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A B S T R A C T

Mental health support now extends beyond in-person clinicians, search engines, and medical websites to 
interactive healthcare providers (IHPs), including AI chatbots, telemedicine (i.e., digital clinicians), and online 
health communities. Two preregistered U.S. studies examined how patient-centered communication (PCC) at
tributes shape preferences for mental health support. Study 1 (N = 414, U.S. quota sample, fielded August – 
September 2025) used Best–Worst Scaling (BWS) to rank eight attributes in each of three domains (informa
tional, interpersonal, and community-based), selecting the top two per domain for Study 2. Study 2 (N = 1,011, 
U.S. representative sample, fielded September 2025) used a Discrete Choice Experiment (DCE) testing these six 
attributes in trade-off decisions. Study 2 revealed provider-specific preferences. Extended support beyond the 
consultation and multi-symptom assessment capabilities were most salient for in-person clinicians. Multi-symptom 
assessment capabilities and reflective attentiveness and listening skills stood out for IHPs. We also tested for the 
moderating effects of faith-based thriving as it gains relevance in patient-centered mental health communication. 
Moderation analyses indicated a provider-specific pattern: higher faith-based thriving was associated with a 
stronger preference for scope and help provided when using AI chatbots and a stronger preference for community- 
based assistance when talking to a digital clinician. Taken together, these findings suggest a complementary care 
model: those designing and delivering mental health support through IHPs should prioritize robust multi- 
symptom assessment and reflective listening, while in-person clinicians should prioritize support beyond the 
consultation. Faith-based thriving findings further highlight the need for group-sensitive mental health 
communication.

Search engines, medical websites, and in-person clinicians remain 
key sources of mental health support, but interactive healthcare pro
viders (IHPs), such as AI chatbots, digital clinicians, and online health 
communities (OHCs), are rapidly gaining ground (e.g., Yun and 
Bickmore, 2025). AI chatbots offer usability, speed, and 24/7 avail
ability of health information (Clark and Bailey, 2024), digital clinicians 
are valued for accessibility and engagement with their patients 
(Greenwood et al., 2022), and OHCs foster peer support where users 
share experiences, receive emotional support, and may build 
self-efficacy that encourages further help-seeking beyond the platform 
(Prescott et al., 2020). Each IHP evokes distinct user expectations: AI 

systems are expected to be accessible, anonymous, and easy to under
stand (Laymouna et al., 2024;Angermayr et al., 2025); digital clinicians 
are expected to listen actively, communicate clearly, and support shared 
decision-making (Chen et al., 2025); and OHCs depend on effective 
moderation to sustain emotional support (Treadgold et al., 2025). These 
developments challenge traditional models of patient-centered 
communication (PCC; Epstein and Street, 2007). Strong PCC supports 
mental health by reducing stress (Gong et al., 2025). While PCC research 
has historically focused on face-to-face care (Clarke et al., 2022), recent 
work examines how PCC elements translate to telehealth or AI-based 
systems (Liu et al., 2025).
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Within PCC, spiritual and faith-based dimensions have gained rele
vance (Austin et al., 2017), particularly through the lens of “thriving” 
(Feeney and Collins, 2015)—the ability to grow through adversity with 
emotional and social support. For many individuals, religious networks 
provide the belonging and resilience that enable thriving (Neuendorf 
and Scherr, 2025). IHPs can support or hinder this process depending 
on how well they address users’ relational and community needs. We 
therefore test whether faith-based thriving moderates the effects of PCC 
attributes on evaluations and preferences for IHPs.

Across two preregistered studies [weblink], we examined prefer
ences for AI chatbots, digital clinicians, OHCs, and in-person clinicians 
across three mental health scenarios (depression, anxiety, bipolar dis
order). Study 1, a Best–Worst Scaling (BWS; N = 414; U.S. quota sample) 
study, began with a large attribute pool derived from prior PCC litera
ture and identified the main attributes that shape these preferences. 
Study 2, a Discrete Choice Experiment (DCE; N = 1011; U.S. represen
tative sample), assessed trade-offs among the top six attributes from 
Study 1 in the same scenarios and tested whether faith-based thriving 
moderates the resulting preference structures.

1. Interactive healthcare providers (IHPs) for mental health care

While search engines and health websites continue to be the most 
common starting points for searching health information (Yun and 
Bickmore, 2025), alongside in-person clinicians, these classic channels 
are limited when individuals need tailored conversation, 
meaning-making, and just-in-time guidance (von Lützow et al., 2025;
Esmaeilzadeh et al., 2025). Hence, digital and interactive channels are 
becoming increasingly important in health information seeking and PCC 
(Alma Taya and Chuang, 2025).

In this study, we define IHPs, including AI chatbots, digital clini
cians, and OHCs, as digital care formats that allow patients to actively 
engage in two-way exchanges. Importantly, these formats differ in 
whether communication is provided by humans through digital chan
nels (i.e., digital clinicians and OHCs) or a non-human AI system (i.e., AI 
chatbots). What unites these formats is their responsive and user-driven 
communication: patients can ask questions, receive tailored feedback, 
and participate in ongoing interactions rather than passively consuming 
information (e.g., Van Oerle et al., 2018). We next discuss each format's 
strengths, limitations, and user expectations in detail.

1.1. AI chatbots for mental health care

AI chatbots have shown promising effects in reducing symptoms of 
depression and anxiety in mental health contexts (Zhong et al., 2024). 
They can complement clinicians (Esmaeilzadeh et al., 2025), reduce 
stigma by personalizing pathways to care, and offer anonymous and 
low-cost support (Zhong et al., 2024). However, AI chatbots still face 
significant limitations, including repetitive dialogue, constrained func
tionality, and limited novelty (Boucher et al., 2021). Responses may 
remain generic, with insufficient probing or recommendations that 
should instead involve trained professionals (Scholich et al., 2025).

1.2. Telemedicine in mental health care

Meanwhile, telemedicine (i.e., digital clinicians) is increasingly 
accepted. In 2024, 44% of patients in the United States reported using 
virtual consultations, and 94% said they would do so again (Dutta et al., 
2024). In the mental health domain, online therapy (i.e., one-on-one 
therapeutic counseling conducted via the Internet) reduces social bar
riers to care, with growing evidence for effectiveness (Schlemper and 
Urano, 2025). Studies find outcomes comparable to face-to-face ther
apy, with no differences in patient satisfaction (Mazziotti and 
Rutigliano, 2021). A recent meta-analysis reinforces equivalence: 
across 12 randomized controlled trials, teletherapy and in-person ther
apy did not differ in symptom reduction, functioning, overall 

improvement, therapeutic alliance, or patient satisfaction (Greenwood 
et al., 2022).

1.3. Online health communities (OHCs) for mental health care

Online health communities (OHCs) provide peer-to-peer support and 
information exchange for individuals with mental health conditions (Liu 
and Kong, 2021). OHCs are Internet-based platforms for health infor
mation exchange and discussion (Chen, 2023). They facilitate 
peer-to-peer informational and emotional support, enabling users to 
share and hear experiences (Prescott et al., 2020), thereby helping 
address care-oriented needs that healthcare professionals often leave 
unmet (Van Oerle et al., 2018). OHCs also allow anonymity, which is 
particularly important for stigmatized conditions such as mental illness 
(Yan and Tan, 2014). However, exposure to others’ struggles can 
heighten anxiety for some users (Mills et al., 2025).

Overall, IHPs offer interactive digital pathways to mental health 
support. Because IHPs differ in communication, responsiveness, and 
relational tone, understanding their role requires specifying quality in 
conversational interaction from a patient-centered perspective.

2. Patient-centered communication (PCC) in IHPs

Much of the foundational PCC literature focuses on patient–clinician 
communication in face-to-face clinical care (Epstein and Street, 2007). 
Despite the rapid expansion of IHPs, their broader role in mental health 
care remains underexplored. U.S. research often relies on convenience 
samples (e.g., Yun and Bickmore, 2025) or focuses narrowly on virtual 
visits with human clinicians (e.g., Dutta et al., 2024), leaving other IHP 
formats underexamined and limiting what we know about which qual
ities people prioritize when seeking mental health support from IHPs.

In these contexts, conversational quality is central: interactions must 
be responsive, respectful, and attuned to users' concerns, not merely 
informational. This aligns with patient-centered communication (PCC), 
which emphasizes empathy, shared understanding, and coordination of 
care around patients’ concerns and preferences (Epstein and Street, 
2007). Its principles largely carry over to digital clinicians (Niu et al., 
2025) and can inform communication practices in OHCs. In human–AI 
conversations, however, PCC must be realized through wording and 
conversational design rather than nonverbal behavior (Angermayr et al., 
2025): empathy, personalization, and shared decision-making are 
conveyed via language.

On this basis, PCC specifies quality criteria—hereafter attributes—
whose practical meaning is grounded in what patients actually value. 
Decision-makers therefore need to understand how patients prioritize 
these attributes (Hollin et al., 2022). Preference studies show that 
relational elements fostering reassurance and adherence are often 
valued more than time or consultation mode, and that technical quality 
and clinical competence typically outweigh convenience (e.g., 
Cheraghi-Sohi et al., 2008; Tinelli et al., 2015; Whitaker et al., 2017). 
Logistical attributes (e.g., booking ease, waiting time, consultation 
length) are generally secondary, valued mainly insofar as they enable 
unhurried, high-quality interaction and a strong clinical conversation 
(Whitaker et al., 2017).

However, these insights largely stem from in-person clinician set
tings and do not clarify how PCC-related attributes are prioritized across 
the broader spectrum of IHPs. We lack comparative, attribute-level ev
idence on which features people value most across AI chatbots, digital 
clinicians, and OHCs in mental health care, or how these priorities shift 
by format. Such comparisons matter because users may, for example, 
accept weaker relational cues in exchange for faster responses or greater 
anonymity, or prioritize active listening over breadth of information 
when disclosing sensitive concerns. To address this gap, we examine 
preferences for key IHP attributes in U.S. mental health care and propose 
the following first research question. 
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RQ1: Which patient-centered communication attributes do U.S. in
dividuals consider most important across different interactive 
healthcare providers in mental health contexts?

However, identifying which attributes matter does not reveal how 
individuals choose in practice. In real decision settings, people weigh 
relational qualities (e.g., listening skills) against informational qualities 
(e.g., symptom assessment capabilities), often accepting less of one to 
secure more of another (e.g., Tinelli et al., 2015). Understanding how 
these trade-offs are negotiated is essential for explaining preferences 
across IHPs. Accordingly, the second research question is. 

RQ2: Which attributes reflecting key dimensions of patient-centered 
communication do U.S. individuals prioritize when engaging with 
different interactive healthcare providers (i.e., AI chatbots, digital 
clinicians, and online health communities) compared to in-person 
clinicians in mental health contexts?

3. Faith-based thriving as a moderator of PCC-attribute 
preferences in IHPs

Interactive healthcare providers (IHPs) can create emotionally and 
socially supportive environments that foster identification, trust, and 
improved mental health outcomes. In clinician-delivered teletherapy, 
therapeutic alliances form at levels comparable to in-person care, indi
cating that empathic bonds and collaborative work can be sustained 
online (Seuling et al., 2024). In OHCs, users’ support-seeking and 
venting behaviors, together with prosocial community responses, sug
gest that community ties can foster supportive interaction and sustained 
engagement (Morini et al., 2025). With AI chatbots, relationship-like 
bonds can also emerge when conversational design consistently con
veys empathy and responsiveness (Wu et al., 2025).

From a positive psychology perspective, the thriving through re
lationships framework (Feeney and Collins, 2015) explains how sup
portive relational bonds promote psychological growth and resilience by 
regulating distress, enabling adaptive meaning-making, and strength
ening efficacy and agency, thereby supporting mental health. The 
framework specifies two core relational functions: a “safe haven” that 
provides comfort and support during distress, and a “secure base” that 
offers stability for goal pursuit and growth. Originally articulated for 
offline human relationships, this study extends thriving through re
lationships to digitally mediated care by specifying how safe-haven and 
secure-base functions can be instantiated through IHP interactions—via 
linguistic validation, timely availability, tailored guidance, continuity of 
contact, and community norms in IHP exchanges. Applied to digital 
care, these functions yield modality-specific expressions of thriving: 
with AI chatbots, through emotional safety, nonjudgmental availability, 
and anonymous disclosure with consistent validation (Zhong et al., 
2024), with digital clinicians, through attuned therapeutic presence 
and collaborative meaning-making that provide reassurance and 
encourage growth (Greenwood et al., 2022; Niu et al., 2025), and in 
OHCs, by focusing on peers’ needs (other-referencing), which stimulates 
care-related value co-creation and varies with community experience 
(Van Oerle et al., 2018). In this study, thriving is conceptualized as a 
proximal relational capacity linked to PCC that can condition how in
dividuals evaluate specific IHP attributes.

For faith-oriented individuals, belonging and support are particu
larly salient, often yielding relational thriving characterized by shared 
identity, mutual care, and emotionally supportive ties (Schafer and 
Upenieks, 2016). Faith-based environments provide coping resources 
and growth opportunities that benefit mental health and well-being. 
Because we assume that thriving is typically strong in religious net
works, where belonging, meaning, and mutual care are institutional
ized, we examine faith-based thriving as the moderating capacity that 
conditions how individuals value IHP attributes. As thriving is rooted in 
relational support, individuals who experience strong relational thriving 

within their faith-based communities may place greater value on rela
tional PCC attributes (e.g., community-based assistance) over informa
tional attributes (e.g., explanation about medicine). We therefore 
hypothesize. 

H1: Higher faith-based thriving is associated with greater preference 
for community-oriented (relational PCC) attributes and reduced 
preference for informational attributes when engaging with different 
interactive healthcare providers (i.e., AI chatbots, digital clinicians, 
and online health communities) compared to in-person clinicians in 
mental health contexts.

4. Study 1: Identifying preferred Attributes for IHPs

The aim of Study 1 was to determine which attributes reflecting key 
dimensions of PCC U.S. individuals consider most important across 
different IHPs in mental health contexts (RQ1). In this preregistered 
study, we applied Best–Worst Scaling (BWS; Marley and Louviere, 
2005), in which respondents repeatedly chose the most and least 
important attributes from randomized subsets of a larger attribute pool 
(Schuster et al., 2024). The method reliably identifies preferred attri
butes with comparatively low response or cultural bias (Cheung et al., 
2019).

5. Method

5.1. Sample and procedure

The university IRB approved both studies (IRB number: IRB-A-2025- 
x101). We recruited N = 461 U.S. adults (≥18 years) via Prolific between 
August and September 2025. Participants were compensated through 
the platform. The sample included quotas for sex, age, and religious 
affiliation (approximately 25% Christian, Muslim, Jewish, and non- 
affiliated respondents) to ensure diversity of identified PCC attributes. 
For data quality, two attention checks were included. A total of n = 47 
individuals failed at least one and were excluded, yielding a final sample 
of N = 414, which matched the sample size required based on our power 
analysis.1 Individuals were between 19 and 80 years old (M = 39.83; 
SD = 13.59). The sample included n = 207 women (50.0%) and n = 207 
men (50.0%). An overview of sample demographics is shown in 
Table A1. After providing informed consent, receiving BWS instructions, 
and being assigned to one of three mental health scenarios (depression, 
anxiety, bipolar disorder; Figure B1), respondents completed 18 BWS 
tasks (see Figure B2 for an example; full task wording in Appendix C) 
evaluating 24 attributes in total.

5.2. Study design: Best–Worst Scaling (BWS)

Attribute Identification. When a topic is new or rapidly evolving, 
BWS attributes are typically derived from literature reviews and refined 
through qualitative interviews and/or focus groups (Hollin et al., 2022). 
However, as preferences for patient–provider interactions had already 
been well established in systematic reviews (e.g., Pratiwi et al., 2023), 
we consolidated attributes into a single list based on comprehensive 
reviews of empirical and conceptual work on doctor–patient commu
nication, PCC, and digital health interactions (see Table A2). Attribute 
consolidation followed three criteria: Attributes had to be conceptually 
distinct (i.e., no conceptual overlap), non–mode-specific (e.g., excluding 

1 The required sample size was determined via an a priori power analysis 
using the pwr package in R (4.5.0). Based on an empirically grounded effect size 
estimate of d = .68 based on comparable effects reported in Burton et al. 
(2021), a significance level of α = .05, and desired power of 1–β = .95, the 
analysis indicated that approximately N = 414 participants were needed to 
detect a medium-to-large effect in between-group comparisons.
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opening hours, which are not applicable to AI chatbots), and similar in 
wording to ensure comparability across formats. Attributes were then 
grouped thematically. We additionally incorporated underexplored as
pects of PCC, including medical jargon and patient engagement, and 
explicitly included cultural and spiritual dimensions based on existing 
studies (Puchalski et al., 2014).

The final set was organized into three domains: (1) medical quality 
and information, (2) patient interaction and support, and (3) community 
and cultural considerations, each comprising eight attributes. Two au
thors who are experts in health communication consolidated and cate
gorized the attributes iteratively; disagreement was resolved through 
discussion with a third co-author.

Mental Health Scenarios as BWS-Context. To ensure contextual 
relevance, each BWS task was embedded in a mental health scenario. As 
the three most frequently searched mental health conditions on Google 
are anxiety, depression, and bipolar disorder (Minn et al., 2025), we 
used these conditions as scenarios in the study. Individuals were 
randomly assigned to one of the three scenarios, in which mental health 
symptoms and motivations for seeking advice from an IHP were 
described. The scenarios were not analyzed as an experimental factor; 
rather, they were included to enhance ecological validity and the 
generalizability of the findings.

5.3. Measures

BWS Attribute Preferences. In each of the 18 BWS tasks, re
spondents viewed four attributes (with brief descriptions) and indicated 
the most and least important attribute for seeking medical advice; the 
same attribute could not be selected for both. Responses were coded +1 
for the most important attribute, −1 for the least important attribute, 
and 0 for non-chosen attributes. Each attribute appeared in three choice 
sets per respondent, approximating real-world medical consultations in 
which multiple communication preferences are weighed simulta
neously. An incomplete-block design with balanced attribute exposure 
ensured that each attribute appeared equally often across the BWS tasks, 
while providing broad pairwise comparisons and keeping cognitive load 
manageable (Schuster et al., 2024).

5.4. Data analysis

BWS attribute ratings were analyzed using three approaches (Cheung 
et al., 2019). First, a count analysis computed how often each attribute 
was chosen as “best” or “worst,” with scores standardized to −1 to +1 
(higher values indicating stronger preference). Second, a multinomial 
logit model (MNL) estimated relative preference parameters (β) for each 
attribute. Third, a mixed logit model (MIXL) incorporated randomly 
distributed parameters and their standard deviations (η) to capture 
preference heterogeneity, with significant η indicating greater vari
ability in preferences across respondents. MNL and MIXL were estimated 
using the package mlogit in R (4.5.0).

6. Results and discussion

To answer RQ1, we applied a preregistered selection rule retaining 
the two highest-ranked attributes within each of the three topic domains 
to ensure balanced coverage of PCC attributes while keeping the sub
sequent DCE cognitively manageable. Attribute selection was based on 
combined information from all three data analytic approaches (i.e., 

count analysis, MNL, and MIXL; Table 1). In the topic domain “medical 
quality & information,” the attributes explanation about medicine and 
symptom assessment capabilities were most preferred. In the topic domain 
“patient interaction & support”, attentiveness and listening skills as well as 
scope and help provided were the most preferred attributes.2 In the 
domain “community & cultural considerations,” extended support beyond 
the consultation and community-based assistance were most preferred. All 
retained attributes showed positive BWS scores and model-based co
efficients; in the MIXL model, all were statistically significant and 
showed meaningful preference heterogeneity.3

As a robustness check, a pooled count analysis across all 24 attributes 
identified the same six preferred attributes (Table A3), confirming the 
relative attribute importance (see Marley and Louviere, 2005).

Study 1 identified preferred attributes across three core domains of 
patient–provider communication when interacting with IHPs (AI chat
bots, OHCs, digital clinicians). We applied Best–Worst Scaling (Marley 
and Louviere, 2005) as an established method for assessments of this 
sort. From the pool of 24 attributes for effective patient–provider 
communication, we identified six as most relevant for IHP interactions.

7. Study 2: prioritizing Attributes for interactions with IHPs

The goal of Study 2 was to address RQ2: When not all desirable 
qualities can be provided simultaneously, which features of AI chatbots, 
digital clinicians, or online health communities, compared to in-person 
clinicians are valued most? This study therefore provides a contribution 
to understanding how users navigate relational versus informational 
trade-offs across different healthcare providers when seeking mental 
health information and guidance. We also test if faith-based thriving 
moderates the preference for community-oriented (relational PCC) vs. 
informational attributes when engaging with IHPs vs. in-person clini
cians in mental health contexts (H1). Study 2 is a preregistered Discrete 
Choice Experiment (DCE; Carson and Louviere, 2011).

8. Method

8.1. Sample and procedure

We determined a minimum required sample size of N = 756 based on 
the Johnson and Orme (2003) rule of thumb.4 We recruited N = 1440 U. 
S. adults via Prolific in September 2025 to ensure that the final analytic 
sample would remain above this minimum after data-quality exclusions. 
The sample was quota-matched to national benchmarks for sex, age, and 
ethnicity. Religious affiliation was measured but not quota-controlled, 
as the DCE aimed to estimate population-relevant preference 
trade-offs. Participants received monetary compensation. Data quality 

2 Although scope and help provided ranked third in the MNL model, it emerged 
as the second-most important attribute in the count analysis and as the highest- 
ranked attribute in the MIXL model. Following BWS best practice (e.g., Schuster 
et al., 2024), we base attribute retention on the count analysis and use 
model-based results as robustness checks. Accordingly, scope and help provided 
was retained as a focal attribute.

3 Scenario-based robustness checks showed no systematic differences in BWS 
attribute preferences across anxiety, depression, and bipolar disorder scenarios 
(Table A6). Table A7 provides the corresponding scenario-specific coefficients 
for descriptive transparency.

4 The sample size calculation was based on the “rule-of-thumb” (Johnson and 
Orme, 2003; see also Szinay et al., 2021) according to the following equation: 

N > 500c/(t × a) (1) 
In equation (1), N represents the sample size, t the number of tasks per 

participant (=8), a the number of alternatives in each choice task (=2), and c 
the number of analysis cells (=2, as this is the largest number of levels across 
attributes). Thus, the equation suggests a minimum sample size of n = 63 
participants per group. Since participants were randomly assigned to 12 groups 
in total, we need a minimum total sample size of N = 756 participants (12×63).
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safeguards included three embedded attention checks (excluding n = 36 
who failed ≥2), a manipulation check verifying correct recognition of 
the assigned healthcare provider condition (excluding n = 387), and five 
endline quality-control items (provided in Appendix D) that flagged 
additional low-quality responses (score ≥5; n = 6). The final sample 
comprised N = 1011 individuals and therefore remained above the 
prespecified minimum sample size (56.4% female; 43.6% male; age 
19–83, M = 46.37, SD = 15.00; Table A1). Additional dropout analyses 
showed no significant differences between the final sample and re
spondents excluded for failed quality control (Table A4) or manipulation 
checks (Table A5).

After informed consent, participants completed demographic and 
basic health questions, were randomly assigned to one of three mental 
health scenarios (depression, anxiety, bipolar disorder) and one of four 
provider types (AI chatbot, OHC, digital human clinician, in-person 
clinician), and then completed a series of DCE tasks. Prior to the DCE 
tasks, respondents answered a separate single-item question on their 
provider preference (i.e., which consultation option they would be most 
likely to choose in the given mental health scenario). Respondents 
selected in-person clinicians (n = 615; 60.8%) most frequently, followed 
by digital human clinicians (n = 219; 21.7%), AI chatbots (n = 124; 
12.3%), and OHCs (n = 53; 5.2%). Of note, the DCE tasks were explicitly 
framed as occurring regardless of the respondents’ previous baseline 
provider preference (“no matter what you chose before”; Appendix D). 
Hence, the DCE informs us about attribute-level trade-offs within the 
randomly assigned provider context. The final DCE design followed 
Zhang et al. (2025) (see Figure B3 for an example; full task wording in 
Appendix D).

8.2. Study design: Discrete Choice Experiment (DCE)

DCEs help identify attribute priorities when decisions include a 
trade-off (Szinay et al., 2021). Typically, the DCE uses two levels for 
each attribute in order to create a meaningful trade-off scenario (Szinay 
et al., 2021). A full-profile fractional factorial design ensures that the six 
attributes are equally displayed between respondents, ensuring that all 
attributes are presented in each selection task and at two different levels. 
That way, the DCE balances cognitive load for each individual and 
maximizes efficiency for the DCE as a whole (Szinay et al., 2021). The 
DCE procedure includes a pretest followed by a pilot study to set up and 
optimize the design.

Pretest. Prior to data collection, we conducted a pretest (n = 10) to 
assess the clarity and comprehensibility of the choice tasks. As no re
visions were required, the final survey instrument was used without 
modification.

Pilot Study. Pilot data (N = 150, including the pretest) were 
analyzed with a mixed logit model to obtain preliminary coefficients 
used as informative priors for the final DCE. Based on these priors, we 
generated and iteratively optimized a Bayesian D-efficient design in R 
(4.5.0) using idefix (Traets et al., 2020) with 2000 draws, maximizing 
efficiency while keeping choice tasks balanced. Following Szinay et al. 
(2021), we ensured attribute-level balance and avoided dominant al
ternatives. The final design achieved a Bayesian D-error of .064 (<.1 
indicates high efficiency), supporting its efficiency, balance, and suit
ability for reliable parameter estimation.

8.3. Measures

DCE Sets. We implemented an unlabeled, fractional-factorial DCE 
with six attributes (A) at two levels (L). Rather than the full-factorial 

Table 1 
Ranking of most important patient-centered communication Attributes for mental health consultations with AI chatbots, telemedicine, and online health communities 
(study 1, BWS).

Attributes Count analysis MNL MIXL Het.

Rank Best count Worst count BWS score Rank β Rank β |η|

Medical quality & information
Explanation about medicine 1 631 65 .46 1 2.03 1 2.83*** 1.61***

Symptom assessment capabilities 2 601 59 .44 2 1.79* 2 2.73** 2.21***
Reputation 3 338 85 .20 4 1.02** 4 1.19*** 2.14***

Extent of information provided 4 299 52 .20 3 1.44* 3 1.38*** 1.34***
Financial cost 5 364 225 .11 5 .01*** 5 .78*** 4.18***

Length of response 6 127 445 −.26 6 −1.94*** 7 −.21 1.47***
Frequency of information provided 7 97 528 −.35 7 −2.44*** 6 .12 .69*

Use of medical jargon 8 27 1025 −.80 8 −4.62*** 8 −8.83*** 5.83***
Patient interaction & support

Attentiveness & listening skills 1 506 56 .36 1 2.44*** 2 1.29*** 1.64***
Scope & help provided 2 504 205 .24 3 .96 1 1.32*** 1.96***
Shared decision making 3 404 162 .20 2 .97 5 −.12 4.65

Personalization 4 306 310 −.003 4 −.09 3 .09 1.79
Biopsychosocial care 5 283 290 −.01 5 −.10 6 −.17 1.93

Empathy & emotional support 6 269 320 −.04 6 −.27 4 −.10 2.03
Interpersonal communication style 7 110 418 −.25 7 −1.60*** 7 −.88*** 1.32***

Familiarity with healthcare provider 8 102 723 −.50 8 −2.31*** 8 −1.45*** 1.52***
Community and cultural considerations

Ext. support beyond consultation 1 869 68 .64 1 2.94*** 1 3.95*** 2.69***
Community-based assistance 2 439 131 .25 2 1.41*** 2 1.45*** 1.86***

Cultural competence and awareness 3 391 167 .18 3 1.00*** 3 1.20*** 2.22***
Community awareness 4 257 164 .07 4 .54*** 4 .61*** 1.60***

Family involvement 5 242 253 −.01 5 −.02*** 5 .20 2.21***
Culturally sensitive language 6 89 336 −.20 6 −1.49*** 7 −.55** 1.49***

Religious-based treatment recommendations 7 81 632 −.44 8 −2.32* 8 −6.40*** 5.25***
Religious or spiritual guidance 8 116 733 −.50 7 −2.08* 6 −.47** 1.51***

Note. *p < .05, **p < .01, ***p < .001.
The table shows different rankings of eight attributes within three categories across three analysis models. Rankings are based on count analysis, Multinomial Logit 
(MNL) and Mixed Logit Model (MIXL) as part of a Best–Worst Scaling.
Het. (|η|) indicates the estimated standard deviation of the random coefficients in the mixed logit model, capturing preference heterogeneity across respondents (larger 
values = more variation).
Rank columns indicate each attribute's relative importance within a method. β coefficients represent estimated importance weights.
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LA = 26 = 64 tasks, we used an efficient subset with eight tasks per 
respondent. This approach balanced respondent burden and statistical 
efficiency, aligning with recommendations of 7–16 sets per respondent 
(Szinay et al., 2021). To ensure comparability across versions, the 
attribute set, the order of attributes, and all attribute levels were held 
constant across conditions. Profiles differed on multiple communication 
attributes, each experimentally set at two levels representing alternative 
realizations of each attribute (Fig. 1).

For each choice set, respondents indicated which profile they would 
prefer for medical advice in their assigned scenario. Responses were 
coded as a binary outcome for analysis (i.e., Option 1 (0) vs. Option 2 (1)).

Faith-Based Thriving. To measure faith-based thriving, we used 
nine items of the Comprehensive Inventory of Thriving (CIT; Su et al., 
2014) reflecting the social support, community, and belonging sub
scales, adapted to refer to one's religious/faith-based community (e.g., 
“there are people in my religious community I can depend on to help 
me”). Responses were given on a 7-point Likert-like scale ranging from 
strongly disagree (1) to strongly agree (7), with an opt-out option for re
spondents not identifying with any religious/faith-based community. In 
the final sample, n = 735 respondents provided valid item responses; 
n = 276 (27.3%) chose “not applicable” and were coded as zeros in the 
analytical sample. Given high reliability (Cronbach's α = .986), we 
averaged all items to a mean score (M = 3.35, SD = 2.61), where higher 
values indicate stronger perceived faith-based support/thriving. For the 
moderation analyses, we used a z-standardized version of the faith-based 
thriving variable.

8.4. Data analysis

All discrete choice models were estimated in R (4.5.0; R Core Team, 
2025). Each communication attribute was operationalized with two 
distinct levels (Fig. 1) and dummy-coded, with one level serving as the 
reference (0) and the alternative level coded as 1. To capture 
individual-level preference heterogeneity, we estimated a mixed logit 
(MIXL) model using the mlogit package (Croissant, 2025). The correlated 
MIXL specification provides a flexible representation of preference 
heterogeneity, including correlated random coefficients, which aligns 
with our analytic aims (e.g., Hess and Train, 2017). The model was 
specified without an intercept so that each coefficient represents the 
relative importance of the attribute level. Maximum likelihood estima
tion with 2000 simulation draws was performed.

9. Results and discussion

To address RQ2, we examined provider-specific preference weights 
(Table 2).5 The mixed logit analysis (Table 2) showed that multi-symptom 
assessment capabilities and attentiveness and listening skills emerged as the 
most important attributes for all IHPs. In contrast, when consulting an 
in-person clinician, extended support beyond the consultation (β = 1.78, 
SE = .24, p < .001) was the most valued feature, followed by multi- 
symptom assessment capabilities (β = 1.51, SE = .22, p < .001). Interest
ingly, direct contact with a health-related community ranked as the third 
most important attribute when interacting with an AI chatbot (β = 1.09, 
SE = .17, p < .001), but was among the two least important attributes for 
all other IHPs.

This pattern suggests that users particularly appreciate opportunities 
for peer or community support when engaging with AI-based tools, 
perhaps to compensate for the lack of human connection that typically 
characterizes such interactions.

Finally, we tested whether faith-based thriving moderates attribute 
preferences across provider types (H1) using provider-specific mixed 
logit models while additionally controlling for the subjective importance 
of religion (Table 3).6 Again, the results indicate a provider-specific 
moderation pattern. For AI chatbots, higher faith-based thriving was 
associated with a stronger preference for scope and help provided (β = .41, 
SE = .18, p = .020). For digital clinicians, higher faith-based thriving 
was associated with a stronger preference for community-based assistance 
(β = .63, SE = .23, p = .010). In contrast, no thriving interaction terms 
were statistically significant for in-person clinicians or OHCs.

Taken together, these findings indicate a provider-specific modera
tion pattern and provide partial support for H1. Consistent with our 
expectations, higher faith-based thriving was associated with stronger 
preferences for relational (scope and help provided) and community- 
oriented (community-based assistance) attributes in two IHPs (AI chat
bots and digital clinicians). However, this pattern did not generalize 
across all provider types, as no significant thriving interaction terms 
emerged for OHCs or in-person clinicians. In addition, the hypothesized 
reduction in preferences for informational attributes was not supported.

In our sample, 63.4% of U.S. Protestants and 55.0% of Roman 
Catholics scored in the high-thriving range (≥5 on a 7-point scale), and 
together accounted for over 85% of high-thriving individuals. Thus, the 
observed moderation pattern likely reflects, to a substantial extent, 
relational thriving as experienced within these Christian groups.

10. General discussion

This research examined how individuals evaluate and prioritize 
patient-centered communication (PCC; Epstein and Street, 2007) attri
butes when engaging with different interactive healthcare providers 
(IHPs) compared to in-person clinicians for mental health support. Study 

Fig. 1. Attributes for Patient-Centered Communication at Two Levels as Oper
ationalized in Study 2 (DCE) 
Note. PCC Attributes at two levels are depicted as shown to respondents in the 
Discrete Choice Experiment. Level 1 and Level 2 represent the two contrasted 
realizations of each attribute.

5 To address RQ2, we report provider-specific preference weights because 
likelihood-ratio and random-taste heterogeneity tests showed significant het
erogeneity by provider type (Table A8). Mental health scenario heterogeneity 
was non-significant (Table A9), consistent with Study 1. Table A10 provides the 
corresponding scenario-specific coefficients for descriptive transparency. We 
additionally report exploratory scale-heterogeneity tests (Wright et al., 2018) 
across provider types and mental health scenarios to assess possible 
error-variance confounding in between-group coefficient comparisons. The re
sults did not indicate that between-group differences were primarily driven by 
systematic differences in error variance (Table A8–A9).

6 Because faith-based thriving was modeled as a continuous moderator, we 
tested robustness to nonlinear forms by comparing linear, quadratic, and cubic 
specifications. In 23 of 24 condition-by-attribute comparisons, quadratic/cubic 
models fit better than the linear model (AIC/BIC), indicating moderation is 
often nonlinear (Figure B4; Table A11). Crucially, the substantive pattern did 
not change: Nonlinear models mainly captured curvature (e.g., plateaus/ 
turning points) rather than reversing effects.
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1 identified a core set of six out of 24 PCC attributes relevant across IHPs 
by applying a preregistered selection rule that retained the two 
highest-ranked attributes within each of three PCC domains, ensuring 
balanced coverage while keeping Study 2 cognitively manageable. 
Study 2 then tested how people prioritize these attributes under 
trade-offs and whether faith-based thriving moderates these prefer
ences. Because provider type showed clear heterogeneity, whereas 
mental health scenarios did not, we focus on within-provider preference 
patterns in Study 2.

Compared with prior PCC and preference work from which we 
derived our initial attribute pool (e.g., Cheraghi-Sohi et al., 2008; Tinelli 
et al., 2015; Whitaker et al., 2017), Study 1 (BWS) suggests that mental 
health choices concentrate on a core set of interactional and informa
tional qualities. Notably, two self-developed attrib
utes—community-based assistance (based on Van Oerle et al., 2018) and 
extended support beyond the consultation—ranked among the most influ
ential PCC attributes. Overall, the high importance of relational and 
informational features is broadly consistent with psychotherapy PCC 
research emphasizing empathy, active listening, and collaborative 
engagement (e.g., Niu et al., 2025) and with digital mental health 
preference work highlighting supportive and effective care components 
(e.g., Phillips et al., 2021).

In Study 2 (DCE), across the three IHPs (AI chatbots, digital clini
cians, and OHCs), two attributes were consistently most important when 
trade-offs were required: multi-symptom assessment capabilities and higher 
attentiveness and listening skills. Although the importance of attentiveness 
and listening skills may seem counterintuitive for AI chatbots, in AI- 
mediated interactions, “listening” must be conveyed through lan
guage. It can be communicated by explicitly reflecting users’ semantic 
content and implied meaning (e.g., through paraphrasing, thematic 
summarization, and contingent follow-up questions), thereby signaling 
understanding and helping users feel heard (Xiao et al., 2020).

In contrast, for in-person clinicians, extended support beyond the 
consultation was the top attribute, followed by multi-symptom assessment 
capabilities. This suggests that in face-to-face contexts, patients particu
larly value clinicians who facilitate ongoing support outside the 
encounter—a resource they may assume is more readily available in 
digital IHPs. At the same time, accurate symptom assessment remains 
foundational, indicating that patients still depend on clinicians for 
diagnostic clarity and guidance (Tinelli et al., 2015), even when broader 
relational needs are met elsewhere.

Drawing on the thriving through relationships model (Feeney and 
Collins, 2015), we conceptualized faith-based thriving as a relational 
orientation that shapes expectations for support. Thriving depends less 
on physical co-presence than on relational affordances such as respon
siveness, continuity, or feeling “held in mind.” Digital IHPs can deliver 
these affordances through predictability, personalization, and continu
ity of interaction (e.g., Niu et al., 2025). Accordingly, we conceptualize 
faith-based thriving as a relational moderator that shapes what kinds of 
support people prioritize. However, in the provider-specific MIXL 
models––controlling for subjective importance of religion––this 
moderation pattern was selective rather than general across provider 
types. Higher faith-based thriving was associated with a stronger pref
erence for scope and help provided for AI chatbots and a stronger pref
erence for community-based assistance for digital clinicians, whereas no 
significant thriving interactions emerged for OHCs or in-person clini
cians. This pattern suggests that faith-based thriving does not uniformly 
increase preferences for relational attributes across all healthcare con
texts. Instead, the results point to a context-dependent moderation 
pattern: thriving through faith-based relationships appears to shape pref
erences particularly in one-to-one digital provider settings (i.e., AI 
chatbots and digital clinicians), while its role is less evident in 
community-based or in-person contexts (i.e., OHCs and in-person cli
nicians), where relational or community expectations may already be 
more strongly defined.

Designing digital mental health tools that integrate relational 

cues—such as empathy or community engagement—while maintaining 
strong diagnostic reasoning and clear guidance (e.g., through improved 
AI training or low-threshold referrals to community resources within 
telemedicine) may help bridge the relational gap between digital and in- 
person care. This is especially important in mental health contexts, 
where connection, recognition, and belonging are central to meaningful 
support. Overall, our findings suggest that the most acceptable IHPs will 
be those that combine clinical competence with credible relational 
support and, where possible, connect users to the communities and 
continuity structures that sustain recovery beyond the immediate 
interaction.

11. Limitations

This study has several limitations. First, we focused on different 
mental health problems (depression, anxiety, bipolar disorder), limiting 
generalizability to other medical domains. Second, data were based on 
hypothetical decision situations; although DCEs approximate real pref
erences, they do not capture actual behavior under real-life conditions. 
Third, following Zhang et al. (2025), our DCE used an unlabeled, 
text-only, two-alternative format with two levels per attribute, which 
may have shaped how respondents processed trade-offs. Alternative 
DCE designs are also possible, such as designs with planned 
attribute-level overlap, which can reduce task complexity and improve 
choice consistency (Jonker et al., 2019). Fourth, participants were 
assigned to one of four healthcare providers and one of three mental 
health scenarios, which may have increased cognitive load and the risk 
of misinterpretation. To reduce this risk, both assignments were shown 
on separate pages in large red text, and respondents who failed the 
provider-context recall check were excluded. However, some misun
derstanding cannot be ruled out. Fifth, because IHPs are rapidly 
evolving, changing capabilities may render current attribute valuations 
time-sensitive. Sixth, exploratory SMNL robustness tests found no sta
tistically detectable scale heterogeneity across provider types or mental 
health scenarios; however, these tests cannot confirm scale invariance, 
and cross-group differences in coefficient magnitudes should therefore 
be interpreted cautiously. Seventh, despite controlling for the subjective 
importance of religion, coding “not applicable” as zero may conflate 
non-applicability with very low faith-based thriving.

12. Conclusion

The present studies show that PCC hinges on a shifting balance be
tween informational clarity and relational depth. Across digital IHPs, 
choices cluster around two core signals of “good care”: strong multi- 
symptom assessment and attentive, emotionally responsive communi
cation. In face-to-face care, clinicians gain distinct value when support 
extends beyond the visit. Faith-based thriving partially moderates these 
preferences for two of the three digital IHPs: Higher faith-based thriving 
was associated with a stronger preference for scope and help provided for 
AI chatbots and a stronger preference for community-based assistance for 
digital clinicians. Health system decision-makers should incorporate 
relational signaling, continuity mechanisms, and diagnostic precision 
into digital healthcare provider tools, and, particularly in telemedicine, 
institutionalize low-threshold handoffs to community-based supports as 
a core component of mental health care.
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