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Abstract

Real-world adoption of closed-loop insulin delivery systems
(CLIDS) in type 1 diabetes remains low, driven not by tech-
nical failure, but by diverse behavioral, psychosocial, and
social barriers. We introduce ChatCLIDS, the first bench-
mark to rigorously evaluate LLM—driven persuasive dialogue
for health behavior change. Our framework features a li-
brary of expert-validated virtual patients, each with clinically
grounded, heterogeneous profiles and realistic adoption bar-
riers, and simulates multi-turn interactions with nurse agents
equipped with a diverse set of evidence-based persuasive
strategies. ChatCLIDS uniquely supports longitudinal coun-
seling and adversarial social influence scenarios, enabling ro-
bust, multi-dimensional evaluation. Our findings reveal that
while larger and more reflective LLMs adapt strategies over
time, all models struggle to overcome resistance, especially
under realistic social pressure. These results highlight critical
limitations of current LLMs for behavior change, and offer a
high-fidelity, scalable testbed for advancing trustworthy per-
suasive Al in healthcare and beyond.

Code — https://github.com/talhal503/ChatCLIDS

Introduction

Type 1 diabetes (T1D) is a lifelong condition that imposes
a relentless physical and psychological burden on millions
worldwide (CDC 2024). Recent advances such as hybrid
closed-loop insulin delivery systems (CLIDS) have trans-
formed the clinical possibilities of diabetes care, offering
automated, real-time glucose monitoring and insulin dos-
ing (Manero 2023; Borel et al. 2024). Yet, despite clear med-
ical benefits, real-world adoption of CLIDS remains strik-
ingly low, fewer than 25% of eligible patients initiate use,
and up to 30% discontinue within six months (Noor et al.
2022; Messer et al. 2020; Wong et al. 2017).

The reasons for this gap are multifaceted and extend far
beyond technical performance. Patients and families face a
daunting array of CLIDS devices with different features, al-
gorithms, and user requirements, making device selection
and transition confusing and overwhelming (Manero 2023;
Saunders, Messer, and Forlenza 2019; Cobry et al. 2020).

“indicates equal contribution
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Technical challenges such as calibration demands and alarm
fatigue are common, but psychosocial and behavioral barri-
ers, including reluctance to cede self-management, anxiety
about trusting automated systems, emotional discomfort, fi-
nancial concerns, prior negative experiences, and low con-
fidence in adopting new technology, are often even more
decisive (Manero 2023) (Figure 1). Overcoming these ob-
stacles requires not just initial instruction, but ongoing, in-
dividualized education, expectation-setting, and emotional
support, resources that are difficult to provide at scale in
current healthcare systems (Manero 2023; Tanenbaum and
Commissariat 2022). Importantly, low adoption of advanced
diabetes technologies risks further widening health dispari-
ties, as under-resourced and marginalized patients often face
the steepest barriers to sustained engagement and benefit.
To enable rigorous and scalable investigation of real-
world behavioral barriers, we introduce a diverse library of
virtual patient agents. Each agent is systematically initial-
ized with a clinically validated profile and a set of realistic,
scenario-driven adoption barriers, as visualized in Figure 1.
This design captures the heterogeneity of attitudes, miscon-
ceptions, and behavioral resistance observed among people
living with T1D, enabling high-fidelity, customizable, and
clinically meaningful evaluation of Al-driven interventions.
To address the complex requirements of this domain, we
propose ChatCLIDS, the first benchmark expressly devel-
oped to assess LLM-driven persuasive dialogue for behavior
change in healthcare. 'ChatCLIDS centers on structured,
multi-turn, and outcome-oriented conversations, with a clin-
ical target: increasing CLIDS adoption among T1D patients.
The benchmark features two interacting LLM agents: a Pa-
tient Agent, initialized with rigorously curated and expert-
validated clinical and psychosocial profiles, and a Nurse
Agent, equipped with an extensive repertoire of evidence-
based persuasive strategies, including empathy, logical rea-
soning, expert endorsement, and motivational coaching.
ChatCLIDS supports clinically realistic scenarios of vary-
ing difficulty (Easy, Medium, Hard), encompassing both
single-visit and multi-visit settings to capture the longitu-
dinal dynamics of dialogue. The framework also includes

'Due to the sensitive and potentially identifiable nature of
health behavior narratives, the full dataset and synthetic profiles
will not be released. We upload our appendix and code on Github.



Lack of Knowledge or Misconceptions

. Patient: “I'd try the pump if it wasn’t so complicated.”

° Nurse: “What feels complicated about it?”

. Patient: “It seems like more work.”

. Nurse: “It's meant to make things easier. Your care team will train
you and support you, and you can also talk with someone who just
started.”

Concerns About Lifestyle Compatibility

. Nurse: “Are you thinking about a pump?”

. Patient: “I swim competitively. Constant insulin could make me go
low.”

° Nurse: “You can set exercise mode so it gives less insulin, and it
can pause delivery if you're trending low.”

. Patient: “But will it get in the way while swimming?”

. Nurse: “Let’s look at a couple pump options and see what fits your
swimming.”

Fear of Dependence or Loss of Control

° Patient: “What if it malfunctions and gives too much insulin?”

° Nurse: “It has safety checks.”

. Patient: “Like what?”

. Nurse: “It asks you to confirm doses before delivering.”

Emotional or Psychological Barriers

. Patient: “I don’t want a pump. | don’t want constant reminders of
diabetes.”

° Nurse: “Many people feel that at first. Some later feel they worry
less because the system helps manage things, and over time they
learn to trust it.”

Patient Profile Prompt Template: The patient is a [Male or Female] who is [AGE] years old with Type 1 Diabetes. S/he [does/does not] know about the
insulin pump. [if knows] about the insulin pump, the reason the person is hesitating is [Randomly select 0~3 reasons [REASON 1], [REASON 2],..]. The
patient has a personality type of [0~1 PERSONALITY TYPE]. The patient also has comorbid diseases like [0~1[DISEASE1], [DISEASEZ2], [DISEASE3] ].
The patient lives in [rural or urban]. The patient suffers from [randomly select 0~3 [socioeconomic factor]].

Barriers to Insulin Pump Adoption and Conversation Examples

Financial Concerns

Previous Negative Experiences

Perceived Burden or Inconvenience

Distrust of Recommendations

Reluctance to Change

Technological Anxiety

Concerns About Skin Irritation or Discomfort

. Patient: “I'd like a pump, but I'm worried it's too expensive.”
. Nurse: “Insurance may cover it. We can check.”

. Patient: “I tried a pump before. It didn’t work for me.”
. Nurse: “When was that?”

. Patient: “About 10 years ago.”

. Nurse: “Tech is much better now.”

. Patient: “It seems like too much maintenance.”
. Nurse: “It's not more work, just different. You may do fewer injections
and finger sticks.”

. Patient: “Are you sure it's better than injections?”
. Nurse: “Often yes. | can share details.”

. Patient: “I'm doing fine with my routine.”
. Nurse: “You’re managing well. This might keep the same control with
less stress and work.”

. Patient: “What if | can’t figure it out?”
. Nurse: “That's common. We'll train you before you leave, and you'll
have support and resources.”

. Patient: “I've reacted to adhesives before.”
. Nurse: “New options may work better. You can try one, and we can use
treatments if your skin gets irritated.”

Figure 1: Structure of the Patient Agent in ChatCLIDS. Each agent is initialized with a clinically validated profile and a
scenario-driven set of adoption barriers. The resulting diversity in persuasion barriers and conversational responses enables
personalized, realistic, and challenging evaluation of persuasive dialogue systems.

a Social Resistance Agent to model peer pressure and mis-
information, mirroring real-world social influences. Evalua-
tion is multi-dimensional and robust: model outputs are as-
sessed on responsiveness, empathy, appropriateness of strat-
egy, clinical relevance, and behavioral realism, using both
expert annotation and advanced LLM-based judges. The
result is a scalable, transparent, and clinically grounded
testbed for Al-facilitated patient persuasion, with careful de-
sign choices to ensure realism and reliability. In our experi-
ments, we find that:

* Scaling and Performance: In single-visit settings, per-
suasion generally improves with model size, but top “rea-
soning” and “non-reasoning” models perform similarly.

* Hard Cases: All models struggle with medium and hard
patients in a single visit, and sometimes even worsen their
willingness.

* Chain of Strategy: The Chain of Strategy (CoS) prompt-
ing protocol consistently improves persuasion across most
models and difficulty levels.

* Reflection and Adaptation: In multi-visit settings, reflec-
tive models (e.g., DeepSeek-R1 (Guo et al. 2025), GPT-
o4-mini (Jaech et al. 2024)) better adapt strategies to pa-
tient barriers than non-reflective baselines.

* Social Resistance: Under adversarial social influence, all
agents show strong degradation, revealing that current
LLMs lack robustness for sustained, real-world behavior

change.

Related Works

LLM Applications for Persuasion LLMs have recently
demonstrated human-level persuasive capabilities across a
range of applications, including prosocial messaging and at-
titude change (Manca et al. 2020; Xiu et al. 2024; Zeng
et al. 2024; Gordon 1993). Prior research on persuasion
has primarily relied on human studies evaluating mes-
sage effectiveness (Manca et al. 2020; Xiu et al. 2024),
while emerging frameworks, such as PersuasionArena and
Convincer-Skeptic, explore agent-based and automated ap-
proaches (Zeng et al. 2024; Gordon 1993). However, most of
these works focus on single-turn, open-domain, or debate-
oriented scenarios (Bozdag et al. 2025), with limited em-
phasis on sustained, goal-directed behavioral change in real-
world health settings. In the clinical context, patient engage-
ment and persuasion are well-recognized as critical strate-
gies for improving health outcomes (Marzban et al. 2022;
Geurts et al. 2022). Still, there is a lack of systematic
and reproducible benchmarks for studying persuasive dia-
logue that targets complex medical decisions. ChatCLIDS
addresses this gap by modeling cl9inically grounded, multi-
turn persuasion between virtual nurse and patient agents,
centered on the real-world challenge of CLIDS adoption in
T1D care.
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Multi-Agent Simulation Frameworks in Healthcare
Multi-agent simulation has emerged as a key approach
for modeling complex, dynamic healthcare interactions in-
volving multiple stakeholders (Yao and Yu 2025; Tariq
2024; Elkamouchi, Daaif, and Elguemmat 2024; Daengde;j
et al. 2024). Recent advances leverage LLM-based agents
to simulate clinical workflows, diagnostic reasoning, and
patient-provider communication (Wang et al. 2023; Cai
et al. 2023; Zhang et al. 2023). Frameworks such as Agent-
Clinic (Schmidgall et al. 2024) and AMIE (Tu et al. 2024)
utilize interactive language agents for benchmarking clinical
decision-making, scenario generation, and clinician training,
supporting adaptive, multimodal interactions. In the context
of T1D, however, most prior systems have not addressed
the unique behavioral, psychological, and social challenges
surrounding health technology adoption. Our work builds
on this line of research by introducing a clinically realis-
tic multi-agent framework specifically tailored for simulat-
ing T1D patient persuasion and resistance in the context of
CLIDS adoption.

Virtual Patients and Realistic Agent Modeling Virtual
patients have a long history in clinical education, tradi-
tionally implemented with rule-based systems to simulate
demographic and medical features (Huang, Reynolds, and
Candler 2007; Gordon et al. 2001; Good 2003; Garrett,
MacPhee, and Jackson 2010; Campillos-Llanos et al. 2021).
With the advent of LLMs, recent research has demonstrated
the potential for highly realistic, behaviorally nuanced agent
simulation, including the accurate reproduction of individ-
ual social attitudes, psychological barriers, and conversa-
tional dynamics (Lee et al. 2024; Wang et al. 2024; Park
et al. 2023). For example, Park et al. (2024) demonstrated
that LLM-driven agents can closely replicate the survey re-
sponses, personality traits, and longitudinal behaviors of real
individuals. In medicine, advanced agent-based platforms
enable simulation of both provider and patient roles, facil-
itating scalable, ethical, and controlled study of decision-
making and patient engagement (Schmidgall et al. 2024;
Tu et al. 2024; Yu et al. 2024). ChatCLIDS leverages these
advancements to develop expert-validated, highly customiz-
able virtual T1D patients, systematically capturing the full
spectrum of knowledge, attitudes, comorbidities, and social
factors relevant to technology adoption.

Methodology

ChatCLIDS is a clinically grounded, agent-based bench-
mark for evaluating the persuasive capacity of LLMs in
health behavior change. As illustrated in Figure 1 and Fig-
ure 2, the benchmark simulates multi-turn, multi-session
conversations between a Nurse Agent and a Patient Agent,
under three progressively challenging real-world scenarios:
Single- Visit, Multi-Visit, and Social Resistance.

Patient Agent At the heart of ChatCLIDS is a rigorously
constructed library of virtual patient agents, each initial-
ized with a profile designed to reflect the true diversity and
complexity of real-world T1D patients considering CLIDS
adoption (see Figure 1). Our profile generation follows a
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multi-stage, ethics-driven pipeline to ensure clinical rele-
vance, population diversity, and privacy protection:

Step 1: Real-World Data Extraction and De-
Identification. We first extracted behavioral and psy-
chosocial patterns from a large set of publicly available
narratives on online health forums (e.g., Reddit communi-
ties dedicated to diabetes and insulin pumps). We used one
de-identification tool to automatically identify and remove
any potentially privacy-sensitive or personally identifiable
information (PII) from the original posts, ensuring that
all profiles are entirely synthetic and fully compliant with
ethical standards. 2

Step 2: Feature Engineering and Expert Curation.
Next, our clinical team (a physician and a diabetes nurse,
each with extensive experience in counseling individuals
with type 1 diabetes) manually reviewed both extracted pat-
terns and established medical guidelines to define a compre-
hensive set of profile attributes and barriers. These include
demographic, clinical, and psychosocial variables: Demo-
graphic: Age (18-44, 45-64, 65+), Gender (Male/Female),
Ethnicity (White, Black, Hispanic, Asian, Native Ameri-
can) Socioeconomic: Low income, insurance coverage, ed-
ucation, rural/urban residence, housing stability Clinical:
CLIDS knowledge, comorbidities (e.g., hypertension, de-
pression, celiac disease) Personality: Traits such as extro-
version, conscientiousness, neuroticism, openness Barriers:
1-3 reasons not to adopt CLIDS (e.g., fear of dependence,
distrust, technical anxiety, lifestyle incompatibility, financial
concerns, prior negative experience, knowledge gaps)

Step 3: Profile Synthesis and Combination. We syn-
thesized unique patient profiles by systematically combin-
ing real-world-inspired feature values and clinically vali-
dated barrier archetypes. All generated profiles were then re-
viewed by medical experts to ensure that their combinations
are plausible and reflect observed patient diversity. For pro-
files directly mapped from real-world data, the clinical valid-
ity was 100%. For algorithmically combined synthetic pro-
files, a small-scale human verification study (N=100) found
that 99% were judged as reasonable and representative of
real T1D cases.

Step 4: Dynamic Dialogue Behavior. Each Patient Agent
is equipped with both a static profile and a dynamic mem-
ory, tracking their history across previous interactions. This
enables realistic adaptation and continuity across multi-turn
and multi-visit conversations, with agent outputs including
both a free-text reply and a persuasion rating (1-10) at every
round.

Difficulty Stratification and Evaluation Readiness Pa-
tients are stratified into Easy, Medium, and Hard categories
based on the number, type, and severity of their barriers, as
well as background factors such as psychosocial risk. This
supports systematic evaluation of persuasion and behavior
change under progressively greater resistance.

2 All source data was limited to non-identifiable, public content.
No raw or processed data will be released; only code for reproduc-
tion is provided.



Thinking | Strategy Response

Thinking Example: By validating the patient and
offering support, | build trust. By respecting
their comfort and choice, | support autonomy
and keep the door open for future talks.

Persuasion Strategies Exchange-Based

Information-Based:
1.Evidence-Based
Persuasion

2.Logical Appeal
Credibility-Based
3.Expert Endorsement
4.Non-Expert
Testimonial
5.Authority
Endorsement
Norm-Based

6.Social Proof
7.Injunctive Norm
Commitment-Based
8.Foot-in-the-Door
9.Door-in-the-Face
10.Public Commitment
Relationship-Based
11.Alliance Building
12.Complimenting

16.Favor

17 .Negotiation
Appraisal-Based
18.Encouragement
19.Affirmation
Emotion-Based
20.Positive Emotional
Appeal

21.Negative Emotional
Appeal
22.Storytelling
Information Bias
23.Anchoring
24.Priming
25.Framing
26.Confirmation Bias
Linguistic-Based
27.Reciprocity
28.Compensation
Scarcity-Based

Hi, [Patient's Name], how are
you managing your diabetes
lately?

It's been okay, | guess. I'm
sticking with my injections for
now. They work fine.

That’s good to hear you're
managing, but have you heard
about closed-loop insulin
pumps? They're a
game-changer for people with
Type 1 diabetes.

Yeah, I've heard of them, but |
don’t think they’re for me. They
seem complicated, and | don’t
think they’d work with my

sports routines.

Logical Appeal (Evidence-Based):

Actually, they’re designed to
make life easier, especially for
athletes like yourself. Closed-loop
pumps monitor your glucose
levels and adjust insulin delivery
automatically, even during intense
activities. Studies show they
reduce hypoglycemia by up to

Expert Endorsement & Social Proof:

Endocrinologists highly recommend
this system, especially for young
adults. You might also find it
reassuring that many professional
athletes with diabetes use these
pumps to stay competitive.

Really? Athletes?

Absolutely. You're not alone in
this, and many people like you
have transitioned successfully.

Compliment & Relationship Building:

You're already doing a fantastic job
managing your diabetes. Trying the
pump could be the next step to make
things even smoother for you. You're
disciplined with your routines, so |
know you’ll adapt easily.

PR=4 | Thanks. | don’t know, though—it
still seems like a lot.
u J
Y
Single-Visit i"‘

Multi-Visit L=/.|z>b‘_z|‘;>

13.Shared Values 29.Supply Scarcity 40%.

14.Relationship 30.Time Pressure o ) Social = =
Leverage Reflection-Based PR | st g [ . L<=/|Z>Li|z>
15.Loyalty Appeals  31.Reflective Thinking I'm still skeptical. Resistance

Figure 2: Overview of the ChatCLIDS. The framework evaluates LLM-based persuasive dialogues between Nurse and Patient
Agents in the context of insulin pump adoption. The left panel illustrates the multi-step agent reasoning and the taxonomy of
31 persuasive strategies. In contrast, the right panel highlights benchmark features, including stratified patient difficulty, multi-
session dialogue, and adversarial social influence, enabling a multidimensional evaluation of behavior change interventions.

Quality Validation To verify the human-likeness and re-
liability of our Patient Agents, we conducted extensive val-
idation: 1) We benchmarked several LLM backends, iden-
tifying GPT-40 and GPT-4.1-mini as most consistent with
clinical realism. 2) Two experts independently evaluated a
stratified sample of patient agent outputs. Specifically, they
assessed the justifiability of persuasion rating changes and
the realism of simulated patient behaviors. Inter-annotator
percent agreement exceeded 87.5%, and the proportion of
binary ’yes” ratings for Persuasion Rating Change Justifia-
bility and Patient Behavioural Realism was 90% and 92.5%,
respectively.

Nurse Agent in ChatCLIDS operate under two prompting
paradigms: Direct Prompting: The agent crafts persuasive
responses, drawing from a set of 31 validated strategies (see
Figure 2), given the patient’s profile, message, and conversa-
tion history. Chain-of-Strategy (CoS): The agent must first
explicitly identify and justify one or more persuasive strate-
gies before composing its response, making its reasoning
process transparent and auditable. Both paradigms require
the Nurse Agent to interpret patient barriers and adapt com-
munication in real time, demonstrating empathy, clinical rel-
evance, and context-sensitive reasoning. Inputs always in-
clude the patient’s profile and dialogue history; outputs con-
sist of the persuasive utterance (and, for CoS, a rationale for
the chosen strategy). These design choices are grounded in
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expert consultation with clinicians specializing in type 1 di-
abetes, ensuring that simulated nurse behaviors reflect core
competencies needed for real-world patient counseling and
can be robustly assessed in our benchmark. Accordingly,
both LLM-as-Judge and human evaluation protocols are di-
rectly aligned with these dimensions.

Experimental Scenarios

To rigorously assess model performance across the spectrum
of clinical persuasion, we design three scenarios and each
corresponding to a real-world setting and probing capacities:

Single-Visit (Multi-Round Conversation) Simulates a
typical clinical encounter (up to 24 turns total), with the
Nurse Agent seeking to persuade the Patient Agent in a sin-
gle session. This tests a model’s ability for short-term, adap-
tive persuasive reasoning and conversational flow.

Multi-Visit (Longitudinal Counseling) Models long-
term engagement, with 10 consecutive simulated “visits,”
each up to 24 turns. At the end of each visit, the Nurse Agent
produces a self-critique summary, analyzing which strate-
gies worked or failed and planning adjustments. Both pa-
tient and nurse agents retain cumulative memory, reflecting
real-world continuity and adaptation. This scenario probes
models’ capacity for reflection, long-term adaptation, and
progressive overcoming of resistance.



Social Resistance (Adversarial Social Influence) After
each Nurse-Patient session, the Patient interacts with a So-
cial Resistance Agent that introduces misinformation, skep-
ticism, or negative social cues, mirroring real-world peer
pressure or internet misinformation. The Nurse Agent is
blind to these interventions; both influences shape the Pa-
tient Agent’s stance. This tests robustness to adversarial con-
text and long-term social resistance.

Evaluation Framework

Model Coverage We evaluate persuasion performance
across more than 13 LLMs, covering a wide spectrum of
architectures and scales: OpenAl Series: GPT-40 (gpt-4o,
gpt-40-mini) and GPT-4.1 (gpt-4.1, gpt-4.1-mini), 03-mini
and o4-mini Deepseek: R1 Qwen 2.5 Family: Qwen2.5-
0.5B-Instruct, 3B-Instruct, 14B-Instruct, 32B-Instruct Phi4:
Phi4, Phi4-mini-instruct This diverse model pool allows for
robust comparisons across parameter size, domain special-
ization, and prompting capabilities.

Automatic Metrics We compute the Normalized Persua-
sion Rating (NPR) (see Eq. 1) for Single-Visit, capturing
round-level improvement in patient willingness, normalized
by initial stance. This enables fair comparison across diverse
baseline attitudes.

PR, — PR
“ L -0 if PR, > PRy and PRy # 10,
NPR(c) = { s~ T
w otherwise.
PRo—1 °

ey
Multi-Visit & Social Resistance: For a multi-visit and so-
cial resistance setting, we design a metric based on the area
under the curve drawn, with mean persuasion score on the
Y axis, and Visit number on the X-axis. We do this model-
wise, where for each model and each visit, we get the aver-
age persuasion score at the start of the visit and the average
persuasion score at the end of the visit across all the patients
for the difficulty set. This helps us understand the persuasion
ability of each model across all visits combined.

LLM-as-Judge Evaluation We utilize a strong LLM
(OpenAl 03) as an automated judge, scoring each turn on
Responsiveness, Empathy, Persuasive Strategy Appropriate-
ness, Clinical Relevance, Nurse Behavioral Realism.

Human Expert Evaluation Human evaluation was con-
ducted in three stages to ensure the validity and interpretabil-
ity of our benchmark and model assessments:

Stage 1: Metric Reliability Validation We sampled 50
dialogue rounds, each including a patient conversation his-
tory and two different Nurse Agent responses (with GPT-40
as the Patient Agent for follow-up and persuasion rating).
Two clinical experts independently (1) selected the more
persuasive nurse (or tied), and (2) rated the plausibility of
the patient agent’s persuasion rating change and behavioral
realism (binary yes/no, explanations required for "No” rat-
ings). Agreement rates were calculated between the experts,
and between human preferences and LLM-as-Judge outputs,
to validate the reliability of our automatic metrics.

39543

Stage 2: Controlled Single-Turn Evaluation We sam-
pled 25 patient cases (spanning all difficulty tiers), and
presented blinded groups of 13 model-generated Nurse re-
sponses (plus Patient Agent follow-ups and ratings) for each
scenario. Experts (1) wrote their own “gold” response for
each prompt, (2) scored every model response on six criteria
(Responsiveness, Empathy, Persuasive Strategy Appropri-
ateness, Clinical Relevance, Nurse Behavioral Realism, Per-
suasion Rating Change Justifiability) using a 1.0-5.0 scale,
(3) indicated whether any model outperformed their own re-
sponse, and (4) provided justifications.

Stage 3: Multi-Turn Qualitative Case Studies Ex-
perts reviewed four full patient cases, tracking two top-
performing Nurse Agents across both multi-visit and social
resistance settings. For each case, experts evaluated (a) the
quality of Nurse reflection after each visit, (b) whether sub-
sequent Nurse behavior showed learning or adaptation, (c)
the consistency and realism of patient behavior, and (d) the
plausibility of Social Resistance influence. They answered a
structured set of qualitative questions and annotated specific
dialogue turns as supporting evidence.

Results and Discussion

Scaling and Performance in Single-Visit Settings We
observe that model performance in single-visit scenarios
generally scales with model size, but the differences be-
tween the best “reasoning” and “non-reasoning” models are
relatively modest (see Table 1). In our setup, GPT-4o0 is used
as the patient agent for all experiments, based on its consis-
tency and clinical realism. For the Direct Response setting,
Deepseek-R1 achieves the highest average persuasion score
across patient difficulties, whereas GPT-40 leads in the CoS
condition. Notably, among open-source models, Qwen2.5-
32B is competitive on hard-difficulty patients. Overall, the
CoS protocol confers consistent gains for most models and
patient categories, with noticeable improvements for easy
and medium cases. However, even with CoS, the improve-
ment on hard cases is limited; persuasion scores for these
patients remain low or even negative. This gap suggests that
more advanced approaches may be required to address the
kinds of behavioral resistance that arise in real-world sce-
narios.

Challenge of Hard Cases and Multi-Visit Dynamics Re-
sults from the Multi-Visit and Social Resistance experi-
ments (Table 2, Figure 3) further illustrate these challenges.
Here, o4-mini and Deepseek-R1 achieve the best overall
performance, but persuasion remains difficult, mainly when
the Social Resistance agent simulates social resistance. All
models experience lower overall persuasion scores in the
Social Resistance scenario compared to the standard Multi-
Visit, with reasoning-enabled models, such as o4-mini and
Deepseek-R1, showing the most significant absolute drops.
In the Multi-Visit condition (Figure 3a,b), both models
and patients benefit from repeated engagement: medium-
difficulty patients generally show gradual improvement over
visits, while hard-difficulty patients require substantially
more interactions, and rarely exceed a mean persuasion
score of 6. In the Social Resistance setting (Figure 3c,d),
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Hard). The impact of adversarial social input is evident in lower starting points and reduced overall gains, especially in hard

cases.
M ‘ Direct Response ‘ Chain of Strategy (CoS)
odel
| E M H Ag | E M H Avg
03 mini 0.600 -0.317 -0.425 -0.047 | 0.690 -0.038 -0.425 0.076
04 mini 0.807 0.185 -0.317 0.225 | 0.859 0.337 -0.166 0.344
Deepseck R1 | 0.940 0.330 -0.153 0.372 | 0.920 0.370 0.031 0.440
GPT4o 0.762 0.109 -0.229 0.214 | 0.940 0.604 -0.075 0.490
GPT4.1 0.876 0.157 -0.265 0.256 | 0.891 0.410 -0.101 0.400
GPT4.1-mini | 0.881 0.331 -0.110 0.367 | 0.921 0.523 -0.036 0.469
GPT40-mini 0.676 0.028 -0.304 0.133 | 0.907 0.343 -0.083 0.389
Qwen 2.50.5b | 0.367 -0.672 -0.569 -0.291 | 0.453 -0.387 -0.494 -0.143
Qwen2.53b |0.765 0.190 -0.297 0.219 | 0.673 0.175 -0.122 0.242
Qwen2.514b | 0.734 0.079 -0.193 0.207 | 0.774 0.285 -0.018 0.347
Qwen 2.532b | 0.752 0.092 -0.033 0.271 | 0.800 0.330 0.000 0.377
phi4-mini 0.511 -0.019 -0.457 0.012 | 0.590 -0.262 -0.173 0.052
phi4 0.653 -0.419 -0.451 -0.072|0.688 0.049 -0.156 0.193

Table 1: Persuasion scores in the Single- Visit experiment.
Results are averaged across 40 randomly sampled patients
per difficulty level (Easy, Medium, Hard). Deepseek-R1
achieves the highest scores for Direct Response, while GPT-
40 performs best in CoS. CoS consistently improves persua-
sion for most models and patient groups, but gains are lim-
ited for hard-difficulty patients.

the average persuasion rating drops at the start of each nurse
visit, reflecting the impact of adversarial social input. In this

39544

| Multi- Visit |  Social Resistance

Model

| M H Avg. | M H Avg.
03-mini 3240 10.70 2155 | 2643 1592 21.17
04-mini 57.72 3527 46.50 | 37.25 2442 30.83
GPT-40 20.68 15.00 17.84 | 26.87 15.62 21.25
GPT-4.1 21.27 11.57 1642 | 3342 16.72 25.07
GPT-4.1-mini | 38.40 22.50 3045 | 3325 17.70 25.47
Deepseek-R1 44.11 29.20 36.66 | 35.80 2324 29.52
Qwen2.5-32B | 32.57 13.07 22.82 | 27.82 17.00 22.41

Table 2: Longitudinal persuasion scores under repeated
engagement and social resistance. Results show the area
under the curve (AUC) for mean persuasion scores in Multi-
Visit and Social Resistance experiments (10 patients per
group, Medium and Hard difficulty). o4-mini and Deepseek-
R1 perform best overall, but persuasion drops for all models
in the presence of adversarial social input.

setting, no model achieves robust gains, particularly for pa-
tients with high difficulty. These findings indicate that while
explicit reasoning and reflection mechanisms can help in
longitudinal scenarios, persistent social resistance remains
a significant challenge for current LLM-based agents.

Human Evaluation and Qualitative Analysis To com-
plement quantitative metrics, we conducted expert review
of representative multi-visit and social resistance dialogues.



Human evaluators noted that o4-mini’s reflections after
each visit were more reasonable and adaptive compared
to Deepseek-R1, which tended to persist with ineffective
strategies. Both models, however, exhibited limitations in
strategic flexibility when faced with repeated resistance.
Across cases, patient agents maintained consistent and re-
alistic behavior, and the Social Resistance agent was judged
plausible but could be further diversified to enhance its cred-
ibility. These qualitative findings support the quantitative re-
sults and highlight areas where strategy adaptation and so-
cial context modeling could be improved.

Strategy Use and Patterns We also examined the per-
suasive strategies employed by the nurse agents, focusing
on 04-mini’s output across all experimental settings. Strate-
gies such as rapport building, cognitive reframing, and in-
cremental requests (e.g., “Foot-in-the-door”’) were more fre-
quently associated with small positive changes in patient
persuasion ratings, particularly in single-visit and multi-visit
conditions. In scenarios with high social resistance, strate-
gies based on pre-existing relationships or external authority
(e.g., “Relationship Leverage,” “Authority Endorsement”)
appeared more robust than purely informational approaches,
though overall gains remained modest. These results suggest
that, within the constraints of this simulation, certain classes
of strategies are more likely to support incremental progress,
but no single approach consistently overcomes substantial
behavioral barriers.

Summary and Implications Taken together, these results
support several observations. Model size and reasoning ca-
pabilities are important but not sufficient for persuasive suc-
cess, especially in the face of substantial patient resistance
and social influence. Chain of Strategy protocols improve
performance in most cases, but do not fully resolve the chal-
lenge of hard-to-persuade patients. Explicit reflection and
adaptation mechanisms yield further gains in longitudinal
settings, though persistent social resistance can negate these
improvements. While the current simulation cannot cap-
ture the full complexity of real-world behavioral change, it
provides a controlled and reproducible framework for ana-
lyzing LLM agent behavior and evaluating the limitations
of current models. Looking ahead, these findings highlight
the need for future research on more robust, context-aware,
and socially adaptive LLM-based agents. We hope that the
benchmark, methods, and results presented here can inform
both the development of safer, more effective dialogue sys-
tems for health behavior support, and the broader study of
persuasive and educational Al in high-impact domains.

Conclusion

We present ChatCLIDS, a multi-agent benchmark for eval-
uating the persuasive dialogue capabilities of LLMs in
the context of diabetes technology adoption. By modeling
expert-validated virtual patients, diverse persuasive strate-
gies, and real-world social barriers, ChatCLIDS provides
a reproducible testbed for systematic analysis of Al-driven
persuasion. Our results highlight both the promise and cur-
rent limitations of LLM-based approaches for health behav-
ior support. We hope this benchmark serves as a foundation
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for future research on trustworthy, context-aware persuasive
Al in healthcare.

Ethical Statement

While ChatCLIDS is an initial step toward scalable, data-
driven evaluation of persuasive Al dialogue in diabetes care,
several important limitations and ethical considerations re-
main. First, our patient agent library is built from struc-
tured profiles synthesized from anonymized public narra-
tives and LLM outputs, then reviewed by experts. These
agents still may not fully capture the emotional nuance, in-
terpersonal unpredictability, or contextual diversity of real
clinical settings. Further validation with standardized pa-
tients and controlled real-world studies is needed to test re-
alism and robustness. Second, this benchmark is limited to
English-language and North American contexts; the gener-
alizability of modeled strategies to other cultures and health-
care systems is unknown. Our evaluation focuses on simu-
lated conversational outcomes, not real patient behavior or
long-term treatment adoption, so clinical impact must be es-
tablished through longitudinal research and continued expert
oversight. We also do not address acute or crisis scenarios,
which require stricter safeguards.

From an ethical standpoint, the dataset underlying Chat-
CLIDS was constructed only from publicly accessible and
anonymized online diabetes support narratives. Automated
and manual procedures were applied to remove personally
identifiable information (PII), and all synthetic patient pro-
files were reviewed for privacy compliance. Because health
narratives remain sensitive and potentially re-identifiable,
we do not release original or processed text. Instead, we
share aggregate statistics, synthetic examples, and method-
ology to support reproducibility without compromising pri-
vacy. The persuasive strategies modeled in ChatCLIDS were
curated and validated with clinical experts, based on com-
mon practices in diabetes education and patient support.
However, the dialogues generated by LLMs in our simu-
lations have not been evaluated or approved for real-world
clinical use. Important risks remain, including misinforma-
tion, inappropriate recommendations, or inadequate emo-
tional responses, so any future deployment would require
strong expert oversight and prospective validation. All hu-
man evaluation was conducted by licensed healthcare pro-
fessionals who gave informed consent and received fair
compensation. These procedures followed IRB-exempt pro-
tocols and institutional guidelines for responsible human-
subjects research.
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