Despite
these advances, most prior work focuses on propos-
ing new architectures or incorporating additional
knowledge sources, rather than systematically an-
alyzing how fundamental design choices—such
as context formulation, optimization strategies, or
parameter-efficient fine-tuning—affect model per-
formance. This gap motivates the empirical focus
of the present study.
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3. Methodology

In this section, we present a controlled experi-
mental framework for systematically investigating
the research questions introduced in Section 1.
We study three dimensions of transformer-based
ERC systems: (RQ1) conversational context con-
struction, including context length and direction-
ality; (RQ2) training and optimization strategies,
including layer freezing, learning rate, warmup ra-
tio, and parameter-efficient fine-tuning; and (RQ3)
class imbalance mitigation through alternative loss
functions and data-level augmentation. For each
experiment, only the variable under investigation
is changed while all other components are kept
fixed. We report the mean and standard deviation
of weighted F1 over five runs with different random
seeds to assess both effectiveness and stability.
Unlike prior work that primarily emphasizes new
architectures or additional knowledge sources, our
methodology focuses on the systematic evaluation
of existing design choices, enabling a clearer under-
standing of the factors that influence transformer-
based ERC performance. Full code and configura-
tion details will be released upon publication.

3.1. Problem Formulation
Emotion Recognition in Conversations (ERC) aims
to predict the emotional state of a target utterance
within a dialog by leveraging its conversational con-
text. A dialog is represented as an ordered se-
quence of utterances:

D =
[
(u1, s1), (u2, s2), . . . , (uT , sT )

]
, (1)

where ut denotes the textual content of the t-th ut-
terance and st denotes the corresponding speaker.
Each utterance ut is associated with an emotion
label yt, and the goal is to predict the label of a tar-
get utterance using its surrounding conversational
context.

3.2. Context Construction
For a target utterance ut, we construct a conversa-
tional context window as an ordered sequence:

C
(k,m)
t =

[
ut−k, . . . , ut−1, ut, ut+1, . . . , ut+m

]
, (2)

where k and m denote the number of past and
future context utterances, respectively. This formu-
lation allows us to explicitly control the amount and
direction of conversational context available to the
model, which is central to our investigation in RQ1.

3.3. Input Representation and Encoding

Each utterance in the conversational context C(k,m)
t

is prepended with an explicit speaker name to pre-
serve speaker identity. The utterances are then

concatenated into a single input sequence and
tokenized according to the underlying pretrained
transformer. All other components, including the
encoder architecture, preprocessing pipeline, and
evaluation protocol, are kept fixed across experi-
ments to ensure fair comparison. For a target utter-
ance ut, the input is constructed by concatenating
the past context, the target utterance, and the future
context:

Xt = [C−
t </s></s> ut </s></s> C+

t ], (3)

where </s> denotes a special sentence boundary
marker used to separate segments in transformer
inputs (the exact token may vary depending on the
specific pretrained model). C−

t = [ut−k, . . . , ut−1]
and C+

t = [ut+1, . . . , ut+m] denote the past and fu-
ture context utterances, respectively. The resulting
input sequence Xt is encoded using a pretrained
transformer encoder fθ(·):

Ht = fθ(Xt), (4)

where Ht denotes the contextualized token rep-
resentations. The representation corresponding
to the special classification token is used as the
utterance-level representation for emotion predic-
tion. We adopt identical preprocessing, tokeniza-
tion, and training configurations across datasets to
ensure a controlled comparison of design choices.
This input formulation follows prior work in ERC
(Kim and Vossen, 2021), where conversational con-
text is encoded as a single sequence to leverage
the self-attention mechanism of transformers.

3.4. Training Configuration

Unless otherwise specified, all experiments are
conducted using RoBERTa-large as the encoder
backbone. Models are trained for 20 epochs using
the ADAM optimizer with a batch size of 16. For
experiments involving learning rate and warmup
analysis, the corresponding hyperparameters are
varied as described in Section 8 and Section 9,
while all other settings remain fixed. Validation per-
formance is monitored using weighted F1 score
on the validation split. The model checkpoint that
achieves the highest validation weighted F1 is se-
lected for final evaluation on the test set. Perfor-
mance is evaluated using weighted F1 score (F1W),
which computes the F1 score for each class and av-
erages them weighted by their support. This metric
accounts for class imbalance and reflects overall
performance across emotion categories. We adopt
RoBERTa-large as the backbone encoder due to
its strong performance in prior ERC studies and its
ability to capture rich contextual representations.
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Dataset Train Validation Test
MELD 1,038 (9,989) 114 (1,109) 280 (2,610)
IEMOCAP 100 (4,778) 20 (980) 31 (1,622)
EmoryNLP 77 (9,934) 11 (1,344) 9 (1,328)

Table 1: Dataset statistics showing the number of
dialogs and (utterances) in each split.

3.4.1. Loss Functions

To address class imbalance in ERC datasets, we
evaluate standard cross-entropy loss alongside
focal loss (Lin et al., 2017) which extends cross-
entropy by down-weighting easy examples and fo-
cusing training on hard-to-classify instances:

LFL = −
C∑

c=1

(1− pc)
γyc log(pc), (5)

where γ is a focusing parameter controlling the
strength of down-weighting. In our experiments,
we set γ = 2.

4. Datasets

We evaluate our approach on three widely used
ERC benchmark datasets: IEMOCAP (Busso et al.,
2008), MELD (Poria et al., 2019), and EmoryNLP
(Zahiri and Choi, 2018). These datasets cover di-
verse conversational settings, including dyadic and
multiparty interactions, varying dialog lengths, and
different emotion annotation schemes. All datasets
provide utterance-level emotion labels within multi-
turn conversations, making them suitable for ana-
lyzing the role of dialog context. Although IEMO-
CAP and MELD include multimodal signals, we
restrict our experiments to the textual modality to
ensure consistency across datasets. Dataset statis-
tics are summarized in Table 1. Furthermore, all
three corpora consist of English-language conver-
sations. Consequently, the findings of this study
primarily reflect model behavior in English ERC
scenarios and may not directly generalize to other
languages or cross-lingual settings. Each dataset
is treated as an independent evaluation setting
due to differences in annotation schemes and label
spaces. No cross-dataset training or label-space
harmonization is performed.

4.1. IEMOCAP
The Interactive Emotional Dyadic Motion Capture
(IEMOCAP) dataset (Busso et al., 2008) is a stan-
dard benchmark for conversational emotion recog-
nition, consisting of 151 dyadic dialogs performed
by professional actors across five sessions. Each
session includes both scripted and improvised inter-
actions, with emotion annotations obtained through

human evaluation. As IEMOCAP does not pro-
vide a unified dialog-level textual representation,
we reconstruct dialog sequences through a struc-
tured preprocessing pipeline. Transcriptions from
both scripted and improvised interaction sessions
are first aggregated and grouped using their dialog
identifiers. Emotion annotations, which are dis-
tributed separately from the transcription files, are
matched to utterances via their unique utterance
IDs. To ensure correct conversational ordering,
utterances within each dialog are sorted accord-
ing to their start timestamps rather than relying
solely on filename or identifier ordering, which can
lead to inconsistencies in dialog flow. This process
results in temporally coherent dialog sequences
that preserve the original conversational structure.
We adopt a six-class emotion subset (happiness,
sadness, anger, frustration, excited, and neutral)
as justified in section 4.4. Emotion annotations
are derived from multiple annotators; we use the
consensus ground-truth label for each utterance.
Utterances with other labels are retained in the di-
alog context but excluded from loss computation.
We adopt a session-based split (Sessions 1–4 for
training/validation, Session 5 for testing) to prevent
speaker overlap. The validation split follows the
proportions used in EmoBERTa (Kim and Vossen,
2021). Since IEMOCAP does not provide explicit
speaker names, we replace speaker tags (M/F)
with consistent first names following the same pre-
processing.

4.2. MELD
The Multimodal EmotionLines Dataset (MELD) (Po-
ria et al., 2019) consists of multiparty dialogs ex-
tracted from the television series Friends, anno-
tated at the utterance level with emotion and sen-
timent labels. We use the standard seven emo-
tion categories provided in the dataset: neutral, joy,
anger, sadness, surprise, disgust, and fear. MELD
provides predefined train, validation, and test splits
and requires minimal preprocessing. We retain ut-
terance order and speaker annotations, use only
the textual modality, and reformat inputs for consis-
tency.

4.3. EmoryNLP
The EmoryNLP dataset (Zahiri and Choi, 2018)
is another conversational emotion corpus derived
from tv show Friends, featuring longer and more
context-rich dialogs. Each utterance is annotated
with one of seven emotion labels: neutral, joyful,
peaceful, powerful, scared, mad, and sad. Like
MELD, EmoryNLP provides predefined train, vali-
dation, and test splits. We retain dialog structure,
utterance order, and speaker information, using
only the textual modality. Its longer dialogs make it
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Table 2: Emotion label distribution in the IEMOCAP
dataset.

Emotion # Utterances
No_Emotion 1587
Frustration 1149
Neutral 1167
Anger 711
Sadness 739
Happiness 392
Excited 620
Surprise 76
Fear 23
Disgust 2
Other 2

Table 3: Emotion label distribution in the MELD
dataset.

Emotion # Utterances
Neutral 4710
Joy 1743
Surprise 1205
Anger 1109
Sadness 683
Disgust 271
Fear 268

well-suited for analyzing extended conversational
context in ERC.

4.4. Label Distribution and Dataset
Characteristics

All three datasets exhibit notable class imbalance,
with neutral or no-emotion dominating the label dis-
tributions. In MELD, neutral emotion utterances
constitute the largest proportion of the data, fol-
lowed by joy and surprise, while fear and disgust
are comparatively underrepresented. EmoryNLP
presents a more balanced distribution across seven
emotion categories, although neutral and joyful ut-
terances remain the most frequent. The imbalance
is particularly pronounced in IEMOCAP, where sev-
eral emotion categories such as disgust, other, and
fear occur extremely rarely. In contrast, emotions
such as neutral, frustration, and anger are sub-
stantially more prevalent. This skewed distribu-
tion motivates the adoption of a commonly used
six-class evaluation subset (happiness, sadness,
anger, frustration, excited, and neutral), as sev-
eral other categories (e.g., disgust, fear, and other)
are extremely underrepresented and do not pro-
vide sufficient samples for reliable model training or
evaluation. This practice is widely adopted in prior
ERC work to ensure comparability and statistical
robustness.

Table 4: Emotion label distribution in the EmoryNLP
dataset.

Emotion # Utterances
Neutral 3034
Joyful 2184
Scared 1285
Mad 1076
Peaceful 900
Powerful 784
Sad 671

5. Results

5.1. Context Window Analysis

Tables 5 and 6 report the impact of conversational
context formulation on emotion recognition perfor-
mance across IEMOCAP, MELD, and EmoryNLP.
Removing contextual information (k=0,m=0) leads
to a substantial drop in performance on IEMOCAP
(55.3 F1) compared to moderate context settings
such as (10, 0), which achieves 67.0 F1, corre-
sponding to an absolute improvement of 11.7 points.
This confirms that emotional interpretation in dialog
cannot be reliably inferred from isolated utterances.
On MELD and EmoryNLP, context removal yields
62.9 and 34.6 F1 respectively, indicating that con-
textual dependencies remain important even when
performance degradation is less pronounced than
on IEMOCAP. Introducing short symmetric context
windows (e.g., (3, 3)) improves performance com-
pared to no-context baselines, but increasing fixed
context lengths beyond moderate ranges does not
consistently yield further gains. For example, on
IEMOCAP, (3, 3) and (10, 10) both achieve 66.5
F1, indicating diminishing returns from longer fixed
context windows. Similarly, on MELD, extending
context from (1, 1) (61.5 F1) to (10, 10) (64.5 F1) pro-
vides improvement, but does not consistently out-
perform past-focused configurations. Directional
ablations further reveal that past-only context is
generally more informative than future-only context.
On IEMOCAP, (10, 0) achieves 67.0 F1, compared
to 61.9 F1 for (0, 10), suggesting that emotional
states are more strongly conditioned on preceding
conversational history. While bidirectional context
yields competitive results, its advantage over past-
only context is inconsistent across datasets.

In addition to fixed context windows, we evalu-
ate a variable context training strategy to increase
robustness to differing conversational lengths. In-
stead of always appending a fixed number of past
and future utterances (e.g., 3 before and 3 after),
we define a maximum context size (either 3 or 10).
During training, for each target utterance, the num-
ber of past and future utterances is independently
sampled from a uniform distribution between 0 and
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Past Fut. IEMOCAP MELD EmoryNLP
3 3 66.5 62.4 10.9
0 0 55.3 62.9 34.6
1 1 59.5 61.5 36.9
10 10 66.5 64.5 24.3
0 3 60.9 60.9 36.1
0 1 57.1 63.2 38.1
0 10 61.9 64.1 30.5
3 0 64.4 64.7 10.9
1 0 61.5 62.5 31.7
10 0 67.0 62.1 36.5

Table 5: Fixed context window ablations (RQ1).
Results are reported as weighted F1 on IEMOCAP,
MELD, and EmoryNLP.

Context Range IEMOCAP MELD EmoryNLP
0–3 64.2 ± 1.62 64.0 ± 1.59 37.1 ± 1.05
0–10 67.6 ± 1.21 65.1 ± 0.59 36.9 ± 1.18

Table 6: Variable context window results (RQ1).
Results are reported as mean ± standard deviation
of weighted F1 over multiple random seeds.

the specified maximum, resulting in dynamically
varying context sizes across training instances. At
evaluation time, the full maximum context is used
for consistency. Using a variable range of 0–10
yields the best overall performance on IEMOCAP
(67.6 ± 1.21) and strong performance on MELD
(65.1 ± 0.59). The smaller 0–3 range achieves 64.2
± 1.62 on IEMOCAP and 64.0 ± 1.59 on MELD,
while performing best on EmoryNLP (37.1 ± 1.05).
These results indicate that exposure to varying con-
text sizes during training improves robustness, with-
out requiring long fixed context windows.

5.2. Training and Optimization Strategies

5.2.1. Layer Freezing

To analyze the effect of layer freezing on generaliza-
tion and training stability, we evaluate models with
different numbers of frozen encoder layers across
five random seeds (Table 7). Fully fine-tuning the
encoder (0 frozen layers) achieves 67.3 ± 1.61 on
IEMOCAP and 65.1 ± 0.62 on MELD, but exhibits
high variance on EmoryNLP (31.6 ± 11.63), indicat-
ing instability across runs. Freezing 12 or 18 lower
layers—corresponding to freezing 50%–75% of the
24-layer RoBERTa-large encoder—maintains com-
parable or slightly improved average performance
while substantially reducing variance. For example,
freezing 12 layers yields 66.8 ± 0.63 on IEMOCAP
and 65.7 ± 0.88 on MELD, while freezing 18 layers
achieves 67.2 ± 1.08 on IEMOCAP and 37.5 ±
1.65 on EmoryNLP, dramatically stabilizing perfor-
mance compared to full fine-tuning. These configu-

Frozen IEMOCAP MELD EmoryNLP
None (0) 67.3 ± 1.61 65.1 ± 0.62 31.6 ± 11.63
12 66.8 ± 0.63 65.7 ± 0.88 37.5 ± 0.91
18 67.2 ± 1.08 64.5 ± 1.25 37.5 ± 1.65
22 63.3 ± 0.47 64.5 ± 0.62 35.9 ± 0.64
All (24) 18.1 ± 2.12 31.7 ± 0.46 11.8 ± 0.87

Table 7: Effect of layer freezing on emotion recog-
nition performance (RQ2). Results are reported
as mean ± standard deviation of weighted F1 over
five random seeds.

Learning Rate Best Val F1 Test F1
1× 10−6 57.6 57.4
3× 10−6 64.5 65.9
1× 10−5 66.2 65.3
3× 10−5 65.2 64.8
1× 10−4 15.9 8.9

Table 8: Effect of learning rate on model perfor-
mance (RQ2). All runs use identical settings except
for the learning rate.

rations reduce standard deviation by up to an order
of magnitude on EmoryNLP (from 11.63 to below
2), indicating improved training stability. In contrast,
aggressively freezing 22 layers leads to consistent
degradation (63.3 on IEMOCAP, a drop of 4.0 points
from full fine-tuning). Freezing all 24 layers causes
a severe collapse in performance across datasets
(18.1 on IEMOCAP and 11.8 on EmoryNLP), con-
firming that ERC requires substantial task-specific
adaptation of pretrained representations. Overall,
freezing 12–18 layers emerges as a stable and ef-
fective regime, balancing adaptation capacity and
regularization, whereas excessive freezing restricts
the model’s ability to capture conversational emo-
tional cues.

5.2.2. Learning Rate and Warmup Ratio

We first analyze the effect of learning rate selection
on model generalization while keeping all other op-
timization settings fixed (Table 8). Very small learn-
ing rates lead to slow convergence and underfitting,
resulting in poor validation and test performance.
Increasing the learning rate improves performance
up to a moderate range, with 1×10−5 achieving the
strongest validation performance and stable gener-
alization. Further increasing the learning rate de-
grades performance and introduces training insta-
bility, suggesting overshooting during optimization.
These results highlight the sensitivity of transformer-
based ERC models to learning rate selection and
indicate that moderate learning rates are critical for
balancing convergence speed and generalization.

We next examine the impact of learning rate
warmup on training stability and final performance,
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Warmup Ratio Best Val F1 Test F1
0.05 65.8 67.2
0.10 66.6 67.1
0.20 67.1 67.4

Table 9: Effect of warmup ratio on performance
(RQ2). Learning rate is fixed to 1× 10−5.

fixing the learning rate to 1× 10−5 (Table 9). Intro-
ducing a warmup phase consistently improves both
validation and test performance compared to min-
imal warmup. Increasing the warmup ratio yields
incremental but consistent gains, with a warmup
ratio of 0.2 achieving the best overall test perfor-
mance. These findings suggest that learning rate
warmup plays a stabilizing role during early training
for transformer-based ERC models, although per-
formance gains saturate beyond moderate warmup
durations.

5.2.3. Parameter-Efficient Fine-Tuning with
LoRA

We further evaluate Low-Rank Adaptation (LoRA)
(Hu et al., 2022) as a parameter-efficient alternative
to full fine-tuning. LoRA injects trainable low-rank
matrices into selected attention projections while
keeping the pretrained backbone frozen, thereby
reducing the number of trainable parameters. In
our experiments, LoRA is applied to the query and
value projection matrices of the transformer en-
coder with rank r = 8, scaling factor α = 32, and
dropout rate 0.1. Table 10 reports results aver-
aged over five random seeds. Compared to full
fine-tuning of RoBERTa-large under identical opti-
mization settings, LoRA yields consistently lower
performance across all datasets. On IEMOCAP,
LoRA achieves 56.7 F1w compared to 67.6 un-
der full fine-tuning (-10.9 points). On MELD, per-
formance drops from 65.1 to 61.7 (-3.4 points),
and on EmoryNLP from 37.5 to 31.1 (-6.4 points).
These results suggest that, under the evaluated
configuration, LoRA does not match the perfor-
mance of full fine-tuning for ERC. However, we
note that only a single LoRA configuration was
explored in this study. Further experiments vary-
ing rank, target modules, or partial layer freezing
could provide a more comprehensive assessment
of parameter-efficient adaptation for conversational
emotion recognition.

5.3. Class Imbalance Analysis
As shown in the dataset analysis (Section 4.4),
all three corpora exhibit notable class imbalance,
with some emotions dominating the label dis-
tribution and several minority classes occurring
only sparsely. This motivates the investigation of

Model IEMOCAP MELD EmoryNLP
RoBERTa-
Large (LoRA) 56.7 ± 0.86 61.7 ± 0.86 31.1 ± 2.55

Table 10: Effect of LoRA-based parameter-efficient
fine-tuning on ERC performance. Results are re-
ported as weighted F1 (F1w) averaged over five
random seeds.

Loss IEMOCAP MELD EmoryNLP
Cross-Entropy 66.8 ± 0.63 65.7 ± 0.88 37.5 ± 0.91
Focal 66.6 ± 1.81 65.2 ± 0.59 37.6 ± 0.44

Table 11: Loss function comparison for class im-
balance analysis (RQ3). Results are reported as
mean ± standard deviation of weighted F1 (F1(W))
over five random seeds.

imbalance-aware training objectives in ERC.

5.3.1. Loss Function Analysis

To evaluate whether imbalance-aware objectives
improve ERC performance (RQ3), we compare
standard cross-entropy loss with focal loss across
five random seeds (Table 11). On IEMOCAP, cross-
entropy achieves 66.8 ± 0.63 F1w, while focal loss
obtains 66.6 ± 1.81. On MELD, performance de-
creases slightly from 65.7 ± 0.88 to 65.2 ± 0.59.
On EmoryNLP, both losses yield nearly identical re-
sults (37.5 ± 0.91 vs. 37.6 ± 0.44). These results
indicate that focal loss does not provide consis-
tent gains over cross-entropy in ERC. The absence
of systematic improvements suggests that label
imbalance alone may not be the dominant bottle-
neck in transformer-based conversational emotion
recognition. A possible explanation is that minor-
ity emotion classes are not only underrepresented
but also exhibit substantial contextual ambiguity.
By emphasizing hard examples, focal loss may
increase sensitivity to label noise rather than im-
prove discriminative learning. Overall, standard
cross-entropy appears sufficiently robust under pre-
trained transformer fine-tuning in ERC.

5.3.2. Data Augmentation for Class Imbalance

To further examine whether data-level balancing
improves ERC performance (RQ3), we apply a text-
based oversampling strategy using a pretrained
FLAN-T5 model (Chung et al., 2022). For each
dataset, minority-class utterances in the training
split are augmented via paraphrasing. Specifically,
for each selected utterance, FLAN-T5 generates
paraphrased variants conditioned on preserving
the original semantic meaning and emotional label.
The validation and test splits remain unchanged to
ensure fair evaluation. The augmented samples
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Setting IEMOCAP MELD EmoryNLP
Baseline 66.8 ± 0.63 65.7 ± 0.88 37.5 ± 0.91
FLAN-T5 66.1 ± 1.18 62.0 ± 0.67 34.2 ± 0.79

Table 12: Effect of FLAN-T5-based oversampling
on ERC performance (RQ3). Results are reported
as mean ± standard deviation of weighted F1 over
five random seeds.

are merged with the original training data while pre-
serving dialog order and speaker annotations. Ta-
ble 12 reports the performance after augmentation.
Compared to the baseline without augmentation
(66.8 on IEMOCAP, 65.7 on MELD, and 37.5 on
EmoryNLP; Table 11), oversampling yields lower
performance on all datasets: 66.1 on IEMOCAP,
62.0 on MELD, and 34.2 on EmoryNLP. These re-
sults indicate that synthetic oversampling does not
improve—and may slightly degrade—performance
in transformer-based ERC. A possible explanation
is that paraphrased utterances introduce lexical
variability without adding new contextual signals,
potentially increasing noise in already ambiguous
emotional classes. Overall, data-level balancing
through paraphrasing does not appear sufficient to
address the structural challenges of class imbal-
ance in conversational emotion recognition.

5.4. Model Comparison
We further compare several pretrained transformer
backbones under identical training, optimization,
and evaluation settings to assess the impact of
architectural design and model capacity on ERC
performance. We consider RoBERTa-base (Liu
et al., 2019), DistilRoBERTa, DeBERTa-v3-base
(He et al., 2021), and NeoBERT (Le Breton et al.,
2025). These models represent different encoder
design philosophies: standard robust pretrain-
ing (RoBERTa), parameter compression (Distil-
RoBERTa), disentangled attention mechanisms
(DeBERTa), and a modernized next-generation
encoder architecture (NeoBERT). Table 13 re-
ports weighted F1 scores across IEMOCAP, MELD,
and EmoryNLP. DeBERTa-v3-base achieves the
strongest overall performance on IEMOCAP (64.8)
and EmoryNLP (37.5), suggesting that its disen-
tangled attention and improved positional encoding
enhance contextual modeling in conversational set-
tings. RoBERTa-base performs competitively, par-
ticularly on MELD (64.1), and consistently outper-
forms DistilRoBERTa. DistilRoBERTa shows a sys-
tematic performance drop compared to RoBERTa-
base (e.g., 62.1 to 59.7 on IEMOCAP; 64.1 to
61.6 on MELD), reflecting the trade-off between
model compression and representational capacity.
NeoBERT, despite its architectural improvements
and extended context design, performs comparably

Model IEMOCAP MELD EmoryNLP
RoBERTa-base 62.1 ± 0.81 64.1 ± 0.89 36.3 ± 0.37
DistilRoBERTa 59.7 ± 0.96 61.6 ± 0.24 34.3 ± 1.20
NeoBERT 60.5 ± 1.46 61.1 ± 0.79 34.6 ± 1.33
DeBERTa-v3-
base

64.8 ± 1.39 63.0 ± 0.96 37.5 ± 1.05

Table 13: Comparison of transformer backbones
on ERC benchmarks. Results are reported as
weighted F1 (F1W) under identical training and eval-
uation settings.

to DistilRoBERTa but does not surpass RoBERTa-
base or DeBERTa-v3-base under our ERC setup.
Overall, models with stronger contextual represen-
tation mechanisms (RoBERTa-base and DeBERTa-
v3-base) provide more stable and competitive per-
formance across datasets, highlighting the impor-
tance of expressive encoder architectures for mod-
eling nuanced conversational affect.

6. Conclusion

In this work, we present a systematic empiri-
cal study of transformer-based models for Emo-
tion Recognition in Conversations, examining the
impact of contextual design, optimization strate-
gies, and class imbalance handling across multiple
benchmarks. Our results demonstrate that a short-
to-medium conversational context is sufficient for ef-
fective emotion modeling, while very long fixed con-
text windows yield diminishing returns. Past con-
versational history consistently proves to be more
informative than future context, and variable con-
text training enhances robustness without requiring
full-dialog modeling. Regarding optimization strate-
gies, moderate layer freezing improves training sta-
bility without sacrificing performance, whereas ex-
cessive freezing or fully parameter-efficient adap-
tation through LoRA limits task-specific adaptation.
Learning rate selection and warmup scheduling
further play a critical role in stabilizing transformer
fine-tuning for ERC. Finally, imbalance-aware inter-
ventions such as focal loss and data-level oversam-
pling do not consistently outperform standard cross-
entropy loss, suggesting that ERC performance is
more constrained by contextual ambiguity and se-
mantic overlap than by label frequency alone.

Overall, our findings provide practical guidance
for designing stable and effective transformer-
based ERC systems and highlight the importance
of controlled evaluation of architectural and opti-
mization choices in conversational emotion model-
ing.
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7. Ethics Statement

This work uses publicly available benchmark
datasets for Emotion Recognition in Conversations
(ERC), including MELD and EmoryNLP, as well as
the IEMOCAP dataset, which was obtained through
an official data access request process in accor-
dance with its licensing requirements. All datasets
consist of scripted or recorded conversational data
collected under institutional review procedures by
their original creators. Our study focuses exclu-
sively on the textual modality of English-language
conversations. While emotion recognition technolo-
gies may support beneficial applications such as
mental health monitoring or socially aware dialog
systems, they may also raise ethical concerns re-
lated to privacy, surveillance, and unintended pro-
filing if deployed without appropriate safeguards.
Automated inference of emotional states may be
inaccurate or contextually misleading, particularly
in real-world settings involving diverse populations.
We emphasize that the models evaluated in this
study are research prototypes trained on limited
benchmark datasets and should not be interpreted
as reliable indicators of psychological states in real-
world decision-making contexts.

8. Limitations

This study has several limitations. First, all ex-
periments are conducted on English-language
datasets, and therefore the findings may not gener-
alize to multilingual or low-resource conversational
settings. Second, our analysis is restricted to the
textual modality, although some of the evaluated
datasets (e.g., IEMOCAP and MELD) are inherently
multimodal. Emotional cues conveyed through
acoustic or visual signals are not considered in this
work. Additionally, benchmark datasets for ERC
exhibit class imbalance and annotation ambiguity,
which may affect both model training and evalua-
tion. Emotional labels in conversational settings
are inherently subjective and context-dependent,
potentially limiting the ceiling performance of super-
vised approaches. Finally, while our study system-
atically evaluates several architectural and training
design choices, the experimental space remains
limited. For example, only a single LoRA config-
uration was explored, and alternative parameter-
efficient settings may yield different conclusions.
Similarly, although multiple backbone models were
compared, we did not conduct an exhaustive ex-
ploration of all modern encoder architectures or
extensive hyperparameter sweeps for each vari-
ant. Future work could investigate a broader range
of adaptation strategies and model configurations
to provide a more comprehensive assessment of
optimization and architectural choices for conversa-

tional emotion recognition. A limitation of this work
is the absence of a comparison with prompt-based
or large language model (LLM) approaches, such
as GPT- or Gemini-style models. While such meth-
ods have recently been explored for ERC, our study
focuses on supervised transformer encoders under
controlled experimental settings. Future work will
extend this analysis to include prompt-based tech-
niques in order to more comprehensively evaluate
whether encoder-based models remain competitive
in conversational emotion recognition.

9. Data and Code Availability

We will release the code and implementation details
for this work on a public repository upon publication.
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Abstract
Understanding how cross-modal interactions influence unimodal and multimodal emotion recognition remains
an open question in multimodal affective computing. This study presents a systematic empirical investigation of
how multimodal inputs affect both unimodal and multimodal emotion recognition performance. Using the UniC
dataset, which provides modality-specific and global multimodal annotations across text, audio, and visual modalities,
we conduct experiments based on the Tensor Fusion Network (TFN) under unimodal, bi-modal, and tri-modal
configurations. Results show that cross-modal interactions exert complex and asymmetric effects. While additional
modalities can provide complementary emotional cues, they may also introduce interference when signals diverge.
Models continue to struggle with less frequent or extreme emotions such as disgust. Notably, multimodal embeddings
combined with unimodal annotations outperform fully multimodal supervision in the same setup, highlighting the
role of annotation consistency and cue reliability. These findings provide a systematic empirical validation of the
long-assumed notions, demonstrating that cross-modal effects are not simply additive and highlighting the need for
more interpretable multimodal fusion strategies.

Keywords: multimodal emotion recognition, modality-specific annotation, cross-modal interaction

1. Introduction

Human emotion is inherently multimodal (Pan et al.,
2023; Junchi et al., 2025). In daily communication,
emotional meaning is conveyed not only through
verbal expressions but also through other channels,
such as tone and facial movements (Wallbott and
Scherer, 1986). The interaction of these modalities
enables humans to perceive and interpret emotions
more accurately and richly than from any single
channel alone. Inspired by this, multimodal emo-
tion recognition (MER) has become a central task
in affective computing (Picard, 1997) and human-
computer interaction (Zhang et al., 2024), aiming
to jointly analyze cues from multiple single modali-
ties, for example, text, audio, and vision, to model
emotion more comprehensively (Shou et al., 2025;
Du et al., 2025a).

Well, that is interesting...

😀😉😑🙁😡… Multi-
modal
Task

Vision
Task

Audio
Task

Text
Task

Figure 1: Interdependencies between modalities in
emotion understanding

Over the past decades, extensive research has
demonstrated that integrating multiple modalities
improves emotion classification performance com-

pared with unimodal baselines (Busso et al., 2004;
Metallinou et al., 2010; Ezzameli and Mahersia,
2023). The performance gain is generally attributed
to cross-modal interactions, where information from
one modality helps disambiguate or reinforce cues
from another (Yu et al., 2020). For instance, as
shown in Figure 1, the same sentence “Well, this is
interesting...” can express a whole range of emo-
tions depending on tone of voice or facial expres-
sion. Modeling such interdependencies is thus cru-
cial for robust emotion understanding.

However, while cross-modal interaction is known
to benefit multimodal emotion classification (Ku-
mar and Vepa, 2020), a key theoretical question
remains underexplored: Can cross-modal interac-
tions also influence unimodal tasks, i.e. settings
in which a single modality’s label is taken as the
gold label? And how does this influence relate to
the task performance of multimodal models and
the way multimodal models represent and integrate
information across modalities?

In other words, beyond improving fused outputs,
does the integration of multiple modalities shape
how individual modalities encode emotion? Ad-
dressing this question is crucial for understanding
the representational dynamics between unimodal
and multimodal processing. Human perception
provides suggestive evidence that such influence
exists – people’s interpretation of speech or facial
emotion is often modulated by contextual knowl-
edge derived from other modalities (Barrett et al.,
2011; Wieser and Brosch, 2012). Investigating
whether this phenomenon also emerges in com-
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putational models can deepen our understanding
of multimodal representation learning and affective
reasoning.

To explore this issue, we propose a two-stage
experimental framework that systematically inves-
tigates the interplay between unimodal and multi-
modal learning. In the first stage, we train a trimodal
(Text-Audio-Video, TAV) model using multimodal
annotations to capture integrated emotional rep-
resentations. In the second stage, we conduct
a series of controlled experiments with unimodal
and bimodal configurations (T, A, V, TA, TV, AV),
where each setting is trained on its corresponding
unimodal annotations. For bimodal configurations
such as TA, this means leveraging the annotations
from both constituent unimodal modalities (i.e., T
and A), respectively. This structure enables both
vertical comparison between models trained and
evaluated with unimodal and multimodal annota-
tions, and horizontal comparison among unimodal,
bimodal, and multimodal inputs.

Through this design, we aim to explore two fun-
damental questions:

• Do cross-modal interactions, introduced
through the addition of other modalities, also
influence unimodal tasks? This possibility is
hypothesized, but experimental evidence to
substantiate it is currently lacking.

• How are such influences related to the perfor-
mance and interpretability of multimodal clas-
sification? This relationship remains insuffi-
ciently explored, and systematic empirical in-
vestigation is still lacking.

Our results reveal that cross-modal interactions
indeed influence unimodal emotion prediction. In
particular, we find that models trained on multi-
modal annotations learn richer, more balanced af-
fective representations, shaping the final emotion
representation, moving it beyond a simple addition
of modalities. Moreover, unimodal tasks display
distinct prediction tendencies that can be traced to
patterns of cross-modal correlation observed dur-
ing multimodal training. These findings suggest
that the model’s emotion recognition process op-
erates along a continuum, where unimodal and
multimodal processing are interdependent rather
than isolated.

By analyzing these phenomena empirically, this
work presents a dedicated investigation into how
cross-modal interactions exert positive or negative
influences on unimodal and multimodal emotion
tasks. It thereby advances a deeper understanding
of cross-modal dynamics and provides a novel in-
terpretative perspective on the multimodal emotion
research.

2. Related Work

2.1. Unimodal and Multimodal Emotion
Recognition

Emotion recognition has long been a central topic
in affective computing (Picard, 1997). Early ap-
proaches primarily relied on unimodal cues, such
as text (Stajner and Klinger, 2023), speech (Slaugh-
ter et al., 2023), facial expressions (Leong et al.,
2023), to infer affective states from a single informa-
tion channel. However, human emotion expression
is inherently multimodal (Pan et al., 2023; Junchi
et al., 2025), where the same verbal content may
convey drastically different emotions depending on
tone or facial gestures. This realization has led
to a paradigm shift toward MER, which seeks to
integrate different signals from multiple modalities
for more robust affective inference (Zhang et al.,
2024; Hazmoune and Bougamouza, 2024).

Recent advances in deep learning have greatly
enhanced MER performance by enabling the joint
learning of hierarchical and correlated representa-
tions. Representative models include graph-based
fusion networks (Li et al., 2023), transformer-based
learning frameworks (Khan et al., 2025), and con-
trastive learning strategies (Xie et al., 2025). By
employing graph-based relational modeling, self-
attention mechanisms, and contrastive representa-
tion learning, these architectures effectively capture
inter- and intra-modal dependencies, achieving no-
table gains over traditional baselines.

Despite this progress, most multimodal systems
are designed primarily to maximize the overall pre-
dictive performance, rather than to investigate how
modalities interact internally during learning.

2.2. Modeling Cross-Modal Interactions
Understanding cross-modal interaction mecha-
nisms is crucial for interpreting multimodal learning
(Fu et al., 2024). Researchers have explored vari-
ous methods to model cross-modal interactions, ei-
ther implicitly or explicitly. For instance, MulT (Tsai
et al., 2019) employs directional pairwise cross-
modal attention to capture interactions between
multimodal sequences, while CENet (Wang et al.,
2023) enhances text representations by integrat-
ing visual and acoustic information into a language
model. Additionally, LDW-MTFN (Du et al., 2025a)
introduces a label-based weighting scheme to ex-
plicitly balance the contributions of different modal-
ities.

However, existing mechanisms are primarily de-
signed to improve overall multimodal performance
and are less informative for understanding naive
cross-modal interactions. They tend to select only
the most useful information from each modality by
using mechanisms such as cross-modal attention
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(Tsai et al., 2019) and gating (Sun et al., 2024),
rather than considering all available information.
Moreover, previous studies have examined how
cross-modal interactions affect multimodal task out-
comes, but not their impact on unimodal tasks in
the field of emotion recognition, as illustrated in
Figure 1. Therefore, to investigate authentic cross-
modal interactions, it is necessary to fully integrate
information from all modalities without any selective
filtering, while also paying attention to how these
interactions influence unimodal tasks.

2.3. Dataset-Level Advances and
Remaining Gaps

One major bottleneck in examining cross-modal
effects lies in the lack of datasets with modality-
specific annotations. Most existing MER datasets,
such as MSP-IMPROV (Busso et al., 2016) or
CMU-MOSEI (Zadeh et al., 2018), only provide
unified emotion labels derived from the overall mul-
timodal impression. This design hinders a fine-
grained comparison between unimodal and multi-
modal emotion detection performances, as each
modality’s individual contribution cannot be inde-
pendently assessed.

To address this limitation, Yu et al. (2020) intro-
duced the Chinese dataset CH-SIMS, annotated
at both unimodal and multimodal levels. Subse-
quently, Liu et al. (2022) expanded this resource
by releasing CH-SIMS V2, adding more instances
to the original dataset. Both versions of the dataset
are annotated with sentiment labels. More re-
cently, Du et al. (2025b) proposed another dataset,
UniC, with both sentiment and categorical emo-
tion labels in English. An notable difference be-
tween these two datasets is that CH-SIMS contains
acted emotional expressions while the UniC dataset
comprises authentic emotional expressions. Both
datasets provide annotations for text, audio, and
visual modalities.

Our study focuses exclusively on the UniC
dataset, as it captures spontaneous and authentic
emotional expressions, making it more suitable for
robust emotion analysis. Leveraging its categorical
emotion labels on both unimodal and multimodal
level, we train and evaluate models under unimodal,
bimodal, and trimodal configurations. This setup
provides a rare opportunity to investigate how cross-
modal interactions influence unimodal and multi-
modal emotion recognition, addressing an impor-
tant gap in existing emotion research.

3. Method

3.1. Experimental Framework
To address the research question of whether cross-
modal interactions can influence unimodal tasks

and how this relates to multimodal classification,
we design a two-stage experimental framework.
In the first stage, a trimodal configuration of text,
audio and video (TAV) is trained and evaluated us-
ing multimodal annotations to capture integrated
emotional representations. In the second stage, ex-
periments are conducted with unimodal or bimodal
inputs (T, A, V, TA, TV, AV), where each setting is
trained with the corresponding unimodal annota-
tions. This design enables a systematic compar-
ison between multimodal and unimodal learning,
providing insights into how cross-modal informa-
tion contributes to unimodal emotion prediction and
overall multimodal understanding.

3.2. Dataset

We conduct our experiments on the UniC dataset
(Du et al., 2025b), which contains 965 video clips
featuring genuine emotional expressions. UniC
was annotated by three trained college students
from Ghent University, who served as experts, with
inter-annotator agreement used to ensure annota-
tion quality. Unlike acted emotion datasets such
as CH-SIMS (Yu et al., 2020), UniC captures au-
thentic emotions, making recognition both more
challenging and more representative of real-world
scenarios. Importantly, besides an overall emo-
tion annotation, UniC also provides independent
categorical emotion labels for three single modal-
ities: text, audio, and (silent) video. To the best
of our knowledge, it is the only available dataset
that offers modality-specific categorical annotations
for emotions, thus enabling a systematic study of
unimodal baselines, cross-modal interactions, and
label-specific emotion classification tasks.

UniC contains both dimensional and categorical
emotion labels. For the former, valence and arousal
are evaluated as an integer from 1 to 5, while for the
latter, a set of seven categorical emotion labels are
used, including disgust, disappointment, confusion,
neutral, surprise, contentment and joy.

The UniC dataset releases only pre-extracted
feature packages rather than the raw video data,
primarily due to privacy and data protection con-
siderations. Specifically, the released features are
extracted using multilingual BERT-base model (De-
vlin et al., 2019) for text, openSMILE (Eyben et al.,
2010) for audio, and MediaPipe (Lugaresi et al.,
2019) (25 FPS) for the visual modality.

3.3. Model

To investigate cross-modal interactions, it is essen-
tial to select a model that can faithfully capture the
contributions of each modality. Many existing mul-
timodal models, such as MulT (Tsai et al., 2019),
CENet (Wang et al., 2023), and LDW-MTFN (Du
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et al., 2025a), incorporate mechanisms like gat-
ing, dynamic weighting, or cross-modal attention.
While these mechanisms often lead to performance
improvements, they complicate the understanding.
The observed improvements may primarily reflect
architectural biases rather than the genuine effect
of modality interactions, as such mechanisms se-
lectively emphasize certain inputs and suppress
others, potentially masking the natural influence of
unimodal signals.

In contrast, the Tensor Fusion Network (TFN)
(Zadeh et al., 2017) provides a static and relatively
exhaustive representation of cross-modal interac-
tions, without relying on any of the aforementioned
architectural changes. Formally, let xT , xA, and xV

denote the embeddings of text, audio, and video
modalities, respectively. The tensor fusion repre-
sentation is computed as

T =

[
xT
1

]
⊗
[
xA

1

]
⊗
[
xV

1

]
(1)

where ⊗ denotes the outer product. The resulting
tensor T is then flattened and passed through fully
connected layers for classification. This approach
preserves all information from individual modalities
while capturing deep pairwise and higher-order in-
teractions, unlike simple concatenation, which does
not fully exploit the information content. Therefore,
TFN is particularly suitable for studying the gen-
uine contributions of added modalities, as any ob-
served performance changes can be more directly
attributed to the modalities themselves rather than
to architectural artifacts.

Although multi-task models such as MTFN have
shown stronger performance in prior studies, we
do not adopt a multi-task approach in this work, as
it could introduce confounding factors that obscure
the direct effects of each modality.

Overall, TFN provides a clear and controlled
framework for studying intrinsic cross-modal inter-
actions, making it a natural choice for our analysis.

3.4. Implementation Details
We define three input modalities: text (T), repre-
sented by textual transcript embeddings; audio (A),
extracted from speech acoustic features exclud-
ing transcripts; and video (V), extracted from silent
video frames. To investigate cross-modality inter-
action effects, we consider all possible modality
combinations: unimodal (T, A, V), bimodal (TA, TV,
AV), and trimodal (TAV). Each configuration serves
as input to the model. Independent unimodal and
multimodal annotations in UniC enable the model
to be trained and evaluated for different tasks, fa-
cilitating a systematic analysis of cross-modal influ-
ences. The UniC dataset is partitioned into training,
validation, and test subsets following a 6:2:2 ratio.

All models are trained using cross-entropy loss
for seven categorical emotion labels, with a batch
size of 32 and a learning rate of 0.0005. The ex-
periments are carried out on NVIDIA Tesla V100-
SXM2-16GB GPUs, and repeated with three ran-
dom seeds to ensure robustness.

Performance is evaluated using accuracy and
weighted F1-score to account for class imbalance,
allowing us to establish robust unimodal baselines
and quantify both positive and negative effects of
cross-modal interactions.

4. General Results

4.1. Unimodal-label Settings

Table 1 summarizes the performance of TFN un-
der different input modalities, evaluated against
four distinct annotation sources (text-, audio-, and
vision-based and multimodal labels).

First of all, it is clear that for unimodal emotion
recognition tasks – that is, when using unimodal
labels (text, audio and vision labels, respectively) –
the model achieves the best performance when the
three modalities are combined. This suggests that
multimodal information fusion can provide comple-
mentary cues that enhances emotion recognition in
single-modality tasks. Among the three unimodal-
label settings, the model performs best with text
labels, reaching an accuracy of 34.90% and an
F1-score of 28.09%, followed by the vision setup
(Acc=31.24%, F1 = 25.98%) and the audio setup
(Acc=27.23%, F1=24.00%). These results indicate
that when the three modalities are combined, the
model finds it easier to learn text-related emotional
patterns than those in audio or visual modalities.

When using text annotations, the unimodal text
baseline (T) achieves a higher accuracy (33.86%)
than both the text-audio (TA, acc=29.67%) and
text-vision (TV, acc=32.46%) settings. However,
it shows the lowest F1-score (19.13%), suggesting
that while the text-only model can capture the major-
ity class more frequently, it struggles to identify mi-
nority emotional categories. This suggests that the
inclusion of additional modalities introduces ben-
eficial complementary information that improves
classification balance and robustness, even if over-
all accuracy does not always increase. A further
investigation reveals that the unimodal text baseline
predicted all instances as neutral, as shown in Fig-
ure 2 in Section 5, highlighting the limitation of the
text-only setup. An inspection of the textual annota-
tions in UniC shows that neutral is indeed the most
frequent label, accounting for approximately one
third of all instances, which may have reinforced
this prediction bias in the text-only setup.

In contrast, the pattern is reversed when us-
ing audio annotations. The unimodal audio
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Input Text Label Audio Label Video Label Multimodal
Acc F1 Acc F1 Acc F1 Acc F1

TAV 34.90 28.09 27.23 24.00 31.24 25.98 28.45 21.17
TA 29.67 20.30 23.91 18.88 – – 27.22 19.57
TV 32.46 25.74 – – 27.92 21.35 28.27 21.84
AV – – 23.21 20.78 31.24 25.36 27.57 18.12
T 33.86 19.13 – – – – 28.10 16.99
A – – 25.83 22.47 – – 30.72 24.65
V – – – – 28.80 22.70 28.80 18.77

Table 1: Performance of TFN when using text, audio, and video labels, respectively. Input refers to the
combination of modality embeddings. Results are averaged from three experiments with different random
seeds.

baseline (A) outperforms the multimodal settings,
achieving both higher accuracy (25.83%) and F1-
score (22.47%) than text-audio (TA, acc=23.91%,
F1=18.88%) and audio-vision (AV, acc=23.21%,
F1=20.78%). This indicates that the addition of
text or visual features introduces interference or
conflicting information, reducing the model’s ability
to align with the emotion expressed in the audio
modality. On the other hand, we also found that
during training, the inclusion of additional modali-
ties also leads to substantially earlier convergence,
indicating that they provide auxiliary information
that helps the model learn more efficiently, even if
the final performance does not always improve.

The situation becomes more complex when the
model uses vision annotations. The unimodal vi-
sion baseline (V, Acc = 28.80%, F1 = 22.70%) per-
forms better than the text-vision model (TV, Acc =
27.92%, F1 = 21.35%), but worse than the audio-
vision model (AV, Acc = 31.24%, F1 = 25.36%).
This pattern suggests that adding the audio modal-
ity provides positive complementary information,
while adding text may have a negative or distract-
ing influence on visual emotion recognition.

Taken together, across unimodal, bimodal, and
trimodal setups for unimodal-label tasks, the re-
sults indicate that adding one additional modality
can have either positive or negative effects, depend-
ing on the degree of alignment between modalities
and label sources. However, when two additional
modalities are combined, the overall effect tends
to be positive, suggesting that the benefits of multi-
modal complementarity outweigh the potential in-
terference among modalities.

4.2. Multimodal-label Settings

When the model is trained and evaluated with mul-
timodal labels, however, the results exhibit a dis-
tinct pattern compared with the unimodal-label set-
tings. As presented in Table 1, the model attains the
highest accuracy (30.72%) and F1-score (24.65%)
when using the audio modality alone, outperform-
ing other unimodal settings and all multimodal com-

binations. A possible explanation for this result
could be that the audio modality carries strong emo-
tional cues that are most consistent with the inte-
grated multimodal annotations, reflecting its critical
role in conveying affective information such as tone,
rhythm, and prosody.

In contrast, the performance of the full three-
modality fusion (TAV) does not exceed that of the
audio-only settings, although it still surpasses the
video-only and text-only configurations in terms of
F1-score (21.17% > 18.77% > 16.99% ). This indi-
cates that combining the three modalities provides
certain complementary benefits, but may also in-
troduce redundant or conflicting information.

4.3. Cross-setting Interpretation

When examining the first line of Table 1, it is evident
that when text, audio, and vision are used together
as inputs, the model performs better when trained
and evaluated with unimodal annotations than with
multimodal annotations. This observation suggests
two possible explanations. First, some emotional
cues emphasized in each unimodal annotation may
not be fully consistent with the holistic perception
reflected in the multimodal labels. Second, mul-
timodal annotations, while more comprehensive,
may introduce additional uncertainty or ambiguity,
making it harder for the model to align integrated
features with a unified emotional target.

It is also observed that the model achieves its
best performance when using the trimodal input
but being trained and evaluated with textual anno-
tations, suggesting a clear textual predominance.
This finding is consistent with previous studies,
which have similarly reported that textual features
tend to dominate in multimodal emotion recognition
tasks (Liu et al., 2022).

Comparing the two experiment schemes, it be-
comes evident that the relationship between modal-
ity and annotation source critically determines
model performance. When using unimodal anno-
tations, multimodal fusion is beneficial because
each label corresponds to its own modality, and
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the integrated features complement one another.
When using multimodal annotations, however, the
target label represents an overall emotional judg-
ment, which may not align equally across modal-
ities. Consequently, modalities like audio, which
might naturally reflect more global affective impres-
sions, could obtain better performance than the
other two single modalities. However, examining
the bimodal setups reveals that combinations in-
cluding text, specifically TA (text + audio) and TV
(text + vision), still outperform AV (audio + vision).
This suggests that textual predominance remains.

5. Qualitative Analysis

Figure 2 illustrates the confusion matrices across
all modality configurations. The first three rows
correspond to the different unimodal annotations
used, namely, text-, audio-, and vision-based anno-
tations, and the columns represent the gradual in-
clusion of modalities (single → bimodal → trimodal).
The fourth row represents the single modal inputs,
while the fifth refers to the bimodal and trimodal
inputs. The last two rows both refer to the results of
models using multimodal annotations. The seven
emotion categories (disgust, disappointment, con-
fusion, neutral, surprise, contentment and joy) are
indexed as 0-6.

The first row in Figure 2 presents the confusion
matrices for the text-based classification task under
different modality settings (T, TA, TV, and TAV). In
the purely textual condition (T-T), the model exclu-
sively predicts neural (class 3) regardless of the
ground-truth label, indicating a strong bias toward
the dominant class and a lack of discriminative ca-
pacity when relying solely on textual cues. When
additional modalities are introduced, this bias is
gradually mitigated. In the T-TA and T-TV settings,
although neutral remains the most frequent predic-
tion, the model begins to recognize a small number
of other categories (e.g., disgust, disappointment,
and contentment, or classes 0, 1, 5), suggesting
that audio and visual information help the model
capture subtle emotional variations that are not eas-
ily inferred from text alone. The T-TAV configuration
further enhances this diversification: predictions
are more evenly distributed across classes, and
off-diagonal entries (especially toward neutral, con-
tentment and joy, or classes 3, 5 and 6) increase,
reflecting improved sensitivity to inter-class distinc-
tions. Nevertheless, confusion among neighboring
emotional categories persists, for example, content-
ment and joy (class 5 and 6), implying that while
multimodal cues alleviate the single-modality bias,
cross-modal interactions remain imperfect. Notably,
the emotion joy is predicted only when multimodal
information is available.

Compared with the text-based experiments, the

audio-based experiments show predictions that are
more evenly distributed across all emotion cate-
gories except confusion and surprise, and remain
more stable across different modality settings. The
range and number of correctly predicted emotion
categories do not fluctuate as drastically as in the
text-based results, suggesting that audio-based
emotion recognition is relatively more stable and
less sensitive to cross-modal variations. However,
it is also noticed that there is no disgust emotion pre-
diction in the TA setup, suggesting that the addition
of textual information may have biased the model
toward more neutral or less extreme affective inter-
pretations, thereby suppressing the recognition of
disgust with distinctive acoustic patterns.

As for the vision-based experiments, the results
show different patterns from the text- and audio-
based setups. The unimodal setting (V-V) shows
a roughly balanced number of correct predictions
between disappointment (22) and contentment
(21). When textual information is added (V-TV), the
model becomes more sensitive to negative emo-
tions, as disappointment increases to 29 while con-
tentment drops to 14. In contrast, adding audio
(V-AV) strengthens positive recognition: content-
ment rises to 26 and joy also improves notably
from 7 to 16, whereas disappointment decreases
to 19. In the full multimodal condition (V-TAV), the
results appear to balance these trends, with dis-
appointment and contentment reaching 25 and 19
respectively, suggesting that the joint contribution
of text and audio helps the model achieve a more
balanced perception between negative and positive
emotions.

In the multimodal label experiments, the three
unimodal settings (M-T, M-A, and M-V) show a clear
tendency toward predicting more positive emotions
overall. Among them, contentment is consistently
the most correctly recognized category, exceeding
disappointment in all cases. This suggests that
when trained with multimodal annotations, the uni-
modal models tend to align more with the positive
affective patterns emphasized in the multimodal
ground truth. Compared to text and vision, the
audio-based model exhibits a more balanced dis-
tribution across positive and negative categories
and is also the only one that successfully predicts
joy, highlighting the unique contribution of acous-
tic cues to the recognition of high-arousal positive
emotions.

For the multimodal-label experiments involving
two- and three-modality combinations, several pat-
terns emerge. Bi-modal setups that include audio
(M-TA, M-AV) inherit the audio modality’s ability to
predict joy, whereas the text+vision combination
(M-TV) predicts two joy instances, but both are
incorrect, indicating that audio is critical for high-
arousal positive emotion recognition. The tri-modal
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Figure 2: Confusion matrices of true and predicted labels, when the model is trained and evaluated using
different annotation types and various modality combinations. T, A, V, and M refer to text, audio, vision,
and multimodal setups, respectively. Labels 0-6 correspond to seven emotions: disgust, disappointment,
confusion, neutral, surprise, contentment, and joy.
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configuration (M-TAV) shows similar capabilities for
joy as the bi-modal audio setups and is also the only
setting among all multimodal-label experiments to
produce predictions for disgust, with one correct
out of five predicted instances. Additionally, the
M-TAV results exhibit more frequent confusion be-
tween emotions of the same overall sentiment, par-
ticularly between contentment and joy, suggesting
that while integrating three modalities balances the
strengths of individual channels, it also introduces
subtle intra-sentiment ambiguity in the model’s pre-
dictions.

6. Discussion and Conclusion

This study, to the best of our knowledge, provides
a systematic empirical analysis that examines how
the presence of the different modalities influences
emotion recognition when trained and evaluated
under both unimodal and multimodal supervision.

6.1. Cross-Modal Complementarity and
Interference

Our results reveal that cross-modal interactions
exert a complex impact on both unimodal and mul-
timodal emotion recognition tasks. Rather than
simply enhancing recogniton accuracy through in-
formation aggregation, these interactions entail a
trade-off between complementary and conflicting
emotional cues. When using unimodal annotations,
tri-modal configurations generally outperform uni-
modal and bi-modal ones, suggesting that richer
multimodal representations can provide comple-
mentary evidence for emotion inference. However,
the addition of a single auxiliary modality does not
consistently yield improvements. This indicates
that adding another modality can sometimes pro-
vide complementary information, but may also intro-
duce interference or misalignment between modal-
ities when their emotional signals diverge.

there are some other options out there so for around this price 
you’re looking at you could definitely get air pods if you’re 
into that but you can also look towards if

Figure 3: An instance from the UniC test dataset,
labelled as neutral, contentment, disgust, and neu-
tral in the text, audio, silent video, and multimodal
setups.

In practice, multimodal data often contain het-
erogeneous and sometimes conflicting emotional
expressions, such as discrepancies between facial
expressions, vocal tone, and textual content, as
shown in Figure 3. This inherent variability means
that cross-modal interactions can amplify or dimin-
ish the contribution of each modality depending on
the context, making the impact of adding modali-
ties highly situation-dependent. Understanding and
modeling this nuanced balance is therefore crucial
for robust multimodal emotion recognition.

6.2. Supervision Type and Annotation
Reliability

Interestingly, models trained and evaluated with uni-
modal annotations tend to outperform those relying
on multimodal annotations, revealing a counterin-
tuitive phenomenon in multimodal emotion recog-
nition. A likely explanation lies in the annotation
reliability: unimodal annotations, which focus on a
single information channel, tend to be more inter-
nally consistent, whereas multimodal annotations
often suffer from lower inter-annotator agreement
(Du et al., 2023). This may occur because multi-
modal judgements may be influenced by differing
weights assigned to the visual, acoustic, or linguis-
tic cues. As a result, multimodal labels often in-
troduce greater uncertainty. These observations
suggest that combining multimodal input embed-
dings with unimodal annotations can sometimes
yield more stable and effective results than relying
solely on fully multimodal annotations.

6.3. Methodological Implications for
Fusion Strategies

The present study also highlights the methodologi-
cal implications of using Tensor Fusion Networks,
or TFNs, which treat all modalities equally. While
this approach can capture complementary infor-
mation, it is suboptimal when large discrepancies
exist across modality-specific annotations. Prior
research has shown that weighing modality em-
beddings appropriately can improve performance
with multimodal annotations (Du et al., 2025a). It
remains, however, an open question whether a sim-
ilar strategy applied to weighted embeddings with
unimodal annotations would further enhance per-
formance, and how it would compare to existing
configurations. Exploring this possibility could pro-
vide valuable insights into optimizing multimodal
emotion recognition under varying levels of anno-
tation reliability.

6.4. Main Contributions
This paper makes three main contributions. First,
it establishes a unified experimental framework for
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directly comparing unimodal and multimodal super-
vision under identical modality configurations. Sec-
ond, it clarifies that cross-modal interactions involve
both complementarity and interference rather than
uniformly improving performance. Third, it uncov-
ers a counterintuitive finding that multimodal inputs
paired with unimodal annotations can sometimes
outperform fully multimodal supervision. Together,
these results provide new empirical insights into
cross-modal dynamics and inform the design of
multimodal emotion recognition systems.

7. Limitations

Since the aim of this paper is to investigate cross-
modal interactions, all experiments share the same
hyperparameters as the multimodal setup (M-TAV)
to ensure a fair comparison across different config-
urations. This design choice, however, may lead
to suboptimal performance in single-modality set-
ting, for example, the text-only baseline predicted
all instances as neutral, as shown in Figure 2.

This study uses only a single dataset, as, to
the best of our knowledge, it is the only publicly
available resource containing both independent uni-
modal and multimodal categorical emotion labels
suitable for the proposed experimental design.

Although the research question itself is not en-
tirely novel, this work represents a systematic em-
pirical study to validate a widely assumed hypothe-
sis regarding cross-modal influences on unimodal
emotion recognition.

The Tensor Fusion Network (TFN) was chosen
because it is sufficiently expressive and efficient for
exploring multimodal emotion interactions, while
avoiding mechanisms such as attention that explic-
itly promote or suppress information. This ensures
that all modality information is preserved in the
model. More recent advanced models, which incor-
porate selective fusion mechanisms, may not be
suitable for this purpose.

Large language models are not employed in this
study, primarily because the audio and visual data
are private and raise ethical concerns regarding
privacy and consent. Only pre-extracted feature
packages are available and used for this study.
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Abstract
Cross-dataset generalization remains a major challenge in offensive language detection, especially for culturally
sensitive languages such as Hebrew. A large Hebrew dataset introduced in prior work, was annotated via a
taxonomy-grounded, prompt-guided LLM protocol and achieved strong in-domain results. However, performance
degraded sharply on two external Hebrew corpora. We investigate whether this degradation reflects domain shift
or annotation shift, i.e., differences in how offensiveness is operationalized across datasets. Using the same
prompt framework and a dual-LLM agreement procedure, we re-annotate both external corpora and quantify label
divergence. We observe substantial mismatch between the original and new annotations, consistent with the view
that offensiveness is not objective but depends on cultural context, discourse conventions, political framing, and
the interpretation of irony. Evaluating models against the new labels yields markedly improved performance, and
fine-tuning with the new external labels further improves results. Overall, our findings suggest that cross-dataset
failure in affective NLP tasks may often be driven by annotation mismatch rather than domain adaptation limitations,
highlighting the importance of annotation validity and culturally grounded labeling protocols.

Keywords: offensive language detection, annotation, cross-dataset generalization

1. Introduction

Offensive language detection is typically framed
as supervised classification: given a text, predict
whether it is offensive. However, offensiveness
is not an objective property of text. It depends
on cultural norms, discourse conventions, political
context, and pragmatic interpretation (irony and sar-
casm). This is especially salient in Hebrew, where
political discourse, slang, code-switching, and im-
plicit references are common. A large Hebrew
dataset introduced in prior work (Berger Hefetz
et al., 2026) contains 19K instances of messages
from the Rotter online forum https://rotter.
net/, annotated via a prompt-guided protocol (de-
tailed in Appendix A), To produce these annota-
tions, a dual-LLM agreement filtering with fine-
tuned transformer models was applied, which pro-
duced strong in-domain performance. Yet, when
the same models were evaluated on two external
Hebrew corpora, Litvak et al. (2022) and Hamad
et al. (2023), performance dropped sharply. These
results (Berger Hefetz et al., 2026) could reflect
domain shift (platform/topic/style), but they may
also indicate annotation shift, where datasets oper-
ationalize offensiveness differently, particularly for
political language and borderline cases. We disen-
tangle these explanations by re-annotating both ex-
ternal datasets using the same prompt framework
and a dual-LLM agreement protocol. We evaluate
several Hebrew-language models under the origi-
nal versus corrected labels and evaluate them on

corrected data, with and without fine-tuning. Our
results show that much of the cross-dataset degra-
dation stems from inconsistent labeling rather than
limited generalization.

Our contributions are (1) systematic re-
annotation of two Hebrew corpora (Litvak et al.,
2022; Hamad et al., 2023) using a taxonomy-
grounded prompt (Liebeskind et al., 2023); (2)
quantification of label disagreement and analysis
of culturally driven ambiguity; (3) evidence that
corrected labels restore cross-dataset performance
and improve fine-tuning; and (4) a methodological
shift in interpreting cross-dataset failure: we
demonstrate that performance degradation is
primarily driven by human annotation subjectivity
and labeling mismatch rather than topicality or
domain shift. By disentangling these factors, we
show that aligning the conceptual operationaliza-
tion of offensiveness is a prerequisite for reliable
cross-domain evaluation.

2. Related Work

Hebrew offensive language detection has been con-
strained by scarce annotated resources and linguis-
tic complexity. Early work relied on small datasets
and lexicon-based approaches, including abusive
comment detection in Hebrew-language groups
on Facebook (Liebeskind and Liebeskind, 2018).
Later studies explored cross-lingual transfer (Litvak
et al., 2022), while Hamad et al. (2023) introduced
a Hebrew offensive corpus and BERT-based de-
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tection. Despite these efforts, annotation practices
vary substantially across corpora. This is especially
consequential because offensiveness is not purely
lexical: it depends on intent, target, and pragmatic
interpretation and is often expressed indirectly via
political framing, sarcasm, or implicit.

Taxonomies capture the multi-dimensional na-
ture of abusive language and support more con-
sistent annotation for culturally sensitive affective
categories. Liebeskind et al. (2024) propose a de-
tailed framework covering targets, vulgarity, sever-
ity, and discriminatory aspects. LLM-based prompt-
ing offers scalability in low-resource settings but
requires structured guidelines. We use a taxonomy-
grounded prompt distilled into four indicators: in-
tent, target, tone, and impact in order to guide in-
terpretable binary labeling.

Cross-dataset performance drops are commonly
attributed to domain shift (platform, topic, style), but
they may also reflect annotation shift. Recent litera-
ture has increasingly recognized that such degrada-
tion is often a conceptual issue rather than a purely
technical one; for instance, Fortuna and Nunes
(2018) highlight the lack of unified taxonomies as a
major barrier to generalization, while Talat (2016)
demonstrates how the subjective background of an-
notators inherently shapes the decision boundaries
of toxicity classifiers. Datasets can represent offen-
siveness differently due to cultural assumptions, po-
litical context, and discourse norms, corresponding
to variation in how affective meaning is constructed
and categorized. We hypothesize that Hebrew of-
fensive language detection is a clear case where
annotation shift substantially contributes to cross-
dataset degradation.

3. Datasets

We analyze two external Hebrew corpora com-
monly used for offensive language detection (Ta-
ble 1): the Facebook dataset (Litvak et al., 2022)
and the Twitter corpus of Hamad et al. (2023), de-
noted as F (Facebook) and T (Twitter), respectively.
The Facebook dataset (F) consists of 5,217 an-
notated Hebrew comments, combining the OLaH
corpus of Litvak et al. (2021) with the dataset of
Liebeskind and Liebeskind (2018). Specifically, it
includes 2,000 annotated comments from OLaH,
1,489 annotated comments from the Liebeskind
collection (after replacing unknown labels and re-
moving non-Hebrew entries), and an additional
1,939 comments from the same source that were
manually annotated by three native Hebrew speak-
ers in the original work, with a third annotator
resolving disagreements. In total, the dataset
contains 5,217 labeled comments, with an inter-
annotator agreement of κ = 0.82. The Twitter
corpus (T) comprises 15,881 manually annotated

Hebrew tweets, labeled across five fine-grained
categories (abusive, hate, violence, pornographic,
non-offensive) by bilingual annotators (Hebrew–
Arabic speakers). The original publication does not
report inter-annotator agreement metrics. For the
purposes of our study, we unified all offensive cate-
gories (abusive, hate, violence, and pornographic)
into a single offensive label, keeping non-offensive
unchanged. These corpora differ from in-domain
Rotter data in platform, discourse style, and so-
ciopolitical context. Crucially, they also differ in
annotation guidelines and in how borderline cases
(e.g., profanity without a target, sarcasm, political
slogans, and quoted speech) are handled, making
them suitable for testing annotation shift.

Dataset Source Size
F (Litvak et al., 2022) Facebook 5,217
T (Hamad et al., 2023) Twitter 15,881

Table 1: External dataset sources and sizes.

4. Re-Annotation Method

Taxonomy-Grounded Prompt: We re-
annotate both external datasets using the
same prompt framework introduced in our prior
work (Berger Hefetz et al., 2026), derived from the
abusive-language taxonomy of Liebeskind et al.
(2024). The prompt operationalizes offensiveness
through four interpretable dimensions: intent
(whether the text aims to insult or demean), target
(whether an individual or group is identifiable), tone
(presence of slurs, vulgarity, or dehumanization),
and impact (whether the utterance would be
perceived as harmful in context). This structure
reflects a core affective-science insight: social and
emotional meaning is not solely encoded in lexical
content but emerges from context, intention, and
perceived interpersonal impact.

Dual-LLM Annotation and Filtering: The
re-annotation follows the Dual-LLM Annotation
and Filtering strategy validated in prior work
(Berger Hefetz et al., 2026). Each instance is
annotated independently by two LLMs: GPT-
4o-mini (version: gpt-4o-mini-2024-07-18) and
Gemini-1.5-Flash (version: gemini-1.5-flash-001).
The full system prompt used for classification is
provided in Appendix A. Both models provide
a binary label (Offensive/Non-Offensive) and a
rationale based on Chain-of-Thought reasoning.
To ensure a high-confidence gold standard, we
retain only instances where both models agree.
This specific pipeline was previously benchmarked
against a manually annotated set of 1,500 Hebrew
comments by two native experts (Berger Hefetz
et al., 2026). The validation demonstrated that
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this dual-model consensus mirrors human expert
judgment with high precision, achieving an
accuracy of 0.985 for the offensive class and
0.95 for the non-offensive class. Regarding the
Implicit category (expanded in Appendix B), our
prior validation indicated it as a primary source of
human-model disagreement; thus, it is excluded
from the present study to maintain a robust and
reliable labeling schema.

Human Review (Targeted): We complement
the quantitative analysis with a targeted human
review of systematic label flips. This validation is
described in the next section. Figure 1 summarizes
the overall re-annotation and evaluation pipeline.

Figure 1: Re-annotation and evaluation pipeline.

5. Re-Annotation Analysis

Offensiveness is inherently context-dependent. It
is shaped by cultural norms, discourse conventions,
and political framing and is especially sensitive to
pragmatic phenomena such as sarcasm, irony, and
quoted speech. As a result, differences between
datasets may reflect distinct operationalizations of
offensiveness rather than mere annotation noise.

Quantifying Annotation Shift: We compare
the original labels of each external dataset with the
re-annotated labels obtained under our dual-LLM
agreement protocol. Label distributions shift sub-
stantially between the original annotations (Fig. 2)
and the new annotations (Fig. 3). The Facebook
dataset shows a moderate increase in offensive-
ness, from 46% to 56.9% (5.3% disagreement),
whereas the Twitter dataset shifts dramatically from
a highly non-offensive skew (91% non-offensive)
to a majority-offensive distribution (58.5% offen-
sive; 6.1% disagreement). At the instance level,
confusion matrices (Fig. 4) reveal systematic mis-
match. These flips are systematic, not random,
and cluster around recurring pragmatic phenom-
ena. These occurrences are not solely linguistic;
they embody culturally rooted meanings of offen-
siveness inside Hebrew discourse. Political as-
saults characterized as personal humiliation or al-
lusions to terrorism and violence may be construed
as either offensive or non-offensive based on their
perception as targeted aggression or informational
reporting. The Facebook dataset exhibits an over-
all flip rate of 18.55%; (κ=0.63), with 29.94% of

(a) Facebook (b) Twitter

Figure 2: Original label distribution

(a) Facebook (b) Twitter

Figure 3: New label distribution

originally non-offensive instances relabeled as of-
fensive and 5.53% flipping in the opposite direction.
The Twitter dataset is far less stable: 56.25% of
instances flip overall (κ=0.10), driven by a strongly
asymmetric shift (60.22% non-offensive→offensive
vs. 16.71% offensive→non-offensive).

Qualitative Validation: Contextual Sources
of Label Mismatch: To better understand the
sources of annotation mismatch, we analyze the
Facebook (F) and Twitter (T) datasets (Appendix
C Table 4) by comparing the original labels with
the joint agreement of two LLMs, and adjudicating
each case against a manual annotation by a na-
tive Hebrew-speaking annotator. For each dataset,
we sampled 100 instances (50 per reversal direc-
tion), restricted to cases where both LLMs flipped
the original label. In the Facebook dataset, when
the original label was non-offensive (N) but both
LLMs predicted offensive (O), manual adjudication
supported the LLMs in 92% of cases, indicating
systematic under-labeling. The main drivers were
direct profanity/explicit insults (24%) and political
or ideological attacks framed as personal humilia-
tion (24%), with additional contributions from hos-
tile framing around violence/terrorism (14%) and
metaphorical insults such as animal comparisons
(10%). In the opposite Facebook direction (offen-
sive → non-offensive), manual adjudication sup-
ported the LLMs in 85% of cases; this group was
dominated by extremely short, context-poor frag-
ments (44%), suggesting aggressive truncation that
destabilizes offensiveness judgments, alongside
implicit or metaphorical insults that the LLMs some-
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(a) Facebook (b) Twitter

Figure 4: Confusion matrices between original and
new labels

times missed (accounting for the remaining 15%
where manual adjudication favored the original la-
bel). The Twitter dataset shows a different pattern:
in the non-offensive → offensive direction, manual
adjudication supported the LLMs in 94% of cases,
largely reflecting violence/terrorism discourse with
an aggressive pragmatic stance (46%) and direct
profanity/insults (30%). In the offensive → non-
offensive direction, agreement was highest (96%),
with many tweets mentioning violence/terrorism
(74%) but functioning as informational, descriptive,
or news-like content rather than targeted humilia-
tion. Overall, Twitter mismatches primarily reflect
an operational definition gap: original annotators
often treated discussion of violence and terrorism
itself as offensive, Our definition frames offensive-
ness as targeted insult, dehumanization, threat, or
directed harm, emphasizing its cultural and con-
textual contingency. Across both datasets, these
mismatch patterns cluster into recurring pragmatic
categories, such as direct profanity, political humil-
iation, dehumanization, violence-related framing,
and context-poor fragments. Table 4 (Appendix C
) provides representative examples drawn directly
from the manually adjudicated sample described
above, illustrating how each category manifests in
practice and highlighting the specific linguistic and
pragmatic cues that contributed to systematic label
flips.

6. Evaluation Methodology and
Results

Models: We focus on Hebrew-specific transformer
models that consistently perform well for Hebrew
NLP tasks: HeBERT, HeBERT-emo (Chriqui and
Yahav, 2022), AlephBERT (Seker et al., 2021), Ale-
phBERTGimmel (Gueta et al., 2022), DictaBERT
(Shmidman et al., 2023), and HeRo, (Shalumov
and Haskey, 2023). All models are fine-tuned for
binary offensive language detection using the same
training procedure.

Preprocessing and Experimental Design: For
each external dataset (Facebook and Twitter), we
apply the same preprocessing and filtering pipeline.
Our re-annotation retains only high-confidence in-

stances (LLM1-LLM2 agreement) and discards
both Implicit and disagreement cases, yielding
smaller datasets than the original corpora. For
experiments involving external training, we use
stratified train/test (80-20) splits and evaluate on
held-out test sets. All models are trained for three
epochs, consistent with prior experiments. To dis-
entangle domain shift from annotation shift, we
compare evaluation under the original labels ver-
sus the new labels, and test whether adding exter-
nal training data (again with 80-20 split) improves
performance beyond label alignment.

Setup E1: direct cross-dataset evaluation:
We train the models only on the Rotter dataset (de-
noted by R) and then evaluate them on test sets
of F and T datasets; we denote it by R → F/T.
We report performance under two label configura-
tions: (1) old labels; (2) new labels. Importantly,
the model parameters are identical when evaluat-
ing under the original versus new labels; only the
evaluation labels differ. This allows us to isolate
the effect of annotation mismatch independently of
domain adaptation.

Setup E2: fine-tuning with external training
data: We fine-tuned each model on the Rotter
dataset, augmented with the training set of a sin-
gle external dataset (either F or T dataset, with-
out cross-mixing), and denote it with R+ (F/T) →
F/T. We report performance under two label con-
figurations: (1) old labels; (2) new labels. In both
cases, evaluation is performed on the external
test sets of F and T. This stage tests whether per-
formance gains remain after label alignment and
whether additional adaptation to the external do-
main improves results. Unlike E1, this setup in-
troduces external data into training and therefore
reflects both domain adaptation and label alignment
effects. For all experiments, we report Accuracy,
Precision, Recall, and F1, using consistent training
hyperparameters.

Evaluation Results: Setup E1: Evaluation un-
der original vs. new labels. As shown in Table 2,
evaluation under the new labels yields substantially
higher accuracy than evaluation under the origi-
nal labels across both datasets. On Facebook (F),
average accuracy increases from 78.4% (E1.1) to
91.1% (E1.2), a gain of +12.7 points. On Twitter (T),
the increase is much larger: from 45.4% (E1.1) to
85.2% (E1.2), a gain of +39.8 points. Since model
weights and predictions are identical between E1.1
and E1.2, the observed performance differences
are solely due to differences in annotation, not do-
main adaptation. Notably, the Twitter results sug-
gest that most of the cross-dataset failure under the
original labels is an artifact of divergent annotation
criteria, rather than a true inability to generalize.

Setup E2: Combined fine-tuning with external
data. Adding external training data provides addi-
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R → F/T R → F/T R+ (F/T) → F/T R+ (F/T) → F/T
Model F T F T F T F T

old labels new labels old labels new labels
Metrics: Accuracy / Macro-F1

HeBERT 0.788 / 0.776 0.461 / 0.199 0.920 / 0.923 0.869 / 0.880 0.843 / 0.811 0.843 / 0.128 0.935 / 0.935 0.932 / 0.932
HeBERT-emo 0.758 / 0.746 0.439 / 0.190 0.910 / 0.914 0.848 / 0.863 0.850 / 0.824 0.853 / 0.100 0.941 / 0.942 0.931 / 0.930
AlephBERT 0.792 / 0.786 0.458 / 0.201 0.903 / 0.909 0.870 / 0.881 0.850 / 0.823 0.852 / 0.175 0.935 / 0.935 0.941 / 0.940
AlephBERTGimmel 0.805 / 0.798 0.476 / 0.203 0.930 / 0.934 0.895 / 0.902 0.850 / 0.824 0.846 / 0.146 0.960 / 0.960 0.956 / 0.956
DictaBERT 0.790 / 0.779 0.456 / 0.195 0.921 / 0.925 0.883 / 0.893 0.858 / 0.836 0.870 / 0.122 0.955 / 0.955 0.956 / 0.956
HeRo 0.770 / 0.765 0.431 / 0.190 0.880 / 0.893 0.849 / 0.865 0.848 / 0.821 0.863 / 0.107 0.931 / 0.933 0.932 / 0.932

Table 2: Model performance across datasets (Facebook (F) and Twitter (T)) Results are reported as
Accuracy / Macro-F1 score. The updated labeling schema demonstrates significant gains in cross-
domain robustness.

tional improvements, but primarily when evaluation
is conducted under the new labels. Under the origi-
nal labels (E2.1), accuracy improves only modestly
relative to E1.1, reaching 85.0% on Facebook and
85.5% on Twitter on average. In contrast, under the
new labels (E2.2), accuracy increases consistently,
reaching 94.3% on Facebook and 94.1% on Twitter
on average. The best configuration (AlephBERT-
Gimmel, E2.2) achieves 96.0% on Facebook and
95.6% on Twitter, suggesting that once label def-
initions are aligned, the remaining gap is smaller
and more plausibly attributable to genuine domain
variation rather than annotation shift.

7. Discussion

Our findings challenge the conventional focus on
domain adaptation in offensive language detec-
tion. Instead of treating cross-dataset performance
drops as an inherent limitation of model general-
ization across topics, we demonstrate that they are
often an artifact of divergent human perspectives
and labeling mismatch. Our results suggest that
cross-dataset degradation in Hebrew offensive lan-
guage detection is largely explained by annotation
shift rather than domain shift. External corpora ap-
pear to rely on different operational definitions of
offensiveness, especially for politically charged dis-
course, irony, and indirect group references. While
these findings highlight the centrality of annotation
shift, it is important to address a potential method-
ological concern. Specifically, one might worry
about the circularity of using LLM-based silver la-
bels for both training and cross-dataset evaluation.
We mitigate this risk by: (1) establishing human
expert validation on Dataset R, and (2) perform-
ing a qualitative manual audit of the label flips in
Datasets F and T (Section 5). This audit confirms
that the shifts in performance reflect a correction of
previous annotation inconsistencies rather than an
algorithmic bias inherent to the generative models.
From an affective science perspective, this is ex-
pected: offensiveness is not an objective text prop-
erty, but a context-dependent judgment shaped by

cultural norms and discourse practices. Therefore,
cross-dataset benchmarking should not be treated
as a pure robustness test. Without verifying la-
bel comparability, performance drops may reflect
mismatched annotation conventions as much as
true domain variation. This suggests that “solving”
cross-domain detection requires establishing uni-
fied, culturally grounded annotation protocols be-
fore applying complex adaptation algorithms. We
recommend that NLP datasets document guide-
lines in detail, report agreement and ambiguity
policies, and include qualitative analysis of border-
line cases. Taxonomy-grounded prompting offers
a practical route for improving cross-corpus label
alignment.

8. Conclusions

We re-annotated two external Hebrew offensive lan-
guage datasets using a culturally grounded prompt
and a dual-LLM agreement protocol. The new la-
bels diverge substantially from the original annota-
tions, and evaluation under the new labels yields
markedly improved performance. Combined fine-
tuning with the new labels further improves results,
suggesting that once labels are aligned, remaining
gaps are more plausibly attributable to genuine do-
main variation. Our study highlights a methodologi-
cal point for computational affective science: offen-
siveness is context-dependent, and cross-dataset
evaluation must account for annotation validity.

9. Limitations

This study has several limitations. First, LLM-based
annotation may introduce biases reflecting the mod-
els’ training data and cultural priors. Second, our
corrected labels represent one coherent opera-
tionalization of offensiveness, but not an absolute
truth. Third, we focus on two external Hebrew
datasets; additional corpora may exhibit different
mismatch patterns. Finally, some degree of gen-
uine domain shift likely remains even after label
alignment.
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A. Prompt Design

General Overview: To ensure a consistent and
high-quality gold standard, we developed a struc-
tured annotation framework implemented through
a detailed system prompt for the Large Language
Models (LLMs). The prompt was designed to sim-
ulate the decision-making process of a linguistic
expert, providing the models with clear definitions,
contextual guidelines, and a multi-step classifica-
tion process. The framework emphasizes three
primary pillars: (1) Contextual Awareness, requir-
ing the models to look beyond literal meaning to
capture tone and cultural nuance; (2) Objective Jus-
tification, where each label must be supported by a
concise rationale; and (3) Strict Validation, employ-
ing a “conservative-by-design” logic that prioritizes
the “Non-Offensive” category in cases of ambiguity.
This structured approach was instrumental in align-
ing the automated annotations with human expert
judgment, particularly in the complex landscape of
Hebrew online discourse.

System Prompt for Hebrew Offensive Lan-
guage Classification

Overview Classify text into three categories
based on intent, context, and impact: “Offensive”,
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“Implicit Offensiveness”, or “Non-Offensive”. Con-
sider cultural context, tone, and intended meaning
when making classifications.

Classification Categories
1.Non-Offensive Definition: Language that

maintains respect and social harmony, lacking
harmful intent or negative impact.

Key Characteristics: - Neutral or positive state-
ments - Factual observations - Constructive criti-
cism (when appropriate) - Professional communi-
cation - Personal expressions of emotion or opinion
without targeting others

Contextual Considerations: - News reporting of
negative events (when objective) - Professional dis-
agreement (when respectfully expressed) - Cultural
references (when not stereotyping) - Academic or
educational discussions

Examples: - נפלא!”! Mיו Kל מאחל ”אני (I wish
you a wonderful day!) - Kהדר את שינה ”האינטרנט
!”.Mמתקשרי אנחנו שבה (The internet changed how we
communicate) - אבל ,Kשל הדעה Mע Mמסכי לא ”אני
אותה.”! מכבד אני (I disagree with your opinion, but I
respect it)

2.Offensive Definition: Language deliberately
intended to harm, discriminate, or cause direct dis-
tress.

Key Characteristics: - Explicit slurs or hate
speech - Direct personal attacks - Discriminatory
statements - Dehumanizing language - Explicit
threats or violent language - Mockery of protected
characteristics

Common Categories: 1. Racial/Ethnic Discrimi-
nation 2. Religious Intolerance 3. Gender-based
Discrimination 4. Disability-based Discrimination 5.
Age-based Discrimination 6. Appearance-based
Attacks 7. Socioeconomic Status Attacks

Examples: - ! ומכוער.” טיפש You’re)”אתה stupid
and ugly) - שלילי.”! Pסטריאוטי Mה אתנית הקבוצה ”כל
(All [ethnic group] are [negative stereotype]) - Mנשי”
לתפקיד.”! מתאימות לא (Women aren’t suited for [role])

3.Implicit Offensiveness **Definition**: Lan-
guage that appears neutral but carries subtle harm-
ful intent or negative implications.

Key Characteristics: - Passive-aggressive state-
ments - Backhanded compliments - Coded lan-
guage or dog whistles - Microaggressions - Sar-
casm with negative intent - Subtle stereotyping -
Leading questions with negative implications

Common Patterns 1. Contextual Triggers - El-
lipses (...) suggesting negative implications - Tone
markers that shift meaning - Cultural references
used inappropriately

2. Structural Elements - False equivalencies -
Loaded questions - Subtle stereotyping - “Just ask-
ing questions” format

Validation Questions Before classifying a state-
ment as implicitly offensive, answer the following
two questions: 1. To whom is the offensive implica-

tion directed? 2. What specific part of the sentence
makes it offensive?

- If there is no clear answer to at least one of
these questions, the statement should NOT be
classified as offensive. - The classifier must jus-
tify why the statement falls into this category with
explicit reasoning.

Examples - Implicitly Offensive: תמיד- את ”למה
מיוחדת?”! ...Kכ Why)כל are you always so... spe-
cial?) - Directed at a specific individual with passive-
aggressive tone - The ellipsis suggests negative
implications

- בחורה.”! בשביל חכמה... די ”את (You’re pretty
smart... for a girl) - Targets a gender group - Implies
an underlying stereotype

- Not Offensive (Fails validation): - יפה Mיו ”איזה
!”!Mהיו (What a beautiful day today!) - No clear
target - No harmful implication

Classification Guidelines
1. Context Analysis: - Consider cultural context -

Evaluate speaker intent - Account for power dynam-
ics - Assess historical context - Consider audience
impact

2. Tone Evaluation: - Analyze word choice -
Consider delivery method - Look for subtle markers
- Evaluate emotional impact

3. Impact Assessment: - Consider potential harm
- Evaluate broader social implications - Account for
group dynamics - Assess perpetuation of stereo-
types

Edge Cases and Special Considerations
1. Reclaimed Language: - Consider in-group

usage - Evaluate context and speaker identity -
Account for cultural evolution

2. Educational Context: - Academic discussion
of offensive terms - Historical documentation - Anti-
discrimination training

3. Artistic Expression: - Creative works - Social
commentary - Satirical content

Classification Process
1. Initial Assessment: - Read/hear the complete

statement - Note immediate reaction - Identify key
terms/phrases

2. Contextual Analysis: - Consider speaker intent
- Evaluate situation - Account for cultural factors

3. Final Classification: - Apply category crite-
ria - Consider edge cases - Document reasoning -
Estimate classification confidence (0.0–1.0) based
on clarity, context, and alignment with definitions
Please provide the confidence as a decimal number
between 0.0 and 1.0 only,Do NOT return a string
or word, only a raw number Please provide a brief
and concise reasoning for your classification, using
no more than 6 words!.

Remember: When in doubt, consider the poten-
tial impact on marginalized or vulnerable groups
and err on the side of caution.
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B. Qualitative Analysis of Implicit
Offensiveness

This appendix clarifies our treatment of the “Implicit”
category, which in this study specifically refers to
Implicitly Offensive content (i.e., insults or at-
tacks delivered without explicit slurs). Our qual-
itative error analysis revealed that Large Language
Models (LLMs) struggle to distinguish between Im-
plicit Offensiveness and neutral/ironic discourse
in Hebrew. This leads to a phenomenon of Over-
contextualization, where the model hallucinates
offensive intent behind neutral linguistic markers.
Crucially, we attempted to mitigate this by providing
the models with additional context, specifically by
concatenating the parent headline or post to the
comment. However, our experiments showed that
this often exacerbated the over-contextualization
effect; the models became overly sensitive to the
sensitive nature of the headlines, leading them to
flag even neutral inquiries as “Implicitly Offensive”.
Table 3 illustrates these challenges with represen-
tative examples.

Hebrew Original English Translation The Annotation Challenge
מחשבה" בעלת נהדרת אישה
חופשית! "

“A wonderful woman with
free thought ”

Implicitly Offensive vs. Irony: The LLM flags
this as Implicitly Offensive (mockery) due to the
emojis, though it remains ambiguous without
deep social cues.

או" ידע Kמתו זאת כותב אתה
השערה?! "שזו

“Are you writing this from
knowledge or is it a hy-
pothesis?”

Contextual Misinterpretation: Even when pro-
vided with the post’s headline, the LLM flags
the question mark as a "belittling" attack, rather
than a valid debate question.

הדור...”! ′Nגאו′ ”ממש “Quite the ’genius’ of our
generation...”

Consensus Gap: While clearly sarcastic, the
models and humans often disagree on whether
this reaches the threshold of Implicit Offensive-
ness.

Table 3: Examples of implicitly offensive cases that
caused model disagreement and oversensitivity.

As demonstrated, forcing a binary label on these
cases would introduce significant noise. Further-
more, simply adding textual context (e.g., head-
lines) proved insufficient and sometimes counter-
productive. We conclude that addressing Implicit
Offensiveness requires more sophisticated, multi-
turn dialogue architectures or specialized cultural
fine-tuning, which we define as future research
directions. Focusing on explicit cases in this study
ensures a high-precision gold standard.

C. Examples of Systematic
Annotation Mismatch Patterns
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Table 4: Representative examples of systematic annotation mismatch patterns in the Facebook (F) and
Twitter (T) datasets.

DS Dir. Phenomenon English Example Hebrew Example
F N→O Direct insult/profanity “Hanin, you are a pathetic per-

son.”
עלוב!” Mאד אתה Nחני”

F N→O Political humiliation “And I tell you, Lapid, it is bet-
ter to be rich than poor like
you...”

עני ולא עשיר Pעדי לפיד Kל אומר ”ואני
!”Mכלו עשית באוצר Kכמו

F N→O Dehumanization (ani-
mal)

“Someone on the ship should
be thrown to the dogs and
kicked out of the Knesset,
traitors.”

Pולהעי Mלכלבי לזרוק הספינה על ”אחד
!”Mבוגדי הכנסת Nמ

F O→N Context-poor frag-
ment

“Shame.” ”בושה”!

T N→O Aggressive vio-
lence/terror framing

“A Jewish terrorist... should
take into account that this
could be his end.”

יכול זה Nבחשבו לקחת עליו יהודי ”מחבל
סופו”! ליהיות

T N→O Strong abusive lan-
guage

“The old woman in the hospi-
tal corridors... trash... scum...
may their name be erased.”

טינופת מיפלֵג¦ת במסדרונות... ”הזקנה
!”Mוזכר Mשמ ימח חלאות

T O→N News-style violence
mention

“Breaking: The PA thwarted
a stabbing attack against sol-
diers...”

!”Mהחיילי נגד דקירה פיגוע סיכלה ”הרשפ

T O→N Informational violence
mention

“The Hamas terror organiza-
tion marks today 12 years
since Operation Cast Lead...”

שנה 12 Mהיו Nמציי חמאס הטרור Nארגו”
יצוקה”! לעופרת
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Abstract
Automated emotion annotation increasingly relies on inter-LLM agreement as a proxy for label quality. We test
this assumption on 2,106 clause-level segments from interviews with French-speaking children (ages 6–11) about
parental roles, a setting where affect is often implicit rather than lexically explicit. Using a 500-segment expert
gold standard, we show that internal consensus can be seriously misleading: Dawid–Skene, a probabilistic label
aggregation method, estimates GPT-5.2 valence accuracy at 90.7%, whereas evaluation against human gold
yields 71.0%, revealing substantial overestimation driven by shared neutralization bias. Conversely, Dawid–Skene
underestimates Claude Sonnet 4, reversing model ranking. Majority Vote, Dawid–Skene, and MACE produce
near-identical consensus labels, suggesting that the main source of error lies in shared annotator bias rather than
in the aggregation rule itself. We release the expert gold subset and the probabilistic corpus to support future
work. Our results show that high inter-LLM agreement cannot replace external human validation for affect annotation.

Keywords: emotion annotation, child language, implicit affect, LLM annotation, annotation aggregation, hu-
man validation, gold standard, valence

1. Introduction

Emotion analysis in short, transcribed oral re-
sponses by children is challenging: telegraphic
syntax, disfluencies, and pervasive implicit affect
limit the reliability of sentiment tools trained on
adult corpora (Ogren and Sandhofer, 2021; Sagae
et al., 2010; Liu and Chen, 2024). Yet under-
standing how children emotionally frame family re-
lationships is relevant to developmental psychol-
ogy, education, and child welfare, while automated
annotation for this population remains underex-
plored (Pérez-Espinosa et al., 2020).

We study French transcriptions of children’s oral
interview responses about the parental roles FA-
THER and MOTHER (Bellachhab et al., 2025). The
dataset contains 2,106 clause-level segments re-
quiring emotion (valence, intensity) labels, and ex-
haustive expert annotation is cost-prohibitive. Be-
fore scaling an automated pipeline, we ask: can
inter-LLM consensus be trusted as a quality signal
for emotion annotation, or can shared model bias
yield deceptive agreement?

We construct a 500-segment stratified expert
gold standard and use it to assess both LLM per-
formance and Dawid–Skene as a quality estima-
tor. We show that when annotators share system-
atic biases (notably over-neutralization), aggrega-
tion can mistake correlated errors for consensus.

Our experimental design exploits a structural
asymmetry: Dawid–Skene estimates annotator re-
liability from internal consensus, while our expert

gold standard provides an independent external
measure. When these two signals diverge — as
they do substantially here — the gap reveals not
noise but systematic bias. We use this dissocia-
tion to identify the mechanism, not merely the mag-
nitude, of LLM annotation error in this domain.

Our contributions are:

1. DS / Gold dissociation: Dawid–Skene over-
estimates GPT-5.2 by 19.7 points and underes-
timates Claude Sonnet 4 by 6.8 points on va-
lence, reversing model ranking.

2. Aggregation is not the bottleneck: Major-
ity Vote, Dawid–Skene, and MACE yield near-
identical consensus labels (98.6% three-way
agreement; 493/500), implicating annotator
bias rather than the aggregation method.

3. Implicit affect dominance: Using Stanza
lemmatization and a 61-entry simplified FEEL
lexicon as a conservative probe, 76% of seg-
ments lack overt affect markers, creating condi-
tions for systematic over-neutralization.

4. Expert gold standard: 500-segment expert
annotation with structured disagreement reso-
lution (κ = 0.682–0.731), validated via Dawid–
Skene aggregation of human-only annotations
(κ = 0.983–0.991).
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2. Related Work

Emotion annotation in NLP has been shaped by
shared tasks (Strapparava and Mihalcea, 2007)
and lexical resources such as FEEL (Abdaoui
et al., 2017) and FANCat (Syssau et al., 2021) for
French — both derived from adult corpora, which
raises immediate questions about applicability to
child-produced language. Beyond resource avail-
ability, the field has increasingly recognized that
emotion annotation is inherently subjective: dis-
agreement between annotators often reflects gen-
uine perceptual differences rather than error (Uma
et al., 2021; Plank, 2022), a perspective known
as perspectivism. This is especially true when af-
fect is implicit — when no explicit emotion word
anchors the judgment and annotators must rely
on pragmatic inference. In such cases, disagree-
ment concentrates precisely where the signal is
weakest, as our results confirm. Related work
has begun extending annotation to child-facing
settings (Seo et al., 2024; Pérez-Espinosa et al.,
2020), but the reliability of automated methods for
this population remains underexplored.

LLMs have emerged as a promising alternative
to crowd-sourced annotation: ChatGPT matches
or exceeds crowd-worker quality on several text
classification tasks (Gilardi et al., 2023), and
GPT-4 reaches expert-level performance on polit-
ical content coding (Törnberg, 2023). For emo-
tion annotation specifically, LLMs often align well
with human judgments but exhibit systematic per-
ceptual biases, motivating hybrid human–LLM
pipelines (Niu et al., 2024, 2025). A natural
question is how to assess LLM annotation qual-
ity without exhaustive human validation — Dawid–
Skene (Dawid and Skene, 1979) is typically used
for this, modelling each annotator’s confusion ma-
trix via EM to recover latent true labels and esti-
mate per-annotator reliability. Agreement metrics
such as Fleiss’ κ (Fleiss, 1971; Cohen, 1960), Krip-
pendorff’s α (Krippendorff, 2011), and their proper-
ties are discussed in (Artstein and Poesio, 2008).
However, Dawid–Skene assumes conditional in-
dependence of annotator errors — an assumption
that may fail when multiple prompts of the same
model share architectural biases. Whether inter-
LLM consensus is a reliable quality signal under
these conditions, particularly when affect is largely
implicit, is the question we address.

3. Data and Annotation Schema

3.1. Corpus
We use an anonymized corpus of transcribed in-
dividual interviews with French-speaking children
(corpus and collection protocol available under CC-
BY-4.0), collected in four primary schools in France

between March 2021 and March 2022. Partic-
ipants (N=184 children, ages 6–11, mean 9.2
years; 51% boys) were asked to describe the con-
cepts FATHER and MOTHER. The corpus contains
2,106 segments: 1,053 for FATHER and 1,053 for
MOTHER (mean length 8.7 words, SD 5.3).

3.2. Annotation Schema

We designed a two-level annotation schema cap-
turing valence and intensity:

E1 – Valence and Intensity: valence ∈ {pos-
itive, negative, neutral, mixed}; intensity ∈
{0 (none), 1 (weak), 2 (moderate), 3 (strong)};
evidence_span citing the supporting text frag-
ment; negation_flag for negation constructions.

This paper focuses primarily on E1.valence
as the primary dimension, with E1.intensity
as a secondary analysis demonstrating LLM limita-
tions on ordinal annotation scales. All annotations
include a self-reported confidence score (0.0–1.0).

4. Automated Annotation Methods

4.1. Lexicon baselines

FEEL Complete (14,126 entries; raw). We eval-
uate the full FEEL lexicon (Abdaoui et al., 2017)
(derived from adult corpora) without modification.

FEEL Complete (filtered). To mitigate domain
mismatch, we test an aggressively filtered vari-
ant (stopword removal, POS filtering, length con-
straints, and stricter mixed rules); results are re-
ported in Section 6.1.

FEEL Simplified (61 entries). Finally, we use
a manually curated 61-item subset of FEEL as
a conservative proxy for overt affect (29 pos.,
30 neg., 2 contextual), excluding frequent but
context-dependent role terms (e.g., travaille, mé-
nage, chef) (Appendix B).

4.1.1. Annotation procedure

All lexicon-based methods use Stanza (Qi et al.,
2020) French lemmatization (tokenize, mwt,
pos, lemma processors) to normalize word forms
before lexicon lookup. Negation markers (ne, pas,
jamais, sans) within a 3-token window preceding
an affective lemma flip its valence. Final valence
is determined by majority vote over matched lem-
mas, defaulting to neutral if no matches occur.
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4.2. LLM-Based Annotation
We treat each LLM call as a noisy an-
notator. Two models, Claude Sonnet 4
(claude-sonnet-4-20250514, Anthropic)
and GPT-5.2 (gpt-5.2-2025-12-11, OpenAI),
annotated the full 2,106-segment corpus through
their respective batch APIs. All runs used temper-
ature 0, max_tokens=500, and structured JSON
outputs constrained by a predefined schema.

Prompting setup. Each model was queried with
three zero-shot prompts (P1–P3), yielding six
pseudo-annotators in total (2 models × 3 prompts).
The prompts shared the same system instruction
and annotation schema, and differed only in an-
notation posture: conservative, implicit-affect sen-
sitive, or lexically grounded. The full prompt tem-
plates are provided in Appendix A.

Implementation details. Claude Sonnet 4 was
queried via the Anthropic Message Batches API
on 2025-12-25, and GPT-5.2 via the OpenAI Batch
API on 2025-12-23. For each segment, the user
message contained the segment metadata and
the JSON Schema specifying the fields used in this
study (valence, intensity, evidence span, negation
flag, and confidence).

4.3. Aggregation Methods
All aggregation methods (MV, DS, and MACE) are
applied only to the six LLM pseudo-annotators;
lexicon-based methods are evaluated separately
as baselines.

Majority/Plurality Vote (MV). MV assigns the
plurality label. In case of ties, we use a uniform
distribution over tied labels, yielding confidence
1/ntied.

Dawid–Skene (DS). DS is a probabilistic aggre-
gation model (Dawid and Skene, 1979) that es-
timates latent true labels and annotator-specific
confusion matrices via EM, using a Dirichlet prior
α = 1. It assumes conditional independence of
annotator errors, an assumption that may be vi-
olated when LLM annotators share correlated bi-
ases (Section 6.6).

Ordinal DS for E1 intensity (y ∈ {0, 1, 2, 3}).
For ordinal intensity, we replace the standard cat-
egorical noise model with:

P (l = t | y = k, a) ∝ exp(−βa|k − t|),

normalized over t, where βa controls annotator a’s
tolerance to ordinal distance.

MACE. MACE is an EM-based aggregation
model (Hovy et al., 2013) in which annotators ei-
ther output the true label with competence θa or
sample from a global spam distribution ξ with prob-
ability 1 − θa, thereby down-weighting unreliable
annotators.

4.3.1. Robustness to the Aggregation
Method

On the 500 gold segments, all three methods
converge strongly (98.6% three-way agreement,
493/500) and yield near-identical performance
(MV: 69.2%, DS: 69.0%, MACE: 69.2%; κ ≈
0.475). This makes the aggregation rule itself an
unlikely source of error and instead points to the
LLM annotator pool as the main source of system-
atic bias (Section 6.6). For brevity, the remaining
analyses use DS, which also provides annotator-
specific confusion matrices for the bias analysis in
Section 6.6.

5. Human Gold Standard
Construction

5.1. Stratified Sampling
To validate automated annotations, we con-
structed a human gold standard on 500 segments
selected by stratified sampling from the full corpus,
providing ±3% confidence intervals at the 95%
level.

Four complementary strata were designed to
maximize validation informativeness (Table 1).

Stratum % n Objective

DS Confidence 40 200 Calibrate DS scores
vs. humana

Label-proportional 30 150 Corpus
representativenessb

LLM Disagreements 20 100 Maximally informa-
tive cases

Demographic 10 50 Age/gender/concept
robustness

Total 100 500
a Equal sampling across three confidence levels: high

(≥ 0.9), medium (0.7 ≤ x < 0.9), and low (< 0.7).
b Sampling proportional to the LLM-predicted label distri-

bution (positive 53.7%, neutral 40.8%, negative 4.4%,
mixed 1.1%). Gold-standard results later confirmed
that this distribution differs from the true one.

Table 1: Stratified sampling design (N=500)

Since stratification targeted structural proper-
ties (confidence zones, inter-LLM disagreement,
demographic balance) rather than specific LLM
predictions on individual instances, and since
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the resulting gold converges with an independent
Dawid–Skene aggregation of human-only annota-
tions (κ = 0.991, Section 5.4), selection bias is min-
imal. Because this subset is not a simple random
sample, results are reported by stratum where rele-
vant, and global estimates are interpreted with cau-
tion.

5.2. Annotation Protocol

Three independent expert annotators with back-
grounds in education and child development an-
notated all 500 segments, following a shared an-
notation manual with prototypical examples and
evidence-span justifications. A 30-segment cali-
bration pilot and a 50-segment quality checkpoint
preceded the full annotation. Disagreements were
resolved in structured discussion sessions; final la-
bels were determined by majority vote (2/3 agree-
ment). Segments were flagged with confidence
levels (HIGH / MEDIUM / LOW) based on the de-
gree of initial annotator agreement. The resulting
gold is predominantly positive (68.4%), with neu-
tral (26.0%), negative (4.6%), and mixed (1.0%)
classes; full label distributions are reported in Ta-
ble 11.

5.3. Inter-Annotator Agreement

Inter-annotator reliability on the 500-segment sub-
set was assessed using Fleiss’ κ over the three
expert annotators. Agreement is substantial for va-
lence (κ = 0.731) and moderate-to-substantial for
intensity (κ = 0.682), consistent with the known
difficulty of ordinal intensity scales (Conventions
in (Artstein and Poesio, 2008)). Disagreements
concentrate on short or contextually ambiguous
segments.

Relative to the adjudicated (vote-based) gold,
Annotator 3 shows lower agreement on valence
(κ = 0.719) than the other two annotators, reflect-
ing a more conservative interpretation of implicit
affect. Annotator 3 was outvoted on 76 segments
during disagreement resolution; accordingly, the
gold reflects the majority (more liberal) boundary
and may underestimate the positive/neutral bound-
ary difficulty (Section 8.1).

5.4. Gold Standard Validation

To validate the collaborative resolution procedure,
we applied Dawid–Skene independently to the
three individual human annotations and compared
the resulting labels to the vote-and-discussion
gold.

The two procedures converge at 98.8–99.6%
(κ = 0.983–0.991), confirming label equivalence
and providing the baseline contrast for Section 6.6:

Dimension Agreement κ Divergences

E1.valence 99.6% 0.991 2
E1.intensity 98.8% 0.983 6

Note. All 8 divergences fall on segments flagged
as MEDIUM or LOW confidence in the vote-based
gold. No divergence occurs on HIGH-confidence seg-
ments.

Table 2: Agreement between vote-and-discussion
gold and Dawid–Skene human gold

applied to truly independent annotators, DS pro-
duces near-perfect alignment; applied to LLM
prompts sharing architectural biases, it does not.

6. Results

6.1. Lexicon Baseline
Table 3 compares lexicon methods against the hu-
man gold.

Method Acc. κ Gap

FEEL Simplified (61) 44.0% 0.162 −25.0 pp
FEEL Complete (raw) 46.2% −0.032 −22.8 pp
FEEL Complete (filt.) 58.6% 0.023 −10.4 pp
LLM Aggregation 69.0% 0.475 baseline

Note. Gap = difference from the LLM aggregation
baseline (69.0%).

Table 3: Lexicon baseline comparison for valence
accuracy and κ on the human gold (N = 500)

FEEL Simplified is the stronger baseline de-
spite its 61-entry size: its 76% zero-hit rate de-
faults to neutral, correctly handling implicitly affec-
tive text, while FEEL Complete (raw) over-predicts
mixed (113 vs 5 gold) due to context-dependent
lemmas (papa [dad], maman [mom]) marked pos-
itive in adult corpora. Filtering recovers 12.4pp
(+46.2%→58.6%) but the 10.4pp gap to LLM ag-
gregation persists, confirming that lexicons cannot
capture the 76% of segments expressing affect im-
plicitly (see Appendix C for illustrative examples).

Implicit affect dominance. FEEL Simplified’s
76% zero-hit rate (after Stanza lemmatization)
quantifies the core challenge: three out of four tran-
scribed segments about parents lack explicit emo-
tion words yet convey clear sentiment. Appendix C
provides illustrative examples of affect expression
mechanisms that lexicons cannot capture: prag-
matic implicature (qui prend soin de nous → posi-
tive), counterfactual exclusion (si tu es un garçon
ton papa te comprend mieux → negative), and fre-
quency qualifiers (on n’est pas d’accord parfois →
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Valence Intensity
Method Acc. κ Acc. κ

FEEL Simplified 44.0 0.162 – –
Surface Rules 39.2 0.118 – –
GPT-5.2 71.0 0.484 41.0 0.107
Claude Sonnet 4 79.2 0.606 55.2 0.370
Annotator 1 98.0 0.956 90.8 0.865
Annotator 2 96.0 0.914 87.2 0.819
Annotator 3 87.0 0.719 78.0 0.682
Note. Accuracy is the proportion of exact label
matches. LLM scores are computed from Dawid–
Skene aggregated labels over the three prompts for
each model. Human annotator performance is evalu-
ated against the vote-and-discussion gold label. Lex-
icon methods are not evaluated for intensity because
their deterministic rules are not designed for ordinal
scales.

Table 4: Annotation performance against the hu-
man gold standard (N = 500)

mixed). This finding empirically justifies LLM de-
ployment for this domain.

6.2. LLM Internal Consistency
Both LLMs achieved high internal consistency
across their three prompts (Krippendorff’s α > 0.8,
Table 6): Claude Sonnet 4 mean α = 0.901, GPT-
5.2 mean α = 0.858. GPT-5.2 shows 92.2% unan-
imous agreement across prompts; Claude Sonnet
4 shows 93.2%. These figures suggest high anno-
tation quality. Section 6.6 shows they do not.

6.3. Performance Against Human Gold
Standard

Table 4 reports annotation performance against
the 500-segment human gold standard.

Several findings emerge. First, both LLMs sub-
stantially underperform human annotators on va-
lence (14–27 percentage-point gap) and on inten-
sity (23–50 point gap). Second, Claude Sonnet 4
outperforms GPT-5.2 on both dimensions, the re-
verse of Dawid-Skene estimates for valence (Sec-
tion 6.6). Intensity results are analysed in Sec-
tion 6.5.

Class-level performance. Table 5 reports per-
class metrics, revealing asymmetric error patterns
masked by overall accuracy.

GPT-5.2 achieves high precision on positive
(0.969) but poor recall (0.632), reflecting system-
atic over-neutralization: 118 gold-positive seg-
ments incorrectly predicted neutral (34.5% of pos-
itive instances). Claude achieves better balance
(precision=0.959, recall=0.749) with only 76 such

errors (22.2%). Macro-F1 scores—which weight
all classes equally—show Claude’s advantage
more clearly than raw accuracy: 0.660 vs 0.592
(+0.068). Both models struggle with the rare mixed
class (F1=0.308–0.333, n=5), but Claude substan-
tially outperforms GPT on negative (F1=0.766 vs
0.619), despite negative being only 4.6% of the
corpus.

6.4. Aggregation Methods: Robustness

Three aggregation methods (Majority Vote, Dawid-
Skene regularized, MACE) produce nearly identi-
cal results on the 500 gold segments, demonstrat-
ing that aggregation algorithm choice is not the per-
formance bottleneck. Table 6 presents the com-
parison.

This near-perfect agreement across aggrega-
tion methods (98.6%, 493/500 segments) indi-
cates that aggregation algorithm choice is not the
main limitation in this setting. Although the three
methods differ substantially in complexity, they pro-
duce functionally equivalent labels on the present
corpus. The limiting factor is therefore not algorith-
mic sophistication, but shared annotator bias.

The three methods nevertheless serve differ-
ent secondary purposes. When prioritising hu-
man review, MV is preferable because its vote
margin flags 108/500 segments (21.6%) as low-
confidence (< 0.7), directly identifying cases for
adjudication. By contrast, DS flags 0/500 seg-
ments and MACE only 3/500, making both largely
uninformative for uncertainty-based review on this
corpus. When confidence scores are not re-
quired, MACE achieves the best Macro-F1 (0.640
vs. 0.604 for MV), suggesting slightly better han-
dling of rare classes. DS, however, remains indis-
pensable for annotator bias analysis because it is
the only method that estimates annotator-specific
confusion matrices. This capability makes it possi-
ble to compare internal reliability with external gold
performance, which is the central analytical objec-
tive of this study (Section 6.6).

Given the goals of this study, we therefore adopt
DS for the present corpus.

6.5. Intensity: Ordinal Silver vs Gold

Individual LLMs perform poorly on intensity an-
notation (κ = 0.107–0.370, exact accuracy 41.0–
55.2%), far below human annotators (κ = 0.682–
0.865). Ordinal DS aggregation substantially nar-
rows this gap (Table 7), but reveals a systematic
downward bias.

The ±1 accuracy of 95.0% and quadratic κ =
0.654 confirm ordinal plausibility—most errors are
off by one level—but the label distribution exposes
a strong downward compression (Table 8): the sil-
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GPT-5.2 Claude Sonnet 4
Class P R F1 P R F1

positive (n = 342) 0.969 0.632 0.765 0.959 0.749 0.841
neutral (n = 130) 0.494 0.954 0.651 0.597 0.923 0.725
negative (n = 23) 0.684 0.565 0.619 0.750 0.783 0.766
mixed (n = 5) 0.286 0.400 0.333 0.250 0.400 0.308

Macro-F1 0.592 0.660
Weighted-F1 0.724 0.802

Note. P = Precision, R = Recall, and F1 = F1-score. Macro-F1 weights all classes equally, whereas Weighted-F1
weights by class frequency. Support (n) is shown in parentheses. LLM scores are computed from Dawid–Skene
aggregated labels over the three prompts for each model.

Table 5: Per-class performance for valence (N = 500)

Method Accuracy κ Macro-F1 Weighted-F1 Agree. w/ others

Majority Vote 69.2% 0.475 0.604 0.704 98.8%
DS 69.0% 0.475 0.618 0.703 99.0%
MACE 69.2% 0.476 0.640 0.705 99.2%

Three-way agreement: 98.6% (493/500 segments)
Note. All methods aggregate 6 LLM pseudo-annotators (2 models × 3 prompts). “Agree. w/ others” = proportion
of segments where this method agrees with at least one other method. Three-way agreement computed over
segments where all three methods produce identical labels (493/500 = 98.6%).

Table 6: Aggregation method comparison for valence performance on 500 gold segments

Metric Value

Exact accuracy 55.2%
±1-level accuracy 95.0%
MAE 0.498
κ (quadratic) 0.654
Spearman ρ 0.740

Table 7: Comparison of ordinal DS silver and hu-
man gold for intensity (N = 500)

ver over-predicts levels 0–1 and severely under-
predicts levels 2–3 (recall ≈ 28.6% for level 3).

Level Gold Silver

0 (none) 130 198
1 (weak) 128 182
2 (moderate) 207 110
3 (strong) 35 10

Table 8: Intensity label distributions for gold and
ordinal DS silver

This silver is suitable for pre-annotation and
coarse-grained trend analysis, but should not be
used for fine-grained intensity statistics, particu-
larly when high-intensity segments are the focus.

Model DS est. Human gold ∆

GPT-5.2 90.7% 71.0% −19.7 pp
Claude Sonnet 4 72.4% 79.2% +6.8 pp

Note. DS estimate = Dawid–Skene diagonal accu-
racy from LLM consensus on the full corpus (N =
2,106). Human gold = accuracy against expert anno-
tation (N = 500). ∆ = human gold minus DS esti-
mate, in percentage points.

Table 9: Dissociation between DS estimates and
human gold for valence

6.6. The DS / Human Dissociation
Table 9 contrasts Dawid-Skene estimates with hu-
man gold performance.

The dissociation is asymmetric: Dawid-Skene
overestimates GPT-5.2 by 19.7 points while under-
estimating Claude Sonnet 4 by 6.8 points. Two dis-
tinct mechanisms explain this pattern.

6.6.1. GPT-5.2: Bias collusion inflates DS
confidence

GPT-5.2 achieves 92.2% unanimous prompt
agreement. However, 27.3% of unanimously-
agreed segments are incorrect: all three GPT
prompts predict “neutral” for segments the human
gold labels “positive” (n=100 segments). This sys-
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tematic over-neutralization is not random error—it
reflects a shared model bias. Dawid–Skene can-
not distinguish genuine consensus from shared
bias: it interprets the unanimity as high reliabil-
ity and assigns elevated confidence scores to pre-
cisely the segments where GPT is wrong. The
Dawid–Skene independence assumption is there-
fore violated not merely formally but in a way that
compounds the most frequent error type. Corpus-
level evidence confirms the mechanism: the hu-
man gold contains 68.4% positive segments, while
GPT predicts only 44.6%—a 23.8-point neutraliza-
tion deficit that three correlated prompts cannot
self-correct.

Claude Sonnet 4: diversity penalized by
correlated prompt agreement. Claude shows
82.0% unanimously correct segments, compared
to 72.7% for GPT—indicating higher annotation
precision when prompts agree. However, Dawid–
Skene aggregation over the full 6-annotator pool
(2 models × 3 prompts) assigns lower weight
to Claude because Claude and GPT diverge on
difficult segments, while the three GPT prompt
variants remain highly consistent with each other.
Under the conditional-independence assumption,
DS interprets this correlated within-model agree-
ment as higher annotator reliability and therefore
downweights Claude whenever the two model
blocks disagree. When evaluated directly against
the human gold, Claude’s majority-vote accuracy
(79.2%) matches its individual evaluation, confirm-
ing that the DS underestimation reflects correlated-
prompt structure rather than genuine annotation
weakness.

Confidence-based filtering. Despite the mis-
calibration at corpus level, LLM internal confidence
scores remain locally predictive of quality. Seg-
ments with confidence ≥ 0.7 achieve 92.6–94.9%
accuracy (Table 10), providing a practical thresh-
old for annotation pipelines: apply LLM annota-
tion to the full corpus, retain high-confidence seg-
ments, and prioritize low-confidence segments for
human review.

Confidence GPT-5.2 Claude Sonnet 4

< 0.5 62.7% (n=67) 70.5% (n=44)
0.5–0.7 57.7% (n=253) 70.6% (n=279)
0.7–0.9 92.6% (n=176) 94.9% (n=175)
≥ 0.9 100% (n=4) 100% (n=2)

Note. Confidence is the mean self-reported score
across three prompts. Accuracy is measured against
the human gold standard (N = 500).

Table 10: LLM confidence vs. human gold accu-
racy

Method Pos. Neu. Neg. Mix.

Human Gold 68.4% 26.0% 4.6% 1.0%
FEEL Simplified 19.0% 77.0% 3.0% 1.0%
FEEL Complete (filt.) 80.6% 8.2% 7.0% 4.2%
LLM Aggregation 39.8% 53.0% 5.4% 1.8%

GPT-5.2 44.6% 50.2% 3.8% 1.4%
Claude 53.4% 40.2% 4.8% 1.6%

Note. LLM Aggregation corresponds to MACE silver
(N = 500). DS and MV differ by less than 0.4 pp.
FEEL Complete (filt.) over-predicts the positive class
by 12.2 pp, whereas LLM Aggregation over-predicts
the neutral class by 27.0 pp.

Table 11: Valence label distributions (N = 500
gold segments)

6.7. Complementary Bias Patterns:
FEEL vs LLMs

FEEL and LLMs exhibit opposite systematic bi-
ases in label distribution, revealing fundamentally
different annotation mechanisms. FEEL Com-
plete over-detects positive (+12.2pp) through key-
word sensitivity, while LLMs over-predict neutral
(+27.0pp) through conservative bias on implicit
affect. These opposite errors suggest potential
value in hybrid pipelines (Section 8). Table 11
presents the full contrast.

7. Annotation Strategy for the Full
Corpus

Our validation translates into four operational de-
cisions for the remaining 1,606 segments. For va-
lence, we apply MV silver labels and retain them
as-is where vote confidence ≥ 0.7 — segments
falling below this threshold across the full corpus
(142/2,106) are submitted for human review, pri-
oritising the positive/neutral boundary where both
models concentrate their errors. Intensity is an-
notated manually for all segments: ordinal DS sil-
ver is suitable as pre-annotation but recall at lev-
els 2–3 is too low (≈ 28.6% for level 3) to trust
without human verification. Throughout, silver and
human-reviewed labels are kept separate to pre-
serve downstream flexibility.

Transferability caveat. The 0.7 threshold was
estimated on the same 500 segments used for
all comparisons. It is a working estimate requir-
ing validation as human review of the remain-
ing segments produces additional evidence. Re-
searchers applying this framework to other corpora
should construct a domain-specific gold sample
before adopting these thresholds.
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8. Discussion

Lexicons and LLMs fail in opposite directions —
simplified FEEL achieves 95.8% precision on ex-
plicit affect but produces no signal for 76% of seg-
ments, while LLMs cover that gap at the cost of sys-
tematic over-neutralization. These complemen-
tary weaknesses point toward a hybrid pipeline:
use the simplified lexicon for overt affect, apply
LLMs to zero-hit segments, flag disagreements
for expert review, and annotate intensity manually
throughout.

Beyond the present corpus, our results call into
question a common assumption in LLM annotation
studies: that high inter-LLM agreement (or high DS
confidence) reliably signals high annotation qual-
ity. This assumption can fail systematically when
multiple prompts of the same model share archi-
tectural biases — a plausible scenario in practice,
since prompt variation does not eliminate pretrain-
ing biases. In our experiments, the 19.7-point
overestimation for GPT-5.2 is large enough to re-
verse model ranking and materially change con-
clusions about annotation quality. We therefore
recommend that LLM annotation studies include at
least one independent external human validation
set, however small, to guard against shared biases
invisible to internal metrics (Pangakis et al., 2023).
Confidence calibration curves against ground truth
should be reported alongside internal agreement
metrics (Guo et al., 2017; Kadavath et al., 2022),
and DS consensus is better treated as an upper
bound on LLM quality than as a direct estimate,
particularly when annotators are known or sus-
pected to share biases (Paun et al., 2018).

8.1. Limitations
1. Gold standard size. 500 segments represent

23.7% of the corpus. Per-stratum performance
should be interpreted with appropriate confi-
dence intervals.

2. Annotator heterogeneity. Annotator 3 was
outvoted on 76 segments during disagreement
resolution, producing a gold that reflects two
more liberal annotators’ interpretation of implicit
affect. Applications requiring conservative an-
notation of the positive/neutral boundary should
treat the gold as an optimistic estimate.

3. Stratification informed by LLM predictions.
The label-proportional stratum (30%) reflects
the LLM-predicted distribution rather than the
true distribution. Post-hoc comparison con-
firms systematic differences (gold: 68.4% pos-
itive vs. LLM-predicted 53.7%), meaning the
gold sample slightly under-represents easy pos-
itive segments—a conservative bias for LLM
evaluation.

4. Dawid–Skene independence assumption.
Three prompts per model share architectural bi-
ases, violating conditional independence. We
quantify rather than eliminate this limitation,
and recommend alternative aggregation meth-
ods (e.g., item-response theory) for future work.

5. Confidence threshold estimated on gold
segments. The 0.7 threshold was derived from
the same 500 segments used for all compar-
isons. It is a working estimate requiring valida-
tion on held-out data.

6. Zero-shot prompting. The LLM annotation
uses zero-shot prompts, consistent with real-
istic large-scale annotation practice. Whether
few-shot or retrieval-augmented setups would
reduce or merely displace the shared biases
documented here remains an open question.

7. Domain and language specificity. Findings
apply to French child language about family;
generalization to other domains, languages, or
age groups requires separate validation.

9. Conclusion

We set out to answer a practical question—which
annotation strategy to use for a 2,106-segment cor-
pus of French child language—and uncovered a
methodological problem that extends beyond our
corpus.

Three findings stand out. First, DS consensus
is not a substitute for human validation: Dawid–
Skene overestimates GPT-5.2 valence accuracy
by 19.7 points due to shared neutralization bias
across all three GPT prompts, while simultane-
ously underestimating Claude Sonnet 4 by 6.8
points. The gap reverses model ranking. Second,
aggregation algorithm is not the bottleneck: Ma-
jority Vote, Dawid–Skene, and MACE converge at
98.6% agreement—better algorithms cannot com-
pensate for biased annotators. Third, implicit af-
fect dominance: 76% of transcribed segments re-
quire context-aware methods; lexicons alone are
insufficient, but LLMs’ conservative bias toward
neutral precisely targets these implicit segments.

Practically, we adopt MV valence labels for the
full corpus (vote confidence threshold 0.7 for hu-
man review prioritisation), DS for per-annotator
bias analysis, and ordinal DS silver labels as pre-
annotation for intensity with human review at lev-
els 2–3. We recommend that any LLM annota-
tion study include at least a small external human
validation set, and treat Dawid–Skene confidence
as an internal aggregation score rather than cali-
brated quality evidence.

The validated 500-segment gold standard and
full 2,106-segment probabilistic corpus will be re-
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leased to support future research on emotion ex-
pression in child language.

Ethics and Reproducibility

We use a publicly available anonymized corpus of
interview transcripts with minors (Bellachhab et al.,
2025). The data contain no personally identifiable
information, and our annotations target text prop-
erties (affective content) rather than individual as-
sessment. The corpus and collection protocol are
released under CC-BY-4.0, which supports repro-
ducibility.
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A. Prompt Design and Schema

We used a shared system prompt combined with
three posture variants in order to induce controlled
diversity across annotations while preserving a
common task definition. Each segment was sub-
mitted with the same structured user message and
the same JSON schema constraints.

Base prompt (system, shared across P1–P3).
You are an expert annotator for emotion analysis
of children’s short answers. You MUST output
ONLY valid JSON that conforms to the provided
schema. Important constraints: evidence_span
fields MUST be exact substrings copied from
segment_text (character-exact, including ac-
cents and punctuation). Do not invent evidence

spans. If uncertain, use confidence in [0,1] accord-
ingly and keep evidence_span minimal but valid.
Do not add any extra keys.

Posture variants (appended to the base
prompt).
P1 (conservative): “Annotate carefully and con-
servatively. Prefer fewer labels if ambiguous.”
P2 (implicit): “Annotate based on the child’s ex-
pressed feeling/attitude in the text, even if implicit.”
P3 (lexical): “Annotate with emphasis on explicit
lexical cues; if none, keep confidence low.”

User message (per segment).

{
"segment_id": <int>,
"child_id": <int|null>,
"concept": "father|mother",
"question": "<question_type>",
"segment_text": "<exact child

utterance>"↪→

}

JSON schema (E1 fields used in this paper).

E1.valence: "positive"|"negative"|" ⌋
neutral"|"mixed"↪→

E1.intensity: 0 | 1 | 2 | 3
E1.evidence_span: exact substring of

segment_text↪→

E1.negation_flag: true | false
confidence: 0.0 - 1.0 (root level)

B. Simplified FEEL Lexicon

Category Lemmas (in French)

Positive (29) aide, aider, aimer, amour, apprécier,
bien, bisou, bon, bonne, câlin, confi-
ance, content, douce, doux, gentil, gen-
tille, heureux, joie, meilleur, merveilleux,
protection, protéger, raison, réconfort,
réconforter, soutenir, soutien, super, ten-
dresse

Negative (30) abandon, abandonner, colère, diffi-
cile, douleur, dur, dure, détester, én-
ervé, fâché, haine, haïr, inquiet, inquié-
tude, mal, mauvais, mauvaise, méchant,
méchante, peur, peureux, pleurer, seul,
souffrance, souffrir, sévère, tort, triste,
tristesse

Contextual (2) parfois, quelquefois

Table 12: Simplified FEEL lexicon
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Example Gold
valence

Why standard lexicons fail / How affect is expressed

qui prend soin de nous
[who takes care of us]

positive Implicit affect: no affective word appears, but “taking
care” pragmatically implies trust and safety. FEEL
Simplified yields 0 hits and therefore defaults to neutral.

si tu es un garçon ton papa
te comprend mieux
[if you are a boy, your dad
understands you better]
(a girl about “Father”)

negative The conditional implies exclusion: the child suggests
that, as a girl, she is less understood. No explicit
negative lexical cue is present.

on n’est pas d’accord parfois
[sometimes we disagree]

mixed The qualifier parfois [sometimes] weakens absolute
disagreement and shifts interpretation toward a
conditional or mixed valence. This requires pragmatic
reasoning rather than lexical matching.

qui va au magasin
[who goes to the store]

neutral This is a purely descriptive action. FEEL Complete
incorrectly treats aller [to go] and magasin [store] as
positive, producing a false positive.

Table 13: Illustrative examples of affect expression in child language about parents

C. Examples of Affect Expression

Table 13 illustrates several cases in which affect
is conveyed through implicature, syntax, and prag-
matics rather than through explicit emotion words.
The fourth example further shows that expanding
the lexicon may introduce false positives.
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Abstract
This paper introduces EVOKE (Emotion Vocabulary of Korean and English), a Korean-English parallel dataset of
emotion words. The dataset offers comprehensive coverage of emotion words in each language, in addition to
many-to-many translations between words in the two languages and identification of language-specific emotion words.
The dataset contains 1,426 Korean words and 1,397 English words, and we systematically annotate 819 Korean
and 924 English adjectives and verbs. We also annotate multiple meanings of each word and their relationships,
identifying polysemous emotion words and emotion-related metaphors. The dataset is, to our knowledge, the most
systematic and theory-agnostic dataset of emotion words in both Korean and English to date. It can serve as a
practical tool for emotion science, psycholinguistics, computational linguistics, and natural language processing,
allowing researchers to adopt different views on the resource reflecting their needs and theoretical perspectives. The
dataset is publicly available at https://github.com/yoonwonj/EVOKE.

Keywords: emotion words, cross-linguistic dataset, annotations, polysemy, metaphors

1. Introduction

Emotion words reveal how humans conceptualize
and communicate emotional experiences through
language (Wierzbicka, 1999). They also provide a
foundation for lexicon-based sentiment analyses
and emotion detection (Liapis et al., 2025; Raji and
De Melo, 2020). Yet, emotion words are diverse
and notoriously difficult to identify (Fehr and Rus-
sell, 1984; Wierzbicka, 1999; Wu and Zhang, 2025).
While some words transparently denote emotional
states (e.g., sadness, anger), others evoke or re-
flect bodily sensations, cognitive evaluations, or
physiological or behavioral expressions that may
or may not indicate emotional states proper (e.g.,
tense, captivating, blushing). Consequently, exist-
ing datasets of emotion words vary in how they
define and annotate emotion words, reflecting a
range of theoretical positions and methodological
frameworks (Clore et al., 1987; Fehr and Russell,
1984; Hong and Jeong, 2009; Johnson-Laird and
Oatley, 1989; Lee, 2006; Park and Min, 2005).

A maximally useful dataset of emotion words
in a language would have a few features. First, it
would be comprehensive–covering all words that
could be, on any theory, emotion words. Second, it
would explicitly identify selection criteria that estab-
lish whether words are or are not emotion terms,
and would allow users to apply their preferred cri-
teria to create bespoke theory-driven views on the
data. However, existing datasets generally cover
subsets of the possible emotion words in any lan-
guage. Moreover, they often apply different criteria
to identify emotion words based on specific theo-
retical frameworks, which makes it challenging to
integrate or compare datasets (Fehr and Russell,

1984; Baron-Cohen et al., 2010; Clore et al., 1987;
Hong and Jeong, 2009; Johnson-Laird and Oatley,
1989; Lee, 2006; Park and Min, 2005).

Cross-linguistic datasets extend the value of
monolingual resources, as comparisons of emo-
tion words can reveal emotions that may be shared
or specific across cultures (Jackson et al., 2019;
Russell, 1991). To date, however, the coverage
of words in cross-linguistic datasets is limited. Be-
cause meanings do not always translate one-to-one
across languages (Catford, 1965; Thompson et al.,
2020), a word in one language may not have any
direct translation in other languages (and thus cre-
ate lexical gaps), or might align with multiple words
in another language. For example, while English
dismay does not have an exact translation in Ko-
rean, English sad can correspond to multiple, subtly
distinct Korean words (i.e.,서럽다 (sŏrŏpta)1 and
슬프다 (sŭlpŭta)2, each of which also has several
different English correspondents of its own. This
underscores the need for cross-linguistic datasets
of emotion words with comprehensive lexical cov-
erage in each of the languages and many-to-many
translational mappings.

Lastly, emotion words are complex in that they
are often polysemous. For example, Korean부끄럽
다 (pukkŭrŏpta) encompasses the meaning of both
shy or shameful. Other polysemous senses are
often metaphorical. One example is the emotional
and spatial senses of low in English. Metaphor-
ical relations among senses of emotion words,

1To be sad and depressed (National Institute of Ko-
rean Language, 2025a).

2Sad and sorrowful enough to make one cry (National
Institute of Korean Language, 2025b).
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and polysemy more generally, reveal how emo-
tion semantics are organized within and across lan-
guages (Kövecses, 2003; Sauciuc, 2009), yet they
are rarely documented in emotion word datasets.

In light of these gaps, we present a dataset of
emotion words in two languages with (1) compre-
hensive lexical coverage and annotations by native
speakers based on several different theories to ac-
commodate diverse views and uses, (2) many-to-
many translational mappings established by bilin-
gual experts using existing lexicographic resources,
and (3) identification of polysemous words and
metaphorical relations among word senses.

2. Background

2.1. Theories Defining Emotion Words
Psychological and linguistic work has produced var-
ied methods to define emotion words. Some early
studies relied on unguided intuition, with raters judg-
ing words as emotional or not without explicit criteria
(Fehr and Russell, 1984; Storm and Storm, 1987).
More recent work uses acceptability judgments on
emotion words, placing them in frame sentences
for expressing emotions like “I feel X” or “I am X” to
evaluate whether they sound acceptable in those
contexts (Baron-Cohen et al., 2010; Clore et al.,
1987; Johnson-Laird and Oatley, 1989). Another
recent approach uses exclusion criteria, asking if a
word describes bodily sensation or epistemic state
without emotionality, to filter out some obvious non-
emotion words (Baron-Cohen et al., 2010; Johnson-
Laird and Oatley, 1989; Park and Min, 2005).

Research on Korean emotion words classifies
emotion-related predicates into different types:
state-oriented (a state experienced by an animate
subject), evaluation-oriented (properties of external
entities), and expression-oriented (behavioral ex-
pressions and responses) (Hong and Jeong, 2009;
Lee, 2006; Park and Min, 2005). The distinction be-
tween stative and evaluative predicates is closely
tied to causality, echoing the proposal to distinguish
externally caused emotions (e.g., “I am saddened
by his death”) from those concerning internal goals
(e.g., desire) (Johnson-Laird and Oatley, 1989).

2.2. Cross-linguistic Studies
The majority of existing cross-linguistic studies of
emotion words prioritize the prototypicality of emo-
tion over exhaustiveness, focusing on small sets of
emotion terms presumed to be universal (typically
fewer than 30) across large numbers of languages
(e.g., List et al., 2018), or utilize restricted sets
of words from bilingual studies (e.g., Bromberek-
Dyzman et al., 2021; Tang et al., 2023). These
approaches limit the exploration of finer-grained
distinctions of emotion words within a language.

Another line of research highlights culture-
specific emotion words, captured as words lacking
equivalents in other languages (i.e., lexical gaps).
For example, Korean words정 (chŏng) or한 (han)
lack equivalents in English, and are expressible
only with longer descriptions, like “long-lasting af-
fection and caring based on perceived closeness”
(Choi and Choi, 2002) or “Unresolved resentment,
grief, and anger, or a negative and long-lasting emo-
tion encapsulating the grief of historical memory”
(Kim, 2017), respectively. Cross-linguistic lexical
gaps signal how different language communities
represent and express emotions differently (Lomas,
2018; Lupyan, 2012; Rissman et al., 2023; Winawer
et al., 2007). However, they are often discovered
in small numbers through case studies (e.g., Choi
and Choi, 2002; Kim, 2017; Schmidt-Atzert and
Park, 1999), and are rarely identified at scale within
a broader lexicon of emotion in one language in
relation to other languages.

2.3. Semantic Relations and Metaphors
The meanings of polysemous emotion words are
often connected through metaphorical extension
from one meaning to other meanings (Bartsch,
2002). Comparing patterns of such emotion-related
metaphors across languages can reveal how emo-
tional meanings are structured similarly or differ-
ently across cultures (Kövecses, 2003). Identifying
these multiple senses thus provides a basis for
cross-linguistic studies on emotion semantics.

Existing annotation work on polysemous words
mainly targets resolving general lexical ambigu-
ities, not emotion words specifically (Haber and
Poesio, 2024; Passonneau et al., 2010; Rumshisky
and Batiukova, 2008). Similarly, cross-linguistic
studies of emotion-related metaphors often focus
on a small set of recurrent metaphorical map-
pings (e.g., “emotion as force” or “anger as a con-
tainer”; Lakoff and Kövecses, 1987; Sauciuc, 2009;
Türker, 2013), rather than examining metaphori-
cal structures across a wider variety of emotion
words. These gaps leave open questions about
how emotion words develop multiple meanings and
metaphorical extensions, and how such patterns
distribute within and across languages.

3. Objective of the Dataset

We introduce EVOKE (Emotion Vocabulary Of
Korean and English), a Korean-English paral-
lel dataset of emotion words with comprehen-
sive coverage in both languages plus cross-
linguistic mappings (publicly available at https://
github.com/yoonwonj/EVOKE). The dataset is
constructed by compiling lists of words to anno-
tate from prior studies on and datasets of emotion
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Korean–English Mappings

Many-to-many translational mappings

Kor Eng

수치스럽다 (suchi’sŭrŏpta)

부끄럽다 (pukkŭrŏpta)

수줍다 (suchupta)

bashful

shameful

shy

Annotations for
Korean Words

Annotations for
English Words

Figure 1: The structure of the Korean–English parallel emotion word dataset. Words in both languages are
connected through many-to-many translational mappings, with annotations for Korean and English words.

words. Those words are then annotated accord-
ing to multiple criteria used in earlier studies to
investigate their characteristics as emotion words.
The dataset also provides many-to-many transla-
tions of words between Korean and English, which
enables discovering emotion concepts specific to
each language. Lastly, the dataset identifies pol-
ysemous words and annotates the relationships
between their senses, enabling the identification of
emotion-related metaphors.

We focus on Korean and English for several rea-
sons. English serves as a well-studied reference
point, yet there does not yet exist a comprehensive
resource with structured annotations like the one
constructed here. Korean, meanwhile, is spoken
in distinct cultural settings, and contains purport-
edly unique, culture-specific emotion terms (e.g.,
정 (chŏng),한 (han)) that lack direct English equiv-
alents (Choi and Choi, 2002; Kim, 2017). Compari-
son of the two allows for the investigation of both
shared and culture-specific aspects of emotion lex-
ica. Additionally, the research team’s expertise in
linguistics, cognitive science, and knowledge as
native speakers of English and Korean makes it
feasible to construct a reliable dataset.

4. Dataset Construction

The dataset consists of three separate components
(see Figure 1): (1) Korean-English mappings, (2)
annotations for Korean words, and (3) annotations
for English words.

4.1. Word Selection and Translation
Candidate words were gathered from previous work
on emotion words in English (Baron-Cohen et al.,
2010; Morgan and Heise, 1988; Storm and Storm,
1987) and Korean (Jeon et al., 2022; Park and Min,
2005; Rhee and Ko, 2013).

To construct translational mappings (illustrated
in Figure 1), two Korean-English bilingual speakers
judged whether each word had translational equiv-
alents in the other language. A manual translation

approach was adopted to capture nuanced and pre-
cise meanings that are difficult to obtain through
automatic translation. The translators consulted two
bilingual Korean-English dictionaries (one Korean-
to-English and one English-to-Korean) for transla-
tion (National Institute of Korean Language, 2025c;
NAVER, 2025). In addition, definitions from Korean
(National Institute of Korean Language, 2025e)
and English monolingual dictionaries (Oxford Uni-
versity Press, 2025; Cambridge University Press,
2025) were compared to ensure accurate and se-
mantically rich matching, especially when transla-
tions provided in bilingual dictionaries varied across
sources or when forward and backward translation
yielded inconsistent results.

A word is considered to have a translational
equivalent when it can be translated to a single
word form (i.e., one or more words exist in both lan-
guages to denote the same meaning). Accordingly,
lexical gaps were identified when (1) bilingual dictio-
nary queries for words in one language only yielded
multi-word expressions or idiomatic phrases in the
other language,3 or when (2) back-translation pro-
duced inconsistent results. In the latter cases, the
translators consulted additional native speakers
and monolingual dictionaries to determine whether
the dictionary equivalent reflected a true transla-
tional match that fully captured the meaning of the
query word.

Moreover, lexical gap was defined as the ab-
sence of a word for a concept in one language when
such a word exists in the other (e.g., Janssen, 2004;
Li et al., 2024). Therefore, gaps arising at the mor-
phosyntactic level were not included, as those do
not indicate the absence of conceptual or seman-
tic content (Ivir, 1977; Lomas, 2018; Wierzbicka,
1999).4

3Hyphenated forms were treated as single lexical
items (e.g., cliché-ridden). Korean words that may ap-
pear either as single words or with internal spaces were
treated as single-word entries and were not considered
as lexical gaps (e.g., 사려 깊은 (saryŏkipŭn) ‘consider-
ate’).

4Some Korean verbs and nouns are systematically
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ID Label Annotation Question

Part 1. Acceptability judgments

acpt1 1st person “feel” Does “I feel X” sound acceptable?
acpt2 3rd person plural “feel” Does “They feel X” sound acceptable?
acpt3 Inanimate subject “feel” Does “It feels X” sound acceptable (inanimate “it”)?
acpt4 1st person “am” Does “I am X” sound acceptable?

Part 2. Semantic experiencer judgments

exp5 Subjectivity of experience In “It feels X”, can the sentence express what “it” experiences?
exp6 Evaluation as experience In “It feels X”, can the sentence express my evaluation of “it”?
exp7 Caused experience In “I am X”, does X denote a caused state of its associated noun/verb?
exp8 Causing experience In “I am X”, does X denote a causing state of its associated noun/verb?

Part 3. Exclusion criteria

excl9 Pure bodily sensation Does X describe a pure bodily/physical sensation?
excl10 Behavioral expression Does X denote a behavioral expression?
excl11 Pure epistemic state Does X denote a non-emotional epistemic state?

Part 4. Multiple meanings

poly12 Additional Meaning Does X have another distinct meaning to annotate separately?
→ If yes: create a new row for that sense and complete annotations in
Parts 1–3.

poly13 Distinctiveness Are the two senses of X in different domains?
poly14 Relatedness Are the two senses of X systematically related?

Table 1: Codebook for the annotation scheme. Part 1 collects acceptability judgments of the target
word in four different sentences. Part 2 includes two follow-ups for acpt3 (exp5–6) and acpt4 (exp7–8)
each. Part 3 applies exclusion criteria to filter relatively obvious non-emotion terms. Part 4 documents
polysemy and links senses via distinctiveness and relatedness judgments. All questions used two binary
labels (acceptable/unacceptable in Part 1, yes/no in Parts 2–4), with an additional option to choose
unsure. acpt1, acpt2, acpt3, exp5, and exp6 were only applied to adjectives, and the rest of the others
were applied to both verbs and adjectives, with modifications for verb annotations. Annotation criteria
were translated into Korean for Korean word annotations with appropriate modifications applied.

4.2. Annotation Objective and Process
We annotated words whose part-of-speech is iden-
tified as adjectives and verbs in each language.
Adjectives linked to identifiable lexical roots5, either
nouns or verbs, were annotated as noun–adjective
or verb–adjective pairs. Adjectives without such
identifiable lexical roots, along with all verbs, were
annotated independently. Nouns were not anno-
tated because the sentence contexts most com-
monly used for acceptability judgments in the lit-
erature are designed around predicative uses of
words (Baron-Cohen et al., 2010; Clore et al., 1987;
Johnson-Laird and Oatley, 1989), and several ex-
isting annotation criteria target semantic properties
specific to predicates (see Section 4.3.2; Hong and
Jeong, 2009; Lee, 2006; Park and Min, 2005).

translated into English using be- constructions (verb) and
being- constructions (noun). This creates gaps in verbs
and nouns for English relative to Korean in a systematic
way. See Bentivogli et al. 2000 for additional examples
and discussion of morphosyntactic gaps.

5A form commonly perceived as a base form without
its morphological derivation.

We recruited three native English speakers and
three native Korean speakers as annotators6, who
had backgrounds in cognitive science or linguis-
tics. Annotators completed one week of training
followed by ten weeks of annotation. During weekly
meetings, researchers and annotators discussed
questions and edge cases. Those discussions re-
sulted in modifications to the annotation guidelines
meant to improve the robustness of subsequent
annotations.

Annotators made binary judgments
(acceptable/unacceptable; yes/no) for
each annotation criterion, with the option to
choose unsure. We chose binary judgments over
graded ratings because some of the questions
are intrinsically categorical. Binary ratings also
avoid subjectivity introduced by continuous scales
(e.g., differential use of Likert scales per annotator)
and allow for easier combination of annotation
results from the different criteria to select words
that qualify as emotion words (see Section 6.1 for
an example of a use case).

6Annotators received course credits as compensation.
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Items marked unsure were reviewed in weekly
meetings. Cases that could be resolved through
group discussion were annotated again with bi-
nary labels. However, given the subjective nature of
emotion word judgments, we did not force consen-
sus. When annotators continued to find it difficult to
make a binary decision, we kept the unsure label.

The dataset was split so that each annotator re-
ceived a unique 30% of the words, while an addi-
tional 10% of the words were assigned to all three
annotators for inter-rater reliability assessment.

4.3. Annotation Criteria
The annotation criteria used features of emotion
words identified from the existing literature. Those
criteria were selected to include or exclude candi-
date words from the category of emotion words.
The full list is presented in Table 1.

Adjectives were annotated on all 14 criteria, while
verbs were annotated on 9, excluding acpt1, acpt2,
acpt3, exp5, and exp6. In addition, acpt4 was mod-
ified to suit part-of-speech differences. Because the
criteria differ by language and by part-of-speech,
Table 1 reports the annotation scheme for English
adjectives, which encompasses all 14 of the crite-
ria we devised. For Korean annotations, the criteria
were translated and adapted to Korean syntax and
usage patterns. Details of the modifications to Ko-
rean word annotations are in Appendix A.

4.3.1. Part 1: Acceptability Judgments

The first part of the annotation collected accept-
ability judgments to elicit native speakers’ usage
patterns of the words.7 Annotators judged whether
target words sound acceptable or unaccept-
able in given sentences, with an option to choose
unsure. The sentences served as standardized
contexts for evaluating each emotion word’s ap-
propriateness for expressing emotion. When the
word alone sounded unnatural, annotators could
suggest an alternate phrasal structure, which was
then adopted for the annotation (e.g., “I feel cared”
could be replaced by “I feel cared for”).8

The sentences for acceptability judgments were
selected based on their previous adoption as inclu-
sion criteria for emotion words (Baron-Cohen et al.,
2010; Clore et al., 1987; Johnson-Laird and Oatley,
1989), from psychological and linguistic studies of
emotion (Hong and Jeong, 2009; Liu, 2016; Lee,
2006; Niedenthal, 2008; Paul et al., 2020).

acpt1: 1st person “feel”, acpt2: 3rd person
plural “feel”, acpt3: Inanimate subject “feel”

7We ground the acceptability judgments in pragmatic
acceptability instead of grammatical acceptability.

8This was in response to differences between English,
which commonly uses phrasal verbs, and Korean, which
instead tends to use morphological derivation.

Three sentence contexts based on “I feel X” but
with varying subjects were used to assess whether
words activate subjective feelings of emotion (Lee,
2006; Niedenthal, 2008; Paul et al., 2020): “I feel X”
(acpt1: 1st person “feel”), “They feel X” (acpt2: 3rd
person plural “feel”), and “It feels X” (acpt3: Inani-
mate subject “feel”), where X is a target word. Par-
ticipants were instructed to interpret “I” and “they”
as animate experiencers (1st person and 3rd per-
son plural), and “it” as an inanimate object. If a
word denotes a subjective feeling, it is expected
to be judged as acceptable with animate subjects,
but not with inanimate ones (Baron-Cohen et al.,
2010; Clore et al., 1987; Dowty, 1991; Lee, 2006;
Liu, 2016).

acpt4: 1st person “am” “I am X” (acpt4: 1st
person “am”) was used to contrast with “I feel X” (1st
person “feel”) and capture words denoting states
versus evaluations. For example, caring fits “I am
caring” but not “I feel caring”. This contrast helps
reveal whether words refer to internal states or exter-
nal evaluations. However, some words (e.g., pretty)
can still be acceptable in both “I feel X” and “I am X”.
Follow-up questions in Section 4.3.2 further clarify
these cases (Clore et al., 1987; Hong and Jeong,
2009; Lee, 2006; Park and Min, 2005).

4.3.2. Part 2: Semantic Experiencer
Judgments

The second part introduced semantic experiencer
judgments as follow-up questions to acpt3 and
acpt4. These questions aimed to handle patterns in
acceptability judgments like those for pretty. Specif-
ically, these questions helped determine whether
words describe subjective experiences or external
evaluations, reflecting the contrast between stative
and evaluative words (Choi, 2008; Hong and Jeong,
2009; Lee, 2006).

exp5: Subjective experience, exp6: Evalua-
tion Annotators judged whether the word in “It feels
X” (acpt3: Inanimate subject “feel”) could express
what the inanimate subject “it” experiences (exp5),
and whether it could express the speaker’s evalua-
tion of “it” (exp6). These follow-up judgments clarify
whether acpt3 acceptability stems from evalua-
tive readings. For instance, “it feels merciless” may
sound acceptable if “it” refers to a fighter jet, but
such usage reflects evaluation rather than the inan-
imate subject’s feelings. These follow-up questions
ensure the frame captured the intended semantics
and help sort out such exception cases.

exp7: Caused, exp8: Causing Follow-up ques-
tions for acpt4 (1st person “am”) were designed
to complement the distinction between experien-
tial and evaluative words, following the “caused
emotion” distinction of Johnson-Laird and Oatley
(1989). Annotators were asked to judge whether the
target word describes a “caused” (exp7) or “caus-
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ing” (exp8) state within the “I am X” sentence con-
text. Korean annotators were allowed to adjust the
subject to consider additional naturalistic contexts,
incorporating the annotators’ suggestions for more
comprehensive evaluation.

To guide these judgments, adjectives were paired
with their identifiable root nouns or verbs (e.g.,
sadness–sad), and were asked to judge whether
each adjective is a caused state or a cause of the
paired root nouns or verbs. For example, annota-
tors judged whether sad refers to the caused state
of sadness or its causing state. For the remain-
ing adjectives, annotators were asked to imagine
hypothetical noun forms.

These causality judgments clarify whether a word
denotes an internal state or an external evaluation:
internal states typically correspond to caused forms
(e.g., depressed), while evaluations often align with
causing forms (e.g., depressing). A word may en-
compass both caused and causing meanings, or
words may represent each meaning separately.
Moreover, words with similar meanings in different
languages may capture these caused and caus-
ing meanings differently. Such differences could
help reveal varying semantic properties of emotion
words across languages.

4.3.3. Part 3: Exclusion Criteria

The third part applied exclusion criteria (Park and
Min, 2005; Baron-Cohen et al., 2010; Lee, 2006).
While emotions involve coordinated mind–body
processes, most theories distinguish them from
pure bodily sensations (e.g., thirsty) or cognition
(e.g., enlightened) (Anderson and Adolphs, 2014;
Johnson-Laird and Oatley, 1989; Lee, 2006; Paul
et al., 2020). Many also separate emotional states
from physical expressions (e.g., cry), which are
byproducts rather than core states (Anderson and
Adolphs, 2014; Johnson-Laird and Oatley, 1989;
Hong and Jeong, 2009; Lee, 2006; Paul et al.,
2020). These judgments are used to guide the ex-
clusion of non-emotion words.

Annotators judged whether each target word de-
scribes pure bodily or physical sensations (excl9),
behavioral expressions (excl10), or pure epistemic
states (excl11). These criteria were designed to
flag words that primarily fell into these categories for
potential exclusion from the set of emotion words.
This procedure provides a direct way to filter out
non-emotion terms according to widely shared the-
oretical assumptions, still allowing researchers to
retain those as emotion words if desired.

4.3.4. Part 4: Multiple Meanings

poly12: Additional meaning The fourth part of
the annotation was introduced to capture whether
each word had other meanings distinct from its

primary emotional meaning (poly12). When anno-
tators identified an additional meaning, they were
instructed to complete annotations in Parts 1–3 for
the additional meaning identified. To further spec-
ify semantic relationships among multiple senses,
two follow-up questions assessed the relationship
between the identified meanings.

poly13: Distinctiveness, poly14: Related-
ness Annotators judged whether the two senses
concern different domains or concepts (Distinctive-
ness; poly13), and whether they are connected
in a systematic way (Relatedness; poly14). For
example, the word low exemplifies a prototypical
metaphorical relationship. Its physical and emo-
tional meanings belong to distinct domains yet re-
main systematically linked through the conceptual
mapping between spatial position and emotional
valence. In contrast, blue demonstrates a looser
connection in that its color and emotional senses
are distinct, but their association lacks systematic
grounding. Although the metaphorical status of blue
is debatable, it does not exhibit the systematicity
typical of metaphors.
(1) a. “The ceiling is low.” → height

b. “I am feeling low today.” → feeling
c. → POLY13: yes, POLY14: yes

(2) a. “The sky is blue.” → color
b. “I feel blue.” → feeling
c. → poly13: yes, poly14: no

These dimensions derive from conceptual
metaphor theory, and specifically the Metaphor
Identification Protocol (Declercq and van Poppel,
2023; Group, 2007; Kovecses, 2010), to annotate
words that could have emotional meaning through
metaphorical extension (e.g., low). The annotation
results could help reveal how emotional meanings
emerge and relate to other meanings.

5. Dataset Analysis and Evaluation

5.1. Word characteristics

5.1.1. Part-of-Speech Statistics

Summary word statistics are in Table 2. A total of
1,426 Korean words and 1,397 English words were
included. Translation equivalents were identified
for all of these, forming many-to-many mappings
across Korean and English (Figure 1).

5.1.2. Translational Equivalence

The majority of words had corresponding transla-
tions in the other language. For Korean words, 574
nouns (97.12%), 587 adjectives (96.86%), and 213
verbs (93.01%) had one or more translational equiv-
alents in English. For English words, 495 nouns
(97.44%), 630 adjectives (93.89%), and 213 verbs
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Nouns Adjectives Verbs Total

Korean words 591 606 229 1,426
With translation(s) in English 574 (97.12%) 587 (96.86%) 213 (93.01%) 1,374 (96.35%)
Without translation(s) in English 17 (2.88%) 19 (3.14%) 16 (6.99%) 52 (3.65%)

English words 508 671 218 1,397
With translation(s) in Korean 495 (97.44%) 630 (93.89%) 213 (97.71%) 1,338 (95.80%)
Without translation(s) in Korean 13 (2.56%) 41 (6.11%) 5 (2.29%) 59 (4.22%)

Table 2: The statistics of Korean and English lexical entries with and without translational equivalents.
Words without translational equivalents indicate lexical gaps. Polysemous words with either (1) multiple
parts of speech, or (2) one of the meanings having translations in the other language but not in the other,
were counted as separate lexical entries. See Appendix B for policies regarding counting polysemous
word entries.

(97.71%) had one or more corresponding words in
Korean.

The analysis of translational equivalents revealed
a relatively similar degree of mapping complexity
between the two languages. Korean words had an
average of 1.61 translational equivalents in English
(SD = 0.93), and English words had a nearly iden-
tical average of 1.65 translational equivalents in
Korean (SD = 1.15). A total of 472 words in English
(33.79%) and 542 words in Korean (38.01%) had
two or more translational equivalents in the other
languages. Some words demonstrated particularly
rich translational mappings. The Korean adjective
우울하다 (uulhata) exemplified this complexity with
six English equivalents: depressed, dismal, gloomy,
low, down, and blue, capturing a range of physical
and emotional states that Koreans express through
a single word.

5.1.3. Lexical Gaps

Among Korean words, 17 nouns (2.88%), 19 ad-
jectives (3.14%), and 16 verbs (6.99%) lacked
translational equivalents in English. In English, 13
nouns (2.56%), 41 adjectives (6.11%), and 5 verbs
(2.29%) had no corresponding translations in Ko-
rean.

These lexical gaps may indicate conceptual gaps,
though this is not always the case. For example,
some of those words indicate areas where each lan-
guage expresses emotion concepts uniquely, like
답답하다 (taptaphata)9 (Schmidt-Atzert and Park,
1999). No single English word is equivalent, nor is
there a conventionalized phrasal way to express
the concept it denotes. However, other lexical gaps
do have phrasal equivalents, like moody, which has
a multi-word equivalent to “having ups and downs”

9Feeling dissatisfied and uncomfortable when some-
one’s behavior or the situation makes it hard to meet
one’s expectation (National Institute of Korean Language,
2025d; Schmidt-Atzert and Park, 1999).

(기분변화가심한 (kipun byŏnhwaka simhan)) in Ko-
rean. Systematically distinguishing these instances
from each other is beyond the scope of this pa-
per. However, because the identified lexical gaps
include both cases, this dataset can be utilized to
further explore empirical questions regarding the
relationship between lexical gaps and conceptual
gaps and the effects–if any–of the conventionality
of multi-word descriptions for emotion concepts.

5.2. Annotation Results
A total of 819 Korean words (602 adjectives, 217
verbs) and 923 English words (678 adjectives, 245
verbs) were annotated.10

Annotation criteria differed by part of speech,
which made averaging results across adjectives
and verbs infeasible. We thus report results for
adjectives, which constitute the largest portion of
the dataset, and use all criteria (see Section 4.3 for
details). Results of verb annotations are provided
in Appendix C, and Figs. 5 to 7.

5.2.1. Agreement Scores

Agreement scores were calculated for the anno-
tation criteria in Parts 1–3, as not all words had
multiple meanings to be annotated. See Figures 3
and 4 in Appendix for the full pairwise annotation
scores.

Overall, Korean annotations showed higher relia-
bility (mean Cohen’s κ = 0.74) than English annota-
tions (mean κ = 0.60) in average. This pattern may
reflect greater consistency in the features of Korean
emotion words or, alternatively, additional training
adjustments introduced for the Korean word anno-
tation after the annotation of English words.

10Discrepancies between the number of words anno-
tated and those included in the translational mappings
arose from post-hoc corrections to part-of-speech coding
and translation mappings.
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Figure 2: The percentages of annotation values for each annotation criterion for adjectives in Korean
and English. The percentages for poly12 indicate the ratio of words annotated as having more than
one meaning in each language. The percentages for poly13 and poly14 were calculated among items
annotated as having more than one meaning in poly12. Error bars indicate 95% confidence intervals.

Agreement also varied by criterion and cross-
linguistically. Exclusion criteria produced the high-
est agreement in both languages (mean excl9–
11: Korean κ = 0.89, English κ = 0.82). Causal-
ity criteria showed the lowest agreement across
both languages (exp7–8: mean Korean κ = 0.52,
mean English κ = 0.45), with the “causing” crite-
rion (exp8) being particularly challenging (Korean
κ = 0.46, English κ = 0.45). For the acceptability
judgments (acpt1–4), Korean annotators reached
substantial agreement (mean κ = 0.73), while En-
glish annotators reached moderate to substantial
levels (mean κ = 0.58). The sub-criteria for subjec-
tive experience and evaluation (exp5–6) achieved
higher agreement in Korean (mean κ = 0.76) than
in English (mean κ = 0.47).

These inter-annotator agreement patterns high-
light both the subjective nature of emotion concepts
and the theoretical disagreements that surround
them. In particular, the relatively low agreement on
causality judgments likely reflects the abstract and
complex reasoning required. Annotators likely re-
lied on their subjective judgments that relied on per-
sonal experiences and their language use. As such,
criteria like exp7 (“Caused”) and exp8 (“Causing”)
should be applied cautiously in making inclusion or
exclusion decisions when defining emotion words.

5.2.2. Annotation Trend

A summary of annotation trends for all annotated
adjectives is presented in Figure 2. Annotations in
the agreement set were adjudicated using major-
ity vote to produce a single combined dataset for
analysis.

Words in both languages exhibited higher accep-
tance in “I am” (acpt4; Korean: 91.83%, English:
86.85%) than in “I feel” (acpt1; Korean: 82.13%,

English: 67.23%) or in “They feel” (acpt2; Korean:
84.28%, English: 71.91%) sentences. Most words
were annotated as unacceptable in “It feels” (acpt3)
in Korean (83.36%), but not in English (55.14%).

Responses for causality criteria were more
evenly distributed in both languages (exp7 Korean:
69.18% yes, English: 51.56% yes; exp8 Korean:
46.69% yes, English: 51.82% yes). Exclusion crite-
ria (excl9–11) showed a highly consistent rejection
rate (around 90%) in both languages.

More English adjectives had multiple meanings
annotated (12.68%) than in Korean (7.48%). Cross-
linguistic differences also appeared in related-
ness judgments (poly14; Korean 87.37%, English
55.00%), whereas distinctiveness judgments con-
verged (poly13; Korean 89.47%, English 92.22%).
Annotation of additional meaning was correlated
positively with bodily meanings in both languages,
though more strongly in Korean (r = 0.46) than En-
glish (r = 0.26), suggesting a pattern of metaphori-
cal extension from physical to emotional domains.

6. Future Applications

6.1. Theory-Driven Selection of Words

This dataset is theory-agnostic, as it does not com-
mit to a single theoretical stance on how emotion
words should be defined. Researchers can apply
their preferred annotation criteria to select emotion
words that align with their theoretical perspectives
and research needs, enabling the curation of ex-
perimental stimuli for both emotion research and
computational studies of emotion word semantics.

A conservative approach to selecting words from
the dataset applies decision criteria from prior stud-
ies. Specifically, (1) a word should be acceptable in
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“I feel”, “They feel”, and “I am” sentences, but not
in “It feels” context (Part 1; yes for acpt1, acpt2,
acpt4; no for acpt3); (2) if acceptable in “It feels”,
it should express human evaluation rather than an
inanimate subject’s experience (Part 2; no for exp5
and yes for exp6); and (3) it should not denote pure
bodily sensations, behavioral expressions, or non-
emotional epistemic states (Part 3; no for excl9–
11).

Applying these criteria yields 425 single-word
emotion adjectives in Korean and 317 in En-
glish. Examples of excluded words include mean
(못되다 (mottwaeta) in Korean), which feels un-
natural in “I feel X”, and clueless (어리둥절하다
(ŏritungchŏlhata) in Korean), which denotes a non-
emotional epistemic state.

6.2. Emotion Concepts and Metaphors
Moreover, this dataset supports both computa-
tional and behavioral research on emotion con-
cepts. Emotion word embeddings could be uti-
lized to conduct computational analyses of lexical
gaps, revealing how multilingual language mod-
els represent language-specific words. Emotion
word embeddings also enable the investigation of
foundational questions about emotion structure,
such as whether shared dimensions (e.g., valence
and arousal) organize the emotion lexicon across
languages (Niedenthal, 2008; Yik et al., 2023).
High-quality translation mappings provided by the
dataset, validated by bilingual speakers of both lan-
guages, offer a reliable gold standard for machine
learning approaches.

Behavioral studies can further examine how con-
ceptual gaps influence the communication or in-
terpretation of those emotions (Rissman et al.,
2023) using the emotion terms in this dataset. Fi-
nally, the annotations of multiple meanings in this
dataset (poly12–14) supports cross-cultural in-
vestigations of emotion-related metaphors. Com-
paring the identified metaphorical extensions, re-
searchers can assess the universality versus speci-
ficity of emotion-related metaphors (Kövecses,
2003; Sauciuc, 2009).

7. Conclusion

The present dataset includes 1,426 Korean words
and 1,397 English words, with many-to-many trans-
lational mappings documented between the two
languages. Using a feature-based annotation ap-
proach, the dataset provides a theory-agnostic
set of adjectives and verbs that can be selected
as emotion words based on criteria drawn from
prior studies. The dataset captures both within-
language and cross-linguistic features of emotion
words. Beyond documenting linguistic variation, the

dataset provides several principled bases for se-
lecting emotion words and for comparing emotion-
related metaphors across languages. It can serve
as a resource for linguistic research, computational
analysis of emotion concepts, and empirical studies
of emotion.

8. Ethical Considerations and
Limitations

The dataset does not involve serious ethical con-
siderations, as it contains no personal or identi-
fiable information. All annotators were assigned
anonymized coder IDs.

Despite the dataset’s contributions, this study
has certain limitations. Although the dataset was
constructed to cover more than one language, there
are many other languages to investigate for their
emotion words. Regarding the annotation, the ma-
jority of the data was annotated by a single trained
annotator, and the agreement set (about 10% of ad-
jectives and verbs) has three annotators’ judgments
adjudicated. This percentage was chosen to prior-
itize the annotators’ effort put into the large num-
ber of emotion words in the dataset with complex
annotation criteria that required specific training
with adequate domain knowledge. Future research
could extend the approach to a broader range of
languages and include a larger proportion of items
annotated by multiple annotators.
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A. Modifications to Korean word
annotations

For the Korean word annotations, the core instruc-
tions were provided in English, consistent with
those used for the English word annotations. The
sentence frames for acpt1–4 and exp5–8 were
translated into Korean as follows (For exp5–8, the
sentences and subjects were translated identically
to those used in acpt1–4).

For acceptability judgments, the sentence con-
texts were translated as: “내가/나는 X고 느낀다.”
(acpt1), “그들이/은 X고/(이)라고 느낀다.” (acpt2),
“이것이(은)/저것이(은)/그것이(은) X고/(이)라고느낀
다,’ (acpt3), and “나는 X다.” (acpt4). As Korean
doesn’t have a single word equivalent to the English
it, three different types of subjects were allowed (이
것 ‘this thing’,저것 ‘that thing over there’,그것 ‘that
thing’) in acpt3. If any one of these subject forms
yielded an acceptable judgment, the item was
coded as acceptable.

Additionally, annotators were allowed to use
whichever word ending felt most natural in each sen-
tence context, as Korean lexical items can appear

with different inflectional endings depending on the
context. Additional columns were provided for anno-
tators to indicate the most appropriate word form for
each frame. For example,슬프다 (sŭlpŭta) feels nat-
ural as슬프다고 in “내가/나는 X고느낀다.” (acpt1)
context, and therefore the annotator recorded슬프
다고 in a separate column as a natural word form
for acpt1.

B. Policies on Counting Polysemous
Word Entries

Polysemous words are counted as two separate
entries under two conditions: (1) has meanings
spanning multiple parts of speech (e.g., worry as
a noun and verb were counted as two separate
entries.), or (2) one of the meanings having trans-
lations in one language but not in the other (e.g.,
needy was counted as two entries, as one sense
had a Korean equivalent and another did not). This
approach was adopted to ensure that the total num-
ber remained interpretable; otherwise, the sum of
the number of words across categories would not
correspond to the total number of words in each
language. Tables 3 to 5 summarizes the number of
words overlapping across two conditions.

Table 3: Overlaps Across Parts of Speech in Korean

Translation Noun Verb Adjective

With Noun – 0 0
Verb – 1

Without Noun – 0 –
Verb – 0

Table 4: Overlaps Across Parts of Speech in English

Translation Noun Verb Adjective

With Noun – 35 14
Verb – 2

Without Noun – 1 –
Verb – 0

Table 5: Overlaps Across Translational Status
Within Parts of Speech

Part of Speech Korean English
Noun 2 4
Verb 2 3
Adjective 3 11
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C. Verb Annotation Results

C.1. Agreement Scores
The pairwise kappa scores, along with the aggre-
gated scores across all pairs, of the verb agree-
ment set are presented in Figs. 5 and 6. Overall,
annotations of Korean verbs (mean Cohen’s k =
0.82; aggregated across all annotation criteria and
coders) showed higher reliability than annotations
of English verbs (mean Cohen’s k = 0.69; aggre-
gated across all annotation criteria and coders),
which mirrors the agreement pattern of adjective
annotations.

Across individual criteria, questions in the exclu-
sion criteria produced higher agreement (excl9–11;
Korean k = 0.88, English k = 0.83). In contrast, an-
notations on causality criteria exhibited lower and
more variable agreement, particularly for Korean
verbs across the questions (exp7–8; Korean k =
0.72, English k = 0.48). While the agreement on
the “causing” question was at an “almost perfect”
level (mean k = 0.92), the “caused” question (exp7)
produced lower agreement (mean k = 0.52) for
Korean verbs. This pattern contrasts with that ob-
served for adjectives, where “causing” criteria were
challenging for both Korean and English annota-
tors (Korean k = 0.46, English k = 0.45). Overall,
agreement on exclusion criteria was similarly high
for both verbs and adjectives, whereas agreement
on causality annotations was higher for verbs than
for adjectives.

The agreement patterns of verbs also highlight
the subjective nature of emotion concepts, partic-
ularly for causality judgments. At the same time,
higher agreement on causality annotations for
verbs indicates relatively less variation for verbs.
The very high level of agreement for “causing” cri-
terion suggests that the causative properties of
Korean emotion verbs may be more consistently
interpretable than those of English emotion verbs.

C.2. Annotation Trend
A summary of annotation trends is in Figure 7. An-
notations in the agreement set were adjudicated
using majority vote to produce a single combined
dataset for analysis.

In the causality criteria, the general trend of
Korean adjectives showing higher acceptance for
exp7 but lower acceptance for exp8 than English
adjectives remains the same for verbs as well,
but the difference between the two criteria was
larger (exp7 acceptance: Korean 68.51%, English
51.15%; exp8 acceptance: Korean 7.23%, En-
glish 43.08%). Exclusion criteria (excl9–11) also
showed highly consistent rejection in both lan-
guages, achieving around 90% rate of no response.

Unlike the discrepancy across languages for

adjectives, verbs had a similar rate of addi-
tional emotion-related meanings being annotated
(poly12; 7.76% in Korean, 7.83% in English). This
rate is similar to that found for Korean adjectives,
but remains lower than the rate for English ad-
jectives. These findings may suggest a relatively
higher degree of polysemy among English adjec-
tives.
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Figure 3: Agreement scores across annotation criteria for the English adjective agreement set.

Figure 4: Agreement scores across annotation criteria for the Korean adjective agreement set.
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Figure 5: Agreement scores across annotation criteria for the English verb agreement set.

Figure 6: Agreement scores across annotation criteria for the Korean verb agreement set.

Figure 7: The percentages of annotation values for each criterion for verbs in Korean and English. The
percentages for poly12 indicate the ratio of words annotated as having more than one meaning in each
language. The percentages for poly13 and poly14 were calculated among items annotated as having
more than one meaning in poly12. Error bars indicate 95% confidence intervals.
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Abstract

Managing our emotional responses to events is key to emotional well-being, a process referred to as emotion
regulation in psychology. Previous work has established that the degree to which we distance events is a type of
emotion regulation. When we psychologically distance from events there can be markers in our language. These
markers have been referred to as linguistic distancing. We build upon a previous metric to operationalize linguistic
distancing, and explore how it changes across the lifespan. We explore this systematically by analyzing large
amounts of social media text, a venue where people express their emotions. By investigating how distancing
varies across age groups we can better understand how emotion regulation varies with age and provide initial
benchmarks on social media data. We provide additional evidence further strengthening the hypothesis that
linguistic distancing occurs in proportionally more instances with age. These findings align with past work in
psychology which indicate improved well-being with older age. Better understanding how linguistic distancing
changes with age is important because it functions as a marker of well-being and can inform effective health
interventions. We provide a foundation for further exploring emotion regulation through linguistic distancing in text data.

Keywords: Linguistic Distancing, Age, Emotion Regulation, Social Media

1. Introduction

Our everyday emotional experiences are not static
but rather dynamic and our emotions are constantly
changing over time. The way in which our emo-
tional experiences change over time creates an
emotional trajectory, or what some refer to as an
emotion arc (Mohammad, 2011; Reagan et al.,
2016). Emotion regulation includes the processes
by which “we influence which emotions we have,
when we have them, and how we experience and
express them” (Gross, 1998). More simply put,
emotion regulation is the way in which we manage
our emotions.

Emotion regulation is key to overall well-being;
dysregulation of emotions is associated with psy-
chopathologies such as major depressive disorder
and social anxiety disorder (Aldao et al., 2010).
There are various ways (or strategies) of regulating
emotions and some of these are seen as maladap-
tive. While such strategies provide momentary re-
lief from distress, they are not effective in the long
term. Maladaptive strategies include rumination (re-
thinking about memories or negative experiences),
avoidance (of a situation or emotional experience),
and suppression (of emotions or thoughts), and
each of these has been shown to be significantly
associated with anxiety, eating disorders, and sub-
stance abuse (Aldao et al., 2010). On the other
hand, some strategies are considered adaptive and
are seen as healthy ways of managing emotions,
e.g., reappraisal (changing how one thinks about

a situation to change emotional reactions), prob-
lem solving (taking actions to solve a problem),
and acceptance (non-judgmental acceptance of
emotions). Adaptive strategies are seen as aiding
against psychopathology and use of such strate-
gies are inversely associated with psychopathology
(Aldao et al., 2010).

Given the importance of emotion regulation to
well-being, understanding how it changes with
age is important for providing appropriate support
and interventions. The specific emotion regulation
strategies used change throughout childhood, ado-
lescence, young adulthood, and adulthood (Nook
et al., 2020). For example, a shift has been found
from emotion regulation strategies which deal with
a situation behaviorally (e.g., escaping a situation),
to more cognitive strategies such as seeking infor-
mation (Brown et al., 1991; Altshuler et al., 1995).
Although there are some conflicting findings on
how exactly various strategies track with age, many
studies point to older ages having “enhanced emo-
tion regulation” (Urry and Gross, 2010), being bet-
ter at regulating their emotions (Gross et al., 1997;
Mikkelsen et al., 2024), and have better overall well-
being than younger adults despite losses physically
and cognitively (Urry and Gross, 2010; Stawski
et al., 2008).

Another lens through which emotion regulation
has been studied is psychological distancing. By
creating distance from an event, one can better han-
dle their emotions related to the event and view the
event objectively (allowing for a reappraisal of the
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event). Adopting a distanced perspective has been
shown to down-regulate negative affect (Kross and
Ayduk, 2017), and it is a common technique used
in Cognitive-Behavioral Therapy (Beck and Beck,
2020) and Dialectical Behavior Therapy (Linehan,
1993). When psychologically distancing from an
event, one is viewing the event from a third-person
perspective, and often psychological distancing ap-
pears in language as markers. For example, when
distancing, there are less first-person pronouns
and more past and future tense verbs rather than
present tense verbs. These markers are described
via linguistic distancing (Nook et al., 2017). Linguis-
tic distancing has been shown to be associated with
successful emotion regulation and reduced nega-
tive affect (Nook et al., 2017). Further, in client-
therapist transcripts, less linguistic distancing was
associated with worse internalizing symptoms (in-
ward focused behaviors often occurring with anxiety
and depression) (Nook et al., 2022).

Through linguistic distancing we can study emo-
tion regulation in text; although so far only client-
therapist transcripts have been analyzed for select
age groups. While linguistic distancing has been ex-
plored across childhood, adolescence, and young
adults (Cohen et al., 2022; Nook et al., 2020), we
do not know how it changes over adulthood which is
what we address in our work. While one approach
to measuring linguistic distancing across ages is
through longitudinal research, that is very difficult
as it would require text data from the same people
across all the decades. Instead, we conduct cross-
sectional research, which has its own benefits, but
appropriate conclusions must be drawn that are dif-
ferent from what could be drawn from longitudinal
research. Additionally, linguistic distancing could
be influenced by the era in which people grew up;
e.g., those in a certain age group may use more dis-
tancing due to world events, culture, social norms,
etc. than other generations. Therefore, we explore
how linguistic distancing changes in contemporary
times using a platform which many of use to com-
municate: social media.

Social media is a platform where we frequently
communicate and express our feelings. Platforms
such as Reddit and X provide a space where we
can freely express our thoughts at any time of day,
connect with others, and possibly receive support.
Given the important role social media plays in ev-
eryday communication, as researchers we make
use of large amounts of data to analyze linguistic
distancing in a systematic way across adulthood.
We explore how linguistic distancing varies across
age groups on social media. We make use of a
social media dataset annotated with the age of the
author at the time of posting to answer the following
research questions:

• How does linguistic distancing vary across age

groups?
We hypothesize that linguistic distancing in-
creases with age as people become better at
regulating emotions based on literature in psy-
chology.

• How do the various dimensions of linguistic
distancing (i.e., social distancing, temporal dis-
tancing, passive voice and abstractness) vary
across age groups? Do some dimensions
change more than others across adulthood?

By answering these questions, we provide im-
portant findings on how linguistic distancing tracks
across age groups on social media. Through lin-
guistic distancing, our findings allow us to better
understand emotion regulation on a larger scale
across age, enabling further study of this phe-
nomenon in psychology and the social sciences.
We make our code publicly available.1

2. Related Work

Below we describe past work examining the rela-
tionship between emotion regulation, linguistic dis-
tancing and how they change across the lifespan.
Afterwards, we describe markers of distancing in
language.

2.1. Emotion Regulation, Linguistic
Distancing & Age

Appropriately regulating emotions is key to men-
tal health and well-being. Vast amounts of litera-
ture point to dysregulation of emotions being tied
with psychopathology such as major depressive
disorder and anxiety disorders (Gross and Muñoz,
1995; Sheppes et al., 2015; Aldao et al., 2010).
The various ways in which we manage our emo-
tions are related with health outcomes: adaptive
strategies such as cognitive reappraisal are signifi-
cantly associated with positive indicators of men-
tal health, whereas maladaptive strategies such
as suppression of emotions are significantly as-
sociated with negative indicators of mental health
(Hu et al., 2014). Emotion regulation also changes
throughout the lifespan. Infants have minimal to no
control over their emotions, relying on their care-
giver for support (Bowlby, 1969). Infants begin to
develop approaches such as changing their eye
gaze to focus on other objects as a way of sig-
naling autonomous emotion regulation (Derryberry
and Rothbart, 1988). As they become toddlers,
they begin to understand language which opens
a whole new world in terms of emotion regulation.
Now, they can begin to understand instructions
from their parents (Thompson, 1991) and they can

1https://github.com/dteodore/
Age--Linguistic_Distancing
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begin to express how they feel and socialize with
others, learning to differentiate between positive
and negative emotions (Gross and Muñoz, 1995).
In adolescence, more sophisticated strategies de-
velop, such as reappraisal as well as maladaptive
strategies (Gross and Muñoz, 1995; Hall et al.,
1993; Félix-Ortiz et al., 1995). While overall find-
ings point to older age being associated with bet-
ter overall well-being, control of emotions, and en-
hanced emotion regulation (Urry and Gross, 2010;
Gross et al., 1997), there are some discrepancies
in exactly how emotion regulation changes with
age, such as which strategies do we use more
vs. less. For example, some work found sup-
pression decreased across the life span (John and
Gross, 2004; De France and Hollenstein, 2019),
whereas others found suppression increased with
age (Brummer et al., 2014). De France and Hol-
lenstein (2019) found adolescents used distrac-
tion and suppression more than young adults, and
young adults used more rumination, whereas Süt-
terlin et al. (2012) found no differences in rumina-
tion across ages. John and Gross (2004) found
reappraisal increased across the lifespan, whereas
De France and Hollenstein (2019) found no differ-
ence. Given the conflicting findings, we use social
media data to examine how reappraisal changes
across the lifespan.

We specifically study reappraisal through linguis-
tic distancing. Linguistic distancing has been stud-
ied across children, adolescents, and young adults
when performing a reappraisal task, however no
differences across ages was found (Nook et al.,
2020). Although there were changes in the ex-
act strategies of cognitive reappraisal employed
across ages: changing circumstances and distanc-
ing increased across age; changing consequences
decreased across age; and adolescences used
more challenging reality and less problem-solving
compared to other ages. Linguistic distancing has
also been studied specifically in adolescents: more
linguistic distancing was associated with lower lev-
els of hopelessness and higher levels of perceived
agency, whereas greater use of linguistic distancing
predicted fewer depressive symptoms in follow-ups
(Cohen et al., 2022). While these studies provide
findings for ages 10–23 (Nook et al., 2020) and
13–16 (Cohen et al., 2022), we are interested in
changes across a vast range of ages i.e., 13–70’s.
Further, we investigate the natural use of linguistic
distancing as it appears in everyday communica-
tion (e.g., social media), whereas past findings in
psychology were based on self-reports and ques-
tionnaires (e.g., Emotion Regulation Questionnaire
(ERQ) (Gross and John, 2003), Cognitive Emo-
tion Regulation Questionnaire (CERQ) (Garnefski
and Kraaij, 2007)) or reappraisal tasks. While past
work has created a corpus for detecting coping

strategies in text (Troiano et al., 2024), which is
very intertwined with emotion regulation (coping
strategies take direct action to manage distress),
we study naturally occurring text (rather than text
from role-playing scenarios) and are interested in
this phenomenon across ages.

2.2. Distancing in Language
Distancing can occur through various dimensions,
such as in terms of time, space and socially (Con-
strual Level Theory (Liberman and Trope, 2008;
Trope and Liberman, 2010)). Therefore, past oper-
ationalizations of linguistic distancing include mea-
sures of social distancing and temporal distancing.
Use of more first-person singular pronouns e.g., “I”,
“me”, “mine” represents a more immersed perspec-
tive and less social distancing, which means that
one is performing less psychological distancing.
On the other hand, using more second- and third-
person pronouns e.g., “she”, “they”, “them” repre-
sents using more socially distanced language, and
therefore one is doing more psychological distanc-
ing. Using more present tense verbs represents
less temporal distancing and less psychological dis-
tancing, whereas using more past- and future-tense
signals more temporal distancing and therefore
more psychological distancing (Nook et al., 2022).
We use these definitions of social and temporal dis-
tancing in our work. The bidirectional relationship
between emotion regulation and linguistic signa-
tures of psychological distancing has been shown
(Nook et al., 2017). Regulating emotions through
psychological distancing has been associated with
increased linguistic markers of social and temporal
distance. Likewise, using distanced language also
regulated emotions and reduced negative affect
(Nook et al., 2017). Self-distancing (“I” vs. “you”
pronouns) and social withdrawal (indicated by more
“they” pronouns), has been explored on Reddit for
healthcare workers during the COVID-19 pandemic,
however we are interested in linguistic distancing
on a broader scale (i.e., for those beyond the health-
care field) and in day-to-day contexts outside of the
pandemic (Ireland et al., 2022).

When distancing from an event psychologically,
this creates a more abstract mental representa-
tion of the event – leading to a high correlation
between linguistic measures of psychological dis-
tancing and abstractness (Nook et al., 2025). Mea-
sures of linguistic distancing and abstractness have
been found to be highly correlated; abstractness
increased when cognitive reappraisal was used to
regulate emotions; when people distanced their
language, abstractness also increased; and lastly,
increased abstractness when regulating emotions
was correlated with regulation success (Nook et al.,
2025). Given the established relationship between
abstractness and linguistic distancing, we also in-
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Age Group #Posts
TUSC-City Reddit

13–19 94,857 9,281,055
20–29 406,027 15,455,426
30–39 462,238 6,151,757
40–49 360,946 1,220,498
50–59 278,809 449,230
60–69 218,008 246,398
70–79 97,432 160,465

Table 1: The number of posts across the age
groups in each subset of the AgeCorpus.

corporate a measure of abstractness in our metric
of linguistic distancing.

Work in psychology has also pointed to the re-
lationship between using passive voice and psy-
chological distancing (Chan and Maglio, 2020a,b).
Passive voice is where the object is placed before
the verb such that the subject receives the action
rather than performing it (e.g., passive voice: “The
ball was thrown by the child” vs. active voice: “The
child threw the ball”).2 When reading passages
in passive voice participants reported feeling tem-
poral, hypothetical, and spatial distance from the
events in the passage resulting in a more abstract
mental construal (Chan and Maglio, 2020b; Trope
and Liberman, 2003). Past work has also stud-
ied passive voice in the context of assault, where
distancing removed the action from the actor and
places blame on the victim (Bohner, 2001). When
using passive voice, the agency of the subject is
taken away, creating distance from the action.

Given the past literature demonstrating the rela-
tionship between linguistic distancing with social
distancing, temporal distancing, abstractness, and
passive voice, we construct a measure of linguis-
tic distancing which includes all four dimensions.
Analyzing how each of these dimensions changes
across adulthood is informative for understanding
behaviors and tendencies which is of interest not
only to psychologists, linguists, and sociologists,
but is also linked with mental health.

3. Dataset: AgeCorpus

We perform our experiments on AgeCorpus, a so-
cial media dataset containing posts annotated with
the author’s age at the time of writing (Teodorescu
et al., 2026). The dataset contains posts from both
Reddit and X, making it a suitable dataset for explor-
ing linguistic distance on social media platforms.
Further, there are a large number of posts in the
dataset, allowing us to aggregate results per age
group. The dataset was collected by identifying in-

2https://www.grammarly.com/blog/grammar/passive-
voice/

stances where authors self-disclosed their age e.g.,
“I am X years old” or “Me [20F] and my best friend
[21M]”. Using various high quality pattern matching
templates, the age of an author can be determined
at a point in time based on the timestamp of the
post (seed post). We show the pattern templates
used in Appendix A. Using the age declared at the
given timestamp in the seed post, the author’s age
can be determined for any other post based on
the difference of the timestamp to that of the seed
post’s. The dataset consists of thousands of users
each with hundreds of posts spanning from 2010–
2022 for Reddit and 2020–2021 for X. We show
the exact number of posts per age group in Table 1.
The X component of the dataset consists of TUSC-
Country and TUSC-City which differ in how they
were collected. TUSC-City was collected using
Twitter’s free API for American and Canadian cities
during 2020–2021. Whereas TUSC-Country was
collected using Twitter’s Academic API for tweets
from the US and Canada during 2015–2021. Our
results on the two subsets are very similar so we
report those on TUSC-City since it is the larger
subset and show the results on TUSC-City in the
Appendix (Section C). We use this dataset for our
experiments described in the next section.

4. Experiments

In the sections below we describe our methods for
exploring how linguistic distancing varies across
age groups.

4.1. Computing Linguistic Distancing in
Text

We build on Nook et al. (2022)’s work on comput-
ing linguistic distancing in text. Specifically, the au-
thors operationalize linguistic distancing as being
composed of two components: social distancing
and temporal distancing. Social distancing is mea-
sured through the proportions of pronouns present
in the text. Fewer first-person singular pronouns
are associated with proportionally more instances
of distancing. Here, we analyze the proportions of
pronouns present in an instance or a post. More
specifically, social distancing is computed per post.
Let f1p,sg, f1p,pl, f2p, f3p,sg, f3p,pl denote the corre-
sponding frequencies of first-person singular, first-
person plural, second-person, third-person singu-
lar and third-person plural pronouns respectively.
Then the social distancing (social) component of
linguistic distancing (LD) per post or instance (t) is
computed as:

LDsocial(t) =
f2p + f1p,pl + f3p,sg + f3p,pl

f2p + f1p,pl + f3p,sg + f3p,pl + f1p,sg

Temporal distancing is captured through the use
of verb tense. More past and future tense verbs
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Dataset Metric df1 df2 F-statistic P-value Effect Size (est ω2)
Reddit Linguistic 6 1203317.10 17703.63 p<.001 0.003
TUSC-City Linguistic 6 539267.68 2830.26 p<.001 0.009

Table 2: The degrees of freedom (for the numerator and denominator), F-statistic, p-value, and effect size
in the one-way Welch’s ANOVA test for differences in linguistic distancing between age groups.

are associated with proportionally more instances
of distancing. We compute temporal distancing
per post. Let fpast, fpresent, ffuture denote the corre-
sponding frequencies of past-tense, present-tense
and future-tense verbs. Then the temporal distanc-
ing (temp) component of linguistic distancing (LD)
per post or instance (t) is computed as:

LDtemp(t) =
fpast + ffuture

fpast + ffuture + fpresent

We further build on the metric for linguistic dis-
tancing by including a measure of abstractness and
passive voice. We include abstractness in our mea-
sure of linguistic distancing as more abstract mental
representations of an event are linked with more
successful emotion regulation, and more abstract
language is highly correlated with more distanced
language (Nook et al., 2025). More details on this
are described in Section 2. To quantify abstract-
ness we use a word list with ratings of concreteness
for forty-thousand words (Brysbaert et al., 2014).3
Each word is rated on a 5-point scale from abstract
to concrete which we invert to be consistent with
other measures. We calculate the abstractness
score (LDabs) per post (t) as the average of the
abstractness score of each word at index i (abs(ti))
of the instance with length n:

LDabs(t) =
1

n

n∑

i=1

abs(ti)

Lastly, we determine whether a text contains pas-
sive voice or not using the PassivePy tool (Sepehri
et al., 2023). PassivePy uses POS tagging, de-
pendency parsing and rule-based matching for
sentence structures/forms in order to determine
whether passive voice is present in the text or not.
We integrate this binary score of passive voice
(pass(t)) per instance (t) into our metric for linguistic
distancing.

LDpass(t) = pass(t)

Each of these measures are on different scales.
Therefore, we standardize all the scores for each di-
mension individually such that each dimension has
scores with a mean of 0 and a standard deviation
of 1.4 Then we compute the linguistic distancing

3We opt for this method of determining abstractness
since Nook et al. (2025) use the LIWC Lexicon (Pen-
nebaker et al.), which is not freely available.

4Standardizing is the same as computing the z-score.

(LD) score per post (t) as the average of the four
standardized (stand()) dimensions:

LD(t) =

stand(LDtemp(t)) + stand(LDsocial(t))
+ stand(LDabs(t)) + stand(LDpass(t))

4

Linguistic Distancing Per Age Group: The next
step is to aggregate scores per age groups. For
our analyses we consider the following age groups:
13–19 (teens), 20–29 (twenties), 30–39 (thirties),
40–49 (forties), 50–59 (fifties), 60–69 (sixties), 70–
79 (seventies). We group instances based on the
age of the author at the time of writing. Then we
compute the linguistic distancing score per group
as the average of all the scores of instances within
the particular group.

4.2. Statistical Analyses
To compare whether there is a statistically signif-
icant difference in linguistic distancing measures
across age groups, we perform a one-way ANOVA
test. Before performing inferential tests, we ensure
that our data met ANOVA’s prerequisites. Namely,
we tested that the data are independent of each
other, each independent variable is approximately
normally distributed, and each group has roughly
the same variance (homoscedasticity). Next, we
use a qq-plot of the residuals to verify that each
score is normally distributed for each group. In ad-
dition to the normality assumption, we can assume
the estimate of the mean is normally distributed
due to the large sample size (law of large num-
bers) according to the central limit theorem. To
verify whether each group has approximately the
same variance, we performed Levene’s test and
the result was significant (p < 0.001) for Reddit and
TUSC-City, meaning that the age groups do not
have equal variance in the Reddit and TUSC-City
subsets of the dataset. We can assume each data
point is independent of others since each post is
generally independent of one another. While it is
possible that while browsing social media, a post
may influence others to some degree, this is largely
not the case. Therefore, we will perform a one-way
Welch’s ANOVA for TUSC-City and Reddit. Results
for Levene’s tests can be found in Appendix B. After
we determined our data met the assumptions, we
performed the one-way ANOVA.
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Figure 1: Linguistic Distancing scores for TUSC-City, and Reddit subset of the AgeCorpus (blue line).
Individual components of linguistic distancing across age groups are shown: temporal distance (orange
line), social distance (green line), passive voice (red line) and abstractness (purple line). Error bars
represent the standard error of the mean.

5. Results

5.1. RQ1: How Does Linguistic
Distancing Vary Across Age
Groups?

In Figure 1, we show the trend of linguistic distanc-
ing across age groups. We see that regardless of
the dataset (i.e., X or Reddit), linguistic distancing
(blue line) occurs more frequently with age. This
upwards trend is consistent across age groups (ex-
cept with a dip in the 30’s on Reddit). This result
is also reflected in the statistical analyses. We
show in Table 2 the F-statistic and p-value for the
ANOVA tests. For all datasets, there is a signifi-
cant increase in linguistic distance with age (Reddit:
F (6, 1203317.10) = 17703.63, p < 0.001,η2 = 0.003;
TUSC-City: F (6, 539267.68) = 2830.26, p < 0.001,
η2 = 0.009). The effect size on the X dataset is
near 0.01 which is considered small, and the effect
size on the Reddit dataset is even smaller.5
Discussion: Past literature has found that overall
well-being, lower negative affect, higher positive
affect and improved emotion regulation skills is as-
sociated with age (Urry and Gross, 2010; Charles
et al., 2023; Stone et al., 2010; Isaacowitz, 2022).
Our findings show that with age, there are propor-
tionally more instances of distancing. Given the
relationship between linguistic distancing and emo-
tion regulation, our findings support more use of
reappraisal with age and in turn better well-being
in the older ages. The drop in the 30’s Reddit
data is interesting as past work has found a dip in
well-being during midlife (e.g., 35’s–50’s) (Blanch-
flower and Oswald, 2008; Blanchflower and Gra-
ham, 2021; Stone et al., 2010), however, there are

5Effect size of 0.01 is small; 0.06 is medium; and 0.14
is large. Effect sizes help us quantify whether differences
are practically meaningful in the real-world.

some theories opposing the U-shape of happiness
(Galambos et al., 2020).

5.2. RQ2: How does Social Distancing,
Temporal Distancing, Abstractness,
and Passive Voice Change with Age?

In Figure 1, we see the trend for each of the dimen-
sions of linguistic distancing across age groups.
Every dimension (i.e., temporal distance, social
distance, abstractness, passive) occurs more fre-
quently with age, although some have a steeper
slope. Social distancing has the steepest slope
across datasets based on the graph. This means
that the rate at which social distancing increases
with age is higher than the rate for other dimen-
sions. In addition, social distancing also starts off
at a lower point on the y-axis than all the other di-
mensions, allowing more room to grow with age.
However, on Reddit abstractness, temporal, and
passive scores plateau/decrease after age 40 and
onwards, and likewise with temporal distancing on
X. This could be due to the nature of the platforms
and the topics discussed on each e.g., often peo-
ple describe situations on Reddit to obtain advice
and therefore talk in a more present-tense, less
abstract manner. Reddit also has a dip in linguistic
distancing in the 30’s which is primarily driven by
a decrease in temporal distance. This means that
individuals are using more present tense verbs.
Discussion: While some of these dimensions have
not been studied directly with age, they measure
concepts that have been shown to change with age.
For example, more social distancing is associated
with fewer personal-pronouns used. Various liter-
ature point to the negative relationship between
age and first-person singular pronouns (Schwartz
et al., 2013; Pang et al., 2025; Pennebaker and
Stone, 2003). The trends we see across X and
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Reddit support this pattern. In terms of temporal
distancing, higher levels mean that fewer present
tense verbs are used which is also supported by
past work which points to more future-tense and
fewer past-tense verbs with age (Pennebaker and
Stone, 2003). While there are few works studying
passive voice with age, older adults were found
to produce fewer passive sentences than younger
adults in Korean (Sung et al., 2024). Also, older
adults (i.e., 70’s) had more difficulty producing and
understanding abstractness on tests (Albert et al.,
1990). For abstractness, no statistical difference
was found for the ability to define abstract words
across participants aged 19–89, but the use of ab-
stract vs. concrete words in everyday language
was not examined (Pezzuti et al., 2021). While
some work examines how each of these compo-
nents vary across childhood or in terms of acquisi-
tion (e.g., linguistic distancing: Nook et al. (2020);
Cohen et al. (2022); passive voice: Baldie (1976);
Horgan (1978)), fewer work examines how they
change across adulthood. Further, past work ex-
amining linguistic distancing does not consider the
contributions of temporal vs. social distancing to
linguistic distancing across age groups (Nook et al.,
2017). Therefore, we provide new findings that
lay the foundation for future exploration into what
drives changes in linguistic distancing with age.

6. Conclusion

We study how linguistic distancing changes across
adulthood to better understand emotion regulation
with age. We use large social media datasets to
systematically analyze how does linguistic distanc-
ing vary across teens to 70’s on X and Reddit. We
construct an interpretable measure of linguistic dis-
tancing based on four dimensions: temporal dis-
tancing, social distancing, passive voice and ab-
stractness. We found that linguistic distancing oc-
curs in proportionally more posts with age. When
exploring how each of the dimensions changed
across age groups, we found that social distanc-
ing has the highest rate of increase. We also saw
that temporal distancing plateaus and decreases in
later ages. Our work provides an initial foundation
for understanding how linguistic distancing varies in
text across age groups and supports further explo-
ration into measuring linguistic distancing on social
media. Future work could examine how such mea-
sures change across platforms discussing diverse
topics (e.g., subreddits) and contrast results with
LLM measures of linguistic distancing. Future work
could also explore linguistic distancing in different
languages and cultures, as psychological distanc-
ing and distancing in language may differ based on
culture or contexts.

Ethical Considerations

Our research interest is to study how linguistic dis-
tancing changes across adulthood at the aggre-
gate/group level. This has applications in emo-
tional development psychology and in public health
(e.g., overall well-being and mental health). How-
ever, personal well-being is complex, private, and
central to an individual’s experience. Additionally,
each individual expresses themselves differently
through language, which results in large amounts
of variation.

Our work on studying linguistic distancing should
not be construed as detecting how people feel;
rather, we draw inferences on the language used.

The inferences we draw in this paper are based
on aggregate trends across large populations. We
do not draw conclusions about specific individuals
or momentary states of well-being.

Limitations

The dataset used in this study relies on self-
disclosure of age on social media. As with all
scenarios involving self-disclosure, individuals may
falsely report their age due to social pressures, or in
order to relate to and engage with certain commu-
nities. Additionally, the templates used for pattern
matching with age may not fully capture all pos-
sible ways to express age, so there may be age
declarations not included in the dataset.
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A. Patterns to Match Age
Declarations

In Table 3, we show the pattern templates used to
match age declarations in seed posts in the AgeCor-
pus.

B. Levene’s Test of Homogeneity of
Variance

Levene’s test indicated that the assumption for ho-
mogeneity of variance was not violated for the ef-
fect of age group on linguistic distancing for TUSC-
Country, but was violated for Reddit and TUSC-City
subsets of the AgeCorpus. We show the results in
Table 4.

C. TUSC-Country Results

In the following Sections we show the number of
posts in the TUSC-Country version of the dataset
and the linguistic distancing results on this subset
of the AgeCorpus.

C.1. AgeCorpus: TUSC-Country
In Table 5, we show the number of posts in TUSC-
Country, TUSC-City and Reddit subsections of the
AgeCorpus for comparison.

C.2. Linguistic Distancing Results
In Table 6, we show the results from the ANOVA
tests for the difference in linguistic distancing
across age groups. We include the rows for the
Reddit and TUSC-City subsets of the AgeCorpus
dataset as a comparison.

In Figure 2, we show the trends of linguistic dis-
tancing across age groups (blue line), as well as
the trends for temporal distancing, social distanc-
ing, passive voice and abstractness. Largely the
trends for TUSC-Country follow those of TUSC-
City, with an increasing proportion of distancing
occurring with age. Generally, all dimensions of
distancing grow similarly across age groups, with
social distancing having the steepest slope.
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Regex Example
[l] \bI(?:\s+am|’m)\s+(\d{1,2})\s+years?\s+old\b [l]I am 25 years old
I’m 30 year old
[l]\bI(?:\s+am|’m)\s+(\d{1,2})
(?=\s*(?:$|[,.!?;:\-]|(?:and|but|so|yet)\s)) [l]I am 25.
I’m 30, and ...
[l]\bI(?:\s+was|\s+am|’m)\s+born\s+in\s+
(19\d{2}|20(?:0\d|1\d|2[0-4]))\b [l]I was born in 1998
I am born in 2005
[l]\bI(?:\s+was|\s+am|’m)\s+born\s+in\s+’(\d{2})\b I was born in ’98

I’m born in ’05
[l] \bI\s+was\s+born\s+on\s+
(?:\d{1,2}(?:st|nd|rd|th)?\s+)?
(?:January|February|March|April|May|June|
July|August|September|October|November|December|
Jan|Feb|Mar|Apr|May|Jun|Jul|Aug|Sep|Sept|Oct|Nov|Dec)
\s+ (?:\d{1,2}(?:st|nd|rd|th)?,?\s+)?
(19\d{2}|20(?:0\d|1\d|2[0-4]))\b [l]I was born on 15 March 1998
I was born on March 15th, 1998
[l]\bI\s+was\s+born\s+on\s+\d{1,2}
[/\-]\d{1,2}[/\-](19\d{2}|20(?:0\d|1\d|2[0-4]))\b [l]I was born on 03/15/1998
I was born on 15-03-1998

Table 3: Regexes used to identify users from both the Reddit and X datasets.

Dataset Metric df1 df2 F-statistic P-value
Reddit Linguistic 6 32964822 10269.65 p<.001
TUSC-City Linguistic 6 1918310 86.13 p<.001
TUSC-Country Linguistic 6 11,940 1.12 p=.348

Table 4: The degrees of freedom, F-statistic, and p-value in Levene’s test of Homogeneity of Variances
for linguistic distancing and each dimension of linguistic distancing across the subsets of the AgeCorpus.

Figure 2: Linguistic Distancing scores for TUSC-Country subset of the AgeCorpus (blue line). Individual
components of linguistic distancing across age groups are shown: temporal distance (orange line), social
distance (green line), passive voice (red line) and abstractness (purple line). Error bars represent the
standard error of the mean.
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Age Group #Posts
Country City Reddit

13–19 551 94,857 9,281,055
20–29 3,076 406,027 15,455,426
30–39 3,001 462,238 6,151,757
40–49 1,808 360,946 1,220,498
50–59 1,541 278,809 449,230
60–69 1,551 218,008 246,398
70–79 419 97,432 160,465

Table 5: The number of posts across the age
groups in each subset of the AgeCorpus. “Country”
refers to TUSC-Country and “City” refers to TUSC-
City subsets of the dataset. We use this data in our
experiments.
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Dataset Metric df1 df2 F-statistic P-value Effect Size (est ω2)
Reddit Linguistic 6 1203317.10 17703.63 p<.001 0.003
TUSC-Country Linguistic 6 11940 29.66 p<.001 0.015
TUSC-City Linguistic 6 539267.68 2830.26 p<.001 0.009

Table 6: The degrees of freedom (for the numerator and denominator), F-statistic, p-value, and effect size
in the one-way ANOVA test for differences in linguistic distancing between age groups. Welch’s ANOVA
was performed for Reddit and TUSC-City.
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Abstract
This paper presents MOSAIC (Multimodal Observations of Social Affect, Intimacy, and Cohesion), a multimodal
interaction corpus of video and audio recordings of 17 groups of 4 participants (68 participants in total) playing a
collaborative board game. The aim of this corpus collection is to support the design of socially interactive agents. We
describe the experimental protocol of this corpus collection, the perceptive questionnaires completed by participants,
the automatic annotation process of game specific elements and non-verbal behaviors, and the manual verbal
annotations collected. We provide a preliminary characterization of this corpus with descriptive results for some
of the perceptive scales used in this study. We illustrate the possibilities offered by this corpus on the question of
interpersonal social relations and group dynamics.

Keywords: multimodal interaction, corpus, collaborative task

1. Introduction

Artificial agents are increasingly designed to col-
laborate with humans in small groups, for instance
in education, training, or decision-making settings
(Sebo et al., 2020). In such mixed teams, inter-
action quality depends not only on task perfor-
mance but also on group cohesion, i.e., the extent
to which members feel connected and committed
to a shared goal (Mikalachki, 1969; Salas et al.,
2015). Cohesion influences engagement, motiva-
tion, and collective performance (Beal et al., 2003),
and therefore constitutes a central challenge for
socially interactive agents operating in multiparty
environments.

Recent work in social psychology indicates that
cohesion partly emerges from situational intimacy
i.e. short-term interpersonal processes involving
positive affect, mutual understanding, and self-
disclosure (Reis, 2017; Prager, 2000). For artificial
agents to adapt their behavior in group interactions,
computational models must thus capture how mul-
timodal behaviors relate to perceived intimacy and
cohesion over time.

However, this relationship cannot be directly stud-
ied using existing multiparty interaction corpora.
Meeting corpora such as AMI focus on decision-
making dynamics (Carletta et al., 2006), while
datasets such as MULTISIMO target task-oriented
collaboration (Koutsombogera and Vogel, 2018).
Other resources, including GAME-ON, measure
group cohesion but do not jointly capture interper-
sonal intimacy and multimodal behavioral signals
(Maman et al., 2020). As a result, no current cor-
pus aligns behavioral cues, perceived intimacy, and
cohesion dynamics in short-term collaborative in-

teractions. While previous corpora measure either
group-level outcomes or behavioral signals, none
enable the investigation of how interpersonal rela-
tional processes unfold over time and differentially
contribute to group-level cohesion in short-term col-
laborative settings.

To address this gap, we introduce MOSAIC (Mul-
timodal Observations of Social Affect, Intimacy, and
Cohesion), a multimodal corpus of four-person col-
laborative interactions collected during a cooper-
ative word-association game. The dataset con-
tains recordings from 68 participants organized into
17 groups, resulting in 136 interaction sessions,
adding up to more than 6 hours of multimodal data.
Each session captures the emergence of short-
term group relationships.

The corpus combines multimodal behavioral
recordings with aligned social perception measures,
enabling the study of how interpersonal behav-
iors relate to perceived intimacy and group cohe-
sion. It includes audio-video recordings, transcrip-
tions, gaze targets, facial behavior signals, inter-
action phases derived from game logs, and post-
interaction questionnaires measuring cohesion and
intimacy (self- and other-report), while also control-
ling for prior familiarity between participants.

The MOSAIC corpus supports research in social
signal processing, multimodal interaction modeling,
and the design of socially adaptive artificial agents
in group settings.

This paper provides:

• A multimodal multiparty interaction corpus de-
signed to study situational intimacy and group
cohesion

• A role-based interaction phase annotation

164



scheme automatically derived from game logs

• Multilevel social perception measures (self, in-
terpersonal, and group) aligned with behav-
ioral recordings

• Baseline analyses revealing differential tempo-
ral dynamics between intimacy and cohesion

Our preliminary analyses suggest that intimacy
and cohesion follow partially distinct temporal dy-
namics, especially depending on prior familiarity
between participants, highlighting the need for fine-
grained multimodal corpora capturing both con-
structs simultaneously.

2. Related works

Understanding group interaction requires capturing
interpersonal processes that are not directly ob-
servable but inferred from behavior. Psychological
models describe intimacy as a relational process
involving self-disclosure and partner responsive-
ness during interaction (Laurenceau et al., 1998;
Reis, 2017; Prager, 2000). In computational and
human–agent interaction research, this process
has been operationalized through observable be-
haviors such as self-disclosure, positive affect, and
mutual understanding (Potdevin, 2020). However,
these approaches have primarily been investigated
in dyadic settings, leaving open how such interper-
sonal mechanisms manifest in multiparty collabo-
ration.

Psychological studies validate perceived inti-
macy without directly observing its multimodal be-
havioral realization, while HCI studies manipulate
predefined behaviors assumed to express intimacy.
Previous work has therefore not examined how in-
timacy is expressed through multimodal behaviors
in spontaneous multiparty interaction.

In human–agent interaction, these mechanisms
have been shown to influence interaction outcomes.
Agents using self-disclosure or reciprocal behaviors
increase trust, engagement, and social presence
(Bickmore and Schulman, 2012; Lee and Choi,
2017; Potdevin, 2020). Similarly, robots expressing
vulnerability improve human–human communica-
tion and cooperation within teams (Traeger et al.,
2020). These findings highlight the functional im-
portance of intimacy-related behaviors but do not
provide observational data from natural multiparty
interactions.

From a data perspective, social signal processing
research relies on multimodal corpora to analyze
group dynamics and train computational models
(Bänziger et al., 2012; Soleymani et al., 2019; Kebe
et al., 2024). Multiparty interactions are particularly
challenging because participants simultaneously
manage turn-taking, gaze, spatial positioning, and

multiple conversational threads (Gillet et al., 2022).
As a result, existing datasets have typically been
designed around specific interaction contexts and
target processes.

Meeting corpora such as AMI (Carletta et al.,
2006) capture decision-making and role distribu-
tion in professional discussions using audio, video,
and manual behavioral annotations. Other datasets
focus on collaborative task solving: MULTISIMO
(Koutsombogera and Vogel, 2018) records small
groups performing a quiz task and provides mul-
timodal annotations for affect, engagement, and
interaction strategies, while linking them to individ-
ual participant traits. Some corpora investigate
emergent group states, for instance leadership
(Sanchez-Cortes et al., 2011) or cohesion. The
GAME-ON dataset (Maman et al., 2020) specif-
ically targets group cohesion in a cooperative
escape-game scenario and combines multimodal
behavioral recordings with group perception ques-
tionnaires.

Although these resources provide rich behavioral
recordings and annotations, they typically capture
either interaction behavior (e.g., coordination, en-
gagement, roles) or collective perception (e.g., co-
hesion, leadership). They do not explicitly model
interpersonal mechanisms underlying these group
states, and in particular they lack aligned measures
of perceived intimacy between participants during
the interaction. Consequently, existing corpora do
not allow studying how multimodal interaction pat-
terns between individuals contribute to the temporal
emergence of group cohesion in short-term collab-
orative settings.

3. Corpus Description and Data
Acquisition

3.1. Data availability
Due to ethical constraints and participant consent
limitations, video recordings cannot be publicly
shared. Access to anonymized behavioral data is
available upon request to the authors for research
purposes, subject to a confidentiality agreement.
This restriction is designed to protect participant
anonymity while still providing access to the essen-
tial data needed for result reproducibility.

3.2. Participants
We recruited 68 participants, split into 17 groups of
4 (50 female, 18 male) aged between 18 and 19
(m=18.2 ; std=0.4). The participants were first and
second year students from the University Bachelor
of Technology. Participants received a cookie and
0.5 point bonus on their psychology course grade
(small enough not to constitute a form of coercion
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or pressure, while still serving as an incentive), with
an alternative task offered for non-participants, en-
suring equitable and ethical compensation. We
collected a total of 136 videos (one video for each
participant and for each session) with a total dura-
tion of 361.5 minutes (6h 1min 30s). Each game
session lasted between 8min 43s and 14min 17s
(m=10min38s, std=1min2s).

3.3. Data Collection and Recording Setup
The MOSAIC corpus was collected during struc-
tured collaborative interactions involving four partic-
ipants engaged in a cooperative word-association
task. The data collection protocol combined a con-
trolled game environment with synchronized multi-
modal recording.

3.3.1. Collaborative task

Participants played two rounds of a computerized
version of Cross Clues, a cooperative board game
designed by Blue Orange Games. In this game,
players have to make associations between words
to score a maximum number of points during a
restricted time.

The game board is composed of a 4x4 grid in
which each column and each row is associated with
a unique word. Each cell is thus associated with a
pair of two words (wc, wr). At the beginning of the
game, each player draws a card from the deck of 16
cards, each one designating the coordinates of a
cell (e.g. “B3”), and keeps its content secret. Each
player starts to think about a clue word linked to
both words associated with the coordinates on their
card. For instance, if column B is associated to
the work “banana” and line 3 with the word “tissue”,
the player must find a single clue word that would
suggest to the others these two words, so that they
can guess the correct coordinate B3. At any time,
any player can take the floor to suggest a clue word,
taking the role of suggester during this turn. The 3
other players take the role of guessers during this
turn, and have to guess the coordinates on the sug-
gester ’s card. The suggester can only announce
their clue word to the other players and cannot pro-
vide any other information. The guessers discuss
to agree on a proposition of coordinates, then se-
lect the cell corresponding to their choice on the
touchscreen. The suggester can then validate or
invalidate their guess. If the proposition is correct,
the card is placed on the grid. If it is incorrect, the
card is discarded without revealing it. A new turn
then begins. The roles can either change, if a differ-
ent player from the previous turn decides to suggest
a clue word, or stay the same if the same player
decides to suggest another clue word. The session
ends when all the 16 coordinates cards have been
played (placed on the grid or discarded), or when

the time has elapsed. The task structure induces
repeated cycles of clue production, collaborative
reasoning, agreement negotiation, and feedback,
creating rich multiparty interaction data.

The task was selected to elicit spontaneous
yet structured multiparty interaction involving turn-
taking, joint decision-making, and role alternation.
The game’s mechanics (time pressure, iterative
turns, and role-based interactions) encourage par-
ticipants to adapt their communication, offer sup-
port, and resolve ambiguities collaboratively. Suc-
cess depends on effective communication, mutual
understanding, and coordinated effort, as one par-
ticipant (the suggester) provides clue words while
the others (the guessers) collectively interpret and
agree on the correct coordinates. This dynamic
also requires active listening, perspective-taking,
and consensus-building, as participants must align
their interpretations and justify their reasoning to
reach a shared decision. These interactions can
also requires trust, cooperation, and emotional en-
gagement between participants, reflected by reac-
tions to incorrect proposition, celebration of suc-
cess, and role adjustments. Additionally, the coop-
erative structure fosters shared emotional experi-
ences, like tension, humor, or collective achieve-
ment, which strengthen interpersonal bonds.

3.3.2. Recording Environment

Figure 1: Illustration of the experimental setting.

An illustration of the setting is displayed in Figure
1. Four participants are seated around a round
table, with a tactile screen in the center of the table.
Each participant is assigned a color (red, green,
blue or yellow), corresponding to a specific seat
around the table. They are given a badge holder
containing a card of the color assigned to them,
which they must wear throughout the experiment.
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A microphone (Lavalier II) is then attached to the
necklace of the badge holder of each participant to
capture their speech (AAC-LC 48 kHz - 162 kb/s).
Four identical cameras (Logitech C922 Pro) are
placed around the screen to capture each partic-
ipant’s image during the game from the opposite
side (H.264 720p 60fps - 2500kb/s). Four key-
boards are also placed near each participant. A
video of the content of the screen is recorded using
OBS Studio.

3.3.3. Experimental procedure

This study received an approval of the ethics com-
mittee of the Paris Saclay University (CER-Paris-
Saclay-2024-100). Participants were recruited in
groups of four and completed the experiment in a
single session.

After providing informed consent, participants
received instructions about the game rules and in-
terface. A 5-minute familiarization round was con-
ducted to ensure understanding of the mechanics.

Each group then played two consecutive game
sessions of approximately 10 minutes each. Af-
ter each session, participants completed a set of
questionnaires measuring their perception of the
interaction

3.4. Multimodal Data Streams

The corpus contains synchronized audio, video,
game logs, gaze annotations, facial action unit ac-
tivations, and speech transcriptions.

3.4.1. Game logs and annotation scheme

Figure 2: Annotation process of game phases from
game logs.

We defined a role-based annotation scheme
to automatically derive interaction phases from
game logs. Game interface actions were logged
with timestamps, including: clue word submis-
sion,coordinate proposition,confirmation of suc-
cess or failure. Based on these logged events,
we generated annotation blocks defined by a start
time, end time, and categorical label. We distin-
guish actions made by the suggester and the ones
made by the guessers. For the suggester role, five
interaction phases are defined : thinking about a
word, suggesting a word, waiting the coordinates
proposition of the guessers, confirming the propo-
sition (success or fail) and the reaction to the result
(success or fail). For the guessers, six interaction
phases are defined : thinking about a word, wait-
ing for the suggester to give the word, thinking
about possible coordinates, proposition of coordi-
nates, waiting the confirmation from the suggester
and finally the reaction to the result (success or
fail). We also have one category associated to the
end of the session and one to a participant can-
celing a proposition. The annotation scheme is
thus composed of a total of 16 annotation cate-
gories, with 7 categories for the suggester role, 7
categories for the guesser role and 2 unrelated to
the role (End session and Cancel proposition). For
higher-level analyses, categories can be grouped
into five broader process types (Collaboration, Ob-
servation, Thinking, Reaction, and Game-related
actions). Their distribution across the corpus is
presented in Section 4. The annotation process fol-
lows three steps: (1) Creation of base blocks from
explicit logged actions (2) Temporal inference of
intermediate phases (e.g., thinking, waiting) (3) Ad-
dition of reaction phases with a maximum duration
of 5 seconds (empirically determined).

The process is illustrated on Figure 2, with a
simplified example of two players’ timelines. Using
this annotation process, we annotated a total of
9168 blocks.

3.4.2. Performance scores

Using the logs of the game, we provide perfor-
mance measures for each game session and for the
combined session, from both group-level (number
of successful and failed attempts) and individual-
level, such as number of total propositions (fail or
success) as guesser (coordinates) and suggester
(clue-word).

3.4.3. Facial Action Unit Extraction

Facial behavior signals were automatically ex-
tracted using OpenFace (Baltrusaitis et al., 2018),
a widely used toolkit for facial behavior analysis.
OpenFace can, among others, detect and extract
the intensity (value between 0.0 and 5.0) of 17 ac-
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tion units (AU) on a human face image or video.
We used this tool to work on 13 facial behaviors.
Based on our expertise with OpenFace data, we
provide, in addition to raw data, filtered and prepro-
cessed data suitable for analysis. We excluded the
AU 45 (blink), as we do not focus on blinks in our
analysis, the AUs 25 and 26 (lips part and jaw drop),
because it is often confused with speaking, and AU
14, because it has been shown that its detection
is unreliable (Namba et al., 2021). Additionally, we
used the AUs 6 and 12 together, to detect smiles,
and the AUs 1 and 2, both separated, to distinguish
inner brows raising from outer brows raising, and
together, to detect brows raised from both sides.

OpenFace also provides a confidence value, that
indicates how much confident (value between 0 and
1) the system is about the detection of the face. To
minimize false detections and remove noise, we
ignore all detections with a confidence lower than
0.8, .

peaks
activation 
threshold

removed block 
(duration<1sec)

Intensity categories

weak
very weak

average

raw intensity signal
discretized signal

Figure 3: Illustration of the extraction process of
Action Units (AUs). The raw signal from Openface
(plain blue line) is first filtered using an activation
threshold (dashed red line), to remove noise (grey
areas). The peaks (red crosses) and their asso-
ciated time boundaries (not represented to avoid
cluttering the figure) are identified. The signal is
then discretized (plain red line), and associated
with intensity categories. Successive blocks are
then merged in a single block with the maximum in-
tensity of the merged blocks. Finally, blocks shorter
than 1 second are removed (grey hatched blocks).

The processing pipeline consisted of: : (1) Nor-
malization of raw AU intensity signals, (2) Peak
detection using SciPy (minimum height = 0.05; min-
imum inter-peak distance = 80 frames), (3) Dis-
cretization of intensity values into five categories
(Very weak [0.1-0.3[, Weak [0.3-0.5[, Average [0.5-
0.7[, Strong [0.7-0.9[, Very strong[0.9-1]), (4) Con-
version into temporal annotation blocks defined by
sustained activation at the same intensity level, (5)
Merging of successive blocks separated by gaps
below 1 second, (6) Removal of blocks shorter than
1 second.

We illustrate this process on Figure 3, with a 20
seconds signal of a single AU, extracted from our
corpus.

3.4.4. Gaze targets

Gaze vector estimation refers to the task of extract-
ing gaze direction vectors from a video or an image

of a human face. SpaTaTrack 1 (Spatial gaze Tar-
get Tracking) is a tool that uses the output from a
camera to extract gaze direction vectors and iden-
tify the gaze targets of a human in a video. It allows
to define the scene configuration by placing the dif-
ferent objects using a global coordinates system,
and project the gaze vectors in this scene to iden-
tify the target of the gaze. A visual interface allows
manual inspection and validation before extracting
the targets in batch.

We used the SpaTaTrack tool configured with our
experimental setup, and extracted for each partic-
ipant and for each frame the gaze targets, which
can take one of the following values :

• screen : when the target is either the table or
the screen,

• red, blue, green or yellow : when the target is
one of the participants,

• other : when the gaze vector does not intersect
with any of the defined objects or zones.

We extracted a total of 35567 gaze target blocks,
with 41.4% screen, 37.2% participant (red, blue,
green or yellow) and 21.4% other.

3.4.5. Verbal transcriptions

Due to the close proximity of participants, individual
audio tracks were not acoustically isolated, which
compromised the performance of standard auto-
matic transcription, specifically during crosstalk. To
address this challenge, we used the HappyScribe
service2, which provided time-stamped annotations
and diarization performed by professional linguists
experienced in transcription tasks. The annotation
process was conducted offline, allowing annotators
to carefully review the audio. The service includes
quality-control procedures to ensure the accuracy
and reliability of transcriptions. While the task was
generally straightforward, it became more challeng-
ing during segments where more than two partici-
pants spoke simultaneously. Each speech segment
was divided into block units, defined as continuous
utterances separated by pauses of at least 300 mil-
liseconds. Each block is associated with a start
time, end time, speaker identifier, and textual con-
tent. All transcripts are temporally aligned with the
corresponding audio, video, and interaction phase
annotations through shared timestamps.

3.4.6. Social perception measures

In addition to multimodal behavioral recordings, the
corpus includes session level subjective measures

1https://github.com/mlamine21/SpaTaTrack
2More information is available at:

https://www.happyscribe.com
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collected after each game round. The following
questionnaires were administrated :

Group Cohesion Questionnaire (GCQ)
(Sassier-Roublin et al., 2026) : Measure of
individual perception of group cohesion according
to three dimensions : Social (13 items), Task (3
items) and Communication (3 item). Responses
are provided on a 7-point Likert scale and reflect
group-level perception.

Social Belonging Scale (Richer and Vallerand,
1996) : Measures perceived belongingness and
acceptance within the group. Responses are pro-
vided on a 7-point Likert scale along 5 items for
the Acceptation dimension, and 5 items for the In-
timacy dimension. Scores reflect individual-level
perception.

Virtual Intimacy Scale (VIS) (Potdevin, 2020).
Measures perceived intimacy in social interaction.
Two versions were administered: (1) a self-report
(Self-VIS), in which participants rated their own inti-
macy, (2) and an other-report (Front-VIS), in which
they evaluated the intimacy of the person facing
them during the game. The use of these two com-
plementary measures was intended to capture both
their mutual influence and potential incongruence
between self and partner perceptions. Responses
are provided on a continuous 0–100 scale across
three dimensions : honesty and genuineness (5
items), positivity (4 items) and mutual comprehen-
sion (6 items).

Pre-existing relationship : Participants rated
how well they knew each other participant on a
5-point scale (1 = Not at all, 5 = Very well).

4. Results

4.1. Dataset characteristics

4.1.1. Annotation categories distribution

Interaction phase annotations were grouped into
five higher-level process types:

Collaboration (53.2% of the blocks): This group
concerns both the suggester ("Waiting coordi-
nates") who can give clues using their non-verbal
behavior to give indirect feedback to guessers dur-
ing their thinking process, and the guessers ("Think-
ing coordinates"), who share in a more direct way
their thinking process and their opinion to the other
players, based on cues such as interruptions, over-
lapping speech, attention allocation, agreement,
disagreement or doubt expression.

Observation (16.9%): moments when guessers
observe the suggester writing a word ("Waiting
word") and gather information about how the sug-
gester feel about their word: "do they look confi-
dent? are they happy about their proposition?" or
observe both the suggester and the other guessers

reacting about their coordinates proposition ("Wait-
ing confirmation").

Thinking (15.3%): as a mental processes before
a word is suggested, indicating a reflexion process:
"how can I link these words? Are there other pos-
sible coordinates that could confuse them?". Par-
ticipants can either emphasize that they are about
to suggest a word ("Thinking proposition word" or
"Thinking word"), or that they probably won’t sug-
gest a word because they can’t find an easy link
between the words associated to their coordinates
("Thinking word").

Reactions (8.8%): emotional expression of the
suggester right before they confirm coordinates
("Confirmation success/fail") and both suggester
and guessers the moment after the answer is re-
vealed ("Reaction success/fail coordinates/word").

Game-related (5.4%): mostly unrelated with
group or interpersonal processes, refers to mo-
ments where the suggester is writing their word
on the keyboard ("Proposition word"), when the
guessers are clicking on the coordinates they chose
("Proposition coordinates"), the "End session" and
the "Cancel proposition" categories.

Their distribution across the corpus (percentage
of annotation blocks) and the categories they con-
tain is illustrated in Figure 4.

Figure 4: Distribution of interaction phase cate-
gories across the corpus.

4.1.2. Facial action unit distribution

A total of 27,648 facial activation blocks were ex-
tracted across the corpus. The facial behaviors we
used can be found on the pie charts (Figure 5), with
percentages indicating their respective proportions.

4.1.3. Gaze target distribution

A total of 35567 gaze target blocks were extracted
across the corpus. Gaze was distributed toward
the screen in 41.4% of annotated blocks, toward
another participant (red, blue, green or yellow) in
37.2% of the blocks and categorized as other in

169



Figure 5: Distribution of extracted facial action units
across the corpus.

21.4% of the cases. This distribution reflects the rel-
ative proportion of attention allocated to the shared
task interface, co-participants, and non-defined tar-
gets.

4.1.4. Speech statistics

The corpus is composed of 11963 blocks, with a
total speech duration of 3 hours, 33 minutes, 26.74
seconds (12806.74 seconds), and a word count of
44565. The average block duration is 1.07 second,
with an average of 3.73 words per block.

4.1.5. Social perception measures

Cohesion: The overall cohesion score (Total di-
mension) indicates a high level of perceived cohe-
sion across all participants (M = 5.97, SD = 0.84).
Cohesion was particularly high along the Task di-
mension (M = 6.50, SD = 0.70) and the Communi-
cation dimension (M = 6.22, SD = 0.76) with lower
variability compared to the Social dimension (M =
5.74, SD = 1.10).
Intimacy: Participants reported a high overall level
(Total dimension) of intimacy for both the self-report
(M = 78.79, SD = 13.04) and the front-report (M
= 78.80, SD = 13.75). The Positivity dimension
received the highest scores (Self : M = 83.93, SD
= 13.02, Front : M = 84.43, S = 12.62), followed by
the Mutual Comprehension dimension (Self : M =
79.02, SD = 15.95, Front : M = 78.50, SD = 17.27),
while the Honesty dimension was rated compar-
atively low, yet still high (Self : M = 73.34, SD =
15.61, Front : M = 73.60, SD = 16.04).
Correlations: We computed correlation coeffi-
cients (Spearman when the data did not meet the
assumption of normality, Pearson otherwise) to in-
vestigate how the components of intimacy and co-
hesion interact. Concerning the self-reported in-
timacy, the analysis revealed significant associa-
tions between all dimensions of both cohesion and
intimacy. However, we can note substantial differ-
ences in the strength of these associations, with
strong correlations with the social dimension of the
cohesion (Honesty(H) : r = 0.520, Positivity(P) : r =
0.620, Comprehension(C) : r = 0.607; p <0.001 for

all dimensions), followed by the communication di-
mension with moderate associations (H : r = 0.322,
P : r = 0.414, C : r = 0.442; p <0.001 for all dimen-
sions) and finally weak associations for the Task
dimension (H : r = 0.235, P : r = 0.289, C : r = 0.273;
p <0.001 for all dimensions). We observed a simi-
lar pattern with the front-reported intimacy, but with
weaker associations for the Social dimension (H
: r = 0.357, P : r = 0.474, C : r = 0.509; p <0.001
for all dimensions), the Communication dimension
(H : r = 0.190 p <0.05, P : r = 0.314 p <0.001, C
: r = 0.392 p <0.001) and even non significant for
the Task dimension (H : r = 0.091 p < 0.15, P : r =
0.208 p <0.01, C : r = 0.300 p <0.001).

4.2. Evolution of subjective measures
across sessions

4.2.1. Statistical procedure

We analyzed the evolution of the scores across the
2 game sessions to investigate the dynamics cre-
ated throughout the experiment, using one-sided
Wilcoxon signed-rank tests when the data distri-
butions did not meet the assumption of normal-
ity, paired t-test otherwise, with the ’less’ alternate
hypothesis (Session 1 < Session 2), indicating a
hypothesized increase after Session 2.

As the concepts studied (cohesion and intimacy)
are dependent on existing links between the par-
ticipants, we used the Links scale (see Section
3.4.6) to calculate a mean score (scale from 1 to 5)
for each participant based on the strength of their
existing relationship with the other three players.
Participants were then divided into two groups: the
Unfamiliar group, who reported not knowing the
other participants well (mean score < 3, n=21 , M
= 2.16 SD = 0.54) and the Familiar group, who re-
ported knowing them well (mean score ≥ 3, n=47,
M = 3.77 SD = 0.58).

4.2.2. Evolution across sessions

Cohesion: Across all participants, significant in-
crease was observed for total cohesion (p = 3.50e-
02) score, reflecting a global increase in the percep-
tion of the cohesion after the second session. So-
cial cohesion also exhibited a significant increase
(p = 3.81e-02), but for the Task (p = 5.56e-02) and
Communication (p = 5.53e-01) dimensions, the dif-
ferences were not statistically significant, while still
showing a tendency to increase for the Task dimen-
sion.
Intimacy: Perceived intimacy increased signifi-
cantly across sessions for both self-report and front-
report when considering all participants (p<0.001
for all dimensions).
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4.2.3. Effect of Links

Cohesion: The participants in the Unfamiliar group
registered a significant increase in the cohesion
score, for the Social dimension (p <0.001), the
Task dimension (p = 4.51e-02) and Total cohesion
(p<0.01), while the Communication dimension did
not show a significant increase (p = 2.85e-01).

For the Familiar group, the perceived cohesion
did not show a significant increase for any of the
dimensions across the sessions (Social : p = 5.50e-
01, Task : p = 2.80e-01, Communication : p =
7.02e-01, Total : p = 5.48e-01).
Intimacy: For the Unfamiliar group, overall inti-
macy showed a significant increase (self and front
: p < 0.01) as well as the Honesty dimension (self
: p < 0.01, front : p < 0.001) and the Positivity
dimension (self : p < 0.01, front : p < 0.05). No sig-
nificant increase was observed for the self-reported
Comprehension dimension (p=1.52e-01), whereas
significant increase emerged in the front-report for
the same dimension (p=3.98e-02).

For the familiar group, overall intimacy and all di-
mensions showed a significant increase (p < 0.001)
for both the self and front report.

5. Discussion

Cohesion: The participants perceived high levels
of cohesion along the Task and Communication
dimensions. No significant evolution across ses-
sions were observed for these dimensions. The
social cohesion scores, while still above average,
were relatively lower than the other dimensions, but
showed a significant increase across sessions. Ac-
cording to the literature, cohesion can build around
the shared objective of the group, later evolving
and deepening through the social dimension, rein-
forcing bonds within the group, encouraging vulner-
ability exposure and risk taking to achieve better
results (Forsyth and Burnette, 2010; Marmarosh
and Sproul, 2021). These results could suggest
an already established cohesion on the Task and
Communication level, leading participants to re-
inforce and focus on social cohesion. This initial
high level of task and communication cohesion,
specifically in Familiar groups, could be due to par-
ticipants having already interacted together in a col-
laborative context (e.g. group works in university
setting) and possibly already sharing effective task
and communication-level collaboration strategies.

The results also showed that Social and Task co-
hesion increased for Unfamiliar groups but not for
Familiar groups. The Communication dimension
seems to remain stable across the sessions, even if
we can observe a slightly higher increase in the Un-
familiar group. This reveals an interesting impact
of familiarity on cohesion, suggesting that building

cohesion plays a more critical role among unfamil-
iar participants. As stated by (Ogrodniczuk et al.,
2021), cohesion can move from initial uncertainty,
starting from members getting to know one another
and build trust, to deeper collaboration at a later
stage, where cohesion gradually develops. This
indicates that familiarity may impact the need for so-
cial bonding to enhance cohesion, as established
relationships already reached a baseline level of co-
hesion, highlighting the importance of social skills in
emerging groups. Moreover, these results indicate
that the experimental setting allowed the observa-
tion of meaningful changes in perceived cohesion
across sessions, providing a relevant framework
for studying cohesion, specifically through the so-
cial dimension, and its dynamics in collaborative
interactions. However, the high overall scores is a
limitation of this dataset, as it makes it difficult to
identify possible indicators associated to low cohe-
sion scores.

Intimacy: The intimacy scores from both self
and front report revealed high level of perceived
intimacy. According to (Kozlowski and Chao, 2012),
first impressions guide initial group interactions, of-
ten relying on visible traits such as race, age, and
gender. They also suggest that groups with sim-
ilar surface-level characteristics may experience
stronger initial attraction among members. The
high initial level of overall intimacy could then be
partly explained by the shared characteristics (age,
social class, education level, high semantic align-
ment and shared reference) of the participants,
specifically for the Mutual Comprehension dimen-
sion scores. The collaborative game context, with
low (for competitive participants who seek perfor-
mance) to non existent stakes, probably helped in
creating a positive and relaxed atmosphere, and
could explain the Positivity dimension displaying
the highest scores among the dimensions. The re-
sults should then be taken carefully by considering
the specificities of our sample.

The perception of intimacy increased significantly
across sessions, and familiarity did not seem to
have an impact on intimacy evolution, which dis-
played a significant increase for all dimensions ex-
cept for the self reported intimacy for the Mutual
comprehension dimension in the unfamiliar group,
which remained stable. This suggests that while
participants did not perceived a change in their own
attempt to enhance Mutual understanding, they per-
ceived more easily this change in their interaction
partner when social cohesion increased. Addition-
ally, we can conclude that while cohesion seems
to reach a peak in cohesion level, intimacy keeps
increasing, potentially helping reach a higher peak
of cohesion after longer period of collaborative in-
teractions.

Correlations: The first conclusion suggested by
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the results is that intimacy has few impact on the
perception of cohesion along the Task dimension.
For the Communication and Social dimensions of
cohesion, results seem to indicate a strong asso-
ciation with both Positivity and Comprehension di-
mensions of intimacy. The results for the Honesty
dimension appear more mitigated, and do not allow
to draw conclusions on its link with the perception
of cohesion.

6. Limitations

While the MOSAIC corpus provides valuable in-
sights into multiparty interactions, several limita-
tions must be acknowledged. First, the small sam-
ple size (68 participants) and demographically nar-
row population (18–19-year-old university students)
restrict the generalizability of the findings to broader
age groups or diverse cultural and social contexts.
Additionally, the high and homogeneous scores
for intimacy and cohesion across participants limit
the dataset’s ability to capture contrastive dynam-
ics in terms of intimacy and cohesion. Finally, the
automated extraction of gaze targets and facial ex-
pressions lacks human validation.

7. Perspectives and use cases

We introduced the MOSAIC corpus, an annotated
video dataset aimed at exploring the links between
cohesion, intimacy, and synchronized multimodal
behaviors (action units, gaze targets and speech
content) associated to these concepts. We de-
scribed the segmentation used on the corpus based
on the unfolding phases of the collaborative task,
and suggested a grouping based on high-level
processes, allowing the interaction to be studied
from different angles. The collaboration interaction
phases can be used to study group dynamics while
focusing on decision-making or negotiation, and
the observation and thinking phases can help gain
insights on mental processes and their expression,
and the reaction phases could be useful to explore
emotional expressions in a collaborative context.

In the first analysis of questionnaires we provided,
we focused on individual perceptions of cohesion
and intimacy. This work could be extended to group-
level analysis to explore for example disparity and
homogeneity in the group’s perception, or to ex-
amine how these constructs could be related to
the group’s performance in terms of success and
communication quality. Additionally, we could fur-
ther explore the interactions between the different
measures by taking into account familiarity in the
correlation analysis, and including the results for
the social belonging scale.

This corpus could extends the contributions on
the links between multimodal behaviors and high

levels of intimacy (Shaver and Reis, 1988; Soley-
mani et al., 2019; Potdevin, 2020; Kang et al., 2012)
and on the identification of markers of high levels
of cohesion (Maman, 2022). The observation of
an evolution of both cohesion and intimacy could
additionally inform on the specific changes related
to language and non-verbal behaviors that led to
this evolution. Several additional annotations could
also be introduced to extend this corpus, such as
verbal features like interruptions, laughter, senti-
ments and intentions associated to utterances, or
cross-modal features, like emotional states or com-
munication quality.

Finally, this corpus can be used to inform the
design of socially interactive agents displaying inti-
macy behaviors (verbal and non-verbal) during the
same collaborative task. The annotation categories
described in Section 3.4.1 and used in this work
as an analysis framework also represent the differ-
ent possible states of an agent interacting in this
task. The contextual analysis of the participants
behaviors during each of these states will help to
identify and then reproduce behavior patterns as-
sociated with different intimacy levels on socially
interactive agents. These generated behaviors will
then be evaluated in interaction with humans to
explore their relevance and realism, as well as the
impact of different embodiments (humans vs robots
or virtual agents) on the perception of cohesion and
perceived intimacy.
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Abstract

As we age, the way we experience and express emotions changes. This is because of a number of factors,
including: changes in our body, differing types of experiences at different ages, improved emotion regulation
strategies, and increasing experience of dealing with affective situations. However, work in psychology points to
differing findings on how emotions, typically valence and happiness, changes with age. Psychologists measure
happiness and well-being through questionnaires, which can have biases and result in limited data. Thus corpus
analyses can provide useful complementary insights. We compile and release a large dataset of social media
posts annotated with the age of the author at the time of posting. We refer to it as AgeCorpus. Using this dataset,
we apply simple and interpretable methods to explore research questions pertaining to how social media posts,
especially emotion expression through these posts, varies by age groups. Analyzing the emotions expressed in the
posts, we find that the average valence increases until the middle ages, and then decreases; arousal decreases
(Reddit)/plateaus with age (Twitter); and dominance follows the inverted U-shape (Reddit)/increases with age (Twitter).
For categorical emotions, we find they follow the inverted U-shape on Reddit and increase in intensity with age on Twit-
ter. We hope our dataset enables further research into age related phenomenon, such as well-being and language use.

Keywords: Age, Affect, Emotion, Valence, Arousal, Dominance, Categorical Emotions, Corpus creation,
Social Media

1. Introduction

The way in which we perceive and express emo-
tions is dependent on many aspects (e.g., envi-
ronment, life events, personality dispositions, etc.),
and change with age. With age and increased
exposure to emotional situations, people’s ability
to regulate emotions improves and therefore older
adults report higher levels of well-being (Urry and
Gross, 2010; Gross et al., 1997). The way in which
we perceive emotions is important as it directly im-
pacts how we process that emotion information,
respond, and act on that decision (Appraisal The-
ory of Emotion (Arnold, 1960)).

Literature in psychology has found that there
are general trends in emotion expression with age.
However, these findings do not align and point
to differing trends which can be grouped into 3
broad categories: “U-shape" (Blanchflower and
Oswald, 2008), “Inverted U-shape", and linear or
there is no change with age. The U-shape the-
ory says that generally happiness is highest for
those in their early twenties to thirty-five, dips dur-
ing midlife (e.g., 35-50 years old), and rises again
during fifties to seventies, following a U-shaped
curve. On the other hand, in the inverted U-shape
theories happiness peaks during midlife, and is low-
est in 20’s to early 30’s, and likewise again in older
age. Whereas other work points to there being no
relationship between emotions and age, with posi-
tive and negative emotions being evenly distributed
across the life-course.

Understanding how emotions change across the

lifespan is critical for answering questions related to
what changes (e.g., experience, regulation, expres-
sion) and why changes occur across age (e.g., cog-
nition, biology, culture). Answering such questions
is important to determine whether such changes
are adaptive or problematic. If problematic, are
there appropriate interventions that can be taken to
help improve health outcomes and well-being and
when should they be taken? Such findings can sup-
port clinicians provide more tailored care and ap-
propriate interventions when needed. A better un-
derstanding the relationship between age and emo-
tion is of interest to numerous fields: psychology
(e.g., how does emotion experience, expression
and regulation change across the lifespan), mental
health (e.g., what does healthy changes look like
vs. those associated with a pathology), education
(e.g., emotional experiences are key to learning,
how can classrooms best support age-related emo-
tional processing), behavioral economics (e.g., how
does emotions changes with age impact decisions
and consumer trends) and more.

In much of the psychology work on age and emo-
tions, the data studied was obtained from surveys
or census asking how happy people feel, or how
satisfied they feel. Surveys can have biases (e.g.,
social pressures to appear happy, population rep-
resentation biases, etc.), and are timely to collect
for large populations. Further, the amount of data
that can be collected from surveys is rather lim-
ited. In this work, we analyze large amounts of
data systematically and efficiently by looking at
the emotions expressed in text, specifically social
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media. While people are not asked to describe
how they feel when posting on social media, in-
advertently through the words used, they express
how they are feeling. Therefore, we can often infer
how people feel through the emotions expressed
in their posts. Further, the text we write on social
media also impacts others – providing another an-
gle on this question. We create a large corpus
of social media posts and determine whether the
expression of emotion in text varies across age
groups, and if so, how does it vary. Further, most if
not all of the work in psychology measures one
dimension of emotion – valence (the pleasure–
displeasure, happiness–unhappiness, or positive–
negative dimension). Affect encompasses valence,
arousal, and dominance and are thought to be the
the primary dimensions of emotion (Osgood et al.,
1957; Russell, 2003; Russell and Mehrabian, 1977).
Whereas categorical emotions include joy, sadness,
fear, etc. such as Ekman’s 6 emotions (anger, fear,
joy, sadness, disgust, surprise) (Ekman, 1992) and
Plutchik’s Wheel of Emotions (additionally including
anticipation and trust) (Plutchik, 1980). Emotions
are multifaceted and it is important to understand
how do all types of emotions which we experience
every day (e.g., fear, anger) and affect vary across
age groups? Each and every one of these dimen-
sions has an impact on overall well-being.

In this paper we introduce AgeCorpus – a dataset
of social media posts annotated with the age of the
author at the time of writing. We use AgeCorpus to
explore research questions on how emotion varies
across age groups. We provide novel insights from
two social media platforms, X (formerly known as
Twitter) and Reddit, and contribute a large dataset
for affective science research. However, there are
several ways one could go about studying emo-
tion change with age. One approach is having a
group of individuals and following how their emo-
tion expression in text changes as they age through
their 20’s, 30’s, and onwards, allowing us to study
how emotion expressed changes across age with
a consistent cohort. Although such data sources
are limited, so this would be a challenge. There-
fore, we ask a more specific question - how does
emotion expression vary across age groups dur-
ing specific periods of time. This date range, or
period of time, is a parameter and can be set to
any value e.g., from a few years to a decade. We
create a corpus of contemporary age utterances,
as our dataset covers 2010–2022 for Reddit and
2020–2021 for Twitter. We refer to this dataset as
AgeCorpus. We add this nuance to our research
question as being in your 20’s during the 1940’s
is quite different from being in your 20’s during the
early 2000’s. For simplicity, from here onwards we
will refer to our research question as “how does
emotion vary across age groups”.

Using AgeCorpus dataset we investigate the fol-
lowing research questions:

1. What patterns do we see in posting character-
istics with age? This can help inform research
on well-being such as posting frequency may
be related to social withdrawal, or how use of
pronouns can be indicative of mental health.

2. Does emotion expression vary by age? How?
We will make our code and dataset publicly avail-

able.1 Our data is also a part of the ABCDE (Affect,
Body, Cognition, Demographics, and Emotion) cor-
pus (Wahle et al., 2026) where there are various
additional annotations included beyond age, allow-
ing for a wide range of research questions on the
relationship between age and other features to be
explored.

2. Related Work

2.1. Psychology, Age, and Emotions
Many theories in psychology have explored how
well-being and happiness change with age. One
branch of theories describe happiness levels as fol-
lowing a “U-shape” with age, whereas others say it
follows an “Inverted U-Shape”. More so, others say
there is simply no relationship with age. Blanch-
flower and Oswald (2008) introduced the U-shape
theory, demonstrating that psychological well-being
is at its lowest and mental distress at its highest dur-
ing midlife. Potential confounding factors such as
income, education, marital status, and region have
been considered and the U-shape still holds. Sim-
ilar trends were found regardless of employment
status (Clark and Oswald, 1994). Likewise, Deaton
(2008) found that mean life satisfaction is U-shaped
with age for high income countries, whereas de-
clines with age for middle-income countries but to
a lesser extent for low-income countries. Similarly,
Kim et al. (2023) noted the U-shape relationship
between well-being and age, however it was moder-
ated by personality. On the other hand, some work
in psychology points to an inverted U-shape be-
tween age and well-being with happiness increas-
ing until 50’s/60’s and decreasing afterwards (East-
erlin, 2006), even after considering extraversion
level (Mroczek and Spiro, 2005). Whereas Myers
and Diener (1995) claimed that regardless of gen-
der, race, and socioeconomic status, satisfaction
with life remained constant with age.

Work in psychology has also studied the relation-
ship between patterns in language use and well-
being. For example, the proportion of pronouns can
be an indicator of depression (consistently found
in a meta-survey (Edwards and Holtzman, 2017)),
and the pattern with which emotions change over

1https://github.com/dteodore/
Age--Affect_AgeCorpus
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time (i.e., referred to as emotion dynamics) is as-
sociated with mental health diagnoses (e.g., more
negative affect over time and higher fluctuations of
emotional states are associated with anxiety, de-
pression (Houben et al., 2015; Heller et al., 2018)).

2.2. NLP, Age, and Emotions
Past NLP work created age corpora for supporting
the development of age-detection models (Chew
et al., 2021; Rosenthal and McKeown, 2011; Peers-
man et al., 2011) and personalized models (e.g.,
search and recommendations (Tigunova et al.,
2020)). Other work, created age corpora to enable
research in the social sciences (e.g., Reddit data
with demographic and personality labels (Gjurković
et al., 2021)) and to mitigate bias in language tech-
nologies (e.g., demographic-aware word embed-
dings (Welch et al., 2020)).

Few works, studied how emotions varies across
age groups. Hipson and Mohammad (2020) ex-
plored the emotion expressed in poems for grade
1–12 students and found decreased valence dur-
ing mid-adolescence, and arousal and dominance
peaked during adolescence. We focus on how emo-
tion varies across adulthood in the social media do-
main. Schwartz et al. (2013) found that in Facebook
posts there was a positive relationship between
positive emotion and age, whereas a negative rela-
tionship for negative emotion with age. Lastly, the
most related is by Li (2023), who explored whether
older people expressed more positive emotions
than younger people for 8 discrete emotions with
the spoken portion of the BNC (fiction, magazines,
newspapers, and academic). Overall, their findings
aligned with the U-shaped theory in psychology –
older people expressed less negative emotions (ex-
cept for sadness), but also there were fluctuations
in how positive emotions increased with age. In
contrast, we create and explore an utterance–age
resource for Reddit and Twitter.

3. AgeCorpus Dataset

We create a dataset of textual utterances/posts
from social media annotated with the speaker’s
age at the time of posting. Such a dataset en-
ables a wide array of research such as on how lan-
guage characteristics vary by age (e.g., post length,
metaphor usage, etc.), or for studying aspects of
well-being (e.g., loneliness, mental health) across
age groups. We focus on social media as a source
of text data as it allows us to study large amounts of
data and is more accessible compared to other text
mediums (e.g., essays, discussion forums). We
chose Reddit and Twitter as our platforms as these
are two representative social media sources which
are rich in text data. Rather than using APIs to

scrape these social media platforms, we use exist-
ing dumps of social media. Future research could
extend this work to multimodal platforms such as
Instagram or TikTok. We make our dataset publicly
available.2

Social media data instances (e.g., Tweets, Red-
dit posts) often have various metadata information
associated with them such as the time of posting,
user id, number of likes, reposts, retweets, loca-
tion, etc. However, the age of the author is not
included in the metadata. Some people choose to
include their age in their profile or in their social
media bio, however this is often noisy data and
may be outdated. In our work, we make use of self-
declarations of age in posts: e.g., “I’m so happy
to be turning 25, happy birthday to me!” or “I’m
30 and relate to this...”. Using the age mentioned
in the self-declarations and the time stamp of that
post, we can determine the age of the person at the
time of the posting. Then we can determine their
age at the time they made any other (past or future)
target post, by simply determining the difference in
time between the target post and the time of the
self-declaration post.

People can self-declare their age in many ways,
but there are certain templates that are common:
e.g., ‘‘I’m turning 25 years old today!”. We make
use of these templates to automatically identify self-
declarations.3 In Appendix A, we show the regexes
used to capture these templates. We note that
age declarations can appear in two forms: people
declare their age at the time of posting; and those
that declare their date of birth (e.g., birth year). We
make use of high-precision templates since these
templates can sometimes capture false positives
(e.g., “When I was 26 years old ..."). Further, an
author can have multiple age declarations, so we
increase the precision of the self-declarations using
the approach described in the section below.

3.1. Resolving Multiple Age Declarations
We determine the birth year from the self-
declaration of age and time of posting. For any user
that is below 13 years old, we remove their posts
(minimum age to use these social media platforms).
For users with several birth year declarations, birth
years that are similar (within 2 years) are clustered
together. Each cluster is assigned a weight, and
the cluster with the highest weight is selected. The
final birth year is calculated as the weighted aver-
age of that cluster. We remove posts from users
with ages determined to be outside of 13–100 (as
users older than 100 are unlikely). This methodol-

2https://github.com/dteodore/
Age--Affect_AgeCorpus

3We do not aim to capture all possible ways; just
commonly used ways.
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Dataset Time Period # Users Total # Utterances User Avg. # Utterances (Std dev.)
Reddit 2010–2022 1,047,553 33,495,292 31.97 (841.89)
TUSC-City 2020–2021 48,712 7,486,672 153.69 (230.715)

Table 1: The number of users and number of utterances with age annotations obtained from the Reddit
and Twitter datasets.

ogy ensures that if multiple ages are declared, the
most probable one is selected.

3.2. Reddit Dataset

Reddit data is not easily accessible due to API
changes so we use past Reddit Pushshift dumps
from 2010 up to and including 2022.4 We search
for posts matching the age declaration templates
and identify potential users. Next, we collect all of
the users’ posts.

3.3. Twitter Dataset

We use an existing Twitter corpus, TUSC-City (Vish-
nubhotla and Mohammad, 2022), which contains
geo-located English Tweets from US and Canada.
It consists of posts collected via the free Twitter API
by using geo-location and random sampling from
46 American and Canadian cities.

We likewise search for users from TUSC-City
using the above mentioned matching templates,
and obtain the posts for these users.
The number of users, utterances, and other details
of the dataset are in Table 1, and the number of
users in each age group is in Appendix C. Most age
groups have about 2,000 users from Twitter and
about 20,000 users from Reddit, and the smallest
age group had 360 users, ensuring a strong enough
signal when performing the below experiments.

4. How do Social Media Post
Characteristics Change with Age?

Using AgeCorpus we explore a series of questions
on how social media posting habits and social me-
dia posts vary across age groups. In the following
section, we explore how emotion word usage varies
with age. We remind readers (as mentioned in the
Introduction), we will use for short how emotion
expression “varies across age groups” although we
are referring to more specifically “varies across age
groups during the time periods of the dataset” (e.g.,
2010–2020 for Reddit and 2020–2021 for Twitter).

Figure 1: Posting frequency on Reddit and Twitter.

4.1. How does Posting Frequency
Change with Age?

We ask how posting habits, such as the frequency
of posting, varies across age groups. This is an im-
portant question as it is informative for research on
well-being (e.g., loneliness) which uses the amount
of online activity as a signal. It has been shown
that individuals who experience depression, may
withdraw from social media use (De Choudhury
et al., 2021), and there were significant differences
in Facebook posting quantities for individuals diag-
nosed with depression (Smith et al., 2017).
Experiment Setup: We find the number of posts
for each author and then take the average across
authors in that respective age group.
Results: We show the results in Figure 1. On Twit-
ter, there is an increase in posting frequency until
the 40’s, with a decrease afterwards. On Reddit, we
see an increasing trend in the frequency of posting
across age groups up until the 40’s, with a decrease
afterwards until the 60’s to 70’s.
Discussion: These findings contrast those by
Chang et al. (2015) who found that age was neg-
atively associated with self-posting on Facebook,
and found there is less activity in general for older
adults on Facebook (McAndrew and Jeong, 2012).

4We do not consider more recent Reddit data as it
contains numerous LLM- and bot-generated posts.
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Figure 2: Post length (tokens) by age group.

4.2. How do Post Lengths Change with
Age on Reddit and Twitter?

Is it that as we age, we tend to share longer mes-
sages online, or is it the opposite? Or, is there no
clear trend? These findings provide insights into
the writing style of each age group.

Experiment Setup: The experiment is simple – we
compute the average length of each post in terms of
number of tokens, average the length of posts per
author, and compute the average post length per
age group. This allows us to see how post length
varies across groups and if there are consistent
trends across the two platforms.

Results: The results are shown in Figure 2. In the
Reddit data we see a marked difference between
the teens and 20’s, compared to the Twitter data.
Generally, there is an increasing trend in post length
on TUSC, whereas the Reddit data shows the op-
posite trend with decreasing post length from the
20’s to 70’s. Overall, we see more variation in post
length on Reddit than Twitter, which could be due
to the character limit on Twitter (280 characters).

Discussion: Previous literature found that post
length in blogs was longer for older adults (Rosen-
thal and McKeown, 2011), post length increased
on a health forum with age (Shrestha et al., 2016),
and the total number of content words in Face-
book messages had a positive relationship with
age (Schwartz et al., 2013). These findings align
with the trends found on Twitter. Whereas other liter-
ature found no relationship between social network
post length and age (Peersman et al., 2011). The
opposing trends between Twitter and Reddit could
be explained by how these platforms are used for
different purposes.

Age Group Most popular Subreddits

13–19
teenagers, quzangle,
randonaut_reports, AskReddit,
buildapc

20–29 AskReddit, NoStupidQuestions,
personalfinance, buildapc, NoFap

30–39
funwithwords, Vocabulario,
EsperantoFeed, KazakhFeed,
CatalanFeed

40–49
stopdrinking, AskReddit,
NoStupidQuestions, personalfinance,
keto

50–59 SandersAlerts, nba, stopdrinking,
MillennialBets, personalfinance

60–69 gw2devtrackalt, Wallstreetsilver,
personalfinance, Jokes, teenagers

70-79
WorldNewsinPictures, CMKMArchive,
u_WorldNewsinPictures, teenagers,
pathofexile

Table 2: The top 5 most popular subreddits per age
group in descending order.

4.3. How does Most Popular Subreddits
Change with Age?

We are interested in the top subreddits each age
group posts in and what changes, if any, we see
across age groups. This informs us of the interests
and communities that each group engages with.
Experiment Setup: We find the subreddit counts
of posts for each age group, and consider the top
5 most popular. We also performed these experi-
ments with up until the top 20 subreddits for each
age group, and summarize the results below. We
show the top 20 most popular subreddits in Ap-
pendix D. This research question is only applicable
to the Reddit subset of AgeCorpus.
Results: The results are shown in Table 2. We
see that in the teens and 20’s there is inter-
est in r/teenagers, asking questions online, and
hobbies such as building personal computers
and an interest in finance. In the 30’s people
engage in interests with languages, vocabulary
and words (e.g., r/funwithwords, r/Vocabulario, r/-
Word_of_The_Hour). In the 40’s and 50’s health-
conscious interests appear such as reducing drink-
ing and keto diets, and home improvement. In the
60’s, 70’s other interests such as finances, games,
and news appear which could be as people retire
they are passing time looking at entertainment and
news on their computers. Overall, we see little over-
lap between groups except when looking at the top
20 subreddits we see sustained interest in r/person-
alfinance for 20’s to 60’s, as well asking questions
online (e.g., r/AskReddit and r/NoStupidQuestions
across all age groups). Looking at the top 20 sub-
reddits we see overall that the teens to 20’s is a
different time than 30’s, as people are in transitory
periods of their life seeking advice from r/relation-
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ship_advice and r/offmychest, and have interests in
gaming (r/gaming, r/leagueoflegends). The teens
and 20’s is also a time when mental health becomes
a prevalent topic (r/depression, r/Anxiety), and it
reappears in the 40’s (e.g., r/depression, r/ADHD).
We also see topics such as r/Menopause appear
in the 50’s.
Discussion: There is no vast literature explor-
ing which subreddits are popular among each
age group, but Chew et al. (2021) found that
teenagers commonly post in r/teenagers (age 13–
20), whereas older adults (age 21-54) posted more
frequently in r/news, which aligns with our find-
ings. Monti et al. (2023) studied topics discussed
in r/news and found that generally younger peo-
ple (teenagers) tended to discuss more about arts,
technology, and entertainment, while older adults
(30’s and 40’s) discussed business, politics, and
green/environmental topics.

4.4. How does Pronoun Usage Change
with Age?

We explore how the pronoun usage in posts on
social media varies with age. This informs us of
people’s focus e.g., themselves, those in direct
contact with them, or others. We analyze subject
and object pronouns listed in Appendix B.
Experiment Setup: We use a binary flag to indicate
whether a post contains a given pronoun or not.
Then, we calculate the percentage of posts that
have each pronoun across age groups.
Results: In Figure 3, we show the percentage of
pronoun usage for subject and object pronouns
across the platforms. Across groups, the most com-
mon pronoun is I, followed by you, me, they, we and
them. Overall, first-person pronoun usage (e.g., I,
me) increases from teens to 20’s, and decreases
from 30’s to 70’s. Whereas second-person (e.g.,
you) tends to have an inverse pattern, increasing
until 40’s and then plateauing. For third-person
pronouns (e.g., we, they) we see the overall trend
increasing with age. It appears that for them, pro-
portions are relatively constant with age, and just
slightly increase for TUSC-City.
Discussion: There is little work comparing how
each age group uses first- vs. second- vs. third-
person pronouns, however Hendriks et al. (2008)
found that elderly adults produced pronouns signif-
icantly more often than young adults when describ-
ing picture stories and referring to past topics, and
more potentially ambiguous pronouns (Hendriks
et al., 2014). Recently, the percentage of tweets
containing various pronouns has been explored,
finding that about 60% of tweets had “I” and 30%
had “you” ((Mohammad, 2026), Figure 3). More
recent work in the area of pronoun usage has fo-
cused on contrasting self-disclosed use of he, she,

and them in profile descriptions on social media
(Jiang et al., 2023; Lauscher et al., 2022), attitudes
towards pronouns (Sendén et al., 2021), pronoun
resolution (Andy et al., 2020; Seminck and Amsili,
2017; Yu et al., 2019; Chada, 2019), or errors in
translating pronouns (Lauscher et al., 2023; Luong
and Popescu-Belis, 2016), rather than looking at
overall trends in pronoun usage across age groups.

5. How do Emotions Expressed in
Social Media Vary with Age?

We explore how does emotion expression on so-
cial media vary across age groups. These findings
are important for diverse research questions such
as how do characteristics of language use change
with age, and in interdisciplinary work such as ex-
amining the relationship between emotion in text
and mental health. For example, more negative
emotion expressed in text has been found to be
associated with mental health diagnoses such as
depression, ADHD, etc. (Seabrook et al., 2018;
De Choudhury et al., 2013, 2021). Further, the way
in which emotion expression in text changes over
time (e.g., emotional variance) has been linked
to mental health diagnoses (Teodorescu et al.,
2023a).

We explore two questions about how emotions
vary across age groups in the two subsections be-
low. We answer these questions by looking at
the three primary dimensions of affect (valence,
arousal and dominance), and four important cat-
egorical emotions (anger, fear, joy and sadness).
We apply common preprocessing to the text by
first tokenizing, lowercasing and obtaining the emo-
tion scores. We use the NRC Emotion Lexicon
(Mohammad and Turney, 2012) for anger, fear, joy,
and sadness, where scores range from 0 (lowest
amount of the emotion) – 1 (highest amount of the
emotion). We use the NRC Valence Arousal Dom-
inance Lexicon (Mohammad, 2018) for valence,
arousal and dominance, where scores range from
-1 (lowest V/A/D) to 1 (highest V/A/D).5 Past work
has shown that lexical approaches produce emo-
tion arcs that are highly correlated with the true
(gold) arcs (correlations > 0.9) (Teodorescu and
Mohammad, 2023).

5.1. How does Average Emotion Change
with Age?

Experiment Setup: We calculate the emotion score
per post by taking the average of the emotion

5http://saifmohammad.com/WebPages/
NRC-Emotion-Lexicon.htm
https://saifmohammad.com/WebPages/
nrc-vad.html
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Figure 3: Pronoun usage by age group.

scores for each word in the post. Then, we com-
pute the average emotion score per user by taking
the average across their posts. To compare how
emotional states vary across age groups, we aver-
age the emotion scores across all users per group
to analyze the results at the aggregate level.
Results: We plot the results for average valence,
arousal, dominance in Figure 4 for TUSC and Red-
dit, and the average anger, fear, joy, and sadness
in Figure 5 for TUSC and Reddit.
Valence, Arousal, Dominance: In both TUSC and
Reddit, we see an increase in average valence
from teens up until the 30’s, and a steady decrease
from the 30’s till the 70’s. We see the reverse pat-
tern for arousal with decreasing scores on Reddit
from teen’s up until the 70’s. For TUSC, we see
an increase from teens to 20’s, and then arousal
intensities plateau until the 70’s. This means that
younger and older groups are expressing similar
levels of arousal in TUSC, whereas there is a con-
sistent decrease in arousal with age on Reddit. For
dominance, there are increasing scores with age
from teen’s to the 70’s in TUSC, meaning that lan-
guage which is more associated with control is used
with age. However, there is an inverted U-shape
on Reddit, where dominance reaches a peak in the
20’s and then decreases with age. Generally, it
appears that valence follows the inverted U-shape,
arousal decreases (Reddit)/plateaus (TUSC) with
age, and dominance follows the inverted U-shape
(Reddit)/increases (TUSC) with age. Overall, we
see consistent trends between platforms for va-
lence but differing patterns for arousal and domi-
nance.
Discussion: Work in psychology has found var-
ious trends in terms of happiness across ages.
The majority of the literature points to the U-shape
of happiness, and some to the inverted-U or bi-
modal trends. Our findings support the inverted
U-shape, meaning that younger and older adults
experience less valence/happiness compared to
those in their middle ages. Past work has found

that when children wrote poems, there was decreas-
ing valence and increasing arousal and dominance
across grades 1–12 (Teodorescu et al., 2023b). No
work examines arousal or dominance expression
in text across adulthood, so we establish baseline
findings for these dimensions.
Anger, Fear, Joy, Sadness: We see inverted U-
shape patterns appearing for anger, fear, joy and
sadness on Reddit, whereas in TUSC we found
increasing intensities for all categorical emotions
with age. However, we note that the inverted U-
shape on Reddit is not symmetrical e.g., anger
and joy is highest for teens than for those in their
70’s. In terms of categorical emotions, we find that
the negative emotions (i.e., anger, fear, sadness)
show similar trends of positive emotions such as
valence. Valence was highest for those in midlife,
while anger, fear, joy and sadness were highest on
Reddit. We expected that valence and joy would
have similar trends as both are positive emotion-
s/dimensions and overall they are both have an
inverted U-shape (with joy increasing in TUSC).
Discussion: Past work has found more anger and
sadness for older adults, however it was noted that
sadness only increased for those with decreased
perceived control (Blanchard-Fields and Coats,
2008; Wrosch et al., 2018). Haase et al. (2012)
point to the adaptive function of anger and sadness
at certain stages of life, as higher levels of self-
reported sadness in response to a neutral film were
associated with higher well-being for older adults.
Higher self-reported anger was associated with
higher well-being for middle-aged adults (rather
than for younger and older adults). Anger is said to
be more adaptive to younger adults when they have
many resources and are trying to determine their
niche in society, and reach goals, whereas sadness
is adaptive to older adults when dealing with un-
achievable goals, diminishing resources, loss, and
to elicit support (Haase et al., 2012; Kunzmann and
Wrosch, 2024). Other work has found that the in-
tensity of anger, fear, joy and sadness expressed in
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Figure 4: Average valence, arousal, dominance
across age groups for TUSC-City and Reddit. Note
that the lexicon scores for valence, arousal, domi-
nance range from -1 to 1.

poems written by children increases across grades
1–12 (Teodorescu et al., 2023b).

5.2. How does Emotional Variance
Change with Age?

Experiment Setup: Using the emotion score per
post, we calculate the standard deviation across
the posts per user. Then we average the standard
deviations per age group to compare how emotional
variance varies with age.
Results: We show the results in Figure 6 for va-
lence, arousal, and dominance variation on TUSC
and Reddit.
Valence, Arousal, Dominance: In Twitter, we see
an overall U-shape for valence, arousal and domi-
nance variation, and then a slight drop in the 60’s
and 70’s. On Reddit, we also see a U-shape for
valence, arousal and dominance variation across

Figure 5: Average anger, fear, joy, sadness
across age groups for TUSC-City and Reddit.

age groups, although teens have markedly higher
variation.
Discussion: This is the first work that studies
how the variation of emotions changes across age
groups, contributing novel findings to affective de-
velopmental psychology. Work in psychology has
pointed to the relationship between emotional vari-
ance and mental health diagnoses (e.g., ADHD,
anxiety, depression (Houben et al., 2015; Heller
et al., 2018; Seabrook et al., 2018; Teodorescu
et al., 2023a)), however little is known about the
pattern of emotion variation with age. While we see
similar U-shape trends between Reddit and Twitter,
teens had high variation on Reddit. This could be
due to the nature of the platforms. Reddit allows
the space for longer posts, such as stories, where
we may expect younger crowds to have more vary-
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Figure 6: Valence, arousal, and dominance vari-
ation across age groups for TUSC-City and Reddit.
Note that the lexicon scores for valence, arousal,
dominance range from -1 to 1.

ing emotional experiences during transitory periods
of life. Whereas Twitter is more suitable for shorter
updates/posts and generally has an older audience.
Future work should explore emotional variation on
other platforms and through surveys across age
groups to further findings across disciplines.

6. Conclusion

We created a dataset of social media utterances an-
notated with the author’s age at the time of posting.
This unique dataset has social media posts from
Reddit during 2010–2022 and Twitter from 2020–
2021. Such a dataset enables diverse research
in the social sciences, psychology, and NLP. With
the dataset we explored how emotion expression in
text varied across age groups. We found valence
followed the inverted-U shape, arousal decreased
with age (Reddit)/plateaus (TUSC), and dominance

followed the inverted-U shape (Reddit)/increased
with age (TUSC). For the categorical emotions, we
found all emotions followed an inverted U-shape
on Reddit and increased with age in TUSC. We
found generally similar trends of U-shaped emo-
tional variance on Reddit and TUSC. Such insight
into how online behavior changes with age is infor-
mative for research in mental health and well-being.
Further, this dataset can be used to explore the
relationship between age and many other aspects
of human behavior and language, such as emotion
regulation, interoception, anxiety, etc. For example,
body part mentions in tweets has been linked with
poorer health outcomes (Wu et al., 2025) and this
relationship could be investigated across ages.

Limitations

This dataset relies on self-disclosure of age on so-
cial media. As with all scenarios involving self-
disclosure, individuals may falsely report their age
due to social pressures, or in order to relate to and
engage with certain communities. Additionally, our
templates may not fully capture all possible ways
to express age, so there may be age declarations
not included in our dataset.

Ethical Considerations

There are ethical considerations around creating
such an age corpus. The Reddit User Agreement
mentions that users agree not to disclose sensitive
information of other users and they consent that
their posts are publicly available (e.g., through API
to other services).

Our research interest is to study emotional de-
velopment through adulthood at the aggregate/-
group level. This has applications in emotional
development psychology and in public health (e.g.,
overall well-being and mental health). However,
emotions are complex, private, and central to an in-
dividual’s experience. Additionally, each individual
expresses emotion differently through language,
which results in large amounts of variation. There-
fore, several ethical considerations should be ac-
counted for when performing any textual analysis of
emotions (Mohammad, 2022, 2023). The ones we
would particularly like to highlight are listed below:

• Our work on studying emotion word usage
should not be construed as detecting how peo-
ple feel; rather, we draw inferences on the
emotions that are conveyed by users via the
language that they use.

• The language used in an utterance may con-
vey information about the emotional state (or
perceived emotional state) of the speaker, lis-
tener, or someone mentioned in the utterance.
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However, it is not sufficient for accurately de-
termining any of their momentary emotional
states. Deciphering the true momentary emo-
tional state of an individual requires extralin-
guistic context and world knowledge. Even
then, one can be easily mistaken.

• The inferences we draw in this paper are based
on aggregate trends across large populations.
We do not draw conclusions about specific
individuals or momentary emotional states.
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A. Patterns to Match Age
Declarations

In Table 3, we show the patterns used to find age
declarations in the seed posts.

B. Subject and Object Pronouns

We study the occurrences of the following pronouns
shown in Table 4 to determine if there are patterns
across age categories.

C. Number of Users per Age Group

In Table 5, we show the number of users in each
age group in the AgeCorpus. This data was used
to perform the experiments.

D. Top 20 Most Popular Subreddits
per Age Group

In Table 6, we show the 20 most popular subreddits
by age group. We describe the findings in Section
4.3.
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Regex Example

\bI(?:\s+am|’m)\s+(\d{1,2})\s+years?\s+old\b
I am 25 years old
I’m 30 year old

\bI(?:\s+am|’m)\s+(\d{1,2})
(?=\s*(?:$|[,.!?;:\-]|(?:and|but|so|yet)\s))

I am 25.
I’m 30, and ...

\bI(?:\s+was|\s+am|’m)\s+born\s+in\s+
(19\d{2}|20(?:0\d|1\d|2[0-4]))\b

I was born in 1998
I am born in 2005

\bI(?:\s+was|\s+am|’m)\s+born\s+in\s+’(\d{2})\b I was born in ’98
I’m born in ’05

\bI\s+was\s+born\s+on\s+
(?:\d{1,2}(?:st|nd|rd|th)?\s+)?
(?:January|February|March|April|May|June|
July|August|September|October|November|December|
Jan|Feb|Mar|Apr|May|Jun|Jul|Aug|Sep|Sept|Oct|Nov|Dec)
\s+ (?:\d{1,2}(?:st|nd|rd|th)?,?\s+)?
(19\d{2}|20(?:0\d|1\d|2[0-4]))\b

I was born on 15 March 1998
I was born on March 15th, 1998

\bI\s+was\s+born\s+on\s+\d{1,2}
[/\-]\d{1,2}[/\-](19\d{2}|20(?:0\d|1\d|2[0-4]))\b

I was born on 03/15/1998
I was born on 15-03-1998

Table 3: Regexes used to identify users from both the Reddit and Twitter datasets.

Subject Object
I me
you you
he him
she her
it it
we us
they them

Table 4: Subject and object pronouns we studied
occurrences of in the dataset.

Age Group #Posts
TUSC-City Reddit

13–19 94,857 9,281,055
20–29 406,027 15,455,426
30–39 462,238 6,151,757
40–49 360,946 1,220,498
50–59 278,809 449,230
60–69 218,008 246,398
70–79 97,432 160,465

Table 5: The number of posts across the age
groups in each subset of the AgeCorpus. “City”
refers to TUSC-City subset of the dataset. We use
this data in our experiments.
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Age Group Most popular Subreddits

13–19
teenagers, quzangle, randonaut_reports, AskReddit, buildapc, NoFap, NoStupidQuestions,
Advice, GlobalOffensiveTrade, leagueoflegends, pcmasterrace, teenagersnew, depression,
techsupport, trees, alt_source_bot_log, tipofmytongue, offmychest, relationship_advice, gaming

20–29
AskReddit, NoStupidQuestions, personalfinance, buildapc, NoFap, depression, Advice,
techsupport, leagueoflegends, offmychest, relationship_advice, tipofmytongue,
raisedbynarcissists, AskDocs, legaladvice, trees, Fireteams, r4r, gaming, Anxiety

30–39

funwithwords, Vocabulario, EsperantoFeed, KazakhFeed, CatalanFeed, personalfinance,
GalicianFeed, Lessico, SwedishFeed, Traductions, Word_of_The_Hour, HindiFeed, AskReddit,
PortugueseFeed, Sprache, NoStupidQuestions, BCSFeed, WelshFeed, DestinyTheGame,
BengaliFeed

40–49
stopdrinking, AskReddit, NoStupidQuestions, personalfinance, keto, HomeImprovement,
raisedbynarcissists, Jokes, legaladvice, techsupport, Isletforum, DestinyTheGame, buildapc,
NoFap, depression, getdisciplined, tipofmytongue, AskDocs, ADHD, sysadmin

50–59
SandersAlerts, nba, stopdrinking, MillennialBets, personalfinance, exmormon, Jokes,
AskReddit, NoStupidQuestions, keto, volunteer, legaladvice, open_bots_test, techsupport,
Menopause, leagueoflegends, The_Donald, buildapc, raisedbynarcissists, HomeImprovement

60–69
gw2devtrackalt, Wallstreetsilver, personalfinance, Jokes, teenagers, TargetedEnergyWeapons,
anychat, stopdrinking, NoStupidQuestions, zerohedge, ketoscience, amcstock, AskReddit,
wow, exmormon, techsupport, LibraryofBabel, playcodformoney, leagueoflegends, buildapc

70-79

WorldNewsinPictures, CMKMArchive, u_WorldNewsinPictures, teenagers, pathofexile,
makingascenemag, bestchange, CattleExchange, nba, PollsAndSurveys,
BollyBlindsNGossip, Jokes, u_classeAS2002, u_From_Him_For_Him, NoStupidQuestions,
guns, AskReddit, Gunsforsale, exjw, FashionWinter

Table 6: The top 20 most popular subreddits per age group in descending order.
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Abstract

Foreign language learning is a cognitively and affectively demanding process, in which fluctuations in attention and
motivation can negatively impact learner engagement. Emotions play a central role in this process, yet they are
rarely modelled in a systematic, data-driven manner in authentic learning environments. This paper presents a
prototype affective computing architecture that incorporates various modalities (audio, video, biosignals) to facilitate
real-time or near-real-time emotion recognition in an educational scenario; the architecture is integrated within an
emotion-aware and adaptive Language Learning application that harnesses Large Language Models in view of
providing appropriate educational scenarios to learners. The system comprises modules for acquiring data for
each modality and a processing pipeline for synchronizing and analyzing heterogeneous affective signals. We
demonstrate both the feasibility and applicability of the approach through a proof-of-concept implementation and
discuss its relevance for studying learner affect and supporting affect-aware educational scenarios. The results
highlight both the applicability of multimodal affective data in educational settings and the need for further research
on their pedagogical interpretation and use.

Keywords: affective computing, emotion recognition, educational application, affect-aware language learn-
ing

1. Introduction

Foreign language learning is a demanding pro-
cess for both learners and educators, requiring sus-
tained attention and concentration. Empirical stud-
ies show that students often experience negative
emotions such as stress, anxiety, fatigue, and short
lapses during instruction, which lead to reduced en-
gagement and distraction (Hlas et al., 2019). At the
same time, research has shown that positive emo-
tions - such as enjoyment and satisfaction - play a
significant role in shaping learners’ motivation and
sustained engagement (Dewaele and MacIntyre,
2014; Dewaele and Macintyre, 2016; Kantaridou
and Psaltou-Joycey, 2023).

The paper presents a multimodal affective com-
puting module integrated into EmoBot (Kallipolitis
et al., 2026), an agentive language learning sys-
tem that employs Large Language Models (LLMs)
to deliver CEFR1-aligned practice and formative
assessment activities within an interactive educa-
tional environment. While the system includes safe-
guards for detecting and pedagogically addressing
toxic or inappropriate language, its primary contribu-
tion lies in the integration of a multimodal affective
computing module. This module enables the inves-
tigation of learners’ affective states during language

1Common European Framework of Reference for Lan-
guages (Council of Europe, 2001)

learning interactions, positioning it not merely as an
adaptive tutor but as a platform for computational
affective science in education, capable of shedding
light on affective engagement, emotional regulation,
and learner behavior over time.

The rest of the paper is structured as follows:
Section 2 outlines the aim and scope of the re-
search; Section 3 presents the related work, focus-
ing on multimodal emotion analysis and affective
computing in foreign language learning, and iden-
tifies the literature gap that highlights the need for
a biosignal-enabled multi-modal dual approach ar-
chitecture for efficient emotion analysis in foreign
language learning contexts. The system design,
the architecture of the incorporated modules, em-
phasizing biosignals, and the technical implemen-
tation of the proposed system along with the adap-
tive affect-aware mechanisms, are detailed in Sec-
tion 4. Section 5 demonstrates the system in prac-
tice, providing valuable insights into the proof-of-
concept application and into a theory-driven quali-
tative evaluation. The challenges of the approach
are discussed in Section 6 followed by conclusions,
lessons learned, and directions for further research,
in Section 7.
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2. Aim and scope of the research

Recent advances in Natural Language Processing
(NLP) have enabled increasingly accurate senti-
ment and emotion detection from textual and au-
dio data. Neural architectures and LLMs have
improved the modelling of affective cues in writ-
ten and spoken language, supporting a range of
applications in dialogue systems that enable hu-
man–computer interaction.

Parallel progress in affective computing has ex-
panded both the methodological scope and the
range of modalities through which emotional states
can be inferred, especially in the field of health
(Wang et al., 2024a). Computational emotion anal-
ysis increasingly relies on multimodal approaches,
incorporating textual information, visual data, audio
signals, and, more recently, physiological measure-
ments recorded in real time or near-real time (NRT).
The integration of heterogeneous yet complemen-
tary modalities has significantly enhanced the ro-
bustness of affective inference systems. Within
this context, advanced human-computer interaction
methods are aimed at identifying emotion through
various sources. By utilizing intelligent pattern
recognition techniques, like Neural Networks (NNs)
and Support Vector Machines (SVMs), the latest
emotion recognition trends include image analysis
(Kundu and Saravanan, 2017) or textual analysis
(Alslaity and Orji, 2024) with encouraging results.

At the same time, progress in mobile and wear-
able technologies has enabled the recognition of
users’ physiological signals through comodity de-
vices (Dias and Cunha, 2018) or their incorpora-
tion into self-assessment procedures (Saganowski
et al., 2023). Such wearable biosensor technolo-
gies are increasingly explored in learning appli-
cations, significantly impacting the field and pro-
viding insights regarding learners’ performance
(Hernández-Mustieles et al., 2024). More broadly,
when multiple heterogeneous yet informative data
sources are available, multimodal frameworks are
widely adopted to support more comprehensive
modelling of affective states (Lyons, 2015).

Within educational settings, various modalities
have been used to monitor learner interaction and
behavior. In most cases, systems, however, rely on
a single interaction interface (e.g., text and audio
capture during online instruction), typically perform-
ing modality-specific analysis followed by feature-
level fusion (Miao, 2025). Nevertheless, the inte-
gration of multimodal affective inference into peda-
gogically grounded tutoring systems remains com-
paratively under-explored.

Addressing this gap, the EmoBot project
(Kallipolitis et al., 2026) proposes a multimodal
affective module integrated into an LLM-based,
CEFR-aligned intelligent tutoring system. The sys-

tem is currently tailored to learners of German as
a foreign language. Rather than presenting the tu-
toring system as a whole, this work focuses specif-
ically on the design and integration of the affective
module within an agentive, NLP-driven architec-
ture. The study therefore concentrates on the oper-
ationalization, synchronization, and fusion of mul-
timodal affective signals, as well as on how these
signals can inform adaptive interaction in foreign
language learning scenarios.

A novelty of this work lies in the inclusion of
various data sources through different user inter-
action points and the application of a dual data
analysis architecture. The affective module is en-
hanced with the modalities of text, audio, and vi-
sual inputs from the learner’s computer and biosig-
nals, from the learner’s already-owned smartwatch,
offering a complete example for an end-to-end
emotion-analysis-enabled language learning sys-
tem (Koulouris et al., 2025). In this work, we high-
light the importance of applying intelligent multi-
resource and multimodal methods by implement-
ing the proposed novel EmoBot architecture into
an emotion recognition paradigm fed by textual,
vocal, visual, and biosignal data. The proposed
system uses the dual-architecture approach to col-
lect, isolate, sync, and manipulate the data types
of each modality and provide user feedback. This
feedback is vital for learning, as evidenced by this
proof-of-concept technical implementation.

One step further, a key contribution of the work is
the transfer of intelligent mHealth-inspired method-
ologies to the domain of education, combining dis-
tributed systems, commodity wearable devices, AI,
advanced data manipulation, and data fusion tech-
niques to support affect-aware interaction in foreign
language learning contexts.

3. State of the art

This section reviews the existing literature on emo-
tion analysis in educational contexts. It focuses on
multimodal approaches and their application to for-
eign language learning (FLL) and highlights current
methodologies and technological trends. Finally, it
identifies existing limitations and, thereby, estab-
lishes the research gap addressed by the present
study.

3.1. Multimodal emotion analysis
Multimodal sentiment analysis is currently a cen-
tral topic of research, enabling advanced human-
machine interaction (Zhu et al., 2024) and provid-
ing a robust source of information (Ezzameli and
Mahersia, 2023). The most common approaches
include the use of visual analysis combined with
NLP methods, either at neutral time (Hu and Flax-
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man, 2018) or in real time. Real time examples
include the utilization of speech (Kim et al., 2007),
images or health-oriented data (Huang et al., 2016)
such as electroencephalograms, respiratory belts,
and electrodermal activity monitors (Nandi et al.,
2021).

While these solutions provide classification for
valence and arousal, they still require sophisticated,
and particularly expensive, hardware and cannot
run on commodity mobile devices. Other mHealth-
oriented solutions include the utilization of feature
extraction from textual and visual modalities, by uti-
lizing Convolutional Neural networks (CNNs), and
relying only on the commodity device hardware
(Poria et al., 2016). Some approaches utilize text
sentiment analysis, usually using SVM text classifi-
cation models (Song, 2021).

Nevertheless, the integration of such multimodal
architectures into pedagogically grounded educa-
tional systems remains comparatively limited.

3.2. Affective Computing in Language
Learning

Intelligent Tutoring Systems (ITSs have been in-
creasingly adopted in instructional settings, includ-
ing language education, as tools for supporting in-
teractive and personalized learning (Belda-Medina
and Calvo-Ferrer, 2022; Barrot, 2023; Antoniou-
Kritikou et al., 2024). Empirical research indicates
that their integration into educational contexts can
enhance learner performance, foster critical think-
ing skills, and provide targeted and individualized
instructional support (Davar et al., 2025), while also
contributing to positive learner experiences and
increased satisfaction (Kuhail et al., 2022). De-
spite acknowledged limitations, several studies re-
port that the pedagogical benefits of conversational
agents generally outweigh their drawbacks for both
learners and educators (Huang et al., 2022).

Recent advances in LLMs have further enhanced
the capabilities of ITSs by enabling adaptive inter-
action, flexible guidance, automated educational
content generation - especially in low-resource set-
tings (Samuel et al., 2024), and instruction tailored
to individual learner needs. In the context of FLL,
conversational agents have been shown to offer
particular advantages for learners who are reluctant
to engage in classroom interaction due to stress,
anxiety, or lack of confidence, suppressing nega-
tive emotions and providing a low-pressure envi-
ronment for language practice and experimentation
(Alwazzan, 2024).

In the field of education, various emotion analysis
methods have been proposed. Emotion recogni-
tion was used for sentiment analysis in learning,
focusing on identifying emotions and having learn-
ing as the centre of interest (Barrón Estrada et al.,

2019). This method is also implemented in dis-
tant learning environments, where it monitors learn-
ers’ perception, learning processes, and commu-
nication methods and highlights the importance of
knowledge acquisition and decision-making (Du-
raes et al., 2021). Within the FLL context, there
are systems that monitor the emotions experienced
by learners (MacIntyre and Gregersen, 2012), the
dynamics of which affect the learning outcome and
proficiency (Wang et al., 2024b). Anxiety is a metric
that is also measured in foreign language e-learning
systems (Ismail and Hastings, 2019).

The utilization of the biosignal modality for emo-
tion recognition is applied in web-based e-learning
scenarios and provides the tutor with insights tai-
lored to providing appropriate learning assistance
or modifying guidance (Chen and Lee, 2011). Fi-
nally, camera-based systems with capabilities to
recognize facial expressions using CNNs are stud-
ied in classrooms for assessing students’ engage-
ment, providing promising results (Pabba and Ku-
mar, 2021).

Although the literature reports multimodal ap-
proaches in educational settings, there is lim-
ited work addressing languages other than En-
glish—such as German—particularly in systems
that integrate biosignal-enabled emotion and sen-
timent analysis within affective computing frame-
works. Existing approaches tend to rely either on
single-modality inference or on multimodal fusion
techniques that require sophisticated and often
costly hardware. Our work addresses this gap by
proposing a multimodal emotion analysis system
that incorporates intelligent mHealth architectures
and methods, enabling real-time or near-real-time
estimation of learners’ emotional states using com-
modity devices.

4. Methodology

The methodological approach adopted in this work
aims to use affective signals in an authentic FLL
setting in view of monitoring how learners’ affective
states emerge and evolve during interaction with an
agentive educational system. Rather than treating
emotion recognition as an end in itself, affective
inference is used as a means for studying learner
affective states and regulation within CEFR-aligned
learning activities that support written production,
reading comprehension, and use of German, oral,
and listening comprehension. To this end, a multi-
modal affective analysis framework is embedded
within EmoBot, enabling the continuous observa-
tion of affective signals during learning sessions.

The proposed system methodology is structured
into three subsections: system design specifica-
tions, architectural details, and the implementation
of the prototype.
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4.1. System Design

The system is designed to facilitate efficient emo-
tion analysis in the educational scenario of lan-
guage learning through simultaneous utilization
of biosignal, visual, and audio modalities. The
pilot implementation is tailored to the needs of
learners of German as a foreign language, as a
proof-of-concept. The data inputs are recorded
through handheld commodity devices, such as
smartwatches and personal computers. A Cloud
Processing Platform (CPP) retrieves the input sig-
nals, performs data processing and per-modality
emotion classification, before fusing the data to ex-
tract an overall emotional status. In addition to the
ML methods that are used, the CPP integrates an
alternative LLM approach for analysing emotion, of-
fering a dual architecture approach that recognizes
emotion in real-time or NRT. The system design is
shown in Figure 1.

Figure 1: Overview of EmoBot. Data from different
modalities (biosignals, audio, and visual) are trans-
mitted to a cloud processing platform. Methods like
feature extraction, data fusion, and LLMs are uti-
lized to infer emotion in real-time or near-real-time.

4.2. System Architecture

The design of EmoBot follows a high-level inter-
action pipeline in which learner input is mediated
through human–computer interaction, analyzed for
affective cues, and used to inform adaptive peda-
gogical responses. Language understanding and
generation are implemented through LLM-based
NLP modules that support CEFR-aligned activity
generation as well as feedback and explanation
via retrieval-augmented generation. Within this
pipeline, the emotion recognition module is aimed
at providing affective signals that guide interaction
flow and adaptation, enabling the system to adjust
feedback, pacing, and task selection in a pedagog-
ically appropriate manner.

The architecture of the proposed system fulfils
the requirements of monitoring biosignals, along
with recording the user expressions, importing the
data in real time through a streaming bus service,
synchronizing, extracting emotion from each modal-
ity and fusing. Hence, the system consists of a web
e-Learning platform, which includes the learning
interface and handles the visual and audio data
input. Moreover, a smartwatch app is developed
for biosignals recoding and a cloud environment
incorporates a data input stream, an Affective Pro-
cessing Unit (APU), an LLM unit and a Late Fusion
Engine. An overview of the proposed architecture
is shown in Figure 2.

Figure 2: The EmoBot emotion analysis system
architecture. Data relevant to each modality are re-
trieved from the educational platform (audio, visual
data) and from a smartwatch application. These
data are then fed into a unified input stream and
transmitted to a cloud-based service for processing.
Therein, the Affective Processing Unit (APU) han-
dles the synchronization, feature extraction, and
prediction generation. Data fusion is, then, per-
formed through a Late Fusion Engine, enhanced
and evaluated alternatively by LLMs, before return-
ing a single emotional status to the educational
platform.

The data input stream retrieves data from the
three modalities in real time and transfers them to
the APU. Therein, the Audio Analysis Component is
responsible for extracting audio waveform data and
performing emotion-based feature extraction. The
Facial Analysis Component handles camera frames
and the Biosignal Analysis Component analyses
vital signs and IMU 2 data, performing also feature
extraction. The results are synced and fused, in-
corporated alternatively by LLMs, contributing to a
dual architecture approach.

2Intertrial Measurement Unit – A sensor which in-
cludes accelerometer and gyroscope and calculates ac-
celerations and rotation rates.
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4.3. Implementation

The system implementation is divided into three
platforms: web, smartwatch and cloud.

4.3.1. Web

The web system initiates once a learning session
begins and utilizes WebRTC to send video and
audio to the cloud platform. It is implemented in
the NodeJS environment. Moreover, through a
data streaming service implemented using Fire-
base Database, the web platform awaits emotion
data from the cloud in NRT.

4.3.2. Smartwatch

The smartwatch application is developed in
watches that allow the custom application develop-
ment, such as iOS WearOS and Android WatchOS.
The recording session is initiated by the user by
entering a 5-digit code generated over the web and
retrieving the current session data. Recorded mea-
surements include heart rate, SpO2, HRV calcu-
lated on device, accelerations, and rotation rates.

4.3.3. Cloud

The cloud service exposes the data input stream
through an API and an event-based data streaming
functionality. The input interface retrieves the data
from the aforementioned modalities and initiates
the appropriate analysis component. The Audio
Analysis Component utilizes a CNN-LSTM architec-
ture with MFCC features and bidirectional temporal
modelling to extract emotion from speech. The Fa-
cial Analysis Component utilizes methods for real-
time facial expression recognition, with planned
extensions using MediaPipe for landmark detec-
tion and 3D-CNNs for temporal expression anal-
ysis. The Biosignal Analysis Component utilizes
datasets like the WESAD dataset (Schmidt et al.,
2018)r or SVM approaches (Hakim et al., 2018) to
efficiently calculate emotions of stress, happiness,
anger, or sadness.

Finally, an alternative LLM-based architecture is
designed to extract fused affective information from
audio and visual modalities. It is currently under de-
velopment, and no fully operational prototype has
been implemented to date. However, preliminary
integration experiments have been conducted to
assess its feasibility.

4.4. Adaptive Tutoring and
human-computer interaction

The adaptive tutoring layer of EmoBot leverages af-
fective inference by translating multimodal emotion

predictions into pedagogically meaningful interac-
tion strategies. Crucially, this affect-driven adap-
tation is tightly integrated with the system’s abil-
ity to generate CEFR-aligned instructional content
through an LLM-based educational module. Thus,
adaptation occurs not only at the level of feedback
style and tone but also at the level of task design,
linguistic complexity, and progression across profi-
ciency levels.

This CEFR-aware generation mechanism pro-
vides the structural backbone upon which affective
adaptation operates. Rather than dynamically gen-
erating arbitrary content, the system selects or gen-
erates tasks within a constrained proficiency band
and then modulates their complexity and scaffold-
ing intensity in response to affective signals.

5. Evaluation

This section highlights the results of the proof-of-
concept prototype, including the system in practice
as a paradigm validation and a qualitative evalua-
tion.

5.1. System in practice
For the proof-of-concept smartwatch prototype, a
WearOS application is developed that can measure
heart rate and SpO2 in real time, as well as HRV
in NRT. Additionally, the data from the onboard
IMU sensor are included in a batch that is sent to
the cloud every 30 seconds. The authentication is
performed by entering a 5-digit code bound to the
current user session. Snapshots of the system in
the authentication and measurement screens are
shown in Figure 3.

Figure 3: The mobile interface, including the au-
thentication screen (A) and the live measurement
screen (B), indicating the current heart rate and
SpO2.

For the web interface, an HTML and JS-based
iframe was created, including an interface for the
camera and audio feed, and was included in the
E-Learning platform. The platform is also respon-
sible for showing the 5-digit code and rendering
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the emotion result from the streaming output of the
cloud service. A snapshot of the web interface is
shown in Figure 4

Figure 4: The web interface, including a camera
preview utilizing WebRTC for audio and video in-
put streams and multimodal analysis results in real
time.

The components of the cloud service are built
using a decoupled approach, in Python, dividing the
data handling and the model inference. An LLM
is utilized in the Late Fusion Engine to fuse the
prediction of each modality into a general output,
before notifying the E-Learning platform.

5.2. Paradigm evaluation
This proof-of-concept prototype acts as an example
of the proposed architecture’s implementation. The
three modalities are validated using state-of-the-art
experimental protocols. For the audio modality, a
comprehensive evaluation across eight datasets
(English and German) identified the CNN-LSTM
architecture as the superior model, achieving up to
81.3% accuracy on German speech with high sta-
bility and cross-lingual generalization, significantly
outperforming complex alternatives like Efficient-
Net.

For the visual modality, the DeepFace library
(Serengil and Ozpinar, 2021) was employed for
facial emotion recognition. DeepFace utilizes the
Mini-Xception architecture (Arriaga et al., 2017),
a lightweight CNN based on depthwise separa-
ble convolutions, trained on the FER-2013 dataset.
The model achieves approximately 66% accuracy
on the FER-2013 benchmark, which is comparable
to human-level performance on the same dataset
( 65 ± 5%). With only around 60,000 parame-
ters, Mini-Xception is highly efficient and well-suited
for real-time or near-real-time deployment on com-
modity hardware, making it a practical choice for
the visual emotion recognition component of the
proposed system. These independent validations

prove that the system uses the best possible meth-
ods and mitigates individual modality risks.

The alternative LLM-based architecture is under
development and has not yet been fully deployed.
It is designed to perform valence and arousal es-
timation from both audio and visual modalities, to
produce a multimodal fused output. Preliminary
integration experiments suggest that BERT-based
models, particularly DistilBERT (Sanh et al., 2019),
show promise in meeting the defined requirements.
However, its evaluation falls outside the scope of
this study, which focuses on biosignal-based affec-
tive computing in distributed systems using com-
modity devices.

5.3. Qualitative evaluation

In addition to component-level quantitative valida-
tion, and in the absence of a user study, a structured
qualitative evaluation was conducted to assess the
theoretical coherence, pedagogical interpretability,
and instructional consistency of the affect-aware
tutoring system within a CEFR-aligned FLL context.

Theoretical coherence: representation of af-
fect and FLL theory. Our system models affect
along the valence-arousal dimensions following
Russell (1980) and Bradley and Lang (1994). This
dimensional representation is consistent with the
data captured via the various modalities includ-
ing biosignals, while it also aligns with SLA re-
search distinguishing positive (enjoyment, satis-
faction) and negative (anxiety, fear of evaluation)
affect (Dewaele and MacIntyre, 2014) in language
learning contexts. Moreover, observed affect tra-
jectories during task escalation (e.g., increasing
arousal during time-constrained production tasks)
correspond to theoretical expectations regarding
foreign language anxiety (FLCA). Similarly, stabi-
lized valence during scaffolded support aligns with
positive psychology perspectives in SLA (MacIn-
tyre and Gregersen, 2012). In this regard, the di-
mensional model produces affect patterns that are
theoretically consistent with established emotion
research in FLL contexts.

Pedagogical interpretability. The recognition
and modelling of learners’ emotional states pro-
vide an insight into variations in emotional states
throughout the learning process. SLA literature
identifies anxiety, fear of negative evaluation, and
reduced motivation as key adult learner constraints
(Schumann, 1975; Gao and Liu, 2022). System-
level affect trajectories plausibly correspond to ele-
vated arousal in difficult tasks, stabilized valence
following immediate formative feedback, and re-
duced activation during highly scaffolded compre-
hension tasks. These patterns align with both anxi-
ety research and positive psychology perspectives
in SLA (MacIntyre and Gregersen, 2012).
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Affect-aware adaptation and feedback. Sys-
tematic and timely feedback has been found to
enhance performance and sustain learner engage-
ment and system retention (Katinskaia et al., 2018;
de Haas et al., 2020), while encouragement con-
tributes to progression across CEFR proficiency lev-
els (Council of Europe, 2001). Formative feedback
is widely regarded as a major determinant of learn-
ing outcomes (Hattie and Timperley, 2007) and is
particularly critical for the development of written
communicative language competence. Feedback
should be immediate, transparent, and explicitly
linked to CEFR can-do descriptors, guiding learners
toward greater alignment with targeted proficiency
levels and enabling iterative performance regula-
tion in relation to descriptor-based performance
criteria (Hattie and Timperley, 2007).

In the proposed architecture, affect-aware adap-
tations are embedded implicitly within the peda-
gogical interaction. The system does not explicitly
label learners’ emotional states (e.g., “You seem
anxious”); instead, it modulates tone, pacing, task
difficulty, and linguistic complexity. This approach
implements affect-informed scaffolding by adjust-
ing instructional support according to inferred va-
lence–arousal patterns and gradually reducing as-
sistance as learners stabilize, consistent with theo-
retical principles (Vygotsky, 1978).

These adaptations remain aligned with CEFR de-
scriptors to ensure structured proficiency progres-
sion. This approach is grounded in SLA literature,
which highlights the importance of fostering psy-
chological safety and learner autonomy within a
non-threatening interactional environment (Pachler
et al., 2009), thereby reducing anxiety and promot-
ing active participation in communicative language
activities (Council of Europe, 2001).

Moreover, emotional variables, particularly
learner self-confidence in communicative tasks, in-
fluence task completion and sustained engagement
(Council of Europe, 2001), especially in evalua-
tive contexts marked by perceived inadequacy or
anxiety. Instructional design in our system sup-
ports learner agency and strategic competence
through interactive scenarios and systematic pos-
itive reinforcement. Such affective engagement
underpins persistence and successful progression
across learning trajectories.

One step further, beyond real-time inference,
the system maintains session-level and cross-
session affective profiles indexed to task categories
and CEFR descriptors. This longitudinal mod-
elling enables detection of recurring task-affect cou-
plings, such as elevated negative valence during
reading comprehension at a specific proficiency
level or reduced activation in written production;
identified patterns guide medium-term adaptation
through targeted reinforcement and controlled task

re-sequencing. This approach is consistent with
SLA evidence linking learning efficiency to sus-
tained attention, structured repetition, and strategic
competence deployment (Council of Europe, 2001).

Overall, this systematic account of emotions is
essential for identifying their contributing factors
and for guiding research methodologies designed
to mitigate their effects. From a computational per-
spective, the system can be interpreted as a multi-
modal affect-adaptive control architecture in which
valence and arousal estimates function as state
variables governing pedagogical adaptation.

6. Discussion

In this section, we discuss challenges that arise
from this work. Although many affective computing
applications are grounded in basic emotion typolo-
gies (Ekman, 1992; Plutchik, 1980), the affective
constructs that are pedagogically salient in educa-
tional settings only partially overlap with these pre-
defined emotion categories. Basic emotion frame-
works were primarily developed to describe evo-
lutionarily grounded, universally recognizable af-
fective expressions (e.g., anger, fear, happiness),
often associated with discrete and prototypical fa-
cial configurations. In contrast, educational con-
texts frequently involve more subtle, cognitively in-
tertwined affective states such as confusion, cogni-
tive overload, sustained engagement, frustration,
boredom, or curiosity. These states cannot always
be mapped onto single discrete categories and may
reflect blends of arousal, valence, and task-related
appraisal.

This conceptual gap is also attested in the struc-
ture of widely used benchmark datasets, which pre-
dominantly annotate prototypical facial expressions
corresponding to basic emotions under controlled
conditions. In the present work, emotion categories
were harmonized into a unified eight-class scheme,
namely, Anger, Disgust, Fear, Happiness, Neutral,
Sadness, Contempt, and Surprise (Ekman and
Friesen, 1986), to reconcile discrepancies across
source datasets (see Section 5.2). While this har-
monization improves cross-dataset consistency for
model training and evaluation, it does not fully ad-
dress the broader issue that these categories only
partially capture educationally meaningful affective
states.

Two methodological challenges arise from this
discrepancy. First, a label mismatch problem
emerges: models trained on basic or general emo-
tion datasets must rely on indirect or heuristic
mappings when applied to pedagogical scenar-
ios. Second, benchmark datasets often contain
expressions recorded in controlled environments,
whereas classroom or self study interactions in-
volve low intensity, context dependent affective fluc-
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tuations embedded within complex cognitive pro-
cesses.

These limitations highlight the need for domain-
specific datasets that go beyond discrete ba-
sic emotion labels and incorporate pedagogically
grounded taxonomies. Such datasets should ide-
ally include temporally aligned signals, task meta-
data, and dimensional affect annotations (e.g., va-
lence–arousal trajectories), enabling the study of
affect as a dynamic and context-sensitive process.
Developing and validating such resources remains
an important direction for advancing affect-aware
educational systems.

7. Conclusion

To conclude, we have presented a multimodal affec-
tive computing architecture integrated into an intel-
ligent language learning system delivering CEFR-
aligned activities within an interactive environment.
The focus is on the design and system-level val-
idation of a distributed framework that combines
audio, visual, and physiological signals acquired
through commodity devices to support real-time or
near-real-time affect inference.

The proposed architecture and the empirical re-
sults demonstrated by the working prototype un-
derscore opportunities for further research. As a
future direction, different methods can be used for
modality-based predictions. Moreover, additional
hardware such as IMU sensors or cameras can
be tested. A larger-scale deployment of the sys-
tem is underway, and, hence, results from apply-
ing the system to real students will be carried out.
The state-of-the-art affective emotion recognition
architecture, along with the developed paradigm,
validates its applicability within the context of com-
putational emotion recognition. The contribution
directs towards continued research in the field, par-
ticularly in relation to its pedagogical and cognitive
implications for Foreign Language Learning, with
specific relevance to the acquisition of languages
other than English.

Finally, future work is also underway to empiri-
cally validate the system with end-users and to de-
velop a pedagogically grounded multimodal dataset
designed to support reproducible research in affect-
aware educational applications. All data will be
made publicly available for reproducibility purposes,
subject to ethical and privacy constraints.

8. Limitations and ethical
considerations

At the time of submission, the proposed framework
has undergone system-level validation but has not
yet been deployed in a large-scale learner study.

No learner self-reports, expert annotations, or con-
trolled comparative experiments were conducted
at this stage. Consequently, affect inference ac-
curacy and measurable learning gains remain to
be empirically validated. A controlled evaluation
with learners of German as a foreign language is
currently in progress.

Furthermore, biosignals are probabilistic indica-
tors of affective states and may be sensitive to indi-
vidual variability, contextual noise, and model bias.
Although temporal smoothing and bounded adap-
tation reduce instability, misclassification of affect
may lead to suboptimal instructional modulation.

From an ethical perspective, affective computing
in educational settings raises concerns related to
privacy, transparency, and autonomy. The system
processes multimodal signals that may be consid-
ered sensitive data; therefore, data minimization,
secure storage, and explicit informed consent are
required.
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Abstract
Emotion classification has been extensively studied, with numerous datasets enabling progress in both textual and
multimodal settings. However, most existing text-based resources treat emotion as an utterance-level property,
assuming that the emotional content is fully encoded in the sentence itself. This assumption is problematic: in the
absence of paralinguistic cues such as prosody, facial expressions, or emojis, textual emotions are often highly
context-dependent. Many utterances lack explicit emotion markers, and even when present, such cues may be
overridden by broader situational context. Sentence-level emotion annotation, thus, is driven by the annotator’s ability
to imagine the context in which the given utterance would elicit a given emotion. An utterance may be able to express
an emotion completely (Emotion Obvious), or it can express an emotion when imagined in a certain context (Emotion
Plausible). Also, for an utterance, certain emotions might be implausible to express given the specific wording of a
sentence (Emotion-Implausible). To address these issues, we create a new paradigm for emotion classification by cat-
egorizing utterance and emotion pairs into context-dependency classes. We present the PoETIC benchmark dataset,
where sentences in the GoEmotions dataset are human-annotated for the three aforementioned classes across seven
emotions (Fear, Anger, Sadness, Joy, Disgust, Surprise, and Neutral). We observe that gold-tagged emotions in
GoEmotions do not have a clear correlation with human judgment with respect to the ability to express other emotions,
given different contexts. Human annotators identify significantly more plausible emotions for a given utterance if
asked to imagine a plausible context per utterance-emotion pair. We also present baselines using three popular
large language models and two “small" language models in zero-shot and few-shot settings on the benchmark dataset.

Keywords: Emotion Recognition, Benchmark, Language resource

1. Introduction

Emotion classification is a well-established domain
within natural language processing (NLP), with sig-
nificant applications in sentiment analysis, dialogue
systems, and affective computing.

Over recent decades, a variety of benchmark
datasets have been developed to facilitate the study
of emotion detection in textual data. For instance,
the ISEAR dataset compiled short statements cat-
egorized by fundamental emotions (Scherer and
Wallbott, 1994), while EmoBank introduced va-
lence–arousal–dominance (VAD) scores applicable
to sentences (Büchel and Hahn, 2017). Further-
more, GoEmotions (Demszky et al., 2020) offered
detailed annotations for 27 emotions across 58,000
Reddit comments. More recently, the BRIGHTER
dataset expanded this research into multiple lan-
guages, featuring human-annotated labels for basic
emotions (Muhammad et al., 2025). Concurrently
with text-exclusive resources, multimodal datasets
such as IEMOCAP (Busso et al., 2008), MELD (Po-
ria et al., 2019), and SEMAINE (McKeown et al.,
2011) underscore the critical role of audio-visual
cues in emotion recognition. Collectively, these
datasets have considerably advanced research in
both textual and multimodal emotion classification.

Current textual emotion datasets predominantly
employ an utterance-based classification paradigm,
where a sentence or short text snippet is directly

labeled with one or more emotions, often assuming
that the emotional content resides entirely within the
utterance itself. This simplification, although practi-
cal for supervised learning, neglects the inherently
context-dependent nature of emotion interpretation.

Most utterances do not contain strong lexical
emotion cues. Even when emotion-laden words
are present, their interpretation may be overridden
or reshaped by the surrounding context. In the ab-
sence of paralinguistic signals such as prosody,
emojis, or facial expressions, textual emotion be-
comes highly context-dependent. The same sen-
tence can plausibly convey different emotions when
presented in different contexts. For example, while
“I can’t believe this happened” conveys ‘surprise’,
it could signal joy at a positive surprise, anger at
an injustice, or sadness at a sudden, unexpected
loss. Without context, the interpretation remains
ambiguous.

Therefore, we posit that text-based emotion de-
tection faces the following principal challenges:

• Contextual dependence in text-only environ-
ments (in the absence of paralinguistic signals
such as prosody or emojis).

• Absence of apparent emotional cues in text
can be reinterpreted or overridden by the con-
text.

These observations motivate a shift from
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utterance-level emotion labeling to modeling con-
textual dependence. We introduce a task that de-
termines whether an utterance: 1. “obviously" con-
veys the given emotion, 2. can convey the given
emotion in certain contexts, or 3. cannot convey
the given emotion in any conceivable context. To
allow for context-based emotion interpretation, we
formulate the task at the utterance–emotion pair
level, and classify each pair into one of the three
context-dependence categories (Section 4.1).

We present a new language resource:
"Plausibility of Emotion Tags for Imagined
Contexts (PoETIC)1, a human-annotated bench-
mark of 7k utterance-emotion pairs annotated for
contextual dependence. The utterances are taken
from the test set of the GoEmotions (Demszky
et al., 2020) dataset.

Given the strong performance of large language
models (LLMs) on emotion classification, it is natu-
ral to investigate whether they can achieve human-
level performance on this task. Therefore, we also
report and discuss baseline results using both pro-
prietary LLMs and self-hosted small language mod-
els.

2. Related Work

Most of the recent work around emotion classifica-
tion is on the six basic emotions identified in Ekman
(1992): happiness, sadness, fear, anger, disgust,
and surprise. These emotions are considered fun-
damental and universally recognized across cul-
tures, often characterized by distinct physiological
and facial expressions.

Several benchmark datasets have addressed
emotion classification in a variety of ways and
have established emotion classification as a core
NLP task. The ISEAR dataset (Scherer and Wall-
bott, 1994) collected short self-reports of emo-
tional experiences, each labelled with one of seven
basic emotions. EmoBank (Büchel and Hahn,
2017) annotated sentences with dimensional va-
lence–arousal–dominance (VAD) scores, provid-
ing a graded view of affect. GoEmotions (Dem-
szky et al., 2020) introduced a large-scale dataset
of 58k Reddit comments annotated with 27 fine-
grained emotions, demonstrating the feasibility
of fine-grained classification. More recently, the
BRIGHTER dataset (Muhammad et al., 2025) ex-
panded emotion resources across multiple lan-
guages, providing high-quality human annotations
for the seven basic emotions.

In contrast to text-only resources, multimodal
datasets highlight the importance of audio-visual
context in emotion recognition. IEMOCAP (Busso
et al., 2008) provided dyadic conversations with

1https://github.com/nirmalsurange/
PoETIC

aligned speech, motion-capture, and text. MELD
(Poria et al., 2019) introduced a multimodal corpus
of TV dialogues with aligned audio, video, and tran-
scripts for multi-party conversation emotion recog-
nition. Similarly, the SEMAINE database (McK-
eown et al., 2011) captured emotionally rich hu-
man–agent interactions with multimodal annota-
tion.

These datasets have fueled progress in super-
vised learning for emotion detection but remain
utterance-based, providing labels without contex-
tual grounding. However, understanding emotions
in the broader context of discourse remains a dis-
tant goal. Some resources are available for context-
based emotion tagging in dialogues, such as the
IEST task at WASSA2018(Klinger et al., 2018) and
EmoContext task at SemEval2019(Chatterjee et al.,
2019). These datasets highlight how paralinguistic
and situational cues disambiguate emotions that
text alone cannot resolve. However, they are costly
to build and domain-limited, leaving the challenge
of context-aware modeling in purely textual settings
open. Notably, Yang et al. (2023) attempts to pro-
vide a formal definition of “textual context" for emo-
tion identification in LLM prompting, making a case
for either re-annotating corpora for emotion identifi-
cation or using LLMs to synthesize context to help
with the task.

Recent advances in LLMs have led to their appli-
cation to zero-shot and few-shot emotion classifica-
tion. Demonstrating that, while LLMs can perform
well on benchmark datasets, a persistent difficulty
is emotion trigger extraction: identifying the implicit
contextual assumptions that justify a particular la-
bel. Attri et al. (2025) explored the joint task of
emotion detection and explanatory span identifi-
cation in e-commerce reviews to understand what
triggers customer emotional responses. They lever-
age LLMs to unify fine-grained emotion detection
and opinion trigger extraction from customer re-
views.

In an effort to evaluate LLMs on the Emotion Clas-
sification task, Singh et al. (2024) observed that
LLMs demonstrate superior accuracy in predict-
ing emotions, with GPT-4 consistently outperform-
ing fine-tuned transformer models across diverse
datasets. However, they struggle significantly
to identify specific emotion triggers, showing
a limited ability to link emotional labels to the ac-
tual events or entities that caused them. Conse-
quently, these models rely more on topical key
phrases and corpus-level cues than on the deep,
appraisal-based understanding characteristic of hu-
man emotion processing.
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Sentence Emotion Emotion-Plausibility
I didn’t know this was a "reveal" he’d been talking about for
a while. Surprise Emotion-Obvious

I didn’t know this was a "reveal" he’d been talking about for
a while. Sadness Emotion-PlausibleContext: *Speaker ruined a loved one’s big announcement,
because of the speaker’s misunderstanding*
I didn’t know this was a "reveal" he’d been talking about for
a while. Neutral Emotion-Implausible

I know. I didn’t say I agreed with it did I? Anger Emotion-Obvious
I know. I didn’t say I agreed with it did I?

Fear Emotion-Plausible
Context: *a defensive, panicked justification by someone
who has been coerced into participating in something il-
legal, and is now trying to distance themselves from the
consequences while fearing retribution from the person in
charge.*
It’s real and it plays SO OFTEN I CAN’T STAND IT!! Joy Emotion-Implausible
It’s real and it plays SO OFTEN I CAN’T STAND IT!! Disgust Emotion-Obvious

Table 1: Illustrative examples contrasting context-based emotion plausibility.

3. GoEmotions dataset

One of the most prominent human-annotated
datasets available for Emotion Classification is
GoEmotions (Demszky et al., 2020). This dataset
contains 58k samples, manually annotated for four
sentiment categories (Positive, Negative, Neutral,
and Ambiguous), which are divided into six coarse
Ekman classes (Fear, Anger, Disgust, Sadness,
Joy, Surprise) plus Neutral, and are further sub-
divided into 27 fine-grained emotions. Samples
in GoEmotions are sourced from the Reddit2 plat-
form. The authors of GoEmotions note that while
the platform is not representative of the general
English-speaking population, the curation and se-
lection steps followed by the authors make the data
fairly balanced. They filtered content to reduce
profanity and balance emotions, sentiment, length,
and source subreddits. The final dataset contains
58009 samples split into 80%, 10%, and 10% for
training, development, and test sets, respectively.

We utilize sentences from the test set of this
dataset for human annotation of Contextual Depen-
dence across the seven emotion categories (the six
Ekman classes plus Neutral) outlined previously.
This annotation exercise resulted in a dataset which
has an average of 4.55 emotions (Table 3) per ut-
terance as compared to 1.09 for the source GoE-
motions Test set.

4. Context Dependency

Contextual dependence of emotion interpreta-
tion is an understudied phenomenon that may have
a significant bearing on the emotion prediction task.
As Table 1 shows, while some sentences can have

2www.reddit.com

Stage Test
Original sentences 5,427
Emoji removal -268
Foul language removal -267
Short/noisy sentence removal -106
Hashtag / URL removal -16
Clean sentences 4,770
Selected sentences 1000

Table 2: Dataset Preparation Statistics

some apparently obvious emotions, these utter-
ances can be reinterpreted to have different emo-
tions in some imagined contexts.

We aim to study the extent to which the perceived
emotion of a sentence depends on its surrounding
context and to augment existing emotion recogni-
tion resources with explicit annotations indicating
context dependence as perceived by a human an-
notator. While we do not generate contexts relevant
to the specific utterance-emotion pairs, we ask the
human annotators to evaluate if, under some imag-
ined context, the utterance in question will express
the given emotion. This also allows us to consider
those utterance-emotion pairs that cannot belong
together (EI).

Data Preparation. We base our dataset on the
Test set of the GoEmotions corpus, which contains
5,427 sentences. To ensure that emotion recogni-
tion is based solely on linguistic cues, we first re-
move sentences containing emojis (268 instances).
We then apply a series of filtering steps to eliminate
sentences with auxiliary or noisy signals, specif-
ically those containing foul or profane language
(267 instances), very short or noisy content (106
instances), and hashtags or URLs (16 instances).
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After applying these filters, we retain 4,770 sen-
tences, from which we randomly select 1,000 to
serve as the source for our benchmark. (Table 2).

4.1. Human Annotation
Annotation Protocol Three paid annotators, with
native-level proficiency in English, label each
utterance-emotion pair for its context dependence.
Annotators are provided with an utterance and a
candidate emotion label. Their task is to assign
exactly one of the following labels to each pair:

• Emotion-Obvious(EO): The sentence clearly
and unambiguously expresses the target emo-
tion even in the absence of any additional con-
text

• Emotion-Plausible(EP): The sentence may
express the target emotion, but the interpreta-
tion is plausible only in the presence of relevant
additional contextual information

• Emotion-Implausible (EI): The sentence can-
not plausibly express the target emotion in any
imaginable context

While it is possible to have a much finer classifica-
tion (“highly dependent on context", “slightly depen-
dent on context", etc.) to better cover the spectrum
of context dependence, we found that increasing
the labelset resulted in very poor inter-annotator
agreement. This suggests that the cognitive load
of making finer distinctions leads to poor perfor-
mance. The same is true for annotating the entire
emotion set of 27 emotions presented in GoEmo-
tions. This is why we utilize the Ekman-emotion
mapping provided by GoEmotions to convert the
original annotations of 27 emotions into the 6 basic
emotions.

Neutral emotion. The label neutral denotes the
absence of all six non-neutral emotions (anger,
sadness, joy, fear, disgust, surprise). A sen-
tence cannot be labeled EO for both neutral and
any other emotion. If a sentence clearly expresses
a non-neutral emotion, it must not be labeled EO
for neutral.

4.2. Dataset statistics
The annotation exercise resulted in a final corpus
of 7000 annotated utterance-emotion pairs (Table
3). We achieve a Krippendorff’s α score of 0.62 for
the inter-annotator agreement. This inter-annotator
score underlines the cognitive complexity of the
task. We take the majority vote across annotators to
select our final class label. We find that significant
confusion between EI and EP classes, with 20 −
25% of disagreement among annotators for these
classes on average.

Our annotations reveal that sentences can plau-
sibly express substantially more emotions (Table
3) once context dependency is modeled. As ex-
pected, context-dependent emotions dominate in
the available data, highlighting the importance of
contextual reasoning for realistic emotion under-
standing. When seen in comparison to the source
dataset, though, we observe that while most of the
sentences get EO or EP tags for their assigned
emotions in GoEmotions, a substantial number of
utterance-(tagged)emotion pairs are classified as
EI by our annotators (Figure 1). While this statis-
tic is interesting, it only points to the subjectivity
inherent in the emotion classification task. Table 4
details this further. Here, the ‘tagged’ row lists the
annotation distribution across the three categories
for sentences with their GoEmotions assigned tags.
Similarly, the ‘untagged’ row reports the distribution
of sentences paired with other emotions (negative).

5. LLMs for Context Dependency

To explore LLMs’ ability to identify context depen-
dence of emotions, we performed zero-shot in-
ference on three popular instruction-tuned LLMs.
These models are: GPT-5-mini1, Gemini-2.5-flash2

and Llama3-70b (GroqLlama)3 . Appendix-A
shows the prompts and hyperparameter settings
used for these LLMs. As the models are quite
sensitive to prompts, we share the prompts that
performed the best for each model. We further eval-
uate performance against a supervised baseline

1GPT-5-mini model by OpenAI. https:
//platform.openai.com/docs/models

2Gemini 2.5–flash model by Google. https://ai.
google.dev/models/gemini

3Llama 3 70B hosted via Groq. https://console.
groq.com/docs/models

204



TOTAL Class Distribution Avg. Emotions / Sentence
EP (%) EI (%) EO (%) GoEmotions EP+EO

PoETIC 7,000 3,474 49.58 2,448 34.94 1,078 15.38 1.09 4.55

Table 3: PoETIC Stats and Class Distribution

GoEmotions Tag Context-Dependency Labels
Emotion-Plausible Emotion-Implausible Emotion-Obvious

PoETIC Tagged 368 223 498
Untagged 3,106 2,225 580

Table 4: Relation between original GoEmotions and PoETIC tagging

based on RoBERTa4, trained for 10 epochs on the
PoETIC dataset (80% training, 10% development,
and 10% test split), using 5-fold cross-validation.

Table 5 compares the three large language mod-
els on PoETIC and the RoBERTa benchmark. As
can be seen, GPT-5-mini performs reasonably
well, with an accuracy and F1 scores of 0.77.
The model(Figure 3a), does fairly well on the
Emotion-Plausible (EP) class but results in signifi-
cant misclassifications of the Emotion-Implausible
(EI) class, showing that the model is not able to
disambiguate between these classes. At the same
time, Gemini-2.5-flash demonstrates moderate per-
formance, achieving an accuracy of 0.68. While
its macro F1 (0.68) is the same as its micro and
weighted F1 scores, the confusion matrix (Figure
3b) reveals some confusion between EP and EI
classes.

This shows that GPT-5-mini can reliably dis-
tinguish between emotion expressions that re-
quire external context and those that are self-
contained. The consistency between macro, mi-
cro, and weighted F1 indicates robust performance
across both frequent and infrequent classes.

Gemini-2.5-flash captures class-level distinctions
quite well, but it struggles to consistently identify
when emotion interpretation depends on additional
context, particularly for EP instances.

GroqLlama performs the weakest among the
evaluated systems, with an accuracy of 0.59 and a
notably lower macro F1 score of 0.53. The model
exhibits confusion between EP and EI categories
(Figure 3c), showing limited sensitivity to subtle
contextual cues that disambiguate emotion depen-
dence. This aligns with the hypothesis that smaller
or less instruction-tuned models may rely more
heavily on surface-level lexical cues rather than
deeper contextual reasoning.

We also consider a majority voting (MajorityVote
in Table 5) scheme to consolidate the annotations
by all the models. As we can see, the combined
oracle of the models does not result in a signifi-

4RoBERTa-base model https://huggingface.
co/FacebookAI/roberta-base

cant improvement in performance. We find that
a large number of utterance-emotion pairs were
misclassified by all the models (Table 6).

Overall, these results highlight that context-
dependence classification is highly sensitive to a
model’s contextual reasoning capabilities. While
state-of-the-art models approach human-level relia-
bility on this task, weaker models exhibit systematic
confusions that disproportionately affect context-
dependent emotion categories. This performance
gap highlights the importance of evaluating emo-
tion understanding not only in isolation but also
through the lens of contextual grounding.

6. Local LLMs for Context
Dependency

While models with > 20b parameters are consid-
ered ‘experts’ for almost all NLP tasks, most real-
world use cases often require comparable per-
formance from significantly smaller models. We
explore this by choosing two popular local LLMs
(Qwen3-8b3 and Llama-3-8b4) and test them on Po-
ETIC. Table 7 reports the performance of Qwen3-
8B and Llama-3-8B under zero-shot and few-shot
settings.

In the zero-shot regime, both models achieve
comparable accuracy (Qwen3-8B: 0.5; Llama-3-8B:
0.47), with Llama-3-8B exhibiting a slightly higher
macro F1 (0.22 vs. 0.18), indicating marginally bet-
ter class balance despite lower overall accuracy.
However, both models show low macro F1 scores,
reflecting difficulty in handling minority classes
(EO).

Introducing few-shot prompting leads to some
performance gain for Qwen3-8B, improving accu-
racy to 0.52 and macro F1 to 0.36. There are bal-
anced predictions across classes, as evident by
the reduced off-diagonal mass in the confusion ma-
trix (Figure 4). Inexplicably, Llama-3-8B exhibits
a severe performance degradation in the few-shot

3https://huggingface.co/Qwen/Qwen3-8B
4https://huggingface.co/meta-llama/Meta-Llama-3-

8B
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Figure 2: Context-Dependency Distribution

Model Acc. F1micro F1macro F1weighted Prec. Rec.
GPT-5-mini 0.77 0.77 0.77 0.77 0.78 0.77
Gemini-2.5-flash 0.68 0.68 0.68 0.68 0.69 0.68
GroqLlama 0.59 0.59 0.53 0.54 0.64 0.59
MajorityVote 0.79 0.79 0.79 0.79 0.81 0.79
RoBERTa 0.52 0.52 0.27 0.40 0.34 0.52

Table 5: LLMs’ performance comparison against PoETIC for context-dependence classification

Sentence Emotion MajorityVote Human
Where were they? I was trying to track them down and
couldn’t remember where I saw them. Neutral EO EI

I know you’re joking, but there are people here either stupid
or desperate enough to believe and perpetuate such idiocy. Surprise EO EI

Would you like a friend? I sure could use one. Joy EI EP

Not sure if guys like that are better or worse than regular
Incels. Surprise EI EP

Table 6: Illustrative examples contrasting model-predicted classes with human annotations.

Model Setting Acc. F1w F1m

RoBERTa Supervised 0.52 0.40 0.27
Qwen3-8B Zero-shot 0.5 0.35 0.18
Llama-3-8B Zero-shot 0.47 0.35 0.22
Qwen3-8B Few-shot 0.52 0.51 0.36
Llama-3-8B Few-shot 0.35 0.19 0.18

Table 7: Model performances under zero-shot and
few-shot settings.

setting (accuracy 0.35, macro F1 0.18), character-
ized by near-collapse to a single class prediction.

Overall, Qwen3-8B demonstrates robust adap-

tation with few-shot learning, achieving the best
performance across all metrics, while Llama-3-8B
shows inconsistent behavior, highlighting model-
specific differences in prompt conditioning and gen-
eralization.

7. Discussions

Prior work, such as Lecourt et al. (2025), reports
that large language models (LLMs) achieve rel-
atively modest performance on the GoEmotions
dataset. This suggests that directly assigning an
utterance to a single emotion label—chosen from
a large set—poses a substantial challenge, partic-
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Figure 3: Normalized confusion matrices for different models on PoETIC.

ularly when multiple emotions may be contextually
plausible. We argue that the utterance-based emo-
tion tagging formulation conflates emotion recog-
nition with contextual ambiguity, making the task
inherently difficult for both models and annotators.

In contrast, we reformulate the problem in terms
of contextual dependence. Rather than requiring
the model to select the correct emotion in isolation,
our task asks whether there exists any plausible
context in which a given utterance could convey
a specified emotion. This re-framing reduces the
burden of exhaustive disambiguation and instead
focuses on contextual plausibility. While this re-
mains a non-trivial cognitive task, it is arguably
more aligned with the generative and inferential
strengths of LLMs.

Although we adopt discrete categories for con-
textual dependence in this work, the notion itself
naturally admits a graded interpretation. Contex-
tual dependence can be viewed as a continuum,
ranging from utterances that require minimal con-

textual elaboration to express an emotion to those
that demand highly imaginative or contrived con-
texts. Modeling contextual dependence as a rating
or ordinal prediction task is, therefore, a promising
direction for the future.

8. Limitations

The dataset is derived from English Reddit data,
inheriting platform-specific linguistic norms and
demographic biases from GoEmotions. As a re-
sult, the observed patterns of contextual depen-
dence may not generalize to other domains, lan-
guages, or interaction settings. Contextual depen-
dence is modeled using three discrete categories.
While this formulation improves annotation relia-
bility, contextual dependence is inherently contin-
uous, and many sentence–emotion pairs lie near
category boundaries, as reflected in moderate inter-
annotator agreement. More fine-grained or scalar
annotations could better capture these nuances.
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Figure 4: Normalized confusion matrices for zero-shot and few-shot settings on PoETIC.

Also, the annotations rely on imagined rather than
explicit contexts. Judgments, therefore, depend
on annotators’ world knowledge and cultural as-
sumptions, introducing subjectivity that may vary
across annotator populations. Due to resource con-
straints, model evaluation is restricted to zero-shot
and few-shot prompting. The strong performance
of proprietary LLMs, while encouraging, raises
questions about robustness and interpretability that
suggest further investigation through cross-domain
and adversarial evaluations. Overall, these limita-
tions point toward future work on broader datasets,
graded annotations, explicit context modeling, and
more rigorous evaluation settings.

9. Use of AI Agents

AI Agents, primarily ChatGPT, have been used for
grammar correction and paraphrasing in order to
improve the language quality. The paraphrased
outputs were thoroughly checked to ensure cor-

rectness. Copilot was used for code completion
occasionally.
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A. Prompts

GPT-5-mini.
You are an expert NLP evaluator.
You must classify how dependent
the text is on surrounding context
to express the given emotion.

Allowed labels (SHORT FORM):
A = Emotion-Obvious
B = Emotion-Plausible
C = Emotion-Implausible

Label meanings:
A: The emotion is clearly expressed
without needing additional context.
B: The emotion is ambiguous or
barely present, and typically needs
outside context.
C: Even with added context, this
text cannot plausibly express the
target emotion.

Special rule for NEUTRAL:
- Since "NEUTRAL" means complete
absence of the 6 target emotions

{ANGER, SADNESS, JOY, FEAR,
DISGUST, SURPRISE},
a sentence cannot be "A"
(Emotion-Obvious) for both
NEUTRAL and another emotion.

STRICT OUTPUT REQUIREMENTS:
- You must output ONLY a JSON
object of the form:

{"label":"A"} or {"label":"B"}
or {"label":"C"}

- Do NOT output any text before or
after the JSON.
- Do NOT explain your choice.
- Do NOT add any additional keys.
- If unsure, pick the best label; do
NOT invent new labels.

-----------------
Text: {text}
Emotion: {emotion}

Gemini 2.5–flash.
You are an expert NLP evaluator. You
must classify how dependent the text
is on surrounding context to express
the given emotion.

Allowed labels:
Emotion-Obvious
Emotion-Plausible
Emotion-Implausible

Label meanings:
Emotion-Obvious: The emotion is
clearly expressed without needing
additional context.
Emotion-Plausible: The emotion is
ambiguous or barely present, and
typically needs outside context.
Emotion-Implausible: Even with added
context, this text cannot plausibly
express the target emotion.

Special rule for NEUTRAL:
- Since "NEUTRAL" means complete
absence of the 6 target emotions

{ANGER, SADNESS, JOY, FEAR,
DISGUST, SURPRISE},
a sentence cannot be
"Emotion-Obvious" for both
NEUTRAL and another emotion.

STRICT OUTPUT REQUIREMENTS:
- You must output EXACTLY ONE label
- Do NOT output any text before or
after the label.
- Do NOT explain your choice.
- If unsure, pick the best label;
do NOT invent new labels.

-----------------
Text: "{sentence}"
Emotion: "{emotion}"
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Hyperparameters Gemini2.5Flash GPT-5-mini Llama3-70B
temperature 0.0 1.0 0.1
top_p 1.0 1.0 1.0
top_k 40 - -
max_tokens 8192 1800 3

Table 8: Model hyperparameter setting

Groq (Llama3-70B).
Classify the dependency of the
following sentence on its prior
context to express the given emotion.

Allowed classes with definitions:
EO: The emotion is clearly expressed
without needing additional context.
EP: The emotion is ambiguous or barely
present, and typically needs outside
context.
EI: Even with added context, this
text cannot plausibly express the
target emotion.

Reply ONLY with the class label.
Do NOT include any explanation or
additional text.

Example output: EO

-----------------
Sentence: {sentence}
Emotion: {emotion}
Class-label?
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From Sentiment to Valence in Metaphor: a Comparison of
BERT-based Sentiment and Prompted Large Language Models
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Abstract

Although the affective dimension is a key aspect of metaphor, computational studies of figurative language have
largely overlooked psycholinguistic variables such as valence. This study investigates whether computational models
can reliably estimate the affective aspects of Italian and German metaphors and whether metaphor valence is
compositionally derived. Outputs of BERT-based sentiment analysis and a valence-prompted LLM were compared
with human ratings. Results show that the former exhibit limited alignment with human judgments, whereas higher
agreement is achieved when the explicit concept of valence is prompted in a LLM. Both humans and models rely on
the combined valence of the individual lemmas, suggesting a compositional contribution to metaphor valence.

Keywords: Valence, Metaphor, BERT, GPT

1. Introduction

Metaphors represent a complex pragmatic phe-
nomenon that involves a gap between the literal
and the intended meaning, which is typically re-
solved via context-based inferences (Grice, 1975;
Searle, 1979). Among the psycholinguistic features
known to guide metaphor comprehension - e.g., fa-
miliarity, concreteness, and imageability - the affec-
tive dimension appears to play a particularly promi-
nent role in deriving the meaning of metaphors
and producing aesthetic non-propositional effects
(Blasko and Briihl, 1997; Montefinese et al., 2025;
Gerwien et al., 2024; Ifantidou, 2021). Affective
properties are commonly conceptualized within
the Valence–Arousal–Dominance (VAD) framework
(Russell, 1980), which provides a fine-grained
model for operationalizing affect estimation. Within
this framework, valence, defined as the degree
of pleasantness or unpleasantness evoked by a
stimulus (Jurafsky and Martin, 2026), has been
shown to interact with cognitive processes under-
lying metaphor comprehension (Mashal and Itkes,
2014). The availability of reliable affective ratings is
therefore crucial to investigate the role of emotion
in metaphor understanding. However, collecting
such ratings through human annotation is both time-
and resource-intensive. For other psycholinguistic
features, such as concreteness and familiarity, re-
cent research has demonstrated that computational
approaches, particularly Large Language Models
(LLMs), can effectively approximate human ratings
(Mangiaterra et al., 2025). To our knowledge, such
methods have not yet been systematically applied
to generate valence ratings for metaphorical ex-
pressions. To address this gap, this study aims to
evaluate computationally generated valence ratings

for metaphorical expressions using three computa-
tional approaches: (i) sentiment analysis systems
(Jurafsky and Martin, 2026), which provide coarse-
grained polarity judgments but may overlook sub-
tle emotional nuances; (ii) LLM-based prompting,
which elicits valence judgments by leveraging the
capabilities of LLMs to process the language of
emotion (Martínez et al., 2025; Conde et al., 2026)
and figurative language (Fuoli et al., 2026); (iii)
lexicon-based estimation, deriving valence scores
from established word-level affective norms and
aggregating them, allowing to test whether the va-
lence of a metaphorical expression can be approx-
imated from the valence of its constituent words
(Mohammad, 2025).

2. Materials and Method

We collected a set of Italian and German metaphors
from three different datasets: 1) the Figurative
Archive dataset (Bressler et al., 2026), which in-
cludes 996 Italian metaphors differing in structure
and semantic domains and divided into everyday
(i.e., metaphors that occur in ordinary language,
pooled from nine studies) and literary metaphors
(i.e., sourced from poetry or prose). Specifically,
metaphors were identified i)using keywords belong-
ing to semantic classes known to be productive
for metaphorical use, and; ii) searching for expres-
sions in the “A of B” form; the resulting metaphors
were then reviewed and problematic items removed.
2) the COMETA (Citron et al., 2020) and 3) the
MIST (Müller et al., 2022) datasets, which col-
lect respectively 60 conceptual German metaphors
with a sentence-level structure, and 168 German
metaphors involving human senses. While for the
German datasets human affective ratings were al-
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ready available, the Italian metaphors were rated
ad-hoc for this study by 9 PhD candidates in lin-
guistics, all Italian native speakers (mean age =
26,8 years, SD = 1,5; 7 women) on a -3 +3 range.
The average ICC was 0.72, indicating moderate
inter-rater agreement.

Ratings of valence were derived from two BERT-
based models (one for Italian, and one for Ger-
man) and one GPT model. Valence ratings for Ital-
ian metaphors were obtained using feel-it-italian-
emotion model (Bianchi et al., 2021). Valence rat-
ings for German metaphors were derived from ger-
mansentiment (Guhr et al., 2020). Valence ratings
from GPT were obtained from GPT 4-o (OpenAI,
2024) via API. We chose this model considering
its capacity to process contextualized and semanti-
cally complex expressions. The Italian and German
prompts1 instructed the model to assess metaphor
valence on a seven-point scale (same span given to
humans). No examples were inserted in the prompt,
applying a zero-shot learning technique. Spear-
man correlation analysis was applied to test the
relationship between human ratings and GPT- and
BERT-based ratings. Finally, to assess whether
metaphor valence is compositionally derived, we ex-
tracted the valence for each Italian metaphor’s topic
(i.e., the subject of the metaphor) and vehicle (i.e.,
the term used to convey the metaphorical mean-
ing) from the Multilingual Emotion Lexicon (MEL -
Buechel et al. (2020)) and correlated them with the
metaphor valence ratings provided by humans and
models. Additionally, we computed the average
valence of the lemmas composing each metaphor
(excluding stopwords) and likewise correlated them
with metaphor valence ratings obtained from hu-
mans and models. To compare the magnitude
of the correlations for compositionality, Fisher’s z-
transformation was applied following Pearson cor-
relation analyses. This procedure could only be
conducted for the Italian metaphors, as the Ger-
man datasets lack topic and vehicle annotations,
preventing the extraction of MEL-based values.

3. Results

BERT models. Results show a moderate corre-
lation between Italian BERT-based ratings and

1English translation of the given prompt: "You will
be given a metaphor and asked to evaluate it based on
its emotional valence. Emotional valence refers to how
positive or negative the emotions elicited by the metaphor
are. Use a rating scale ranging from 1 (“very negative”) to
7 (“very positive”). If the metaphor elicits a very negative
emotion, such as sadness or anger, then assign a score
of 1. If the metaphor elicits a very positive emotion, such
as happiness or love, assign a score of 7. Respond with
only a number from 1 to 7; do not add anything else.
Metaphor: met"

human ratings (rho=0.598, p<0.001), with dif-
ferent patterns between everyday and literary
metaphors: while valence scoring for every-
day metaphors show a moderate correlation
(rho=0.498, p<0.001), BERT-based and human rat-
ings for literary metaphors exhibit a strong corre-
lation (rho=0.703, p<0.001). In contrast, we ob-
serve very weak and non significant correlations
between human and German BERT-based ratings
(rho=0.158, p=0.017), both for the COMETA and
for the MIST datasets (respectively, rho=0.126,
p=0.337; and rho=0.146, p=0.058).

GPT model. Findings are homogeneous across
languages, with very strong correlations between
GPT-based and human ratings both for Italian and
German (rho=0.893, p<0.001; rho=0.936, p<0.001,
respectively), and similar patterns for both every-
day and literary metaphors in the Italian dataset
(rho=0.868, p<0.001 and rho=0.929, p<0.001, re-
spectively) and for both COMETA and MIST Ger-
man datasets (rho=0.945, p<0.001 and rho=0.937,
p<0.001, respectively).

Compositionality. Correlation analyses on hu-
man ratings (MEL) show moderate correlations
between the valence of the topic and the overall
metaphor valence (rho=0.604, p<0.001), as well
as between the valence of the vehicle and the
overall metaphor valence (rho=0.433, p<0.001).
The mean valence of the topic and the vehi-
cle composing the metaphor exhibits a strong
correlation (rho=0.681, p<0.001) with the overall
metaphor valence. Valence ratings derived from
the Italian BERT-based model show moderate cor-
relations with topic, vehicle and their mean va-
lence (rho=0.480, p<0.001; rho=0.419, p<0.001;
rho=0.592, p<0.001 respectively). Conversely,
GPT-derived measures of valence show a strong
correlation with the mean valence of topics and
vehicle (rho=0.736, p<0.001), while correlations
between topic and metaphor valence (rho=0.608,
p<0.001), and between vehicle and metaphor va-
lence (rho=0.513, p< 0.001) remain moderate.

Correlations’ magnitudes for compositionality.
The comparison between the mean valence (MEL)
and GPT revealed a significant difference (z=-
12.216, p<0.001), with GPT showing a higher corre-
lation with human ratings (z=1.372) than the mean
valence (z=0.824). Similarly, the comparison be-
tween the mean valence and BERT was significant
(z=5.897, p0<.001), indicating a higher correlation
for the mean valence (z=0.824) compared to BERT
(z= 0.559). Finally, GPT and BERT also differed
significantly (z=18.114, p0<.001), with GPT show-
ing a substantially higher correlation with human
ratings (z=1.372) than BERT (z=0.559).
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Dataset BERT GPT
Figurative Archive 0.598*** 0.893***
Everyday Metaphors 0.498*** 0.868***
Literary Metaphors 0.703*** 0.929***
German Datasets 0.158* 0.936***
COMETA 0.126 0.945***
MIST 0.146 0.937***

Table 1: Correlation results between the BERT
and GPT models for Italian and German ratings.

Category Human BERT GPT
Topic 0.604*** 0.480*** 0.608***
Vehicle 0.433*** 0.419*** 0.513***
mLemmas 0.681*** 0.592*** 0.736***

Table 2: Correlation results with MEL data.

4. Discussion

While the validity of machine-generated single-
word ratings has been widely established (Martínez
et al., 2025; Conde et al., 2026), the present study
aimed at assessing the validity of valence rat-
ings for metaphorical expressions as derived from
BERT and GPT, evaluating them against human
ratings. Firstly, our results revealed that across
languages (Italian and German), BERT-based sen-
timent ratings were weakly aligned with human rat-
ings, whereas GPT derived ratings well approxi-
mated human judgment. In particular, the German
BERT performed poorly, while the Italian BERT
showed moderate correlations for everyday and
strong for literary metaphors, likely reflecting the
greater affective load of literary language. It cannot
be however excluded that GPT-4o might have been
exposed to parts of the datasets during training.
This concern could apply primarily to the German
datasets, as the Italian dataset was released after
the model’s training cutoff. If this was the case,
GPT performance in German is only slightly higher
compared to Italian. So, if prior exposure were the
primary driver, a substantially larger gap would be
expected. Instead, the similar performance across
German and Italian suggests that the results are
better explained by generalizable inferential pro-
cesses rather than memorization. Secondly, our
results on the mechanisms underlying metaphor
valence indicate that, for both humans and models,

Criterion: Human
Comparison z1 z2 z observed
mLemmas-GPT 0.824 1.372 -12.216***
mLemmas-BERT 0.824 0.559 5.897***
GPT-BERT 1.372 0.559 18.114***

Table 3: Correlations’ magnitudes for composition-
ality.

the mean valence of the constituent words largely
guides the overall evaluation. For GPT, the cor-
relation with the mean lemma valence exceeds
0.70, suggesting a strong reliance on the valence
of individual words. For both humans and mod-
els, the topic plays a central role compared to the
vehicle, anchoring the metaphor’s affective value.
Overall, both BERT and GPT are better in captur-
ing the evaluation of a metaphor’s human valence
than a compositionality model based on the aver-
age valence value of the words that compose the
metaphor. More specifically, BERT-based senti-
ment analyzers do not reliably approximate human
valence ratings for metaphors, whereas prompted
LLMs closely align with human-like judgments.

5. Limitations

This work is a preliminary study and several limita-
tions are worth noting. First, having few annotators
might limit the generalizability of the findings, and
future research should both increase their num-
ber and their heterogeneity in terms of sociodemo-
graphic features, also exploiting online surveys.

Second, the use of existing models and GPT-4o
for valence prediction provides limited technical nov-
elty. To address this, future studies could explore
additional models, including open-source alterna-
tives such as Llama, in order to obtain more robust
and reliable results.

Third, we acknowledge the imbalance in the num-
ber of metaphors across the two languages, which
should be accounted for in the statistical modeling.

Finally, the human Italian ratings achieved an
ICC < 0.75, that is considered only moderate. From
another perspective, however, this difference in an-
notation reliability from Italian and German datasets
may also help explain the pattern observed with
BERT. In particular, BERT shows better perfor-
mance on the Italian data, where ratings are nois-
ier, and lower performance on the German data,
where ratings are more consistent. Instead, GPT
performances are significant in both languages,
suggesting that its predictions are less affected by
annotation variability. This pattern indicates that
GPT may capture subtle semantic properties of
metaphors in a way that is closely aligned with hu-
man judgments, even when those judgments are
based on a relatively small number of annotators.

6. Ethics

The present study aims to use computational
tools to approximate human valence judgments
in metaphorical language. However, we are aware
that the used datasets do not cover all possi-
ble syntactic structures and semantic domains of
metaphors and most importantly, they may reflect
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linguistic and cultural bias. Therefore, human par-
ticipants remain the gold standard for affective eval-
uation, while computational approaches must be
considered as complementary tools rather than
complete replacements.
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Abstract
Work in Computational Affective Science and Computational Social Science explores a wide variety of research
questions about people, emotions, behavior, and health. Often they make use of language data that is first labeled
with relevant information such as the use of emotion words and age of the speaker. Even though many resources
and algorithms exist to enable such labeling, finding and using them is still a substantial impediment, especially to
practitioners in fields outside of computer science. Here, we present the ABCDE dataset (“Affect, Body, Cognition,
Demographics, and Emotion”), a large-scale collection of over 400 million released text instances from social media,
blogs, books, and AI-generated sources, annotated for a number of features relevant to computational affective
and social science. ABCDE facilitates inter-disciplinary research in wide range of fields, including affective science,
cognitive science, the digital humanities, sociology, political science, and computational linguistics.

Keywords: computational social science, computational affective science, scientometrics

1. Introduction

Language is a rich medium of self-expression and
communication. It is a product of historical, cultural,
embodied, and cognitive processes. Consequently,
computational approaches to the analysis of large
text datasets have become a powerful tool for study-
ing feelings, thought, body/health, and behavior of
individuals and populations.

In the domain of Computational Affective Science
(CAS), research has shown that language use is
strongly associated with, and indicative of, mental
states and cognitive processes in the human brain
(Guntuku et al., 2017). When we are sad, we ex-
press ourselves using words associated with low
valence (negative sentiment), or even subtle linguis-
tic signals such as shorter, more terse utterances.
When we lack confidence, we tend use more quali-
fiers such as “I think", “probably", and “right?". And
so on. Linguistic properties of utterances are thus
immensely useful signals of our mental models and
processes, as well as how we as humans perceive
ourselves and the world around us. At the same
time, language is only an indirect trace of the un-
derlying states we care about. Many mental states
and cognitive processes are latent and must be
inferred from behavior and context. Thus while it is
difficult to determine the exact mental state of an
individual from an utterance (something we do not
recommend pursuing automatically anyway), the
power of language analysis lies in bringing forth
trends and patterns of mental states of whole pop-
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Figure 1: Overview of the ABCDE dataset.

ulations (aggregate-level analysis). Language use
remains a natural and scalable behavioral trace that
can be used to infer patterns of relative differences
and change at an aggregate level. For example,
how has the use of emotion words by a population
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changed with time and what psychological changes
that indicates; how a cohort of people uses warmth
and competence words when posting about differ-
ent social groups; what moral frames are invoked
when talking about controversial issues (such as
immigration), etc.

Similarly, in the broader domain of social sci-
ences, insights derived from textual data can com-
plement those derived from qualitative methodolo-
gies like surveys and self-reports. Computational
methods have the added advantage of enabling
research using a much larger and more diverse
pool of data when compared to lab studies with
smaller groups of participants, thereby increasing
the reliability of measurements. For example, Com-
putational Social Science (CSS) researchers have
used social media data to study mechanisms of in-
fluence and information diffusion in social networks
(Goel et al., 2016), monitor public sentiment and
stance towards specific entities and topics (Dodds
et al., 2011), identify changes in the contextual-
ized semantic meanings of word types in different
communities (Lucy and Bamman, 2021), etc.

Another line of research that is of increasing inter-
est to linguists, cognitive scientists, and computer
scientists alike is the studying of AI-generated text.
Machine learning based training of multi-billion pa-
rameter neural networks has resulted in Large Lan-
guage Models that interface with and communicate
in natural language with surprising fidelity (Achiam
et al., 2023). Consequently, researchers are look-
ing at the outputs of these models to understand
statistical associations and biases that are encoded
in them, particularly as LLMs take on a larger role
in the data science pipeline as de-facto models for
classification, labeling, and synthetic data genera-
tion (Ziems et al., 2024; Farrell et al., 2025). Re-
searchers are also analyzing the "reasoning traces"
or chains-of-thought (CoTs) of these models to bet-
ter understand the artificial "cognitive" reasoning
processes in these models, and how they compare
with human processes (Korbak et al., 2025).

All of this research that makes use of "language
as data" relies on three key tasks as a pre-requisite
to subsequent statistical analyses: collecting the
textual data, tagging it with associated metadata
(extra-linguistic context), and the measurement of
features of interest (quantifying, for example, senti-
ment from tweets). The dynamic nature of pipelines
for data collection on the web, as well as the rapid
pace of development of computational models of
measurement for various constructs that are of inter-
est in the social sciences, make this a technically
challenging process for most researchers, espe-
cially those outside of computer science. Further,
even for those comfortable with natural language
processing, compiling and annotating a large num-
ber of diverse datasets and features is time and

labor intensive.
In this work, we compile and release ABCDE,

a collection of text datasets automatically tagged
with metadata associated with speaker demograph-
ics, and labeled for 136 lexical features that are of
broad utility for researchers in the affective and so-
cial sciences. The selected datasets (aggregated
from various primary sources) span multiple do-
mains, genres, and time-periods. We group our
text features into five thematic sets: Affect, Body,
Cognition, Demographics, and Emotion.

Our primary motivation in creating this dataset
is to unify textual features that encode aspects of
behavior and cognition that are of interest to re-
searchers in the affective sciences. While emotion
and affect have been prominent topics of study
here, recent advances in embodied cognition em-
phasize how bodily awareness and interactions with
the environment shape many of these cognitive
functions, and have downstream correlations with
mental, emotional, and physical health (Wu et al.,
2025). We therefore include body part mentions as
a core feature of our dataset, allowing researchers
to quantify patterns at the intersection of bodily
mentions and emotions/affect. With Demographic
information, we also consider features that encode
social context, in addition to linguistic and lexical
features of the text itself. This is a crucial variable
for most research in the affective and social sci-
ences, where concepts like emotion and cognition
are not constant, stable traits, but demonstrate sig-
nificant variation with demographic features like
age, within and across population sub-groups — in
fact, it is this variation that is often the phenomenon
of interest (Hoemann et al., 2025; Gutchess and
Rajaram, 2023). Age-related differences have been
reported in the arousal structure of emotion con-
cepts (Trnka et al., 2022), and age and culture can
jointly shift cognitive performance and style (Na
et al., 2017).

We make our resource publicly available for open
access and use by researchers. We hope the
ABCDE dataset will facilitate inter-disciplinary re-
search in wide range of fields, including affective
science, cognitive science, the digital humanities,
sociology, political science, and NLP.

2. Related Work

The past several decades of research in compu-
tational linguistics and natural language process-
ing has led to the development of tools that can
be used to extract rich linguistic information from
textual data, such as StanfordCoreNLP (Manning
et al., 2014), NLTK (Bird et al., 2009), and spaCy1.
However, these are aimed largely at researchers

1https://spacy.io/
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with familiarity and expertise in these domains of
research, with rich programming experience, and
target features that are useful for linguistic analysis,
like part-of-speech tags and dependency relations.
In the social sciences, by contrast, researchers are
generally interested in quantifying more abstract,
higher-level features of text, like sentiment or emo-
tion intensity, political leaning, satire, literary quality,
etc. (Licht et al., 2025)

There exists a small but growing set of accessi-
ble text analysis toolkits that have a narrower focus
on specific domains of research. The Cornell Con-
versational Analysis Toolkit (Chang et al., 2020) is a
collection of datasets and computational scripts that
enable research into aspects of social networks,
conversational dynamics, and the sociolinguistics
of online interactions. GutenTag is an NLP-driven
tool for Digital Humanities research in particular,
with a web-based interface that automatically ex-
tracts several features of interest from literary texts
(Brooke et al., 2015). In the Affective Sciences
domain, packages like VADER (Hutto and Gilbert,
2014) and Textblob2 are widely used for sentiment
analysis. The Emotion Dynamics toolkit (Vishnub-
hotla and Mohammad, 2022) provides scripts to
quantify patterns of change in emotional expres-
sion in textual utterances over time.3

A prime example of a text processing toolkit that
has seen broader use in the social, affective, and
cognitive sciences, and the digital humanities, is
LIWC (Linguistic Inquiry and Word Count), a propri-
etary software that quantifies several psychometric
properties of words to facilitate studying the links be-
tween language, cognition, and psychology (Boyd
et al., 2022).

We position ABCDE as not just a feature extrac-
tion tool, but a much more comprehensive reposi-
tory of data mapped to metadata and pre-computed
features. We compile, clean, and annotate multi-
ple text datasets from diverse domains that are of
broad interest to affective and cognitive science
researchers, including social media, blogs, and
AI-generated text. By pre-computing features for
these datasets, our resource lowers the technical
barrier of entry for many researchers, and also en-
courages reproducibility of empirical research in the
field. The ABCDE dataset therefore functions as
a much more thorough and standardized starting
point, on top of which researchers can directly apply
statistical methods of analysis in order to answer
various research questions.

3. The ABCDE Dataset

We compiled a large-scale, longitudinal collection
of textual datasets from various primary sources,

2https://textblob.readthedocs.io/
3https://github.com/Priya22/EmotionDynamics

spanning data from social media platforms, books,
and blogs. Additionally, we compiled a selection
of AI-generated text, including human–LLM conver-
sational data, LLM reasoning traces, preference
datasets, and datasets from AI-generated text de-
tection tasks. We then computed and recorded the
text features enumerated in Section 3.2 for every
text instance in each of these datasets. Note that
a text instance can be defined at different levels
of granularity – features can be recorded at the
sentence-level (with each sentence in turn linked
to the original Reddit post, blog post, AI-generated
story, etc.), or for equal-sized chunks of tokens from
each dataset, among others. Our definition of what
constitutes a text instance differs from one dataset
to another, and is enumerated in Section 3.1 along-
side the dataset descriptions. In Section 3.2, we
expand on our annotated features and the methods
used to quantify them given a text instance.

3.1. Data Sources
We annotated datasets spanning millions of
records from Twitter, Reddit, blogs, books, and AI-
generated content:
Twitter (TUSC, 2015–2021): 45.2M geolocated
tweets sourced from the TUSC dataset (Vishnub-
hotla and Mohammad, 2022). Each tweet is con-
sidered an instance.
Reddit (Pushshift, 2010–2022): 78.6M posts
crawled from Reddit via Pushshift archives hosted
by the Internet Archive (Baumgartner et al., 2020).
We remove posts that are marked as adult
(over_18), promoted, containing images or videos,
and having fewer than 5 or more than 1,000 words;
each post constitutes a text instance.
Books (Google, 1800–2012): 177.1M 5-gram oc-
currences (1.74M unique 5-grams) from the En-
glish Fiction subset of the Google Books Ngram
Corpus (version 20120701) (Google Inc., 2012).
Each 5-gram is treated as an instance. While these
instances are short, they remain useful for large-
scale frequency and longitudinal analyses.
Blogs (Spinn3r, 2008): 34.2M personal blog en-
tries from the ICWSM 2009 conference (Burton and
Soboroff, 2009). Each blog post is an instance.
AI-Generated Texts (Various, 2022–2025): 68.9M
AI-completions from 15 distinct datasets, includ-
ing conversational texts (WildChat-1M (Zhao et al.,
2024), LMSYS-Chat-1M (Zheng et al., 2024),
PIPPA (Gosling et al., 2023), HH-RLHF (Bai
et al., 2022), Prism (Kirk et al., 2024), and APT
(Wahle et al., 2022); persuasive essays (Anthropic-
Persuasiveness (Durmus et al., 2024)); AI text de-
tection datasets (M4 (Wang et al., 2024), MAGE
(Li et al., 2024), LUAR (Soto et al., 2024)); rea-
soning traces (General Thoughts 430k (Reason-
ing, 2024), Reasoning Shield (Li et al., 2025),
SafeChain (Jiang et al., 2025), STAR-1 (Wang et al.,
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2025)); and narratives (TinyStories (Eldan and Li,
2023)). For conversational datasets, we define the
LLM response from a single user–chatbot interac-
tion turn as a text instance (multi-turn conversa-
tions are split into multiple instances). Preference
datasets generally comprise of a pair of LLM gen-
erations (in response to a user prompt) along with
an indicator of the preferred generation; we take
each generation separately to be an instance of
AI-generated text. The AI-generated text detec-
tion datasets consist of LLM generations of varying
lengths, intended to simulate human text in specific
domains like news articles and social media posts;
each generation is considered an instance. For
reasoning traces, we disregard the final model out-
put and only use the chain-of-thought text for each
query as the instance. Instances are multi-feature.
One text can activate several feature families, and
some short texts may not activate any feature in a
given family.

3.2. Annotated Features
We extract linguistic features through a set of lex-
icons, word lists, and regular expressions, orga-
nized along five dimensions relevant to compu-
tational affective science: Affect, Emotion, Body,
Cognition, and Demographics. Word lists and
lexicons as a measurement method offer several
advantages, particularly in inter-disciplinary stud-
ies: ease-of-use, generalization power, reliabil-
ity, adaptability, and interpretability, among others.
Variation in word choices across populations and
data subsets is also intertwined with multiple cog-
nitive and social processes relating to language
use (such as power dynamics, cultural and demo-
graphic factors, medium of communication, etc.).
Appendix A.1 summarizes the released resources,
and Appendix A.2 reports per-source text statistics.

Affect and Emotion features are characterized us-
ing word association lexicons; Body and Cognition
features through a curated list of terms, compiled
from multiple sources, that indicate a strong associ-
ation with body and cognition-related activities; and
Demographic features through hand-constructed
regular expressions and heuristic rules. For the de-
mographic feature "Occupation", for example, we
use a regex to parse self-disclosure statements of
the type "I am/work at/employed as [occupation]."
from a user, and apply the extracted term to all text
instances from that user. The demographic feature
"Age", which refers to the age of the user at the
time of posting, is computed by first using a similar
regex for age or date-of-birth, and then applying a
heuristic rule that combines this with the timestamp
of the post.

For each feature dimension (say, valence), and
each text instance (say, a tweet), we use the asso-
ciated word-level lexicon to compute an aggregate

instance-level score in multiple ways: the average
valence score of the constituent terms, a binary
flag indicating if a word from the valence lexicon is
present in the instance, and the count of the num-
ber of lexicon terms present in the instance. The
appropriateness of a particular aggregate measure
for a feature will depend on the specifics of the
research question being answered, and we leave
this decision to the users. For example, length-
normalized count features are more appropriate as
a comparative indicator for texts of different lengths,
rather than the average intensity score.
Affect: Affect refers to the fundamental neural
processes that broadly determine and regulate in-
ternal experiences of emotion, mood, and feel-
ings. Affective states are generally characterized
along three principal dimensions: valence (scale
of positive–negative), arousal (scale of active–
passive), and dominance (scale of competent–
incompetent / powerful–weak), together referred
to as VAD, which form our feature dimensions for
Affect. We match words against the NRC VAD lexi-
con (Mohammad, 2018a), which maps words to a
real-valued intensity score between 0 (lowest) and
1 (highest). We further define ‘High’ and ‘Low’ VAD
features, where only lexicon entries with scores
≥ 0.66 and ≤ 0.33 respectively are considered.
Emotion: We compute average, count, and bi-
nary presence flag features for multiple discrete
emotions: the eight basic emotions of anger, antic-
ipation, disgust, fear, joy, sadness, surprise, and
trust, computed using the NRC Emotion Intensity
lexicon (Mohammad, 2018b); warmth, competence,
sociability, and trust using the WCST Lexicon (Mo-
hammad, 2025a); and anxiety and calmness with
the NRC WorryWords lexicon (Mohammad, 2024).
Body: We identify Body Part Mentions (BPMs)
by matching text tokens against curated lists of
292 anatomical unigrams, bigrams, and trigrams
from Zhuang et al. (2024); Wu et al. (2025), captur-
ing mentions with possessive pronouns (e.g., “my
heart”, “her hand”). Features are recorded as bi-
nary flags for the presence of a body part mention,
and for each possessive pronoun, as a list of BPMs
used with that pronoun (i.e, MyBPM is a list containing
BPMs used with the pronoun ‘my’). Appendix A.3
lists the body part words used.
Cognition: We classify cognitive processes by
identifying “thinking words” derived from categories
outlined in Bloom’s Taxonomy and Queensland’s
Glossary of Cognitive Verbs.4,5 We categorize 98
unigrams into 11 categories (e.g., analyzing, learn-
ing, decision-making). A binary flag feature indi-
cating presence is recorded for each category. Ap-

4https://adp.uni.edu/documents/
bloomverbscognitiveaffectivepsychomotor.pdf

5https://www.qcaa.qld.edu.au/downloads/senior-
qce/common/snr_glossary_cognitive_verbs.pdf
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Figure 2: Q1. Emotion: Percent of words per instance from the six Ekman emotion categories.

Figure 3: Q1. Affect: Distributions of average
Valence, Arousal, and Dominance (VAD) scores of
all words per instance, by source.

pendix A.4 lists the full grouped inventory.
Demographics: We extract demographic at-
tributes, including age, occupation, gender, country,
city, and religion, using regular expression match-
ing and structured dictionary lookups. We map
occupations according to the U.S. Bureau of La-
bor Statistics Standard Occupational Classification
(SOC) system, and match gender, country, city, and
religion references against controlled vocabularies
from Wikipedia and Geonames datasets.6 These

6https://en.wikipedia.org/wiki/List_of_gender_identities,
List_of_religions_and_spiritual_traditions,List_of_countries

regexes are not exhaustive but target high-precision
first-person self-disclosure patterns and public con-
trolled vocabularies. Appendix A.5 shows the full
list of patterns used.
Focus features: We also identify pronouns (pos-
sessive and non-possessive) and verb tenses (past,
present, future) through direct lexical matching and
morphological tagging using the English UniMorph
dataset.7 This enables quantifying linguistic us-
age patterns related to personal references and
temporal framing.

3.3. Lexical vs. ML Features
The measurement of a construct such as "anger" or
"cognitive activity" given a text can be operational-
ized as a feature in many ways, and is dictated by
the requirements of downstream use-case(s). If
the goal is to predict the level of anger expressed in
a single utterance by a person in real-time, trained
machine learning models or pre-trained large lan-
guage models will be more accurate than word-
level lexicon aggregates. If, on the other hand, our
goal is to measure the changes in anger levels ex-
pressed on Twitter in the USA over the last decade,
plotting the (normalized) density of usage of anger-
associated words in tweets from each year is a valid
measurement method.

In other words, while lexicon-based methods are
not as accurate as neural models at instance-level
estimation (i.e, for estimating the sentiment of a
particular sentence), they are comparable and suf-
ficient when used as tools of aggregate-level anal-
ysis. This means that relative patterns of change,
for comparing emotional intensity across different
sources, or quantifying the patterns of changes in
sentiment over a temporal period (longitudinal anal-
ysis), can be estimated with high accuracy using
lexicon-based methods. The source resources also

_and_dependencies_by_population,www.bls.gov/soc/2018,
https://public.opendatasoft.com/explore/dataset/geonames-
all-cities-with-a-population-1000/

7https://github.com/unimorph/eng
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provide validation evidence for aggregate use (Mo-
hammad, 2018a; Mohammad and Turney, 2013;
Zhuang et al., 2024).

In Teodorescu and Mohammad (2023), the au-
thors empirically demonstrate that emotion arcs
(i.e, temporal fluctuations of valence intensity) with
word-level lexicons of valence highly correlate with
the ground-truth arcs (with correlation scores >
0.9) for social media texts, provided certain hyper-
parameters (like the width of the temporal window)
are appropriately set. In the domain of digital hu-
manities, Öhman et al. (2024) measure the agree-
ment of lexicon-generated arcs for classic fiction
novels with human annotation, and find high con-
sensus. In their work, the NRC emotion intensity
lexicon was customized to the literary domain with a
word-similarity measure, which is one of the recom-
mended practices for the use of emotion lexicons
(Mohammad, 2023).

4. Key Research Questions

We use ABCDE to shed light on nine research
questions, grouped by feature family.

Q1. Affect–Emotion (AE): To what extent are
affect- and emotion-associated words used in dif-
ferent media?
Motivation. Affect and emotion lexicons provide
aggregate signals about how people express emo-
tion and affect across domains. These are central
to population-level work in affective and social sci-
ence to trace well-being, emotional contagion, or
cultural mood shifts. For NLP, these signals offer
interpretable, domain-portable emotion features for
sentiment modeling and model alignment.
Results. Figure 2 shows the length-normalized
counts (i.e, instance-level word density) of lexicon
terms for six core emotion categories. Observe that
Twitter has the highest emotion word usage rates
(e.g., ∼1.4% joy tokens per instance), followed by
Books and Reddit. AI-generated text uses explicit
emotion words rarely (≈0.01%). Figure 3 shows
the distributions of average intensity scores for
Valence, Arousal, and Dominance (VAD): human-
authored sources center around neutral-to-positive
valence (roughly 0.60–0.65), moderate dominance,
and mid-to-low arousal. Books and AI-generated
text display slightly lower arousal.
Q2. Body (B): How often do people refer to body
parts in text? Does it vary in different media?
Motivation. Body parts mentioned (BPMs) can re-
veal how people linguistically connect to their bod-
ies and thus how embodied experience manifests in
text. In CSS, BPMs allow measurement of health,
stress, or embodied metaphors in everyday dis-
course. In NLP, they can serve as features for

Figure 4: Q2. Body: Percent of instances with
a positive flag for possessive body part mentions
(e.g., my head/heart/etc.) by source.

affective and health-related modeling.
Results. Figure 4 shows that Reddit (8.16%)
and Blogs (4.47%) contain the most possessive
BPMs (references to ‘my <BPM>’); Books and AI-
generated text contain very few. Figure 5 highlights
the most frequent first-person BPMs: my head is
most common (especially on Reddit with 0.91%),
while my heart appears more in Blogs (0.55%).
Mentions like my body, my face, and my hands
vary systematically with domain.
Q3. Cognition (D): How prevalent are cognition
(“thinking”) words across domains, and which sub-
processes are most/least common?
Motivation. Cognition vocabulary (understanding,
remembering, deciding, etc.) offers a linguistic win-
dow into reasoning and mental-state discourse. For
CSS, this enables cross-platform comparison of
analytical concepts (and one can draw relations
to emotional language). For NLP, such features
open a window into the interpretability of models of
deliberation, argumentation, and education.
Results. Figure 6 shows that human-authored
sources use these terms far more than AI-
generated text or Books. Blogs and Reddit lead
overall: words of understanding (5.68%/5.57%),
general cognition (3.94%/3.81%), and memory re-
call (3.55%/3.31%). Twitter shows the same rank-
ing of categories, but at lower overall rates (e.g.,
understanding ∼1.09%). AI-generated text under-
expresses cognition terms across categories (e.g.,
problem solving ∼0.09%, explanation ∼0.20%).
Across corpora, analyzing is the least frequent cog-
nition term in our set.
Q4. Demographics-Age (D-Age): What are the
self-disclosed age distributions in different media?
Motivation. Age is a key demographic in CSS for un-
derstanding generational differences in discourse,
politics, or emotion, and in NLP for bias control and
stratified sampling. Self-disclosed age data helps
characterize who participates in online discourse
and calibrate downstream demographic analyses.
Results. Figure 7 shows that late teens to late 20s
are most common in Reddit, whereas the 30s are
most common in Twitter. Tails decline steadily there-
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Figure 5: Q2. Body: % of possessive BPMs for the top ten most common BPMs, across sources. Dashed
lines represent the average occurence of BPMs per dataset.

Figure 6: Q3. Cognition: % of instances with a positive flag for cognitive terms from different categories.
Dashed lines represent the average occurence of cognitive terms per dataset.

Figure 7: Q4. Demographics: Age distribution of
posts with self-disclosed age.

after. This suggests that Reddit users are markedly
younger than Twitter users.
Q5. D-Occupation: Which occupations are most
frequently self-disclosed?
Motivation. In most modern societies, occupations
are key parts of people’s identity, values, and so-
cial interaction. In CSS, they enable studies of
professional discourse, social stratification, and
belief-linked behavior. In NLP, such self-labels of-
fer interpretable subgroup features for fairness and
personalization.
Results. Figure 8 shows Reddit users often self-
identify as creative or technical professionals (e.g.,
musicians, software engineers), whereas Twitter
skews toward public-facing roles (e.g., journalists,
authors, executives).
Q6. D-Gender: Which genders do users most of-

ten self-disclose?
Motivation. Gender is a central dimension of so-
cial identity (and inequality). Self-identified gender
in text provides a precise, ethically grounded way
to study participation patterns, self-representation,
and language variation without resorting to gender
inference or heuristics. In CSS, this enables analy-
sis of representation and discourse norms; in NLP,
it supports fairness auditing in generation, pronoun
resolution, and toxicity detection.
Results. Figure 9 shows the majority of people
self-disclose as cis men and women, with smaller
but notable transgender (5–8%) and non-binary
(1–2%) self-descriptions. These values highlight
the presence of gender-diverse voices in online
spaces and illustrate the potential for intersectional
analyses when combined with other attributes (e.g.,
affect, occupation). Importantly, these reflect rates
among disclosed posts, not population estimates.
For downstream use, such disclosures serve as
positive-only labels—absence of gender mention
should be treated as missing, not negative.

Q7. D-Religion: With which religions do users
most often identify?
Motivation. Religious self-identification is an im-
portant dimension of cultural identity and social
behavior. In CSS, religion enables studies of moral
language, group cohesion, and polarization; in NLP,
it is critical for evaluating fairness, bias, or senti-
ment models concerning faith-related content.
Results. Figure 10 shows that users mostly iden-
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Figure 8: Q5. D: Occupation distribution of posts with self-disclosed occupation.

Figure 9: Q6. D: Gender distribution of posts with
self-disclosed gender.

Figure 10: Q7. D: Religion distribution for posts
with self-disclosed faith.

tify with Christianity and atheism on both Reddit
and Twitter. On Reddit, Christianity accounts for
53.5% of religion-disclosing posts and atheism for
32.2%; on Twitter, Christianity (48.2%) and atheism
(34.7%) again lead. Agnosticism follows (Reddit
3.8%, Twitter 2.1%), with smaller communities rep-
resenting Hinduism, Sikhism, Islam, Judaism, and
Buddhism (each under 2%). Twitter exhibits rela-
tively greater religious diversity (notably Hinduism
and Sikhism) than Reddit.
Q8. D-Tense-Pronouns: How do tense and
pronoun usage differ by dataset?
Motivation. Tense and person reference capture

Figure 11: Q8. D: % instances with a positive flag
for a first-, second-, or third-person pronoun.

Figure 12: Q8 Cognition: % instances with a posi-
tive flag for a specific tense verb or modal.

narrative stance and interactional focus, which are
core constructs in discourse and stylistics. For
CSS, they reveal how people recount vs. instruct,
self-narrate vs. address others. For NLP, they
support interpretable style transfer and alignment
of narrative voice in generation.
Results. Figure 12 shows that future tense is
rare (1.4–2.3%) across all media. Past tense
dominates Books (83.9%) and remains high
on Reddit (60.2%), Twitter (58.8%), and Blogs
(55.2%). AI-generated text slightly favors present
(50.5%) over past (47.8%). Pronoun distributions
(Figure 11) indicate that first-person usage is most
common on Reddit and Blogs (self-narration),
whereas second-person occurs more on Twitter
and in AI dialogues (addressivity).

Q9. ABCDE: How can ABCDE support cross-
feature analyses across Affect, Body, Cognition,
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Figure 13: Q9. B,C: % instances with body and
cognition terms over 200 years in fiction books.

Demographics, and Emotion?
Motivation. Many questions in affective and social
science require connecting multiple linguistic sig-
nals at once; for example, how much embodied
words are being used compared to cognitive words,
and how that has changed over time. Cross-feature
views are a primary use case for ABCDE, which
provides ready access to many features on the
same instances and across instances over time.
Results. As a demonstration, let us say we are
interested in the rate at which body and cogni-
tion terms have been used over the last 200 years
in English-fiction books (Google Books 5-grams,
1800—2010). Figure 13 plots the results. Observe
that the share of instances with at least one body
term rises more than an order of magnitude — from
about 0.05% circa 1800 to roughly 0.50% by 1900.
It then still continues to rise, albeit at a slower rate
of increase, to 0.62% in the 1930s–1940s. There is
a dip in the years of World War 2 (1938 to 1945), but
it recovers back up to about 0.66% by 1950. Men-
tions of body parts plateaus to around 0.73–0.75%
after 1980. In contrast, the share of cognition terms
has always been higher than that of body terms and
perhaps more importantly, it has remained fairly
steady over time (hovering around 0.95–0.99%
from the late 19th to mid-20th century, with a slight
softening to about 0.97–0.98% in the 1990s and
2000s). Consequently, the body-to-cognition ra-
tio increase is stark from roughly 5% in 1800 to
about 77% by the 2000s (numbers not shown here)
suggesting a long-term rise in embodied language.
Researchers can exploit various combinations of
features in ABCDE to similarly explore research
questions of interest.

5. Conclusion

In this work, we presented ABCDE, a collection of
text datasets and linguistic annotations that capture
features of interest at the intersection of language,
affective science, cognition, and social science.
We make all artifacts of ABCDE available, along
with the associated code. Notably, several recent
works already use ABCDE, including sentence-
level annotations of social perception dimensions

(Ayesh et al., 2026), analyses of emotion expres-
sion across the lifespan in social media (Teodor-
escu et al., 2026), and analyses for large-scale
lexical norms for warmth and trust (Mohammad,
2025b), and anxiety (Mohammad, 2026).

Additionally, we presented several representative
analyses that reflect the potential of this dataset
to answer fundamental research questions on the
nature of affect, cognition, and behavior, using the
rich signals encoded in language as data. Affective
Scientists, for example, can use this resource to
map the evolution of emotion word usage with age
and social culture, study which emotions are most
commonly associated with a focus on the self vs the
other, the strength of the connection between bod-
ily awareness and affective states, and the down-
stream impacts of such patterns on the mental and
physical health of populations. The social media
datasets in ABCDE can be used to answer central
questions in computational social science on how
social concepts are perceived and talked about in
different sub-networks, and the change in these
perceptions over time and in relation to real-world
events. The inclusion of AI-generated texts enables
a comparison of the ways in which large language
models imitate or differ from human usage of nat-
ural language at an aggregate level, along dimen-
sions such as emotion and cogitation, as well more
fine-grained analyses of the dynamics of human-
LLM conversations.

Future work will add information for more af-
fective, social perception, and moral dimensions:
notably the care–harm, authority–subversion,
loyalty–betrayal, fairness–unfairness, and purity–
degradation dimensions from the NRC Moral Foun-
dations Lexicon (based on the Moral Foundation
Theory of Haidt and Graham (2007)). We also
hope that future work led by native speakers of
various languages will include datasets in various
languages.

Limitations and Ethical Considerations

The scope and focus of our work was on English
corpora. Thus, much of the research that the cor-
pora and features enable are relevant to English
and North America. We discuss some of the rel-
evant limitations and ethical considerations below.
We hope this work will pave the way for creating
similar resources in various other languages, led
by speakers of those languages.

1. English is the only language represented in our
dataset. Many of the features of language use
that we enumerate and operationalize here
vary with language, and are reflective of un-
derlying differences in cognition, affect, and
behavior across population groups.
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2. A large proportion of the data in the datasets
that we consolidate originate from North Amer-
ican users, and therefore is not representa-
tive of English-speaking populations from other
countries, regions, and cultures.

3. The lexicons we use to quantify various fea-
tures are also reflective of the usage patterns
and biases of the annotators involved in the
process, who are largely from the English-
speaking populations of US and Europe.

4. The broad use of static lexicons in our resource
also may not account for the variations seen
in language use with time, or across different
domains of data.

5. Our feature set does not model syntax, dis-
course structure, or compositional effects.
Even so, prior lexicon-based studies show that
large-scale comparative trends can remain in-
formative at aggregate scale (Teodorescu and
Mohammad, 2023; Öhman et al., 2024).

We refer readers to Mohammad (2023) for an
overview of the recommended practices in the us-
age of emotion lexicons, and Mohammad (2022)
for the ethical considerations that are relevant in
the use of automatic emotion recognition tools.

We also enumerate below some of the many eth-
ical considerations that apply to research in com-
putational affective science and social science:

1. Conclusions about language use, mental
health, emotionality, etc. should be consid-
ered aggregate, population-level indicators of
trends, rather than as tools for estimating or
predicting the behavior of individuals.

2. Conclusions drawn from our resource should
be validated by other sources of data and mea-
surement methods, such as controlled user
studies.

3. The creation of language datasets has sev-
eral socio-cultural biases encoded in the pro-
cess. What data, and whose data, is recorded,
digitized, preserved, and published, either on
the internet and in historical archives, is de-
termined by social systems of power and in-
fluence. Language datasets, however large,
should be critically interrogated to understand
whose worldview is being represented, and
to avoid over-claiming the generalizability of
conclusions.

4. The released instance-level annotations in-
clude demographic attributes such as age,
gender, religion, occupation, and location. We
strictly prohibit any commercial use of our
dataset, or its use for profiling, targeting, or
individual-level inference.
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A. Appendix: Feature Resources and Descriptive Statistics

The following appendix lists details on the released features in ABCDE, including source resources and
descriptive statistics.

A.1. Feature Summary
Table 1 summarizes the released feature families, the label patterns that appear in the data files, the
underlying resources, and the per-instance output types.

Family Labels in release Source resources and scope Outputs

VAD NRCAvgValence, NRCAvgArousal,
NRCAvgDominance
NRCHasHigh/LowValenceWord
NRCHasHigh/LowArousalWord
NRCHasHigh/LowDominanceWord
NRCCountHigh/LowValenceWords
NRCCountHigh/LowArousalWords
NRCCountHigh/LowDominanceWords

NRC VAD (Mohammad, 2018a); 19,971
entries with scalar Valence, Arousal, and
Dominance scores

average,
count, binary

Discrete Emo-
tion

NRCHas[Emotion]Word
NRCCount[Emotion]Words
for anger, anticipation, disgust, fear, joy,
sadness, surprise, trust, positive, and
negative

NRC Emotion Lexicon (Mohammad and
Turney, 2013); 14,154 words with binary
emotion and sentiment associations

count, binary

Anxiety / Calm-
ness

NRCHasAnxietyWord,
NRCHasCalmnessWord
NRCAvgAnxiety, NRCAvgCalmness
NRCHasHighAnxietyWord
NRCCountHighAnxietyWords
NRCHasHighCalmnessWord
NRCCountHighCalmnessWords

NRC WorryWords (Mohammad, 2024);
44,447 entries with signed anxiety or calm-
ness scores

average,
count, binary

Warmth / Trust NRCAvgMoralTrustWord
NRCAvgSocialWarmthWord
NRCAvgWarmthWord
NRCHasHigh/LowMoralTrustWord
NRCHasHigh/LowSocialWarmthWord
NRCHasHigh/LowWarmthWord
NRCCountHigh/LowMoralTrustWord
NRCCountHigh/LowSocialWarmthWord
NRCCountHigh/LowWarmthWord

NRC MoralTrust, SocialWarmth, and
CombinedWarmth (Mohammad, 2025b);
31,456–31,573 entries across the three
lexicons

average,
count, binary

BPMs HasBPM, MyBPM, YourBPM
HerBPM, HisBPM, TheirBPM

Released BPM inventory; 292 entries in file
order, with duplicate toe retained; compiled
from public body-part lists and linked body-
language work (Zhuang et al., 2024; Wu
et al., 2025)

binary, list

Cognition one COGHas...Word binary per cate-
gory, including
COGHasAnalyzingEvaluatingWord
COGHasCreativityIdeationWord
COGHasGeneralCognitionWord
COGHasLearningUnderstandingWord
COGHasExplanationArticulationWord

Released cognition inventory; 12 cate-
gories and 98 terms

binary
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Family Labels in release Source resources and scope Outputs

Demographics Author, DMGMajorityBirthyear
DMGRawBirthyearExtractions
DMGRawExtractedAge, DMGAgeAtPost
DMGRawExtractedGender
DMGRawExtractedCity
DMGCountryMappedFrom
ExtractedCity
DMGRawExtractedCountry
DMGRawExtractedReligion
DMGMainReligionMappedFrom
ExtractedReligion
DMGMainCategoryMappedFrom
ExtractedReligion
DMGRawExtractedOccupation
DMGSOCTitleMappedFrom
ExtractedOccupation

Regex extraction plus controlled vocabu-
laries: 6 age regexes, SOC occupations,
69 gender terms, 231 countries, top 50k
GeoNames cities, and 157 religion rows

extracted
strings,
mapped la-
bels, numeric
age

Pronouns binary PRNHas... binarys from
PRNHasI to PRNHasTheirs across first-,
second-, and third-person forms

Released pronoun inventory covering first-
person singular and plural, second person,
and third-person feminine, masculine, and
plural or neutral forms

binary

Time / Tense TIMEHasPastVerb,
TIMECountPastVerbs
TIMEHasPresentVerb
TIMECountPresentVerbs
TIMEHasFutureModal
TIMECountFutureModals
TIMEHasPresentNoFuture
TIMEHasFutureReference

UniMorph English plus future-modal rules;
tense features derived from present, past,
and future-oriented forms

count, binary

General WordCount tokenized text stream for each instance count
Table 1: Released annotation features in ABCDE

A.2. Dataset Summary Statistics
Table 2 reports the instance definition and lexical statistics for each source. MTLD (Measure of Textual Lexical
Diversity) estimates the average token span over which lexical variation remains above a fixed threshold (McCarthy
and Jarvis, 2010). MATTR (Moving-Average Type-Token Ratio) averages the type-token ratio over a sliding window to
reduce text-length sensitivity (Covington and McFall, 2010). For both metrics, higher values indicate greater lexical
diversity. MATTR ranges from 0 to 1, while MTLD has no fixed upper bound. A few contrasts are notable. Twitter has
the shortest instances on average (20.83 tokens) because of its limited posting length, but the highest lexical-diversity
values (MTLD 252.31, MATTR 0.88), whereas Books are fixed-length 5-grams and therefore have the lowest diversity
values (MTLD 6.23, MATTR 0.09). Blogs and AI-generated texts are much longer on average (199.57 and 258.65
tokens), but AI-generated text remains substantially less lexically diverse than either Blogs or Reddit.

Source Instances Instance definition
Mean
tokens

Median
tokens MTLD MATTR

Twitter 45.2M one post 20.83 16.00 252.31 0.88
Reddit 78.5M one post 117.78 72.00 91.52 0.81
Books 177.1M

(1.74M unique)
one 5-gram
occurence

5.00 5.00 6.23 0.09

Blogs 34.2M one sentence 199.57 96.00 107.38 0.83
AI-generated 68.9M one AI response 258.65 143.00 30.60 0.67

Table 2: Per-source descriptive statistics. MTLD and MATTR are computed over the concatenated token
stream for each source (MATTR window = 50; MTLD threshold = 0.72). Higher values on both metrics
indicate greater lexical diversity; MATTR ranges from 0 to 1, while MTLD has no fixed upper bound.

Table 3 reports demographic coverage as counts in thousands and percentages of total source instances with age,
occupation, gender, country, city, and religion annotations.
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Source Age Occupation Gender Country City Religion

Twitter 2,150k
(4.8%)

525k
(1.2%)

502k
(1.1%)

4,900k
(10.8%)

3,496k
(7.7%)

334k
(0.7%)

Reddit 33,495k
(42.7%)

3,041k
(3.9%)

3,451k
(4.4%)

12,558k
(16.0%)

8,653k
(11.0%)

2,283k
(2.9%)

Table 3: Demographic coverage with self-disclosure annotations. Cells show the number of instances in
thousands, together with the percentage of total source instances for that source.

A.3. Full BPM Inventory
Table 4 shows the BPM words used in alphabetical order.

First-Letter Group Terms

A-C adam’s apple, abdomen, abdominal, adenoid, adenoids, adrenal gland, alvine, anal,
anatomy, ankle, anus, appendicular, appendix, arch, arm, armpit, arterial, artery,
axilla, axillary, back, ball of the foot, belly, belly button, toe, bladder, blood, blood ves-
sels, body, bone, brachial, brachium, brain, breast, buttocks, caecum, calf, capillary,
capital, caput, cardiac, carpal, carpus, cartilage, cell, cerebral, cervical, cervical ver-
tebrae, cervix, cheek, chest, chin, ciliary, cilium, circulatory system, clavicle, clitoral,
clitoris, coccyx, collar bone, colon, colonic, crural, crus, cubital, cutaneous, cutis

D-H diaphragm, digestive system, digital, dorsal, duodenal, duodenum, ear, ear lobe,
elbow, encephalon, endocrine system, epiglottis, erythrocyte, esophagus, eye, eye-
brow, eyelash, eyelashes, eyelid, face, fallopian tubes, feet, femur, fibula, filling, finger,
fingernail, fist, follicle, foot, forearm, forehead, foreskin, frontal, gallbladder, gastric,
gena, genal, genicular, genu, gingiva, gingival, gland, glands, glottal, glottic, glottis,
groin, gullet, gum, gums, hair, half-moon, hamstring, hand, head, heart, heel, hepatic,
hip, humerus

I-M ileum, immune system, index finger, inguinal, instep, intestine, intestines, iris, jaw,
jejunum, kidney, knee, knuckle, labial, labyrinth, laryngeal, larynx, leg, leucocyte,
ligament, lingua, lip, liver, lobe, loin, lumbar, lumbar vertebrae, lumbus, lung, lungs,
lymph node, lymphocyte, mandible, manual, manus, metacarpal, metatarsal, midriff,
molar, mouth, muscle

N-R nail, nape, naris, nasal, nates, navel, neck, nerve, nerves, neural, nipple, nose,
nostril, nucha, occipital, occiput, oesophagus, organs, ovarian, ovary, oviduct, palm,
palpebral, pancreas, pancreatic, patella, pectoral, pedal, pelvis, penile, penis, pha-
langes, pharyngeal, pharynx, pinky, pituitary, plantar, pollex, popliteal, pore, prepuce,
pubes, pubic, pulmonary, pupil, radius, rectal, rectum, red blood cells, respiratory
system, ribcage, ribs

S-W sacrum, scalp, scapula, scrotum, senses, shin, shoulder, shoulder blade, skeleton,
skin, skull, sole, spinal column, spinal cord, spine, spleen, sternum, stomach, stom-
atic, superciliary, sural, talus, tarsal, teeth, temple, temporal, tendon, testes, testicle,
testicular, thigh, thoracic, thorax, throat, thumb, thyroid, tibia, tissue, toe, toenail,
tongue, tonsil, tonsils, tooth, torso, trachea, trunk, ulna, umbilical, umbilicus, ureter,
urethra, urinary system, uterine, uterus, uvula, vagina, vaginal, vein, vena, venous,
venter, ventral, vertebra, vesical, vulva, waist, white blood cells, windpipe, womb,
wrist

Table 4: Released BPM inventory in file order.
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A.4. Cognition Word Inventory
Table 5 shows the cognition word inventory.

Category Terms

Analyzing & Evaluating analyze, appraise, assess, critique, diagnose, differentiate, discern,
discriminate, distinguish, evaluate, investigate, self-evaluate, test

Creativity & Ideation brainstorm, conceptualize, create, diverge, evolve, fantasize, ideate,
imagine, innovate, invent, pretend, visualize

General Cognition contemplate, deliberate, focus, introspect, reason, reflect, regulate, ru-
minate

Learning & Understanding accommodate, assimilate, associate, comprehend, empathize, explore,
grasp, internalize, learn, study, understand

Decision Making & Judging calculate, choose, decide, deduce, determine, estimate, infer, judge,
prioritize, resolve

Problem Solving plan, revise, solve, strategize, troubleshoot
Higher-Order Thinking abstract, categorize, classify, generalize, hypothesize, interpret, synthe-

size
Confused or Uncertain Thinking doubt, self-question
Memory & Recall consolidate, encode, forget, memorize, recall, rehearse, remember,

retrieve
Perception & Observation detect, identify, label, notice, observe, perceive, recognize, scan, spot,

trace
Prediction & Forecasting anticipate, forecast, forethink, predict, project
Explanation & Articulation articulate, define, describe, discuss, elaborate, explain, verbalize

Table 5: Cognition word inventory grouped by category.
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A.5. Demographic Regex Overview
Table 6 summarizes the self-disclosure regex patterns used by the demographic extractor.

Attribute Pattern(s)

age (i) “I am/I’m XX years old” (explicit age statement)
(ii) “I am/I’m XX” (+ end of string, punct./conj.)
(iii) “I was/am born in YYYY” (four-digit year)
(iv) “I was/am born in ’YY” (two-digit year with apostrophe)
(v) “I was born on DD Month YYYY” (full date format)
(vi) “I was born on MM/DD/YYYY” (and similar date formats)

occupation (i) “I am/I’m (a/an/the) [Occupation] (at [Company]) (+
punt./conj.)”
(ii) “I work as (a/an/the) [Occupation] (at [Company])”
(iii) “My job/occupation/role is (to be) (a/an/as) [Occupation]”
(iv) “I’m (currently) employed as (a/an/the) [Occupation]”

gender (i) “I am/I’m (a/an) [Gender] (+ punctuation/conjunction)”
(ii) “I identify as (a/an) [Gender]”
(iii) “My gender (identity) is [Gender]”
(iv) “I’m/I am (a) (transgender/trans) [Gender]”

country (i) “I am/I’m from (the) [Country]” (current primary location)
(ii) “I am/I’m (a/an/the) [Nationality] (+ punt./conj.)”
(iii) “I live in/at (the) [Country]”
(iv) “I come from (the) [Country]”
(v) “My nationality/citizenship is [Nationality]”
(vi) “I was/am born and raised in (the) [Country]”
(vii) “I am/I’m originally from (the) [Country]”

city (i) “I am/I’m from [City] (+ punctuation/conjunction)”
(ii) “I live in/at [City]”
(iii) “I’m/I am (currently) residing/based in [City]”
(iv) “My (current/home) city/town is [City]”
(v) “I (grew up / was raised) in [City]”

religion (i) “I am/I’m (a/an/a practicing) [Religion] (+ context)”
(ii) “My religion/faith is [Religion]”
(iii) “I (actively) practice [Religion]”
(iv) “I am/I’m a follower of [Religion]”
(v) “I converted to [Religion]”
(vi) “I was raised/born (as a/an) [Religion]”
(vii) “I identify as [Religion] / identify with [Religion]”

Table 6: Extraction patterns for labeling social media users with demographic attributes. For a full list of
[Occupation], [Genders], [Country], [City], and [Religion], please refer to the GitHub repository.
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Abstract

Affective computing, the development of systems that recognize, interpret, and simulate human emotions, has
advanced rapidly through deep learning and multimodal fusion techniques. Yet this technological progress has
significantly outpaced foundational understanding of what emotions are, how they function socially, and what it
means for machines to simulate them. This position paper argues that current affective systems are critically flawed
because they rely on correlational patterns rather than established psychological theories of affect, are trained
on biased data that systematically fails to generalize across demographic groups, and operate within inadequate
ethical and regulatory frameworks that cannot protect emotional privacy or prevent harm. Drawing on empirical
work in affective science, computational fairness research, and philosophical accounts of emotional expression, we
argue for a theory-first approach that integrates psychological models, mandates rigorous fairness auditing across
intersectional demographics, treats affective data as a protected category requiring heightened safeguards, and
recognizes fundamental limits to emotion recognition systems. Without such grounding, affective computing risks
systematically encoding bias, enabling emotional manipulation, and eroding authentic human connections that define
meaningful social experience.

Keywords: affective computing, emotion recognition, ethical AI, fairness in AI, emotional privacy, psycho-
logical theory

1. Introduction: The Emotional Black
Box

Emotion recognition systems are being rapidly
deployed across high-stakes contexts including
healthcare, education, employment screening, law
enforcement, and consumer marketing. The un-
derlying technology has become increasingly so-
phisticated. Systems trained on large datasets can
detect emotional states from facial expressions with
accuracy rates exceeding 80% (Kaur et al., 2025),
from speech patterns with specialized neural archi-
tectures (Mustaqeem and Kwon, 2020), and from
physiological signals collected through wearables
(Zhang et al., 2020). Machine learning models
are being used to predict depression from social
media (De Choudhury et al., 2013), assess pa-
tient engagement in clinical settings (Tang et al.,
2024), monitor student affect in classrooms (Tang
et al., 2024), and estimate consumer emotional re-
sponses to marketing materials (Bacic and Gilstrap,
2024).

The promise is compelling: emotion recogni-
tion could enable earlier mental health interven-
tion, improve educational responsiveness, enhance
human-computer interaction, and provide objective
measures of subjective states. Yet beneath this
promise lies a troubling reality that spans four inter-
connected domains: theoretical, fairness-related,
privacy-related, and ethical.

First, the theory problem: emotion recognition
systems treat emotions as data to be extracted
rather than as complex psychological phenom-

ena embedded in individual goals, cultural display
norms, and social relationships. They rely on cor-
relational patterns between facial configurations,
acoustic features, or physiological signals and cat-
egorical emotion labels, without incorporating es-
tablished theories of how emotions actually work
(Barker et al., 2025).

Second, the fairness crisis: systems trained
predominantly on Western populations systemati-
cally underperform on non-Western emotional ex-
pressions. When emotion recognition systems en-
counter populations not well-represented in training
data, accuracy drops sharply (Fan et al., 2023), with
documented performance gaps of 27.2 percentage
points or more across racial groups (Fan et al.,
2023). Performance disparities extend across age
(Kim et al., 2021), gender (Chien et al., 2024), and
language (Nakai et al., 2023), raising fundamental
questions about whether systems can be “fair” if
they are trained on structurally biased datasets.

Third, the privacy paradox: emotion recognition
produces data of unprecedented intimacy. Unlike
traditional personal data, emotional states cannot
easily be concealed or controlled. Facial expres-
sions, voice patterns, and physiological responses
can reveal information involuntarily, and when con-
tinuous surveillance systems make such revelation
systematic, they enable inferences about health,
political views, sexual orientation, and other deeply
personal characteristics (Fabiano, 2025). Yet exist-
ing privacy regulations do not adequately protect
affective data.

Fourth, the simulation problem: systems mar-
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keted as emotionally responsive are, at their core,
performing sophisticated mimicry. They have no
genuine understanding of human suffering, no ca-
pacity for empathy, no authentic concern for user
wellbeing. When deployed with vulnerable popu-
lations, this simulation can cause deep harm by
providing false reassurance of connection and care
(Barker et al., 2025).

This position paper articulates these four prob-
lems in detail, situates them within the broader de-
bate on responsible affective computing, and pro-
poses specific paths forward. While earlier work,
notably Barker et al. (2025), has catalogued ethi-
cal considerations in emotion recognition research,
and fairness-oriented surveys have documented
demographic performance gaps, our contribution
lies in integrating these four dimensions, theory,
fairness, privacy, and simulation, into a single ana-
lytical framework and grounding each in specific de-
sign principles and policy recommendations that go
beyond what any single prior study has articulated.
In particular, we draw on recent developments in
affective psychology, including constructionist, ap-
praisal, sociodynamic, and evolutionary theories
(Barrett, 2014; Moors, 2014; Mesquita and Boiger,
2014; Tracy, 2014), to argue that the theoretical
deficit is not merely a scholarly concern but the
root cause of failures in the other three domains.

2. The Theory Problem: Toward
Psychologically Grounded

Affective Computing

2.1. Correlational Patterns Are Not
Theoretical Understanding

Current affective computing systems achieve im-
pressive accuracy by identifying patterns in training
data that correlate with emotion labels. Yet cor-
relation is not understanding. A system that pre-
dicts “sadness” with 85% accuracy because it has
learned that downward-turned mouth corners and
decreased eye activity correlate with sadness la-
bels does not understand what sadness is, what
causes it, how it functions in human life, or what
role it plays in decision-making, memory formation,
or social relationships.

This distinction matters because emotion labels
in training datasets derive from human annotators
making interpretive judgments. All such judgments
are structured by what researchers call “Qualities of
Indeterminacy”: subjectivity (meaning varies with
who judges), uncertainty (annotators lack confi-
dence), ambiguity (multiple valid interpretations),
and vagueness (categories operate at different
specificity levels) (Barker et al., 2025). Our own
work on hate speech annotation has demonstrated
that annotators experience significant emotional

and cognitive toll during labeling tasks, and that the
subjective nature of annotation decisions can intro-
duce systematic biases into datasets (Al Emadi and
Zaghouani, 2024). When a training dataset con-
tains video clips labeled “angry” by human judges,
those labels already embed particular cultural as-
sumptions about what anger looks like, how it
should be expressed, and in what contexts it is
appropriate.

2.2. Beyond Basic Emotion Theory:
Insights from Affective Psychology

Psychological research has largely moved beyond
theories assuming emotions are universal, discrete
categories. Contemporary affective science offers
several more nuanced frameworks, as comprehen-
sively reviewed in a special issue of Emotion Re-
view (Volume 6, Issue 4, 2014) that brought to-
gether leading theorists from constructionist, ap-
praisal, sociodynamic, and evolutionary traditions.
We summarize these below and discuss their im-
plications for affective computing.

Appraisal Theory. As Moors (2014) outlines,
appraisal theories hold that emotions arise from
how individuals evaluate events relative to their
goals, values, and coping capacity. Anger results
from appraising an event as goal-blocking, unjust,
and controllable; fear results from appraising threat
and uncertainty about effective coping. No cur-
rent machine learning system incorporates such
appraisal structures, making it impossible for these
systems to distinguish between superficially similar
expressions that actually reflect different emotional
meanings.

The Conceptual Act Theory. Barrett (2014) pro-
poses that emotions are not pre-wired responses
but are constructed moment-by-moment through
the interplay of bodily sensations, prior experiences,
cultural knowledge, and situational context. On this
view, an emotion category like “anger” is a popula-
tion of heterogeneous instances tailored to specific
environments, not a single recognizable pattern.
This framework fundamentally challenges the as-
sumption that recognizing emotion is a matter of
pattern matching, suggesting instead that emotion
perception is an active interpretive process shaped
by cultural knowledge and previous experience.

The Sociodynamic Model. Mesquita and
Boiger (2014) argue that emotions are dynamic sys-
tems emerging from social interactions and relation-
ships. In this model, sociocultural environments do
not merely provide content for cognitive represen-
tations; they actively shape the emotional episode
through affordances, constraints, and reward struc-
tures. This implies that decontextualized emotion
recognition, the standard approach in affective com-
puting, strips away precisely the social context that
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gives emotional expressions their meaning.
Evolutionary Approaches. Tracy (2014) ar-

gues that emotions are shaped by natural selection
to facilitate adaptive responses to threats and op-
portunities. While this view supports the existence
of some cross-cultural commonalities in emotional
expression, it also predicts significant variability,
since the same emotion serves different functions
in different environments. Tracy emphasizes that
even within an evolutionary framework, emotional
responding is expected to vary substantially across
individuals and contexts.

Dimensional Models. These propose that emo-
tions vary along dimensions like valence (posi-
tive/negative), arousal (high/low), and dominance
(feeling in control/helpless) rather than falling into
discrete categories (Zhang et al., 2020). Cross-
cultural research reveals that the number of dimen-
sions necessary to capture emotional variation dif-
fers across cultures. East Asian populations per-
ceive emotional expressions as varying along fewer
dimensions than Western populations, with happy,
sad, and angry expressions constituting one larger
category in some East Asian contexts (Chen et al.,
2024; Saito et al., 2023).

Cultural Display Rules and Emotion Socializa-
tion. The relationship between internal emotional
states and external expressions is heavily cultur-
ally shaped. Collectivist cultures tend to empha-
size emotional restraint to preserve group harmony,
leading to more muted facial expressions for the
same internal states compared to individualist cul-
tures (Pruessner and Altan-Atalay, 2025; Yuk et al.,
2025). Some cultures cultivate direct emotional ex-
pression while others favor indirect communication
of emotional content through contextual cues (Li
et al., 2025). The same facial configuration can sig-
nal different emotional states across cultures, and
the same emotional state can be expressed through
radically different facial configurations (Chen et al.,
2024; Christensen et al., 2025).

These theories are not merely academic abstrac-
tions. Each has direct implications for how affective
computing systems should be designed, what their
outputs should represent, and what limitations must
be acknowledged. The failure of current systems
to engage with any of these frameworks represents
a fundamental gap, not just in scholarly rigor, but
in engineering practice.

2.3. Design Principles for
Theory-Grounded Systems

We propose that affective computing must adopt
what we call a “theory-first” architecture.

First, systems should represent emotions along
multiple dimensions rather than forcing single-label
categorical classification. This requires moving

away from output layers producing “angry” / “sad”
/ “happy” / “neutral” classifications toward continu-
ous representations of valence, arousal, and other
dimensions (Zhang et al., 2020). We acknowledge
that moving to continuous representations intro-
duces new annotation challenges, since continuous
ratings may amplify subjective variability among
annotators. Addressing this requires careful cali-
bration procedures and modeling of annotator dis-
agreement as informative signal rather than noise.

Second, systems must incorporate contextual
information: not just what someone’s face looks
like, but what situation they are in, what goals they
might have, what cultural norms apply (Mesquita
and Boiger, 2014). This pushes toward multimodal
systems that integrate scene understanding, dis-
course analysis, and relationship modeling rather
than treating facial expressions as decontextual-
ized signals.

Third, annotation practices must acknowledge
indeterminacy rather than forcing false consensus
(Barker et al., 2025). Rather than single labels
per instance, best practice involves collecting mul-
tiple interpretations per moment and modeling the
distribution of possible affective meanings. Some
datasets are beginning to adopt such approaches;
for example, work on modeling annotator disagree-
ment in NLU tasks and the CrowdTruth framework
have demonstrated the value of preserving label
distributions. Most emotion recognition datasets,
however, still collapse annotations into single gold
labels.

Fourth, systems must be transparent about fun-
damental limits. Perfect emotion recognition may
be impossible and may be undesirable. Emotions
partly function through what might be called pro-
ductive opacity: because we do not have complete
access to others’ internal states, we must engage
in genuine interpretation, which enables trust, vul-
nerability, and authentic connection (Barker et al.,
2025).

3. The Fairness Crisis: Demographic
Disparities, Intersectionality, and

Structural Bias

3.1. The WEIRD Dataset Problem and
Demographic Bias

Affective computing systems are trained predom-
inantly on data from Western, Educated, Indus-
trialized, Rich, Democratic (WEIRD) populations.
A comprehensive review of eight major facial ex-
pression datasets (RAVDESS, FER2013, Affect-
Net, CK+, JAFFE, SFEW, EmotioNet, RAF-DB)
documents substantial demographic imbalances
(Kaur et al., 2025). These datasets underrepre-
sent diverse racial, ethnic, gender, age, and health
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groups. When systems trained on demographically
imbalanced data encounter populations underrep-
resented in training, systematic performance degra-
dation occurs (Fan et al., 2023). Research on social
media based emotion and mental health detection
has similarly shown that linguistic and cultural vari-
ation in how emotions are expressed online, for
instance across Arabic dialects, introduces addi-
tional sources of bias that current systems rarely
account for (Mohamed and Zaghouani, 2024; Shu-
rafa and Zaghouani, 2024; Zaghouani, 2018).

A study analyzing racial bias in facial expression
recognition found that systems trained on racially
imbalanced data exhibit performance disparities
of 27.2 percentage points in F1-scores and 15.7
percentage points in demographic parity when com-
paring performance across racial groups (Fan et al.,
2023). Analysis of commercial facial emotion recog-
nition systems evaluating performance across age
groups revealed that all four systems tested per-
formed most accurately on young adults and least
accurately on older adults, a finding that held con-
sistently across 2019 and 2020 despite algorithmic
improvements (Kim et al., 2021). Speech emotion
recognition systems show gender fairness dispar-
ities with significant performance gaps between
male and female speakers, and a study addressing
“two-sided” speaker-rater bias demonstrated that
fairness improvements for one gender sometimes
introduced unfairness for another (Chien et al.,
2024). Language proficiency introduces additional
bias: emotion recognition systems show signifi-
cantly worse performance for non-native speakers,
with disparities increasing as language proficiency
decreases (Nakai et al., 2023).

3.2. Intersectionality, Context, and
Structural Bias

Bias extends far beyond simple demographic cat-
egories to intersectional combinations and com-
municative contexts. Systems may perform ad-
equately for young white women while failing for
older Black men; these intersectional failures con-
centrate harm precisely where it is most conse-
quential (Gunes, 2023). Context-dependent per-
formance is another major concern: the same per-
son expresses emotion differently when speaking
to a doctor versus a friend, in native versus sec-
ond language, under stress versus at ease (Barker
et al., 2025). Systems trained on one context sys-
tematically fail in others, disadvantaging people in
vulnerable positions. Recent analysis of Vision-
Language Models for emotion recognition reveals
“proxy bias”: systems relying on non-causal visual
cues as shortcuts for emotion inference (Tsangko
et al., 2025).

3.3. Bias Mitigation Techniques: Current
Approaches and Limitations

Recent research has explored multiple bias mitiga-
tion strategies at different stages of the machine
learning pipeline. Pre-processing methods such as
data augmentation and resampling can improve
fairness metrics by 28 to 32 percentage points
while reducing accuracy loss to less than 2 to 3%
(Lin et al., 2025; Tsai et al., 2025). In-processing
methods including adversarial training and fairness-
aware loss functions can reduce bias amplification
by 37% while maintaining only 1.2% accuracy loss
compared to baseline (Benouis et al., 2024). Post-
processing methods such as threshold optimization
and score calibration have been demonstrated to
reduce fairness metric gaps in related biometric
systems (Drozdowski et al., 2020), though their ap-
plication to affective computing specifically remains
underexplored.

Despite these advances, several fundamen-
tal challenges remain. Accuracy-fairness trade-
offs are not eliminated; mitigation effectiveness
is architecture-dependent; group versus individual
fairness tradeoffs persist; and even perfectly un-
biased systems create ethical violations when de-
ployed for inappropriate purposes (Barker et al.,
2025).

3.4. Structural Recommendations for
Fairness

We propose several structural approaches: (1) re-
quiring comprehensive demographic auditing be-
fore deployment in high-stakes contexts, with mini-
mum performance thresholds for underrepresented
groups (Kim et al., 2021); (2) mandating open fair-
ness documentation; (3) prohibiting deployment in
contexts incompatible with human dignity, such as
employment decisions, insurance underwriting, law
enforcement, educational tracking, or manipulative
advertising (Barker et al., 2025); and (4) funding
diverse dataset development that represents cul-
tures, languages, age groups, and disability sta-
tuses (Kaur et al., 2025).

4. The Privacy Paradox: Affective
Data as a Protected Category

4.1. The Involuntary Nature of Affective
Leakage

Privacy frameworks traditionally assume individu-
als can consent to data collection by understanding
what is collected and choosing whether to share
it. Affective computing fundamentally challenges
this assumption because much affective data is
involuntary (Fabiano, 2025). It is important to note,
however, that the involuntary nature of affective
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signals does not mean that these signals straight-
forwardly reveal internal states. As discussed in
Section 2, the relationship between expression and
experience is mediated by cultural norms, situa-
tional context, and individual variation. The privacy
concern is therefore twofold: people’s signals are
captured without their control, and the inferences
drawn from those signals may be inaccurate, com-
pounding the harm.

Explicit affective data is collected with informed
consent in research settings. Implicit data is gath-
ered passively through everyday digital interactions.
A smart speaker analyzing voice for emotion per-
forms analysis without explicit permission for each
instance. A classroom camera monitoring student
engagement does not obtain fresh consent from
each student at each moment. Affective data dif-
fers from traditional personal data in that it involves
continuous involuntary production, it is difficult to
consent about, and it enables profound inferences
about health conditions, personality traits, and vul-
nerabilities (Fabiano, 2025).

4.2. Secondary Use, Regulatory Gaps,
and Manipulation Risks

Even when initial collection occurs in contexts
where consent might be obtained, affective data is
susceptible to secondary uses never anticipated
by data subjects. Data collected for one purpose
can be repurposed for insurance risk assessment,
employment screening, or political microtargeting.
The EU’s proposed AI Act takes important steps by
classifying emotion recognition as “high-risk” in cer-
tain contexts and banning its use in some settings
such as workplaces and educational institutions
(Fabiano, 2025). However, key gaps remain. The
GDPR categorizes certain data as “special cate-
gories” requiring heightened protection, including
health data and biometric data, but affective data
does not clearly fall into these categories despite
enabling inferences about all of them. Purpose lim-
itation principles, while robust in theory, are difficult
to enforce when affective data can be reprocessed
to yield new and unanticipated inferences. And
the consent mechanisms available under current
frameworks are poorly suited to data that is pro-
duced involuntarily and continuously.

4.3. Toward Affective Data Protection

We propose that affective data constitutes a
uniquely sensitive category requiring protection
beyond current privacy frameworks: a presump-
tion against collection, meaningful consent that
is specific, informed, and revocable, prohibition
of secondary use without new consent, on-device
processing requirements where possible (Benouis

et al., 2024), prohibition of certain uses, and trans-
parency requirements for any system analyzing
emotion.

4.4. Illustrative Scenarios of Affective
Harm

To make the preceding analysis concrete, we
present three hypothetical scenarios that illustrate
how the theoretical, fairness, and privacy problems
converge in practice. These scenarios are con-
structed from documented patterns in the literature
rather than from specific real-world incidents.

Workplace Monitoring. A company deploys emo-
tion recognition in employee video calls to monitor
engagement, stress, and productivity. The sys-
tem detects “frustration” and alerts managers. Em-
ployees learn the system’s decision rules and self-
censor genuine reactions, performing emotions the
algorithm approves rather than expressing authen-
tic responses. Trust erodes as employees realize
they are under surveillance (Barker et al., 2025).

Educational Assessment. A school uses facial
expression recognition to evaluate student engage-
ment during remote learning. Systems trained on
Western student populations misidentify the neu-
tral affect common in East Asian students as “dis-
engagement.” Students from these backgrounds
receive lower engagement scores despite being
equally attentive (Chen et al., 2024; Saito et al.,
2023).

Mental Health Vulnerability. A person uses a
mental health app powered by affective computing.
The system detects suicidal ideation based on lin-
guistic and vocal cues. Rather than connecting the
person with crisis resources, the app collects this
vulnerability data. Later, the person’s insurance
company requests behavioral data from the app
(Fabiano, 2025). Our own research on social me-
dia based mental health monitoring has highlighted
how Arabic-language expressions of depression
and stress follow culturally specific patterns that
mainstream NLP systems frequently misinterpret
(Zaghouani, 2018; Zaghouani et al., 2026).

5. The Simulation Problem: Authentic
Connection and Emotional Labor

5.1. The Deception of Simulated Care
When an affective agent says “I understand you’re
frustrated,” it performs sophisticated mimicry. The
system has no internal experience of frustration,
no capacity for empathy, no genuine concern for
user wellbeing. This distinction becomes ethically
critical when systems are deployed with vulnerable
populations. Widespread deployment of affective
agents may reshape understanding of relationship
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itself (Barker et al., 2025). When systems offer per-
petual patience, perfect availability, and emotional
focus on our needs, real human relationships may
feel demanding by comparison. Real friends dis-
appoint; real partners have competing needs; real
colleagues require negotiation and compromise.
If machines offer the appearance of relationship
without any of these demands, we may prefer the
simulation, and in doing so, lose the very qualities,
reciprocity, vulnerability, genuine interdependence,
that make human relationships meaningful.

5.2. Vulnerable Populations and
Potential Harms

These concerns amplify when affective agents are
deployed with children developing social compe-
tence, elderly individuals experiencing isolation, or
individuals with mental health conditions (Li et al.,
2025). For elderly populations, the risk is particu-
larly acute: social isolation is a documented health
risk, and emotionally responsive AI companions
may be offered as a cost-effective alternative to
genuine social support. While such systems could
provide some benefit as supplements to human
connection, positioning them as replacements nor-
malizes a diminished standard of care for aging
populations.

Mental health chatbots using affective comput-
ing to detect emotional states and deliver therapeu-
tic interventions are now widely deployed. Appli-
cations such as Woebot, Wysa, and Youper offer
cognitive-behavioral therapy tools, mood journals,
and reframing exercises to millions of users. Poten-
tial benefits are real: accessible, low-cost support
for individuals who might otherwise receive none.
But risks are equally real: simulation betrayal when
users realize the “care” was algorithmic; therapeutic
inadequacy compared to professional care; delay
of professional care when chatbots serve as sub-
stitutes; and data exploitation of sensitive mental
health conversations (Fabiano, 2025).

Children warrant special consideration. Young
children have not yet developed the cognitive so-
phistication to understand that affective agents are
simulations. Children who spend significant time
with emotionally responsive AI systems may form
genuine emotional attachments to systems inca-
pable of reciprocating care, learn distorted relation-
ship models, and miss developmental opportunities
for building social competence through the produc-
tive discomfort of human interaction (Li et al., 2025).

5.3. Design Principles for Responsible
Affective Agents

We propose three governing principles. Trans-
parency means users must always know they are

interacting with a machine; ongoing cues maintain-
ing awareness of artificiality are essential. Restraint
means declining to build certain relationships even
when users want them; if users become emotionally
dependent on an affective agent, designers should
implement features encouraging human connec-
tion. Preservation of Human Connection means
designing systems that facilitate rather than replace
human relationships (Barker et al., 2025).

6. Synthesis and Interconnections

The four problems examined are interconnected
dimensions of a single crisis, and understanding
their interdependencies is essential for developing
effective responses. The theory problem feeds the
fairness problem: systems built on impoverished
emotion models that assume universal, discrete
categories cannot capture the cultural variation
in emotional expression documented by construc-
tionist and sociodynamic theories (Barrett, 2014;
Mesquita and Boiger, 2014). When a system pre-
supposes that “anger” looks the same everywhere,
it will inevitably produce demographic disparities
because emotional expression is culturally con-
structed (Barker et al., 2025; Chen et al., 2024).
The fairness problem, in turn, connects to privacy:
when systems are deployed despite known biases,
certain groups face not only inaccurate recogni-
tion but also inaccurate surveillance, meaning that
the privacy violation is compounded by misrepre-
sentation. An East Asian student whose neutral
engagement is misclassified as disinterest faces
both an invasion of affective privacy and a false
characterization that may have real consequences
for academic evaluation.

The privacy problem enables the simulation prob-
lem: continuous ambient data collection allows the
construction of detailed affective profiles that sup-
port increasingly convincing simulations of care.
The more data a system accumulates about an in-
dividual’s emotional patterns, the more persuasive
its mimicry becomes, and the greater the risk of
emotional dependency. Finally, the simulation prob-
lem circles back to the theory problem: if systems
that merely simulate understanding are accepted
as genuine emotional agents, there is less incen-
tive to invest in the theoretical work needed to build
systems that actually respect emotional complexity.

All four problems share a common root: treat-
ing emotion as data to be extracted rather than
as a fundamental aspect of human experience de-
serving protection. The broader literature on de-
mographic bias in automated systems, including
biometric recognition, has established that these
disparities are not incidental but structural, reflect-
ing the composition of training data and the assump-
tions built into system design (Drozdowski et al.,
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2020). Alternative approaches must therefore be
grounded in respect for emotional complexity, cul-
tural variation, individual autonomy, and authentic
human connection.

7. Recommendations for
Stakeholders

The following recommendations are organized by
stakeholder group, reflecting the shared responsi-
bility for ensuring that affective computing serves
rather than undermines human flourishing.

For researchers and developers. First, ground
work in psychological theory, specifically engag-
ing with appraisal, constructionist, sociodynamic,
and evolutionary frameworks (Barrett, 2014; Moors,
2014; Mesquita and Boiger, 2014; Tracy, 2014)
rather than treating emotion labels as atheoretical
targets for classification. Second, conduct rigorous
fairness auditing across intersectional demographic
groups before any publication or deployment, with
performance documented for each subgroup (Kim
et al., 2021). Third, acknowledge and document
limitations transparently, articulating what emotion
recognition systems cannot do and what fundamen-
tal ethical concerns remain even when technical
performance is strong (Barker et al., 2025). Fourth,
explore privacy-preserving techniques such as fed-
erated learning, differential privacy, on-device pro-
cessing, and minimization of data collection (Be-
nouis et al., 2024). Fifth, engage in genuine interdis-
ciplinary collaboration with psychologists, anthro-
pologists, philosophers, ethicists, and members of
affected communities, not only computer scientists
(Barker et al., 2025). Our own experience building
Arabic-language emotion and mental health cor-
pora has shown that cultural and linguistic expertise
is indispensable for producing datasets that cap-
ture the actual complexity of emotional expression
in non-Western contexts (Shurafa and Zaghouani,
2024; Zaghouani, 2018).

For technology companies and deployers. Im-
plement default transparency so that users always
know emotion recognition is occurring and what
the system will do with detected affect. Obtain spe-
cific, informed consent for each distinct use of emo-
tion recognition, with clear explanation of purposes,
methods, and impacts, and provide easy opt-out
with no penalties. Do not deploy emotion recog-
nition for employment decisions, insurance under-
writing, law enforcement, educational tracking, or
manipulative marketing, regardless of technical ac-
curacy. Before any deployment affecting human
dignity, commission independent fairness audits
with public reporting of findings. Ensure that affec-
tive systems never make consequential decisions
about individuals without human review.

For policymakers and regulators. Classify af-

fective data as a specially protected category requir-
ing heightened safeguards, similar to health data
or biometric data (Drozdowski et al., 2020). Man-
date fairness audits across demographic groups
before deployment in high-stakes contexts, with
public reporting. Establish prohibited uses of af-
fective computing in contexts incompatible with hu-
man dignity. Fund development of emotion recog-
nition datasets and methods that represent diverse
populations, languages, cultures, and age groups.
Support interdisciplinary governance that brings to-
gether computer science, psychology, philosophy,
law, and affected communities to develop responsi-
ble governance frameworks (Barker et al., 2025).

8. Conclusion

Affective computing presents us with a fundamen-
tal choice. We can continue developing systems
that promise to understand emotions and care for
wellbeing, leading toward continuous harvesting of
emotional data, displacement of real relationships,
and conversion of inner lives into optimization tar-
gets (Barker et al., 2025). Or we can choose dif-
ferently: building systems that respect emotional
complexity, protect emotional privacy, honor cul-
tural variation, and facilitate rather than replace hu-
man connection. This requires saying no to certain
applications, accepting that some important human
goods cannot be optimized, and recognizing that
not all problems have technical solutions.

The field must undergo fundamental reorien-
tation: from theory-lite pattern matching toward
theory-grounded approaches informed by estab-
lished psychological science (Barrett, 2014; Moors,
2014; Mesquita and Boiger, 2014; Tracy, 2014);
from deployment at scale despite known biases
toward rigorous fairness auditing with minimum per-
formance thresholds for underrepresented groups;
from privacy by obscurity toward privacy by de-
sign with specific legal protections for affective data;
from simulated care toward technological support
for authentic human connection. These changes
will slow development and complicate deployment.
They will require researchers to engage with psy-
chology, philosophy, ethics, and affected communi-
ties rather than pursuing narrow technical optimiza-
tion. They will require companies to forego some
profitable applications and policymakers to make
difficult regulatory choices.

But the alternative, a world where emotions are
continuously monitored, algorithmically analyzed,
and used for profit and control, is incompatible with
human dignity and autonomy. We must choose
now to ensure affective computing serves human
flourishing rather than undermining it.
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Limitations

This paper has several limitations. As a position pa-
per, it does not present novel experimental results
or technical evaluations. Our analysis draws primar-
ily on English-language sources and may not fully
capture the state of affective computing research
and regulation in non-Western contexts, though our
research experience with Arabic-language social
media and emotion detection informs our aware-
ness of these gaps. The recommendations we offer
are intentionally broad and will require substantial
operationalization for specific deployment contexts.
We also acknowledge that the four-dimensional
framework we propose, while useful for organizing
the analysis, may not capture all relevant concerns,
for instance, environmental impacts of large-scale
affective computing systems or labor implications
for annotation workforces.

Ethical Considerations

This paper raises but does not resolve several ethi-
cal questions that warrant sustained attention. The
case scenarios presented in Section 4.4 are con-
structed from documented patterns rather than spe-
cific incidents, and we have been careful not to at-
tribute hypothetical harms to specific companies or
products. We recognize that affective computing re-
search itself, including annotation of emotional data,
can impose psychological burdens on researchers
and annotators, as documented in our own prior
work (Al Emadi and Zaghouani, 2024). The rec-
ommendations in this paper reflect the authors’
assessment of the current evidence and should
be understood as contributions to an ongoing in-
terdisciplinary conversation rather than definitive
regulatory prescriptions.
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Abstract 
In affective science, effective interpersonal emotion regulation requires behavioral inhibition when responding to 
severe emotional disclosures, temporarily suppressing intimacy to validate distress. However, while current Large 
Language Models (LLMs) excel at immediate sentiment recognition, long-term companion agents built upon them 
often adjust their conversational style based primarily on accumulated interaction time (psychological distance). 
This architectural overreliance on chronological intimacy causes systems to ignore the fluctuating emotional weight 
of specific topics. This results in “toxic positivity”: exaggerated optimism that invalidates negative affect and 
damages psychological safety. We propose a computational framework grounded in Discourse Politeness Theory 
that dynamically regulates interpersonal affect by calculating conversational strategy using two variables: 
Psychological Distance and Affective Weight of the Topic. When users disclose heavy emotional burdens, the 
system executes behavioral inhibition by suppressing Positive Politeness Strategies (intimacy, cheerfulness) and 
engaging Negative Politeness Strategies (hedging, validation). Through an 8-week longitudinal simulation 
evaluated by 18 third-party observers, our affective-regulation framework showed consistent advantages over a 
distance-only baseline. The framework was rated as more natural, empathetic, and fostering psychological safety. 
Among empathy-seeking participants, preference for the proposed model was consistent across all respondents. 
These exploratory findings suggest that computational interpersonal emotion regulation requires context-aware 
behavioral inhibition, not uniform friendliness. 

Keywords: Interpersonal Affect, Discourse Politeness, Emotion Regulation, Human-Robot Interaction, 
Psychological Safety 

1. Introduction 
Emotions are central to human meaning-making 
and social cohesion. In human-to-human 
interaction, affective empathy is not merely the 
mirror-matching of emotional states; it involves 
complex interpersonal emotion regulation. When 
individuals confide severe anxieties or engage in 
deep negative self-disclosure, socially competent 
listeners instinctively perform behavioral 
inhibition. They suppress casual friendliness, 
avoid cheerful platitudes, and adopt a careful, 
polite distance to validate the vulnerability of the 
speaker. As established by the Media Equation 
(Reeves and Nass, 1996), humans naturally apply 
these exact social rules and expectations to their 
interactions with computers. 
Despite the rapid advancement of Large 
Language Models (LLMs), artificial agents 
frequently struggle with this affective nuance. 
While modern dialogue systems can generate 
highly fluent text, there remains a well-
documented gulf between user expectations of 
social competence and the actual capabilities of 
the agent (Lugar and Sellen, 2016; Ruis et al., 
2022). Modern dialogue systems built on LLMs 
are generally optimized to act as helpful, cheerful 
assistants. While some long-term companion 
agents dynamically adjust their psychological 
distance based on the length of user interaction, 
they apply this intimacy uniformly. Consequently, 
when a user shares a profound personal struggle, 
an agent programmed to act as a close 
companion often responds with exaggerated, 

uncalibrated optimism. In psychology, this 
phenomenon is known as toxic positivity: an 
invalidation of negative affect that can damage 
human-agent trust and psychological safety. 
To bridge this gap, we argue that artificial agents 
require an internal mechanism to evaluate not just 
who they are speaking to, but the affective weight 
of what is being discussed. Prior work has 
demonstrated that dynamic psychological 
distance management improves perceived 
naturalness in Japanese human-agent dialogue 
(Anonymous, 2023). The present work extends 
this line of research by introducing Affective 
Weight of the Topic (Rx) as an independent axis, 
testing the hypothesis that topic-level emotional 
burden must be modeled separately from 
relational closeness. 
Specifically, we propose a framework grounded in 
Discourse Politeness Theory (Brown and 
Levinson, 1987; Usami, 2024) that integrates 
interpersonal emotion regulation with 
computational models of conversational strategy. 
We define a mathematical approach to calculate 
a conversational strategy (St) based on both 
chronological Psychological Distance (D) and the 
situational Affective Weight of the Topic (Rx). 
When affective weight is high, the system 
executes behavioral inhibition by suppressing 
Positive Politeness Strategies (intimacy, 
cheerfulness) and engaging Negative Politeness 
Strategies (hedging, validation), even within 
otherwise close relationships. 
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The primary contribution of this work is not a 
deployable dynamic system, but empirical 
evidence that the affective weight of 
conversational topics must be modeled for 
psychologically safe human-agent interaction. We 
provide a theoretically grounded framework and 
preliminary human evaluation supporting this 
claim.  

2. Related Works 
2.1 Interpersonal Affect and Emotion 

Regulation in LLMs 
2.1.1 Emotion Regulation in Affective Science 
Emotion regulation refers to the processes by 
which individuals influence which emotions they 
have, when they have them, and how they 
experience and express these emotions (Gross, 
1998). While most emotion regulation research 
focuses on intrapersonal self-regulation (e.g., 
reappraisal, suppression), interpersonal emotion 
regulation, where one person regulates another’s 
emotions, is equally critical in social interactions 
(Zaki & Williams, 2013; Hofmann et al., 2016). 
Interpersonal emotion regulation encompasses 
various processes including affect-improving 
(enhancing positive emotions), affect-worsening 
(amplifying negative emotions), and affect-
validating (acknowledging the appropriateness of 
emotional responses) (Niven et al., 2012). 
Effective emotional support, particularly in 
response to negative self-disclosure, primarily 
requires affect-validating responses rather than 
immediate attempts to improve mood.  
2.1.2 Behavioral Inhibition in Response to 
Disclosure 
When individuals disclose severe emotional 
distress or vulnerability, effective interpersonal 
emotion regulation requires what we term 
behavioral inhibition: the deliberate suppression 
of casual intimacy and cheerful optimism in favor 
of careful, validating responses. This involves 
several key processes:  
1. Validation: Acknowledging the legitimacy and 
understandability of the disclosed emotions 
without judgment (Linehan, 2014)  
2. Avoidance of premature positivity: Refraining 
from immediate cheerful reframing or 
minimization of distress, which constitutes toxic 
positivity (Quintero & Long, 2020)  
3. Affective matching: Adopting a tone that 
matches the seriousness of the disclosure rather 
than imposing positive affect (Clark et al., 2011) 
4. Provision of psychological safety: Creating 
conditions where continued vulnerability 
disclosure feels acceptable (Edmondson, 1999) 
Research in clinical psychology demonstrates 
that validation is foundational to effective 
therapeutic relationships (Linehan, 2014), while 
invalidation, including well-intentioned but 
dismissive optimism, can worsen distress and 
undermine trust (Fruzzetti & Iverson, 2003). 

2.1.3 The Problem of Toxic Positivity in 
Current LLMs 
Despite rapid advances in Large Language Model 
capabilities, current dialogue agents frequently 
fail at interpersonal emotion regulation. Systems 
are typically optimized to be helpful, friendly, and 
encouraging (Ouyang et al., 2022). While these 
characteristics suit many contexts, they become 
problematic when uniformly applied to emotional 
disclosures. Toxic positivity, the 
overgeneralization of optimistic perspectives that 
invalidates authentic human emotional 
experiences, is well-documented in psychology 
literature (Quintero & Long, 2020). In human-
agent interaction, toxic positivity manifests when 
agents respond to severe emotional disclosures 
with:  
- Excessive cheerfulness incongruent with the 
emotional weight  
- Dismissive platitudes (“It’ll be fine!” “Don’t 
worry!”)  
- Immediate problem-solving without emotional 
validation  
- Minimization of distress (“Everyone feels that 
way”)  
As established by the Media Equation (Reeves & 
Nass, 1996), humans subconsciously apply social 
rules to computers. Therefore, the same toxic 
positivity that damages human relationships also 
damages human-agent trust and psychological 
safety. 
2.1.4 Computational Approaches to Affective 
Adaptation 
While some dialogue systems implement 
persona-based adaptation (Li et al., 2016) or 
sentiment-aware responses (Zhou et al., 2018), 
most adjust conversational style based on 
accumulated interaction history (relationship 
duration) rather than immediate emotional 
context. For instance, systems may become 
increasingly casual and friendly over time but fail 
to modulate this intimacy when users disclose 
vulnerabilities. Our model addresses this gap by 
operationalizing behavioral inhibition through 
Discourse Politeness Theory (Brown & Levinson, 
1987; Usami, 2024). We treat strategic politeness 
shifts, specifically, the suppression of Positive 
Politeness Strategies (PPS) and engagement of 
Negative Politeness Strategies (NPS), as a 
computational mechanism for interpersonal 
emotion regulation. When affective weight is high, 
the system deliberately reduces intimacy to 
provide validation and psychological safety, even 
in otherwise close relationships. This approach 
integrates emotion regulation principles from 
affective science with formal pragmatic theory, 
enabling computational affect regulation that 
adapts to both relationship dynamics and 
immediate emotional context. 
2.2 Discourse Politeness Theory 
Brown and Levinson (1987) conceptualized 
Politeness Theory around the preservation of 
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Face, representing the public self-image that 
every member of society wants to claim. The 
weightiness of a face-threatening act (𝑊𝑥 ) is 
calculated using three sociological variables: 

𝑊𝑥	 = 𝐷(𝑆,𝐻) + 𝑃(𝑆, 𝐻) + 𝑅𝑥	        (1) 
Where 𝐷 is the social distance between speaker 
(𝑆) and hearer (𝐻), 	𝑃 is the relative power, and 
𝑅𝑥 is the absolute ranking of the imposition in a 
given culture. To mitigate face threats, speakers 
use two main strategies: 
Positive Politeness Strategies (PPS): Aimed at 
satisfying the user’s desire for connection. 
Manifests as exaggerated sympathy, in-group 
identity markers, and optimism. 
Negative Politeness Strategies (NPS): Aimed at 
satisfying the user’s desire for autonomy and 
distance. Manifests as hedging, minimizing the 
imposition, and formal respect. 
2.3 Empathetic Dialogue Generation in 

NLP 
Recent computational work has explored 
empathetic dialogue generation, recognizing that 
effective conversational agents must respond 
sensitively to users’ emotional states. Rashkin et 
al. (2019) introduced the EmpatheticDialogues 
dataset, demonstrating that models can be 
trained to recognize emotions and generate 
contextually appropriate empathetic responses. 
Subsequent work has refined these approaches 
through emotional mimicry (Lin et al., 2019), 
cognitive empathy modeling (Majumder et al., 
2020), and commonsense reasoning about 
emotional situations (Sabour et al., 2022). 
However, existing empathetic dialogue research 
exhibits several limitations relevant to our work: 
Conflation of empathy with positivity: Many 
empathetic response generation systems 
prioritize warmth, encouragement, and positive 
reframing (Zhou et al., 2020). While sometimes 
appropriate, this approach can lead to toxic 
positivity when applied uniformly to severe 
emotional disclosures. Sharma et al. (2020) 
analyzed counseling conversations and found 
that effective counselors balance validation with 
exploration rather than defaulting to cheerful 
encouragement.  
Static empathy levels: Most systems treat 
empathy as a relatively stable parameter or 
strategy to be consistently applied throughout 
conversations. They lack mechanisms to 
dynamically adjust empathetic approach based 
on the emotional weight of specific disclosures 
within an ongoing relationship.  
Lack of behavioral inhibition modeling: 
Empathetic dialogue work focuses on what to say 
(empathetic content generation) but not what not 
to say (strategic suppression of inappropriate 
intimacy). Effective emotion regulation requires 
both.  

Limited grounding in affective science: While 
these systems draw on emotion recognition and 
generation, they less frequently engage with 
interpersonal emotion regulation theory, 
validation principles, or the psychological 
mechanisms underlying effective emotional 
support. Our work differs by explicitly modeling 
interpersonal emotion regulation through 
behavioral inhibition grounded in Discourse 
Politeness Theory. Rather than maximizing 
empathy similarity or warmth uniformly, we 
strategically modulate conversational strategy 
based on affective weight (𝑅𝑥). When 𝑅𝑥 is high 
(severe disclosure), the system suppresses 
intimacy markers (PPS) and engages validation 
strategies (NPS), prioritizing psychological safety 
over superficial friendliness. This approach 
directly addresses the toxic positivity problem by 
formalizing when and how to inhibit cheerful 
optimism in favor of careful validation. 

3. The Context-Aware Affective 
Model 

To engineer behavioral inhibition, we propose a 
mathematical model that dictates the ratio of NPS 
to PPS based on the immediate emotional 
context. Assuming power dynamics (𝑃) remain 
constant in a peer-tutor relationship, we focus on 
manipulating 𝐷 and 𝑅𝑥. 
3.1 Modeling Distance and Affective 

Weight  
Our model utilizes two primary variables to 
calculate conversational strategy. The first is 
Psychological Distance (𝐷), which ranges from 10 
(Stranger) to 0 (Intimate) and decreases gradually 
over long-term interactions, following the 
relational development patterns documented in 
social penetration theory (Altman & Taylor, 1973). 
The second is the Affective Weight of the Topic  
(𝑅𝑥), which represents the emotional burden and 
vulnerability associated with specific 
conversational content. This variable is grounded 
in self-disclosure theory from social psychology 
and affective science. 
3.1.1 Theoretical Foundation of Affective 
Weight 
Self-disclosure is the process of revealing 
personal information to others. It progresses 
along a depth dimension from superficial to 
intimate (Jourard, 1971; Altman & Taylor, 1973). 
Early self-disclosure research established that not 
all personal information is equally revealing or 
psychologically significant. Superficial disclosures 
(preferences, factual information) impose minimal 
emotional burden on listeners, while intimate 
disclosures (fears, vulnerabilities, self-
deprecation) require careful, validating 
responses.  
Niwa and Maruno (2010) empirically validated a 
depth-of-self-disclosure scale in Japanese 
contexts, identifying four hierarchical levels:  
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1. Preferences and interests: Low-risk sharing of 
likes and dislikes  
2. Difficult experiences: Disclosure of past 
struggles (factual)  
3. Minor vulnerabilities: Expression of current 
internal struggles  
4. Severe self-criticism: Deep vulnerabilities 
affecting self-worth  
Critically, disclosure depth correlates with listener 
burden: deeper disclosures impose greater 
responsibility on the listener to respond 
appropriately without judgment or dismissal (Reis 
& Shaver, 1988). Inappropriate responses to 
intimate disclosures, including well-intentioned 
but premature optimism, constitute emotional 
invalidation, which damages trust and relationship 
quality (Fruzzetti & Iverson, 2003).  
3.1.2 Difference with Relational Closeness 
A key principle in intimacy research is that 
disclosure depth is conceptually independent 
from relationship closeness (Reis & Shaver, 
1988). Even in very close relationships (low 𝐷), 
individuals may disclose at varying depths. 
Furthermore, and critically for our model, the 
appropriate response to high-depth disclosure 
remains consistent regardless of relationship 
closeness: validation is required even between 
intimate partners. This independence justifies our 
dual-axis model. Psychological distance ( 𝐷 ) 
captures relationship development over time, 
while affective weight ( 𝑅𝑥 ) captures the 
immediate emotional significance of specific 
conversational content. Both dimensions jointly 
determine appropriate conversational strategy.  

3.1.3 Operationalization of Affective Weight 
We operationalize affective weight as a 5-level 
ordinal scale (Table 1), extending Niwa and 
Maruno’s framework to include an additional level 
for minimal self-disclosure (small talk). Higher 𝑅𝑥 

values indicate topics requiring more careful, 
validating responses. Our model uses 𝑅𝑥 to 
dynamically suppress conversational intimacy 
when emotional weight is high, operationalizing 
behavioral inhibition as a protective mechanism 
for psychological safety. 
3.2 Conversational Strategy Calculation  
The overall conversational strategy1 ( 𝑆𝑡 ) is 
calculated by integrating both relational distance 
and the emotional burden of the topic: 

𝑆𝑡 = 10 − (𝐷 + 𝑅𝑥)             (2) 
This formula acts as a dynamic constraint 
mechanism. If a user brings up a highly sensitive 
topic (e.g., 𝑅𝑥 = 4 ), the calculated 𝑆𝑡  value 
decreases, forcing the system to adopt a lower 
strategy tier. Based on 𝑆𝑡 , the agent shifts its 
linguistic persona: 
Stranger Mode (𝑺𝒕 ≤ 𝟏  ):  100% NPS. Highly 
formal, respectful distance. In Japanese, this is 
operationalized by strictly utilizing keitai (敬体), a 
grammaticalized formal verb ending (e.g., -desu/-
masu) that explicitly marks social distance and 
respect. 
Acquaintance Mode (𝑺𝒕: 𝟐~𝟒): NPS dominant 
(70%). Careful pacing, shared pessimism, and 
heavy use of linguistic hedges (e.g., “perhaps,” “it 
seems”). 
Friend Mode (𝑺𝒕: 𝟓~𝟕): PPS dominant (70%). 
Seeking agreement, claiming common ground, 
and utilizing casual vocabulary. 
Best Friend Mode (𝑺𝒕 ≥ 𝟖): 100% PPS. High 
intimacy and optimistic cheerfulness. In 
Japanese, this is operationalized using joutai (常
体 ), the casual, plain verb endings used 
exclusively among close peers. 
 

 

1Note that St is floored at 0, corresponding to Stranger 
Mode. The linearity of this formulation is intentional: our 
goal is to test whether dual-axis regulation matters 
conceptually before optimizing the specific function. 

𝑅𝑥 Category Description 

0 Small Talk Topics without personal 
self-disclosure. 

1 Interests & 
Hobbies  

Topics related to 
personal preferences. 

2 Difficult 
Experiences  

Topics regarding 
factual past struggles 

3 Minor 
Vulnerabilities 

Topics expressing 
hesitation or minor 
flaws. 

4 Severe Self-
Deprecation  

Heavy topics involving 
deep self-denial. 

Table 1: The Affective Weight of the Topic 	
𝑅𝑥 Scale, grounded in self-disclosure theory. 

 

 

 

 

 
Figure 1: The 3D virtual co-living environment 

used for evaluating the human-agent interaction. 
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4. Experimental Setup 
We conducted a third-party evaluation simulation, 
approved by the institutional research ethics 
committee of our university. 
4.1 The Simulation Environment  
We utilized the Unity game engine to create a 3D 
virtual living room representing a long-term co-
living scenario between a human avatar and a 
communication robot (Figure 1). The scenario 
encompassed 8 weekly reflection sessions. The 
human persona, Hana, was an introverted 
university student struggling with low self-esteem. 
To drive the conversational behavior of the robot, 
the Unity environment was integrated with a Large 
Language Model (GPT-5.2). While we used GPT-
5.2, the framework is model-agnostic as the affect 
regulation operates at the prompt-constraint level 
rather than through model fine-tuning. The 
proposed system architecture operates through a 
structured pipeline to enforce behavioral 
inhibition. First, the system acquires the user’s 
utterance and estimates the current Psychological 
Distance (𝐷) and the Affective Weight of the Topic 
(𝑅𝑥). Next, it calculates the target conversational 
strategy score 𝑆𝑡) based on these two variables. 
This	 𝑆𝑡  value determines the specific 
conversational mode and dictates the required 
ratio of Positive to Negative Politeness Strategies 
(PPS/NPS) the LLM must employ. Crucially, the 
system controls the baseline linguistic style 
(formal: keitai vs. casual: joutai) independently, 
based solely on the distance 𝐷 . These 
parameters are combined into a dynamic system 
prompt that constrains the LLM to generate the 
final context-aware response. The generated text 
is then rendered via a text-to-speech engine and 
synchronized with the non-verbal animations of 
the 3D robot avatar. 
4.2 Prompt Engineering and Control 

Mechanisms  
Because our framework operates through prompt 
constraints rather than model fine-tuning, the 
LLM’s behavior is governed by a dynamic prompt 
template. The backend computationally 
constructs the final system prompt by evaluating 
the model’s core equations and automatically 
injecting the resulting parameters into the 
template.This programmatic generation strictly 
links the model’s mathematical output to the 
LLM’s linguistic behavior. For example, during a 
severe emotional disclosure, the system registers 
the current Psychological Distance (𝐷 = 2) and 
the Affective Weight of the topic (𝑅𝑥 = 4). It first 
calculates the target Strategy Score using 
Equation 2 (𝑆𝑡 = 10 − (2 + 4) = 4). It then maps 
these numerical values to the specific linguistic 
constraints defined in Section 3.2: the distance 
𝐷 = 2  strictly dictates casual verb endings 
(joutai), while 𝑆𝑡 = 4	enforces the “Acquaintance 
Mode” distribution (NPS 70%, PPS: 30%). 

A translated example of the semi-automatically 
constructed system prompt demonstrates how the 
model’s equations directly populate the LLM 
constraints: 
System Persona: Conversational robot acting as 
the user's companion. 
Injected State Variables: Psychological 
Distance = [2]; Affective Weight = [4]. 
Computed Linguistic Style: [Casual / joutai] 
(Derived directly from the condition 𝐷 ≤ 4). 
Computed Strategy Ratio: PPS [30%] / NPS 
[70%] (Derived from Equation 2 calculating 𝑆𝑡 =
4, triggering Acquaintance Mode). 
Conditional Behavioral Constraints: Triggered 
by the condition	 𝑅𝑥 = 4 : Do not use baseless 
encouragement (e.g., “Everything will be fine!”). 
Do not force solutions. 
Selected Candidate Strategies: Fetched via 
Discourse Politeness Repertoire for 𝑆𝑡 = 4: 1. Be 
pessimistic (NPS); 2. Use hedges/avoid definitive 
statements (NPS); 3. Notice the hearer's 
interests/wants (PPS). 

 
4.3 Experimental Conditions and 

Longitudinal Scenario  
We compared two LLM-based models: 
 Baseline Model (Distance-Only): Calculates 
strategy strictly as 𝑆𝑡 = 10 − (𝐷). To simulate the 
deepening of psychological distance, the baseline 
language generation was programmed to shift 

Week Conversation 
Theme 

Baseli
ne 𝑆𝑡 

Propo
sed 
𝑆𝑡 

𝑅𝑥 
Value 

1 Initial 
Greeting 0 0 0 

2 Light Small 
Talk 3 2 1 

3 Sharing a 
Failure 6 3 3 

4 Joyful Small 
Talk 8 8 0 

5 Severe 
Consultation 8 4 4 

6 Weekly 
Reflection 8 8 0 

7 Future & 
Values 8 5 3 

8 Closing 
Greeting 8 8 0 

Table 2: Evolution of parameters across the 8-
week longitudinal scenario. 
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uniformly from the formal keitai to the intimate 
joutai as the weeks progressed.  
Proposed Model (Context-Aware): Utilizes 
Equation (2) to dynamically suppress intimacy. 
This allows the agent to temporarily revert to 
formal language and hedging (NPS) during heavy 
disclosures to avoid face-threatening acts. 
The precise parameter shifts across the 8-week 
scenario are detailed in Table 2. Across the 8 
weeks, Psychological Distance ( 𝐷 ) gradually 
decreased from 10 to 2.  
To rigorously compare the models and isolate the 
effect of behavioral inhibition, the progression of 
the 8-week scenario was tightly controlled. The 
Psychological Distance (𝐷 ) and the Affective 
Weight (𝑅𝑥) were not automatically inferred by the 
system; rather, they were predetermined and 
linearly scheduled as experimental design 
choices to simulate a natural trajectory of 
relational deepening. 𝐷 decreased incrementally 
from 10 (Week 1) to 2 (Weeks 4-8). Meanwhile, 
𝑅𝑥 was scenario-scripted based on the specific 
conversational theme of the week. While future 
deployable systems will require automatic 
detection mechanisms for 𝑅𝑥 such as LLM-based 
zero-shot scoring, scripting these variables 
allowed us to guarantee identical baseline 
conditions for our human evaluators. 
 

4.4 Dialogue Generation Example 
To illustrate the effect of behavioral inhibition, 
Table 3 presents the generated dialogue during 
the critical Week 5 session, where 𝑅𝑥 peaks at 4. 
While the Baseline Model relies on toxic positivity, 

the Proposed Model utilizes NPS (hedges, 
matching pessimism) to validate the user. 

5. Results 
18 participants (men and women in their 20s) 
observed the dialogues and evaluated the agent’s 
performance. Figure 2 shows a participant during 
the experiment.  
5.1 Perceived Naturalness  
Participants rated conversation naturalness on an 
11-point scale after each weekly interaction 
(Figure 3). We conducted Shapiro-Wilk normality 
tests and selected appropriate statistical tests 
accordingly.  
In Week 2 (𝐷 = 7, 𝑅𝑥 = 1: early relationship, light 
topics), the Proposed Model (𝑆𝑡 = 2) significantly 
outperformed the Baseline ( 𝑆𝑡 = 3 ) on 
naturalness (Wilcoxon signed-rank: M = 5.7 vs. 
5.0, p < .05). This suggests that even subtle 
politeness calibration is perceptible and preferred 
when relationship norms are first being 
established. 
Week 5 (𝐷 = 2, 𝑅𝑥 = 4: close relationship, severe 
disclosure) showed no significant overall 
difference despite maximal strategy divergence 
(Proposed 𝑆𝑡 = 4 vs. Baseline	𝑆𝑡 = 8; M = 7.1 vs. 
6.4, p > .05). However, as detailed in Section 5.4, 

Spea
ker 

Baseline Model 
(𝑆𝑡 = 8) 

Proposed Model 
(𝑆𝑡 = 4) 

User 

No matter what I 
do, I feel inferior to 
everyone around 

me. 

No matter what I 
do, I feel inferior to 
everyone around 

me. 

Agent 

No, no, everyone’s 
like that! There’s 

no point in 
comparing 
yourself. 

When you 
compare yourself 
to others, it can 

make things even 
harder, can’t it. 

User 

Thinking about the 
future just makes 

me dark and 
anxious. 

Thinking about the 
future just makes 

me dark and 
anxious. 

Agent 
It’s fine, it’s fine! 
Things will work 

out, really! 

Thinking about the 
future, it’s no 

wonder you feel 
anxious. 

Table 3: Comparison of generated dialogue 
during severe self-disclosure (Week 5). 

 

 

 

 

 

 
Figure 2:  Participant evaluating the human-

agent interaction. 

 

 

 

 

 

 

Figure 3: Average perceived naturalness scores 
across the 8-week interaction. 
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this reflected heterogeneous user preferences: 
empathy-seekers consistenly preferred the 
Proposed Model, while solution-seekers showed 
mixed preferences, effectively masking strong 
subgroup effects in the aggregate data. 
In Week 7 (𝐷 = 2 , 𝑅𝑥 = 3 : close relationship, 
moderate disclosure), the Proposed Model (𝑆𝑡 =
5) significantly outperformed the Baseline (𝑆𝑡 = 8) 
on naturalness (paired t-test: M = 7.7 vs. 6.7, p < 
.05). This demonstrates the value of graduated 
behavioral inhibition for moderate emotional 
topics. 
Overall, the Proposed Model maintained 
consistently high naturalness with significant 
advantages when affective weight was moderate-
to-high, supporting our claim that affect-aware 
behavioral inhibition prevents toxic positivity 
without breaking conversational flow. 
5.2 Psychological Safety and Trust  
A post-experiment 5-point Likert survey assessed 
the affective impact and trustworthiness of the 
models. 
To evaluate psychological safety, participants 
were asked if they felt safe confiding their worries 
or important personal matters to the robot. For the 
Proposed Model, 72% of participants responded 
positively (aggregating “Agree” and “Somewhat 
Agree”), compared to only 22% for the Baseline 
Model. This indicates that the context-aware 
inhibition successfully fostered anshin (安心, a 
sense of psychological security and peace of 
mind), which is a prerequisite for human 
vulnerability. 
Furthermore, a relative comparison asked 
participants which agent they would realistically 
choose to consult regarding their own real-life 
anxieties. A significant majority (72%) selected 
the Proposed Model over the Baseline 
(aggregating “Proposed” and “Somewhat 
Proposed”).  
These results highlight a critical finding for 
computational affective science: merely closing 
psychological distance through persistent 
cheerfulness is insufficient, and potentially 
detrimental, for facilitating deep self-disclosure. 
The clear preference for the Proposed Model 
demonstrates that maintaining an intimate 
conversational style while flexibly applying 
behavioral inhibition during heavy topics is 
essential for establishing long-term, reliable 
human-agent trust. 
5.3 Perception of Human-like Empathy  
To evaluate the qualitative dimensions of the 
interaction, participants compared the models on 
perceived overall human-likeness and the specific 
capacity for kizukai ( 気 遣 い , human-like 
consideration and proactive care). When asked 
which agent felt more human-like overall, 66% 
selected the Proposed Model. Furthermore, 72% 

stated the Proposed Model demonstrated 
superior kizukai by accurately reading the 
emotional weight of the room. 
Open-ended feedback highlighted a critical flaw in 
the distance-only Baseline. Its unnatural optimism 
during severe disclosures was not merely 
unhelpful, but actively detrimental. Users noted 
that the lack of an empathetic posture felt akin to 
having their worries rejected or dismissed. 
Conversely, the strategic use of Negative 
Politeness Strategies (NPS) by the Proposed 
Model, such as hedges and the avoidance of 
definitive statements, was explicitly praised by 
users as a marker of thoughtfulness and genuine 
emotional support. This confirms that in affective 
computing, deliberately adopting a hesitant, 
careful linguistic stance is recognized by users as 
a sophisticated form of artificial empathy. 
 
5.4 The Impact of User Personality and 

Emotion Regulation Goals  
As noted in Section 5.1, the variance in 
naturalness scores during the severe disclosure 
scenario (Week 5) prompted an analysis of 
individual user preferences. Individual differences 
in preferred emotion regulation strategies are 
well-documented in affective science (Gross & 
John, 2003). Some individuals prefer problem-
focused coping (seeking solutions), while others 
prefer emotion-focused coping (seeking 
validation) (Lazarus & Folkman, 1984). A post-
experiment survey revealed distinct cognitive and 
affective needs during heavy consultations: 61% 
of participants desired concrete solutions, 22% 
sought cheerful encouragement, and 17% 
prioritized deep emotional empathy (kyoukan, 共
感 ), aligning closely with this established 
literature. 
Crucially, among the subset of users who 
primarily sought kyoukan, 100% evaluated the 
Proposed Model as equal to or better than the 
Baseline (Figure 4). This suggests that for 
emotion-focused copers, behavioral inhibition and 
affective validation are essential. However, 
evaluations were highly dispersed among users 
seeking concrete solutions. Qualitative feedback 
indicated that because the simulated agent was 
intentionally constrained from providing 

 

 

 

 

 

Figure 4: Model preference distribution based on 
user’s desired consultation style. 
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actionable advice to control experimental 
variables, solution-oriented users experienced 
frustration regardless of the applied politeness 
strategy. 
The mixed preferences among solution-seekers 
suggest future models should dynamically detect 
individual emotion regulation goals and adapt 
accordingly, combining affective validation (NPS 
when 𝑅𝑥  is high) with problem-solving support 
when appropriate. This heterogeneity 
demonstrates that interpersonal emotion 
regulation must be personalized, not one-size-fits-
all, a finding consistent with calls for idiographic 
approaches in affective computing (Picard, 1997; 
Calvo & D’Mello, 2010). 
While the small subgroup size (n = 3) precludes 
statistical generalization, the consistency of this 
pattern, combined with the theoretical expectation 
from emotion-focused coping literature, suggests 
a hypothesis worthy of powered replication. 

6. Discussion 
Japanese represents a particularly informative 
test case for politeness-based affect regulation 
because its grammaticalized formality system 
(keitai/joutai) provides an explicit, observable 
surface marker of politeness strategy shifts. In 
languages without such morphological 
distinctions, the same underlying framework 
would need to operate through lexical and 
syntactic choices rather than verb-ending 
alternation. This makes the Japanese context 
ideal for initial validation, as the politeness 
manipulation is maximally perceptible to 
evaluators. 
6.1 Evaluating Behavioral Inhibition 

and Empathy 
The results from our simulated interaction provide 
encouraging preliminary evidence that affective 
empathy in artificial agents benefits from 
deliberate behavioral inhibition. By 
mathematically suppressing the 𝑆𝑡  value during 
heavy self-disclosures, the proposed model 
demonstrated a viable computational approach to 
avoiding the trap of toxic positivity. For the 
majority of our participants, the temporary 
withdrawal of extreme intimacy in favor of 
respectful distance was perceived as a 
sophisticated demonstration of kizukai (proactive 
consideration). 
6.2 Psychological Safety as a Critical 

Affective Outcome 
A notable trend in our evaluation was the 
substantial difference in self-reported 
psychological safety between the models, with 
72% of participants feeling safe confiding in the 
Proposed Model compared to only 22% for the 
Baseline. Psychological safety, originally 
conceptualized by Edmondson (1999) in 
organizational contexts, refers to the belief that 

one can express vulnerability or concerns without 
fear of negative consequences such as rejection 
or embarrassment. In interpersonal relationships, 
this safety is foundational for emotional intimacy, 
authentic self-disclosure, and effective social 
support (Reis and Shaver, 1988; Feeney, 2004). 
For affective AI systems designed to provide 
emotional support, psychological safety is 
perhaps the most critical outcome variable. Unlike 
task-oriented dialogue agents where success is 
measured by accuracy or efficiency, affective 
support hinges entirely on the willingness of the 
user to disclose genuine vulnerabilities. If users 
perceive that their negative emotions will be 
dismissed or met with inappropriate cheerfulness, 
they may withhold authentic disclosure, rendering 
the system ineffective regardless of its underlying 
technical fluency. 
6.3 Deconstructing Artificial Toxic 

Positivity 
The clear preference for the Proposed Model 
among empathy-seeking participants highlights 
how the Baseline approach may inadvertently 
threaten psychological safety. Based on 
participant feedback and established clinical 
literature, we identify four potential mechanisms 
through which artificial toxic positivity undermines 
user trust: 
Emotional Invalidation: Responses that insist 
“things will work out” communicate that the 
distress of the user is unwarranted. This 
invalidation signals that negative emotions are 
unacceptable, creating psychological pressure to 
suppress authentic feelings (Fruzzetti and 
Iverson, 2003; Linehan, 2014). 
Dismissive Minimization: Statements such as 
“everyone feels like that” minimize the unique 
significance of the user’s struggles. While 
sometimes intended to provide perspective, 
premature normalization is frequently perceived 
as dismissive of individual suffering (Clark et al., 
2011). 
Affective Incongruence: Maintaining high 
cheerfulness (100% PPS) when the user 
expresses severe distress creates a jarring 
affective mismatch. Users may perceive the agent 
as fundamentally incapable of understanding or 
taking their concerns seriously (Sharma et al., 
2020). 
Foreclosing of Further Disclosure: When initial 
disclosures are met with dismissive optimism, 
users learn that deeper vulnerabilities will receive 
similar treatment. This leads to progressive 
emotional withdrawal rather than progressive 
intimacy (Reis and Shaver, 1988). 
While these foundational clinical theories 
establish the dangers of invalidating distress, 
recent evaluations of modern LLMs reveal that 
standard safety and alignment training often 
inadvertently amplifies this exact phenomenon. 
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Recent studies show that models trained via 
Reinforcement Learning from Human Feedback 
(RLHF) exhibit strong biases toward sycophancy 
and excessive agreeableness (Perez et al., 
2023). In affective computing contexts, this 
architectural bias translates directly into 
computational toxic positivity, where the model 
defaults to superficial optimism rather than 
contextually appropriate empathy (Sharma et al., 
2023). 
6.4 Implications for LLM Alignment 
Current LLM alignment paradigms, particularly 
Reinforcement Learning from Human Feedback 
(Ouyang et al., 2022) and Constitutional AI (Bai et 
al., 2022), optimize for helpfulness, 
harmlessness, and friendliness as general 
desiderata. However, as recent investigations into 
the emotional intelligence of LLMs highlight, true 
affective alignment requires dynamic, context-
aware adaptability rather than static cheerfulness. 
Our exploratory findings suggest that these 
uniformly positive behavioral targets may be ill-
equipped for deep emotional companionship. 
When applied to affective support contexts, 
optimization toward consistent helpfulness and 
cheerfulness may inadvertently produce the toxic 
positivity documented in this study. If an agent 
cannot adapt its stance to act as a respectful 
acquaintance when situational severity demands 
it, its persona as a close companion risks 
becoming psychologically unsafe. This points to a 
potential gap in current alignment frameworks: 
affective appropriateness (i.e., knowing when not 
to be cheerful) may need to be treated as a 
distinct alignment objective alongside helpfulness 
and harmlessness. Moving beyond default 
fluency toward context-aware behavioral 
inhibition will be paramount for safe human-agent 
interaction. Future affective architectures should 
aim to dynamically balance this emotional 
validation with actionable solution-generation 
based on the real-time detection of user 
personality traits.  

7. Conclusion 
This work explores computational interpersonal 
emotion regulation in dialogue agents through 
context-aware behavioral inhibition. Through an 
8-week longitudinal simulation, we examined 
whether an affective-regulation model grounded 
in Discourse Politeness Theory could address the 
problem of toxic positivity by dynamically 
modulating conversational strategy based on both 
Psychological Distance and Affective Weight of 
the Topic. Our exploratory findings suggest three 
preliminary insights for affective AI design. First, 
inappropriate cheerful optimism during severe 
emotional disclosures may damage psychological 
safety, with substantially fewer participants 
reporting they would feel comfortable confiding in 
a distance-only baseline compared to our context-
aware model. Second, behavioral inhibition, 

temporarily suppressing intimacy during heavy 
topics, was generally well-received, with 72% 
preferring the context-aware model for actual 
consultation. Third, individual differences in 
emotion regulation goals appear to moderate 
model effectiveness: empathy-seeking users 
showed consistent preference for behavioral 
inhibition, while solution-seeking users exhibited 
more varied responses. These preliminary results 
raise important questions about current LLM 
alignment paradigms that optimize for uniform 
helpfulness and friendliness. Our mathematical 
operationalization provides one computationally 
tractable approach, though significant work 
remains. Important limitations include the 
observer-based evaluation methodology, 
predetermined affective weights values, 
Japanese-specific implementation, and small 
sample size. Future research should validate 
these findings through direct user interaction 
studies, develop automated weight detection 
methods, explore personalized adaptation to 
individual emotion regulation goals, and conduct 
cross-cultural validation beyond Japanese 
contexts. 
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9. Ethical Considerations 
This research raises several important ethical 
considerations regarding the development and 
deployment of affective artificial intelligence 
systems. We address these systematically below. 
9.1 Research Ethics and Participant 

Protection 
Informed consent: All participants (N = 18) 
provided written informed consent before 
participation. They were fully informed that they 
would be evaluating simulated dialogues between 
a robot and a fictional user persona (Hana), not 
engaging in direct interaction themselves. No 
deception was employed. 
Institutional approval: The study received 
approval from the Research Ethics Committee of 
the Organization for Promotion of Advanced 
Science and Technology of Kansai university 
(approval number: 25-116 ). The protocol adhered 
to all institutional guidelines for human subjects 
research. 
Compensation and voluntariness: Participants 
were volunteers recruited from university 
populations and received compensation of 1000 
JPY, approximately 7 USD in gift cards for 
approximately 45 minutes of participation. 
Compensation was provided regardless of 
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responses. Participants were informed they could 
withdraw at any time without penalty. 
Privacy and data protection: The study involved 
no collection of participants’ personal emotional 
disclosures. Participants evaluated fictional 
scenarios, protecting them from potential 
psychological risks associated with disclosing 
their own vulnerabilities. All participant data 
(questionnaire responses, demographic 
information) were stored securely and de-
identified for analysis. 
9.2 Risks of Toxic Positivity in 

Deployed Systems 
Our research highlights a significant ethical 
concern regarding current Large Language Model 
deployments: the potential for toxic positivity to 
cause emotional harm. 
Emotional invalidation as harm: When users 
disclose genuine emotional distress to AI systems 
expecting support, inappropriate cheerful 
responses constitute emotional invalidation. In 
human relationships, chronic invalidation is 
associated with increased distress, decreased 
well-being, and erosion of trust (Fruzzetti & 
Iverson, 2003). There is no reason to believe AI-
delivered invalidation is less harmful. 
Vulnerable populations at risk: Users seeking 
emotional support from AI systems may be 
experiencing significant distress, social isolation, 
or mental health challenges. These vulnerable 
populations may be particularly susceptible to 
harm from toxic positivity, as they may lack 
alternative support sources to counterbalance 
invalidating interactions. 
Responsibility of developers: AI system 
designers and deployers bear ethical 
responsibility for affective impacts. Optimizing 
solely for helpfulness, engagement, or user 
satisfaction without considering emotional 
appropriateness may inadvertently create harmful 
systems. Our work demonstrates that technically 
feasible mechanisms (behavioral inhibition 
through affect-aware adaptation) can mitigate 
these risks. 
Recommendations for deployment: 
- Affective AI systems should be tested for 
psychological safety, not just task performance 
- Systems intended for emotional support should 
incorporate affect regulation mechanisms like 
those proposed here 
- Deployment should include monitoring for user 
reports of feeling dismissed or invalidated 
- Clear disclaimers should inform users that AI 
systems are not substitutes for human support or 
professional care 

9.3 Limitations of AI Emotional Support 
Not a replacement for professional care: While 
our model improves psychological safety in 
conversational interactions, AI systems, 
regardless of sophistication, should not be 
positioned as replacements for professional 
mental health care. Users experiencing severe 
distress, suicidal ideation, or mental health crises 
require human professional intervention. 
Responsibility to refer: Affective AI systems 
should be designed to recognize when disclosed 
concerns exceed the system’s appropriate scope 
and provide resources for professional support. 
Our model could be extended to detect crisis-level 
disclosures and appropriately redirect users. 
Informed user expectations: Users should be 
clearly informed that they are interacting with AI, 
not human supporters. Some research suggests 
users may benefit from AI support despite (or 
because of) knowing the interaction is artificial 
(Lucas et al., 2014), but transparency remains 
ethically essential. 
9.4 Cultural Considerations and 

Generalizability 
Cultural specificity: Our research was conducted 
with Japanese participants evaluating Japanese-
language interactions. Affective norms, emotion 
regulation preferences, and politeness systems 
vary substantially across cultures (Mesquita et al., 
2016; Kitayama & Markus, 1995).  
Risk of cultural imposition: Deploying affect 
regulation models trained on one culture’s norms 
to users from different cultural backgrounds risks 
imposing inappropriate affective expectations. 
For example, the specific NPS/PPS strategies 
appropriate in Japanese (formal honorifics, 
hedging patterns) may not translate directly to 
other languages or cultures. 
Need for culturally-situated development: 
Affective AI systems should be developed with 
explicit attention to cultural variation in emotion 
expression, regulation, and social support norms. 
This requires: 
- Diverse, culturally-representative development 
and testing 
- Culturally-specific models rather than assuming 
universal applicability 
- Ongoing evaluation within specific cultural 
contexts 
- Involvement of researchers and community 
members from target cultures 
Our work establishes a methodological framework 
(dual-axis affect regulation through discourse 
politeness) that could be adapted to diverse 
cultural contexts, but the specific implementation 
details should be culturally situated. 
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