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To examine if artifcial intelligence (AI) has the potential to complement human health providers in telemedicine, this experiment
tests diferent factors that may afect patients’ intention to adhere to prescriptions. Participants (N� 261) were randomly assigned
to one of 12 conditions: 2 (doctor type: human vs. AI)× 2 (illness severity: high vs. low)× 3 (message richness: text-only
prescription vs. with audio vs. with audiovisual). Tey were then asked to indicate their perceived credibility of the doctor and
intention to adhere to the prescription. Results showed that people reported greater perceived credibility toward a human doctor
than an AI doctor which, in turn, was positively associated with adherence intention. Moreover, there was a signifcant interaction
between doctor type and message richness, such that the diference in adherence intention for human versus AI doctor was
signifcantly smaller in the text-with-audiovisual condition than that in the text-only condition, indicating that people may start
paying less attention to the source and more to the message cues as the message gets richer. Tese results refect user responses to
a specifc type of AI system within a controlled interaction context, and future research should explore how alternative system
designs might infuence credibility and adherence intention diferently.
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1. Introduction

Telemedicine, the practice of providing medical services
remotely, has gained increasing popularity over the years,
especially with the outbreak of coronavirus disease (COVID-
19). As the pandemic hit, many patients were confned to
their homes, making it difcult for them to receive in-person
healthcare services. Telemedicine has served as an efective
alternative to in-person treatment [1–4]. Its growth has been
further driven by advancements in artifcial intelligence (AI).

Since the U.S. Food and Drug Administration approved the
use of AI software for medical purposes in 2018 [5], AI has
contributed to improving the accuracy of diagnosis [6] and
spotting chronic diseases at early stages [7, 8]. Studies have
found that AI tools are capable of making diagnoses with the
accuracy level of human doctors regarding diferent types of
cancer [9, 10] and common illnesses, while providing even
safer advice compared to human doctors [11].

While AI technology shows promise, an important
question remains: Will patients be willing to follow medical

Wiley
Advances in Human-Computer Interaction
Volume 2025, Article ID 5934127, 13 pages
https://doi.org/10.1155/ahci/5934127

https://orcid.org/0000-0002-7829-8535
https://orcid.org/0000-0002-5408-0507
https://orcid.org/0000-0003-0576-1944
https://orcid.org/0000-0002-4580-6775
https://orcid.org/0000-0001-8587-4847
https://orcid.org/0000-0001-8859-2757
https://orcid.org/0000-0002-5389-8673
mailto:ohyoojun@msu.edu
https://creativecommons.org/licenses/by/4.0/
http://crossmark.crossref.org/dialog/?doi=10.1155%2Fahci%2F5934127&domain=pdf&date_stamp=2025-10-20


advice from an AI doctor? In this study, we defne an AI
doctor as a fully autonomous virtual agent powered by AI
that directly interacts with patients, provides medical advice,
and issues prescriptions without involvement from a human
physician.Tis is distinct from human doctors assisted by AI
tools; rather, we focus on systems that act independently as
the primary care provider.

Understanding how patients respond to such systems
is crucial because, in healthcare, even the most accurate or
efcient system cannot improve health outcomes unless
patients are willing to act on its recommendations. In
other words, the success of an AI doctor in telemedicine
ultimately depends not only on its diagnostic capability
but also on patients’ willingness to adhere to its advice.
Patient adherence, defned as the extent to which in-
dividuals follow prescribed therapeutic recommendations
[12], is a critical factor in achieving positive health out-
comes. Prior research consistently shows that adherence
contributes to improved clinical results, reduced
healthcare costs, and enhanced quality of life [13–15].
Conversely, nonadherence is a longstanding barrier in
medicine and has been associated with treatment delays
and poorer health outcomes [16–20].

Among diferent factors shown to impact patient
adherence (e.g., provider–patient relationship, socioeco-
nomic status, social support; see [21] for review), this
study focuses on perceived doctor credibility. In health-
care, patient adherence often depends on whether the
provider is perceived as credible and trustworthy [22, 23].
Yet, it remains unclear whether AI doctors are perceived
as credible in the same way human doctors are. If patients
hesitate to trust or accept AI-generated advice, the po-
tential benefts of AI doctors may not translate into real-
world outcomes. Understanding how people perceive and
respond to AI doctors is therefore critical for the suc-
cessful integration of these systems into healthcare
delivery.

To guide this, we draw on the Computers Are Social
Actors (CASA) paradigm [24], which suggests that people
often apply social expectations to artifcial agents when they
display human-like cues such as voice or facial expressions.
CASA has ofered valuable insights into how users perceive
and interact with artifcial agents, such as AI chatbots, in
various communication contexts, including customer ser-
vice (e.g., [25]), education (e.g., [26]), and recommendations
(e.g., [27]). However, research suggests that in medical
contexts involving serious or uncertain outcomes, patients
may be less inclined to follow computer- or AI-generated
recommendations compared to those from human doctors,
due to lower perceived credibility and lack of human ac-
countability [28, 29]. For instance, a recent study found that
participants perceived diagnoses made by human doctors as
more credible than those made by AI systems, even when all
other aspects of the consultation were held constant [28].
Tis suggests that the medical context may represent
a boundary condition where human and AI agents are not
perceived equivalently. Building on this, the current study
experimentally investigates whether patients are willing to

adhere to medical advice depending on whether it comes
from an AI or a human doctor, and whether this efect is
mediated by perceived credibility.

To further explore these dynamics, we examine two
contextual moderators: Illness severity and message rich-
ness. Illness severity refects the perceived seriousness of
a health condition, which may heighten risk sensitivity and
increase reliance on human doctors over AI. Message
richness refers to the communication modality such as text,
audio, or audiovisual used to deliver the diagnosis and
prescription. Tese conditions refect realistic variations in
how AI can be deployed in healthcare, from text-based to
voice and video-enabled AI systems. By manipulating these
factors, this study aims to identify the conditions under
which patients may difer in their willingness to adhere to
human or AI doctor’s medical advice.

2. Literature Review

2.1. CASA Paradigm. To examine how people perceive and
respond to AI doctors compared to human doctors, we draw
upon the CASA paradigm, which provides a foundational
framework for understanding the processes of human in-
teractions with artifcial agents.Te CASA paradigm [24, 30]
posits that people automatically apply social rules and ex-
pectations when interacting with computers, even when they
are aware that they are interacting with machines. It suggests
that minimal social cues (e.g., gender, polite language) are
sufcient to trigger social responses similar to those in
human interactions. Numerous studies have validated the
CASA paradigm across diverse contexts, demonstrating that
AI with social cues can indeed foster social responses as they
would in human interactions. For instance, research has
shown that people rate chatbots with human-like charac-
teristics similarly to humans, develop trust and acceptance
through empathetic and interactive AI behaviors, and even
develop interpersonal relationships (e.g., friendship) with AI
agents [27, 31, 32].

However, the applicability of the CASA paradigm may
be limited by specifc contextual factors. Healthcare is
a particularly compelling setting for examining these
boundary conditions, as medical decision-making involves
personal risk and potentially serious consequences [33]. In
such high-stakes situations, individuals may consciously
prefer human agents over AI. Tat is, patients’ reliance on
medical advice may not simply depend on superfcial
human-like or social cues (e.g., being labeled as a doctor) but
rather on more fundamental considerations such as per-
ceived credibility or severity of the consequences [28, 34].
For example, Guo and Chen [28] found that patients per-
ceived diagnoses from human physicians as signifcantly
more credible compared to identical recommendations from
AI doctors. In addition, research has shown that patients are
often hesitant to follow recommendations from AI in high-
risk or serious health scenarios due to concerns about ac-
countability and the inherent unpredictability of medical
outcomes [34], suggesting a potential boundary condition to
the CASA paradigm.

2 Advances in Human-Computer Interaction
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Several theoretical frameworks imply that the applica-
bility of the CASA paradigm might be limited in healthcare
contexts (e.g., uncertainty reduction theory, [35]; theory of
motivated information management, [36]); specifcally,
theories suggest that in high-risk situations (e.g., health risk),
people desire tomanage or reduce the uncertainty by seeking
reliable sources of information [35, 36]. In medical settings,
this heightened risk sensitivity and uncertainty avoidance
may override the automatic social responses typically trig-
gered by human-like cues, resulting in preferences toward
human doctors to reduce perceived uncertainty and asso-
ciated health risks. In the following sections, we delve into
the factors under which people may perceive and adhere
diferently to medical advice provided by AI versus human
doctors.

2.2. Diferences in Human and AI Doctors on Intention to
Adhere to Prescription: Mediating Role of Perceived
Credibility. Te frst goal of this study is to examine whether
individuals’ intention to adhere to medical advice would
difer depending on doctor type (human vs. AI); specifcally,
we focus on perceptions of credibility as a mediator that
underlies this relationship. Perceived credibility, which is
defned as the extent to which a communicator is considered
as trustworthy and believable [37], is a crucial component in
a patient–provider relationship [38]. Several studies in
clinical medicine [22, 23, 39, 40] showed that patients are
more likely to adhere to medical advice and recommen-
dations when they perceive their providers to be credible.
For example, in their longitudinal intervention study, Jones
and colleagues [23] found that patients who had higher trust
in their physician were twice as likely to adhere to medi-
cations and recommendations for lifestyle changes com-
pared to those who had lower physician trust. Similarly, Abel
and Efrd [22] reported in their cross-sectional study that
patients’ perceived physician credibility was positively re-
lated to adherence to prescribed medications. Tis re-
lationship between perceived doctor credibility and patient
adherence was also supported in a secondary data analysis
(N= 2,510, [40]), as well as a meta-analysis of 47 studies
(N= 34,817, [41]).

Given the critical role of perceived doctor credibility in
encouraging patient adherence, this study examines whether
people’s credibility perceptions will vary based on the
provider being a human or a nonhuman agent. Te CASA
paradigm [24] would suggest that, if an AI doctor displays
social cues or human-like features, people will interact with
it like they do with a human doctor. From this perspective,
perceptions of credibility for human and AI doctors should
not difer signifcantly. However, several studies have
demonstrated that people tend to perceive human doctors as
more credible than AI doctors [28, 39, 42, 43]. For example,
in studies comparing three types of providers (i.e., human
doctor, human doctor with an AI system, and an AI system
only), people reported highest perceived credibility in the
human-only condition and lowest perceived credibility in
the AI-only condition [39, 42]. Guo and Chen [28] found
that, even for highly stigmatized diseases like acquired

immunodefciency syndrome (AIDS), which is assumed that
anonymity is preferred in medical consultations, people
preferred a human provider over an AI provider. Tese
studies argued that the nature of AI, which oftentimes lacks
transparency in decision-making (e.g., lack of explanation
on how treatment solutions were generated), may have led to
decreased patient trust [28, 42], and that at the current early
stage of AI development, people may generally place more
trust in human expertise when it comes to medical
decisions [28].

Given this line of research, we predict that doctor type
(human vs. AI) will have an indirect efect on intention to
adhere to prescription via perceived doctor credibility. Tus,
the following mediation hypothesis is proposed.

• H1: Participants will perceive greater credibility for
a human doctor than an AI doctor which, in turn, will
be positively associated with intention to adhere to
prescription.

2.3. FactorsModerating the Relationship BetweenDoctor Type
and Patient Adherence. Diferent factors may infuence the
association between doctor type and patient adherence. In
this study, we focus on two potential moderators: Illness
severity and message richness.

2.3.1. Illness Severity. Perceived risk, particularly in the form
of illness severity, plays a critical role in health-related
decision-making [44]. Perceptions of illness severity moti-
vate individuals to take specifc actions to mitigate health
threats [45], making it a crucial factor to consider in medical
decision-making. In general, studies have found a positive
relationship between illness severity and patient adherence,
such that patients who perceive their illness to be severe are
more likely to comply with a prescription than those who
perceive their illness to be less severe [46]; for meta-analysis
see [47–49], because they are motivated to reduce their
physical/mental distress [44].

When comparing human and AI doctors, perceived
illness severity may play a moderating role in the re-
lationship between doctor type and patient adherence.
Specifcally, when an illness is severe, people may be more
willing to adhere to a human doctor over an AI doctor
[28, 33]. Given the high-stakes nature of medical decisions,
individuals may be more hesitant to follow recommen-
dations from an AI source when the perceived severity of
the health condition is high—potentially due to factors
such as algorithmic aversion and lack of familiarity with the
technology [33]. In an integrative review, Wutz et al. [50]
found that individuals were less willing to use AI for serious
health problems but more open to its use for mild health
issues. Indeed, prior research suggests that when a disease
is perceived as highly severe, patients tend to be more
skeptical of AI-generated prescriptions, which can lead to
reduced adherence [34]. Supporting this, other studies have
shown that in decisions involving serious con-
sequences—such as medical consultations—or those tra-
ditionally viewed as within the purview of human expertise,

Advances in Human-Computer Interaction 3
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individuals are more likely to trust human providers over
AI systems and are less accepting of AI-driven health in-
terventions [28, 33]. Tus, we propose the following
hypothesis:

• H2: Illness severity will moderate the relationship
between doctor type and adherence intention, such
that when illness severity is high, patients will report
greater adherence intention to human doctors than AI
doctors.

2.3.2. Message Richness. Another factor that may infuence
the relationship between doctor type and patient adherence
is message richness, or how rich a prescription is in terms of
modality. A prescription can be as plain text or with richer
formats, such as audio and video. In general, prior work on
the efects of message richness on persuasive outcomes has
shown that the greater the number of cues delivered through
various mediums, the less ambiguous the message is per-
ceived (e.g., [51]) which, in turn, increases the message
persuasiveness [52–54]. Likewise, studies report that richer
prescriptions tend to be efective in encouraging patient
adherence [55–57]. In the same vein, a recent systematic
study found that nearly half of the studies analyzed reported
that audiovisual consultation was more efective than voice-
only consultation in improving clinical outcomes and
treatment accuracy [58].

According to the CASA paradigm, human doctors, as
natural and familiar message sources, have consistently
shown stronger persuasive efects compared to AI doctors
[59]. For instance, Kim et al. [60] found that human as-
sistants in healthcare services were rated more highly in
terms of usability and satisfaction than both embodied
virtual assistants and voice-only virtual assistants. However,
an embodied virtual assistant still represents a promising
alternative in patient care settings, ofering a heightened
sense of social presence and engagement compared to
disembodied voice agents [60, 61]. Social presence, facili-
tated through richer modalities, may be a key factor in
narrowing the persuasive gap between human and AI
doctors. Multimodal messages incorporating both verbal
and nonverbal cues (e.g., gaze, hand gestures) have been
found to reduce cognitive load and enhance comprehension,
thereby increasing persuasiveness [62]. In contrast, AI-
generated text messages—often lacking these rich,
human-like cues—are perceived as less natural, which can
lead to lower attitudes toward the message [63]. Building on
this line of research, the current study examines whether
greater message richness can mitigate the diference in
persuasiveness between AI and human doctors. Tus, the
following hypothesis is asked:

• H3: Te diference between AI and human doctors in
patients’ intention to adhere to prescription will de-
crease with higher levels of message richness.

Figure 1 illustrates the conceptual relationships among
proposed variables.

3. Methods

3.1. Participants and Procedures. Prior to data collection,
a power analysis was conducted using G∗Power (F� 0.25,
α� 0.05), which recommended a sample size of 251 to run
our planned analyses. To ensure reaching this goal, we
collected data from a total of 261 Korean adults (age:
M� 22.69, SD� 2.42; gender: 49.4% female). Participants
completed an online survey distributed by Macromill
Embrain Corporation1. After reading a brief overview of the
study and providing informed consent, participants were
randomly assigned to one of 12 conditions: 2 (doctor type:
human vs. AI)× 2 (illness severity: low vs. high)× 3 (message
richness: text-only vs. text-with-audio vs. text-with-
audiovisual).

Participants were given a hypothetical scenario and
asked to imagine that they woke up feeling unwell. In the
high illness severity condition (i.e., peptic ulcer), the sce-
nario described that they felt a sudden, extreme, and burning
pain in their stomach, and that they started vomiting blood.
In the low illness severity condition (i.e., indigestion), it was
described that participants felt indigestion, had a light
headache, and had diarrhea. Ten, the scenario illustrated
that participants decided to get an online diagnosis because
they lived in a small rural town where it took hours to travel
to the nearest clinic (which was closed that day).

Te prescription started of by informing participants
that the diagnosis was made by either a human or an AI
doctor (doctor type) and that they had either an ulcer or
indigestion (high or low illness severity). Te prescription,
which indicated the symptoms and requiredmedication, was
in one of three formats: text-only, text-with-audio, and text-
with-audiovisual. In the text-only condition, all information
was provided via text. In the audio condition, participants
listened to an audio fle with the doctor’s diagnosis along
with the text prescription. In the audiovisual condition, they
watched a video of the doctor with the text prescription. Te
prescription content was developed by reviewing publicly
available Korean-language online materials related to in-
digestion and peptic ulcer treatments. Tese materials were
identifed through a general web search and included ex-
ample prescriptions, informational pages, and visual refer-
ences that refect real-life clinical communication. Te
prescriptions were designed to resemble realistic patient-
facing content and were standardized across conditions to
ensure consistency in length, tone, and structure. We used
Adobe Photoshop CC and video editing software to create
the AI doctor. A baseline model was created to match the
human doctor’s appearance and outft. Ten, looped ani-
mations (e.g., lip and eye movements) were added to match
the human doctor’s facial expressions. Te video was then
combined with AI-generated voice narration (using syn-
thetic speech tools) to simulate an AI delivering a diagnosis
and prescription. Tis video was presented as a prerecorded,
noninteractive consultation designed to resemble a realistic
AI interface, allowing for a controlled and standardized
presentation across conditions.

4 Advances in Human-Computer Interaction

 3637, 2025, 1, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1155/ahci/5934127 by E

w
ha W

om
ans U

niversity L
ibrary, W

iley O
nline L

ibrary on [13/01/2026]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



Finally, participants were asked to fll out a questionnaire
to answer manipulation check items, perceived doctor
credibility, and intention to adhere to the prescription. See
Figure 2 for examples of stimuli.

3.2. Measurement

3.2.1. Doctor Type. Manipulation of doctor type (human vs.
AI) was measured using a semantic diferential anthropo-
morphism scale adapted andmodifed from a previous study
([64]; e.g., “Te doctor who gave me the prescription is. . .,”
1� human, 5�AI; reverse-coded).

3.2.2. Perceived Doctor Credibility. Credibility comprises
two dimensions: expertness (i.e., the degree to which
a communicator is considered as a source of valid arguments
[65]), and trustworthiness (i.e., the level of confdence in the
communicator’s intention to make assertions he/she con-
siders most valid [65]). Following this notion, perceived
doctor credibility was assessed using four 5-point semantic
diferential scale items measuring trustworthiness (e.g., Te
doctor who gave the prescription cannot be trusted/can be
trusted, inaccurate/accurate, dishonest/honest, wrong/right,
[66]); Cronbach’s α= 0.86) and four items measuring ex-
pertness (e.g., Te doctor who gave me the prescription is an
inexpert/expert, unqualifed/qualifed, unskilled/skilled, and
inexperienced/experienced [66]; α= 0.88). Te eight items
were averaged (M= 3.50, SD= 0.72, α= 0.92).

3.2.3. Perceived Illness Severity. Perceived severity of the
illness was measured using two 5-point Likert scale items
adapted from previous literature, e.g., “How severe is your
illness?”, “How severe do you perceive the current situation
to be?” [67], M� 3.11, SD� 0.99, Pearson’s r� 0.80.

3.2.4. Intention to Adhere to Prescription. Intention to ad-
here to prescription was measured using four items re-
garding how important participants think it is to follow the
doctor’s advice and their willingness to follow a prescription

(e.g., “How well will you follow the advice?”, 1� not at all,
5� completely; “How important is it to do what the doctor
expects?”, 1� not important at all, 5� very important;
[68, 69]), M� 3.62, SD� 0.78, ɑ � 0.88.

4. Results

4.1. Manipulation Check. Two independent t-tests were
conducted to test whether the manipulations of doctor type
and illness severity were successful. Te results showed that
participants in the human doctor condition (M� 3.80,
SD� 1.18) perceived the message source to be signifcantly
more humanlike than those in the AI doctor condition
(M� 2.38, SD� 0.85), t(259)� 9.44, p< 0.001, η2 � 0.26.
Moreover, regarding illness severity, those in the high severity
condition (i.e., ulcer; M� 3.60, SD� 0.86) perceived their
illness to be signifcantly more severe than those in the low-
severity condition (i.e., indigestion; M� 2.59, SD� 1.25),
t(259)� 9.49, p< 0.001, η2 � 0.36. To determine if any efects
of confounds stemmed from demographic distributions of the
12 conditions, χ2 analyses were conducted. None of the
demographic variables difered by the conditions. Correla-
tions among all variables are reported in Table 1.

4.2. Hypotheses Testing. To examine the mediated indirect
efect of doctor type on adherence intention via credibility
(H1), and moderating efects of illness severity and message
richness (H2, H3; Figure 1), a series of PROCESS Macro
([70], Model 5) was run in SPSS 29. Two models were tested,
with doctor type as the independent variable, adherence
intention as the dependent variable, perceived doctor
credibility as the mediator, and illness severity (Model A)
and message richness (Model B) as moderators (Figure 3).
As suggested by Preacher and Hayes [71], the models were
estimated with bootstrapped 95% confdence intervals,
based on 5000 resamples.

Results showed that the models were statistically sig-
nifcant, Model A: R2 � 0.76, SE� 0.26, F� 87.24, p< 0.001;
Model B: R2 � 0.60, SE� 0.24, F� 64.17, p< 0.001. Consis-
tent with H1, perceived doctor credibility difered

H1 H1

H2 H3

Perceived doctor
credibility

Doctor type
(AI vs. human)

Illness severity
(high vs. low)

Message richness
(text-only vs.

text-with-audio vs. text-with-
audiovisual) 

Intention to adhere
to prescription

Figure 1: Proposed relationships among variables.

Advances in Human-Computer Interaction 5
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signifcantly by doctor type (b� 0.24, SE� 0.09, t� 2.74,
p � 0.007), such that participants perceived greater credi-
bility for the human doctor than the AI doctor. In turn,
perceived doctor credibility was positively related to in-
tention to adhere to prescription (Model A: b� 0.81,
SE� 0.04, t� 18.18, p< 0.001; Model B: b� 0.84, SE� 0.04,
t� 18.64, p< 0.001). Moreover, the indirect efect of doctor
type on adherence intention was statistically signifcant
(Model A: b� −0.20, SE� 0.07, 95% CI [−0.33, −0.06], Model
B: b� −0.20, SE� 0.07, 95% CI [−0.35, −0.06]), indicating
a signifcant mediation efect (H1 supported). For Model A,
there was no signifcant direct efect of doctor type on
adherence intention, indicating that perceived doctor
credibility fully mediated this relationship. For Model B, on
the other hand, there was a signifcant direct efect of doctor
type on adherence intention (b� −0.30, SE� 0.10, 95% CI
[−0.51, −0.09]), indicating a partial mediation efect.

Illness severity did not signifcantly moderate the re-
lationship between doctor type and adherence intention
(b� −0.002, SE� 0.06, t� −0.03, p � 0.98, Figure 3; Model
A). Tat is, regardless of how severe the illness was, people
were more likely to adhere to the human doctor compared to
the AI doctor (H2 not supported).

Finally, there was a signifcant interaction between
doctor type and text-only vs. text-with-audiovisual message
condition (b=−0.49, SE = 0.15, t=−3.24, 95% CI [−0.79,
−0.19]), but not between text-only vs. text-with-audio
conditions (b=−0.16, SE = 0.15, t=−1.09, 95% CI [−0.46,
0.13]; Figure 3; Model B). Te diference in adherence

intention for human vs. AI doctor condition was signif-
cantly smaller in text-with-audiovisual condition than text-
only condition (Mdif = 0.27, SD= 0.12; H3 partially sup-
ported). See Figure 3 for path coefcients for Model A and
B. See Figure 4 for a graphic representation of the doctor
type×message richness interaction on patient adherence.

5. Discussion

5.1. Findings and Implications. Te primary purpose of this
study was to examine whether individuals would difer in
their intentions to adhere to a prescription provided by
a human vs. an AI doctor, using the CASA paradigm as the
guiding framework. Specifcally, we aimed to elucidate the
underlying mechanism by testing the mediating role of
doctor credibility and the moderating roles of illness severity
and message richness.

5.1.1. Perceived Doctor Credibility. Results showed that
patients perceived greater credibility toward a human doctor
than an AI doctor. Although the CASA paradigm proposes
that people are likely to treat nonhuman agents as if they are
human beings if the interface exhibits sufcient human-like
cues [24], our fnding suggests that this may not apply in the
medical context. Indeed, previous studies have shown hu-
man doctors were perceived as more credible than AI
doctors across diferent medical conditions (e.g., skin cancer
[72]; AIDS [28]) and disciplines (e.g., cardiology, ortho-
pedics, dermatology, and psychiatry [39]).

Moreover, we found that perceived doctor credibility
mediated the relationship between doctor type and adher-
ence intention. Given this mediating efect was observed
across diferent levels of illness severity and message rich-
ness, this implies that a critical factor to consider when
building a telehealth system is to ensure the provider—
whether it be human or nonhuman agent—is perceived as
credible. In AI-assisted healthcare, one way to boost cred-
ibility is to be transparent about the decision process (i.e.,
technological transparency) as well as the underlying context
(i.e., social transparency [73]). Previous research shows that

(a) (b)

Figure 2: Examples of stimuli (screenshot). Note. Screenshots of a human and AI doctor in the text-with-audiovisual condition.Te text in
the purple box reads “Dr. Sungmin Kim” (i.e., a generic Korean name) on the (a) and “AI doctor” on the (b). Te animations for the AI
doctor (e.g., eye, lip movement) matched with the human doctor. Due to a potential privacy concern, the human doctor’s face has been
blurred.

Table 1: Means, standard deviations, and zero-order correlations.

Constructs (1) ( ) (3)
(1) Perceived illness severity —
(2) Perceived doctor credibility 0.02 —
(3) Intention to adhere to prescription 0.08 0.76∗∗ —
M 3.11 3.50 3.62
SD 0.99 0.72 0.78
Note: M�mean.
Abbreviation: SD� standard deviation.
∗∗p< 0.01.

6 Advances in Human-Computer Interaction
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providing contextual information of the decision-making
process can yield trust in AI [73]. Likewise, in telemedicine,
ensuring social transparency by providing information on
who is responsible for the decision (e.g., by including
a profle picture and organizational role) and an explanation
of the reasons behind the decision (why) will help increase
the credibility of AI providers.

5.1.2. Illness Severity. We found that illness severity did not
signifcantly moderate the relationship between doctor type
and patient adherence intention. Specifcally, regardless of
how severe the individuals perceived their illness to be, they
tended to be more willing to adhere to the prescription
provided by the human doctor than the AI doctor. Although
this trend was supported in some studies (e.g., [72]), other
studies reported mixed fndings regarding the moderating
role of illness severity [43, 74]. Given these inconsistencies,
future research should further examine how diferent levels

of illness severity may infuence adherence to AI versus
human doctors.

One potential reason for this nonsignifcant moderation
may be our studies’ hypothetical nature of stimuli. In this
study, participants were asked to “imagine” that they were
experiencing either severe or less severe pain, and indeed,
the manipulation check showed a signifcant diference in
perceived severity between the two conditions. However, not
directly measured in this study is the degree to which the
participants considered the illness to be relevant to them-
selves. It is possible that, for example, if an individual has
actually experienced an ulcer before, they would indicate
greater adherence to a human doctor than an AI doctor,
because they actually know how painful it is. Tus, to make
our fndings more robust, future studies may beneft from
asking participants how relevant or salient a given illness is
to themselves (e.g., Have you ever experienced disease X? Do
you have a family health history of disease X?).

0.24∗∗ 0.81∗∗

–0.002 (n.s.)

0.09 (n.s.)

Perceived doctor
credibility

Doctor type
(AI vs. human)

Illness severity
(high vs. low)

Intention to adhere
to prescription

(a)

Doctor type
(AI vs. human)

Intention to adhere
to prescription

Perceived doctor
credibility

0.24∗∗ 0.84∗∗∗

–0.49∗∗ –0.16 (n.s.)

0.30∗∗

Message richness
(text-only vs.

text-with-audiovisual) 

Message richness
(text-only vs.

text-with-audio) 

(b)

Figure 3: Path coefcients of proposed models. (a) Model A. (b) Model B. Note. ∗∗p< 0.01, ∗∗∗p< 0.001, n.s.� nonsignifcant. Un-
standardized coefcients (b) are reported. Human doctor condition was coded as 1, and AI doctor condition was coded as 0.
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5.1.3. Message Richness. In regard to moderating the role of
message richness, our results showed that the diference in
patient adherence for the human and the AI doctor was
signifcantly smaller in the text-with-audiovisual pre-
scription condition than in the text-only condition. In other
words, although patient adherence was consistently greater
for the human doctor compared to the AI doctor, the gap
was notably reduced in the audiovisual condition.Tis result
aligns with previous research [54, 75] that fnds a bigger
diference between video and text than that between audio
and text in terms of message persuasiveness.

Tere are diferent ways to interpret this fnding. First,
participants in the audiovisual condition may have focused
more on the afuent message cues than the source itself,
signifcantly increasing their willingness to adhere to the AI
doctor, as message vividness is often used as a proxy for
message quality [76]. Another potential explanation for this
result is the perceived novelty of the use of audiovisuals in
a telemedicine context. Since most users of technology are
familiar with text-based chatbots like ChatGPT [77] and
audio-based AI assistants like Siri and Alexa [78], it is possible
that the addition of video, which is used relatively less fre-
quently, evoked a sense of novelty, leading to the formulation
of positive attitude and behavioral intention. It should be
noted that such novelty efects may wear of as video-based AI
assistants become more common with rapid technological
advancements. With the rapid development of AI technology
in telemedicine, future studies should examine how the
perceived novelty may infuence patient outcomes.

A third possible interpretation involves anthropomor-
phism [79]. Te audiovisual condition may not only have

enhanced message vividness and novelty but also increased
the perceived humanness of the AI doctor. When added to
textual messages, visual and vocal cues (e.g., facial move-
ment, eye contact, and speech) can accelerate social presence
[80] and lead users to treat artifcial agents more like
humans. While our study did not explicitly test anthropo-
morphism, these features may have triggered social re-
sponses that contributed to the reduced adherence gap.
Future research could more directly investigate this by
manipulating the level of agent humanness, such as com-
paring realistic human-like avatars with robotic or abstract
designs, to better understand how anthropomorphic cues
shape user trust and behavioral intentions in telemedicine.

While these fndings highlight how audiovisual commu-
nication can help narrow the adherence gap between AI and
human doctors, they also draw attention to the “uncanny
valley” phenomenon [81, 82]. AI systems that appear or behave
toomuch like humansmay elicit discomfort rather than greater
trust and adherence. Patients may respond more favorably to
an AI that maintains a machine-like persona rather than one
that imitates human behaviors too closely. Terefore, future
research should investigate the optimal level of human-likeness
in AI-based medical advice, considering both appearance and
communication style, to determine how best to enhance pa-
tient adherence without eliciting discomfort.

5.2. Future Directions. It is important to recognize that AI
systems are not uniformly designed, and their capabilities
can vary substantially based on their training and imple-
mentation. In this study, we evaluated patient perceptions of

Text-only Text-with-audio Text-with-audiovisual
Message richness

Human
AI
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Figure 4: Doctor type×message richness interaction on patient adherence intention. Note. Error bars: 95% confdence interval.
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a generic AI doctor; however, the credibility and trust-
worthiness of AI-generated medical advice may depend on
the specifc system being employed. Future investigations
should therefore examine how diferent AI medical systems
impact patient trust and adherence. Including more detailed
information about AI’s decision-making processes may help
address the credibility gap identifed in this study.

Another key consideration is the evolving relationship
between AI and human doctors. While our fndings show
that participants were more inclined to adhere to pre-
scriptions from a human doctor, it is important to consider
the distinct and potentially complementary roles each can
play in telemedicine. Skepticism remains that AI doctors
may lack vital interpersonal skills such as empathy and trust-
building [83, 84], but these concerns regarding interpersonal
interactions refect just one aspect of AI’s multifaceted role
in healthcare. AI systems can ofer distinct advantages in
patient care by ofering immediate support, delivering in-
depth explanations, and managing tasks that time-
constrained physicians often fnd challenging, such as fol-
lowing up on medication adherence or handling patient
complaints [85, 86]. Additionally, their capabilities can vary
signifcantly based on the scope and quality of their training
data, which means some AI systems can surpass human
doctors in medical knowledge, while others may be more
narrowly specialized [87]. Given these diferences in capa-
bilities, it may be limiting to apply the same criteria when
assessing patient adherence to AI and human doctors. In-
stead, future evaluations should consider how each may
support patient adherence in distinct ways, based on their
respective roles in patient care. Understanding how patients
perceive these roles will be important for developing ef-
fective integration strategies. Collaborative processes in
which AI and human medical advice continually inform and
refne each other may help ensure that AI’s benefts are
maximized without undermining the critical human di-
mensions of healthcare [88].

5.3. Limitations. Tis study has limitations. First, given how
telemedicine, especially that uses AI doctors, is not fully
commercialized or familiar to the public, this study
employed hypothetical scenarios featuring custom-made
videos in which an AI doctor issued prescriptions. Tis
approach may have appeared unnatural, potentially con-
straining the authenticity of the situation. Terefore, future
research could enhance the ecological validity of the study by
leveraging state-of-the-art AI technology to create more
realistic stimuli. For instance, utilizing AI techniques that
transform videos into AI-generated scenarios could ofer
a more immersive and authentic experience, simulating
encounters with AI doctors and potentially yielding fndings
that better refect real-world decision-making processes.
Additionally, researchers could consider collaborating with
existing commercial telemedicine platforms (e.g., CVS’s
Minute Clinic Virtual Care) to recruit actual users and
examine how their levels of illness severity afect their de-
cisions regarding compliance with AI doctors’
recommendations.

Second, the sample of this study predominantly consisted
of young adults, who are generally healthier and less likely to
have experienced severe illnesses [89], potentially limiting the
generalizability of our fndings. Additionally, the geographic
location data for participants weremissing in the study. Given
that the location in which participants live may play a critical
role in shaping their perception of telemedicine (e.g., in areas
where medical resources are sparse, telemedicine may be
considered a crucial alternative), it would be necessary to
examine its impact in future studies. Tus, to enhance the
generalizability and rigor of the study, including a more
diverse sample with richer data representing the geolocation
and level of access to medical facilities is recommended.

Finally, due to the cross-sectional nature of this study, we
measured participants’ intention to adhere to prescriptions
as a proxy for actual adherence. Although behavioral in-
tention is considered a strong predictor of behavior [90],
some scholars have pointed out that intention may not
always be translated into behavior [91]. Moving forward,
future studies should address this limitation by measuring
actual adherence behavior.

6. Conclusion

Te rapid advancements of AI technologies are evident, and
telemedicine has emerged as a prominent feld of application.
Te current study poses two signifcant considerations in
a specifc domain of AI-assisted healthcare (i.e., the use of
conversational AI systems that deliver medical advice to
patients). First, the establishment of credibility perception
toward medical AI agents holds a central position in facili-
tating patient adherence. Without the foundation of credi-
bility, patients may be hesitant to adhere to medical advice by
AI systems, regardless of AI’s actual capabilities to provide
accurate diagnoses and prescriptions. Second, our fndings
suggest message richness as a promising factor that can en-
hance acceptance of AI recommendations through richer
audiovisual cues.Tese insights ofer valuable implications for
both healthcare practitioners and AI system developers to
efectively integrate AI-based agents into healthcare by
strategically addressing patient perceptions and communi-
cation modalities for successful patient care. While these
fndings pertain to one specifc application of AI in patient-
facing interactions, it is important to recognize that AI has
demonstrated considerable promise in other areas of medi-
cine, such as diagnostic imaging and illness detection, where
distinct dynamics of trust and performance are likely to apply.

Data Availability Statement

Study data are available from the corresponding author
upon request.

Conflicts of Interest

Te authors declare no conficts of interest.

Funding

No funding was received for this manuscript.

Advances in Human-Computer Interaction 9

 3637, 2025, 1, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1155/ahci/5934127 by E

w
ha W

om
ans U

niversity L
ibrary, W

iley O
nline L

ibrary on [13/01/2026]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



Endnotes
1Macromill Embrain Corporation (https://www.embrain.
com/eng/) is an online research company located in
Seoul, South Korea, that holds a nationwide panel of over 1.6
million individuals.
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