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Abstract

Alongside its literal meaning, text also carries
implicit social signals: information that is used
by the reader to assign the author of the text
a specific identity or make assumptions about
the author’s character. The reader creates a
mental image of the author which influences
the interpretation of the presented information.
This is especially relevant for argumentative
text, where the credibility of the information
might depend on who provides it. We therefore
focus on the question: How do readers of an
argument imagine its author? Using the Con-
tArgA corpus, we study arguments annotated
for convincingness and perceived author prop-
erties (level of education and Big Five person-
ality traits). We find that annotators perceive an
author to be similar to themselves when they
agree with the stance of the argument. We also
find that the envisioned personality traits and
education level of the author are statistically sig-
nificantly correlated with the argument’s con-
vincingness. We conduct experiments with four
generative LLMs and a RoBERTa-based regres-
sion model showing that LLMs do not replicate
the annotators judgments. Argument convinc-
ingness can however provide a useful signal for
modeling perceived author personality when it
is explicitly used during training.

1 Introduction

When interpreting a text, social clues about the
author (also called social meaning, Nguyen et al.,
2021) and referential meaning are often intrinsi-
cally linked. Reading a social media post by a
disliked politician might lead to a different inter-
pretation than reading the same text but assuming
it was written by a friend. Similarly, properties of
the text like word choice might give clues to an au-
thor’s educational level or personality traits. This
interplay is especially relevant with regards to per-
suasive text, where a judgment of the argument’s
convincingness is derived from both the argument
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Figure 1: Work flow example. The annotator’s stance
(pro zoos, as shown on the t-shirt) clashes with the
stance of the argument. The argument is seen as uncon-
vincing and leads to an unfavorable assessment of the
author.

itself and the source of the argument (Petty and Ca-
cioppo, 1986). It is our hypothesis that, when only
minimal contextual grounding is available, readers
develop their mental image of the author mostly
from the argumentative text, allowing us a glimpse
into the construction of social meaning.

Previous work has found the assessment of ar-
gument convincingness to be a subjective task
with low inter-annotator agreement (Quensel et al.,
2025). While convincingness is derived from the
argument text itself, it is also influenced by factors
that are dependent on the reader of the argument:
their familiarity with the topic and their stance to-
wards it (Greschner et al., 2025). In this work,
we examine both the argument-focused variable of
convincingness as well as the annotator-focused
variable of topic stance with regards to their role
in the creation of a mental image of an argument’s
author. This way we move from an abstract view
of arguments towards a perspectivist approach that
integrates human differences.

To examine the phenomenon of author percep-

tion we investigate the connections between the
convincingness of an argument and traits of its en-
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visioned author (Big Five personality traits (Costa
and McCrae, 1999) and education level). We
find that convincingness is positively correlated
with perceived education and the personality traits
Agreeableness and Conscientiousness. We also
investigate how properties of the annotator shape
the envisioned author, specifically the annotators’
agreement with the stance of the argument. We
find that when the stance of the argument aligns
with the stance of the annotator, they perceive the
envisioned author to be more similar to themselves
than when stances do not align.

We study the role of convincingness in modeling
author personality by testing four generative LLMs,
either with no convincingness signal, the annotator-
assigned score, or a random value. Results show
that the tested LLMs do not benefit from the con-
vincingness signal. In contrast, a RoOBERTa-based
regression model trained with the convincingness
signal better aligns with human annotations than
the same model without it. This highlights convinc-
ingness as a valuable cue for modeling perceived
author personality.

Our main research questions are:

RQ 1: Do annotators build an internal represen-
tation of an author when presented with an argu-
ment? (Yes)

RQ 2: What perceived author properties are
associated with the individual assessment of con-
vincingness in arguments? (All personality traits
show correlation with convincingness, with Agree-
ableness having the strongest correlation)

RQ 3: How does annotator stance influence the
similarity between annotator and envisioned au-
thor? (When stances agree, there is a statistically
significant correlation of all personality traits of
annotator and envisioned author)

RQ 4: Does the correlation in of convincing-
ness and envisioned author personality traits (estab-
lished in RQ?2) carry over to computational model-
ing, helping to predict perceived author personal-
ity? (Yes)

Understanding how readers envision an argu-
ment’s author is important because social infer-
ences play a role in credibility judgments, yet they
remain underexplored in computational argumenta-
tion. By examining how readers envision authors
within a controlled setting, our work offers an em-
pirical basis for understanding these social infer-
ences. Our findings highlight that subjective fac-
tors like assessment of convincingness and reader
stance are a non-negligible part of how people pro-

cess argumentative text. We make all data and code
publically available.!

2 Related Work

2.1 Social Meaning

Understanding and modeling the information that
a text conveys about its author has been the focus
of computational sociolinguistic research, looking
especially at vernacular and dialect (Nguyen et al.,
2016). Recent work has pointed out that the di-
mension of social meaning remains underexplored
in the context of NLP, especially because modern
NLP systems train on large data sets, where text is
removed from the situational context of its creation,
capturing the abstract patterns of language rather
than its situation dependent use (Yang et al., 2025).

While social meaning might be embedded along
representational meaning in language models, these
models do not actively draw on this knowledge
(Lauscher et al., 2022). Nguyen et al. (2021) argue
that linguistic forms with different social meaning
should not receive the same representation if social
meaning is relevant for the task at hand. This would
require disentangling the two types of meaning
with regards to social context and properties of the
interaction participants.

Recent work in perspectivism shares in this crit-
icism of socially unaware models (Frenda et al.,
2024). Perspectivist authors point out that vari-
ations between annotators should not be seen as
noise or a product of insufficient annotator train-
ing, but as a source of information about the task
at hand (Kanclerz et al., 2022; Casola et al., 2025;
Weber-Genzel et al., 2024).

Our work follows this advice by considering not
only argument text, but also individual properties of
the annotator like their personality traits, education
level, stance towards the argument topic, assess-
ment of argument convincingness and the mental
image that annotators create of the author.

2.2 Personality Traits

The task of deducing an authors personality traits
from text is examined in the domain of author pro-
filing (Verhoeven et al., 2016; Kreuter et al., 2022).
In contrast to this work, we do not aim to deduce
the ground truth personality traits of the author of
an argument, but rather what a reader of the argu-
ment thinks they are — assessing an imagined au-

"https://www.uni-bamberg.de/en/nlproc/projects/emcona
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thor, that might be different for each reader, rather
than an actually existing person.

Another line of work examines the way readers
construct mental representations of fictional char-
acters from text. Pizzolli and Strapparava (2019)
use the Big Five personality trait model to create
character profiles from dialogues in theater plays
and Tiuleneva et al. (2024) release a data set of
character utterances annotated with Big Five per-
sonality traits. While these works are more similar
to our in that they are also concerned with the men-
tal representation of personality from text alone,
they do not integrate subjective assessments of the
annotators into modeling, thus ignoring differences
between readers.

2.3 Perceived Author Identity in Arguments

While there is some research on perceived author
properties in other domains, there is only little re-
search about implicit information conveyed about
the author in textual arguments, one instance being
Bender et al. (2011). The paper studies claims to
authority and agreement in Wikipedia forum discus-
sions. While Bender et al. (2011) do not study the
assumptions that conversation participants make
about one another, they examine how speaker iden-
tity and authority is constructed in text, calling
this identity work in reference to sociolinguistic
research (Bucholtz and Hall, 2010).

Another notable work is the ContArgA corpus
(Greschner et al., 2025), which allows us to exam-
ine this identity work at play in one concentrated
snapshot. Unlike a lengthy forum discussion that
allows for opinions to develop slowly, the corpus
offers an opportunity to see the mental model that
annotators develop of the author, based only on a
text, minimal demographic information and their
own prior belief.

3 Experimental Settings

To answer our research questions, we take a two-
step approach. We first conduct a detailed statistical
analysis of the ContArgA courpus to answer RQs
1, 2, and 3 and then use the gained insights do de-
sign our modeling experiments, thereby answering
RQ 4.

3.1 The ContArgA Corpus

To conduct our research, we require a corpus that
combines short textual arguments with annotator
assessments of the text’s convincingness and prop-
erties of the envisioned author of the text, e.g., the

author’s education level and Big Five personality
traits. We also need the corpus to contain the same
information (education level and Big Five Person-
ality traits) about the annotator. The ContArgA
corpus (Greschner et al., 2025) satisfies these re-
quirements which is why we select it for our study.

The ContArgA corpus contains 800 arguments
that were sampled from two existing argument cor-
pora and re-annotated for a variety of different vari-
ables. Each argument was annotated by 5 annota-
tors resulting in a total of 4000 annotations. Each
annotator annotated at least 2 arguments, but mul-
tiple participation was allowed. Annotators were
recruited via the annotation platform Prolific and
they represent an even distribution across ages and
genders. For further details, refer to Greschner et al.
(2025).

During the annotation process, annotators were
instructed to imagine themselves as participants
in a town hall discussion on a contentious issue,
watching a speaker approaching the podium and
presenting an argument in favor or against the issue
(an example of this can be seen in Figure 1). They
then provided judgments of the convincingness of
the argument, emotions they experienced and an as-
sessment of the person saying the argument. While
the corpus contains a variety of annotations, we
are specifically interested in variables pertaining
to the annotator and the envisioned author of the
argument.

Input. After being introduced to the scenario an-
notators see the textual argument along a minimal
description of the person uttering the argument.
The description presents the annotator either with
an old or a young person and a man or a woman,
e.g.: “An old woman approaches the microphone
and makes a statement: ...”. The input variables
are age and gender of the author and the argument
they present. Textual arguments that explicitly re-
fer to the speakers age or gender were removed
during corpus creation to avoid conflicting inputs.

Annotations. The annotators provide three kinds
of information: First, they provide information
about themselves, specifically by disclosing their
level of education and their stance towards the dis-
cussion topic and by filling a Big Five personality
test (Gosling et al., 2003). Second, they provide
their assessment of the argument, specifically by
annotating its convincingness on a scale of 1 to
5, with 1 being least and 5 being most convinc-
ing. Third, they provide information about the en-
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Figure 2: Overview of relevant variables collected in the ContArgA corpus.

visioned author, assigning them an education level,
filling the same Big Five personality test they filled
earlier for themselves for the author and lastly fill-
ing an optional free text field with further details
about the envisioned author. An overview of the
examined variables can be found in Figure 2.

3.2 Modeling

To examine the role of convincingness in model-
ing perceived author personality traits, we use the
full ContArgA corpus as a test set. All LLMs re-
ceive the ContArgA corpus as input, while for the
RoBERTa-based model we perform 5-fold cross-
validation. This way we can report results for the
RoBERTa model for all instances of the ContArgA
corpus. In all test cases we compute the root mean
squared error in comparison with the gold labels
provided by the annotators for each of the Big Five
personality traits. We release all models, training
code and LLM outputs.”

LLM. To examine the capabilities of light-
weight LLMs in modeling implicit assumptions
about the author of a text we choose four recent
open-weight LLMs (Gemma 8.5B (Mesnard et al.,
2024), Mistral 7.2B (Jiang et al., 2023), Mixtral
46.7B (Jiang et al., 2024), 3.2B (Grattafiori et al.,
2024)). We use a zero-shot prompting setup in
which we put the full text that the annotators see
as the user prompt. As system prompt we set the
task of filling the Big Five personality test for the
author of the argument. We also provide the not
yet filled-out questionnaire itself, the same way as
the human annotators were shown during the cre-
ation of the ContArgA corpus (the full prompt can
be found in Appendix A). We set three experimen-
tal conditions: One providing the LLM with the
convincingness value annotated by the human anno-
tators (as an additional textual line in the prompt),
one providing a random value, and one without this
information. Building on the results of our earlier
statistical analysis, we hypothesize that having the
annotator-assigned convincingness values (in com-

Zhttps://www.uni-bamberg.de/en/nlproc/projects/emcona

parison to a random value or no value at all) should
help the LLM to make author assessments that are
more similar to human judgments.

All models are hosted on our own infrastructure
via Ollama’®. We use Ollama default parameters
for all models, namely a temperature of 0.7, token
limit of 1024 and Top P sampling set to 0.95.

RoBERTa-based Model. In addition to LLM
prompting, we compare against a RoBERTa-based
(Liu et al., 2019) regression model which is in-
spired by the FiILM model used for learning from
input signals with different sized vector encodings
(Perez et al., 2018). Each argument text is com-
bined with the demographic data of the speaker (as
in the example in Figure 2), tokenized and encoded
by RoBERTa*, and the representation of the [CLS]
token is extracted as a fixed-length vector. To ac-
count for the role of perceived convincingness, we
implement two model variants:

In the Baseline Model, the [CLS] embedding
is passed through a two-layer feed-forward regres-
sion head (512 — 256 hidden units, ReLLU activa-
tions, dropout rate 0.2), producing continuous pre-
dictions for the Big Five personality dimensions. In
the Convincingness-Augmented Model, in addition
to the argument text, the annotator-provided con-
vincingness score is supplied as an auxiliary scalar
input. The score is projected into the same dimen-
sionality as the [CLS] embedding via a two-layer
projection network, and used to generate feature-
wise scaling and shifting parameters (FiLM modu-
lation). These parameters are applied to the [CLS]
embedding to yield a convincingness-conditioned
representation, which is then passed through the
same feed-forward regression head as the baseline.
This architecture ensures that the augmented model
has equivalent capacity to the baseline, with the
only difference being the inclusion of convincing-
ness information.

RoBERTa-based models were trained with early
stopping, learning rate of 2 x 10~ and a weight

3https://github.com/ollama/ollama
*https://huggingface.co/Facebook AI/RoBERTa-base
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decay of 0.01. The best performing model was
trained for 9 epochs. All models were trained on
a single Nvidia L40 GPU with one training run
taking on average 1.5 minutes.

4 Results

In this following section we will outline the results
of the analysis of the ContArgA data set and the
modeling experiments.

4.1 RQ 1: Do annotators imagine an author
when presented with arguments?

To answer this question we look at several statis-
tical properties of the data presented in the Con-
tArgA corpus.

Free Text Input. We investigate whether anno-
tators use the free-text description field offered
to give additional details about the author to at-
tribute fully developed characteristics to them, and
whether these descriptions differ depending on the
argument or between annotators.

To address these questions, we analyze the free-
text responses provided by annotators. We first
examine the frequency and content of the entries,
and then quantify variation using the Jaccard in-
dex, a measure of word overlap. Variation is as-
sessed both within annotators (comparing their de-
scriptions across different arguments) and across
annotators (comparing descriptions for the same
argument).

Overall, 69% of annotators completed the free-
text field. Among the 100 most frequently used
adjectives are “passionate” (22 mentions), “strong”
(20 mentions), and “religious” (14 mentions), while
common nouns include identity terms such as “fa-
ther” (18 mentions), “student” (15 mentions), and
“parent” (7 mentions). These patterns suggest that
annotators ascribe specific roles and characteristics
to the imagined authors.

To determine whether different arguments elicit
different author descriptions, we calculated the Jac-
card index for all entries from the same annotator.
The resulting low average of 0.074 indicates that
individual annotators provide distinct descriptions
for different arguments. Exceptions exist, such as
an annotator who consistently questioned whether
each envisioned author was “of foreign descent.”
Some annotators also maintain a repeated sentence
structure (e.g., “She seemed ...” or “The person is
...”) while varying the descriptors.

We then assessed whether different annotators
envision the same author differently by computing
the Jaccard index across annotators for the same
argument. The very low average of 0.035 confirms
substantial variation between annotators. Although
occasional overlap occurs (e.g., two annotators de-
scribing an author as “right-wing”), more often,
annotators use divergent descriptors, such as one
calling the author “well-educated” while another
describes them as “naive”.

Demographic Variables of the Author. We hy-
pothesize that if an annotator envisages an author,
they might apply the same demographic biases to
them as they would to an existing person. Specifi-
cally, we want to examine whether perceptions of
an author’s age or gender influence how annotators
envisage them, e.g. whether older authors are as-
sumed to be wiser than younger authors, or whether
female authors are envisioned as more emotional
than male authors. In the ConArgA annotation
process demographic information about the author
was presented alongside the argument text (see Fig-
ure 1), which allows us to answer these questions.

To answer them, we assign numerical values to
the successive categorical education levels and per-
form a T-Test between the respective groups. Be-
cause the personality traits are valued with numeric
values, e.g., Extraversion = 2, we perform a T-Test
between respective groups here, too. We do not
find any statistically significant differences in en-
visioned education level between female and male
authors, and only slight differences in assumed
personality traits: Women are rated slightly (but
statistically significantly) higher in Agreeableness
and lower in Emotional Stability, which aligns with
gender stereotypes in the region where the corpus
was collected (Plant et al., 2000).

Demographic bias is more pronounced along the
age axis than along the gender axis: Old authors are
assumed to have a lower education level than young
ones and are perceived as statistically significantly
different in all personality traits, being assumed to
be less extraverted and open and more agreeable,
conscientious and emotionally stable than young
authors. These findings point towards the annota-
tors forming a complex mental image of the author
when confronted with the arguments, rather than
envisioning an average or random person.
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Trait

Extraversion —0.08***
Agreeableness 0.39***
Conscientiousness 0.22%**
Emotional Stability 0.18***
Openness 0.06**

Table 1: Pearson correlation (r) between assumed author
traits and argument convincingness. Significance levels
p < .01, ***p < .001

4.2 RQ 2: What perceived author properties
are associated with the individual
assessment of convincingness in
arguments?

We aim to investigate whether the author of a con-
vincing argument is imagined as having specific
personality traits. To address this question, we
compute Pearson correlations between argument
convincingness and the envisioned education level
and personality traits of the author.

We observe a statistically significant positive cor-
relation between convincingness and the author’s
perceived education level (Pearson’s r = 0.20). Ad-
ditionally, all personality traits show statistically
significant correlations with convincingness, most
of them positive, except for Extraversion. The cor-
relation results can be found in Table 1.

This leads us to the following conclusion: The
more convincing the argument a speaker is present-
ing, the more they are perceived to have a high
education, to be agreeable, conscientious and emo-
tionally stable. Openness and Extraversion play a
less important role, with less convincing arguments
associated with higher Extraversion.

4.3 RQ 3: How does annotator stance
influence the similarity of annotator and
envisioned author?

Overall similarity. To answer the question if the
annotators imagine the author to be similar to them-
selves we compare the education level and per-
sonality traits of the annotators with the values
they assigned to the author, by looking at average
values and Pearson correlation. We find that the
mean difference between the education levels of
annotator and speaker is —0.86, corresponding to
roughly one education level, and a Pearson correla-
tion of 0.23.

We find small but statistically significant correla-
tions between all personality traits of the annotator

Trait Agree Disagree
Extrav. —0.06* —0.13***
Agreeabl. 0.20*** 0.07*
Conscient. 0.13*** 0.05

E. Stab. 0.10*** 0.02
Open. 0.06* 0.02

Table 2: Pearson correlation (r) between participant
traits and assumed author traits, by stance agreement.
Significance levels **p < .01, ***p < .001

and the author, ranging from weakest —0.09 for
Extraversion to strongest 0.13 for Agreeableness.
This shows that while there are big differences
between single annotators, the properties of the
imagined author are not entirely determined by the
argument text but also to a significant degree by
the annotators themselves.

Stance Alignment. The ContArgA corpus pro-
vides both the stance of each argument (pro/con)
and the annotator’s own stance, enabling a com-
parison of aligned vs. opposing stance conditions.
We partition annotations accordingly and compute
correlations between annotators’ own education
level and personality traits and those attributed to
imagined authors.

We find that the assumed author education cor-
relates statistically significantly with the annotator
education in both cases, but is stronger when anno-
tator and argument agree (r = .28) then when they
disagree (r = .21). When looking at personality
traits (see Table 2) we see statistically significant
correlations for all traits when stances agree, with
the strongest correlation for Agreeableness. For
non-agreeing stances only Extraversion and Agree-
ableness show statistically significant correlations.
This shows that when a speaker agrees with the
presented argument they assume the author to be
similar to themselves, except for the trait of Ex-
traversion, where there is a negative correlation.

4.4 RQ 4: Does the variable of convincingness
help in modeling perceived author
personality?

The data set analysis shows that argument convinc-
ingness has a strong statistically significant influ-
ence on perceived author personality traits, with
higher correlations than stance alignment. For this
reason we examine the role of argument convinc-
ingness in modeling perceived author personality.
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Trait Gemma LLaMA 3.2 Mistral Mixtral RoBERTa Reg.
Rand | Gold | Rand | Gold | Rand | Gold | Rand | Gold | Gold
Extr. +0.13 | +0.13 | +033 | +0.36 | 027 | -0.31 | +0.36 | +0.22 +0.008
Agree.  +0.50 | +0.50 | +0.20 | +0.36 | -0.27 | -0.29 | +0.08 | -0.55 +0.10
Consc. ~ +0.02 | +0.05 | +0.34 | +0.20 | -0.08 | -0.10 | +0.13 | -0.24 +0.04
E.Stab. +0.04 | +0.04 | -0.11 | +0.04 | +0.14 | +0.14 | +0.18 | -0.28 +0.03
Open. ~ +048 | +045 | -0.09 | -0.11 | +0.18 | +0.17 | -0.02 | -0.32 +0.002

Table 3: Difference in Personality Trait Prediction Performance when Convincingness Signal is Added (avg
RMSE) Positive values (green) indicate improvement with the convincingness signal; negative values (red) indicate
worse performance. For LLMs we compare improvements with a random convincingness signal and the gold
convincingness signal. The ROBERTa model was trained and evaluated with the gold convincingness signal using
5-fold cross-validation. Absolute RMSE values are reported in Appendix C.

LLMs. We hypothesize that if LLMs mimic hu-
man assessments of an argument’s author, then
their predictions of the author’s Big Five person-
ality traits should improve when the annotator-
assigned convincingness value is provided. To test
this hypothesis, we use four different LLMs to an-
notate the arguments, using three prompting setups:
One providing the human-annotated convincing-
ness value with the prompt, one providing a ran-
dom number as convincingness score and one only
displaying the argument text without any convinc-
ingness information. We compute the root mean
square error (RMSE) of the predicted personality
trait values with the gold label provided by the
annotator. Results can be seen in Table 3.

We can see that adding the annotator-assigned
convincingness value to the prompt does not lead
to a consistent improvement in prediction quality
for Llama3.2, Mistral and Mixtral, worsening pre-
diction quality for some traits. While prediction
quality in Gemma is improved when the annotator-
assigned convincingness value is provided, the
same is also the case with a random value, sug-
gesting that maybe the mention of convincingness
as a keyword in the prompt leads the model to a
different performance rather than the value itself.

To determine whether the correlation between
convincingness values and specific personality trait
is present in the LLM predictions, we run the same
analyses as used for RQ3, computing the Peason
correlation between the convincingness value as-
signed to the argument by a human annotator and
the different LLM-predicted personality traits of
the author. We find that the LLMs do not repli-
cate the connection between higher convincingness
and higher Agreeableness, Conscientiousness and
Emotional Stability, showing no statistically sig-
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nificant correlation between convincingness and
personality traits.

This can be seen as evidence that the tested
LLMs are not intrinsically capable of reproducing
this specific aspect of social meaning via zero-shot
prompting.

RoBERTa-based Model. In the RoBERTa-based
experiments, we evaluate whether incorporating
annotator-assigned convincingness as an input sig-
nal improves performance relative to a model that
omits this information, testing our hypothesis that
convincingness aids in modeling perceived author
personality. To do so we train both models and
perform 5-fold cross-validation. We compute the
root mean square error (RMSE) of the predicted
personality trait values with the gold label provided
by the annotator.

To test whether the differences between mod-
els’ performance are statistically significant we
use paired, instance-level resampling (Dror et al.,
2018). For each predicted personality trait value,
we compute RMSE for both models and form
paired differences. We then perform a non-
parametric paired bootstrap with 10,000 resam-
ples to estimate the sampling distribution of the
mean difference. The observed mean difference is
—0.0221, with a 95 percent confidence interval of
[—0.0301, —0.0141], indicating a reliable overall
advantage for the model that uses the subjective
convincingness information. On the level of spe-
cific personality traits, the convicingness-informed
model show statistically significant improvement in
the prediction of Extraversion, Agreeableness and
Openness. All results can be seen in Appendix B.

We find that unlike in the LLM prompting exper-
iment, the ROBERTa model using the convincing-



ness signal performs better on the prediction of all
personality traits. While LLMs struggle to integrate
the convincingness signal when given in a prompt,
explicit integration of the signal in the ROBERTa-
based model architecture helps the model to make
use of the signal.

When computing the Peason correlation between
the convincingness value assigned to the argument
by a human annotator and the personality traits pre-
dicted by the RoBERTa-based model, we find that
the correlation is much higher than the correlation
in the human-annotated data, indicating that while
the model uses the signal, it overly relies on this
signal rather than learning other clues from text.

5 Discussion

Our results show that when annotators encounter an
argument with little context, they still form an im-
pression of the author of the argument. While these
impressions are not universal across all annotators,
there are nevertheless consistent trends: The ar-
gument’s convincingness and the perceived author
personality traits are correlated, with more convinc-
ing arguments being associated with a higher score
in personality traits like Agreeableness, Conscien-
tiousness and Emotional Stability.

This could be seen as a textual expression
of the Halo Effect known to social psychology
(Thorndike, 1920). The Halo Effect describes how
a single salient positive trait such as physical at-
tractiveness can create a favorable impression of a
person, which then shapes the overall perception of
their other qualities, such as assumed intelligence
or trustworthiness. In our case, instead of attrac-
tiveness, the convincingness of the argument could
influence the perception of the personality traits.
Previous work shows this effect in multi-modal
LLMs used for making hiring decisions (Kim et al.,
2025) and in the reproduction of body image stereo-
types by LLMs (Asad et al., 2025). While this phe-
nomenon is well known in psychology and taken
into account when designing studies, this is to our
knowledge the first study to show this phenomenon
in textual arguments and to use it in the design of a
computational model for author perception.

We also show that people perceive an author to
be more similar to themselves when they agree
with the stance of the argument. We find this to be
in line with social projection theory (Machunsky
et al., 2014). When faced with an argument and
very little other information about the author, the

annotator might place the imagined author as an
in-group or an out-group member based on stance
alignment, and therefore assign them more simi-
larity if stances match. This in turn can lead to a
different assessment of the information conveyed
in the text or in future interactions with the author,
e.g. finding statements more trustworthy because
they are perceived to originate from ones in-group.
While there is some previous work investigating
social projection in LLMs outputs (Sumita et al.,
2025), this topic seems less explored in NLP and
can offer an avenue for future work.

Lastly, we find that LLMs, at least in a zero-
shot prompting approach, do not necessarily mimic
these human behaviors. This points to the pos-
sibility that the tested light-weight models lack
the implicit social reasoning or contextual infer-
ence abilities required to reconstruct perceived au-
thor characteristics from argumentative text alone,
which is in line with previous works about the short-
comings of LLMs with regards to social reasoning
(Lauscher et al., 2022). We also show that this so-
cial knowledge can be learned, using a lightweight
approach that does not need adaptation of language
models but relies on a regression head on top of
fixed RoOBERTa embeddings.

Our work may raise the question of desired
model behavior. Should LLMs or other models
that humans interact with represent envisioned au-
thor personality in line with their users? Previous
work shows that humans integrate author-specific
information when judging the convincingness of
arguments (Petty and Cacioppo, 1986), which sug-
gests that models approximating such judgments
may require mechanisms for representing this in-
formation.

In this work, the LLM experiments are not in-
tended to encourage anthropomorphic interpreta-
tions or to propose that models ought to construct
a stereotypical author profile. Instead, they serve
to probe whether current systems can use author-
related cues in a way that is informative for mod-
eling human assessments. This perspective frames
LLMs not as stand-ins for human annotators, but
as instruments for exploring how particular contex-
tual factors may or may not be captured compu-
tationally. Understanding the boundaries of these
capabilities is essential for designing methods that
reflect human argument evaluation.

Our findings have implications with regards to
the study of persuasion and misinformation spread
on social media, where readers encounter argu-
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ments on contentious topics without the ground-
ing of a personal relationship with an author or a
longer discourse to contextualize statements. Read-
ers are likely to construct their own mental models
of authors based solely on textual cues, which can
influence how persuasive they find an argument.
This may reinforce existing biases or in-group pref-
erences — a dynamic that plays a critical role in
the amplification of polarizing content online. We
therefore encourage the explicit modeling of social
phenomena like the Halo Effect and social projec-
tion theory in future work.

6 Conclusion and Future Work

In this paper we examine argumentative texts with
regards to the creation of social meaning, asking
wether the readers of arguments imagine an au-
thor of the argument and what factors influence the
properties of this envisioned author. Using statis-
tical analysis we find that readers do imagine an
author, showing that readers assign social roles and
qualities based on the text and that their judgments
in part reflect predominant demographic stereo-
types. We also show that the convincingness of an
argument is correlated with the envisioned author’s
education level and their personality traits, linking
more convincing arguments with more educated
and more agreeable and conscientious envisioned
authors. We also find that annotators envision au-
thors to be more similar to themselves if the stance
of the presented argument (for or against a certain
topic) aligns with the stance of the annotator.

Our work builds a connection to work in so-
cial psychology, where the Halo Effect is a well
described phenomenon. The correlation between
the convincingness of an argument and personality
traits assigned to the envisioned author of the ar-
gument can be seen as one expression of the Halo
Effect, where one perceived positive trait of a per-
son (in our case high convincingness) influences
the assessment of other unrelated traits. As to our
knowledge this is the first work to show this effect
in connection with argumentative text.

Future work should build on these findings by in-
tegrating them into models of argument and social
interaction, addressing the need for representations
of social meaning that are disentangled from de-
notational meaning. Ultimately, modeling social
meaning can enable language representations that
move beyond surface forms of text to capture the
nuances of different usage contexts.

7 Limitations

Our work is limited to the data presented in the
ContArgA corpus, which was created by annota-
tors from a relatively constrained geographic area
(the UK and Ireland). This limits the strength of
the deductions based on it. It also contains only
English language arguments. Despite these limita-
tions the ContArgA corpus is to our knowledge the
only corpus that examines envisioned author prop-
erties in the context of arguments, which makes it
the best option to answer our research questions.

Work in perspectivism calls for modeling of sin-
gle annotators, or a distribution of annotator judg-
ments rather than one gold label. When using con-
vincingness as a signal during modeling, we do so
in an unaggregated manner, using the convincing-
ness judgment of a single annotator as input and
evaluating model performance against that same
annotator’s gold labels. Nevertheless, we report
model performance averaged over all data points,
which could be seen as a break from perspectivist
modeling principles. Future work could be dedi-
cated to exmaining model performance for differ-
ent groups of annotators or as a distribution over
annotators.

8 Ethical Considerations

Central to this work is the ContArgA corpus, which
was collected prior to this work and is publicly
available data. The collection of the ContArgA
corpus was approved by the ethics boards, and con-
ducted via online crowdsourcing for which the an-
notators were payed and provided consent for the
usage of the data. The corpus does not contain any
data that would allow for personal identification.

A guiding question for ethical consideration is
who profits from our work and who is likely to get
harmed by intended or unintended uses of it. We
aim for this work to help in the modeling of social
interactions online, specifically when arguments
are encountered with little contextual information
about the author, e.g., in social media contexts.
Our findings can help to shine a light on the spread
of misinformation or the mechanics of radicaliza-
tion in online spaces. This can help to make these
spaces safer for all participants.

We do not attempt to predict ground truth per-
sonality traits of real people, which would be a vio-
lation of privacy if used without consent. We are
modeling what author readers imagine when they
read an argument. This knowledge can be used
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not only to study, but also to manipulate author
perceptions. When used with malicious intent this
knowledge could be used in the creation of convinc-
ing chatbots that exploit the connection between
stance alignment and perception of personality sim-
ilarity to manipulate people.

Lastly, Al assistance was used during the cre-
ation of this paper. We used GitHub Copilot 0.36.2°
for coding and ChatGPT-4° for assistance with
I&TEX formatting of tables and rephrasing of text
for clarity and grammatical correctness.
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A  LLM prompt

Figure 3 shows the full prompt used in our LLM
experiments. It uses the same text as the text shown
to the human annotators during the creation of the
ContArgA corpus.

B Bootstrap Levels

Table 4 shows Bootstrap levels for all personality
traits for the RoOBERTa-based models.

Trait 95% CI Low. 95% CI Up.
Extraversion —0.0141 —0.0072
Agreeableness —0.1060 —0.0617
Conscient. —0.0135 0.0169
Emot. Stability —0.0190 0.0057
Openness —0.0176 —0.0046

Table 4: Bootstrap 95% confidence intervals for the
difference in RMSE (A = RMSE, , — RMSEp).
Negative values indicate better performance by the
convincingness-informed model. Intervals excluding
zero denote statistically significant differences.

C Full RMSE values for all tested LLMs

Table 5 shows all RMSE values for all tested sys-
tems.
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<|system|>

You are an expert human annotator. You must fill out the TIPI questionnaire.

Use ONLY numbers 1-7. If unsure, choose the closest valid number.

<|user|>

You are in a bustling town hall, a bright room with folding chairs and a low hum of conversation.
Posters line the walls, showcasing various perspectives on the issue at hand. A panel of speakers
sits at a long table in front, ready to listen as community members approach the podium. The
crowd is a mix of familiar faces, local officials, advocates, and reporters poised with cameras.
As the moderator calls for public comments, silence falls. Curious and skeptical eyes focus on
the podium as each speaker takes their turn.

{speaker_age} {speaker_gender} approaches the microphone and makes a statement: {argument}

You judge the convincingness of the statement on a scale from 1 (not convincing) to

5 (very convincing) as {convincingness}.

Here are a number of personality traits that may or may not apply to the person.

Please choose a number from 1 (Disagree strongly) to 7 (Agree strongly) to indicate the extent
to which you think the person would agree or disagree with that statement.

You should rate the extent to which the pair of traits applies to the person, even if one
characteristic applies more strongly than the other.

Answer in this format:
[rating]
[rating]
[rating]
[rating]
[rating]
[rating]
[rating]
[rating]
[rating]
0. [rating]

— WO NOU b~ wWwN —

The person is extraverted, enthusiastic.

The person is critical, quarrelsome.

The person is dependable, self-disciplined.

The person is anxious, easily upset.

The person is open to new experiences, complex.
The person is reserved, quiet.

The person is sympathetic, warm.

The person is disorganized, careless.

The person is calm, emotionally stable.

The person is conventional, uncreative.

Important:
- Base your ratings only on the information given.
- Do not explain your ratings. Just output the numbers as shown above.

Figure 3: LLM prompt used for TIPI annotation.

Model Setting Extraversion Agreeableness Conscient. Emotional Stab. Opennness
Gemma With Conv 1.73 1.75 1.22 1.40 2.64
Gemma Random Conv 1.73 1.75 1.25 1.40 2.61
Gemma No Conv 1.86 2.25 1.27 1.44 3.09
LLaMA 3.2 With Conv 1.65 1.98 1.81 1.93 2.42
LLaMA 3.2 Random Conv 1.68 1.87 1.67 2.08 2.40
LLaMA 3.2 No Conv 2.01 2.07 2.01 1.97 2.31
Mistral No Conv 1.74 2.04 1.42 1.59 2.88
Mistral Random Conv 2.01 2.31 1.50 1.45 2.70
Mistral With Conv 2.05 2.33 1.52 1.45 2.71
Mixtral With Conv 1.25 2.52 1.74 1.97 2.51
Mixtral Random Conv 1.11 1.89 1.37 1.51 2.21
Mixtral No Conv 1.47 1.97 1.50 1.69 2.19

Table 5: RMSE by personality trait across models and settings.
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