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ABSTRACT

As large language models (LLMs) increasingly serve as a technology basis for conversational health
behaviour interventions, understanding how users evaluate and respond to these systems
becomes critical for their acceptance. When LLM-based coaches are anthropomorphically
designed - e.g. through human names, avatars, and messaging interfaces - they may trigger
interpersonal trust expectations traditionally reserved for human relationships. This study
investigates whether and to what extent the interpersonal trust antecedents of ability,
benevolence, and integrity influence trust-related user responses in LLM-based health coaching
for fitness and nutrition. Using a vignette-based survey design and combining partial least-
squares structural equation modelling (PLS-SEM) with necessary condition analysis (NCA), we
identify which antecedents are essential for perceived usefulness and intention to adopt.
Results show that integrity is a necessary condition for both outcomes, with a medium to large
effect, and that ability significantly influences perceived usefulness but is not necessary.
Benevolence, however, was found to be neither a necessary nor a significant predictor in this
context. These findings offer theoretical insights into the selective transfer of interpersonal
trustworthiness beliefs to Al and provide practical guidance for the design of trustworthy
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anthropomorphic coaching systems.

1. Introduction

Recent advances in large language models (LLMs) such
as ChatGPT have enabled conversational agents to com-
municate in ways that closely resemble human inter-
action (Demszky et al. 2023; Dwivedi et al. 2023;
Vardhan et al. 2023). These conversational systems are
increasingly applied in domains traditionally grounded
in interpersonal relationships (Triantafyllopoulos et al.
2024; Zhang and Zhao 2024) - such as health coaching
- where natural language interaction, empathy, and per-
ceived social presence play a vital role (e.g. Brunswicker
et al. 2025). As Al systems adopt human-like communi-
cation patterns and social cues, they invite users to
engage with them not merely as tools, but as social
actors (Nass and Moon 2000).

This anthropomorphic shift raises a critical ques-
tion: Do users evaluate these agents using human
trust expectations, and if so, which interpersonal
dimensions of perceived trustworthiness matter
most? In human relationships, perceived trustworthi-
ness is commonly conceptualised through the

dimensions of ability, benevolence, and integrity -
known as the interpersonal trust model (Mayer,
Davis, and Schoorman 1995). These beliefs are gener-
ally important for reliance on Al (Klingbeil, Griitzner,
and Schreck 2024) and become particularly critical in
coaching contexts that depend on disclosure (Schie-
mann et al. 2019), sustained engagement, and behav-
iour change (Wu et al. 2022). Traditionally, trust in
technology has been explained through constructs
such as functionality, reliability, and helpfulness
(McKnight and Chervany 2001), or through dimen-
sions like performance and process (Lee and See
2004). However, if users apply interpersonal trust-
worthiness beliefs to anthropomorphic Al systems,
this suggests that designing trustworthy agents goes
beyond optimising technical performance: it would
require shaping the agent’s perceived personality traits
to foster trust-related outcomes. As conversational
agents become increasingly human-like, users may
transfer these interpersonal expectations to Al systems
(Lankton, McKnight, and Tripp 2015), blurring the
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longstanding distinction between trust in people and
trust in technology (McKnight et al. 2011).

Maintaining healthy behaviours such as regular
physical activity and balanced nutrition remains a per-
sistent challenge (WHO 2025), despite well-established
benefits for preventing chronic disease and promoting
mental well-being (Warburton, Nicol, and Bredin
2006). While coaching interventions have proven effec-
tive in supporting behaviour change, access to such sup-
port is often limited (Greaves et al. 2011). Face-to-face
coaching typically requires trained professionals and
sustained engagement, which can be associated with
high costs, limited scalability, and long waiting times
(Mitchell et al. 2021). More broadly, structural barriers
such as resource constraints and shortages of qualified
professionals continue to restrict access to personalised
support in health-related contexts (Ni and Jia 2025).
These limitations highlight the need for scalable, acces-
sible alternatives that can provide ongoing guidance and
support for behaviour change.

While prior research has explored digital coaching
systems, much of it has focused on scripted or rule-
based chatbots that struggle to replicate the dynamic,
relational aspects of human coaching (Mitchell et al.
2021). The emergence of LLM-based coaches marks a
shift toward systems capable of open-ended, context-
sensitive, and emotionally expressive dialogue (Kohnke
and Moorhouse 2025). These agents can be embedded
in familiar formats (e.g. messaging apps), assigned
names and avatars, and introduced explicitly as AI-pow-
ered - creating an experience that feels both technologi-
cal and interpersonal.

As these systems blur the boundary between techno-
logical tool and interpersonal partner, a central question
is how interpersonal trustworthiness beliefs — particu-
larly perceived ability, benevolence and integrity
(Mayer, Davis, and Schoorman 1995) - shape users’
responses to them. In coaching contexts, trust becomes
meaningful when users perceive the system as valuable
and are willing to engage with it over time, as sustained
interaction, disclosure, and adherence are central to
coaching effectiveness (Schiemann et al. 2019; Thom
et al. 2016; Wu et al. 2022). Prior research in infor-
mation systems has shown that trustworthiness beliefs
influence such evaluative and behavioural responses
(Gefen, Karahanna, and Straub 2003; Gefen 2002;
Wang and Benbasat 2005). Accordingly, we examine
how perceived ability, benevolence, and integrity influ-
ence perceived usefulness and intention to adopt an
LLM-based coaching system. These outcomes capture
how interpersonal trustworthiness beliefs translate
into meaningful user engagement with human-like AI
systems.

In consequence, this paper addresses an underex-
plored area in human-Al interaction research: under-
standing whether the interpersonal trust antecedents
not only remain relevant but also represent necessary
conditions for the emergence of trust-related responses
in human-like, LLM-based coaching systems. While
prior studies have examined factors that facilitate
trust, such as ability, benevolence, and integrity, most
research has relied on sufficiency logic (e.g. Lalot and
Bertram 2025), focusing on factors that can enhance
trust when present. However, little is known about
which antecedents are non-negotiable. As trust has
long been recognised as critical for user adoption
(Wang and Benbasat 2005), it is essential to move
beyond identifying influential predictors toward unco-
vering foundational preconditions. To address this, we
complement traditional sufficiency analyses with a
necessity perspective, enabling the identification of
indispensable interpersonal trust antecedents in LLM-
based coaching.

In consequence, we investigate the following research
question (RQ):

RQ: To what extent are interpersonal trust antecedents
- ability, benevolence, and integrity — sufficient and
necessary for trust-related user responses in anthropo-
morphic LLM-based health coaching systems?

To address our research question, we conducted a vign-
ette-based survey in which participants assessed health
coaching interactions and reported their perceptions of
the AI coach’s ability, benevolence, and integrity. The
coaching agent was presented in a human-like format
incorporating multiple established verbal and visual
social cues (Feine et al. 2019) such as WhatsApp inter-
face, human name and photo, and conversational
language, while being explicitly labelled as an AL We
apply a dual-method approach - partial least squares
structural equation modelling (PLS-SEM) and Necessary
Condition Analysis (NCA; Dul 2016) - to assess both the
strength and necessity of each trust belief in driving per-
ceived usefulness and intention to adopt. To our knowl-
edge, this is the first study to apply NCA to investigate
trust antecedents in Al-mediated coaching.

By integrating interpersonal trust theory with
research on human-AI interaction, this study contrib-
utes to the ongoing debate on how users relate to
increasingly anthropomorphic systems (Kim and Im
2023). Theoretically, we examine whether the interper-
sonal trust model, long used to study human trust,
applies to human-like AI coaches. Practically, our
findings inform the design of trustworthy AI systems
by identifying which interpersonal traits must be com-
municated to foster user engagement.



2. Related work and theoretical foundations
2.1. Trust in human and technological agents

To understand how trust-related responses towards
anthropomorphic Al systems emerge, it is essential to
first examine how trust is conceptualised in both
human and technological contexts. Trust plays a central
role in facilitating cooperation and effective trans-
actions, particularly in situations marked by uncertainty
and complexity (Lee and See 2004). It allows individuals
to engage with others despite risks, by relying on
expected behaviour (Rousseau et al. 1998).

Across disciplines such as psychology, sociology, and
information systems, trust is seen as a multifaceted con-
struct (Gulati et al. 2024). In this paper, we adopt the
widely used definition by Mayer, Davis, and Schoorman
(1995, 712): “Trust is the willingness of a party to be vul-
nerable to the actions of another party based on the
expectation that the other will perform a particular
action important to the trustor, irrespective of the abil-
ity to monitor or control that other party. This
definition has become one of the most widely adopted
conceptualizations of trust in the field of Information
Systems (Rousseau et al. 1998). A central component
of this definition is the notion of vulnerability - trust
only becomes relevant when individuals willingly place
themselves at risk based on positive expectations
about another party’s actions (Lee and See 2004).

When referring to trust in technological artifacts,
trust is commonly distinguished into two categories:
interpersonal trust, which refers to trust in individuals
or organisations, and technology trust, which refers to
trust in IT systems or digital artifacts (S6llner et al.
2012, 2016; Thiebes, Lins, and Sunyaev 2021). This dis-
tinction clarifies who or what the ‘trustee’ is in a given
interaction and determines which trustworthiness
beliefs apply (McKnight and Chervany 2001). Trust in
technology is often linked to attributes such as function-
ality, reliability, or helpfulness (McKnight et al. 2011;
Sollner, Pavlou, and Leimeister 2013; Thatcher et al.
2011).

In contrast, interpersonal trust is commonly concep-
tualised through the three trust antecedents proposed by
Mayer, Davis, and Schoorman (1995): ability, benevo-
lence, and integrity. Ability refers to the competence
and skills of the trustee; benevolence captures the per-
ception that the trustee genuinely cares about the trus-
tor’s well-being, independent of self-interest; and
integrity reflects adherence to principles that the trustor
finds acceptable. These antecedents have been widely
applied in studies of organisational and interpersonal
relationships and form the basis for our investigation
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into how trust forms in AI systems that simulate
human interaction.

Many of these models treat Al as autonomous tools
and focus on system-related attributes such as auto-
mation, reliability, and transparency (Thiebes, Lins,
and Sunyaev 2021). For instance, Lee and See (2004)
proposed a model of trust in automation based on per-
formance, process, and purpose. However, such tech-
nology-centered trust models may no longer suffice in
highly social and human-like settings. When Al systems
are anthropomorphized - through natural language
interaction, self-reference, and expressive cues — users
may apply social and interpersonal expectations to
evaluate trust. In these contexts, trust is not solely
based on technical performance but also shaped by per-
ceptions of social presence (Janson 2023). For an inte-
grative overview of both interpersonal and
technology-related trust antecedents - including those
applied to Al systems — see Thiebes, Lins, and Sunyaev
(2021).

Lankton, McKnight, and Tripp (2015) argue that the
relevance of specific trust constructs depends on the
perceived humanness of the system and found that
interpersonal trust models - particularly the ability,
benevolence, and integrity — were more predictive in
high-humanness systems. Similarly, Lalot and Bertram
(2025) demonstrated that users meaningfully apply the
interpersonal trust model to human-like AI agents.

2.2. Human-likeness in Al and conversational
agents

As Al systems increasingly mimic human traits, the line
between interpersonal and technological trust begins to
blur. This shift is driven by the phenomenon of anthro-
pomorphism, which fundamentally alters how users
relate to these systems. Anthropomorphism refers to
the attribution of human traits to non-human entities,
including AI systems (Epley, Waytz, and Cacioppo
2007; Fink 2012). As technological agents become
more human-like in how they speak, respond, and pre-
sent themselves, users often evaluate them not merely as
tools, but as social partners. A seminal framework that
captures this phenomenon is the ‘Computers are Social
Actors’ (CASA) paradigm (Nass and Moon 2000),
which shows that people apply interpersonal norms to
computers — even while being aware that these systems
are not human. For instance, users tend to show polite-
ness, assign gender roles, or attribute personality traits
to conversational interfaces, especially when those sys-
tems exhibit social cues or engage in natural dialogue
(Nass and Moon 2000).
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This tendency to treat computers as social actors has
been explored through various theoretical lenses (Fink
2012). Two dominant perspectives explain why users
respond to non-human agents as if they were human:
the first suggests that people automatically react to
social or life-like cues, applying heuristics and stereo-
types without deliberate thought (Lee et al. 2005). The
second, more cognitive perspective, argues that users
build mental models of how a system behaves; when a
system acts in ways that resemble human behaviour,
users may align their expectations with those they
have for other people (Lee et al. 2005). This distinction
- often described as ‘mindless’ (automatic) versus
‘mindful’ (cognitive) anthropomorphism - has impor-
tant implications for trust (Araujo 2018; Kim and Sun-
dar 2012). Mindless anthropomorphism can lead to
intuitive judgments of trustworthiness based on sur-
face-level cues, while mindful anthropomorphism
involves more deliberate comparisons to human-like
expectations. Understanding these mechanisms is
especially relevant today, as recent advancements in
artificial intelligence have given rise to systems that
exhibit  increasingly  sophisticated = human-like
behaviours.

Since the early 2000s, advances in artificial intelli-
gence have dramatically changed how users conversa-
tionally interact with computer systems. Whereas
earlier conversational agents were limited to rule-
based responses and lacked the capacity to simulate
human-like behaviour (Schoébel, Sollner, and Leimeister
2016) today’s LLMs can generate fluent, responsive dia-
logue, use self-referential language, and express see-
mingly emotional or moral stances (Stein and
MacDorman 2024). This development is especially evi-
dent in conversational agents, which now communicate
in ways that closely resemble human interaction (Dwi-
vedi et al. 2023)

To better understand how conversational agents
evoke human-like responses, Feine et al. (2019) devel-
oped a widely used taxonomy of social cues for conver-
sational agents. They distinguish between verbal, visual,
auditory, and invisible cues that conversational agents
can use to simulate social presence. In text-based sys-
tems, verbal cues are especially important, as all user
interaction occurs through language. These verbal
cues can be further categorised into style-related cues
— how something is said (e.g. tone, formality) — and con-
tent-related cues - what is said (e.g. expressions of
empathy, moral judgment, or encouragement).

While much prior research on human-like chatbot
design has focused on visual design choices (e.g. avatars,
names) or stylistic language features (e.g. formal vs.
casual tone) (Fadhil et al. 2018; Janson 2023), the role

of content-specific verbal has received comparatively
less attention. Yet in text-based interactions, particularly
those requiring emotional resonance and sustained
engagement, users may be especially sensitive to the
agent’s verbal content.

2.3. Trust in anthropomorphic coaching systems

The importance of verbal social cues becomes especially
pronounced in health coaching, where human-like con-
versation plays a central role in building trust and rap-
port (Ryan, Dockray, and Linehan 2022). Particularly in
lifestyle behaviour change interventions, users expect
more than competence alone; they seek relational sig-
nals that foster emotional connection and sustained
engagement (Jorke et al. 2024). Prior work has high-
lighted that in coaching, benevolence may be particu-
larly important because coaching relationships revolve
around supporting clients’ autonomy, self-valued
goals, and personal growth (Schiemann et al. 2019). In
this context, verbal expressions of empathy, fairness,
and understanding can strengthen users’ perceptions
of the coach’s benevolence and integrity. Meaningful
dialogue beyond purely task-oriented exchanges is
therefore critical for creating a supportive and trusted
relationship between the user and the system (Ryan,
Dockray, and Linehan 2022). Nadarzynski et al. (2019)
found that while users appreciated the nonjudgmental
nature of Al coaches, they also emphasised that trust
and meaningful interaction were still required to build
rapport, even with a chatbot. A qualitative study by
Thom et al. (2016, 512) similarly found that trust was
central to the coach’s ability to support patients. As
one coach in their study noted, ‘A patient would prob-
ably tell me the things I want to hear and not the things
that are really happening, and then I wouldn’t be able to
help the patient that well.” if trust was missing. This
shows how trust enables not only adherence but also
honest, meaningful interaction — without which coach-
ing loses its effectiveness. In digital settings, this need for
rapport persists, as we outline in our review of
related work in the context of conversational agents
for the context of coaching and (mental) health support
(see Table 1).

The reviewed studies collectively underscore the cen-
tral role of anthropomorphic design, communication
style (e.g. Scholich et al. 2025), and trust-related factors
in shaping user perceptions and interactions with con-
versational agents across health, wellness, and medical
contexts (e.g. Jin and Eastin 2025). Common themes
include the importance of perceived intelligence and
personalisation (Beinema et al. 2021; Kettunen et al.
2024), the moderating role of demographic or



Table 1. Related work and study positioning.
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Source Study

Main Results and Contribution

Beinema et al. (2021)
multi-agent health coaching application

Brunswicker et al.
(2025)

Influence of systemising and empathising language
Jin and Eastin (2025)

trust in health information

Kettunen et al. (2024)  Critical usage experiences with digital coaching in

sport and wellness technologies across age groups

Mayer et al. (2024)
based medical consultation formats

Scholich et al. (2025) Comparison of LLM-based chatbot and therapist

responses in therapeutic communication

Triantafyllopoulos et al.

(2024) across specialties and experience levels
Zhang and Zhao (2024)  Influence of ChatGPT perceptions and doctor
satisfaction on adoption of GPT-powered medical
consultation systems
This Study Transfer of interpersonal trust antecedents (ability,

benevolence, integrity) to LLM-based coaching systems

Tailoring coaching strategies to users’ motivation in a

structures on trust and cognitive effort in chatbots

Effects of chatbot design cues and threat perception on

User preferences and trust in digital vs. analog and Al-

Evaluation of ChatGPT interactions by Greek physicians

ECAs adapted strategies to user motivation profiles. Dual-motivated users
preferred positive strategies. Strategy appreciation increased with
personalisation; agent likeability had limited impact.

Empathetic language increased trust and helpfulness unless users were
angry — then trust dropped. Systemising logic reduced cognitive effort.
Identified boundaries of language-based anthropomorphism.

Found that doctor-like and bot-like design cues enhanced perceived
expertise and trust in health information compared to layperson-like
cues. These effects were significant only under high perceived health
threat. Design cues influenced privacy concerns in interaction with
threat perception, highlighting the conditional impact of
anthropomorphic and professional cues.

Identified critical positive and negative experiences with digital coaches
among young adults and young elderly. Positive incidents increased
motivation via feedback and perceived competence; negative incidents
(e.g. data inaccuracy, complexity) reduced trust and use. Elderly valued
supportive feedback more than young adults.

Face-to-face formats preferred for sensitive/emotional topics. Higher
perceived efficiency increased preference for digital formats. Trust in
digital was lower for serious topics. Preferences shaped by topic, not
demographics.

Mixed-methods study comparing chatbots to licensed therapists. Chatbots
performed well at validation and psychoeducation but showed lack of
inquiry, feedback seeking, and crisis response. Chatbots overused
generic and directive advice, raising safety and ethical concerns.

Moderate satisfaction with ChatGPT responses. Younger/less experienced
doctors had more positive views. Internal medicine/psychiatry
specialists rated it more favourably. Highlighted need for local language
adaptation.

Adoption predicted by perceived usefulness/ease of use. Positive ChatGPT
perceptions increased adoption; high satisfaction with doctors increased
resistance. Resistance mediated the doctor satisfaction-adoption link.

Integrity is a necessary and influential condition for key trust-related user
responses (perceived usefulness and intention to adopt) in
anthropomorphic LLM coaches. Ability affects perceived usefulness but is
not essential, while benevolence is neither necessary nor significant for
both outcomes. Highlighting the selective transferability of interpersonal
trustworthiness beliefs to Al and implications for coach design.

contextual variables like age, domain familiarity, or
doctor satisfaction (Mayer et al. 2024; Triantafyllopou-
los et al. 2024; Zhang and Zhao 2024), and the impact
of agent language and emotional framing on trust and
engagement (Brunswicker et al. 2025). Across these
studies, trust emerges as a critical user response, fre-
quently linked to factors such as performance feedback,
system usability, social presence, and emotional align-
ment. However, most prior work treats trust as a com-
posite outcome or explores it through traditional user
experience variables.

This study extends prior research by introducing a
necessity-based perspective to the analysis of trust in
LLM-based coaching systems - an approach largely
absent from existing work. While previous studies
have primarily focused on identifying factors that are
sufficient to increase trust, this study draws on necessity
logic to explore which interpersonal trust antecedents
must be present for trust-related user responses to
emerge. By combining variance-based and necessity-
oriented methods, it allows for a deeper understanding
of the impact of interpersonal trustworthiness beliefs on
user responses, potentially uncovering conditions that

are critical and non-compensable. This methodological
shift complements existing findings by revealing not just
what influences user adoption, but what is fundamen-
tally required to enable it.

3. Hypotheses development and research
model

As conversational agents in coaching contexts increas-
ingly resemble human partners, traditional models of
trust in technology may no longer fully explain how
users respond to them. In such socially rich settings,
users are likely to apply interpersonal expectations,
making interpersonal trustworthiness beliefs like ability,
benevolence, and integrity more appropriate.

While prior studies (e.g. Lalot and Bertram 2025;
Lankton, McKnight, and Tripp 2015) have demon-
strated that the interpersonal trust model better predicts
trust in highly human-like systems, they focus primarily
on how strongly these beliefs influence trust (i.e. their
sufficiency). We build on this work by asking an
additional and critical question: Which trustworthiness
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beliefs are also functionally required - that is, necessary
— for trust-related user responses to emerge?

This dual focus on sufficiency and necessity offers a
more nuanced understanding of how trustworthiness
beliefs shape user engagement in anthropomorphic sys-
tems, especially in sensitive domains like health coach-
ing. We therefore apply both perspectives in our
research model (Figure 1) to examine the influence of
perceived ability, benevolence, and integrity on two
trust-relevant outcomes: perceived usefulness and
intention to adopt. The following sections outline our
hypotheses.

3.1. Sufficiency of interpersonal trustworthiness
beliefs for trust outcomes

Building on the theoretical grounding that LLM-based
coaches increasingly resemble human partners, we
argue that it is not only important to apply interpersonal
trust models - but also to understand which specific ante-
cedents most strongly influence trust-relevant responses
to such systems. As Mayer, Davis, and Schoorman
(1995) emphasise, ability, benevolence, and integrity are
distinct yet interrelated dimensions of trustworthiness.
Each contributes a unique perceptual perspective from
which users judge the trustee. While a system may be
strong in one area, weaknesses in another may signifi-
cantly impair overall trust. “Thus, it is possible for a per-
ceived lack of any of the three factors to undermine trust.
[...] Each of the three factors can vary along a conti-
nuum’ (Mayer, Davis, and Schoorman 1995, 721). This
dual insight - that trustworthiness beliefs vary in degree
yet that deficiencies in any one dimension may under-
mine trust — suggests the relevance of examining both
sufficiency and necessity in anthropomorphic Al
contexts.

Sufficiency logic allows us to assess the extent to
which each of these antecedents contributes to trust-
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related responses in LLM-based health coaching.
Specifically, it helps determine which interpersonal
trustworthiness beliefs are particularly influential in
driving trust-related outcomes such as perceived useful-
ness and intention to adopt.

To motivate this approach, we draw on Mayer et al.’s
(1995) foundational framework and link it to practical
reasoning in coaching contexts. As Terblanche and
Heyns (2020, 10) observe in the context of behavioural
coaching, ‘the coach can play an active role in building
the perceived [trustworthiness] by demonstrating abil-
ity, benevolence and integrity,” underscoring the practi-
cal relevance of all three dimensions in shaping trust-
related user responses.

Perceived ability reflects the extent to which users
believe the coach possesses the competence and exper-
tise required to provide effective guidance (Mayer,
Davis, and Schoorman 1995). In health coaching con-
texts, users expect coaches to demonstrate relevant
knowledge and provide actionable, medically informed
advice (McQueen et al. 2020). When a coaching system
is perceived as competent, users are more likely to
evaluate its recommendations as valuable for achieving
their health goals. Higher perceptions of ability also
increase confidence in the system’s effectiveness,
thereby strengthening users’ willingness to engage
with and adopt the coaching system. Thus, we
hypothesise:

Hla: The perceived ability of a human-like LLM-based
health coach positively influences the user’s perceived
usefulness.

H2a: The perceived ability of a human-like LLM-based
health coach positively influences the user’s intention to
adopt the LLM-based coaching system.

Benevolence reflects the extent to which users believe that
the coach genuinely cares about their well-being and acts
in their interest (Mayer, Davis, and Schoorman 1995). In
coaching contexts, communicating benevolence -

y Perceived
Usefulness

e

Intention to
Adopt




through empathy, appreciation, and supportive inter-
action - plays a central role in establishing trustworthi-
ness (Schiemann et al. 2019). Research on coaching with
compassion further suggests that experiences of empathic
concern foster openness, learning, and sustained engage-
ment (Boyatzis, Smith, and Beveridge 2013), which are
critical mechanisms for effective health coaching and
behaviour change (Thom et al. 2016). When users per-
ceive a coaching system as supportive and genuinely
invested in their development, they are more likely to
experience the interaction as personally meaningful and
valuable. Higher perceptions of benevolence therefore
strengthen users’ evaluations of the system’s usefulness
and increase their willingness to engage with and adopt
the coaching system. Thus, we hypothesise:

H1b: The perceived benevolence of a human-like LLM-
based health coach positively influences the user’s per-
ceived usefulness.

H2b: The perceived benevolence of a human-like LLM-
based health coach positively influences the user’s
intention to adopt the LLM-based coaching system.

Integrity reflects the extent to which users perceive that
the coach adheres to a set of principles that they find
acceptable (Mayer, Davis, and Schoorman 1995). This
includes perceptions of consistency between words
and actions, credible communication, and the belief
that the trustee acts according to stable and just prin-
ciples. In health coaching contexts, users must evaluate
whether the system’s recommendations align with their
own values and goals and whether its guidance appears
consistent and principled. When a health coach is per-
ceived as acting in accordance with acceptable and
value-congruent principles, users are more likely to
view its recommendations as credible and worthwhile.
Higher perceptions of integrity therefore strengthen
users’ evaluations of the system’s usefulness and
increase their willingness to engage with and adopt
the coaching system. Thus we, hypothesise:

Hlc: The perceived integrity of a human-like LLM-
based health coach positively influences the user’s per-
ceived usefulness.

H2c: The perceived integrity of a human-like LLM-
based health coach positively influences the user’s
intention to adopt the LLM-based coaching system.

3.2. Necessity of interpersonal trustworthiness
beliefs for trust outcomes

While sufficiency logic tells us how strongly different ante-
cedents contribute to trust-related outcomes, it does not
tell us whether any of them are essential. Mayer, Davis,
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and Schoorman (1995) note that a perceived deficiency
in ability, benevolence, or integrity may undermine
trust, suggesting that the absence of any one dimension
can constrain the development of trust. Building on this
insight, we adopt a necessity perspective that asks whether
certain trustworthiness beliefs must reach a minimal level
for trust-related user responses to occur.

In health coaching contexts, users expect coaches to
possess relevant expertise and domain knowledge. Quali-
tative evidence suggests that clients view health pro-
fessionals as the experts on medical issues and value
coaching guidance that is informed, competent, and edu-
cational in nature (McQueen et al. 2020). These expec-
tations imply that a minimal perception of competence
is foundational for coaching interactions to be taken
seriously. If users do not perceive the system as
sufficiently knowledgeable, they may question the credi-
bility and appropriateness of its recommendations,
regardless of how supportive or well-intentioned
the interaction appears. Without at least a basic level of
perceived ability, users may be unwilling to rely on the
system’s guidance, preventing perceived usefulness
from reaching meaningful levels and limiting intention
to adopt. Perceived ability may therefore constitute a
necessary condition for trust-related outcomes in LLM-
based health coaching. Thus, we hypothesise:

H3a: The perceived ability of a human-like LLM-based
health coach is necessary for the user’s perceived
usefulness.

H4a: The perceived ability of a human-like LLM-based
health coach is necessary for the user’s intention to
adopt the LLM-based coaching system.

Health coaching frequently involves the disclosure of per-
sonal goals, habits, and challenges. If users do not per-
ceive the system as supportive and genuinely concerned
with their well-being, they may hesitate to engage openly
with the coaching process. As Schiemann et al. (2019)
note, empathic and autonomy-supportive behaviour in
coaching is closely aligned with the perception of benevo-
lence. In the absence of a minimal perception of benevo-
lence, users may therefore withhold engagement, thereby
limiting the development of perceived usefulness and
intention to adopt. Benevolence may thus constitute a
necessary relational foundation for meaningful inter-
action with LLM-based coaches. Thus, we hypothesise:

H3b: The perceived benevolence of a human-like LLM-
based health coach is necessary for the user’s perceived
usefulness.

H4b: The perceived benevolence of a human-like LLM-
based health coach is necessary for the user’s intention
to adopt the LLM-based coaching system.
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Integrity concerns the perception that the coach adheres
to acceptable and consistent principles (Mayer, Davis,
and Schoorman 1995). In health-related contexts,
users must believe that recommendations align with
their own values, as coaching relationships depend on
confidence in the coach’s principles, consistency, and
ethical orientation - particularly when advice affects
health or lifestyle decisions. If a minimal perception of
integrity is absent, users may question the legitimacy
of the system’s guidance, preventing perceived useful-
ness from reaching meaningful levels and undermining
adoption intentions. Integrity may therefore represent a
foundational condition for trust-related user responses.
Thus, we hypothesise:

Hypothesis H3c: The perceived integrity of a human-
like LLM-based health coach is necessary for the
user’s perceived usefulness.

Hypothesis H4c: The perceived integrity of a human-
like LLM-based health coach is necessary for the
user’s intention to adopt the LLM-based coaching
system.

To empirically test this proposition, we use Necessary
Condition Analysis (NCA; Dul 2016, 2021), a method
that identifies bottleneck conditions - that is, factors
whose absence prevents an outcome regardless of
other strengths. In doing so, we address an important
research gap. While prior studies (e.g.Lalot and Bertram
2025; Lankton, McKnight, and Tripp 2015) have
explored the influence of interpersonal trustworthiness
beliefs on perceived trust and trust-related user
responses, they have not examined whether these beliefs
are functionally required to reach key thresholds. Our
study contributes a novel perspective by identifying
which trustworthiness beliefs are indispensable for
trust-related user responses of LLM-based health coach-
ing systems.

4. Research method
4.1. Overview of research method approach

To empirically examine the proposed research model,
we employed a vignette-based online survey with 218
participants. Participants were presented with health
coaching interaction scenarios and asked to evaluate
an Al-based coach with respect to perceived ability, ben-
evolence, and integrity. The coach was depicted using
human-like cues, including a messaging-style interface,
a human name, and a profile picture, while being clearly
identified as an Al system. We analyzed the data using a
dual-method approach combining partial least squares
structural equation modelling (PLS-SEM) and Necess-
ary Condition Analysis (NCA; Dul 2016) to assess

both sufficiency and necessity relationships between
trustworthiness beliefs, perceived usefulness, and inten-
tion to adopt.

The approach to use structural equation modelling
(SEM) with the variance-based partial least squares
(PLS) (Chin 1998; Wold 1982) suits our research goal
because we aim to identify key ‘driver’ constructs and
need to use latent variable scores in our subsequent
necessary condition analysis (J. F. Hair, Ringle, and Sar-
stedt 2011). PLS-SEM is a multivariate analysis tech-
nique widely used to investigate causal-predictive
relationships in information systems. It does this by
employing weighted composites of variables as proxies
for latent variables, which allows for the estimation of
their relationship. (Richter et al. 2020) PLS-SEM
findings follow a sufficiency logic (X increased Y’)
and therefore is suited to identify should-have factors
of information systems (Richter et al. 2020). NCA, on
the other hand, can identify the necessary conditions
that must be met in order to achieve a specific level of
the desired outcome (X is necessary for Y’) (Dul
2019). Both of these factors are crucial for the design
and development of successful information systems, as
the identification of the should-have factors is relevant
to increasing an outcome, but this is only possible
after the must-have factors are fulfilled. (Richter et al.
2020)

NCA is a relatively novel approach to data analysis
that identifies necessary conditions in data sets (Dul
2016, 2019). In contrast to traditional data analysis tech-
niques, NCA does not analyze the average relationships
between dependent and independent variables. Instead,
it aims to reveal areas in scatter plots with no cases.
When conducting NCA, a ceiling line is determined
and placed on top of the data to separate the space
with and without observations. The larger the identified
empty space, the greater the constraint that X places on
Y. The ceiling line also indicates the minimum level of X
required to achieve a certain level of Y. The bottleneck
table presents the ceiling line in a table format, showing
the outcome in the first column and the conditions that
must be fulfilled in the following columns. The two key
metrics in NCA are ceiling accuracy (c-accuracy) and
necessity effect size (d). Ceiling accuracy is defined as
the ratio of observations that lie on or beneath the ceil-
ing line to the total observations multiplied by 100.
While there is no definitive threshold for acceptable c-
accuracy, it is often compared against a benchmark,
such as 95%, for evaluative purposes. The necessity
effect size (d) measures the proportion of the empty ceil-
ing zone to the occupied space. The value of d ranges
from 0 to 1. Values between 0 and less than 0.1 indicate
a small effect, 0.1 and less than 0.3 indicate a medium



effect, 0.3 and less than 0.5 signify a large effect, and 0.5
or greater denotes a very large effect.

Regarding sample size considerations, we followed
established guidelines for PLS-SEM by assessing sample
size adequacy based on the maximum number of struc-
tural paths directed at any endogenous construct in the
model (Hair et al. 2017). In the proposed structural
model, intention to adopt represents the most complex
endogenous construct, with four incoming paths orig-
inating from perceived ability, perceived benevolence,
perceived integrity, and perceived usefulness. Referring
to the minimum sample size recommendations pro-
vided by Hair et al. (2017), and assuming a conservative
minimum R? of 0.10 and a significance level of 0.05, a
minimum sample size of 113 observations is required.

With respect to the Necessary Condition Analysis
(NCA), recent methodological work emphasises that
NCA does not rely on a single fixed minimum sample
size, as statistical power depends on assumptions that
are typically unknown ex ante; accordingly, sample
size is reported transparently, and necessity results are
interpreted with appropriate caution (Dul 2024).

4.2, Participants

We recruited 218 participants from Prolific (Palan and
Schitter 2018) and adhered to the guidelines for studies
on online platforms (Lowry et al. 2016). We removed 14
of the collected responses because the participants failed
attention checks. Additionally, we removed nine
responses because the participants rushed through the
survey (duration of less than five minutes). Through
this process, we ended up with 196 valid responses.

More males (58.2%) than females (40.3%) and non-
binaries (1.5%) participated in our study. The partici-
pants were, on average, 38 years old (minimum age 18
years, maximum age 78 years). Most participants had
a completed bachelor’s degree (40.8%), followed by par-
ticipants with a High School Diploma (35.7%) as their
highest level of education. 75% of the participants said
that they do not have any prior experience in health
or lifestyle coaching, and 67.3% said that they currently
have a desire to change their behaviour when it comes to
fitness and nutrition.

4.3. Survey procedures

In line with prior studies and methodological guidance,
we developed a vignette of a human-like LLM-based
health coaching intervention that provides a realistic
setting (Aguinis and Bradley 2014; Otting and Maier
2018) to elicit relevant trustworthiness beliefs and user
evaluations. This vignette displayed the first session of
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the chat-based interaction with the health coach. The
session was focused on goal-setting, as this is a pivotal
aspect of health coaching (Mitchell et al. 2021). There-
fore, techniques from the ‘goals and planning’ cluster
of the behaviour change technique taxonomy (Michie
et al. 2013) were implemented. Additionally, passages
were incorporated in which the coach provided advice
and suggested strategies regarding health-related behav-
iour, namely dietary advice. This approach included two
interaction features that are commonly associated with
trsut in coaching contexts: sharing one’s goals and
wishes (Schiemann et al. 2019) and adhering to advice
(Wu et al. 2022).

Each interaction began with a message that informed
the users that the interaction was based on a LLM:

Hello! I'm Chris, your virtual lifestyle coach for nutri-
tion and physical activity. Just so you know, I'm pow-
ered by a large language model designed to provide
information and support in your health and fitness
journey. While I can offer tips and guidance based on
the knowledge I've been trained on, I'm not a human.
If you have any specific health concerns, please consult
a professional. Now, let’s get started! How can I assist
you today?

The messages were incorporated into a prototype
through Figma to complete the vignette. The interface
was designed to mirror the layout of the messaging ser-
vice WhatsApp. This included the use of a profile pic-
ture of a male human coach. In line with prior
research on conversational agents, the interface incor-
porates multiple established verbal and visual social
cues — such as a human name, profile picture, and con-
versational language - to evoke a human-like inter-
action setting (Feine et al. 2019).

The integration of the messages into this specific inter-
face serves two purposes. Firstly, it ensures that the
design closely replicates the familiar user experience of
human-to-human chat interactions. Secondly, it facili-
tates a realistic implementation of an LLM. Tools such
as Chatbase' facilitate the incorporation of LLMs, includ-
ing ChatGPT, into popular messaging platforms such as
WhatsApp. Finally, we account for the probabilistic
nature of large language models as they typically assign
a probability to every possible subsequent token and
then select among the most likely token candidates.
Thus, we sampled four slightly different interactions, all
with the same goal. Figure 2 shows the survey procedure.

The survey was conducted in three steps. Firstly, we
briefly described the objectives and context of the
study. Secondly, we introduced the participants to the
vignette scenario, explaining that they needed to put
themselves in the position of receiving LLM-based
coaching for healthy nutrition and physical activity.
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Figure 2. Survey procedure.

We informed them that they were beginning their train-
ing with their LLM-based coach, Chris, and setting goals
for their behaviour change through an online chat.
Lastly, we presented the participants with the prototype
vignette, in which the first coaching session was per-
formed, and asked them to assess its content in an
online survey.

To mitigate potential common method bias, we
implemented several procedural safeguards ex ante in
the design of the study. Following methodological rec-
ommendations (Podsakoft et al. 2003), we separated
measurement blocks by thematic context, used clearly
worded and behaviourally anchored items, and incorpor-
ated attention checks to ensure participant engagement
with the survey. These design-based remedies are con-
sidered more effective than relying solely on statistical
post hoc controls. In line with recent methodological gui-
dance (Podsakoff et al. 2024), which emphasises the
importance of preventive design strategies and transpar-
ent reporting, we did not conduct an additional post hoc
statistical test for common method bias.

4.4. Survey measures

The questionnaire included several subsections regard-
ing formative trustworthiness belief constructs and
reflective outcomes constructs. Additionally, the ques-
tionnaire included questions regarding sociodemo-
graphic data, such as personal innovativeness in the
domain of information technology (Agarwal and Prasad
1998).

Chatbot Interaction

Post Survey

Building upon previous research (Kamis, Koufaris,
and Stern 2008; Sollner, Hoffmann, and Leimeister
2016; Wang and Benbasat 2005), we included three
attributes indicating formative trustworthiness beliefs
measures perceived ability (5 items), perceived benevo-
lence (4 items) and perceived integrity (4 items) and two
attributes indicating reflective outcome measures,
namely perceived usefulness (3 items) and intention to
adopt (5 items). The items were formulated as state-
ments and assessed using a 7-point Likert scale. Table
2 provides an overview of the indicators and statements
used to assess the attributes of trust.

5. Results
5.1. Measurement models

We began by assessing the measurement model. An
examination of univariate normality showed that all
indicators were within acceptable limits, with skewness
and kurtosis values remaining between —2 and 2 (Hair
et al. 2022).

Next, we evaluated the constructs’ reliability and con-
vergent validity using Cronbach’s alpha, composite
reliability (p_c and p_a), and average variance extracted
(AVE) as metrics. All values met or exceeded the rec-
ommended thresholds - 0.7 for Cronbach’s alpha, p_c,
and p_a, and 0.5 for AVE (Hair et al. 2022). A summary
of these results is presented in Table 3.

Furthermore, we evaluated the discriminant validity
by measuring the heterotrait-monotrait (HTMT) ratios
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Table 2. Indicators and attributes of trust in LLM-based coaching.

Source

The virtual coach has the expertise to understand my needs and preferences

The virtual coach has the ability to understand my needs and preferences about

Attribute Indicator Statement
Perceived Ability  ability1 The virtual coach does a good job.
ability2 The virtual coach is like a real expert in fitness and nutrition
ability3
about fitness and nutrition.
ability4
fitness and nutrition.
ability5

Perceived
Benevolence

benevolence1

benevolence2
benevolence3
benevolence4

The virtual coach considers my needs and all important attributes of fitness and
nutrition.
It is important for the virtual coach that he supports me in achieving my goals.

The virtual coach puts my interests first.
The virtual coach keeps my interests in mind.
The virtual coach wants to understand my needs and preferences.

Perceived integrity1 | can count on the statements of the virtual coach.
Integrity

integrity2 The virtual coach provides unbiased recommendations.

integrity3 The virtual coach is honest.

integrity4 | consider the virtual coach to possess integrity.

Perceived PU1 Using the virtual coaching intervention could improve my fitness and nutritional
Usefulness habits.

PU2 Using the virtual coaching intervention could improve my effectiveness in fitness
and nutrition.

PU3 The virtual coaching intervention is a useful tool to support me in reaching my
goals related to fitness and nutrition.

Intention to INT_A1 Assuming | had access to the virtual coaching intervention, | am willing to use
Adopt this virtual coaching intervention as an aid to help me set goals related to my
physical activity and diet.

INT_A2 Assuming | had access to the virtual coaching intervention, | am willing to share
my goals and intentions with regard to physical activity and nutrition with this
virtual coach.

INT_A3 Assuming | had access to the virtual coaching intervention, | am willing to let this
virtual coaching intervention assist me in deciding how to reach my goals
related to physical activity and nutrition.

INT_A4 Assuming | had access to the virtual coaching intervention, | am willing to use
this virtual coaching intervention as a tool to suggest a strategy for achieving
my physical activity and nutrition goals.

INT_A5 Assuming | had access to the virtual coaching intervention, | am willing to follow

the physical activity and nutrition recommendations provided by the virtual

Sollner, Hoffmann, and Leimeister
(2016); Wang and Benbasat (2005)

Soliner, Hoffmann, and Leimeister
(2016)
Wang and Benbasat (2005)

Sollner, Hoffmann, and Leimeister
(2016)
Wang and Benbasat (2005)

Soliner, Hoffmann, and Leimeister
(2016)

Adapted from Kamis, Koufaris, and
Stern (2008)
Wang and Benbasat (2005)

coach.

of correlations (Table 4). The discriminant validity
measures to what extent the latent constructs are truly
distinct from each other (Ab Hamid, Sami, and Moh-
mad Sidek 2017). None of our latent constructs exhib-
ited a value above the suggested threshold of 0.9.

To establish discriminant validity, we calculated the
heterotrait-monotrait (HTMT) ratios of correlations
(Table 4), which indicate the degree to which latent
constructs are distinct from one another (Ab Hamid,
Sami, and Mohmad Sidek 2017). All HTMT values
were below the recommended cut-off of 0.9, confi-
rming adequate discriminant validity (Hair et al.
2022) (Hair et al. 2022).

Table 3. Construct reliability and validity.

5.2. Structural model evaluation

We report the structural model results by presenting the
path coefficients (13), corresponding p-values, and effect
sizes (f?). To assess the significance of the paths, we
applied a bootstrapping procedure with 5,000
resamples. An overview of the outcomes is provided
in Figure 3.

The analysis demonstrated the validity of hypotheses
Hla, Hlc, and H2c, indicating significant relationships
between perceived ability and perceived usefulness
(p £0.001), perceived integrity and perceived usefulness
(p <£0.001), and perceived integrity and intention to
adopt (p<0.01). Additionally, a post-hoc analysis

Latent Construct Cronbach’s Alpha

Composite Reliability (rho_c)

Composite Reliability (rho_a) Average variance extracted (AVE)

Perceived Ability 0.963 0.964
Percieved Benevolence 0.907 0.927
Perceived Integrity 0.887 0.898
Perceived Usefulness 0.967 0.967
Intention to Adopt 0.978 0.979

0.972 0.872
0.936 0.787
0.922 0.747
0.978 0.938
0.983 0.921
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Table 4. HTMT for the assessment of discriminant validity.

Latent Construct Intention to Adopt

Perceived Ability

Perceived Benevolence Perceived Integrity

Intention to Adopt

Perceived Ability 0.794

Perceived Benevolence 0.650 0.741
Perceived Integrity 0.830 0.856
Perceived Usefulness 0.864 0.820

0.771

0.608 0.809

Interpersonal Trust Beliefs

..............................

Perceived Usefulness

| Hib
0.06

i
: i
Perceived sl
Benevolence ™ Hab

1 0.06
'

}  Hic
1 0.38%*
Hac

R2 =0.67
Q2 =0.65

Intention to Adopt

Perceived i
Integrity !

0.24**

Figure 3. Structural model.

beyond a-priori formulated hypotheses revealed a sig-
nificant relationship between perceived usefulness and
intention to adopt (p <0.001). Therefore, hypotheses
H1b, H2a, and H2b are rejected.

In terms of effect size, values above 0.020, 0.150, and
0.350 indicate a low, moderate, and high effect at the
structural level, respectively, as defined by Henseler,
Ringle, and Sinkovics (2009). Perceived ability signifi-
cantly affects perceived usefulness with a medium
effect size (f*>0.15), as indicated by a strong path
coefficient (f=0.536) and a highly significant p-value
(p<0.001, f2=0.281). Similarly, perceived usefulness
exerts a significant influence on adoption intention (88
=0.533, p <0.001) and is associated with a large effect
size (f=0.388). In contrast, perceived integrity has a
positive but comparatively modest effect on perceived
usefulness (f=0.376, f*=0.03) and intention to adopt
(B =0.283, £2=0.07).

The R? values for perceived usefulness (R*=0.67)
and intention to adopt (R*=0.76) can be considered
substantial (Chin 1998). Finally, the predictive power
was assessed using the PLSPredict approach (Shmueli
et al. 2016) in accordance with the guidelines set forth
by Shmueli et al. (2019). All the endogenous constructs
exhibited Q”pyedice Values above 0 for both perceived use-
fulness (Q%predice =0.65) and intention to adopt
(Qpredic = 0.65). This indicates that the prediction
error of the PLS-SEM results is smaller than that of
using the mean values, thereby demonstrating that the
PLS-SEM models offer superior predictive performance

R2=0.76
Q2 =0.65

and strong predictive relevance (Shmueli et al. 2016). In
conclusion, we confirm hypotheses Hla, Hlc, and H2c.

5.3. Necessary condition analysis

To further investigate the relationship between interper-
sonal trustworthiness beliefs and user responses, we
enhanced our PLS-SEM approach with NCA. Following
the methodology outlined by Richter et al. (2020), we
utilised the latent variable scores generated by PLS-
SEM as the foundation for our NCA. The latent variable
scores, specifically those for perceived ability, benevo-
lence, integrity, usefulness, and intention to adopt,
were imported into R software in accordance with the
procedures detailed in Dul’s (2021) NCA quick start
guide.

We applied Ceiling Regression-Free Disposal Hull
(CR-FDH) (Dul 2021) to analyze the scatter plots for
empty spaces, effectively distinguishing between the
areas with observations and those without. This analysis
enabled us to determine the extent to which each inter-
personal trust belief limits the levels of perceived useful-
ness and intention to adopt. The resulting ceiling line
also delineates the minimum required level of a particu-
lar trust belief necessary to achieve specific outcomes in
perceived usefulness or intention to adopt.

The primary metrics for conducting Necessary Con-
dition Analysis (NCA) are reflected in the necessity
effect size (denoted as d) derived from the Ceiling
Regression-Free Disposal Hull (CR-FDH) and the



ceiling accuracy (C-accuracy). The findings are detailed
in Table 5.

C-accuracy quantifies the proportion of data points
that fall on or below the ceiling line, relative to the
total number of observations, expressed as a percentage.
Although there is no universally accepted threshold for
C-accuracy, it is commonly evaluated against a standard
benchmark - often 95% - for assessment purposes. In
our study, none of the values surpassed this benchmark.

The necessity effect size, or d, calculates the ratio of
the empty space above the ceiling line to the occupied
space below it, with values ranging from 0 to 1. A
value of d between 0 and less than 0.1 is indicative of
a small effect, while a value between 0.1 and less than
0.3 is indicative of a medium effect. A value between
0.3 and less than 0.5 is indicative of a large effect,
while a value of 0.5 or greater is indicative of a very
large effect. Previous research suggests that a necessity
effect size of at least 0.1, indicative of a medium effect,
is generally necessary to support hypotheses concerning
necessary conditions. The analysis revealed a medium
necessity effect size for the relationship between per-
ceived integrity and perceived usefulness (d =0.238, C-
accuracy = 96.9%), and a large effect for the relationship
between perceived integrity and intention to adopt (d =
0.30, C-accuracy = 97.4%). This indicates that perceived
integrity is a necessary condition for enhancing both
perceived usefulness and intention to adopt. However,
the hypotheses proposed in sections 3a, 3b, 4a, and 4b
must be rejected.

To further refine our analysis, we examined the bot-
tleneck table, which quantifies the minimum level of one
variable (X) required to achieve a specified level of
another variable (Y), presented as percentages.

Table 6 shows the bottleneck table for perceived
integrity and perceived usefulness. It shows that to
achieve the maximum level of perceived usefulness
(100%), at least a medium to high level (minimum
59.8%) of perceived integrity is required. This means
that unless the specified level of perceived integrity is
achieved, this variable will hinder the establishment of

Table 5. Effect sizes of necessary condition analysis.
Perceived Ability

Construct CR-FDH (d) c-accuracy
Perceived Usefulness 0.01 100%
Intention to Adopt 0.03 99.0%
Perceived Benevolence
Construct CR-FDH (d) c-accuracy
Perceived Usefulness 0.06 100%
Intention to Adopt 0.08 98.0%
Perceived Integrity
Construct CR-FDH (d) c-accuracy
Perceived Usefulness 0.24 96.9%
Intention to Adopt 0.30 97.4%
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Table 6. Bottleneck table showing the levels of integrity
necessary to achieve a specific level of preceived usefulness.

Perceived Integrity (in %)

Perceived Usefulness (in %)

0 NN

10 NN

20 NN

30 7.1
40 14.7
50 222
60 29.7
70 373
80 44.8
90 523
100 59.8

Table 7. Bottleneck table showing the levels of integrity
necessary to achieve a specific level of intention to adopt.
Perceived Integrity (in %)

Intention to Adopt (in %)

0 NN

10 5.2
20 1.1
30 17.1
40 23.0
50 29.0
60 349
70 40.9
80 46.8
90 528
100 58.7

a high level of perceived usefulness, regardless of the
value of other influencing factors.

Similarly, the bottleneck table between perceived
integrity and adoption intent (Table 7) shows compar-
able thresholds. A medium to high level of perceived
integrity (at least 58.7%) is required to achieve the maxi-
mum level of adoption intention (100%).

These findings underscore the critical role of per-
ceived integrity in influencing both perceived usefulness
and intention to adopt. Without achieving a medium to
high level of perceived integrity, the levels of perceived
usefulness and intention to adopt will not cross the
threshold of achieving very high levels. This highlights
the indispensable role of high perceived integrity in
influencing key outcomes.

6. Discussion

The objective of this study was to investigate how inter-
personal trustworthiness beliefs shape early trust-
related user responses in human-like LLM-based health
coaches. Using both probabilistic sufficiency logic and
necessity logic, we examined whether users’ perceptions
of ability, benevolence, and integrity shape two early
trust-related outcomes: perceived usefulness and inten-
tion to adopt. Our results reveal a nuanced picture of
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how interpersonal trust models transfer to Al-based
coaching systems.

6.1. Theoretical implications

This study contributes to research on trust in anthropo-
morphic Al systems by introducing a necessity-based
perspective to the analysis of interpersonal trustworthi-
ness beliefs. While prior research (e.g. Lalot and Ber-
tram 2025; Lankton, McKnight, and Tripp 2015), has
primarily examined how dimensions such as ability,
benevolence, and integrity influence trust-related out-
comes using sufficiency logic, our findings highlight
that these dimensions may play fundamentally different
roles, including functioning as non-compensable
conditions.

Among the three interpersonal trustworthiness
beliefs, integrity emerged as the only necessary con-
dition for the emergence of both perceived usefulness
and intention to adopt, with medium to large necessity
effects. While integrity showed a statistically significant
but comparatively modest sufficiency effect, its necessity
indicates that it functions as a threshold condition:
without a minimal perception of integrity, perceived
usefulness and intention to adopt do not reach mean-
ingful levels, regardless of how strong other beliefs
may be. This finding extends prior research (e.g. Lalot
and Bertram 2025; Lankton, McKnight, and Tripp
2015) by showing that integrity operates as a bottleneck
condition rather than merely a stronger predictor.

Perceived ability, in contrast, was not necessary but
had a clear and significant sufficiency effect. It positively
influenced perceived usefulness, reinforcing the notion
that users value competence in digital coaches. This
finding aligns with Mayer et al.’s (1995) suggestion
that trustworthiness is composed of separable but inter-
dependent components: each trust belief can vary inde-
pendently, and while some may be required, others may
enhance trust without being essential. Similar obser-
vations were made by Triantafyllopoulos et al. (2024),
who showed that trust among physicians toward
LLM-based systems was shaped more by system clarity
and competence than by relational cues, further illus-
trating ability’s sufficiency but not necessity in trust
dynamics. This complements findings by Jin and Eastin
(2025), who showed that design cues enhancing per-
ceived expertise significantly shaped trust, particularly
when users experienced heightened health-related
threat, highlighting the context-dependent importance
of ability-related perceptions in shaping user responses.

Contrary to expectation, benevolence neither signifi-
cantly influenced intention to adopt and perceived use-
fulness nor was it necessary. This contrasts with findings

from human coaching literature, where benevolence is
often seen as the most critical trust driver — particularly
because it supports user autonomy and emotional safety
(Schiemann et al. 2019).

In digital contexts, however, this role may differ. Our
findings are consistent with prior research suggesting
that when ability and integrity are established, percep-
tions of benevolence play a less central role in fostering
trust-related user responses in human-like AI agents
(Lalot and Bertram 2025). One possible interpretation
is that users prioritise an AI coach’s reliability and
impartial, honest behaviour over relational warmth or
care, especially when interacting with a non-human
agent. This aligns with findings Scholich et al. (2025),
who show that while chatbots can express empathy
and validation, they may fall short in fostering deeper
engagement, suggesting that benevolence is not evalu-
ated in the same way as in human interactions.

At the same time, alternative explanations should be
considered. For instance, the limited role of benevolence
may be related to how it is perceived and attributed in
Al-based systems. While users may interact with the
LLM agent directly, they may assign emotional and ethi-
cal responsibilities to the developers or platform provi-
ders. In this sense, benevolence might be assessed at the
system level rather than the agent level (Knote et al.
2021). This perspective is also in line with Brunswicker
et al. (2025), who highlight that users’ responses to
empathic cues can enhance trust under certain con-
ditions. However users may respond more critically to
such cues when emotional states are complex or expec-
tations misaligned, for instance expectations set by the
chatbot platform itself, e.g. ChatGPT. While these
explanations offer plausible interpretations, additional
factors not captured in the present study may also
account for the limited role of benevolence, warranting
further investigation.

6.2. Practical implications

The findings of this study have significant practical
implications, particularly regarding the key factor of
perceived integrity in fostering positive user responses
in LLM-based health coaching. It is therefore rec-
ommended that developers and designers prioritise
the creation of LLM-based coaching apps that are per-
ceived as having high integrity by clients. This necessi-
tates the development of a coach character that is
truthful, authentic, and provides impartial recommen-
dations (Schiemann et al. 2019). It is critical to maintain
a medium to high level of perceived integrity (at least
60%) to achieve a very high level of perceived usefulness
and intention to adopt.



Once a high level of integrity has been established in
the coaching application, it becomes crucial to prioritise
the perceived ability of the coach, as this significantly
enhances the perceived usefulness of the intervention.
Although it may appear self-evident that the compe-
tence of a coaching intervention should be a primary
consideration, it is important to underscore that the
perceived ability extends beyond the mere helpfulness
of the application. It is essential that users view the
coach as an expert in the field. This perception is also
conveyed through the language used by the coach
(Schiemann et al. 2019). Consequently, the use of uncer-
tain or ambiguous language should be avoided to main-
tain and reinforce the coach’s image as a knowledgeable
and reliable figure. Regarding the proposition that ben-
evolence does not influence the formation of trust, it is
necessary to clarify that we are not proposing the idea of
creating coaching interventions where coaches do not
have a benevolent attitude toward their users. It is of
the utmost importance that users’ safety and autonomy
are always ensured in any health coaching intervention.
Our research findings merely suggest that the lack of
perceived benevolence does not hinder the formation
of trust between the coach and the user.

Furthermore, our research demonstrates the signifi-
cance of employing necessary condition analysis. Had
we solely relied on traditional probabilistic sufficiency
logic, we would have failed to recognise the impact of
integrity, which had only a modest effect size. This over-
sight would have resulted in us overlooking a crucial
obstacle for the emergence of perceived usefulness and
intention to adopt in LLM-based coaching.

7. Limitations and further research

It is important to acknowledge the limitations of our
research, which present opportunities for further inves-
tigation. The study was limited to an LLM-based coach-
ing intervention for fitness and nutrition. Therefore, it is
not possible to assume that the same trustworthiness
beliefs are influencing evaluative and behavioural
responses in other contexts. Consequently, further
research should explore interpersonal trustworthiness
beliefs in other health coaching scenarios. It is further-
more essential to acknowledge that the findings of our
study were derived from the analysis of vignettes repre-
senting only the initial session of coaching. The impact
of trustworthiness beliefs may be subject to change over
time and with increased frequency of interaction.
Nevertheless, the initial session is critical in establishing
an initial impression and laying the foundation for
ongoing user engagement. Consequently, it is of critical
importance to ensure integrity from the outset if the
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success and effectiveness of LLM-based health coaching
programmes are to be achieved. Further research should
evaluate the influence of interpersonal trustworthiness
beliefs in long-term LLM-based coaching scenarios.
Furthermore, our research was limited to assessing
interpersonal trustworthiness beliefs. While we believe
that this is the most appropriate approach for generat-
ing initial insights, future research should also explore
the influence of technological trustworthiness beliefs
as well as those related to organisations.

In addition, the non-significant role of benevolence
observed in this study should be interpreted with cau-
tion. While we offer several possible explanations,
such as attribution effects within layered AI systems,
other factors such as the operationalisation of benevo-
lence or limited variance in short-term vignette settings
may also have influenced this finding. Future research
should further investigate the conditions under which
benevolence becomes more or less salient in Al-based
interactions.

The use of a vignette study introduces additional
limitations to the research process. While vignette
studies are an appropriate methodology for our research
endeavour (Aguinis and Bradley 2014), they cannot
fully substitute for the individual interaction with a pro-
totype. Therefore, further research should assess the
findings in experimental settings using a prototype.
Additionally, it is important to acknowledge that the
coach in question was male. Future research should
consider a wider range of coaches to address potential
gender biases.

Finally, NCA is a relatively novel technique, and not
all issues pertaining to statistical and causal inference
have been resolved. Further research on the statistical
properties of estimated ceiling lines and confidence
interval estimation is necessary to gain a deeper under-
standing of the necessity of conditions. (van der Valk
et al. 2016).

8. Conclusion

The objective of our study was to examine how interper-
sonal trustworthiness beliefs shape early user responses
to LLM-based health coaching systems. Probabilistic
sufficiency and necessity logic were employed to assess
trustworthiness beliefs shape user responses.
Participants were presented with a vignette of
human-like LLM-based health coaching and then sur-
veyed on formative trustworthiness belief constructs
(ability, benevolence, and integrity) as well as reflective
outcome constructs (perceived usefulness and intention
to adopt). Our analysis using PLS-SEM demonstrated
that ability is a significant factor in in LLM-based
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coaching and our NCA analysis revealed that integrity is
a necessary condition for eliciting positive user
responses in terms of intention to adopt and perceived
usefulness. Our findings contribute to both research
and practice by providing a deeper understanding of
the must-have and should-have factors for user engage-
ment in LLM-based health coaching. This knowledge
can be utilised to design effective health coaching
interventions.
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