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ABSTRACT 

As museums globally accelerate digital transformation, AI-enabled Augmented Reality (AR) guide systems represent a critical 

innovation for enhancing visitor involvement; however, understanding the psychological drivers of their acceptance remains 

understudied despite significant implementation costs and visitor experience implications. This study thus examines: How do 

core attributes of AI-enabled Augmented Reality Exhibition Guide Systems (AAEGS)—informativeness, personalisation, and 

interactivity—influence visitor acceptance through cognitive and affective involvement pathways? Based on a survey of 417 

visitors in a Chinese museum, this study examines acceptance of AI-enabled Augmented Reality Exhibition Guide Systems 

(AAEGS). Applying the Elaboration Likelihood Model (ELM), it proposes that AAEGS acceptance is influenced by the 

system's informativeness, personalisation, and interactivity. Using a quantitative methodology with a 7-point Likert scale 

questionnaire, the research empirically tests the model. Findings corroborate these three attributes significantly impact visitor 

acceptance. Furthermore, the study demonstrates that cognitive involvement and affective involvement act as significant 

mediators in this process; the system attributes influence visitors' cognitive and affective responses, thereby leading to their 

decision to accept AAEGS. 

 

Keywords: AI-enabled AR guide systems, museum visit experience, visitor acceptance, elaboration likelihood model, 

informativeness, personalization, interactivity, cognitive involvement, affective involvement. 

 

INTRODUCTION 

Museums are treasure troves of knowledge and culture where visitors can access to fulfill their various needs, social, learning, 

entertainment, just to name a few (Izzo et al., 2023). Contemporary museum exhibition curators increasingly use digital 

technologies to engage visitors (Chen et al., 2021; Cheng et al., 2023). However, creating a museum environment to 

continuously  engages and interests visitors remains a challenge (Choi & Kim, 2017). 

 

One of the promising technologies to engage visitors is Augmented Reality (AR) that helps enhance visitors’ experience by 

applying digital content over real museum environments (Duguleană et al., 2020) to integrate the digital world with the real 

world (Chung et al., 2017). In combination with Artificial Intelligence (AI), such AI-enabled Augmented Reality (AR) 

technology can afford an even more enhanced visitor experience (Sadamali Jayawardena et al., 2023).  

 

AI-enabled AR for museum exhibitions can create a rich and personalised visitor experience. Through applications, visitors 

can engage with exhibits, for example by triggering animations, or playing audio or video. The AI-enabled Augmented Reality 

Exhibition Guide Systems (AAEGS) is a tour guide system designed to incorporate AI into an AR application. The AAEGS 

allows visitors to interact with a virtual environment that can be changed according to individual visitors’ interests and 

behaviour (Jeong & Shin, 2019). It uses data extractions, natural language processing and knowledge fusion to provide 

interactive and personalised museum information to visitors (Jiang et al., 2022; Kamariotou et al., 2021) (Komarac & Ozretić 

Došen, 2021). 

 

Chinese museums have been a pioneer in the adoption of emerging technology (Jeong & Shin, 2019). The adoption of such 

technologies, including AI and AR, has significantly changed the visitor’s experience and expectations for what a museum can 

provide (Lin et al., 2022; Park & Yoo, 2020; Sang et al., 2023). Visitors are no longer satisfied with traditional exhibitions that 

lack interaction and personalised content (Guo et al., 2021; Yang & Zhang, 2022). This study aims to address this gap by 

examining what attributes of the AAEGS and how such attributes can promote visitors’ involvement with and acceptance of 

museum exhibit and the technology per se.  

 

In this study, we focus on visitors’ cognitive and affective involvement as dual pathways to influence their acceptance of the 

exhibit and technology. We adopt the Elaboration Likelihood Model (ELM) to propose that different attributes of the system 

can influence visitors' acceptance of the technology through distinct routes (Shahab et al., 2021; Sung et al., 2021). The three 

attributes of AAEGS that we examine are informativeness, personalisation, and interactivity. These three attributes have been 

identified as the core attributes of AAEGS. Informativeness provides rich contextual layers—like 3D artifact reconstructions or 
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animated historical scenes—that transform surface-level viewing into deep discovery; personalisation adapts content in real-

time, offering tailored narratives (e.g., detailed artist insights for enthusiasts or interactive treasure hunts for families), ensuring 

every tour feels uniquely relevant; interactivity empowers hands-on engagement—visitors rotate virtual objects, solve AR-

powered historical puzzles, turning visitors into active participants. These features shift museums from one-way information 

channels to personalized, multisensory dialogues with history, significantly boosting engagement and lasting memorability. 

 

To test our research model, we collected data from a pool of museum visitors who has recently visited a museum using an  

AAEGS in China. 417 valid responses were collected. Our findings indicate that informativeness, personalisation, and 

interactivity significantly influenced AAEGS acceptance, mediated by both cognitive involvement (central route) and affective 

involvement (peripheral route). 

 

This paper is structured as follow: Section 2 covers Literature Review and hypothesis development; Section 3 details 

methodology; Section 4 presents findings; Section 5 discusses; Section 6 concludes with limitations and future directions. 

 

LITERATURE REVIEW AND HYPOTHESIS DEVELOPMENT 

AAEGS Acceptance 

Visitors’ or users’ acceptance of a new technology determines whether such a technology will be adopted (Chen et al., 2025; 

El Archi & Benbba, 2023; Kelly et al., 2023). In the tourism literature, many studies have found that users’  acceptance of new 

technology improve their traveling experience and  interaction with such technology (Komarac & Ozretić Došen, 2021; Lee & 

Lim, 2010; Liu & Shrum, 2009; Siu et al., 2022). Indeed, increased literature demonstrates that visitor needs have driven the 

adoption of new technologies in the industry, emphasizing the importance of technology in meeting users' expectations and 

needs (Engelbrecht et al., 2019; Giotis & Papadionysiou, 2022; Han et al., 2018; Vitali et al., 2022).  

 

AAEGS acceptance refers to visitors' willingness to adopt and utilize the AI-enabled Augmented Reality Exhibition Guide 

System within the museum environment and other tourist scenarios. It encompasses their positive behavioral intention to use 

the system, perception of its usefulness in enhancing learning and engagement, and favorable attitude towards its integration 

into their visit (Haugtvedt & Petty, 1992; Lin et al., 2022; Zhuang et al., 2020). AAEGS transforms traditional museum 

exhibitions through three core features: Informativeness delivers multi-dimensional content (e.g., 3D reconstructions, 

contextual animations) that replaces static labels with immersive, depth-adjustable knowledge, empowering visitors to explore 

exhibits at their preferred intellectual level. Personalisation leverages AI-driven real-time feedback—analyzing visitor behavior 

(dwell time, selected interests), demographics, and interaction patterns—to dynamically tailor content (e.g., offering ceramic-

firing techniques to pottery enthusiasts while triggering AR treasure hunts for families). Interactivity enables tactile 

participation, allowing visitors to rotate holographic artifacts, solve historical puzzles via gesture/voice, converting passive 

observation into experiential storytelling. This acceptance signifies endorsement of AAEGS as a valuable tool, driven by its 

attributes—informativeness, personalisation, and interactivity—which operate through cognitive and affective involvement 

pathways to shape visitors' decision to adopt the technology for achieving their experiential goals. 

 

Elaboration Likelihood Model 

The Elaborate Likelihood Model (ELM) suggests two routes of persuasion to form and change an individual's attitudes (Petty 

et al., 1986). The central route necessitates deep, effortful elaboration, where individuals rigorously evaluate the merits and 

logical arguments of a message or stimulus to form enduring, well-reasoned attitudes (Mardhatilah et al., 2023; Petty et al., 

1986). The peripheral route relies on heuristic processing of superficial cues within the environmental context, enabling 

quicker, less cognitively demanding attitude formation that is often more affective driven but potentially less stable 

(Mardhatilah et al., 2023).  

 

For AAEGS acceptance in museums, these dual pathways can be distinctly activated by the system's core attributes, namely 

informativeness, personalisation, and interactivity. Informativeness serves as the primary catalyst for the central route (Ukpabi 

& Karjaluoto, 2017). By delivering high-quality, relevant, and substantive content about exhibits, AAEGS encourage visitors 

to engage in cognitive elaboration (Choi & Kim, 2017). Users systematically evaluate the information's accuracy, depth, and 

utility for understanding and learning, leading to acceptance decisions grounded in reasoned judgments about the system's 

perceived usefulness and value for achieving their cognitive goals (e.g., learning the history of an exhibited artefact) (Siu et al., 

2022). Personalisation is argued to influence acceptance through the central route by engaging users’ cognitive evaluation of 

content relevance and tailoring (Lin et al., 2022). When visitors consciously evaluate the system’s tailoring precision—
assessing whether AI-generated recommendations align with their personal interests, knowledge goals, or demographic profile

—they engage in effortful cognitive elaboration (Reychav & Wu, 2015). Interactivity operates primarily via the peripheral 

route, leveraging low-effort heuristic cues, such as intuitive interface design, visual appeal, and immediate enjoyment (e.g., 

delight in manipulating AR objects) — to trigger positive affective responses (Hsiao et al., 2022). This surface-level 

engagement reduces cognitive load, but fosters visitors’ affective involvement (emotional arousal/curiosity) with the exhibit 

and technology and ultimately visitors’ AAEGS acceptance (Sung et al., 2021). Figure 1 represents our research model. 

 

 

Involvement 



Fu & Liu  

The 25th International Conference on Electronic Business, Hanoi, Vietnam, August 21-25, 2025 

23 

Zaichkowsky (1986) pioneered its conceptualization in consumer behavior, framing involvement as "a person's perceived 

relevance of an object based on inherent needs, values, and interests." This intrinsic motivation determines cognitive allocation 

and emotional investment(Zaichkowsky, 1986). This study, involvement is delineated as the extent to which users perceive  

their interaction with content during an information-seeking endeavor as necessary and fitting. Involvement is defined as 

people's active and positive subjective engagement in completing something based on a cognitive need or a goal motivation. It 

is categorized into cognitive and affective involvement. Cognitive involvement refers to rational thinking and information 

processing, where visitors evaluate AAEGS’ relevance and usefulness through logical assessment (Reychav & Wu, 2015; Soni, 

2017; Steinhardt et al., 2022; Wu et al., 2024). Affective involvement, which is rooted in hedonism, derives from value 

expression or emotional motivation (Tung et al., 2017).  

 

Affective involvement is defined as the emotional experience of visitors during a tour, such as the experience of positive and 

negative emotions, and it refers to an important part of visitor involvement besides behavioral and cognitive involvement, 

which directly influences the user's behavioral involvement and plays a key role in AAEGS. (Faisal et al., 2020; Putrevu & 

Lord, 1994). We argue that cognitive involvement enhances rational evaluation of AAEGS functionality because visitors adopt 

AAEGS not because of novelty, but because cognitive labor confirms its functional superiority over traditional guides (e.g., 

audio tours or placards).  Hence, we hypothesise: 

 

H1: Cognitive Involvement positively affects AAEGS acceptance. 

 

Likewise, affective involvement boosts acceptance through hedonistic experiences (Akram & Kortam, 2020; Su et al., 2019). 

For example, when an AAEGS surprises visitors by overlaying a playful AR dragon that "hatches" from a Ming Dynasty vase 

when viewed through their device, the spontaneous delight (affective involvement) transforms functional interaction 

into emotional storytelling. The study hypothesizes: Hence, we hypothesise: 

 

H2: Affective Involvement positively affects AAEGS acceptance. 

 

 
Figure 1: Research Model  

 

Informativeness, Personalisation, and Interactivity 

Informativeness refers to the ability of the AAEGS to provide a range of insightful content, varied and experiential interactions, 

broad knowledge, and comprehensive information about the museum exhibits (Kim & Hall, 2020; Sustacha et al., 2023; 

Ukpabi & Karjaluoto, 2017). AAEGS' informational output not only engages visitors' attention but also uses high-quality, 

intellectually stimulating information to keep them involved. 

 

Informativeness meets visitors' needs for information quantity by giving details of the exhibits, their historical context and 

explanations, but also meets their needs to use their own intellect to analyse and judge the quality of this information as good 

or bad (Mo et al., 2023). When visitors view AAEGS provided information as useful, precise, and suited to their interests, their 

cognitive involvement will increase significantly, which is positively affecting their acceptance and continued involvement 

(Craig & Choi, 2024).  However, this information may not cause the visitors to become involved affective. The dissociation of 

cognitive and affective processing  suggests that while AAEGS can information-saturate users, yet by it provides 

intellectual stimuli that are often different from affective involvement (Faisal et al., 2020; Zaichkowsky, 1986). Hence, 

we hypothesize:  

 

H3: Informativeness has a positive effect on visitors’ cognitive involvement. 
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Personalisation is based on the user's settings. The system collects and organizes information to provide a user-tailored 

experience that keeps the customer engaged at all times to meet the customer's needs (Zanker et al., 2019). The personalised 

attribute of the system allows the content provided by the system to be able to resonate with the visitor and lead the visitor to a 

more cognitive involvement (Ivanov & Velkova, 2025; Zanker et al., 2019). Personalized push functions, which are based on 

deep analysis of user preferences are possible (Gao et al., 2023; Jeong & Shin, 2019). Content that is tailored to an individual's 

preferences and understanding level can increase visitors' cognitive involvement (Ivanov & Velkova, 2025). Further, 

personalized systems have been found to increase visitors' satisfaction and acceptance, and also to encourage them to process 

content at a deeper cognitive level (Tung et al., 2017). Hence, we hypothesize:  

 

H4: Personalisation has a positive effect on cognitive involvement. 

 

The theory of emotion suggests that personalisation can elicit significant emotional responses from visitors (Zanker et al., 

2019). Personalisation in AAEGS is a key factor in a visitor's decision to make an emotional investment in a museum (Jeon et 

al., 2018). In summary, the literature confirms that personalisation works in developing emotional connections. Hence, we 

hypothesize:  

 

H5: Personalisation has a positive effect on affective involvement. 

 

Interactivity increases users' cognitive involvement by promoting an active learning experience for them (Ponsignon & 

Derbaix, 2020; Sternberg et al., 2021). This interaction allows users to make decisions about the tour route during the visit, 

they need to solve and answer questions about history and heritage asked by the system and they need to reflect on the 

information received during the visit, which is a source of cognitive involvement for tourists (Cheng et al., 2023; Duguleană et 

al., 2020). Hence, we hypothesize:  

 

H6: Interactivity has a positive effect on cognitive involvement. 

 

The interactivity in AAEGS is a key element of peripheral cues from an ELM point of view, which makes the whole of the 

exhibition more playful and experiential, and serves as a channel for deeper affective involvement of the visitors (Craig & 

Choi, 2024). More importantly, it will emotionally connect with the visitor, developing a personal feeling of connection to the 

system and increasing customer satisfaction (Lee & Lim, 2010). Hence, we hypothesize:  

 

H7: Interactivity has a positive effect on affective involvement. 

 

METHODOLOGY 

Research Paradigm and Method 

This study adopts positivism as the study's worldview since it postulates that there are principles and laws that govern 

acceptance of technology and these laws are discover able through systematic, quantitative research (Lin et al., 2022; Park & 

Yoo, 2020). Following the positivism paradigm, which focuses on the physical and truth-dependent aspects of the art, 

researchers are able to systematize and conduct an empirical research on how these elements foster the acceptance of AAEGS 

in museums (Lu & Taghipour, 2025; Mustofa, 2023). Objectivism also facilitates this analysis because the advocated realities 

and opportunities of the AAEGS acceptance extent beyond individual perceptions and are governed by principles that are 

objectively rational and can be thoroughly investigated (Lu & Taghipour, 2025). 

 

It is crucial to use a questionnaire as it contributes greatly to the research methodologies that guarantee standardized format of 

data collection thus ensuring that the information collected from the participants is well standardized for comparison (Sharma, 

2022). For the data collection tool of this study, a self-administered close-ended close questionnaire was employed which 

incorporated a 7-point Likert scale, a form of quantitative reasoning methodology that quantifies qualitative opinion into 

proportionate numbers (South et al., 2022).  

 

Variables and Measurement 

As indicated in Table 1. AAEGS Acceptance (EA) was assessed through three reflective items designed to capture the depth of 

users' involvement and commitment to utilizing AI-enabled Augmented Reality Exhibition Guide Systems in museum settings. 

This scale was adopted from Lee & Lim, (2010) with certain modifications to the context of technology in a museum. 

Cognitive involvement (CI) as used in this study, thus captures the extent of which visitors interact and absorb when visiting 

the AAEGS Museum. To measure this concept, seven reflective items were adopted from Soni, (2017), Su et al., (2019), 

Reychav & Wu, (2015) and Faisal et al., (2020). Affective involvement (AI), this study quantifies affective involvement using 

four specific measures that reflect the emotional involvement of visitors with the AAEGS during their museum visits. The four 

measures were taken from Faisal et al., (2020). The amount of information is defined by four indicators. All four 

measurements were taken from Kim & Hall, (2020). Personalisation within AAEGS greatly enhances the experience of 

museum visitors since it sets up a unique encounter for a given user (Jeong & Shin, 2019).The three measurements mentioned 

above are from Jeong & Shin (2019). Interactivity is determined as a key determinant in this research, and the scales for 

measuring it are well and systematically derived from the work of Sternberg et al., (2021). 

 



Fu & Liu  

The 25th International Conference on Electronic Business, Hanoi, Vietnam, August 21-25, 2025 

25 

To minimize the effects of these confounding factors, it is methodologically appropriate to include individual-level control 

variables, including age, gender, education, income status, and annual frequency of museum visits, as performed by Liu & 

Shrum, (2002) . These demographic characteristics serve as control variables to account for extraneous variation that could 

influence the outcome of interest—in this case, individual visitors' acceptance of AAEGS (Liu & Shrum, 2002). Therefore, it is 

necessary to add these variables as control variables to the analysis to see the impact of demographic factors, while testing the 

hypothesis that the system attributes impacting on the usage of AAEGS is through the level of information, personalisation and 

interaction factors. 

 

Table 1: Questionnaire scales and sources 

 
 

Sample and Data Collection 

To capture the diverse usage patterns of users of the AI-enabled AR Exhibition Guides systems (AAEGS) in Chinese museums, 

the study used a data collection method by employed random sampling to engage about 424 participants. As part of 

quantitative research, random sampling offers reliability in the results as each individual from the target population has equal 

risk of being chosen (Sousa et al., 2007). In the context of current study, random sampling serves to obtain accurate and 

representative data for future use in fine-tuning and expanding the application of AAEGS methods in museums as well as the 

corresponding overall philosophy of research (Mehrad & Zangeneh, 2019). The utilization of “Questionnaire Star”, one of 

the leading online survey tools available in China, facilitates the smooth distribution and collection of questionnaires without 

complications. The survey began with questions about age, gender, education level, income level, and number of visits to 
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museums per year to build a basic background knowledge of the participant in order to understand their responses (Östlund et 

al., 2011; Walker, 2005). The anonymity of the participants was very important because their responses could only be used for 

research and not any other purpose that may harm them in any way. Hence, the questioner was designed so that participants did 

not have to identify themselves to anyone. The information collected from the respondents is stored on private computers that 

only the study members have access to. In this way, we can also ensure that the security or data remains high and advances in 

technology are provided. These data will be deleted forever by me 6 months after the study is completed. 

 

Data Analysis 

The validity of the model for analysis of the data has been tested in Smart PLS 4, which is a Partial Least Squares Structural 

Equation Modeling software (Cheung et al., 2024). The analytical journey of Smart PLS is divided into two distinct phases. 

Namely, the measurement model phase and the structural model phase (Memon et al., 2021). During the measurement model 

phase, reliability coefficients such as the cronbach alpha coefficient are obtained to test reliability (Malkewitz et al., 2023). 

Values of Composite Reliability (CR) provide an insight of internal consistency of the model, while factor load-lings and the 

Average Variance Extracted (AVE) make it possible to assess convergence validity (Cheung et al., 2024). When transiting to 

the structural modeling stage, AMOS analysis was used to extract the standardized regression coefficients, the coefficients of 

determination (R2), as well as the overall measures of model fitness that provided a comprehensive view of the explanatory, 

influencing, and predictive power of the described structural model (Purwanto & Sudargini, 2021). This was because path 

analysis can also elucidates the connections and the moderation roles of different variables in the model. 

To further support the results of the PLS-SEM analysis, the Statistical Package for the Social Sciences (SPSS) was also used 

for other statistical tests. This included descriptive statistics to describe data features and inferential statistics to make 

conclusions. The combination of Smart PLS 4 and SPSS provided an interactive approach to analyze the complexity of the 

relationships within AAEGS and their acceptance by users (Purwanto & Sudargini, 2021). Moreover, the study was cross-

sectional, meaning that it does not allow for the establishment of cause-and-effect relationships or tracking development 

(Herber et al., 2020).  

 

ANALYSIS AND FINDINGS 

Demographic Characteristics of the Sample 

The sample consisted of 417 respondents, with a majority falling within the 26-30 age group, which accounted for 

approximately 40.29% of the total, suggesting a strong representation of young adults who are likely familiar with digital 

technologies. The percentage of the 31-40 age bracket is next   with 34.5% of the population, which is in the mid-career section, 

may have moderate to high disposable income and education level. Concerning gender distribution in the sample, females were 

slightly more represented than males with 56%. Males constituted 43.65% of the respondents while females constituted only 

35% of the respondents which gives a balanced gender distribution that would be useful in analyzing the technology 

acceptance from both perspectives. Educational levels among the participants are predominantly high, with 78.66% having an 

undergraduate degree, followed by 10.31% possessing postgraduate qualifications. The largest share of the respondents (53%) 

indicated that they earn between 5000 and 10000 RMB per month, which indicates that the respondents fall into middle to 

upper-middle income category, whereas 30%. In terms of how often respondents attend museums, the highest proportion 

(52.28%) said that they go to museums three to four times a year, which indicates a good level of cultural involvement. Those 

who visit museums more often, five and more times per year, represent only 11% of all respondents. 75% of the sample, which 

means although there is always a strong desire to visit museums, hardly anyone does this very often. This demographic profile 

is helpful in knowing the context in which the respondents navigate while engaging with and perceiving the value of AAEGS; 

factors such as technology adoption and the user experience (Ivanov & Velkova, 2025). 

 

Cronbach's α Reliability Analysis 

The data collected through the questionnaires will be analyzed using Cronbach's α technique to determine the reliability of the 

measurements. Cronbach's α is a measure of internal consistency that measures the reliability of a psychometric tool by 

assessing the degree of correlation between the items in the test (Vaske et al., 2017). The alpha coefficient is a standardized 

measure and varies from 0 to 1; the closer to 1 the higher the reliability (Bujang et al., 2018). Reliability analysis is used to 

assess the reliable accuracy of the responses that are given out in the quantitative data (Malkewitz et al., 2023).  

 

In this study, Cronbach’s α for informativeness is 0.91, Cronbach’s α for personalisation is 0.909, Cronbach’s α for 

interactivity 0.909, Cronbach’s α for cognitive involvement is 0.909, Cronbach’s α for affective involvement is 0.907 and 

Cronbach’s α for acceptance is 0.908, which is higher than 0.9, thereby showing that the reliability of the research data is of 

good quality. the research data reliability coefficient value is higher than 0.9, which comprehensively indicates that the data 

reliability is of high quality and can be used for further analysis (Bujang et al., 2018). The Composite Reliability (CR) values 

(see Table 2) are as follows and all of them are above the acceptable limit of 0.7. Thus, it also proves the internal consistency 

reliability of the constructs which in turn supports the reliability coefficient of the study (Purwanto & Sudargini, 2021). CR for 

Informativeness (0.821), Personalisation (0.781), Interactivity (0.763), Cognitive Involvement (0.811), Affective Involvement 

(0. 819), and AAEGS Acceptance (0.841) all indicate that the items under each construct are, in fact, reliable measures of the 

aforesaid constructs (Raubenheimer, 2004). 
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Results of Validity Analysis 

The validity study is used to analyze whether the research items are reasonable and meaningful, the validity analysis uses 

factor analysis as a data analysis method to conduct the study, through the Kaiser-Meyer-Olkin (KMO), commonality, variance 

explained rate, factor loading coefficient value and other indicators to comprehensively analyze in order to verify the validity 

level of the data (Smith, 2005). In this study all the research items corresponding to the commonality value is higher than 0.5, 

which indicates that the information of the research items can be extracted effectively. The KMO value is 0.932 which is 

greater than 0.6 and the data can be extracted information effectively. The variance explained values of the six factors are 

14.079%, 9.044%, 8.858%, 7.698%, 7.505%, 7.336%, and the cumulative variance explained is 64.52%>50%. It means that 

the amount of information of the research item can be extracted effectively. 

 

The Average Variance Extracted (AVE) values for each construct exceed the minimum threshold of 0.50, suggesting a 

satisfactory level of convergent validity. Convergent validity is established when a construct captures a high proportion of the 

variance in its items. For instance, AVEs for Informativeness (0.605), Personalisation (0.559), Interactivity (0.558), Cognitive 

Involvement (0.619), Affective Involvement (0.603), and AAEGS Acceptance (0.637) indicate that the majority of the 

variance in the observed variables is due to the hypothesized latent constructs, affirming the adequacy of the construct 

measurements (Smith, 2005). The results showed that the measures of informativeness, personalisation, interactivity, cognitive 

involvement, affective involvement, and AAEGS acceptance confirm both convergent and discriminant validity. 

 

Table 2: Inter-Construct Correlations and AVE values 

 
 

Structural Equation Modeling Analysis 

The measurement model and structural model were tested by using Partial Least Squares-Structural Equation Modeling (PLS-

SEM) analysis with SmartPLS 4, as the results evident in Figure 2. The relationship between information volume and cognitive 

involvement (H3: IF→CI) was established with highly significant positive effects. The standardized path coefficient for this 

relationship is 0.276, which signifies a strong correlation, and which is further supported by the low p-value of < 0.01. The 

relationship between personalisation and cognitive involvement (H4: PER→CI) is defined by a clear and unambiguous 

division of the standardization coefficient 0.264, indicating a strong positive relationship that is statistically significant at 

p<0.01 level. The influence of personalisation on affective involvement (H5: PER→AI) is evident in the standardized 

coefficient of 0.338, which highlights a significant and highly essential effect (p<0.01). The path from interaction to cognitive 

involvement (H6: INT→CI) is positively influenced, as can be seen from the standardized coefficient of 0.379 and a highly 

significant p-value (p<0.01). This effect underlines the importance of interactivity in increasing levels of cognitive presence in 

AAEGS. The relationship between interactivity and affective involvement (H7: INT→AI), as suggested by a standardized 

coefficient of 0.429 (p<0.01). Interactive elements in AAEGS positively influence users' emotional involvement. The path 

from cognitive involvement to AAEGS acceptance (H1: The path from CI to EA) was significant, as indicated by a 

standardized coefficient of 0.378 and a highly significant p-value (p<0.01), show that level of cognitive involvement has 

substantial effect on the level of user acceptance. The relationship between affective involvement and AAEGS acceptance (H2: 

The fact that AI→EA) is equal to 0.350 is supported by a standardized coefficient. 0.350 high level of statistical significance 

(p<0.01). Thus, the correlation proves that the emotional response is critical in the acceptance of technology, which supports 

the peripheral route of the ELM where affective elements have a great impact on the decision-making. 

 

In the context of structural modeling, R² value is the measure that is used to determine the goodness of a structural equation 

model, the value which may range between 0 and 1. The R²values obtained in the study are as follows 0.579 for the cognitive 

involvement, 0.463 for the affective involvement, 0.396 for AAEGS acceptance—offer clear and strong support for the 

model's good fit and significant predictive utility. The results support the hypothesized relationships stated in ELM, that the 

features of AAEGS are indeed affecting the level of interaction of visitors.  

 

In the statistical analysis, particularly in the SEM, the effectiveness of the model is tested by using various fit indices that are 

particularly designed to assess various aspects of the model (Fan et al., 2016; Mulaik et al., 1989; Singh, 2009). See Table 3 

the chi-square (X²) value, standing at 544.801 with 265 degrees of freedom, yields a X²/df ratio of 2.056. This ratio is 
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comfortably below the recommended threshold of 3, indicating a good fit of the model to the data (Mulaik et al., 1989). This 

metric is important as it gives a simple measure of model discrepancy for each degree of freedom where lower is generally 

better. Adding to the reliability of the model is the Goodness of Fit Index (GFI) and the Comparative Fit Index (CFI), which 

are both more than 0.9 threshold (cite), recording values of 0.905 and 0.909 respectively. These indices are relative measures 

of how well the hypothesized model fits the data compared to a null model and are interpreted such that values closer to 1 

represent a small difference between the hypothesized model and the observed data (Mulaik et al., 1989). The Root Mean 

Square Error of Approximation (RMSEA) is 0.05, which is comparable to the ideal situation of being below 0.1. This implies 

that the model is a good fit for the population data. To this, we have the Root Mean Residual (RMR) at 0.046. In addition, the 

Normed Fit Index (NFI) and the Non-Normed Fit Index (NNFI), referred to as the Tucker-Lewis Index (TLI), are 0.939 and 

0.97, respectively. Both indices measure the relative fit of the target model to the independence model, with higher values 

denoting better fit (Goretzko et al., 2024).   

 

In conclusion, the SEM analysis supports the model's structural validity in the extent to which it captures various factors 

relating to AAEGS acceptance among museum visitors, and at the same time, it highlights the need to interpret fit indices in a 

complex manner. These indices should therefore be taken as part of a more comprehensive set of criteria, where empirical and 

theoretical considerations regarding the model's validity are taken into account. 

 

 
Figure 2: Structural regression model 

 

Table 3: Fit indices results 

 
 

Mediating Effect Test 

Table 4 offers the mediation effect analysis from our study, where cognitive and affective involvement are considered as 

potential mediators. A total of 417 respondents were analyzed using percentile bootstrap method. Cognitive involvement as the 

mediator of the relationship between information content and AAEGS acceptance: Analysis of the mediating effects of 

Cognitive Involvement (CI) from Informativeness (IF) to AAEGS Acceptance (EA) suggests that cognitive processing plays a 

strong and significant role in mediating the information content to system acceptance. Total effect in this pathway is also very 

high with a total coefficient of 0.734, thus suggesting that while information has a significant effect on acceptance, its effect is 

moderated by cognitive factors. The regression coefficients show that the path between the two variables is indirect effect 

coefficient (a*b) of 0.373. This mediating effect emphasizes the importance of cognitive involvement in transforming 

information into higher levels of system acceptance through the process of involvement and cognition. The partial mediator 

from personalisation to cognitive involvement to AAEGS acceptance is 0.334, accounting for 61.05%. This mediating role 

shows that the content holds more cognitive appeal as it is specifically created to appeal to the users, making them accept the 

system because they regard it as important and useful information (Singh, 2009). Personalisation, on the other hand, affects the 
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consumer through affective involvement with the brand, and has a mediating effect (ab) of 0.305, which represents 55.82%. 

This pathway highlights how personalisation elicits strong emotional responses from users, since users feel more emotionally 

engaged and content with a system that adapts to their tastes (Zanker et al., 2019).  

 

Table 7: Mediating effect test (n=417) 

 
 

Note: p<0. 05 * p<0. 01, bootstrap type: Number of bootstrap samples for percentile bootstrap confidence intervals is 5000. a 

path = effect of the independent variable on the mediator; b = effect of the mediator on the dependent variable when 

controlling for the independent variable; c = total effect, including direct and indirect; c’ = effect of the independent variable 

on dependent variable when controlling for the mediating variable. 

 

The tests for the mediating roles of CI and AI in the relationship between INT and EA of AAEGS acceptance show that CI and 

AI mediate only a partial influence in both paths. Regarding the INT → CI → EA pathway, the total impact of interaction on 

acceptance is positive and considerably high with a value of c = 0.549, which signifies a strong direct impact. When mediated 

by cognitive involvement, the path coefficient (a) from INT to CI is 0.585 and from CI to EA is 0.543, with the product of 

these coefficients (ab = 0.318) showing a significant mediating effect (z-value 7.779, p=0.000). This mediating effect accounts 

for 57.86% of the total effect, demonstrating that cognitive processes significantly enhance the acceptance of AAEGS when 

users interact with the system. Similarly, the INT→AI→EA pathway illustrates interactivity effect on acceptance through 

affective involvement. Here, the direct path coefficient (c) is 0.549, with an indirect pathway mediated by affective 

involvement (AI) where INT to AI has a path coefficient (a) of 0.609 and AI to EA has a coefficient (b) of 0.471, resulting in 

an indirect effect (ab = 0.287). This mediation is significant (z-value 7.354, p=0.000) and represents 52. 17% of the total 

influence, highlighting that interactivity not only enhances cognitive involvement but also significantly affects emotional 

responses which in turn influence acceptance. 

 

Statistical significance is achieved across all tested paths (p<0.01), which strongly supports the hypothesized mediation 

relationships within the model (Valente et al., 2016). The Bootstrap Confidence Intervals (BootCI) which do not contain the 

value 0 further emphasizes the statistical significance of these effects and reiterates that the mediating variables transmit the 

effect of the independent variables to the dependent variable (Steffener, 2021) 

 

DISCUSSION 
The mediation analysis proportions of (a*b/c) provided in the analysis are ranging from 0. 50 to 0. 60, which implies that direct 

effects are still evident, but the most part of the impact of informativeness, personalisation and interactivity regarding the 

acceptance of AAEGS is mediated by cognitive and affective involvement. Based on the results of our study, we can state that 

informality increases cognitive demands, which fits this hypothesis. This relationship is important for AAEGS systems, as 

these systems are meant to enhance the visitor experience by offering the latter precise, interesting and relevant information 

about exhibition. Thus, Cognitive Mediation Model in that the depth and clarity of the content provided on AAEGS are critical 

determinants of the level of cognitive involvement (Eveland Jr, 2001). This is supported by the Elaboration Likelihood Model 

(ELM), which posits that people are more likely to take the central route when they encounter relevant, persuasive and high-

quality information (Mardhatilah et al., 2023). This type of processing not only leads to more lasting changes of attitude, but 

also increases the chances of receiving accurate information. When used  in the present context, informality helps AAEGS 

prompt visitors to explore content in a deeper way and improve cognitive immersion as well as acceptance of the system (El 

Archi & Benbba, 2023; Ukpabi & Karjaluoto, 2017). However, while the findings provide support for informativeness as a 

way of increasing cognitive involvement, it is also important to note that the findings call into question the effectiveness of 

information quality as a means of increasing system acceptance alone (Engelbrecht et al., 2019). Therefore, our study implies 

that while informativeness is indeed a critical factor, it is not enough to ensure that visitors are informed and receive the 

information given to them; there are other factors, such as personalisation and interaction, that also come into play in 

influencing visitor experiences (Chen et al., 2025). The value of this approach is that it helps to gain insight into how different 

factors of AAEGS are related, and how they affect the visitor acceptance. 

 

We also found that personalisation has significant and positive impact on cognitive and emotional involvement, which means 

that users are more engaged when their experience is personalized, and therefore, personalisation strategies should be 
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encouraged. Findings from a sample of 417 museum visitors showed that personalisation enhanced the levels of cognitive 

processing (β= 0.578**, p<0.01), as a result of spending time closely to information that is relevant to one's personal 

experiences. This involvement is particularly useful in museums, which provide a great deal of information to the audience. As 

for the effect of personalisation on affective involvement, it was also significant (β= 0.608**, p<0.01). The positive 

experiences in the survey also provided support for the notion of increased pleasure and satisfaction through personalisation as 

perceived by the visitors to the museum (Zanker et al., 2019). This emotional appeal is important because it takes the simplest 

experience, such as a visit and makes it more meaningful and even emotionally moving. 

 

This study also points out that interaction has a powerful regulatory capacity to increase levels of cognitive and emotional 

involvement in a museum environment, as supported by the incorporation of interactive elements into AAEGS (Cheng et al., 

2023). This finding underscores that these technologies not only stimulate visitors’ higher mental processes by encouraging 

the active utilization of information, but also by engaging visitors' emotions, thereby creating a better visitor experience 

through personalized and interactive way (Duguleană et al., 2020). These two paths lead to the concept that interactivity can 

develop or enhance the value of access, as well as make it a more satisfying and fulfilling experience for users. The analysis of 

SEM showed that interactivity had a great impact on cognitive aspect regarding the standardized path coefficient of 0.379, 

significant at the 0.01 level. From the findings of this research, we conclude that organizational commitment is positively 

correlated with job engagement, and thus establishing itself is a considerable determinant factor. This implies that interactivity 

continues to form the core of how human engage and create meaning for information in the museum setting (Zanker et al., 

2019).  

 

Interactive features are designed to capture the visitor's attention and maintain it, thereby increasing the time spent engaging 

with the content and enhancing the understanding and retention of information (Hsiao et al., 2022; Sung et al., 2021). The 

influence of interactivity on affective involvement was even higher, and amounted to 0.429. This finding further suggests that 

interaction not only captures the visitors' attention and keeps them actively involved on a cognitive level, but also engages 

them emotionally (Lin et al., 2022). In museums, people can have certain types of emotional reactions that can enhance or 

diminish the overall visit, and interaction can be the determining factor between an ordinary visit and an extraordinary one. 

 

Cognitive and emotional involvement, therefore, served as key mediators in the context of the present study in establishing 

how a number of features of AAEGS determine overall acceptance. Cognitive Involvement traditionally focused on the 

intellectual engagement that visitors experience when interacting with AAEGS (Putrevu & Lord, 1994). Cognitive factors 

revolve around the storage and interpretation of information presented by the system, focusing more on the amount of 

information and function to enhance the understanding of the exhibits (Faisal et al., 2020; Tung et al., 2017). Based on our 

results, it can be concluded that the path coefficient between cognitive involvement and acceptance is significant and quite 

strong, equal to 0.378 (p<0.01), suggesting that with increased attention level of visitors, so does their willingness to accept 

and use the system. Perceived interactivity, and hence, a key antecedent of emotional involvement, exhibits a higher 

standardized path coefficient of 0.429 (p<0.01) this indicates that emotional responses towards the system are key factors 

towards acceptance of the system. 

 

The features of AAEGS had influence visitor receptivity through the medium of cognitive and affective involvement, which 

demonstrated the intricate relation of characteristic of an attraction. While cognitive involvement ensures that the content 

presented and experienced by the system is meaningful and interesting, affective involvement ensures that the emotional needs 

of the visitation experience are met (Craig & Choi, 2024).  

 

CONCLUSION AND LIMITATIONS 

This research seeks to examine how AAEGS affect visitor acceptance in Chinese museums with reference to informativeness, 

personalisation, and interaction. A key focus of this study is to explore how cognitive and affective involvement can moderate 

the experiences and acceptance of the visitors. Informativeness, which refers to the depth and relevance of information 

delivered by AAEGS, is another crucial factor that determines the level of cognitive involvement (Ukpabi & Karjaluoto, 2017). 

When visitors find that the information they are seeking to be both well-organized and complete, and provides more than just 

the facts, they are more likely to interact with the content (Sang et al., 2023). In the paper is the fact that the use of 

personalisation has an impact on both cognitive and affective dimensions of the visitors (Zanker et al., 2019). It ensures that 

the information provided to visitors is narrowed down to information that is of great interest to them, and provides them with 

some form of interaction or recognition (Hsiao et al., 2022). Meanwhile, the AAEGS platform, through technologies such as 

augmented reality and virtual guided tours, creates an interactive experience that effectively enhances the visitors' participation 

at both the cognitive and emotional levels, thereby improving learning outcomes and increasing the acceptance of the 

technology. 

 

However, based on the current study, it can be argued that affective involvement might be more influential in the acceptance of 

AAEGS. It has been noted that people tend to be motivated by emotions rather than rational assessments, especially when the 

value of a service is defined by an individual's experiences and satisfaction (Su et al., 2019). The short-term affective 

responses generated by personalisation and interaction can play a critical role in shaping the visitors' impressions and 

willingness to engage, erasing any other long-term rational evaluation (Lee & Lim, 2010). Based on the Elaboration 
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Likelihood Model (ELM), this paper argues that the interaction of cognitive and affective responses to technology in museums 

impacts the acceptance level of AAEGS. In addition to demonstrating that ELM can be effectively applied in this new context, 

the study also contributes to the development of additional theoretical models that embrace the technological acceptance in 

different cultural and cognitive perspectives that take affective factors into account (Kelly et al., 2023). In a practical 

perspective, this study provides guidance for museum administrators and exhibition designers in planning future museum 

routes. Due to the clear separation of the aspects contributing to information, personalisation, and interactivity, the positive 

impact on visitors' involvement and acceptance, it would be crucial for museums to focus on these features in further 

development of digital components. 

 

Despite the identified contributions this study has made, there are some limitations that show the scope for the future research 

and improvement. The first limitation relates to this research findings arising from the Chinese contexts only and this limits a 

broader understanding from different geographical locations like other countries' museums. While this approach helps to 

provide a clear picture of how AAEGS is disseminating in the context of a particular culture and technology, it may prevent 

the generalization of results accrued in the other parts of the world. It is crucial to consider the consistency of using technology 

in museums or visiting museums in different countries, as cultural factors may affect the way that people perceive and use 

AAEGS. Further research may generalize this study to a large geographical coverage  in order to ascertain whether the results 

would hold true across different geographical locations (Han et al., 2018).   

 

Another factor of the fast pace of society caused by technology advancement is also a challenge to the long-term applicability 

of this study (Kim & Hall, 2020). Given the new technologies of these interactions, the functionalities and benefits reasons for 

using AAEGS may slightly change in the future thereby affecting the features of the above interactive gizmos along with their 

acceptance factors. Further research is required to monitor these advances and keep them updated constantly in order to 

understand as to how these departing technologies can be implemented effectively in museums. As for future studies, it may be 

important to continue the attempt to analyze the operational effectiveness of similar technological solutions in such 

environments as art museums, historical and scientific centers, and other objects of different types of tourism to compare 

informational, personalisation and interaction impact of such environments. 
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