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Abstract

Background: The increasing demand for digital health services has highlighted the need for innovative solutions to enhance
accessibility and quality of care. Al has emerged as a promising tool, offering capabilities such as personalized treatment plans
and virtual consultations. Despite these advancements, the acceptance of Al in digital health remains a critical concern, with
potential ethical and practical challenges.

Objective: The objective of this study is to evaluate how different Al roles and support types influence the perceptions of Al
tools among both patients and healthcare providers.

Methods: We recruited healthcare providers (N=251) and the general public (N=396) to examine their perceptions of Al
healthcare chatbots. Participants were randomly assigned to interact with one of six LLM-based chatbots designed within a 2x3
factorial framework: Al roles (assisting patients vs. assisting providers) and support type (task, companion, or control).
Following the interaction, participants reported perceived warmth and competence, emotional and informational support, and
technology acceptance using validated scales. Chat histories were also recorded, from which we extracted linguistic features and
conversation topics. We ran a factorial analysis of covariance (ANCOVA) on each perception construct and each linguistic
feature, testing the main effects of role and support type and their interaction. We also fitted separate linear regression models for
providers and patients to examine how perceptions varied with participants demographic characteristics and prior beliefs about
Al.

Results: We found that providers were generally more conservative than patients, reporting lower scores on five of the seven
constructs. Independent of role, the task chatbot was rated highest on competence, informational support, attitudes, and intention
to adopt, while the companion chatbot was rated warmer than the task chatbot but no higher than the general-purpose chatbot on
warmth or emotional support. Participants’ conversations followed the same pattern, with those talking to the task chatbot asking
more questions and those talking to the companion chatbot focusing more on their feelings. Across both groups, participants
genera trust in Al predicted their perceptions of every construct, and among patients, those who had a regular doctor, were
female, had less education, or knew more about Al also gave higher ratings.

Conclusions: This study contributes to understanding both providers' and patients perceptions of using chatbots in different
roles and support types, ultimately suggesting that future healthcare Al systems should build on domain-specific expertise and
users prior trust in Al, while finding better ways to convey warmth that users actually perceive.
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Comparing Al Roles and Support
Types in Digital Health: A
Randomized Factorial Experiment
with Patients and Providers

Abstract

Background: The increasing demand for digital health services has highlighted the need for innovative
solutions to enhance accessibility and quality of care. Al has emerged as a promising tool, offering capabilities
such as personalized treatment plans and virtual consultations. Despite these advancements, the acceptance of

Al in digital health remains a critical concern, with potential ethical and practical challenges.

Objective: The objective of this study is to evaluate how different Al roles and support types influence the

perceptions of Al tools among both patients and health care providers.

Methods: We recruited health care providers (N=251) and the general public (N=396) to examine their
perceptions of Al health care chatbots. Participants were randomly assigned to interact with one of six LLM-
based chatbots designed within a 2x x3 factorial framework: AI roles (assisting patients vs. assisting
providers) and support type (task, companion, or control). Following the interaction, participants reported
perceived warmth and competence, emotional and informational support, and technology acceptance using
validated scales. Chat histories were also recorded, from which we extracted linguistic features and
conversation topics. We ran a factorial analysis of covariance (ANCOVA) on each perception construct and
each linguistic feature, testing the main effects of role and support type and their interaction. We also fitted
separate linear regression models for providers and patients to examine how perceptions varied with

participants’ demographic characteristics and prior beliefs about Al.

Results: We found that providers were generally more conservative than patients, reporting lower scores on
five of the seven constructs. Independent of role, the task chatbot was rated highest on competence,
informational support, attitudes, and intention to adopt, while the companion chatbot was rated warmer than
the task chatbot but no higher than the general-purpose chatbot on warmth or emotional support. Participants’
conversations followed the same pattern, with those talking to the task chatbot asking more questions and
those talking to the companion chatbot focusing more on their feelings. Across both groups, participants’
general trust in Al predicted their perceptions of every construct, and among patients, those who had a regular

doctor, were female, had less education, or knew more about Al also gave higher ratings.

Conclusions: This study contributes to understanding both providers’ and patients’ perceptions of using

chatbots in different roles and support types, ultimately suggesting that future health care Al systems should
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build on domain-specific expertise and users’ prior trust in Al, while finding better ways to convey warmth

that users actually perceive.

Keywords: artificial intelligence; large language models; chatbots; digital health; health care
providers; patients; technology acceptance; social support

Introduction

The rapid growth of digital health technologies has increased interest in Al-powered systems that can support
health care delivery and communication. Artificial intelligence (AI), particularly large language models
(LLMs), is increasingly being integrated into health care settings to support clinical diagnosis, treatment,
patient communication, and access to care [1-3]. In particular, LLM-powered health care chatbots have shown
promise in engaging in natural, context-aware, and human-like interactions, creating new opportunities for
emotional support, health communication, and clinical assistance [4-6]. However, concerns remain regarding
reliability, the appropriate integration of Al into health care settings and how AI impacts patient-provider

communication dynamics and relations [7-9].

In health care settings, prior work has discussed Al chatbots as assistive and supplementary tools rather than
replacements for humans [5,10]. For health care providers, chatbots are expected to support clinical
workflows, improve efficiency, and assist decision making alongside clinicians [11]. Similarly, patients often
prefer Al systems that function as supportive assistants rather than fully autonomous health care providers
[12]. While both stakeholder groups prefer Al as an assistive technology, prior research has shown that
patients and providers may still hold different expectations, trust levels, and attitudes toward health care Al
systems [9,13-15]. However, these comparisons are usually indirect: the two groups are surveyed separately,
or one group evaluates responses written for the other [16,17]. Few studies have had both groups interact with

the same chatbots and evaluate them on the same measures.

In addition, emotional support and informational support have received substantial theoretical and empirical
attention in studies of social support and online communication [18,19]. Al chatbots have shown promise in
providing informational support by assisting users with health care-related questions, decision making, and
access to medical information [6,20]. At the same time, prior work has also explored the potential for Al
systems to provide emotional support through empathetic and supportive communication, particularly in

mental health and well-being contexts [4,21,22].

Beyond how users evaluate these systems, such designs may also shape the conversation itself, though the
evidence is mixed [23,24]. However, these two forms of support are usually examined in isolation. How they

compare when tested against each other and against a general-purpose baseline remains under-investigated.

How people evaluate an Al system also depends on their backgrounds and prior beliefs. Trust in Al in
particular has been shown to shape whether people accept and rely on Al systems across domains [7]. Existing

research has also shown that people’s attitudes and experiences significantly influence how they perceive Al
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systems [25,26], and that clinicians’ belief in AI shapes their acceptance of it [15]. Users’ background
characteristics have also been linked to the adoption of health technologies, including gender [27] and trust in
health care providers [28]. However, these characteristics are usually examined a few at a time and within a
single population, so a comprehensive picture of who responds well to a health care chatbot, and whether that

picture differs for clinicians and patients, is still missing.

To address these gaps, we conducted a 2x x 3 factorial experiment examining how Al’s assisting roles and
support types shape the perceptions of patients and health care providers. We recruited both stakeholder
groups to interact with one of six LLM-based chatbot conditions varying in roles (assisting patient vs.
assisting provider) and support types (task vs. companion vs. control). Following the interaction, participants
evaluated the chatbots on measures drawn from technology acceptance, stereotype content model, and social
support theory. We also recorded the full chat logs of each interaction, and collected participants’ demographic

characteristics and their prior beliefs about Al
Using these data, we examined the following research questions:

* RQla. How do assisting role and chatbot support type impact users’ perceptions of the
chatbots?
* RQ1b. How do assisting role and chatbot support type impact users’ conversational behavior
with the chatbots?
* RQ2. How do users’ perceptions vary with demographic characteristics and prior beliefs
about AI?
To answer RQ1a, we ran a factorial Analysis of Covariance (ANCOVA) [29] on each of the seven perception

constructs, testing the main effects of assisting role and support type and their interaction. To answer RQ1b,
we extracted linguistic features from participants’ own messages and ran the same models on each feature. To
answer RQ2, we fitted separate linear regression models for providers and patients, predicting each perception

construct from participants’ demographic characteristics and prior beliefs about Al.

Overall, our findings suggest that providers were generally more conservative than patients in evaluating
health care AI chatbots. Patients rated the chatbots higher than providers on five of the seven constructs,
expressed more gratitude, and talked mostly about their feelings, while providers talked more about
communication and diagnosis. The task chatbot was rated highest on competence, informational support,
attitude, and adoption intention, and participants talking with it used more positive language, stayed longer,
and asked more questions. The companion chatbot was rated warmer than the task chatbot but no higher than
the general-purpose chatbot on warmth or emotional support, although participants talking with it asked the
fewest questions and focused most on their feelings. Beyond the experimental conditions, users’ general trust
in Al predicted their perceptions across all seven constructs, and was the only consistent predictor among
providers, while patients who had a regular doctor, were female, had less education, or knew more about Al

also gave higher ratings.
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Methods
Study Design

We conducted an experiment with a 2 x 3 factorial design. The first factor was participant type: we recruited
health care providers and members of the general public, who evaluated chatbots designed for assisting
providers and assisting patients, respectively. The second factor was chatbot support type. Within each
participant group, we randomly assigned participants to a task support, companionship support, or general

support chatbot (control group).

Figure 1. Overview of the 2x3 factorial study design. Participants (health care providers or patients) were

randomly assigned to one of three chatbot support types (task, companion, or control), yielding six conditions.

For each (Assisting Role x x Support Type) condition, we developed a chatbot. Participants interacted with the
assigned chatbot within our designed scenario, and then reported their perceptions. The chatbot

implementation and scenario design are described as follows:

Chatbot Implementation: All chatbots were powered by the GPT-4o0-mini model [30], which was selected for
its strong instruction-following capabilities and stable conversational performance. At the time of the study,
GPT-40-mini was among the leading small-scale proprietary language models, outperforming GPT-3.5 Turbo
and comparable small models (e.g., Gemini 1.5 Flash, Claude 3 Haiku) on academic benchmarks of reasoning
and conversational capability [30]. Control group chatbots used the model’s default configuration, whereas
Task and Companion conditions were implemented through condition-specific prompts that varied by
assisting role (provider vs patient), shown in Table 1. For example, the ProviderTask condition framed the
chatbot as a clinical assistant to support data analysis and differential diagnosis, using a professional tone. In
contrast, the ProviderCompanion condition emphasized emotional validation and active listening. Full

prompts are provided in Multimedia Appendix 1.

Table 1. Condition-specific prompt summary by assisting role and support type.*

Task Companion Control
Assisting providers Clinical and diagnostic | Emotional support; no | Default GPT-40-mini
assistance clinical advice
Assisting patients Practical guidance for | Emotional support for | Default GPT-40-mini
managing health care | coping with health-
tasks related stress

*Task and companion conditions used condition-specific system prompts; control conditions used the default GPT-40-mini
configuration. Full prompts are provided in Multimedia Appendix 1.

Scenario Design: Participants engaged with a role-adapted clinical scenario centered on diagnostic
uncertainty. For example, patients imagined experiencing a six-week undiagnosed fever and growing
frustrated with the diagnostic process, while providers imagined managing this patient as their trust began to
erode. Each role’s scenario was further adapted into three versions matching the support type: for example, the

task version asked participants to work with the chatbot on concrete next steps (e.g., preparing questions for
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the doctor or planning patient communication), whereas the companion version asked them to share their
feelings about the situation, resulting in six scenario variants in total. The scenarios were iteratively developed
and piloted with input from four medical professionals (all holding MD degrees) to ensure clinical
appropriateness, generalizability across participants, and avoidance of sensitive topics. All scenario materials
were otherwise held constant, such that differences were limited to the assisting role and support type. The full

scenarios are provided in Multimedia Appendix 2.

Procedure

Sample size: The analytic sample comprised 647 participants. The required sample size was determined using
a G*Power analysis [31]. For a 2x3 between-subjects factorial design, assuming a small-to-medium effect size
(Cohen’s f = 0.15) [32], power of 0.80, and a = .05, the minimum required sample size was 432, determined
by the largest-degree-of-freedom effects of interest (the support-type main effect and the role x support-type
interaction). Based on this estimate, we recruited 1,560 respondents to allow for standard attrition and
exclusions. Participants were recruited from both the general public and medical professionals from the
CloudResearch Connect platform[33], an online participant recruitment platform commonly used in
behavioral research and shown to provide high-quality data for human-subject studies [34,35]. Each

participant was paid $2 for their participation.

Of the 1,560 respondents, 301 were removed as incomplete responses or survey previews, leaving 1,259
completed surveys. A further 365 were excluded for failing screening checks (e.g., incorrect identification of
the assigned condition, which served as a manipulation check confirming that participants understood the
purpose of their interaction with the chatbot: task assistance, emotional support, or general conversation) or
for interaction durations exceeding 60 minutes, yielding 894 valid responses. Because the chatbot underwent
code revisions during the initial data-collection period to address technical issues, participants in that period
interacted with a non-final version of the system. To ensure a consistent stimulus across conditions, we
excluded these participants and restricted all analyses to the finalized system, resulting in a final analytic

sample of 647 (251 providers, 396 patients).

We distributed surveys to two groups of participants recruited online: the general public (self-identifying
patients) and medical professionals. Both groups were randomly assigned to one of three chatbot support

conditions (task, companion, or control).

Based on the assigned condition scenario, participants interacted with the chatbot for at least three turns to
facilitate a minimally sustained interaction before evaluating the chatbot. Following the interaction,
participants evaluated the chatbot on seven constructs drawn from technology acceptance, stereotype content

model, and social support theory.

Measures and Features

Outcome measures: We measured seven constructs drawn from three frameworks, chosen to capture how
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participants judged the chatbot and how they experienced the interaction [18,36,37].

The Technology Acceptance Model [36] describes how much people accept and are willing to use a new
technology, and its extension based on the Theory of Planned Behavior [38] adds that acceptance also depends
on how much control people feel they have. From this framework we measured attitude, or how positively
participants viewed the chatbot; intention to adopt, or how willing they were to use it in the future; and

perceived behavioral control, or how much they felt able to direct and manage the interaction.

The Stereotype Content Model [37] was originally developed to explain how people perceive social groups
along two independent dimensions: warmth, or how caring a target seems, and competence, or how capable it
seems. We measured these two dimensions to capture what kind of social impression each chatbot created,

rather than only how favorably it was rated overall.

The social support theory [18] distinguishes several kinds of support people give one another, of which
emotional and informational support have received the most theoretical and empirical attention [39].
Emotional support conveys understanding, encouragement, and caring, while informational support provides
advice and knowledge. We measured both because they map directly onto the two functions our chatbots were

designed to serve.

All items were measured on a 5-point Likert scale [40]. Participants were asked to indicate their level of
agreement, ranging from 1 (strongly disagree) to 5 (strongly agree), for statements such as “I plan to use this
chatbot in the future.” All seven constructs demonstrated high internal consistency, with Cronbach’s alpha
coefficients exceeding 0.9 [41]. The full list of constructs and sample questions is shown in Multimedia

Appendix 3.

Conversational features: Conversational behavior was characterized using features derived from the chat
logs, drawing on approaches used to study linguistic behavior in online health interactions. Beyond self-
reported perceptions, we computed the sentiment of participants’ messages using VADER [42], taking the
mean compound score across each participant’s messages. We measured the volume and duration of
participation, including the number of words per message and interaction duration. We also captured two
markers of engagement: the number of questions asked and gratitude, measured as the number of question
marks and the frequency of gratitude-related terms drawn from a fixed lexicon (e.g., “thank,” “appreciate,”

“grateful”), following prior work that detects gratitude using curated word lists [43].

Conversational topics were identified by applying Latent Dirichlet Allocation (LDA) topic modeling [44] to
participants’ messages. We selected the number of topics based on coherence, which yielded three
interpretable topics. Based on the word groups, we named the three main topics communication, feeling, and

diagnosis.

Demographics and prior beliefs: We collected standard demographic information, including age, gender,

race, and education (ranging from high school or below to master’s, doctoral, or professional degrees).
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We additionally measured three aspects of participants’ relationship to Al, each on a 5-point scale. Al literacy
captured their self-rated understanding of Al concepts and technologies. Prior experience with large language
models captured their familiarity with using models such as ChatGPT. Trust in Al captured how much they
trusted Al systems to make reliable decisions. We also collected one role-specific characteristic: occupation
for providers, and whether they had a regular doctor for patients. Education, gender, Al literacy, LLM
experience, and Al trust were used as covariates (RQ1) and as predictors of perceptions (RQ2), together with
the role-specific characteristics; age and race were collected for descriptive purposes. The full demographic

breakdown is provided in Multimedia Appendix 4.

Data Collection and Analysis
We report this study following the Checklist for Reporting Results of Internet E-Surveys (CHERRIES;
Multimedia Appendix 5).

All data were collected via Qualtrics surveys and chatbot chat logs. All analyses used the final analytic sample
of 647 participants. We cleaned the dataset, ensuring that data types and values were aligned and appropriate
for statistical analysis. Across the RQ1la and RQ1b analyses, we controlled for education, gender, Al literacy,
LLM experience, and Al trust as covariates. Because education was missing for a small number of
participants, we imputed the median and included a missing-value indicator so that all participants were
retained in every model. Variance inflation factors indicated no multicollinearity among these variables (all
VIF <1.41). All analyses were conducted in Python 3 (Google Colaboratory) using statsmodels (ANCOVAs

and regressions), pingouin (Cronbach’s o), SciPy (demographic comparisons), and gensim (topic modeling).

To answer RQ1la, we examined how assisting role and chatbot support type affected participants’ perceptions
across all measured constructs using factorial Analyses of Covariance (ANCOVA) [29]. For each of the seven
perception constructs, we conducted a 2x3 between-subjects factorial ANCOVA evaluating the main effects of
assisting role (assisting providers vs. assisting patients) and chatbot support type (task, companion, and
control) and their interaction, using the covariates described above. When a support-type main effect was
significant, we followed up with pairwise comparisons of the least-squares (covariate-adjusted) means, pooled
across assisting role. We report the main effect of assisting role first, followed by the main effect of support

type and its pairwise comparisons, and then the interaction, with significance set at P<.05.

To answer RQlb, we examined how assisting role and chatbot support type affected participants’
conversational behavior. Using the same 2x3 between-subjects factorial design and covariates, we conducted
an ANCOVA for each linguistic feature to evaluate the main effects of assisting role and support type and their
interaction, followed by the same pairwise comparisons of least-squares means when a support-type main

effect was significant.

To answer RQ2, we examined how participants’ demographic characteristics related to their perceptions of the

chatbots. For each of the seven outcome constructs, we fitted a linear regression model with demographic
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variables (education, gender, Al literacy, LLM experience, Al trust, and occupation for providers or having a
regular doctor for patients) as predictors, estimated separately for providers and patients (7 constructs x 2
roles = 14 models). Continuous predictors were standardized and categorical predictors dummy-coded. We

report standardized regression coefficients () and adjusted R? for each model, with significance set at P<.05.

Ethical Considerations

This study was approved by the Institutional Review Board of the relevant university where the research was
conducted (protocol #81033). At the beginning of the survey, participants reviewed and signed a consent form
outlining the study’s purpose, procedures, risks, and benefits before proceeding. We compensated each

participant $2, both for the general public and for medical professionals.

Results
Chatbot behavior check

To confirm that the support-type prompts shaped the chatbot’s responses as intended, we extracted the chat
logs and analyzed five features of the chatbots’ responses: number of turns, words per turn, emotional support
per turn, informational support per turn, and average message sentiment. As shown in Table 2, the three
support types differed as expected. The task bot exchanged the most turns (mean 4.04, SD 1.85) and wrote
roughly nine more words per turn (mean 107.5, SD 21.0) than the companion (mean 98.6, SD 14.9) and
control (mean 98.9, SD 14.8) bots. Most importantly, it expressed emotional support in the fewest of its turns
(mean 0.51, SD 0.32), compared with the companion (mean 1.00, SD 0.03) and control (mean 0.97, SD 0.11)
bots, F=451.09, P<.001, while providing the highest rate of informational support (mean 0.96, SD 0.10),
F=7.755, P<.001. The companion bot showed the highest emotional support (mean 1.00), though, somewhat
surprisingly, it exceeded the control bot only slightly (mean 0.97). This narrow gap suggests the default
configuration was already a warm, general-purpose agent, leaving little room for the companion prompts to
add. Sentiment also differed significantly across conditions, F=124.90, P<.001: the companion bot was the
most positive in tone (mean 0.88, SD 0.14), followed by the control (mean 0.80, SD 0.18) and task (mean
0.57, SD 0.32) bots. The support-type prompts thus shaped both the content and the affective tone of the

chatbots’ responses.

Table 2. Chatbot behavior check: chatbot responses by support type.*

Feature Task Companion Control F

# of turns 4.04 (1.85) 3.75 (1.09) 3.67 (1.08) 3.87*
Words per turn 107.5 (21.0) 98.6 (14.9) 98.9 (14.8) 18.93***
Emotional 0.51 (0.32) 1.00 (0.03) 0.97 (0.11) 451.09%**
support per turn

Informational 0.96 (0.10) 0.92 (0.16) 0.94 (0.13) 7.75%**
support per turn

Sentiment  (-1: 0.573 (0.324) 0.883 (0.139) 0.799 (0.182) 124.90***
negative, +1:

positive)
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Cells are M (SD), N=647. F tests differences across the three support types. Emotional and informational support are proportions of
chatbot turns containing each support type.
*P<.05; **P<.01; ***P<.001.

RQ1la: Effects of Role and Support Type on Perceptions

Compared with providers, patient participants rated the chatbots significantly higher on five of the seven
constructs and numerically higher on all seven, including how much control they felt, how warm the chatbot
seemed, and how supportive it was. Across the three chatbot types, task bots were seen as the most competent
and informationally supportive and drew the most positive attitudes and adoption intentions, while companion
bots were rated no higher on emotional support or warmth than the general-purpose default. In the following
sections, we interpret only statistically significant results. Table 3 reports the ANCOVA F statistics for each

construct and Table 4 reports the adjusted means.

Main effect of assisting role.

Providers were more conservative than patients about the support and control they experienced, but not about

the chatbot’s competence or their overall attitude toward it.

Providers rated the chatbots lower than patients on five of the seven constructs: behavioral control,
F(1,634)=24.86, P<.001, d=0.44; warmth, F(1,634)=7.75, P=.006, d=0.24; informational support,
F(1,634)=5.12, P=.024, d=0.20; emotional support, F(1,634)=4.70, P=.030, d=0.19; and intention to adopt,
F(1,634)=3.88, P=.049, d=0.17. Assisting role did not significantly impact attitude, F(1,634)=1.73, P=.189, or
competence, F(1,634)=2.12, P=.146. These differences were modest in magnitude, with only behavioral

control approaching a medium effect.

Main effect of support type.
The task chatbot was rated highest on competence, informational support, attitude, and adoption intention, but

lowest on emotional support, where the companion chatbot did no better than the general-purpose default.

Among the technology-acceptance constructs, the task chatbot drew the most positive attitudes and adoption
intentions, with significantly higher ratings than the other two (attitude, task mean 3.42, SE 0.11; companion
mean 2.96, SE 0.10; control mean 2.66, SE 0.13; F(2,634)=23.09, P<.001, d=0.43 and 0.71; intention, task
mean 3.34, SE 0.10; companion mean 2.85, SE 0.10; control mean 2.63, SE 0.12; F(2,634)=23.65, P<.001,
d=0.49 and 0.70). A similar pattern held for behavioral control, or how much users felt they could steer the
conversation: the task and companion chatbots were rated higher than the control chatbot (mean 3.80, SE 0.10

and mean 3.77, SE 0.09 vs. mean 3.52, SE 0.12; d=0.29 and 0.26), though they did not differ from each other.

For the stereotype-content constructs, the task chatbot was rated most competent, exceeding both the
companion and control conditions (mean 3.73, SE 0.10 vs. mean 3.31, SE 0.10 and mean 3.17, SE 0.12),
F(2,634)=15.29, P<.001, d=0.41 and 0.55. Warmth showed the opposite ordering, F(2,634)=4.45, P=.012: the
companion chatbot was rated warmest and significantly warmer than the task chatbot (mean 3.59, SE 0.09

vs. mean 3.33, SE 0.10; d=0.27), though neither differed significantly from the control condition.
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The social-support constructs showed the most unexpected result. As expected, the task chatbot was rated
most informationally supportive, exceeding both other conditions (mean 3.93, SE 0.11 vs. companion mean
3.27, SE 0.10 and control mean 3.12, SE 0.13), F(2,634)=33.28, P<.001, d=0.64 and 0.78. Emotional support,
however, ran in the opposite direction, F(2,634)=28.42, P<.001: although the companion chatbot was built
specifically to provide emotional support, it was rated no higher than the general-purpose control (mean 3.60,
SE 0.10 vs. mean 3.78, SE 0.13; the two did not differ significantly), while the task chatbot was rated lower
than both (mean 3.00, SE 0.11; d=0.57 and 0.74). This echoes the pattern in stereotype-content ratings and
mirrors the chatbots’ behaviors, in which the companion and default chatbots expressed emotional support at
close rates. In other words, what the chatbots expressed and what participants perceived followed the same

pattern.

Role x support-type interaction.
No construct showed a significant role x support-type interaction (all P>.18; Table 3). The effect of support
type was therefore consistent across patients and providers: although the two groups differed in their overall

ratings, they responded to the three chatbot designs in the same way.

Table 3. ANCOVA results: effects of assisting role and support type on perceptions.’

Construct Role Support type Role x support
F(1,634) F(2,634) F(2,634)

Technology acceptance

Behavioral control 24.86*** 4.02%* 0.89

Attitude 1.73 23.09%** 0.37

Intention to adopt 3.88* 23.65%** 0.10

Stereotype content

Warmth 7.75%* 4.45%* 0.39

Competence 2.12 15.29%** 0.40

Social support

Emotional support 4.70%* 28.42%** 1.69

Informational support 5.12* 33.28%** 1.07

“N=647. Each cell reports the F statistic from a 2x3 between-subjects ANCOVA controlling for education, gender, Al literacy, LLM
experience, and Al trust; larger values indicate a stronger effect.
*P<.05; **P<.01; ***P<.001.

Table 4. Adjusted means by assisting role and support type, with effect sizes.*

Role Support type
Construct Patient | Provider | P—Pr Task | Comp. | Ctrl | T-C T-Ct C-Ct
Technology acceptance
Behavioral | 3.90 (0.09) | 3.49 (0.11) | +0.44*** | 3.80 (0.10) | 3.77 (0.09) | 3.52 (0.12) +0.03 +0.29* +0.26*
control

Atitude | 3.08 (0.11) | 2.95(0.12) | +0.12 | 3.42 (0.11) | 2.96 (0.10) | 2.66 (0.13) | +0.43%%* | +0.71%%* | +0.28%*

Intention to| 3.03 (0.10) | 2.85(0.12) | +0.17* | 3.34(0.10) | 2.85(0.10) | 2.63 (0.12) | +0.49*** | +0.70*** +0.21*
adopt

Stereotype content
Warmth 3.60 (0.09) | 3.37(0.11) | +0.24** | 3.33(0.10) | 3.59 (0.09) | 3.54 (0.12) | -0.27** -0.21 +0.06

Competenc | 3.47 (0.10) | 3.34(0.12) | +0.13 | 3.73(0.10) | 3.31(0.10) | 3.17 (0.12) | +0.41%** | +0.55%** | +0.13
e

Social support
Emotional | 3.56 (0.10) | 3.36 (0.12) | +0.19* [ 3.00 (0.11) | 3.60 (0.10) | 3.78 (0.13) | -0.57*** | -0.74%** | -0.16
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SUppOFt
Information | 3.54 (0.10) | 3.33 (0.12) +0.20* 3.93 (0.11) | 3.27 (0.10) | 3.12(0.13) | +0.64*** | +0.78*** +0.14
al support
N=647. Cells report least-squares (covariate-adjusted) means with standard errors in parentheses, on the 1-5 Likert scale. Role means
are pooled across support type; support-type means are pooled across role. The P—Pr, T-C, T-Ct, and C—Ct columns report Cohen’s d
(patient minus provider, task minus companion, task minus control, and companion minus control). Positive values indicate a higher
score for the first-named group or condition.

*P<.05; **P<.01; ***P<.001.

RQ1b: Effects of Role and Support Type on Conversational Behavior

Compared with providers, patients expressed more gratitude and talked mostly about their feelings, while
providers talked more about communication and diagnosis. Across the three chatbot types, participants talking
with the task chatbot used more positive language, stayed longer, and asked more questions, while those
talking with the companion chatbot asked the fewest questions and focused most on their feelings. In the
following sections, we interpret only statistically significant results. Table 5 reports the ANCOVA F statistics

for each feature and Table 6 reports the adjusted means.

Main effect of assisting role.
Patients expressed more gratitude than providers and talked mostly about their feelings, while providers talked

more about communication and diagnosis.

Among the behavioral features, assisting role affected only gratitude: patients expressed more gratitude to the
chatbot than providers (mean 1.04, SE 0.14 vs. mean 0.71, SE 0.16), F(1,634)=7.53, P=.006, d=0.24. Other
features, including message length, session duration, question-asking, and sentiment, did not differ

significantly by role (all P>.06).

Role differences were much larger for conversation topics, all P<.001. Providers’ messages were dominated
by the Communication topic (mean 0.47, SE 0.03 vs. mean 0.13, SE 0.03; d=1.26), F(1,634)=207.03, and the
Diagnosis topic (mean 0.40, SE 0.04 vs. mean 0.28, SE 0.03; d=0.40), F(1,634)=20.47, while patients’
messages were dominated by the Feeling topic (mean 0.60, SE 0.03 vs. mean 0.13, SE 0.03; d=1.70),
F(1,634)=373.93. These topic effects were far larger than any difference in how participants engaged, all of

which were small.

Main effect of support type.
Participants talking with the task chatbot were more positive, stayed longer, and asked the most questions,

while those talking with the companion chatbot asked the fewest and focused most on their feelings.

Support type changed how participants engaged with the chatbot. Participants in the task condition used more
positive language in their messages (mean 0.10, SE 0.02) than those in the companion (mean 0.03, SE 0.02) or
control (mean 0.04, SE 0.03) conditions, F(2,634)=6.29, P=.002, d=0.32 and 0.28, and spent longer in the
interaction (mean 2.70, SE 0.18 minutes vs. mean 2.21, SE 0.17 and mean 2.22, SE 0.22), F(2,634)=4.94,
P=.007, d=0.27 relative to the companion condition. Question-asking also differed, F(2,634)=10.64, P<.001,

but the pattern was driven by the companion condition: participants who talked with the companion chatbot
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asked the fewest questions (mean 0.73, SE 0.13), significantly fewer than those in the task (mean 1.32, SE
0.14; d=0.43) or control (mean 1.00, SE 0.17; d=0.20) conditions, which did not differ from each other.
Message length and gratitude were not affected by support type (both P>.33).

Support type also shifted what participants talked about, in line with each chatbot’s design. The Feeling topic
was most common when talking with the companion chatbot (mean 0.43, SE 0.03), exceeding both the task
(mean 0.32, SE 0.03; d=0.41) and control (mean 0.34, SE 0.03; d=0.34) conditions, F(2,634)=10.83, P<.001,
while the Diagnosis topic was least common there (mean 0.25, SE 0.03 vs. mean 0.38, SE 0.03 and mean
0.39, SE 0.04; d=0.41 and 0.45), F(2,634)=13.14, P<.001. Participants assigned a companion chatbot
therefore talked more about how they felt and less about tests and diagnoses, which mirrors the shift in the

chatbots’ own responses. The Communication topic did not differ by support type, F(2,634)=1.47, P=.232.

Table 5. ANCOVA results: effects of assisting role and support type on conversational behavior.*

Feature Role Support type Role x support
F(1,634) F(2,634) F(2,634)
Conversational behavior
User sentiment 0.71 6.29%* 2.10
Words per message 2.55 0.93 1.58
Duration (min) 1.50 4.94** 0.89
Questions asked 3.41 10.64%** 0.66
Gratitude expressions 7.53** 1.10 0.12
Conversation topics
Communication 207.03*** 1.47 2.31
Feeling 373.93%** 10.83*** 2.16
Diagnosis 20.47%%* 13.14%*%* 5.52%%

*N=647. Each cell reports the F statistic from a 2x3 between-subjects ANCOVA controlling for education, gender, Al literacy, LLM
experience, and Al trust; larger values indicate a stronger effect.
*P<.05; **P<.01; ***P<.001.

Table 6. Adjusted means for conversational behavior by assisting role and support type, with effect sizes.*

Role Support type
Feature Patient | Provider | P—Pr Task | Comp. | Ctrl | T-C | T-Ct | C-Ct
Conversational behavior
User 0.05 (0.02) | 0.06 (0.03) -0.07 0.10 (0.02) | 0.03 (0.02) | 0.04 (0.03) | +0.32%* +0.28%* -0.04
sentiment
Words per| 63.75 57.75 +0.14 64.12 59.27 58.86 +0.11 +0.12 +0.01
message (4.23) (5.00) (4.39) (4.16) (5.27)
Duration 2.47 (0.18) | 2.28 (0.21) +0.11 2.70(0.18) | 2.21(0.17) | 2.22(0.22) | +0.27* +0.27 -0.00
(min)
Questions | 1.13 (0.13) | 0.91 (0.16) +0.16 1.32(0.14) | 0.73 (0.13) | 1.00 (0.17) | +0.43*** +0.24 -0.20*
asked
Gratitude 1.04 (0.14) | 0.71 (0.16) | +0.24** | 0.77 (0.14) | 0.96 (0.13) | 0.88 (0.17) -0.14 -0.08 +0.06
expressions
Conversation topics
Communic | 0.13 (0.03) | 0.47 (0.03) | —1.26*** | 0.30 (0.03) | 0.32 (0.03) | 0.27 (0.03) -0.06 +0.12 +0.18
ation
Feeling 0.60 (0.03) | 0.13(0.03) | +1.70*** | 0.32(0.03) | 0.43 (0.03) | 0.34 (0.03) | —0.41%** -0.08 +0.34%*
Diagnosis | 0.28 (0.03) | 0.40 (0.04) | —0.40*** | 0.38 (0.03) | 0.25 (0.03) | 0.39 (0.04) | +0.41%** -0.03 —0.45%%*

https://preprints.jmir.org/preprint/110259
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control). Positive values indicate a higher score for the first-named group or condition.
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*P<.05; *¥*P<.01; ***P<.001.

Role x support-type interaction.

The only conversational feature to show a significant role x support-type interaction was the Diagnosis topic,
F(2,634)=5.52, P=.004. Support type shifted how much providers discussed diagnostic detail—from a low in
the companion condition (mean 0.26, SE 0.03) to a high in the control condition (mean 0.51, SE 0.04)—but
had little effect for patients, whose diagnostic talk was similar across conditions (means 0.24 to 0.32). For all
other features, no interaction reached significance (Table 5), indicating that the effects of support type were

otherwise consistent across the two roles.

RQ2: Demographic Characteristics and Prior Beliefs as Predictors of
Perceptions

We modeled each perception construct as a function of participants’ demographic characteristics (gender and
education), their prior beliefs about AI (general AI trust, Al literacy, and LLM experience), and one role-
specific characteristic: occupation for providers and whether they had a regular doctor for patients. Models

were fitted separately for the two groups (Table 7).

Providers.
Providers’ ratings depended almost entirely on how much they trusted Al in general, not on their professional

background or familiarity with the technology.

For providers, Al trust was the only consistent predictor of perceptions, reaching significance across all seven
constructs and most strongly for intention to adopt ($=0.46), attitude ($=0.45), and competence ($=0.44; all
P<.001). No other predictor was significant on any construct: neither professional characteristics (occupation,
education) nor Al familiarity (AI literacy, LLM experience) predicted how providers evaluated the chatbot.
The one exception was perceived competence, which physicians rated lower than allied-health professionals

(B=-0.55, P=.013).

Patients.
Among patients, higher ratings came from those who trusted AI more, had a regular doctor, were female, had

less education, and knew more about Al.

As with the providers, Al trust was the strongest predictor, significant across all seven constructs (§ = 0.38 to
0.57, all P<.001), and the effects were larger for patients on every construct. This means that both groups’

perceptions rely heavily on how much they trust Al

Two characteristics predicted more positive ratings. Patients who had a regular doctor and patients who had
more knowledge about Al were both more positive about the chatbot (attitude $=0.28 and 0.10), more willing
to use it (intention $=0.32 and 0.10), rated it as more competent (3=0.26 and 0.10), and felt it gave better
information ($=0.21 and 0.11; all P<.05). They differed on one construct each: patients with a regular doctor

also saw the chatbot as warmer ($=0.23, P=.019), while patients who knew more about Al felt more in control
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of it (=0.13, P=.010).

Two other characteristics predicted more negative ratings. Patients with more education and patients who used
LLMs more often were less positive about the chatbot (attitude f=—0.11 and —0.10) and rated it as less
competent (3=—0.12 and —0.11; all P<.05). Frequent LLM users also rated it as less warm (f=—-0.11, P=.038).

Gender mattered for two constructs. Compared with female patients, male patients felt less in control of the

chatbot (f=-0.21, P=.029) and rated it as less competent (3=—0.18, P=.039).

Finally, emotional support stood apart from the other constructs: no demographic characteristic predicted it,

and Al trust was the only significant predictor.

Table 7. Demographic predictors of perceptions, by assisting role (standardized f3).*

Predictor | Beh. control | Attitude | Intention | Warmth | Competence | Emot. support| Info. support
Providers (N=251)

Gender: male 0.05 -0.02 -0.03 0.04 —-0.05 -0.13 -0.03
Occupation: -0.16 -0.19 -0.19 0.01 -0.23 -0.04 -0.31
admin

Occupation: 0.09 0.04 0.05 0.01 -0.03 0.08 -0.06
nurse

Occupation: -0.05 0.19 0.16 -0.06 -0.20 0.07 -0.19
other

Occupation: -0.39 -0.29 -0.30 -0.03 -0.55* 0.23 -0.30
physician

Education -0.11 -0.01 0.00 -0.02 —-0.04 -0.07 -0.00
Al literacy 0.12 0.07 0.07 0.01 0.09 0.02 0.11
LLM -0.04 -0.10 -0.10 -0.06 -0.07 -0.13 -0.08
experience

Al trust 0.22%* 0.45%** 0.46%** 0.41%%* 0.44%%* 0.31%** 0.33%**
Adjusted R? 6.8% 19.8% 20.3% 11.8% 19.5% 5.2% 9.5%
Patients (N=396)

Gender: male -0.21* -0.15 -0.15 -0.07 -0.18* -0.17 -0.15
Regular 0.16 0.28** 0.32%** 0.23* 0.26%* 0.16 0.21*
doctor: yes

Education —-0.05 -0.11* -0.07 -0.03 —0.12%* -0.02 -0.09
Al literacy 0.13%* 0.10* 0.10* 0.05 0.10%* 0.05 0.11*
LLM 0.01 -0.10* -0.09 -0.11* -0.11* -0.06 -0.10
experience

AT trust 0.38*** 0.56%** 0.57*** 0.52%*** 0.54%** 0.46%** 0.46%**
Adjusted R? 19.8% 33.4% 35.8% 29.2% 32.5% 22.9% 22.9%

*Standardized regression coefficients (), with female, allied-health occupation, and “no regular doctor” as reference categories.
Continuous predictors were z-scored. Models also included a gender “other/prefer not to say” category (n<15) and an education
missing-value indicator as controls, not shown. The provider “physician” category (n=22) should be interpreted with caution given its
small cell size. Race was tested but did not predict perceptions for either role and was excluded.

*P<.05; **P<.01; ***P<.001.

Discussion

Principal Results
This study examined how different Al assisting roles and support types shaped perceptions among both

patients and health care providers.

Providers were more conservative than patients, and the two groups used the chatbot for different purposes:

patients to process how they felt, providers to work through the case. Patients gave higher ratings than
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providers on five of the seven constructs, including how much control they felt, how warm the chatbot
seemed, and how supportive it was, though the two groups did not differ in their overall attitude or in how
capable they judged the chatbot to be. In their conversations, patients expressed more gratitude and talked
mostly about their feelings, while providers talked more about communication and diagnosis. The difference
was therefore not only one of degree but also of focus: patients engaged with the chatbot as people seeking

support, while providers engaged with it as professionals judging a tool.

Task chatbots were more readily accepted, while designing a chatbot for emotional support did not lead users
to perceive it as more empathetic. The task chatbot was rated highest on competence, informational support,
attitude, and adoption intention, while the companion chatbot was rated warmer than the task chatbot but no
higher than the general-purpose chatbot on warmth or on emotional support. Participants’ conversations
followed the same pattern: those talking with the task chatbot used more positive language, stayed longer, and
asked more questions, while those talking with the companion chatbot asked the fewest questions, talked most
about their feelings, and talked least about diagnosis. These patterns match our chatbot behavior check, in
which the task chatbot expressed the least emotional support and the most informational support, and the
companion and general-purpose chatbots expressed emotional support at similar rates. Task-oriented designs
may therefore be accepted more readily because their value is easier to recognize. For the companion chatbot,

what it was designed to do did not match what users felt they received [45].

Beyond the experimental conditions, users’ general trust in Al shaped how they evaluated the chatbots more
than any other characteristic we measured. It predicted every construct for both providers and patients. For
providers it was the only consistent predictor, while their occupation, education, and Al familiarity showed no
significant associations. Among patients, higher ratings also came from those who had a regular doctor, were
female, had less education, and knew more about Al. Patients who were already comfortable with clinical
conversations or understood Al well responded more positively, while those with more education or more

frequent LLM use may have held higher expectations that the chatbot did not meet.

Interpretation of Results
Assisting role.

Several patterns in our results may be explained by the positions the two groups occupied in the scenario. The
scenario described a difficult, unresolved medical situation. In that position, patients were the ones seeking
help and may have felt more relieved to receive support, which could explain why they expressed more
gratitude and rated the chatbots higher. Providers, by contrast, were the ones expected to give answers, and
may have taken a more critical view of the support they received, resulting in lower scores for the chatbots.
This difference also appears in what the two groups talked about: patients focused on how they felt about the
uncertainty, while providers focused on how to communicate with the patient and how to work through the

diagnosis.
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Support type.

The effects of support type may reflect what each design gave participants to do. Working on a concrete task
gave participants something to make progress on, which could explain why those in the task condition stayed
longer, used more positive language, and asked more questions. The task chatbot invited them to work
through concrete next steps, which takes more turns and more questions, while the companion chatbot invited
them to share feelings, which requires fewer. Meanwhile, our chatbot behavior check showed that the general-
purpose chatbot already expressed emotional support at nearly the same rate as the companion chatbot,
suggesting that the default configuration was already warm and supportive, leaving little room for the

companion design to add more.

Demographic characteristics and prior beliefs.

How much people trusted Al in general shaped their perceptions more than any other characteristic we
measured, for both groups. We measured trust as a general disposition before the interaction; this suggests that
people bring an orientation toward Al that shapes how they read a specific system, rather than judging it only
on how it behaves. That trust was a stronger predictor than both AI literacy and LLM experience further
suggests that what people believe about Al matters more than what they know about it or how often they use
it. Among providers, physicians rated the chatbot as less competent than allied-health professionals; they carry
the most diagnostic responsibility and may therefore judge an Al system’s clinical ability more strictly, though
this estimate rests on only 22 physicians. Among patients, those who have a regular doctor are likely
accustomed to clinical conversations, which may be why they were more likely to find the chatbot’s responses
warm. Patients with greater Al knowledge also better understand what Al can and cannot do, which may be
why they felt more in control of the interaction. On the other hand, patients who already use LLMs frequently
are used to this kind of language, so the chatbot may not have felt distinctive to them, and patients with more
education may hold higher expectations for health information or feel more able to find such information on

their own, so they may consider chatbots less competent and be less positive toward them.

Comparison With Prior Work

Our findings extend prior research examining patients’ and health care providers’ perceptions of Al systems in
health care settings. Previous studies have suggested that both patients and health care providers prefer Al
systems that function as supportive tools rather than autonomous replacements for humans [5,10-12], while
they may hold different expectations, trust levels, and attitudes toward health care Al systems [9,13—15]. Our
results build on these works by directly comparing patients’ and providers’ perceptions within the same
experimental framework and evaluation measures. Patients reported significantly higher ratings than providers
on five of the seven constructs, suggesting that health care providers indeed hold more conservative

perspective from the use of Al in health.

Our findings also contribute to prior work examining informational and emotional support in Al-mediated

health care communication. Prior studies highlighted the potential of Al chatbots to provide informational
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support through health care guidance and decision support [6,20], as well as emotional support through
empathetic and supportive communication [4,21,22]. Our findings partially support these directions. Although
the task chatbot was perceived as more competent and informationally supportive, the companion chatbot did
not significantly improve perceived warmth or emotional support relative to the general-purpose chatbot. Prior
work has also examined how chatbot design affects user behavior. Khadpe et al. [23] manipulated how a
conversational agent was described and analyzed both users’ ratings and their chat logs, finding that the
framing changed how users rated the agent but barely changed the language they used. We extend this work
by examining how support-type framing changed participants’ conversational behavior. In our study,
participants in the companion condition talked more about their feelings and less about diagnosis than those in
the task condition, showing that the framing shaped the content of the conversation and not only the ratings

that followed.

Our findings also speak to how users’ background and pre-existing beliefs shape their evaluations. For
example, mindsets, or core beliefs that shape how people interpret specific experiences [46], influence
technology use more broadly: Lee and Hancock [47] found that people’s mindsets about social media shape
both how they use it and how it affects them. Background characteristics have also been examined: prior work
has reported a marginal tendency for women to be more inclined to adopt health chatbots [27], and has shown
that trust in a health care service provider increases users’ intention to use digital health care services [28].
Our study is consistent with these patterns and extends them by testing background characteristics and prior
beliefs within the same models, which allowed us to compare their relative contributions rather than examine

them separately.

Beyond comparing different stakeholder groups and support types, our study also examined how these chatbot
designs were perceived across multiple evaluation constructs, including technology acceptance, perceived
warmth and competence, and perceived social support. Previous work has discussed people’s perceptions and
evaluations of health care Al systems across different dimensions, including acceptance, attitudes, and
empathy toward AI [13-15,48,49]. Our study advances this direction by systematically comparing how
different chatbot designs were perceived across multiple evaluation constructs based on variables from
technology acceptance, the stereotype content model, and social support theory [18,36,37]. Our findings
revealed that different chatbot types were associated with different perceived strengths, suggesting the need
for context-specific health care Al tools rather than a single “one-size-fits-all” chatbot that can perform well

across all possible dimensions.

Limitations

This study has several limitations. First, participants interacted with chatbots in hypothetical health care
scenarios rather than real clinical settings, which may not fully reflect real-world health care interactions.
Second, the study focused on short-term interactions rather than longitudinal engagement, and perceptions

may differ in the longer term. Third, all chatbot conditions were powered by GPT-40-mini, a contemporary
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and widely used foundation model at the time of the study [30], and findings may differ with newer or more
advanced Al models as health care chatbot capabilities continue to evolve rapidly. Finally, participants were
recruited online, which may limit the generalizability of the findings across broader patient and health care

provider populations, particularly individuals with limited experience using technology or Al tools.

Conclusions

This study examined how different Al assisting roles and support types affect perceptions among patients and
health care providers. The task chatbot was received most positively, drawing the highest ratings for
competence, informational support, attitude, and adoption intention, and patients rated the chatbots more
favorably than providers. The companion chatbot improved acceptance-related attitudes over the general-
purpose baseline but did not enhance the warmth or emotional support it was designed to provide, performing
no better than the default configuration on those dimensions. These findings highlight both the potential and
the limitations of health care Al chatbots, and suggest that future systems should build on domain-specific

expertise and users’ prior trust in Al, while finding better ways to convey warmth that users actually perceive.
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Overview of the 2x3 factorial study design. Participants (health care providers or patients) were randomly assigned to one of
three chatbot support types (task, companion, or control), yielding six conditions.

Taszk = Providers

Providers E . - B perception constructs
N = 251 Companian x Providers - Provider-specific questions
Control x Providers
Randam
EE-E-IQI'IIHEI'H
Task = Patiants
zall?;!.t; Companion x Patients - B parception constructs

- Patient-specific questions
Conirol = Patiants
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