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Patient-Centered Communication Preferences in AI-Powered Mental Health 
Chatbots: Evidence from Two Preregistered Studies
Katharina Angermayr a,b, Nathalie Laura Neuendorf a,b, and Sebastian Scherr a,b

aCenter for Interdisciplinary Health Research, University of Augsburg; bDepartment of Media, Knowledge, and Communication, University of 
Augsburg

ABSTRACT
Access to mental health information is shifting from static search to conversational AI. Guided by patient- 
centered communication (PCC), two preregistered U.S. studies identified preferred communication 
features for interactions with AI chatbots about mental health and how individuals trade them off within 
feature bundles. Study 1 (N = 414, US quota sample) used a Best–Worst Scaling (BWS) to identify the six 
most relevant PCC-aligned features for healthcare providers. Study 2 analyzed an AI chatbot subsample 
(n = 268) drawn from a U.S. quota-representative sample in a Discrete Choice Experiment (DCE) to 
quantify trade-offs between combinations of these preferred features. Across both studies, users strongly 
wanted two communication features simultaneously in AI mental-health chatbots: reflective listening and 
multi-symptom assessment. Importantly, relational and clinical PCC-aligned features are most highly 
valued in interactions with AI mental-health chatbots. These preferences remained largely consistent 
across users and their preferences for communication accommodation.

Digital access to mental health information is transforming as 
users shift from navigating search engine hyperlinks to receiv
ing immediate, synthesized AI-generated responses, exempli
fied by tools such as Google’s “AI Overviews” and Bing’s 
“Copilot Answer.” Although these tools deliver mainly static, 
one-off responses, this evolution points toward conversational 
AI systems (e.g., AI chatbots) enabling ongoing interaction 
and new possibilities for personalization, empathy, and tai
lored communication (Esmaeilzadeh et al., 2025). This shift 
highlights not only access to facts but also the quality of 
patient-centered communication (PCC), the gold standard 
for in-person medical encounters (Niu et al., 2025). PCC 
involves validating patients’ perspectives, interpreting them 
in psychological and social contexts, fostering trust and shared 
understanding, and supporting evidence-based decisions 
aligned with patient preferences (Epstein & Street, 2007).

PCC principles are rarely operationalized as communicative 
design features in AI systems. With few exceptions (e.g., 
Angermayr et al., 2025), most studies examine isolated features 
such as empathetic tone (Kang & Ki, 2025), nonjudgmental style 
(Jang et al., 2021), or factual accuracy (Cornelison et al., 2024) 
rather than combined configurations. Only a small subset of 
experimental health AI chatbot studies implement communica
tive design features, which typically reflect partial rather than 
comprehensive PCC models (Qin et al., 2025). As a result, mental 
health AI research has largely overlooked how users evaluate co- 
occurring communicative features, leaving open how trade-offs 
between feature combinations shape user-centered preferences 
and inform AI chatbot communication design.

To address this research gap, we draw on PCC and 
Communication Accommodation Theory (CAT; Giles, 1973) as 
guiding frameworks and combined Best–Worst Scaling (BWS; 
Study 1; Louviere et al., 2015; Schuster et al., 2024) to identify 
preferred PCC-aligned features of healthcare providers and 
a Discrete Choice Experiment (DCE; Study 2; Szinay et al.,  
2021) to explore trade-offs between those features. Both studies 
were preregistered using a repository preregistration [weblink]. In 
Study 1, we used a quota sample of the U.S. population (N = 414) 
to assess the importance of communication attributes when seek
ing mental health advice, and in Study 2, we used an AI chatbot 
subsample (n = 268) of an overall U.S. sample (N = 1,011) to 
examine trade-offs between combinations of those preferred 
attributes when seeking mental health advice from an AI chatbot.

The promises and pitfalls of AI chatbots in digital 
mental health care

People increasingly seek mental health information online via 
search engines for quick, anonymous answers (Esmaeilzadeh 
et al., 2025), social media for peer dialogue (Calvin et al., 2024), 
and online communities with forums and clinician consulta
tions (Liu & Wang, 2021). These channels increase flexibility 
and reduce stigma (Kong et al., 2025) but lack tailored con
versation (Esmaeilzadeh et al., 2025) and just-in-time guidance 
(von Lützow et al., 2025). AI chatbots extend care with adap
tive real-time, anonymous, low-cost support, personalize path
ways (Zhong et al., 2024), and generate consistent, context- 
aware, multimodal dialogue (Scherr et al., 2025).
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AI mental health chatbots such as Woebot (Fitzpatrick 
et al., 2017) or Wysa (Inkster et al., 2018) show positive impact 
by measurably reducing depression, anxiety, and stress. They 
improve psychoeducation and health literacy (Guo et al., 2024; 
Sallam, 2023), reduce stigma via empathetic, anonymous inter
action (Bhatt, 2024; Lawrence et al., 2024), and support symp
tom identification, (early) diagnosis, and monitoring (Guo 
et al., 2024; Olawade et al., 2024). Evidence on conversational 
quality aligns with these gains: Clinicians preferred ChatGPT’s 
responses to human ones in 78.6% of cases for quality and 
empathy (Ayers et al., 2023). Patients judged AI more empa
thetic (Chen et al., 2025), with advice often matching human 
standards (Kuhail et al., 2025). AI motivates therapy (Sallam,  
2023), personalizes care, improves decision-making (Guo 
et al., 2024; Lawrence et al., 2024), increases efficiency, and 
saves costs (Sallam, 2023). While less personal (Saha et al.,  
2025), AI replies are more readable, professional, and practical 
(Lopes et al., 2024). Effectiveness rises with human-like embo
diment, multimodality, and empathetic tone (Jang et al., 2021; 
Lim et al., 2022).

However, AI chatbots face limitations, including repetitive 
dialogs, restricted functionalities, lack of novelty (Laymouna 
et al., 2024), plus generic suggestions requiring clinicians 
(Scholich et al., 2025). Safety is constrained by inadequate 
crisis responses, limited personal understanding and reliability 
issues (Guo et al., 2024; Sallam, 2023). Opacity and missing 
sourcing raise ethical and legal concerns regarding privacy, 
security, and accountability (Guo et al., 2024; Olawade et al.,  
2024). Uncorrected algorithmic bias and confirmation loops 
can yield unfair outcomes (Hasanzadeh et al., 2025; Lopez- 
Lopez et al., 2025), while hallucinations undermine trust and 
agency (Asgari et al., 2025). Additional risks include oversim
plification, outdated data, and overreliance on LLMs (Guo 
et al., 2024). Overall, the value of AI mental health chatbots 
depends less on automation than on communication quality, 
motivating a shift from a technology-centered to 
a communication-centered perspective.

Patient-centered communication as design principle for AI 
mental-health chatbots

For mental health communication, a core challenge is moving 
beyond generic, one-size-fits-all messaging toward tailored, 
individualized, human-like interactions. This maps onto 
patient-centered communication (PCC; Epstein & Street,  
2007), a collaborative process in which clinicians and patients 
share information, understand perspectives, and coordinate 
care around specific concerns, preferences, and needs. PCC 
in psychotherapy strengthens therapeutic alliance (Flückiger 
et al., 2018), improves outcomes, reduces dropout (Swift et al.,  
2018), and increases satisfaction (Elwyn et al., 2017). It 
enhances interpersonal functioning (Muir et al., 2021), 
advances skills via experiential learning (Liao et al., 2022), 
and extends to teletherapy and online communities (Farber 
& Ort, 2024; Niu et al., 2025; van der Eijk et al., 2013).

PCC elements are inherently relational and context- 
dependent (Epstein & Street, 2007). From this perspective, AI 
systems cannot fully achieve PCC because they lack human 
intentionality, moral agency, and experiential understanding. 

However, communicative effectiveness depends less on the 
system’s objective qualities than on users’ perceptions of inter
action quality (Reeves & Nass, 1996). Consistent with the 
Computers Are Social Actors (CASA) framework, people 
apply social rules to machines (Nass & Moon, 2000; Reeves 
& Nass, 1996). Therefore, and most importantly, PCC in 
human–AI interaction can be functionally approximated 
through language-based and structural design features (Qin 
et al., 2025), with varying success across dimensions. They 
excel at technical competence (e.g., structured assessments; 
Goodman et al., 2023), simplified explanations (Stephan 
et al., 2025) and information quality (Laranjo et al., 2018; 
Walker et al., 2023). Relational goals require adaptation via 
empathetic language (Seitz, 2024), reflective listening (Xue 
et al., 2023), and discourse cues (Klein, 2025), yet sustained 
engagement and accountability remain difficult. 
Consequently, this study is guided by PCC to examine user- 
expected communication attributes rather than assuming 
human equivalence. At the same time, we recognize perceived 
attribute value may vary across users based on accommodative 
preferences and communicative expectations.

What patients value in clinician-patient communication: 
evidence from preference studies in the patient–clinician 
encounter

PCC sets quality criteria, but its practical meaning is anchored 
in patients value. Decision-makers seek to understand how 
patients prioritize what matters (Hollin et al., 2022). 
Priorities are topics accorded greater relative importance (i.e., 
insights that become essential when time and resources are 
limited), which are central to shared decision-making (Tinetti 
et al., 2019) and can inform patient-centered outcomes 
(Edgman-Levitan & Schoenbaum, 2021). PCC guides systema
tic identification and organization of communication attri
butes. Consequently, we synthesize evidence on the relative 
importance of clinician–patient communication attributes to 
derive a concrete set of contextualized PCC attributes.

Evidence from preference studies shows a consistent pat
tern: relational and clinical quality dominate patient priorities 
(Burton et al., 2017; Cheraghi-Sohi et al., 2008; Gerard et al.,  
2012; Hole, 2008; Tinelli et al., 2015; Whitaker et al., 2017). 
Relational continuity (i.e., seeing a known clinician who 
understands one’s history) builds trust, problem-specific 
knowledge, and perceived safety while reducing diagnostic 
and communicative friction (Chudner et al., 2025; Hole,  
2008; Lagarde et al., 2015; Tinelli et al., 2015; von Weinrich 
et al., 2024; Whitaker et al., 2017). Communication and infor
mation quality (i.e., being actively listened to, treated with 
respect, receiving clear, tailored explanations, and involvement 
in shared decisions; Burton et al., 2017; Cheraghi-Sohi et al.,  
2008; Gerard et al., 2012; Mengoni et al., 2013; Tinelli et al.,  
2015) drive reassurance, understanding, and adherence. 
Patients often prioritize these relational elements over time 
or consultation mode (Buchanan et al., 2021; von Weinrich 
et al., 2024; Whitaker et al., 2017). Technical quality and 
clinical competence remain crucial, with diagnostic certainty 
superseding convenience (Tinelli et al., 2015). Logistical factors 
(e.g., appointment time) are subordinate. Consultation mode 
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often proxies perceived quality or safety unless strong conti
nuity and timely access exist (Buchanan et al., 2021; Hole,  
2008; Lagarde et al., 2015; von Weinrich et al., 2024). 
Reputation is a distant signal, while direct experience through 
continuity tends to dominate (Buchanan et al., 2021; Lagarde 
et al., 2015). Price matters less in low or zero marginal cost 
systems, shifting focus to quality and continuity (Lagarde et al.,  
2015). In-visit waiting time and consultation length are valued 
for enabling unhurried, high-quality interaction, not as ends in 
themselves (Gerard et al., 2012; Hole, 2008; Whitaker et al.,  
2017). Downstream conveniences are secondary to a strong 
clinical conversation (Buchanan et al., 2021). Taken together, 
PCC’s communication attributes may be relevant when human 
medical resources and attention are limited. Understanding 
the relative importance of communication attributes to 
patients can help inform the design of current and future AI 
systems. Accordingly, we explore the following research 
question:

RQ1: Which attributes reflecting key dimensions of patient- 
centered communication are preferred by patients as most impor
tant when looking for mental health advice?

Trade-offs between preferred feature combinations of 
mental health AI chatbots

AI chatbots, though unable to replicate the full human 
exchange of interpersonal care, can embody PCC elements 
via design features. Following Anderson and Robey (2017), 
these are system-level properties that, combined with the 
user’s ability and context, shape the conversation’s delivery. 
The strength with which features deliver intended commu
nication qualities in context is critical. For instance, an AI 
chatbot may afford empathy, but only goal-aligned out
comes (e.g., feeling understood) are actualized. If generic 
replies result in unmet expectations, users may abandon 
the technology. More recently, scholars emphasize the inter
play of multiple features in fostering patient-centered con
versational AI (Angermayr et al., 2025). In this work, we 
refer to these as feature bundles (i.e., a coordinated combi
nation of design features delivering a targeted user experi
ence or task outcome). For example, empathetic style, 
transparent reasoning, and safe escalation combine to yield 
trusted guidance. The task is to explore which feature bundle 
configurations are perceived as delivering stronger patient- 
centered experiences.

Research distinguishes stated-preference and choice-based 
studies (Louviere et al., 2000). Evaluating system profiles 
allows trading off combined features, yielding weights for 
communication features. This addresses gaps where prior 
work prioritized technical features (Abd-Alrazaq et al., 2020; 
Ahmed et al., 2022), or examined isolated features like empa
thy (Seitz, 2024) via non-generalizable qualitative methods 
(Haque & Rubya, 2023). Unlike studies assuming additive 
effects, these capture feature interdependence and distinct 
bundles (Furnari et al., 2021; Liu et al., 2022). A preference- 
based approach offers a way to capture trade-offs among 
multiple communication features and identify preference 

patterns across feature combinations for actionable, patient- 
centered AI chatbot design.

Only a few preference studies assess trade-offs in prefer
ences for health AI chatbots. Wang, Wang, et al. (2025) found 
users prioritize practical, accurate information and utility. 
Zhang et al. (2025) reported young adults value symptom- 
specific results, video content, and clear language. Zheng 
et al. (2025) showed South African students value language 
flexibility, security, and personalized advice. Mayer et al. 
(2024) observed that while efficiency aids appeal, face-to-face 
contact remains preferred for sensitive contexts as trust 
declines with digitalization. These findings suggest AI chatbot 
preferences blend universal principles with contextual factors 
(e.g., culture). Critically, mental-health AI chatbots must be 
designed to meet contextual needs and patient-driven solu
tions (Bond et al., 2023), requiring derivation from multiple 
attribute trade-offs. We therefore ask:

RQ2: How do patients trade off combinations of preferred com
munication features in mental health conversations with an AI 
chatbot?

Communication accommodation preferences as 
a moderator
While the CASA paradigm explains why users apply social 
heuristics to AI, PCC specifies which communicative features 
are plausibly relevant for high-quality health communication. 
Both frameworks often assume uniform responses. However, 
users may evaluate conversational AI as bundled configura
tions, trading off relational, informational, and safety features 
under constraints of time, effort, and attention (Ramaul et al.,  
2024). Consistent with evidence of heterogeneity in attribute 
weighting (Vass et al., 2022), this variation may reflect differ
ences in users’ communicative dispositions and expectations.

In attribute testing, a “supportive” design feature (e.g., 
reflective listening) does not have fixed utility. Its value 
depends on users’ desire for adaptation. To capture this, we 
draw on Communication Accommodation Theory (CAT; 
Giles, 1973) as a guiding framework to examine the fit between 
an AI chatbot’s algorithmic adjustment and users’ goals. CAT 
predicts communicative moves increase value when aligned 
with preferred styles (convergence) and decrease value when 
misaligned (divergence; Dragojevic et al., 2015). CAT strate
gies including discourse management, interpretability, 
approximation, interpersonal control, and emotional expres
sion improve clinician–patient outcomes (Farzadnia & Giles,  
2015) and show comparable effects in human–machine inter
action (e.g., Shen & Wang, 2023).

In AI chatbots, we conceptualize accommodation as algo
rithmic adjustment: system-level output variations within 
technical constraints aligning with user needs or pace. 
Reflecting discourse modification rather than intentionality 
(Dragojevic et al., 2015), AI adjustment follows design logic 
or optimization patterns. Nevertheless, users apply social heur
istics and respond to communicative adjustment in human– 
machine interaction (Shen & Wang, 2023). Accordingly, 
accommodation is treated as a perceived response quality. 
CAT explains why identical PCC-aligned features may yield 
divergent evaluations based on users’ desire for alignment.
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Accordingly, we define adaptive cues as AI output features 
reflecting attentiveness or guidance relative to user situations. 
They are not a distinct attribute set, because many features 
reflect structural properties rather than communicative adjust
ment (Sundar et al., 2015). Per CAT, cue value depends on 
users’ accommodation preferences (Dragojevic et al., 2015): 
accommodation-oriented users interpret cues as uncertainty- 
reducing, whereas efficiency-oriented users may find them 
unnecessary, yielding divergent evaluations of identical PCC- 
aligned features. Given unclear preferences for communica
tion attributes in AI-mediated mental health conversations, we 
explore:

RQ3: Do users´ preferences for communication accommodation 
moderate how AI chatbot features shape users’ trade-off decisions?

Ethical considerations

The university IRB approved both empirical studies (IRB- 
A-2025-x101).

Study 1: Best–Worst Scaling for identifying the 
importance of patient-centered communication 
attributes

The aim of Study 1 was to identify which attributes reflecting 
key dimensions of patient-centered communication (PCC) 
patients consider most important when seeking mental health 
advice (RQ1). Study 1 used an independent sample to identify 
the most relevant patient-centered communication attributes, 
which informed the trade-off decisions examined in Study 2. 
Figure 1 provides an overview of the experimental protocol.

We recruited a heterogeneous sample of N = 461 U.S. adults 
(≥18 years) for an online survey via Prolific, using quota 

sampling for sex, age, and religious affiliation.1 Participants 
received compensation on the platform. No human- 
verification procedures were conducted. In this preregistered 
study, we used Best–Worst Scaling (BWS; Louviere et al., 2015; 
Schuster et al., 2024), in which respondents repeatedly selected 
the most and least important items from randomized subsets 
drawn from a larger attribute pool. Compared to other con
joint approaches, BWS captures both high- and low-priority 
elements, elicits nuanced trade-off patterns, supports diverse 
quantitative analyses (Cheung et al., 2019) and is widely used 
in health research (Hollin et al., 2022).

Method

Sample and procedure
To ensure data quality, we incorporated two attention-check 
items (e.g., “I would select ‘strongly agree’ to show that I’m 
paying attention to this question”). A total of n = 47 partici
pants failed one of these checks and were excluded from the 
analysis, leading to a total sample of N = 414. All participants 
were U.S. residents with a mean age of 39.83 years (SD =  
13.60). The sample comprised n = 207 women (50.0%) and n  
= 207 men (50.0%). Most participants reported holding 
a college degree or higher (n = 258; 62.3%), and the majority 
identified as White (n = 265; 64.0%) or Black/African 
American (n = 52; 12.6%). Demographic details for Study 1 
are presented in Table 1.

After informed consent, demographics, and instructions, 
participants were randomly assigned to a mental health 
scenario (anxiety, depression, or bipolar disorder). They 
completed three modules, each with six BWS tasks, using 
a balanced incomplete block design (Schuster et al., 2024). 
Each module covered a distinct subset of communication 
attributes from a pool of 24, applicable across three modes 

Figure 1. Experimental protocol and participant flow for Study 1 and Study 2. Note. The figure illustrates the experimental protocol and participant flow for Study 1 and 
Study 2.
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(AI chatbot, online community, online clinician). 
Respondents selected the most and least important attri
bute per set (selections could not coincide), ensuring broad 
pairwise coverage, manageable cognitive load, and reduced 
response bias. The survey took about 20 minutes. Figure S1 
presents an example study task [https://osf.io/t69rx/files/ 
ameu9].

Study design
Attribute Selection. Following guidance on attribute selection 
(Szinay et al., 2021), we derived an initial attribute pool of 24 
attributes from the relevant PCC literature synthesized in the 
theory section (see Table 2) applicable across three 

consultation modes (AI chatbot, online health community, 
online clinician). Attributes were organized into three cate
gories: (1) medical quality and information, (2) patient inter
action and support, and (3) community and cultural 
considerations. We standardized wording, removed dupli
cates, retained only quantifiable attributes, and excluded 
mode-incomparable items (e.g., AI chatbot waiting time). To 
capture underexplored dimensions, we added self-developed 
attributes on patient-centered language (e.g., medical jargon), 
cultural/spiritual guidance (Puchalski et al., 2014), and com
munity awareness/connection (Laidsaar-Powell et al., 2016; 
Van Oerle et al., 2018). References documenting the derivation 
of each attribute are reported in Table S1 [https://osf.io/t69rx/ 
files/2kzfs].

Development of mental health scenarios as BWS context. To 
ensure relevance and realism, we developed three mental 
health scenarios (anxiety, depression, bipolar disorder) reflect
ing the most searched U.S. psychiatric conditions (Minn et al.,  
2025) and corresponding to global prevalence rankings (World 
Health Organization, 2022). Scenarios (generated with GPT-4; 
OpenAI, 2025) were standardized for tone, clarity, and length, 
describing symptoms and care-seeking rationale. Although not 
analyzed as a factor, scenario variability was included to 
enhance real-world generalizability. Figure S2 provides all 
scenarios [https://osf.io/t69rx/files/gmj5c]. Formal robustness 
checks revealed no evidence of systematic preference differ
ences across mental health scenarios within any of the three 
attribute categories tested in the BWS (all joint likelihood-ratio 
tests p > .05). Detailed analysis is reported in Table S2 [https:// 
osf.io/t69rx/files/q2ayt] and Table S3 [https://osf.io/t69rx/ 
files/qzjv2].

Measures
BWS attribute preferences. In each BWS task, respondents 
reviewed four attributes with brief descriptions and selected 
the most and least important for medical advice; selections 
were coded as most (+1), least (−1), and unselected (0).

Mental health status. To explore whether identified attributes 
vary by mental health status, we included lifetime prevalence 
indicators for depression, anxiety, and bipolar disorder, 
assessed via self-report items adapted from large-scale digital 
health research (Valla et al., 2025). Participants indicated 
whether they had ever experienced each condition (0 = no, 1  
= yes) or refused to answer.

Data analysis
Data were analyzed using three complementary methods in 
R (4.5.0; R Core Team, 2025). Count analysis computes 
each attribute’s best-worst score (ranging from −1 to 1; 
higher values indicating greater perceived importance) as 
the difference between “most” and “least important” selec
tions divided by total appearances (Cheung et al., 2019). 
The multinomial logit model (MNL) applies dual coding 
(most/least important = 1; otherwise = 0) to estimate pro
pensity scores and coefficients (β) reflecting relative pre
ference versus a reference attribute (Cheung et al., 2019; 
Mühlbacher et al., 2016). The mixed logit model (MIXL) 

Table 1. Socio-demographic statistics of Study 1 (BWS; N = 414) and AI chatbot 
subsample of Study 2 (DCE; n = 268).

Study 1 (BWS) Study 2 (DCE)

M (SD) % M (SD) %

Sex
Female 50.0% 57.1%
Male 50.0% 42.9%

Age 39.83 
(13.59)

45.59 
(14.24)

18–30y 30.9% 15.7%
31–40y 25.1% 27.2%
41–50y 22.5% 21.3%
51–60y 11.6% 19.0%
61y and older 9.9% 16.8%

Race
White/Caucasian 64.0% 67.5%
Hispanic, Latino or Spanish origin 5.1% 6.7%
Black or African American 12.6% 15.3%
Asian 10.6% 4.9%
American Indian or Alaska Native 0.2% 0.7%
Arab/West Asian 4.3% 0.4%
Native Hawaiian or Other Pacific 
Islander

3.1% –

Education
Less than a high school diploma 0.5% 0.7%
High school graduate/diploma or 
equivalent (e.g., GED)

9.9% 12.7%

Some college but no degree or 
Associate Degree

27.3% 29.9%

Bachelor’s Degree (e.g., BA) or Master’s 
Degree (e.g., MA)

48.8% 53.4%

Professional School Degree (e.g., MD) 
or Doctorate (e.g., PhD)

13.5% 3.4%

Mental Health Status
Depression
Yes 56.0% 50.4%
No 42.3% 48.1%
Prefer not to answer 1.7% 1.5%

Anxiety
Yes 60.6% 60.4%
No 38.6% 38.8%
Prefer not to answer 0.7% 0.7%

Bipolar Disorder
Yes 6.5% 4.9%
No 92.0% 94.0%
Prefer not to answer 1.4% 1.1%

Note. The table shows descriptive statistics for both samples after final data 
cleaning (Study 1, BWS: N = 414; Study 2, DCE AI chatbot Subsample: n =  
268). BWS sample used quotas for sex, age, and religious affiliation. The DCE 
AI chatbot subsample was drawn from a larger sample that was quota-sampled 
to approximate U.S. population distributions for sex, age, and race/ethnicity 
based on simplified Census categories. Mental health status reflects whether 
respondents reported having ever been experienced the respective condition 
at any point in their lifetime. Percentages may not sum to 100% due to 
rounding.
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allows normally distributed random parameters (500 
Halton draws) to estimate mean coefficients (β) and stan
dard deviations (η); heterogeneity is significant when η ≠ 0 
(Cheung et al., 2019). Both logit models were estimated 
using Nlogit in R (4.5.0; Greene, 2016).

Results

Preferred attributes related to patient-centered 
communication (RQ1)
The two highest-ranked attributes from each category were 
selected for inclusion in the subsequent DCE. Across all three 
data analytic approaches the rankings were stable with only 
minor variations. Table S4 provides detailed results of all 
models [weblink]. Given this convergence, we relied on the 
count analysis for interpretation as the most transparent and 
widely used approach in BWS (see Table 2; Cheung et al., 2019; 
Louviere et al., 2015).

For medical quality and information, the most important 
attributes were explanation about medicine (BWS score = .46) 

and symptom assessment capabilities (BWS score = .44). For 
patient interaction and support, the highest ranked attributes 
were attentiveness and listening skills (BWS score = .36) and 
scope and help provided (BWS score = .24). For community 
and cultural considerations, the preferred attributes were 
extended support beyond consultation (BWS score = .64) and 
community-based assistance (BWS score = .25).

Addressing RQ1, patients most strongly preferred accurate 
symptom assessment, clear explanation about medication, 
attentiveness and listening skills, and extended and commu
nity-based support.

Exploratory moderation of preferred attributes by mental 
health status
Exploratory moderation analyses tested whether dummy- 
coded lifetime experience with anxiety, depression, or bipolar 
disorder moderated attribute preferences. After Bonferroni 
correction (α = .008), there were no moderating influences of 
mental health status. Full details are reported in Table S8 
[https://osf.io/t69rx/files/jg9dv].

Table 2. Attribute rankings from Best–Worst Scaling count analysis (N = 414).

Count analysis

Attributes Description Ranking
Best 

Count
Worst 
Count

BWS 
Score

Medical quality & information
Explanation about medicine How clearly medical information (diagnoses, treatment, medication) is 

explained
1 631 65 .46

Symptom assessment capabilities Extent to which the consultation mode can assess symptoms 2 601 59 .44
Reputation Quality and trustworthiness based on patient reviews and ratings 3 338 85 .20
Extent of information provided Amount of information shared with the patient during the consultation 4 299 52 .20
Financial cost Costs that must be paid for the consultation 5 364 225 .11
Length of response Amount of detail provided in each response during the consultation 6 127 445 −.26
Frequency of information provided How often information is shared with the patient during the consultation 7 97 528 −.35
Use of medical jargon Extent to which complex medical terminology is used 8 27 1025 −.80
Patient interaction & support
Attentiveness and listening skills How well the patient is listened to, how well the patient’s concerns are 

acknowledged
1 506 56 .36

Scope and help provided Extent to which the consultation includes both diagnoses and advice or only 
general guidance

2 504 205 .24

Shared decision making Extent to which the patient actively participates in treatment decisions, with 
concerns considered

3 404 162 .20

Personalization Extent to which medical communication is tailored to individual patients 4 306 310 −.003
Biopsychosocial care Extent to which not only physical symptoms but also social and emotional factors 

are considered
5 283 290 −.01

Empathy and emotional support How strong the patient’s emotional state is recognized and responded to 6 269 320 −.04
Interpersonal  

communication style
How strong the interaction with the patient is, including the manner and 

communicating approach
7 110 416 −.25

Familiarity with healthcare provider Extent to which the patient knows and feels comfortable with the healthcare 
provider

8 102 723 −.50

Community and cultural considerations
Extended support beyond 

consultation
Availability of additional help beyond the consultation (assistance, e.g., 

through communities)
1 869 68 .64

Community based assistance Patient connection to community resources and support networks 2 439 131 .25
Cultural competence and awareness Extent to which cultural factors, alongside biomedical factors, are considered and 

integrated
3 391 167 .18

Community awareness Extent to which community-specific health concerns during the consultation are 
considered

4 257 164 .07

Family involvement Extent to which family members are included in medical decision-making 5 242 253 −.01
Culturally sensitive language Extent to which communication to accommodate language is adapted 6 89 336 −.20
Religious-based treatment 

recommendations
Whether medical recommendations are adapted to align with religious beliefs 7 81 632 −.44

Religious or spiritual guidance Whether religious or spiritual beliefs are considered in the consultation to support 
decision-making

8 116 733 −.50

Note. The table lists the 24 final attributes included in the Best–Worst Scaling (BWS) experiment, each accompanied by a brief, participant-friendly description as 
presented to respondents. Attributes are grouped into three thematic categories, with eight attributes per category. The table reports results from the BWS count 
analysis; the BWS score reflects the relative frequency with which attributes were selected as “best” versus “worst.”
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Discussion of Study 1

Study 1 utilized Best–Worst Scaling (BWS; Louviere et al.,  
2015; Schuster et al., 2024) to explore preferred patient- 
centered communication attributes. Users prioritize consul
tations that assess (multi-symptom capability), explain (rea
son-giving information), attend (visible listening), guide 
(concrete next steps), continue (aftercare), and embed (com
munity resources). These findings can be organized into 
three themes. First, information quality tends to outrank 
convenience; symptom assessment reflects clinical compe
tence and diagnostic certainty, which patients rarely trade 
for convenience (Cheraghi-Sohi et al., 2008; Lagarde et al.,  
2015; Tinelli et al., 2015), while explanation is central to 
shared decision-making (Burton et al., 2017; Cheraghi-Sohi 
et al., 2008; Gerard et al., 2012). Second, relational conduct 
seems specific; attentiveness and listening drive trust and 
adherence, often outweighing logistical factors (Cheraghi- 
Sohi et al., 2008; Gerard et al., 2012; Whitaker et al., 2017). 
Scope of help signals commitment to comprehensive care 
(Lagarde et al., 2015; Tinelli et al., 2015). Third, patients 
appear to look beyond the single encounter, expressing pre
ferences for continuity and aftercare to build safety and trust 
(Cheraghi-Sohi et al., 2008; Lagarde et al., 2015; Mengoni 
et al., 2013), alongside community-based assistance high
lighting networked social support (Laidsaar-Powell et al.,  
2016; Van Oerle et al., 2018).

Study 2: trade-offs between AI chatbot features

The aim of Study 2 was to explore how patients trade off 
combinations of preferred communication features in mental- 
health conversations with an AI chatbot (RQ2) and to examine 
whether users’ preferences for communication accommoda
tion moderate how AI chatbot feature levels shape users’ trade- 
off decisions (RQ3). Study 2 is based on a larger Discrete 
Choice Experiment (DCE; Szinay et al., 2021), which included 
a total of four experimental conditions (AI chatbot, online 
health community, online clinician, and in-person clinician), 
of which only the AI chatbot condition is of focal interest (see 
Figure 1). We recruited a quota-balanced U.S. adult sample (N  
= 1,440) via Prolific to meet a priori power requirements.2 
Participants received compensation on the platform. No 
human-verification procedures were conducted.

Respondents repeatedly chose between systematically var
ied attributes and levels (i.e., alternatives), enabling estimation 
of trade-offs and preferences. Communicative attributes from 
the BWS (Study 1) were combined into feature bundles to test 
integrated effects in AI mental-health conversations. DCEs 
simulate absent real-world choices, quantify trade-offs, struc
tures, and interactions, surpass rankings or experts to optimize 
chatbot feature deployment (Ho et al., 2025).

Method

Sample and procedure
Data quality procedures included three attention checks 
(e.g., “I would select ‘strongly agree’ to show that I’m paying 
attention to this question”), one condition check (“Earlier in 

the study, which healthcare provider type were you told to 
evaluate?”), and five response-quality items (e.g., “I clicked 
on anything occasionally to finish faster”). Using the overall 
sample, all participants who failed at least one attention 
check were excluded first (n = 36). From the remaining 
cases, participants who did not correctly complete the con
dition check were excluded next (n = 387). Finally, partici
pants who did not meet the response-quality requirements 
(score ≥ 5 on the five response-quality items) were excluded 
(n = 6). These procedures resulted in a final sample of N =  
1,011 participants. As the focus here is on AI chatbots in the 
context of mental health, we only included a subsample 
randomly assigned to the AI chatbot condition (n = 268) in 
Study 2.

All participants were U.S. residents between 18 and 83  
years old (M = 45.59; SD = 14.24). The sample included n =  
153 women (57.1%) and n = 115 men (42.9%). Most partici
pants reported having a college degree or higher (n = 152; 
56.7%), and the majority identified as White (n = 181; 67.5%) 
or Black/African American (n = 41; 15.3%). Regarding their 
self-reported mental health history, 50.4% of participants 
indicated having experienced depression at some point in 
their lives, 60.4% reported a history of anxiety, and 4.9% 
reported having experienced bipolar disorder. Demographics 
for Study 2 are also presented in Table 1. Information about 
the overall sample is provided in Table S5 [https://osf.io/ 
t69rx/files/mt27x].

A dropout analysis was conducted within the AI chatbot 
condition. Inclusion was coded binary (nexcl = 51; nincl = 268). 
Predictors of inclusion were examined via logistic regression, 
identifying lower age (p = .033) and higher discourse manage
ment (p = .027) as significant predictors. Full statistical results 
are reported in Table S6 [https://osf.io/t69rx/files/k54gh].

Individuals completed an online discrete choice survey after 
informed consent, demographics, and measures of technology 
affinity, trust in technology, and communicative preferences. 
In a between-subject design, participants were randomly 
assigned to one of three mental health scenarios (from 
Study 1) and one of four consultation modes (AI chatbot, 
online community, online clinician, in-person clinician). 
Each completed one randomly assigned block of eight tasks; 
blocking reduced burden and preserved balance (Szinay et al.,  
2021). Tasks presented two alternatives with six attributes at 
varied levels. Survey duration was approximately 20 minutes. 
Figure S3 shows an example study task [https://osf.io/t69rx/ 
files/8bfsd].

Study design
Establishing attributes and levels. The initial attribute selec
tion (Szinay et al., 2021) was completed through Study 1. In 
line with clinician–patient DCEs (Burton et al., 2017; 
Cheraghi-Sohi et al., 2008; Chudner et al., 2025; Gerard et al.,  
2015), we operationalized each attribute (A) at two levels (L).

The two levels were content-specific and conceptually 
grounded (see Table 3), consistent with DCE guidance 
(Mariel et al., 2025), and chosen to streamline comparisons, 
avoid ambiguous mid-categories, and improve attribute sal
ience and decision quality relative to alternative DCE 
approaches (Hensher et al., 2015; Szinay et al., 2021). No 
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additional attribute descriptions were provided to keep attri
bute wording concise and easily interpretable and minimize 
cognitive burden (Szinay et al., 2021).

Choice tasks. Choice tasks used a full profile with six attri
butes to enable trade-offs, as partial profiles limit observations 
(Szinay et al., 2021) and six attributes are cognitively manage
able (Mühlbacher & Johnson, 2016). Forced-choice without 
opt-out preserved preference inference and efficiency (Mariel 
et al., 2025). Attribute sets, order, and levels were held constant 
across conditions for comparability.

Experimental design. We implemented an unlabeled, frac
tional-factorial DCE with six attributes (A) at two levels 
(L). Rather than the full-factorial LA = 26 = 64 tasks, we 
used an efficient subset and presented alternatives as 
“Option A” and “Option B” to minimize label bias and 
isolate attribute trade-offs (Szinay et al., 2021). We gener
ated the design in R (4.5.0) using the package idefix (Traets 
et al., 2020). After a pretest with N = 10 U.S. participants to 
check task comprehension and wording, we ran a pilot with 
N = 150 U.S. participants (which included the pretest sam
ple) to estimate priors. We then produced a Bayesian 
D-efficient design with 2000 Halton draws that balanced 
attribute presentation and co-occurrence, yielding 24 
choice sets arranged into three blocks of eight with random 
assignment. Attributes were effect-coded (±1). The design 
achieved global and block-level balance and met accepted 
quality thresholds, with a Bayesian D-error of 0.064, 
Bayesian D-efficiency of 15.68, utility balance of .036, no 
dominant or duplicate alternatives, and choice probabilities 
centered near 0.5.

Measures
DCE attribute preference. Preference was measured as 
a pairwise choice between two profiles (alternative 1 vs. alter
native 2) differing on multiple communication attributes, each 
experimentally set at two levels (low, high). For each choice set, 
respondents chose their preferred option for medical advice. 
Responses were coded binary (0 = option 1, 1 = option 2). 
Attributes were coded within alternatives (low [reference] =  
0, high = 1). Choosing option 2 does not assign attributes to 1; 
models estimate how high levels affect choice probability.

Patient preference for communication accommodation.
Individuals’ preferences for communication accommodation 
during medical consultations were measured with 26 items on 
a 7-point Likert scale (1 = strongly disagree, 7 = strongly agree) 
reflecting five CAT sociolinguistic strategies (Giles, 1973): 
approximation (5 items; e.g., “Adapts their communication 
style to my needs”), discourse management (6 items; e.g., 
“Treats me as an equal”), emotional expression (4 items; e.g., 
“Reassures me”), interpretability (5 items; e.g., “Handles the 
conversation competently”), and interpersonal control (6 
items; e.g., “Does not intrude on my privacy”). Sixteen items 
were adapted from Watson and Gallois (1998), six from the 
Patient-Centered Communication Scale (Moser et al., 2022), 
informed by Epstein and Street (2007), and four approxima
tion items were self-developed (Dragojevic et al., 2015; 
Farzadnia & Giles, 2015). Mean scores were computed, with 
higher values indicating stronger accommodation preferences.

Internal consistency was high for approximation (α = .877, 
M = 5.54, SD = 1.12), discourse management (α = .862, M =  
6.31, SD = 0.77), emotional expression (α = .870, M = 5.54, SD  
= 1.21), and interpretability (α = .864, M = 6.32, SD = 0.77). 
Due to the low internal consistency of the interpersonal control 
subscale (Cronbach’s α = .455), we excluded it from the pri
mary analyses. We did not present exploratory factor analyses 
as these were not preregistered.

Mental health status. We included the same dummy indica
tors for mental health status (lifetime depression, anxiety, and 
bipolar disorder) as in Study 1.

Data analysis
Choice models were estimated in R (4.5.0; R Core Team, 2025). 
We first estimated a conditional logit model (CLM) with fixed 
coefficients (i.e., one common set of preference weights for all 
respondents) using clogit (Therneau, 2024) with dummy- 
coded attributes (high = 1, low (reference)). Preference hetero
geneity was modeled with a mixed logit (MIXL) with random 
coefficients (allowing them to vary across individuals and 
reporting the population mean) using the mlogit (Croissant,  
2025), specifying normally distributed, correlated random 
coefficients for the six attributes and no intercept, so coeffi
cients represent high vs. low. Estimation used 2,000 Halton- 
free draws. Thus, the CLM identifies average preference 

Table 3. The attributes and attribute levels included in the Discrete Choice Experiment.

Category Attributes Attribute levels

Medical quality & information Explanation about medicine ● Brief overview (0)
● Detailed explanation (1)

Symptom assessment capabilities ● Basic screening (0)
● Multi-symptom evaluation (1)

Patient interaction & support Attentiveness and listening skills ● No user reference (0)
● Reflective listening (1)

Scope and help provided ● Low scope (0)
● High scope (1)

Community and cultural considerations Extended support beyond consultation ● One-time interaction (0)
● Ongoing follow-ups/support (1)

Community-based assistance ● No support contacts (0)
● Direct contact with health community (1)

Note. The attributes and levels shown were included in a Discrete Choice Experiment (DCE; Study 2) with a U.S.-representative sample by sex, age, and 
race/ethnicity (simplified Census categories; N = 1,011). Attribute selection was informed by a Best-Worst Scaling (BWS; Study 1) with a U.S. quota 
sample (N = 414). Each attribute had two levels (low and high). The “(0)/(1)” labels indicate the dummy coding used (low = 0; high = 1).
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weights, whereas the MIXL captures between-person hetero
geneity. Interaction effects between attributes and z-standar
dized CAT subscale indices were estimated within the MIXL.

Results

Preference structure for AI chatbot communication 
attributes (RQ2)
To address RQ2, we estimated choice models to quantify 
how patients trade off combinations of preferred commu
nication features in AI mental-health chatbot conversa
tions. We first estimated a conditional logit model (CLM) 
with dummy-coded attributes (0 = low (reference), 1  
= high) as a baseline. Relative to the reference levels, each 
higher-level attribute was positively associated with choice 
in the CLM. Model fit improved on AIC with a mixed logit 
(MIXL; AIC = 2737.50 vs. CLM AIC = 2741.32), while BIC 
was unchanged (both 2764.10). Estimated main effects are 
the unstandardized logit coefficients (β) for the high level 
of each attribute relative to its reference (attributes coded 
0 = reference and 1 = high); a positive β indicates a higher 
probability of choosing options that include that level, and 
values may exceed one.

Individuals showed the strongest preference for reflective 
listening (β = 1.26, SE = 0.18, p < .001) and multi-symptom 
evaluation (β = 1.25, SE = 0.19, p < .001). Direct contact 

with a health community also increased choice likelihood 
(β = 1.09, SE = 0.17, p < .001), as did ongoing follow-ups/sup
port (β = 0.87, SE = 0.16, p < .001), detailed explanation (β =  
0.83, SE = 0.15, p < .001), and high scope and help provided 
(β = 0.62, SE = 0.13, p < .001). Figure 2 shows the MIXL 
mean coefficients (β) with 95% CIs for the AI chatbot 
subgroup (n = 268). Table S7 reports CLM and MIXL esti
mates for the AI chatbot condition in detail [https://osf.io/ 
t69rx/files/dcwq2].

Finally, Utility-equivalent trade-off ratios (βi/βj) were com
puted from MIXL mean coefficients to quantify attribute-on- 
attribute trade-offs (Figure 3). Interpreted as marginal rates of 
substitution (MRS), these define the amount of one attribute 
required to compensate for losing one unit of another (Hensher 
et al., 2015). Ratios indicate lower relative value, while ratios 
indicate equal importance, showing how many level changes of 
the traded attribute (0 → 1) equal one change in the preferred 
attribute.

Focusing on the strongest trade-offs, respondents were will
ing to trade 2.02 units of scope & help for one unit of atten
tiveness & listening, and 2.01 units of scope and help for one 
unit of symptom assessment capabilities.

CAT-Based interaction effects on attribute utilities (RQ3)
RQ3 asks whether users’ preferences for communication 
accommodation moderate how AI chatbot feature levels 

Figure 2. Estimated attribute-level preferences from the mixed logit model (main effects) for AI chatbot. Note. (n = 268). The figure shows estimated main effects (β) 
from a Mixed Logit (MIXL) for the AI chatbot subgroup. The dependent variable is the chosen alternative (1 vs. 2). Each attribute had two levels and was dummy-coded 
(Low = 0, High = 1). Points are the mean random-coefficient estimates (β) for the high level relative to the low (reference) level with 95% confidence intervals; the 
dashed vertical line marks β = 0 (no difference between high and low). Positive β values indicate greater log-odds of choosing alternatives featuring the high level; 
odds ratios = exp(β) give the multiplicative change in those odds. Figure created in R 4.5.0 using ggplot2; layout adapted from Reinders et al. (2025).
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shape users’ trade-off decisions. We estimated interactions 
between the four CAT preference indices with sufficient relia
bility and the six AI chatbot attributes, yielding 24 interaction 
tests (Table 4).

After Bonferroni correction for multiple comparisons 
(α_adj = .002), none of the interaction effects remained statisti
cally significant; results were consistent when applying 
Benjamini–Hochberg false discovery rate correction (all p > .05).

Exploratory moderation analyses of trade-off decisions by 
mental health status
An exploratory moderation analysis tested whether dummy- 
coded lifetime experience with anxiety, depression, or bipolar 
disorder moderated the attribute selection in Study 2. Findings 
showed no significant differences after Bonferroni correction 
(α = .008). Full details are reported in Table S9 [https://osf.io/ 
t69rx/files/gmytu].

Figure 3. Trade-off matrix based on mixed logit estimates for AI chatbot. Note. (n = 268). The figure shows trade-off ratios computed as βi / βj from MIXL mean 
coefficients for the AI chatbot subgroup. We interpret these ratios as marginal rates of substitution (MRS), defined as the amount of one attribute required to exactly 
compensate for the loss of one unit of another (Hensher et al., 2015). Attributes correspond to the DCE attributes. Estimates come from a mixed logit with random main 
effects. Each cell indicates how many level changes of the traded attribute (0 → 1) respondents would give up obtaining one level change of the preferred attribute (0 
→ 1). Higher values mean a stronger relative preference for the preferred attribute. Values are signed; colors encode magnitude. Figure created in R 4.5.0 with ggplot2.

Table 4. Interaction matrix: CAT preference indices × AI chatbot attributes (n = 268).

Attribute 
CAT preferences

Explanation about  
medicine

Symptom assessment  
capabilities

Attentiveness and  
listening skills

Scope and help  
provided

Extended support beyond  
consultation

Community-based  
assistance

Approximation −.17 −.08 .05 .07 −.06 −.08
Discourse management .08 .66 .14 .41 .18 .02
Emotional expression .22 −.32 .10 −.23 .16 .05
Interpretability .23 −.16 −.13 −.20 .12 .13

Note. n = 268. The table reports interaction effects from a mixed logit (MIXL) model estimating profile choice in two-option tasks. Each AI chatbot attribute had two 
levels and was dummy coded (low/reference = 0; high = 1). Random main effects were specified for the six attributes (normally distributed, correlated random 
coefficients; no intercept), and fixed interaction terms captured moderation by users’ Communication Accommodation Theory (CAT) strategy indices. CAT strategies 
were assessed using 1–7 Likert scales (mean score) with good internal consistency: approximation (Cronbach’s α = .877), discourse management (α = .862), emotional 
expression (α = .870), and interpretability (α = .864). Strategy indices were entered as z-standardized continuous moderators. Rows list the CAT strategy indices; 
columns list the AI chatbot attributes. Cells show the interaction coefficient β for the high attribute level versus its low (reference) level. A positive β indicates that, as 
the CAT strategy index increases by one SD, respondents are more likely (higher log-odds) to choose options featuring the high level of that attribute; a negative β 
indicates the opposite. Coefficients are presented without standard errors in the table; asterisks mark Bonferroni-corrected significance (* p < .05, ** p < .01, *** p  
< .001). Prior to correction for multiple testing, significant interaction effects were observed for discourse management × symptom assessment capabilities and 
discourse management × scope and help provided. Given 24 interaction tests (6 attributes × 4 CAT strategies), none of the interaction effects remained statistically 
significant after Bonferroni correction (α_adj = .05/24 = .00208). Results were consistent when applying Benjamini–Hochberg false discovery rate (FDR) correction (all 
p > .05).
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Discussion of Study 2

Study 2 suggests reflective listening and multi-symptom evaluation 
may form a single preferred value, conceptualized as dual assur
ance: relational assurance (recognition) and epistemic assurance 
(holistic assessment), which may work together to reduce social 
and informational uncertainty (Epstein & Street, 2007). Finally, 
no significant moderation effects were observed for any CAT 
preference dimension or mental health status. Dropout analysis 
showed higher completion among younger participants and those 
with higher discourse management, a core CAT strategy in which 
alignment of conversational flow with users’ expectations facil
itates more coherent and well-structured interactions. Older 
users’ attrition may reflect lower technology familiarity (Poli 
et al., 2019) while discourse management likely supports coherent 
interaction and sustained engagement (Marconi et al., 2026).

General discussion

In two independent, preregistered U.S. studies, we identified 
PCC-aligned communication features that users tend to prefer 
for AI mental-health chatbot interactions and estimated how 
users trade off combinations of these features when seeking 
mental health advice. We further examined whether prefer
ences for accommodative communication styles during med
ical consultations moderate observed preferences. Using 
a quota sample of U.S. adults and a subsample from an inde
pendent, nationally representative panel, we conducted a Best– 
Worst Scaling (BWS; Louviere et al., 2015; Schuster et al.,  
2024) study and a Discrete Choice Experiment (DCE; Szinay 
et al., 2021).

Across both studies, reflective listening and multi-symptom 
evaluation were the most preferred patient-centered features, 
reflecting preferences for both relational and epistemic assur
ance. Findings are broadly consistent with PCC principles 
(Epstein & Street, 2007), suggesting participants value rela
tional and clinical features when evaluating hypothetical AI 
chatbot interactions. In conversational AI, reflective listening 
refers to an AI chatbot’s ability to interpret open-ended user 
input and explicitly reflect its semantic content and implied 
meaning before offering guidance. This involves paraphrasing 
user statements, articulating inferred emotions or needs, sum
marizing key themes, and inviting further elaboration, thereby 
signaling understanding, conveying empathy, and helping 
users feel heard (Xiao et al., 2020). A practical implication is 
to design AI chatbots to initiate with a brief, structured symp
tom assessment covering core symptoms, duration, severity, 
and basic risk indicators, followed by reflective listening with 
a concise paraphrase and explicit verification prompt. This 
approach aligns with symptom reductions (Fitzpatrick et al.,  
2017), readable and empathetic responses (Ayers et al., 2023), 
and plain-language structure (Saha et al., 2025).

Both studies suggest that combined feature profiles— 
rather than isolated elements—play an important role in 
how users evaluate. Prior work often examines single fea
tures (e.g., factural accuracy (Cornelison et al., 2024); non
judgmental style (Jang et al., 2021; empathetic tone (Kang & 

Ki, 2025)), whereas our results suggest preferences for pro
files including reflective listening and multi-symptom 
assessment (see also Angermayr et al., 2025). Users trade 
off attributes, prioritizing these relational and clinical cap
abilities over breadth of scope and other presentation fea
tures, while some elements (e.g., detailed explanation vs. 
direct community contact) appear roughly equivalent. In 
practice, users may encounter highly empathetic AI chatbots 
(Ayers et al., 2023) yet accept reduced breadth or general 
support to secure high-quality relational attentiveness and 
clinical multi-symptom assessment. This suggests prioritiza
tion of relational and clinical competence (Chen et al., 2025; 
Laymouna et al., 2024) and that evaluations reflect 
a complex exchange across features rather than any single 
capability. These patterns may offer an initial basis for 
informing message design, evaluation, usability, and trust.

Moderation analyses indicated no significant moderation 
by accommodative preferences or mental health status, indi
cating broadly consistent preferences. This may reflect strong 
main effects for core PCC-aligned features and shared expec
tations (Epstein & Street, 2007). Because CAT concerns per
ceived cues rather than forced trade-offs, CAT-based 
preferences may be more evident in subjective evaluations 
than in discrete choice behavior (Dragojevic et al., 2015; Vass 
et al., 2022). Consistency aligns with eHealth evidence of stable 
communication preferences across conditions and treatment 
histories (Phillips et al., 2021).

However, the present studies assess stated preferences, not 
downstream PCC outcomes, and do not establish human-AI 
equivalence. While DCEs infer preference structures, partici
pants made no conscious trade-offs. Future research should 
examine whether PCC-aligned AI features—configured with 
transparency and escalation safeguards—translate into com
munication processes and therapeutic outcomes across set
tings and modalities.

Limitations

This research has several limitations. First, it relies on 
a scenario-based design covering only three mental health 
conditions, constraining external generalizability; future stu
dies could include physical or chronic diseases. Second, data 
were based on hypothetical decision situations; although DCEs 
approximate real preferences, they cannot capture real-life 
behavior (Quaife et al., 2018). Third, the study focused on 
interactive text-based AI chatbots, excluding audiovisual for
mats (e.g., voice assistants). Fourth, replications beyond the U. 
S., especially in the Global South and outside health contexts, 
are essential (Scherr et al., 2025). Additionally, missing DCE 
attribute definitions may have caused partially uninformed 
attribute trade-offs. Further, potential construct overlap 
between CAT and PCC may mean some indices reflect general 
communication quality rather than accommodation-specific 
preferences (Wang, Min, et al., 2025); consistent with this, 
interpersonal control items did not form a reliable scale. 
Finally, while attention checks were used to ensure data 
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quality, no human-verification procedures (e.g., Affonso,  
2026) were implemented to prevent bot-generated responses.

Conclusion

In two preregistered studies, we identified reflective listen
ing and multi-symptom evaluation as preferred attributes 
when seeking mental health advice from an AI chatbot. 
BWS established the preferred patient-centered attributes, 
and DCE then examined trade-offs between features, 
showing that users weigh combinations depending on 
what a specific AI chatbot offers. Importantly, these pre
ferences remained largely consistent across users and their 
preferences for communication accommodation. Taken 
together, these results suggest that designers of mental 
health AI systems should assume that users evaluate clus
ters of attributes at the same time and trade them off, so 
testing single features in isolation misses how people actu
ally decide.

Notes

1. The sample size was determined in an a priori power analysis using 
the pwr package in R 4.5.0 (Champely et al., 2020), assuming an 
effect size of d = 0.68 (Burton et al., 2019, 2021), α = .05, and 95% 
power, which indicated N = 414, accounting for random assign
ment to one of three scenarios.

2. A power analysis specifically for DCEs determined a required 
sample size of N = 756 individuals. We used the Johnson and 
Orme (2003) formula N > 500c / (t × a), with t = 8 choice task, 
a = 2 alternatives, and c = 2 analysis cells, which yielded 
a minimum of 63 respondents per experimental group. For 
our 3 × 4 design with three mental health scenarios (depres
sion, anxiety, bipolar disorder) and four consultation modes 
(AI chatbot, online health community, online clinician, in 
person clinician) of which we will only focus on AI chatbots 
in the present paper. The design required a sample of at least 
12 × 63 = 756 respondents (Mariel et al., 2025; Szinay et al.,  
2021). Therefore, given our achieved sample, we are able detect 
even small effects, even in analyses performed within 
subgroups.
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