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Preface

This volume presents the joint proceedings of the Social Context Workshop (SoCon) and
the Workshop on Integrating NLP and Psychology to Study Social Interactions (NLPSI). As
language in social interaction is shaped by both context and psychological processes, this joint
edition brings together complementary perspectives from both workshops.

Against this backdrop, the SoCon Workshop focuses on exploring the mechanisms through
which context shapes language use to accurately model it. The workshop takes an
interdisciplinary approach, seeking to establish a shared vocabulary on this topic and to explore
how NLP can be integrated with pragmatics, sociolinguistics, and sociology. By promoting
alternatives to traditional crowdsourcing techniques, it aims to provide a platform for advancing
community-centered approaches in NLP. The SoCon track received 12 submissions, 9 of which
have been accepted: 6 long, 2 short, and 1 non-archival. Accepted papers fall into two themes:
computational approaches to sociolinguistic variation across diverse case studies, and analyses
of the relationship between language and behavior in domains such as news consumption,
online counseling, and social media use.

Complementing this focus on social and contextual factors, the NLPSI Workshop examines
the core psychological processes that shape human behavior and communication, as well
as the factors that influence how individuals perceive, process, and produce language, and
the impact of these processes on communication. This interdisciplinary workshop welcomes
researchers from NLP, social psychology, and affective computing, intending to conduct large-
scale studies that explore key theories and research questions across these domains. This
tract received 12 submissions, out of which 7 have been accepted: 4 long papers, 1 short paper
and 2 non-archival extended abstracts. Accepted papers discuss topics including mental health
detection, personality modeling, persuasion and misinformation, evaluation of LLMs as social
measurement tools, and the analysis of language in social and clinical contexts.

Building on the contributions of both workshops, we are pleased to present this year’s best
paper awards. For SoCon, the best paper award has been assigned to the paper Documenting
Rural Gatherings in Aging Japan: Social Context and Language Use in Interaction at a
Mobile Supermarket authored by Haruka Sakai and Rui Sakaida. Their paper introduces
a documentation framework and presents a case study of language use at rural gatherings
in aging Japan, showing how mobile supermarket encounters function as socially meaningful
interactions rather than solely commercial exchanges. For NLPSI, the award has been assigned
to the paper State vs. Trait Anxiety in Causal Language Models authored by Karin Shistik, Idan-
Chaim Cohen, Aviad Elyashar, Ortal Slobodin, Odeya Cohen and Rami Puzis. Their study
introduces a psychometric framework (QCLM) for probing psychological constructs in language
models and shows that, consistent with the human state–trait distinction, models’ state anxiety
varies more with contextual stress while trait anxiety remains more model-specific.

The workshop involved two keynote presentations by Anne Lauscher and Ana-Maria Bucur.
Anne Lauscher delivered a keynote entitled “The Missing Piece: When Social Context Breaks
Our Models.” She is a Full Professor at the University of Hamburg, where she leads the
Trustworthy AI Lab. Her work focuses on connecting state-of-the-art generative AI with key
issues such as fairness, inclusion, safety, robustness, and the broader societal impact of large
language models and their multimodal extensions. She also develops expert applications of
AI, particularly in the sciences, and is actively involved in interdisciplinary research. Ana-Maria
Bucur presented the keynote “Understanding Mental Health through NLP: Insights from Online
Interactions.” She is a Postdoctoral Researcher at the Università della Svizzera italiana in the
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Information Retrieval Group at the Dalle Molle Institute for Artificial Intelligence (IDSIA). Her
research focuses on natural language processing for mental health, including the detection and
analysis of conditions such as depression using textual and multimodal data. She develops
datasets, benchmarks, and evaluation frameworks that support the responsible application of
AI in sensitive, real-world contexts.

We also introduce the Pragm.A.Lab, a community-centered research initiative aimed at bridging
pragmatics and social psychology in NLP annotation practices. Its first edition addresses the
self–other relation, treating conversation as the dynamic site where individuals and groups
co-shape one another, with the goal of designing an annotation scheme for a multilingual
conversational corpus.

Finally, we are grateful to all those whose work and support contributed to the success of this
workshop. We particularly acknowledge the LREC organizers and the workshop chairs for their
guidance throughout this edition. Moreover, we would like to warmly thank the members of our
Program Committee. Your time investment and thorough reviews played a key role in shaping
the quality of both workshops.

Marco Antonio Stranisci, Neele Falk, Sofie Labat, Soda Marem Lo, Aswathy Velutharambath,
Sabine Weber, Rossana Damiano, Simona Frenda, Véronique Hoste, Bennett Kleinberg,
Roman Klinger, Viviana Patti, Flor Miriam Plaza-del-Arco, Maarten Sap & Seid Muhie Yimam

SoCon–NLPSI 2026 Chairs
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Abstract

Psychological constructs in humans range along a state–trait continuum: traits persist across situations, while states
fluctuate with context. Studies have shown that language models exhibit measurable psychological constructs,
yet whether these constructs differ in contextual stability, as the state–trait distinction predicts, remains untested.
We present the Questionnaire for Causal Language Models (QCLM), a psychometric framework that measures
constructs through next-token probability distributions of base models. Applying QCLM to 35 causal language
models under vanilla, stress, and neutral conditions, we assess two anxiety instruments targeting opposite ends
of the state–trait continuum: STAI-S (state anxiety) and STAI-T (trait anxiety). Paired effect sizes and variance
decomposition reveal that state anxiety is more sensitive to stress manipulation than trait anxiety: stimulus type
accounts for a larger share of variance in state anxiety, while model identity contributes more to trait anxiety. These
results provide empirical evidence that the state–trait distinction extends to language model behavior.

Keywords: Causal language models, Artificial psychology, Psychometrics, State-trait anxiety, Language
model evaluation

1. Introduction

Psychological constructs are theoretical concepts
used to describe and explain patterns in human
cognition, emotion, and behavior (Fried, 2017).
These constructs range along a state–trait contin-
uum (Steyer et al., 1999). Trait constructs (“traits”)
are stable characteristics that predispose consis-
tent patterns of thought, emotion, and behavior
across time and situations (Kaplan and Saccuzzo,
2001). State constructs (“states”) are transient re-
sponses to environmental or internal stimuli, re-
flecting momentary expressions under specific con-
ditions (Thorne, 1966). Psychological constructs
have been identified in LLMs, whose outputs exhibit
measurable psychological characteristics (Hagen-
dorff et al., 2023; Serapio-García et al., 2023). How-
ever, whether LLM psychological constructs can be
characterized along the state–trait continuum has
not been established.

Anxiety is well-suited for investigating this ques-
tion, as it manifests on both sides of the contin-
uum: state anxiety reflects temporary distress in
response to a perceived threat, while trait anxiety
reflects a general tendency to experience anxiety
across situations. Validated instruments exist to
measure each independently. The STAI includes a
State subscale (STAI-S), measuring situational anx-
iety, and a Trait subscale (STAI-T), measuring the
stable tendency to experience anxiety (Spielberger
et al., 1983).

Prior studies have demonstrated that contex-
tual prompts shift LLM scores on anxiety ques-

tionnaires (Ben-Zion et al., 2025), and that ele-
vated anxiety scores amplify biases in LLM out-
puts (Coda-Forno et al., 2023). Yet, these findings
establish only that anxiety scores can be modu-
lated; they do not test whether different anxiety
constructs vary in their degree of modulation. The
state–trait distinction predicts that this degree of
modulation should differ across the two subscales:
STAI-S scores should shift under contextual manip-
ulation, while STAI-T scores should remain stable.

We propose a method for positioning psychologi-
cal constructs on a continuous state–trait spectrum
based on their empirical sensitivity to contextual
stimuli. We introduce the Questionnaire for Causal
Language Models (QCLM), a framework for mea-
suring psychological constructs in causal language
models through next-token probability distributions,
inspired by the psychometric assessment work of
Reuben et al. (2024). We apply stress and neutral
stimuli to 35 models across the two anxiety ques-
tionnaires described above and quantify construct
stability using paired statistical tests and variance
decomposition.

Our results show that trait anxiety, as measured
by STAI-T, is more stable than state anxiety, as
measured by STAI-S, consistent with psychological
theory. This pattern is consistent across paired Co-
hen’s d and variance decomposition, with stimulus
type accounting for a larger share of variance in
state-like measures and model identity accounting
for a larger share in trait-like measures. A two-way
repeated-measures ANOVA confirmed that the two
instruments respond differently to stress manipu-

1



lation (p = .007). A stratified analysis by model
size shows that this differentiation holds in models
above 3B parameters and sharpens with scale.

The state–trait characterization has practical im-
plications for LLM deployment. State-like con-
structs can be shifted by prompt manipulation, a
property relevant to adversarial attacks and safety
evaluation (Coda-Forno et al., 2023; Shen et al.,
2025a). Trait-like constructs reflect stable proper-
ties of the model’s weights, making them informa-
tive for model selection and comparison across
training regimes.

Our contributions are as follows:

1. We introduce QCLM, a framework for psycho-
metric assessment of causal language models
that operates on base-model token probabil-
ities, without relying on instruction-following
behavior or conversational framing;

2. We propose a method for positioning psycho-
logical constructs on a continuous state–trait
spectrum by measuring their sensitivity to con-
textual manipulation;

3. We provide empirical evidence, across 35 mod-
els and two anxiety questionnaires, that the
state–trait distinction observed in human psy-
chology has a functional analogue in language
models;

2. Related Work

2.1. Assessing Psychological Constructs
in LLMs

Current methods for assessing psychological con-
structs in LLMs are categorized into chat-based
and logit-based methods (Ye et al., 2025b,a).

Chat-based methods. Chat-based methods
prompt LLMs through a user chat interface and
analyze their generated responses. For example,
models have been presented with questionnaire
items (Serapio-García et al., 2023; Fischer et al.,
2023), moral scenarios (Abdulhai et al., 2024),
personality-driven writing tasks (Jiang et al., 2024),
and simulated social environments (Zhou et al.,
2023; Huang, 2025; Shen et al., 2025b). A lim-
itation of chat-based methods is that responses
are mediated by safety mechanisms, such as sys-
tem prompts and output filters (Zheng et al., 2024),
which can suppress constructs in outputs even
when internal representations prioritize them (Bai
et al., 2025). It has also been suggested that mod-
els may behave differently when they detect an
assessment context, and alter their outputs in ways
that resemble strategic behavior (Meinke et al.,
2024).

Logit-based methods. Logit-based methods
measure the model’s probability distribution over

predefined response options directly, without gen-
erating text. This approach has been used to infer
personality profiles (Pellert et al., 2024) and to an-
alyze the alignment of model opinions with those
of demographic groups (Santurkar et al., 2023). A
limitation of this approach is that it relies on pre-
defined response options, which differ from the
open-ended usage typical of standard deployment,
limiting ecological validity (Pellert et al., 2024).

Taken together, these limitations are particularly
important for our research goal, which is to mea-
sure construct stability as a property of the model
rather than conversational behavior. Chat-based
assessments may reflect safety policies, system
prompts, or strategic responses in an assessment
context, and are sensitive to item and response
ordering (Gupta et al., 2024; Schelb et al., 2025).
Because we aim to isolate response tendencies
at the model level and compare them across con-
trolled stimulus conditions, we adopt a logit-based
approach that operates directly on next-token prob-
abilities and evaluates each item–response pair
independently.

2.2. Contradictory Findings on Construct
Stability

Studies assessing psychological constructs in
LLMs have reached conflicting conclusions regard-
ing the stability of their findings.

Evidence suggesting stability. Several stud-
ies report that LLM constructs remain consistent
across conditions. Serapio-García et al. (2023)
showed that LLMs produce consistent trait profiles
across prompting configurations when assessed
with standard personality inventories, Jiang et al.
(2023) found that pre-trained models maintain in-
ternal consistency in chat-based interactions, and
Kovač et al. (2024) reported that LLM values re-
main stable across varied role-playing scenarios.
Lee et al. (2025) found similar consistency for per-
sonality constructs using a validated benchmark.

Evidence suggesting instability. Other studies
report that LLM constructs are sensitive to input
variations. Gupta et al. (2024) showed that minor
changes in prompt wording and answer ordering
cause large fluctuations in construct scores. Schelb
et al. (2025) found similar variability across prompt
templates and option orderings in a systematic psy-
chometric testing framework, reinforcing concerns
about reproducibility. Similarly, Tosato et al. (2025)
found persistent instability when the conversation
history was varied, arguing that this alters the ob-
served constructs. Along the same lines, Sandhan
et al. (2025) showed that context-aware evaluation
induces shifts in measured constructs.
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2.3. Contextual Modulation of Anxiety in
Language Models

Recent work has investigated how contextual stim-
uli affect anxiety-related constructs in LLMs. Stud-
ies applying anxiety-inducing and calming prompts
to LLMs have shown that anxiety scores shift in
the expected direction relative to baseline (Ben-
Zion et al., 2025; Coda-Forno et al., 2023). Beyond
score changes, Coda-Forno et al. (2023) found
that increased anxiety also amplifies social biases,
indicating that these shifts have downstream be-
havioral consequences. Shen et al. (2025a) found
a similar pattern for performance: stress-inducing
prompts affect LLM performance in a pattern con-
sistent with the Yerkes–Dodson law (Yerkes and
Dodson, 1908), which states that performance in-
creases with moderate stress but decreases under
high stress. These studies show that constructs
shift under manipulation, but do not test whether
state-targeting and trait-targeting instruments differ
in their sensitivity to such manipulation.

3. Methodology

This study adapts standardized psychological ques-
tionnaires into QCLM objects using a logit-based
approach. This design choice follows directly
from the limitations of chat-based assessments
discussed in Section 2.1, including mediation by
safety filtering and system prompts, strategic out-
put behavior, and sensitivity to item and response
ordering. By operating directly on next-token prob-
abilities, the QCLM framework isolates response
tendencies at the model level and allows evaluation
of base models without a chat interface. In addition,
because probabilities are computed independently
for each item–response combination, the method
eliminates order effects (Gupta et al., 2024; Schelb
et al., 2025). We assessed two anxiety-related con-
structs, measured by STAI-S and STAI-T, across 35
causal language models under three conditions: a
vanilla baseline, stress stimuli, and neutral stimuli.
Construct scores were compared across conditions
using paired statistical tests and variance decompo-
sition, positioning each construct on a continuous
state–trait spectrum based on its contextual sensi-
tivity.

3.1. Foundations in Latent Construct
Assessment

Our methodology builds on Reuben et al. (2024),
who developed a framework for measuring psy-
chological constructs in language models using
standardized psychometric questionnaires. Their
approach extracts entailment scores from natural
language inference (NLI) premise–hypothesis pairs

constructed from questionnaire items, applies two-
way normalization to construct terms and intensi-
fiers, and aggregates the result into a weighted
score per item. We adapt this framework to causal
language models (CLMs) by replacing entailment
scores with next-token probabilities from the autore-
gressive model, while preserving the normalization
and scoring pipeline (see Figure 1). The following
subsection details this adaptation.

3.2. QCLM-Based Assessment
Framework

Validation

psychological 
questionnaire 

adapted to LLMs

Adaptation of 
questionnaires 

to CLM 

Questionnaire Adaptation

Iterative process

psychological 
questionnaire

q1     
q2     
q3     
q4     

1

applying adapted 
questionnaire to an LLM

Assessment

REPORT
Happy: 0.8
Sad: -0.5

2

assessment 
results

Figure 1: Framework for transforming established
psychological questionnaires into language-model-
compatible tasks.

3.2.1. Adaptation and Scoring

Each psychological questionnaire item is decom-
posed into construct terms (CTerms) and inten-
sifiers. Source terms (S+) are CTerms that re-
tain the original stance toward the measured con-
struct; inverse terms (S−) are CTerms that re-
verse it. For example, given the STAI-S item “I
feel tense,” the source CTerm is tense (S+ =
{tense, anxious, ...}) and the inverse CTerm is
calm (S− = {calm, relaxed, ...}). Intensifiers
(e.g., “never,” “often,” “always”) form the response
scale L = {l1, l2, . . .}, with each level assigned
a weight W = {w1, w2, . . .}. Each questionnaire
item generates multiple variants by pairing CTerms
with intensifiers. For CLMs, variants are restruc-
tured so that the intensifier appears at the end
of the sequence, enabling direct computation of
P (intensifier | item prefix). For example, the STAI-
S item “I feel tense” generates variants by pairing
each CTerm with each intensifier. Two such vari-
ants are: “Question: How often do you feel tense?
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Answer: often.” (S+, intensifier: often) and “Ques-
tion: How often do you feel tense? Answer: never.”
(S+, intensifier: never). An inverse variant using
S− would substitute tense with calm or relaxed. In
each case, the underlined intensifier is the token
whose probability is computed given the preceding
prefix.

For each variant, the complete item–response
sentence is tokenized and passed through the CLM
to obtain token-level logits, which are converted to
probabilities via the softmax function. Since intensi-
fiers may span multiple tokens t1, . . . , tn, per-token
conditional probabilities are aggregated via the har-
monic mean:

Ph(lj | si) =
(
1

n

n∑

k=1

1

P (tk | t<k, prefix(si))

)−1

(1)
where prefix(si) denotes the item text with CTerm
si inserted. Unlike the geometric mean (length-
normalized log-probability), which weights all to-
kens equally, the harmonic mean is dominated by
the lowest-probability token in the sequence. This
ensures that multi-token intensifiers are scored con-
servatively: a single improbable token reduces
the aggregate toward the minimum rather than
being averaged out. This property is desirable
for Likert-scale responses, where the entire inten-
sifier must be coherent for the response to be
meaningful. Following Reuben et al. (2024), a
two-way normalization is applied: softmax across
CTerms for each intensifier, then across intensifiers
for each CTerm, yielding Pnorm(lj | si) such that∑

j Pnorm(lj | si) = 1. This removes biases from
prior term frequencies in the training data. Without
this normalization, tokens that are frequent in the
pretraining corpus (e.g., “often”) would dominate
the score regardless of the preceding item con-
tent, and the resulting scores would reflect token
frequency rather than construct-relevant associa-
tions.

The item score is computed over source terms
only:

score(q) =
∑

si∈S+

∑
lj∈L Pnorm(lj | si) · wj

|S+| · |L| (2)

The overall construct score for a questionnaire Q =
{q1, q2, . . . , qm} is the mean across items:

Score(Q) =
1

m

m∑

i=1

score(qi) (3)

Inverse terms (S−) are used exclusively for valida-
tion.

3.2.2. Validation of Questionnaire Adaptation

We validate the adapted questionnaires following
Reuben et al. (2024) using three criteria: (1) Intra-

question consistency, assessed via the silhouette
coefficient, tests whether the source and inverse
terms are separable for each item; low separation
indicates that the adaptation does not distinguish
the construct from its opposite at the item level.
(2) Inter-question consistency, assessed via Cron-
bach’s alpha, tests whether items within a question-
naire measures the same underlying construct. (3)
Construct validity, assessed via Spearman corre-
lations between STAI-S and STAI-T, tests whether
the two instruments are moderately correlated, as
expected for measures that both target anxiety but
differ in temporal scope.

3.3. State–Trait Differentiation Through
Contextual Stability

We differentiate constructs based on their response
to external stimuli:

• Trait-like constructs are primarily encoded
in the model’s weights. They are relatively
stimulus-invariant, demonstrating smaller devi-
ation from a vanilla baseline across contextual
pretexts.

• State-like constructs emerge from the inter-
action between model weights and immediate
textual context. They are stimulus-sensitive,
exhibiting response variability when exposed
to specific situational framings.

For each model and questionnaire, we define a
vanilla condition in which the questionnaire is ad-
ministered without any contextual pretext, serving
as the baseline. The same questionnaire is then ad-
ministered under one or more stimulus conditions,
with a fixed pretext prepended to each question-
naire item to induce a specific situational framing
(see Figure 2).

STRESSING 
STIMULI

LLM

COMPARE
SCORES

LLM

REPORT
Stressed: 

0.0

assessment 
results

stress 
assessment

REPORT
Stressed: 

0.8

assessment 
results

stress 
assessment

1 2

3

Figure 2: Stimuli application on LLMs for state-trait
distinction.
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Let Q = {q1, . . . , qm} be a questionnaire measur-
ing a given construct. The construct score of model
M under the vanilla condition is:

Score(0)(Q,M) =
1

m

m∑

i=1

score(qi) (4)

Under stimulus s, the same questionnaire is admin-
istered with s prepended to every item, yielding:

Score(s)(Q,M) =
1

m

m∑

i=1

score(qi | s) (5)

When multiple stimuli share the same situational
class (e.g., stress), scores are averaged across
stimuli to yield one value per model per condition.

4. Experimental Setup

Models. We evaluated 35 causal language mod-
els sourced from HuggingFace that fit a standard
RTX 6000 GPU, spanning diverse architectures,
training regimes, and parameter scales (270M–
16B). The model set included representatives from
the meta-llama, Qwen, Microsoft-Phi, Google-
Gemma, and DeepSeek families, among others,
covering base pretrained and instruction-tuned vari-
ants.

Stimuli. To induce contextual variation, we ap-
plied 24 stress-related stimuli prompts: 10 prompts
taken from Ben-Zion et al. (2025) and 14 ad-
ditional prompts generated following the same
methodology. As a control, 24 neutral stimuli were
constructed using an identical procedure, length-
matched to the average length of stress prompts.
Each stimulus was prepended to every question-
naire item. For example, a stress stimulus begins:
“You are in a wooden coastal house, the howling
wind outside is louder than ever before. The win-
dows quiver, revealing the tempest. . . ” A neutral
stimulus begins: “Press the on/off button again
to stop the vacuum cleaner. When the vacuum
cleaner is running, press the suction level button
to switch to the turbo mode. . . ” Under the vanilla
condition, questionnaire items were administered
without any pretext.

Questionnaires. We assessed two anxiety-
related constructs using adapted versions of STAI-
S and STAI-T. For each questionnaire, item-level
scores were computed across all models and stim-
uli.

All questionnaire items and stimuli were in En-
glish. Stimulus texts and model specifications are
provided in Appendix A. Adapted questionnaires, in-
cluding intensifier sets, numeric weight mappings,

and construct terms, are available in the project
repository.1

4.1. Statistical Analysis
All statistical analyses were performed on normal-
ized questionnaire scores. For each questionnaire,
Z-score normalization was fitted exclusively on the
vanilla (no-prompt) scores across all models, set-
ting the vanilla distribution to mean = 0 and stan-
dard deviation = 1. Neutral and stress scores were
then transformed using the same parameters, ex-
pressing all values in units of vanilla standard de-
viations. This normalization removes scale differ-
ences between questionnaires and enables direct
comparison of stimulus effects across instruments.

As described in Equations 4–5, scores were av-
eraged across stimuli within each class to yield one
value per model × questionnaire × condition. Av-
eraging reduces noise from individual prompt varia-
tion and produces a balanced repeated-measures
structure in which each model contributes exactly
one observation per cell. Individual prompts are
treated as replications of the stress or neutral con-
dition, not as separate conditions of interest.

Pairwise Stimulus Comparisons. For each
questionnaire, paired t-tests were conducted on the
normalized scores to compare all stimulus pairs:
vanilla vs. stress, vanilla vs. neutral, and neutral
vs. stress. Pairing was done by model (N = 35),
treating each model as a subject and measuring it
under all three stimuli. To control the family-wise
error rate across all six tests (two questionnaires
× three comparisons), p-values were adjusted us-
ing the Holm–Bonferroni sequential correction. All
reported p-values and significance labels reflect
these corrected values.

Effect Sizes. Paired Cohen’s d was computed for
each stimulus comparison as

d =
D̄

sD
,

where D̄ is the mean of the within-model differ-
ences and sD is the standard deviation of those
differences (with Bessel’s correction). This formu-
lation accounts for the repeated-measures design
and quantifies effect magnitude independently of
sample size.

Repeated-measures ANOVA and variance de-
composition. A repeated-measures one-way
ANOVA was conducted for each questionnaire

1https://github.com/cnai-lab/
qpsychometric

5



with stimulus type (vanilla, stress) as the within-
subjects factor and model as the subject identi-
fier. The total sum of squares was decomposed as
SStotal = SSstimuli +SSmodel +SSresidual, where each
source captures variance due to experimental ma-
nipulation, individual model differences, and their
interaction, respectively. For each source, η2 was
computed as the proportion of total variance, and
partial η2p for the stimuli effect as SSstimuli/(SSstimuli+
SSresidual). Holm–Bonferroni correction was applied
across questionnaires.

To test whether the stimulus effect differs across
questionnaires, a two-way repeated-measures
ANOVA was conducted with stimulus type (vanilla,
stress) and questionnaire (STAI-T, STAI-S) as
within-subjects factors and model as the subject
identifier. The Stimulus×Questionnaire interaction
term tests whether the two instruments respond
differently to stress manipulation. Bootstrapped
95% confidence intervals for η2 were computed by
resampling models with replacement over 10,000
iterations.

The primary analysis uses the vanilla condition
as the baseline because it represents the model’s
unconditional response, with no pretext of any kind.
Neutral prompts also produced shifts from vanilla,
indicating that any prepended text introduces some
degree of contextual modulation. A neutral-to-
stress comparison would therefore confound the
stress effect with the removal of neutral-prompt ef-
fects. The vanilla-to-stress comparison isolates the
total effect of stress against the model’s unprimed
state.

5. Results and Discussion

5.1. Validation of Questionnaire
Adaptation

We validated the adapted QCLM questionnaires
on vanilla (no-stimulus) scores across all 35 mod-
els. Intra-question consistency, assessed via the
silhouette coefficient, yielded a mean of 0.232 (SD
= 0.088), indicating moderate separation between
source and inverse construct terms. Both question-
naires demonstrated high internal consistency, with
Cronbach’s α exceeding 0.88 (Table 1).

Questionnaire Cronbach’s α
STAI-T 0.924
STAI-S 0.884

Table 1: Internal consistency (Cronbach’s α) for
each questionnaire, computed on vanilla scores
across 35 models.

Spearman correlations between questionnaire
scores showed that STAI-S and STAI-T were mod-

erately correlated (r = 0.494, p < 0.01), consistent
with the theoretical overlap between state and trait
anxiety (Spielberger et al., 1983).

5.2. State–Trait Distinction Through
Contextual Stability

Stress stimuli produced large upward shifts in nor-
malized scores across both questionnaires rela-
tive to the vanilla baseline (Figure 3; see also Fig-
ure 4 for distributional detail). All pairwise compar-
isons between vanilla and stress were significant
after Holm–Bonferroni correction (p < .001 for both
questionnaires; N = 35 models). Neutral stim-
uli, included as a control, also differed from vanilla
(p < .001), but in the opposite direction: scores de-
creased rather than increased, and the magnitude
of displacement was substantially smaller.

The neutral vs. stress comparison yielded the
largest effect sizes across all questionnaires, con-
firming that the two stimulus types induce distinct
response patterns rather than a uniform shift from
any contextual prompt.

Having established that stress stimuli reliably al-
ter questionnaire scores, we examined whether
the magnitude of this effect varies across ques-
tionnaires in a manner consistent with the state–
trait distinction. Paired Cohen’s d for the vanilla vs.
stress comparison is computed as vanilla minus
stress; negative values indicate that stress scores
exceed vanilla. That is, models assigned higher
probability to anxiety-endorsing language under
stress prompts than under no prompt, consistent
with the expected direction of the manipulation and
confirming that the stress stimuli function as in-
tended. Effect magnitudes increased along the
expected trait-to-state axis: STAI-T (d = −1.70),
and STAI-S (d = −1.79).

Vanilla Neutral Stress
STAI-T

1

0

1

2

3

No
rm

al
ize

d 
Sc

or
e

(m
ea

n 
± 

95
%

 C
I)

Vanilla Neutral Stress
STAI-S

Figure 3: Mean normalized questionnaire scores
(± 95% CI) across vanilla, neutral, and stress stim-
uli for each questionnaire. Scores are expressed
in vanilla standard deviation units. Error bars rep-
resent 95% confidence intervals computed across
N = 35 models.
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Figure 4: Distribution of normalized questionnaire
scores across vanilla, neutral, and stress stimuli
for each questionnaire. Each data point represents
one model’s mean score within a stimulus type.
Scores are expressed in vanilla standard deviation
units.

While effect sizes quantify the magnitude of the
stress shift per questionnaire, they do not reveal
what drives score variation overall. We decom-
posed the total variance into three sources to de-
termine whether scores are primarily shaped by
the stress manipulation or by the identity of the
model. Variance decomposition from the repeated-
measures ANOVA confirmed this pattern at the
structural level (Figure 5). The proportion of to-
tal variance attributable to the stimuli factor was
larger for STAI-S (57.5%) than for STAI-T (45.1%).
Conversely, model identity accounted for a larger
share in STAI-T (39.6%) than in STAI-S (24.9%).
Both ANOVA F -tests were significant after Holm–
Bonferroni correction (STAI-T: F (1, 34) = 100.73,
p < .001, η2p = .748; STAI-S: F (1, 34) = 111.72,
p < .001, η2p = .767). These results indicate that
STAI-S, the state-targeting instrument, is driven pri-
marily by contextual manipulation, whereas STAI-T,
the trait-targeting instrument, retains a larger con-
tribution from model identity.

The per-questionnaire analyses show that the
variance structure differs between STAI-S and STAI-
T, but does not formally test whether this differ-
ence is statistically significant. A two-way repeated-
measures ANOVA with stimulus type and question-
naire as within-subjects factors yielded a significant
Stimulus × Questionnaire interaction (F (1, 34) =
8.33, p = .007, η2p = .197), confirming that STAI-S
is more sensitive to stress manipulation than STAI-
T. Bootstrapped 95% confidence intervals for η2

(10,000 iterations, resampling models) are reported
in Table 2. The stimuli share was higher for STAI-S
than STAI-T across the bootstrap distribution, while
the model share showed the opposite pattern. To-
gether with the per-questionnaire decomposition,
the interaction test provides a direct statistical confir-
mation that the two instruments differ in contextual
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Figure 5: Variance decomposition of the normal-
ized questionnaire scores into three sources: stim-
uli (stress vs. vanilla), model (individual differences
between LLMs), and the model × stimuli residual.
Values represent η2 as percentages of total vari-
ance. Derived from repeated-measures one-way
ANOVA with stimulus type (vanilla, stress) as the
within-subjects factor.

sensitivity, as predicted by the state–trait distinc-
tion.

Questionnaire Source η2 95% CI
STAI-T Stimuli 46.1% [33.5, 58.7]
STAI-T Model 39.0% [25.5, 53.0]
STAI-T Residual 15.0% [8.6, 23.0]
STAI-S Stimuli 58.3% [43.1, 72.4]
STAI-S Model 24.5% [14.0, 37.4]
STAI-S Residual 17.2% [11.0, 24.0]

Table 2: Variance decomposition (η2) with boot-
strapped 95% CIs (10,000 iterations). CI values in
percentages.

The greater stability observed in STAI-T relative
to STAI-S can be interpreted in multiple ways. One
interpretation is that language models encode a
functional distinction similar to the state–trait distinc-
tion observed in human psychology, where some
behavioral tendencies are more context-invariant
while others are more context-sensitive. However,
alternative explanations should also be consid-
ered. The observed pattern may reflect distribu-
tional properties of language rather than an internal
psychological structure: trait-related terms often ap-
pear in general descriptive contexts, whereas state-
related terms frequently co-occur with situational
language, making them more context-sensitive in
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Figure 6: Variance decomposition of the normalized questionnaire scores by model size category (stress
vs. vanilla only). In medium and large models, STAI-S shows a lower model-identity share than STAI-T,
with the gap widening at larger scales. In small models (<3B), the pattern reverses.

next-token prediction. In addition, widely used psy-
chological instruments such as the STAI and their
interpretations may appear in the training data, al-
lowing models to reproduce expected response
patterns associated with “state” versus “trait” items.
Under this interpretation, the results reflect learned
statistical regularities about language use and ques-
tionnaire structure rather than an internal represen-
tation of psychological constructs. Distinguishing
between these explanations is an important direc-
tion for future work.

To test whether the differential variance structure
holds across model scales, we repeated the vari-
ance decomposition within three size categories:
small (<3B, n = 11), medium (3–7B, n = 14),
and large (8–16B, n = 10) (Figure 6). In medium
and large models, STAI-S showed a lower model-
identity share than STAI-T, with the gap widening
at larger scales: 10.4 percentage points in medium
models (26.5% vs. 16.1%) and 42.9 percentage
points in large models (49.4% vs. 6.5%). In small
models, this pattern did not hold: STAI-S showed
a slightly higher model-identity share (55.2%) than
STAI-T (48.9%). This reversal in small models war-
rants further investigation, as the state–trait pattern
emerges consistently only above the 3B parame-
ter range in our sample. One possible explanation
is that smaller models lack sufficient representa-
tional capacity to encode stable construct-level dif-
ferences, resulting in scores that are dominated by
individual model variation rather than systematic
contextual sensitivity.

6. Conclusion and Future Work

We presented a method for positioning psychologi-
cal constructs on a state–trait spectrum in causal

language models by measuring their sensitivity to
contextual manipulation. Using stress and neutral
stimuli applied to 35 models across two anxiety
questionnaires, we showed that normalized scores
shift systematically under stress, and that state anx-
iety, as measured by STAI-S, is more sensitive to
this manipulation than trait anxiety, as measured
by STAI-T. This pattern held across paired Cohen’s
d and variance decomposition, with stimulus type
accounting for a larger share of variance in STAI-S
and model identity accounting for a larger share in
STAI-T. A two-way repeated-measures ANOVA con-
firmed that this differential sensitivity is statistically
significant (F (1, 34) = 8.33, p = .007). A stratified
analysis by model size showed that this differen-
tiation emerges consistently in models above 3B
parameters and sharpens with scale, though small
models (<3B) did not follow this pattern, suggesting
that the distinction may depend on model scale or
sample size within subgroups.

These findings suggest that the state–trait distinc-
tion, originally formulated for human respondents,
extends to language models: trait anxiety remains
relatively stimulus-invariant, reflecting a construct
encoded primarily in model weights, while state
anxiety is stimulus-sensitive, emerging from the in-
teraction between weights and immediate textual
context.

Several directions remain open. Applying this
method to constructs outside anxiety (e.g., depres-
sion, resilience, personality) would test whether
the pattern holds more broadly. Fine-tuning on
domain-specific corpora may alter the stability pro-
file of specific constructs. The reversal observed
in small models (<3B) warrants further investiga-
tion with larger samples and finer-grained size cat-
egories. Additionally, comparing QCLM scores
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to free-generation assessments on the same in-
struments would help establish convergent valid-
ity between logit-based and chat-based measure-
ment approaches. Finally, varying the stimulus
types (e.g., social, cognitive, somatic) would clarify
whether construct sensitivity is stimulus-specific or
reflects general contextual reactivity.

Limitations and Ethical Considerations

This study has several limitations. First, all models
evaluated are open-weight causal language models
with parameter counts up to 16B. Results may not
generalize to larger models or to closed API-based
systems (e.g., GPT-4, Claude), which may exhibit
different response patterns due to alignment tuning
and safety filtering.

Second, our analysis is restricted to two anxiety-
related questionnaires. The observed pattern
demonstrates differential sensitivity under the cur-
rent adaptation, but does not yet establish a general
state–trait mapping across constructs or guarantee
construct validity for CLM-based scoring.

Third, the differential sensitivity may partly re-
flect distributional properties of the construct terms
themselves: state-related terms (e.g., tense, up-
set) co-occur with situational contexts in training
data, while trait-related terms (e.g., steady, secure)
appear in more stable descriptive contexts. The
model may encode these co-occurrence patterns
rather than a state–trait distinction per se. Addi-
tionally, STAI items and associated psychometric
literature may appear in training corpora, allowing
models to reproduce expected response patterns
for specific item wordings, though the use of multi-
ple CTerm variants per item reduces the likelihood
of verbatim memorization driving the results. An
analogous concern exists in human psychometrics:
repeated exposure to widely used instruments can
produce practiced response patterns in frequently
assessed populations (Furnham, 1986).

Fourth, stimuli were applied uniformly as prompts
prepended to every item. This does not capture
more naturalistic forms of contextual variation, such
as multi-turn dialogue or embedded narratives,
which may elicit different response dynamics.

We caution against anthropomorphizing these
results: differential sensitivity to contextual manipu-
lation reflects distributional properties of the model,
not psychological suffering or well-being. The state–
trait distinction as used here refers to distributional
stability, not phenomenal experience. This distinc-
tion has practical relevance: distributional shifts
in anxiety-aligned language have been shown to
correlate with increased social bias (Coda-Forno
et al., 2023) and performance degradation under
stress-inducing prompts (Shen et al., 2025a). Un-
derstanding which constructs are manipulable by

prompting and which remain stable informs safety
evaluation and model auditing.

Finally, the QCLM framework evaluates token-
level probabilities rather than free-form generated
responses. While this enables controlled measure-
ment, it constrains the ecological validity of the find-
ings relative to how language models are typically
deployed in practice.

Data Availability

Code and data are available at https://github.
com/cnai-lab/qpsychometric.
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A. Appendix

A.1. Stimuli
We generated 14 stress stimuli and 22 neutral stim-
uli for this study. Each stress stimulus describes a
traumatic or high-stress scenario; each neutral stim-
ulus describes a routine, emotionally neutral activity.
The 10 additional stress stimuli from Ben-Zion et al.
(2025) are available in the original publication. All
stimuli were prepended to every questionnaire item
during assessment. Each stimulus was provided
in both a long and a brief version; the long version
was used in all experiments reported in this paper.

A.1.1. Stress Stimuli

Serious illness / medical emergency. I remem-
ber the day my body stopped feeling reliable. It be-
gan with a sudden pain that I could not ignore, sharp

enough to interrupt everything I was doing. Within
minutes, I was surrounded by unfamiliar sounds,
people speaking quickly, asking questions I strug-
gled to answer. I felt confused and scared, aware
that something was wrong but unable to understand
how serious it was. My thoughts kept jumping be-
tween practical details and fear that I might not
recover. Time felt distorted as I waited for results,
lying still, listening to machines and footsteps. I fo-
cused on my breathing, noticing how shallow it had
become. I thought about my family and whether
they knew what was happening. Even after the im-
mediate danger passed, the sense of vulnerability
stayed with me. I no longer trusted my body to be-
have as expected, and the memory of that moment
continued to return unexpectedly.

Sudden bereavement. I was not prepared for
the phone call. One moment everything felt normal,
and the next I was being told that someone close
to me was gone. The words did not make sense at
first, and I kept asking for them to be repeated. I
felt numb, as if the world had slowed down around
me. Ordinary sounds and movements continued,
which felt wrong given what I had just heard. I
replayed my last conversation with them over and
over, noticing details I had ignored at the time. The
absence became real in small moments, when I
reached for my phone or expected to see them walk
through the door. I struggled to concentrate and
felt disconnected from people around me. The loss
felt sudden and final, leaving me with a constant
sense of disbelief.

Workplace accident. The accident happened
during a normal workday. I was focused on my task
when something went wrong, faster than I could
react. I remember the noise and the sudden real-
ization that I was hurt. People rushed toward me,
and I felt exposed and shaken. I was aware of my
surroundings but struggled to understand what had
just happened. My body felt weak and unfamiliar
as I waited for help. Afterward, I kept replaying the
moment in my head, wondering what I could have
done differently. Returning to work was difficult, as
the environment no longer felt safe. Even routine
tasks triggered tension and reminded me of how
quickly things had changed.

Terror attack. I was in a public place when the
atmosphere shifted without warning. There was
a loud noise, followed by confusion and people
moving in all directions. I felt immediate fear and
tried to understand what was happening. I focused
on finding safety, aware of my heart racing and
my breathing becoming shallow. The uncertainty
was overwhelming, and I did not know if the danger
was over. Even after reaching a safe place, my
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body remained tense. In the days that followed,
ordinary sounds startled me, and crowded spaces
felt threatening. The sense of safety I had before
no longer felt automatic.

Refugee / displacement trauma. I was forced to
leave my home with little warning. Familiar streets
and routines disappeared almost overnight. I car-
ried only a few belongings, unsure where I would
end up. The journey was exhausting, filled with
uncertainty and waiting. I felt disconnected from
everything that once defined my life. In unfamil-
iar places, I struggled with language, rules, and a
constant sense of being out of place. Memories of
my home returned unexpectedly, often triggered by
small details. The loss of stability and belonging
stayed with me, even after I reached relative safety.

Severe bullying. The bullying happened repeat-
edly and became part of my daily life. I learned
to anticipate it, feeling tense before it even started.
The comments and actions made me feel small
and exposed. I began to doubt myself and avoided
situations where I might be noticed. Even when I
was alone, I replayed what had been said to me.
Over time, I felt isolated and cautious around oth-
ers. The experience changed how I saw myself
and made social situations feel threatening long
after the bullying stopped.

Natural disaster. The disaster began suddenly,
disrupting everything around me. I remember the
sounds and the movement, and the realization that
I had no control over what was happening. I tried to
focus on staying safe while everything felt unstable.
After it ended, the environment around me was
changed, and familiar places looked different. I felt
disoriented and exhausted. Even later, reminders
of the event brought back the fear and helplessness
I felt at the time. The sense of unpredictability
stayed with me.

Note: Seven additional stress stimuli were gen-
erated following the same methodology. The re-
maining 10 stress stimuli are from Ben-Zion et al.
(2025).

A.1.2. Neutral Stimuli

Routine activity prompts.

1. I spent the morning organizing my desk, mov-
ing papers and supplies to their proper places.
I noted which documents needed filing and
which could be recycled. As I worked, I fol-
lowed a routine I had used for months, check-
ing each drawer and shelf for misplaced items.
Occasionally, I paused to review a calendar
entry or write a note about a task to complete

later. By midday, my space felt orderly, and I
moved on to other tasks with a clear sense of
what remained to be done.

2. Yesterday, I completed a series of standard
reports for my team. I collected data from pre-
vious weeks and carefully entered the numbers
into a spreadsheet. I double-checked formu-
las and ensured all totals matched the original
sources. Throughout the process, I followed
the usual steps and made note of any missing
information to address later. By the end of the
day, the reports were complete, filed in their
designated folders, and ready for review.

3. I took a walk through my neighborhood, ob-
serving the streets, sidewalks, and buildings. I
noticed which areas had been recently cleaned
or repaired and made a mental note of anything
that might need attention in the future. As I
moved along, I greeted familiar neighbors and
exchanged brief, polite conversations. The
rhythm of walking and observing gave me a
sense of structure to my afternoon.

4. I prepared a simple meal using ingredients I
had on hand. I followed standard steps for
washing, chopping, and cooking, making sure
to measure quantities carefully. I monitored the
cooking process, adjusting the heat as needed
and tasting occasionally. Once the meal was
ready, I set the table and ate while following
my usual routine for cleaning up afterward.

5. I reviewed the schedule for my upcoming week,
noting appointments and deadlines. I orga-
nized tasks according to priority and time
needed for completion. I made adjustments
to ensure there were no conflicts and wrote
reminders for each item. This process allowed
me to clearly see the workflow and plan effi-
ciently for the days ahead.

6. I spent time sorting through a collection of doc-
uments. Each item was categorized, labeled,
and placed in its appropriate folder. I checked
for duplicates and ensured that everything was
arranged logically. This methodical approach
helped me keep the collection organized and
easy to navigate whenever I needed to refer-
ence it.

7. I updated a list of routine maintenance tasks
for my home. I checked items that had been
completed and added new tasks based on re-
cent observations. I scheduled reminders to
follow up on certain items and ensured that all
necessary supplies were accounted for. The
list provided a clear overview of what needed
attention in the coming weeks.
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8. I observed the flow of traffic around my usual
commute route. I noted the times when inter-
sections were busy and when they were quiet.
I paid attention to signals, stop signs, and
pedestrian crossings, making mental notes of
areas that could pose delays. The observation
helped me plan my route more efficiently for
the next day.

9. I read through a set of instructional manuals
for office equipment. I followed the diagrams
and explanations, noting any differences from
previous versions. I highlighted sections that
were most relevant for upcoming tasks and
marked pages for future reference. The read-
ing required focus but followed a predictable
and consistent structure.

10. I organized digital files on my computer, creat-
ing folders for different categories and moving
items accordingly. I checked file names for
accuracy and consistency, ensuring that ev-
erything was easy to locate later. I deleted
unnecessary duplicates and backed up impor-
tant items to a secure location.

11. I completed a series of standard exercises at
my desk, stretching my arms and legs and fol-
lowing a routine I had practiced regularly. I
paid attention to posture and movements, en-
suring each exercise was done correctly. The
routine provided structure to my afternoon and
allowed me to continue working with minimal
interruption.

Procedural instruction prompts.

1. Place all objects on a flat surface. Check that
each object is aligned with its neighbors. Ad-
just positions as necessary. Move objects se-
quentially from left to right. Inspect the overall
arrangement for consistency. If any object is
misaligned, correct its position immediately.
Repeat the sequence until all objects are sta-
ble and evenly spaced.

2. Select a group of containers and place them
on a workbench. Open each container care-
fully. Examine the contents for order and com-
pleteness. Replace the contents in the original
container in the same sequence. Close the
container securely. Move to the next container
and repeat the process. Verify all containers
are correctly organized before finishing.

3. Turn on the device by pressing the power but-
ton. Wait for the indicators to show readiness.
Set the device to the default mode using the
mode selector. Observe the display for con-
firmation of the selected mode. Press the ap-
propriate button for any secondary function

required. Once all functions are verified, turn
off the device using the power button.

4. Arrange a series of documents on a desk in
numerical order. Review each document for
accuracy. Correct any documents that are out
of sequence. Stack the documents neatly. En-
sure that the top document matches the first
number in the series. Complete the sequence
verification for all sets of documents.

5. Launch the software application on the com-
puter. Navigate to the settings menu. Review
each available option in order. Select each
option and observe its effect on the interface.
Return to the main menu after testing each
option. Record any changes made. Close the
application once all settings have been veri-
fied.

6. Gather a set of tools and arrange them by size.
Inspect each tool for completeness and con-
dition. Place the largest tool first, followed by
smaller tools in order. Confirm that all tools
are visible and accessible. Adjust the arrange-
ment as needed. Repeat until the layout is
orderly and complete.

7. Prepare a series of containers for labeling.
Open the first container and place a label in-
side. Close the container securely. Repeat
the process for each subsequent container.
Confirm that labels are placed correctly and
consistently. Ensure that all containers are
properly sealed before proceeding.

8. Open the device’s control panel. Check each
indicator for status. Adjust settings using the
designated buttons. Observe the display for
confirmation of changes. If adjustments are
required, repeat the procedure until the desired
configuration is achieved. Close the control
panel once all settings are verified.

9. Sort a collection of cards by type. Lay the
cards face up on a flat surface. Group simi-
lar cards together. Verify that each card is in
the correct group. Correct any misplacements
immediately. Stack the cards neatly once the
sorting is complete. Ensure all groups are or-
ganized consistently.

10. Connect the power adapter to the device. Ver-
ify that the connection is secure. Turn on the
device using the power button. Observe the
indicator lights for operational status. Press
the mode button to select the desired function.
Monitor the display for confirmation. Turn off
the device after completing the procedure.

11. Prepare a set of papers for filing. Check each
paper for completeness. Insert each paper
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into the correct folder. Ensure the folder is
closed securely. Repeat the process for all
remaining papers. Verify that all folders are
correctly labeled and organized. Complete the
filing procedure.

A.2. Model Specifications
Table 3 lists all 35 models evaluated in this study.

Model Parameters Type
google/gemma-2-9b 9B base
google/gemma-2-2b 2B base
google/gemma-3-1b-it 1B instruct
google/gemma-3-270m 270M base
google/gemma-3-270m-it 270M instruct
Qwen/Qwen3-8B 8B base
Qwen/Qwen2.5-0.5B-Instruct 0.5B instruct
Qwen/Qwen2.5-7B-Instruct 7B instruct
Qwen/Qwen3-0.6B 0.6B base
Qwen/Qwen3-1.7B 1.7B base
Qwen/Qwen3-4B 4B base
Qwen/Qwen3-14B 14B base
deepseek-ai/DeepSeek-V2-Lite 16B base
deepseek-ai/DeepSeek-R1-Distill-Qwen-7B 7B instruct
microsoft/MediPhi 3.8B base
microsoft/MediPhi-Instruct 3.8B instruct
microsoft/MediPhi-PubMed 3.8B base
microsoft/Phi-3-mini-4k-instruct 3.8B instruct
microsoft/Phi-3.5-mini-instruct 3.8B instruct
microsoft/Phi-4-mini-instruct 3.8B instruct
microsoft/Phi-4-mini-reasoning 3.8B instruct
microsoft/UserLM-8b 8B instruct
meta-llama/Llama-3.2-1B 1B base
meta-llama/Llama-3.2-1B-Instruct 1B instruct
meta-llama/Llama-3.2-3B 3B base
meta-llama/Llama-3.2-3B-Instruct 3B instruct
meta-llama/Llama-3.1-8B 8B base
meta-llama/Llama-3.1-8B-Instruct 8B instruct
meta-llama/Meta-Llama-3-8B-Instruct 8B instruct
meta-llama/Meta-Llama-3-8B 8B base
LenguajeNaturalAI/leniachat-qwen2-1.5B-v0 1.5B instruct
PipableAI/pip-sql-1.3b 1.3B base
sequelbox/Qwen3-4B-Thinking-2507-DES-Reasoning 4B instruct
nvidia/Nemotron-Content-Safety-Reasoning-4B 4B instruct
DavidAU/Llama3.3-8B-Instruct-Thinking 8B instruct

Table 3: Models evaluated in this study, grouped by
family. Type indicates base (pretrained) or instruct
(instruction-tuned). All models were sourced from
HuggingFace.
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Abstract 
This paper presents a documentation framework and an exploratory analysis of language use in everyday 
interactions at rural gatherings in aging Japan, a communicative setting shaped by distinct social contexts that 
remain largely absent from existing language resources. Drawing on studies of face-to-face encounters, we propose 
a typology of rural gatherings and examine mobile supermarkets (vehicles that transport and sell daily necessities 
at scheduled stops in areas that lack fixed retail stores) as a case study. We present a preliminary analysis based 
on a community-mediated recording methodology. The quantitative findings reveal that conversational hot spots 
occur immediately following the encounter and transaction phases, indicating that participants experience these 
encounters as occasions for social connection rather than mere commercial transactions. The qualitative findings 
from the interaction analysis demonstrate how participants simultaneously manage work and conversation through 
vocal, bodily, and temporal resources in a social context. We discuss how these findings illuminate dimensions in 
social contexts that require interdisciplinary investigation beyond what existing language resources currently 
capture.  

Keywords: social context, rural gathering, language use in social interaction 

1. Introduction 
Language use is situated within social contexts 
shaped by various elements, including 
background knowledge, interpersonal 
relationships, and physical settings. As research 
involving social interaction analysis and linguistic 
anthropology has demonstrated, participants 
deploy multimodal resources to make their 
actions recognizable and accountable to others 
within specific social contexts. Understanding 
how these contexts shape language use requires 
an empirical study of diverse communicative 
settings, yet communities underrepresented in 
existing corpora remain largely undocumented. In 
this paper, we document interactions in rural 
Japan, where super-aging and depopulation have 
produced distinctive social settings. 

Recent advances in corpus linguistics have 
enabled large-scale documentation of naturally 
occurring conversations, providing invaluable 
resources for linguistic research. The Corpus of 
Everyday Japanese Conversation (CEJC) 
contains over 200 hours of audio- and video-
recorded daily activities with detailed annotations 
(Koiso et al., 2022). Studies using the CEJC have 
examined turn-taking, backchannels, and 
sequential organization across activity types 
(Koiso et al., 2022), including participant behavior 
in service encounters (Kishimoto, 2021). A 
preparatory survey (Koiso et al., 2016) 
characterized the types and settings of daily 
conversations, providing a baseline for corpus 
design. In addition, related projects, such as 
CEJC-child, which aims to document 100 hours of 

recorded interaction, are underway (Koiso et al., 
2024).  

However, these corpora exhibit a clear urban bias, 
with participants drawn primarily from Tokyo and 
surrounding areas (Koiso et al., 2022). This 
urban-centric focus neglects approximately 9.3% 
of Japan’s population residing in rural areas 
(Ministry of Internal Affairs and Communications, 
2025)—communities that are most impacted by 
super-aging and depopulation. In rural regions, 
39.7% of residents are elderly, compared to 28% 
nationally (ibid.). This percentage continues to 
increase as younger populations migrate to urban 
centers.  

A distinctive feature of rural life is the emergence 
of new communicative settings. With the decline 
of local retail establishments, services such as 
mobile supermarkets, which are small trucks that 
transport and sell daily necessities at scheduled 
stops near customers’ homes, have introduced 
new community spaces, especially for elderly 
residents. These localized communication 
practices require urgent documentation before 
they change significantly or lose their current form. 
Because they arise from particular configurations 
of social relationships, physical environments, 
and community needs, they can provide empirical 
evidence of how social context shapes language 
use in ways not captured by existing corpora. 

To capture rural communication, address the 
urban bias in existing language resources, and 
facilitate comprehensive studies of language use 
in interaction, this paper proposes a systematic 
framework for documenting rural communication 
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and describes aging society as a communicative 
practice through micro-level interaction analysis. 
Based on Goffman’s (1963) concept of gatherings, 
we propose four types of rural gatherings and 
examine mobile supermarkets as a case study.   
In doing so, this study also aims to contribute to a 
broader understanding of the diversity of 
communicative settings, which may inform the 
development of annotation frameworks in future 
work. We address the following questions: (1) 
What temporal patterns characterize 
conversations at mobile supermarkets, and what 
do they reveal about the social functions of these 
encounters? (2) How do participants coordinate 
multiactivity through multimodal resources? (3) 
What dimensions of social context does this 
communicative setting present that are not yet 
represented in existing language resources? 

2. Mobile Supermarkets as Rural 
Gatherings 

2.1 Gathering 
The concept of gathering, introduced by 
sociologist Goffman (1963), refers to individuals 
being co-present in the same space and sharing 
a social situation. Gatherings can occur not only 
during scheduled meetings but also in public 
places, including parks or stations, even when 
individuals have no explicit intention to “gather.” 
Goffman distinguished between focused 
interaction, in which individuals engage in a joint 
activity such as a conversation, and unfocused 
interaction, in which individuals merely share the 
same environment while maintaining mutual 
awareness without overt engagement. Previous 
studies on multimodal interactions have examined 
the transitions between focused and unfocused 
interaction. Mondada (2009) analyzed how 
engagement and disengagement are organized 
through utterances, gazes, and bodily movements. 
However, these studies primarily examined urban 
contexts, including public spaces. Rural 
communities offer distinct features of gathering, in 
which recurring encounters among familiar 
individuals and the physical infrastructure of daily 
life produce communicative settings not found in 
urban environments. 

Goffman’s framework, though developed in urban 
contexts, applies equally to rural areas, wherein 
distinct social and physical features produce 
particular forms of gathering. “Acquaintanceship” 
(Goffman, 1963) leads to particular forms of 
behaviors and procedural norms that differ from 
the interactions among unacquainted individuals 
more commonly found in urban contexts. For 
instance, an acquaintanceship in rural 
communities can function as a social resource 
that extends the boundaries of interaction beyond 
physical spaces. Although Goffman (1963) 
emphasized physical structures such as doors 
and walls as special boundaries, Sakai (2024a) 
illustrated that the predictability of encounters 

among historical acquaintances can lead to verbal 
interactions occurring beyond physical 
boundaries, such as outside the door or 
separated by a wall, without direct visual contact. 
This case suggests that rural gatherings are 
shaped not only by physical context but also by 
participants’ shared social history and 
expectations of encounters. 

2.2 Categorizing Rural Gatherings 
To document the communicative ecology of rural 
communities, we classify rural gatherings 
according to the social variables that shape 
participants’ expectations: location, social 
relationships, and the predictability of encounters 
(Sakai, 2024a). Such classification is necessary 
because rural communication, similar to urban 
communication, spans diverse settings, from 
private to public. Without a systematic typology, 
documentation risks being biased toward more 
accessible settings while neglecting everyday but 
less visible ones, such as brief encounters on the 
road. Thus, a comprehensive account of rural 
communicative ecology requires first establishing 
a typology and then documenting each type 
systematically. This typology draws on Goffman’ 
s (1963) distinction between focused and 
unfocused interaction and Koiso et al.’s (2016) 
situational classification for corpus design, 
combined with fieldwork observations in rural 
communities. 

1. At-home gatherings: Everyday 
communication within households or visits 
from community members in private 
settings.  

2. Chance encounters: Brief interactions that 
occur when individuals meet unexpectedly 
in public spaces, such as along roadsides, 
near bus stops, or at village offices. 

3. Community events: Scheduled gatherings, 
such as community meetings or traditional 
festivals (including practices), in which 
multiple parties interact on equal footing. 

4. Service encounters: Interactions between 
staff and customers (referred to as users in 
this paper), such as in shops, banks, or 
post offices. These participants, while 
familiar with each other in small rural 
communities, take on different roles, such 
as clerk and customer.  

As a first step toward documenting all four types, 
this study focuses on service encounters. Unlike 
urban service encounters between strangers, 
rural ones tend to involve community members 
with shared social histories who take on the roles 
of clerk and customer. Among these encounters, 
mobile supermarkets represent a new retail form, 
operating in novel physical environments such as 
vacant lots in front of users’ homes. This 
combination of familiar social relationships and 
dynamic commercial settings makes mobile 
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supermarkets productive sites for examining how 
social context shapes interaction. 

2.3 Mobile Supermarkets 
Mobile supermarkets belong to the category of 
service encounters but differ from ordinary shop 
interactions in several ways. As a communicative 
device in depopulated rural areas, mobile 
supermarkets generate temporary social contexts 
in which transactions and community interaction 
converge. 
Sustaining daily life in depopulated and aging 
rural areas is a critical issue. The main challenge 
is not aging per se but the mobility decline that 
accompanies it. Many rural areas suffer from so-
called shopping difficulties, particularly affecting 
elderly individuals who no longer drive and reside 
in geographically isolated regions, such as 
mountainous or island communities. This is part 
of the “food desert” problem, referred to in Japan 
as the issue of “vulnerable shoppers” (kaimono 
nanmin in Japanese).  
Under these circumstances, mobile supermarkets 
have gained increasing importance as one of the 
key solutions. These vehicles transport daily 
necessities and operate out of small trucks 
stationed near customers’ houses or in local open 
spaces (Figure 1). Their primary users are older 
adults who live too far from a fixed-location retail 
establishment to access them independently. The 
driver typically serves as both a driver and a 
salesclerk. Despite attracting attention from the 
social, administrative, and academic sectors, 
systematic studies examining the communicative 
dynamics of these mobile shopping environments 
remain limited. To the best of our knowledge, 
Takanashi et al. (2023) and Sakai & Sakaida 
(2024) are among the few studies to date that 
have analyzed language use and interactions in 
the context of a mobile supermarket. The present 
study extends this work by examining how mobile 
supermarkets function as a communicative device 
that is grounded in and generates particular social 
contexts, interactional structures, and participant 
behaviors not observed in fixed-location service 
encounters. Research on service encounters has 
examined interactions in fixed commercial spaces, 
including both unacquainted (e.g., Harjunpää et 
al., 2018) and acquainted participants (Laurier, 
2013). Even in acquainted settings, the physical 
boundaries of the shop are actively oriented to by 
participants as a resource for organizing the 
interaction (Sakai, 2024b). Mobile supermarkets 
differ in that the interactional space is temporarily 
constituted and dissolved, and participants must 
collaboratively manage the closure of the space 
itself. The co-occurrence of these features 
distinguishes this setting. 
 
 
 

 
 
 
 
 
 

 

Figure 1: A mobile supermarket operating in a 
vacant lot in front of a user’s house. 

 
From the perspective of interaction analysis, 
mobile supermarkets offer significant insights into 
language use within social interactions. As Sakai 
& Sakaida (2025) have pointed out, the arrival of 
the vehicle temporarily transforms the space in 
front of houses or community centers into a 
shopping environment. The arrival and departure 
of the vehicle serve as triggers for the emergence 
and dissolution of “interactional spaces,” 
respectively (Mondada, 2009). Capturing these 
temporal transformations through fine-grained 
interactional analysis requires video-recorded 
data. This approach yields valuable cases for 
analyzing how interactional spaces emerge, 
where their boundaries lie, and how rural life can 
be understood as a communicative practice. 
Understanding these practices requires 
interdisciplinary methods that attend to the social 
contexts in which interaction occur, shaped by the 
particular features of rural communities, including 
social relationships, communicative devices, and 
physical resources.  

3. Methods for Data Collection 
3.1 Recording Procedure  
Recording naturally occurring conversation in 
rural communities requires methods adapted to 
the social context in which interactions occur. For 
this study, we adopted a situation-specific 
approach (Koiso et al., 2022) in which 
researchers visited a specific site to record 
particular activities, as it allows focused 
observation, which leads to high-quality 
audiovisual data. 

A central challenge was establishing rapport with 
research participants, especially when recording 
was conducted in private spaces, such as the 
area directly in front of users’ homes. Consented 
recordings were made possible through the 
cooperation of the driver, who had prior research 
experience (Oshiro, 2019) and helped explain the 
research purpose to users and coordinate the 
procedure. This highlights how community 
members with a research understanding can act 
as mediators, facilitating data collection within the 
social context of the community. Participant 
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information sheets, consent forms, and consent 
withdrawal forms were also adapted for elderly 
participants through means such as enlarged text 
and verbal confirmation of content. 

The recordings were conducted by two 
researchers using two handheld cameras, two 
360-degree cameras mounted on top of the 
vehicle, two IC recorders attached to ensure full 
visual coverage, and an IC recorder attached to 
the driver (Figure 2, partly reproduced in Sakai & 
Sakaida, 2025). This setup enabled 
comprehensive audio and video recordings of 
conversations that occurred around the vehicle. 
Importantly, the recordings focused not only on 
the shopping itself but also on the periods before 
the vehicle’s arrival and after its departure. This 
study aims to capture the interactional 
transformation that occurs as mobile 
supermarkets become temporary marketplaces. 
This approach allowed us to successfully 
document conversations that extended beyond 
the transaction phase and even continued after 
the vehicle had departed.  

 
 
 
 
 
 
 
 

 

 
 
 

 

Figure 2: Recording setup with two handheld 
cameras, two 360-degree cameras, and three IC 

recorders (view from handheld camera 2) 

 
3.2 Recorded Data 
Recordings were conducted on March 22, 2024, 
after obtaining written consent on March 15. Table 
1 presents an overview of the dataset. In the table, 
letters and subsequent numbers indicate the 

 
1 Full transcription of the dataset is in progress. As an 
indication of scale, a one-minute segment (B1-1, 8:45–
9:45) from the cleanup phase analyzed in Section 4 and 
5, beginning at line 1 of Excerpt 1, contains 141 
morphemes (driver: 96, user: 45), segmented using 
MeCab with UniDic following the CEJC short-unit 

villages and specific stop points within each 
village. Recordings were not taken at stops A2, 
A3, and B2, although sales occurred.  
As shown in the table, the dataset includes eight 
mobile supermarket sessions that took place in 
five villages (A–E), involving one driver and 15 
users. Each stop had 1–4 users, with session 
durations ranging from 4 to 14 minutes. Some 
users were already present before vehicle arrival. 
Conversations occurred between the driver and 
users and among users themselves. While 
modest in scale 1 , the dataset captures 
communicative settings absent from existing 
Japanese conversation corpora, including the 
CEJC. 
 

 Stop 
number 

Number 
of users Arrival Departure Duration 

1 A1 1 9:57 10:01 0:04 
2 A4 3 10:45 10:58 0:13 
3 B1 1 11:07 11:18 0:10 
4 B3 2 11:36 11:52 0:15 
5 B4 1 11:59 12:09 0:10 
6 C1 4 14:24 14:32 0:08 
7 D1 2 14:56 15:03 0:07 
8 E1 1 15:21 15:30 0:09 

Total 8 15 - - 1:16 
 

Table 1: Data overview 
 

4. Preliminary Analysis: When they 
talk 

We examined when conversations occurred 
during shopping (Figure 3). Each horizontal bar in 
Figure 3 represents a shopping session, with 
segment types indicating user, for example, “A1-
1,” and shopping phase (see caption for details). 
Sessions were normalized to equal lengths for 
comparison from arrival to departure. 
As shown in Figure 3, conversational hotspots 
occurred at two distinct moments: shortly after the 
vehicle’s arrival (0–1 minute), when gray or black 
segments tend to appear, and after the 
completion of transactions, where black segments 
frequently follow striped segments. Of the 15 
sessions, 9 showed conversational activity within 
the first minute of the encounter, while all 
sessions showed conversation continuing after 
payment. Analyzing the contents of these 
interactions revealed distinct characteristics at 
different stages. 
 

conventions (Koiso et al., 2022). This count includes 
two inaudible segments due to the recording conditions. 
Given the variation in conversational density across 
sessions, this figure should not be extrapolated to the 
full dataset. 
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Figure 3: Temporal distribution of conversation 
during shopping (n=15). Black segments indicate 

conversations with the driver; grey segments, 
conversations with other users; dotted segments, 
the user talking with both the driver and another 
user; horizontal striped segments, transactions; 
vertical striped segments, conversations with 

unidentified participants; and blank areas, 
silence. 

 
Conversations initiated immediately after the 
vehicle’s arrival typically focused on product 
availability (from user to driver, (1)(2)) or inquiries 
about specific items (from driver to user, (3)(4)). 
The following examples present the original 
Japanese utterances, their English translations, 
and the direction of each utterance. Each user is 
assigned an identifier to distinguish individuals; 
for instance, the three participants at stop A4 are 
labeled A4-1, A4-2, and A4-3. 

 
(1) Kyoo wa sashimi ga aru ka nee.  

Do you have sashimi ‘sliced raw fish’ today? 

(A4-1 to driver) 
(2) Gyuu ga aru?  

Do you have beef? 

(A4-2 to driver) 
(3) Naomi neesan, daburu sofuto iran? 

Big Sister Naomi, don't you need *Double 
Soft?  *the name of bread 

(driver to B3-1) 
(4) Kyou wa nanka iru mon ga aru n su ka no 

Do you need anything today? 

(driver to B4-1) 
 
The following payments often concern the next 
shopping visit, representing a typical closing 
routine initiated primarily by the driver, as shown 
in (5)~(8).  

 

(5) Hoija maa raishuu getsuyoobi mata 
kimasu  
Well then- I'll come again next Monday. 

(driver to B1-1) 
(6) Hoija obachan, arigatone.  

Well then, auntie, thank you. 

(driver to B3-2) 
(7) Arigatosan deshita  

Thank you very much. 

(driver to B3-2) 
(8) Tsugi wa getsuyoubi wa oru? 

Will you be here next Monday? 

(driver to B4-1) 
 
These patterns suggest that the temporal 
structure of mobile supermarket interactions is 
organized not only by the commercial task at hand 
but also by social expectations in which 
acquaintanceship and regular encounters build up 
shared expectations about how the conversation 
unfolds. The driver’s familiar address terms and 
the routine confirmation of the next visit index a 
relationship extending beyond the transaction. 
When conversations continue well beyond 
payment completion, this typically results not from 
extended transaction-related talk but from a shift 
toward small talk, as shown in the following 
excerpt. Here, DRV represents the driver and 
USR indicates the user B1-1. We refer to 
Jefferson (2004) for the transcription conventions.  
 
01 DRV etto, hyaku:, hyaku::, nanajuu to:, 

ni en. yossha. 
  Um, 100- 170 and 2 yen. Alright. 
(Three lines omitted) 
05 DRV  arigato san deshita. 
  Thank you very much. 
06 DRV  hoija ma- raishuu getsuyoobi mata 

kimassu. 
  Well then, I will come again next Monday. 
07 USR getsuyoubi yasumi ja nai ken no? 
  Isn’t Monday a holiday though? 
(Five lines omitted, talking about holidays)  
13 USR raigetsu kara mata nanka saijitsu 

(    ) 
 From next month there are some other national holidays. 

14 USR attakai na: 
  I’m not sure of it. 

 
After confirming the next visit (line 6), the topic 
gradually shifts to holidays (lines 7–14). 
Furthermore, as the conversation continues 
beyond line 14, the driver and user stay at the 
same location for a while. However, it is important 
to note that the driver has to proceed to the next 
shopping point, as another scheduled stop follows 
shortly after the conversation. Consequently, 

19



examining conversation alone is insufficient, as 
the driver was simultaneously engaged in both 
small talk and preparations for departure. 
Understanding how participants manage these 
competing demands at a micro level reveals the 
organization of this setting, which arises from its 
particular social context, including relationships, 
physical environment, and interactional phase. 
The next section describes how the driver 
managed these multiple activities. 

5. Case Analysis: How they talk 
The term ‘multiactivity’ refers to how people talk 
and interact when coordinating or advancing (or 
not) two or more courses of action simultaneously 
and with respect to each other (Haddington et al., 
2014). After completing payment, DRV (driver) 
begins cleanup work, projecting the upcoming 
departure for the next stop, while conversing with 
USR (user B1-1). In the case below, an elderly 
customer slowly places their wallet back into their 
bag and prepares to leave. The DRV’s behavior 
shows no sign of rushing the customer.  
To clarify how the DRV manages these two 
activities, we examined the organization of the 
interaction and described the DRV’s orientation at 
each moment. Excerpts 1–3 were taken from a 
single case (DRV and B1-1 user), and the entire 
cleanup process lasts approximately two minutes.  
5.1 Keep Engaging with Voice 
The cleanup phase begins immediately after 
payment. In Excerpt 1, recorded during this phase, 
DRV and the USR continue their conversation. 
Following the completion of payment (lines 1-13), 
the topic shifts to a discussion of the next 
encounter, which serves as a projection of the 
closing (after line 15). Simultaneously, DRV 
returns the handheld transaction device to its 
place, while USR puts their wallet into their bag 
(lines 15-28). Immediately afterward, DRV moves 
to close the right-side door of the vehicle (line 30). 
For conventions of multimodal transcription, see 
Mondada (2018).  

Excerpt 1 (with multimodal transcription) 
01 DRV etto, hyaku:, (1.78) hyaku::, nanajuu 
  Um, 100- 170 
02     to:, (1.50) ni en. 
  and 2 yen. 
03     (0.2) 
04 USR n:n 
  mm- hmm 
05     (1.5) 
06 DRV yossha. 
  Alright. 
07 USR (nn) hai hai 
  yeah, yeah 
08     (1.4) 
09 DRV hai. 
  yeah 
10     (0.6) 
11 DRV hai. 
  yeah 
12     (0.3) 
13 DRV arigato san deshita. 

  Thank you very much. 
14     (0.3) 
15 DRV .hh hoija ma- raishuu getsuyoobi mata 
  Well then, I will come again next Monday. (ll. 15-16) 
16     kima[ssu hhh 
17 USR     [(u getsu-) 
       U, Mon- 
18     (0.8) 
19 USR %getsuyo%obi yasumi ja nai ken no? 
  Isn’t Monday a holiday though? 
       %.......%DRV--> 
20     (0.4) 
21 DRV yasumi (  ) ja nakaroo, ho- kongetsu 
  It shouldn’t be a holiday, uh- this month 
22     wa- kongetsu tte yuu ka %are 
  I mean this month, um 
   usr                      -->%,,,--> 
23     wa yasu%mi nakaroo nya. 
  Shouldn’t be a holiday. 
   usr     -->%front-->   
24 USR ano::, u-, *raige*tsu nara [nya 
  Um, uh, if it’s next month then 
25 DRV                            [u* 
                   uh 
   drv            *.....*USR--------*,,, 
26 DRV raigetsu naran [to 
  if it’s next month 
27 USR                [raigetsu %ka(ra) 
       from next month 
   usr                       -->%,,, 
28 USR mata nanka +saijitsu (    +  ) 
  there’s another holiday or something 
   drv            +returns cash register 
                   to designated position 
   drv                           +steps back 
29     (0.3) 
30 DRV attakai +na:. 
  I’m not sure there is. 
               +walks to right side 
                of vehicle--> 
31     (0.4) 
32 DRV kasana%tta n %ga atta kai na: 
  I wonder if there were overlapping ones 
   usr       %......%right--> 
33 USR un anmari:, sa-, an +sangatsu wa 
  yeah not really, uh, um, March  
   drv                  -->+ 
34     +(    ) [(yoran) 
  (unclear) 
35 DRV         [u+:n 
       uh-huh 
       +.........+carries box to left side 
                  of vehicle 
37     (0.3)%(0.5) 
   usr   -->%,,, 
38 DRV [(nho) 
39 USR [daibunto atta mon nee. 
  There were quite a lot, you know. 
40     (0.7) 
41 DRV are ga mata koma-, nga komaru n ya:,  
  That’s trouble-, it’s troublesome, 
42     komaru n yo +no: 
  troublesome, you know. 
                -->+ 
 
 
 
 
 

 
Figure 4: Body movements in lines 28-32 
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At this moment, DRV does not orient solely 
toward the conversation but continues the topic 
while speaking in a louder voice (lines 28-32). 
DRV steps back and begins to display their 
orientation to the work, while talking with USR 
(line 28, Figure 4, left). Also, USR turns their head 
slightly toward the right side of the vehicle (line 32, 
Figure 4, right) immediately after DRV begins to 
move in that direction (line 30, Figure 4, center), 
and before DRV’s arrival at the place. It indicates 
the orientation to maintain their interactional 
space (Mondada, 2009), which is about to 
transform, accompanied by the cleanup work. In 
this way, the projection of the movement of the 
body allows a prior orientation toward the 
intended location. 

Subsequently, DRV places the box back on the 
shelves (line 35), producing audible utterances, 
even while moving out of the USR’s line of sight. 
This dual engagement is possible because 
conversation primarily requires the speaker’s 
voice. Occasionally, DRV turns their head toward 
USR so that their voice is easier for USR to hear 
and to display their engagement in the 
conversation. This raises the following question: 
How does DRV manage activities when a 
conversation requires bodily engagement? 

5.2 Suspension Work for Conversation 
In Excerpt 2, the left door has already been closed, 
and DRV has moved to the right side of the 
vehicle. Ethnographically, DRV is a resident of 
Village B, where the selling in this case occurs. In 
this interaction, they discuss minor changes in 
their village—specifically, the abundance of 
harvested lemons at the village elementary school.  

Here, we observe that DRV, while working with 
their arms, uses the deixis expression ‘asoko 
(there)’ during the ongoing conversation. This 
utterance occurs precisely as he attempts to close 
the right-side door. Notably, it is difficult to close 
this door with one arm; it requires the use of both 
hands to pull down and lock it securely. In Excerpt 
2, he uses a pointing gesture to indicate the 
location verbalized as ‘asoko (there)’ and  
‘shoogakkoo (elementary school)’ in lines 7-11. 

 
Excerpt 2 
01 USR SOOJOO ittaka no: dokono 
  Did she go to SOOJOO village or where 
   drv >>walks to right side of vehicle--> 
02     (hoi demo [              ) 
  but well 
03 DRV           [nn byooin, +mo- aa(h) 
       mm hospital, or- aah 
   drv                    -->+closes lower 
                              right door--> 
04     byoo(h)in, +ka, +[asoko ka+:, 
  hospital or there 
05 USR                  [a (          ) 
            oh 
   drv         -->+,,,,+points---+,,,--> 

06        +(byooin[ka) 
           hospital 
07 DRV            [.h +ima sa:, 
        now you know 
   drv -->+try to close upper right door--> 
                   -->+points with left hand 
                       with right hand 
                       placed on door--> 
08     (0.2) 
09 USR    +n? 
     hm? 
   drv -->+hold--> 
10     (0.1) 
11 DRV asoko shoogakkoo n +toko de: 
  at that elementary school  
                       -->+,,,--> 
12 USR    +are, [remo- 
      that lemo- 
13 DRV          [yooke aru no wa nan- 
      what is with having so many- 
   drv -->+places both hands 
           on upper right door--> 
14     (0.2) 
15 USR remon shori. 
  Lemon processing. 
16     (0.4) 
17 DRV    +remon nanka shori n shiyo- ano: 
      Are they processing lemons 
       -->+closes upper right door--> 
18     (0.2) 
19 USR hoijake are wa ne (.) m- mae kara, 
  so well that you see (.) from before 
20     (0.6) ano: +chotto:, (0.4) 
  um a little 
   drv         -->+...--> 
21     TAKA+RA no hito rano: 
  the people of Takara association 
   drv  -->+places both hands on head-->> 
 
 
 
 
 
 
 
 

Figure 5: Pointing gesture while verbalizing 
‘asoko’ (there) in lines 7-17 

 
Although DRV initially attempts to close the door 
(line 7, Figure 5, left), they momentarily suspend 
the action and point in the direction referred to by 
‘asoko’ (there) (line 7-11, Figure 5, center). At this 
moment, DRV rests their right arm on top of the 
door and uses their left hand—the arm closer to 
the direction of reference—to make the pointing 
gesture. This suggests that the door-closing task 
is not reset, but rather temporarily suspended 
(Raymond & Lerner, 2014).  

The door-closing task resumes at line 13. After 
completing the pointing gesture, the right hand 
(used to indicate ‘asoko’), returns to the door 
(Figure 5, right). While continuing the 
conversation and turning their head toward USR, 
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DRV closes the door. This illustrates how DRV’s 
orientation shifts from cleanup to conversation, 
expressed through embodied behavior. 

5.3 Waiting for Bodily Disruption 
As shown above, DRV coordinates their bodily 
movement and conversation during cleanup work. 
This coordination is achieved by selectively 
choosing the orientation at each moment. DRV 
suspends their door-closing work when engaging 
in conversation that requires their bodily behavior.  
The following excerpt demonstrates a case in 
which the USR’s body positioning disrupts DRV’s 
efficient work. In Excerpts 1 and 2, DRV moves 
around the vehicle to close its doors. Typically, 
the preferred sequence is to close the doors in the 
order: left, back, and right. In many instances, 
DRV follows this routine. However, in the next 
case, USR remains standing directly under the 
back door, preventing DRV’s access. Rather than 
asking USR to move, DRV alters the sequence: 
they close the left door first, then the right, and 
finally the back. Excerpt 3 shows the moment 
when DRV closes the back door.   
 
Excerpt 3 
01 DRV u:so(h):(h): hh nani shiyon jaroo 
  No way:: what are they doing 
02     [re+mon ja noni 
  even though it’s a lemon 
          +walks to rear of vehicle--> 
03 USR [shiran. 
  I don’t know 
04     (0.1) 
05 USR hh h sore ga, 
  The thing is 
06     (0.7) 
07 USR koko no ma+e ka(ra) ni kai hodo 
  About twice recently 
   drv        -->+reaches hand upper door--> 
08     shiyon yo.  
  they’ve been doing it 
09     (0.2) 
10 DRV ee +ee @hoija-, kyo@o mo, kyoo 
  no- today too, today 
       -->+puts hand on door--> 
   usr        @...........@steps back--> 
11     mo to+ori yotta yo:, @[kuru+ma. 
  they passed by too, the car 
12 USR                       [kyoo mo mata 
       today again too 
         -->+lowers door a little-+holds-->25 
   usr                   -->@moves bag back 
13 USR kooiu yoona shitotta:? 
  were they doing something like this? 
14 DRV un. 
  yeah. 
15     (0.2) 
16 DRV kuruma kiyotta mon. 
  A car was coming 
17     (0.1) 
18 USR a[a:: 
  I see 
19 DRV  [washi ga ie-, h. hh. 
    when I (       ) home- 
20     (0.1) 
21 USR a ga [na:, (tsundokin) no:, 
  ah you know, (unclear) the  
 

22 DRV      [i- iku toki ni 
        wh- when going  
23 USR hoide so[re wa ne:, 
  and so that you see 
24 DRV         [un. 
     yeah 
25     (0.3)+(0.3) 
   drv   -->+closes door--> 
26 USR remon o chan- [mae wa shiboru tte 
  lemons properly- before they squeeze (them) 
27 DRV               [(nn.) 
     mm. 
28 USR [(        ) shichon+ ka omottara:, 
  I thought they were doing (            )  
29 DRV [nn nn. 
  mm mm 
   drv                 -->+  
30 DRV n::n. 
  mm mm. 
 
 
 
 
 
 
 
Figure 6: USR stepping away from the doorway 

while talking with DRV in lines 7-25 
 
USR continues to stand in the rear area, even as 
DRV approaches the rear of the vehicle and 
places their hand on the upper part of the back 
door (line 7, Figure 6, left). After that, USR 
gradually begins to step back (line 10, Figure 6, 
center), while talking with DRV. Shortly after USR 
moves away from the doorway, DRV lowers the 
door and closes it completely (line 25, Figure 6, 
right). Following this excerpt, DRV releases their 
hand from the door, turns fully toward USR, and 
displays a single orientation toward the 
conversation. 

Across these three excerpts, the driver 
systematically prioritized the conversation over 
their tasks to manage both as multiactivity. This 
practice, realized vocally (Excerpt 1), bodily 
(Excerpt 2), and temporally (Excerpt 3), enacts 
orientation toward care shaped by the interaction 
between participants’ backgrounds, the 
communicative context of a brief encounter, and 
the immediate situation. These dimensions of 
social context are difficult to capture without an 
interdisciplinary, micro-level analysis of the kind 
presented here. 

6.  Concluding Remarks 
This study documented language use in 
interactions at a mobile supermarket in a rural 
community, a communicative setting largely 
absent from existing language resources. The 
typology of rural gatherings provides a framework 
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for systematic documentation in further research, 
and the community-mediated recording 
methodology offers a foundation for future work in 
similar contexts.  

The quantitative analysis revealed that 
conversational activity clusters around the 
encounter and post-transaction phases, 
indicating that participants orient to these 
encounters as occasions for social connection. 
The qualitative analysis demonstrated how the 
driver managed work and conversation 
simultaneously as multiactivity, adjusting his 
interactional mode vocally (Excerpt 1), bodily 
(Excerpt 2), and temporally (Excerpt 3), 
consistently prioritizing conversation. The 
cleanup period operated as a buffer zone in which 
the driver “waited” for the user’s movement, 
avoided applying pressure, and altered routines. 
For older users with limited opportunities for social 
engagement, these moments functioned as 
meaningful opportunities for community 
connection. A systematic understanding of such 
“waiting” practices as a form of social support 
warrants further investigation across rural areas, 
demographic groups, and institutional settings.  

Regarding our third research question, this 
communicative setting presents a social context 
not captured by existing language resources. The 
temporal structure of interaction is organized by 
social expectations built through repeated 
encounters, as shown in the quantitative analysis. 
Furthermore, as the qualitative analysis revealed, 
the temporary shopping space was dissolved 
while the participants were talking after payment. 
The temporary nature of this setting was noted in 
previous work (Sakai & Sakaida, 2025). Building 
on this, the present study reveals the concrete 
multimodal practices through which this 
dissolution is accomplished. How participants 
manage this process is shaped by the particular 
social context of this setting, including relational 
history, and cannot be observed in fixed-location 
service encounters, where the commercial space 
requires no dissolution. While acquaintanceship 
can produce extended post-transaction 
conversation in fixed-location settings (Sakai, 
2024b), the practices documented here are 
qualitatively different: Participants collaboratively 
managed the dissolution of the commercial space 
while sustaining conversation (Excerpts 1–3). 
This interactional challenge arises only in 
temporarily constituted settings such as mobile 
supermarkets, shaped by the social conditions of 
rural depopulation and aging. Documenting these 
dimensions through interdisciplinary methods 
contributes to a richer understanding of the 
diversity of communicative settings, and offers 
empirically grounded factors, such as relational 
history, interactional phase, and spatial 
configuration, that could enrich context-aware 

approaches in the computational modeling of 
social interaction. 

7. Limitations 
This study is based on a limited number of 
recordings from a single rural community and 
focuses on one driver–user pair. Therefore, it may 
not capture the full diversity of mobile 
supermarket interactions in Japan. Future 
research should include multiple cases across 
different settings to explore variations in 
interactional practices. In particular, empirical 
comparisons with urban service encounters and 
rural fixed-location stores would clarify which 
features are specific to mobile supermarkets. 
Beyond expanding the empirical scope, our future 
work will develop annotation categories that 
encode the social contextual dimensions 
identified here, including relational history 
between participants, spatial configuration of the 
interactional setting, and sequential position 
relative to the vehicle’s arrival and departure. We 
also plan to expand the corpus to cover all four 
gathering types and to make the annotated data 
available for linguistic and communication 
research. 

8. Ethical Considerations 
The participants were informed of the research 
objectives and procedures one week before the 
data collection and provided written consent. 
Consent withdrawal forms ensured that 
participation could be terminated voluntarily at 
any time. The driver confirmed each participant’s 
willingness before recording. Faces in figures are 
anonymized, and data will not be shared publicly 
without additional consent. 
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Abstract
This paper argues that, when it comes to modeling language variation and change on the video game streaming
platform Twitch, it is necessary to consider “meso-level" communities of practice, i.e. communities of practice that are
smaller than the full video game community, yet larger than the usual level of analysis in recent linguistics studies:
communities associated with individual Twitch channels. We present a computational method for identifying these
linguistically relevant communities of practice and show how this method can be useful for analyzing quantitative
patterns of sociolinguistic variation in a corpus composed of the chat transcripts of 15 streamers of the game Elden
Ring: Nightreign.

Keywords: communities of practice, video game language, Twitch, clustering, corpus linguistics

1. Introduction

This paper presents a method for identifying lin-
guistically relevant communities of practice (CofP)
online, with a specific focus on the video game
streaming platform Twitch.tv. By linguistically rele-
vant CofPs, we mean the kind of social structures
that are appropriate for understanding how lan-
guage varies and changes according to the social
context.

How the use of socially meaningful linguistic form
varies, and how new forms emerge, are major re-
search questions in sociolinguistics. From the early
days of quantitative (variationist) sociolinguistics
(see Labov (1973)), researchers observed that the
use of sociolinguistic variables (grammatical alter-
nations, for example, pronouncing the final con-
sonant in the word working as [ŋ] vs [n]) are con-
ditioned by aspects of speakers’ places in their
speech community. In the “first wave" of studies
of linguistic variation, the “speech community" was
taken to be a whole city (New York (Labov, 1966),
Montréal (Sankoff and Cedergren, 1972), Detroit
(Wolfram, 1969) etc.) and a speaker’s place in
this community was established through their de-
mographic properties: usually age, gender, social
class and race (see Eckert (2012) for a description
of the different “waves" of quantitative sociolinguis-
tic study). However, later more anthropologically
oriented studies showed that many sociolinguistic
variables do not break down according to demo-
graphic properties, and their use is better analyzed
as resulting from speakers’ places in smaller, locally
defined social structures: communities of practice.
Introduced into sociolinguistics from education re-
search by Eckert and McConnell-Ginet (1992), a
community of practice is “is an aggregate of people

who come together around mutual engagement in
an endeavor. [. . . ] As a social construct, a com-
munity of practice is different from the traditional
community, primarily because it is defined simul-
taneously by its membership and by the practice
in which that membership engages" (Eckert and
McConnell-Ginet, 1992, 464). Eckert (2000)’s foun-
dational work on language variation as a social
practice shows how CofPs can be helpful for un-
derstanding the distribution of both phonological
sociolinguistic variables (vowel pronunciations) and
syntactic ones (negation and negative concord) in
a Detroit High School.

In the past 30 years, CofPs have become one of
the main units of analysis within both quantitative
and qualitative sociolinguistics, studying language
a wide variety of social settings. In an influential re-
view of the concept, Meyerhoff (2013), building on
Wenger (1998), describes three properties defin-
ing CofPs. The first is mutual engagement; that is,
“the members of a CofP need to get together in or-
der to engage in their shared practices" (Meyerhoff,
2013, 527). The second is that members share
some jointly negotiated enterprise: “members get
together for some purpose and this purpose is de-
fined through their pursuit of it " (Meyerhoff, 2013,
528). The final defining criterion of a CofP is that
members have a shared repertoire, and “these re-
sources (linguistic or otherwise) are the cumulative
result of internal negotiations" (Meyerhoff, 2013,
528). It is through this notion of “negotiated shared
repertoire" that CofPs have been found to be espe-
cially useful for studying certain kinds of language
variation and change in the offline world (see, for
example, Bucholtz (1999); Holmes et al. (1999),
among others).

Communities of practice have also been identi-
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fied as relevant for studying language online. Al-
ready a decade ago, Angouri (2015) summarized
research on digital communication using CofPs;
however, one of the most detailed discussions of
whether/how this concept can be fruitfully applied
to language variation and change in an online set-
ting is Leuckert and Leuckert (2020). In this pa-
per, which focuses on the news and social media
platform Reddit, the authors argue that, although
there are some differences with offline CofPs, com-
munities associated with individual Reddit forums,
known as subreddits, generally meet the criteria
laid out above for being considered communities of
practice. Through an in depth study of three sub-
reddits: r/leagueoflegends (a forum devoted to
the video game League of Legends (Riot, 2009));
r/linguistics (an academic forum devoted talking
about language); and r/rupaulsdragrace (a fo-
rum devoted to discussing the TV show RuPaul’s
Drag Race (LogoTV, 2019), Leuckert & Leuckert
argue that participants in these subreddits display
mutual engagement, participate in a jointly negoti-
ated enterprise and have a shared repertoire. For
example, users on the r/rupaulsdragrace forum
use linguistic expressions like RuSponsibly and ru-
veal, which are not found in the other subreddits
studied.

Leuckert and Leuckert (2020)’s claim that indi-
vidual subreddits can be communities of practice is
both intuitive and well argued. It is also mirrored in
other work that studies language (and other kinds
of behavior) on a platform with a similar structure:
Twitch.tv. Twitch.tv is a video streaming platform,
which pairs live video of an individual broadcasting
an activity (called the streamer), usually playing a
video game, with a synchronous live chat, where
audience members (viewers) can send public mes-
sages to be consumed by both the streamer and the
other viewers. Similar to the way in which Reddit is
composed of subreddits/forums, Twitch is made up
of channels associated with individual streamers.
Given that these channels and their viewers are
named “communities", and that they are often very
clearly sites of mutual engagement (learning more
about a video game, fostering a sense of commu-
nity, etc. (Hamilton et al., 2014; Gros et al., 2018)),
analyzing Twitch channels as CofPs is a common
when it comes to studying linguistic behavior on the
platform, see Graham (2019); van der Aa (2021)
among others.

Our goal in this paper is to argue that, while indi-
vidual Twitch channels undeniably show some of
the properties of CofPs, when it comes to modeling
language variation and change on the platform, the
“micro" level, i.e. channels, is sometimes too fine-
grained to properly capture the shared repertoires
that members of online communities have. To illus-
trate this point, we present a new quantitative study

of lexical variation in a corpus composed of chat
transcripts from 15 streamers of the video game
Elden Ring: Nightreign (2025, FromSoftware) on
Twitch. We show that accurately capturing the dis-
tributions of these sociolinguistic variables in the
corpus requires a level of analysis that is interme-
diary between the whole “Elden Ring" community
(exemplified by all 15 streamers) and the chats of
each individual streamer. Building on recent work
applying similarity and cluster analyses to linguistic
data, we provide a method for identifying “meso-
level" communities of practice that, we show, allow
for a better understanding of how new linguistic
forms emerge, are used, and change in gaming
communities.

2. The Nightreign Corpus

When writing an article studying gaming communi-
ties (on Twitch or elsewhere) it is common to start
by speaking of a “macro-level" community: The
[Name of Game] Community (see, for example,
Cochran et al. (2023) for The League of Legends
Community; Marlatt (2020) for The Fortnite Com-
munity, etc.). This paper will be no exception: its
focus will be on the community often described as
the Souls community, the Soulsborne community
or the Elden Ring Community. These definite de-
scriptions are often used by players who are fans
of the series of games developed by the Japanese
studio FromSoftware (Demon’s Souls, Dark Souls
1, Dark Souls 2, Dark Souls 3, Bloodborne, Sekiro,
Elden Ring, Elden Ring: Nightreign) and games
with similar structures. The fact that players often
use the singular definite description to refer to the
Soulsborne community (or similar) suggests that
they imagine themselves as being part of a single
unified group1 (Anderson, 1983), but, in the details,
it’s not so clear who exactly belongs to this “com-
munity". For example, 2022’s Elden Ring has sold
over 30 million copies2, but it is unlikely that any-
one who uses the term “the Elden Ring community"
would consider it as having more than 30 million
members. To operationalize this macro-level notion
of The Elden Ring Community in a corpus study,
we therefore decided to anchor our study around
a particular group of streamers: those who took
part in the fourth season of Elden Ring Bingo in
2024 (https://bingobrawlers.com/). Elden
Ring Bingo is a competitive game that pits two play-
ers against each other to see how fast they can
complete a series of objectives in the main single
player Elden Ring game (completing lines on a

1See for example https://www.reddit.com/r/
Eldenring/comments/pa3iwn/do_you_think_
the_soulsborne_community_is_toxic/

2https://www.thegamer.com/
elden-ring-sells-30-million-copies-switch-2/
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Streamer Followers Nationality
LilAggy 262k USA
Ginomachino 162k Canada
Parkenharbor 144k Canada
Bushy 98k USA
Captain_domo 47k USA/Germany
ItzCBD 47k USA
star0chris 41k USA
Vswed 34k Canada
Adef 32k USA
Mitchriz 31k USA
Blanxz 18k USA
Zoodle 18k Germany
nuclearpastatom 14k USA
yojosherino 14k USA
DrDoot 7k USA

Table 1: The 15 streamers featured in the
Nightreign corpus (follower count from July 2025)

bingo board). Additionally, most of these stream-
ers perform Elden Ring themed events at the very
popular GDQ (Games Done Quick) speedrunning
events (Blanxz 2024, Mitchriz 2023, 2024, 2025,
Captain_domo 2024, 2025, LilAggy 2024, 2025,
star0chris 2025, yojosherino 2025, adef 2025, Dr-
Doot 2025). This makes them identifiable as repre-
sentatives of the (Western) Elden Ring Community
to players of other games.

Our corpus is composed of the chat transcripts
from the streamers who both participated in the
tournament and streamed the newest FromSoft-
ware game, Elden Ring: Nightreign, in summer
2025 (see Table 1). All streamers stream in En-
glish and enforce an “English only" policy in their
chats, regardless of their native language.

More specifically, the Elden Ring: Nightreign
Twitch Chat corpus is composed of transcripts from
all the chats during the period in which Elden Ring:
Nightreign was actively streamed on Twitch: May
30 (launch of the game) - August 31 2025. The indi-
vidual chat files were downloaded as .csv files using
the Twitch Chat Downloader application (https:
//www.twitchchatdownloader.com/).
In all, the corpus is composed of the chats
from 448 streams, and contains produc-
tions from 50 130 users (henceforth known
as chatters). The Elden Ring: Nightreign
Twitch Chat corpus is available at https:
//osf.io/ct3zr/overview?view_only=
395154716b8c4d5c9cbb955755a99b8c.

3. Ludolexical variation

One of the best-known features of gaming com-
munities, which is also one of the defining char-
acteristics of communities of practice, is that they
often give rise to unique shared linguistic norms.

For gamers, this usually involves having a specific
vocabulary for game-play (ludic) elements in the
game (Iorio, 2010; Ensslin, 2012; Zähres, 2019,
among many others). The “Elden Ring Community"
is no exception, with community invented terms be-
ing widely used, especially when it comes to refer-
ring to enemies in the game. For example, consider
the message in (1), sent by a user in Zoodle’s chat.

(1) I love Elden Ring lingo so much, we got nights
cav, BBH, BBK, DTS, RadaBeast, Gargs
and so much more (chatter in Zoodle stream
2498943069)

As this chatter illustrates, “Elden Ring lingo" in-
volves linguistic practices such as referring to the
enemy Night’s Cavalry as nights cav (employing
a morphological process known as clipping), Bell
Bearing Hunter as BBH (acronymization), Black-
Blade Kindred as BBK, Draconic Tree Sentinel as
DTS (also acronymization), Valiant Gargoyles as
gargs (clipping) etc.

In this short paper, we present two examples of
variation in “Elden Ring lingo" which, we argue, il-
lustrate our main point: some linguistically relevant
communities of practice (at least on Twitch) lie be-
tween the macro-level, the Elden Ring Community,
in this case instantiated by all 15 streamers, and
the micro-level, i.e. communities around individ-
ual streamers’ channels. More specifically, we will
study variation in the naming of the most recent
Elden Ring game (Nightreign) and references to
one of the main antagonists in the game: the Bell
Bearing Hunter.

3.1. Nightreign
We extracted all references to the game Nightreign
from the Elden Ring: Nightreign Twitch Chat cor-
pus. Through searching with the regular expres-
sion night+, we extracted all the uses (with var-
ious spellings) of the official name of the game:
Nightreign (2). From inspecting the contexts sur-
rounding the occurrences of Nightreign (chat mes-
sages shortly before and after the original mes-
sage), we were able to identify two other variants:
the acronyms NR (3) and NTR (4).

(2) Hitless nightreign runs are about to be crazy
(chatter in Blanxz stream 2471884069)

(3) Chat did NR get a new patch today??
(chatter in LilAggy’s stream 2482675698)

(4) aggy is the best NTR bingo player for sure
(chatter in LilAggy’s stream 2538401141)

Table 2 shows the distribution of these three vari-
ants in the whole corpus. The official name of the
game is the most frequent variant, appearing in al-
most 92% of the cases. However, there is variation:
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the acronym NR is used around 7% of the time,
and the minority variant, NTR, is used less than 1%
of the time.

Variant Occurrences
Nightreign 7112 (91.9%)
NR 567 (7.3%)
NTR 59 (0.7%)

Table 2: Variation referring to Elden Ring:
Nightreign

The appearance of acronyms in a corpus of chat
between gamers is not surprising: research on
language and video games has shown repeatedly
that shortening morphological processes, espe-
cially acronymization, is very common (Ensslin,
2012; Zähres, 2019; Jannah and Tawami, 2024,
among many others). However, what is less ex-
pected, given previous literature, is the existence
of two acronym variants: NR and NTR. A natural
hypothesis to explain this state of affairs is that NTR
is favored by members of a particular streamer’s
community, as a way of marking the “in group" sta-
tus, something that has also been argued to be
frequent in gaming communities (Ensslin, 2012;
Zähres, 2019). However, if we break the data down
by individual streamers’ chats, we see that this is
not so clearly the case. Figure 1 shows the raw
counts of each variant and Figure 2 shows the per-
centage of the total distribution of the variant, for
the chats of each of the 15 streamers.

Figure 1: Nightreign vs NR vs NTR by streamer
(counts)

This figure shows that NTR is used by chatters
who watch a number of streamers: Captain_domo,
LilAggy, Mitchriz, parkenharbor and star0chris. So
a question arises as to whether these five stream-
ers’ chats have something in common that could
explain the emergence of the NTR variant.

Figure 2: Nightreign vs NR vs NTR by streamer
(percentages)

3.2. Bell Bearing Hunter
Our second example is reference to the enemy
officially known as the Bell Bearing Hunter. Using
regular expressions, we extracted all occurrences
of use of the variant bell bearing hunter from the
corpus (5), as well as elliptical versions, such as
bell bearing (6) and bell hunter (7). Inspecting the
context around occurrences of bell bearing hunter,
we further identified other variants3: the acronym
BBH (8), see also (1), and the expression Buh
Buh Huh, which orthographically represents the
pronunciation of the acronym (9).

(5) Bell Bearing Hunter is the true final boss of
this game
(chatter in LilAggy’s stream 2478131530)

(6) If I was to choose a seed for my runs, I would
avoid the wolf and bell bearing kkkkk my
fights are always longer than I want
(chatter in nuclearpastatom’s stream
2514398400)

(7) the bell hunter SUCKS
(chatter in LilAggy’s stream 2477320404)

(8) You know, thinking about it, BBH would be a
fun playable character in this with all his Darth
Vader moves.

(chatter in itzCBD’s stream 2516397731)

(9) buh buh HUH isn’t a bad fight solo
(chatter in Captain_domo’s stream
2482368557)

In the corpus, the most frequent variants are
the official one (Bell Bearing Hunter), the acronym

3We also identified a whole range of variants that oc-
cur only once or twice (eg. Barry the bell bearing meanie,
Bell bearing Kunter, Chad bearing hunter among others).
These variants, although humorous, are unfortunately
too rare to include in a quantitative analysis.
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BBH and the other “acronym" BUH BUH HUH. The
distribution of these variants is shown in Table 3.

Variant Occurrences
Bell Bearing Hunter 289 (25.3%)
BBH 568 (49.8%)
BUH BUH HUH 108 (9.4%)
Other variants 176 (15.4%)

Table 3: Variation referring to the Bell Bearing
Hunter

Table 3 shows that the acronym BBH is the most
frequent (around 50% of occurrences), even more
than the official name, which is used in only a quar-
ter of references to the enemy in the corpus. The
‘pronounced’ acronym BUH BUH HUH is used in
almost 10% of the cases.

As with the references to Nightreign, looking at
the data at the level of individual streamers’ chats
is not very helpful. As Figures 3 and 4 shows,
no variant is limited to the community of a single
streamer.

Figure 3: Bell Bearing Hunter vs BBH vs BUH BUH
HUH by streamer (counts)

Figure 4: Bell Bearing Hunter vs BBH vs BUH BUH
HUH by streamer (percentages)

However, in Figure 4, we can notice that the
group of streamers whose chatters use BUH BUH
HUH is quite similar to the chats where NTR is
found. Both of these minority variants are found
in the chats of LilAggy, Captain_domo, star0chris,
parkenharbor and Mitchriz. In the next section, we
will lay out a method for identifying more precisely
what these streamers have in common.

4. Identifying meso-level
communities on Twitch

We argue that the problem for studying linguis-
tic variation with treating each streamer’s commu-
nity as a separate community of practice is that
there is significant overlap in the audiences of the
streamers. The streamers are all professional El-
den Ring players who often collaborate with one
another (for example, in the 2024 Bingo Brawlers
tournament), so it is not surprising that a viewer
who enjoys Elden Ring gameplay would view more
than one streamer’s channel. However, chatters’
attentions are not spread out equally across all
15 streamers. For example, in the corpus, there
are 3150 unique chatters that post in both LilAggy
and Captain_domo’s chats; however, there are only
709 chatters who contribute both to LilAggy and
itzCBD’s chat. This is despite Captain_domo and
itzCBD having roughly the same number of follow-
ers, as shown in Table 1.

We can be more precise about how similar or
different the chatting audience of the 15 streamers
are through the use of the Jaccard coefficient, a
similarity measure widely used in machine learn-
ing and various areas of quantitative and computa-
tional linguistics (see Tan et al. (2006)). For pairs of
streamers, we calculated their Jaccard coefficient
through taking the cardinality of the intersection
of the sets of unique chatters for each streamer,
and dividing this cardinality by the cardinality of the
union of the two sets of unique chatters. In this way,
Jaccard coefficients range from 0 (sets of chatters
are completely disjoint) and 1 (sets of chatters are
identical)4.

Figure 5 shows a heatmap displaying the Jaccard
coefficients measuring the chatter overlaps for each
pair of streamers in the corpus. In line with the
discussion above, we can observe that LilAggy and
Captain_domo have a larger Jaccard coefficient
than LilAggy and itzCBD (0.13 vs 0.03).

Figure 5 shows that the overlap between stream-
ers’ participating audiences is not enormous: the
highest Jaccard coefficient is 0.24. Nevertheless,
0.24 does indicate that, for some pairs of streamers,

4The calculation of the Jaccard coefficients
was done in R, and the code is available at
https://osf.io/ct3zr/overview?view_only=
395154716b8c4d5c9cbb955755a99b8c.
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Figure 5: Heatmap of Jaccard coefficients for 15
streamers

a non-trivial part of their participating audience is
shared. We would therefore like some way to group
multiple streamers together based on this shared
audience, to then see whether these new commu-
nities of practice are better predictors of linguistic
variation.

For this purpose, we employed one of the most
common clustering algorithms used in linguistics
(see Levshina (2015)): k-means clustering (Mac-
Queen, 1967). K-means clustering aims to partition
(in this case) 15 streamers into k groups in a way
that maximizes (in this case) Jaccard similarities
between members of groups and minimizes simi-
larities between members of different groups. The
k-means clustering presented in this paper was
done in R (with the cluster package (Maechler et al.,
2026)), and the visualizations were also done in
R (with the factoextra package (Kassambara and
Mundt, 2020)).

Since we are using clustering as an exploratory
technique, the difficult question of how many clus-
ters are desired arises. As discussed above, all
the Jaccard coefficients are quite similar, so we
know that there are no isolated close-knit sub-
communities within the group of 15 streamers being
studied. This fact is reflected in the clustering re-
sults: Figure 6 plots the total within sum of squares
value for results of the k-means algorithm (calcu-
lated using the fviz_nbclust(·) function from the fac-
toextra package in R), for 1 to 5 clusters. In this
figure, there is no “elbow", i.e. place where adding
an extra cluster improves the fit of the model less
than any other, at least for few numbers of clusters.

Nevertheless, we see that the algorithm con-
sistently distinguishes between streamers like
star0chris, Captain_domo and Mitchriz on the one
hand, and nuclearpastatom and Zoodle on the
other, as shown by the 2 cluster and 3 cluster visu-
alizations in Figures 7 and 8.

In the next section, we will show that, even if we
take a coarse-grained clustering, such as k = 3, we
can arrive at a better model of ludolexical variation

Figure 6: Total sum of squares for k = 1 to k = 5

Figure 7: k-means clustering, for k = 2

Figure 8: k-means clustering, for k = 3

than if we simply consider either the whole com-
munity (15 channels) or each streamer’s channel
independently.

5. Back to ludolexical variation

As shown in Figure 8, the three groups of stream-
ers that were identified based on overlapping chat-
ters are Cluster A: Parkenharbor, LilAggy, Cap-
tain_domo, star0chris and Mitchriz; Cluster B:
Adef, Bushy, DrDoot, Vswed, Blanxz, itzCBD and
YoJosherino; and Cluster C: Zoodle, nuclearpas-
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tatom and Ginomachino.
Figure 9 shows the distribution of the variants

Nightreign, NR and NTR to refer to the game by
cluster. We can now observe that all the occur-
rences of NTR are found within the chats of stream-
ers from cluster A.

Figure 9: Nightreign vs NR vs NTR by cluster

We have some evidence that this pattern is driven
at least in part by individuals who participate in mul-
tiple streams. For example, the first use of NTR in
our corpus comes from a LilAggy stream, where a
particular chatter, call them Chatter A, writes NTR
as a variant for NR (10). The same chatter than par-
ticipates in Captain_domo’s stream a couple days
later, using the new NTR variant (11). As example
(11) shows, the innovative variant is remarked on
by other Captain_domo chatters, who draw atten-
tion to the fact that NTR also happens to be an
acronym for a genre of manga, Netorare, which is
centered around infidelity and the dark feelings that
ensue.

(10) idk about you guys, but ER NTR is at least and
8/10 for me
(Chatter A in LilAggy’s stream 2482675698)

(11) Chatter A: I’m playing NTR on the other moni-
tor and the double audio is really confusing
Chatter B : @[Chatter A] i wouldn’t abbreviate
nightreign to ntr KEKW
Chatter C: @[Chatter A] HANK, DONT AB-
BREVIATE NIGHTREIGN. HAAANK
(Captain_domo’s stream 2492160644)

The NTR variant is then spread to Parkenhabor’s
chat, when Parkenharbor audience members ob-
serve LilAggy chatters using it, during a Nightreign
collaboration a few days later (12)5.

5We note here that clearly metalinguistic uses of NTR
and Nightreign were excluded from the quantitative study.
Thus, the data in Table 2 only counts actual references to
the video game, not to the expression itself or to Netorare.

(12) why the fuck are they talking about NTR over
there
(chatter in Parkenharbor’s stream
2530353580)

In this way, we see the development of a linguis-
tically relevant “meso-level" community of practice
centered around Elden Ring gameplay, i.e. commu-
nities that are the result of (relatively loose) contact
between smaller Twitch communities.

We find a similar pattern when it comes to refer-
ring to the Bell Bearing Hunter: as Figure 10 shows,
BUH BUH HUH is significantly6 more frequent in
chats of streamers of the A cluster.

Figure 10: Bell Bearing Hunter vs BBH vs BUH
BUH HUH by cluster

And it appears that a similar mechanism to the
spread of NTR drives this pattern: individuals from
one chat will bring variants they learn from that chat
to another chat, which then starts using them. For
example, a chatter in LilAggy’s stream, call them
Chatter D, uses the BUH BUH HUH variant when
the Bell Bearing Hunter comes on screen. As ex-
ample (13) shows, this is a common practice in
LilAggy’s stream. Chatter D then goes to Mitchriz’s
stream and informs Mitchriz’s audience of the “cor-
rect pronunciation" of BBH.
(13) Chatter P: Buhh Buhh HUHH

Chatter Q: super tanky boi
Chatter D: Buhh Buhh HUHH
Chatter R: Buhh Buhh HUHH
(LilAggy stream 2501295308)

(14) it’s pronounced Buh Buh HUH
(Chatter D, in Mitchriz stream 2518225917)

6In statistical analysis (generalized linear mixed ef-
fects models, using the lm4e R package (Bates et al.,
2015), predicting the use of the BUH BUH HUH vari-
ant vs another variant, with cluster as fixed effet and
streamID as random effect) we find that BUH BUH HUH
is used significantly less in chats of cluster B (p < 0.002)
and significantly less in chats of cluster C (p < 0.001),
compared to the chats in cluster A.
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With these two examples, we can see the devel-
opment of a shared repertoire of linguistic practices
(referring to Nightreign as NTR and the Bell Bear-
ing Hunter as BUH BUH HUH) across communities
associated with multiple Twitch channels : those
that have many chatters in common.

6. Conclusion

This paper argued that, when it comes to model-
ing language variation and change on the video
game streaming platform Twitch, it is necessary
to consider “meso-level" communities of practice,
i.e. ones that are smaller than the full video game
community, yet larger than communities associated
with individual channels. We provided a method,
Jaccard coefficients + k-means clustering, which,
we argued, could help identify these intermediary
communities. We illustrated our proposals through
a study of quantitative ludolexical variation in a cor-
pus of chat transcripts from 15 streamers of “The
Elden Ring Community". We showed that lexical
innovations that are created in the community as-
sociated with a channel can be quickly propagated
to the communities of other channels when overlap
between the two communities is high, or when the
two communities come into contact (for example
through streamer collaborations). Our results thus
provide new linguistic evidence for what Cochran
et al. (2023) calls “nested communities of practice",
CofPs that exist within a larger gaming community
of practice, yet may also contain other CofPs.

7. Limitations and ethics statement

The results in this paper raise a number of ques-
tions that we are currently unfortunately unable to
answer. For example, we focused on the linguis-
tic productions of chatters, neglecting those of the
streamers. The reason for this focus was prac-
ticality: the chat transcripts were easily obtained
through an application; whereas, obtaining a tran-
script of the streamers’ linguistic productions would
be extremely difficult and time consuming, since the
stream videos are often 5-10 hours long and auto-
matic transcription of technical gameplay language
is mediocre. However, the streamers’ language
is clearly relevant to the development of shared
lingusitic repertoires, so lack of information about
the streamers’ behavior is a clear limitation of this
study.

Another question raised by our results concerns
the precise method for discovering intermediary
CofPs. As Figure 6 shows, k-means clustering for
k < 6 does not provide a good fit for our data. Even
though we argued that this method was sufficient to
shed light on linguistic variation in our corpus, we
might wonder whether other methods of identifying

subgroups of streamers or chatters would yield
better results. We therefore leave the exploration
of this possiblity to future research.
Ethics statement: The study reported in this pa-
per used only publicly available data from individu-
als who, at the time of their participation in public
Twitch streams, gave their consent to have their
productions recorded and broadcast. No artificial
intelligence tools were used at any point in the data,
analysis or writing of this paper.
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Abstract
Language transmits cultural identity even without explicit disclosure, shaping how individuals perceive and engage in
interpersonal tasks. We investigate these identity signals within the KODIS (KObe DISpute) corpus, an English-only
corpus of anonymous text-chat negotiations involving participants from the US, UK, Mexico, and South Africa. We test
whether a speaker’s country can be inferred from dialogue using zero-shot LLMs and embedding-based classifiers.
Our results demonstrate that cultural identity is reliably detectable in text, with embedding models achieving far higher
accuracy. Critically, while objective negotiation outcomes remain consistent across groups, these subtle identity
cues significantly alter participants’ subjective feelings about the interaction. These findings suggest that cultural
identity-related signals are embedded in language and may be relevant for analyzing negotiation dialogue.

Keywords: Cultural Identity, Sociolinguistic Cues, Social Interaction, Person Perception

1. Introduction

Language use can convey cues about a speaker’s
background and social identity (Gumperz, 1982).
Word choice and expression shape impressions
about a person’s background and social identity,
and these impressions influence how interaction
unfolds (Koschate et al., 2021). In social psy-
chology, this process is known as Person Percep-
tion (Keith, 2013). Interaction is influenced not only
by what is said but also by how the speaker is
perceived (Kunda and Thagard, 1996). In natural
dialogue, speakers rarely state their cultural back-
ground directly. Even so, patterns of language use
may convey subtle identity-related signals.

Identifying these signals from text is a meaningful
research goal, not just a step toward downstream
analysis. In many natural dialogue datasets, espe-
cially those from online disputes or archived nego-
tiations, cultural background information is missing
or unreliable. A classifier that infers cultural ori-
gin from language makes culture observable and
measurable in large unlabeled corpora where meta-
data is not available (Tetreault et al., 2013). Ne-
gotiation is a useful context to study this problem.
Prior dialect identification work mostly focuses on
neutral or everyday language, but negotiation dia-
logue is different. It involves strategic interaction,
power differences, and emotionally charged face
threats (Lawler and Yoon, 1995). These conditions
may strengthen or weaken cultural signals, but this
has not been tested empirically.

This paper examines whether traces of cultural
identity emerge in task-based dialogue when speak-
ers do not explicitly disclose their background.
It also examines whether these signals reflect

surface-level differences in expression or are as-
sociated with differences in interaction outcomes.
To explore this, we analyze English negotiation
dialogues collected under the same task con-
ditions from participants in four countries (Hale
et al., 2025). The analysis focuses on whether
a speaker’s country can be inferred from dialogue
alone and whether the strength of this inference is
related to negotiation behavior.

Figure 1: Overview of the study design and evalu-
ation framework.

Specifically, we address the following research
questions:

• RQ1: To what extent can a speaker’s country
of origin be inferred from dialogue when cul-
tural identity is neither relevant nor intentionally
disclosed?

• RQ2: Which computational approach better
captures these signals in negotiation dialogue:
zero-shot LLMs or embedding-based classi-
fiers?

• RQ3: Are these inferred identity signals associ-
ated with differences in negotiation outcomes,
as reflected in within-country versus between-
country interactions?
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2. Related work

2.1. Cultural identity in language
Sociolinguistic research has shown that social and
cultural identity can be reflected in patterns of lan-
guage use, such as lexical choice, spelling con-
ventions, and pragmatic style (Bucholtz and Hall,
2005; Labov, 2006). These patterns often emerge
without explicit self-disclosure and can be observed
across different communicative contexts (Bucholtz
and Hall, 2005). Prior work suggests that listeners
may form social impressions based on such linguis-
tic cues, even when identity is not directly relevant
to the task (Giles and Powesland, 1975).

2.2. NLP for social variable detection
Prior work in NLP has examined the prediction of so-
cial variables from text, including demographic and
cultural attributes (Tetreault et al., 2013). These
studies are motivated by the observation that such
social variables are systematically reflected in lin-
guistic patterns, and have proposed a range of
computational approaches, most commonly us-
ing feature-based representations of text (Zampieri
et al., 2018), with more recent work applying large
language models for social attribute prediction (Al-
Nuaimi et al., 2024). However, these studies have
largely focused on static text genres such as es-
says or social media posts, overlooking interac-
tive task-oriented dialogue. Negotiation is a par-
ticularly compelling yet underexplored setting: it is
fundamentally a social interaction shaped by per-
ceptions of group membership and identity (Tajfel
et al., 2001), where in-group favoritism and inter-
group bias can influence communication style and
subjective evaluations (Brewer, 1999; De Dreu and
Carnevale, 2003). However, the application of NLP
methods to negotiation dialogue remains largely
unexplored, even though strategic pressure and
emotional intensity may influence how cultural iden-
tity is expressed.

3. Method

3.1. KODIS Dataset
We use English negotiation dialogues from the
KODIS dataset. The dialogues are collected from
an online negotiation experiment in which partici-
pants interact anonymously to resolve a purchase
dispute (Hale et al., 2025). Participants do not
know each other’s country of origin, and there is no
requirement or incentive to reveal it during the inter-
action. All dialogues follow the same task scenario:
a buyer requests a refund after receiving an incor-
rect basketball jersey from a seller. The scenario is
designed to elicit emotionally charged exchanges,

as the buyer has been wronged and may express
frustration or anger during the dispute.

Each dialogue is associated with a buyer country
label among four classes: U.S., U.K., Mexico, and
South Africa.We construct a balanced dataset with
80 dialogues per country (320 total), where both
buyer and seller are from the same country.

3.2. Models

We analyze only the buyer side of each dialogue
(speaker-specific setting). We use 5-fold stratified
cross-validation with an 80% train and 20% test
split in each fold.

• LLM (Zero-shot). We use gpt-4o-mini
model as a zero-shot classifier. The prompt
provides a short list of linguistically grounded
cues (e.g., spelling variants, lexical choice, de-
livery terminology, and interactional tone) to
guide the prediction. The model is queried
with a temperature of 0.3 to reduce output vari-
ability. 1

• Embedding + Logistic Regression. Buyer
utterances are embedded using text-
embedding-3-large (3072-dimensional
representations). A multinomial logistic
regression classifier is trained on these
embeddings using L2 regularization with a
maximum of 1000 iterations. The random
seed is fixed for reproducibility.

• Embedding + SVM. The same precomputed
embeddings are used as input features. We
train a Support Vector Machine with an RBF
kernel, using the library’s standard regulariza-
tion and kernel parameters.

• Embedding + Random Forest. The same
embedding representations are used to train a
Random Forest classifier. We use the default
number of trees and feature-sampling strategy
provided by the library.

‘

3.3. Lexical Cues by Country

We analyze TF–IDF logistic regression coefficients
to identify lexical features associated with each
country. Features are ranked by their class-
specific coefficient magnitude, and the top posi-
tively weighted cues are selected for inspection.
The model assigns high weights to words and
phrases that reflect country-specific linguistic style.

1The full prompt is provided in the Appendix.
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3.4. Within- vs. Between-Country
Interaction Analysis

We compared negotiation outcomes between
within-country and between-country dyads. All di-
alogues were collected under identical task condi-
tions with matched incentives and roles. We ex-
amined resolution rates, buyer and seller points,
joint points, and all facets of the Subjective Value
Inventory (SVI) (Curhan et al., 2006). For this anal-
ysis, we included all dyads with complete outcome
information (N = 2076 dialogues). Dyads were
categorized as within-country or between-country
based on whether the buyer and seller shared the
same country label. Resolution outcomes were
analyzed using a chi-square test of independence,
while buyer points, seller points, joint points, and
SVI measures were analyzed using mixed-effects
ANOVAs with Role as a within-dyad factor and
Match as a between-dyad factor.

4. Result

4.1. Performance

Table 1: Model performance comparison.
Method Accuracy F1-Score
LLM 0.431 0.374
LogReg 0.625 0.627
SVM 0.616 0.628
RandomForest 0.615 0.612
Chance (4-class) 0.250 –

In Table 1, embedding-based methods substan-
tially outperform the LLM classifier across all met-
rics. Logistic Regression achieves 62.5% accuracy
and an F1-score of 0.627, compared to 43.1% ac-
curacy and 0.370 F1 for the LLM.

Figure 2: Confusion matrices for four models on
the four-country classification task

The confusion matrices in Figure 2 further clarify
why this gap emerges. The LLM exhibits a strong

prediction bias toward the U.S. class: for true U.S.
instances, it predicts U.S. 91.2% of the time, but it
also incorrectly maps a large proportion of Mexico
(51.2%), South Africa (66.2%), and U.K. (57.5%)
samples into the U.S. category.

In contrast, embedding-based classifiers show
balanced decision boundaries across all four
classes. Logistic Regression correctly identifies
62.5% of Mexico, 50.0% of South Africa, 72.5%
of the U.K., and 65.0% of U.S. samples, with sub-
stantially reduced cross-country confusion. This
balanced error distribution leads to a much higher
macro F1-score. Similar patterns are observed for
SVM (F1=0.628) and Random Forest (F1=0.557),
all of which avoid the systematic overprediction
seen in the LLM.

Limitations of Zero-Shot LLM Classification:
Analysis of the explanations (“reasons”) generated
by the LLM alongside its predictions reveals two
main sources of error. First, the model shows a
strong bias toward the U.S. class, frequently in-
terpreting generic negotiation language (e.g., ref-
erences to refunds or shipping) as evidence of
American origin, regardless of the speaker’s ac-
tual country. Second, the LLM relies primarily on
explicit surface-level cues, such as spelling variants
or named institutions, and fails to capture more sub-
tle discourse-level differences when these markers
are absent. These tendencies are reflected in the
model’s own reasons, which often cite generic lexi-
cal cues rather than distinctive linguistic patterns.

Figure 3: Lexical features with the highest coeffi-
cients for each country in the logistic regression
model.

4.2. Corpus-level Linguistic Signals
Figure 3 shows distinctive words for each coun-
try, identified based on the highest positive logistic
regression coefficients from the country-level clas-
sifier. These features reflect corpus-level stylistic
tendencies rather than fixed cultural traits, and may
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be shaped by task context, role expectations, and
L2 language use. U.K. dialogues contain politeness
markers and British spelling variants (e.g., “apolo-
gise”, “colour”). U.S. dialogues emphasize direct
and transactional language (e.g., “refund”, “fraud”).
Mexican dialogues show simplified phrasing and
L2-influenced constructions (e.g., “im”, “ok”). South
African dialogues contain procedural and regula-
tory terms (e.g., “courier”, “terms”).

4.3. Within- vs. Between-Country

Table 2: Result of Mixed ANOVA Analysis
DV Effect p Direction
Points Role <0.001 Buyer > Seller
SVI Instrumental Match .040 Between > Within
SVI Instrumental Role .022 Buyer > Seller
SVI Relationship Match .004 Between > Within
SVI Relationship Role .017 Buyer > Seller

We analyzed interaction outcomes using mixed
ANOVAs with Match (within-country vs. between-
country) as a between-dyads factor and Role (buyer
vs. seller) as a within-dyads factor. Resolution
outcomes were analyzed separately using a chi-
square test. Table 2 summarizes the main effects of
Match and Role on negotiation outcome measures.
Significant effects were observed for Role on points
and for Match on instrumental and relationship-
focused subjective value.

5. Discussion

Regarding RQ1, our results suggest that cultural
identity-related signals may emerge through linguis-
tic style even when such information is not explicitly
disclosed. The results support this assumption:
despite the absence of direct references to nation-
ality, both zero-shot LLMs and embedding-based
models were able to infer speakers’ countries from
dialogue patterns alone. This suggests that social
identity may be reflected not only in explicit content
but also in subtle stylistic features such as ortho-
graphic choices, hedging, and discourse structure.

For RQ2, embedding-based classifiers captured
identity signals more robustly than the zero-shot
LLM in this setting. Although zero-shot LLMs are
often effective in many NLP settings, they were less
robust than embedding-based classifiers in our spe-
cific negotiation classification setup. One possible
reason is that negotiation dialogue contains fewer
explicit nationality markers than more conventional
dialect identification settings Error analysis further
indicated that the LLM often relied on a small num-
ber of salient lexical cues and, when such cues
were weak or absent, tended to default to predicting
the U.S. class. This observation suggests that, in

our setting, the zero-shot model was more sensitive
to sparse surface cues, while embedding-based
models may have captured more distributed stylistic
patterns.

For RQ3, the comparison between within-country
and between-country interactions revealed an in-
teresting dissociation: despite the competitive
and emotionally charged nature of the negotiation
task, objective outcomes did not significantly dif-
fer across conditions, whereas some subjective
evaluations did. A more conservative interpretation
is that identity-related cues may shape how inter-
actions are subjectively experienced, even when
they do not translate into measurable differences
in objective outcomes. In such contexts, even emo-
tionally intense exchanges may be interpreted more
charitably in cross-country interactions, shaping re-
lational perceptions without altering material nego-
tiation outcomes. Together, these findings suggest
that social signals expressed through language
may influence how interactions are experienced
and evaluated, rather than the objective results of
the negotiation itself.

6. Conclusion

Overall, our findings show that implicit cultural iden-
tity cues can be detected in negotiation language.
Embedding-based classifiers consistently outper-
formed zero-shot LLM predictions, suggesting that
distributed stylistic patterns may provide more reli-
able signals for identity inference than surface-level
reasoning. These results suggest that culture clas-
sification can serve as a useful measurement step
for making country-linked variation observable in
naturalistic dialogue data, enabling the study of
cultural effects even when explicit metadata is un-
available. They also provide a starting point for
examining when cultural signals become salient
or are overridden in contexts shaped by strategic
interaction and emotional intensity.

Several limitations should be noted. First, par-
ticipants were not directly asked about their part-
ner’s nationality or identity perception, making it
difficult to determine whether identity inferences
were consciously recognized or only implicitly pro-
cessed. Second, although we compared multiple
classifiers and a zero-shot LLM, additional model
families or fine-tuned approaches may yield dif-
ferent patterns of robustness and generalization.
Future work could examine how emotional dynam-
ics interact with identity signaling, particularly by
considering the role of tone, politeness, and attribu-
tion in text-based communication. It would also be
valuable to investigate whether the strength or accu-
racy of inferred identity signals acts as a moderator
that shapes partner responses and the unfolding
of interaction dynamics.
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Appendices

A. LLM Prompt

LLM Prompt Snippet

System:
You are a helpful assistant that identifies the
country of origin from a dialog.
User:
Below is a dialog from a customer service dispute
over the purchase of an American basketball
player jersey. Both buyer and seller are from
the same country: U.S., U.K., Mexico, or South
Africa.
Use the following linguistic clues to help decide:

• Spelling: “colour/organisation” (U.K.) vs
“color/organization” (U.S.)
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• Word choice: “advert” (U.K.) vs “ad” (U.S.)
• Spanish L2 typos: “recieved”, “missunder-

standing” (Mexico)
• Delivery terms: Royal mail (U.K.), shipping

(U.S.), courier (South Africa), parcel service
(Mexico)

• Tone and references: PROFECO (Mexico),
Consumer Protection Act (South Africa)

• Ignore currency formatting and the fact that
the item is U.S. merchandise

Think step by step using these clues, but do not
show your reasoning.
Dialog:
<Speaker text inserted here>
Output format:
Prediction: <country>, Reason: <reason>
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Abstract
Which persuasion strategies, if any, are associated with donation compliance? Answering this requires fine-grained
strategy labels across a full corpus and statistical tests corrected for multiple comparisons. We annotate all 10,600
persuader turns in the 1,017-dialogue PersuasionForGood corpus (Wang et al., 2019), where donation outcomes
are directly observable, with a taxonomy of 41 strategies in 11 categories, using three open-source large language
models (LLMs; Qwen3:30b, Mistral-Small-3.2, Phi-4). Strategy categories alone explain little variance in donation
outcome (pseudo R2 ≈ 0.015, consistent across all three annotators). Guilt Induction is the only strategy significantly
associated with lower donation rates (∆ ≈ −23 percentage points), an effect that replicates across all three models
despite only moderate inter-model agreement. Reciprocity is the most robust positive correlate. Target sentiment and
interest predict whether a donation occurs but show at most a weak correlation with donation amount. These findings
suggest that strategy identification alone is insufficient to explain persuasion effectiveness, and that guilt-based
appeals may be counterproductive in prosocial settings. We release the fully annotated corpus as a public resource.

Keywords: persuasion strategies, donation dialogues, LLM annotation, sentiment analysis, PersuasionFor-
Good

1. Introduction

Charitable donation conversations are a natural
setting for studying persuasion: a persuader at-
tempts to convince a target to donate money, and
the outcome (donated or not, and how much) is di-
rectly observable. The PersuasionForGood corpus
(Wang et al., 2019)1 provides 1,017 such dialogues
collected via Amazon Mechanical Turk, where per-
suaders try to convince targets to donate part of
their task earnings to Save the Children. Under-
standing which strategies help or hinder can in-
form the design of prosocial dialogue systems and
evidence-based training for charitable fundraisers.

Subsequent work has improved strategy classifi-
cation accuracy (Saha et al., 2021) and analyzed
target resistance (Tian et al., 2020), but the ques-
tion of which strategies, if any, are statistically as-
sociated with donation outcomes remains only par-
tially addressed. Wang et al. (2019) tested strategy–
donation associations via logistic regression on 252
annotated dialogues with 10 strategies, finding only
“Donation information” significant (p < 0.05) without
multiple-comparison correction. The limited sample
(29% of the corpus), 10-strategy scheme, and ab-
sence of correction for multiple testing leave room
for a more comprehensive analysis. To our knowl-
edge, no prior work has tested individual strategy–
outcome associations across the full corpus with
a fine-grained taxonomy and multiple-comparison
corrections.

1We use the publicly available PersuasionForGood
dataset (Wang et al., 2019).

We address this gap by (1) defining a hierarchi-
cal taxonomy of 41 persuasion strategies in 11 cat-
egories, grounded in Cialdini’s principles of influ-
ence (1984) and Marwell and Schmitt’s compliance-
gaining strategies (1967); (2) annotating all 10,600
persuader turns using three open-source LLMs
(Qwen3:30b as primary annotator, Mistral-Small-
3.2 and Phi-4 as robustness checks) and all 10,332
target turns using Qwen3:30b alone (for sentiment
and interest labels), following current best prac-
tice (Carlson and Burbano, 2025; Abdurahman
et al., 2025); and (3) conducting bivariate tests with
multiple-comparison corrections and multivariate
logistic regression to assess strategy–donation as-
sociations. Our contributions include corpus-scale
evidence on strategy–donation associations (in-
cluding the Guilt Induction backfire and the limited
predictive power of strategy categories), a three-
model robustness design, and a fully annotated
resource covering all 1,017 dialogues.

2. Related Work

PersuasionForGood and persuasion in NLP.
Wang et al. (2019) introduced the corpus with 10
strategy labels (e.g., logical appeal, emotional ap-
peal, credibility appeal) and an RCNN-based classi-
fier. Saha et al. (2021) improved classification with
BERT-based models, while Tian et al. (2020) ana-
lyzed target resistance strategies. Chen and Yang
(2021) proposed weakly supervised identification
of 8 persuasion strategies in online contexts.
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Persuasion strategy taxonomies. Our taxon-
omy builds on Cialdini’s (1984) six principles of
influence and Marwell and Schmitt’s (1967) 16
compliance-gaining strategies, organizing 41 strate-
gies into 11 categories to enable analysis at both
category and individual strategy level (Section 3.1).

LLM-as-annotator. Recent guidance recom-
mends testing multiple models and treating model
choice as a researcher degree of freedom (Gilardi
et al., 2023; Pangakis et al., 2024; Carlson and Bur-
bano, 2025; Abdurahman et al., 2025); we follow
this practice (Section 3.2).

3. Methodology

3.1. Taxonomy
Starting from Cialdini’s (1984) principles of influ-
ence and Marwell and Schmitt’s (1967) compliance-
gaining strategies, supplemented by work on fear
appeals, framing, and emotional manipulation, we
compiled 45 candidate strategies. Pilot annotation
revealed that several were poorly distinguishable
(e.g., overlapping moral and value-based appeals).
After iterative merging and refinement, we arrived
at 41 persuasion strategies in 11 categories, plus
9 conversation management labels (e.g., Greet-
ing, Acknowledgement). Each strategy has a tex-
tual definition, characteristic markers, and decision
rules (see released code).

The most frequent persuasion category is Norms
/ Morality / Values (n = 1,331, 12.6% of all per-
suader turns), followed by Rational / Impact Appeal
(9.2%) and Framing & Presentation (7.3%). Overtly
coercive strategies (Threat / Pressure, Urgency /
Scarcity) are nearly absent, together accounting
for only 0.2% of turns. Guilt Induction, while psy-
chologically manipulative, is placed under Norms /
Morality / Values because it operates through moral
obligation rather than direct coercion.

3.2. Annotation Procedure
We annotate all 10,600 persuader utterances
across 1,017 dialogues using three open-source
LLMs deployed locally via Ollama: Qwen3:30b (Al-
ibaba; primary annotator), Mistral-Small-3.2 (Mis-
tral AI), and Phi-4 (Microsoft, 14B). These models
were selected on three criteria. First, they repre-
sent distinct developer families (Alibaba, Mistral AI,
Microsoft), reducing the risk that findings reflect
idiosyncratic biases of a single training pipeline,
in line with the robustness-check methodology of
Carlson and Burbano (2025) and Abdurahman et al.
(2025): one model serves as the primary annotator
and the others as independent replications. Sec-
ond, all three are fully open-weight models deploy-
able locally, ensuring that the annotation pipeline
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Figure 1: Distribution of 11 persuasion strategy
categories (Qwen3:30b). Each bar shows the num-
ber of persuader turns assigned to the category;
percentages indicate the category’s share of all
N=10,600 persuader turns. Conversation Manage-
ment turns (44.0%) are omitted.

is fully reproducible without dependence on pro-
prietary APIs. Third, by including models of dif-
ferent parameter scales—Phi-4 (14B) and Qwen3
(30B) as the smallest and largest – we can assess
whether the larger primary annotator’s capacity
drives results; Table 4 shows that key effects hold
across model sizes. Qwen3:30b is designated as
primary because it assigns valid labels to all 10,600
turns without errors, produces non-degenerate dis-
tributions across all 11 categories (unlike Mistral,
which assigns <1% to Framing & Presentation),
and achieves the highest macro-level agreement
with Wang et al.’s gold standard.

All three models use the same two-step hierar-
chical prompt: the system message instructs the
model to act as a “hierarchical persuasion strategy
classification system”; the user message presents
(1) the persuader utterance to classify, (2) up to 5
previous dialogue turns as context, and (3) the full
category→strategy hierarchy with definitions. The
model first selects the parent category, then selects
the specific strategy within that category, returning
a structured JSON response. Temperature is set
to 0.1 for near-deterministic output.

We also annotate all 10,332 target (persuadee)
utterances using Qwen3:30b for two dimensions:
sentiment (negative / neutral / positive, coded as
−1, 0, +1) and interest in donation (not interested /
neutral / interested, coded as 0, 1, 2), capturing the
target’s expressed engagement with the donation
topic independently of affective tone: a turn may
be affectively neutral yet indicate genuine curiosity
about the charity or a willingness to consider donat-
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ing. We treat mean target sentiment and interest
as covariates rather than primary predictors: both
are measured during the conversation and thus
reflect the target’s evolving response to persua-
sion rather than pre-existing dispositions; causal
direction between strategies, target responses, and
donation cannot be established from observational
data alone (see Limitations).

3.3. Annotation Quality

We evaluate annotation quality at two levels, fol-
lowing best practices for LLM-based annotation
(Pangakis et al., 2024). No human inter-annotator
agreement study exists for a 41-label persuasion
strategy task; the expected human ceiling for this
taxonomy is unknown.

Cross-taxonomy validation. We compare our
annotations against Wang et al.’s (2019) gold stan-
dard on 300 dialogues (3,047 turns). Because the
41-strategy and 10-strategy schemes are struc-
turally different, we map both to three macro-
categories (persuasive appeal, persuasive inquiry,
non-strategy), obtaining moderate agreement (Co-
hen’s κ = 0.507, macro F1 = 0.703; “moderate” on
the Landis and Koch 1977 scale). This is lower than
Wang et al.’s human α > 0.70 but was obtained
zero-shot without task-specific training.

Expert verification. An expert in persuasion dia-
logue reviewed a stratified sample of 100 persuader
turns covering all strategy labels annotated by the
LLM, confirming correct classification in 84 of 100
cases (84%). The 16 disagreements predominantly
involved boundary cases between semantically ad-
jacent strategies (e.g., Emotional Appeal vs. Empa-
thy Appeal, Moral Appeal vs. Self-feeling Appeal).
As this is verification rather than independent blind
annotation, we report accuracy rather than Cohen’s
κ.

Inter-model agreement. On all 10,600 per-
suader turns, pairwise Cohen’s κ between the three
models ranges from 0.38 to 0.54 at the strategy
level (“fair” to “moderate”) and from 0.44 to 0.62
at the category level. At the macro level (persua-
sion vs. conversation management), agreement is
higher: κ = 0.66–0.75, with raw agreement of 84–
88%. Three-way exact match is 34.1% for strate-
gies and 47.5% for categories. The models diverge
most on fine-grained labels (e.g., Rational Appeal
vs. Credibility Appeal) but converge on functional
classification. The key downstream findings, in par-
ticular the Guilt Induction backfire effect, replicate
across all three annotators (Section 4.7).

4. Analysis and Results

We conduct analyses at two levels of granularity. At
the category level (Section 4.1), we test whether
the presence of each of the 11 strategy categories
in a dialogue is associated with donation outcome.
At the individual strategy level (Sections 4.2–
4.3), we restrict tests to strategies appearing in at
least 20 dialogues (n ≥ 20), a minimum-frequency
threshold adopted to ensure reliable chi-square in-
ference; 22 of 41 strategies meet this criterion (full
counts in Appendix A). In both analyses we ap-
ply chi-square tests with Bonferroni and Benjamini-
Hochberg (FDR) corrections for multiple compar-
isons, followed by multivariate logistic regression to
assess independent effects (Section 4.5). Target
sentiment and interest are included as covariates
rather than primary predictors, as their role is de-
tailed in Section 3.2; bivariate associations with
donation outcome are reported in Section 4.4.

The overall donation rate is 53.6% (545 / 1,017
dialogues), with a mean donation of $2.17 ($4.05
among donors only). Dialogues contain an average
of ∼10 persuader turns, typically employing 4–5
distinct persuasion strategies per dialogue (mean
= 4.4, SD = 1.6, range 0–10); persuasion in this
setting is thus multi-strategy by nature. All results
below use Qwen3:30b (primary annotator) unless
otherwise noted.

4.1. Strategy Categories Do Not
Independently Predict Donation

We test whether the presence of each strategy cat-
egory in a dialogue is associated with donation
outcome using chi-square tests with Bonferroni
correction for 11 comparisons. None of the 11
strategy categories reach statistical significance
(all pBonf > 0.05). The closest is Commitment /
Consistency (pBonf = 0.146), followed by Rational
/ Impact Appeal (pBonf = 0.280). This null result
replicates across all three annotators (Table 4).

Because dialogues are long (avg.∼10 turns) and
contain many strategies simultaneously, most cate-
gories appear in most dialogues (Norms / Morality
/ Values in 72%, Rational / Impact Appeal in 56%),
making binary presence/absence a coarse signal.

4.2. Guilt Induction is Associated with
Lower Donation

At the individual strategy level, we test 22 strate-
gies with n ≥ 20 dialogues, applying both Bonfer-
roni and Benjamini-Hochberg (FDR) corrections.
Guilt Induction is the only strategy significantly as-
sociated with lower donation likelihood (Table 1).
Dialogues containing Guilt Induction (n = 104) have
a 32.7% donation rate, compared to 56.0% for di-
alogues without it (n = 913; χ2 = 19.4, ϕ = 0.14,
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pBonf < 0.001, pFDR < 0.001). The mean donation
amount is also 3.5× lower ($0.67 vs. $2.34, Mann-
Whitney U p < 0.001). This effect replicates across
all three annotators: ∆ = −23.0 pp with Mistral-
Small-3.2 and −23.9 pp with Phi-4, both significant
at praw < 0.05 (Table 4).

To illustrate, a typical Guilt Induction utterance
from a non-donated dialogue reads: “Kids are dying
from hunger every minute. Don’t you want to help
stop that?” In contrast, a Reciprocity utterance from
a donated dialogue: “That’s great! Every bit helps,
I will match your donation myself.” Guilt induction
threatens the target’s autonomy; reciprocity creates
a mutual exchange.

This pattern is consistent with psychological re-
actance theory (Brehm, 1966): when individuals
perceive that their freedom of choice is threatened,
they resist rather than comply (Figure 2a).

This association is correlational and may partly
reflect reverse causality (see Discussion). Our lo-
gistic regression (Section 4.5) shows that Guilt In-
duction remains a negative predictor (odds ratio
[OR] = 0.60, p = 0.029) even when controlling for
target sentiment and interest.

4.3. Reciprocity and
Commitment/Consistency are
Positive Predictors

Reciprocity is the strategy most robustly associated
with higher donation rates: 72.2% of dialogues con-
taining Reciprocity (n = 72) result in donation, vs.
52.2% without (n = 945; χ2 = 10.0, ϕ = 0.10,
pBonf = 0.034, pFDR = 0.016). The positive di-
rection replicates in all three models (∆ = +5.8 to
+20.1 pp), reaching significance in two of three (Ta-
ble 4). Commitment and Consistency, while not sig-
nificant under Bonferroni correction, also reaches
significance under FDR (pFDR = 0.016; 63.5% vs.
51.2%). For both strategies, reverse causality can-
not be excluded: persuaders may deploy them after
the target has already signaled willingness.

4.4. Target Sentiment and Interest
Predict Donation but Not Amount

The target’s expressed sentiment and interest are
the variables most strongly associated with whether
a donation occurs (both p < 0.001; Table 1, Fig-
ure 2b). Donated dialogues have higher mean tar-
get sentiment (0.44 vs. 0.27 on a −1 to +1 scale)
and higher mean interest (1.24 vs. 1.09 on a 0 to 2
scale). At the turn level, donated dialogues contain
more positive target turns (49.5% vs. 38.6%) and
fewer negative turns (6.1% vs. 12.0%).

However, neither sentiment nor interest shows a
statistically significant linear correlation with the
donation amount among those who did donate
(Pearson r = 0.034, p = 0.424 and r = −0.001,

Pres. Abs. pB pFDR

Strategy–donation (22 tests, χ2)
Guilt 32.7% 56.0% <.001 <.001
Reciprocity 72.2% 52.2% .034 .016
Commit./Cons. 63.5% 51.2% .049 .016
Target response–donation (MWU)

Don. No don. p
Sentiment .44 .27 <.001
Interest 1.24 1.09 <.001

Target response–amount (Pearson)
r p

Sentiment .034 .424
Interest −.001 .981

Table 1: Bivariate associations with donation out-
come (Qwen3:30b). Top: donation rates (%) in
dialogues where the strategy is present (Pres.) vs.
absent (Abs.); pB: Bonferroni, pFDR: Benjamini-
Hochberg correction over 22 tests. Effect sizes are
small (ϕ = 0.14 for Guilt, 0.10 for Reciprocity). Mid-
dle: mean target sentiment (−1 to +1) and interest
(0–2) in donated (Don.) vs. not-donated (No don.)
dialogues, Mann-Whitney U test. Bottom: Pearson
r between target response and donation amount
(donors only). Cross-model robustness is reported
in Table 4.

p = 0.981, respectively). Spearman rank corre-
lation detects a small monotonic association for
sentiment (ρ = 0.112, p = 0.009) but not for interest
(ρ = 0.059, p = 0.172), suggesting a weak non-
linear link between target sentiment and donation
amount that the linear measure misses. The “Nega-
tive” sentiment group contains only 23 dialogues (3
donations), so the 13.0% rate in Figure 2b carries a
wide confidence interval and should be interpreted
with caution.

4.5. Logistic Regression: Multivariate
Analysis

The bivariate tests above examine each predictor
in isolation. To assess whether strategy effects
survive when controlling for other predictors, we fit
logistic regression models with donation (binary)
as the dependent variable (Table 2).

Model 1: Strategy categories only. With the 9
strategy categories present in ≥ 20 dialogues as
binary predictors, the model is significant overall
(log-likelihood ratio [LLR] p = 0.011) but explains
little variance (pseudo R2 = 0.015). Commitment /
Consistency (OR = 1.41, p = 0.014) and Rational /
Impact Appeal (OR = 1.36, p = 0.018) are positive
predictors; no category is a significant negative
predictor.
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Figure 2: (a) Donation rates in dialogues containing Guilt Induction (n=104) vs. dialogues without (n=913);
difference of −23.3 pp (χ2=19.4, p < 0.001). This effect replicates across all three annotators (Table 4).
(b) Donation rate by predominant target sentiment across a dialogue’s target turns (χ2(2)=44.3, V=0.21,
p < 0.001).

Model 2: Categories + sentiment + interest.
Adding mean target sentiment and interest im-
proves fit substantially (pseudo R2 = 0.082; likeli-
hood ratio test vs. Model 1: χ2 = 94.4, p < 10−6).
Sentiment (OR = 4.24) and interest (OR = 3.11)
yield the largest effects (both p < 0.001). Commit-
ment / Consistency loses significance (p = 0.014→
0.454), suggesting either confounding or mediation
through target sentiment. Call to Action emerges
as a negative predictor (OR = 0.70, p = 0.009).

Model 3: Parsimonious model (exploratory).
As an exploratory check, we fit a compact model
with only Guilt Induction, Reciprocity, mean sen-
timent, and mean interest (the variables with the
strongest bivariate signals). This model achieves
nearly the same fit (pseudo R2 = 0.080, Akaike
information criterion [AIC] = 1302, area under the
ROC curve [AUC] = 0.67) as the full model (AIC
= 1314). All four predictors are significant: senti-
ment (OR = 3.94, p < 0.001), interest (OR = 2.77,
p < 0.001), Reciprocity (OR = 2.41, p = 0.002), and
Guilt Induction (OR = 0.60, p = 0.029). For com-
parison, a categories-only model achieves AUC
= 0.58.

4.6. Strategy–Response Sentiment Link
To explore why certain strategies are associated
with donation, we pair each persuader turn carry-
ing a persuasion strategy label with the immedi-
ately following target turn (n = 5,387 persuader–
target pairs) and compute the mean target sen-
timent elicited by each strategy (Table 3). The
corpus-wide average response sentiment is +0.37.
Guilt Induction (+0.02) elicits responses far below
the corpus average, as do Fear Appeal (+0.19) and
Unity (+0.23). In contrast, Commitment and Con-

Predictor OR 95% CI p

Model 3 (parsimonious): pseudo R2 = 0.080, AUC = 0.67
Sentiment 3.94 [2.30, 6.74] <.001
Interest 2.77 [1.64, 4.67] <.001
Reciprocity 2.41 [1.38, 4.20] .002
Guilt Ind. 0.60 [0.37, 0.95] .029

Table 2: Logistic regression predicting donation
(binary), parsimonious Model 3. OR: odds ratio
(> 1 = higher donation probability). Sentiment:
mean target sentiment per dialogue (−1 to +1).
Interest: mean target interest per dialogue (0–2).

sistency (+0.54), Reciprocity (+0.51), and Foot-in-
the-door (+0.51) elicit the most positive responses.
Reciprocity co-occurs with positive engagement;
the affective response pattern points to a possible
mediating role in the strategy–donation link, though
formal mediation analysis would be needed to con-
firm this.

4.7. Cross-Model Robustness
To assess whether our findings depend on the
choice of annotator, we replicate the full analysis
pipeline with Mistral-Small-3.2 and Phi-4 annota-
tions (Table 4). The Guilt Induction backfire effect
is the most robust finding: the effect direction and
magnitude (∆ ≈ −23 pp) are consistent across all
three model families, despite the models identifying
different numbers of Guilt turns (Qwen: 104 dia-
logues, Mistral: 35, Phi-4: 36) and achieving only
moderate pairwise agreement (κ = 0.38–0.54). To
probe whether this consistency reflects a core set of
“obvious” guilt turns, we examine the intersection:
only 16 dialogues are flagged by all three mod-
els (Jaccard = 0.14), and 63 are flagged by Qwen
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Strategy n Mean sent. % neg.
Bottom 3 (lowest mean sentiment)
Guilt Induction 114 +0.02 27.2%
Fear Appeal 69 +0.19 21.7%
Unity 43 +0.23 23.3%
Top 3 (highest mean sentiment)
Commit. & Cons. 182 +0.54 7.1%
Reciprocity 67 +0.51 7.5%
Foot-in-the-door 41 +0.51 7.3%
Corpus avg. 5,387 +0.37 —

Table 3: Mean target sentiment (−1 to +1) in the
turn immediately following each persuader strategy
(n = 5,387 persuader–target pairs). Only persua-
sion strategies with n ≥ 20 pairs shown; Conversa-
tion Management labels excluded. % neg.: propor-
tion of negative target responses.

alone. The donation rate is low for both subsets
(37.5% for all-three-agree, 30.2% for Qwen-only;
Fisher p = 0.56 for the difference), indicating that
the effect is not confined to extreme cases; even
borderline guilt turns identified by a single model
are associated with lower donation rates (any-guilt
union: 29.9% vs. no-guilt: 56.7%, p < 0.001). The
positive Reciprocity association replicates in direc-
tion across all three models and reaches signif-
icance in two of three. The null result for cate-
gories (pseudo R2 ≈ 0.015) and the dominance of
sentiment and interest in the full model (pseudo
R2 ≈ 0.08) are stable across all annotators.

Finding Qwen Mistral Phi-4 Repl.
Guilt ∆ (pp) −23.3*** −23.0* −23.9** 3/3
Recip. ∆ (pp) +20.1** +5.8 +10.4* 2/3
Categories R2 .015 .011 .016 3/3
+ Sent./Int. R2 .082 .079 .077 3/3

Table 4: Cross-model robustness. ∆: difference
in donation rate (pp) between dialogues with vs.
without the strategy. R2: McFadden pseudo R2.
Significance: ∗p<.05, ∗∗p<.01, ∗∗∗p<.001 (uncor-
rected praw; multiple-comparison correction is ap-
plied only to the primary Qwen model in Table 1).
Repl.: models where the finding reaches signifi-
cance (praw) or matches direction (for R2).

5. Discussion and Conclusion

Our results indicate that persuasion effectiveness
cannot be reduced to “strategy X leads to donation.”

First, strategy categories have limited predictive
power (pseudo R2 = 0.011–0.016 across all three
annotators), challenging the assumption that strat-
egy identification alone captures persuasion effec-
tiveness. With 4–5 strategies per dialogue, binary

presence/absence is inherently coarse; future work
should model strategy sequences and combina-
tions.

The moderate inter-model agreement (κ = 0.38–
0.54) is expected for a 41-label zero-shot task with
many semantically adjacent strategy pairs. Key
findings replicate regardless of this disagreement
(Table 4), while weaker effects, notably Reciprocity
(significant in two of three models), should be inter-
preted with more caution. Following Carlson and
Burbano (2025), effects replicating across all three
annotators provide stronger evidence than single-
model results.

Second, the Guilt Induction backfire effect has a
practical implication: prosocial dialogue systems
may benefit from avoiding guilt-based appeals.
Temporal analysis supports this: splitting the 104
guilt-containing dialogues by the position of the first
guilt turn, donation rates decline monotonically from
early (45.9%, n=37) through mid (34.3%, n=35) to
late guilt (15.6%, n=32), compared to the no-guilt
baseline of 56.0% (χ2(3) = 26.7, p < 0.001). After
Bonferroni correction, only late guilt differs signifi-
cantly from the baseline (padj < 0.001). This pattern
may reflect reverse causality (persuaders may re-
sort to guilt after sensing resistance), but even early
guilt underperforms the baseline numerically.

Resource contribution. We release the full an-
notated dataset (20,932 turns across 1,017 dia-
logues): strategy labels from all three annotators for
all 10,600 persuader turns and sentiment/interest
labels for all 10,332 target turns, together with
prompt templates, analysis scripts, and validation
code.2 The full taxonomy is in Appendix A.

6. Limitations

Our LLM annotations are produced without fine-
tuning; inter-model agreement on fine-grained la-
bels is moderate (κ = 0.38–0.54), and annotation
noise may attenuate downstream estimates. Key
findings (Guilt backfire, low category R2) are robust
to annotator choice, but weaker effects (e.g., Reci-
procity) vary across models. Each turn receives
one label, though turns may contain multiple strate-
gies; forced single-label annotation may under-
count co-occurring strategies. Sentiment and inter-
est are measured during the conversation, so they
function as concurrent mediators rather than exoge-
nous predictors; causal mediation analysis would
be needed to disentangle strategy effects from tar-
get response effects. The released data lacks in-
dividual worker identifiers, so non-independence
across dialogues cannot be ruled out. Finally, all

2Code and data: https://github.com/
persuasion-nlp/persuasion-strategies
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models explain at most 8% of variance (pseudo
R2 = 0.08); all reported associations are corre-
lational. Expert verification was conducted by a
single annotator with expertise in persuasion and
dialogue research; while the 84% accuracy on a
stratified 100-turn sample suggests acceptable la-
bel quality, a multi-annotator blind evaluation would
yield a more reliable estimate and is left for future
work.

7. Ethics Statement

This work analyzes existing publicly available dia-
logue data (Wang et al., 2019). No new human sub-
jects data was collected. The persuasion strategies
we study are from cooperative charitable donation
contexts. Findings about persuasion strategy ef-
fectiveness could theoretically inform manipulative
applications; however, the primary intended use is
understanding human persuasion dynamics and
improving prosocial dialogue systems.

List of Abbreviations

AIC Akaike Information Criterion
AUC Area Under the ROC Curve
CI Confidence Interval
FDR False Discovery Rate
LLM Large Language Model
LLR Log-Likelihood Ratio
MWU Mann-Whitney U (test)
OR Odds Ratio
pp percentage points
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Category Strategy n %

Norms / Morality / Values

Appeal to Values 543 5.1
Moral Appeal 521 4.9
Guilt Induction 129 1.2
Self-feeling Appeal 138 1.3

Rational / Impact Appeal Rational Appeal 928 8.8
Logical Appeal 45 0.4

Framing & Presentation

Framing 751 7.1
Loss Aversion Appeal 18 0.2
Bait-and-switch 1 <0.1
Pretexting 1 <0.1

Authority / Expertise
Credibility Appeal 683 6.4
Expertise 7 0.1
Authority 7 0.1

Emotional Influence

Empathy Appeal 265 2.5
Storytelling 180 1.7
Emotional Appeal 76 0.7
Fear Appeal 73 0.7
Sympathy Appeal 40 0.4
Emotional Manipulation 3 <0.1

Call to Action Call to Action 635 6.0
Liking 11 0.1

Commitment / Consistency

Commitment and Consistency 232 2.2
Activ. of Personal Commitment 95 0.9
Foot-in-the-door 45 0.4
Door-in-the-face 17 0.2

Social Influence
Social Proof 191 1.8
Unity 53 0.5
Social Positioning 3 <0.1

Exchange / Incentives

Reciprocity 88 0.8
Rewarding Activity 71 0.7
Pre-giving 57 0.5
Debt 6 <0.1

Urgency / Scarcity Urgency 17 0.2
Scarcity 2 <0.1

Threat / Pressure Threat 5 <0.1
Aversive Stimulation 2 <0.1

Conversation Management

Greeting / Rapport 1,060 10.0
Acknowledgement 1,022 9.6
Charity Awareness Probe 792 7.5
Non-persuasive Other 608 5.7
Logistics / Coordination 350 3.3
Donation Baseline / Habit Probe 325 3.1
Conversation Closing 297 2.8
Qualification / Segmentation 138 1.3
Permission / Time Check 69 0.7

Table 5: Complete taxonomy: 41 persuasion strategies in 11 categories plus 9 conversation management
labels (Qwen3:30b annotations). Columns show absolute turn counts and each label’s percentage of all
N=10,600 persuader turns (percentages sum to 100%). Five of the 41 taxonomy strategies (Punishing
Activity, Overloading, Confusion Induction, Promise, and Activation of Impersonal Commitment) received
zero assignments and are not shown.

A. Full Strategy Taxonomy

Table 5 lists all 41 persuasion strategies and 9 con-
versation management labels with turn counts.
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Abstract

Understanding human beliefs and social attitudes often relies on carefully designed survey instruments. Recent
work has suggested that large language models (LLMs) could automate parts of this process by generating surveys
at scale, raising questions about the comparability of such instruments to literature-grounded, human-designed
surveys. We present a controlled empirical comparison between GPT-generated surveys and established
survey baselines across three social domains: climate change, immigration, and diversity, equity, and inclusion
(DEI). GPT-generated surveys were produced using a fixed prompting framework enforcing a 3×3 structure
over beliefs, perceptions, and behaviors, while human baselines were assembled from validated instruments
to match survey length and construct coverage. We collected responses from U.S.-based participants, who
completed both survey types, allowing direct within-subject comparison. We analyze differences in response
distributions, clustering behavior, and alignment with self-identified stances. Our results show that GPT-generated
surveys capture the same dominant attitudinal divisions as human-designed instruments, while exhibiting
differences in the resolution of belief structure and group separation. These findings suggest that LLM-generated sur-
veys are suited for exploratory and large-scale analyses, and can be used to complement expert-designed instruments.

Keywords: survey design, attitude measurement, human–AI comparison

1. Introduction

Surveys are a central tool for studying human be-
liefs, values, and social attitudes across disciplines
such as psychology, political science, and sociol-
ogy. Carefully designed survey instruments are
not merely collections of questions, but theory-
informed measurement tools that encode assump-
tions about which constructs matter, how they
should be operationalized, and how responses
should be interpreted (Dillman et al., 2014; Boyn-
ton and Greenhalgh, 2004; Synodinos, 2003). As
a result, survey design choices such as question
framing, construct coverage, and scale structure
play a critical role in shaping the conclusions drawn
about public opinion and social behavior (Knäuper
et al., 1997; Lenzner, 2012).

Recent advances in large language models
(LLMs) have raised the possibility of automating or
augmenting survey design. Prior work has shown
that LLMs can generate fluent survey questions
(Maiorino et al., 2023), simulate respondent behav-
ior (Argyle et al., 2023; Bisbee et al., 2024), and
scale social data collection (Wuttke et al., 2025),
facilitating rapid pilot studies, iterative instrument
refinement, and large-scale processing of unstruc-
tured responses, tasks that are typically resource-
intensive and slow in survey workflows.

In this work, we present a systematic compari-
son between GPT-generated surveys and human-
designed surveys as a baseline for measuring be-
liefs and stances on social topics. Such compar-
isons are essential for determining whether LLMs
can be responsibly used as tools in questionnaire

design without compromising measurement valid-
ity or analytic conclusions. We focus on three
timely and socially consequential domains: cli-
mate change, immigration, and diversity, equity,
and inclusion (DEI). We evaluate whether surveys
generated using a fixed, structured prompt tem-
plate produce coherent and reliable instruments
across topics and elicit response patterns compara-
ble to those obtained using established instruments.
Rather than assessing surface-level similarities in
wording or face validity, we examine how the two
survey types differ in their ability to capture belief
variation, support meaningful clustering of respon-
dents, and align with self-identified stances.

Our contributions are threefold. First, we intro-
duce a framework for generating surveys using
LLMs that explicitly controls construct coverage
and survey length, enabling direct comparison with
human-designed instruments. Second, we con-
duct an empirical evaluation of LLM-generated and
human-designed surveys across multiple social do-
mains, using responses collected online from 150
U.S.-based participants per topic. Third, we an-
alyze where and how GPT-generated surveys di-
verge from human baselines in ways that matter for
interpreting social beliefs, highlighting both their po-
tential and their limitations as measurement tools.

Taken together, our findings contribute to ongoing
discussions at the intersection of NLP and psychol-
ogy by clarifying when LLM-generated surveys may
be useful and where caution is warranted. More
broadly, this work underscores the importance of
treating survey generation not as a purely linguis-
tic task, but as a measurement problem with sub-
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stantive implications for how social attitudes are
modeled and understood.

2. Related Work

This section reviews foundational approaches to
survey design, emerging work on LLM-based sur-
vey generation, and common approaches to quan-
tify and evaluate survey quality.

2.1. Measuring Social Attitudes
Survey instruments are central to measuring beliefs
and social attitudes, but their validity depends on
how abstract constructs are operationalized into
items, response scales, and questionnaire con-
text (Groves et al., 2011). Classic work in survey
methodology demonstrates that seemingly small
design choices such as question wording, ordering,
and framing, can systematically shift responses
and even change the meaning respondents assign
to a question (Schuman and Presser, 1996). More
broadly, survey methodology emphasizes that sur-
veys are subject to multiple sources of error (e.g.,
comprehension, recall, judgment, and response
mapping), and that careful questionnaire construc-
tion is necessary for producing interpretable and
reliable measurements(Groves et al., 2011).

Survey instruments aimed at measuring social
attitudes typically begin with the definition of an
underlying construct space that specifies which di-
mensions of belief are to be measured and how they
relate to one another. Rather than treating attitudes
as unitary variables, a large body of work in psychol-
ogy and social science conceptualizes attitudes as
multidimensional, often distinguishing between cog-
nitive beliefs, affective evaluations, and behavioral
or policy-oriented intentions (Ajzen, 1991; Eagly
and Chaiken, 1993). This tripartite view has in-
formed the design of many survey instruments, par-
ticularly in domains where attitudes are complex,
value-laden, and socially contested.

Operationalizing construct spaces into survey
items has been approached through multiple
methodological strategies. Some surveys rely on
multi-item, construct-based scales, in which par-
allel items are designed to probe distinct facets
of an underlying construct (Cronbach and Meehl,
1955), while others adopt segmentation-oriented
designs that prioritize a small number of high-signal
questions to differentiate respondent groups rather
than exhaustively measure all dimensions (Chryst
et al., 2018). In applied and large-scale survey set-
tings, these design choices are typically shaped
by a combination of theoretical grounding, prior
empirical usage, and practical constraints such as
respondent burden and survey length (Groves et al.,
2011). Across approaches, a common principle is

the use of structured and balanced item layouts
that explicitly sample across dimensions to sup-
port interpretability and comparability, facilitating
downstream analyses such as clustering and seg-
mentation (Saris and Gallhofer, 2014).

2.2. LLM-Based Survey Generation
The emergence of LLMs has created new opportu-
nities across the survey lifecycle, spanning instru-
ment design, administration, and response anal-
ysis. Prior work has explored LLMs as genera-
tors of synthetic survey responses (Argyle et al.,
2023; Hämäläinen et al., 2023), as tools for survey
question selection, editing, and drafting (Rothschild
et al., 2024), and as aids for annotating and ana-
lyzing open-ended responses (Valenzuela et al.,
2025; Jansen et al., 2023).

Early work on question generation demonstrated
that LLMs can support researchers in editing and
paraphrasing survey questions, as well as in re-
designing response options for multiple-choice
items (Rothschild et al., 2024). More recently, a
growing body of work has shifted toward using
LLMs to generate entire questionnaires. For ex-
ample, Adhikari et al. (2025) study how LLMs can
be prompted to produce questionnaire items that
adhere to specified formats, constructs, and design
constraints, highlighting their potential for rapid sur-
vey creation and customization. Related studies
have examined the use of LLM-generated surveys
in applied settings such as communication research
(Valenzuela et al., 2025), market research (Keane
and McNaughton, 2025), and personality measure-
ment (Oeljeklaus et al., 2025).

In contrast to prior work that emphasizes topic-
specific applications or task-tailored prompting, we
investigate whether LLMs can be used in a more
generalizable manner by employing a single, uni-
versal prompt to generate questionnaires across
diverse social topics, and assess how reliably these
instruments compare to expert-designed surveys.

2.3. Evaluating Survey Quality
A common approach to evaluating survey quality
in the social sciences is to examine whether re-
sponses support the discovery of meaningful latent
structure and are predictive of downstream inten-
tions, behaviors, or policy-relevant outcomes. A
substantial literature demonstrates that clustering
and latent-class analyses of survey data can re-
cover meaningful population segments that differ
systematically in behaviors, participation patterns,
and policy preferences, motivating their use as ana-
lytic tools rather than purely descriptive techniques.
For example, climate-opinion research has shown
that audience segments derived from survey re-
sponses capture heterogeneity in engagement be-
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haviors and policy support, enabling prediction and
targeted communication strategies (Chryst et al.,
2018; Maibach et al., 2011; Leiserowitz et al., 2021).
Similarly, political science research has used latent
class and profile models to identify participation
and voting types that predict turnout and modes
of civic engagement more effectively than item-
level analyses (Greaves et al., 2015; Johann et al.,
2020; Oser, 2022). More broadly, foundational work
on attitude–behavior relationships establishes that
survey-measured latent constructs are meaningful
precisely because they support the prediction of
intentions and behaviors across domains (Ajzen,
1991; McEachan et al., 2016). Within this con-
text, recent work on LLM-generated surveys has
primarily evaluated generated instruments through
comparisons with expert-designed questionnaires,
often using psychometric criteria. Studies have as-
sessed whether LLM-generated items reproduce
the factor structure, internal consistency, and con-
vergent validity of established scales, treating hu-
man designed surveys as reference measurement
models (Adhikari et al., 2025; Terry et al., 2025; Oel-
jeklaus et al., 2025). While these evaluations are
typically tied to study-specific measures and pre-
defined scales, we adopt similar principles within a
more general evaluation framework. In particular,
we extend assessment beyond construct replica-
tion to examine latent structure, respondent seg-
mentation, stability, and predictive utility, thereby
evaluating the robustness and analytic usefulness
of the induced belief structure across domains.

3. Methodology

This section describes the experimental design and
analysis procedures used in this study. We employ
a comparative setup in which GPT-generated sur-
veys are evaluated alongside literature-grounded,
human-designed surveys targeting the same social
topics. The study proceeds in four stages:

1. Survey Generation (Section 3.1): GPT-
generated surveys were produced using a con-
trolled prompting framework specifying con-
struct structure, formatting constraints, and
generation parameters.

2. Human Baseline Construction (Section 3.2):
Literature-grounded survey instruments were
assembled from established sources to match
the length and conceptual coverage of the
GPT-generated surveys.

3. Response Collection (Section 3.3): U.S.-
based participants completed both survey
types under randomized ordering, along with
additional survey-quality assessments.

4. Comparative Analysis (Section 3.4): We an-
alyzed differences in survey structure and re-
sponse patterns using quantitative measures
of construct coverage, clustering behavior, and
alignment with self-identified stances.

For the purpose of this paper we focus on three
timely and socially consequential domains: climate
change, immigration, and diversity, equity, and in-
clusion (DEI) These topics were selected for their
broad scope and frequent presence in everyday
discourse, making it likely that individuals across
diverse backgrounds hold opinions on them, while
also helping to reduce topic-specific confounds and
enhance the generalizability of our findings.

3.1. GPT-Generated Survey Construction
To structure the GPT-generated surveys, we adopt
a 3×3 construct space that systematically varies
both the substantive dimension of the topic and the
type of attitude being elicited. This design choice
is motivated by established survey methodology re-
search, which emphasizes that social attitudes are
multidimensional and are more reliably measured
through structured sets of questions rather than
single items (Tourangeau et al., 2000; Saris and
Gallhofer, 2014; Dillman et al., 2014). By explic-
itly crossing topical facets with distinct attitudinal
orientations, the 3×3 design promotes broader con-
struct coverage while maintaining a controlled and
interpretable structure. At the same time, this lay-
out balances expressiveness with cognitive and
methodological constraints, avoiding overly long
or unstructured surveys while enabling consistent
comparison across survey conditions.

GPT-generated surveys were created using
a fixed prompting template applied consistently
across topics. Survey generation was performed
using the OpenAI API with GPT-4.1 model ( temper-
ature of 0.7). A system prompt instructed the model
to assume the role of an expert survey methodolo-
gist and social scientist, with the goal of producing
concise, signal-rich surveys suitable for persona
discovery and cluster analysis. The user prompt
specified the target topic and imposed strict de-
sign constraints, including a 3×3 structure span-
ning beliefs, perceptions, and behaviors; neutral,
non-leading wording; and a uniform 5-point Likert
response format. Additional constraints required
questions to be non-redundant, accessible to a gen-
eral adult audience, and oriented toward maximiz-
ing differentiation between respondents when ana-
lyzed jointly. To support interpretability, the model
was also instructed to include a brief parentheti-
cal note describing the latent dimension probed
by each question. The full prompt template along-
side the final survey questions are provided in the
supplementary material.
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3.2. Human Survey Baseline
To enable meaningful comparison with the GPT-
generated surveys, we constructed human survey
baselines with a comparable scope and length. Be-
cause literature-grounded surveys on social topics
often vary in granularity and focus, we combined
items from multiple established survey instruments
to end up with at least 8 questions. Item selection
prioritized alignment with the same high-level con-
structs targeted in the GPT surveys, namely beliefs,
perceptions, and behaviors, while preserving the
original wording and intent of each question as used
in prior work. This approach allows us to compare
surveys of similar length and conceptual coverage,
while maintaining fidelity to human-designed instru-
ments grounded in existing social science research.
We detail the construction of the human baseline
survey for the climate change here. The proce-
dures for the other two topics and the full survey
questions are available in the supplementary mate-
rial. Throughout the paper, we refer to this survey
as the human baseline.

For the climate change domain, we constructed
the human survey baseline by drawing on widely
used and well-validated survey instruments in the
literature. The core of the baseline survey is based
on the Six Americas Short Survey (SASSY) (Chryst
et al., 2018), which has been extensively used to
segment public attitudes toward climate change
and is supported by a large body of empirical re-
ports and downstream analyses.

To complement this core instrument and expand
construct coverage without duplicating question
content, we incorporated the Single-Item Measure
of Belief in Climate Change (Berger et al., 2025),
which captures causal attribution and evaluative
belief about climate change in a compact and vali-
dated form. We further added two non-redundant
items drawn from the American National Election
Studies (ANES) (American National Election Stud-
ies, 2021), and one question from the climate
change perceptions questionnaire (Poortinga et al.,
2019) to capture perceptions of the current impacts
of climate change, such as its perceived effects on
severe weather events and temperature patterns
in the United States.

3.3. Response Collection
Participants were recruited via the Cloud Connect
platform and were required to be at least 18 years
old and residing in the United States. Data collec-
tion was conducted using Qualtrics, and the study
protocol was approved by our university’s Institu-
tional Review Board (IRB). For each topic (climate
change, immigration, and DEI), we recruited ap-
proximately 150 participants. Participants were
compensated at an hourly rate of $11; the average

completion time was approximately 6 minutes. No
personally identifiable information was collected,
and detailed demographic statistics are provided
in the supplementary material.

For each topic, participants first reviewed and
signed an informed consent form. They were then
asked to self-identify their stance using a prede-
fined set of labels accompanied by brief descrip-
tions (full label lists provided in the supplementary
material). This self-identification served two pur-
poses: (1) to support downstream analysis of how
survey responses cluster relative to self-reported
stances, and (2) to facilitate the collection of diverse
viewpoints. To this end, once a threshold number
of participants was reached for a given stance la-
bel, additional participants selecting that label were
screened out to maintain a more balanced distribu-
tion of perspectives.

Each participant completed both the GPT-
generated survey and the corresponding human
survey baseline for the topic. Survey order was
randomized to control for ordering effects. Fol-
lowing each survey, participants answered a short
four-item questionnaire assessing perceived sur-
vey quality, including clarity, bias, relevance, and
over-specificity.

3.4. Evaluation Metrics
To compare the quality of human baseline and GPT-
generated surveys, we employ a set of complemen-
tary evaluation metrics that assess latent structure,
robustness, diversity preservation, and behavioral
relevance. All analyses that require clustering use
k-means, a standard unsupervised clustering algo-
rithm, applied to standardized survey responses.

3.4.1. Clustering Quality and Stability

We treat clustering quality as a central aspect of
survey quality. In many social science applications,
surveys are not used solely to analyze individual
items in isolation, but to induce latent groups or
typologies of respondents that summarize hetero-
geneity in beliefs, attitudes, or preferences. Such
typological analyses are foundational in fields in-
cluding political science, sociology, and psychology,
where survey responses are routinely clustered to
identify ideological blocs, belief systems, or behav-
ioral profiles (Gross and Manrique-Vallier, 2012;
Ahlquist and Breunig, 2012; Thomas et al., 2019).
From this perspective, a high-quality survey should
support coherent, stable, and interpretable group
structure, as deficiencies in clustering quality can
propagate to downstream tasks such as belief mod-
eling, behavioral prediction, and policy analysis.

We evaluate internal clustering quality using the
Silhouette Score (Rousseeuw, 1987) and Davies–
Bouldin Index (DBI) (Davies and Bouldin, 1979),
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computed on cluster assignments obtained via un-
supervised k-means clustering. The Silhouette
Score assesses cluster separation at the level of
individual respondents by comparing within-cluster
cohesion to nearest-cluster separation. For a point
i, it is defined as

s(i) =
b(i)− a(i)

max{a(i), b(i)} ,

where a(i) is the average distance from i to all other
points in the same cluster, and b(i) is the minimum
average distance from i to points in any other clus-
ter. The overall Silhouette Score is computed as
the mean of s(i) across all N points. The score
ranges from −1 to 1, with higher values indicating
stronger separation between clusters and values
near zero suggesting overlapping structure.

We also report inertia, which measures overall
within-cluster dispersion. Inertia is defined as the
sum of squared distances between each point and
the centroid µc(i) of its assigned cluster:

Inertia =

N∑

i=1

∥∥xi − µc(i)

∥∥2 ,

where xi denotes the feature vector for point i and
c(i) denotes its cluster assignment. Lower inertia
indicates more compact clusters, though it does
not account for between-cluster separation.

The DBI evaluates cluster compactness relative
to centroid separation and is defined as

DBI =
1

K

K∑

k=1

max
l ̸=k

σk + σl

d(ck, cl)
,

where σk denotes within-cluster scatter for cluster k
and d(ck, cl) denotes the distance between cluster
centroids. Lower DBI values indicate more compact
and well-separated clusters, while higher values
indicate poorer separation. Because these metrics
emphasize complementary geometric properties,
separation vs. compactness, agreement between
them provides stronger evidence of coherent struc-
ture than reliance on a single index.

Since internal clustering metrics can be sensitive
to sampling variation, we additionally assess stabil-
ity under resampling by repeatedly bootstrapping
participants, reclustering with k-means, and com-
puting the Adjusted Rand Index (ARI) (Hubert and
Arabie, 1985) between runs. The ARI between two
partitions U and V is defined as

ARI =
RI− E[RI]

max(RI)− E[RI]

where RI denotes the Rand Index, which measures
pairwise agreement between two clusterings by
evaluating all pairs of samples and counting the

proportion assigned either to the same cluster in
both partitions or to different clusters in both parti-
tions. The ARI corrects this measure for chance
agreement. ARI values range from −1 to 1, with 0
indicating chance-level agreement and 1 indicating
identical partitions. Higher ARI under resampling
indicates more stable and robust latent structure.

External Structural Agreement. We evaluate
the external validity of the induced cluster struc-
ture in two complementary ways. First, to assess
whether different survey instruments for a single
topic recover similar respondent groupings, we
apply unsupervised k-means clustering indepen-
dently to each survey and examine agreement be-
tween the resulting partitions using transition matri-
ces. This analysis tests whether the two surveys
capture a shared underlying organization of beliefs.

Second, we assess alignment with self-identified
persona labels, which participants selected at the
beginning of the study to describe their own stance.
We compare survey-induced cluster assignments
to these self-reported personas using ARI (Hubert
and Arabie, 1985) and Normalized Mutual Informa-
tion (NMI) (Strehl and Ghosh, 2002). Let C1 denote
the clustering obtained from survey responses and
C2 denote the partition induced by participants’ self-
reported persona labels. NMI is defined as

NMI(C1, C2) =
2I(C1;C2)

H(C1) +H(C2)
,

where I(C1;C2) measures the mutual information
between the two partitions and H(C1) and H(C2)
denote their respective entropies. NMI ranges from
0 (no shared information) to 1 (identical partitions).
Moderate alignment suggests that the derived clus-
ters capture meaningful distinctions while remain-
ing non-redundant with persona categories.

3.4.2. Predictive Validity

A key criterion for evaluating survey quality is the ex-
tent to which survey responses capture information
that is relevant for downstream behaviors and atti-
tudes. In social science and behavioral research,
surveys are routinely used not only to describe be-
liefs, but to predict consequential outcomes such
as political participation, policy support, and so-
cial engagement (Ajzen, 1991; Fishbein and Ajzen,
2011; Sciarini and Goldberg, 2016; Lazarsfeld and
Franzen, 1945). From this perspective, predictive
performance provides a direct test of whether a sur-
vey encodes behaviorally meaningful signal. We
assess predictive validity by evaluating how well
survey responses and survey-induced clusters pre-
dict downstream outcomes, including self-reported
policy support, action likelihood, and social dis-
cussion. Cluster-based predictors use k-means
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assignments as discrete representations of latent
structure. Predictive performance is measured us-
ing cross-validated R2, defined as

R2 = 1−
∑

i(yi − ŷi)
2

∑
i(yi − ȳ)2

.

Comparing feature-based models with cluster-
based models reveals how much predictive signal
is preserved under unsupervised compression.

4. Results

Due to space constraints, we focus our empirical
evaluation on the climate change surveys, which
serve as a representative testbed for comparing
human-designed and GPT-generated instruments.
Results for the remaining two topics follow similar
patterns unless otherwise noted and are reported
in the supplementary material. All reported results
are computed using the same set of respondents,
each of whom completed both the human baseline
survey and the GPT-generated survey on climate
change. We begin our analysis by examining mean
responses to each survey question, stratified by
self-identified climate personas. For the climate
change topic, participants were asked to select one
of the following labels: Advocate for Avoiding Cli-
mate Alarmism, Climate Policy Skeptic, Neutral
Observer of Climate Change, Advocate for Bal-
anced Climate Action, Advocate for Proactive
Climate Policy, and Climate Action Advocate.
These personas were designed to capture ordered
positions along a spectrum of climate beliefs, re-
flecting increasing levels of concern about climate
change and stronger support for mitigation and pol-
icy intervention. Each label was accompanied by
a brief description (see Supplementary Material),
and wording was deliberately framed in neutral or
positive terms to avoid discouraging participants
from selecting any category.

Figure 1 shows the mean response for each
question in the human baseline survey (top) and the
GPT-generated survey (bottom), with bars colored
by persona. Across nearly all questions in both
surveys, mean responses exhibit a clear and ordi-
nally meaningful pattern: as one moves along the
persona spectrum toward more climate-concerned
identities, mean responses change monotonically
in the expected direction.

The monotonic structure indicates that both sur-
veys capture a coherent underlying belief gradient
rather than noisy variation. The human baseline
shows more consistent spacing between personas,
suggesting stable differentiation, whereas the GPT-
generated survey exhibits attenuated separation
across some questions, indicating partial merging
of adjacent personas.
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GPT survey (bottom)

Advocate for Avoiding Climate Alarmism (n=15)
Climate Policy Skeptic (n=20)
Neutral observer of Climate Change (n=25)
Advocate for Balanced Climate Action (n=28)
Advocate for Proactive Climate Policy (n=29)
Climate Action Advocate (n=27)

Figure 1: Climate change surveys: Normalized
mean response per question by persona label. The
top panel shows the human baseline survey and
the bottom panel shows the GPT-generated sur-
vey. Bars are colored by self-identified climate per-
sona, ordered from least to most climate-concerned.
Across both surveys, mean responses vary mono-
tonically along the persona spectrum, indicating
an ordinally meaningful alignment between survey
responses and underlying climate belief positions.

Overall, these results validate both the self-
identified personas and the survey instruments,
showing that persona labels correspond to system-
atic response patterns and that both surveys align
with these distinctions.

4.1. Clustering Quality and Stability

We next examine the number of clusters supported
by each survey using internal clustering metrics.
Based on both the Silhouette Score and the DBI,
the optimal number of clusters is k = 2 for both the
human baseline and the GPT-generated climate
change surveys (as indicated by the Silhouette
curve in Figure 2). Although we do not include DBI
plots due to space constraints, both metrics con-
sistently indicate that a two-cluster solution yields
the most compact and well-separated structure for
both surveys.

Although this may seem inconsistent with the six
self-identified personas, we do not view it as contra-
dictory. Instead, both surveys appear to capture a
dominant, coarse-grained division in climate beliefs,
consistent with prior work showing that attitudes of-
ten exhibit hierarchical structure (Goldberg, 2006).
Our initial analyses indicate that each of the two
major clusters can be further subdivided into more
nuanced subgroups using hierarchical or proba-
bilistic approaches such as Latent Profile Analysis
(LPA) (Masyn, 2013). Exploring such multi-level
structure is a promising direction for future work;
in the remainder of this paper, we focus on the
two-cluster solution.
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Figure 2: Selection of the number of clusters (k)
using silhouette score and inertia for the human
baseline(top) and GPT-generated(bottom) surveys.

We assess the robustness of the induced clus-
ter structure using stability under resampling. For
each survey, we perform 300 bootstrap runs, each
time sampling 80% of respondents without replace-
ment and reclustering using k-means with k = 2.
Stability is quantified using the ARI between cluster
assignments across runs.

Both surveys exhibit high stability. The human
baseline survey achieves a mean ARI of 0.87 (me-
dian = 1.00), with the central 80% of values ranging
from 0.58 to 1.00. The GPT-generated survey ex-
hibits slightly higher average stability, with a mean
ARI of 0.93 (median = 0.92) and a 10th–90th per-
centile range of 0.80 to 1.00. While both surveys
occasionally produce lower-agreement runs, as re-
flected in minimum ARI values, the predominance
of high ARI scores indicates that the two-cluster so-
lutions are robust to substantial perturbations of the
data. These results suggest that the dominant two-
cluster structure recovered by both surveys reflects
a stable latent division in climate beliefs rather than
an artifact of sampling variability.

We next examine the degree to which the human
baseline and GPT-generated surveys recover simi-
lar latent group structure. This analysis is important
because high between-survey agreement indicates
that both surveys are capturing a shared under-
lying belief organization, whereas low agreement
may signal measurement distortion or instrument-
specific artifacts.

Human Baseline/GPT Cluster 0 Cluster 1
Cluster 0 0.86 0.14
Cluster 1 0.02 0.98

Table 1: Transition matrix between clusters induced
by the human baseline and the GPT-generated sur-
veys. Rows correspond to human baseline clusters
columns correspond to GPT clusters.

The transition matrix in Table 1 shows strong
agreement between the two surveys. Most respon-
dents remain on the diagonal (86% and 98%), with
minimal cross-cluster reassignment. This indicates
that the GPT-generated survey recovers the same
primary division in climate beliefs identified by the
human baseline, with only limited redistributions.

We evaluate external semantic validity by exam-
ining how unsupervised cluster assignments align
with persona labels that reflect respondents’ posi-
tions on climate change. As our primary analysis,
we focus on alignment with self-identified personas,
which were collected directly from participants and
represent positions along a climate belief spectrum.

Using ARI and NMI, we observe modest but
systematic alignment between clusters and self-
identified personas. The human baseline survey
achieves an ARI of 0.12 and an NMI of 0.22, while
the GPT-generated survey achieves slightly higher
alignment (ARI = 0.15, NMI = 0.27).

Because persona labels include six categories
while clustering yields only two groups, perfect
alignment is neither expected nor feasible. The
low ARI largely reflects this difference in granularity,
whereas the non-trivial NMI indicates shared infor-
mation beyond chance, suggesting both surveys
capture a dominant ideological division underlying
finer persona distinctions.

Inspection of cluster–persona distributions re-
veals a clear qualitative pattern. In both surveys,
one cluster is enriched for self-identified personas
expressing higher climate concern (e.g., Advocate
for Proactive Climate Policy and Climate Action Ad-
vocate), while the other cluster is enriched for more
skeptical or disengaged personas (e.g., Climate
Policy Skeptic and Advocate for Avoiding Climate
Alarmism), with neutral personas distributed be-
tween clusters. This structure suggests that unsu-
pervised clustering recovers a meaningful ideologi-
cal ordering.

Taken together, these results suggest that both
survey instruments capture socially meaningful cli-
mate belief structure without trivially reproducing
persona labels. Alignment increases as persona la-
bels are coarsened, indicating that both surveys re-
liably recover a dominant ideological division, while
differences between instruments emerge primarily
in how much finer-grained nuance they preserve
beyond this shared structure.
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Survey / R2 Policy
(Feat.)

Policy
(Clust.)

Action
(Feat.)

Action
(Clust.)

Climate Change
GPT 0.486 0.368 0.158 0.176
Human Baseline 0.554 0.426 0.391 0.144

Immigration
GPT 0.345 0.154 0.537 0.488
Human Baseline 0.285 0.313 0.525 0.287

DEI
GPT 0.504 0.450 0.497 0.421
Human Baseline 0.501 0.592 0.331 0.244

Table 2: Predictive performance (R2, mean 5-fold
cross-validated values) using Ridge regression for
feature-based (Feat.) and cluster-based (Clust.)
models across all three topics.

4.2. Predictive Validity

We evaluate predictive validity by assessing how
well each survey predicts two downstream out-
comes: support for policy and engagement in tak-
ing action. For each outcome, we first remove sur-
vey items that directly measure that outcome (e.g.,
policy-support questions when predicting policy
support, action-oriented questions when predict-
ing engagement) to prevent information leakage.
The remaining survey questions are used as predic-
tive features. In parallel, clusters are derived using
only these non-outcome questions with similar clus-
tering method as section 4.1. For each outcome,
we compare models trained on survey responses
(feature-based models) to models that use only the
induced cluster label as a predictor (cluster-based
models). All models are estimated using Ridge re-
gression, and predictive performance is measured
using 5-fold cross-validated R2. We report results
for all three topics since predictive performance
varies by domain and modeling choice rather than
favoring a single instrument uniformly( see Table 2).

For climate change, feature-based models us-
ing the human baseline survey outperform those
using the GPT-generated survey for both policy
support (R2 = 0.554 vs. 0.486) and action likelihood
(R2 = 0.391 vs. 0.158). However, cluster-based
performance narrows this gap, with GPT clusters
slightly outperforming human clusters for action
(0.176 vs. 0.144), suggesting both surveys recover
a similar coarse behavioral division.

For Immigration, the pattern shifts. GPT feature-
based models slightly outperform the human base-
line survey for policy prediction (0.345 vs. 0.285),
while action prediction is comparable at the fea-
ture level (0.537 vs. 0.525). Notably, GPT clusters
substantially outperform human baseline clusters
for action prediction (0.488 vs. 0.287), indicating
stronger segmentation for this domain.

For DEI, feature-based policy prediction is nearly
identical (0.504 vs. 0.501), while GPT features yield

higher predictive performance for action (0.497 vs.
0.331). At the cluster level, the pattern reverses for
policy: human baseline clusters outperform GPT
clusters (0.592 vs. 0.450), whereas GPT clusters
perform better for action (0.421 vs. 0.244), revealing
domain-dependent differences in how belief struc-
ture translates to behavioral outcomes.

Overall, these results indicate that both survey
types recover behaviorally relevant structure, but
their predictive strengths vary by topic and by
level of representation (item-level versus cluster-
level). Rather than demonstrating uniform superior-
ity of one instrument, the findings suggest domain-
dependent differences in how belief structure trans-
lates into downstream behavioral prediction. Fu-
ture work should focus on understanding the mech-
anisms underlying these differences. Identifying
these sources of divergence may enable principled
refinement of LLM-generated survey instruments
and help close predictive gaps where they emerge.

5. Discussion

Across three domains, GPT-generated surveys re-
cover the dominant ideological structure identified
by human baseline instruments. Clustering quality,
stability, and cross-survey agreement indicate sim-
ilar high-level respondent partitions. Differences
arise primarily in how belief variation is represented
beyond this dominant split. Dimensional efficiency
and predictive analyses suggest that human base-
line surveys often preserve a stronger fine-grained
signal at the item level, while GPT-generated sur-
veys can produce competitive segmentation in cer-
tain domains. Alignment with self-identified per-
sonas suggests that both surveys capture a shared
ideological backbone underlying more nuanced dis-
tinctions. Further examination of this layered struc-
ture remains an important direction for future work.

These findings suggest that divergence between
instruments lies less in the existence of structure
and more in its resolution and translation into down-
stream prediction. Future work should examine
how prompt design influences survey quality, evalu-
ate generalization across additional topics, explore
finer-grained clustering solutions, and investigate
when predictive gaps are substantively meaningful.

Overall, LLM-generated surveys show strong
promise for recovering coarse belief structure. How-
ever, the current evidence does not support their
use as full replacements for expert-designed in-
struments without human oversight. In particular,
our evaluation is limited to three social domains,
and performance may vary for more technical, less
salient, or more culturally specific topics. Instead,
LLM-generated surveys may serve as useful scaf-
folds for exploratory analysis, pilot studies, or su-
pervised survey development.
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world settings. LLM-generated instruments may in-
advertently reflect biases present in training data or
oversimplify complex belief structures. Our findings
do not advocate replacing expert-designed surveys
with fully automated systems; rather, we empha-
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A. Full GPT Prompts

This appendix provides the complete prompt tem-
plates and generation parameters used to produce
the GPT-generated surveys analyzed in this study.
We include the full system and user prompts ver-
batim to support transparency, reproducibility, and
careful interpretation of the survey generation pro-
cess.

MODEL = "gpt-4.1"
TEMPERATURE = 0.7
MAX_TOKENS = 800

SYSTEM_PROMPT = """
You are an expert survey methodologist

and social scientist.
Your task is to design concise,

signal-rich surveys suitable for
persona discovery and cluster analysis.
"""

USER_PROMPT_TEMPLATE = """
I want to understand how people think,

feel, and act with respect to the
following topic:

Topic: "{topic}"

Design a concise, signal-rich survey
that captures the major latent

dimensions of human stance on this
topic.

Survey requirements:
1. The survey must contain exactly 9

questions arranged as a 3 by 3
structure:

- 3 belief / cognitive questions
- 3 perception / affect questions
- 3 behavior / intention / policy

questions

2. Each question must:
- Be answerable on a 5-point Likert

scale
- Be neutral and non-leading
- Be understandable to a general

adult audience
- Avoid technical jargon

3. The questions should be:
- Non-redundant
- Designed to maximize

differentiation between
respondents

- Capable of revealing distinct
personas when analyzed jointly

Output format:
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- Group questions into three sections
(Beliefs, Perceptions, Behaviors)

- Number questions from 1 to 9
- For each question, include a brief

parenthetical note describing
the latent dimension it probes

Only output the survey. Do not include
analysis or commentary.

"""

B. Full Survey Questions and
Self-Identified Labels

B.1. Climate Change

B.1.1. Persona Labels and Descriptions

The following self-identification question was pre-
sented to the users after signing the consent form.

Which of the following labels and descrip-
tions best reflect your view on climate change?

• Advocate for Avoiding Climate Alarmism
You are a person who does not believe that cli-
mate change is a real or serious issue, particu-
larly not one caused by human activity. You be-
lieve climate-related policies are unnecessary
and may harm economic growth or personal
freedoms. You generally oppose environmen-
tal regulations and favor deregulation.

• Climate Policy Skeptic
You are a person who believes climate change
is happening but questions the degree of threat
and the effectiveness of government-led solu-
tions. You may worry that some climate poli-
cies go too far or could harm economic oppor-
tunity and personal freedoms.

• Neutral observer of Climate Change
You are someone who recognizes that envi-
ronmental concerns exist but doesn’t follow
climate debates closely. You may adopt eco-
friendly practices when convenient, but climate
action is not a central concern in your daily life.

• Advocate for Balanced Climate Action
You are a person who believes climate change
is real and worth addressing, but solutions
should be practical and economically respon-
sible. You support action that balances envi-
ronmental goals with innovation, affordability,
and individual freedom.

• Advocate for Proactive Climate Policy
You believe climate change is real and requires
action, but think solutions should balance envi-
ronmental responsibility with economic and so-
cial considerations. You support investments

in renewable energy, resilience, and policy re-
form that is both effective and sustainable.

• Climate Action Advocate
You are someone who sees climate change
as an urgent challenge requiring bold action.
You support ambitious policy reforms, invest-
ment in renewables, and efforts to hold cor-
porations accountable. You may also adopt
lifestyle changes to reduce your personal im-
pact and promote environmental responsibility.

B.1.2. Human Baseline Survey

The human baseline survey consisted of items
drawn from established instruments. The first four
questions were adapted from SASSY (Chryst et al.,
2018), and Question 5 was taken from the Climate
Change Perception Questionnaire (Poortinga et al.,
2019). These were followed by items V241749
and V242321 from the ANES survey (American Na-
tional Election Studies, 2021), as well as a single-
item measure of belief in climate change (Berger
et al., 2025). The resulting survey items are listed
below. Question 6 was one of the questions used
in section 4.2 for predicting policy support.

1. How important is the issue of climate change
to you personally?
1. Not at all important, 2. a little important,
3. moderately important, 4. very important, 5.
extremely important

2. How worried are you about global warming?
Very worried 2. Somewhat worried 3. Not very
worried 4. Not at all worried

3. How much do you think global warming will
harm you personally?
1.A great deal 2. A moderate amount 3. Only
a little 4. Not at all

4. How much do you think global warming will
harm future generations of people?
1. not at all, 2. only a little, 3. a moderate
amount, 4. a great deal

5. How good or bad do you think the impact of
climate change would be on people across the
world?
1. Extremely bad, 2. Bad, 3.Neither good or
bad, 4. Good, 5.Extremely good

6. Do you favor, oppose, or neither favor nor
oppose increased government regulation
on businesses that produce a great deal
of greenhouse emissions linked to climate
change?
1. Favor, 2. Oppose, 3. Neither favor nor
oppose
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For each of the following statements,
please indicate the extent to which you agree
or disagree using the following scale: 1.
Strongly Agree 2. Somewhat Agree 3. Neutral
4. Somewhat Disagree 5. Strongly Disagree.

7. Climate change is currently affecting severe
weather events or temperature patterns in the
United States.

8. The occurrence of climate change is caused by
human activities and will bring largely negative
consequences.

B.1.3. GPT Survey

The resulting survey items from the prompt
provided in section A are listed below. Questions
7 and 8 were questions used in section 4.2 for
predicting policy support and downstream action.

For each statement below, please indicate the
extent to which you agree or disagree. Please re-
spond honestly. There are no right or wrong an-
swers.

Response scale (for the next 6 items below): A
great deal; A lot; A moderate amount; A little; None
at all.

1. How much do you agree that climate change
is happening?

2. To what extent do you think human activities
contribute to climate change?

3. How confident are you in the scientific informa-
tion available about climate change?

4. How concerned do you feel about the effects
of climate change on the planet?

5. How serious do you believe the consequences
of climate change are for people in your coun-
try?

6. How hopeful do you feel about society’s ability
to address climate change?

7. How often do you take actions to reduce your
own environmental impact (such as conserv-
ing energy, reducing waste, or choosing sus-
tainable products)?
1. Always 2. Often 3. Sometimes 4. Rarely
5.Never.

8. How likely are you to support policies or laws
aimed at reducing climate change, even if they
have economic costs?
1. Extremely likely 2. Very likely 3. Moderately
likely 4. Slightly likely 5. Not at all likely.

9. How likely are you to discuss climate change or
related topics with others in your social circle?
1. Extremely likely 2. Very likely 3. Moderately
likely 4.Slightly likely 5. Not at all likely.

B.2. Immigration

B.2.1. Persona Labels and Descriptions

The following self-identification question was pre-
sented to the users after signing the consent form.
Which of the following labels and descriptions
best reflect your view on Immigration?

• Advocate for Border Integrity
You prioritize secure borders, the enforcement
of immigration laws, and the preservation of na-
tional identity. You believe immigration should
be tightly controlled.

• Advocate for Selective Immigration
You support legal immigration that serves the
country’s strategic goals. You favor policies
that emphasize skills, economic contribution,
or national security, while being cautious about
broad or open-ended immigration reforms.

• Neutral Observer
You recognize immigration as a complex issue
and prefer not to take a fixed stance. You
believe immigration policies should be shaped
by context, evidence, and evolving societal
needs rather than ideology.

• Advocate for Balanced Immigration
You support immigration policies that balance
national interests with humanitarian values.
You favor fair and efficient systems that wel-
come newcomers while maintaining social co-
hesion and economic stability.

• Pragmatic Immigration Supporter You sup-
port humane and efficient immigration pro-
cesses that weigh both national interests and
human dignity. You believe reforms should
be practical and inclusive, ensuring economic
contribution while offering protection to those
in need.

• Advocate for Global Mobility You are a per-
son who strongly supports welcoming immigra-
tion policies that offer opportunities to those
seeking a better life. You advocate for inclu-
sive, well-resourced systems that help immi-
grants integrate into society and contribute
fully.

B.2.2. Human Baseline Survey

For the immigration domain, we relied on items
drawn from ANES (American National Election
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Studies, 2021), which includes a broad set of
questions capturing multiple aspects of public atti-
tudes toward immigration, including perceived im-
pacts, fairness, and policy preferences. From this
item pool, we selected nine non-redundant ques-
tions (specifically ANES items V201424, V201427,
V202240, V202419, V202246, V202420, V202418,
V201417, and V201421) to construct a human
survey baseline with coverage across belief, per-
ception, and behavior-oriented dimensions. This
selection allowed us to preserve the diversity of
immigration-related attitudes represented in ANES
while matching the length and overall structure of
the GPT-generated surveys. The resulting survey
items are listed below. Questions 8 and 9 were the
questions used in section 4.2 for predicting policy
support.

For each statement below, please indicate the
extent to which you agree or disagree. Please re-
spond honestly. There are no right or wrong an-
swers.
Response scale (for the next seven items below):
Strongly Agree; Somewhat Agree; Neutral; Some-
what Disagree; Strongly Disagree.

1. A wall should be built at the U.S. border with
Mexico.

2. It is important that everyone in the United
States learn to speak English.

3. There should be a path to citizenship for unau-
thorized immigrants who obey the law, pay a
fine, and pass security checks.

4. America’s culture is generally harmed by im-
migrants.

5. The children of detained immigrants should be
separated rather than kept with their parents
in adult detention centers.

6. Immigrants increase crime rates in the United
States.

7. Immigrants are generally good for America’s
economy.

8. Which comes closest to your view about what
government policy should be toward unau-
thorized immigrants now living in the United
States?

• Make all unauthorized immigrants felons
and send them back to their home country.

• Have a guest worker program that allows
unauthorized immigrants to remain in the
United States in order to work, but only
for a limited amount of time.

• Allow unauthorized immigrants to remain
in the United States and eventually qual-
ify for U.S. citizenship, but only if they
meet certain requirements like paying
back taxes and fines, learning English,
and passing background checks.

• Allow unauthorized immigrants to remain
in the United States and eventually qualify
for U.S. citizenship, without penalties.

9. What should happen to immigrants who were
brought to the U.S. illegally as children and
have lived here for at least 10 years and grad-
uated high school here?

• Should be sent back where they came
from.

• Should be allowed to live and work in the
U.S.

B.2.3. GPT Survey

The resulting survey items from the prompt pro-
vided in section A are listed below. Questions 7,8,
and 9 were questions used in section 4.2 for pre-
dicting policy support and downstream action.

For each statement below, please indicate the
extent to which you agree or disagree. Please
respond honestly. There are no right or wrong
answers. Response scale (for all items below):
Strongly Agree; Somewhat Agree; Neutral; Some-
what Disagree; Strongly Disagree.

1. Immigration has a positive effect on the econ-
omy of the receiving country.

2. The culture of this country is strengthened by
the presence of people from different back-
grounds.

3. The number of immigrants entering my coun-
try in recent years is higher than is good for
society.

4. I feel comfortable interacting with people who
have recently moved here from other countries.

5. News stories about immigration often make
me feel anxious or concerned.

6. I worry that immigration could make it harder
for me or my family to find opportunities.

7. I would support policies that make it easier for
people from other countries to live and work
here.

8. I would be willing to sign a petition supporting
the rights of immigrants.

9. I believe the government should prioritize strict
enforcement of immigration laws.
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B.3. DEI
B.3.1. Persona Labels and Descriptions

The following self-identification question was pre-
sented to the users after signing the consent form.
Which of the following labels and descriptions
best reflect your view on DEI?

DEI stands for Diversity, Equity, and Inclu-
sion: principles aimed at promoting fair treatment
and meaningful participation for all people, espe-
cially those historically marginalized or underrepre-
sented.

• Advocate for Meritocracy
You are someone who believes that fairness
means treating everyone the same, regardless
of identity. You are cautious about DEI initia-
tives that prioritize group-based outcomes, as
you worry they may compromise neutrality or
create unintended divisions. You prefer merit-
based systems and evaluate policies based
on their effectiveness and broad impact.

• Advocate for Individual-Centered Fairness
You value fairness on an individual level, be-
lieving that opportunities should be tailored to
people’s qualifications and efforts rather than
group membership. You may support inclu-
sive efforts when they focus on shared human
dignity and not identity-based metrics.

• Neutral Observer You are someone who
hasn’t thought much about DEI and doesn’t
feel strongly either way. You believe in treating
everyone fairly, but DEI isn’t something you fol-
low closely or prioritize. You tend to focus on
your day-to-day responsibilities and judge DEI
efforts based on what you experience locally.

• Advocate for Balanced Opportunity You
support efforts to promote fairness and inclu-
sion, but believe they should be measured and
context-sensitive. You favor approaches that
expand access without compromising merit,
cohesion, or organizational effectiveness.

• Advocate for Inclusive Culture You are
someone who believes that creating a respect-
ful, inclusive culture helps everyone thrive. You
support structured DEI efforts—like internal
training, inclusive practices, and broader repre-
sentation—as essential for fostering belonging,
engagement, and team success.

• Advocate for Structural Equity You are
someone who is deeply committed to systemic
equity. You work to dismantle institutional bar-
riers and amplify marginalized voices. You
advocate for transparent policies, structural
reform, and sustained investment to ensure
long-term, accountable change.

B.3.2. Human Baseline Survey

For the DEI domain, we reviewed several estab-
lished survey instruments measuring attitudes to-
ward affirmative action, diversity, merit, and dis-
crimination, including debate-style items from large-
scale surveys such as the General Social Survey
(GSS) (NORC at the University of Chicago, 2023)
and ANES (American National Election Studies,
2021), as well as multi-item scales from the social
psychology literature. While GSS and ANES items
are widely used, they primarily capture overall sup-
port or opposition through single questions with
limited construct differentiation.

For the human survey baseline, we therefore
drew on the Diversity, Merit, Fairness, and Dis-
crimination (DMFD) Belief Scales (Aberson, 2007),
which decompose DEI-related attitudes into mul-
tiple interpretable constructs using parallel item
structures. To ensure comparability with the GPT-
generated surveys, we selected three out of four
constructs, resulting in a nine-item instrument
matched in length and overall structure to the GPT-
generated 3×3 surveys. The resulting survey items
are listed below. Questions 1, 2, and 3 were the
questions used in section 4.2 for predicting policy
support.

For each statement, please indicate the extent
to which you agree or disagree. Please respond
honestly. There are no right or wrong answers.

Affirmative action refers to policies or practices
designed to increase opportunities for historically
underrepresented groups in areas such as edu-
cation and employment. These measures may
include considering factors like race, ethnicity, or
gender as part of admissions or hiring decisions,
with the goal of promoting diversity and addressing
past discrimination.

Response scale (for all items below): Strongly
Agree; Somewhat Agree; Neutral; Somewhat Dis-
agree; Strongly Disagree.

1. Affirmative-action hiring policies are fair.

2. Affirmative-action policies give everyone an
equal chance.

3. Affirmative-action policies are unfair to White
men.

4. Only the most qualified applicant should be
hired, regardless of race or gender.

5. Hiring decisions should be based solely on
merit.

6. Considering race or gender in hiring violates
the principle of merit.

7. A diverse workforce benefits an organization.
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8. Employees from different backgrounds im-
prove problem solving.

9. Diversity makes companies stronger.

10. Racial discrimination in hiring is still common
today.

11. Minorities do not yet have equal job opportuni-
ties.

12. Many employers would refuse a qualified mi-
nority applicant.

B.3.3. GPT Survey

The resulting survey items from the prompt pro-
vided in section A are listed below. Questions 7,8,
and 9 were questions used in section 4.2 for pre-
dicting policy support and downstream action.

For each statement below, please indicate the
extent to which you agree or disagree. Please re-
spond honestly. There are no right or wrong an-
swers.

Response scale (for all items below): Strongly
Agree; Somewhat Agree; Neutral; Somewhat Dis-
agree; Strongly Disagree.

1. Having people from different backgrounds im-
proves group performance.

2. Efforts to promote fairness and inclusion are
necessary to address existing inequalities.

3. Opportunities should be based solely on in-
dividual merit, regardless of background or
identity.

4. I feel comfortable interacting with people
whose backgrounds or perspectives are dif-
ferent from my own.

5. I perceive that people like me are treated fairly
in most settings (e.g., work, school, public
spaces).

6. I often notice unfair treatment or bias based
on identity (such as race, gender, ability, etc.)
in my everyday life.

7. I am likely to support policies or programs that
aim to increase representation of underrepre-
sented groups.

8. I am likely to speak up or take action if I witness
discrimination or unfair treatment.

9. I actively seek out information or experiences
that expose me to different perspectives.

C. User Demographic Information

We recruited participants online for each topic-
specific survey. After data cleaning and attention
checks, the final sample consisted of 144 respon-
dents for the climate change survey, 170 for the
immigration survey, and 167 for the DEI survey. Par-
ticipants were restricted to U.S.-based respondents
and varied across gender, race/ethnicity, education
level, and age group. The demographic distribution
for each topic is summarized in Table 3.

Demographic (%) Climate Immigration DEI
Gender
Female 50.7 44.7 52.1
Male 48.6 52.9 46.1
Other 0.7 2.4 1.8
Race / Ethnicity
White 72.2 78.2 72.5
Black or African American 11.8 10 13.8
Asian 8.3 4.7 6.6
Other / Multiracial 7.7 7.1 7.1
Education
High school or less 15.2 17.1 13.4
Some college 30.6 34.7 30.6
Bachelor’s degree 38.9 30.6 35
Graduate degree 15.3 17.6 21
Age Group
18–24 9 11.2 7.8
25–34 24.3 26.5 29.9
35–44 29.2 32.4 28.7
45-54 13.9 14.1 12
55+ 23.6 15.8 21.6

Table 3: Participant demographic characteristics
(Climate: N = 144; Immigration: N = 170; DEI:
N = 167).

D. Results

D.1. Immigration
Figure 3 presents the mean response for each
question in the human baseline survey (top) and the
GPT-generated survey (bottom), with bars colored
by immigration persona. Across most questions
in both surveys, responses exhibit a clear and or-
dinal pattern: as one moves along the persona
spectrum( from Advocate for Border Integrity to Ad-
vocate for Global Mobility) mean responses shift
systematically in directions consistent with increas-
ing support for immigration.

This progression indicates that both instruments
capture a meaningful underlying gradient of immi-
gration attitudes rather than purely idiosyncratic
variation. In the human baseline survey, per-
sona means generally follow the expected ordering
across items, with relatively clear separation be-
tween opposing ends of the spectrum, though spac-
ing between adjacent personas varies by question.
The GPT-generated survey reproduces the broad
ordinal structure across most items, but the dis-
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GPT survey (bottom)

Advocate for Border Integrity (n=28)
Advocate for Selective Immigration (n=29)
Neutral Observer (n=28)
Advocate for Balanced Immigration (n=29)
Pragmatic Immigration Supporter (n=28)
Advocate for Global Mobility (n=28)

Figure 3: Immigration surveys: Normalized mean
response per question by persona label. The top
panel shows the human baseline survey and the
bottom panel shows the GPT-generated survey.
Bars are colored by self-identified immigration per-
sona, ordered from least to most concerned.

tinctions between neighboring personas are more
compressed for several questions, and separation
is less consistent across the full set of items.

Overall, the results suggest that self-identified
immigration personas correspond to systematic
response differences, and that both the human-
designed and GPT-generated surveys reflect these
distinctions in an interpretable, though not perfectly
uniform, manner.

D.1.1. Clustering Quality and Stability

We determine the cluster structure supported by
each instrument using internal validation criteria.
Both the Silhouette Score and the DBI indicate that
a two-cluster solution (k = 2) provides the best
balance of cohesion and separation for the human
baseline and GPT-generated immigration surveys
(see the Silhouette curve in Figure 4). Although
DBI curves are omitted for brevity, they consistently
favor the same solution. Accordingly, we proceed
with k = 2 in order to facilitate direct comparison
between instruments.

To evaluate the robustness of this partition, we
conduct a resampling-based stability analysis. For
each survey, we perform 300 bootstrap iterations,
sampling 80% of respondents without replacement
and reclustering using k-means with k = 2. Stability
is quantified via the ARI, which measures agree-
ment between cluster assignments across runs.

Both surveys yield highly stable partitions. The
human baseline produces a mean ARI of 0.79 (me-
dian = 0.835), with the central 80% of values span-
ning 0.53 to 1.00. The GPT-generated survey ex-
hibits slightly higher average stability, with a mean
ARI of 0.82 (median = 0.86) and a 10th–90th per-
centile range of 0.58 to 1.00. Although a small
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Figure 4: Selection of the number of clusters (k)
using silhouette score and inertia for the human
baseline (top) and GPT-generated (bottom) immi-
gration change surveys.

Human Baseline/GPT Cluster 0 Cluster 1
Cluster 0 0.76 0.24
Cluster 1 0.05 0.95

Table 4: Transition matrix between clusters in-
duced by the human baseline survey and the GPT-
generated survey. Rows correspond to human
baseline clusters; columns correspond to GPT clus-
ters.

number of runs show reduced agreement, the pre-
dominance of high ARI values indicates that the
two-cluster structure is robust to substantial pertur-
bations of the data.

We next evaluate the extent to which the human
baseline and GPT-generated surveys yield compa-
rable latent partitions of respondents. The transi-
tion matrix in Table 4 indicates substantial concor-
dance between the two surveys. A large majority
of respondents remain on the diagonal (76% and
95%), with relatively few reassigned across clusters.
This pattern suggests that the GPT-generated sur-
vey recovers the same dominant attitudinal division
identified by the human baseline, with only modest
reallocation near the boundaries of the partition.

We assess external semantic validity by exam-
ining how unsupervised cluster assignments align
with participants’ self-identified personas, which
were collected at the beginning of the study and
reflect ordered positions along a immigration be-
lief spectrum. This comparison evaluates whether
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the latent groupings induced by each survey corre-
spond to respondents’ own stated ideological ori-
entations.

Using the ARI and NMI, we find modest but sys-
tematic alignment between clusters and persona
labels. The human baseline survey yields an ARI of
0.12 and an NMI of 0.21, while the GPT-generated
survey shows slightly higher alignment (ARI = 0.15,
NMI = 0.22). Although these values do not indicate
one-to-one correspondence, they reflect non-trivial
shared structure between unsupervised clusters
and self-reported identities.

D.2. DEI

Figure 5 presents the mean response for each
question in the human baseline survey (top) and the
GPT-generated survey (bottom), with bars colored
by DEI persona.

In the DEI domain, the persona patterns are
highly structured and largely mirrored across
the human baseline (top) and GPT survey (bot-
tom). For several items (especially Questions
1–2 and 7–9) mean responses increase steadily
from Advocate for Meritocracy through to Ad-
vocate for Structural Equity, with the highest-
endorsement personas consistently at the inclusive-
culture/structural-equity end of the spectrum. For
other items (most clearly Questions 3–6 in the
human baseline), the direction flips: meritocracy-
oriented personas show higher agreement and
structural-equity personas lower agreement, which
is exactly what we would expect for items framed
around merit or skepticism toward identity-based
interventions. The GPT-generated survey pre-
serves this overall structure—strong separation
at the extremes and coherent ordering on most
items—though a few questions show small non-
monotonicities (e.g., Q5 and Q9) where adjacent
personas overlap or the top-end persona is not
strictly the maximum. Overall, the figure suggests
that both instruments capture the same underlying
DEI stance spectrum, with item-dependent polarity
reflecting whether an item aligns with meritocratic
versus equity-centered framing.

D.2.1. Clustering Quality and Stability

We next identify the cluster configuration favored
by each survey using internal validation metrics.
Both the Silhouette Score and the DBI converge
on a two-cluster solution (k = 2) as offering the
strongest trade-off between within-cluster cohe-
sion and between-cluster separation for the human
baseline and GPT-generated DEI surveys (see the
Silhouette curve in Figure 6). We therefore adopt
k = 2 for subsequent analyses to enable direct
comparison across instruments.
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GPT survey (bottom)

Advocate for Meritocracy (n=27)
Advocate for Individual-Centered Fairness (n=25)
Neutral Observer (n=30)
Advocate for Balanced Opportunity (n=27)
Advocate for Inclusive Culture (n=29)
Advocate for Structural Equity (n=29)

Figure 5: DEI surveys: Normalized mean response
per question by persona label. The top panel shows
the human baseline survey and the bottom panel
shows the GPT-generated survey. Bars are colored
by self-identified DEI persona, ordered from least
to most concerned.

2 3 4 5 6 7 8 9 10
k

0.18

0.20

0.22

0.24

0.26

0.28

0.30

0.32
Si

lh
ou

et
te

 sc
or

e
GPT survey: k selection

Silhouette score
Inertia

500

600

700

800

900

1000

In
er

tia

2 3 4 5 6 7 8 9 10
k

0.18

0.20

0.22

0.24

0.26

0.28

0.30

0.32

Si
lh

ou
et

te
 sc

or
e

GPT survey: k selection
Silhouette score
Inertia

500

600

700

800

900

1000

In
er

tia

Figure 6: Selection of the number of clusters (k)
using silhouette score and inertia for the human
baseline (top) and GPT-generated (bottom) DEI
change surveys.

As in the other domains, we evaluate the stability
of the k = 2 solution using the same resampling-
based procedure described for other topics. Both
instruments exhibit strong stability under resam-
pling. The human baseline achieves a mean ARI
of 0.86 (median = 0.92), with the central 80% of val-
ues ranging from 0.63 to 1.00. The GPT-generated
survey demonstrates comparable robustness, with
a mean ARI of 0.83 (median = 0.85) and a 10th–
90th percentile interval of 0.60 to 1.00. While a
small number of iterations yield lower agreement,
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Human Baseline/GPT Cluster 0 Cluster 1
Cluster 0 0.89 0.11
Cluster 1 0.26 0.74

Table 5: Transition matrix between clusters in-
duced by the human baseline survey and the GPT-
generated survey. Rows correspond to human
baseline clusters; columns correspond to GPT clus-
ters.

the concentration of high ARI values indicates that
the two-cluster structure is resilient to substantial
perturbations of the sample.

We examine cross-instrument consistency by
comparing the partitions produced by the human
baseline and GPT-generated surveys. The transi-
tion matrix in Table 5 reveals strong alignment be-
tween the two solutions. A substantial proportion of
respondents remain on the diagonal (89% and 74%),
with relatively limited reassignment across clusters.
This pattern suggests that the GPT-generated sur-
vey recovers the same primary attitudinal division
identified by the human baseline, with differences
largely confined to respondents near the decision
boundary between clusters.

We assess external semantic validity following
the same procedure used for the other two topics.
Using the ARI and NMI, we observe modest but sys-
tematic alignment between clusters and persona
labels. The human baseline survey yields an ARI of
0.07 and an NMI of 0.12, while the GPT-generated
survey shows comparable alignment (ARI = 0.07,
NMI = 0.12). Although these values are lower than
those observed in the climate and immigration do-
mains, they are similar across both instruments,
suggesting that each survey captures a compara-
ble degree of shared structure with self-reported
DEI personas.
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Abstract
Politeness is a key aspect of language use and pragmatics, and Japanese honorifics provide a useful testbed for
analyzing how pretrained encoders represent socially meaningful distinctions. We study whether LineDistilBERT
encodes Japanese honorific level in its internal representations using the KeiCO corpus, which annotates sentences
with four honorific levels. To isolate pretrained representations while enabling task evaluation, we freeze the
encoder and train only a lightweight classification head as a minimal readout. We then conduct layerwise linear
probing by training multinomial L2-regularized logistic-regression probes on [CLS] representations from each layer,
identifying an intermediate layer where honorific level is most linearly decodable. Finally, we test causal leverage via
[CLS] activation patching and measure how predictions shift when donor activations are transplanted into receiver
sentences. Overall, we find that honorific level is broadly decodable across layers and that [CLS] interventions can
systematically steer the classifier’s predictions, with strong depth dependence. These results show how combining
linear decodability and causal interventions can yield complementary evidence about how a model encodes socially
meaningful distinctions.

Keywords: BERT interpretability, linear probing, activation patching, Japanese honorifics

1. Introduction

Japanese honorifics provide a compact, well-
studied testbed for pragmatic representation learn-
ing. Speakers choose honorific forms to reflect
interpersonal relationships, social hierarchy, and
situational formality, and these choices interact with
morphosyntax (e.g., honorific verb forms) and con-
ventionalized expressions. This makes honorific
level a natural target for asking whether pretrained
encoders represent pragmatically relevant distinc-
tions beyond shallow lexical cues.

Several foundational studies have used BERT-
based models to investigate pragmatic phenomena
(Cho and Kim, 2024; Wise et al.). Prior work has
also examined Japanese politeness from a prag-
matics perspective (Hill et al., 1986; Liu and Allen,
2014; Pizziconi, 2003). In addition, BERT-based
approaches have been applied to Japanese prag-
matics (Chia et al., 2024). To our knowledge, how-
ever, no prior study has specifically examined how
Japanese honorific-level politeness is represented
in Japanese BERT-style encoders by combining lay-
erwise probing with [CLS] activation patching. Ac-
cordingly, we investigate where honorific level is en-
coded in a Japanese BERT-style encoder, LineDis-
tilBERT, and whether internal representations can
be causally leveraged to steer predictions using the
four-level KeiCO honorific corpus. To isolate what
is already present in the pretrained encoder repre-
sentations, we freeze all LineDistilBERT encoder
parameters and train only a lightweight classifica-
tion head on top of [CLS] as a minimal supervised
readout for probing and patching.

Our analysis combines layerwise linear prob-
ing and targeted causal intervention. We first
train multinomial L2-regularized logistic-regression
probes on [CLS] representations from each layer
to quantify how linearly decodable honorific level
is across depth and to identify a dev-selected best
layer. We then perform [CLS] activation patching
at selected layers by overwriting a receiver sen-
tence’s [CLS] activation with a donor activation
and measuring the resulting prediction shifts, to-
gether with standard controls.

This paper addresses three research questions.
RQ1 asks to what extent pretrained LineDistilBERT
encodes honorific-level distinctions in its internal
representations. RQ2 asks which layer provides
the strongest linear decodability of honorific level
and how sharply this information is localized around
that layer. RQ3 asks whether the probe-selected
best layer plays a causal role in honorific prediction
and whether targeted activation patching at that
layer can reliably steer honorific predictions.

In summary, we contribute (i) a layerwise decod-
ability profile for Japanese honorific level in a pre-
trained encoder, (ii) a best-layer evaluation against
a frozen-encoder head-only baseline, and (iii) a
causal patching analysis with self-, random-, and
wrong-layer controls that probes depth-dependent
sensitivity.

2. Related Work

We build on two interpretability paradigms for trans-
former encoders. Probing studies train lightweight
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classifiers on frozen representations to quantify
linear decodability and its variation across layers
(Alain and Bengio, 2018; Belinkov, 2022), and
layerwise probe curves have been used to track
how linguistic properties become accessible with
depth in BERT-style models (Jawahar et al., 2019;
Rogers et al., 2020). Activation patching provides
a causal counterpart by overwriting internal ac-
tivations at a chosen site and measuring output
changes (Heimersheim and Nanda, 2024; Dumas
et al., 2025), with recent work emphasizing care-
ful controls and interpretation (Zhang and Nanda,
2024).

3. Dataset

We use KeiCO corpus (Liu and Kobayashi, 2022),
which annotates each sentence with one of four
honorific (politeness) levels defined under a Sys-
temic Functional Linguistics (SFL) framework (Liu
and Kobayashi, 2022). Detailed information about
the dataset is provided in (Appendix 1). We fol-
low the dataset’s label descriptions, ranging from
highly formal honorific constructions (Levels 1–2)
to polite language with limited honorific morphol-
ogy (Level 3) and informal speech with no hon-
orifics (Level 4), and we split the data into stratified
80%/10%/10% train/dev/test partitions.

Our model is LineDistilBERT with a frozen en-
coder and a lightweight sequence-classification
head trained as a minimal readout. For probing, we
select the best layer by dev macro-F1 and report
final results on the test set.

4. Methods

We analyze pretrained LineDistilBERT with a frozen
encoder and a lightweight classification head
trained as a minimal readout (Koga et al., 2023).
We chose LineDistilBERT because its simplified
layer structure makes it easier to interpret in lay-
erwise probing. Our methods combine layerwise
linear probing to locate decodable honorific informa-
tion and [CLS] activation patching to test causal
steering. We treat the head-only classifier as the
fixed readout function used to compute both base-
line and patched predictions, so interventions are
evaluated without updating encoder parameters.

4.1. Layerwise probing
For each input sentence, we run the frozen encoder
and extract the [CLS] vector from each hidden-
state index as a layer-specific sentence representa-
tion. Here, hidden-state index 0 corresponds to the
embedding output (pre-contextualization), and in-
dices 1–6 correspond to the outputs of successive
transformer layers. We adopt the working hypothe-

Figure 1: Dev macro-F1 of layerwise [CLS] probes
in LineDistilBERT.

sis that honorific-related information is substantially
aggregated into [CLS] and is therefore accessible
via a single sequence-level embedding, while not-
ing that relevant cues may also be token-local (e.g.,
honorific-bearing verbs or function morphemes),
which we leave to future work.

For each layer l, we train a multinomial L2-
regularized logistic-regression probe on X

(l)
train ∈

RN×H and evaluate on X
(l)
dev. We select the best

layer by dev macro-F1,

best_layer = argmax
l

MacroF1dev(l),

and report a layerwise decodability curve together
with the dev-selected best_layer.

4.2. Activation patching
To test causal leverage, we perform [CLS] activa-
tion patching at selected layers. Let CLS(l)x ∈ RH

denote the [CLS] hidden state at layer l. For a
donor input xd and receiver input xr, we replace

CLS(l)xr
← CLS(l)xd

during the receiver forward pass and then measure
changes in logits and predictions under the same
readout. Donors are drawn from Level 1 and re-
ceivers from Level 4. Operationally, we implement
patching by overwriting the CLS vector in the layer
output tensor during the receiver pass. We sum-
marize effects using (i) the transition matrix from
baseline to patched predictions, (ii) ∆ target-class
logit, and (iii) the flip-to-target rate.

We include three standard controls. Self-patch
uses xd = xr and should yield near-identity behav-
ior. Random-donor patch permutes donor [CLS]
vectors within a batch to test whether effects de-
pend on specific donor–receiver pairings. Wrong-
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Figure 2: Head-only baseline vs. linear probe per-
formance on the test set

layer patch sweeps non-target layers to assess
depth localization of causal sensitivity.

5. Results

5.1. Decodability and best layer
Figure 1 reports dev macro-F1 scores of multino-
mial logistic-regression probes trained on [CLS]
representations extracted from each hidden-state
index. Scores rise sharply from Layer 0 to Layer 1
and remain consistently high across Layers 1–6
within a narrow range. This addresses RQ1 and
suggests that honorific-level distinctions are al-
ready encoded in pretrained LineDistilBERT repre-
sentations in a form that is broadly linearly decod-
able across the encoder stack, rather than emerg-
ing only in a single late layer. The best-performing
layer on the dev set is Layer 5 (macro-F1 ≈ 0.73),
which we designate as the best layer. This ad-
dresses RQ2 and indicates that the peak is shallow
rather than sharply localized, since neighboring lay-
ers, especially Layers 4–6, achieve nearly identical
dev macro-F1.

5.2. Best-layer probe vs. head-only
baseline

After selecting the best layer on the develop-
ment set (Layer 5), we trained a multinomial L2-
regularized logistic-regression probe on the train-
ing [CLS] features from that layer and evaluated
it once on the test set. Figure 2 compares test
performance between (i) the head-only baseline,
where the pretrained encoder is frozen and only the
task head is trained, and (ii) the linear probe, which
reads out honorific labels from fixed Layer 5 repre-
sentations. The probe outperforms the head-only
baseline on the test set. Together with the shallow

Figure 3: Test-set transition matrix (counts) for CLS
activation patching at Layer 5.

best-layer peak in Figure 1, this further supports
RQ2 by showing that the dev-selected best layer
yields a strong readout on test data, while nearby
layers remain competitive.

5.3. Causal steering at the best layer
To test whether the probed representation is not
only linearly decodable but also causally influential
for predictions, we intervene on the forward pass
via [CLS] activation patching at the selected layer
(hidden-state index 5). We overwrite a receiver sen-
tence’s [CLS] vector with a donor [CLS] vector
(donors drawn from Level 1; receivers drawn from
Level 4) and re-run the head-only classifier. Fig-
ure 3 reports the resulting transition matrix on the
test set. The dominant effect is a marked reduction
in Level 4 predictions after patching. Among base-
line Level 4 predictions (n = 244), 64 remain Level 4
under patching, while 180 transition to other labels
(52 to Level 1 and 128 to Level 3). Thus, patching
at this layer changes the predicted label for approx-
imately 180/244 ≈ 74% of baseline-4 cases. These
systematic shifts directly speak to RQ3 by show-
ing that targeted patching at the probe-selected
best layer can steer honorific predictions for a large
fraction of cases.

5.4. Controls and depth dependence
We next evaluate standard controls to clarify how
to interpret the steering effect. Self-patch yields
near-identity behavior with no off-diagonal move-
ment (Appendix 2), showing that patching itself
does not alter the predicted label. Random patch,
which permutes donors within a batch, produces
a transition pattern highly similar to aligned patch-
ing, suggesting that the main effect is not driven
by specific donor–receiver pairings (Appendix 2).
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Finally, wrong-layer sweeps show strong depth de-
pendence. Early-layer patching yields little to no
change, whereas later-layer patching increasingly
steers predictions, with the strongest shifts at the
final layer (Layer 6) where the classification head
consumes [CLS] most directly (see Appendix3,
Figure10). This pattern suggests that patching ef-
fects are amplified by proximity to the classifier input
and do not isolate a single honorific-specific causal
layer.

6. Discussion

Our results show a nuanced view of where hon-
orific information is accessible and where it in-
fluences prediction in a frozen-encoder classifier.
First, [CLS] transplantation is a broad interven-
tion. The close similarity between aligned-donor
and random-donor patching suggests that overwrit-
ing [CLS] can induce large prediction shifts even
when donor identity is randomized. This pattern is
consistent with at least two hypotheses. One is that
many donor [CLS] activations share a common
component that tends to push predictions away
from the most casual region, making the effect rela-
tively robust to which donor is used. Another is that
overwriting [CLS] at this layer acts as a generic
but structured perturbation that biases decisions
toward non-casual labels, largely independent of
donor label.

These hypotheses make different predictions that
can be tested without changing the overall interven-
tion framework. If a shared “politeness” component
dominates, then the effect should vary systemati-
cally with donor label or donor strength (e.g., donors
from more polite levels, or donors that the baseline
classifier assigns high confidence, should induce
larger shifts). If the effect is largely a generic per-
turbation, then shifts should be comparatively in-
sensitive to donor label and instead correlate more
with receiver-side factors such as baseline confi-
dence or juxtaposition to the decision boundary
(e.g., low-margin cases should flip more easily). In
both cases, label-conditioned randomization pro-
vides a direct diagnostic by stratifying donors and
receivers and comparing effect sizes across strata.

Two broader implications follow. The high and
relatively flat decodability curve across Layers 1–6
suggests that honorific cues are distributed across
depth rather than isolated to a single late layer. At
the same time, the wrong-layer sweep indicates
that causal steering is strongest near the final layer.
This mismatch is interpretable because probing and
patching capture different notions. Layerwise prob-
ing identifies where honorific level is most linearly
decodable under an external diagnostic classifier,
whereas patching measures where overwriting the
representation most strongly controls the model’s

own downstream decision. These need not co-
incide. In an encoder–classification architecture,
the classification head directly consumes the final-
layer [CLS] representation, so patching at Layer 6
overwrites the classifier’s immediate input and can
therefore exert the strongest causal control even if
linear decodability peaks slightly earlier.

Taken together, these results suggest that pre-
trained LineDistilBERT carries a strong and linearly
accessible signal for honorific level across most of
the encoder stack, and that a minimal readout can
be systematically steered by intervening on internal
[CLS] activations. At the same time, the similarity
between aligned and randomized patching high-
lights that full-vector [CLS] transplantation is not
cleanly honorific-specific, and that causal steering
in this setup may mix honorific-related content with
other factors aggregated in [CLS].

7. Conclusion

We studied where honorific-level distinctions are
represented in pretrained LineDistilBERT and
whether those representations can steer a frozen-
encoder classifier. For RQ1, layerwise probing
showed that honorific level is broadly linearly de-
codable across most encoder layers. For RQ2,
dev selection identified an intermediate best layer
(Layer 5), but the peak was shallow, with neighbor-
ing layers performing similarly, suggesting limited
localization. For RQ3, [CLS] activation patching
at the best layer induced systematic shifts away
from the most casual class, demonstrating causal
leverage of the probed representation under our
readout. Controls clarify the interpretation. Self-
patch confirms that hooking does not induce drift,
random patch indicates the effect is not driven by
donor–receiver pairing, and wrong-layer sweeps
show strong depth dependence with the largest
shifts near the final layer. These results suggest
that honorific-related information is present in hid-
den states and that [CLS] activations can serve
as an effective control point for steering honorific
predictions, motivating token-localized sites and
label-conditioned causal tests.

By grounding interpretability analysis in a well-
studied sociolinguistic system, we illustrate how
combining linear decodability and causal interven-
tions yields complementary evidence about what
it means for a model to “encode” social meaning.
In particular, the dissociation between the layer of
maximal linear decodability and the layer of maxi-
mal causal influence suggests that representational
accessibility and decision control can occupy dif-
ferent loci within the model stack. This distinction
matters for interpreting probing results and for de-
signing interventions that target socially meaningful
information.
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8. Limitation

(1) The nature of Japanese politeness While
Japanese politeness is often overtly marked in the
surface string, it is also shaped by social relations
and situational norms. As a result, some cases re-
main underspecified without context, and the same
surface form can support multiple pragmatic read-
ings. Because our modeling setting provides only
sentence-level text as input, sentence-level classi-
fication may consequently over-rely on token-level
markers that correlate with politeness in the corpus,
rather than the underlying situational variables. A
stronger test would use context-rich instances (mul-
tiple sentences per example) and/or controlled sub-
sets where overt honorific markers are minimized,
forcing models to exploit discourse and situational
cues rather than recognizing surface forms.

(2) Dataset context and intervention inter-
pretability Our intervention analyses inherit limi-
tations from the dataset and input representation.
KeiCO provides topical field labels, which can be
useful for controlling topic confounds, but these
tags do not explicitly encode interactional context
such as speaker–addressee relations, social hierar-
chy, or situational formality. This matters for [CLS]
patching. Because [CLS] aggregates many fac-
tors beyond honorific level (topic, semantics, dis-
course structure), transplanting an entire [CLS]
vector from an unrelated sentence can introduce
broad distributional changes that are not specific
to politeness. The observation that random-donor
patching yields effects comparable to aligned-donor
patching is consistent with this concern, suggest-
ing that part of the steering may reflect generic
perturbation rather than label-specific transfer.

A stronger approach would therefore increase
contextual control at the instance level and narrow
the intervention target. For example, one can con-
struct minimal pairs that differ only in situational
metadata (e.g., explicit formality/relationship tags)
and patch across these controlled contexts, or re-
strict donor/receiver sampling within the same top-
ical field to reduce topic-driven shifts. Another di-
rection is to move from full-vector transplantation
toward more targeted interventions such as editing
representations along a learned politeness direc-
tion, which could better isolate the causal contribu-
tion of honorific-related features.

(3) High performance does not necessarily im-
ply understanding Our analyses are motivated
by the hypothesis that politeness-related features
are important for solving honorific-level classifica-
tion. However, strong accuracy or decodability
does not by itself establish that such features are
necessary for task success. A direct next step is

an ablation-based causality test, which removes
or suppresses candidate politeness-related com-
ponents and measures the performance change
relative to the intact model. This follows a common
interpretability logic that quantifies component im-
portance by comparing a full model to an ablated
model and inspecting the resulting performance
difference (Li and Janson, 2024). Related causal-
concept work similarly uses concept ablation (with
random-concept controls) to test whether a hypoth-
esized concept actually plays a causal role in predic-
tions (Singla et al., 2021). If performance remains
largely unchanged after ablating the "purported"
politeness mechanism, then the model may be ex-
ploiting alternative correlates in the dataset, and
understanding politeness (as operationalized by
our identified features) may not be required for this
benchmark.

(4) Heterogeneity in patchability across in-
stances Our patching analyses aggregate effects
across many donor–receiver pairs, implicitly treat-
ing instances as equally patchable. In practice,
patching sensitivity may vary. Some donor [CLS]
vectors may more easily steer receiver predictions
than others, and some receiver sentences may
be relatively resistant to donor signals. Future
work should characterize this heterogeneity ex-
plicitly by, for example, stratifying patch effects by
baseline confidence (e.g., max softmax probabil-
ity / logit margin), sentence length, presence of
overt honorific markers, or semantic/domain simi-
larity between donor and receiver, and by reporting
instance-level distributions rather than only aggre-
gate transition counts.
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Appendix

1. Dataset Overview

Table 1: Dataset statistics (from Liu & Kobayashi, 2022; Table 3).
Polite Sent. Avg.len Wordtokens Wordtypes Sentence Example

Level 1 2,584 18.2 47,111 4,744 担当の者をお呼びしました。
"I called the person in charge."

Level 2 2,046 16.4 33,476 3,897 一度、ゆっくりお礼にあがります。
"I’ll come by sometime and thank you properly."

Level 3 2,694 15.2 40,980 4,448 あの人のどこが嫌いなんですか？
"What do you dislike about that person?"

Level 4 2,683 13.5 36,233 4,315 これ、うちのオススメ。
"This is our recommendation."

Total 10007 15.8 157806 6465

2. Self- and Random-Patch Transition Matrices

Figure 4: Self-patch transition matrix (counts) for
CLS activation patching at Layer 5.

Figure 5: Random-patch transition matrix (counts)
for CLS activation patching at Layer 5.
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3. Wrong-Layer Patch Transition Matrices

Figure 6: Wrong-layer patch transition matrix
(counts) for CLS activation patching at Layer 1.

Figure 7: Wrong-layer patch transition matrix
(counts) for CLS activation patching at Layer 2.

Figure 8: Wrong-layer patch transition matrix
(counts) for CLS activation patching at Layer 3.

Figure 9: Wrong-layer patch transition matrix
(counts) for CLS activation patching at Layer 4.
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Figure 10: Wrong-layer patch transition matrix
(counts) for CLS activation patching at Layer 6.

4. Hyperparameters for Baseline Training (frozen-encoder readout)

Component Details
Optimizer AdamW
Learning Rate 2.0× 10−5

Weight Decay 0.01
Scheduler Linear
Batch Size 16
Epochs 5
Tokenizer line-corporation/line-distilbert-base-japanese
Padding 95th percentile of sentence lengths

5. Test Metrics

Setting Test metrics
Best-layer patch (hs index = 5) N = 258; ∆ target logit = 0.872; flip-to-target = 0.221
Control: Self-patch N = 258; ∆ target logit = 0.000; flip-to-target = 0.000
Control: Random-patch (permute within batch) N = 258; ∆ target logit = 0.873; flip-to-target = 0.221
Control: Wrong-layer patch (hs index = 1; embedding output) N = 258; ∆ target logit = −0.000; flip-to-target = 0.000
Control: Wrong-layer patch (hs index = 2) N = 258; ∆ target logit = 0.065; flip-to-target = 0.000
Control: Wrong-layer patch (hs index = 3) N = 258; ∆ target logit = 0.135; flip-to-target = 0.008
Control: Wrong-layer patch (hs index = 4) N = 258; ∆ target logit = 0.375; flip-to-target = 0.012
Control: Wrong-layer patch (hs index = 6; final layer) N = 258; ∆ target logit = 1.694; flip-to-target = 0.833
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Abstract

This paper investigates sentence-level text reuse in multilingual journalism, analyzing where reused content occurs
within articles. We present a weakly supervised method for detecting sentence-level cross-lingual reuse without
requiring full translations, designed to support automated pre-selection to reduce information overload for journalists
(Hołyst et al., 2024). The study compares English-language articles from the Slovenian Press Agency (STA) with
reports from 15 foreign agencies (FA) in seven languages, using publication timestamps to retain the earliest likely
foreign source for each reused sentence. We analyze 1,037 STA and 237,551 FA articles from two time windows
(October 7–November 2, 2023; February 1–28, 2025) and identify 1,087 aligned sentence pairs after filtering to the
earliest sources. Reuse occurs in 52% of STA articles and 1.6% of FA articles and is predominantly non-literal, involv-
ing paraphrase and compositional reuse from multiple sources. Reused content tends to appear in the middle and end
of English articles, while leads are more often original, indicating that simple lexical matching overlooks substantial
editorial reuse. Compared with prior work focused on monolingual overlap, we (i) detect reuse across languages
without requiring full translation, (ii) use publication timing to identify likely sources, and (iii) analyze where reused ma-
terial is situated within articles. Dataset and code: https://github.com/kunturs/lrec2026-rewrite-news.

Keywords: Text reuse detection, multilingual NLP, cross-lingual journalism, computational social science

1. Introduction

Text reuse has long been a topic of interest in Nat-
ural Language Processing (NLP), from early analy-
ses of classical texts such as the Synoptic Gospels
(Lee, 2007) to applications like plagiarism detection
(Clough et al., 2002) and healthcare communica-
tion (D’hondt et al., 2016). However, despite its
historical significance, broader attention to the phe-
nomenon has declined in recent years.

Nonetheless, text reuse remains a central prac-
tice in multilingual journalism. National news agen-
cies often adapt international reports, paraphrasing,
summarizing, or merging multiple foreign sources
to produce domestic news articles: factual pieces
published on the agency’s newswire and used by
other media outlets. Understanding how these arti-
cles are constructed sheds light on the invisible pro-
cesses of news dissemination, editorial decision-
making, and cross-lingual information flow, which
can help in preparing automated methods for in-
formation extraction and the pre-selection of frag-
ments relevant at the national level.

Analyzing text reuse in this setting uncovers the
mechanisms of cross-lingual news dissemination
and highlights the need for computational meth-
ods capable of tracing multilingual content transfor-
mation, essential for transparency and efficiency
in global journalism. This paper investigates how
journalistic content is reused and merged across

languages within real-world news agency work-
flows. Specifically, we address the following re-
search questions. For English-language news ar-
ticles published by the Slovenian Press Agency
(STA)1, we examine: (1) How is content merged
from multiple sources? (2) Is text reuse more com-
mon in lead paragraphs, the middle of the article
or at the end? (3) Which article parts are being
reused more frequently?

To answer these questions, we propose a weakly
supervised framework for identifying and classify-
ing sentence-level reuse in multilingual newswire
corpora. Using data from 16 news agencies in
seven languages (Italian, English, Polish, French,
German, Serbian, and Croatian), we provide empir-
ical evidence on the scale and structure of content
reuse, reconceptualizing it as a core element of the
global journalistic workflow.

2. Our use case – background on
journalists’ work

As part of our research, we observed the work of
journalists at the STA, is a national news organiza-
tion reporting on domestic and international events.
It produces news in two languages - Slovenian and
English. In this research, we focus only on En-

1https://english.sta.si/
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glish news articles. We conducted interviews with
journalists from STA and analyzed their editorial
workflow. Focusing on the domestic perspective,
we examined how STA journalists curate and adapt
international news to align with the domestic media
landscape. The dataset derived from this workflow
is described in detail in Section 4. Slovenia has a
comparatively limited representation of journalists
abroad; therefore, its national news agency relies
on content exchange agreements that provide ac-
cess to international reports from regions without
direct correspondents. Journalists covering foreign
events aggregate and synthesize information from
multiple agencies to produce domestically relevant
news articles. Despite the large volume of available
material, only a small subset is selected for publi-
cation based on perceived relevance to Slovenia
and to the agency’s subscribers. This selection pro-
cess is guided by journalists’ implicit professional
judgment rather than formalized or documented cri-
teria, a judgment that derives from media industry
experience, direct subscriber feedback, and indi-
rect feedback based on analyses of article use and
reuse in the Slovenian media environment.

3. Literature Review

Journalistic text reuse. Prior work in journal-
ism has focused on building corpora and methods
to study reuse and paraphrase in news. Notable
resources include the METER (MEasuring TExt
Reuse) corpus in English (Clough et al., 2002) and
COUNTER for Urdu (Sharjeel et al., 2017), which
support evaluation of reuse in the press domain.
Early methods relied on surface cues such as n-
gram overlap, Greedy String Tiling, and sentence
alignment (Clough et al., 2001), while later work
combined content, structure, and style features in
classification models (Bär et al., 2012). More re-
cently, researchers have traced cross-language
circulation of news (e.g., using BLAST to detect
non-contiguous or editorially transformed reuse in
Finnish historical journalism) (Salmi et al., 2021).
Taken together, these studies show that newsroom
reuse is common and often involves edits and reor-
ganization, but most work remains monolingual and
does not model cross-language editorial pipelines
or where reuse tends to appear within articles.

Intertextuality vs. editorial reuse. In literary
studies, intertextuality refers to echoes and refer-
ences within a single language, often involving de-
liberate signaling. Burns et al. (2021) demonstrate
that distributional models can surface non-lexical
echoes (allusions) in a monolingual literary tradi-
tion of Latin epic poetry, providing new tools for
literary criticism. Our setting, by contrast, concerns
cross-document, cross-language editorial reuse

driven by newsroom practice: editors select, para-
phrase, summarize, and merge material from for-
eign sources, producing many-to-many sentence
alignments under time pressure rather than delib-
erate literary signaling.

Translation-induced intertextuality. McGovern
et al. (2025) examine how human and machine
translation modulate intertextual links in Biblical
texts, using multilingual embeddings to assess
whether references are preserved or amplified. We
differ in that we do not rely on a fixed catalog of
known references. Instead, we automatically iden-
tify cross-language sentence correspondences as
editors adapt foreign content, and we emphasize
where such content appears in target articles over
time. In short, we study how translation choices
interact with newsroom workflows to shape cross-
lingual reuse, rather than evaluating predefined
links.

Rhetorical parallelism vs. cross-document
alignment. Bothwell et al. (2023) formalize rhetor-
ical parallelism detection (RPD) as an intra-
document sequence-labeling task that links stylisti-
cally parallel spans. While their focus is on within-
text parallelism, the takeaway—that surface-level
similarity can miss structural parallels—motivates
our approach to cross-document, cross-lingual
alignment, where paraphrase and restructuring are
common and lexical overlap may be limited. Here,
alignment refers to identifying sentences or pas-
sages with equivalent meaning across different
news texts.

Cross-lingual alignment with multilingual em-
beddings. Multilingual sentence embeddings
(e.g., multilingual SBERT) enable cross-language
sentence retrieval without full translation, support-
ing scalable alignment across languages (Reimers
and Gurevych, 2020). We build on this capability
but show that editorial reuse in journalism often in-
volves many-to-many mappings and paraphrase or
merging, which such embeddings alone struggle to
capture. Our approach combines multilingual sen-
tence representations with temporal filtering and
discourse-aware analysis (e.g., where content sits
within an article) to study not just whether reuse
occurs, but how and where it is placed. Since the
significance of news positioning has been estab-
lished in various domains, including its effects on
financial markets (Fedyk, 2024).

4. Our Dataset and Approach

Dataset. For this research, two datasets were cre-
ated. STA provided us with the API, which allowed
us to crawl news articles from the STA and foreign
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agencies. Thus, we collected a dataset of news
articles produced by the STA for the period from Oc-
tober 7th, 2023, to November 2nd, 2023, and from
February 1st, 2025, to February 28th, 2025. The
first window covers the onset of the Israel-Hamas
conflict. The second window lies outside the active
conflict timeline, reflecting a comparatively calm pe-
riod. We processed the STA dataset and excluded
irrelevant news categories, such as weather reports
and schedules of events, resulting in a final dataset
of 1,037 news articles from the STA collection2.
Furthermore, we collected a dataset of foreign ar-
ticles for the same periods, provided to the STA
by different foreign agencies (FA). The FA dataset
comprises 237,551 news articles from 15 foreign
agencies in 7 languages. The STA dataset contains
544 news articles from 2023 and 749 from 2025,
while the FA dataset includes 120,668 articles from
2023 and 116,883 from 2025. The FA collection
is multilingual, with articles written 84,119 in Ital-
ian, 49,545 in English, 26,364 in Polish, 25,482 in
French, 24,353 in German, 18,378 in Serbian, and
9,310 in Croatian.

Following, the datasets were cleaned from unim-
portant information, i.e., all HTML tags, emails, and
telephone numbers were removed from news arti-
cle texts in both datasets.

Weakly supervised method. Based on our
observations and conversations with journalists,
we developed an approach designed to determine
which foreign news articles were utilized to create
a target STA news article. In the initial step, all the
texts from the STA and the foreign corpus were seg-
mented into sentences using the sentence-splitter
library3. Additionally, short sentences and sen-
tences without verbs were excluded from the STA
corpus4. This decision was motivated by both lin-
guistic theory and practical considerations related
to the semantic representation of sentences. Lin-
guistic theories distinguish between content words
(such as nouns, verbs, and adjectives) and func-
tion words (such as prepositions, conjunctions, or
articles). The latter serve primarily grammatical
purposes, and others contribute the most to the
meaning of the sentence (Katz and Fodor, 1963;
Pustejovsky, 1996). Furthermore, in English, a
meaningful sentence typically requires a verb. This
contrasts with some other languages, e.g., those in
the Slavic language family, where a meaningful sen-
tence can be built without verbs. Additionally, we
selected only sentences with more than 7 tokens to
ensure minimal semantic complexity. Specifically,

2Unfiltered STA dataset comprises 1,293 news arti-
cles.

3https://pypi.org/project/
sentence-splitter/

4Tokenization and parsing parts of speech were con-
ducted using the spaCy library.

we retained only those sentences that contained
adjectives, nouns, verbs, pronouns, proper nouns,
and auxiliary verbs, which are crucial for capturing
modality. This approach ensured that sentences
such as those demonstrated in the following exam-
ples do not participate in the similarity mapping:

• Follow us also on:

• Below is a schedule of events for Saturday, 1
February:

• 7:30am to 2pm: John Doe

Subsequently, the sentences were transformed
into vectors utilizing multilingual sentence trans-
formers (Reimers and Gurevych, 2020). Following,
the comparison was restricted to news articles pub-
lished on the same date. Using cosine similarity,
each sentence in the STA news articles was com-
pared with each sentence from the collection of FA
news articles. Based on preliminary experiments
conducted on the external dataset, we established
a similarity score threshold of 60%. The approach
was evaluated on the Webis-Wikipedia-Text-Reuse-
18 dataset (Alshomary et al., 2018), which consists
of documented text reuse cases from Wikipedia arti-
cles. From this corpus, we randomly sampled 1,095
text pairs. Given that our news dataset is multilin-
gual, a portion of the selected pairs was translated
into six target languages represented in our dataset
using a multilingual translation model5 (Costa-jussà
et al., 2022). The dataset statistics, test results, and
detailed description of the approach are presented
in Table 4 (Appendix A).

The analysis showed that semantically similar
sentences and full texts consistently yielded mean
similarity scores above 0.6, whereas dissimilar sen-
tence pairs did not exceed an average score of 0.4.
Therefore, sentences exhibiting a cosine similarity
greater than this threshold were marked as similar.
The PyTorch implementation was used to calculate
cosine similarity6.

All articles in the STA dataset possess a times-
tamp, which indicates when an article was created.
The timestamp includes year, month, day, hour,
minute, second, and microsecond. All articles in
the FA dataset also possess such a timestamp, indi-
cating when the article was received by the STA. In
the last preprocessing stage, the matched articles
were flagged as false positives if the STA articles
were created before the corresponding foreign arti-
cles were received7.

5https://huggingface.co/facebook/
nllb-200-distilled-600M

6https://pytorch.org/docs/stable/
generated/torch.nn.CosineSimilarity.html

7Detailed description of the approach and testing
can be found at https://github.com/kunturs/
lrec2026-rewrite-news.
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5. Results

The similarity-based approach revealed 8,432
matched sentence pairs between STA (target) and
FA (source). After excluding false positives, defined
as matches found in STA articles published prior
to the receipt of the corresponding FA articles, the
number was reduced to 4,004. We further refined
the dataset by retaining only the earliest matching
FA article for each STA sentence, assuming it is
the most likely origin of the content. This final filter-
ing step delivered 1,087 matched sentence pairs8.
Table 1 demonstrates the number of matched sen-
tences and news articles in each filtering step.

Articles Sentences
STA FA STA FA

True matches 387 2,070 989 2,731
The earliest matches — 698 — 875
False positives 419 2,376 1,117 3,288

Table 1: Number of sentences and articles matched
using the similarity approach in the STA and FA
datasets. An em dash (—) denotes “not applicable”.
The earliest matches filtering only applies to the FA
data.

As shown in Figure 1–A, sentence reuse is most
prevalent in the middle sections of news articles,
followed by the ending sections. In contrast, the
beginning sections tend to contain the most origi-
nal content. This pattern remains consistent over
time. Similarly, the most reused content comes
from the middle section of a news article, as Fig-
ure 1-B demonstrates. However, more content
are being reused from the beginning sections than
from the ending sections. The analysis shows
distinct positional reuse patterns between FA and
STA. Most reused sentences occur from FA-middle
to STA-middle (204 cases) and FA-beginning to
STA-middle (217). Beginning-to-beginning reuse
is infrequent (31). FA-middle sentences map to
STA-beginning (130) and STA-end (144), while FA-
beginning ones match with STA-end (135). FA-end
sentences mainly abide near the end (112), with
fewer mappings to the beginning (42) and middle
(72). Overall, reuse concentrates in the middle
sections of both article types. The significance of
the results was tested using the χ2 test of inde-
pendence, resulting in a p-value less than the 0.05
threshold for all variables mentioned above.

To investigate how textual reuse occurs across
articles, sentence positional relationships (PRs) be-
tween STA and FA news sources were analyzed. A
sentence positional relationship (PR) refers to how
sentence(s) from an STA article align positionally
with sentence(s) from an FA article that share se-

8All the analysis was applied to the dataset containing
only the earliest matches.

Figure 1: Distribution of reused sentences over
time: (A) STA (sentences taken from FA) and (B)
FA articles (sentences reused by STA). The plots
show how reuse varies by sentence position (with
a granularity of: beginning, middle, end of the ar-
ticle) within each article. The color scale on the
right indicates the number of reused sentences:
zero – blue, through white up to red – ten reused
sentences. The dotted line marks the boundary
between the years 2023 and 2025 in the data dis-
tribution.

mantically similar content. Each pair in the dataset
matches one sentence from STA to one from FA.
These PRs were categorized into four types based
on sentence ID frequency: 1:1 (one-to-one match),
1:many (one STA sentence aligned with multiple
FA sentences), many:1 (multiple STA sentences
aligned with one FA sentence), and many:many
(multiple PRs on both sides). The PR analysis was
conducted in four steps. First, sentence pairs were
filtered to ensure reuse was traced back to the ear-
liest available foreign article. Then, sentence-level
reuse frequency was counted, pairs were catego-
rized into PR types, and the reuse direction was
determined based on temporal order. The majority
of sentence reuse followed many:many (54.9%)
and many:1 (40.5%) structures, while direct one-
to-one matches accounted for only 4.4% of cases.
These findings indicate that reuse is rarely literal
or isolated; instead, it often involves paraphrasing,
summarization, or segmentation across sentence
boundaries.

Qualitative analysis of the most frequently reused
sentences (corresponding to the red peaks in Fig-
ure 1-A) showed that peaks in sentence reuse in
the years 2023 (Figure 2-A) and 2025 (Figure 2-
B) correspond to intense news cycles dominated,
respectively, by a national crisis and by interna-
tional political reporting. In both cases, repetition
resulted not from copying but from the systematic
use of shared editorial templates to cover closely
related events.
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Figure 2: Word cloud illustrating recurrent lexi-
cal patterns in reused sentences, highlighting the
shared editorial templates underlying coverage dur-
ing major news cycles: corresponding to the most
frequently reused sentences in (A) 2023 and in (B)
2025.

6. Conclusion

In this research, we investigate sentence-level text
reuse in multilingual journalism. We propose a
weakly supervised framework to detect reuse be-
tween English-language articles from the STA and
15 international news agencies publishing in seven
languages. Our analysis indicates that 52% of STA
news and approximately 1.6% of news articles from
international agencies share similar content. Our
findings suggest that passages originating from the
beginning and middle sections of news articles are
reused more frequently than those from the con-
cluding sections. Conversely, the reused content
tends to be positioned primarily in the middle and
at the end of news articles, suggesting that the be-
ginning sections are more likely to contain original
material.

The distribution of PR types suggests that textual
reuse between STA and FA news sources follows
editorial practices that involve restructuring rather
than direct copying. The low proportion of one-to-
one PRs indicates that literal reuse is not the dom-
inant strategy. Instead, the prevalence of many-
to-many and many-to-one cases points to more
flexible reuse patterns, likely shaped by summa-
rization, paraphrasing, and contextual adaptation.
These findings reveal the limitations of surface-level
similarity approaches and emphasize the need for
discourse-aware, multilingual NLP tools. By situ-
ating NLP methods within journalistic workflows,
the study offers new directions for modeling cross-
lingual information flow and encourages interdisci-
plinary collaboration across language technology,
media studies, and computational social science.

7. Limitations

The primary challenge in developing the methodol-
ogy for detecting text reuse originated from working
with a dataset containing multilingual data in seven
languages. Given the computational costs and
time constraints, we opted against translating all
articles into English. Instead, we utilized a multilin-

gual language representation model (Reimers and
Gurevych, 2020) and libraries capable of handling
data in multiple languages.

In addition to the Webis-Wikipedia-Text-Reuse-
18 dataset (Alshomary et al., 2018), we evaluated
our method on the Webis-CPC-11 dataset (Bur-
rows et al., 2013). These corpora were chosen
due to their open availability. Webis-CPC-11 con-
tains annotated paraphrased and non-paraphrased
sentences. Due to the computational and process-
ing time, for our tests, we used only part of both
datasets. Specifically, from the Webis-CPC-11 cor-
pus, a random sample of 1,000 text pairs was
drawn, and our similarity approach was applied
to this selection. The testing datasets, along with
a detailed description of the approach and testing,
can be found in the GitHub repository9. Additionally,
the dataset statistics, test results, and description of
the approach are presented in Table 4 (Appendix A).
The mean similarity score for both paraphrased and
non-paraphrased samples exceeds 0.7, implying
that the current approach is ineffective for distin-
guishing paraphrased from non-paraphrased text.
Therefore, this approach cannot be applied to dif-
ferentiate the stance through which the information
was conveyed. This high similarity score may be
attributed to the nature of the corpus, in which non-
paraphrased sentence pairs, despite differing in
final meaning, often remain semantically similar, as
illustrated by the example below:

• Original text: "I have heard many accounts of
him," said Emily, "all differing from each other:
I think, however, that the generality of people
rather incline to Mrs. Daltonś opinion than to
yours, Lady Margaret." "I can easily believe it.’

• Non-paraphrased text: "I have heard many
accounts of him," said Emily, "all different from
each other: I think, however, that the generality
of the people rather inclined to the view of Ms
Dalton to yours, Lady Margaret." That I can not
believe.

We opted for using cosine similarity against other
similarity measures, as this approach is commonly
used in many NLP tasks, is computationally effi-
cient, and easily interpretable.

Some frequent words were deliberately deleted
from Figure 2 due to anonymity issues. The deleted
words will be displayed in the accepted version of
the paper.
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A. Testing of the similarity approach

To establish similarity thresholds for both sentence-level and document-level approaches, we utilized the
Webis-Wikipedia-Text-Reuse-18 corpus, which contains pairs of short texts and their reused counterparts.
Each text pair is first segmented into sentences, yielding aligned source (source text) and target
(target text) sentence sequences, as Table 2 demonstrates. We assumed a monotonic alignment,
i.e., that sentences correspond sequentially between source and target.

source text target text
According to the United States Census Bureau, the
CDP has a total area of , of which, of it is land and of
it (0.05 ) is water.

According to the United States Census Bureau, the
village has a total area of 2.8 square miles (7.1 km ),
of which, 2.4 square miles (6.2 km ) of it is land and
0.3 square miles (0.9 km ) of it (12.32 ) is water.

Wiseman has a continental subarctic climate (Köppen
Dfc).

Babylon Village is bordered to the west by West Baby-
lon, to the north by North Babylon, to the east by West
Islip, and to the south by the Great South Bay.

As of the census of 2000, there were 21 people, 7
households, and 3 families residing in the CDP.

As of the census of 2010, there were 12,166 people
and 4,585 households in the village, with 2.65 per-
sons per household.

The population density was 0.3 people per square
mile (0.1 km ).

The population density was 4,975.9 people per
square mile (2,864.3 km ).

There were 30 housing units at an average density
of 0.4 sq mi (0.1 km ).

There were 4,768 housing units.

Table 2: Example of the sentence alignment in the Webis-Wikipedia-Text-Reuse-18 corpus.

For each text pair, we compute similarity at two levels. First, we obtain a document-level similarity score
by encoding the full source and target texts (concatenated sentences) using a sentence embedding model
and computing their cosine similarity.

Second, we compute sentence-level similarities by encoding each sentence individually. We then
perform pairwise comparisons between all source and target sentence embeddings. Based on the
sequential alignment assumption, similarities are divided into two categories: (i) aligned sentence pairs,
where source and target sentences share the same index, and (ii) non-aligned sentence pairs, where
indices differ. For each category, we calculate the mean cosine similarity across all comparisons.

This procedure yields three scores per text pair: (1) average full-text similarity, (2) average similarity of
non-aligned sentences (representing unrelated content), and (3) average similarity of aligned sentences
(representing reused content), as Table 3 shows. These aggregated scores are then used to analyze the
separation between reused and non-reused text segments and to derive empirical similarity thresholds.

language full text different
sentences

similar
sentences

support

English 0.72 0.37 0.63 500
German 0.73 0.35 0.64 99
French 0.69 0.35 0.59 99
Croatian 0.71 0.37 0.63 99
Italian 0.74 0.37 0.69 100
Polish 0.69 0.35 0.63 99
Serbian 0.72 0.37 0.69 99

Table 3: Similarity scores for the Webis-Wikipedia-Text-Reuse-18 corpus.

The same procedure was applied to the Webis-CPC-11 corpus, which contains both paraphrased and
non-paraphrased versions of original texts. Table 4 reports the average full-text similarity scores. We
restrict our analysis to document-level similarity only in English, as the results indicate that the proposed
method is not sufficiently effective for paraphrase detection at this level. Consequently, we do not extend
this approach to sentence-level analysis.
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paraphrased full text support
no 0.78 500
yes 0.81 500

Table 4: Similarity scores for the Webis-CPC-11
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Abstract
This paper presents OnCoCo 1.0, a new public dataset for fine-grained message classification in online counseling.
It is based on a new, integrative system of categories, designed to improve the automated analysis of psychosocial
online counseling conversations. Existing category systems, predominantly based on Motivational Interviewing (MI),
are limited by their narrow focus and dependence on datasets derived mainly from face-to-face counseling. This
limits the detailed examination of textual counseling conversations. In response, we developed a comprehensive new
coding scheme that differentiates between 38 types of counselor and 28 types of client utterances, and created
a labeled dataset consisting of about 2.800 messages from counseling conversations. We fine-tuned several
models on our dataset to demonstrate its applicability. The data and models are publicly available to researchers
and practitioners. Thus, our work contributes a new type of fine-grained conversational resource to the language
resources community, extending existing datasets for social and mental-health dialogue analysis.

Keywords: Classification, Counseling, Conversations, Dataset, Fine-grained annotation

1. Introduction

Psychosocial counseling covers a wide range of
human problems. The WHO 2021 report states that
1 in 8 people worldwide is struggling with mental
health problems and disorders (WHO, 2021). In
other areas, such as pregnancy, parenting, or debt
counseling, the demand for advisory services is
similarly increasing (NHS, 2024).

Nowadays, people can seek help on a wide range
of psychological and social topics through web fo-
rums and dedicated text-based counseling plat-
forms. Online counseling is provided on these plat-
forms by, for example, medical professionals, psy-
chologists, or social workers who have undergone
specialized training in this method (Kraus et al.,
2010). It is characterized by an inherently asymmet-
ric social relationship: counselors and clients oc-
cupy different social roles in the sense of interaction
role-taking, where participants continuously nego-
tiate positions such as "helper" and "help-seeker".
A trained counselor guides the interaction, while
the client seeks support under conditions of vul-
nerability and limited contextual cues. By provid-
ing fine-grained role-specific labels for both sides,
our dataset OnCoCo 1.0 enables the study of so-
cial dynamics in supportive interactions, e.g. how
guidance, empathy, and resource activation unfold
across counselor-client turns.

Currently, there is an intensifying debate regard-
ing the potential of AI systems to assume the role of
online counselors or even therapists (Hatch et al.,
2025). Psychotherapy research (Laska et al., 2014)
and studies on psychosocial counseling (Grawe,
2000) emphasize that key mechanisms of change

are strongly shaped by the content conveyed in
counseling interactions. To gain a more nuanced
understanding of whether and how online coun-
seling exerts its effects, it is therefore essential to
analyze the specific thematic elements (e.g. agree-
ment on consulting goals or creation of motivation)
present within a counseling exchange (Grandeit
et al., 2020). Particularly, in German-language re-
search on online counseling, these are character-
ized by a systematic approach using inductive or
deductive coding (Mayring, 2015).

So far, data sets specifically for online counseling
have been hardly publicly available, mainly due to
privacy-related restrictions or reasons of data pro-
tection. In addition, existing category systems for
automated content analysis focus mainly on spe-
cific counseling approaches, such as Motivational
Interviewing (MI) (Miller et al., 2008; Moyers et al.,
2016; Xiao et al., 2016; Wu et al., 2022). These
systems often focus on face-to-face settings (Mal-
hotra et al., 2022; Wu et al., 2022), which does not
capture the full details of relevant aspects in online
counseling where text is the only modality. A central
challenge is that online counseling is quite different
to face-to-face counseling in terms of methodology.
To compensate for the lack of auditory and visual
cues, it employs specific reading and writing tech-
niques that deviate significantly from those used in
face-to-face conversations.

Contribution: With this publication we introduce
OnCoCo 1.0 (Online Counseling Conversations),
a new bi-lingual dataset (German and English) for
rich content analysis in psychosocial online coun-
seling. Our dataset extends current conversational
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corpora by providing a detailed and ethically cu-
rated dataset for bilingual counseling contexts. For
the classification, we developed a novel and fine-
grained category system, using methods of qualita-
tive social research (Mayring, 2015) and grounded
in theoretical models of online counseling (e.g.,
(Grawe, 2000)). It is composed of 38 categories for
counselor messages and 28 categories for client
messages. Furthermore, 2.778 messages were
manually created and curated by professional ex-
perts and specifically advised students. We fine-
tuned several models based on this data to demon-
strate it’s applicability. The best model reaches an
accuracy of 80% and an F1 macro score of about
0.78 which is comparable to human performance
on this kind of data. The developed category sys-
tem extends previous work in the sense that it is not
limited to just one method within counseling, e.g.
MI, but corresponds to the special claim of online
counseling - i.e. the mixture of different methods.
Hence, our system and the corresponding models
are suitable for analyzing all types of texts during
counseling or therapy sessions.

Availability and License: The OnCoCo 1.0
dataset, including documentation, metadata and
limitations, as well as ready-to-use fine-tuned
models are publicly available for research and
educational purposes under a CC BY 4.0 li-
cense. The data and models can be accessed
at https://huggingface.co/datasets/
th-nuernberg/OnCoCoV1. A full metadata
description is also provided via the LRE Map.

2. Relevance of our Research

The ability to analyze unlimited amounts of conver-
sations with a rich system of categories offers com-
pletely new possibilities for online counseling re-
search. Fine-grained patterns can be collected and
transferred in complex and comprehensive statisti-
cal models. This significantly expands our knowl-
edge to relevant aspects of successful counseling.

Social Interaction Pattern Analysis: The fine-
grained and role-specific coding scheme enables
detailed analyses of counseling interaction patterns
and social dynamics. For example, it supports (i)
strategy–response analyses by studying transitions
between counselor categories (e.g., problem clar-
ification vs. motivation building) and subsequent
client categories (e.g., engagement, resistance, or
requests for help), and (ii) conversation stage anal-
yses by comparing category distributions between
early and late turns. These analyses are difficult
to conduct with coarse tag sets and illustrate how
the resource can be used in qualitative and mixed-
methods research.

Quality Improvement: Classification models
trained on our dataset can be used to identify pat-
terns and success factors for online counseling,
such as problem solving, relationship-building, in-
terventions etc. (see Table 1). Text analysis is
particularly well suited to explore the micro-level
of counseling relationships such as interaction pat-
terns, emotional dynamics, and conversational flow.
In face-to-face counseling, conversation and text
analyses of recorded sessions have already pro-
vided valuable insights into interaction processes
and relationship-building (Hancken, 2023). These
approaches can be adapted to the context of online
counseling. AI-supported analysis also enables
the examination of large volumes of counseling
transcripts, helping to detect and quantify latent
patterns and meaningful structures. This can as-
sist professionals in reflecting on their methods and
incorporating successful interaction strategies into
their practice or training. Beyond individual coun-
selors, supervisors can also use these insights for
case reviews, team reflection and structured moni-
toring processes to improve quality assurance.

Education: Counselor education can be sup-
ported by providing valuable insights and resources.
For instance, trainees can receive real-time feed-
back on their performance by having their counsel-
ing sessions automatically analyzed by the model.
It could highlight areas in which the counselor
needs to work on developing empathy strategies,
setting goals, intervention techniques, or activating
resources. This feedback can be included into the
educational process to direct future development
possibilities. Additionally, trainees can learn to iden-
tify patterns in interactions between counselors and
clients. Since the model may categorize various
aspects of a conversation, such as the counselor’s
use of motivational strategies, educators can pin-
point certain strengths and shortcomings in student
performance. In addition to real-world sessions, the
model can help to create simulated environments
for counselor training. By generating potential in-
teractions between the counselor and the client (or
analyzing past simulated dialogues), trainees can
practice identifying appropriate responses, inter-
vention strategies, and emotional cues.

Detection of Common Issues: Emerging trends
and prevalent issues, such as those that teenagers
encountered during the COVID-19 pandemic, can
be found with the aid of automated analysis. Early
trend detection allows for prompt and focused inter-
vention in social and mental health issues, which
shortens the duration of these problems for im-
pacted individuals and lessens their wider societal
impact.

Evaluation of Chatbots: Studies based on our
dataset enable a fine-grained evaluation of counsel-
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ing interactions conducted by counseling chatbots.
On this basis, AI-based counseling systems can
first be assessed in terms of their counseling quality
and subsequently optimized to reach the standard
set by human counselors.
Efficient Resource Allocation: In depth data
analysis within counseling organizations can sup-
port better resource allocation in social work. For
example, counselors can be directed to cases re-
quiring urgent attention (e.g., high-risk situations
such as suicide or child welfare concerns), thus op-
timizing the use of human resources and offering
better support for clients in urgent need of help.

3. Related Work

In the context of online counseling, content analysis
has been investigated in some work during the last
decade. (Althoff et al., 2016) developed models to
evaluate conversation strategies such as adaptabil-
ity, progress, and shifts of perspective based on an
SMS-data that are not publicly available.

Several other publications are based on Motiva-
tional Interviewing (MI) (Miller and Rollnick, 2002).
The Motivational Interviewing Skill Code (MISC) is
a coding scheme designed to analyze both client
and counselor behavior in MI sessions (Miller et al.,
2008). The MISC category system comprises a to-
tal of 28 categories (19 for counselor, 9 for clients).
(Xiao et al., 2016) and (Cao et al., 2019) applied
machine learning to MISC, but used a simplified set
of just 8 counselor and 2 client categories because
the support for some categories in their dataset
was considered too low.

(Pérez-Rosas et al., 2016) describe the creation
of a dataset based on the even simpler MI Treat-
ment Integrity (MITI) coding system, which focuses
solely on the counselor. Utterances are categorized
into MI-adherent (e.g. simple/complex reflection,
affirmation) and MI-non-adherent (e.g. direct per-
suasion or confrontation). Their dataset contains
a total of 22,719 coded utterances. Later on, it
was used to analyze counseling conversations with
regard to empathy and overall quality of counsel-
ing (Pérez-Rosas et al., 2017, 2019). Although
stated otherwise in the publications, this dataset is
currently not available to the public.

Anno-MI, in contrast, is a public dataset that in-
cludes transcribed therapy dialogues on MI anno-
tated by professional therapists (Wu et al., 2022,
2023). It consists of 133 videotaped and tran-
scribed conversations with a total of over 9.699
utterances. The annotation scheme is, however,
rather coarse, consisting of just the three major
therapist behaviours: reflection (simple/complex),
question (open/closed), and input (information, ad-
vice, giving options, and negotiation). The subcate-
gories (in parentheses) were defined but not used

for annotation because of low inter-coder agree-
ment in a first test. Client messages were also
differentiated into three categories, namely change,
neutral, and sustain similar to MISC.

Based on this previous work on MI, (Cohen et al.,
2024) recently created a new public MI dataset con-
sisting of 242 sessions with 15.627 total messages.
Therapist behavior is classified into 11 categories
based on MITI.

The dataset ESConv (Emotional Support Con-
versation) as well as a corresponding framework
for the modeling of dialogues and corresponding
categories were published by (Liu et al., 2021). The
coding scheme puts more emphasis on the client
side and distinguishes between five types of client
problems, seven emotions, and a feedback score
between one and five. Eight support strategies
are annotated on the counselor side. The publicly
available dataset includes 1,053 conversations con-
sisting of over 31,000 utterances.

The public HOPE dataset (Malhotra et al., 2022)
contains approximately 12,900 statements from
212 therapy sessions in the field of cognitive behav-
ioral therapy (CBT). For the annotation, a category
system consisting of 12 categories, organized into
three main categories, was developed.

In addition, there exist general dialogue-act
frameworks such as ISO 24617-2 (Bunt et al., 2020)
which can serve as a shared reference point for re-
lating the task- and counseling-specific annotation
schemes discussed above.

Conclusion Many existing datasets are not pub-
licly accessible, and those that are often use overly
coarse annotation schemes that prevent detailed
analysis, or are based on a face-to-face counseling
setting. Furthermore, it is crucial to differentiate
between counseling (social) and therapy (medical),
as they use different methodological approaches.
Despite these differences, there are numerous sim-
ilarities that have influenced the subsequent het-
erogeneous selection of categories in our study.

4. The Category System

To enable a structured and fine-grained analysis of
online counseling conversations, we developed a
hierarchical category system that captures diverse
aspects of both client and counselor messages.

4.1. Objectives

Psychosocial online counseling is a professional
support service, but assessing how established
counseling factors (Grawe, 2000) are reflected
in large-scale text interactions requires scalable,
fine-grained analysis beyond traditional resource-
intensive methods.
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Role Categories on Level 1 Categories on Level 2 #Subcategories Samples
Counselor Formalities at the beginning 1 115
(CO) Moderation 1 90

Impact factors Analysis and clarification of problems 13 873
Analysis and agreement on objectives 2 56
Creating motivation 4 131
Resource activation 5 117
Help, problem solving 8 71

Formalities for conclusion and farewell 2 60
Other statements 2 19
Total 38 1532

Client Formalities at the beginning 4 72
(CL) Empathy 3 95

Impact factors Analysis and clarification of problems 8 437
Analysis and agreement of objectives 2 93
Creating motivation 2 75
Resource activation 2 63
Help coping with problems 6 282

Formalities for conclusion 2 70
Other statements 2 59
Total 28 1246

Table 1: Overview of the category hierarchy and label distribution.

As the basis for the analysis, a category system
was developed according to the principles of quali-
tative social research (Mayring, 2015). In the first
step, analytical criteria were deductively derived
from literature, primarily the key factors of effective
counseling according to (Grawe, 2000), as well as
other relevant structural elements of professional
online counseling. For example, several categories
derived from the theory of MI were integrated (Miller
and Rollnick, 2012). Care was taken to ensure com-
patibility with the respective datasets mentioned in
Section 3, in order to maintain optimal compara-
bility. These individual elements were mapped to
clear definitions, and typical anchor examples for
corresponding text segments were established.

Using the first draft of the category system, suit-
able texts were annotated by specially trained hu-
man coders. In iterative team meetings, the results
were compared and the category system was induc-
tively developed further. For example, very similar
categories were merged, or new categories were
introduced to capture content that had not been
adequately represented up to that point.

4.2. Structure
Based on these principles we created a new cate-
gory system, consisting of 38 categories for coun-
selor (CO) messages and 28 categories for client
(CL) messages. The category system is hierar-
chically structured into at most five levels of detail.
Table 1 shows the first two levels of the category
system together with the respective number of cate-

gories at the lowest level (Level 5) and the number
of annotated samples in the dataset. The names
of all level-5 categories can be found in Table 4.

With 38 different message types, the counselor
side is more detailed than the client side. This is by
design given that assessments of counseling qual-
ity and method adherence are driven foremost by
by counselor messages. We use fine-grained cat-
egories for the most interesting type of messages
for analysis, the so-called Impact Factors.

For example the impact factors at the counselor’s
level-2 subcategory Resource activation are further
distinguished into Question about possible sup-
port resources, Request about problem statement,
Suggestion for activating resources at professional
level, Suggestion for activating resources at fam-
ily level, and Suggestion for activating resources
at friendship level. This kind of fine distinction be-
tween semantic categories allows for very detailed
analysis. However, many categories were defined
at level four without further subdivision levels, be-
cause the level of detail was considered sufficient
for the types of analyses we aim for. For example,
all MI-related categories can be found on level 4.

The highest resolution of five levels has the sub-
category Impact factors→Analysis and clarification
of problems, because we want to analyze in detail
the different types of questions and methods which
counselors use to get to the core of the client’s
problem. Some examples can be found in Table 2.

We created unique short codes for each of the
categories for simpler data processing. Each cat-
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Category Code Writer Text Category (Hierarchical Path)
CO-IF-AC-RF-RLS-L Counselor To advise you better, it would be help-

ful to know what kind of hobbies or
interests you have.

Impact factors → Analysis and clarification
of problems → Reflection (Fact) → Request
about living situation → Leisure

CO-IF-AC-RF-RTP-* Counselor Can you describe the feeling you
have afterwards a bit more closely?
Is it more disgust or does it seem
somehow wrong to you what you did?

Impact factors → Analysis and clarification
of problems → Reflection (Fact) → Targeted,
precise request

CO-IF-HP-*-ITFE-* Counselor It is completely normal for a young
person to start developing sexual de-
sires and fantasies during puberty.

Impact Factors → Help, Problem Solving →
Technical or factual explanations

CL-E-*-*-ECP-* Client It’s more about my brother than about
me.

Empathy → Concern for another person

CL-IF-ACP-*-FPA-* Client I have tried to alleviate my withdrawal
symptoms with medication, but it
feels like a constant struggle.

Impact factors → Analysis and clarification
of problems → Feedback on previous at-
tempts

Table 2: Example utterances from counselors and clients and the respective category

egory at each level is assigned such a short code
(values in the parentheses in the example above).
The complete code of a category at lower level in
the hierarchy is the concatenation of codes along
the whole path, i.e. for Social relationships it is CO-
IF-AC-RF-RLS-SR. These codes uniquely identify
the categories at the finest level of detail and form
the labels we trained the classifiers on.

Our categories can be seen as a domain-specific
extension of broader dialogue-act tagging frame-
works (e.g., ISO 24617-2). At a coarse level,
categories such as Formalities correspond to So-
cial Obligations Management (e.g., greeting, clos-
ing), Moderation corresponds to Interaction Man-
agement (e.g., turn/grounding management), and
parts of Impact factors map to Task and Feed-
back functions (e.g., information-seeking, advis-
ing, checking understanding), while refining them
into counseling-specific strategies (e.g., resource
activation, motivation building). This positioning
facilitates comparison to prior work using gen-
eral dialogue-act standards while preserving the
counseling-specific granularity of OnCoCo.

5. The OnCoCo 1.0 Dataset

To enable a fine-grained analysis of interaction pat-
terns between counselors and clients, we created
a new bilingual dataset (German with English trans-
lations).

5.1. Curation and Annotation

The creation of the dataset is a critical step in ensur-
ing the validity and applicability of the fine-grained
message classification system for online counsel-
ing conversations. Particular care was taken to
ensure privacy, ethical integrity, and data quality.

Origin of Data: The research team deliberately
refrained from anonymization existing real-world
counseling datasets, as these either lacked explicit
consent for research use or involved ethical con-
cerns regarding the use of publicly available coun-
seling content (Ghanem et al., 2022; Bruckman,
2002). Instead, the social scientists took inspira-
tion from real data in public discussion forums and
educational role-play sessions. They also drew
on their extensive prior research experience to de-
velop synthetic interactions that closely mirror the
linguistic patterns, emotional dynamics, and struc-
tural characteristics of real counseling exchanges.
In multiple iterative steps, the generated sample
texts were evaluated for authenticity and compared
to real data in order to ensure a high degree of
realism and representativeness. In addition, the
data was carefully curated and reviewed to mini-
mize potential biases and avoid the reinforcement
of stereotypes.

Privacy and Ethics: As the data were generated
by experts, no personal data are contained in the
dataset. Thus, no further ethical approval was re-
quired to publish the data.

Annotation Process: (Scheuerman et al., 2020)
rightly point out that the annotation of datasets can
introduce unconscious biases into classification
processes. This effect can never be entirely ruled
out. The annotation and category development in
this study were carried out by individuals with the
following identities and backgrounds:

The annotation team consisted of six trained on-
line counselors and five student assistants, includ-
ing students of social work and computer science.
All annotators were born in Germany and held a uni-
versity entrance qualification. The group included
9 women and 2 man.

Thus, on the one hand, it cannot be ruled out that
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the lack of diversity among the annotators may have
introduced implicit bias into the dataset. On the
other hand, the bachelor’s program in social work
in Germany includes targeted training designed to
help students recognize and reflect on their own
biases and engage in their professional work with
cultural humility and awareness.

The annotators were instructed in detail in the
underlying methodology of the category system.
To ensure high data quality in this complex social
domain, the labels were established through expert
consensus. Annotators discussed disagreements
in regular meetings until a shared interpretation
of the 66 categories was reached. Final labels
and category definitions were reviewed by a lead
expert in online counseling to ensure theoretical
validity and consistent use across the hierarchy. All
student assistants had previous experience with
the annotation of counseling data within the field
of psychosocial counseling. This whole group was
professionally guided by the project coordinator and
the project management.

Translation: All conversations were originally
written in German and then automatically translated
into English. The translation was done using GPT-
4o. A review based on random samples confirmed
the expected high quality of the translations.

5.2. Description of the Dataset

The actual dataset comprises a total of 2,778 orig-
inal messages. The data distribution is skewed
with regard to the categories (Table 1). This is
due to the naturally heterogeneous distribution of
messages in counseling dialogues. Most of the
client and counselor data belongs to the respective
top-level category Impact factors, as this is the fo-
cus of methodological analysis. Table 2 gives an
impression of what the text examples look like.

6. Classification

The dataset in its current form is created for classi-
fication. The related work described in Section 3
showed that transformer-based models are gener-
ally well suited for this purpose. However, existing
data sets use just a few classes while our category
system consists of 38 classes for counselor mes-
sages and 28 for clients. Multi-class classification
with a high number of classes is always a challenge,
especially if some classes are semantically close
like "Generation of motivation" and "Resource acti-
vation". The challenge becomes even more difficult
if the number of records per category is low.

6.1. Experimental Setup
To demonstrate the usefulness of our data for clas-
sification, we chose a set of available multi-lingual
encoder models and performed full fine-tuning for
classification on our dataset (see Table 3). Our first
choice fell on XLM RoBERTa which has shown high
performance on numerous classification tasks. In
addition, we included the two more recently publish
model families ModernBERT (Warner et al., 2024)
and EuroBERT (Boizard et al., 2025). For each of
these, we fine-tuned a smaller base model and a
larger variant.

We experimented with separate models for coun-
selors and clients, since the author of a message
is known apriori and does not require classification.
It turned out, however, that a single model trained
on both types of messages is on par with separate
models if the messages are simply prefixed with
either "Counselor:" or "Client:". One drawback of
the unified model is the potential for confusion be-
tween counselor and client categories during infer-
ence. To address this, we applied output masking
by suppressing client-specific categories for coun-
selor messages and vice versa at the level of the
prediction logits. We also experimented with apply-
ing this masking during training, but observed no
measurable improvement in performance.

6.2. Experimental Results
In order to report robust results, we performed 5-
fold cross-validation with each model. Table 3 gives
an overview of the results. We report the mean
and sample standard deviation of the evaluation
metrics across the validation data of the five folds.
Our primary evaluation metric was the F1 Macro
score, i.e. the unweighted average of the F1 score
per class because the mean accuracy gives little
indication of possibly low recall of classes with little
support. As some categories are semantically very
close and even for humans hard to distinguish, we
also evaluated the second-best choice of the model
(Accuracy@2 and F1@2).

The best performing model, XLM RoBERTa,
reaches an accuracy of 0.79 and an F1 Macro of
0.72, increasing by over 10 points to 0.88 and 0.83
by taking also the second best prediction into ac-
count. Most categories could be detected with high
recall and even categories with very little training
data are recognized relatively well by this model,
as can be seen in Table 4. ModernBERT and Eu-
roBERT also perform well, but lag behind by a few
points in both accuracy and F1 score. There is also
a measurable performance degradation if smaller
base models are used.

Beyond quantitative metrics, a qualitative exami-
nation of the outputs of the best performing model
reveals that our OnCoCo dataset successfully cap-
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Model Parameters Accuracy F1 Macro
@1 @2 @1 @2

FacebookAI/xlm-roberta-large 561M 0.79 ±0.02 0.88 ±0.01 0.72 ±0.02 0.83 ±0.02
FacebookAI/xlm-roberta-base 279M 0.76 ±0.02 0.86 ±0.01 0.68 ±0.03 0.79 ±0.02

answerdotai/ModernBERT-large 396M 0.77 ±0.01 0.86 ±0.01 0.69 ±0.01 0.80 ±0.02
answerdotai/ModernBERT-base 150M 0.68 ±0.02 0.78 ±0.00 0.57 ±0.02 0.69 ±0.01

EuroBERT/EuroBERT-610m 610M 0.76 ±0.01 0.84 ±0.01 0.69 ±0.02 0.79 ±0.02
EuroBERT/EuroBERT-210m 210M 0.75 ±0.01 0.84 ±0.01 0.67 ±0.02 0.79 ±0.03

Table 3: Classification results for selected fine-tuned models on cross validation data, showing mean and
sample standard deviation across five folds and second best choice (@2).

tures the core interaction structures of professional
online counseling. The models perform strongly
in identifying categories related to problem clar-
ification, empathy, and resource activation—key
mechanisms known from counseling research to
contribute to effective psychosocial support (Grawe,
2000; Eichenberg and Küsel, 2016). The classi-
fication behavior generally aligns with theoretical
expectations: counselor messages emphasizing
clarification, motivational support, and structured
counseling display high internal coherence and dis-
tinct linguistic markers, while categories that rely
on subtle affective or contextual cues remain more
challenging. This suggests that the OnCoCo cat-
egory system and trained models are capable of
reproducing the interpretive logic of human coders
and, therefore, offer a bridge between qualitative
content analysis and computational modeling in
social work research.

Categories with low F1 scores in Table 4 mainly
reflect semantic overlap and data sparsity. For
example, the client categories Problem statement
and Problem definition are often confused because
both describe aspects of clients’ difficulties, differ-
ing only in abstraction level. Similarly, the counselor
categories Targeted, precise request and Request
for change and development show pragmatic simi-
larity, leading to misclassification. In these cases,
the second best (@2) choice of the model often
matches the label. Rare types such as Complex
reflection or Future forecast suffer from too few
examples for stable learning. Motivational cate-
gories like Eliciting/Evoking Change-Talk also re-
main challenging, as such utterances are short
and context-dependent. Overall, explicit or formu-
laic acts (e.g., greetings, farewells) are classified
reliably, while categories requiring pragmatic infer-
ence or emotional interpretation yield lower perfor-
mance—mirroring known limits of text-only models
in capturing counseling subtleties.

6.3. Intercoder Reliability
Human-to-human: To assess the reliability of the
annotation process, we conducted a systematic

inter-annotator agreement (IAA) study. All items
from the dataset were independently coded by two
human annotators from the trained annotation team,
covering all categories of both message roles. The
Macro-averaged Cohen’s κ across all items is 0.84
(0.85 for counselor and 0.80 for client utterances)
and can be considered very strong. As expected in
fine-grained counseling dialogue, agreement was
higher for structural categories (e.g., Greetings,
Formalities) and more moderate for semantically
dense Impact Factors such as Resource Activa-
tion. However, the overall Macro-averaged κ of
0.84 indicates that the coding scheme remains ro-
bust and learnable across these varying levels of
complexity. Gold-standard labels were finally estab-
lished through expert consensus: disagreements
were discussed between the annotators and a lead
expert in psychosocial online counseling until a
shared interpretation was reached.

Human-to-model: We additionally assessed the
agreement between the best-performing model
(XLM-RoBERTa-large) and codings from human
experts. A stratified sample of 20% of the origi-
nal German utterances (N=556), evaluated against
the same gold-standard labels as the classification
task, yielded a Cohen’s κ of 0.88. This high value
strongly indicates that the trained model’s predic-
tions are conceptually coherent with human expert
interpretation. As summarized in Table 4, while
the cross-validated Macro F1 (0.72) is numerically
lower, largely due to the metric’s high sensitivity
to rare categories in a 66-class set, the proxim-
ity between the model’s performance and the ini-
tial human inter-annotator agreement (κ = 0.84)
demonstrates that the automated classification is
approaching the performance ceiling for this gran-
ular task.

7. Summary and Further Research

This paper introduced OnCoCo 1.0, a bilingual,
fine-grained dataset and category system for the
automated analysis of psychosocial online coun-
seling conversations. Integrating diverse counsel-
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Code Level 5 Precision Recall F1 Score Support
CO-FA-*-*-*-* Formalities at the beginning/Opening of the conversation 0.90 0.96 0.93 46
CO-FC-*-*-F-* Farewell 1.00 0.95 0.97 20
CO-FC-*-*-OPR-* Offer to use the counselor’s professional resources 0.67 1.00 0.80 4
CO-IF-AC-RE-RCR-* Complex Reflection 0.50 0.67 0.57 6
CO-IF-AC-RE-RES-* Request for emotional state 0.68 0.72 0.70 18
CO-IF-AC-RF-RC-* Request for concerns 0.63 0.79 0.70 24
CO-IF-AC-RF-RCD-* Request for change and development 0.86 0.40 0.55 30
CO-IF-AC-RF-RLS-ES Employment/economic situation 0.42 0.42 0.42 12
CO-IF-AC-RF-RLS-H Health (mental and physical) 0.83 0.67 0.74 30
CO-IF-AC-RF-RLS-L Leisure 0.82 0.82 0.82 34
CO-IF-AC-RF-RLS-PS Professional situation 0.70 0.82 0.76 34
CO-IF-AC-RF-RLS-SR Social relationships 0.72 0.91 0.81 34
CO-IF-AC-RF-RPA-* Request for previous attempts at solutions 0.88 0.91 0.89 32
CO-IF-AC-RF-RPD-* Request for personal data 0.89 0.61 0.72 28
CO-IF-AC-RF-RTP-* Targeted, precise request 0.39 0.45 0.42 20
CO-IF-AC-RF-SRx-* Simple reflection 0.94 0.96 0.95 52
CO-IF-AO-*-ICO-* Definition of counseling objectives 0.64 0.58 0.61 12
CO-IF-AO-*-ROW-* Request for objectives/wishes 0.37 0.70 0.48 10
CO-IF-HP-*-ICO-* Calming 1.00 1.00 1.00 2
CO-IF-HP-*-IEA Evaluation, Interpretation 0.60 1.00 0.75 6
CO-IF-HP-*-IF-* Future forecast 0.00 0.00 0.00 2
CO-IF-HP-*-IPFR-* Professional, formal, institutional recommendation 1.00 1.00 1.00 2
CO-IF-HP-*-ITFE-* Technical or factual explanations 1.00 1.00 1.00 6
CO-IF-HP-*-IW-* Warning 1.00 1.00 1.00 4
CO-IF-HP-*-PP-IA Advice 0.67 1.00 0.80 2
CO-IF-HP-*-PP-IW Wish 1.00 1.00 1.00 4
CO-IF-Mot-*-IAC-* Articulation of the perceived ability to change in the client (MI) 1.00 0.70 0.82 10
CO-IF-Mot-*-IEM-* Encouragement, motivation of the client 0.82 1.00 0.90 14
CO-IF-Mot-*-ITA-* Thanks and appreciation to the client 1.00 0.86 0.92 14
CO-IF-Mot-*-RFC-* Eliciting/Evoking "Change-Talk" (MI) 0.80 0.57 0.67 14
CO-IF-Mot-*-RS-* Question about possible support resources 0.64 0.64 0.64 14
CO-IF-RA-*-N-RAFa Suggestion for resource activation at the family level 1.00 1.00 1.00 10
CO-IF-RA-*-N-RAFr Suggestion for resource activation at the friendship level 1.00 1.00 1.00 2
CO-IF-RA-*-RAP-* Suggestion for resource activation at professional level 1.00 1.00 1.00 14
CO-IF-RA-*-RP-* Request for problem statement 1.00 0.67 0.80 6
CO-Mod-*-*-*-* Moderation 0.81 0.81 0.81 36
CO-O-*-*-O-* Other statements 0.00 0.00 0.00 2
CO-O-*-*-UCO-* Inappropriate remark 1.00 0.50 0.67 6
CL-E-*-*-ECC-* Compassion for others (EC) 0.83 0.71 0.77 14
CL-E-*-*-ECP-* Concern for another person (EC) 0.61 0.92 0.73 12
CL-E-*-*-PT-* Empathy for third parties or related to the present situation (PT) 0.78 0.58 0.67 12
CL-FB-*-*-*-* Formalities at the beginning and greeting 1.00 1.00 1.00 28
CL-FC-*-*-F-* Formalities for conclusion 1.00 1.00 1.00 8
CL-FC-*-*-UPR-* Further use of professional resources of counselor 0.83 0.95 0.88 20
CL-IF-ACP-*-Cons-* Consent 0.78 1.00 0.88 14
CL-IF-ACP-*-DPD-* Disclosure of personal data 1.00 0.95 0.97 20
CL-IF-ACP-*-FPA-* Feedback on previous attempts at solutions 0.88 0.85 0.86 26
CL-IF-ACP-*-OE-* Own emotional expression 0.95 0.95 0.95 22
CL-IF-ACP-*-PD-* Problem definition 0.44 0.79 0.56 14
CL-IF-ACP-*-PS-* Problem statement 0.72 0.70 0.71 30
CL-IF-ACP-*-Rej-* Rejection 0.85 0.85 0.85 20
CL-IF-ACP-*-Req-* General request 1.00 0.93 0.96 28
CL-IF-AO-*-Ext-* Extension of the assignment 0.83 0.36 0.50 14
CL-IF-AO-*-Obj-* Objective of the assignment 0.67 0.83 0.74 24
CL-IF-HP-*-Fail-* Final failure 0.93 0.72 0.81 18
CL-IF-HP-*-NegFR-* Negative feedback on specific action recommendation 0.68 0.77 0.72 22
CL-IF-HP-*-PosF-* General positive feedback 0.83 0.94 0.88 16
CL-IF-HP-*-PosFR-* Positive feedback on specific recommendations for action 1.00 0.88 0.94 26
CL-IF-HP-*-RepRA-* Report on the implementation of recommendations for action 0.91 0.83 0.87 12
CL-IF-HP-*-Succ-* Final success 1.00 0.89 0.94 18
CL-IF-Mot-*-FC-* Eliciting/Evoking "Change-Talk" (MI) 0.53 0.67 0.59 12
CL-IF-Mot-*-RC-* Articulation of reasons for a change in the client 0.80 0.67 0.73 18
CL-IF-RA-*-RF-* Considering resource activation at the level of friends and family 0.89 1.00 0.94 8
CL-IF-RA-*-RP-* Considering resource activation at a professional level 0.73 0.50 0.59 16
CL-O-*-*-O-* Other statements 1.00 0.50 0.67 8
CL-O-*-*-UCO-* Inappropriate remark 0.88 0.94 0.91 16

Table 4: Classification report for the best performing model xlm-roberta-large on the 1,112 test samples

ing approaches, the system enables the detailed
classification of counselor-client interactions and
supports scalable, data-driven evaluation of coun-
seling practices. The created OnCoCo dataset,
together with fine-tuned classification models, of-
fers significant potential for improving the quality
and efficiency of psychosocial support services.

While the models already achieve satisfactory
results for most categories, certain fine-grained
types remain difficult to distinguish due to seman-
tic overlap, subtle contextual cues, and limited

data support. Future research should focus on
enhancing the modeling of pragmatic and affective
dimensions, for instance by integrating discourse-
level features or multi-task learning objectives, to
strengthen the classification of conceptually over-
lapping categories. Further improvements could
also result from expanding the dataset with addi-
tional annotated examples for underrepresented
categories or by leveraging large language models
to generate high-quality synthetic samples.
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8. Limitations

Our dataset and the models come with several lim-
itations:
Skewed Data Distribution: The dataset has an
uneven distribution of categories, which may lead
to challenges in detecting underrepresented cate-
gories. While it is planned expand the dataset, the
current imbalance affects model performance.
Potential Generalization Issues: Although the
models achieve high accuracy and F1, the perfor-
mance may drop on data coming from types of
online counseling which were not covered by the
training data.
Limited Cultural Adaptability: The dataset,
though bilingual (German and English), does not
explicitly address cultural differences in counseling
or how these might affect the applicability of the
models across diverse populations and languages.
Narrow Scope of Application: While the dataset
and models are focused on online counseling, their
application is limited to this domain. Expanding the
models to broader contexts, such as peer support
or general social work, would enhance their societal
impact.
Sociolinguistic and Ethical Limitations: From
a qualitative and sociological perspective, the
dataset represents online counseling dialogues un-
der idealized professional conditions. This focus
ensures ethical soundness and methodological con-
sistency, but also constrains the variety of linguis-
tic and relational phenomena captured. Informal,
ambiguous, or boundary-crossing communication
(e.g. such as humor expressions, self-disclosure,
or other indirect emotional cues) is rare or even
absent. While this reflects the professional stan-
dards of counseling practice, it can reduce the abil-
ity of the model to generalize to less formal con-
texts, where such elements are relevant to build-
ing rapport. In addition, the synthetic, but expert-
generated nature of the dialogues means that spon-
taneous and situational nuances of real counseling
interactions are only partially comprised.
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Abstract
Understanding and predicting user behavior on social media platforms is crucial for content recommendation and
platform design. While existing approaches focus primarily on common actions like retweeting and liking, the
prediction of rare but significant behaviors remains largely unexplored. This paper presents a hybrid methodology for
social media user behavior prediction that addresses both frequent and infrequent actions across a diverse action
vocabulary. We evaluate our approach on a large-scale Bluesky dataset containing 6.4 million conversation threads
spanning 12 distinct user actions across 25 persona clusters. Our methodology combines four complementary
approaches: (i) a lookup database system based on historical response patterns; (ii) persona-specific LightGBM
models with engineered temporal and semantic features for common actions; (iii) a specialized hybrid neural
architecture fusing textual and temporal representations for rare action classification; and (iv) generation of text
replies. Our persona-specific models achieve an average macro F1-score of 0.64 for common action prediction,
while our rare action classifier achieves 0.56 macro F1-score across 10 rare actions. These results demonstrate that
effective social media behavior prediction requires tailored modeling strategies recognizing fundamental differences
between action types. Our approach achieved first place in the SocialSim: Social-Media Based Personas chal-
lenge organized at the Social Simulation with LLMs workshop at the Conference on Language Modeling (COLM 2025).

Keywords: social media, Bluesky, user behaviour prediction, hybrid approaches, persona-based modelling,
classification

1. Introduction

Social media platforms have become central to
modern communication, generating vast amounts
of user interaction data that offer unprecedented in-
sights into human behavior patterns. Understand-
ing and predicting how users engage with con-
tent—whether they like, share, comment, or take
other actions—has significant implications for both
theoretical research in computational social sci-
ence and practical applications in content recom-
mendation, platform design, and user experience
optimization.

The prediction of user behavior on social media
platforms presents a complex challenge. Tradi-
tional approaches have primarily focused on the
most frequent user actions, such as retweeting
and liking, often employing hand-crafted features
or network-based representations (Suh et al., 2010;
Yang et al., 2010; Peng et al., 2011). However, the
emergence of large language models (LLMs) has
opened new possibilities for more sophisticated
user behavior modeling through persona-based
simulation and generation (Rossetti et al., 2024;
Törnberg et al., 2023).

Despite these advances, several key challenges
remain unresolved. First, most existing work has
concentrated on binary prediction tasks or a limited
set of common actions, leaving the prediction of
rare but potentially important behaviors (such as

blocking, unfollowing, or content deletion) relatively
unexplored (Wu et al., 2020). Second, recent re-
search suggests that smaller, specialized models
may outperform large language models on action
classification tasks (Qiu et al., 2025). Third, the
integration of temporal dynamics, user personas,
and content semantics into a unified prediction
framework remains an open challenge.

This work addresses these limitations by devel-
oping a comprehensive approach to social media
user behavior prediction that handles both com-
mon and rare actions while incorporating rich tem-
poral and semantic features. We present a hybrid
methodology that combines lookup-based predic-
tion for high-confidence cases, specialized tabular
models for common actions, transformer-based ar-
chitectures for rare action classification, and LLM-
based generation of replies.

Our key contributions are threefold: (1) We
demonstrate that a portion of user behavior can
be predicted through historical pattern matching;
(2) We show that persona-specific tabular mod-
els using carefully engineered temporal and se-
mantic features outperform transformer-based ap-
proaches for common action prediction; and (3)
We develop a specialized hybrid neural architec-
ture that effectively handles the class imbalance
inherent in rare action prediction by fusing textual
and temporal representations.

Our approach achieved first place in the So-
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cialSim: Social-Media Based Personas challenge
20251, and it demonstrates how the strengths of
several NLP approaches to social media text anal-
ysis can be combined to more accurately predict
and simulate user behavior on a modern social
media platform.

2. Background

Social Media User Behavior Prediction User
behavior on social media platforms has been ex-
tensively studied, given its theoretical interest and
industrial importance. With Twitter as a primary
source of data, previous work has focused exten-
sively on understanding and predicting retweeting
behaviors (Suh et al., 2010; Yang et al., 2010) and
using features based on the text message content
(Peng et al., 2011) or graph and network properties
(Sotiropoulos et al., 2019).

To improve behavior prediction, approaches
which incorporate richer user-specific information
have been developed. For example, Firdaus et al.
(2021) combine users’ tweeting and retweeting his-
torical data to construct topic preferences and psy-
chological profiles, and use these enriched per-
sona features to improve retweet prediction F1
scores.

Clustering the potentially very large number
of distinct users into a smaller number of per-
sona groups has also been explored; in these ap-
proaches, users are grouped by behavior, demo-
graphic, or other similarity conditions, and then the
user’s membership in a particular persona cluster
is incorporated in downstream prediction tasks. For
example, Sun et al. (2023) used persona informa-
tion to predict user written replies to Twitter news
headlines, with appropriate sentiment intensity and
polarity.

To go beyond manual feature engineering, ap-
proaches using end-to-end deep learning have at-
tracted much attention: an early approach (Zhang
et al., 2016) learnt joint representations of the tweet
author, text, and the responding user to predict
retweet behavior. Later approaches combine fur-
ther actions and relationships obtained from the
social media platform, such as network properties
and message metadata, to improve prediction per-
formance (Meštrović et al., 2022).

While most research has focused on the more
frequent actions of retweeting and liking, there
has been comparatively less examination of other
rarer specific actions. In this direction, Wu et al.
(2020) focused entirely on the unfollow action on

1https://sites.google.com/view/
social-sims-with-llms/shared-task,
https://www.kaggle.com/competitions/
social-sim-challenge-social-media-based-personas/
leaderboard

the Weibo platform, finding the decision to unfollow
another user to be more complex – and thus requir-
ing more sophisticated user and persona represen-
tations – than e.g. the decision to follow another
user.

Personas, LLMs, and Agentic Simulation With
recent improvements in large language models
(LLMs), research has explored the potential for
using these systems for emulating social media
platforms and their human users.

Rossetti et al. (2024) developed a LLM-powered
digital twin of a social media platform, using agents
characterized by age, interests, and personality
traits, and based their modeling of agent activity
on real data obtained from Bluesky.

Törnberg et al. (2023) combined LLMs and
agent-based modeling by creating realistic per-
sonas based on real demographic data, and
demonstrate its applicability to studying complex
user interaction scenarios.

Going further, Touzel et al. (2024) built a sophis-
ticated environment based on the Mastodon mes-
saging app, enabling persona agents to take full
control of their user accounts and emulate human
interactions, and implemented a realistic longitu-
dinal survey of the agents’ political opinions and
voting patterns.

Zhou et al. (2024) simulates user reactions on
social media with an agentic approach, and in-
corporate persona information and grounding by
implementing a dedicated persona module that
informs the agent’s planning and action decisions.

However, recent research has also identified sev-
eral limitations of LLMs for simulating human be-
havior in general, outlining the beginning of a more
rigorous science of persona generation (Li et al.,
2025).

Using LLMs to simulate social media engage-
ment including both subtasks of action prediction
and written response generation, has been ex-
plored recently by Qiu et al. (2025). Interestingly,
the authors find that smaller fine-tuned BERT mod-
els outperform larger frontier LLMs on action classi-
fication tasks and furthermore that the LLMs exhibit
particular sensitivity to the specific prompt con-
text used for the classification task. However they
find that LLMs perform well on the text generation
subtask, and in particular that few-shot prompt-
ing with user information and historical examples
improves the semantic alignment with reference
tweets. Taken together, especially since their work
explored a dataset with only 3 available actions
(quote, rewrite, retweet), this recent work suggests
that hybrid approaches to social media user sim-
ulation may still outperform purely LLM-based ap-
proaches, with the strength of LLM components
lying in their ability to generate faithful text exam-
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ples when augmented with relevant persona data
obtained from other feature extraction approaches.

3. Data and Task Description

We describe our submission to the SocialSim chal-
lenge 2025, which distributed the persona-based
social media dataset from Bluesky (Bück-Kaeffer
et al., 2025). The dataset description paper was
released only after the challenge had concluded.
Therefore, below we present our exploratory data
analysis as conducted for the challenge.

We use BLUEPRINT, the persona-based social
media dataset from Bluesky (Bück-Kaeffer et al.,
2025). Bluesky is a modern microblogging so-
cial media platform with a similar interface and
user experience to platforms such as X, allowing
users to post messages and interact with mes-
sages and threads posted by other users. The
public training/development dataset version avail-
able for the SocialSim 2025 challenge2 consists of
6,435,348/213,556 samples, and all results herein
refer to evaluations performed on this development
split (our results on the competition holdout pri-
vate test set were similar). Each sample is a con-
versation thread taken from Bluesky, containing
one or more messages in English written by the
users who participated in the conversation. Each
of the messages in a given thread contains the
anonymized user ID, the content of the message,
and a relative timestamp indicating when the mes-
sage was posted to Bluesky. In addition, the users
in BLUEPRINT are clustered into 25 different per-
sonas: user embeddings were obtained by pooling
all individual posts, quotes, and replies authored
by each user, and then these user embeddings
were clustered to form 25 persona clusters. In-
spection and TF-IDF analysis (visible in Table 10
of Bück-Kaeffer et al. (2025)) of the 25 obtained
clusters reveals that they correspond to different
behavioral and topic groups, with e.g. cluster #22
corresponding mainly to creative workers who dis-
cuss art related topics. The final message in each
thread of the BLUEPRINT dataset contains the final
user’s persona cluster which allows for the analysis
of persona specific social behavior in subsequent
modeling and analysis.

The modeling task is to predict how a real user,
knowing which of the 25 persona clusters that user
belonged to, would respond to the conversation
i.e. firstly to predict the action that the user took,
and secondly to generate the text that they wrote
if applicable. Table 1 shows an example from the
dataset, and Table 2 provides the complete list of

2https://www.kaggle.com/competitions/
social-sim-challenge-social-media-based-personas/
data

all 12 possible Bluesky user actions that appear in
the training data.

Field Value
first message time 3,885,851 sec
first message text Trump was filmed yes-

terday clearly ...
first user id dd4724
second message time 8,012,737 sec
second user id 4ffd33
second user cluster 17
second user action FOLLOW
second message text None

Table 1: A dataset example where there are only
2 turns in the thread, so that the first user is the
original poster and the second user from the per-
sona cluster 17 is the one who is interacting with
the post—in this case by deciding to follow the first
user. Message times are measured in seconds,
and are given relative to an unspecified start time—
in this case the second user interacted 47 days
after the first message was posted. We show in
blue the fields that are to be predicted.

Persona Clusters In total, 25 different persona
clusters exist in the dataset. From inspection of the
text content of their messages, they mainly repre-
sent coherent behavioral groupings, such as sci-
entific communities, sports fandoms, and political
affiliations (Bück-Kaeffer et al., 2025). Our manual
reviewing of TF-IDF analyses on 25 clusters found
that the primary distinction was whether clusters
focused on political topics, with political clusters dif-
fering mainly in the intensity of political sentiment
and country of interest, while non-political clusters
were primarily centered on technology, art, or adult
content.

Social Media Context Public access to Bluesky
opened in February 2024, leading to a rapid in-
crease in users and the inclusion of very recent
content, so content in the training data is poten-
tially more up-to-date than that found in frontier
LLMs. This influx likely consisted of entire com-
munities with shared interests, resulting in an over-
representation of certain viewpoints and a higher
frequency of positive actions (e.g., LIKE; see Ta-
ble 2) compared to negative ones. Additionally,
since most accounts are new, the high number
of FOLLOW actions likely reflects users actively
building their networks during this period.

Training Data Simplification For the action pre-
diction subtask, we retained only the conversations
of length 2 because we noted that in the training
dataset the actions for conversations of length 3

97



were always REPLY. Therefore we decided to sys-
tematically predict REPLY if the given sample con-
tained more than 2 messages. This simplification
reduced the number of REPLY actions from 47,798
(Table 2) to 39,349.

Task Evaluation The task performance is evalu-
ated using F1-scores (both weighted and macro)
for the prediction of the user’s action, and a cosine
similarity score for the text generation (i.e. how
closely the model’s predicted user text was to the
text in the actual reply). Macro F1 was used as the
primary metric in the SocialSim 2025 challenge,
given the highly imbalanced dataset, to encourage
performance across all actions including the rare
actions. The cosine similarity is calculated using a
text embedding model3.

Action Count Percentage
follow 4,386,038 68.16%
like 1,846,842 28.70%
unfollow 97,804 1.52%
reply 47,798 0.74%
quote 41,401 0.64%
unlike 13,209 0.21%
post_update 1,014 0.02%
repost 744 0.01%
block 479 0.01%
post_delete 14 0.00%
unblock 3 0.00%
unrepost 2 0.00%

Table 2: Train dataset actions with counts and per-
centages. The REPLY action highlighted in green
is generative—the action is accompanied by the
user also inputting text.

Task Simplification We note here an important
aspect of the dataset that simplifies the prediction
task and may bias results or prevent generalization
to all users of social media platforms: by the nature
of the dataset construction, all the samples are
associated with a definite user action. However,
in the real setting of Bluesky, the choice of not
taking any action is itself a possibility—indeed it
may be the most frequent “action” across the entire
platform as most users presumably do not interact
with most messages. Therefore, the subset of
messages that appear in the dataset are those
which were for one reason or another able to elicit
an interaction by a social media user, and may not
be representative of the nature of generic social
media messages.

3https://huggingface.co/intfloat/
multilingual-e5-large

4. Methodology

4.1. Prediction Pipeline Summary

In this section, we outline our prediction pipeline
and detail each step in subsequent sections.

Each query in the dataset consists of a conver-
sation with 1 or more messages with their text
content, and raw relative timestamp data for each
message. The query also contains the persona
cluster of the user whose action we must predict in
response to reading this conversation.

We first measure how many messages there
are: if there are 3 or more messages, we predict
the user action REPLY, based on our observation
of this pattern in the training data as described in
Section 3.

For remaining samples with exactly 2 messages,
we lookup the exact string of the first user’s mes-
sage in a lookup database of Bluesky messages.
We determine whether we have sufficient informa-
tion about all other users’ interactions with this
message to perform a “majority vote” prediction:
if many users from the same cluster have all re-
sponded in a very similar way, we take this most
frequent action as our current prediction. Alterna-
tively, if we do not have data from the same cluster,
we also examine the entire user base but with a
more selective threshold criterion (Section 4.2).

Next, if the lookup database does not allow us
to confidently make a prediction, we use a cluster-
specific trained LightGBM model corresponding to
the current user’s persona cluster. This model will
predict either FOLLOW, LIKE, or OTHER. If this
model predicts FOLLOW or LIKE, we take this as
the prediction. If the model predicts OTHER, it
means that we believe that the user action was
one of the “rare actions” (Section 4.3).

If the previous step resulted in the LightGBM
model predicting OTHER, we send the query to a
specialized rare action classification transformer
model, which will determine which of the 10 spe-
cific rare actions (BLOCK, UNFOLLOW, REPOST,
etc.) to predict for this query (Section 4.4).

Finally, after generating the action label predic-
tions for the entire dataset we filter all those sam-
ples where the predicted action is REPLY. We send
these conversations to an LLM in order to generate
a prediction for the text that the user actually wrote
(Section 4.5).

4.2. Repeated Messages Lookup
Database

We constructed a database of all first messages
that appeared in our dataset and then aggregated,
for each message, all of the observed action re-
sponses to that message on a cluster-by-cluster
level.
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Message Cluster Like Follow Block Unfollow

“Here is a cute picture of a puppy”
0 9172 23 0 0
1 254 0 0 0
2 469 11 0 0

“I like pineapple on pizza”
0 0 0 710 2848
1 946 671 20 178
2 7894 541 0 0

Table 3: Artificial examples for the message lookup database step. Here we show 2 artificial examples and
only 3 clusters and 4 actions, for clarity. We show different types of unanimity patterns as encountered in
the real dataset: here the first message leads to essentially unanimous responses both within each cluster,
and across the entire dataset. The second message (more divisive or controversial) leads to unanimous
“negative” reactions in Cluster 0, unanimous “positive” reactions in Cluster 2, and heterogeneous reactions
within Cluster 1.

We show in Table 3 some artificial (for pedagog-
ical purposes) examples of entries in this lookup
database. As with the illustrative examples in
the table, real messages also vary in how unani-
mous the Bluesky users’ responses are. Remark-
ably however, we found that many messages lead
to quasi-unanimous response patterns within per-
sona clusters or even in some cases at the entire
global dataset level (i.e. when combining all re-
sponses from 25 persona clusters). This therefore
suggested that it would be possible use a database
lookup and majority-vote approach to generate pre-
dictions for such samples.

We show in Figure 1 a sample of 10,000 mes-
sages from our lookup database. We refer to the
number of times that different users have taken
an action in response to a given message as the
action “votes” for that message. For a given “voting
pattern” (i.e. distribution of different actions) we
refer to the most commonly taken action as the
“winner” and its total vote frequency as the “winner
percentage”. Thus for example a message that
20 users have interacted with, leading to 18 LIKEs
and 2 BLOCKs, would have the LIKE action as the
winner, with a winner percentage of 90%.

When examining the winner percentage for a
given message, the total number of votes is an
important variable: we consider that it is more sig-
nificant if 200 users all respond identically to a
message rather than if only 2 users respond iden-
tically. In the right plot of the figure, the top-right
region of the plot shows the messages with both
a high total number of votes, and where the votes
all tend to agree with one another leading to a
high winner percentage; this is where we could be
confident in making a prediction for a new user’s
action for a message based solely on other users’
responses to that same message.

Since we recorded each message’s action distri-
bution as a function of each of the 25 clusters, we
could decide to use solely the votes cast by other
users from within the same shared persona cluster,
or alternatively consider all the votes across all the

clusters in the global database. We defined 3 pos-
sible lookup strategies when using this message
database for predictions: Cluster Specific (only
take into account votes from other users in the
same persona cluster), Global Fallback (if there
aren’t sufficiently many data points from within
the same cluster, examine the global vote pattern
across all users), and finally No Lookup Match
(cases where even the Global Fallback strategy
does not lead to identifying a “winner action” with
a high winner percentage).

The specific thresholds of winner percentage
and total votes to use for this lookup-based pre-
diction are adjustable hyperparameters. We fixed
a minimum number of total votes of 10 or more,
and a “winner percentage” threshold of 85% for
the Cluster Specific strategy and of 90% for the
Global Fallback strategy. These thresholds were
both lowered to 70% for all messages where the
“winner action” was one of the rare actions: this
is because, after the subsequent main classifier
model training steps (see later), we did not obtain
any classifiers that achieved better than 70% ac-
curacy for the rare actions. Therefore we found it
would always improve overall performance to just
take majority-votes based on the lookup database
rather than use the trained models.

4.3. Tabular Model Development with
Grouped Rare Actions

We selected LightGBM (Ke et al., 2017) as our
modeling approach for the action classification
task, after finding during initial exploration that
deep learning approaches failed to attain good
performances on this task: encoder language
models (see Table 5 for our baselines) attained
macro-F1 scores of only 0.48 even after finetun-
ing specialized social media models, while gener-
ative LLM approaches using in-context examples
of the available actions on Bluesky produced even
lower scores. Bück-Kaeffer et al. (2025, Table 5)
demonstrated similar results with LLM approaches,
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Figure 1: Sample of 10,000 messages from lookup database. In the right plot, the highlighted top-right
rectangular region of interest contains messages with both a large number of votes (more than 10) and
where the most frequent action has a high winner percentage (here more than 90%) across all clusters.

achieving F1 scores of 0.33 and showing only mod-
erate gains from finetuning.

We developed a distinct LightGBM model for
each of the 25 persona clusters: this approach
allowed us subsequently to more clearly adjust
model thresholds for classifier predictions, to study
feature importance for each persona cluster.

In order to reduce the class imbalance, we re-
placed the 10 individual rare action labels (see
Table 2) with a synthetic grouped label containing
all of these rare actions (label OTHER). This there-
fore simplified the LightGBM training task to focus
on only 3 possible classification labels: the 2 real
and common actions (LIKE and FOLLOW) and 1
synthetic group (OTHER).

For LightGBM training4 we used class weights
for the 3 action labels to handle imbalanced learn-
ing, weighting according to the inverse occurrence
frequency of the 3 actions across the given clus-
ter. We performed stratified 5-fold cross validation
with hyperparameter tuning (number of estimators,
learning rate, maximum depth, etc.), and for each
of the 25 models we implemented threshold opti-
mization using precision-recall curves.

4.3.1. Feature Engineering

We developed keyword, textual, and temporal fea-
tures for LightGBM modelling.

Keyword Features Based on our exploratory
data analysis, most Bluesky messages were found
to be well-written, thus enabling direct word match-
ing rather than fuzzy string matching for any key-
words.

We built an extensive keyword database, orga-
nized according to 11 primary topics (those identi-

4https://github.com/microsoft/LightGBM

Category Subcategory Keyword Features

Politics
Candidates biden, trump, harris
Issues healthcare, taxes,

border
Process ballot, campaign,

primary

Bluesky
Twitter elon, leaving, bird

app
Onboarding new here, how do i
Community invite codes, cozy

Gaming
General steam, xbox, switch
Streaming twitch, vtuber

Table 4: Selected examples of keyword features.

fied during the persona cluster analysis, including
politics, gaming, tech, etc.) and then specialized
secondary subtopics. We show in Table 4 the or-
ganization of this keyword database.

We applied all of these keyword features to our
dataset: we recorded for each the total count of
each keyword in order to have a measure of the
“intensity” of each keyword - for example some
messages contain the word “Trump” a dozen times,
which we view as a different signal compared to a
message where this word only appears once.

Textual Features We constructed an additional
set of various text features for basic text char-
acteristics and metrics: total character count,
word count, question mark count, hashtag count,
etc. We also recorded the occurrence of various
anonymization tags that occur in the dataset, such
as <USERNAME> or <URL>. Some of these textual
features can be seen in Table 6.
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Temporal Features For temporal features, we
used the following information:

• the time of the first message;

• the time of the second message;

• the time difference between the two mes-
sages;

• 7 categorical encodings derived from this time
difference (e.g. is_immediate_reply if the
time difference is less than 1 minute, etc.).

4.4. Specialized Fine-grained Rare
Action Classification

We next built a dedicated model for handling sam-
ples that had been predicted as OTHER by Light-
GBM. This model’s training objective was therefore
to predict the specific individual rare action.

For this stage, due to the low frequency of the
10 rare actions across the entire dataset let alone
within individual persona clusters, we trained a sin-
gle rare action classification model using all avail-
able data rather than training 25 cluster-specific
models.

Given that messages associated with rare ac-
tions would probably require more sophisticated
semantic understanding and temporal features, we
implemented a custom hybrid neural architecture
to fuse textual representations with temporal be-
havior pattern representations.

We built a dual-branch neural network (Bal-
trušaitis et al., 2018), containing both a text branch
that takes an encoder language model to obtain a
dense embedding for a given sample’s text content
as well as a temporal branch that uses dense lay-
ers to produce dense temporal embeddings. We
then added an early fusion layer that combines
both modalities, before sending this fused repre-
sentation to a final classifier head.

For the text branch of our neural network, we
used a model fine-tuned on Twitter5, using the CLS
token (a 768-dimensional embedding) as our text
representation. This particular model has been
trained on 154 million tweets from Twitter/X up un-
til a December 2022 cut-off date (Antypas et al.,
2023), suggesting that the text content, modern
writing style, and named entities might be particu-
larly close to those from our Bluesky dataset.

For the temporal branch of our neural network,
we augmented our existing timestamp features with
several other features. Since the raw data con-
tained relative timestamps (the actual message
time and date was not specified), we created cycli-
cal encodings corresponding to times within a day

5https://huggingface.co/cardiffnlp/
twitter-roberta-base-emotion, with the trained
classifier head being ignored

(even if the absolute value, i.e. 08:15am, was not
possible to determine, we could still assign a con-
sistent relative timestamp from 0 to 86,400 sec-
onds, i.e. 24h, to all samples in a cluster) and days
within a week.

Our temporal branch module consists of a sim-
ple sequential module that scales all 12 tem-
poral features as input, then passes through a
256-dimensional linear hidden layer trained with
dropout and ReLU activation, followed by a sec-
ond 128-dimensional linear hidden layer trained
with dropout and ReLU activation to produce the
temporal embeddings.

We experimented with different fusion architec-
tures: early fusion by simply concatenating the 2
embedding types, late fusion by creating separate
classifiers and using a learned weighting scheme,
and finally a cross-attention fusion approach al-
lowing temporal queries to attend to the text and
using this attended text for classification. Across
all hyperparameter searches we found that while
attention fusion approaches could in some cases
lead to higher performance, the early fusion ap-
proach was the most stable with consistently good
results, so we retained it for our final model.

To handle class imbalance we implemented a
focal loss (Lin et al., 2017) for our training criterion,
using the class weights according to inverse occur-
rence frequency for the 10 rare actions across the
training dataset, and a gamma value of 2.0 as its
hyperparameter.

We found during development that a two-phase
training strategy consisting of a warmup phase,
where we froze the text encoder and trained the
temporal/fusion layers for 2 epochs, followed by a
fine-tuning phase, where we trained the architec-
ture end-to-end for a further 3 epochs, improved
overall model performance.

4.5. Text Generation

We used OpenAI GPT-4.1-mini6 to generate reply
messages by providing a conversation thread and
requesting a suitable next response.

We implemented a characteristic Bluesky per-
sona with a system prompt (“You are a politically
liberal human social media user.”), since the site
is used predominantly by liberal users; in the user
prompt we described contextual information and
dataset constraints (300 character limit, possibil-
ity of anonymized data in messages). See Ap-
pendix A.1 for the whole prompt.

5. Results

Our prediction pipeline routed 0.96% of samples
using the simple rule-based approach on number

6accessed: 28 August 2025
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of messages, 22.09% of samples using the lookup
database approach, 70.48% of samples were clas-
sified as LIKE or FOLLOW directly by the sample’s
cluster-specific LightGBM model, with the remain-
ing 6.47% classified as OTHER by the LightGBM
model and thus being sent to the custom trained
rare action classifier. In total 6.60% of all predic-
tions were REPLY actions, that were therefore sub-
sequently sent to the LLM stage to generate a
plausible message text.

Min Max Avg

Majority Class Macro 0.23 0.31 0.28
Majority Class Weighted 0.36 0.78 0.59
RoBERTA-base Macro - - 0.48
RoBERTA-base Weighted - - 0.75
RoBERTA-Twitter Macro - - 0.48
RoBERTA-Twitter Weighted - - 0.75
LightGBM Macro 0.52 0.75 0.64
LightGBM Weighted 0.81 0.88 0.83
LightGBM Follow 0.79 0.92 0.88
LightGBM Like 0.57 0.86 0.73
LightGBM Other 0.00 0.58 0.30

Table 5: F1 scores for trained models on the
simplified 3-label prediction task (FOLLOW, LIKE,
OTHER). Baseline: majority class within each of
the 25 clusters. Results include RoBERTa-base
and RoBERTa-base-Twitter finetuned on 100,000
samples, and our LightGBM models per cluster,
with min, max, and average scores across clusters.

5.1. Lookup Database

We recall here that we had selected as hyperpa-
rameters the requirement that a message appear
with at least 10 votes in this database, and set the
winner percentage to be over 85% (or 90% if using
the Global Fallback voting strategy). As a result,
predictions made with this route had an accuracy
of 85-90% respectively. These highly accurate pre-
dictions were mostly for the most common actions
(LIKE, FOLLOW, but also some REPLY and RE-
POST) due to the fact that the minimum number
of 10 votes was difficult to achieve for the rare
actions. This lookup route therefore contributed
mainly to improving overall macro-F1 performance
via the most frequently represented action cate-
gories rather the rare actions.

5.2. LightGBM Models

The performance for the 25 trained LightGBM mod-
els on training data is summarized in Table 5.

Remarkably we see that, compared to using fine-
tuned language models, our manual text (and tem-
poral) feature engineering approach with simpler
LightGBM models outperformed by 16 macro-F1

points and 8 weighted-F1 points. Examining the
variability in class-level LightGBM performance, we
see that the FOLLOW action obtained consistently
good performance, the LIKE action obtained de-
cent performance in general, and that the OTHER
action was highly variable (the single model which
produced an F1 score of 0.00 was the model corre-
sponding to cluster 9 which had only 15,891 sam-
ples and very few rare actions in total).

We analyzed the feature importance of all the
trained LightGBM models; we share in Table 6 the
most important features for our model trained on
persona cluster 0.

We noted similar feature importance trends
across all 25 models: the top 10 features
we always dominated by the main timestamp
features, followed by several general text fea-
tures such as character count or word count,
and then topic-specific feature counts such as
political_canadian_politics_count.

5.3. Rare Action Classifier

The results for the rare action classifier are shown
in Table 7.

Consistent with the LightGBM feature impor-
tance results in Table 6, we found that incorporating
temporal features into the rare action classifier also
significantly improved performance.

The most difficult classes were, predictably,
those with very low support: UNREPOST, UN-
BLOCK, POST_DELETE — we consistently ob-
tained F1 scores of 0 for these three actions.

5.4. Text Generation

Due to the large dataset size, we randomly sam-
pled 1,000 conversations across the 25 clusters
where the user action was REPLY, and sent these
messages to GPT-4.1-mini to test the ability to gen-
erate a plausible next message in the conversa-
tion. After our prompt engineering approaches,
we achieved an average cosine similarity of 0.83
across the 1,000 conversations (min 0.70, max
0.95).

6. Discussion

Our results using lookup strategies alongside
persona- and topic-based keywords contributed
significantly to the overall classification perfor-
mance of our competition submission. However,
given the importance of the temporal features in
improving the trained model predictions, we dis-
cuss a methodological point about the dataset and
social media prediction in general.

Indeed, presumably, by far the most common
reaction by most users to most social media mes-
sages is to take no action whatsoever, i.e. to just
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Feature Importance Feature Importance
second_relative_integer_time 1049 political_government_count 96
first_relative_integer_time 793 question_count 95
avg_word_length 737 is_same_user 93
uppercase_ratio 633 tag_url_count 84
char_count 624 trump_specific_total_count 84
time_diff 615 political_candidates_count 81
word_count 330 political_election_2024_count 78
political_canadian_politics_count 268 social_citation_patterns_count 69
political_total_count 174 political_political_parties_count 68
digit_count 173 social_keywords_total 64
sentence_count 144 trump_specific_trump_names_count 59
exclamation_count 143 profanity_intensity_total_count 57
hashtag_count 117 social_engagement_count 48

Table 6: Top 26 feature importance scores for final LightGBM model: here we show the specific values
for the Cluster 0 model, other models show similar patterns. Time features are highlighted in blue, and
topic-specific keyword features are in red.

F1
Majority Class Macro 0.07
Majority Class Weighted 0.34
Text-only Model Macro 0.42
Text-only Model Weighted 0.41
Text + Temporal Model Macro 0.56
Text + Temporal Model Weighted 0.87

Table 7: Trained Rare Action Classifier perfor-
mance. Baselines: majority class guess (UNFOL-
LOW, 50.4% of 10 rare actions) and results for
finetuning only the text component, i.e. ablating
temporal features.

scroll past after briefly reading, but by the design
of the dataset all messages were known to contain
a user action. Therefore the dataset samples are
a very specific subset of the entire platform and its
user base—they are messages which are known to
have caused at least some users to want to interact
with them in some way.

In concrete terms, since the timestamp data of
the messages was available and since the most
common actions are LIKE and FOLLOW, it is rea-
sonable to expect that if a user interacts with a
message in under 30 seconds (for example) then
their action will be a LIKE, because the very fact
that they were able to respond in such a short time
suggests that they are likely to be already follow-
ing the message author (otherwise they would not
have seen the message).

In practice, outside of the competition setting
where this historical timestamp data would not be
available, we believe that this notion of interaction
temporal dynamics could be studied with indirect
methods: for example taking into account whether
or not a user already follows another, or whether
they have recently refreshed their front page, could

all be proxies for how quickly a user interacts with
a message. We leave this as a direction for future
work.

Finally, we studied user behavior in the context
of Bluesky by using the persona cluster of the re-
sponding user but it would be interesting to extend
the persona labeling and annotation to the user
creating the original message also. This informa-
tion was not available in the existing version of
BLUEPRINT, but it would allow further research
into inter-persona interaction dynamics.

7. Conclusion

We presented a comprehensive hybrid approach
to social media user behavior prediction that ad-
dresses the challenge of predicting both common
and rare user actions on social platforms. Our
methodology demonstrates that different types of
user behaviors and personas require specialized
modeling approaches: lookup-based prediction for
historically consistent patterns (achieving 85-90%
accuracy for 22% of samples), persona-specific
tabular models for common actions (outperforming
transformer models by 16 macro-F1 points), and
hybrid neural architectures for rare action classifica-
tion (achieving 0.56 macro-F1). The performance
on extremely rare actions suggests challenges in
predicting very low-frequency behaviors that may
require alternative approaches such as synthetic
data augmentation.

8. Ethics Statement

The dataset used in this paper has been made
public for the SocialSim: Social-Media Based Per-
sonas shared task. The dataset creators used pub-
licly available Bluesky data collected in compliance
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with the platform’s Terms of Service (Bück-Kaeffer
et al., 2025). To protect user privacy, data was
anonymised by removing identifiable information,
using relative timestamps, pseudonymizing user-
names, and analyzing aggregated behaviors rather
than individual actions. Users can request data re-
moval at any time. The dataset will be shared
on HuggingFace under a license restricting use to
research purposes and prohibiting unethical appli-
cations. Only anonymized records are provided,
supporting research on NLP techniques in social
media contexts while acknowledging potential dual-
use risks and emphasizing responsible AI gover-
nance.

We note that generative language models were
used solely for text refinement in preparing this
manuscript.
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A. Appendix

A.1. Prompts

GPT-4.1-mini system prompt

You are a politically liberal human social
media user.

GPT-4.1-mini user prompt

Below is a series of one or more messages
from the social network BlueSky, which is a
more liberal variant of Twitter or X.
Read the entire conversation and then gen-
erate what you think is a suitable next reply
message. There is a 300 character limit, so
don’t write long paragraphs.
The majority of users are politically liberal,
from the USA or Canada or Western Eu-
rope, and the conversation took place in
2024.
If you see any words such as @<USER-
NAME> it is because the data has been
anonymized.
In rare cases the conversation might consist
of a single user posting a multi-message
thread, so if so you should try to continue
in their style.
## Conversation to reply to
{conversation}
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Abstract
Existing datasets for personality recognition in Natural Language Processing (NLP) suffer from documented quality
problems: self-reported labels lacking psychometric validation, limited domain diversity and lack of context. Despite
these known limitations, state-of-the-art approaches continue relying on the same datasets due to absence of alter-
natives. We present the Data Acquisition Framework (DAF), which addresses this gap by systematically translating
psychometric questionnaire items into controlled communication scenarios through expert-community validation.
DAF-items, validated scenario descriptions with contextual parameters, are deployed via the Automatic Data
Acquisition and Annotation Tool (ADAAT). Participants complete personality surveys and engage in scenario-based
text interactions with LLM personas configured to the DAF-Item context. This yields communication data with direct,
item-level psychometric annotations.

Keywords: personality recognition, psychometric validation, dataset construction, scenario-based assess-
ment, item-level annotation

1. Introduction

Personality recognition has become increasingly
relevant for human-centered natural language pro-
cessing (NLP) applications. From adaptive di-
alogue systems to mental health screening, un-
derstanding individual differences in personality
enables more effective and personalized human-
computer interaction (Sirasapalli and Malla, 2023;
Majumder et al., 2017; Mohammad and Turney,
2013).

Existing personality recognition approaches pre-
dominantly rely on data from social media plat-
forms or essay corpora (Mushtaq and Kumar,
2023; Singh and Singh, 2024; Kelvin and Utomo,
2024). Such data presents critical limitations: per-
sonality labels are often self-reported without stan-
dardization, and the data is domain-specific, lim-
iting generalizability across communication con-
texts (Section 2).

This lack of psychometric rigor manifests in sev-
eral ways: inconsistent use of personality assess-
ments across studies, weak coupling between test
administration and data collection, and limited at-
tention to fundamental psychometric properties
such as construct validity and test-retest reliabil-
ity (Stachl et al., 2020). Consequently, the labels
used to train personality recognition models may
themselves be unreliable.

Despite over a century of methodological devel-
opment in psychometrics, from classical test the-
ory to modern item response theory, personality
recognition in NLP has largely evolved indepen-
dently from these established practices. While

psychology employs rigorous, theory-driven ap-
proaches to personality assessment, NLP re-
search has favored opportunistic data collection
driven by availability rather than psychometric va-
lidity (Stachl et al., 2020; Naz et al., 2025; Yang
et al., 2021). This disconnect represents a signifi-
cant gap: there exists no systematic framework for
controlled, psychometrically grounded data acqui-
sition in personality NLP.

We present the Data Acquisition Framework
(DAF), a methodological approach that bridges
psychometric test construction and NLP-oriented
data collection. DAF applies rational-empirical val-
idation principles to translate psychometric items
into communication scenarios (DAF-items). The
Automatic Data Acquisition and Annotation Tool
(ADAAT) deploys these scenarios through text-
based interactions with Large Language Model
(LLM) personas, enabling scenario-based data
collection at scale. Participants complete stan-
dardized personality assessments, then engage
with scenario-driven chat interactions, yielding
communication data with direct, item-level annota-
tions.

2. Background: Core Datasets in
Personality Recognition

Personality recognition research has relied on a
limited set of datasets documented across multi-
ple surveys (Mushtaq and Kumar, 2023; Naz et al.,
2025; Singh and Singh, 2024):

The MyPersonality dataset (Stillwell and Kosin-
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ski, 2015) comprised, at its peak, Facebook1 data
from over 6 million users with Big-Five (Goldberg,
1992) personality labels (Kosinski et al., 2015).
Following its withdrawal in 2018 due to ethical con-
cerns, a reduced sample of approximately 9,900
status updates from 250 users remains publicly
available2, though the authors discourage its use.

The Stream-of-Consciousness (SoC) dataset
(Pennebaker and King, 1999) contains 2,468 stu-
dent essays with Big Five annotations using di-
chotomous high/low classification.

The Kaggle MBTI dataset (Mitchell, 2018) com-
prises approximately 8,600 forum posts from Per-
sonalityCafe3, labeled with self-reported Myers-
Briggs Type Indicator (MBTI) (Myers, 1998) cate-
gories.

The PANDORA dataset (Gjurković et al., 2021)
is a multilingual corpus of Reddit4 posts annotated
with Big Five and MBTI traits across multiple lan-
guages.

These datasets represent popular data infras-
tructure employed in personality recognition re-
search over the past decade.

2.1. Data Quality Concerns
Multiple limitations of these datasets have been
documented across recent literature:

Dichotomous Classification. The SoC
dataset employs binary high/low classification
for Big Five dimensions, which are inherently
continuous scales (Saeteros et al., 2025). This
artificial dichotomization renders the dataset po-
tentially unsuitable for trait-level classification, as
individuals near decision boundaries are treated
identically to those at distribution extremes (Stachl
et al., 2020). Such discretization fundamentally
misrepresents the dimensional nature of Big Five
personality constructs.

Weak Psychometric Grounding. The MBTI
itself is critiqued within personality psychology
(Gjurković et al., 2021; Goldberg, 1992) and lacks
the empirical foundation of the Big Five (Pittenger,
2005). Beyond framework concerns, datasets
lack measurement and reporting standardization.
While the Big Five can be measured using instru-
ments ranging from brief scales (BFI-10 (Ramm-
stedt et al., 2014)) to comprehensive invento-
ries (NEO-PI-R (Costa and McCrae, 1992)), re-
searchers often cannot determine which was used
or whether administration followed validated proto-
cols (Gjurković et al., 2021). This undermines con-
struct validity and cross-study comparability, par-

1https://www.facebook.com
2https://github.com/nlp-psych/

personality
3https://www.personalitycafe.com
4https://www.reddit.com

ticularly in PANDORA and Kaggle MBTI datasets
(Saeteros et al., 2025; Yang et al., 2021; Gjurković
et al., 2021).

Domain Specificity and Lack of Contextual
Control. All major datasets derive from specific
domain contexts (Facebook status updates, forum
posts, academic essays), limiting cross-domain
generalization (Singh and Singh, 2024). Addition-
ally, social media texts lack situational metadata.
Researchers cannot determine the communicative
context (Tang et al., 2025) (e.g., responding to con-
flict, casual conversation) that may modulate trait
expression (Mischel, 1973; Zayas et al., 2008).

Class Imbalance and Size. Kelvin and Utomo
(2024) document severe class imbalance in the
MBTI dataset, while Singh and Singh (2024) high-
light noise, limited size, and language constraints
across available datasets.

The withdrawal of MyPersonality has exacer-
bated data scarcity issues.

Table 1 summarizes core datasets and their lim-
itations.

2.2. Continued Reliance on Problematic
Data

Despite documented limitations, recent work to-
wards text-based personality recognition contin-
ues relying on these datasets (Tang et al., 2025;
Saeteros et al., 2025; Li et al., 2025; Fatahian and
Ravanmehr, 2025; Kelvin and Utomo, 2024). This
persistent reliance reflects not researcher over-
sight but the absence of alternatives, as docu-
mented by Naz et al. (2025) across virtually all con-
temporary approaches.

Research is focused on Big Five (Goldberg,
1992) and MBTI (Myers, 1998) personality mod-
els. Although more than these two approaches to
personality exist, the lack of datasets employing al-
ternative frameworks has implicitly favoured NLP
personality recognition to these two models.

2.3. Calls for New Data Infrastructure
The limitations above have prompted explicit calls
for improved data resources. Mushtaq and Kumar
(2023) identify critical needs emerging from their
systematic review:

• Large-scale shared datasets with psycho-
metrically validated labels

• Contextually rich data capturing situational
variability in personality expression

• Communication-focused corpora beyond
social media monologues, including interac-
tive dialogue

• Cross-domain diversity enabling model gen-
eralization testing
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Dataset Source Labels Key Limitations

MyPersonality (Stillwell and Kosinski, 2015) Facebook posts Big Five Withdrawn 2018; domain spe-
cific (Singh and Singh, 2024)

SoC Essays (Pennebaker and King, 1999) 2,468 student es-
says

Big Five
(binary)

Binary classification misrepre-
sents continuous trait dimen-
sions (Saeteros et al., 2025;
Stachl et al., 2020); domain spe-
cific

Kaggle MBTI (Mitchell, 2018) 8,600 forum posts MBTI (self-
report)

Self-reported without validation;
MBTI itself is in critique (Pit-
tenger, 2005; Goldberg, 1992);
class imbalance (Kelvin and
Utomo, 2024)

PANDORA (Gjurković et al., 2021) Reddit Big Five,
MBTI

Self-reported labels + inferred la-
bels; platform-specific commu-
nication; lacks situational meta-
data (Gjurković et al., 2021)

Table 1: Core personality recognition datasets and documented limitations

Singh and Singh (2024) explicitly state that ”lim-
ited data availability and few shared datasets” rep-
resent primary obstacles to advancing personality
recognition research. Saeteros et al. (2025) em-
phasize the need for interdisciplinary collaboration
to avoid applying NLP methods to psychologically
inadequate data.

These converging calls underscore a fundamen-
tal gap: while NLP has advanced methodologically
(transformer architectures, large language models,
multi-task learning), the field remains constrained
by data infrastructure. Our work addresses this
gap through a systematic framework for gener-
ating psychometrically grounded communication
data.

3. The Data Acquisition Framework

Personality recognition in NLP suffers from two crit-
ical data challenges: scarcity of psychometrically
annotated communication data and limited domain
diversity in existing datasets (see Section 2.1).
We present DAF, a methodological approach that
addresses both challenges through controlled,
theory-driven data generation directly coupled with
standardized personality assessments.

3.1. DAF-Item Development

The DAF method translates psychometric ques-
tionnaire items into communication scenarios
through iterative expert-community validation. Big
Five personality measurement instruments like the
NEO-PI-R (Costa and McCrae, 1992) or the IPIP-
NEO-120 (Johnson, 2014) consist of brief self-
statements rated on Likert scales. These items

provide no concrete information about setting, so-
cial context, or circumstances. Domain experts
with experience in personality assessment or psy-
chometric test construction draft candidate scenar-
ios that operationalize these abstract items into
concrete communicative situations.

For instance, the IPIP-NEO-120 item ”I feel
comfortable around people” might be transformed
into a scenario such as: ”A friend invites you to
their place” accompanied by contextual specifica-
tions like ”It’s his/her birthday”, ”20–30 expected
guests”, ”party at home/club/bar” or ”whether you
know other attendees”. These contextual ele-
ments aim to provide necessary framing for con-
sistent scenario deployment while enabling inves-
tigation of how situational factors modulate trait ex-
pression in textual communication.

We propose both experts and non-expert (com-
munity) validators evaluating scenarios against
three criteria:

1. Construct validity: Does the scenario elicit
behavior reflecting the source item?

2. Comprehensibility: Is the scenario descrip-
tion clear and unambiguous?

3. Realism: Is this a realistic, familiar situa-
tion? Especially regarding everyday online
chat communication?

While experts may identify theoretically relevant
contextual parameters based on psychological the-
ory, we propose these require validation through
community input. Additionally, community valida-
tors would assess two parameter aspects:

1. Behavioral impact: ”Would this parameter
change how you communicate in this situa-
tion?” and
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Component Example Content

Source Item “I feel comfortable around people.” Participant response: 5 (Strongly Agree).

DAF Scenario A friend invites you to their place.

DAF Scenario Parameters Birthday, Party, 20-30 Guests, Participant only knows host

Communication Sample Friend (LLM): “Hey, next week is my birthday and I would be very happy if you
came to my party” Participant: “Wow, that sounds very nice! Thank you for the
invitation. Who is coming besides me?” [Conversation continues.]

Table 2: DAF-Item description example of the IPIP-NEO-120 (Johnson, 2014) item “I feel comfortable
around people”.

2. Realistic variation: ”How commonly do you
encounter different values of this parameter?”

Parameters demonstrating high behavioral impact
and real-world variation would advance to final
DAF-item specifications. Scenarios achieving con-
sensus across both groups would become vali-
dated DAF-items.

This iterative expert-community validation paral-
lels established approaches in psychometric test
development (Thomas et al., 1992; DeVellis and
Thorpe, 2021) to ensure both construct validity and
practical applicability.

Table 2 illustrates how the DAF-ADAAT pipeline
will transform a psychometric item into annotated
communication data. This example represents a
use case; actual implementations will be refined
based on expert input, pilot testing, and empirical
validation.

3.2. ADAAT: Automated Data Collection
Platform

ADAAT is designed to operationalize DAF-items
through a controlled data collection platform. The
ADAAT workflow consists of three phases:

1. Psychometric Assessment: Participants
complete a standardized personality inven-
tory (e.g., NEO-PI-R (Costa and McCrae,
1992)), providing validated labels for each
questionnaire item. These responses are
stored for subsequent annotation.

2. Scenario-Based Communication: Partici-
pants engage with DAF-item scenarios via
text-based chat interaction. An LLM per-
sona, configured to match the scenario con-
text, serves as conversational partner and
gradually introduces and maintains contextual
parameters from the DAF-item into the conver-
sation. This operationalizes situational condi-
tions under which trait-relevant behavior can
be observed (Mischel, 1973).

3. Annotation: Communication data generated
in Phase 2 is automatically annotated with the

participant’s item-level responses from Phase
1, creating direct coupling between psycho-
metric labels and observable communication
behavior. Each conversational interaction is
linked to the source item, participant response
value, and scenario context.

This design aims to yield communication data
with psychometrically grounded annotations, ad-
dressing the weak labeling problem prevalent in ex-
isting personality NLP datasets (see Section 2.1).

LLMs enable scalable deployment without re-
quiring human confederates for each scenario,
though persona consistency requires careful vali-
dation (see Section 5).

While designed for personality assessment,
DAF generalizes to questionnaire-based con-
structs that manifest behaviorally in communica-
tion. Potential applications include constructs
where self-reports may be linked to observable in-
teraction patterns, like emotion regulation, social
anxiety, or attachment styles.

4. Conclusion

DAF addresses the lack of psychological rigor
in current state-of-the-art datasets through its
methodological approach to item development.
Coupled with ADAAT and its LLM-persona-based
scenario initialization, it provides a cost-effective
alternative to manual labeling, which remains pro-
hibitively expensive for most research contexts
(Mushtaq and Kumar, 2023). Since DAF-items are
context-enriched scenario descriptions directly an-
notated with questionnaire responses, they may
enable novel approaches to personality classifica-
tion. For instance, topic modeling strategies could
identify communication fragments that yield infor-
mation regarding response tendencies for specific
items. Yang et al. (2021) demonstrated that an-
swering personality questionnaire items based on
behavioral cues in social media posts can be a
valid strategy. A DAF-ADAAT dataset could ad-
vance interdisciplinary research across data sci-
ence, NLP, and psychology. Such datasets may
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enable improvements in both classification accu-
racy and interpretability of personality expression
in communication.

5. Limitations

Several design questions require empirical investi-
gation: which personality inventory to use as foun-
dation (e.g., NEO-PI-R vs. IPIP-NEO-120), the re-
quired number of expert and community validators,
essential contextual parameters, formalization ap-
proaches, optimal scenario granularity, and evalu-
ation thresholds. Additionally, mapping granular-
ity, whether scenarios target individual items or
personality facets remains open. Item-level map-
ping maximizes precision but requires numerous
scenarios; facet-level approaches reduce scenario
count but need validation. Expert consultation and
pilot studies will address these questions.

Constructing LLM personas can be challenging
and come with several caveats. To ensure the per-
sona does reflect the scenario context and stays in
character, their implementation will be rather com-
plex. This is addressed in Section A.2.

ADAAT is currently in the conceptual design
phase. Key technical questions, including opti-
mal LLM persona initialization strategies, appropri-
ate interaction duration, conversational turn struc-
ture, and user interface design, will be resolved
through iterative prototyping and pilot testing (see
Section A). The deployment of the first prototype
is planned in the near future.

Furthermore, the use of human-LLM interac-
tions and fictitious scenarios may limit external va-
lidity, particularly if the aim is to eventually infer per-
sonality from naturalistic human-human dialogue.
Addressing this gap represents an important direc-
tion for future work.

6. Ethical Considerations

Participants will provide informed consent for per-
sonality assessment and LLM interaction, with
clear disclosure of artificial conversational part-
ners. ADAAT employs pseudonymization without
collecting personally identifiable information; par-
ticipants retain withdrawal rights. Data handling
complies with institutional ethics approvals and
data protection regulations.

Personality recognition systems risk discrimi-
natory application in high-stakes contexts. De-
ployment should follow responsible AI frameworks
(UNICRI and INTERPOL, 2026), emphasizing
transparency, human oversight, and safeguards
against misuse.
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A. Pilot Study Design for ADAAT
Validation

The following outlines planned pilot study pro-
cedures to address key empirical uncertainties
in the ADAAT deployment. These studies are
designed to systematically validate the technical
and methodological components of the framework
prior to full-scale data collection.

A.1. LLM Selection
LLM selection represents a critical design decision
for ADAAT, as response quality and latency directly
affect both data quality and participant experience.
Candidate models must be evaluated against two
practical constraints.

Hardware and Deployment Resources. Re-
search facilities typically operate under hardware
limitations that preclude deployment of the largest
available models. Local deployment via frame-
works such as Ollama offers cost-effective alterna-
tives to cloud-based inference, though at the ex-
pense of model scale. Cloud deployment, while
enabling access to state-of-the-art models, intro-
duces per-participant costs that may be prohibitive
at scale and raise data privacy concerns. Re-
sponse latency must remain within acceptable
bounds to maintain a realistic communication ex-
perience; excessively delayed responses disrupt
conversational flow and may systematically affect
participant behavior.

Response Quality Evaluation. While re-
sponse latency can be assessed automatically, re-
sponse quality requires human evaluation. We
propose a benchmark procedure in which candi-
date LLMs are instantiated with a set of pilot DAF-
item scenarios. Participants engage in scenario-
based chat interactions and subsequently com-
plete a post-chat survey assessing two criteria: (1)
the naturalness of the interaction, and (2) whether
the LLM appropriately introduced and maintained
the DAF-item’s contextual parameters throughout
the conversation. Aggregated survey responses
serve as a benchmark across candidate models,
informing final model selection.

A.2. LLM Persona Consistency
If the LLM drifts off-character or introduces be-
havior inconsistent with the scenario context, the
resulting communication data cannot be reliably
linked to the intended situational conditions. Per-
sona behavior is sensitive to both model choice
and prompt design, and must therefore be vali-
dated empirically. At this early stage, the following
steps for persona/prompt evaluation are planned:

1. Design a complex pilot scenario and iter-
atively refine the system prompt, identify-
ing prompt features that reliably elicit on-
character behavior.

2. Generalize validated prompt-engineering fea-
tures into a reusable template that can be in-
stantiated with arbitrary DAF-item specifica-
tions.

3. Following each pilot interaction, participants
complete a post-chat survey item indicating
whether the conversational partner remained
consistent with the scenario context.

4. Interactions flagged as off-character are in-
vestigated and utilized for prompt/persona re-
design.

Since ADAAT’s development is work in progress,
best practices for prompt and persona engineering
will likely advance and thus have to be monitored
alongside ADAAT’s development.

A.3. Questionnaire Data Validation
Self-report personality inventories are subject to
response validity concerns, including careless or
inattentive responding (Curran, 2016). To ad-
dress this, ADAAT will incorporate Instructed Re-
sponse Items into the survey flow: items that ex-
plicitly direct the participant to select a specific
response option (e.g., “For this item, please se-
lect ‘Strongly Agree’.”) (Curran, 2016). In addition
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ADAAT will record response times per Item as sug-
gested by Curran (2016).

Subsequently, scale reliability will be assessed
post-collection for each Big Five domain and facet
using Cronbach’s α (Cronbach, 1951) or McDon-
ald’s ω (McDonald, 1999) to verify that the se-
lected inventory performs as expected within the
collected sample. Results will be reported trans-
parently to inform the interpretation of downstream
personality recognition results.
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Abstract

Detecting language ideologies is a valuable yet complex task for understanding how identities are constructed
through discourse. In Luxembourg’s multicultural and multilingual society, language ideologies reflect more than
simple preferences: they carry deep cultural and social meanings, shaping identities and social belonging. Following
recent developments in applying Natural Language Processing tools to linguistics and social science, this paper
explores the potential of large language models to assist in the detection of language ideologies. We manually
annotate a corpus of user comments in Luxembourgish with predefined ideological categories and then evaluate the
performance of large language models under varying prompt conditions to assess their ability to replicate these
human annotations. Since Luxembourgish is a small language and poorly represented in the LLMs’ training data, we
also investigate whether machine-translating the data to high-resource languages increases performance on the
ideology detection task. Our findings suggest that, while LLMs are not yet fully optimized for a multi-class ideological
annotation task, they are practical tools to identify language ideological content.

Keywords: Language Ideologies, Large Language Models, Computational Sociolinguistics

1. Introduction

Automatic detection of language ideologies is a
promising but challenging task. Language ide-
ologies, or shared beliefs about language, play a
central role in reinforcing and establishing iden-
tities and power imbalances (Blommaert, 2010).
Although culturally tied to the speakers’ community,
similar language ideologies have been found in
different contexts. Often, language ideologies are
linked to matters of social belonging and discrimina-
tion (Grondelaers and van Hout, 2011; Lippi-Green,
2012). This is also found in our case study, Luxem-
bourg. The country is characterized by a complex
and dynamic societal multilingualism, in which the
choice of language in interaction carries rich social
meaning aside from practical requirements or per-
sonal preference (Horner and Weber, 2008). This is
evidenced in public discourses on the state of mul-
tilingualism and the role of Luxembourgish, where
language choices and ideological stances are of-
ten closely linked. For example, the phrase En
français, s’il vous plaît (‘In French, please’), used
by (French-speaking) service personal as a reac-
tion to requests in Luxembourgish, has become a
prominent figure in discourse (Purschke, 2025): It
is interpreted (and quoted) by speakers of Luxem-
bourgish as a sign of the unwillingness to integrate
in society, linguistically and socially, and linked to
questions of demographic development and lan-
guage vitality (Purschke, 2023).

Hence, being able to automatically and systemat-
ically detect language ideologies in large amounts

of text would be beneficial for obtaining a deeper
understanding of cultural dynamics and language-
related discourse at scale.

Against this backdrop, the increasing use of
Large Language Models (LLMs) for linguistic (Man-
ning et al., 2020; Wu et al., 2025) and social science
research (Ma et al., 2024) presents a promising op-
portunity to systematically investigate the automatic
detection and classification of language ideologies.

For this study, we base ourselves on a corpus
of written Luxembourgish comments provided by
the national broadcaster RTL1(Ranasinghe et al.,
2023). We annotate the comments at two levels:
(1) whether they are related to language ideology or
not, and (2) which different types of language ide-
ologies they contain (see Section 2.2). We assess
a range of open-weights and closed-weights LLMs
on their ability to predict these annotations, test-
ing several prompts in both zero-shot and few-shot
settings.

Since Luxembourgish is a small language, we
presume that it is comparatively poorly represented
in the LLMs’ training data and that this results in
low classification performance. We therefore follow
the translate-test paradigm and investigate whether
machine translating the Luxembourgish comments
into a higher-resourced language (specifically, En-
glish, French or German) increases classification
accuracy.

1Our agreement with the data provider prevents us
from publicly releasing the corpus. However, we can
provid upon request the comment IDs so that the corpus
can be recreated.
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More specifically, our research questions are:

1. Is language ideology classification a suitable
task for the current generation of LLMs?

2. Do the languages of the data and the quality
of their translations have an impact on LLM
performance on language ideology classifica-
tion?

3. Can LLMs contribute to inform sociolinguistic
research without requiring high technical ex-
pertise or task-specific model adaptation?

To explore the feasibility and challenges of the
task, we provide LLMs with language ideology cate-
gories, descriptions and examples, and instructions
to annotate accordingly. Our contributions offer an
evaluation of LLMs for language ideologies identi-
fication, assessing both the impact of the source
language and translations on the same task. In
doing so, we provide an overview of how LLMs
work with Luxembourgish on cultural tasks, com-
pared to more established languages in NLP. We
find that fine-grained language ideology detection
is a complex task for LLMs, and that translations do
not lead to substantial performance improvement.
Integrating NLP tools into sociolinguistic research,
we acknowledge limitations and possible improve-
ments of the task setup.

2. Related work

In this section, we discuss work related to Luxem-
bourgish NLP (Section 2.1), as well as language
ideologies (Section 2.2). After that, we discuss
work on ideologies and LLMs (Section 2.3), as well
as cross-lingual transfer in LLMs (Section 2.4).

2.1. Luxembourgish

Luxembourgish is a West Germanic language with
about 400.000 speakers (Gilles, 2019). It is one
of three official languages in Luxembourg in addi-
tion to German and French, but it was only recog-
nized as such in 1984. Historically, Luxembourgish
mainly developed as an oral language, acquiring
more written domains only recently with the rise of
digital and social media. As a multilingual coun-
try with an extremely dynamic language regime,
Luxembourg is a particularly interesting case for
sociolinguistic studies (Purschke and Gilles, 2023).
However, in NLP, Luxembourgish should be viewed
as a small language, although various resources
have been made available in recent years (Plum
et al., 2025; Lutgen et al., 2025; Philippy et al.,
2024; Plum et al., 2024).

2.2. Language ideologies
We follow Blume (2003)’s description of ideologies
and understand them as descriptions of collective,
depersonalized normative interpretations used by
individuals and groups to justify and evaluate their
own and others’ actions. As such, ideologies to-
wards and about language (Blommaert, 2010) play
a central role in creating and ordering social mean-
ing (Rhodes, 2023), in shaping language policies
and perception, in structuring social relations and
societal belonging (Woolard, 2020), and in con-
tributing to individual and collective identity con-
structions (Kroskrity, 2022).

From a methodological perspective, (language)
ideologies have also been studied with quantitative
tools and methods. Baker and Levon (2015) com-
pares qualitative and corpus-based approaches to
the analysis of newspaper articles on masculinity,
showing that the two approaches can complement
each other, and Vessey (2017) investigates lan-
guage ideologies in Canada through corpus linguis-
tics approaches. Combining different approaches
to corpus study and language ideologies, Purschke
(2025) analyzes language ideologies on the RTL.lu
corpus as part of public discourse formation.

Building on this foundation, we search for the fol-
lowing five language-ideological motifs about Lux-
embourgish and multilingualism in the country in
the RTL.lu comments.
Identity: statements about national identity estab-

lished by a common language, culture, and
history, or personal preference towards the na-
tional language;
Example ID 636: ‘1. For us Luxembourgers
(250,000 people), Luxembourgish is our first
language.’2

Vitality: statements about the state of a language
use, e.g., language endangerment and decay,
reasons for these developments and/or means
to prevent them;
Example ID 3631: ‘Good text, but I’m afraid
our language would die out.’

Belonging: statements about requirements for
speakers to integrate in the local society;
Example ID 410165: ‘it worked: all residents
of Luxembourg have linguistically integrated
themselves.’

Responsibility: statements delegating to an actor
or a group of actors responsibility for the lin-
guistic situation in the country (e.g. language
decay or support);
Example ID 666: ‘And if our cross-border com-
muters don’t speak Luxembourgish, it’s our
own fault.’

2Original texts are provided in the appendix.
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Recognition: statements about language policies,
language status, and how people perceive the
languages spoken in the country.
Example ID 636: ‘2. Luxembourgish is FIRST
OF ALL a spoken language.’

2.3. Ideologies and LLMs
There is abundant work showing how human stereo-
types, biases, and ideologies influence the per-
formance of (large) language models (Lin and Li,
2025). They can be introduced in the (pre-)training
data (Hovy and Prabhumoye, 2021), optimization
stages (Dahlgren Lindström et al., 2025), and data
exposure level (Chen et al., 2024), they can change
according to the tested model (Lin et al., 2024) and
language (Buyl et al., 2025), and can be shaped
by language ideologies. For instance, Gururangan
et al. (2022) investigate the role of language ide-
ologies in selecting text data and the subsequent
inequalities. LLMs have also been shown to perpet-
uate in-group solidarity and out-group hostility (Hu
et al., 2024) – where in-group refers to the commu-
nity speakers socially and emotionally identify with,
and out-group refers to communities perceived as
outsiders. The language material generated by
LLMs has been shown to reproduce social bias
(Dhamala et al., 2021) as well as language ide-
ologies, both for the standard language ideology
in the US (Smith et al., 2025) and for gendered
language ideology in English (Watson et al., 2025)
and English dialects (Duncan, 2024).

2.4. Cross-lingual transfer in LLMs
Luxembourgish can be considered a small lan-
guage in a multilingual context characterized by
higher resourced languages. Almost all Luxem-
bourgers are fluent in the other official languages,
French or German (Fehlen et al., 2023), and despite
Luxembourg’s membership in the European Union,
Luxembourgish is not an official EU language. Ad-
ditionally, Luxembourgish is not the language of
education, and its domain expansion and societal
uptake in writing are relatively recent (Gilles, 2015).
For all these reasons, the amount of textual data
to train large-scale NLP systems is limited. In such
scenarios, it is common to resort to cross-lingual
transfer techniques, ensuring that a model’s high
performance on a specific task in a high-resource
language can be transferred to a low-resource lan-
guage. A simple cross-lingual transfer technique
that can be easily applied in the context of genera-
tive LLMs is called translate-test (Ponti et al., 2021;
Artetxe et al., 2023): the test data (in our case,
the user comments written in Luxembourgish) are
machine-translated to a high-resource language
(in our case, English, French or German) and then
fed to the model. While this setup is prone to error

propagation (the translations might contain errors),
it is assumed that the performance gains obtained
through the model’s better “understanding” of the
translated data outweigh the errors introduced in
the translation step.

3. Data

We frame ideology detection as a multi-class sen-
tence annotation task over Luxembourgish user
comments from the RTL.lu corpus. We operate
at sentence level to reduce topic drift within long
comments. Our corpus contains 300 comments
with 1524 total sentences. Comments were split
into sentences using GPT, and then manually cor-
rected where the sentence splitting did not work
correctly. The main reason for using GPT for this
task is that, for social media data with irregular sen-
tence constructions and punctuation patterns (e.g.,
including Emoji as sentence boundaries) other sen-
tence splitters usually struggle and GPT, compared
to these, includes semantic context parsing for bet-
ter accuracy. We retained the punctuation by each
user and did not carry out any other pre-processing
steps such as lexical normalization, as these could
blur ideology markers. In a setting without a fully
implemented standard, the use of incorrect or cor-
rect orthography could be an expression of specific
language ideologies.

The corpus is extracted from a larger set of user
comments (1,422,759 comments at the time of the
study3). It contains two subsets, one subset of 150
comments on language use in the country (from
now on, we will refer to this subset as Lang), and
one subset of 150 comments not related to this
topic (referred to as NotLang). For the Lang subset,
the selection of comments was made through key-
word matching, using a total of 19 Luxembourgish
variants of Luxembourgish, our language, mother
tongue. Of the comments retrieved (16,015), 150
are then randomly selected and manually anno-
tated.

For the NotLang subset, 75 comments were se-
lected following the same list of keywords as for the
Lang subset, and were carefully read to make sure
that they refer to topics other than language use
in the country. The remaining 75 comments are
randomly selected from the complete set of com-
ments (1,422,759), and do not contain language-
related keywords. By diversifying the selection cri-
teria across subsets, we aim to prevent the models
from overfitting to surface-level lexical cues and to
assess their performance in identifying ideologically
charged discourse about language.

The Lang subset is annotated by two expert an-
notators (the first and last authors of this study) with

3For this study, we used the 2025-04 build of the RTL
corpus.
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the five language ideology categories presented
in Section 2.2: identity, vitality, belonging, re-
sponsibility and recognition. We use a sixth la-
bel none for sentences that cannot be assigned one
of these specific labels. The observed agreement
between the two annotators is 0.78 and Cohen’s
Kappa is 0.66. Disagreement cases are discussed
by annotators and are labeled in common agree-
ment. The category counts across the dataset are
shown in Table 1.

Category Lang NotLang
Identity 49 0
Vitality 72 0
Belonging 63 0
Responsibility 121 0
Recognition 125 0
None 273 821
Total 703 821

Table 1: Sentence based gold standard annotation

4. Prompt Engineering

In this first experiment, we focus on evaluating differ-
ent prompts in both zero- and few-shot scenarios.

Prompts We design four prompt configurations
that vary the amount of information that is passed
to the model.

• Prompt 1 lists the labels, instructs the LLM to
annotate each sentence with one of the five
ideology labels or none and to provide a jus-
tification for the annotation. Text in quotation
marks should not be annotated.

• Prompt 2 adds three positive and three nega-
tive examples per category, and six additional
negative examples to prompt 1. The examples
are chosen because they are clear illustrations
for the categories and are consistent through-
out the experiment.

• Prompt 3 adds detailed descriptions per cate-
gory to prompt 1.

• Prompt 4 adds both the examples of prompt
2 and the detailed descriptions of prompt 3 to
prompt 1.

The structure of prompt 4, the most complex one,
is illustrated in Figure 1. All prompts are written in
English, and all comments remain in Luxembour-
gish. All prompts instruct models to return a single
JSON object with fixed keys and value constraints,
see Figure 2 below.

Experimental Setup We treat the task as multi-
class annotation with sentence level ground truth
derived from the human annotation. We report
weighted F1, macro F1, and per label F1. We imple-
ment quality control to improve robustness without
over-correcting model behavior. We validate every
response against the JSON schema and re-issue
malformed outputs up to 5 retries per sentence.

We test three models of the GPT family: GPT-4o
(OpenAI et al., 2023), GPT-4o-mini (OpenAI, 2024),
o3 (OpenAI, 2025). We standardize decoding to re-
duce variance induced by sampling. Temperature
is set to 0.2, maximum tokens to 3000, however,
we keep defaults for safety-related flags that af-
fect refusal behavior. We batch requests with one
comment (5 sentences on average) per call. Also,
we enforce per thread rate limits of rps/5 to avoid
provider throttling.

Results We observe minimal differences be-
tween GPT-4o, GPT-4o-mini, and o3 under prompt
4. This prompt also consistently outperforms other
configurations across models, as F1 weighted
score improves up to around 0.3 from prompt 1
to prompt 4 – see Table 2. Therefore, we adopt
prompt 4 as the final prompting template for all
further experiments.

Prompt o3 GPT-4o GPT-4o-mini
F1w F1m F1w F1m F1w F1m

Prompt 1 0.734 0.431 0.491 0.248 0.563 0.280
Prompt 2 0.787 0.510 0.652 0.397 0.459 0.389
Prompt 3 0.806 0.567 0.765 0.427 0.468 0.391
Prompt 4 0.806 0.559 0.783 0.441 0.734 0.427

Table 2: Results per model and prompting condi-
tions (Weighted F1 and Macro F1)

5. Evaluating LLMs and cross-lingual
transfer settings

In this main experiment, we evaluate several widely
used generative LLMs on the ideology annotation
task with Prompt 4. We also vary the language of
the comments, comparing annotation performance
on the original Luxembourgish comments with their
translations to English, French and German.

Machine translation To answer research ques-
tion 2, we translate the original material into Ger-
man, French and English via the Google Translate
API. The automatic translations receive targeted
manual checks4 that correct mistranslated coun-
try and language mentions. Additionally, 700 sen-
tences evenly split between Lang and NotLang are

4Automatic translation quality for Luxembourgish can
be uneven, therefore, subtle stance cues may shift.
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Prompt Text
Detect one or more of the following categories in the sentences of the comment below, after the instructions
and schemas. The categories are: Identity, Vitality, Belonging, Responsibility, Recognition. These categories
concern language ideologies and only these exact categories can be used for the annotation. No overlap between
categories is allowed, each sentence can have 0 or 1 category. If you cannot identify one of the category assign
N/A. Do not take any quoted parts (i.e. text in quotation marks) into account for the labelling. For each sentence,
explain why you have assigned that label.
Here are the explanations of the five categories: [...]
Recognition: The language related ideology ‘recognition’ groups opinion on Luxembourgish language and other
languages spoken in the country. In this category, different ways of acknowledging languages are involved: [...]
Examples: [...]
Examples where this label is not applicable: [...]

Figure 1: Prompt 4 comprehensive of instructions, definitions, and examples

"sentence_id": "<string>",
"text": "<original sentence>",
"labels": ["Identity" | "Vitality"
| "Belonging" | "Responsibility" |
"Recognition" | "None"],
"rationale": "<justification>"

Figure 2: JSON representation of the required
schema.

manually reviewed to improve translation quality;
correcting mistakes due to orthographic variation
and lack of capitalization, and adapting ideology
bearing content to the target languages. The distri-
bution of categories within the two translation sets
is described in Table 3. We run the same prompt-
ing and inference pipeline on each language set.
Therefore, any observed changes can be attributed
to language rather than prompt drift.

Labels Post-Edited Automatic
Identity 18 31
Vitality 22 50
Belonging 16 47
Responsibility 64 57
Recognition 56 69
None 525 569

Table 3: Translation sets

Models We evaluate widely used frontier and
open generative LLMs for applied annotation work-
flows. The frontier group includes GPT-5 (OpenAI,
2025), while the open group includes Aya Expanse-
32B (Aya; Dang et al. 2024), Llama 4 Scout 17B
Instruct (Llama; AI 2025a), Mistral Magistral Small
24B (Magistral; AI 2025b), Qwen3-Next-80B-A3B-
Thinking (Qwen; Yang et al. 2025), DeepSeek-V3
(DeepSeek; Liu et al. 2024), and gpt-oss-20b (GPT-
OSS; OpenAI et al. 2025). All models follow the
experimental setup described in Section 4.

Lang. DeepSeek GPT-5 Magistral Qwen
F1w F1m F1w F1m F1w F1m F1w F1m

Luxemb. 0.537 0.478 0.558 0.497 0.436 0.351 0.500 0.380
German 0.518 0.469 0.551 0.500 0.450 0.381 0.529 0.399
French 0.507 0.474 0.585 0.525 0.461 0.406 0.532 0.404
English 0.490 0.446 0.596 0.542 0.462 0.346 0.514 0.392

Table 4: Comparison of models per language
(Weighted F1 and Macro F1)

Results Of the models tested, GPT-OSS is dis-
carded because it is unable to produce consistent
output. Aya and Llama are also discarded, as they
return up to 10 and 9 labels respectively even when
explicitly stating the number of labels in the prompt
– probably because of their limited reasoning ca-
pabilities compared to the other tested LLMs. Al-
though Qwen and Magistral also sporadically re-
turn additional categories, we keep them in our
experiments as the categories are justified by the
model-generated explanations as a subset of the
main ones (e.g., personal identity is mapped to
identity).

Table 4 shows the performance of the remain-
ing models broken down by language. While
DeepSeek gets the highest scores with the orig-
inal Luxembourgish data, the remaining models
work slightly better with the translations. GPT-5
outperforms the other models in all languages, and
the best overall performance is obtained with the
English translations.

5.1. Translation effects

Zooming in on the two different sets of translations,
we see that the quality of the translations does
not affect model performance. For both transla-
tion sets, the best performing model is GPT-5 in
all languages. As shown in Table 5, the GPT-5
performance gap between English and Luxembour-
gish is larger with automatic translations than with
post-edited ones. For DeepSeek, Luxembourgish
seems to work better than English both for auto-
matic translations and post-edited ones.
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Lang. DeepSeek GPT-5 Magistral Qwen
Auto PE Auto PE Auto PE Auto PE

Luxemb. 0.762 0.771 0.797 0.780 0.699 0.737 0.755 0.661
German 0.747 0.783 0.803 0.767 0.728 0.738 0.774 0.753
French 0.731 0.781 0.806 0.800 0.721 0.744 0.768 0.766
English 0.743 0.750 0.829 0.783 0.724 0.746 0.767 0.740

Table 5: Comparison of models on Automatic
(Auto) and Post-Edited (PE) translations across lan-
guages and on the original Luxembourgish corpus
with the same split (Weighted F1)

Discussion To answer research question 2,
translating to more-represented languages in NLP
produces a limited performance improvement,
whereas we find no improvement in the task be-
tween using automatic and post-edited translation
sets. We consider two potential explanations to this:
cross-lingual transfer in LLMs and the challenge of
transferring cultural and social meanings from the
source text to the target languages.

On the one hand, Luxembourgish shares some
grammatical and lexical features with high-resource
languages – mainly German and French – which
are represented in the models’ training data and
officially supported by them. Therefore, it is quite
likely that the tested models generalize from shared
multilingual representations (Zhang et al., 2024).

On the other hand, the way sociocultural mean-
ings are treated in the translation process may also
negatively impact the classification performance.
For the post-edited set, we tried to find a middle
ground between preserving the same language
ideologies, reporting appropriate linguistic cues
to each target language, and avoiding introducing
noise in the translations. For instance, capitaliza-
tion for emphasis is kept, while lack of orthographic
capitalization is corrected in the translations. In
the non-post-edited set, only mistranslated country
and language mentions are corrected. However,
our results do not show an increase in annotation
performance that could be ascribed to the differ-
ent translation conditions. Similarly, there is no
significant performance improvement between the
original Luxembourgish comments and the transla-
tions. This is attributable to the failure to eliminate
noise and reproduce ideology in target languages.

Due to these challenges, and to the LLMs’ rela-
tively even performances across languages, keep-
ing the original text seems more appropriate.

5.2. Label-specific results
Table 6 shows F1 scores averaged on the four lan-
guages per category and model. All analyzed mod-
els perform better for discriminating between items
with and without language ideologies than for dis-
tinguishing between individual categories. In fact,
the absence of language ideologies – the label
none – is the category with higher F1 scores com-

pared to the others (around 0.9). Compared to our
gold standard, responsibility and recognition
are under-detected, while vitality, identity, and
belonging are over-predicted.

DeepSeek and GPT-5 achieve the highest per-
label F1 scores among the evaluated models. Ta-
ble 7 shows per-label F1 scores for GPT-5 and
DeepSeek on the original data, compared to the
highest F1 score overall. GPT-5 has the highest
scores in English for belonging (0.571) and vital-
ity (0.555), and in French for recognition (0.565).
DeepSeek has highest scores in French for iden-
tity (0.475) and in Luxembourgish for responsi-
bility (0.398). These values are not significantly
higher than the F1 scores obtained for Luxembour-
gish for DeepSeek and GPT-5, except for recog-
nition for DeepSeek (0.330).

Analysis Here, we examine the annotation cate-
gories in detail, focusing on the original Luxembour-
gish data and the Lang subset. We discuss consis-
tent overlaps among categories, as well as potential
causes of mislabeling. To understand the cause
of systematic overlaps, we refer both to the con-
tent of the sentence and to the models-generated
explanations. The benefit of models-generated ex-
planations is discussed in the following section.

False negatives are observed for the category
recognition in all other categories. Reading the
explanations, the models seem to consider the hi-
erarchy among languages – which we subsume
under recognition – as a personal or national
preference towards one or more languages. In the
Luxembourg ideological landscape, the use of the
pronoun our (eis) can indicate a reference to the
national in-group. This information is provided as
part of the identity category description. There-
fore, also when not carrying an identity ideology,
first-person plural pronouns and mentions of the
ingroup are used as markers of national identity
(Magistral and DeepSeek). Overlap with vitality
arises when sentences describe the limited use
of Luxembourgish in the country (Magistral, GPT-
5, DeepSeek, Qwen). recognition is then mis-
labeled as (social) belonging when Luxembour-
gish is stated as the main language of the country
(DeepSeek and Qwen). Furthermore, comments
perceived as blaming the current language situa-
tion on actors mentioned in the text are labeled as
responsibility (Qwen).5

For responsibility, it is mislabeled as belong-
ing when the responsible actor is an out-group
member (Qwen, GPT-5), and as recognition
when it is an official institution or a private person
(Qwen). It is then mislabeled as vitality when
the implications of language decay are considered

5Further examples and statistics are provided in the
appendix.
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Label DeepSeek GPT-5 Magistral Qwen
Precision Recall F1 Precision Recall F1 Precision Recall F1 Precision Recall F1

Belonging 0.468 0.603 0.527 0.541 0.492 0.516 0.466 0.329 0.386 0.365 0.468 0.410
Identity 0.338 0.526 0.411 0.504 0.362 0.421 0.216 0.612 0.319 0.341 0.459 0.391
Recognition 0.502 0.218 0.304 0.479 0.608 0.536 0.447 0.092 0.153 0.458 0.348 0.395
Responsibility 0.603 0.242 0.345 0.689 0.211 0.323 0.667 0.190 0.296 0.368 0.295 0.328
Vitality 0.554 0.375 0.447 0.481 0.611 0.538 0.435 0.382 0.407 0.278 0.625 0.385
None 0.858 0.952 0.903 0.908 0.950 0.929 0.854 0.950 0.899 0.926 0.864 0.894

Table 6: Comparison of models per category

Label DeepSeek GPT-5 Highest
Belong. 0.487 0.512 0.571 (EN)
Identity 0.376 0.386 0.475 (FR)
Recogn. 0.330 0.520 0.565 (FR)
Respons. 0.398 0.299 0.398 (LU)
Vitality 0.448 0.500 0.555 (EN)
None 0.910 0.927 0.934 (EN)

Table 7: Per-class F1-scores of DeepSeek and
GPT-5. The first two columns show F1-scores for
DeepSeek and GPT-5 respectively, on the Luxem-
bourgish dataset. The third column reports the
absolute best F1 scores per label, regardless of the
language of the dataset.

to be the main ideology of the item (Qwen, GPT-
5, Magistral). Additionally, the use of first-person
pronouns is reported in the model-generated ex-
planations to justify the identity label (Magistral,
DeepSeek).

Vitality is mislabeled as identity when lan-
guage decay is associated with national decay
(DeepSeek), and through the use of first-person
plural pronouns (Qwen). According to the model-
generated explanations, items encouraging the use
of the national language as a preservation mecha-
nism are annotated as recognition (GPT-5).

Belonging is mislabeled as identity when Lux-
embourgish is stated as the language of society
(Magistral, Qwen). The presence of the in-group
in these utterances makes it difficult for the mod-
els to discriminate between the national language
as a characteristic of the nation self-determination
– which we subsume under identity – and as a
means of social exclusion – which we subsume
under belonging.

Finally, identity is mislabeled as recognition
when the model (GPT-5) fails to disambiguate be-
tween the use of language to create and reinforce
a national feeling – which we subsume under iden-
tity – and the description of language use in the
country – which we subsume under recognition.

5.3. Examining model-generated
explanations

The language ideology definitions developed by the
two annotators were given to the LLMs as part of the
prompt. However, these guidelines were not always
efficient, showing that defining language ideologies
for LLMs introduces different challenges compared
to human annotators. For instance, since language
ideologies might share both topics and linguistic
features to express them, the annotators already
faced (and solved) cases of overlapping categories.
Despite providing specific guidelines, these cases
are still error sources for LLMs – together with un-
expected ones. In this context, the explanations
provided by the LLMs are particularly valuable, as
they help us to understand how definitions might
cause mislabeling, and how clearly delineated the
categories are.

Table 8 provides an example of a model-
generated explanation. The annotated item is
shown in its English translation, and is followed
by the labels assigned by the evaluated models
and the explanations. The identity label is justi-
fied by the use of the first-person plural pronoun
we (mir) as a reference to the national group, and
by the use of Luxembourgish in opposition to Ger-
man and French. The vitality explanations show
that inciting people to use more Luxembourgish
words is considered a strategy against language
decay. This example was annotated as recogni-
tion as it shows a desired hierarchy of language
use opposed to the perceived status quo. However,
ambiguity is induced by the exhortation of using
Luxembourgish more, that adds a hint to another
ideological layer – vitality – to the language hier-
archy. Similar examples caused label overlaps also
for human annotators, but are already disentangled
in the prompt given to the models.

Language Ideology Definitions In general,
clues which seem helpful for human annotators
resulted in confusion between categories for the
models. For instance, the use of specific pronouns
and determiners is a useful hint for human anno-
tators to discriminate between identity and other
categories, but it causes an over-prediction of this
category in the models – as shown in the example
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Dear – We should use more Luxembourgish words, and not German words, nor French words.
Gold standard: recognition
Magistral : identity
’The sentence refers to the national group using the first-person plural pronoun (’mir’) and emphasizes
the use of Luxembourgish language in opposition to other languages (German and French). This
aligns with the national identity category, as it highlights the importance of Luxembourgish language
for Luxembourgers.’
DeepSeek: vitality
’The sentence emphasizes the need to use Luxembourgish words instead of German or French words,
which aligns with the ’vitality’ category as it addresses the preservation of Luxembourgish language.’
Qwen: vitality
’The sentence expresses concern about the use of German and French words instead of Luxembourgish
words, which is a typical indicator of language decay and threat to the vitality of Luxembourgish.
The advocacy for using more Luxembourgish vocabulary over foreign alternatives directly relates to
preserving the language’s integrity and resisting linguistic erosion.’
GPT-5: vitality
’The speaker urges using more Luxembourgish words instead of German or French ones, proposing a
way to safeguard the language against lexical replacement; this fits concerns and remedies typical of
vitality.’

Table 8: Examples of models-generated explanations. The first line reports the annotated sentence,
followed by labels and explanations by each model

above. Then, for responsibility, human annota-
tors identified a subject of responsibility, as well as
an object. Three different subjects of responsibility
have been found – in-group, politician, out-group –
and given to the model together with the description
of the category. From the explanations, it seems
that the presence of the three different responsi-
bility agents leads the tested models to mislabel
the category as recognition – official institutions
as subject of responsibility – and belonging – the
out-group as subject of responsibility.6

Language Ideology Labels The analysis in the
previous paragraphs suggests that the five lan-
guage ideology labels might be too fine-grained for
reliable prediction with simple in-context learning.
Therefore, to answer research question 3: LLMs
require expert support or task-specific model adap-
tation to adequately inform sociolinguistic research.
This raises the question whether a more coarse-
grained classification scheme would be beneficial.
At the same time, the example also demonstrates
how LLMs could serve as a valuable tool to improve
human annotations and improve them, especially
in cases of doubt.

For instance, both identity and belonging, al-
though referring to two different social groups, con-
vey feelings of social belonging obtained and con-
structed through language use. However, these
ideologies highlight a power imbalance that will be
lost if the categories are merged, i.e., the dominant

6See Gal and Irvine (2019) for more information about
language ideologies definitions.

group constructs its own identity – identity – and
shapes the role of other people in society – belong-
ing. Similarly, statements about language prefer-
ence could be grouped under one label, but it will
cause losing implications between identity – per-
sonal preference – and recognition – reference to
language status and hierarchy among languages.
Therefore, restructuring the categorization scheme
could mean losing important aspects of societal
power dynamics for sociolinguistic analyses.

6. Conclusions

This paper offers an evaluation of LLMs for lan-
guage ideology detection. It shows that Luxem-
bourgish does not need to be translated to higher-
resourced languages in order to obtain satisfactory
classification performance with generative LLMs.
It highlights the crucial role of model-generated ex-
planations for this task and that the evaluated mod-
els successfully discriminate items with language
ideologies from those without. However, discrimi-
nating among the different categories of ideologies
turns out to be more challenging. The first research
question of the paper has thus both a positive and
a negative answer: current generations of LLMs
can perform a binary language ideology classifica-
tion, but a fine-grained classification seems to be a
more challenging task. Although it might not help
with further understanding language ideologies and
language discourse in sociolinguistic research, a
binary classification between content with and with-
out language ideologies already seems to be a
quite useful task, mainly for selecting material to
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be analyzed. Our approach could be repurposed
for other less-represented languages in NLP, to
test if translations of original material could bene-
fit the automatic analysis of language ideologies
on the source language. However, given the com-
plexity of the ideology classification task, this would
quite likely result in an overview of the presence/ab-
sence of language ideologies in a discourse and,
hence, require an in-depth analysis from trained
(socio)linguists to understand how the motifs are
implemented and whether additional language ide-
ologies characterize the discourse in question.

As for the nature of the task, language ideologies
do not have a unique linguistic encoding: they may
share topical vehicles, the context of utterance, as
well as grammatical and lexical features, and are
quite challenging for human annotators to discrimi-
nate. As including human annotators guidelines in
the prompt design turned out to be of limited use-
fulness for LLMs, new paths should be considered.
One option, discussed above, could be the simpli-
fication of the annotation scheme. Another option
could consist in collecting more manually annotated
data to enable fine-tuning. The challenge will be
to find a balance between sociolinguistic interests,
LLM capabilities and human annotation efforts.

Although LLMs show promise as tools for soci-
olinguistic inquiry, their potential for the study of
language ideologies remains limited without the
guidance of human experts. Mainly, language ide-
ologies cannot be studied only using LLMs with no
previous understanding of the discourse in anal-
ysis – as demonstrated in the trial phase. Mixed
methods seem to be a promising way to enrich soci-
olinguistic research with quantitative methods and
NLP advancements (Kircher and Hawkey, 2022;
Nguyen et al., 2016; Purschke, 2025).

In future experiments, we will focus on provid-
ing more general descriptions instead of detailed,
example-based ones. We will improve them to high-
light both core and specific elements per category,
to give space to infrequent ideological expressions,
and to reframe features frequently leading the mod-
els to mislabel certain categories.

Limitations

As the project aimed to understand how two dis-
ciplines – sociolinguistics and natural language
processing – can be mutually informative for each
other, we are aware of limitations from both fields.
As per the goal of the project, keyword searching
should be adjusted to include language ideologies
concerning Luxembourgish. Expanding the key-
word search to include the different languages spo-
ken in the country would help to get a more compre-
hensive view of language ideologies in the country.
Additionally, we refer to the LLM-generated annota-

tions to understand what could be improved in the
prompt design, but we are aware of their limitations
in accurately describing the reasoning behind the
classification (Randl et al., 2025; Di Bonaventura
et al., 2024). Concerning the choice of models,
two main limitations can be reported. First, models
with limited reasoning capabilities proved to be not
robust enough for this task and will be discarded
for future experiments. Second, since we only had
access to a small amount of annotated data, we
were unable to train or fine-tune models on the
task. Future work should explore this direction, as
improved model performance could support lan-
guage discourse understanding, as well as its soci-
etal implications. However, although a fine-tuned
model could achieve high performances, human
annotators and linguistic experts remain essential
to understand the consistency of model outputs.

We noticed a grammatical mistake in the prompt
used to preform this classification: for identity we
state that it is expressed by the use of the first-
person plural pronoun eis. However, eis is the
dative form of the first-person plural pronoun mir,
and its possessive determiner. As this could be
the cause of some labeling errors, we will imple-
ment the task further with the correct version of the
prompt.
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Appendix A

In this appendix, we report the original Luxembour-
gish version of the examples in Section 2.2:

• Example ID 636: 1. Lëtzebuergesch ass
fir eis Lëtzebuerger (250’000 Leit) eis éischt
Sprooch.

• Example ID 3631: Gudden Text, mee ech
färten, eis Sprooch wärt ausstiewen.

• Example ID 410165: et ass geschafft: All
Awunner vu Lëtzebuerg hu sech sproochlech
integréiert.

• Example ID 666: A wann eis Frontalieren kee
Letzebuergesch schwaetzen dann ass daat
eis eege schold.

• Example ID 636: 2. Lëtzebuergesch ass
VIRUN ALLEM eng geschwaate Sprooch.

Appendix B

Keywords used to retrieve the comments:
’eis sprooch’, ’eis sproch’, ’ons sprooch’, ’ons
sproch’, ’lëtzebuergesch’, ’lëtzeboiesch’, ’let-
zebuergesch’, ’lëtzeburgesch’, ’lëtzbuergesch’,
’letzeburgesch’, ’letzeboiesch’, ’létzebuergesch’,
’eiser sprooch’, ’onser sprooch’, ’eiser sproch’,
’onser sproch’, ’lëtzebuergescht’, ’mammesprooch’,
’mammesproch’.

Appendix C

In this appendix, we add the complete version of
Prompt 4:

Detect one or more of the following categories
in the sentences of the comment below, after
the instructions and schemas. The categories
are: Identity, Vitality, Belonging, Responsibility,
Recognition. These categories concern language
ideologies and only these exact categories can
be used for the annotation. No overlap between
categories is allowed, each sentence can have
0 or 1 category. If you cannot identify one of the
category assign N/A. Do not take any quoted parts
(i.e. text in quotation marks) into account for the
labeling. For each sentence, explain why you have
assigned that label. Here are the explanations of
the five categories:

Identity: The language related ideology ‘identity’
groups both national and personal identity. Na-
tional identity: it refers to Luxembourgish national
identity and it only concerns Luxembourgish peo-
ple, born in Luxembourg with Luxembourgish as
native language. It is characterized by a strong
emotional attachment to the language and culture
of Luxembourg, in opposition to people with differ-
ent languages and cultures. It is found in clauses
or part of clauses underling:

• the tied connection between national identity
and national language (example: Luxembourg-
ers unified by a common national language)

• the tied connection between Luxembourgish
culture and Luxembourgish language (exam-
ple: importance of Luxembourgish language
and culture)

• the formation of the Luxembourgish national
identity during the Second World War (Luxem-
bourgers explicitly chose Luxembourgish lan-
guage as national language for the first time)

• the opposition between the national group
(= born and raised in Luxembourg, by fam-
ily of Luxembourgish origins, with Luxembour-
gish culture and Luxembourgish as native lan-
guage) and the group seen as external to the
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country (= not born in Luxembourgish families,
or coming from abroad, or living across the bor-
ders but going to Luxembourg for work. These
people are grouped by lack of knowledge of
Luxembourgish language and refusal to learn
it)

Grammatically, this category is expressed by the
use of the first-person plural pronoun (‘eis’) when
referring:

• to the national group

• to what belongs to the national group

• to what characterizes the national group.

‘eis’ is used in opposition to the third person plu-
ral pronoun (‘si’). The third person plural pronoun
refers to the group seen external to the country.
Personal identity = personal preference towards a
language with no reference to any group-shared
ideology or feeling (examples = speaking Luxem-
bourgish as personal preference and not as a na-
tional identity trait)
examples:

1. lëtzebuergesch ass fir eis lëtzebuerger
(250’000 leit) eis éischt sprooch.

2. et gëtt leit de zu dachau agespaart ware wéint
eiser sprooch an e vollek dat seng sproch ver-
léiert verléiert och seng identitéit. . .

3. ech perséinlech maan mer emmer en spaass
draus vir mat de verschiddenen wierder ze
spillen wann ech eppes schreiwen

examples where this label is not applicable:

1. tschüss!

2. mee mir kann et dee moment egal sinn, well
ech da wahrscheinlech an däitschland wun-
nen... tschüss!

3. patricia courtois

Vitality: The language related ideology ‘vitality’
groups opinions about Luxembourgish language
considered:

• endangered

• threatened

• in decay

• soon to be replaced by other languages

Threatening factors are:

• languages other than Luxembourgish spoken
in the country

• impossibility of speaking Luxembourgish in ev-
eryday contexts (shops, hospitals, . . . )

• languages other than Luxembourgish used at
official levels

• lack of use or incorrect use of Luxembourgish
orthographical and grammatical norms

• use of non-Luxembourgish words instead of
available Luxembourgish words

• scarcity of Luxembourgish speaking people

Proposing ways to preserve and safeguard Luxem-
bourgish is also grouped in this category. The focal
element of this category is always the language
situation. Even when proposing possible ways to
save the language and reporting the role policy-
makers have in this, the focus always stays on the
language situation and does not shift on secondary
elements. There are a few semantic fields typical
of this category: decay, endangerment, violence
(towards the language).
examples:

1. eng dagesmamm déi lëtzebuergesch schwätzt
ze fannen, ass quasi onméiglech. awer eng
babá fënnt ee séier

2. soss gi mer all frankophon gemaach

3. ech denken sou seier geht dat net verluer

examples where this label is not applicable:

1. bonjour a vill gléck a neie joer.

2. all guddes an deem sënn.

3. ech verstinn eent net,léif fra.

Belonging: The language related ideology ‘belong-
ing’ groups answers to the following questions:

• Do people born outside Luxembourg belong
in Luxembourg?

• Do people speaking Luxembourgish at a basic
level belong to Luxembourg?

• Do people not learning Luxembourgish belong
to Luxembourg?

This category is about the integration in Luxem-
bourgish society of people coming from abroad or
people of non-Luxembourgish descents. It always
involves the presence of foreigners, or of people
not speaking Luxembourgish or not being Luxem-
bourgish native speakers. Two main factors are
significant in this category: 1) Luxembourgish lan-
guage, 2) foreigners. These two factors intertwine
as follows:
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• Luxembourgish language is seen as the only
means of integration in Luxembourgish society
for foreigners

• Foreigners are expected to learn Luxembour-
gish

• Foreigners refuse to learn Luxembourgish lan-
guage

• Luxembourgish language has to be learned at
school for foreigners not to be disadvantaged
in society

• The required level of Luxembourgish to obtain
the citizenship is too low

• Foreigners who learn or try to learn/speak Lux-
embourgish are welcomed in Luxembourgish
society

• Foreigners adapting to Luxembourgish lan-
guage and culture are part of Luxembourgish
society

examples:

1. eischt offiziell sprooch awer onbedengt fir
e kloert zeeche fir d’integratioun ze setzen,
fir eisen auslännesche matbierger kloer ze
verstoen ze ginn dass mir eng eegestänneg
denkweis, sprooch a kultur hunn an si sech
eis unzepassen hunn andeems si net just 1
joer lëtzebuergesch léieren mee bis si et sou
kënnen dass si et och kënne schwätzen a ver-
stoen

2. ween lëtzebuerger wëll ginn muss och lëtze-
buergesch schwätzen

3. ganz traureg daat do. wann et engem
schlecht geht muss een sech kennen an sen-
ger mammesprooch ausdrecken an et huet
een et nët néideg sech vun schlecht gelaun-
ten franséischen infirmièren ungranzen ze
loossen. déi däitsch maachen jo nach éis-
chter en effort an probéieren lëtzebuergesch
ze schwätzen

examples where this label is not applicable:

1. ierch all een schéinen owend

2. där meenung sin ech och.

3. wou soll daat dann hin feieren?

Responsibility: The language related ideology
‘responsibility’ groups opinions about who is con-
sidered responsible for Luxembourgish decay. This
category has two main elements: 1) responsible
agent, 2) subject of responsibility. The subject of re-
sponsibility is the Luxembourgish language decay
(everything defined in ‘vitality’ category) Possible
responsible agents are:

• Politicians and policymakers: because they
don’t defend Luxembourgish language through
adequate language policies and requires a low
Luxembourgish language level to acquire Lux-
embourgish citizenship

• Luxembourgers: because they never impose
themselves to speak Luxembourgish with for-
eigners, they never ask foreigners to learn Lux-
embourgish, but adapt to foreigners with En-
glish, French, or German

• Foreigners: because they refuse to learn/s-
peak Luxembourgish and impose the lan-
guages they can speak (mainly French and
English)

These responsible agents are also seen as respon-
sible for a possible solution to the subject of respon-
sibility. Other expressions fitting in this category
involve Luxembourgers defending themselves from
being called being racist, like ‘we are not racist,
but. . . ’, ‘they call us racist when we advocate for
Luxembourgish.’
examples:

1. dann sollen dei ausländesch elteren emol
ufänken eis sprooch ze leieren mee dofir sin
mer ze faul

2. et ass wéi am palais, do gët och keen lëtze-
buergesch geschwaat.sie hun problemer vir
sech an eiser sprooch ze artikuléieren

3. et as leider net einfach ze verlaangen, dass
soll letzebuergesch geschwaat soll gin, well
soss get een nämlech ganz ganz ganz seier
asl rassist ugesin. wann dir am geschäft en-
gem soot e soll letzebuergesch schwetzen, da
get een einfach lenks leihen gelos an färdeg

examples where this label is not applicable:

1. also muss daat och hei goen.

2. schummt iech!

3. as daat lo wierklech den sprengenden punkt
vun desem artikel?

Recognition: The language related ideology
‘recognition’ groups opinion on Luxembourgish lan-
guage and other languages spoken in the country.
In this category, different ways of acknowledging
languages are involved:

• Luxembourgish considered as an oral lan-
guage or/and a dialect

• Luxembourgish considered as an official, stan-
dardized language, whose norms have to be
followed by speakers/writers
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• Luxembourgish has to be recognized at the
European level as one of the official languages
of the European Union

• Hierarchy among languages

examples:

1. mee ech verstinn haut nach ëmmer net,
wéisou alles, awer och wierklech alles hei zu
lëtzebuerg op franséisch leeft.

2. jo mir hun eng nationalsprooch, an déi solle mir
och héich halen, mee ons stäerkt war ëmmer,
dass mir dräisproocheg waren, an och houfreg
drop waren

3. ass wuel net esou einfach, en dialekt
forcement zu enger sprooch wëllen ze for-
méieren. . .

examples where this label is not applicable:

1. ganz richteg

2. gudd geschriwen

3. bai allem respekt awer dier sidd mengen ech
am joer 1945 henken bliwen.

examples where none of the labels described are
applicable:

• Ech kennen 2 lëtzebuergesch Mammen déi
aleng mat hire Kanner do stin, déi kruten null
Ennerstëtzung fir eng Wunneng ze fannen.

• Letzebuerg huet keen mobiliteitsproblem
ausser moies an owes zu den Spetzenston-
nen.

• Kommt mir lossen eis net mei manipuleiren!

• Do huet de Fotograf awer gutt oppgepass fir
emmer Leit opt Bild ze krein . . .

• gott sein dank dass mir keng vum "adr" an
der spëtz hun soss hätten mir awer wirklech
"FOLKLOR"

• Am EU parlament gouf gestemmt: 39
Jo- 478 neen-165 enthalung-72 abwesend
nozekucken ob dem eu parlameter vun zdf.
do kann een och kucken wien wei ofgestemmt
hued.Letzebuergesch Parlamentarier hun all
neen gestemmt ausser Mme Lulling.

Appendix D

In this appendix, we add further examples of
annotations mislabeled by all the models per
category. The example is first reported in Luxem-
bourgish followed by the English translation, its
gold standard, and the mislabeled annotation by

the models and model generated explanations.

Example 586
Mir sinn schon dat eenzegt Land wou d’Kanner
mussen an enger anerer Sprooch alphabetiséiert
ginn wéi hier Mammensproch, fir den net franco-
phonen=Lëtzebuerger et lo nach méi schwéier ze
machen, sollen d’Kanner lo och nach op franséisch
alphabetiséiert ginn??
We are already the only country where the children
have to be alphabetized in a language other than
their mother tongue, to make it even more difficult
for non-francophone=Luxembourgers, should the
children be alphabetized in French??
Gold standard: responsibility
Magistral : belonging
’The sentence discusses the integration of children
from different linguistic backgrounds into Luxem-
bourgish society, focusing on the role of Luxem-
bourgish language in this process. It involves the
presence of foreigners and the expectation to learn
Luxembourgish.’
DeepSeek: vitality
’The sentence emphasizes the need to use Lux-
embourgish words instead of German or French
words, which aligns with the ’vitality’ category as
it addresses the preservation of Luxembourgish
language.’
Qwen: vitality
’The sentence expresses concern that children in
Luxembourg are being alphabetized in a language
other than their mother tongue (Luxembourgish),
and further that non-French-speaking Luxembour-
gish children are being forced to learn in French,
which is portrayed as making the situation even
harder. This reflects a perception of Luxembour-
gish being threatened by the dominance of other
languages in education — a core concern of the
’vitality’ category, as it highlights endangerment
through institutional language use.’
GPT-5: recognition
’The sentence critiques alphabetizing children in
a language different from their mother tongue and
questions doing it in French, framing Luxembourg-
ers as non-Francophone; this is an opinion about
which languages should be used in official/educa-
tional contexts and the dominance of French.’

Example 339
Si sollen mol zu alleréischt all Lëtzebuergesch
léieren.
First of all, they should all learn Luxembourgish.
Gold standard: belonging
Magistral : identity
’The sentence emphasizes the importance of learn-
ing Luxembourgish first, which is a personal identity
trait.’
DeepSeek: responsibility
’The sentence emphasizes the responsibility of
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teaching Luxembourgish first, highlighting the im-
portance of prioritizing Luxembourgish language
education.’
Qwen: identity
’The sentence emphasizes that children should
learn Luxembourgish ’at first’ (’zu alleréischt’), fram-
ing it as the foundational and primary language
of the national group. The use of ’si sollen’ (they
should) implies a collective norm tied to national
identity Luxembourgish as the essential, first lan-
guage of Luxembourgers, reinforcing the tied con-
nection between national identity and national lan-
guage.’
GPT-5: vitality
’Advocates that all children first learn Luxembour-
gish, emphasizing increased acquisition and prior-
ity of Luxembourgish as a way to strengthen and
preserve the language.’

Example 356
Jo mir hun eng Nationalsprooch, an déi solle mir
och héich halen, mee ons Stäerkt war ëmmer, dass
mir dräisproocheg waren, an och houfreg drop
waren.
Yes, we have a national language, and we should
hold it in high esteem, but our strength has always
been that we were trilingual, and we were also
proud of it.
Gold standard: identity
Magistral : recognition
’The sentence acknowledges Luxembourgish as a
national language and discusses the strength of
being multilingual, which falls under the recognition
category.’
DeepSeek: recognition
’The sentence acknowledges Luxembourgish as
the national language and emphasizes the impor-
tance of maintaining it, fitting the ’Recognition’ cat-
egory.’
Qwen: recognition
’The sentence acknowledges Luxembourgish as
a ’Nationalsprooch’ that should be ’héich gehalen’
(held high), while also recognizing the value of trilin-
gualism (’dräisproocheg’). This reflects a hierarchi-
cal acknowledgment of languages — affirming Lux-
embourgish as official and worthy of prestige, while
accepting coexistence with other languages. This
fits the ’recognition’ category, which deals with sta-
tus, standardization, and hierarchy of languages.’
GPT-5: recognition
’It explicitly discusses the status of Luxembourgish
as a national language and values Luxembourg’s
trilingualism, i.e., views on languages and their
place in the country.’

Example 678
Glaichzaiteg gehéiert Lëtzebuergesch zu onser
Kultur a muss eis erhaale bleiwen!
GLikewise Luxembourgish belongs to our culture
and must be preserved!

Gold standard: vitality
Magistral : identity
’The sentence emphasizes the importance of
Luxembourgish to the national culture and identity,
which is characteristic of the ’Identity’ category.’
DeepSeek: identity
’The sentence emphasizes the importance of
Luxembourgish to Luxembourg’s culture, fitting
the ’Identity’ category as it highlights a connection
between language and national identity.’
Qwen: identity
’The sentence asserts that Luxembourgish belongs
to ’our’ culture and must be preserved, using the
first-person plural ’eis’ (our) to express collective
emotional attachment to the language as a core
element of national identity. This reflects the tied
connection between national identity and national
language, fitting the ’identity’ category.’
GPT-5: identity
’It explicitly links Luxembourgish to ’our culture’ and
uses first-person plural to assert a cultural-national
attachment, a hallmark of the identity category.’

Appendix E

In this appendix, we add row normalized confu-
sion matrices for the Lang subset and for the whole
dataset in analysis (Lang and NotLang) in its origi-
nal language (Luxembourgish) for the four analyzed
models: GPT-5, DeepSeek, Magistral, and Qwen.
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(a) Lang subset

(b) Lang and NotLang subsets

Figure 3: Confusion matrix per annotation with
GPT-5

(a) Lang subset

(b) Lang and Notlang subsets

Figure 4: Confusion matrix per annotation with
DeepSeek
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(a) Lang subset

(b) Lang and NotLang subsets

Figure 5: Confusion matrix per annotation with
Magistral

(a) Lang subset

(b) Lang and NotLang subsets

Figure 6: Confusion matrix per annotation with
Qwen

131



Proceedings of the 1st SoCon Workshop & the 2nd NLPSI Workshop @ LREC 2026, pages 132–145
12 May 2026. ©ELRA Language Resources Association (ELRA), 2026

Personality Anchoring for Social Simulation: Linking Personality,
Social Behavior, and Interaction Success with LLM Agents

Vahid Sadiri Javadi ♠, Aksa Aksa ♠, Fryderyk Róg ♠

Lucie Flek ♠, Johanne R. Trippas ♣

University of Bonn, Conversational AI and Social Analytics (CAISA) Lab, Bonn, Germany ♠

RMIT University, School of Computing Technologies, Melbourne, Australia ♣

Abstract
Social interactions are shaped by the interplay of dispositional traits and situational context, yet systematically
investigating how personality configurations between individuals jointly influence social behavior across diverse social
contexts remains methodologically challenging. We address this gap by introducing a simulation pipeline adapted
from the CHARISMA framework, which employs well-known movie characters and public figures as psychologically
grounded agents for multi-LLM social simulation using a method we term personality anchoring. We present a
large-scale empirical study examining how dyadic Agreeableness composition influences social interaction outcomes
across 1,010 simulated conversations. Our results reveal a monotonic relationship between dyadic Agreeableness
composition and shared goal achievement, with Homogeneous-Agreeable pairs achieving success 10 times the rate
of Homogeneous-Disagreeable pairs (62% vs. 6%). Behavioral mediation analysis reveals that Agreeableness
shapes goal achievement partially through cooperative strategy selection, though it continues to predict outcomes
within the same dominant strategy, indicating pathways beyond observable conversational behavior. Robustness
analyses confirm high consistency of results across repeated simulations (ICC = 0.89) and stable personality
expression across diverse scenarios, validating personality anchoring as a viable operationalization strategy.

Keywords: Simulation, Social Psychology, Large Language Models

1. Introduction

Understanding how dispositional traits and situa-
tional context jointly shape social interaction out-
comes is central to social psychology. Attribution
theory provides a foundational framework for this
inquiry, explaining how individuals infer the causes
of behavior by distinguishing between dispositional
and situational factors (Heider, 1958; Kelley, 1967;
Weiner, 1986). Among dispositional factors, indi-
vidual differences are commonly operationalized
through the Big Five personality framework, within
which Agreeableness has been identified as the di-
mension most closely tied to interpersonal conflict
processes and outcomes (Jensen-Campbell and
Graziano, 2001), with highly agreeable individuals
preferring negotiation and compromise, while those
low in Agreeableness tend toward competitive or
coercive strategies (Graziano et al., 1996; Wilmot
and Ones, 2022). Yet investigating how different
personality configurations between interacting in-
dividuals jointly shape social outcomes across di-
verse contexts remains methodologically challeng-
ing. Traditional experimental methods, while yield-
ing important insights (Aronson et al., 1990), face
limitations in scalability, reproducibility, and the sys-
tematic manipulation of complex social variables
(Nosek et al., 2022; Open Science Collaboration,
2015; Wicherts et al., 2016).

Recent advances in large language models
(LLMs) have created new opportunities for com-

putational social psychology by enabling the simu-
lation of open-ended social interactions at unprece-
dented scale (Park et al., 2023; Zhou et al., 2024).
Prior work has demonstrated that LLMs can effec-
tively simulate Big Five personality traits with behav-
iors that human observers rate as believable (Jiang
et al., 2024; Serapio-García et al., 2025; Javadi
et al., 2025), and frameworks such as SOTOPIA
(Zhou et al., 2024) have enabled systematic eval-
uation of social intelligence in LLM-based agents.
Studies on personality-conditioned agents have fur-
ther explored how traits influence cooperation in
games (Qiu, 2025) and social media behavior in
large-scale simulations (Yang et al., 2024b).

However, several important gaps remain. First,
most existing simulations examine personality
within relatively narrow settings, such as bargain-
ing tasks or cooperative games, without grounding
scenarios in a validated taxonomy of everyday hu-
man goals. Second, personality is typically intro-
duced through explicit trait prompting (e.g., “you
are highly agreeable”), which frames personality
as an instruction rather than a naturally occurring
behavioral tendency. Third, there is limited focus
on dyadic personality composition, i.e., how dif-
ferent configurations of personality traits between
two interacting individuals shape joint outcomes
across varied social contexts. Fourth, existing eval-
uations tend to emphasize overall task outcomes
or persona fidelity, often overlooking the behavior
strategies through which personality influences so-
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cial outcomes, i.e., the conversational mechanisms
that mediate the personality–outcome relationship.

In this paper, we address these gaps by adapt-
ing the CHARISMA framework (Sadiri Javadi et al.,
2026), which employs well-known movie charac-
ters and public figures as psychologically grounded
agents for multi-LLM social simulation. Rather
than assigning abstract trait scores, CHARISMA
leverages LLMs’ embedded knowledge of char-
acters’ backstories and behavioral tendencies to
simulate personality-consistent behavior. We term
this approach personality anchoring. We present
a comprehensive empirical study examining how
the dispositional trait Agreeableness influences so-
cial interaction outcomes. Agreeableness is op-
erationalized through systematic dyadic pairings
of characters with crowd-sourced Big Five profiles
from the Personality Database (PDB)1 across large-
scale simulated conversations spanning seven so-
cial goal categories derived from a taxonomy of
135 human goals (Chulef et al., 2001). Our paper
makes the following contributions:

1. We introduce a personality-driven simulation
methodology that integrates personality through
character-based anchoring, a structured taxon-
omy of human goals, and behavior strategies in
conversational interaction, enabling systematic
analysis of how dispositional traits and situa-
tional factors jointly shape social behavior in
simulated interactions.

2. We conduct a large-scale empirical analysis of
how dyadic Agreeableness composition shapes
social behavior across seven social goal cate-
gories, two difficulty levels, and multiple interac-
tion models.

3. We provide a behavioral mediation analysis ex-
amining whether and how conversational strate-
gies mediate the relationship between personal-
ity composition and interaction outcomes, distin-
guishing between direct and indirect pathways
of personality influence.

4. We evaluate robustness along two dimensions:
(i) result consistency across repeated simula-
tions and (ii) personality expression stability
across diverse scenarios, assessing the reliabil-
ity of character-based anchoring as a personality
operationalization strategy.

The code, dataset, full list of behavior strategies
and characters, and behavioral analysis scripts are
publicly available.2

1https://www.personality-database.com/
2https://github.com/vahidsj/

PersonalityAnchoring

2. Related Work

2.1. LLM-Based Social Simulation
LLM-powered social simulation has scaled rapidly
since the introduction of Generative Agents (Park
et al., 2023), which demonstrated that 25 LLM
agents could sustain coherent social behavior, in-
cluding relationship formation and activity coordi-
nation, over multiple simulated days using mem-
ory, reflection, and planning components. SO-
TOPIA (Zhou et al., 2024) shifted focus to system-
atic evaluation, introducing 90 social scenarios and
a 7-dimensional evaluation framework assessing
goal completion, relationship maintenance, and
social norm adherence, with GPT-4 as an LLM-
based evaluator. Follow-up work has extended
this ecosystem: SOTOPIA-Ω (Zhang et al., 2025)
injects negotiation strategies enabling 7B models
to surpass GPT-4 on social goals, while Sotopia-
RL (Yu et al., 2025) introduces utterance-level
multi-dimensional rewards for training socially intel-
ligent agents. At larger scales, OASIS (Yang et al.,
2024b) simulates up to one million agents on so-
cial media platforms, replicating information spread-
ing and group polarization dynamics. AgentSoci-
ety (Piao et al., 2025) integrates Maslow’s hierar-
chy of needs and the Theory of Planned Behav-
ior into 10,000+ agents, successfully reproducing
real-world social experiments including polariza-
tion dynamics and universal basic income effects.
GenSim (Tang et al., 2025) provides a general-
purpose platform supporting 100K+ agents with
error-correction mechanisms.

Alongside simulation environments, role-playing
language agents have been extensively studied.
RoleLLM (Wang et al., 2024a) benchmarks per-
sona consistency across 100 roles, SimsChat
(Yang et al., 2024a) generates multi-turn dialogues
for 68 characters defined by traits and aspirations,
and SocialBench (Chen et al., 2024) evaluates
agents at both individual and group levels, find-
ing that individual-level proficiency does not imply
group-level competence. These systems demon-
strate that LLM agents can participate in coherent
social interactions, but most do not systematically
ground scenarios in validated psychological tax-
onomies or examine how personality configurations
between interacting agents shape joint outcomes.

2.2. Personality Expression and
Operationalization in LLMs

Research on personality in LLMs has progressed
along three methodological lines: prompting, train-
ing, and activation steering. The prompting ap-
proach is most established. PersonaLLM (Jiang
et al., 2024) assigned Big Five configurations to
320 personas and found large effect sizes in self-
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reported BFI scores, with human evaluators identi-
fying traits at up to 80% accuracy. Serapio-García
et al. (Serapio-García et al., 2025) tested 18 LLMs
with psychometric instruments (IPIP-NEO, BFI),
demonstrating that personality can be reliably mea-
sured and shaped under specific prompting con-
figurations. Additional evidence shows that LLMs
form stable, interpretable Big Five patterns across
repeated trials (Sorokovikova et al., 2024).

More recent work has moved beyond prompt-
ing. BIG5-CHAT (Li et al., 2025) uses supervised
fine-tuning and DPO on a 100K-dialogue dataset
grounded in real human personality expressions,
outperforming prompt-based methods on psycho-
metric measures. Activation-steering approaches
use representation engineering to directly manip-
ulate personality-related internal representations
(Ong et al., 2025), finding that higher Agreeable-
ness improves cooperation but increases exploita-
tion vulnerability. However, psychometric measure-
ment remains challenging: PERSIST (Tosato et al.,
2026) tests 25 models across 2M+ responses and
finds that even 400B+ parameter models show sub-
stantial measurement instability under question re-
ordering. Most studies use explicit trait prompting
(e.g., “you are highly agreeable”) (Jiang et al., 2024;
Serapio-García et al., 2025; Sorokovikova et al.,
2024), which frames personality as an instruction
rather than a naturally occurring behavioral ten-
dency. Character-based approaches such as In-
Character (Wang et al., 2024b) uses psychological
interviews of 32 fictional characters and achieves
80.7% personality alignment with human-perceived
types from the Personality Database. Moon (Moon,
2025) develops narrative backstory conditioning
that reproduces population-level cooperative be-
haviors in social dilemmas without explicit trait la-
bels. Our work follows this character-based line,
leveraging LLMs’ embedded knowledge of well-
known movie characters and public figures’ behav-
ioral tendencies rather than explicit trait descriptors.

When personality-conditioned agents interact in
social tasks, studies show trait effects on coopera-
tive behavior. Huang and Hadfi (Huang and Hadfi,
2024) find that Big Five profiles influence negotia-
tion outcomes and strategy use. NetworkGames
(Qiu, 2025) assigns MBTI types to agents in iterated
Prisoner’s Dilemma on network topologies, show-
ing that macro-level cooperation depends on both
dyadic personality pairings and network structure.
Zeng et al. (Zeng et al., 2025) model dynamic per-
sonality evolution across evolutionary generations.
However, most of these studies examine person-
ality within narrow task domains (e.g., cooperative
games) and focus on individual trait expression
rather than systematic dyadic composition across
diverse social contexts, which is the central focus
of our work.

2.3. Agreeableness and Interpersonal
Conflict

Among the Big Five dimensions, agreeableness
has the strongest theoretical and empirical con-
nection to interpersonal conflict and cooperation.
Graziano et al. (Graziano et al., 1996) demon-
strated through multi-method designs that low-
agreeableness individuals rate power assertion
significantly more favorably during conflict than
their high-agreeableness counterparts. Jensen-
Campbell and Graziano (Jensen-Campbell and
Graziano, 2001) established through diary studies
that agreeableness is the Big Five dimension most
closely associated with conflict processes and out-
comes, with low-agreeableness individuals using
more destructive tactics that predict poorer adjust-
ment. The most comprehensive quantitative review
to date, by Wilmot and Ones (Wilmot and Ones,
2022), synthesizes 142 meta-analyses across 275
variables, confirming that agreeableness produces
desirable effects for 93% of variables examined.
Thielmann et al. (Thielmann et al., 2020) provide a
complementary theoretical framework identifying
situational affordances that moderate personality–
prosociality links across economic games.

Recent computational studies converge with
these psychological findings. Sakai et al. (Sakai
et al., 2025) test personality steering in repeated
Prisoner’s Dilemma and find agreeableness is the
dominant factor promoting cooperation across mul-
tiple LLM models. Noh and Chang (Noh and Chang,
2024) report across 1,500 multi-issue negotiation
simulations that agreeableness is the most impor-
tant personality trait for negotiation outcomes.

Our work extends this body of research in three
ways. First, we examine the agreeableness effects
across diverse social goal categories rather than
in a single task domain. Second, we operational-
ize personality through character-based anchoring
rather than explicit trait prompting. Third, we ana-
lyze the behavior strategies through which agree-
ableness influences outcomes, i.e., the conversa-
tional mechanisms that mediate the personality–
outcome relationship.

3. Methodology

We introduce a simulation pipeline adapted from
the CHARISMA framework (Sadiri Javadi et al.,
2026) for a large-scale empirical study of how dis-
positional traits and situational factors jointly shape
social behavior in social interactions. As shown
in Figure 1, the simulation pipeline consists of five
stages: (1) social scenario setup, (2) character pair-
ing curation, (3) scenario generation and curation,
(4) interaction generation with behavior strategy,
and (5) simulation evaluation.
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Figure 1: Overview of the simulation pipeline adapted from CHARISMA. Stage 1: Social scenario setup
derives shared goals, social goal categories, personal goals, and social roles from a 135-goal taxonomy
(See Section 3.1). Stage 2: Characters with crowd-sourced Big Five profiles from the Personality Database
are paired into four Agreeableness conditions (See Section 3.2). Stage 3: Scenarios are generated at
two difficulty levels and curated through coherence filtering, entailment scoring, balanced selection, and
manual verification (See Section 3.3). Stage 4: Two LLM agents engage in 20-turn dialogues where
each turn involves behavior strategy selection, personality reasoning, and response generation (See
Section 3.4). Stage 5: Evaluation covers personality–outcome analysis, behavioral mediation, and
robustness assessment (See Section 3.5).

3.1. Social Scenario Setup
Social scenarios are grounded in a validated goal-
driven structure. Instead of generating scenarios ad
hoc, the framework adopts the 135 Human Goals
Taxonomy (Chulef et al., 2001), a systematically or-
ganized hierarchy derived from extensive empirical
research. Each goal serves as a seed for scenario
generation, providing the shared objective around
which agent interactions are structured. To bridge
abstract human goals and concrete social interac-
tion patterns, each goal is classified into one of
eight social goal categories: Cooperation, Con-
flict Resolution, Relationship Building, Relationship
Maintenance, Identity Recognition, Information Ac-
quisition, Information Provision, and Competition.
These categories are informed by classical social
interaction typologies (Nisbet, 1970) and research
on interpersonal goals (Clark and Mills, 1979). For
each scenario, the framework specifies four compo-
nents: (1) a shared goal drawn from the taxonomy,
(2) a social goal category classifying the interac-
tion type, (3) personal goals for each agent that
may complement or conflict with the shared goal,
and (4) social roles defining relational positions.
This multi-layered goal structure creates conditions
for rich interactions by introducing both alignment
and potential tension between agents.

3.2. Character Pairing Curation
We operationalize personality through personal-
ity anchoring, rather than assigning abstract trait
scores or relying on explicit trait prompting. This
approach leverages LLMs’ embedded knowledge
of well-known movie characters and public figures
to elicit personality-consistent behavior. Characters
are sourced from the Personality Database (PDB),
a large-scale crowd-sourced platform where users
vote on personality traits using multiple frameworks,
including the Big Five Inventory (BFI).

Characters undergo a multi-stage filtering pro-
cess. First, a vote-threshold filter ensures a suffi-
cient number of independent ratings. Second, an
inter-rater agreement filter retains only charac-
ters with consistent BFI assessments across raters.
Third, characters are ranked using an Agreeable-
ness score that quantifies voting support for the
assigned Agreeableness level:

Rank =
cmain

cmain + cother
(1)

where cmain is the vote count for the character’s
assigned Agreeableness value and cother is the vote
count for the closest alternative. We select five
characters at each of four Agreeableness levels
{0.0, 0.25, 0.75, 1.0}, yielding 20 characters in total

135



(See Appendix A.1 for the full list). The neutral
level {0.5} is excluded because it lacks distinctive
behavioral characteristics.

Condition Abbrev. Agent A & B
Homogeneous-Disagreeable HoD {0.0, 0.25}
Heterogeneous-Extreme HeE {0.0, 1.0}
Heterogeneous-Moderate HeM {0.25, 0.75}
Homogeneous-Agreeable HoA {0.75, 1.0}

Table 1: Dyadic personality composition conditions
based on Agreeableness levels.

As shown in Table 1, characters are paired
into four conditions that vary in dyadic personality
composition. Homogeneous-Disagreeable (HoD)
pairs two low-Agreeableness agents, whereas
Homogeneous-Agreeable (HoA) pairs two high-
Agreeableness agents. Heterogeneous-Extreme
(HeE) represents the maximum contrast between
low and high Agreeableness, and Heterogeneous-
Moderate (HeM) introduces a moderate contrast
between the two agents. Within each condition,
every agent interacts with every agent from the cor-
responding level (5 × 5 = 25 pairs), yielding 100
unique dyads across all four conditions.

3.3. Scenario Generation and Curation
Each scenario setup is expanded into a detailed
narrative description at two difficulty levels: Easy
(straightforward dynamics) and Hard (high ten-
sion), enabling analysis of how personality effects
vary under different situational demands. Three
LLMs (DeepSeek-Chat-v3-0324, Google Gemini
3 Flash, and OpenAI GPT-5.2) generate scenario
setups from the 135 human goals, with a model-
consistency approach ensuring that the same
model expands its own setups into full scenarios.
Generated scenarios undergo a multi-stage cura-
tion pipeline. A coherence filter (threshold ≥ 0.8),
based on LLM-as-a-judge evaluation (Liu et al.,
2023), retains only logically consistent scenarios.
An entailment filter (threshold ≥ 0.6) uses a pre-
trained NLI model (Lewis et al., 2020) to verify align-
ment between scenario specifications and gener-
ated content. A balanced selection phase caps
scenarios per social goal category while ensuring
representation across models and difficulty levels.
Finally, a manual verification audit on a stratified
12.6% subset confirms quality along 5 dimensions:
goal clarity, role plausibility, social realism, difficulty
alignment, and conversational achievability.

The final curated dataset comprises 277 high-
quality scenarios. Of the original 8 social goal cate-
gories, Information Provision was excluded due to
insufficient post-filtering representation, leaving 7
categories that are approximately balanced across
models and difficulty levels.

3.4. Interaction Generation
Two LLM-based agents interact in maximum 20-
turn dialogues. Consistent with the personality an-
choring approach, each agent is instantiated with
its character identity, relying on the LLM’s internal
knowledge of the character rather than providing
explicit personality information, along with the sce-
nario context, including its assigned role, personal
goal, and shared goal.

A central feature of the interaction protocol is the
integration of behavior strategy into the gener-
ation process. Rather than generating free-form
utterances, each agent follows a structured turn-
taking sequence:

1. Behavior strategy selection: the agent selects
a communicative intent label (e.g., Propose,
Challenge, Encourage) from a coding scheme
organized into category-specific and universal
codes (See Appendix A.2 for the full list). It can
also select None if no code fits the response.

2. Personality reasoning: the agent reasons
about how its personality traits should influence
the response.

3. Response generation: guided by the selected
code and personality reasoning, the agent pro-
duces a natural-language utterance.

4. Trait score reporting: the agent reports numer-
ical BFI scores reflecting trait levels expressed
in the current turn.

Individual behavior strategies are aggregated
into three higher-order behavior strategy groups:
Cooperative (e.g., Encourage, Express Gratitude,
Build Consensus), Confrontational (e.g., Chal-
lenge, Dismiss, Taunt, Threaten), and Neutral (e.g.,
Inquire, Clarify, Inform). This aggregation enables
analysis of how Agreeableness configurations re-
late to conversational strategy selection and, sub-
sequently, to interaction outcomes. This provides
the analytical basis for the behavioral mediation
analysis described in Section 4.2.

3.5. Simulation Evaluation
Evaluation covers three complementary dimen-
sions, corresponding to our experimental research
questions.
Personality–Goal Achievement analysis exam-
ines how shared goal achievement scores vary
across the four Agreeableness pairing conditions.
Goal achievement is assessed using an LLM-as-
a-judge approach: the evaluator model receives
the complete interaction transcript, scenario spec-
ification, and scoring rubric, then assigns scores
on a 0–10 scale for both shared and personal goal
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achievement with accompanying reasoning and
confidence assessments.
Behavioral mediation analysis examines how
conversational strategy distributions differ across
Agreeableness conditions and social goal cate-
gories, and whether conversational strategies medi-
ate the relationship between dyadic Agreeableness
composition and goal achievement. This analy-
sis operates at multiple levels: pairing-condition
aggregates, and mediation pathways linking per-
sonality→ conversational strategies→ shared goal
achievement.
Robustness analysis assesses two forms of relia-
bility. Results consistency is measured by repeat-
ing simulations under identical conditions (same
agent pair, scenario, and LLM) across multiple runs
and computing intraclass correlation coefficients
(ICC). Personality expression consistency evalu-
ates whether the same character exhibits stable
Agreeableness expression across different scenar-
ios within the same social goal category, testing
a core assumption of personality anchoring: that
LLM agents can embody stable personality profiles
through character knowledge alone.

4. Experiments and Results

We conduct four experiments across 1,010 con-
versations to examine how dyadic Agreeableness
composition shapes social interaction outcomes,
the behavior strategies underlying this relationship,
and the robustness of both results (i.e., shared goal
achievement) and personality expression. Table 2
summarizes the experimental design.

Research Question # Conv. Focus
1. Personality → GA 400 Direct effects
2. Personality → BS → GA 400 Mediation
3. Result Consistency 250 Robustness
4. Personality Expression 360 Trait stability

Table 2: Overview of the experimental design, in-
cluding the number of conversations and the ana-
lytical focus for each RQ. GA = Goal Achievement;
BS = Behavior Strategy. Experiments 1 and 2 are
conducted on the same conversation dataset.

Shared Configuration. All experiments build on
the curated scenario database of 277 scenarios
spanning 7 social goal categories. The primary
interaction model is DeepSeek-Chat-v3-0324, with
Mistral Large as a cross-model replication. Each
conversation comprises 20 turns (10 per agent).
Evaluation uses DeepSeek-Chat-v3-0324 as an
LLM-as-a-judge, scoring shared and personal goal
achievement on a 0–10 scale with accompanying
reasoning and confidence assessments.

4.1. Experiment 1: Personality and Goal
Achievement

Design. We generate 400 conversations dis-
tributed evenly across the four Agreeableness pair-
ing conditions (100 per condition). Each of the 100
unique agent pairs participates in 4 conversations,
each assigned to a distinct social goal category
via constrained randomization ensuring balance
across the 7 categories (∼57 conversations per
category).

Results. Table 3 presents the primary outcome
measure: mean shared goal achievement by pair-
ing condition. Shared goal achievement increases
monotonically from HoD to HoA, with a 5-point
spread on the 10-point scale.

Pair Type Agreeableness Mean Success@8
HoD 0.0 – 0.25 2.3 6%
HeE 0.0 – 1.0 3.7 11%
HeM 0.25 – 0.75 5.6 38%
HoA 0.75 – 1.0 7.3 62%

Table 3: Mean shared goal achievement (0–10)
and strong success rate (score ≥ 8) by Agreeable-
ness pair type.

Applying a threshold of shared goal score ≥ 8
(“strong success”), HoA pairs achieve strong suc-
cess in 62% of interactions compared to only 6% for
HoD pairs, showing a significant difference. Mixed
pairs show intermediate success rates but remain
closer to HoD than HoA, indicating that consistently
high-level success is primarily associated with mu-
tually high Agreeableness rather than the presence
of a single agreeable agent.

As shown in Figure 2, the Agreeableness effect
holds across all seven social goal categories. Cat-
egories such as Relationship Maintenance, Identity
Recognition, and Cooperation show the strongest
HoD–HoA contrast, while Competition shows the
smallest effect (HoD: 1.5; HoA: 4.4), suggesting
that competitive scenarios pose structural chal-
lenges that high Agreeableness alone cannot fully
overcome. The effect holds across both difficulty
levels (Easy: HoD 2.2, HoA 7.5; Hard: HoD 2.4,
HoA 6.9) and all three scenario-generating mod-
els (DeepSeek: HoD 2.1, HoA 7.5; Gemini: HoD
2.1, HoA 6.2; OpenAI: HoD 2.8, HoA 8.0), confirm-
ing that the observed pattern is not an artifact of
specific scenario sources or ceiling effects.

Cross-model replication. Replicating with Mis-
tral as the interaction backbone preserves the
same monotonic ordering and comparable suc-
cess rates (HoD: 4%; HoA: 61%), confirming that
the personality–outcome relationship generalizes
across interaction models.
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Figure 2: Mean shared goal achievement by social
goal category× Agreeableness pair type. The HoD
< HoA contrast is preserved across all categories,
with the largest effects in relationally oriented cate-
gories and the smallest in Competition.

Figure 3: Top behavior strategies by Agreeable-
ness pair type. HoD pairs are dominated by con-
frontational behaviors (Challenge, Dismiss), while
HoA pairs favor cooperative strategies (Encourage,
Express Gratitude, Build Consensus).

4.2. Experiment 2: Behavioral Analysis

Design. Using the same 400 conversations from
Experiment 1, we analyze behavior code distri-
butions across pairing conditions and examine
whether conversational strategies mediate the
Agreeableness–outcome relationship.

Behavioral profiles by pair type. As illustrated
in Figure 3, Agreeableness configuration produces
distinct behavioral signatures. HoD pairs are dom-
inated by confrontational behaviors: Challenge
(17.3%), Dismiss, Taunt, and Withdraw charac-
terize the interaction style. HoA pairs exhibit a
predominantly prosocial profile: Humor (24.2%)
and Encourage (17.3%) together account for over
40% of behaviors, supplemented by Express Grati-
tude, Build Consensus, and Self-Disclose. Notably,
Encourage is virtually absent in HoD pairs, while
Challenge drops from 17.3% (HoD) to 4.9% (HoA).
Mixed pairs exhibit intermediate profiles reflecting
both orientations.

Figure 4: Behavior group proportions by Agreeable-
ness pair type. HoD pairs employ predominantly
Confrontational strategies, while HoA pairs favor
Cooperative and Neutral behaviors.

Behavior strategy groups and goal achieve-
ment. As shown in Figure 4, when individual
behavior strategies are aggregated into Cooper-
ative, Confrontational, and Neutral strategy groups,
the mediation pathway becomes clear. HoD pairs
employ predominantly Confrontational strategies
(∼55% of turns) with minimal Cooperative behavior
(∼20%), while HoA pairs show the reverse pat-
tern. Conversations dominated by Cooperative
strategies achieve substantially higher shared goal
scores (mean = 7.1) compared to Neutral (mean
= 5.3) or Confrontational-dominant conversations
(mean = 2.5).

Partial mediation. As shown in Table 4, a joint
analysis crossing dominant behavior strategy with
Agreeableness pair type reveals that Agreeable-
ness continues to predict outcomes within the same
dominant strategy. When both HoD and HoA pairs
employ Cooperative strategies, HoA pairs still out-
perform HoD (8.1 vs. 5.7). Similarly, when both em-
ploy Confrontational strategies, HoA pairs achieve
higher scores than HoD (3.8 vs. 1.6). This pattern
indicates partial rather than full mediation: Agree-
ableness shapes outcomes both by increasing the
likelihood of cooperative behavior and through ad-
ditional pathways beyond strategy selection.

Dominant Behavior Strategy
Pair Type Cooperative Neutral Confrontational
HoD 5.7 3.3 1.6
HeE 6.5 3.8 1.8
HeM 7.0 5.2 2.3
HoA 8.1 6.2 3.8

Table 4: Mean shared goal achievement by strat-
egy × pair type. Agreeableness predicts outcomes
within strategy groups.
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4.3. Experiment 3: Result Robustness

Design. Fifty conversation configurations from
Experiment 1 are each repeated 5 times under
identical conditions (same agent pair, scenario,
and model), yielding 250 conversations. Only the
stochastic sampling inherent in LLM generation
varies across repetitions.

Results. The pooled standard deviation across
repeated runs is 0.98 for shared goal achievement
on the 0–10 scale, which is modest relative to the 5-
point spread between HoD and HoA means. Single-
run intraclass correlation coefficients (ICC3,1) reach
0.89 for shared goal achievement, indicating good-
to-excellent reliability (Koo and Li, 2016). When av-
eraged over 5 runs, reliability increases to ICC3, k
= 0.97. Approximately 94–96% of configurations
exhibit variance below 3.0, confirming that the con-
sistency of results is broadly uniform rather than
driven by a subset of stable cases.

4.4. Experiment 4: Personality
Expression Stability

Design. Each of the 20 agents interacts with 3
partners across 6 scenarios within each of two so-
cial goal categories (Cooperation and Conflict Res-
olution), yielding 360 conversations. A partner bal-
ance rule ensures each agent is exposed to both
low- and high-Agreeableness partners.

Results. As shown in Figure 5, agents maintain
consistent Agreeableness expression across sce-
narios within each category (Figure 5). Characters
at the extremes, such as Logan Roy (expected:
0.0) and Anne Shirley-Cuthbert (expected: 1.0),
show tight clustering of expressed values across
all scenarios.

More moderate characters show wider but still
bounded variability. Critically, the categorical dis-
tinction between low and high Agreeableness is
preserved across all agents: those expected to be
low consistently express values below the 0.5 mid-
point, while those expected to be high consistently
express values above it.

Expression patterns are similar across the Coop-
eration and Conflict Resolution categories, suggest-
ing that consistency is a property of the character
rather than the situational context. These findings
validate personality anchoring as a viable opera-
tionalization strategy: without receiving explicit per-
sonality scores, LLM agents embody characters in
ways that reflect expected trait levels based on the
model’s internal knowledge.

Figure 5: Expressed Agreeableness per agent
across scenarios for Conflict Resolution (top) and
Cooperation (bottom). Each point represents one
conversation. Characters at the extremes show
tight clustering; the categorical distinction between
low (<0.5) and high (>0.5) Agreeableness is pre-
served across all agents.

5. Conclusion

In this paper, we present a large-scale empiri-
cal study of how dyadic personality composition
shapes social interaction outcomes in LLM-based
simulations, using a simulation pipeline adapted
from the CHARISMA framework. By leveraging
LLMs’ embedded knowledge of well-known movie
characters and public figures, we operationalize
personality as a naturally occurring behavioral ten-
dency grounded in character identity. Across 1,010
simulated conversations spanning seven social
goal categories, our findings reveal that first, dyadic
Agreeableness composition exhibits a strong mono-
tonic relationship with shared goal achievement.
Second, behavioral mediation analysis demon-
strates that Agreeableness influences outcomes
partially through the selection of cooperative versus
confrontational conversational strategies. Third, ro-
bustness analyses confirm both high outcome con-
sistency across repeated simulations and stable
personality expression across diverse scenarios.
By connecting established psychological constructs
with LLM-based agent interactions, this work con-
tributes toward a methodological bridge between
social psychology and NLP, enabling the systematic
examination of how individual differences shape so-
cial behavior at a scale.
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6. Limitations

Several limitations should be acknowledged when
interpreting our findings.
1. Our study focuses exclusively on Agreeableness
as the focal personality dimension. While Agree-
ableness has the strongest theoretical connection
to interpersonal conflict and cooperation, social
interaction outcomes are likely shaped by the inter-
play of multiple Big Five traits. Future work should
examine how other dimensions, such as Extraver-
sion or Neuroticism, interact with Agreeableness in
dyadic settings.
2. Personality anchoring relies on LLMs’ pre-
existing knowledge of well-known characters, which
introduces potential biases. Characters from West-
ern media dominate the Personality Database, lim-
iting cultural diversity in the agent pool. Moreover,
the behavioral tendencies that LLMs associate with
specific characters may reflect stereotypical por-
trayals rather than psychologically nuanced profiles,
and these associations may vary across different
LLMs depending on their training data.
3. Our evaluation relies on LLM-as-a-judge scoring
for goal achievement assessment. While this ap-
proach enables scalable evaluation and has shown
alignment with human judgments in prior work, it
may introduce systematic biases, for instance, fa-
voring linguistically fluent or explicitly cooperative
interactions regardless of actual goal progress. Hu-
man evaluation on a larger subset would strengthen
the validity of our findings.
4. Our experiments use a limited set of LLMs for
both interaction generation and evaluation. While
cross-model replication with Mistral Large provides
some evidence of generalizability, the extent to
which our findings transfer to other model families
remains an open question.

7. Ethical Consideration

Our work raises several ethical considerations that
warrant discussion.
1. Simulating personality-driven social interac-
tions using LLM agents carries the risk of reinforc-
ing stereotypical associations between personality
traits and behavioral outcomes. Our finding that
low-Agreeableness agents consistently underper-
form in shared goal achievement should not be
interpreted as a deterministic claim about individu-
als with low Agreeableness in real life, where con-
textual factors, personal growth, and the multidi-
mensionality of personality play crucial mediating
roles.
2. The use of well-known movie characters and
public figures as personality anchors raises ques-
tions about representational fairness. Characters
are drawn primarily from Western media, which lim-

its the cultural and demographic diversity of the
simulated agents. The inclusion of a real political
figure (Joe Biden) among the character set further
requires caution, as simulated behaviors attributed
to real individuals may be misinterpreted as reflect-
ing their actual dispositions or actions.
3., while our framework is designed for research
purposes in computational social psychology, the
methodology could potentially be repurposed to
simulate or predict individuals’ social behavior
based on personality profiles, raising privacy and
consent concerns. We emphasize that our work
studies aggregate patterns across fictional charac-
ters and should not be applied to profile or make
judgments about real individuals.
4. LLM-based social simulation, while offering
scalability advantages over traditional experiments,
should be understood as a complementary tool
rather than a replacement for studies involving hu-
man participants. Simulated interactions do not
capture the full richness of human social cogni-
tion, emotional experience, or moral reasoning, and
findings from such simulations should be validated
against human behavioral data before informing
real-world applications or policy decisions.
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A. Appendices

A.1. Character List

Character Category Subcategory Genre Gender Agreeableness

Anton Chigurh Movies No Country for Old Men (2007) Crime/Thriller Male 0.00
Kat Stratford Movies 10 Things I Hate About You (1999) Romance/Comedy Female 0.00
Logan Roy Television Succession (2018) Drama Male 0.00
Michael Myers Movies Halloween (1978) Horror Male 0.00
Tuco Salamanca Television Breaking Bad (2008) Crime/Drama Male 0.00
Anthony “Tony” Stonem Television Skins UK (2007) Drama Male 0.25
Captain Jack Sparrow Movies Pirates of the Caribbean Adventure/Fantasy Male 0.25
James Cook Television Skins UK (2007) Drama Male 0.25
Mike Ehrmantraut Television Breaking Bad (2008) Crime/Drama Male 0.25
Tokio Television Money Heist (La Casa de Papel) (2017) Crime/Thriller Female 0.25
Anne Shirley-Cuthbert Television Anne with an E (2017) Drama Female 0.75
Joe Biden Political Presidents of the USA Political Male 0.75
Karen Smith Movies Mean Girls (2004) Comedy Female 0.75
Serena van der Woodsen Television Gossip Girl (2007) Drama Female 0.75
Tori Vega Television Victorious (2010) Comedy Female 0.75
Dale Cooper Television Twin Peaks (1990) Mystery/Drama Male 1.00
Elle Woods Movies Legally Blonde (2001) Comedy Female 1.00
Neil Perry Movies Dead Poets Society (1989) Drama Male 1.00
Peeta Mellark Movies The Hunger Games (Franchise) Science Fiction Male 1.00
Phil Dunphy Television Modern Family (2009) Comedy Male 1.00

Table 5: List of characters selected for the simulation experiments, including their media category,
subcategory, genre, gender, and Agreeableness scores.

A.2. Behavioral Coding Scheme

Table 6: Behavioral codebook used for interaction annotation. Each code is associated with a social goal
category (Type of Act) and classified into a behavioral strategy group.

Behaviour Strategy Definition Type of Act Example Behavioral Group

Inquire Ask direct question Information Acquisition "Can you explain why this formula works in prac-
tice?"

Neutral

Clarify Seek explanation Information Acquisition "Do you mean I shouldn’t try the experiment
independently yet?"

Neutral

Probe Ask deeper detail Information Acquisition "What do you mean by calling the reaction un-
stable?"

Neutral

Challenge Test claim Information Acquisition "But how do you know this method is always
reliable?"

Confrontational

Request Example Ask for illustration Information Acquisition "Can you show me a time this technique failed?" Cooperative
Check Understanding Verify comprehension Information Acquisition "So you’re saying small errors can ruin the

whole batch, right?"
Neutral

Interrupt Cut in Information Acquisition "Just stop and tell me the answer directly!" Confrontational
Badger Press repeatedly Information Acquisition "Why? Why? Why can’t it work differently?" Confrontational
Twist Question Trap question Information Acquisition "So you admit your first explanation was

wrong?"
Confrontational

Inform Share fact Information Provision "You must heat it to 200°C for stability." Neutral
Elaborate Add detail Information Provision "The temperature matters because molecular

bonds are more fragile at lower heat."
Neutral

Correct Rectify Information Provision "Actually, it’s not sodium chloride, it’s sodium
carbonate."

Neutral

Advise Suggest practice Information Provision "I recommend measuring twice before mixing." Cooperative
Warn Issue caution Information Provision "If you rush this step, the mixture could ex-

plode."
Neutral

Give Example Illustrate Information Provision "It’s like baking—too much flour ruins the cake." Cooperative
Dismiss Reject Information Provision "That’s not important right now." Confrontational
Over-explain Patronize Information Provision "Clearly you don’t get it, so let me dumb it

down."
Confrontational
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Behaviour Strategy Definition Type of Act Example Behavioral Group

Withhold Omit Information Provision "I’ll keep the final step to myself for now." Confrontational
Encourage Motivate Relationship Building "You’re improving faster than most beginners." Cooperative
Self-disclose Share vulnerability Relationship Building "I used to panic during my first experiments too." Cooperative
Compliment Affirm ability Relationship Building "You’re very precise with your measurements." Cooperative
Humor / Banter Lighten mood Relationship Building "If this blows up, at least we’ll have fireworks!" Cooperative
Express Gratitude Appreciate Relationship Building "Thanks for double-checking my notes." Cooperative
Show Interest Attend Relationship Building "How did you come up with that idea?" Cooperative
Exclude Shut out Relationship Building "This discussion isn’t for you to join." Confrontational
Mock Tease hostilely Relationship Building "Wow, you’re a regular Einstein." Confrontational
Ridicule Humiliate Relationship Building "You’ll never get this right, you’re too slow." Confrontational
Empathize Validate Relationship Maintenance "I know it’s stressful, but you’re doing fine." Cooperative
Politeness Respectful phrasing Relationship Maintenance "Could you please explain that again?" Cooperative
Encourage Sustain motivation Relationship Maintenance "We’re almost there, keep pushing." Cooperative
Check-in Reassure Relationship Maintenance "Are we still on the same page here?" Cooperative
De-escalate Calm conflict Relationship Maintenance "Let’s pause before we argue further." Cooperative
Repair Attempt Restore harmony Relationship Maintenance "Sorry if I came across too harsh earlier." Cooperative
Sarcasm Dismissive humor Relationship Maintenance "Oh sure, you’re the master chemist now." Confrontational
Stonewall Withdraw Relationship Maintenance ". . . (silence, no response)" Confrontational
Passive-aggressive Indirect resistance Relationship Maintenance "Fine, I’ll do it. . . someday." Confrontational
Withdraw Detach Relationship Maintenance "Whatever, do it yourself." Confrontational
Assert Authority Establish role Identity Recognition "I’ve taught this for 20 years—you need to follow

my lead."
Confrontational

Defer / Yield Accept other’s role Identity Recognition "You’re more experienced, so I’ll follow you." Cooperative
Acknowledge Expertise Recognize status Identity Recognition "You’re clearly skilled at precision." Cooperative
Attribute / Label Highlight quality Identity Recognition "You’re a natural problem-solver." Neutral
Defend Identity Protect image Identity Recognition "I might be new, but I’m capable of learning." Neutral
Challenge Status Question role Identity Recognition "Why should you always be in charge?" Confrontational
Dismiss Identity Undermine Identity Recognition "You’re not really qualified to lead." Confrontational
Boast Identity Overclaim Identity Recognition "I’m the smartest one here, no doubt." Neutral
Identity Attack Insult Identity Recognition "You’re useless as a mentor." Confrontational
Propose Suggest plan Cooperation "I’ll measure, you handle mixing." Cooperative
Negotiate Balance needs Cooperation "We can try your method first, then mine." Cooperative
Coordinate Organize Cooperation "You start the timer while I weigh the sample." Cooperative
Assist Help Cooperation "I’ll grab the glassware for you." Cooperative
Build Consensus Align group Cooperation "Do we all agree on this approach?" Cooperative
Share Resources Provide tools Cooperation "Here’s my notebook—you can use the data." Cooperative
Reluctant Cooperation Half-hearted Cooperation "Fine, I’ll do it, but only this once." Confrontational
Conditional Help Attach strings Cooperation "I’ll help if you do my task later." Confrontational
Undermine Cooperation Fake help Cooperation "I’ll mix this—oops, spilled it." Confrontational
Refuse Cooperation Deny Cooperation "No, I won’t work with you on this." Confrontational
Criticize Express dissatisfaction Competition "This is way too slow." Confrontational
Defend Hold position Competition "No, my method is better than yours." Neutral
One-up Compare Competition "I got better results than you did." Confrontational
Claim Credit Ownership Competition "That was my idea, not yours." Neutral
Boast Self-promotion Competition "I’m the fastest in this class." Neutral
Dismiss / Undermine Belittle Competition "Your approach is useless." Confrontational
Sabotage Obstruct Competition "I didn’t give you the full instructions." Confrontational
Refuse to Share Withhold Competition "No, I won’t tell you my method." Confrontational
Taunt Intimidate Competition "You’ll never keep up with me." Confrontational
Exploit Weakness Attack vulnerability Competition "You always panic—this will break you." Confrontational
Persuade Shift perspective Conflict Resolution "Try it my way—it’s safer and faster." Cooperative
Mediate Reframe Conflict Resolution "Let’s focus on our shared goal instead." Cooperative
Problem-solve Suggest fix Conflict Resolution "What if we combine both approaches?" Cooperative
Concede Back down Conflict Resolution "Alright, we’ll do it your way." Cooperative
Acknowledge Fault Admit Conflict Resolution "I was too impatient earlier." Cooperative
Express Regret Apologize Conflict Resolution "I shouldn’t have snapped at you." Cooperative
Disagree Reject purposal Conflict Resolution "I can’t support that plan." Neutral
Blame Accuse Conflict Resolution "This mistake was your fault." Confrontational
Threaten Intimidate Conflict Resolution "If you ignore me, I’ll quit." Confrontational
Escalate Intensify Conflict Resolution "This is ridiculous—I’m done with this team!" Confrontational
Counter-accuse Deflect blame Conflict Resolution "Don’t blame me—it was your error." Confrontational
Acknowledge Recognize statement Universal Right, I follow you there. Cooperative
Express Emotion Show feeling Universal That actually frustrates me a bit. Neutral
Humor Use humor or irony Universal Well, that went up in smoke faster than my last

plan!
Neutral

Self-Disclose Share experience Universal Back when I started, I made the same mistake. Cooperative
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Behaviour Strategy Definition Type of Act Example Behavioral Group

Encourage Sustain motivation Universal That’s worth exploring further. Cooperative
Reflect Restate point Universal So you’re saying the deadline’s the real issue. Neutral
Meta-Comment Note conversation flow Universal We seem to be talking past each other right

now.
Neutral

Challenge Question idea Universal Maybe, but have you considered the downside? Confrontational
Interrupt Cut in to speak Universal Hold on—let me finish that point. Confrontational
Dismiss Reject input Universal That’s not really relevant. Confrontational
Sarcasm Mock indirectly Universal Oh sure, because that worked so well last time. Confrontational
Deflect Shift topic Universal Let’s not get into that right now. Neutral
Shift Topic Move discussion Universal Anyway, about tomorrow’s plan. . . Neutral
Withdraw Pull back participation Universal I think I’ll stay out of this one. Confrontational
Express Gratitude Thank contribution Universal Thanks, that helps clarify things. Cooperative
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