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Abstract
Background: Artificial intelligence–based skin cancer screening apps (AISCSAs) offer diagnostic potential but face limited
adoption. App store cues, such as ratings, may influence acceptance; yet, little is known about how users cognitively process
app store information in high-stakes health contexts. To address this gap, eye-tracking was used to measure visual attention
while participants evaluated a mock AISCSA app store listing.
Objective: This study aimed to test whether a single negative rating captures visual attention and whether an extended
technology acceptance model (TAM) can predict behavioral intention to use (BI) AISCSAs.
Methods: Participants (N=76) evaluated a mock app store listing for an AISCSA under positive (n=42) or negative (n=34)
rating conditions while their eye movements were recorded. Analyses combined fixation durations in defined areas of interest
(AOIs) with self-reported measures of perceived usefulness (PU), perceived ease of use (PEOU), trust, BI, willingness to pay,
and the self-rated importance of app attributes.
Results: Normalized fixation durations (seconds per square pixel) revealed the highest attention to the description (0.166
s/px2), followed by the reviews (0.11 s/px2) and the ratings (0.04 s/px2), while the price and the data protection received the
least attention. Of the 5 self-rated app attributes, only reviews correlated positively with fixation durations on the reviews-AOI
(r=0.28; P=.01). Rating valence had no significant effect on gaze patterns, PU, PEOU, trust, BI, or willingness to pay (all
Ps>.05). However, PEOU (P=.001), PU (P<.001), and trust (P<.001) were significantly correlated with BI.
Conclusions: Although the expected attentional capture effect of the negative rating was not observed, the weak or nonexis-
tent associations between fixation durations on the AOIs and the self-rated importance of app attributes suggest that eye-track-
ing captures aspects of information processing that are not directly reflected in self-reported evaluations. These findings
indicate that eye-tracking provides a more direct approximation of actual user behavior by revealing implicit attentional
processes beyond what is captured by questionnaires. While the technology acceptance model constructs and trust predicted
BI, rating valence alone did not affect acceptance or gaze behavior. In high-stakes health contexts, textual information may
outweigh rating valence in driving adoption. Future research should explore conditions under which rating valence matters,
including more extreme rating contrasts, variations in accompanying review texts, and the influence of individual differences
such as preexisting attitudes toward artificial intelligence and levels of artificial intelligence literacy.
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Introduction
Background
Skin cancer is a highly prevalent global health concern,
with melanoma, the deadliest subtype, posing a significant
challenge. Early detection is crucial for improving survival
rates, and clinical guidelines recommend full-body skin
examinations by trained dermatologists and the use of
dermoscopy for assessing skin lesions [1,2]. However, a
growing shortage of dermatologists is exacerbating diagnos-
tic delays [3,4]. Even today, more than half of all skin
cancers are first noticed by patients themselves rather than
detected during professional screenings [5], which has driven
the exploration of artificial intelligence (AI) to support skin
cancer detection. Empirical studies show that deep learn-
ing models can achieve diagnostic performance compara-
ble to human experts in analyzing dermoscopic images
for melanoma [6,7]. When integrated into mobile apps,
these systems provide immediate risk assessments through
automated, deep learning–based image analysis. Despite their
potential to support early detection, adoption rates remain
low, as many users continue to prefer conventional dermato-
logical consultations [8-10].

This reluctance reflects a broader adoption gap identified
in research on AI in health care—a discrepancy between the
high diagnostic performance of AI systems and their limited
acceptance in real-world practice [11,12]. While this gap is
well-documented, less is known about the specific digital
cues that drive such skepticism. Given that users increas-
ingly rely on app store information to evaluate AI-based
health apps, understanding how user-generated ratings shape
acceptance becomes critical—particularly as these ratings
represent a powerful yet understudied influence on decision-
making in high-stakes health care scenarios.

Despite extensive research on rating valence in e-com-
merce, 3 key gaps remain. First, the role of rating valence
in high-stakes health contexts, such as AI–based skin cancer
screening apps (AISCSAs), remains largely unexplored.
Second, prior research has not systematically integrated rating
valence into the technology acceptance model (TAM) [13],
particularly with regard to its causal effects on perceived
usefulness (PU), perceived ease of use (PEOU), trust, and
outcomes such as behavioral intention to use (BI) and
willingness to pay (WTP). Existing studies predominantly
rely on observational, nonexperimental designs, limiting
causal inference. In contrast, this study uses an experimen-
tal manipulation of rating valence (positive vs negative)
to directly examine its causal impact on these constructs.
Third, prior work relies almost exclusively on self-reported
measures and thus provides limited insight into the underlying
cognitive processes, neglecting objective behavioral data such
as eye-tracking.

To address these gaps, this study develops an integrative
framework that combines the TAM, trust, and rating valence
within a dual-process perspective of technology accept-
ance. By linking experimentally manipulated rating valence
with both self-reported measures and eye-tracking data, we

provide novel insights into how rating valence causally
shapes acceptance beliefs and intentions, how users visually
process app store information, and how closely self-reported
evaluations align with actual attentional behavior.
Theoretical Foundation and Research
Hypotheses

Effects of Rating Valence on Technology
Acceptance
Traditional technology acceptance research, particularly the
TAM, assumes that technology evaluation is primarily a
deliberate and analytical process. The TAM posits that
PU and PEOU are the key determinants of BI [13]. How-
ever, dual-process theory suggests that human cognition is
governed by 2 interacting systems: type 1 processing, which
is fast, intuitive, and heuristic-based, and type 2 processing,
which is slower, reflective, and cognitively effortful [14].
Because individuals tend to act as “cognitive misers,” they
typically default to type 1 processing and rely on heuristic
cues, particularly in uncertain or information-rich environ-
ments [14].

In digital marketplaces, such as app stores, these heuris-
tic processes are highly relevant. User-generated star ratings
serve as salient cues that shape users’ initial impressions
before more deliberate evaluations take place. In this context,
ratings and reviews function as key signals of product
reliability by conveying aggregated user experiences and
recommendations [15-17]. Meta-analytic evidence confirms
that review valence exerts a powerful effect on purchase
intentions [18]. While positive reviews enhance perceived
quality and download likelihood [19-21], negative reviews
often exert even stronger effects because they are perceived
as more diagnostic and trustworthy [22,23]. This asymmetry
is attributed to the negativity bias, where negative informa-
tion attracts greater attention and has a stronger impact on
decisions than positive ones [24-26].

Taken together, this suggests that rating valence may act
as an early heuristic signal that shapes subsequent evalua-
tions before more analytical processing occurs. Acceptance
beliefs, such as PU, PEOU, trust, BI, and WTP, may already
be biased by initial exposure to rating information. Impor-
tantly, WTP appears less stable than BI and may be influ-
enced in a more complex and indirect manner, as it reflects
distinct evaluative judgments and is shaped by both func-
tional and psychological factors [27-29]. Building on this
reasoning, this study introduces an experimental manipula-
tion of rating valence, enabling a direct test of how exter-
nal heuristic cues causally influence the formation of PU,
PEOU, trust, and outcomes such as BI and WTP. Accord-
ingly, we address the following research question: What is
the effect of positive versus negative ratings on behavioral
intentions? To empirically examine this proposed preprocess-
ing role of rating valence across different outcome variables,
the following hypothesis is formulated:

• H1: Rating valence significantly influences user
perceptions and intentions, such that a negative rating
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leads to lower (a) trust, (b) PU, (c) PEOU, (d) BI, and
(e) WTP.

Extending the TAM
While the previous hypothesis proposed that rating valence
influences initial evaluations, it remains unclear through
which mechanisms these effects translate into acceptance
decisions. The TAM provides a well-established framework
to explain how user beliefs shape behavioral intentions.
However, in AI-based health care contexts, the TAM
alone may not fully capture user acceptance. A recent
review by Lee et al [30] shows that the core TAM
constructs are insufficient in complex health care environ-
ments, where additional factors, such as trust, organizational
support, and education, significantly influence adoption. Due
to the complexity, opacity, and perceived unpredictability

of intelligent systems, trust emerges as an essential addi-
tional construct. Trust reflects the belief that a system
performs reliably and safely, thereby reducing perceived
risk and supporting decision-making under uncertainty [31,
32]. Empirical evidence indicates that trust not only directly
affects BI [22,33,34] but also positively influences PU [35-
38]. Based on this framework, the following hypotheses are
proposed (Figure 1):

• H2: Within the AISCSA context, PEOU is positively
associated with (a) trust and (b) PU, and (c) trust is
positively associated with PU.

• H3: BI is positively associated with (a) PEOU, (b) trust,
and (c) PU.

• H4: WTP is positively associated with (a) PEOU, (b)
trust, and (c) PU.

Figure 1. Integrative research model incorporating rating valence and trust into the technology acceptance model to predict behavioral intention to
use and willingness to pay. H: hypothesis.

We want to test whether the TAM is able to explain the
effects of the experimental manipulation. Prior research
extending the TAM in AI-based health care contexts
predominantly relies on cross-sectional survey designs to
examine relationships between the TAM constructs and
additional factors (eg, trust and privacy concerns) without
experimentally manipulating external inputs [33,34,39,40].
While these approaches allow for the estimation of theoret-
ically grounded causal pathways, they are based on observa-
tional (nonexperimental) data and therefore remain limited
in establishing causal effects. Against this background, a
key question is whether the TAM can adequately explain
how externally manipulated rating information translates into
behavioral intentions. Accordingly, we address the following
research question: To what extent can the TAM explain the
effect of rating valence on behavioral intentions? Building on
this reasoning, we propose the following hypotheses:

• H5: The effect of rating valence on BI is mediated by
(a) PEOU, (b) PU, and (c) trust.

Visual Attention and the Processing of
Heuristic Cues
While heuristic cues such as rating valence are assumed
to influence evaluations, this assumption does not account
for how users cognitively process such information at the
moment of exposure. Traditional technology acceptance
research has largely relied on self-reported measures to
assess acceptance beliefs, thereby conceptualizing decision-
making as a consciously accessible and predominantly
rational process [13]. However, such measures are limi-
ted, as individuals are often unable to accurately report
the processes underlying their decisions due to recall bias
and introspective inaccessibility [41-43]. Eye-tracking offers
an important window into these processes by capturing
objective and continuous measures of visual attention and
cognitive engagement. According to the eye-mind hypothe-
sis, individuals process what they fixate on, making visual
fixation a reliable indicator of ongoing cognitive processing
[44,45]. In this context, fixation duration reflects cognitive
effort and information processing depth, with longer fixations
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indicating more intensive processing [46]. From a dual-
process perspective, fixation patterns can be interpreted as
indicators of different processing modes: shorter fixations are
associated with intuitive, heuristic-based (type 1) process-
ing, whereas longer fixations suggest more deliberate and
analytical (type 2) processing [47,48]. Importantly, eye-track-
ing captures nonconscious attentional processes and thus
provides an unobtrusive and behaviorally grounded meas-
ure of information processing that complements self-repor-
ted evaluations. Here, we use eye-tracking to improve our
understanding in 3 ways.

First, we investigate where people look for information
in the app store when browsing for health-related apps. In
digital environments, attention is inherently selective and
shaped by both stimulus characteristics and user goals. Prior
eye-tracking research suggests that users tend to focus on
visually salient elements such as images [49-53]. However,
app store-specific evidence indicates that decision-making
often relies more heavily on textual information, partic-
ularly descriptions and user reviews [54]. At the same
time, existing findings point to substantial variability in
attention patterns. Eye-tracking studies show that while
some users engage extensively with review content, others
allocate more attention to product selection, with differences
observed across user groups such as different age cohorts
[55]. Conversely, privacy- and security-related information
typically receives limited attention, especially when presented
in less salient formats [56]. Users may overlook privacy
policies despite expressing concerns and rely on heuristic
cues when apps are perceived as necessary [57,58]. Taken
together, these findings suggest that attention allocation
in app store environments is neither uniform nor fully
explained by existing theory. In particular, it remains unclear
which types of information users prioritize when evaluating
high-risk health apps. To address this gap, we descriptively
analyze gaze patterns.

Second, we test whether users’ consciously reported
importance of app attributes corresponds to their actual
allocation of visual attention during decision-making. While
self-reports and eye-tracking capture different levels of
cognitive processing [59], they are expected to converge on
attributes that users deem personally relevant. If an attribute
is integrated into an individual’s conscious value system,
it should actively guide attentional resources toward related
information. Accordingly, we address the following research
question: To what extent are the self-rated importance of app
attributes reflected in users’ gaze patterns? Based on this
reasoning, the following hypothesis is proposed:

• H6: There is a positive relationship between the
self-rated importance of app attributes and actual visual
attention (fixation durations) to the corresponding areas
of interest (AOIs).

Third, we test the effect of our experimental manipulation
on visual attention. Consistent with the negativity bias [24-
26], prior eye-tracking research shows that negative informa-
tion attracts greater visual attention and elicits more inten-
sive cognitive processing [60,61]. Such heightened attention
may reflect a shift from intuitive, automatic processing

(type 1) to more deliberate and analytical processing (type
2), particularly when users encounter risky or conflicting
information [47]. Supporting this view, evidence suggests that
negative or misleading stimuli can activate type 2 processing
and prompt deeper evaluation compared to consensus-based
stimuli [62]. Based on this reasoning, the following hypothe-
sis is proposed:

• H7: A single negative rating increases visual attention
to user reviews, as reflected in longer fixation durations
on the reviews-AOI.

Moderating Role of Attention and Individual
Differences
While rating valence shapes perceptions through the TAM-
related mechanisms, its impact is unlikely to be uniform
across users and situations. Dual-process theory suggests
that the influence of heuristic cues depends on processing
depth: information that is processed more extensively exerts
a stronger effect on subsequent judgments [63]. Visual
attention provides an observable indicator of this process-
ing depth, as information receiving more attention is more
likely to be incorporated into decision-making [64]. Beyond
mere information acquisition, research indicates that visual
attention actively biases decisions through a causal amplifi-
cation effect. According to this mechanism, fixations are
not neutral; rather, they amplify the relative value signal
of the attended information. Consequently, longer fixations
increase the weighting of a specific cue, such as rating
valence, within the value integration process, thereby exerting
a disproportionate influence on the final evaluation [65,66].
This implies that rating valence should have a stronger impact
on user beliefs and intentions when it receives greater visual
attention. In other words, the effect of rating valence is not
fixed but depends on how deeply the cue is processed and
integrated into the decision-making process. To capture this
conditional effect, we propose that visual attention moderates
the relationship between rating valence and acceptance-rela-
ted outcomes:

• H8: The effect of rating valence on (a) PU, (b) PEOU,
(c) trust, and (d) BI is moderated by visual attention,
such that higher fixation durations on the ratings-AOI
strengthen this relationship.

Prior research suggests that individual differences influence
how users process and respond to app store information.
Factors such as age, sex, education, prior experience with
health apps, and self-reported AI knowledge may shape
reliance on heuristic cues as well as attention allocation
and acceptance judgments [67-69]. Less experienced users,
for instance, may rely more strongly on ratings, whereas
more knowledgeable users may engage in more analytic
processing. However, existing evidence does not support
a comprehensive set of directional hypotheses for each
characteristic. Therefore, these variables are included as
control and exploratory factors to provide additional insights
into users’ attention, perceptions, and behavioral intentions.
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Methods
Participants and Recruitment
Participants were recruited via university mailing lists, flyers,
and student WhatsApp groups. Eligibility criteria included
a minimum age of 18 years and fluency in German. Data
collection took place between April 28 and May 31, 2025.
A total of 95 participants were initially recruited; 19 were
excluded due to insufficient eye-tracking accuracy or failed
attention checks, resulting in a final sample of 76 participants
(positive condition: n=42; negative condition: n=34). An a
priori power analysis (G*Power; α=.05; power=0.95; effect
size=0.80) indicated a required sample size of at least 35
participants per group, confirming sufficient statistical power.
In response to the reviewers’ and editor’s comments, we
have streamlined and refined our hypotheses. Importantly,
this revision involved a structural clarification rather than
changes to the underlying analyses or hypothesis testing. The
updated hypotheses and their correspondence to the original
versions are presented in Table S1 in Multimedia Appendix 1.
Eye-Tracking Setup
Gaze data (fixation duration) were recorded using a Tobii Pro
Spark eye tracker (60 Hz), mounted below a 22-inch laptop
screen (1920×1080 pixels, 60 Hz). Sessions were conducted
individually in a controlled laboratory environment, with
participants seated approximately 45‐55 cm from the screen
[70]. A standard 9-point calibration was performed prior
to the experiment, and only calibrations with a validation
accuracy below 0.80° were accepted [71].

Materials
The stimulus for the eye-tracking experiment was a mock-up
of an Apple app store listing for a fictitious skin cancer
screening app (“SkinScan”), modeled after existing apps. To
reduce familiarity bias, app name and content were adapted.
Two versions of SkinScan were created, identical in all
aspects except for the middle of the 3 user star ratings: the
positive rating condition showed two 5-star ratings and one
4-star rating, while the negative rating condition replaced the
middle 5-star with a 1-star rating to introduce the experi-
mental manipulation (Multimedia Appendix 2). All other
elements, including the overall star rating and review text,
were identical across conditions. Both app versions were
integrated into and presented through Tobii Pro Lab.
Procedure
After providing informed consent, participants were seated
in front of the eye-tracking system. They were instructed to
view the app page as they normally would and to imagine
evaluating its usefulness. Subsequently, a 9-point calibra-
tion procedure was conducted. Following calibration, the
experiment began. No time limit was imposed, and gaze
behavior was recorded continuously throughout the task.
After stimulus exposure, participants completed a question-
naire on a tablet device and received compensation (see
Figure 2 for the procedure of the experiment). A small pretest
(n=3) using a think-aloud approach was conducted to ensure
clarity and usability of the study design.

Figure 2. Schematic representation of the study workflow.
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Posttask Questionnaire
The questionnaire consisted of 29 items. The first section
measured PEOU, PU, trust, and BI using validated multi-
item scales, with each construct measured by 4 items
(see Table S2 in Multimedia Appendix 1 for a complete
list of items and scale specifications). The second sec-
tion assessed the self-rated importance of app attributes
(eg, price, reviews, and data protection) on 5-point Lik-
ert scales (1=not at all important and 5=very important).
The third section included self-rated AI knowledge, WTP,
and demographic variables (age, sex, previous experience
with health apps, and education). All scales were adapted
from prior research. Following established scale develop-
ment procedures [72,73], content modifications were made to
reflect the study’s objectives. To ensure linguistic accuracy,
all items were translated using a back-translation procedure
[74]. An attention-check item was included to ensure data
quality. A full list of questionnaire items is provided in Table
S2 in Multimedia Appendix 1.
Data Analysis
To assess potential common method bias, the Harman
single-factor test was conducted [75]. An exploratory factor
analysis including all questionnaire items was performed.
Parallel analysis indicated a multifactor structure, and the
single-factor solution accounted for only 30% of the total
variance. Moreover, the 1-factor model showed poor fit
(χ²135=4364.2; P<.001). These results suggest that common
method bias is unlikely to be a significant concern in this
study.

Fixation durations (in seconds) were recorded within
predefined AOIs (Multimedia Appendix 3) and processed
using Tobii Pro Lab. Fixation duration data were aggregated
into composite categories (eg, reviews, ratings, and descrip-
tion) and normalized by AOI size (seconds per square pixel)
to account for differences in area. Mean fixation durations per
AOI were then calculated at the participant level. Participants
with insufficient tracking accuracy or missing data were
excluded (n=19), yielding a final sample of 76.

Prior to analysis, scatterplots were examined to assess
linearity and identify influential outliers. Pearson correla-
tions were used to test relationships between variables, and
independent-samples 2-tailed t tests (including Cohen d)
were conducted to compare experimental conditions. Multiple
regression analyses were performed to assess predictors of
BI and WTP. Mediation and moderation effects were tested
using regression-based approaches with bootstrapped CIs. All
analyses were conducted at a significance level of P<.05, with
95% CIs reported.
Ethical Considerations
The authors assert that all procedures contributing to this
work comply with the ethical standards of the relevant
national and institutional committees on human experimenta-
tion and with the Helsinki Declaration of 1975, as revised
in 2008. An ethics approval was granted by the University
of Applied Sciences and Arts Bielefeld (2025_002), and the
study was preregistered. Informed consent was required from
all participants in this study. Participants received approxi-
mately US $5.83 compensation.

Results
Sample Characteristics
The final sample consisted of 76 participants. Of these, 42
of 76 (55%) participants were randomly assigned to view
the positive rating condition, while 34 of 76 (45%) partici-
pants saw the negative rating condition. As shown in Table
1, participants had a mean age of 22.88 (SD 3.13; range
18-33) years and a median age of 22 (IQR 21-24) years.
The majority of participants were female (53/76, 70%). Most
reported having a general school leaving certificate (49/76,
64%), while 13 of 76 (17%) held a university degree. The
mean level of self-rated AI knowledge was 2.65 (SD 0.91).
None of the participants had prior experience with skin cancer
screening apps.

Table 1. Characteristics of the study sample.
Characteristics Values
Age (years)
  Mean (SD) 22.88 (3.13)
  Range 18-33
  Median (IQR) 22 (21-24)
Sex, n (%)
  Female 53 (70)
  Male 23 (30)
Education, n (%)
  General school leaving certificate (eg, Abitur) 49 (64)
  Vocational school qualification (eg, apprenticeship) 12 (16)
  University degree (eg, bachelor) 13 (17)
  PhD —a

  Other 1 (1)
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Characteristics Values
  No answer 1 (1)
Previous experience with skin cancer screening apps, n (%)
  Yes —a
  No 76 (100)

aNot available.

Effects of Rating Valence on Technology
Acceptance
To address the research question of how a single nega-
tive rating affects behavioral intentions, independent-samples

comparisons were conducted to examine the effect of rating
valence on trust, PU, PEOU, BI, and WTP (Table 2). The
results indicated no significant differences between positive
and negative rating conditions for any of the examined
variables (all Ps>.05). Thus, H1a-e are not supported.

Table 2. Effects of rating valence on the technology acceptance model constructs.
Hypothesis (H) Variable Positive rating (n=42), mean (SD) Negative rating (n=34), mean (SD) P value, overall Cohen d
H1a Trust 2.48 (0.61) 2.62 (0.70) .35 0.22
H1b PUa 3.78 (0.64) 3.71 (0.71) .64 0.11
H1c PEOUb 4.23 (0.48) 4.12 (0.62) .41 0.20
H1d BIc 2.96 (0.84) 3.14 (1.01) .42 −0.19
H1e WTPd 19.5 (76.4) 63.1 (229) .30 −0.27

aPU: perceived usefulness.
bPEOU: perceived ease of use.
cBI: behavioral intention to use.
dWTP: willingness to pay.

Extending the TAM
To investigate the research question concerning the applica-
bility of the TAM framework in connecting rating valence
to behavioral intentions, Pearson correlation coefficients
were calculated to examine the strength of the relationships
between the hypothesized constructs (Figure 3). PEOU was
positively correlated with PU (H2b; r=0.31; P=.007) and trust
(H2a; r=0.27; P=.02). Trust also showed a strong positive

correlation with PU (H2c; r=0.63; P<.001). Regarding BI, all
proposed constructs were significantly positively correla-
ted: PEOU (H3a; r=0.37; P=.001), trust (H3b; r=0.62;
P<.001), and PU (H3c; r=0.68; P<.001). In addition, Pearson
correlation analyses revealed a small but significant positive
association between trust and WTP (H4b; r=0.17; P<.001). In
contrast, WTP was not significantly correlated to PU (H4c;
r=0.11; P=.35) or PEOU (H4a; r=0.04; P=.76).

Figure 3. Summary of the results of the extended technology acceptance model. Dashed lines illustrate mediation analysis. H: hypothesis. *P=.05,
**P<.01, ***P<.001.

To further examine the predictors of BI, a multiple linear
regression analysis was conducted including rating valence

(condition), PU, PEOU, and trust. The overall model was
significant (F4,71=22.36; P<.001), explaining a substantial
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proportion of variance in behavioral intention (R2=0.56;
adjusted R2=0.53). PU emerged as the strongest predictor
of BI (β=.65; P<.001). Trust also showed a significant
positive effect (β=.37; P=.01), while PEOU had a mar-
ginal positive influence (β=.27; P=.06). In contrast, rating
valence (condition) did not significantly predict BI (β=−.20;
P=.18). Overall, the findings closely resemble the individ-
ual correlations, with the exception that the effect of trust
weakens once PU is included, pointing toward a potential
mediation effect.

To examine whether rating valence and the TAM-related
constructs predict WTP, a multiple linear regression analysis
was conducted including condition, PU, PEOU, and trust.
The overall model was not significant (F4,71=0.77; P=.55)
and explained only a negligible proportion of variance in
WTP (R2=0.04; adjusted R2=−0.01). None of the predictors

showed a significant effect on WTP, including rating valence
(β=−.20; P=.32), PU (β=.02; P=.85), PEOU (β=.00; P=.99),
and trust (β=.10; P=.39). Overall, the regression results
largely mirror the correlation findings. However, the initially
observed association between trust and WTP did not remain
significant in the regression model, suggesting that this
relationship is weak and not robust when controlling for other
variables.

To examine whether the effect of rating valence on BI
is mediated by PEOU, PU, and trust (H5a-c), mediation
analyses were conducted (see Table 3 and dashed lines in
Figure 3). Results revealed no significant indirect effects for
any of the mediators, as all CIs included 0. Additionally,
no significant total or direct effects of rating valence were
observed. Thus, H5 is not supported.

Table 3. Mediation effects of rating valence on behavioral intention to use via PEOUa, PUb, and trust.

Hypothesis (H) Mediator
Indirect effect (ACMEc),
estimate (95% CI)

Direct effect (ADEd), estimate
(95% CI)

Total effect,
estimate (95% CI)

H5a PEOU 0.06 (−0.10 to 0.25) −0.24 (−0.63 to 0.18) −0.17 (−0.57 to
0.25)

H5b PU 0.07 (−0.22 to 0.35) −0.24 (−0.56 to 0.05) −0.17 (−0.60 to
0.23)

H5c Trust −0.12 (−0.40 to 0.14) −0.05 (−0.38 to 0.30) −0.17 (−0.55 to
0.28)

aPEOU: perceived ease of use.
bPU: perceived usefulness.
cACME: average causal mediation effect.
dADE: average direct effect.

Visual Attention and the Processing of
Heuristic Cues
To examine the research question of where users look for
information when browsing for a skin cancer screening app,
we analyzed how participants allocate visual attention across
the app store interface. During data preprocessing, individual
AOIs were aggregated into composite AOIs. Specifically, all
review-related AOIs were combined into a reviews-AOI, all
rating-related AOIs into a ratings-AOI, icon and screenshots

into a design-AOI, and information and description into a
description-AOI. To control for differences in AOI size,
fixation durations were normalized and expressed as seconds
per pixel² (s/px2). As shown in Table 4, the description-AOI
attracted the longest fixation durations (mean 0.16, SD 0.10
s/px2), followed by the reviews-AOI (mean 0.11, SD 0.07
s/px2) and the ratings-AOI (mean 0.04, SD 0.04 s/px2). In
contrast, the price-AOI (mean 0.02, SD 0.03 s/px2) and the
data protection-AOI (mean 0.02, SD 0.02 s/px2) received the
least attention.

Table 4. Normalized fixation durations by area of interest (AOI).
AOI Values, n Mean (SD) (s/px2) 95% CI
Design 76 0.04 (0.02) 0.04‐0.05
Description 76 0.16 (0.10) 0.14‐0.19
Reviews 76 0.11 (0.07) 0.09‐0.13
Ratings 68 0.04 (0.04) 0.03‐0.05
Data protection 76 0.02 (0.02) 0.02‐0.03
Price 76 0.02 (0.03) 0.01‐0.03

To examine the research question of whether the self-
rated importance of app attributes is reflected in users’
gaze patterns, Pearson correlations were computed between
participants’ ratings and normalized fixation durations on the

corresponding AOIs (Table 5). Results revealed a significant
positive correlation for reviews (r=0.28; P=.01), while all
other relationships were nonsignificant (Ps>.05). Thus, only
H6b is supported.
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Table 5. Pearson correlations between participants’ self-rated importance of app attributes and fixation durations on corresponding areas of interest
(AOIs).
Hypothesis
(H) Normalized fixation durations on AOI (s/px2) Self-rated importance of app attributes

App attribute, mean
(SD) r (95% CI)

H6a Design Importance of design 4.03 (0.83) −0.11 (–0.32 to
0.11)

H6b Reviews Importance of reviews 4.21 (0.80) 0.28a (0.05 to
0.47)

H6c Ratings Importance of reviews 4.21 (0.80) 0.17 (–0.07 to
0.39)

H6d Price Importance of price 4.57 (0.63) ≈0 (–0.26 to 0.22)
H6e Description Importance of description 4.72 (0.53) −0.21 (–0.41 to

0.01)
H6f Data protection Importance of data protection 3.82 (1.05) 0.08 (–0.14 to

0.30)
aP<.05.

To address the research question of how rating valence
affects gaze patterns, fixation duration on the manipulated
review-AOI was compared across rating conditions. Absolute
fixation durations were used, as the AOI size was identical
across conditions. Results showed no significant difference
between the positive (mean 6.17, SD 4.15 seconds) and
negative conditions (mean 6.21, SD 3.98 seconds; P=.97;
d=−0.01). Although participants in the negative condition
showed a slight tendency toward longer viewing times,
this effect was not statistically significant. Thus, H7 is not
supported.
Moderating Role of Attention and
Individual Differences
To test whether visual attention moderates the relationship
between rating valence and key constructs (H8a-d), modera-
tion analyses were conducted using fixation durations on the
ratings-AOI (Table S3 in Multimedia Appendix 1). Results
indicated no significant interaction effects between rating
valence and fixation durations on PU, PEOU, trust, or BI (all
Ps>.05). Thus, H8 is not supported.

Analyses of individual differences revealed no signifi-
cant effects of demographic or experiential variables on

the main outcome measures (trust, PU, PEOU, BI, and
WTP; all Ps>.05). Notably, both age and prior experience
showed limited variance within the sample, which restricts
the interpretability of their relationships with the outcome
variables. In particular, none of the participants reported prior
experience with skin cancer screening apps. Furthermore,
self-reported AI knowledge was not significantly associated
with any of the outcome variables (all Ps>.05). Similarly, no
significant differences were observed across sex or education
levels (all Ps>.05)
Exploratory Analysis
Furthermore, we explored potential sex differences in
self-rated app attribute importance and gaze patterns. Overall,
female and male participants evaluated most app attributes
similarly. No significant sex differences were observed for
the importance of price, data protection, or evidence (all
Ps>.05). However, female participants rated the importance
of reviews (d=0.63; P=.01) and design (d=0.69; P=.02)
significantly higher than male participants (Table 6).

Table 6. Sex differences in self-rated importance of app attributes and normalized area of interest (AOI) fixation durations.

Measure and attribute or AOI
Female (n=53),
mean (SD)

Male (n=23),
mean (SD) P value, overall Cohen d

Self-rated importance
  Price 4.66 (0.52) 4.39 (0.84) .17 0.43
  Data protection 3.83 (1.03) 3.83 (1.11) .99 <.001
  Evidence 4.70 (0.57) 4.78 (0.42) .48 −0.16
  Reviews 2.36 (0.79) 3.87 (0.76) .01a 0.63
  Design 4.21 (0.72) 3.65 (0.98) .02a 0.69
Normalized fixation durations on AOI (s/px2)
  Price 0.02 (0.03) 0.02 (0.03) .81 −0.05
  Data protection 0.03 (0.03) 0.02 (0.02) .26 0.24
  Ratings 0.05 (0.05) 0.03 (0.02) .03a 0.47
  Reviews 0.12 (0.07) 0.09 (0.05) .12 0.34
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Measure and attribute or AOI
Female (n=53),
mean (SD)

Male (n=23),
mean (SD) P value, overall Cohen d

  Design 0.05 (0.03) 0.04 (0.01) .08 0.36
  Description 0.17 (0.11) 0.16 (0.07) .46 0.15

aP<.05.

With regard to gaze patterns, female participants demonstra-
ted longer fixation durations than male participants across all
AOIs; however, this difference reached statistical significance
only for ratings (d=0.47; P=.03). No significant sex differen-
ces were observed for fixation durations on data protection,
description, reviews, design, or price (all Ps>.05; Table 6).

Discussion
Principal Findings
This study investigated the acceptance of AISCSAs by
integrating the TAM with eye-tracking and the experimental
manipulation of rating valence. Importantly, by systematically
varying rating valence as an external heuristic cue, the study
enabled a direct test of how such cues causally influence the
formation of PU, PEOU, and trust, as well as BI and WTP.
Our findings reveal a hierarchy of visual attention dominated
by textual descriptions and social proof while also identifying
a significant gap between self-reported attribute importance
and actual gaze behavior. Although the core TAM constructs
(PU, PEOU, and trust) emerged as robust predictors of BI,
the experimental manipulation of rating valence did not
significantly alter acceptance beliefs or attention patterns in
this specific laboratory context.
Effects of Rating Valence on Acceptance
and Attention
Contrary to our expectations, rating valence did not signifi-
cantly influence trust, PU, PEOU, BI, or WTP. Likewise,
the negative rating condition did not increase visual attention
to the review section. Thus, neither H1 nor H7 was suppor-
ted. At first glance, these findings appear inconsistent with
research on negativity bias and online review effects, which
often show that negative information attracts more attention
and exerts a disproportionately strong influence on judgments
[24,60]. However, our findings are more plausibly interpreted
as evidence of a boundary condition than as evidence against
the relevance of rating valence per se.

A first explanation concerns the subtlety of the manipu-
lation. In this study, rating valence was altered only mini-
mally, replacing 1 of 3 visible ratings with a single 1-star
evaluation, while all other cues remained favorable. Such
a minor discrepancy may have been insufficient to shift
appraisals of a high-stakes health app. This is consistent
with meta-analytic evidence by Purnawirawan et al [76],
which demonstrates that valence effects are not uniform;
rather, they are highly dependent on the degree of extremity
and the evaluative context, such as product type and brand
familiarity. In high-stakes environments, a single negative cue

may lack the weight necessary to override a predominantly
positive information environment. In addition, in high-stakes
contexts, users may engage in more motivated and systematic
processing, thereby reducing the relative impact of simple
heuristic cues such as rating valence.

A second explanation is that app store ratings may have
limited informational value in digital health contexts. Several
studies show that consumer ratings are poor proxies for
clinically relevant attributes such as quality, safety, and
privacy. For example, Hyzy et al [77] found that ratings and
downloads do not reliably reflect professional assessments,
while de Chantal et al [78] reported a clear gap between
user ratings and expert evaluations. Similarly, Levine et al
[79] demonstrated that star ratings correlate only weakly with
critical dimensions such as privacy, security, and interopera-
bility, with even highly rated apps often performing poorly
in these areas. This suggests that rating information may
not provide users with meaningful signals for evaluating
clinically relevant aspects of health apps. As a result, ratings
may play a limited role in shaping acceptance beliefs.

From a dual-process perspective, the results indicate that
the manipulated rating did not cross the threshold required
to redirect processing from a default heuristic impression
(type 1) to more effortful elaboration (type 2). While negative
information can trigger deeper scrutiny [62], this is most
likely when it is salient, coherent, and clearly diagnostic.
Here, the cue may have been noticeable but not sufficiently
consequential to reorganize attention or alter technology
beliefs. This interpretation also fits the absence of any
moderation by fixation durations on the ratings-AOI (H8):
without a sufficiently strong evaluative signal, there was
little for visual attention to amplify. Importantly, the null
findings for H1 and H7 should not be interpreted as evidence
that rating valence is irrelevant in digital health. Rather,
they indicate that isolated, weakly negative rating cues are
insufficient to meaningfully influence acceptance beliefs or
increase visual attention in a high-risk medical AI context.
TAM Validity and the Role of Trust in AI
Health Apps
Despite the absence of direct effects of rating valence,
the internal structure of the extended TAM was strongly
supported. The positive relationships between PEOU, PU,
and trust (H2a-c), as well as their associations with BI
(H3a-c), are consistent with prior research, demonstrating the
robustness of the TAM in digital health contexts [37,40,80].
The regression results further refine this picture by highlight-
ing a differentiated role of the constructs: PU emerged as
the strongest predictor of BI, followed by trust, while PEOU
showed only a marginal effect. This pattern suggests that
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usefulness constitutes the primary decision criterion, whereas
ease of use operates mainly indirectly via PU.

The clear hierarchy of predictors reveals a specific
decision-making logic in high-stakes AI health contexts.
The dominance of PU suggests that for potentially life-
impacting technologies such as AISCSAs, users follow a
strongly instrumental evaluation logic, prioritizing diagnostic
utility over interface convenience. In such contexts, per-
ceived functional value appears capable of compensating for
usability barriers, indicating that effectiveness outweighs ease
of use. This finding is consistent with prior research in health
care contexts, showing that PU is typically the strongest
predictor of behavioral intention [34,40].

At the same time, our findings highlight the important role
of trust in AI-based health care. While PU emerged as the
strongest predictor of BI, trust remains as an independent
predictor and is particularly relevant in contexts characterized
by uncertainty and limited user expertise. In such settings,
users rely on systems whose diagnostic processes are not
easily interpretable, making trust a necessary condition for
acting on PU. In this sense, trust may function as an enabling
mechanism or boundary condition that determines whether
PU translates into behavioral intention. This interpretation
aligns with trust theory, which emphasizes its importance
under conditions of uncertainty and risk [81,82], and with
prior extensions of the TAM that position trust as a core
belief construct [34,83-86].

Interestingly, the marginal effect of PEOU challenges the
traditional emphasis on usability as a key driver of technol-
ogy acceptance [13] and aligns with prior research, showing
that PU is typically the dominant predictor, particularly in
high-stakes contexts [34,37]. In this study, PEOU appears to
play a secondary role once a system is perceived as useful
and trustworthy. Users may be willing to tolerate complex-
ity if it is associated with higher perceived competence or
clinical rigor. This suggests that simplicity is not the primary
objective in AI-based health care apps, with reliability and
effectiveness outweighing usability considerations.

In contrast, WTP was not explained by the included
variables. As WTP was measured using an open-ended
response format, the variable was not normally distributed.
To account for this, additional nonparametric correlation
analyses (Spearman ρ) were conducted, yielding the same
pattern of results. WTP was not significantly associated
with PU or PEOU, and its relationship with trust remained
weak (H4a and H6c not supported). This indicates that WTP
represents a distinct and less stable evaluative judgment that
cannot be fully explained by the traditional TAM constructs
[23,28]. Instead, monetary evaluations appear to be driven
more strongly by psychological and normative factors, such
as perceived risk, fairness, and emotional or social consider-
ations [27]. Accordingly, while the TAM provides a robust
framework for explaining acceptance intentions, it appears
less suitable for capturing economic decision-making without
incorporating additional constructs.

The lack of significant mediation (H5) and moderation
(H8) effects is directly tied to the nonsignificant main

effect of rating valence. Without an initial “push” from the
experimental condition, the “amplification effect” of visual
attention, where fixations serve to increase the weighting
of attended information [65,66], had no baseline signal to
amplify. These findings underscore the robustness of the
TAM framework while highlighting that single-cue manipu-
lations may be insufficient to shift these deeply interrelated
constructs.
Visual Attention Allocation and
Information Processing
The eye-tracking results reveal a clear attentional hierarchy:
users primarily focused on the app description, followed by
reviews and ratings, while price and data protection received
little attention. This pattern suggests that, in high-stakes
contexts such as AI-based health apps, users prioritize
information that helps them understand the app’s functional-
ity and potential clinical value, indicating more deliberate and
analytical processing (type 2). This finding is consistent with
prior research showing that textual information plays a central
role in app evaluation, despite developers often emphasizing
visual design [54,87].

At the same time, the secondary attention given to
reviews and ratings highlights that social proof remains
relevant, particularly under uncertainty. These cues are easily
interpretable and visually salient, making them effective
heuristics for initial evaluation and risk reduction [19,21,
60]. However, the fact that they received comparatively
less attention than the description suggests that social proof
complements rather than dominates decision-making in this
context. Overall, the findings indicate that users integrate both
analytical and heuristic processing, with greater weight placed
on substantive, information-rich content.

In contrast, the data protection-AOI and the price-AOI
received minimal attention. The limited focus on these
elements is consistent with prior eye-tracking research,
showing that users often overlook pricing information and
security indicators in digital environments [58,88,89]. Several
factors may explain this pattern. First, many health apps
follow freemium models, where pricing information is either
absent or only becomes relevant after installation. Second,
although users frequently report privacy as a major con-
cern [90,91], the complexity and legalistic nature of privacy
policies may discourage active engagement. In addition, users
may rely on implicit trust in platform-level regulation or
assume a baseline level of data protection for health-related
apps [92]. Finally, the low visual salience of these sections
likely contributes to their neglect, as prior research shows that
subtle privacy indicators are easily overlooked, whereas more
prominent cues attract attention [56]. Taken together, these
findings provide behavioral evidence for the well-documented
“privacy paradox”: despite expressing concerns about data
protection, users allocate little attention to related information
during decision-making.
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The Discrepancy Between Self-Reports
and Gaze Patterns
A central finding of this study is the limited alignment
between self-reported importance and actual visual attention,
with the exception of reviews (H6b). While participants who
rated reviews as important also allocated more attention to
them, no such relationship was observed for design, price,
evidence, or data protection (H6a and H6c-f). This discrep-
ancy suggests that self-reports and gaze data capture different
aspects of the decision-making process. In line with prior
research, eye-tracking reflects implicit attentional processes
that are not accessible through retrospective self-reports [41].

From a dual-process perspective, this divergence can
be interpreted as a misalignment between type 1 and
type 2 processing [14]. Self-reported importance ratings
primarily reflect deliberative, reflective evaluations (type
2), often shaped by normative expectations or socially
desirable responses, particularly in sensitive contexts such
as health care. In contrast, eye-tracking captures spontane-
ous, heuristic-driven allocation of attention during actual
interaction (type 1). This gap is particularly pronounced
for data protection. Although participants rated privacy as
highly important, it received little visual attention during
the task. This pattern is consistent with prior findings
on the “privacy paradox,” where expressed concerns do
not translate into corresponding behavior [57,58]. Taken
together, these findings highlight that technology accept-
ance cannot be understood as a purely rational process,
as suggested by traditional TAM frameworks. Instead, it
reflects an interplay between reflective evaluations and
implicit attentional processes. By capturing these behavior-
ally grounded mechanisms, eye-tracking provides a valua-
ble complement to self-report measures and offers a more
nuanced understanding of how users evaluate health-related
AI systems.
Individual Differences in AI App
Evaluation
Our exploratory data suggest sex-specific patterns in
app evaluation, with female participants assigning greater
importance to reviews and design and showing longer
fixation durations on ratings. This aligns with prior research,
indicating that female participants tend to engage in
more comprehensive information processing and pay closer
attention to user-generated content when evaluating digital
products [60,67,93]. Beyond sex, recent studies highlight the
broader relevance of sociodemographic factors in shaping
AI acceptance in health. For instance, Aras et al [68] show
that younger individuals, female participants, and those with
higher income levels are more likely to adopt AI in health
care. Similarly, Méndez-Suárez et al [69] find that posi-
tive attitudes toward AI-based products are more prevalent
among younger individuals and those with higher socioeco-
nomic status. Complementing these findings, Kauttonen et al
[94] demonstrate that individuals with moderate knowledge
exhibit the highest acceptance of AI apps in health, whereas

both low and high knowledge levels are associated with more
cautious evaluations.

The absence of significant effects for AI knowledge and
prior experience in this study likely reflects the relative
homogeneity of the student sample, which limits variability
in key characteristics. This highlights an important boundary
condition of the findings. Future research should therefore
examine more diverse populations, particularly older users
and individuals with varying socioeconomic backgrounds and
levels of digital literacy, to better capture how individual
differences shape trust and acceptance in AI-based health care
contexts.

Limitations
This study, while offering valuable insights, is subject
to several limitations that should be acknowledged. First,
although the stimulus used in the eye-tracking experiment
ensured a high degree of ecological validity by closely
resembling an actual app store page, the experimental
environment and the task itself remained artificial and
hypothetical; for instance, participants did not autonomously
decide to search for an AISCSA. This setting may not
fully capture the complexity and dynamics of real-world app
evaluation and decision-making. Moreover, the absence of
real consequences, such as actually downloading or using
the app, could have influenced participants’ engagement,
attention patterns, and responses. Second, all participants
were young university students with a narrow age range
and no prior experience with skin cancer screening apps.
This homogeneity limits the generalizability of the findings
to other populations, especially older users or individuals
with specific health concerns, who may differ in their levels
of trust, digital literacy, and motivation. Therefore, the
findings should be interpreted with caution, particularly when
generalizing to more diverse or clinically relevant popula-
tions. Third, the internal consistency of some constructs, such
as PU, PEOU, and trust, was relatively low, with Cronbach α
values falling slightly below the conventional 0.70 thresh-
old. While these levels are often considered acceptable in
exploratory research within emerging fields, they suggest a
moderate reliability, which should be taken into account when
interpreting the strength of the observed relationships. Future
research could benefit from further refining these scales
to enhance their psychometric robustness in the context of
AI-based health apps.

Conclusions
Addressing a key gap in prior research, this study extends
the TAM by experimentally manipulating rating valence as an
external variable and examining its effects on trust and core
acceptance constructs. While prior research has largely relied
on observational data, this approach enables a direct test of
how external information influences the TAM-related belief
structures.

The findings confirm that PU, PEOU, and trust remain
significant predictors of behavioral intention in the context of
AISCSAs. However, rating valence showed no direct effect
on user acceptance or visual attention. This suggests that
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in high-stakes health contexts, users are less influenced by
simple social-proof cues and instead prioritize substantive,
information-rich content.

The primary implication for developers and marketers
of health-related AI tools is that relying solely on positive
ratings to drive adoption may be an insufficient strategy.
Instead, efforts should be directed toward providing trans-
parent, evidence-based information, as the description-AOI
received the longest fixation duration. Building acceptance
through verifiable information appears to be more critical
than leveraging simple social proof in this domain. More-
over, designing a more appealing data protection section
may increase user attention, rendering them better-informed

consumers. Importantly, the weak or nonexistent associations
between fixation durations on specific AOIs and the self-
rated importance of app attributes indicate that eye-track-
ing captures aspects of information processing that are
not directly reflected in self-reported questionnaires. These
findings demonstrate that combining self-report measures
with behavior-based methods, such as eye-tracking, provides
a more comprehensive understanding of user acceptance
processes in health-related AI systems. This dual approach
captures both reflective, self-reported evaluations (type 2) and
implicit, attention-driven processes (type 1), which are not
accessible through questionnaires alone.
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