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Abstract

Modeling how diverse communities respond to
public health messages is critical for training
students to design targeted communication ma-
terials. However, no method is currently avail-
able to iteratively evaluate how different pop-
ulations may perceive their campaign designs
before human-subject testing. Despite progress
in VLM/LLM-based psychometric simulation,
community simulators for public health educa-
tion remain largely unexplored. We reframe
VLMs as attribute-aware community response
simulators and introduce CLAAS, to our knowl-
edge the first multimodal response simulation
tool for public-health higher education. CLAAS
aligns open-source VLMs, such as Gemma3s,
Llama-3.2, and Qwen2.5-VL, with an in-house
survey dataset of 33K+ responses from 1K+
participants to simulate trait-conditioned emo-
tional, behavioral, and sentimental responses.
Quantitatively, attribute-aligned VLMs consis-
tently outperform zero-shot and random base-
lines and generalize to unseen communication
strategies. Beyond dataset evaluation, our pi-
lot studies in real course sessions across two
semesters demonstrate CLAAS’s potential practi-
cal relevance in educational settings. Most stu-
dents reported CLAAS provided useful feedback
and generated responses aligned with their ex-
pectations. This study suggests attribute-aware
VLM support experiential public health educa-
tion and promote a socially impactful research
direction: interactive population simulator for
community-centered communication design.

1 Introduction

Public health education helps students understand
how diverse communities perceive, interpret, and
respond to health campaign messages to design
health posters that effectively promote awareness,
shape individuals’ opinions, and motivate healthier
behaviors at scale (Adegoke et al., 2024). Although
students are trained to account for demographic di-
versity, behavioral factors, and social context when

designing health messages, their exposure is often
limited to static case studies or hypothetical scenar-
ios. As a result, public health students have limited
opportunities to experiment with how different pop-
ulations may respond to different health messages
before entering practice, especially if there are risks
of adverse effects.! 2. Individual attitudes around
health issues, such as vaccination, diet, and vas-
cular health, are influenced by multiple interweav-
ing factors. Societal views, individual personality,
lived experience, and perceptions of behavioral con-
trol create a wide spectrum of responses to health
communication messages (Taboada-Vazquez et al.,
2021; Olsacher et al., 2023; Nah et al., 2023). Eval-
uating health communication strategies in real com-
munities is costly and time-intensive, thereby moti-
vating the need for efficient and reliable response
simulation methods to support experiential learning
and assessment of health messages. A recurring
challenge for public health education is the lack
of practical classroom tools to iteratively test and
evaluate how different communities, represented
by the respective demographic compositions of in-
dividuals and each of them further characterized by
psychometric and behavioral traits, respond to vari-
ous visual messages for public health campaigns.

In this paper, we introduce a novel human-
centered NLP problem formulation: attribute-
aligned community response simulation for pub-
lic health communication education. Rather than
proposing a new architecture or optimization
method, our contribution is to reframe VLMs as
attribute-aware population simulators that model
how diverse communities may respond to visual
health messages. Specifically, our core contribu-
tions are: (1) we formulate community response
simulation as a trait-conditioned multimodal pre-
diction task over sentimental, behavioral, and emo-

* Work done while being at the University of Maryland.
2Code and website at github.com/anh-nn@1/claas.
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Figure 1: CLAAS: Conditional LVLM-enabled Attribute-Aware response Simulation

tional Likert responses, capturing both individ-
ual variation and population-level response pat-
terns; (2) we introduce an attribute-aware align-
ment framework that adapts open-source VLMs to
simulate responses conditioned on demographic
and psychometric traits; and (3) we evaluate this
framework in a practical public health education
setting, including cross-communication-strategy
generalization and real-classroom pilots.

We implemented this attribute-aligned VLMs
within a novel educational software system that
simulates community responses with individual-
ized feedback to student-designed public health
posters in natural language. Our in-classroom pilot
tests of CLAAS (N=32) revealed that a large majority
of students (87.5% rated > 3 out of 5) reported that
the system (a) provided useful feedback/evaluation
of their campaign message designs and (b) gener-
ated responses perceived as realistic and aligned
with their expectations. These findings suggest
the potential of VLMs/LLMs as attribute-aware
response simulation in modeling sentiment, behav-
ior, and emotion for public health education and
training. Together, these results suggest that trait-
aligned VLM-based response simulation can facil-
itate more reflective and experiential learning by
allowing students to assess and understand how
their poster designs may impact various communi-
ties of diverse demographic factors with different
individual psychometric and behavioral traits>.

2 Related Works

2.1 Attribute-aware LLM-enabled Simulation

LLMs have demonstrated strong promise in simu-
lating personality-driven and population-level hu-
man behavior across interactive and social settings.

3Throughout this paper, we use the terms “attributes" and
“traits" interchangeably to refer to demographic, psychometric,
and behavioral characteristics used to condition simulated di-
verse communities consisting of varying individual responses.

Park et al. (2026) introduces a large-scale gener-
ative agent simulation framework in which LLM-
based agents are instantiated with memory, goals,
and social context to model the behaviors and inter-
actions of 1,000 individuals. Klinkert et al. (2024)
evaluates LLMSs’ capability to emulate human per-
sonality traits in interactive settings, showing that
LLMs can produce personality-consistent behav-
iors across repeated interactions. Wang et al. (2025)
systematically assesses whether LLMs can emulate
human personality traits using established psycho-
logical inventories. Sorokovikova et al. (2024) pro-
vides further experiments of Big Five personality
simulation in LLMs. Jiang et al. (2024) shows that
LLM outputs can be influenced by explicit LLMs
to simulate human decision-making and behavior,
demonstrating their potential as behavioral sim-
ulators. Serapio-Garcia et al. (2025) shows that
the base open-source LLLMs exhibit stable intrinsic
personalities and are often resistant to personality-
conditioned prompting. In a related application,
Magnossao de Paula et al. (2025) incorporates de-
mographic factors into LLM for a more complete
sexism detection from different perspectives. To
further incorporate psychological behavior patterns
into language models at the foundation level, Vu
et al. (2025) propose PsychAdapter as a method
enabling the development of chatbots with specific
personality profiles and psychological traits. Via
the analysis of social media texts (Bui et al., 2025;
Espinosa and Salathé, 2024; Kwok et al., 2024),
LLM/VLM is used to predict infectious disease
outbreaks, facilitate health screenings, and under-
stand public sentiment on current health issues for
messaging in English and low-resource languages.

2.2 VLM-enabled Simulation for Education

There is a growing interest in properly integrating
LLMs into health-related education, with recent
work examining both their benefits and limitations
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in instructional settings. Baglivo et al. (2023) sug-
gests LLMs can support learning and reasoning
in health and medical science. Prior work further
highlights that effective Al integration in education
requires not only technical exposure, but also envi-
ronments that emphasize evaluation, reflection, and
responsible use (Naamati-Schneider, 2024). These
findings, along with the current lack of such tools in
public health, motivate the development of VLM-
based interactive educational tools explicitly de-
signed to enhance experiential learning in public
health education.

In Medicine, VLM/LLM are used to train med-
ical students in patient conversations and to an-
swer basic questions patients may have about a
specific health condition (Weisman et al., 2025).
Hu et al. (2025) proposes a population-aligned per-
sona generation framework for LLM-based social
simulation, emphasizing the importance of match-
ing simulated trait distributions to real-world de-
mographic and psychometric data. Rende et al.
(2025) show that personality-conditioned LLM-
based agents can reproduce nuanced human behav-
iors in a heating preference control task, suggesting
that trait-conditioned language models can capture
behavioral variation across domains.

However, the potential of LLMs and VLMs to as-
sess the attribute-aware impact of visual health
communication messages, at both individual and
population levels and to provide experiential ed-
ucation and training for public-health students
and practioners, remains underexplored.

3 Methodology

In this section, we describe the alignment data,
training, and model pipelines for (1) VLM-enabled
individual/community response prediction and (2)
its use for interactive classroom education.
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Figure 2: Examples of 3 different Communica-
tion Styles in Health Campaign Messaging. (a)
Threatening/Fear-Driven (left); (b) Self-Efficacy (cen-
ter); (c¢) Informational/Educational/Neutral (right).

3.1 Alignment Data

To support evaluation and trait-aware alignment
training of VLMs, we leverage large-scale in-house

(c) Neutral

public health study data collected by the School of
Public Health at the University of Maryland, Col-
lege Park (Qadri et al., 2025). The dataset includes
more than 1,000 valid participants spanning diverse
demographic (e.g., education, income, occupation)
and personality traits (e.g., Big Five, curiosity, as-
sertiveness, trust, locus of control). It contains over
30,000 responses to 36 visual public health cam-
paign posters across 9 health topics: sexual prac-
tice, substance abuse, smoking and COPD, heart
disease, cystic fibrosis, vaccination, HIV, nutrition,
and mental health.

Communication strategies are broadly grouped
into three categories: (a) Threatening/Fear-driven,
(b) Self-Efficacy, and (¢) Informational/Education-
al/Neutral, as shown in Figure 2. Each partici-
pant was given 2—3 randomly selected posters and
provided 12x Likert-scale (1-9) sentiment/emo-
tion/impact ratings and one free-text response per
poster. The survey questions were designed by pub-
lic health and HCI experts, who are faculty mem-
bers and principal investigators in their respective
domains. Please see Appendices D, E, F for details
on survey, data collection and quality assurance.

3.2 VLM-enabled Attribute-Aware Response
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Figure 3: Model Alignment Pipeline for Trait-
Conditioned Response Simulation. A health campaign
message serves as the visual stimulus for predicting the
responses. Demographic attributes and personality traits
condition the simulated individual or community. Target
responses are either a 9-point (1 = strongly disagree, 9
= strongly agree) or 6-point (1 = strongly disagree, 6
= strongly agree) Likert scale. During alignment fine-
tuning, only the projection and language model layers
are updated via LoRA.

We develop and assess open-source VLMs to
simulate trait-conditioned responses to visual pub-
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Test Response Alignment Results On Unseen Communication Strategies

Model / Communication Strategy

Overall

Sentiment Prediction Behavior Prediction Emotion Prediction

“Informational/Neutral”

exact /1 /+2

exact /1 /%2

exact / +1 /%2

exact/+1/+2

Uniform Random Baseline 10.5/30.4/48.1 9.8/24.7/42.6 8.4/26.7/41.8 10.7/31.0/489
Priors Distribution-based Baseline ~ 11.5/34.4/60.7 14.4/41.2/64.0 13.2/36.8/61.2 10.9/31.7/58.2
Llama3.2 11B Base 12.7/39.9/59.8 11.3/30.0/48.3 11.6/31.9/54.5 12.4/37.5/58.3
Llama3.2 11B Trained 32.3/56.4/72.9 37.6/67.7/85.8 36.6/63.1/83.7 28.3/50.3/66.3
Gemma3 12B Base 13.7/43.8/68.4 16.1/48.2/84.6 13.2/43.8/74.4 11.1/37.6/61.6
Gemma3 4B Trained 30.4/57.3/73.6 37.8/68.3/83.5 36.7/65.5/83.6 26.4/52.0/68.1
Qwen2.5-VL 7B Base 16.1/36.7/53.0 12.4/38.6/57.9 11.3/38.9/61.1 18.0/34.9/48.2
Qwen2.5-VL 7B Trained 29.2/54.1/72.2 35.8/66.4/86.9 33.2/62.1/83.5 26.1/47.5/65.4

“Self-Efficacy”

exact/ x1 /2

exact/+1 /%2

exact/x1 /%2

exact/x1 /%2

Uniform Random Baseline

11.3/31.1/485

9.1/27.6/434

8.7/28.7/444

11.0/31.3/49.2

Priors Distribution-based Baseline ~ 12.5/36.5/64.3 13.5/41.2/62.3 12.9/39.7/65.0 11.4/32.6/61.5
Llama3.2 11B Base 12.9/41.1/60.9 12.8/31.2/48.8 9.7/30.4/55.1 12.4/39.7/59.4
Llama3.2 11B Trained 41.2/63.4/76.4 33.3/717.8/100.0 44.4/72.2/88.9 41.7/57.6/67.4
Gemma3 12B Base 13.9/45.9/71.0 16.3/45.9/87.7 15.2/46.0/77.0 122/41.0/64.5
Gemma3 4B Trained 31.3/58.7/74.5 39.4/66.9/ 84.2 37.1/64.8/82.0 27.4/54.0/69.7
Qwen2.5-VL 7B Base 16.4/35.5/52.6 11.2/31.7/48.8 12.0/38.9/56.9 19.0/35.6/50.2

Qwen2.5-VL 7B Trained

30.5/53.1/70.9

35.0/67.4/86.0

31.3/60.6/80.5

28.1/48.0/64.8

“Threatening/Fear-driven”

exact/ +1/+2

exact/ 1 /%2

exact /1 /%2

exact/+1/+2

Uniform Random Baseline 10.8/31.6/49.7 8.8/28.3/44.9 7.5127.0/44.6 11.2/31.7/49.4
Priors Distribution-based Baseline ~ 11.6/35.0/60.0 14.3/41.8/67.6 12.1/35.8/58.5 11.1/33.0/56.9
Llama3.2 11B Base 13.3/38.4/58.7 10.4/29.5/49.7 11.9/29.5/52.6 12.4/35.7/57.2
Llama3.2 11B Trained 28.3/50.2/66.2 33.4/64.7/82.9 35.2/61.8/80.4 24.3/43.4/58.6
Gemma3 12B Base 14.5/43.0/66.7 16.6/49.0/86.8 14.1/41.8/71.7 12.1/382/61.3
Gemma3 4B Trained 28.6/52.7/69.3 35.2/66.8/ 83.8 34.7/61.7/79.4 24.7/46.7/63.1
Qwen2.5-VL 7B Base 149/355/533 14.3/43.9/66.8 10.1/35.4/53.9 15.8/33.7/49.0
Qwen2.5-VL 7B Trained 27.6/50.2/68.1 33.3/62.9/81.0 33.9/58.8/79.6 23.3/44.0/62.1

Table 1: Model generalization results (exact / =1 / £2 tolerance) for each response type on unseen messaging
strategies. The £1 and £2 metrics account for the imprecise nature of Likert responses. Each trained model
was tested on posters whose strategy was excluded from its training set. Attribute-aware alignment improves
overall £1 tolerance by 18.6%—-32.3% over the random baseline and 9.7 %-22.3% over zero-shot counterparts
(the strongest baselines). The largest gains occur in sentiment prediction, with =1 improvements of 36.4%-50.2%
and £2 improvements of 38.0%—-56.6 % . Both one-side McNemar and Cluster-robust pair boostrap statistical tests
(B = 10,000, 95% CI) show that these gains are statistically significant at p < 0.0001 across model backbones,
unseen strategies, and metrics, demonstrating that response-aligned models generalize to novel health message
designs and can simulate attribute-conditioned community responses.

lic health posters under unseen communication
strategies, which is at the core of our proposed
CLAAS Interactive Response Simulation Tool. Re-
sponse emulation is conditioned on targeted popu-
lation demographic and individual personality at-
tributes (see Sec. 3.1). The target output consists of
Likert-scale responses to survey questions captur-
ing different aspects of the simulated respondents’
perceptions of the message in the following:

¢ Behavior (motivation to avoid harmful ac-
tions or adopt healthy habits). Example:
The message motivates me to make healthy
eating choices - Scale: 1 (not at all) -
9 (extremely)
* Emotion (e.g., Angry, Afraid, Guilty, Sad,
Ashamed, Disgusted, Hopeful). Example:
To what extent did the material make you

feel: Scale: 1 (not at all) - 9 (extremely)

e Sentiment (increased concern / awareness
- Worried

about the health topic). Example:
The message makes me more concerned about

the health risks of heart disease. - Scale:
1 (not at all) - 9 (extremely)

Additional examples are provided in Appendix F.
To guide simulation, a system prompt defines the
VLM’s role, while personality and demographic in-
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formation are embedded in the instruction prompt
to contextualize the modeled individual or simu-
lated community. The alignment fine-tuning and re-
sponse simulation pipeline is illustrated in Figure 3.
We employ Low-Rank Adaptation (LoRA) (Hu
et al., 2021) for parameter-efficient fine-tuning of
each component. For zero-shot models, the archi-
tecture remains unchanged with all weights frozen.
Prompt templates used for both zero-shot and fine-
tuned models are provided in Appendix A.

3.3 Interactive Attribute-Aware Responses

To assess the quality and usefulness of CLAAS for
experiential public health training, we developed
a web-based interactive application built around
attribute-aligned VLMs. The interface allows stu-
dents to upload their designed health campaign
posters and specify target demographic and person-
ality profiles via structured controls, enabling inter-
active simulation of community responses. As de-
scribed in Section 5, trait-aligned VLMs are trained
and evaluated using Likert-scale responses for pre-
cise quantitative assessment. However, structured
Likert-scale outputs alone are insufficient for ex-
periential learning, motivating the need for more
naturalistic responses. Therefore, we employ a two-
stage conditional response generation approach
that converts predicted Likert-scale responses into
natural-language responses with varying tones and
lexical styles, as shown in Figure 1. This process
involves prompting the model to translate the sim-
ulated Likert-scale responses into conversational
content that reflects the simulated responses. To
further support user trust and interpretability, the
model first generates a summary of its understand-
ing of the uploaded poster before producing the
simulated response. Please refer to Appendix A
and our code for further details of our prompting
methods.

4 Experimental Setup and In-Class Pilot

Human-Centered and Domain-Grounded De-
sign. CLAAS was developed through a multidis-
ciplinary collaboration with public health faculty
and HCI researchers, who motivated the educa-
tional need, guided survey and attribute design, and
shaped the classroom deployment protocol. These
domain experts designed evaluation in authentic
junior/senior-level public health courses, where stu-
dents used the system to receive simulated commu-
nity responses to their own campaign posters.

VLM-enabled Response Simulation. To assess
models’ ability to simulate attribute-grounded re-
sponses, we quantitatively evaluate VLM perfor-
mance against ground-truth Likert-scale responses
on unseen posters with unseen communication
strategies. We have three general communication
strategies to test the fine-tuned model’s generaliza-
tion capability. For each architecture, we trained
three different settings:

1. Setting 1: SFT (Supervised Fine-Tuning) on
responses to “Threatening/Fear-driven” and
“Self-Efficacy” posters (total 22 + 6 = 28
posters); evaluated on “Informational/Educa-
tional" posters (total 8 posters).

2. Setting  2: SFT on responses to
“Threatening/Fear-driven" and “Information-
al/Educational” posters (total 22 + 8 = 30
posters); evaluated on “Self-Efficacy" posters
(total 6 posters).

3. Setting 3: SFT on responses to “Self-
Efficacy” and “Informational/Educational”
posters (6 + 8 = 14 posters); evaluated
on “Threatening/Fear-driven" posters (total
22 posters).

We use Unsloth (Daniel Han and team, 2023)
to train Gemma3:4b (Team et al., 2025),
Llama-3.2-Vision:11B (Grattafiori et al.,
2024), and Qwen2.5-VL:7B (Bai et al., 2025).
Results are available in Fig. 5 for Gemma3 and in
Appendix G for Llama and Qwen.

Speech-Driven, Demographic-Conditioned Ani-
mated Avatars. To enhance engagement and per-
ceived realism, we also developed an early system
prototype for response delivery by using avatar-
driven, conversational speech interfaces, as shown
in Fig. 4. Please see Supplementary Videos for
demonstrations and Appendix I for more details.

(a) Asian; Student
Figure 4: Animated avatars of different demographics

(b) Caucasian; Healthcare

5 Model Evaluation & Pilot Study

We present two sets of results: (1) evaluating the
model’s generalizability to unseen communication
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Figure 5: Gemma3 Response prediction results on un-
seen communication strategies. As human sentimen-
tal and emotional responses are inherently imprecise,
we report accuracy using a 1 error tolerance w.r.t.
ground-truth scores to flexibly evaluate the overall re-
sponse trend. These gains are statistically significant at
p < 0.0001 under exact one-side McNemar and cluster-
robust pair boostrap statistical tests (B = 10,000 and
95% CI). We refer the readers to Figures 17 and 18 for
additional results on Llama3.2 and Qwen2.5-VL

strategies in community response simulation and
(2) measuring the effectiveness of the models in
assessing the potential impact of communication
strategy on novel health topics and recommending
appropriate strategies for target communities.

5.1 Model Evaluation: Generalization to

Unseen Communication Styles

We evaluate whether aligned VLMs can general-
ize to predict responses to unseen communication
strategies. To quantify the performance of VLMs
in response simulation, we focus on two primary
metrics: accuracy with a 1 error tolerance and
accuracy with a 2 error tolerance. This choice
is motivated by two main considerations: (1) sen-

Sentimental Response Distribution

Sentimental Response Distribution

Accuracy (+1 tolerance) = 0.482
[ Gemma3-12b: zero-shot
Ground Truth

Accuracy (£1 tolerance) = 0.683
B Gemma3-4b: fine-tuned
Ground Truth

(a) Informational/Educational Health Messages
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mm Gemma3-4b: fine-tune
Ground Truth

(b) Self-Efficacy Health Messages
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1000

(c) Threatening/Fear-driven Health Messages

Figure 6: Gemma3’s aggregated sentimental response
distributions to unseen communication strategies. Zero-
shot (left) and trained (right) models are compared
against the ground-truth distribution.

timental and behavioral responses are inherently
imprecise, and (2) capturing the exact sentiment
score is not always necessary in practice. Since
the primary goal is to capture the general group
response distribution/trend, these relaxed accuracy
metrics allow for reasonable deviation from the sur-
vey scores while still reflecting meaningful align-
ment. The evaluation results for Gemma3 models
are in Figure 5, with additional evaluations for both
Gemma3 and L1ama-3.2-Vision in Table 1.

Our results demonstrate that fine-tuned VLMs
substantially outperform both zero-shot and ran-
dom baselines across all response types — sentimen-
tal, behavioral, and emotional — in all three commu-
nication strategies. The aligned Gemma3-4b model
achieves the highest performance, reaching up to
0.68 on behavioral responses to Informational mes-
sages and 0.67 on Threatening/Fear-driven mes-
sages. These gains are consistent across categories,
with improvements of 30%-35% in sentimental
response prediction over zero-shot baselines.

We also inspect whether the improvements
achieved by our attribute-aligned models over zero-
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Figure 7: Sentimental response distributions of Gemma3
to unseen Threatening/Fear-driven posters across “Or-
ganization” groups (moderate, high). “Low organiza-
tion” group is not included because it has < 20 individ-
uals in the test set. Zero-shot (left) and trained (right)
models are compared against ground-truth distribution.

shot baselines are statistically significant. Specifi-
cally, for each survey response ¢ with ground truth
y; € {1,...,9} and model prediction ¢;, we define
correctness under tolerance 7 € {0, 1,2} as:

¢i = 1(|gi —yil < 7).

Because survey participants answer multiple ques-
tions per poster, responses from the same person
might be correlated. To account for this, we tested
our models’ performance gains using two comple-
mentary statistical tests:

¢ Exact One-Sided McNemar Test (McNemar,
1947): compares head-to-head wins on discor-
dant samples where only one model is correct

ours __ base __ ours __ base __
@' =1, =0vs. g =0, =1).

¢ Cluster-Robust Paired Bootstrap (Efron and
Tibshirani, 1994): resamples entire participant
clusters with replacement (B = 10,000 itera-
tions, 95% CI) to compute clustered p-values
and confidence intervals.

We compare attribute-aligned models with zero-
shot VLMs using the statistical tests above. Both
statistical tests show that attribute alignment yields
statistically significant gains (p < 0.0001) across
all VLM backbones, held-out strategies, and met-
rics (including exact match accuracy), supporting
attribute alignment’s importance. We refer to Ap-
pendix G.1 for more statistical test details.

We investigated sentimental response distribu-
tion to unseen communication strategies. Figure 6

Current Profession
(Healthcare/Medical)

Current Profession
(Healthcare/Medical)

Accuracy (+1 tolerance) = 0.57
70 8 Gemma3-12b: zero-shot
Ground Truth

. 4 b
i

_a
0 =TT

Accuracy (+1 tolerance) = 0.632
B Gemma3-4b: fine-tuned
[J Ground Truth

12 3 4 5 6 7 8 9

Current Profession
(Student)

1 2 3 4 5 6 7 8 9

Current Profession
(Student)

Accuracy (+1 tolerance) = 0.47
40 [ Gemma3-12b: zero-shot
Ground Truth

[Fees

Accuracy (£1 tolerance) = 0.606
B Gemma3-4b: fine-tuned
[ Ground Truth

:

[hresfeiees
2

12 3 4 5 6 7 8 9

Current Profession
(Technology/Engineering)

°

3 4 5

Current Profession
(Technology/Engineering)

Accuracy (£1 tolerance) = 0.498

Accuracy (£1 tolerance) = 0.668

= Gemma3-12b: zero-shot
150 3 Ground Truth 150

B Gemma3-4b: fine-tuned
[ Ground Truth

I
1 2 3 4 5 6 7 8 9

Figure 8: Sentimental response distributions of
Gemma3 models to unseen Threatening/Fear-driven
messages across “Current Profession” groups. We
include 3 representative profession groups and refer to
Appendix G for several other groups. Zero-shot (left)
and trained (right) models are compared against the
ground-truth distribution.

shows that aligned VLMs have significantly higher
alignment with the true responses. These results un-
derscore the importance of domain-specific trait-
conditioned alignment: while pretrained VLMs
provide a solid starting point, they fail to capture
nuanced, trait-conditioned response patterns. Fine-
tuned models more accurately simulate personality
and demographic-conditioned human reactions, en-
abling more effective simulation of how different
communities respond to public health campaign
messages. We also conduct ablation studies in
Table 3, Appendix H to evaluate how individual
demographic and psychometric traits impact align-
ment performance. In summary, models trained
with the full set of demographic and psychomet-
ric attributes generally achieve the higher accuracy.
Removing either attribute group leads to noticeable
performance degradation, though ablated models
still outperform the zero-shot baselines. These find-
ings indicate that demographic background and
psychometric profiles contribute meaningfully to
attribute-aware response prediction.
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The simulator provided useful feedback or evaluation of my ideas.
24 responses

9 (37.5%)

7 (29.2%)

5 (20.8%)

The simulator gave me responses | was expecting.
24 responses

9 (37.5%)

75 8 (33.3%)

4(16.7%)

2(8.3%)

1(4.2%)
1 2 3 4 5

(a) Usefulness & response alignment, Pilot Test Fall 2025.

Would you recommend the simulator to other public-health students?

A

24 responses

@ Yes
® No

(c) Overall reviews, Pilot Test Fall 2025.

Maybe

The simulator provided useful feedback or evaluation of my ideas.
8 responses

3(37.5%) 3(37.5%)

1 (12.5%) 1 (12.5%)

The simulator gave me responses | was expecting.
8 responses.

5 (62.5%)

2 (25%)

(b) Usefulness & response alignment, Pilot Test Spring 2026.

Would you recommend the simulator to other public-health students?
8 responses

@ Yes
® No
Maybe

87.5%

(d) Overall reviews, Pilot Test Spring 2026.

Figure 9: Pilot Studies. Students’ feedback on CLAAS across Fall 2025 and Spring 2026 semesters.

5.2 Model Evaluation: Response Prediction
for Targeted Groups

The zero-shot and fine-tuned Gemma3 models’ sim-
ulated response distribution for different levels of
“organization” traits are shown in Figure 7. For
statistical significance, we only include personality
groups with at least 20 individuals (n > 20), thus
the low organization group was excluded. The zero-
shot VLM over-predicts the neutral to weak posi-
tive responses (scores 6—7), failing to capture the
true ground-truth distributions observed in differ-
ent personality groups. In contrast, the fine-tuned
model more accurately captures the true response
distribution, especially in the high-organization
group, where it captures the strong agreements
(scores 8-9), demonstrating higher alignment with
group-specific response patterns.

We also investigate the response distribution by
demographic groups. Figure 8 also shows similar
patterns for demographic-specific groups, where
our model can effectively capture the overall senti-
ments to unseen “Threatening / Fear-driven” mes-
sages across different demographic groups. We

refer to Appendix G for additional analysis of other
personality and demographic groups.

5.3 In-class Pilot Study

We conducted in-class pilot studies to assess useful-
ness and perceived realism of CLAAS in upper-level
public health communication courses across two
semesters. In Fall 2025, 24 students participated;
in Spring 2026, we collected 8 additional responses
from the same course setting, with lower participa-
tion due to student absences. These sample sizes re-
flect typical enrollment and attendance constraints
in junior/senior-level courses. During each session,
students uploaded their own campaign posters and
used CLAAS to simulate community responses un-
der specified target profiles. This reflects intended
use case of CLAAS: enabling students to compare
likely community reactions to poster variants be-
fore costly human-subject studies.

Students completed a short 5-point Likert-scale
survey after each session. In Fall 2025, 87.5%
gave neutral-to-positive ratings (> 3) on the useful-
ness of CLAAS for evaluating their ideas, and 87.5%
rated the generated responses as aligned with their
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expectations. For overall experience, 54.2% would
recommend the simulator to other public health
students, while another 37.5% responded “Maybe.”
In Spring 2026, 87.5% of respondents indicated
that they would recommend the simulator and with
neutral-to-positive (> 3) ratings.

Despite the seemingly modest scale, our pilot
studies focus on targeted domain-trained users and
has provided, to our knowledge, the first real-
world, human-subject evidence for an attribute-
aware VLM simulator in public health communica-
tion education. The early pilot results demonstrate
feasibility, educational relevance, and practical po-
tential, motivating future larger-scale multi-year
studies to evaluate learning outcomes and guide
future system improvements.

6 Conclusions

In this work, we presented CLAAS the first VLM-
enabled, attribute-aware response simulation sys-
tem for public health communication education,
which has been pilot-tested in a real-world educa-
tional setting. Our evaluation under various held-
out settings show that post-training alignment of
open-source VLMs generalizes to unseen campaign
designs and communication strategies, capturing
response variation conditioned on demographic and
personality attributes. The performance gains are
statistically significant at p < 0.0001 under both
exact one-side McNemar and cluster-robust pair
boostrap statistical tests (with resampling rate of
B = 10,000 and 95% CI). By integrating diverse
demographic factors and personality traits, the sys-
tem enables trait-conditioned alignment between
messaging strategies and simulated responses. Our
multi-semester pilot study indicates that most (=
87.5%) students found the system useful for eval-
uating their ideas and perceived the generated re-
sponses as aligned with expectations. We plan to
continue multi-year, large-scale user studies with
expanded capabilities, enhance the user experience
by incorporating more expressive, less monotone
speech synthesis, realistic avatars with natural ges-
tures and head movements, and more diverse, con-
versational responses for better user engagement.

Acknowledgement: This project has been enabled
and supported by the University of Maryland Teach-
ing and Learning Innovation Grant. We would like
to acknowledge Rifaa Quadri, Swati Ramnath, Raj
Bhansali, Angelo Parker, and Tom Goldstein for
the web-based survey and data collection (Qadri
et al., 2025) used to evaluate CLAAS framework.

Limitations

The proposed VLM-based response simulation
framework leverages a large-scale web-based sur-
vey dataset with diverse demographic and psycho-
metric profiles to demonstrate the feasibility and ef-
fectiveness of attribute-aligned response modeling
to public health campaign messages and the results
reflect the distribution of training datasets. The
web-based studies incline to capture online users,
may not fully include wide variations among all de-
mographic groups, across rich geographic and cul-
tural contexts. However, the proposed conceptual
framework is dataset-agnostic and can be adapted
or fine-tuned to other datasets representing different
communities (of various compositions and traits) or
other social applications (e.g. e-commerce, literacy,
wellness, and more).

Additionally, our current evaluation focuses pri-
marily on simulated response alignment, measured
through dataset-based quantitative evaluation and
students’ perceived alignment with expected re-
sponses. However, the natural-language responses
can be further improved for conversational deliv-
ery, including more natural phrasing, pauses, hes-
itations, and spoken-language style. This is es-
pecially important for avatar- or conversational
speech interfaces for further improved immersion
and more effective human-avatar interaction, as
shown in our early system prototype examples in
the Supplementary Videos and Appendix I, where
response delivery may further enhance engagement
and perceived realism. To improve the natural lan-
guage responses, we can consider adopting close-
source models, such as GPT-5.6, to convert struc-
tured Likert-scale responses into natural language
using the same prompting in our current pipeline.

Ethical considerations

The system developed in this work is intended
to augment experiential learning of public health
students, allowing them to explore how individ-
uals with different demographic and personality
attributes may respond to health communication
materials in a controlled classroom setting. We
acknowledge that models capable of simulating
human responses could be misused for persuasive
purposes if applied outside an educational context.
To mitigate this risk, CLAAS is explicitly framed
as a simulation and teaching aid rather than a pre-
scriptive or optimization tool, and system access is
restricted to supervised classroom sessions only.
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Supplementary Materials

A Model Prompting Methods

A.1 Attribute-Aware Response Prediction

This section describes the prompting methods
for Attribute-Aware VLM response prediction
described in Figure 3.

System Prompt. The system prompt describes the
simulation scenario and role-playing task. It is used
in both zero-shot and fine-tuned settings.

System Prompt

<|system|>

You are a person with unique demographic
and personality traits. During an online
study, you are shown a public health campaign
poster. Based on your background, you
naturally have thoughts, feelings,

and reactions to what you see.

Instruction Prompt. This prompt provides the
individual’s demographic and psychometric traits,
along with a targeted survey question.

Instruction Prompt

<|user|>

You are: {demo_info}.

Your personality test shows you have
(min score = @; max score = 5):
{persona_score}.

You also have {locus of control scores}.

You are now being shown a public health
campaign poster, followed by a survey
question designed to capture your thoughts,
feelings, and emotions responses to the image.

Please respond the survey question
authentically, as if you are completing
a real online survey. Your personality,
locus of control, and demographic traits
influence your reactions.

The health message: <IMG>
The question: {survey question}.

**CRITICAL INSTRUCTIONS
- FOLLOW THESE EXACTLY:*x*
- x*BE REALISTIC and HUMAN-LIKE.
Only answer the questions. Imagine
you're quickly filling out a survey.*x
- Answer with **ONLY the valid numberxx
to realistically express your
emotions/feeling.
- Only provide the answer.
DO NOT REPEAT THE QUESTION
NOR PROVIDE REASONING.

A.2 Likert-scale to Natural Language
Conversion

We applied contextual framing and few-shot
prompting to convert predicted Likert responses
to natural language simulation.

System Prompt

<|system|> You are a helpful assistant.

Instruction Prompt

<|user|>

Summarize following survey responses into a
short, natural paragraph that captures your
overall sentiment, motivation, and thinking.
Write as if paraphrasing what a person may say
in conversation. Adjust style based on your
demographic/personality traits. Do NOT repeat
numeric scores.

Preserve polarity:

low scores = low concern/motivation/openness;
high scores = high concern/motivation/openness
If answers are mixed (e.g., believes something
is harmful but isn't personally moved), reflect]
that nuance explicitly. Keep to 1-5 sentences.

*%*STRICTLY FOLLOW THESE RULES:#**

- Infer direction from each item's Scale
description (e.g., 1-9: higher = more; 0-6:
higher = more).

- Use calibrated wording: 1-2 = very low,
3-4 = low, 5 = moderate, 6-7 = high,

8-9 = very high; for 0-6: 0-1 = not/slight,
2-3 = somewhat, 4-5 = high, 6 = very.

- VERY IMPORTANT: provide ONLY the final
summarized response, without anything else!
- Start the response with 'This message...' or
'"From this message...' or 'Through the
message...' or 'After seeing this ...’

- The response MUST have a consistent health
topic: {health_topic}. Ground each sentence
to the impact of campaign message.

- Never invert sentiment. Prefer hedged phrasesg

(e.g., “not particularly,” “only somewhat,”
“very open,” “not open at all”).

**xExample input 1:#%%

The message makes me more concerned about the
health risks of poor eating habits - Scale: 1-9
Your answer: 9

The message motivates me to make healthy eating
choices - Scale: 1-9. Your answer: 9

In your opinion, how harmful is neglecting
proper nutrition and weight management to
your overall health?

- Scale: 0-6. Your answer: 5

How open are you to adopting healthier eating
habits and lifestyle changes? - Scale: 1-9.
Your answer: 9

*xExample output 1:*x

This message really heightened my awareness of
how unhealthy eating can be. The content in the
message strongly motivates me to make better
choices, and I feel very ready to follow .

45717



B Multi-Disciplinary Collaboration

This project was conducted as multi-disciplinary
collaboration between Human-Centric Al re-
searchers and School of Public Health (SPH) fac-
ulty and graduate students, who provided the driv-
ing insights of this critical need for public health,
required domain expertise and educational perspec-
tives throughout the entire study. Our Public Health
team and HCI expert guided the design and review
of survey instruments used in dataset construction
to ensure that the questions and responses appro-
priately captured the reactions to health campaign
messages.

SPH faculty also offered iterative feedback on
model development and system design, to help
align the response simulation framework with real-
istic classroom needs and instructional objectives.
Their perspectives, along with HCI guidance, in-
formed the selection of demographic and psycho-
metric attributes, the interpretation of simulated
responses, and the design of evaluation protocols
to assess educational guidelines and realism, with
direct access to an undergraduate public-health
course for the reported in-class pilot study, enabling
evaluation of this novel system in an authentic class-
room setting. The resulting framework allowed us
to assess how students interact with simulated com-
munities in practice and to identify functionalities
most relevant to experiential learning that typically
would require time-consuming and laborious field
studies. Via attributed-aligned LVLM to simulate
diverse community responses, students were able
to obtain real-time feedback emulating individuals
of varying demographic and psychometric traits
otherwise difficult to achieve in class.

C Model Training and Inference
Hyperparameters

For all experiments, we trained each model using a
single Nvidia A5000 24G GPU. For efficient train-
ing, the maximum input sequence length (context
window) is set to 2048 with LoRA rank r = 8. We
froze the vision encoders and fine-tuned only the
language layers, including the attention layers and
MLP layers. paged_adamw_8bit, an 8-bit AdamW
variant with paged memory offloading, was used
as the optimizer for all experiments. All other hy-
perparameters, such as learning rate and optimizer,
were set to Unsloth’s default values.

D Data Quality Assurance/Screening and
Response Distribution

Data Quality Assurance and Participant Screen-
ing. To ensure the highest quality of the response
dataset for trait alignment training and evaluation,
we applied multiple screening steps to the orig-
inal responses. First, we removed bot-like en-
tries flagged by an automated filter (inspired by
Webb and Tangney (2024)) that detected repeti-
tive, nonsensical, or unnatural text. Second, we
applied effort-based filtering using recorded survey
duration thresholds (>600 seconds (10 minutes)
and <7,200 seconds (2 hours)), reducing nearly
1,950 subjects to 1,457. Third, we excluded par-
ticipants who left all demographic or personality
trait questions unanswered, further reducing the
number of valid respondents to 1,119. Finally,
we performed IP-based consistency checks, remov-
ing cases where the same IP address was linked
to conflicting or non-unique trait data, which we
interpreted as low-effort submissions motivated
primarily by survey rewards rather than faithful
participation. This last step filtered an additional
108 subjects, yielding a final dataset of 1,011 high-
quality, unique participants. While shared networks
are possible, we opted for this cautious approach
to ensure data quality. In summary, these screen-
ing steps filtered nearly 950 potentially low-quality
participants (nearly 50% of the original sample),
ensuring only high-quality responses were retained
for trait alignment training and evaluation.

E Survey Participant, Data Consent, and
Board Approval

Ethics Board Approval. The survey and the
response data collection were reviewed and
approved by the Institutional Review Board
(IRB). We used the response data strictly for
academic research, which is the scope of this paper.

Data Consent. Participants were informed in the
consent section that the data would be anonymized
before use. The data consent information given to
each survey participant was “Any potential loss of
confidentiality will be minimized by storing data
in a password-protected computer. If we write a
report or article about this research project, your
identity will be protected to the maximum extent
possible. Your information may be shared with
representatives of the institution or governmental
authorities if you or someone else is in danger
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or if we are required to do so by law. You will
be taken to a separate form to enter your contact
information for compensation to ensure that your
personal information will not be linked to your
responses.”

Pilot Test Participants. With permission from
public health lecturers, we conducted pilot studies
in upper-level courses on Media Communication
and Digital Tools in Public Health, with students
as the targeted end users. Students were not com-
pensated for participation. Students’ identities and
evaluations were kept anonymous throughout the
pilot study. We did not collect or associate identi-
fying information with students’ use of CLAAS or
their Google Forms feedback. Students were in-
formed that their anonymous responses would be
used for academic research purposes.

F Sample Response and Trait Alignment
Dataset Documentations

1.6%

3.&

8.2%

/4.5%

12.3%

19.3%

 T—ea%
10.4%

N

15.3%

12.5% 8.5%

3 .&%

Traits
B Retired
Skilled Trades/Labor
(e.g., construction,
electrician,
landscaper, house
cleaner)

Student
Technology/Engineering

Unemployed/Looking
for work

No report (nan)

Arts/Entertainment
Business/Finance
Education

Government/Public
Service

Healthcare/Medical
Other

Retail/Hospitality/Food
Service |

Figure 10: Dataset composition by current profession
(valid participants after screening).

Dataset Statistics. The raw dataset has nearly
2,000 subjects. However, after applying our screen-
ing process to ensure data quality, the number
of subjects included in this study was reduced to
1,011. Each participant is shown and asked to share
their responses to 2-3 posters on different health
topics, each of which consists of 13 questions mea-

3.("/\

12.6%

15.2%
13.8%

e

6.7%

TT22%

44.7%

Traits

Less than high
school

Master’s degree

Some college, no
degree

No report (nan)

Associate’s degree
Bachelor’s degree

Doctoral or
professional degree

High school diploma
or equivalent

Figure 11: Dataset composition by highest education
level (valid participants after screening).

1.8%
3.&

6.6% 16.0%

16.2%

32.0%

9.4%

14.7%

Traits
100, 000-149,999
$150,000 or more
25,000-49,999
50,000-74,999

75,000-99,999
Less than $25,000
Prefer not to say
No report (nan)

Figure 12: Dataset composition by annual household
income (valid participants after screening).

suring their sentimental, emotional, and behav-
ioral reactions to each poster. Each participant
was shown posters on different health topics and
asked to answer 13 questions/poster. In total, the
dataset has 33,683 responses (1,011 subjects x2.56
posters x 13 questions/poster).

We further provide some demographic composition
details in Figures 10, 11, 12, 13, 14, 15, 16. Fig-
ures 6, 7, 8, 20, 19, 21, 22, 23, 24, 25, 26 show ad-
ditional insights into response distributions across
trait groups, with ground-truth responses shown
as white bars. Although many respondents gave
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Traits

mw Female mmm Prefer not to say
Male No report (nan)
Non-binary/third
gender

Figure 13: Dataset composition by gender (valid partic-
ipants after screening).
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49.2%

Traits

mm 18-24 55-64
25-34 65 or older
35-44 No report (nan)
. 45-54

Figure 14: Dataset composition by age (valid partici-
pants after screening).

generally positive ratings, the distributions varied
between trait groups. This pattern is expected, as
people often respond mildly positively unless they
feel strongly in agreement or opposition to a mes-
sage. Figure 7 and Figure 25 illustrate these dis-
tributional differences. Notably, Figure 25 shows
that the High Agreeableness group reports nearly
twice as many "very positive" responses (48.51%)
as the Moderate Agreeableness group (26.47%),
consistent with the expectation that highly agree-
able individuals respond more positively to health
messaging.

28.8%

66.2%

Traits
mw Divorced Single
Married Widowed
Other No report (nan)
I Separated

Figure 15: Dataset composition by marital status (valid
participants after screening).

Traits

Apolitical/Not
involved in politics
Conservative
Independent
 Liberal

Libertarian
Moderate

Prefer not to say
No report (nan)

Figure 16: Dataset composition by political affiliation
(valid participants after screening).

G Additional Results and Analysis

G.1 Statistical Significance Testing of
Performance Gains

To verify that gains from attribute alignment are sta-
tistically significant, we compare attribute-aligned
models against the strongest baselines, i.e., zero-
shot VLMs, using both exact one-sided McNemar
test (McNemar, 1947) and cluster-robust paired
bootstrap test (Efron and Tibshirani, 1994) over
paired correctness outcomes. For each tolerance
level tol € {0, 1,2}, a prediction is labeled correct
if |§; — yi| < tol. Let nyy denote the number of
samples where the attribute-aligned model is cor-
rect and the baseline is incorrect, and let ng; denote
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the opposite:
nig = Z 1(CZOUTS = 1
i

ours baseline
npl = E 1(cf"" =0,¢; =1).

i

baselme _ 0)
- )

Under the null hypothesis, both models are equally
likely to win on discordant samples. We compute
the one-sided exact McNemar p-value as

p=P(X > no),

testing whether the attribute-aligned model wins
more often than the baseline. Additionally, to ac-
count for repeated-measures dependency and intra-
participant correlation across the survey, we per-
form a cluster-robust paired bootstrap (B = 10,000
resamples clustered at the participant level and 95%
CI) to compute cluster-adjusted empirical p-values
and 95% confidence intervals. The tests are applied
separately to exact match, 1, and £2 tolerance
accuracy across all VLM backbones and held-out
communication strategies. We consider improve-
ments significant at p < 0.0001. Under both sta-
tistical tests, performance gains are statistically
significant across all VLM backbones (Gemma,
LLaMA, Qwen), metrics, and held-out strategies.

G.2 Evaluation of Response Prediction for
Llama-3.2:11B and Qwen2.5-VL:7B

Figure 17 provides additional results to Figure 5
to show the effect of response alignment training
for Llama-3.2-Vision model. We also further in-
clude similar investigation of the Qwen2.5-VL: 7B
model in Figure 18. Note that in these figures, the
Policy random (Priors-based) differs from the
Policy random (Uniform) in that, instead of uni-
formly sampling Likert-scale responses from 1 to
9, it adjusts the sampling distribution according to
the prior probability distribution of each question
type (sentimental, behavioral, or emotional). This
creates a stronger random baseline for a more com-
prehensive comparison. Table 2 describes the prior
Likert response score distributions to different ques-
tion types. As expected, although the prior-based
random baselines perform better than the uniform
ones, our trait-aligned VLMs still outperform these
stronger baselines.

G.3 Group-conditioned Response Distribution

In this section, we report additional response dis-
tribution across representative demographic and
psychometric groups in Figure 19 to Figure 42.

X ~ Binomial(njo + no1,0.5),
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Figure 17: Llama-3.2-Vision Models’ response predic-
tion accuracy on various unseen communication strate-
gies. As human sentimental and emotional survey scores
are inherently imprecise, we report accuracy using a 1
error tolerance w.r.t. ground-truth scores to flexibly and
practically capture overall trends and response patterns.
The response alignment training improves the accuracy
substantially across all response types (37 %-50% for
sentiment, 35%-43% for behavior, and 11%-27 % for
emotion) compared to the random baseline. These gains
are statistically significant at p < 0.0001 under both
exact one-side McNemar and cluster-robust pair boost-
rap statistical tests (B = 10,000 and 95% CI).
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Table 2: Prior Likert response score distributions for
valid (screened) samples.

Likert Score Sentiment Behavior Emotion

1 0.6 % 1.3 % 17 %

2 1.1 % 3.8 % 10.6 %
3 2.0 % 52 % 9.0 %
4 4.7 % 5.0 % 7.5 %
5 12.2 % 11.9% 13.0%
6 151 % 11.5% 121 %
7 17.5 % 17.1 % 3.8 %
8 17.7 % 15.9 % 8.6 %
9 29.1 % 283 % 8.4 %
> 100 % 100 % 100 %

Current Profession Current Profession

0.67
0.61
0.5.
0.48
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Figure 18: Qwen2.5-VL 7B Models’ response predic-
tion accuracy on various unseen communication strate-
gies. As human sentimental and emotional survey scores
are inherently imprecise, we report accuracy using a £1
error tolerance w.r.t. ground-truth scores to flexibly and
practically capture overall trends and response patterns.
The response alignment training improves the accuracy
substantially across all response types (34%-39 % for
sentiment, 29 %-34% for behavior, and 12%-15% for
emotion) compared to the random baseline. These gains
are statistically significant at p < 0.0001 under both
exact one-side McNemar and cluster-robust pair boost-
rap statistical tests (B = 10,000 and 95% CI).
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Figure 19:
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Sentimental response distributions of

Gemma3 models to unseen Self-Efficacy messages
across “Current Profession'' groups. Zero-shot (left)
and trained (right) models are compared against the

ground-truth distribution.
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Figure 20: Sentimental response distributions of
Gemma3 models to unseen Informational / Educa-
tional / Neutral messages across ‘“Current Profes-
sion'' groups. Zero-shot (left) and trained (right) mod-
els are compared against the ground-truth distribution.
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Figure 21:

Sentimental response distributions of

Gemma3 models to unseen Threatening/Fear-driven
messages across ‘“Current Profession'' groups. Zero-
shot (left) and trained (right) models are compared
against the ground-truth distribution.
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Figure 22: Sentimental response distributions of Gemma3 models to unseen communication strategies across
“Open-Mindedness” personality groups (moderate, high). “Low Open-Mindedness” group is not included since
it has less than 20 individuals in the test set. Zero-shot (left) and trained (right) models are compared against the
ground-truth distribution.
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Figure 23: Sentimental response distributions of Gemma3 models to unseen communication strategies across
“Extraversion” personality groups (moderate, high). “Low Extraversion” group is not included since it has less
than 20 individuals in the test set. Zero-shot (left) and trained (right) models are compared against the ground-truth
distribution.

45725



Group: Conscientiousness (moderate) Group: Conscientiousness (moderate) Group: Conscientiousness (high) Group: Conscientiousness (high)
Accuracy (+1 tolerance) = 0.538 Accuracy (+1 tolerance) = 0.641 Accuracy (+1 tolerance) = 0.407 Accuracy (+1 tolerance) = 0.726
350 =9 Gemma3-12b: zero-shot 350 B Gemma3-4b: fine-tuned 100 = Gemma3-12b: zero-shot 100 B Gemma3-4b: fine-tuned
300 [ Ground Truth [ Ground Truth [ Ground Truth [ Ground Truth
250
200
150
100
50
(a) Informational/Educational Health Messages
Group: Conscientiousness (moderate) Group: Conscientiousness (moderate) Group: Conscientiousness (high) Group: Conscientiousness (high)
80 80
Accuracy (+1 tolerance) = 0.516 Accuracy (+1 tolerance) = 0.666 Accuracy (+1 tolerance) = 0.383 Accuracy (+1 tolerance) = 0.716
I Gemma3-12b: zero-shot B Gemma3-4b: fine-tune 70 [ Gemma3-12b: zero-shot 70 B Gemma3-4b: fine-tune
200 1 Ground Truth 200 [ Ground Truth ] Ground Truth 3 Ground Truth
150
100
50
(b) Self-Efficacy Health Messages
Group: Conscientiousness (moderate) Group: Conscientiousness (moderate) Group: Conscientiousness (high) Group: Conscientiousness (high)
00 Accuracy (1 tolerance) = 0.574 00 Accuracy (1 tolerance) = 0.638 Accuracy (1 tolerance) = 0.445 Accuracy (+1 tolerance) = 0.706
[ Gemma3-12b: zero-shot [ Gemma3-4b: fine-tuned 200 [ Gemma3-12b: zero-shot 200 I Gemma3-4b: fine-tuned
500 [ Ground Truth [ Ground Truth [ Ground Truth I Ground Truth
400
300
200
100

(c) Threatening/Fear-driven Health Messages

Figure 24: Sentimental response distributions of Gemma3 models to unseen communication strategies across
“Conscientiousness” personality groups (moderate, high). “Low Conscientiousness” group is not included since
it has less than 20 individuals in the test set. Zero-shot (left) and trained (right) models are compared against the
ground-truth distribution.
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Figure 25: Sentimental response distributions of Gemma3 models to unseen communication strategies across
“Agreeableness” personality groups (moderate, high). “Low Agreeableness” group is not included since it has less
than 20 individuals in the test set. Zero-shot (left) and trained (right) models are compared against the ground-truth
distribution.
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Figure 26: Sentimental response distributions of Gemma3 models to unseen communication strategies across
“Neurocitism” personality groups (moderate, high). Zero-shot (left) and trained (right) models are compared
against the ground-truth distribution.
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Figure 27:
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Figure 28:

Sentimental response distributions of

Llama3.2 models to unseen Threatening/Fear-driven
messages across ‘“Current Profession'' groups. Zero-
shot (left) and trained (right) models are compared
against the ground-truth distribution.

Llama3.2 models to unseen Informational / Educa-
tional / Neutral messages across “Current Profes-
sion'' groups. Zero-shot (left) and trained (right) mod-
els are compared against the ground-truth distribution.
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Figure 29:

Sentimental response distributions of

Llama3.2 models to unseen Self-Efficacy messages
across “Current Profession'' groups. Zero-shot (left)
and trained (right) models are compared against the

ground-truth distribution.
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(c) Threatening/Fear-driven Health Messages

Figure 30: Sentimental response distributions of Llama3.2 models to unseen communication strategies across
“Open-Mindedness” personality groups (moderate, high). “Low Open-Mindedness” group is not included since
it has less than 20 individuals in the test set. Zero-shot (left) and trained (right) models are compared against the
ground-truth distribution.
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(c) Threatening/Fear-driven Health Messages
Figure 31: Sentimental response distributions of Llama3.2 models to unseen communication strategies across
“Extraversion” personality groups (moderate, high). “Low Extraversion” group is not included since it has less
than 20 individuals in the test set. Zero-shot (left) and trained (right) models are compared against the ground-truth
distribution.
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Figure 32: Sentimental response distributions of Llama3.2 models to unseen communication strategies across
“Conscientiousness” personality groups (moderate, high). “Low Conscientiousness” group is not included since
it has less than 20 individuals in the test set. Zero-shot (left) and trained (right) models are compared against the
ground-truth distribution.
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Figure 33: Sentimental response distributions of Llama3.2 models to unseen communication strategies across
“Agreeableness” personality groups (moderate, high). “Low Agreeableness” group is not included since it has less

than 20 individuals in the test set. Zero-shot (left) and trained (right) models are compared against the ground-truth
distribution.
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Figure 34: Sentimental response distributions of Llama3.2 models to unseen communication strategies across
“Neurocitism” personality groups (moderate, high). Zero-shot (left) and trained (right) models are compared
against the ground-truth distribution.
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Figure 35:

Sentimental response distributions of

Qwen2.5-VL models to unseen Threatening/Fear-
driven messages across “Current Profession'' groups.
Zero-shot (left) and trained (right) models are compared
against the ground-truth distribution.
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Figure 36: Sentimental response distributions of
Qwen2.5-VL models to unseen Informational / Ed-
ucational / Neutral messages across ‘“Current Pro-
fession'' groups. Zero-shot (left) and trained (right)
models are compared against the ground-truth distribu-
tion.
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Figure 37:

Sentimental response distributions of

Qwen2.5-VL models to unseen Self-Efficacy messages
across “Current Profession'' groups. Zero-shot (left)
and trained (right) models are compared against the

ground-truth distribution.
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Figure 38: Sentimental response distributions of Qwen2.5-VL models to unseen communication strategies across
“Open-Mindedness” personality groups (moderate, high). “Low Open-Mindedness” group is not included since

it has less than 20 individuals in the test set. Zero-shot (left) and trained (right) models are compared against the
ground-truth distribution.
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Figure 39: Sentimental response distributions of Qwen2.5-VL models to unseen communication strategies across
“Extraversion” personality groups (moderate, high). “Low Extraversion” group is not included since it has less
than 20 individuals in the test set. Zero-shot (left) and trained (right) models are compared against the ground-truth
distribution.
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I Qwen-2.5-VL-7B: fine-tuned
3 Ground Truth

(c) Threatening/Fear-driven Health Messages

Figure 40: Sentimental response distributions of Qwen2.5-VL models to unseen communication strategies across
“Conscientiousness” personality groups (moderate, high). “Low Conscientiousness” group is not included since
it has less than 20 individuals in the test set. Zero-shot (left) and trained (right) models are compared against the

ground-truth distribution.
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Group: Agreeableness (moderate)

Group: Agreeableness (moderate)

Accuracy (+1 tolerance) = 0.415
= Qwen-2.5-VL-7B: zero-shot
[ Ground Truth

Group: Agreeableness (moderate)

Accuracy (+1 tolerance) = 0.648
B Qwen-2.5-VL-7B: fine-tuned
[ Ground Truth

Group: Agreeableness (high)

Group: Agreeableness (high)

Accuracy (+1 tolerance) = 0.234
[ Qwen-2.5-VL-7B: zero-shot
[ Ground Truth

Accuracy (+1 tolerance) = 0.757
B Qwen-2.5-VL-7B: fine-tuned
[ Ground Truth

(a) Informational/Educational Health Messages

Group: Agreeableness (moderate)

1000

Accuracy (+1 tolerance) = 0.352
[ Qwen-2.5-VL-7B: zero-shot
[ Ground Truth

Group: Agreeableness (moderate)

Accuracy (+1 tolerance) = 0.648
I Qwen-2.5-VL-78: fine-tune
[ Ground Truth

(b) Self-Efficacy

Group: Agreeableness (moderate)

Accuracy (£1 tolerance) = 0.468
[ Qwen-2.5-VL-7B: zero-shot
[ Ground Truth

1000

Accuracy (£1 tolerance) = 0.612
[ Qwen-2.5-VL-7B: fine-tuned
1 Ground Truth

Group: Agreeableness (high)

Group: Agreeableness (high)

Accuracy (+1 tolerance) = 0.088
[0 Qwen-2.5-VL-7B: zero-shot
[ Ground Truth

Accuracy (+1 tolerance) = 0.842
[ Qwen-2.5-VL-7B: fine-tune
[ Ground Truth

Health Messages

Group: Agreeableness (high)

Group: Agreeableness (high)

Accuracy (+1 tolerance) = 0.282
[ Qwen-2.5-VL-7B: zero-shot
[ Ground Truth

Accuracy (+1 tolerance) = 0.723
[ Qwen-2.5-VL-7B: fine-tuned
1 Ground Truth

(c) Threatening/Fear-driven Health Messages
Figure 41: Sentimental response distributions of Qwen2.5-VL models to unseen communication strategies across
“Agreeableness” personality groups (moderate, high). “Low Agreeableness” group is not included since it has less

than 20 individuals in the test set. Zero-shot (left) and trained (right) models are compared against the ground-truth
distribution.
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100

Group: Neuroticism (moderate)

Group: Neuroticism (moderate)

Group: Neuroticism (high)

Group: Neuroticism (high)

Accuracy (+1 tolerance) = 0.409
= Qwen-2.5-VL-7B: zero-shot
[ Ground Truth

Group: Neuroticism (moderate)

Accuracy (+1 tolerance) = 0.662
B Qwen-2.5-VL-7B: fine-tuned
1 Ground Truth

[ Qwen-2.5-VL-7B: zero-shot
15.0 [ Ground Truth

17.5 Accuracy (+1 tolerance) = 0.286

Accuracy (+1 tolerance) = 0.629
B Qwen-2.5-VL-7B: fine-tuned
[ Ground Truth

(a) Informational/Educational Health Messages

Group: Neuroticism (moderate)

Group: Neuroticism (high)

Group: Neuroticism (high)

1000

Accuracy (+1 tolerance) = 0.336
[0 Qwen-2.5-VL-7B: zero-shot
[ Ground Truth

Group: Neuroticism (moderate)

Accuracy (+1 tolerance) = 0.667
I Qwen-2.5-VL-78: fine-tune
3 Ground Truth

(b) Self-Efficacy

Group: Neuroticism (moderate)

Accuracy (+1 tolerance) = 0.454
[ Qwen-2.5-VL-7B: zero-shot
[ Ground Truth

1000

Accuracy (+1 tolerance) = 0.634
I Qwen-2.5-VL-7B: fine-tuned
1 Ground Truth

175 = Qwen-2.5-VL-7B: zero-shot
[ Ground Truth

Accuracy (£1 tolerance) = 0.2

Accuracy (£1 tolerance) = 0.76
Em Qwen-2.5-VL-7B: fine-tune
[ Ground Truth

Group: Neuroticism (high)

Health Messages
Group: Neuroticism (high)

60 Accuracy (£1 tolerance) = 0.466
[ Qwen-2.5-VL-7B: zero-shot

50 [ Ground Truth

Accuracy (+1 tolerance) = 0.521
B Qwen-2.5-VL-7B: fine-tuned
[ Ground Truth

(c) Threatening/Fear-driven Health Messages

Figure 42: Sentimental response distributions of Qwen2.5-VL models to unseen communication strategies across

“Neurocitism” personality groups (moderate, high). Zero-shot (left) and trained (right) models are compared
against the ground-truth distribution.
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Ablation Study: Impact of Attribute Groups on Response Alignment under Unseen

Communication Strategies

Model / Communication Strategy

Overall

Sentiment Prediction Behavior Prediction Emotion Prediction

“Informational/Neutral”

exact /+1/+2

exact / +1/£2

exact / +1/+2

exact / +1/+2

Uniform Random Baseline

10.5/30.4/48.1

9.8/24.7/42.6

8.4/26.7/41.8

10.7/31.0/48.9

Gemma3-12B: zero-shot

13.7/43.8/68.4

16.1/48.2/84.6

13.2/43.8/74.4

11.1/37.6/61.6

Gemma3-12B: All Attributes
Gemma3-12B: No Demographic Attributes
Gemma3-12B: No Psychometric Attributes

32.7/57.6/75.0
29.5/55.1/73.3
31.6/54.2/71.0

36.7/67.1/85.7
33.9/65.0/86.0
37.7/63.8/79.5

38.1/65.5/84.9
32.0/59.1/81.1
33.0/56.0/77.0

29.1/51.9/69.5
25.4/49.7/67.8
27.5/50.2/66.7

“Self-Efficacy” exact/ +1/+2 exact/+1/+2 exact/+1/+2 exact/+1/+2

Uniform Random Baseline 11.3/31.1/48.5 9.1/27.6/43.4 8.7/28.7/44.4 11.0/31.3/49.2
Gemma3-12B: zero-shot 13.9/45.9/71.0 16.3/459/87.7 152/46.0/77.0 122/41.0/64.5
Gemma3-12B: All Attributes 32.5/59.3/76.4 352/67.8/84.7 32.6/64.6 / 82.9 30.0/55.2/72.2

Gemma3-12B: No Demographic Attributes
Gemma3-12B: No Psychometric Attributes

31.7/56.9/75.3
31.4/56.5/73.3

37.0/65.7/85.4
39.4/66.6/81.8

36.2/62.7/81.6
35.1/60.8/82.0

28.1/52.6/71.0
27.4/52.4768.8

“Threatening/Fear-driven”

exact/+1/+£2

exact / 1/ £2

exact / 1/ £2

exact/ +1/+£2

Uniform Random Baseline

10.8/31.6/49.7

8.8/28.3/44.9

7.5/27.0/44.6

11.2/31.7/49.4

Gemma3-12B: zero-shot

14.5/43.0/66.7

16.6/49.0/86.8

14.1/41.8/71.7

12.1/38.2/61.3

Gemma3-12B: All Attributes
Gemma3-12B: No Demographic Attributes
Gemma3-12B: No Psychometric Attributes

27.6/53.3/68.5
27.2/51.0/69.8
27.4748.1/63.3

34.3/66.9/83.9

33.3/62.2/82.7
33.7/62.7/80.6

34.8/62.9/78.9
33.4/56.5/79.2
35.3/60.0/78.1

23.4/47.7/62.9
23.1/45.4/63.9
22.9/40.8/55.7

Table 3: Model’s generalization performance (exact / £1 / 2 tolerance) on unseen messaging strategies under
attribute ablations. The +1 and +2 tolerance metrics account for the imprecise nature of human sentimental
and emotional responses, capturing distributional alignment with true responses without requiring exact matches.
For each ablation setting, we retrain Gemma-3:12B with either demographic or psychometric attributes removed,
isolating the contribution of each attribute group to generalization performance. Overall, models trained with
both demographic and psychometric attributes generally achieve the strongest performance. Excluding
either attribute group leads to consistent but moderate performance degradation rather than collapse, indicating
that LLMs can still align responses using partially available traits. Despite these drops, ablation models
substantially outperform random and zero-shot baselines, demonstrating robust response alignment even under
incomplete attribute information. These gains over the baselines are statistically significant at p < 0.0001 under
McNemar (McNemar, 1947) and cluster-robust pair boostrap (Efron and Tibshirani, 1994) (B = 10,000 and 95%
CI) statistical tests.
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H Ablation Studies on Attribute Group
Contributions

Example of Demographic Attributes

Age: 35-44

Gender: Male

Assigned Sex at Birth: Male
Religious/Cultural Group: Christianity
Political Affiliation: Independent
Race/Ethnicity: White/Caucasian

Primary Language: English

First Language: English

Highest Education: Bachelor’s degree
Employment Status: Employed full-time
Current Profession: Technology/Engineering
Annual Household Income: $100,000-$149,999
Marital Status: Married

Family Status: Married/Partnered with children
Zip Code: 92101

Disability: No

Example of Psychometric Attributes

Your personality test shows you have
(min score = @; max score = 5):

Big-Five Trait Scores:

Extraversion: 2.8; Agreeableness: 3.0
Conscientiousness: 3.0; Neuroticism: 2.7
Open-Mindedness: 3.5

Facet Scores:

Sociability: 2.0; Assertiveness: 3.3
Compassion: 3.0; Respectfulness: 3.0
Trust: 3.0; Organization: 4.0
Productiveness: 3.3; Responsibility: 2.0
Anxiety: 2.0; Depression: 2.0

Emotional Volatility: 4.0

Intellectual Curiosity: 4.0

Aesthetic Sensitivity: 4.0

Creative Imagination: 4.0

You also have Locus of Control:

I'm my own boss: Applies mostly

If I work hard, I'll succeed: Applies somewhat
Others determine my actions: Applies somewhat
Fate impacts my plans: Applies somewhat

To quantify the contribution of demographic and
psychometric attributes to response alignment per-
formance, we conduct ablation studies in which
each attribute group is removed in isolation. Specif-
ically, we evaluate two ablation settings: (1) re-
moval of demographic attributes and (2) removal
of psychometric attributes. To ensure a fair and
consistent comparison, attributes are excluded from
both the alignment training and the inference stages.
The generalization performance of the ablated mod-
els is reported in Table 3. We also show an example
of demographic and psychometric attributes above.

Overall, we observe that when removing either
demographic or psychometric attributes, the align-
ment training results in a consistent but moderate
degradation in response prediction performance.
These results indicate that both demographic and
psychometric attribute groups contribute to max-
imizing the attribute-aware response prediction.
Even under attribute ablation, aligned models gen-
erally outperform both random and zero-shot base-
lines across most metrics, highlighting the effec-
tiveness of the alignment training. These findings
demonstrate that both demographic and psycho-
metric attributes contribute meaningfully to LLM-
based response simulation, while alignment train-
ing remains effective even when one attribute group
is not available.

I Next Step: Interactive Avatar
Integration

To further support user experience and student en-
gagement, we are exploring the integration of real-
time virtual avatar generation into CLAAS. While the
current Ul implementation primarily presents simu-
lated community responses as text, an avatar-based
interface can deliver the same trait-conditioned re-
sponses through spoken, conversational feedback.
This extension follows a simple pipeline: the gener-
ated textual response is converted into a short script,
synthesized into speech, and rendered through a
talking-avatar interface whose appearance is con-
ditioned on user-specified demographic traits. An
example Ul is shown in Figure 43. We have in-
cluded the demo recordings of the avatar Ul in the
Supplementary Materials along with the codebase.
This feature is motivated by student interest in
animated-avatar feedback across the Fall 2025 and
Spring 2026 pilots, where 50% and 75% of respon-
dents, respectively, indicated that such a feature
would be helpful, as shown in Figure 44. The in-
teractive avatar demonstrates the extensibility of
CLAAS and illustrates how attribute-aware response
simulation can be delivered through richer modal-
ities in future deployments. Such interfaces may
help students engage more naturally with simulated
community perspectives and better reflect on how
different target populations may receive their cam-
paign messages. Future work will evaluate whether
avatar-based interaction improves engagement, re-
flection, and learning outcomes while maintaining
transparency and appropriate trust calibration.

45744



Upload only one poster image — the first file is the one processed.
The model has no memory, so re-upload the image for each new request.

Must choose a Health Topic that matches the poster content for best results.

No text prompt is needed: upload the poster and click Submit.
¥ Use Case 2: General Response (No Poster)
o Simply select a Health Topic and click Send.
¥ Important Notes .

© A Donot interrupt the generation process. Stopping midway can cause backend issues. Please allow the response to complete.
@ Before uploading a poster, select its corresponding health topic.
@ For the best experience, ensure the topic accuratety matches the poster content.

£ Ifyou choose not to upload a poster, the model will produce a general, trait-conditioned response for the selected topic.

Vision-Language Model: Trait-Conditioned Response Emulation

Chatbot | Household Income: [Not specified]

Family Status: [Not specified]

This poster uses a visual analogy of a burning cigarette to represent the destructive nature of COPD and other respiratory illnesses. The scale shows how quickly smoking can shorten a person's life,
highlighting the importance of smoking cessation. While not explicitly stating the health risks, the image evokes a sense of urgency and fear, motivating viewers

to make healthier choices. The message is
directly related to COPD by demonstrating the link between smoking and the development/worseni

g of the disease.

Thinking about what this poster is communicating, I'm now more concerned about the health risks of COPD and smoking. It makes me more motivated to not smoke, but I'm not completely worried about the
health consequences. | feel somewhat more open to maintaining good health practices now.

To give some context for my view, I'm a student, and I'm not fully aware of the health risks of COPD and smoking. While the poster makes me more concerned, I'm not completely worried about the

consequences. My cultural background [Not specified] might influence my perception of health and smoking,
Here are a few suggestions to improve the poster's persuasiveness:

Make the message more personal and relatable to students.

Showcase the negative health consequences in a more realistic and impactful way

Provide resources and support for stu

©  Notext prompt is needed: upload the poster and click Submit.

¥l Use Case 2: General Response (No Poster)

Simply select a Health Topic and click Send.

B Important Notes

A Do ot interrupt the generation process. Stopping midway can cause backend issues. Please allow the response to complete.

# Before uploading a poster, select its corresponding health topic.
@ For the best experience, ensure the topic accurately matches the poster content.
£ If you choose not to upload a poster, the model will produce a general, trait-conditioned response for the selected topic.

Vision-Language Model: Trait-Conditioned Response Emulation

Chatbot ¢ Education: [Not specified]
Annual Household Income: $75,000-$99,999

Family Status: [Not specified]

The poster gives me the impression that it intends to make people think about the health consequences of their food choices. It uses the imagery of a heart monitor flatlining

0 symbolize the potential for
poor nutrition to lead to serious health problems. The message is not direct, but it evok

asense of fear and motivate to prioritize their nutritional health
Thinking about what this poster is communicating, | now realize how incredibly important proper nutrition and weight management are to my overall health. The message has made me extremely concerned
about the risks of poor eating habits, and 'm highly motivated to make healthy choices. | feel very open to adopting healthier

habits and lifestyle changes.
A big part of why | think that is because I'm in the healthcare field,

, 50 'm naturally more aware of the importance of health and wellness. The message really resonated with me, making me more concerned

about the health risks of poor eating habits and more motivated to prioritize my own nutrition and weight management

To improve the poster's persuasiveness:
Use more specific statistics about the health risks of poor nutrition.
Showcase the positive health benefits of proper nutrition and weight management

Make notionally engaging by sharing personal ies of transformation.

(b) Targeted profile: Female, 18-24 years old, Caucasian, Occupation: Healthcare/Medical.

Figure 43: Example interactive avatar UIL. The avatar is dynamically generated based on user-specified target
demographic traits. Full video demos are included in the Supplementary Materials.
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Do you feel that adding an animated avatar would contribute positively to the user experience?
24 responses

@ VYes, it would improve the experience

@ No, it would not make a different to my
experience

@ No, it would not improve the experience
@ Unsure

(a) Students’ preference for an animated avatar feature, Fall 2025 pilot.
Do you feel that adding an animated avatar would contribute positively to the user experience?
8 responses

@ Yes, it would improve the experience

@ No, it would not make a different to my
experience

@ No, it would not improve the experience

@ Unsure

(b) Students’ preference for an animated avatar feature, Spring 2026 pilot.

Figure 44: Student preference for the interactive avatar feature. Pilot feedback suggests majority of students
show interest in receiving simulated responses through an animated avatar interface.
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