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Abstract

Understanding moral values in social media
text offers insight into moral judgement for-
mation, and supervised NLP models trained
on crowdsourced data have achieved strong
classification performance. However, most ap-
proaches simplify the problem by aggregat-
ing multiple annotators’ labels into a single
“ground truth”, overlooking the inherent sub-
jectivity of the task. In practice, there are dis-
agreements between annotators caused by per-
sonal viewpoint or inherent ambiguities, par-
ticularly for short tweets. Here, we extend a
pretrained language model with a layer that
learns annotator-specific features. Our model
improves predictions of individual annotations
and yields representations that reveal meaning-
ful insights into annotators’ moral perspectives.
We show that models trained on aggregated
labels may hide variation and give a mislead-
ing impression of performance. Overall, we
demonstrate that disagreement reflects the in-
herent subjectivity of the task and that mod-
elling individual perspectives creates benefits
for moral classification of texts.

1 Introduction

Morality plays a vital role in shaping people’s opin-
ions and forming judgement towards social events.
Accordingly, analysing morality allows for better
understanding of what people believe and how peo-
ple interact and form communities. We can ex-
plore these beliefs through opinions and stances
expressed via language, in particular online con-
tent. Such analysis has inspired diverse research
directions—from analysing political ideology and
polarisation (Haidt and Graham, 2007) to under-
standing how people engage in public-health dis-
course (Jiang et al., 2025; Zhou et al., 2024). Thus,
it is extremely valuable to be able to extract moral
values from human-created content.

Many Natural Language Processing (NLP) tech-
niques have been applied and integrated with an em-

@gop @VP @SenateDems 

@realDonaldTrump @DNC 

champion of contempt of court 

– no respect for the rule of law

Degradation Authority Subversion Cheating

Figure 1: A tweet example with disagreeing labels given
by four annotators in the Moral Foundations Twitter
Corpus (Hoover et al., 2020), demonstrating how indi-
viduals interpret moral expressions differently.

pirically validated psychological framework called
Moral Foundations Theory (MFT) (Graham et al.,
2009, 2013; Haidt, 2012). MFT decomposes hu-
man beliefs into five moral foundations, each with
its own virtue and vice axis: Authority/Subversion,
Care/Harm, Fairness/Cheating, Loyalty/Betrayal
and Purity/Degradation. Approaches including
lexicons (Araque et al., 2020; Frimer et al., 2019;
Graham and Haidt, 2012; Hopp et al., 2021) and
supervised machine learning models (Beiró et al.,
2023; Huang et al., 2022; Lin et al., 2018) have
been employed to classify text according to MFT.

Recently, transformer-based large language mod-
els have shown promising results in classification
tasks. BERT in particular have been widely applied
due to its ability to generate rich contextual and
semantic embeddings (Devlin et al., 2019). Fine-
tuning BERT with crowdsourced data has become
a standard and effective approach for achieving
state-of-the-art performance in moral value clas-
sifications (Guo et al., 2023; Nguyen et al., 2024;
Preniqi et al., 2024).

However, moral judgement is inherently
subjective—individuals hold different beliefs and
inhabit different contexts that lead to them inter-

83



preting content differently and prioritising different
foundations. Additionally, classifying texts from
social discourse further extends the subjectivity
due to the ambiguity of text data, particularly in
highly abbreviated contexts such as tweets. Hence,
crowdsourced training datasets in this field often
exhibit substantial disagreement among annotators
(Figure 1), yet existing work typically disregards
this information, treating disagreement as unstruc-
tured noise. They typically train a universal classi-
fier treating moral classification as if there exists a
“ground truth” that can be derived from aggregated
annotators’ responses.

In reality, the disagreements are an important
part of the content of the analysis of morality. A
model trained to derive one “smoothed out" re-
sponse will miss the inherent conflicts and sub-
tleties that are so much of the human experience. A
more sophisticated approach is to build models that
learn how individuals differ in their judgement.

In this work, we take a step towards this goal by
training classifiers that model annotators in crowd-
sourced data specifically. We do this by adding a
neural network layer on top of finetuning of BERT.
This additional layer learns how a particular anno-
tator interprets moral content differently from the
shared text embeddings. Furthermore, the added
layer can be seen as an interpretable representation
that capture meaningful differences between indi-
viduals, revealing biases and tendencies towards
different moral values. Our results show substantial
improvement in predicting individual annotations
and highlight concerns that training classifiers on
aggregated labels may appear highly accurate but
mask inconsistencies across annotators.

This work makes three key contributions:

1. A modelling approach that captures individ-
ual perspectives in moral value classification,
accounting for task subjectivity;

2. We demonstrate that annotator biases and ten-
dencies in crowdsourced datasets are learn-
able features rather than noise, where our
model yields on average, a 10.2 % improve-
ment in classification accuracy when com-
pared with finetuned BERT over five foun-
dations; and

3. We raise concerns about aggregating annota-
tions into a single ground truth label in such
task, urging future modelling approaches to
incorporate individual-level variation.

2 Related Work

2.1 NLP for MFT

Many studies focus on supervised learning ap-
proaches where classifiers are trained to map texts
to moral values. Classical machine learning mod-
els such as logistic regression and support vector
machines, as well as deep learning models such
as long short-term memory networks, have been
widely adopted (Araque et al., 2020; Beiró et al.,
2023; Hoover et al., 2020; Lin et al., 2018; Trager
et al., 2022). More recent work uses transformer-
based pretrained language models, particularly
BERT and its variants. Trager et al. (2022) report
baseline performance from finetuning BERT mod-
els on a labelled dataset of Reddit posts. Nguyen
et al. (2024) and Preniqi et al. (2024) provide in-
depth analyses of BERT fine-tuning procedures and
evaluations of performance in practice. Supervised
learning approaches have shown promising results
in classification tasks. However, training of super-
vised models typically rely on large-scale crowd-
sourced datasets that often exhibit annotation dis-
agreement (as noted earlier). Existing works often
handle this disagreement through label aggregation,
implicitly assuming the existence of a ground-truth
label that can be derived through summarisation
or averaging of the various inputs. Yet studies in
moral psychology demonstrate that moral judge-
ment is inherently subjective and varies across indi-
viduals (Haidt, 2012), indicating that aggregation
may hide meaningful differences in how people
interpret the same content.

2.2 Subjectivity in Moral Judgement

Human moral judgement is widely recognised as
subjective and shaped by individual differences.
Haidt’s social intuitionist model highlights how
moral judgements arise from intuitive, socially and
culturally shaped processes (Haidt, 2001). This
model later informed MFT, which underpins most
NLP research on moral value classification and
posits that moral judgement varies across individu-
als (Haidt, 2012). Cultural differences were among
the most influential factors shaping variability in
moral judgement. Early work shows that people
from different countries make different moral eval-
uations, even when presented with the same sce-
narios (Haidt et al., 1993). Subsequent studies us-
ing the Moral Foundations Questionnaires further
validated the impact of demographic and cultural
differences in moral intuitions (Atari et al., 2023;
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Graham et al., 2011). Furthermore, studies also
show that interpretation of morality shifts depends
on social identities (Ellemers and Van der Toorn,
2015; Koleva et al., 2012). One must then consider
individual perspectives when forming moral judge-
ment. Liscio et al. (2022) explicitly analyse the
relationship between model performance and anno-
tator agreement, and suggest modelling approaches
to incorporate annotator (dis-)agreement.

2.3 Data Perspectivism
Recent work on subjective NLP tasks has increas-
ingly challenged the assumption of having a sin-
gle“ground truth" and the use of aggregated labels,
advocating instead for modelling individual annota-
tor perspectives. Under the emerging paradigm
of data perspectivism, disagreement in annota-
tion is treated as a meaningful signal rather than
noise (Cabitza et al., 2023). Prior studies have
explored various multi-annotator learning strate-
gies, including incorporating annotator statistics
and learning personal latent vectors (Kanclerz et al.,
2022), learning multi-task and multi-label frame-
works (Davani et al., 2022), and annotator-aware
representations (Mokhberian et al., 2024). These
approaches consistently show that modelling indi-
vidual annotation patterns can achieve compara-
ble and sometimes better performance to majority-
vote baselines while better capturing uncertainty
and variability in human judgement. Additionally,
methods that leverage annotator metadata demon-
strate that improvements often arise from learn-
ing annotator-specific behaviour rather than shared
demographic patterns (Orlikowski et al., 2025).
Within MFT NLP, prior work has explored per-
spectivist approaches from different angles. Go-
lazizian et al. (2024) explored cost-efficient ap-
proaches combine multi-task learning with few-
shot annotator adaptation to incorporate new anno-
tator perspectives while reducing annotation cost.
In parallel, Alvarez Nogales and Araque (2024)
take an early step by training separate classifiers on
subsets of annotators and combining their outputs
via prompt-based ensemble; however, annotation
sparsity and limited per-annotator data lead to sub-
stantial variability in annotator-specific predictions.

Collectively, this line of work highlights the im-
portance of preserving perspectives in subjective
tasks and motivates approaches, such as ours, that
directly model individual annotators in MFT NLP
and reveal insights into the impact of annotators
and the subjective nature of moral foundations.

3 Data

In this work we use the Moral Foundations Twit-
ter Corpus (MFTC) (Hoover et al., 2020), compris-
ing 35,108 tweets collected from Twitter (now X),
across seven topics identified by hashtags. Twenty-
three annotators were trained to manually assign
labels for moral foundations and their polarity ex-
pressed in each separate tweets. An additional
“non-moral" label is included for annotators to flag
tweets with no presence of any moral foundations.
Every tweet received between 3 to 8 annotations,
the majority receiving 3 or 4.

Foundation Moral Absent Proportion
Authority 18473 109945 14.39

Care 26141 102277 20.36
Fairness 24635 103783 19.18
Loyalty 17437 110981 13.58

Purity 11982 116436 9.33

Table 1: Annotation distributions for all five foundations,
with the proportion of annotations for moral classes
(virtue and vice), showing class imbalance between the
moral and absent classes.

Table 1 shows the label distribution for all five
foundations, where each foundation is considered
for the entire dataset. There exists a substantial
class imbalance between the moral classes and the
absent class.

#Annotator Mean Median Min Max s.d
23 5585 4588 560 19556 4747

Table 2: Summary statistics of the number of tweets
each annotator has annotated, showing the sparsity of
annotation structure.

While the label distribution provides an overview
of class prevalence, it does not capture how an-
notations are distributed across annotators. The
variability in contributing annotations adds more
complexity to the problem and we first show that
with summary statistics in Table 2. On average,
each annotator labelled about one-seventh of the
entire tweet collection. The large standard devia-
tion highlights the variability of numbers of tweets
each annotator labelled—a small number of anno-
tators covered a majority of the dataset. This im-
balance leads to sparse co-annotation, as visualised
in Figure 2. Edges in the graph have weights that
represent the number of tweets two annotators both
labelled and edges with weight less than 500 are re-
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moved to identify clusters where annotators within
one cluster have been presented similar twitter con-
tent. The disconnectedness of the co-annotation
network indicates that subsets of annotators never
label any common items. As a result, information
does not propagate across all annotators, prevent-
ing us from identifying global latent variables that
helps explain annotator labelling ability and item
labelling difficulty. This motivates the considera-
tion of modelling approaches that are not restricted
by disconnectedness and can make use of such lo-
cally structured annotation data, which we describe
in the following section.

Figure 2: Co-annotation network between annotators.
Edges represent the number of tweets co-annotated, and
edges with weight less than 500 are filtered out. There
exists several clusters of annotators which allows us to
compare within groups of annotators that are labelled
similar items. The disconnectedness shows that infor-
mation is not shared across all annotators.

Given the large amount of missing values in the
annotation structure as shown above, we report
inter-annotator agreement using Krippendorff’s α
(Krippendorff, 2018) for each foundation in Table
3. An α value of 0 indicates agreement at the level
of chance, while a value of 1 indicates perfect con-
sensus. We observe low to moderate agreement
across all foundations, with Authority, Loyalty and
Purity exhibiting noticeably lower agreement than
the others, suggesting a higher degree of subjec-
tivity in their labelling. Overall, these highlight
the need to explicitly capture diverse perspectives,
as simple aggregation methods may be inadequate
under such low levels of agreement.

Authority Care Fairness Loyalty Purity
0.263 0.349 0.401 0.301 0.254

Table 3: Krippendorff’s α computed across 23 annota-
tors per foundation, indicating low to moderate inter-
annotator agreement and reflecting the subjective nature
of moral-value labelling.

Some prior work has disregarded the polarity
of a foundation by merging virtue and vice labels
or treated virtue and vice dimensions as two in-
dividual foundations. These approaches allow re-
searchers to simplify the problem and avoid addi-
tional “noise". However, we preserve the virtue
and vice labels, as we aim to study the subjectivity
of moral judgement not only identifying whether a
foundation is expressed, but also in how annotators
differ in assigning opposing moral valences.

4 Methods

4.1 Problem Setup

Our goal is to predict the moral foundation ex-
pressed in text while accounting for individual per-
spectives of the human annotators. Each text in-
stance xi is annotated by annotator aj in a group
of N annotators, producing a set of labels for
all present moral values. For each foundation
k ∈ {1, ..., 5}, we extract the label y(k)ij and con-

sider the tuple (xi, aj , y
(k)
ij ) as a single observa-

tion. This way we keep annotators’ individual
labels rather than aggregating annotations into a
single “ground truth" label. We simplify the multi-
label classification problem into single-label, multi-
class classification tasks by considering each foun-
dation separately. We train a separate classifier
fk(xi, aj ; θk) for each of the five moral founda-
tions (Authority, Care, Fairness, Loyalty, Purity) to
predict y(k)ij ∈ {1, 2, 3}, representing labels virtue,
vice and absent.

4.2 Model Overview

Our model extends a finetuned BERT classifier by
incorporating neural network structures that learn
annotator-specific features. This design is inspired
by the Crowd Layer framework, which applies neu-
ral network designs that directly learn from crowd-
sourced labels from multiple annotators (Rodrigues
and Pereira, 2018). Adapting this framework to our
setting, we introduce the Annotator Layer that ad-
justs the shared text features according to the anno-
tators, allowing the model to capture systematic dif-
ference in annotation patterns and annotators’ indi-
vidual perspectives. The model has 3 parts (Figure
3). Firstly, the pretrained language model BERT
takes texts as inputs and outputs contextual embed-
dings. We use BERT-base-uncased to encode text
xi, producing an embedding hi ∈ R768 from the fi-
nal hidden layer [CLS] token. The BERT model is

86



BERT
Encoders

Embedding 
h 𝜖 ℝ768

  

Linear Layer:
ℝ768 → ℝ3

Annotator 
bias matrix 𝐵  

…

Logits 

  

Output
𝑙′ 𝜖 ℝ3 

(a) Bias-only variant that adjusts the final output probability
based on the annotators’ biases towards each class, yielding
an interpretable bias matrix B.

Linear Layer:
ℝ768 → ℝ256

…

𝑁 linear transformations 
for 𝑁 annotators

𝑎1:
ℝ256 → ℝ3

𝑎2:
ℝ256 → ℝ3

𝑎𝑁:
ℝ256 → ℝ3

BERT
Encoders

Embedding 
h 𝜖 ℝ768

  

Logitsz 𝜖 ℝ256

  

tanh( )  

Output
𝑙 𝜖 ℝ3 

(b) Linear transformation variant that expresses annotators’ la-
belling patterns with linear layers, yielding better representation
power of the individual perspectives.

Figure 3: BERT finetuning with Annotator Layer that models annotators’ individual labelling pattern and features.

finetuned with the following layers during the train-
ing process. The second component is a projection
layer that maps the 768-dimensional BERT hidden
representation to a lower-dimensional feature vec-
tor. The output dimensionality is determined by the
following Annotator Layer variants.
Bias-only The objective of this variant is to pro-
vide interpretable annotator features learned from
data. The projection layer has an output dimension
of 3 that corresponds to the number of classes. It
applies a linear transformation on the embedding
hi to get the base logits li: li = Whi + b.

For the Annotator Layer, we use an N×c matrix
for N annotators where each row of the matrix
corresponds to the biases of an annotator towards
each class. For the base logits li with annotator
id aj , we adjust logits according to the annotator
by computing l′ij = li + BT

j , where B ∈ RN×c

is the annotator bias matrix and BT
j denotes the

transpose of the j-th row, representing annotator
aj’s bias across all classes.
Linear Transformation The objective of this
variant is to provide greater predicting power as we
use much more parameters to represent the anno-
tators. The projection layer has a tunable output
dimension which we choose to use 256 as an in-
termediate value between 768 and 3. We apply
a tanh activation function to the output. For the
Annotator Layer, each annotator aj is a linear trans-
formation with a 3×256 weight matrix and a 3×1
bias vector. We compute the adjusted logits by
l′ij = Wajzi + baj .
Both variants produce a 3 dimensional vector l′ij ,
we then apply a softmax function to yield the pre-
dicted probability distribution:

pij = softmax(l′ij), ŷ
(k)
ij = argmax

c
p
(c)
ij ,

and the predicted class ŷ(k)ij for text xi and annota-
tor aj is the class with the greatest probability.

4.3 Training Objective
We train the model with the cross-entropy loss and
include two regularisation terms:

1. L2 Norm (Weight Decay): standard L2 regu-
larisation is applied to the model parameters
to prevent overfitting.

2. Centred Bias Penalty: For the bias-only vari-
ant of the Annotator Layer, we add a centred
penalty on the bias matrix B:

Rcentre =

∥∥∥∥∥∥
1

N

N∑

j=1

Bj

∥∥∥∥∥∥

2

2

.

This is to ensure that the average annotator
has zero bias towards each of the classes.

In summary, the model combines a shared rep-
resentation of each text with annotator-specific ad-
justments. BERT encodes the input into a con-
textual embedding, which is then mapped to base
logits via a linear classification layer. The Anno-
tator Layer modifies these logits according to the
learned parameters of the annotator who supplied
the label, modelling their individual perspectives.
Via backpropagation, updates to the BERT param-
eters incorporate annotator information, enabling
the encoders to refine text representations accord-
ing to annotators’ various moral perspectives.

5 Experiments

Here we demonstrate two main aspects of our ap-
proach: (1) its effectiveness in predicting individ-
ual annotations, and (2) the interpretability of the
learned annotator features.
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Figure 4: Average per-class F1 scores (five runs on different splits) for 10 moral values across five foundations
(without class absent), comparing three models: FT-BERT, BO-AL and LT-AL, evaluated on raw annotations. Both
BO-AL and LT-AL models outperforms the baseline FT-BERT model.

We begin by preprocessing the texts follow-
ing steps outlined in Appendix A.1. We then
separate the data into subsets that correspond
to each of the five foundations, where we keep
the cleaned texts, annotator ids and annotations.
For each foundation, we create five folds using
a StratifiedGroupKFold from scikit-learn (Pe-
dregosa et al., 2011), which maintains the overall
label distribution across folds and prevents data
leakage by ensuring that all annotations belonging
to the same tweet are grouped together in either
the train or test set. Models are built and evaluated
using the 5 non-overlapping splits and any metrics
reported is an average score calculated across the
five splits.

We compare the two variants of Annotator Layer
(the Bias-only Annotator Layer (BO-AL) and Lin-
ear Transformation Annotator Layer (LT-AL)) with
a baseline of finetuned BERT without an Anno-
tator Layer (FT-BERT). The latter adds a linear
classifier that maps embeddings from BERT into
a 3-class probability distribution and the parame-
ters are finetuned. Finetuned BERT is currently
regarded as the state-of-the-art approach in moral
value classification. We deploy the same pretrained
BERT-base-uncased and apply an identical train-
ing process wherever possible, allowing our ex-
periments to also function as an ablation study.
Training details and values of hyperparameters are
recorded in Appendix A.2. We report classification
performance using F1 scores to better reflect per-
formance (than classification accuracy) under the
dataset’s imbalanced label distribution.

6 Results

By modelling annotator-level features, Annotator
Layers yield clear prediction improvements for in-
dividual annotations compared to the baseline.

FT-BERT BO-AL LT-AL
Authority 57.3 64.6 71.3

Care 67.4 70.2 75.1
Fairness 69.7 71.1 74.9
Loyalty 62.1 64.3 70.0

Purity 56.3 62.7 72.9
Overall 62.6 66.8 72.8

Table 4: Macro F1 scores for each foundation across
three models: FT-BERT, BO-AL, and LT-AL. The addi-
tion of Annotator Layer improves classification perfor-
mance, where the linear transformation variant yields
the most improvement of 10.2% in F1 score, averaged
across all foundations.

Figure 4 shows that as we increase the complex-
ity of neural network structures that represent the
annotators (from none for FT-BERT, to linear lay-
ers for LT-AL), the performance improves across
all foundations. With more model parameters, the
LT-AL model has greater representational power
for modelling individual annotators, leading to a
largely improved classification performance over
the baseline when predicting individual annotations.
Even the BO-AL model yields a clear performance
gain, despite adding only a small bias matrix (69 pa-
rameters). We observe particularly large improve-
ment in F1 scores for Authority, Loyalty and Purity.
Table 4 further validates these results, showing im-
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Virtue Vice Absent
FT-BERT BO-AL LT-AL FT-BERT BO-AL LT-AL FT-BERT BO-AL LT-AL

A 40.8 50.9 58.9 38.1 48.7 59.8 93.0 94.1 95.0
C 55.9 57.1 63.0 55.4 61.7 69.1 90.8 91.8 93.1
F 59.4 60.6 64.7 57.7 60.1 65.9 92.1 92.7 93.9
L 53.3 57.9 64.1 39.0 40.9 50.9 93.8 94.2 94.9
P 33.5 43.2 60.0 39.8 48.9 61.9 95.5 96.0 96.8

Table 5: Per-class F1 scores (Virtue, Vice, Absent) for each foundation (abbreviated by their initial letters) across
three models: FT-BERT, BO-AL, and LT-AL. The greatest classification improvements occurs in the moral classes
compared to the Absent class.

provements in macro F1 scores across all founda-
tions when adding Annotator Layers.

Table 5 shows the greatest classification perfor-
mance gains occur in moral classes (virtue and
vice). For instance, the greatest improvement over
the baseline model is the classification of purity
(virtue aspect of foundation Purity) with the LT-
AL model, yielding an increase of 0.265 in F1
score. All three models perform comparably when
it comes to classifying the absent class (a tweet that
is not expressing a certain moral value). However,
we still see an improvement for the absent class
with the addition of Annotator Layers, even when
the baseline is already sufficiently strong.

7 Discussion

7.1 Interpretability of Annotator Layer

Figure 5: Bias matrix for the Care foundation extracted
from the bias-only Annotator Layer. Positive values
(see colourbar) indicate positive bias. This matrix gives
information regarding how annotators give labels with
different tendencies for the same foundation.

To illustrate the interpretability of the bias-only
Annotator Layer, we extract the bias matrix from
the trained models and analyse annotators’ biases
towards each class. Figure 5 visualises annota-
tors’ biases per foundation level. Positive values
indicate biases towards a class whereas negative
values indicate biases against a class. Several bias
patterns are observed in the bias matrix; we use
the Care foundation as an example. Annotator 2
shows a moderate bias toward the virtue aspect
Care and, correspondingly, a bias against the vice
aspect Harm. However, this complementary be-
haviour between the two polarities does not always
hold. When an annotator possesses a tendency
towards or against one moral class, the complemen-
tary class may instead be absent. We observe this
pattern in several annotators (e.g. Annotator 3 and
7). In some cases, annotator exhibit biases towards
or against both moral classes, with the absent class
acting as the complement.

We also show bias weights for a subset of an-
notators for the Care and Fairness Foundations.
Annotators 5, 6, 7 and 8 belong to the same co-
annotation cluster (Figure 2) meaning they were
presented similar tweet contents. Hence, we pick
this group to show how the labelling patterns share
similarity and difference across foundations. Fig-
ure 6 shows the biases over two foundations for
the group of selected annotators. We observe that
Annotators 7 and 8 show a consistent tendency to
favour the absent class, with only minor differences
in their biases toward the virtue classes across the
two foundations. In contrast, Annotators 5 and
6 both have different tendencies between the two
foundations. Both show similar patterns for Care,
favouring the vice class and labelling against the
virtue class. However, for Fairness, they exhibit
opposite patterns. Annotator 5 favours the absent
label and gives fewer virtue labels, whereas Anno-
tator 6 shows the reversed behaviour. These obser-
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vation suggests that, while some bias patterns are
consistent, they should be analysed separately for
each foundation rather than assuming a universal
annotator bias.

Figure 6: Bias Heatmaps of Foundations Care (Left) and
Fairness (Right), for Annotators 5, 6, 7 and 8, showing
annotators with similar bias patterns in one foundation
can have opposite bias patterns in another.

By summarising these observations, we may
identify groups of annotators who share similar
perspectives when interpreting moral values for
each foundation. These groups exhibit consistent
patterns in moral judgement, such as virtue/vice-
oriented annotators, annotators who frequently give
moral labels, and those who give moral labels more
cautiously, leading to dominating non-moral (ab-
sent) annotations. Such patterns suggest meaning-
ful “annotator types", revealing insights into the di-
versity of moral judgement and providing potential
categorisation for all individuals, not just annota-
tors. This provides possible modelling approaches
that learn group behaviours instead of modelling
individual annotators, such as mixture-of-experts
models where experts represents groups of peo-
ple with similar perspectives. One can also study
correlations between individual political ideology,
cultural background and other demographic factors
with the “types" that we identify, gaining insights
into the development of diverse perspectives.

To examine whether these bias patterns cap-
ture information beyond simple annotator-level la-
bel preferences, we construct a non-learned em-
pirical baseline using relative label preferences
P (c|a)/P (c), where each annotator’s labelling dis-
tribution is normalised by the overall class distri-
bution to account for class imbalance. Replacing
the learned bias matrix with this empirical prefer-
ence yields comparable performance, suggesting
that both approaches shift the predicted probability
distribution in similar directions for each annota-
tor. However, we observe that while the direction
of these shifts is broadly aligned, the magnitude

of the learned biases differs from the empirical
preference matrix. This indicates that the learned
bias is not merely reproducing simple dataset statis-
tics. The Jensen-Shannon divergence between the
learned bias and empirical preference matrices aver-
ages 0.446±0.070 across annotators, ranging from
0.329 to 0.562, indicating that the two representa-
tions are not closely aligned at the distribution level.
Moreover, the text encoder is jointly finetuned with
the bias matrix and may encode annotator related
information, which is not isolated in this analysis.
These results suggest that, despite similar empiri-
cal performance, the bias-only model still captures
meaningful structure beyond label frequency statis-
tics.

7.2 Raw Annotations and Aggregated Labels
Using the trained models with Annotator Layers,
we apply a simple rule to obtain an aggregated la-
bel for each tweet. For each tweet, we activate
all “annotators" in the Annotator Layer, regardless
of their IDs, and obtain 23 predictions, yielding
23 probability distributions over the 3 classes. We
then average these distributions and select the class
with the highest mean probability as the aggregated
prediction. For this analysis, we train the base-
line model FT-BERT directly on aggregated labels,
mimicking the common practice used when fine-
tuning BERT for moral value classification.

Figure 7: Trend of macro F1 scores as the modelling
capacity to represent the annotators increases, compared
for predicting raw annotations and aggregated labels. As
the capacity to model individual perspectives increases
(from FT-BERT to LT-AL), we see an increase in classi-
fication performance on raw annotations and a decrease
in classification performance on aggregated labels.

We show the changes in macro F1 scores in Fig-
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ure 7 as we move from standard finetuned BERT,
to the two variants of the Annotator Layers. The
horizontal axis can be interpreted as an increas-
ing capacity to model annotator-specific features
from left to right. We’ve already shown in the
Results section that as we increase the capacity,
the prediction accuracy of raw annotations also in-
creases (solid lines in Figure 7). When evaluating
on aggregated labels, the FT-BERT and BO-AL
models achieve comparable performance, whereas
the LT-AL model shows a substantial decrease.
This decrease when evaluating on aggregated la-
bels is more obvious where we see the largest
gain when evaluating on raw annotations. Interest-
ingly, the transition from BO-AL to LT-AL yields
the strongest improvement on raw annotations,
but it also produces substantial decrease under
aggregated-label evaluation. This is expected, the
LT-AL models are designed to capture annotator-
specific features and better learn how individuals
interpret texts and assign labels. When activating
all annotators and collapsing their outputs into a
“consensus” label, additional noise is introduced
due to the sparse annotation structure. In essence,
we are asking the learned annotator representations
to make predictions on tweets that the correspond-
ing annotators never see, with potentially great do-
main differences. These observations demonstrate
that a model that is capable of representing annota-
tors’ individual perspectives does not necessarily
agree with the aggregated labels. This highlights
an important limitation of training models on ag-
gregated labels: a strong performance by such a
model may hide substantial underlying variations
in individual perspectives and may not reflect the
true effectiveness of the model.

7.3 Ambiguity of Foundations

Foundation Type Virtue Vice Mean
Care I 7.1 13.7 10.4

Fairness I 5.3 8.2 6.8
Authority B 18.1 21.7 19.9

Loyalty B 10.8 11.9 11.4
Purity B 26.5 12.1 19.3

Table 6: Performance improvement in F1 scores (%)
between LT-AL and FT-BERT for the five moral founda-
tions. The binding (B) foundations benefits more from
modelling annotators’ individual perspectives when
compared to the individualising (I) foundations.

While the addition of Annotator Layers im-

proves overall performance, the gains vary across
foundations, suggesting that some moral founda-
tions exhibit greater ambiguity and therefore bene-
fit more from annotator-specific modelling. Greater
improvements occur in Authority, Loyalty, and Pu-
rity, compared to Care and Fairness (Table 6). This
pattern mirrors the distinction between individu-
alising foundations (Care, Fairness) and binding
foundations (Authority, Loyalty, Purity). Individu-
alising foundations are generally considered more
morally relevant and are endorsed across the polit-
ical spectrum, whereas binding foundations tend
to receive endorsement from a smaller portion of
the population (Graham et al., 2009). We’ve shown
that human annotators exhibit lower agreement on
the binding foundations (Table 3), as measured
by Krippendorff’s α, indicating greater ambigu-
ity. This pattern align with both the observed per-
formance gains and the psychological distinctions
between binding and individualising foundations.

8 Conclusion

In this work we introduced the Annotator Layer for
moral classification of texts that captures annotator-
specific moral perspectives and annotation patterns,
extending on finetuning BERT models. Our experi-
ments demonstrate improved classification perfor-
mance of individual annotations in crowdsourced
dataset, along with interpretable representations of
annotators’ bias patterns. It is shown that disagree-
ment between annotators in such subjective tasks is
a learnable feature instead of annotation noise. The
results suggest that relying solely on aggregated
labels can hide important information. We hope
this work encourages future research to move be-
yond training a universal classifier that predicts a
“ground truth" and develop models that better re-
flect diversity of moral judgement and understand
the subjectivity of moral classification of texts.

9 Limitations

Our work has two primary limitations.
First, although the dataset publication notes that

annotator metadata (e.g., demographic information,
political ideology and moral values measured by
MFQ) exists, this information was not available
to us and is therefore not incorporated into the
analysis. As a result, while the Annotator Layer
learns annotator-specific features and identified po-
tential differences of annotation patterns between
groups of annotators, we cannot directly examine
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how these patterns relate to known characteristics.
Studies in moral psychology have validated that
these characteristics have a direct impact to human
moral judgement. Hence, access to such data can
help validate the learned representations and pro-
vide explanations to some of the observed patterns.

Second, our approach does not provide a strong
mechanism for producing high-quality aggregated
predictions to moral values. We’ve demonstrated
the bias-only variant’s comparable classification
performance to finetuned BERT on aggregated
labels, but the linear transformation variant has
shown a substantial decrease in performance. Many
downstream applications ultimately requires a sin-
gle, aggregated label for a text observation, yet our
annotator-specific models requires annotator (hu-
man) information to provide accurate predictions
which typically lacks in these tasks. The model
learns fine-grained human-specific behaviours and
does not generalise well for aggregated labels. Our
naive approach to obtain consensual labels by acti-
vating all annotator corresponding neural network
structures and averaging the prediction distribu-
tions introduces noise, especially given the sparse
and uneven co-annotation structure. Developing
principled aggregation methods that leverage anno-
tator features is a vital future direction.
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A Training Details

A.1 Text Preprocessing

We clean the twitter texts by first removing URLs,
non-alphanumeric characters, punctuations and
retweet markers. All text is then lowercased, and
user mentions are replaced with the token “@user”.
Stopwords may optionally be removed, though we
found this to have negligible effect on model per-
formance.

A.2 Training Process and Hyperparameters

We implement and train all models using Pytorch
(Paszke et al., 2019) v2.7 and optimise the parame-
ters using the AdamW optimiser (Loshchilov and
Hutter, 2017). The initial learning rate is 2e-5 for
the BERT parameters and is 1e-4 for the parame-
ters in the linear layer and Annotator Layer, with
linear decay and no warm-up. The lower learn-
ing rate is used to update the parameters of BERT
moderately, avoiding deterioration of BERT’s abil-
ity of capturing semantic and contextual meaning
with the embeddings. In training, we use a batch

size of 8, and the maximum input text length is
set to be 64 tokens as all texts in the dataset are
short in length. We set the L2 regularisation coeffi-
cient to 0.01 and the centred bias penalty to 0.05.
We train the models for 5 epochs and freeze the
BERT parameters during the first epoch to allow
the newly added layers to stabilise before full fine-
tuning. All experiments are run using one Nvidia
A100-SXM4-40GB GPU.
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