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Abstract

As AI-powered learning tools become more common in educational settings, under-
standing their acceptance mechanisms is increasingly important. This study examines
how the design attributes of AI museum guides—anthropomorphism, interactivity, and
personalization—are associated with the acceptance intention and perceived learning
outcomes among Chinese high school students with prior museum experience. Using
structural equation modeling with 324 participants, we test whether these features relate
to acceptance through two affective pathways: perceived warmth and anxiety reduction.
The results reveal distinct patterns: anthropomorphism shows an indirect-only associa-
tion with anxiety reduction through perceived warmth; interactivity is associated with
anxiety reduction through responsive feedback; and personalization serves dual functions,
enhancing both pathways. Anxiety reduction shows strong positive associations with
both acceptance intention and perceived learning outcomes. The multi-group analysis
shows that most pathways function equivalently across genders, with one exception where
anxiety reduction more strongly predicts learning outcomes for females than males. These
findings reveal distinct psychological functions within the Chinese educational context:
anthropomorphism influences anxiety reduction exclusively through perceived warmth,
while personalization and interactivity provide both affective and cognitive support. The
implications for AI museum guide design in similar contexts are discussed. The gener-
alizability to other cultural contexts and populations, such as Western students or adult
learners, requires further investigation.

Keywords: AI; museums; technology acceptance; personalization; anthropomorphism;
anxiety reduction; perceived warmth; gender; learning; PLS-SEM

1. Introduction
Artificial intelligence (AI) tutoring systems are being deployed in K-12 classrooms

worldwide, with the documented implementations ranging from automated writing feed-
back to adaptive mathematics practice [1]. These systems typically provide personalized
content delivery, immediate feedback, and adaptive scaffolding [2]. A specific subset—AI
museum guides (AIMGs)—has been adapted for informal learning environments [3]. The
AIMGs are conversational interfaces deployed in museums through mobile apps, chat-
bots, or robotic platforms, typically leveraging large language models (LLMs) to answer
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visitor questions about artifacts and historical contexts [4,5]. This study examines three
design attributes—anthropomorphism (human-like interface features), interactivity (sys-
tem responsiveness to user input), and personalization (content adaptation to individual
needs)—that prior research identifies as key determinants of educational technology ac-
ceptance [6,7]. These three attributes were selected because they represent the distinct
psychological mechanisms that are relevant to museum learning: anthropomorphism
addresses the social–emotional needs in solitary exploration [8], interactivity provides
the cognitive scaffolding for uncertainty reduction [9], and personalization adapts the
content to individual learning paces, which are all critical in self-directed museum con-
texts where neither teacher guidance nor peer support is available [2,10]. These design
attributes address psychologically distinct challenges: anthropomorphism mitigates social
isolation, interactivity reduces cognitive uncertainty, and personalization prevents infor-
mation overload, each targeting specific barriers in self-directed contexts where teacher
guidance is intermittent. This focus on design dimensions allows findings to inform AIMG
development across diverse platforms and settings.

Museums constitute a distinct informal learning context. During school-organized
museum visits, students engage in self-paced exploration within a structured field trip
context. While teachers provide intermittent supervision and occasional guidance, stu-
dents retain autonomy to navigate exhibits at individual tempos and seek AI support on
demand [3]. This hybrid context—combining organizational structure with exploratory
freedom—eliminates the continuous social evaluation anxiety that is present in classroom
settings (where teachers monitor ongoing discussions) but introduces epistemic uncertainty
when students encounter unfamiliar artifacts during their autonomous exploration [11].
These characteristics—an absence of evaluative pressure coupled with high epistemic
uncertainty—make self-guided museum visits suitable for examining whether AI design
features reduce anxiety through affective mechanisms (e.g., perceived warmth) rather
than through authority-based credibility [12]. Unlike classrooms, where anxiety stems
from performance evaluation and peer comparison [11,13], museum anxiety from self-
directed exploration reflects a cognitive uncertainty about navigating unfamiliar content
independently [14].

Classroom-based studies show that anthropomorphic features (such as emotional
expression and conversational voice) make pedagogical agents more engaging and can
increase learners’ self-efficacy [15]. The adaptive systems sustain user engagement and
intrinsic motivation primarily through personalized interactions and tailored presenta-
tions [16], and personalization improves the learning outcomes by adapting the content
difficulty [2]. However, these studies focus on the individual features in isolation, and their
combined effects remain underexplored.

Four gaps limit the current understanding of AIMGs in museum contexts. First,
whether these design attributes function independently or interact synergistically is un-
known, as prior research tests them in isolation. Second, the affective pathways linking
these attributes to anxiety reduction are unclear—specifically, whether anthropomorphism,
interactivity, and personalization reduce anxiety directly or through intermediate affective
states (e.g., warmth) [4]. Third, the Computers are Social Actors (CASA) theory posits
that users apply social interaction norms to computers, but whether perceived warmth
(a core dimension of social evaluation) mediates the design–acceptance relationships in
informal learning remains untested [17,18]. Fourth, the gender differences in technology
acceptance are well documented [19], but whether the affective pathways from warmth to
acceptance and from anxiety to acceptance operate equivalently across genders in museums
is unexamined.
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This study examines whether three design attributes (anthropomorphism, interac-
tivity, and personalization) influence the AIMG acceptance through affective pathways
(warmth and anxiety reduction) in museum contexts. Drawing on the CASA theory and
the stimulus–organism–response (S-O-R) framework [10,20], this study tests whether the
design attributes (stimuli) are associated with SAI (response) through affective media-
tors (organism): perceived warmth and anxiety reduction [6]. The multi-group analysis
examines whether these pathways function equivalently across genders [20].

This study makes four contributions. First, it tests how three design attributes jointly
relate to AIMG acceptance through dual affective pathways. Second, it differentiates
the direct effects of the design attributes on acceptance from indirect effects mediated by
warmth and anxiety. Third, it tests gender-based pathway invariance using multi-group
structural equation modeling (SEM) [21]. Fourth, it provides empirical guidelines for
designing affect-sensitive AIMGs in informal learning contexts.

The paper is structured as follows: Section 2 reviews the literature and proposes
research hypotheses; Section 3 describes the methodology and data collection; Section 4
presents the data analysis results; Section 5 discusses the findings and their implications;
and Section 6 summarizes the contributions, limitations, and directions for future research.

2. Literature Review
2.1. Theoretical Foundation

This study applies the stimulus–organism–response (S-O-R) framework and Comput-
ers are Social Actors (CASA) theory to examine AI museum guide acceptance. The S-O-R
framework structures our model into three components: design attributes as stimuli (an-
thropomorphism, interactivity, and personalization), affective states as organism variables
(perceived warmth and anxiety reduction), and behavioral outcomes as responses (service
acceptance intention and perceived learning outcomes) [10,20]. This framework models
how environmental cues influence behavior through psychological states, explaining why
design features affect acceptance.

The CASA theory explains the psychological mechanism underlying social responses
to technology. Users mindlessly apply social rules to computers exhibiting minimal cues
such as language output and interactivity, even when they consciously reject that computers
warrant human treatment [22]. Anthropomorphic AI designs—featuring conversational
tone, empathetic language, and human-like interaction patterns—amplify these social
cues, potentially eliciting stronger affective responses, including perceived warmth. In
museums, students explore independently without continuous peer or teacher support [23].
When AI museum guides exhibit social cues, they function as virtual companions during
self-directed exploration [4,24].

Design attributes influence acceptance through two affective pathways: the perceived
warmth is associated with psychological safety that supports voluntary learning engage-
ment [7], while anxiety reduction—particularly through cute, non-threatening conversa-
tional styles—mitigates cognitive uncertainty and enables self-directed exploration [25].

In classrooms, students experience evaluative anxiety from grades and teacher assess-
ments [26,27]. Self-paced museum visits eliminate the evaluative pressure from teachers
and peers but create cognitive uncertainty when students encounter unfamiliar artifacts
without expert guidance [23,28]. This distinction is critical: while classroom anxiety re-
duction may prioritize social reassurance (e.g., “your answer won’t be judged”), museum
anxiety reduction requires cognitive scaffolding (e.g., “here’s how to interpret this artifact”).
AI museum guides may reduce uncertainty, though these mechanisms remain empiri-
cally untested in museum contexts [29,30]. While anthropomorphism, interactivity, and
personalization are universal design principles, their psychological mechanisms differ by
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context. In museums, anthropomorphism provides social compensation during solitary
exploration, interactivity mitigates epistemic uncertainty, and personalization prevents
cognitive overload—distinct from their classroom functions where teacher presence and
evaluative structures dominate. Table 1 summarizes prior research on technology accep-
tance in museums and informal learning settings, highlighting the theoretical frameworks
and key findings that inform our hypotheses.

Table 1. A summary of prior research on technology acceptance in museums and informal learning
settings.

Study Context/Setting Main Variables Theory

Komarac et al. [31] Real museum
environment

Perceived interactivity

Socio-cultural activity theory, SCAT, and
experience economy, EE

Expectation
Skepticism

Aesthetic experience
Escapist experience
Escapist experience

Hao et al. [32]
Digital museum

experiences

Semantic relevance

Value-based adoption model, VAM;
GenAI adaptability framework; and

innovation diffusion theory, IDT

Contextual adaptability
Perceived usefulness
Perceived enjoyment

Perceived novelty
Relative advantage

Service personalization
Habit change
Complexity

Perceived risk
Perceived value

Perceived innovativeness
Interactivity

Adoption intention

Cheng et al. [33] Museums

Content quality

Technology acceptance model, TAM

System quality
Vividness

Aesthetic experience
Escapist experience

Perceived ease of use
Perceived usefulness

Wong et al. [30] Informal learning in
museums

Perceived usefulness

Information systems success model, IS
success model, and

educational psychology dimensions, EPD

Perceived ease of use
Subjective norms

Appearance
Social capability

Personalized service
Perceived trust

Positive emotion
Attitude toward HRI

Engagement
Word-of-mouth
Intention to use

Information quality
Information richness

Cheng et al. [34] VTE and museum visit
intentions

Immersion

Theory of reasoned action, TRA;
self-determination theory, SDT; and

fear of missing out, FOMO

Information quality
Information richness
Learning motivation

Academic achievement
Wearable comfort
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2.2. AI Tool Attributes and Perceived Warmth

Having established why these three design features are theoretically relevant to mu-
seum learning (Section 1), this section reviews the empirical evidence for their specific
psychological mechanisms. Drawing on the CASA theory and prior human–robot in-
teraction research [23,35], the following subsections examine how anthropomorphism,
interactivity, and personalization shape perceived warmth and anxiety reduction.

2.2.1. Anthropomorphism

Anthropomorphism in human–computer interactions has been extensively studied
since the early applications of the CASA (Computers are Social Actors) theory [23,33],
which demonstrated that users unconsciously apply social rules to computers exhibiting
even minimal human-like cues [36]. Anthropomorphism is driven not only by cognitive fac-
tors but also by motivational forces—the need to understand agents’ behavior (effectance)
and the desire for social connection (sociality) [8]. The research on anthropomorphic agents
has evolved from simple avatar design to sophisticated natural language generation that is
capable of producing empathetic responses and conversational repair strategies. A recent
meta-analysis demonstrates that the anthropomorphic features in service agents signifi-
cantly enhance users’ perceived warmth [37]. In museum contexts, where visitors often
explore alone without teacher or peer support, anthropomorphic AI systems offering em-
pathetic communication serve as virtual companions, addressing the cognitive uncertainty
and isolation that are inherent in self-guided visits [24,30]. Regarding the reduction in user
uncertainty and anxiety, the theoretical mechanism remains debated [38]. Some perspec-
tives suggest that anthropomorphic features directly signal non-judgmental interaction
partners, alleviating the technology-induced uncertainty through cognitive reassurance
and enhanced AI self-efficacy [39]. However, drawing upon the CASA theory, an indirect
pathway can be argued, where anthropomorphism first establishes emotional safety via
perceived warmth, which subsequently enables anxiety reduction through social–emotional
mechanisms rather than direct cognitive effects [18]. Therefore, this study proposes the
following:

H1a: The anthropomorphism of AI museum guides has a significant positive effect on K-12 students’
perceived warmth in museum learning contexts.

H1b: The anthropomorphism of AI museum guides significantly enhances anxiety reduction among
K-12 students during museum visits.

2.2.2. Interactivity

In tourism contexts, interactivity enhances visitor engagement [31]. Museum envi-
ronments require visitors to engage in the deep processing of content, which involves
mental exertion that is difficult to sustain [35]. The interactive feedback from mobile guides
reduces ambiguity and provides tailored information that frees cognitive resources for
deeper learning [40,41]. In K-12 AI education contexts, learner–interface interactivity with
generative AI tools positively influences students’ perceived usefulness and ease of use,
which in turn shapes their attitudes toward learning [1]. The applications of the S-O-R
framework in virtual museums indicate that interactivity serves as an environmental stim-
ulus affecting psychological states—particularly cognitive engagement—which influences
learning behaviors [10]. For students engaged in independent museum exploration, inter-
acting with responsive AI guides provides on-demand information support and a sense
of control over the learning process. Interactive systems reduce uncertainty by providing
immediate information and enhancing the perceived control [10,41]. Therefore, this study
proposes the following:

https://doi.org/10.3390/info17040376

https://doi.org/10.3390/info17040376


Information 2026, 17, 376 6 of 25

H2a: The interactivity of AI museum guides has a significant positive effect on K-12 students’
perceived warmth in museum learning contexts.

H2b: The interactivity of AI museum guides significantly enhances anxiety reduction among K-12
students during museum visits.

2.2.3. Personalization

Personalization refers to adapting content to individual characteristics and prefer-
ences [2]. In educational technology, adaptive systems that tailor content, pacing, and
feedback to learners’ cognitive and affective states enhance learning motivation and en-
gagement [42]. The studies on AI conversational agents and service robots demonstrate
that tailored responses build user trust and continuance intention, especially in complex
service environments where individualized attention signals care and competence [43,44].
In museums, standardized information delivery often fails to accommodate individual dif-
ferences, causing cognitive fatigue [23,35]. Adaptable robot guides and augmented reality
applications overcome these limitations by providing situated, tailored information aligned
with visitors’ locations and preferences [3,40]. By curating manageable content subsets,
the personalized AI systems prevent information overload and reduce the cognitive effort
required to navigate complex exhibitions. The adaptive systems that tailor interactions to
individual user characteristics can reduce the cognitive load [2], while enhancing functional
outcomes such as perceived usefulness and ease of use [45], which, in turn, supports the
users’ intention to continue engagement [29]. When visitors receive tailored guidance
aligned with their cognitive capacities and interests, they perceive the robot as valuable
and sustain their interaction. This is particularly relevant in museums, where voluntary
engagement depends on the perceived added value rather than obligation. Therefore, this
study proposes the following:

H3a: The personalization of AI museum guides has a significant positive effect on K-12 students’
perceived warmth in museum learning contexts.

H3b: The personalization of AI museum guides significantly enhances anxiety reduction among
K-12 students during museum visits.

2.3. Mediating Mechanisms

This section examines how affective states drive behavioral outcomes. These mediating
mechanisms reflect the organism–response relationships in the S-O-R framework, where
internal affective states transform external design stimuli into behavioral intentions and
outcome perceptions.

2.3.1. The Role of Perceived Warmth

Following Fiske et al. (2007) [18], we conceptualize perceived warmth as a dimension
of social cognition, assessing whether an agent is friendly and well-intentioned. In museum
contexts, this construct operationalizes visitors’ sense of emotional safety when seeking
help from AI guides, which is distinct from competence perceptions [18]. This construct has
been extensively applied to human–robot interactions, where warmth manifests through
approachable designs, friendly communication, and appropriate non-verbal cues [45,46]. In
tourism, robot warmth enhances visitors’ experience and acceptance [6,47]. The perceived
warmth influences outcomes through three pathways. First, warmth reduces interaction
anxiety. Museum visits generate epistemic uncertainty [48,49]. When visitors perceive
the robot as warm and approachable, they experience increased psychological safety and
reduced apprehension in seeking assistance. Second, warmth enhances service acceptance.
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The perceived warmth fosters positive emotional connections, increasing willingness to
interact with the robot [50]. Third, warmth improves learning outcomes. An affective
rapport promotes deeper cognitive engagement with the content. Warmth operates through
emotional pathways [12,37], a mechanism that is especially relevant in voluntary learning
contexts like museums, where emotions significantly drive the visitor experience [23].
Therefore, this study proposes the following:

H4a: The perceived warmth of AI museum guides significantly enhances anxiety reduction among
K-12 students during museum exploration.

H4b: The perceived warmth of AI museum guides has a significant positive effect on K-12 students’
service acceptance intention toward AI-assisted museum learning.

H4c: The perceived warmth of AI museum guides has a significant positive effect on K-12 students’
perceived learning outcomes in museum contexts.

2.3.2. The Impact of Anxiety Reduction

Anxiety reduction refers to the psychological relief from uncertainty during museum
exploration, enabled by warmth, interactivity, and personalization. Museum-specific anxi-
ety differs from classroom anxiety but is not purely cognitive. While museums eliminate the
evaluation from teachers and peers, students may still worry about being judged by the AI
when asking basic questions. Thus, museum anxiety with AI guides has two components:
uncertainty from navigating unfamiliar content, and concern about AI judgment [23,26].
In docent-led tours, expert guides mitigate this epistemic uncertainty through structured
narratives, but this results in visitors sacrificing control over the pacing and topic explo-
ration. Self-guided visits with AI support offer autonomy while addressing cognitive
uncertainty through on-demand assistance [40,41]. Additionally, students may still worry
about being judged by the AI when asking basic questions, which warmth-conveying
design features can alleviate by establishing the AI as a non-judgmental learning partner.
Anxiety consumes working memory resources, impairing comprehension and naviga-
tion [51]. In technology acceptance research, this translates to lower usage intentions [1,52].
When robot design features successfully alleviate anxiety, the liberated cognitive resources
enable deeper information processing and improved learning efficiency [53,54]. Feeling
psychologically comfortable with robotic guides is a fundamental prerequisite for visitor
acceptance, as warm and interactive robot designs create psychologically safe environments
that shift visitors’ cognitive focus from technology apprehension to meaningful cultural
discovery [55]. The absence of evaluative pressure in voluntary museum settings—where
visitors face no performance assessment or peer comparison—may amplify these anxiety
reduction effects compared to formal educational contexts. Therefore, anxiety reduction
serves as a critical affective pathway linking the design attributes to both service acceptance
and learning outcomes:

H5a: Anxiety reduction positively influences service acceptance intention toward AI-powered
museum guide robots.

H5b: Anxiety reduction positively influences perceived learning outcomes from AI-powered museum
guide robots.

2.4. Perceived Learning Outcomes and Service Acceptance Intention

The perceived learning outcomes refer to visitors’ subjective evaluations of the knowl-
edge, skills, and cognitive benefits that they have gained through interactions with AI
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museum guides [56,57]. This encompasses multiple dimensions, including knowledge
acquisition, enhanced understanding of exhibition content, and increased interest in the
subject matter [23]. In informal learning environments like museums, where participation
is entirely voluntary and self-directed, the visitors’ perceived achievement of personal
learning goals becomes a critical determinant of the overall experience satisfaction. Mu-
seum learning research reveals that digital technologies providing high-quality, tailored
informational value significantly enhance the visitors’ cognitive experiences [58]. When
visitors perceive that an AI museum guide effectively facilitates knowledge acquisition
and deepens content understanding, this perceived usefulness validates the system’s ed-
ucational value in informal learning contexts [30]. Furthermore, successful knowledge
acquisition satisfies the visitors’ fundamental need for competence, intrinsically motivating
continued interaction with the technology [59]. The service acceptance intention refers to
users’ willingness to adopt and continue using a technology, serving as the most proximal
predictor of actual usage behavior [60].

Figure 1 presents our integrated S-O-R model, depicting how AI design attributes
(as stimuli) influence the affective states (as organism variables), which drive behavioral
outcomes (as responses).

Figure 1. The proposed research model based on the stimulus–organism–response framework.

3. Research Methods
This section outlines the research design and data collection procedures for examin-

ing factors influencing AI museum guide acceptance among K-12 students in museum
learning contexts.

3.1. Measurement Instruments

Clarification of Measurement Focus: Following the S-O-R framework’s emphasis on
perceived stimuli rather than objective features, this study measures the students’ subjective
perceptions of AI museum guide characteristics. We assess how users experience and
interpret system attributes (anthropomorphism, interactivity, and personalization) rather
than evaluating the objective technical implementations. For example, anthropomorphism
items capture whether students perceive the AI’s tone as natural and friendly (e.g., “The
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AI’s tone sounds natural like a friend”), not whether the designers programmed specific
linguistic features. This perceptual approach aligns with the CASA theory’s core tenet:
users’ social responses emerge from perceived human likeness regardless of the actual
technical sophistication [22].

All the constructs were operationalized as latent variables representing users’ psycho-
logical evaluations of AI characteristics within the S-O-R framework, where “Stimulus”
denotes the perceived environmental cues that trigger affective responses. The measure-
ment instruments were adapted from validated scales in prior technology acceptance
research (Table 2). For instance, anthropomorphism items assess the subjective impressions
of conversational naturalness rather than objective linguistic algorithms; the personaliza-
tion items evaluate the perceived content adaptiveness rather than the actual recommended
engine specifications.

Table 2. The measurement constructs and questionnaire items.

Construct Item Description Source

Anthropomorphism

ANT1 It would be best for the AI to have a specific and
friendly virtual image.

Lu et al. [61]
Fernandes et al. [38]ANT2 The tone of the AI should sound as natural as

that of a friend.

ANT3 When communicating with the AI, it feels like
having a conversation with a real person.

Interactivity
INT1 I can control the pace of the AI’s explanation at

any time. Li et al. [10]
He et al. [40]

INT2 When I ask questions, the AI responds
very quickly.

Personalization

PER1 The AI can recommend learning content based
on my interests.

Zhang et al. [44]PER2 The AI can recognize my learning status and
provide assistance.

PER3 I think the AI’s service is tailored specifically
to me.

Perceived warmth

PW1 The AI gives me a warm feeling.

Ren et al. [19]PW2 The AI makes me feel cared for.

PW3 I believe the attitude of the AI is sincere
and friendly.

Anxiety reduction

LA1 I will not feel pressured by the AI’s evaluations.

Kai et al. [62]
Zhang et al. [27]

LA2 I do not have to worry that the questions I ask
the AI are too simple and basic.

LA3 I think the patience of the AI can effectively
relieve my learning tension.

Service acceptance
intention

SAI1 I will recommend the AI to my classmates.

Molinillo et al. [63]SAI2 I believe AI is an important choice for
future learning.

SAI3 I am very willing to continue using AI to assist
my learning.

Perceived learning
outcomes

PLO1 AI can improve my efficiency in learning history.

Soncini et al. [64]
Pan et al. [65]

PLO2 Using AI can help me better remember
historical knowledge.

PLO3 Using AI can help me understand historical
knowledge more deeply.

Note: This table presents the final measurement items retained after the measurement model validation.
One item (INT3) from the “Interactivity” construct was removed due to low factor loading (0.63) during the
reliability analysis.
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The anxiety reduction items (LA1–LA3) capture two related sources of psychological
comfort: concern about being judged by the AI for asking simple questions (LA1, LA2) and
tension relief through AI patience (LA3). This operationalization reflects that while the
museum contexts eliminate teacher/peer evaluation, students may still worry about AI
judgment. This construct is operationalized as the degree to which students perceive the AI
learning environment as non-threatening and free from judgment. Higher scores indicate
greater psychological safety and lower anxiety levels, which are consistent with the removal
of the “anxiety-as-barrier” perspective in educational technology acceptance research.

The measurement instruments assessed the design attributes (anthropomorphism,
interactivity, and personalization) and affective states (perceived warmth and anxiety
reduction). For example, the anthropomorphism items measured the conversational tone
and empathetic language, while the interactivity items assessed the responsiveness and
dialog quality.

Anxiety reduction was measured using three items adapted from Saadé and Kira [66],
assessing the psychological comfort in technology-mediated learning. We operationalized
this construct as perceived psychological safety when interacting with AI guides, following
the “anxiety-as-barrier” perspective in the educational technology [67]. Our measure
captures both concern about AI judgment (LA1, LA2) and cognitive uncertainty about
content (LA3).

3.2. Data Collection and Sample Profile
3.2.1. Participant Recruitment and Research Context

This study surveyed high school students who participated in school-organized mu-
seum field trips integrated into the history curriculum. The data collection was conducted
in December 2025 at a Chinese secondary school that systematically incorporates mu-
seum visits as part of its social practice curriculum, ensuring all the participants had
an authentic, curriculum-embedded AI museum guide experience. During these visits,
the students engaged in self-directed exploration with intermittent teacher supervision,
retaining autonomy to navigate the exhibits at their own individual pace while voluntar-
ily using AI museum guides for on-demand learning support. This sampling approach
ensured that the participants evaluated the actual AI museum guide usage rather than
hypothetical scenarios.

3.2.2. AI Museum Guide Characteristics

The AI museum guides examined in this study are powered by large language models
and function as voluntary learning support tools in museum contexts [5]. Despite variations
in delivery platforms—mobile apps, WeChat chatbots, and kiosks—all systems shared three
design features: anthropomorphic communication through conversational language [4],
interactive engagement via real-time question-answering [68], and personalized scaffolding
by tailoring explanations to students’ learning contexts [16]. This functional consistency
enabled participants to evaluate these design attributes as perceived psychological char-
acteristics of the technology category, rather than the technical performance of specific
software products.

3.2.3. Data Collection Procedure

The data collection employed paper-based questionnaires distributed in classrooms
with teacher assistance. The questionnaire consisted of two sections. The first section
collected demographic information and general AI familiarity. The second section assessed
design attributes and affective states based on students’ recent AI museum guide experi-
ences. All the items used a five-point Likert scale ranging from 1 (strongly disagree) to 5
(strongly agree).
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The ethical protocols included obtaining written consent from students and guardians.
After excluding incomplete or inconsistent responses, the final dataset comprised 324 valid
responses. This sample size exceeds the minimum requirement of 10 times the num-
ber of structural paths for partial least squares structural equation modeling (PLS-SEM)
analysis [69].

To reduce the common-method bias, we applied two procedural remedies [70]: anony-
mous surveys with no identifying information, and a psychological distance reminder on
the cover page stating “There are no right or wrong answers.”

3.2.4. Sample Characteristics

The demographic profile is presented in Table 3. The sample exhibited a balanced
gender distribution: 52.5% female (n = 170) and 47.5% male (n = 154). Regarding the AI
experience, 58.0% of participants used AI tools “frequently” or “always”. The interest
levels were positively distributed: 56.4% expressed interest or strong interest in AI tech-
nology, while 51.8% showed similar attitudes toward historical content. The proactive
learning tendencies demonstrated a moderate variance, with 32.4% reporting agreement or
strong agreement.

Table 3. The demographic profile of respondents.

Demographics Item Subjects (N = 324)

Frequency Percentage

Gender
Male 154 47.50%

Female 170 52.50%

AI usage frequency

Never 12 3.70%
Rarely 20 6.20%

Sometimes 104 32.10%
Often 129 39.80%

Always 59 18.20%

Interest in AI tech

Very uninterested 6 1.90%
Uninterested 22 6.80%

Neutral 113 34.90%
Interested 121 37.30%

Very interested 62 19.10%

Historical preference

Very uninterested 15 4.60%
Uninterested 31 9.60%

Neutral 110 34.00%
Interested 118 36.40%

Very interested 50 15.40%

Proactive learning
behavior

Strongly disagree 39 12.00%
Disagree 57 17.60%
Neutral 123 38.00%
Agree 72 22.20%

Strongly agree 33 10.20%

3.3. Data Analysis

This study employed SPSS 27 for preliminary analysis and SmartPLS 4 for PLS-
SEM analysis. PLS-SEM effectively handles the hierarchical structures and complex path
relationships [67,69], making it appropriate for investigating factors influencing AI museum
guide acceptance in educational contexts.
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For model evaluation, we adopted the thresholds proposed by Fornell and Larcker [71]
and Hair et al. [72]: factor loadings > 0.7, average variance extracted (AVE) > 0.5, and com-
posite reliability (CR) > 0.7. The discriminant validity was assessed using the Heterotrait–
Monotrait (HTMT) ratio with a threshold of <0.9 [73].

4. Results
This section presents the analysis of the research model, which examined the design

features of the AI museum guides and their effects on acceptance intention and perceived
learning outcomes. The analysis includes the measurement model validation, structural
model testing, and multi-group analysis examining gender differences.

4.1. Common Method Bias (CMB)

To address the potential common method bias, Harman’s single-factor test and vari-
ance inflation factor (VIF) analysis were employed. Harman’s single-factor test revealed
that a single factor explained 44.120% of the variance, which was below the 50% thresh-
old [70], indicating that there was no significant common method bias. The VIF analysis
showed that all constructs had VIF values below 5 [74], with values ranging from 1.933
to 2.276, confirming that there was no serious multicollinearity. These results indicate no
significant common method bias.

4.2. Measurement Model

To evaluate the measurement model fit, this study examined the convergent validity,
the discriminant validity, and the reliability. Table 4 reports the non-parametric descriptive
statistics (median, mode, IQR, and range), which are appropriate for the ordinal Likert-scale
data. All the items demonstrated concentrated distributions with medians of 3–4 and IQRs
of 1–2, indicating adequate response variability for PLS-SEM analysis.

Table 4. Scale reliability and validity.

Construct Items Mdn Mo IQR Range Factor
Loading

Cronbach’s
Alpha

CR
(rho.a)

CR
(rho.c) AVE

Anthropomorphism
ANT1 4 4 1

1–5
0.798

0.802 0.805 0.884 0.72ANT2 4 4 1 0.903
ANT3 3 3 2 0.836

Interactivity INT1 4 4 1
1–5

0.908
0.755 0.761 0.891 0.8INT2 4 4 1 0.884

Personalization
PER1 4 4 1

1–5
0.87

0.863 0.864 0.916 0.79PER2 4 4 1 0.914
PER3 3 3 2 0.874

Perceived warmth
PW1 3 3 2

1–5
0.941

0.902 0.903 0.939 0.84PW2 3 3 2 0.926
PW3 4 4 1 0.875

Anxiety reduction
LA1 4 4 1

1–5
0.859

0.844 0.847 0.906 0.76LA2 4 4 1 0.902
LA3 4 4 1 0.858

Service acceptance
intention

SAI1 4 4 1
1–5

0.878
0.842 0.844 0.904 0.76SAI2 4 4 1 0.875

SAI3 4 4 1 0.861

Perceived learning
outcomes

PLO1 3 3 2
1–5

0.939
0.93 0.931 0.956 0.88PLO2 4 4 1 0.951

PLO3 3 3 2 0.92
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Item INT3 was removed due to low factor loading (0.63), leaving INT1 and INT2
in the final model. The two retained items capture core interactivity dimensions—user
control (INT1) and system responsiveness (INT2)—that are consistent with prior opera-
tionalizations in museum technology research [40,41]. The retained items demonstrated
strong loadings (INT1: 0.908; INT2: 0.884), high inter-item correlation (r = 0.78), and an
AVE of 0.803.

All the measurement indicators showed strong factor loadings, ranging from 0.798
(PER1) to 0.951 (PLO2). The AVE values for all constructs exceeded 0.50 [71], ranging from
0.717 to 0.878, satisfying the convergent validity requirements. All the reliability indicators
exceeded the 0.70 threshold [74]: Cronbach’s Alpha (0.802–0.930) and Composite Reliability
(0.884–0.956).

The discriminant validity was examined through the Fornell–Larcker criterion and
the HTMT ratios (Tables 5 and 6). The square root of the AVE for each construct (diagonal
values in Table 5) exceeded its correlations with the other constructs. For example, per-
sonalization’s AVE square root (0.886) exceeded its correlations with interactivity (0.653)
and anthropomorphism (0.623). The HTMT ratios further validated discriminant valid-
ity, with all values below 0.90 [73]. While two construct pairs (anxiety reduction–service
acceptance intention: 0.890; interactivity–anthropomorphism: 0.886) slightly exceeded
the conservative 0.85 threshold, they remained strictly below the 0.90 criterion that is
appropriate for conceptually proximate constructs. This pattern is theoretically expected:
anxiety reduction and acceptance intention represent the related positive outcomes within
the S-O-R response stage, while interactivity and anthropomorphism are overlapping de-
sign attributes that jointly convey the social presence cues. These findings supported the
structural model analysis.

Table 5. The Fornell–Larcker criterion analysis.

Construct 1 2 3 4 5 6 7

1. Personalization 0.886
2. Interactivity 0.653 0.896

3. Anxiety reduction 0.679 0.663 0.873
4. Perceived learning outcomes 0.715 0.587 0.71 0.937

5. Perceived warmth 0.751 0.669 0.692 0.692 0.915
6. Anthropomorphism 0.623 0.693 0.606 0.546 0.663 0.847

7. Service acceptance intention 0.657 0.606 0.752 0.724 0.648 0.59 0.871
Note: The diagonal elements are the square root of the AVE.

Table 6. The HTMT ratio.

Construct 1 2 3 4 5 6 7

1. Personalization
2. Interactivity 0.808

3. Anxiety reduction 0.795 0.831
4. Perceived learning outcomes 0.798 0.700 0.8

5. Perceived warmth 0.849 0.805 0.788 0.753
6. Anthropomorphism 0.746 0.886 0.735 0.630 0.774

7. Service acceptance intention 0.772 0.757 0.890 0.819 0.740 0.717

4.3. Structural Model

The structural model analysis examined the relationships between the constructs and
their effects on the acceptance of AI museum guides. Personalization showed significant
positive associations with the perceived warmth (β = 0.480, T = 7.881, and p < 0.001) and
anxiety reduction (β = 0.251, T = 3.162, and p = 0.002). The interactivity significantly affected
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the perceived warmth (β = 0.200, T = 2.540, and p = 0.011) and anxiety reduction (β = 0.251,
T = 3.455, and p = 0.001), with a stronger effect on anxiety.

The direct path from anthropomorphism to anxiety reduction was not significant
(β = 0.094, t = 1.390, and p = 0.165). However, the bootstrapping analysis (5000 iterations)
showed a significant indirect effect through perceived warmth (β_indirect = 0.062, 95% CI
[0.018, 0.124], p < 0.05), indicating an indirect-only mediation relationship [73–75]. This
mediation structure suggests that human-like features affected anxiety reduction indirectly
through the perceived warmth.

Anxiety reduction showed significant positive associations with acceptance intention
(β = 0.582, T = 9.582, and p < 0.001) and perceived learning outcomes (β = 0.443, T = 6.605,
and p < 0.001), which is consistent with the research showing that psychological barriers
impede learning engagement [28,76].

The hypothesis testing outcomes are summarized in Table 7, and Figure 2 displays
the empirically validated structural model with standardized path coefficients and signifi-
cance levels.

Table 7. A summary of the hypothesized associations.

H Cause Effect β T p Result

H1a Anthropomorphism Perceived warmth 0.225 3.853 0.000 Supported

H1b Anthropomorphism Anxiety reduction 0.094 1.390 0.165 Supported
(indirect-only mediation)

H2a Interactivity Perceived warmth 0.200 2.54 0.011 Supported
H2b Interactivity Anxiety reduction 0.251 3.455 0.001 Supported
H3a Personalization Perceived warmth 0.480 7.881 0.000 Supported
H3b Personalization Anxiety reduction 0.251 3.162 0.002 Supported
H4a Perceived warmth Anxiety reduction 0.273 3.000 0.003 Supported

H4b Perceived warmth Service acceptance
intention 0.246 3.930 0.000 Supported

H4c Perceived warmth Perceived learning
outcomes 0.386 5.884 0.000 Supported

H5a Anxiety reduction Service acceptance
intention 0.582 9.582 0.000 Supported

H5b Anxiety reduction Perceived learning
outcomes 0.443 6.605 0.000 Supported

Note: H1b shows indirect-only mediation: the direct effect is non-significant (β = 0.094 and p = 0.165), and the
indirect effect is significant (β = 0.062, p < 0.05). See Table 8 for decomposition.

Table 8. The mediation analysis results via perceived warmth.

Independent Variable Direct Effect Indirect Effect Total Effect 95% CI Mediation Type

Anthropomorphism 0.094 0.062 * 0.156 ** [0.018, 0.124] Indirect-only
Mediation

Personalization 0.251 ** 0.131 *** 0.382 *** [0.078, 0.195] Partial Mediation
Interactivity 0.251 *** 0.055 * 0.306 *** [0.010, 0.108] Partial Mediation

Note: * p < 0.05; ** p < 0.01; and *** p < 0.001. CI = confidence interval based on 5000 bootstrap samples. Indirect-
only mediation: the direct effect is non-significant, while the total effect is significant. Partial mediation: both the
direct and indirect effects are significant.
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Figure 2. The empirical structural model with standardized coefficients and p-values. Note: * p < 0.05;
** p < 0.01; and *** p < 0.001. M and F stand for male and female, respectively. Difference ∆β is
calculated as M minus F; the negative values indicate stronger effects for females. For example, H5b
shows ∆β = −0.280, indicating that anxiety reduction more strongly translates into learning outcomes
for female students compared to male students. Difference ∆β (M-F) p-values test whether path
coefficients differ significantly between gender groups. Non-significant p-values (p > 0.05) indicate
statistically equivalent effects across genders, supporting the universal design applicability. Only
H5b showed a significant gender moderation (p = 0.039).

4.4. Multi-Group Analysis

To assess the robustness of the design effects across the user groups, we compared path
coefficients between the male and female students using partial least squares multi-group
analysis (PLS-MGA) in SmartPLS 4. Figure 2 presents the empirical structural model with
standardized coefficients and significance levels. The multi-group analysis results are
reported in Table 9, and Figure 3 visualizes the path coefficient comparisons across all the
hypothesized relationships.

Table 9. The multi-group analysis: the gender moderation effects on structural paths.

H Cause Effect β
(Male)

β
(Female)

Original
Difference

Difference
∆β (M-F)

H1a Anthropomorphism Perceived warmth 0.202 0.249 −0.047 0.714
H1b Anthropomorphism Anxiety reduction 0.120 0.068 0.053 0.717
H2a Interactivity Perceived warmth 0.181 0.211 −0.03 0.850
H2b Interactivity Anxiety reduction 0.153 0.366 −0.213 0.145
H3a Personalization Perceived warmth 0.488 0.481 0.006 0.965
H3b Personalization Anxiety reduction 0.224 0.29 −0.066 0.713
H4a Perceived warmth Anxiety reduction 0.337 0.190 0.147 0.433

H4b Perceived warmth Service acceptance
intention 0.194 0.295 −0.101 0.466

H4c Perceived warmth Perceived learning
outcomes 0.492 0.280 0.212 0.117

H5a Anxiety reduction Service acceptance
intention 0.612 0.551 0.061 0.644

H5b Anxiety reduction Perceived learning
outcomes 0.301 0.580 −0.280 0.039 *

* p < 0.05.
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Figure 3. The multi-group analysis results: the gender moderation effects on path coefficients. The
significance levels: * p < 0.001.

The multi-group analysis showed consistency in the design effects across genders. Ten
of the eleven tested pathways showed no significant differences (all ∆β p > 0.05), indicating
that the core design features—anthropomorphism, interactivity, and personalization—
produced similar effects regardless of gender. The key design-to-perception pathways
showed no gender moderation (all p > 0.05).

Anxiety reduction’s effect on the perceived learning outcomes was significantly
stronger for female students (β = 0.580) than male students (β = 0.301; ∆β = −0.280
and p = 0.039) [13,77]. This difference emerged not in how design features reduce anxiety
(equivalent across genders), but in the downstream translation of psychological comfort
into the learning outcome perceptions. This suggests that gender may moderate the relation-
ship between anxiety reduction and learning outcome perceptions, though the underlying
mechanism requires further investigation. Overall, 90.9% of tested mechanisms operated
consistently across genders, supporting the universal design principles for AI museum
guides in museum learning contexts.

5. Discussion
This study examined how AI museum guide design features influence acceptance

and perceived learning outcomes through psychological pathways in museum contexts.
Throughout this discussion, ‘learning outcomes’ denotes the students’ subjective evalua-
tions rather than objectively verified knowledge gains, which is a distinction warranting
caution given the possible fluency-based metacognitive biases. Testing the proposed
stimulus–organism–response (S-O-R) framework integrated with the Computers are Social
Actors (CASA) principles [22]. The integration of the CASA theory within the S-O-R frame-
work provides a theoretical lens for understanding AI acceptance, where design features
serve as environmental stimuli (S) that influence the psychological states (O), which in turn
affect the behavioral responses (R). The findings support the S-O-R framework, showing
that anxiety reduction is a critical mediator, with mechanisms operating consistently across
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genders except for one pathway. The following discussion interprets findings within the
specific context of Chinese high school students participating in curriculum-integrated mu-
seum visits. The cultural and educational factors—such as examination-oriented schooling
and attitudes toward authority—may shape these results. Readers should exercise caution
when extending these findings to other populations or cultural settings.

This study makes three key contributions. First, indirect-only mediation reveals that
anthropomorphism is associated with anxiety reduction exclusively through perceived
warmth rather than direct cognitive reassurance. Second, museum anxiety stems from
cognitive uncertainty when navigating unfamiliar content independently, distinct from
social-evaluative anxiety in classroom settings, necessitating a context-specific design.
Third, anthropomorphism, personalization, and interactivity serve as psychologically
distinct functions: anthropomorphism compensates for the limited human interaction,
while personalization and interactivity address the cognitive uncertainty through both
direct and warmth-mediated pathways.

The gender invariance finding (the equivalent of 10 of the 11 paths) validates the
mechanism’s robustness and simplifies the design decisions by prioritizing mechanism
optimization over demographic segmentation. However, this should not overshadow the
primary theoretical advances regarding affective pathway differentiation.

5.1. Pathway Differentiation Among Design Features

While anthropomorphism, interactivity, and personalization are common design
principles, their psychological mechanisms differ between supervised and self-directed
learning contexts. Anthropomorphism shows the strongest association with perceived
warmth, a pattern that is consistent with a social compensation function during solitary
exploration. The indirect-only mediation pattern suggests that human-like features are
associated with anxiety reduction exclusively through emotional warmth rather than
directly. Interactivity addresses cognitive uncertainty by providing non-judgmental inquiry
support. Personalization serves dual functions—enhancing the affective bonds and directly
reducing anxiety—because self-directed learning requires both emotional support and
adaptive content [2]. This indirect-only mediation pattern aligns with the CASA theory’s
prediction that social cues require affective intermediation [22], and extends Fernandes and
Oliveira’s findings on anthropomorphic technology acceptance by specifying the perceived
warmth as the critical mediating mechanism [38].

The non-significant direct effect invites a nuanced interpretation [16]. While museum
contexts eliminate the continuous social evaluation from teachers and peers, students may
transfer evaluative concerns to AI interaction partners. Anthropomorphism’s indirect-only
mediation through warmth suggests that human-like features reduce anxiety specifically
by establishing the AI as a non-judgmental, approachable interaction partner (captured
by LA1 and LA2). This pattern suggests that anthropomorphism functions primarily
as a social–emotional resource for establishing psychological safety with the AI, while
personalization and interactivity provide more direct cognitive scaffolding for navigating
unfamiliar content. As noted in our operationalization, the anxiety measure captured both
the judgment concerns and the uncertainty relief. The significant path from warmth to
anxiety reduction suggests the perceived warmth addresses both components—establishing
the AI as non-judgmental while creating psychological safety for asking questions.

The mediation analysis reveals three distinct pathways (see Table 8). Anthropomor-
phism exhibits indirect-only mediation through warmth. In contrast, personalization and
interactivity exhibit partial mediation, maintaining significant direct effects alongside the
warmth-mediated pathways. This pattern shows that functional features provide immedi-
ate cognitive utility through direct anxiety reduction, while social cues require affective
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intermediation. This finding is consistent with Li et al.’s S-O-R framework application in vir-
tual museums, where interactivity directly influenced psychological states [10], and extends
He and Wang’s work on museum guides by demonstrating the anxiety-specific pathway.

Research on anthropomorphic robots in museum exhibitions confirms that while hu-
manoid features create pleasant interactions, sustained engagement requires substantive
dialog capabilities beyond superficial appearance [4], supporting the finding that social pres-
ence through anthropomorphism and anxiety reduction operate through distinct pathways.

This dissociation supports coordinated design: anthropomorphism for emotional rap-
port, personalization for adaptive scaffolding, and interactivity for uncertainty resolution.
This dual function supports Plass and Pawar’s taxonomy of adaptivity, demonstrating that
personalization operates through both cognitive and affective channels in informal learning
contexts [2].

5.2. Anxiety Reduction as Critical Pathway

The findings support the S-O-R framework’s proposal that psychological states medi-
ate design feature effects. Anxiety reduction emerged as the strongest predictor of both
acceptance intention and learning outcomes, consistent with research identifying anxiety
as a barrier in educational technology adoption [78]. This effect was achieved through
personalization, interactivity, and perceived warmth. This finding extends Wang et al.’s
work on AI anxiety as a learning barrier [78] and aligns with Yan et al.’s demonstration that
anxiety-reducing design features enhance service acceptance [25].

Museum characteristics may amplify these anxiety reduction mechanisms. The low-
threat environment characterized by voluntary participation, absence of evaluative judg-
ment, and self-paced exploration contrasts with both formal classrooms (where students
face performance evaluation) and structured docent tours (where pacing is externally
controlled). This combination of autonomy and low evaluative pressure may allow de-
sign features to reduce anxiety more effectively than in high-stakes classroom settings. In
such contexts, AI systems may be perceived as providing challenges without the threat of
maintaining intellectual stimulation while minimizing evaluative pressure. This pattern
supports Falk’s characterization of museums as identity-relevant contexts where affective
states significantly shape engagement [23], and extends Wong and Wong’s service robot
acceptance model by identifying anxiety reduction as the primary affective mechanism [30].

These findings suggest that the anxiety-sensitive design merits prioritization because
anxiety reduction predicted both outcomes. The AI systems could acknowledge content
complexity to normalize learner concerns while providing progressive support, preventing
feelings of inadequacy. The absence of evaluative pressure in museums makes them
contexts where anxiety reduction can be treated as a core design consideration.

5.3. Robustness Across Gender Groups and Individual Variation

The multi-group analysis demonstrated substantial consistency across genders. Ten of
the eleven tested pathways (90.9%) operated equivalently: anthropomorphism enhancing
warmth, interactivity reducing anxiety, and personalization serving dual functions showed
no significant gender moderation (all ∆β p-values > 0.05; see Table 7 and Figure 3). This
consistency suggests the psychological processes underlying AI acceptance in museum
contexts reflect the common human responses to technology design rather than gender-
differentiated preferences. This consistency contrasts with Goetz et al.’s findings of gender
differences in classroom anxiety [13], suggesting that the informal museum context may
attenuate gender-specific technology interaction patterns documented in formal educational
settings [79].
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This consistency reveals characteristics about museum anxiety and technology accep-
tance in informal learning. The low-threat, self-directed character of museum learning
appears to reduce many gender-specific technology interaction patterns documented in
formal educational settings [79]. When the evaluative pressure is absent and exploration is
voluntary, both genders respond similarly to the features providing cognitive scaffolding
and emotional support.

One pathway showed significant gender moderation: anxiety reduction’s association
with perceived learning outcomes was stronger for females than males. Importantly, this
difference emerged in the downstream translation of psychological comfort into learning
perceptions, not in how design features reduce anxiety (which operated equivalently across
genders) [13]. This differential translation of anxiety reduction into learning perceptions
echoes patterns in mathematics anxiety research, where females show stronger relationships
between affective states and performance outcomes [13,79]. The mechanism underlying
this difference warrants further investigation.

For design purposes, this finding suggests monitoring individual behavioral indi-
cators (e.g., help-seeking patterns and confidence calibration) rather than demographic
categories when calibrating affective support, thereby addressing individual variation
without gender stereotyping.

5.4. Theoretical Contributions and Practical Implications

This study extends the S-O-R and CASA frameworks by demonstrating that AI ac-
ceptance in museums operates through dual affective pathways—emotional warmth and
anxiety reduction—rather than primarily through cognitive utility evaluations. The ob-
served pathway structure is consistent with a sequential process where affective features
establishing emotional readiness may precede cognitive features providing anxiety reduc-
tion, though the cross-sectional design cannot confirm temporal ordering.

We demonstrated mechanistic specialization among the design features previously
treated as interchangeable. Anthropomorphism functions as a social presence builder,
enhancing warmth with indirect anxiety reduction. Personalization serves dual functions,
providing both warmth enhancement and direct anxiety reduction through adaptive con-
tent. Interactivity functions as a cognitive scaffold, showing direct association with anxiety
reduction via uncertainty mitigation. We also identified that cognitive uncertainty anxiety
is museum-specific compared to the social-evaluative anxiety in classrooms, highlighting
the importance of a context-sensitive design. The gender invariance provides evidence
that identified pathways reflect fundamental human–AI interaction patterns rather than
demographic artifacts.

These findings suggest three design considerations. The design frameworks could
implement layered architectures: anthropomorphic features establish emotional readi-
ness, personalization provides adaptive cognitive support, and responsive interactivity
confirms comprehension. An anxiety-sensitive design merits prioritization, given that
anxiety reduction predicted both outcomes. The substantial gender invariance (90.9%
of pathways) supports deploying unified implementations while monitoring individual
behavioral indicators to calibrate affective support dynamically.

These contributions should be interpreted within the study’s boundary conditions
that are detailed in Section 6.2.

Future research should conduct controlled experiments manipulating the specific
anthropomorphic features, interactivity modalities, and personalization algorithms to
establish causal relationships. The longitudinal studies tracking acceptance over extended
periods would clarify whether the mechanisms remain stable as the novelty diminishes.
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Cross-cultural replications would test whether affective pathways operate similarly across
societies and whether anxiety sources vary across cultural norms for informal learning.

6. Conclusions and Future Works
This study examined how AI museum guide design features influence acceptance

through emotional engagement, anxiety reduction, and gender moderation in museum con-
texts, contributing to the understanding of AI acceptance in informal learning environments.

6.1. Conclusions

This study makes three key contributions. First, anthropomorphism showed the
strongest association with perceived warmth among the three design features. The indirect-
only mediation pattern—where anthropomorphism relates to anxiety reduction exclusively
through warmth rather than directly—represents a novel finding for museum contexts.
Second, the findings show mechanistic differentiation: anthropomorphism reduces anxiety
through perceived warmth, while personalization and interactivity directly reduce anxiety
through adaptive content and cognitive scaffolding. This distinction enables layered design
strategies where features address complementary psychological needs. Third, ten of the
eleven pathways operated equivalently across genders, validating the mechanism’s robust-
ness. The single exception in anxiety’s effect on learning suggests that adaptive systems
could respond to individual behavioral indicators rather than demographic categories.

These findings apply the CASA principles to museum contexts, showing that AI
acceptance operates through emotional warmth and anxiety reduction. For design, anthro-
pomorphic features should prioritize empathetic tone over superficial visual resemblance,
personalization should include adaptive content to build warmth and reduce cognitive over-
load, and interactive features should use open-ended prompts to normalize uncertainty.
The adaptive systems could monitor behavioral indicators such as follow-up question
frequency and self-assessment confidence to calibrate support rather than using demo-
graphic segmentation.

These findings and recommendations should be interpreted within the boundary
conditions of this study: Chinese high school students in curriculum-integrated museum
programs. While the dual-pathway mechanism offers a theoretically grounded framework,
practitioners implementing AI museum guides in different cultural or educational contexts
should consider local factors that may moderate the pathway strengths.

6.2. Limitations and Future Research

There are several limitations that should be noted. First, cultural and contextual
boundaries constrain generalizability. The sample comprised Chinese high school students
in policy-mandated museum programs, where curriculum integration creates a structured
institutional environment differing from voluntary Western museum visits. Although
students retained autonomy in navigation and AI usage, the curriculum-embedded context
may retain implicit academic expectations despite the absence of a formal assessment.
Therefore, the strong anxiety reduction effect should be interpreted within this hybrid
voluntary–mandatory context rather than as evidence from purely self-directed visits.
Future research should compare mandatory field trips with voluntary museum visits to
isolate the contextual effects on the anxiety mechanisms. Additionally, cultural factors
may influence generalizability: Confucian values that emphasize respect for authority
may increase trust in AI guidance, and China’s favorable policy environment toward
educational technology may create more positive baseline attitudes than in other societies.
Cross-cultural replications should examine whether these pathways remain stable across
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educational philosophies and cultural contexts, comparing Chinese students with Western
samples and extending to other age groups such as university students and adult learners.

Second, the methodological constraints limit the causal and ecological validity.
Classroom-based administration ensured ethical oversight for minors but reduced the
ecological validity—future studies should collect the data during actual museum visits.
Additionally, this study did not conduct a formal pilot test with a separate sample prior
to the main data collection. While all measurement instruments were adapted from previ-
ously validated scales, and item refinement was performed during the measurement model
validation, a dedicated pilot study could have strengthened the measurement quality. The
cross-sectional design captures the AI novelty effects; the longitudinal studies are needed to
track the mechanism stability as habituation occurs. Additionally, prior museum familiarity
and domain knowledge may moderate the AI feature effects and should be controlled in
future research.

Third, the measurement limitations constrain conclusions about actual learning. This
study relied on self-reported perceived learning, which may be inflated through fluency
misattribution, effort-outcome decoupling, or affective halo effects. The students receiving
extensive scaffolding report higher perceived learning but show equivalent or lower re-
tention, suggesting affective comfort does not guarantee knowledge consolidation. While
perceived learning aligns with S-O-R’s subjective focus, future research should incorporate
objective assessments such as pre- and post-tests and delayed recall to validate whether
AI features enhancing perceived learning also promote actual retention. This limitation is
particularly relevant given our emphasis on anxiety reduction. When AI interactions feel
comfortable, students may experience inflated learning confidence—the strong path from
anxiety reduction to perceived learning may partly reflect fluency-based judgment bias
rather than genuine learning gains.

Fourth, the social compensation interpretation remains speculative. Our anthropomor-
phism items assessed perceived naturalness of AI communication but did not measure lone-
liness or social needs during visits. Alternatively, the observed warmth effect may simply
reflect that human-like features increase general approachability regardless of social needs.
Future research should include loneliness measures to distinguish these mechanisms.

Fifth, our anxiety measure combines concern about AI judgment (LA1, LA2) and
cognitive uncertainty relief (LA3). This integrated measure cannot determine whether
design features differentially address these two sources. Future research could develop
separate subscales to test whether anthropomorphism primarily reduces judgment concerns
while interactivity primarily addresses cognitive uncertainty. Additionally, the single
significant gender moderation among the eleven tested paths raises the possibility of a Type
I error, and the underlying mechanism remains speculative without measuring variables
such as metacognitive processing or baseline anxiety levels.

Future research could address these limitations through controlled experiments es-
tablishing causal relationships, longitudinal designs capturing affective adaptation, multi-
method approaches combining self-reports with physiological measures, and objective
learning assessments (pre- and post-tests and delayed recall), validating whether perceived
learning gains reflect actual retention.
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