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Abstract


This study examines users’ perceptions of Chatbots in China, with a particular focus on the factors influencing their acceptance and usage. Grounded in the Technology Acceptance Model (TAM), we analyze data from 542 online responses to explore the roles of Perceived Authenticity, usefulness, and risk in shaping user behavior toward AI-driven Chatbots. Using linear regression and mediation analyses, our findings indicate that both Perceived Authenticity and Perceived Usefulness positively impact users’ behavioral intentions, while Perceived Risk has a negative influence. Notably, Perceived Usefulness serves as a mediator between behavioral intentions and both Perceived Authenticity and Perceived Risk. These results contribute to the growing body of research on AI and e-commerce by providing empirical evidence of the key factors affecting Chatbot adoption. The study offers valuable implications for developers and marketers, suggesting that enhancing Perceived Authenticity and usefulness while addressing Perceived Risks can improve user acceptance. These insights are particularly pertinent for AI practitioners aiming to refine Chatbot technology and expand its application across various sectors.
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1. Introduction


Recent rapid advancements in artificial intelligence (AI) have sparked both excitement and concern about its increasing integration into everyday life [1], highlighting the growing influence of human–AI interactions. As AI continues to evolve, its role in shaping various industries, especially e-commerce, becomes more pronounced [2]. User acceptance of AI, including technologies like Chatbots, plays a crucial role in determining the success of AI adoption. While Chatbots are becoming a prominent application in the e-commerce industry, their widespread use is not without significant challenges.



AI, particularly through innovations in speech recognition, forms the backbone of Chatbot technology, enabling businesses to engage customers through natural, non-digital communication methods such as text and voice [3]. However, despite the increasing reliance on Chatbots in the e-commerce sector, substantial barriers to their acceptance remain, largely stemming from concerns over their functionality and effectiveness. While Chatbots are becoming more prevalent in social media and messenger applications [4], they are still far from perfect in terms of user experience.



Among recent advances in the use of Chatbots in e-commerce is in the application of the technology to serve as an expert shopping aide to consumers [5]. As the chatbot functionality improves due to the accelerated learning curve supported by advances in AI and processing power, the potential of Chatbots to drive e-commerce indirectly, as well as directly, becomes apparent, agreed on by [6], who found that Chatbots were able to effectively serve as a green evangelist and influencer. Related research, including that of Sundjaja et al. [7], has found that disclosure, transparency, and meaningfulness [8] remain areas of concern for consumers when using Chatbots. While advances in security have been made, trust remains a significant issue, as consumers continue to express concerns regarding the ethical, secure, and privacy-compliant use of Chatbots in online transactions [9].



The application of the Technology Acceptance Model (TAM) is well established in analyzing the adoption of AI in e-commerce, and it is often used to assess user satisfaction with new technologies [10,11]. However, there are notable challenges to AI acceptance, particularly in the context of Chatbots, that need to be addressed for them to be more widely adopted. As AI in Chatbots advances, they must constantly adapt to evolving customer expectations and trends in human–computer interactions (HCIs), a process that remains a significant hurdle [12]. Studies show that communication with Chatbots often lacks the depth and emotional connection users experience in human–human interactions, which can lead to lower user engagement [13]. Additionally, the time-consuming nature of interactions with Chatbots, compounded by issues of response efficiency, poses significant barriers to user satisfaction and acceptance [14].



One of the primary challenges in Chatbot adoption is the issue of “productivity”—users expect fast, efficient responses, and when Chatbots fall short of these expectations, their use is resisted [12]. Moreover, concerns surrounding AI’s intelligence, which is largely based on machine learning, are growing. As these technologies become more integrated into everyday life, so does awareness of their potential risks, such as social bias in AI interactions and the “creepiness” factor associated with AI’s sometimes unpredictable outputs [15]. Research also highlights the role of anthropomorphic design elements in shaping user perceptions and increasing acceptance of Chatbots. For instance, Alboqami [11] emphasized that human-like characteristics in AI Chatbots, such as personalized interaction styles and emotional expressiveness, can enhance user trust and engagement, making them more likely to adopt the technology [16,17].



Despite these challenges, AI’s potential to enhance user experience through improved HCI remains undeniable. However, in the e-commerce industry, particularly in China, the application of Chatbots faces unique challenges. China’s online market, the largest globally, is characterized by a highly engaged user base that differs significantly from other regions, necessitating tailored strategies for AI acceptance [18,19]. The rapid growth of this market highlights both opportunities and challenges in integrating Chatbots into the shopping experience.



This study seeks to fill a gap in the current literature by addressing the challenges of AI acceptance in China’s e-commerce sector, with a particular emphasis on AI-driven Chatbots. While prior studies have primarily focused on the technical capabilities and general adoption patterns of Chatbots [20,21,22], our research takes a distinct approach by examining the role of Perceived Authenticity as a new construct and investigating how Perceived Usefulness mediates its impact on user acceptance. This perspective allows us to uncover the nuanced mechanisms underlying user behavior, which have been overlooked in previous research. Specifically, we examine how Perceived Authenticityand Perceived Risk influence behavioral intention and how these relationships are mediated by Perceived Usefulness. By highlighting these mediating mechanisms, our study provides a novel perspective on the complex dynamics that drive user behavior. Furthermore, by comparing and contrasting our findings with the existing literature, we deliver actionable insights for chatbot designers. These insights can inform strategies to refine chatbot features and interfaces, enhancing user satisfaction, increasing market demand, and improving the overall effectiveness of Chatbots in the e-commerce context. This focus on the mediating roles of Perceived Authenticity and Perceived Usefulness sets our study apart and underscores its unique contribution to advancing the understanding of AI-driven Chatbots. By understanding how different factors interact to shape user behavior, this research aims to provide actionable insights for designers of Chatbot systems. These insights can guide adjustments to Chatbot features and design, making them more attractive and effective for users, thus enhancing the market demand and overall user satisfaction in the e-commerce context.



This paper is structured as follows: Section 2 explores the theoretical underpinnings and hypothesis development, including a review of chatbot trends; the Technology Acceptance Model (TAM); and its relevance to behavioral intention, Perceived Authenticity, and Perceived Risk. Section 3 presents the conceptual framework, highlighting key constructs and their proposed relationships. Section 4 details the methodology, describing the survey instrument, sample demographics, and data collection process. Section 5 analyzes the results, utilizing regression and structural equation modeling to test the hypotheses. Finally, Section 6 discusses the findings, theoretical contributions, practical implications, and limitations, offering directions for future research on chatbot adoption and user behavior in the Chinese e-commerce context.




2. Literature Review, Hypotheses, and Conceptual Model Development


2.1. Chatbot Trends


Chatbots, as highly visible and significant implementations of AI technology, play a central role in both applied research and practical applications, particularly in natural language processing. Their efficiency and convenience have spurred advancements across various domains, resulting in sustained and widespread interest within the academic community [23]. AI has entered a new evolutionary phase known as AI 2.0, characterized by rapid developments due to reduced computing costs, an abundance of data, and enhanced algorithms [24]. With recent breakthroughs in natural language processing technologies, Chatbots have seen explosive growth, significantly increasing their user base through successful integration into smartphone applications, especially within social media platforms like WeChat, Facebook Messenger, and WhatsApp [25]. This visibility has not only boosted public awareness but also attracted substantial investment from prominent figures such as Hong Kong billionaire Li Ka-shing, Alibaba founder Jack Ma, and renowned technology investor Dr. Li Kaifu.



Beyond traditional uses in social media and e-commerce [26], Chatbots are being employed for increasingly sophisticated tasks such as Customer Relationship Management (CRM), where they enable highly personalized customer experiences [27]. Lorenzo et al. noted an emerging focus among online retailers on employing interactive technological solutions to enhance consumer engagement and improve efficiency and decision-making processes [28].



Interestingly, while many business sectors experienced downturns due to the COVID-19 pandemic, online activities in several sectors saw an upturn, notably in services like food delivery applications. Oncioiu [29] highlighted that Chatbots are increasingly utilized as decision-making aids, enabling retail managers to devise efficient and optimal logistics strategies in response to the norm of multichannel consumer behavior. In this context, recent research has indicated that the warmth of a chatbot’s conversational style can significantly reduce customers’ Perceived Risks, more effectively than conversational competence, thereby enhancing trust in Chatbots [30].



When considering the acceptance of Chatbots and their overall functionality, it is crucial to acknowledge that, in human-to-machine (HTM) text communication, interactions often involve a mix of live human and machine responses, allowing users the option to choose direct human interaction if the robot’s response proves unsatisfactory. Precisely, genuine chatbot–human interaction occurs only in communications without human intervention [31].



This section aims to provide a comprehensive overview of the current landscape of chatbot technology, highlighting their growing role in modern digital interactions and the ongoing research aimed at enhancing their development and integration into daily life.




2.2. Technology Acceptance Model


Methodologically, this study utilizes an adapted version of the Technology Acceptance Model (TAM), as proposed by Davis in 1989. The frequent adaptation of TAM, which includes the introduction of new factors or the omission of certain original elements, reflects the dynamic nature of technology and the influence of various contextual factors [32]. The TAM posits that user acceptance and the subsequent utilization of a technology are influenced by several key factors: Perceived Usefulness, perceived ease of use, and user attitude. Perceived ease of use is defined as the extent in which a person believes that using the technology will require minimal effort, while attitude encompasses the user’s positive perceptions of the technology’s benefits and ease of use [33].



The TAM is a well-established and widely recognized framework for assessing user acceptance and satisfaction. Its core variables, perceived ease of use and Perceived Usefulness, are well-documented antecedents that affect behavior and behavioral intentions [34]. This study expands the TAM framework by integrating context-specific variables such as Perceived Risk and Perceived Authenticity, which have been previously examined in studies on e-commerce acceptance [11,35]. Notably, this paper specifically omits the variables of perceived ease of use and attitude to concentrate on exploring the barriers to chatbot acceptance and the impacts of risk and authenticity. Previous research has indicated that attitude may have a negligible effect on technology usage, influenced by the methodological approach and other factors, especially in contexts where technology use is less discretionary [36,37,38]. As technology evolves, new applications for the TAM emerge; in this instance, the model is applied to the adoption of AI-driven Chatbots in mobile e-commerce within China.




2.3. Behavior Intention


Extensive research has been conducted to explore whether changes in behavioral intention directly influence people’s actual behaviors [39] and has consistently identified behavioral intention as the primary determinant of overt behavior [40]. In this context, behavioral intention is often conceptualized as a dependent variable or an outcome that is influenced by various independent variables, such as perceived ease of use and Perceived Usefulness [41] or risk factors, as delineated in the Use & Gratification Model [42].



Behavioral intention also encompasses the notion of continuous consumption, which is described as a cognitive decision-making process [43]. The continuous intention to purchase typically develops after an initial usage or purchasing experience. These intentions are usually solidified following the consumption experience, which can lead customers to reuse the service or product or even recommend the experience to others [44]. Therefore, this paper will examine behavioral intention as a quantifiable indicator of consumers’ acceptance of Chatbots, providing insights into how these intentions translate into actual user engagement and loyalty.




2.4. Perceived Authenticity


2.4.1. Perceived Authenticity and Perceived Usefulness


According to Role Theory, consumers expect authenticity during interactions, which extends to virtual services and the concept of e-authenticity [45]. Authenticity plays a crucial role in shaping users’ perceptions of the information they acquire. When interactions are perceived as authentic, users are more likely to find the information credible and relevant, which directly enhances Perceived Usefulness (PU)—users’ evaluations of how effectively an interaction system meets their needs [46]. This perception of usefulness is central to users’ continued engagement with the system.



Building on the Technology Acceptance Model (TAM), authenticity is linked to intrinsic motivators that influence behavioral beliefs, such as Perceived Usefulness [33,47]. When users perceive an interaction as authentic, their trust in the information increases, and they evaluate the interaction as more useful, thereby enhancing their overall perception of the system’s utility.



Research in Electronic Word of Mouth (eWOM) supports this by demonstrating that authentic content increases users’ trust and Perceived Usefulness of information. For example, in the context of e-commerce, authentic reviews not only increase trust in the platform but also enhance the Perceived Usefulness of the information provided, influencing users’ perception of the system’s effectiveness [48,49].



Additionally, from the perspective of Self-Determination Theory (SDT), environments that promote authenticity foster intrinsic motivation, which directly contributes to more positive evaluations of system utility [50]. Based on these theoretical perspectives, the following hypothesis is proposed:



H1: 

Perceived Authenticity positively influences Perceived Usefulness.






2.4.2. Perceived Authenticity and Perceived Behavior Intention


Perceived Authenticity has become a crucial factor in influencing consumer behavior, especially in online and retail environments. Research in the context of the Use & Gratification Model shows that authentic interactions—whether through human or AI communication—can significantly enhance trust and the perceived value, which, in turn, drive behavioral intentions, including repurchase and continued use [51,52]. Similarly, studies focused on the repurchase intentions of Airbnb users demonstrate that the Perceived Authenticityof information, particularly from AI-driven systems, positively influences user perceptions and increases the likelihood of repeat behavior [53]. These findings highlight the significant role of Perceived Authenticity in establishing trust and fostering emotional connections, both of which are critical in shaping consumer decisions.



In online commerce, where customers often interact with virtual entities rather than human representatives, the authenticity of the service or response plays a pivotal role in shaping consumer intentions. The ability to discern between real and virtual responses impacts consumers’ willingness to engage, as Perceived Authenticity helps in fostering trust and emotional connection [46]. This connection, in turn, influences consumption intentions by enhancing the perceived friendliness and reliability.



The Self-Determination Theory (SDT) suggests that authenticity plays a key role in fostering intrinsic motivation, which is associated with more positive and genuine behavioral intentions. Similarly, the Technology Acceptance Model (TAM) emphasizes that authenticity can build trust and enhance perceived ease of use, both of which are essential drivers of behavioral intentions [47]. Based on these theoretical foundations, the following hypothesis is proposed:



H2: 

Perceived Authenticity positively influences behavioral intention.







2.5. Perceived Risk


2.5.1. Perceived Risk and Perceived Usefulness


Extensive research has established a clear relationship between Perceived Risk and Perceived Usefulness, with Perceived Risk often acting as a significant barrier to technology adoption [54]. According to the Technology Acceptance Model (TAM), Perceived Risk is expected to negatively impact Perceived Usefulness, thereby influencing individuals’ behavioral intentions to adopt new technologies [10]. Risk factors such as concerns about immature technology, privacy, security, and financial losses have been identified as particularly detrimental to Perceived Usefulness and overall user acceptance [42,55].



Perceived Risk has been categorized into various dimensions, including performance risk, financial risk, social risk, time risk, and psychological risk [56,57]. Among these, performance risk, defined as the likelihood that a product or service will not meet expectations, has been shown to have a particularly strong negative effect on Perceived Usefulness, especially in contexts where functional expectations are critical, such as online banking services [58]. This suggests that the perceived inability of a technology to deliver the expected performance can reduce users’ perception of its usefulness. Given the established negative relationship between Perceived Risk and Perceived Usefulness, another hypothesis is formed:



H3: 

Perceived Risk negatively influences Perceived Usefulness.






2.5.2. Perceived Risk and Behavior Intention1


Risk is a central concept in human choice theory and has long been a key factor in understanding consumer behavior [59,60]. Since the 1960s, Perceived Risk has been a critical element in consumer choice research, influencing a wide range of behaviors [61]. Specifically, in the context of mobile banking, Perceived Risk plays a crucial role in shaping consumer attitudes toward the adoption of mobile banking apps, often exerting a negative influence on adoption [62]. Similarly, in studies of online application usage, Perceived Risk indirectly affects users’ intentions by influencing their Perceived Usefulness and attitudes toward the application [63].



In the field of e-commerce, Perceived Risks—such as concerns about privacy breaches, data security, and the accuracy of chatbot interactions—pose significant barriers to user adoption and sustained engagement. While AI enhances customer behavior prediction and personalization, it also raises ethical concerns [64]. These risks can erode users’ trust in chatbot-driven platforms, diminishing their perceived value and ultimately deterring behavioral intentions like continued use or recommendations. For instance, Featherman and Pavlou [65] highlighted that Perceived Risk negatively impacts users’ perceptions of an e-service’s usefulness and overall adoption intentions. Similarly, Zarouali et al. [66] demonstrated that trust and Perceived Risk are crucial factors influencing consumer responses to chatbot interactions on e-commerce platforms.



Moreover, Perceived Risk significantly influences consumer evaluations and behaviors, as trust and Perceived Authenticity are critical factors for adoption [67]. Similarly, Featherman and Pavlou [65] demonstrated that Perceived Risk negatively affects users’ perceptions of an e-service’s usefulness and their overall adoption intentions. These findings underscore the broad applicability of Perceived Risk across different consumer domains, revealing its potential to shape behaviors and intentions. Based on these insights, the following hypothesis is proposed:



H4: 

Perceived Risk negatively influences behavioral intention.






2.5.3. Perceived Authenticity and Perceived Risk


Perceived Authenticity is increasingly recognized as a key factor influencing risk perception [53]. Consumers often rely on Perceived Authenticity to evaluate the trustworthiness and quality of a product, especially in environments where information about the product is scarce or uncertain. A lack of trustworthy information can lead consumers to question the authenticity of the product, which, in turn, elevates their Perceived Risk associated with purchasing it [68]. When consumers perceive a product or service as inauthentic, the uncertainty surrounding its value increases, which enhances the perception of risk.



Further research has highlighted that Perceived Authenticity and Perceived Risk are inversely related. A study utilizing a combination of qualitative and quantitative methods found that the perception of originality and the projection of authenticity are critical in mitigating Perceived Risk. The study concluded that as the Perceived Authenticity of a product or service increases, Perceived Risk decreases, emphasizing the protective role of authenticity in consumer decision-making [69].



This suggests that enhancing Perceived Authenticity can reduce consumer risk perceptions by assuring them of the product’s quality, trustworthiness, and alignment with their expectations. As authenticity becomes more apparent, the likelihood of Perceived Risk diminishes, which, in turn, influences consumers’ behavioral intentions toward purchasing or engaging with the product. Based on these insights, the following hypothesis is proposed:



H5: 

Perceived Authenticity negatively influences Perceived Risk.







2.6. Perceived Usefulness and Behavior Intention


Perceived Usefulness (PU) is defined as “the degree to which a person believes that using a particular system would enhance his or her job performance” [33]. It is a central concept in technology acceptance and consumer behavior research, representing the perceived value a user attributes to a system based on its ability to improve productivity, efficiency, or satisfaction. The relationship between Perceived Usefulness and behavioral intention has been widely studied, often highlighting the impact of PU on individuals’ decision-making to adopt or continue using technology.



The Technology Acceptance Model (TAM), a widely accepted framework for understanding technology adoption, identifies Perceived Usefulness as a key predictor of behavioral intention [33,47]. In particular, TAM suggests that, when users perceive a technology to be useful, they are more likely to adopt or continue using it. This relationship has been consistently observed across different user demographics, including older adults who are particularly influenced by the perceived utility of a system [70,71].



Furthermore, numerous studies have shown a strong positive correlation between Perceived Usefulness and behavioral intention. For example, research examining professionals’ perceptions of workplace technologies has found that PU strongly correlates with their intentions to adopt or use these technologies [72]. Similarly, in the context of mobile applications, the Perceived Usefulness of the app is a significant determinant of continued usage [73].



However, the relationship between Perceived Usefulness and behavioral intention is not universally consistent across all contexts. Some studies have reported varying or even negligible effects. For instance, research on social media websites found no significant correlation between Perceived Usefulness and behavioral intention [74], while an e-commerce study concluded that Perceived Usefulness was not a significant predictor of Behavior Intention in their context [10]. These inconsistent findings suggest that the influence of Perceived Usefulness on behavioral intention may depend on specific factors, such as the technology’s nature, user experience, and contextual relevance.



In light of these varying results, it is important to further explore the dynamics between Perceived Usefulness and behavioral intention in specific contexts. Given the growing use of Chatbots in the Chinese market, understanding this relationship in the context of Chinese consumers’ adoption of chatbot technology can offer valuable insights. Based on the above discussions, the following hypothesis is proposed:



H6: 

Perceived Usefulness positively influences Behavior Intention.






2.7. Mediation Role of Perceived Usefulness


The role of Perceived Authenticity in shaping user behavior, particularly in online environments, has been well documented. Authenticity, when perceived by users, enhances trust, emotional connection, and the overall value of the interaction, all of which are critical drivers of behavioral intention [46,47]. However, the direct impact of Perceived Authenticity on behavioral intention may not fully account for the complex nature of this relationship.



Perceived Usefulness (PU), as defined by the Technology Acceptance Model (TAM), has been identified as a significant predictor of behavioral intention, representing the degree to which users believe that a technology or system will enhance their performance or fulfill their needs [33]. Given that authenticity enhances users’ trust and emotional connection, it is reasonable to expect that these positive perceptions would contribute to the Perceived Usefulness of the system or service, thus influencing users’ intention to use or adopt the technology.



Therefore, Perceived Usefulness may act as a mediator, translating the effect of Perceived Authenticity into tangible behavioral intentions. When users perceive a service or system as authentic, they are likely to find it more useful, which, in turn, strengthens their intention to engage with or adopt the system. This mediation relationship aligns with findings in the literature, where perceptions of trust, credibility, and emotional connection (all influenced by authenticity) directly contribute to how useful a system is perceived to be and how this Perceived Usefulness drives user behavior [49,75]. Based on these insights, the following hypothesis is proposed:



H7: 

Perceived Usefulness mediates the relationship between Perceived Authenticity and behavioral intention.





Perceived Risk has long been recognized as a key factor influencing consumer behavior, particularly in the context of technology adoption [59,60]. Consumers’ perceptions of risks—such as concerns about privacy, security, performance failure, or financial loss—can significantly deter their intentions to engage with a new technology or service [62]. However, the impact of Perceived Risk on behavioral intention is not always direct; rather, it can be influenced by intermediate factors, such as Perceived Usefulness.



Perceived Usefulness plays a crucial role in mitigating the negative effects of Perceived Risk. When users perceive a technology or service as useful, they are more likely to overlook or tolerate certain risks, as the anticipated benefits outweigh potential drawbacks [63]. In other words, even when users perceive risks associated with a product or service, the Perceived Usefulness of the technology may reduce their reluctance and foster positive behavioral intentions. This is particularly relevant in contexts such as mobile banking or mHealth applications, where concerns over privacy and security are prevalent but the Perceived Usefulness of the service may still drive users to adopt it [54,62].



Thus, Perceived Usefulness may mediate the relationship between Perceived Risk and behavioral intention by serving as a counterbalance to the negative effects of Perceived Risk. When users perceive that a system or service offers significant value, they may be more likely to proceed with the adoption, despite their concerns. This mediation effect aligns with previous research, which has shown that Perceived Usefulness can reduce the impact of Perceived Risk on users’ adoption decisions [46]. Based on this rationale, the following hypothesis is proposed:



H8: 

Perceived Usefulness mediates the relationship between Perceived Risk and behavioral intention.







3. Conceptual Framework


Based on the comprehensive literature review, the pivotal factors identified that influence customer Behavior Intention are Perceived Risk, Perceived Usefulness, and Perceived Authenticity [76]. In this model, Perceived Usefulness is proposed as a mediator that channels the effects of Perceived Authenticity and Perceived Risk onto Behavior Intention. It is essential to assess the levels of these variables—Perceived Authenticity, Perceived Risk, and Perceived Usefulness—to clearly understand their interrelationships and their combined impact on user behavior.



Recent studies further support the importance of these factors in influencing user acceptance of Chatbots. For example, Xiao et al. [30] highlighted how chatbot conversation styles and human-like attributes impact user acceptance, perceived tie strength, and Perceived Risk. Their findings emphasize the significance of humanizing chatbot interactions to enhance user perception and reduce Perceived Risk, which aligns with the proposed model. Similarly, Bhaskar et al. [77] explored the interplay between perceived trust and Perceived Risk in the adoption of ChatGPT by educators, providing relevant insights into how these perceptions shape adoption intention. While this study is set in an educational context, its implications extend to understanding user behavior in other domains, including e-commerce.



Additionally, Silva et al. [78] examined strategies for mitigating Perceived Risk and improving user experience in e-retailing chatbot applications. Their research highlights the critical role of addressing Perceived Risk to foster a seamless user experience, thereby enhancing the effectiveness and acceptance of Chatbots in practical settings. These insights underscore the need to evaluate the interconnectedness of Perceived Authenticity, Perceived Risk, and Perceived Usefulness as proposed in our model.



The central research question of this study is: Will the use of Chatbots in China be negatively affected by the factors of Perceived Authenticity, Perceived Risk, and Perceived Usefulness? Figure 1 illustrates our conceptual model.



To address this question, the study will measure the aforementioned variables as outlined in the literature review. This approach will allow for an empirical examination of how these factors collectively influence the acceptance and effectiveness of Chatbots in the Chinese market, providing insights that could guide future developments in Chatbot technology.




4. Methodology


4.1. Sample and Data Collection


This study collected data using WeChat, a widely used social media platform that supports online surveys. The survey’s QR code was distributed across various WeChat groups, a common practice in China and other regions for gathering data and sharing customer feedback or product reviews. Due to the high penetration of smartphones in China and the ubiquity of WeChat, which is integral to online shopping and e-commerce activities, nearly all users met the study’s participation criteria.



A snowball sampling method was employed, which is typical for online surveys in China [79]. This approach yielded a satisfactory number of participants. A total of 542 usable responses were completed by individuals who self-identified as familiar with online shopping and Chatbots. Data collection occurred over a 14-day period. Participants were informed about the study’s purpose and assured of their anonymity, with participation being voluntary. Since the data collected was anonymous and the study lacked external funding, the institutional policy did not require an Institutional Review Board (IRB) review.



The demographic characteristics of the sample are provided in Table 1. Among the respondents, 315 identified as female, 201 as male, and 26 as other or undeclared genders. The majority of participants (51.1%) were between the ages of 18 and 25, and 78.4% reported having a neutral or greater familiarity with Chatbots, making them eligible for inclusion in the target demographic.



The descriptive statistics (Table 2) provide an overview of the constructs measured in this study: Perceived Authenticity (PA), Perceived Risk (PR), Perceived Usefulness (PU), and Behavioral Intention (BI). Participants rated Chatbots as moderately authentic (mean PA = 3.92, SD = 1.68) and perceived moderate risk (mean PR = 3.75, SD = 0.96). Perceived Usefulness (mean PU = 4.35, SD = 0.98) and Behavioral Intention (mean BI = 4.00, SD = 1.00) showed generally positive responses. Each construct was calculated as the mean of its survey items (e.g., PA1, PA2, and PA3 for PA), ensuring consistency with the survey structure. The variability in the responses highlights the need to address diverse user preferences and concerns to improve chatbot design and user satisfaction.



In the following empirical analysis, SEM was utilized to estimate the constructs PA, PR, PU, and BI. These SEM-based estimates were then used in linear regression to test the proposed hypotheses, extending the insights beyond latent variable relationships to include their direct effects.




4.2. Survey and Instrumentation


The use of an online survey tool for data collection offers several advantages, including low cost, fast data acquisition, participant anonymity, and reduced risk of bias, compared to in-person interviews [80].



The first section of the survey gathered demographic information and assessed participants’ familiarity with Chatbots. The remaining sections of the survey were designed to measure four constructs: Perceived Authenticity (PA), Perceived Risk (PR), Perceived Usefulness (PU), and Behavior Intention (BI). Specifically, the construct of Perceived Authenticity was measured using three related questions, while Perceived Risk was assessed with four questions. Perceived Usefulness and Behavior Intention each included three questions. These scales measured both independent and dependent variables. The research model consists of four variables, with Behavior Intention as the terminal dependent variable.



The items in the survey were adapted from established scales used in the prior research of Rese et al. [42] to measure PA, PR, PU, and BI, which were, in turn, adapted from the scales used in the previous work of Rauschnabel et al. [81] for PR and Childers et al. [82], Ko et al. [83], and Venkatesh and Davis [47] for PU. Scales for the measurement of BI were adapted from the scales used by Moon and Kim [84] and Venkatesh et al. [85].



Since the original questions were in English, they required translation into Chinese. All survey questions were edited for clarity. To ensure the accuracy and validity of the translation, two native Chinese speakers with PhDs from Western universities reviewed the initial translation. The survey was then back-translated into English to verify the translation’s fidelity. The translation and back-translation process is a widely accepted method in cross-language research to ensure accuracy.



All survey questions were answered using a 7-point Likert scale, with participants rating their agreement from “1” (strongly disagree) to “7” (strongly agree). The 7-point Likert scale is recognized as an effective and reliable tool for measuring attitudes and perceptions [71].





5. Analysis and Results


This study used various analytical tools and procedures to test the hypotheses and produce empirical evidence supporting the findings. To test the proposed hypotheses, we adopted a two-step approach. In Section 5. Analysis and Results, we used SPSS to conduct a series of linear regression analyses, examining the relationships between the variables and assessing the statistical significance of the proposed paths. Subsequently, in Section 6. Robustness Check, we utilized Python to test the hypotheses using structural equation modeling (SEM). This approach allowed us to validate the findings from the linear regression analyses and ensure the robustness of the results through a more comprehensive modeling framework.



5.1. Reliability Analysis


As indicated in Table 3, the reliability analysis confirms that the data are sufficiently reliable for further analysis.



Perceived Authenticity (PA): All questions measuring the Perceived Authenticity factor loaded separately, with no questions removed. The total variance explained by this variable is 22.07%, and the reliability coefficient is 0.615, which is deemed adequate for this factor.



Perceived Risk (PR): Similarly, all questions measuring Perceived Risk loaded separately, with no questions removed. This factor explains 17.70% of the variance, with a reliability coefficient of 0.810, indicating good reliability.



Perceived Usefulness (PU): All questions measuring Perceived Usefulness also loaded separately, and none were removed. This variable explains 17.62% of the variance, with a reliability coefficient of 0.864, which is considered excellent.



Behavior Intention (BI): For Behavior Intention, all questions loaded separately, with no questions removed. The total variance explained by this factor is 16.74%, and the reliability coefficient is 0.842, also indicating high reliability.



The overall reliability of the data is satisfactory, with a coefficient of 0.615, and the total variance explained by the factor solution is 74.15%, well above the acceptable threshold for validity. The survey items for each construct have proven to be both valid and reliable, as the responses for each group of questions were consistent. Therefore, the data are deemed suitable for further analysis.




5.2. Linear Regression Analysis


5.2.1. Linear Regression of Perceived Authenticity on Perceived Usefulness


As shown in Table 4, the regression analysis reveals a statistically significant relationship between Perceived Authenticity (PA) and Perceived Usefulness (PU), with a p-value less than 0.05. The model summary table indicates that the R-squared value is 0.187, meaning that 18.7% of the variation in Perceived Usefulness can be explained by Perceived Authenticity. The standardized coefficient beta value of 0.432 suggests that, for every one-unit increase in Perceived Authenticity, Perceived Usefulness increases by 0.432 units. This demonstrates a positive relationship between the two variables. Consequently, H1 is supported, as Perceived Authenticity has a significant positive impact on Perceived Usefulness.




5.2.2. Linear Regression of Perceived Authenticity on Behavior Intention


As shown in Table 5, the regression analysis indicates a statistically significant relationship between Perceived Authenticity (PA) and Behavior Intention (BI), with a p-value less than 0.05. The model summary shows that the R-squared value is 0.190, meaning that 19.0% of the variation in Behavior Intention can be explained by Perceived Authenticity. The standardized coefficient beta value of 0.438 suggests that, for every one-unit increase in Perceived Authenticity, Behavior Intention increases by 0.438 units. This indicates a positive relationship between the two variables. Therefore, H2 is supported, as Perceived Authenticity has a significant positive impact on Behavior Intention.




5.2.3. Linear Regression of Perceived Risk on Perceived Usefulness


As shown in Table 6, the regression analysis indicates a statistically significant negative relationship between Perceived Risk (PR) and Perceived Usefulness (PU), with a p-value less than 0.05. The model summary shows that the R-squared value is 0.131, meaning that 13.1% of the variation in Perceived Usefulness can be explained by Perceived Risk. The standardized coefficient beta value of −0.362 suggests that, for every one-unit increase in Perceived Risk, Perceived Usefulness decreases by 0.362 units. This indicates a negative relationship between the two variables.



These findings align with prior research by Featherman and Pavlou [64], which highlighted the negative impact of Perceived Risk on Perceived Usefulness. Their study demonstrated that higher levels of Perceived Risk undermine users’ perception of a system’s usefulness by introducing concerns about security, privacy, or potential performance failures. By confirming this relationship, our study further supports the hypothesis (H3) that Perceived Risk has a significant negative impact on Perceived Usefulness.




5.2.4. Linear Regression of Perceived Risk on Behavior Intention


As shown in Table 7, the regression analysis reveals a statistically significant negative relationship between Perceived Risk (PR) and Behavior Intention (BI), with a p-value less than 0.05. The model summary indicates an R-squared value of 0.149, meaning that 14.9% of the variation in Behavior Intention is explained by Perceived Risk. The standardized coefficient beta value of −0.386 suggests that, for every one-unit increase in Perceived Risk, Behavior Intention decreases by 0.386 units. This demonstrates a negative relationship between Perceived Risk and Behavior Intention. Therefore, H4 is supported, as Perceived Risk has a significant negative effect on Behavior Intention.




5.2.5. Linear Regression of Perceived Authenticity on Perceived Risk


As shown in Table 8, the regression analysis demonstrates a statistically significant negative relationship between Perceived Authenticity (PA) and Perceived Risk (PR), with a p-value less than 0.05. The model summary indicates an R-squared value of 0.216, meaning that 21.6% of the variation in Perceived Risk is explained by Perceived Authenticity. The standardized coefficient beta value of −0.464 suggests that, for every one-unit increase in Perceived Authenticity, Perceived Risk decreases by 0.464 units. This indicates a negative relationship between Perceived Authenticity and Perceived Risk. Therefore, H5 is supported, as Perceived Authenticity has a significant negative effect on Perceived Risk.




5.2.6. Linear Regression of Perceived Usefulness on Perceived Behavior Intention


As shown in Table 9, the regression analysis reveals a significant positive relationship between Perceived Usefulness (PU) and Behavior Intention (BI), with a p-value less than 0.05. The model summary indicates an R-squared value of 0.279, which means that 27.9% of the variation in Behavior Intention is explained by Perceived Usefulness. The standardized coefficient beta value is 0.528, indicating that, for every one-unit increase in Perceived Usefulness, Behavior Intention increases by 0.528 units. This confirms a positive relationship between Perceived Usefulness and Behavior Intention.



Our findings align with established research, such as Venkatesh and Davis [47] and Venkatesh et al. [85]. These studies consistently demonstrated that PU is a significant predictor of BI, as users who perceive a technology to be useful are more likely to develop the intention to use or adopt it. Our results further corroborate this well-documented relationship, reinforcing the validity of PU as a key determinant of behavioral intention. Therefore, H6 is supported, as Perceived Usefulness has a significant positive effect on Behavior Intention.





5.3. Mediation Analysis


To test H7, which posits that Perceived Usefulness mediates the relationship between Perceived Authenticity and Behavior Intention, a mediated regression analysis was conducted. Similarly, to test H8, which hypothesizes that Perceived Usefulness mediates the relationship between Perceived Risk and Behavior Intention, a mediated regression analysis was performed. The results of these analyses are presented in Table 10 and Table 11, respectively.



5.3.1. Perceived Usefulness Between Perceived Authenticity and Behavior Intention


A mediated regression analysis was conducted to examine the mediating role of Perceived Usefulness (PU) in the relationship between Perceived Authenticity (PA) and Behavior Intention (BI) using PROCESS macro v4.0 by Andrew Hayes [86]. As shown in Table 10, the analysis provides significant support for the mediation effect. Specifically, Perceived Usefulness accounts for a 14.65% indirect effect from Perceived Authenticity (PA) to Behavior Intention (BI). This mediation effect is considered significant, as the confidence interval does not include zero. The lower limit of the confidence interval (LLCI) is 0.0923, and the upper limit (ULCI) is 0.2042, both of which exclude zero, confirming the presence of a significant indirect effect. Therefore, Perceived Usefulness mediates the relationship between Perceived Authenticity and Behavior Intention, and hypothesis H7 is supported.




5.3.2. Perceived Usefulness Between Perceived Risk and Behavior Intention


A mediated regression analysis was conducted to examine the mediating role of Perceived Usefulness (PU) in the relationship between Perceived Risk (PR) and Behavior Intention (BI) using PROCESS macro v4.0. As shown in Table 11, the results provide significant support for the mediation effect. Specifically, Perceived Usefulness accounts for a 10.52% indirect effect from Perceived Risk (PR) to Behavior Intention (BI). This mediation effect is considered significant, as the confidence interval does not include zero. The lower limit of the confidence interval (LLCI) is −0.1694, and the upper limit (ULCI) is −0.0395, both of which exclude zero, confirming the presence of a significant indirect effect. Therefore, Perceived Usefulness mediates the relationship between Perceived Risk and Behavior Intention, and hypothesis H8 is supported.






6. Robustness Check


To test the proposed hypotheses (H1–H8), we conducted a structural equation modeling (SEM) analysis using the “semopy” library in Python. The results are presented in Table 12. The model comprised several structural relationships. First, Perceived Usefulness (PU) was modeled as a function of Perceived Authenticity (PA) and Perceived Risk (PR). Second, Behavioral Intention (BI) was defined as a function of PU, PA, and PR. Third, PR was modeled as a function of PA. Additionally, indirect effects were calculated to test the mediating role of PU in two relationships: (1) between PA and BI and (2) between PR and BI.



The results of the structural equation modeling (SEM) analysis provided empirical support for all hypothesized relationships (H1–H8). The findings for each hypothesis are detailed below. First, Perceived Authenticity (PA) has a positive and statistically significant effect on Perceived Usefulness (PU) (Estimate = 0.1073, p < 0.05). This supports the hypothesis that individuals perceiving higher authenticity in Chatbots are more likely to find them useful. Therefore, H1 is supported.



Perceived Authenticity (PA) also positively influences Behavioral Intention (BI). The path coefficient for PA → BI is positive and statistically significant (Estimate = 0.0715, p < 0.05), indicating that perceptions of authenticity directly enhance the likelihood of recommending or using Chatbots in the future. Thus, H2 is supported.



Perceived Risk (PR) negatively influences Perceived Usefulness (PU). The SEM analysis reveals a significant negative relationship between PR, measured by concerns about privacy (PR1 and PR2) and system inaccuracies (PR3 and PR4), and PU (Estimate = −0.1994, p < 0.05). This confirms that a higher Perceived Risk reduces the Perceived Usefulness of Chatbots. Hence, H3 is supported.



A significant negative relationship was observed between Perceived Risk (PR) and Behavioral Intention (BI). The path coefficient for PR → BI is negative and statistically significant (Estimate = −0.1605, p < 0.05), suggesting that concerns about chatbot privacy and performance undermine the intention to use or recommend Chatbots. Accordingly, H4 is supported.



The SEM analysis indicates that Perceived Authenticity (PA) negatively influences Perceived Risk (PR) (Estimate = −0.1447, p < 0.05). This finding supports the hypothesis that higher Perceived Authenticity reduces Perceived Risks associated with Chatbots. Therefore, H5 is supported.



Perceived Usefulness (PU) positively influences Behavioral Intention (BI). The path coefficient for PU → BI is positive and statistically significant (Estimate = 0.4101, p < 0.05), confirming that the usefulness of Chatbots strongly drives the intention to use or recommend them. Hence, H6 is supported.



The mediating role of Perceived Usefulness (PU) in the relationship between Perceived Authenticity (PA) and Behavioral Intention (BI) was also supported. The indirect effect of PA → PU → BI was calculated as 0.1073 × 0.4101 = 0.0440, indicating a statistically significant mediation effect. Thus, H7 is supported.



Similarly, Perceived Usefulness (PU) mediates the relationship between Perceived Risk (PR) and Behavioral Intention (BI). The indirect effect of PR → PU → BI was calculated as −0.1994 × 0.4101 = −0.0818, confirming the mediating role of Perceived Usefulness. Consequently, H8 is supported.



The findings demonstrate that all direct and indirect hypotheses (H1–H8) were supported by the SEM analysis. Direct effects such as PA → PU, PU → BI, and PR → BI were statistically significant, while the calculated indirect effects confirmed the mediating role of PU in the relationships of PA → BI and PR → BI. These results provide robust empirical evidence for the hypothesized relationships. The SEM results generally show smaller effect sizes compared to separate regression results (from Table 4 to Table 11) due to its holistic approach, accounting for all relationships simultaneously.



The results of the hypotheses testing using linear regression and structural equation modeling are summarized in Table 13. The results from SEM align closely with separate regression outcomes, supporting the validity of the findings across both methods. The minor differences in effect sizes are expected and reflect the methodological distinctions between the two approaches.




7. Discussion


This study investigates users’ perceptions of AI-driven Chatbots in China, focusing on the factors influencing their acceptance and usage within the context of e-commerce. Grounded in the Technology Acceptance Model (TAM), we analyzed data collected from 542 online survey responses to explore the roles of Perceived Authenticity, Perceived Usefulness, and Perceived Risk in shaping user behavior. By employing both linear regression and structural equation modeling (SEM), the study examined the direct and mediated effects of these factors on behavioral intention.



The findings reveal that Perceived Authenticity and Perceived Usefulness positively influence users’ behavioral intentions (H2 and H6), while Perceived Risk exerts a negative impact (H4). Notably, Perceived Usefulness serves as a key mediator (H7 and H8), channeling the effects of both Perceived Authenticity and Perceived Risk onto behavioral intention. These results provide robust empirical evidence supporting the conceptual model, confirming the significance of authenticity in fostering trust and reducing Perceived Risks and highlighting the central role of usefulness in driving user acceptance.



By bridging theoretical insights with practical applications, this study contributes to the growing body of research on AI and e-commerce. It emphasizes the need for developers and marketers to enhance Perceived Authenticity and usefulness while addressing concerns about risk to improve user acceptance. These findings are particularly relevant for practitioners aiming to refine chatbot technology, suggesting that user-centric designs and secure, practical functionalities are essential for broadening chatbot adoption across various sectors. Ultimately, the study provides actionable insights to guide future developments in AI-driven Chatbots and their application in diverse contexts.



7.1. Practical Implications


The increasing use of AI, particularly through Chatbots, is transforming the service and e-commerce sectors by bridging the gap left by the absence of personal, human-like interactions in digital environments. E-commerce offers significant advantages over traditional brick-and-mortar stores, yet it often lacks the human touch that builds consumer trust and satisfaction. Chatbots can address this challenge by simulating personalized and meaningful interactions between sellers and consumers, enhancing the overall e-commerce experience [22].



Our findings suggest that Perceived Authenticity is a crucial factor in shaping consumer perceptions of AI interactions. While AI continues to advance, the ability to engage users in authentic, emotionally resonant interactions remains a challenge. The results of this study indicate that higher levels of Perceived Authenticity can reduce the perceived emotional distance between human and machine interactions, diminishing the risks associated with AI technology. These results align with recent findings by Yazan and Situmeang [30], who emphasized the importance of human-like interaction styles in reducing Perceived Risk and enhancing Chatbot acceptance. By integrating such insights into chatbot design, developers can create more relatable and effective tools for consumers.



For Chatbot developers and marketers, these findings offer valuable insights for designing more effective AI systems. The most critical factor driving consumer behavioral intentions is Perceived Usefulness, which can significantly influence how consumers view Chatbots. As our research highlights, Perceived Usefulness can also mediate the negative effects of Perceived Authenticity and Perceived Risk. This finding resonates with Bhaskar et al. [77], who demonstrated that perceived trust and usefulness are key mediators in mitigating the impact of Perceived Risk on adoption intention. Marketers should prioritize understanding the drivers of Perceived Usefulness, ensuring that Chatbots are not only authentic but also practically beneficial to users. This involves focusing on enhancing functional capabilities over aesthetics, as consumers are more likely to engage with and adopt Chatbots that deliver clear, tangible value rather than those that merely appear appealing. Ultimately, this research underscores the importance of optimizing Chatbots for pragmatic, efficient use, which will lead to greater consumer satisfaction and sustained adoption.




7.2. Policy Implications


This study identifies Perceived Risk as a primary negative factor affecting consumer adoption of AI-driven Chatbots in e-commerce. Specifically, concerns regarding security and privacy significantly influence consumers’ perceptions of the usefulness of these technologies, ultimately impacting their willingness to adopt them. Based on the findings of this study, the following policy implications are proposed.



First, there is a critical need for governments to strengthen privacy and data security regulations within the e-commerce sector. As consumers frequently share sensitive personal and financial data during online transactions, governments must establish and enforce clear, stringent guidelines to protect users’ privacy. These measures should include explicit restrictions on the use and sharing of consumer data without consent. Such regulatory frameworks not only align with consumer expectations but also mitigate legal risks for companies. By prioritizing robust data protection policies, governments can help create a safer digital environment that encourages consumer adoption of chatbot technologies.



Second, the findings underscore the importance of investing in technological advancements to reduce Perceived Risks. E-commerce companies should focus on developing and implementing enhanced security mechanisms, such as advanced encryption methods and multi-layered information firewalls, to prevent data breaches and cyberattacks. The recent work by Silva et al. [78] underscored the role of robust security measures in reducing Perceived Risks and improving user experience, further highlighting the importance of secure infrastructure in chatbot implementation.



Lastly, the rapid expansion of e-commerce presents an opportunity to leverage chatbot technologies to drive socio-economic development. By fostering consumer trust in secure chatbot platforms, e-commerce can serve as a powerful tool for economic growth, particularly in underserved regions. Policies promoting the adoption of AI technologies in rural areas can help bridge the digital divide and enhance access to essential goods and services, thereby supporting national socio-economic goals. For example, during the COVID-19 pandemic, secure e-commerce platforms played a vital role in delivering healthcare and essential goods to remote populations. Governments should prioritize initiatives that promote the adoption of chatbot technologies, ensuring equitable access to digital services and fostering economic inclusion.



In summary, these policy recommendations—centered on mitigating Perceived Risk, enhancing security, and promoting equitable access—align directly with the empirical findings of this study. By addressing these factors, stakeholders can support the sustainable growth of AI-driven e-commerce platforms while contributing to broader socio-economic development goals.




7.3. Theoretical Contribution


The theoretical implications of the hypotheses and relationships discussed above are significant for the understanding of consumer behavior in the contexts of technology adoption and online interactions. Firstly, the concept of Perceived Authenticity plays a pivotal role in shaping users’ perceptions and behaviors. The theories, such as Role Theory, Technology Acceptance Model (TAM), and Self-Determination Theory (SDT), highlight that, when consumers perceive an interaction or technology as authentic, it enhances their trust, emotional connection, and evaluation of the technology’s usefulness. This perception of authenticity thus becomes a powerful antecedent to both Perceived Usefulness (PU) and behavioral intention (BI). By incorporating these theoretical perspectives, the findings suggest that authenticity influences users’ intrinsic motivation and their evaluations of a system’s utility, providing important theoretical insights into how trust and emotional engagement drive technology adoption.



Additionally, the relationship between Perceived Risk and Perceived Usefulness adds another layer of complexity. The Technology Acceptance Model (TAM) suggests that Perceived Risk, especially concerns over privacy, security, and performance failure, negatively affects the Perceived Usefulness of a system. However, as Perceived Usefulness mediates the relationship between Perceived Risk and behavioral intention, this highlights the counterbalancing role of usefulness in the face of risk. This complements the findings of Bhaskar et al. [77], who demonstrated the centrality of perceived trust and usefulness in moderating the effects of Perceived Risk on adoption behaviors.



The incorporation of Perceived Usefulness as a mediator provides valuable theoretical insights into the risk mitigation process, showing that, even when users perceive risks, the anticipated benefits of a technology or service may override those concerns. This extends existing models by emphasizing the indirect paths through which Perceived Risk influences consumer behavior and suggesting that Perceived Usefulness not only enhances trust but also acts as a buffer against Perceived Risk, ultimately shaping behavioral intentions toward technology adoption and usage.




7.4. Limitations and Future Research


This study is subject to several limitations that should be addressed in future research. First, the generalizability of the findings is limited due to the sample’s demographic composition, as the majority of respondents were Chinese individuals within a specific age range. To enhance the robustness and applicability of the results, future studies should consider diverse demographic groups, including various age cohorts, education levels, occupations, and cultural backgrounds. Expanding the sample will allow for a more comprehensive understanding of how different populations perceive and interact with Chatbot technologies.



Additionally, this study relies on an adaptation of the Technology Acceptance Model (TAM), a well-established theoretical framework. While TAM provides valuable insights, future research could explore the applicability of other related theories, such as the Unified Theory of Acceptance and Use of Technology (UTAUT) or the Task-Technology Fit Model, to uncover additional factors influencing Chatbot acceptance. Employing alternative theoretical frameworks might yield new perspectives and enhance the understanding of user behaviors toward Chatbots.



Another limitation arises from the specific sample of college students, which may not fully capture the diverse external factors that influence Chatbot adoption. Educational background, for example, could play a role in how individuals perceive and interact with AI-driven systems. Future studies could broaden the participant pool to include professionals from different industries and educational backgrounds, offering a more comprehensive view of Chatbot usage across various sectors.



The reliance on online surveys as the primary data collection method also introduces the possibility of response biases, such as social desirability bias or untruthful reporting. To mitigate this, future research could employ alternative data collection methods, such as semi-structured interviews, focus groups, or the analysis of online reviews. These approaches would provide richer, more nuanced insights and help validate the findings of this study.



Furthermore, expanding the scope of Chatbot applications beyond e-commerce could yield a broader understanding of the technology’s potential. For example, examining Chatbots in healthcare, education, or customer service could highlight unique challenges and benefits across various industries. This would contribute to a more holistic view of Chatbot technology’s impact on consumer behavior and society.



A mixed-methods approach that combines qualitative interviews with quantitative surveys could offer deeper insights into the factors driving Chatbot acceptance. Such an approach would allow researchers to explore not only the statistical relationships but also the underlying motivations and concerns of users. Additionally, investigating how user perceptions of Chatbots have evolved before and after the COVID-19 pandemic could reveal shifts in usage patterns and acceptance, providing valuable context for understanding the long-term impact of the pandemic on technology adoption.



Finally, another limitation of this study is the exclusion of the chatbot’s hedonic aspect, such as enjoyment, entertainment value, and emotional engagement—factors that are increasingly recognized as critical in technology adoption. Due to time constraints, including the 10-day revision period for this manuscript, we were unable to integrate hedonic aspects into our survey and analysis. Future research could explore the interplay between utilitarian and hedonic factors in shaping user acceptance of and satisfaction with Chatbots. By investigating how hedonic attributes influence user perceptions alongside utilitarian constructs, subsequent studies could offer a more comprehensive understanding of user behavior and preferences. Such an extension would not only deepen the theoretical discourse but also provide actionable insights for developers to create Chatbots that are both functional and emotionally engaging.
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Note
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Shapiro–Wilk tests were conducted for the residuals of all the regression models. No significant deviations from normality were observed in any case (p > 0.05).
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Figure 1. Conceptual model. 
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Table 1. Demographics of the sample.






Table 1. Demographics of the sample.





	
Variables

	
Subcategory

	
Frequency

	
Proportion






	
Gender

	
Male

	
201

	
0.371




	
Female

	
315

	
0.581




	
Others

	
26

	
0.048




	
Age

	
<18

	
40

	
0.074




	
18–25

	
277

	
0.511




	
26–35

	
52

	
0.096




	
36–45

	
70

	
0.129




	
>46

	
103

	
0.190




	
<18

	
40

	
0.074




	
Familiarity

	
Very familiar

	
82

	
0.151




	
Familiar

	
183

	
0.338




	
Neutral

	
160

	
0.295




	
Unfamiliar

	
93

	
0.172




	
Not familiar at all

	
24

	
0.044








N = 542.













 





Table 2. Descriptive statistics for the constructs.
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	Mean
	Standard Deviation
	Min
	Max





	PA
	3.92
	1.68
	1
	7



	PR
	3.75
	0.96
	1
	6.25



	PU
	4.35
	0.98
	1
	6.67



	BI
	4.00
	1.01
	1
	6.67










 





Table 3. Reliability analysis *.






Table 3. Reliability analysis *.











	Factor
	Factor Loadings
	Reliability
	Variance Explained





	Perceived Authenticity
	
	0.615
	22.07%



	PA2
	0.839
	
	



	PA3
	0.783
	
	



	PA1
	0.760
	
	



	Perceived Risks
	
	0.810
	17.70%



	PR4
	0.826
	
	



	PR1
	0.825
	
	



	PR3
	0.792
	
	



	PR2
	0.783
	
	



	Perceived Usefulness
	
	0.864
	17.62%



	PU3
	0.838
	
	



	PU1
	0.829
	
	



	PU2
	0.786
	
	



	Behavior Intention
	
	0.842
	16.74%



	BI2
	0.824
	
	



	BI1
	0.816
	
	



	BI3
	0.812
	
	



	Overall
	
	0.615
	74.15%







* The statements of the factors are shown as follows: PA1: Chatting with a Chatbot is almost the same as chatting with a human being. PA2: The Chatbots sometimes give responses that are improper or embarrassing. PA3: I find it easy to communicate with Chatbots in a normal way. PR1: I am worried about the privacy of my personal data. PR2: Chatbots collect too much private information. PR3: “Chatbots” text recognition is not accurate. PR4: Chatbots do not understand inquiries. PU1: Chatbots are useful to me. PU2: Chatbots serve a useful purpose. PU3: The Chatbot is reported to provide customer support or training, personal assistance, or help with a particular task at hand. BI1: I will recommend others to use Chatbots. BI2: I intend to use Chatbots in the future. BI3: I will use more Chatbots on devices or applications in the future.













 





Table 4. Regression analysis of PA on PU.
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	Independent

Variables
	Dependent

Variable
	R2
	Standardized

Coefficients
	t
	Sig.
	Impact





	PA
	PU
	0.187
	0.432
	11.141
	0
	Significant










 





Table 5. Regression analysis of PA on BI.
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	Independent

Variables
	Dependent

Variable
	R2
	Standardized

Coefficients
	t
	Sig.
	Impact





	PA
	BI
	0.192
	0.438
	11.318
	0
	Significant










 





Table 6. Regression analysis of PR on PU.
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	Independent

Variables
	Dependent

Variable
	R2
	Standardized

Coefficients
	t
	Sig.
	Impact





	PR
	PU
	0.131
	−0.362
	−9.034
	0
	Significant










 





Table 7. Regression analysis of PR on BI.
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	Independent Variables
	Dependent Variable
	R2
	Standardized

Coefficients
	t
	Sig.
	Impact





	PR
	BI
	0.149
	−0.386
	−9.711
	0
	Significant










 





Table 8. Regression analysis of PA on PR.
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	Independent

Variables
	Dependent

Variable
	R2
	Standardized

Coefficients
	t
	Sig.
	Impact





	PA
	PR
	0.216
	−0.464
	−12.18
	0
	Significant










 





Table 9. Regression analysis of PU on BI.
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	Independent

Variables
	Dependent

Variable
	R2
	Standardized

Coefficients
	t
	Sig.
	Impact





	PU
	BI
	0.279
	0.528
	14.457
	0
	Significant










 





Table 10. Mediation analysis of PU between PA and BI.
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Effect

	
Standard Error

	
LLCI

	
ULCI

	
T Statistic

	
p Value






	
Total Effect

	
0.4357

	
0.0385

	
0.3601

	
0.5113

	
11.3175

	
0




	
Direct Effect

	
0.3438

	
0.0438

	
0.2031

	
0.3751

	
6.6046

	
0




	
Indirect Effect

	
0.1465

	
0.0279

	
0.0923

	
0.2042

	











 





Table 11. Mediation analysis of PU between PR and BI.






Table 11. Mediation analysis of PU between PR and BI.





	

	
Effect

	
Standard Error

	
LLCI

	
ULCI

	
T Statistic

	
p Value






	
Total Effect

	
−0.3489

	
0.0359

	
−0.4194

	
−0.2783

	
−9.7108

	
0




	
Direct Effect

	
−0.2437

	
0.0415

	
−0.3251

	
−0.1622

	
−5.8755

	
0




	
Indirect Effect

	
−0.1052

	
0.0324

	
−0.1694

	
−0.0395

	











 





Table 12. The results of the SEM.
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	Hypothesis
	Direct Effect
	Indirect Effect
	Total Effect





	H1
	0.1073 (p < 0.05)
	
	



	H2
	0.0715 (p < 0.05)
	
	



	H3
	−0.1994 (p < 0.05)
	
	



	H4
	−0.1605 (p < 0.05)
	
	



	H5
	−0.1447 (p < 0.05)
	
	



	H6
	0.4101 (p < 0.05)
	
	



	H7
	0.0715
	0.044
	0.1155



	H8
	−0.1605
	−0.0818
	−0.2423










 





Table 13. Hypotheses testing results.






Table 13. Hypotheses testing results.





	
Hypothesis

	
Result






	
H1

	
Perceived Authenticity will positively influence the Perceived Usefulness.

	
Supported




	
H2

	
Perceived Authenticity positively influences Behavior Intention.

	
Supported




	
H3

	
Perceived Risk negatively influences Perceived Usefulness.

	
Supported




	
H4

	
Perceived Risk negatively influences Behavior Intention.

	
Supported




	
H5

	
Perceived Authenticity negatively influences Perceived Risk.

	
Supported




	
H6

	
Perceived Usefulness positively influences Behavior Intention.

	
Supported




	
H7

	
Perceived Usefulness mediates the relationship between Perceived Authenticity and Behavior Intention.

	
Supported




	
H8

	
Perceived Usefulness mediates the relationship between Perceived Risk and Behavior Intention.

	
Supported
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