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Abstract


Chatbots have spurred keen academic interest in the last decade, with researchers focusing primarily on the factors impacting chatbot adoption by consumers. Based on a systematic literature review (SLR) of 202 selected peer-reviewed papers published from 2015 to 2025, this article aims to achieve the following objectives: (1) describe publication trends, including relevant journals and highly-cited papers; (2) analyze the methodological approaches and theoretical models employed in the field; (3) investigate the drivers and barriers to consumers’ adoption of chatbots; and (4) outline directions for future research. Among the findings, the review reveals that perceived usefulness, perceived ease of use, anthropomorphic characteristics, consumer trust in chatbot applications, and the ability of chatbots to emulate a human-like personality are key drivers of chatbot adoption, whereas perceived risks and anxiety are the most reported barriers. This study offers several future research avenues and highlights the importance of considering the role of emotions and personality traits.
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1. Introduction


Since 2015, chatbots have ranked consistently as one of the leading technological advances [1,2,3]. They represent the type of human–computer interaction (HCI) most readily utilized by consumers in their relationships with businesses in a mobile application context [4,5,6]. They are natural language processing (NLC) systems which act as virtual assistants capable of mimicking human interactions [7]. Chatbots provide interactions with consumers through text or voice [8]. In their capacity of virtual assistants, they answer consumers’ questions about products and services [9,10,11,12,13,14,15,16]. Chatbots enable users to ask questions and receive answers quickly and easily [13]. They provide a swift and convenient mode of interaction for consumers [10,17,18,19,20]. In turn, chatbots support consumers in their choices and decision-making processes across various service and purchase contexts [21,22,23,24,25,26,27,28,29,30,31], while alleviating the need to schedule appointments with salespersons [13,14]. Despite the obvious benefits, businesses across various sectors of industry (e.g., hospitality, online retail, and airlines) face continued consumer resistance to the use of chatbots [10,18]. Indeed, only about one third of Canadian and American consumers feel comfortable communicating with conversational agents [3]. In Europe, fewer than 50% of individuals report previous interactions with brand-specific chatbots [32]. Research on chatbot adoption is primarily grounded in established technology acceptance frameworks, most notably the Technology Acceptance Model (TAM) and the Unified Theory of Acceptance and Use of Technology (UTAUT), which explain adoption through perceived usefulness, perceived ease of use, performance expectancy, and effort expectancy [3,16,19]. Complementing these utilitarian perspectives, the anthropomorphism theory emphasizes the attribution of human-like qualities to chatbots [20,21].



Given the critical need to understand the drivers and barriers of consumer adoption of chatbots across the purchase journey, and the ever-growing number of studies in this domain, a systematic literature review is essential to determine the factors shaping consumer adoption. A SLR involves synthesizing existing knowledge in a reliable manner through the adoption of a reproducible, scientific, and transparent process supported by rigorous methodology designed to minimize bias [33,34,35]. For this review, several conceptual boundaries are specified. First, the focus is on consumer adoption of chatbots, rather than employee or organizational adoption, as the latter follows distinct decision processes and evaluative criteria. Second, the review primarily examines task-oriented and service chatbots used to support consumer decision-making and service interactions, while purely social or companionship chatbots are considered only when they inform adoption mechanisms. Third, both text-based and voice-based chatbots are included, as these modalities represent the dominant consumer-facing interfaces in prior research. Finally, the term “AI chatbots” encompasses both traditional rule-based or machine-learning–driven systems and more recent generative AI–enabled chatbots, provided that the study examines adoption-related outcomes from the consumer’s perspective.



Several SLRs have examined chatbots from various perspectives. However, our study differs in terms of its research objective. While Ref. [35] identified recurrent themes in chatbot research over the past decade, focusing on user satisfaction, engagement, and trust, this review specifically examines the factors influencing consumers’ decisions to adopt or reject chatbots. Similarly, Ref. [36] investigated the effects of chatbots on customer loyalty by emphasizing system quality, service quality, and information quality, whereas the present study aims to synthesize the drivers and barriers of chatbot adoption regardless of industry context. In contrast, Ref. [37] focused on the adoption of AI technologies in service delivery more broadly, with particular attention to the hospitality and tourism sector. The present study instead concentrates on chatbot adoption across multiple industries. Other reviews have adopted more focused scopes. For instance, Refs. [38,39] examined consumers’ intention of using intelligent conversational agents, while Ref. [10] provided a general overview of chatbot research without explicitly addressing adoption. More recently, Ref. [40] analyzed consumer responses to anthropomorphism in text-based AI chatbots, thereby focusing on a specific adoption mechanism. Additionally, Ref. [41] examined chatbot usage in learning contexts and Ref. [42] focused on acceptance drivers within the higher education sector. Overall, prior studies tend to focus on single outcomes (e.g., satisfaction, loyalty, or anthropomorphism), or specific contexts (e.g., hospitality, education), time coverage, specific contexts (e.g., hospitality or education), or methodological approaches (e.g., narrative synthesis, meta-analytic effects, or SLR) [35,36]. By contrast, the present SLR provides a comprehensive synthesis of both drivers and barriers to chatbot adoption across industries, thereby offering a broader and more integrative perspective on consumer adoption of chatbot technologies (see Appendix A).



This study proposes an integrative analysis of the growing body of research into the chatbot adoption phenomenon. It (1) describes publication trends, including relevant journals and highly-cited papers; (2) analyzes the methodological approaches and theoretical models used in the field; (3) investigates the drivers and barriers to consumers’ adoption of chatbots; and (4) outlines directions for future research.



The phenomenon of chatbot adoption emerges as a multidimensional process shaped by both utilitarian evaluations and social–relational perceptions. While technology acceptance frameworks such as TAM and UTAUT explain adoption through cognitive assessments of usefulness, ease of use, and performance expectancy, anthropomorphism and other constructs (e.g., social presence, empathy, and perceived humanness) extend these models by capturing the relational and emotional mechanisms underlying human–AI interaction. This manuscript integrates these complementary theoretical lenses to systematically examine how functional attributes, anthropomorphic cues, and affective responses jointly drive or inhibit consumer chatbot adoption.



This manuscript is structured into eight sections, commencing with the present introduction. Section 2 defines the chatbot concept, traces its evolution, reviews its main categories, and provides a brief outline of the theoretical background related to its adoption and continued use. Section 3 outlines the methodology employed for selecting the relevant manuscripts for the SLR. Section 4, which is descriptive, provides an overview of publication characteristics and methodological approaches. Section 5 discusses the drivers and barriers of consumer chatbot adoption, as well as the theoretical frameworks and constructs examined in the selected studies. Section 6 proposes directions for future research. Section 7 discusses the study limitations. Finally, Section 8 comprises a conclusion for this study.




2. Conceptual Background


To provide a structured understanding of chatbot adoption, this section first clarifies the concept and evolution of chatbots, then reviews their main categories, and finally briefly outlines the theoretical foundations used to explain consumer adoption.



2.1. Definition and Evolution of Chatbots


The term chatbot derives from a combination of ‘chat’ (conversation) and ‘bot’ (short term for robot) [3,4]. The concept sometimes appears in the literature as chatterbot or talkbot [18]. Ref. [3] assert that chatbots represent a common type of virtual assistant and represent a subcategory within the broader class of conversational agents. Most studies define chatbots as “any software application that engages in dialogue with a human using natural language” [3] (p. 76). This definition appears to be the most prevalent in the literature and is therefore adopted for the purpose of this study.



The evolution of chatbots can be divided into three major phases. The early development phase (1900 to 1966) traces the earliest development of chatbots, with text-based chatbots beginning to emerge in the 1960s. A notable milestone at the end of this period is the creation of ‘ELIZA’ by Joseph Weizenbaum in 1966, a chatbot capable of transforming user sentences into questions [3,35]. The second phase, from 1967 to 1995, was marked by the introduction of more advanced and sophisticated chatbots with a distinct personality [43]. For instance, the chatbot ‘PERRY’ was described as having its own personality; however, its language understanding capabilities remain limited [43]. The integration of AI into chatbots started in 1988. However, the first online chatbot, as understood in contemporary terms, was launched in 1995. Finally, the third phase (post-1995) corresponds to modern chatbots as we are accustomed to today which are capable of assisting customers accomplishing day-to-day tasks such as retrieving information from databases [43].



Nowadays, chatbots are considered as computer programs proficient in understanding human languages, using NLP or AI Markup Languages. They use a knowledge base with dialogue management rules, employing various techniques for processing user input (i.e., IBM’s Watson) [10]. Chatbots are used across various industries, such as hospitality, tourism, and retailing, where they are increasingly employed as substitutes for human employees to improve customer assistance [44]. It is predicted that by 2026, they will make up about 95% of online customer service interactions [44].




2.2. Categories of Chatbots


The literature reveals a broad spectrum of chatbot categories [10,43]. First, chatbots can be classified based on the communication channel they employ, which can be text, voice, image, or a combination of these modalities [43]. Text-based chatbots (e.g., Messenger Service Kik) allow users to communicate with a machine through text [3]. However, improved recognition of human speech has led users to also communicate with the machine through speech (e.g., WhatsApp, Facebook Messenger, and Siri or Google Voice Message Assistant). Advanced chatbots can even interpret images, not only recognizing objects, but also expressing opinions and emotions, making them increasingly akin to genuine human companions [45].



Second, chatbots are categorized by their overall knowledge domain [43]. Chatbots capable of answering user queries from various domains are commonly referred to as “Generic chatbots,” and they find applications across various industries [10]. An illustrative example is AskWiz. Conversely, Interpersonal chatbots and Intrapersonal chatbots are domain-specific chatbots. Interpersonal chatbots offer specific services to consumers, such as booking services in restaurants and airlines, or providing answers to frequently asked questions. However, they do not prioritize forming a friendly, companionable interaction [43,46]. Intrapersonal chatbots prioritize forming a friendly, companionable interaction and are designed to closely understand an individual’s day-to-day needs [43,46].



Third, chatbots can further be categorized based on the goals they seek to accomplish, falling into informative, chat-based/conversational, and task-based chatbot categories [10,43,46]. For instance, task-based chatbots excel in performing various functions, including tasks like room reservations and skillfully acquiring information, and providing users with relevant responses in service sectors, such as the hospitality and tourism industry [43]. Regarding their operation, chatbots can be classified as human-mediated, where human computation plays a role, or fully autonomous, with potential limitations that necessitate ongoing staff intervention to enhance their intelligence [43,44]. It is worth noting, however, that human computation may suffer from slower information processing and struggle to manage a high volume of user requests. Lastly, chatbots can be categorized based on the permissions granted by their development platforms, falling into the categories of open-source or commercial [43].




2.3. Theoretical Background of Chatbot Adoption


Research on chatbot adoption is primarily grounded in information systems and consumer behavior theories, with five dominant theoretical frameworks shaping the literature. First, technology acceptance-based models, notably the Technology Acceptance Model (TAM) and the Unified Theory of Acceptance and Use of Technology (UTAUT), conceptualize adoption as a function of cognitive evaluations, such as perceived usefulness, perceived ease of use, performance expectancy, effort expectancy, and social influence. Across studies, these concepts are consistently found to positively influence consumers’ adoption intentions and continued use of chatbot technologies.



Second, the anthropomorphism theory emphasizes the role of human-like cues, empathy, and chatbot personality in shaping consumer responses. This stream of research generally reports positive effects of anthropomorphic features on trust, social presence, satisfaction, and adoption. However, excessive anthropomorphism can generate perceptions of creepiness and resistance, reflecting the nonlinear nature of human-likeliness in human-AI interactions.



Third, trust-based models position trust as a central construct in chatbot adoption, operating as a direct predictor, mediator, or outcome of adoption-related processes. These models highlight the importance of reliability, response accuracy, data protection, and credibility in enhancing consumer confidence and acceptance.



Closely related, the social presence theory underscores the importance of users’ perceptions of being with a social identity during interactions, showing that feeling “socially present” enhances trust, engagement, and adoption outcomes.



Finally, affective and emotion-based perspectives extend beyond purely cognitive explanations by demonstrating that hedonic motivation, enjoyment, empathy, and emotional responses significantly shape adoption and continuance, particularly in hedonic, relational, or service-oriented contexts. In parallel, research consistently identifies barriers to adoption, including perceived risk, privacy concerns, technological anxiety, and creepiness, all of which negatively affect adoption intentions and loyalty.





3. Methodology


The methodology followed the PRISMA protocol to report the findings (see Figure 1) which contains three main phases of (1) establishing exclusion criteria for the study, (2) assessing the existing literature, and (3) reporting the findings [47]. This SLR adheres to a comprehensive process for selecting articles related to chatbot adoption. It ensures bias reduction in both selection and analysis, contributing to the robustness of conclusions within the research field [47]. The chosen SLR approach aligns with the study’s objective of presenting a coherent overview and an integrative framework for research on chatbot adoption.



3.1. Source Types and Source Quality


The sources kept for this study consist exclusively of peer-reviewed journal articles. Specifically, conceptual articles, literature reviews, and empirical studies, both quantitative and qualitative, published in English-language peer-reviewed journals, were selected and included. Books, book chapters, and conferences were not selected due to the fact that they have not been subjected to the same rigor [48,49]. Indeed, non-peer-reviewed sources are not considered in the identification of manuscripts [49].



Systematic computerized searches of scientific articles were undertaken using three multidisciplinary bibliographic databases widely recognized in SLR: ABI/Inform Global, Business Source Premier, and Web of Science. These databases are complementary and collectively ensure comprehensive coverage of the relevant literature [36,48]. ABI/Inform Global was selected for its extensive coverage of peer-reviewed journals in business, management, marketing, and information systems, making it particularly well suited for capturing both foundational and applied research in these domains. The database is especially appropriate for capturing research situated at the intersection of technology adoption, consumer behavior, and electronic commerce, thereby ensuring comprehensive coverage of studies examining chatbot adoption in organizational and market contexts. Business Source Premier complements this coverage by providing access to a broad range of high-quality academic journals and practitioner-oriented publications, thereby increasing the likelihood of identifying relevant theoretical and empirical contributions. Finally, Web of Science was included to ensure multidisciplinary coverage and citation-based rigor, as it indexes high-impact journals across the social sciences and offers robust citation tracking capabilities. The combined use of these databases enhances both the breadth and depth of the literature search while reducing the risk of omitting influential and highly-cited studies.




3.2. Period, Search Mechanism, and Keywords


The SLR covers a period from January 2015, the year of the first relevant publication, to December 2025. Since research in the field continues to evolve rapidly, articles published online ahead of print were also included. The literature search was conducted directly within the three selected databases. Following the identification of relevant articles, duplicate records were manually removed from the dataset [48].



The search strategy relied on three main categories of keywords. The first category contained terms related to chatbots and their variants, such as chatbot, virtual assistant, chatterbot, talkbot, conversational agent, natural language interface. These terms were selected based on prior reviews of the chatbot literature (e.g., [35,36]. The second category included keywords related to consumers (e.g., consumer, user, customer, etc.) as well as variables capturing psychological factors related to technology adoption, comprising trust in chatbots, anxiety associated with use, and concepts such as understanding and conversation. Prior research substantiates the importance of these psychological factors in shaping consumer adoption of technology, including chatbots [50,51]. Moreover, keywords such as understanding and conversation are often associated with interactions with artificial intelligence. The third category comprises keywords related to models and theories commonly used in research on consumer behavior and technology adoption, such as the Theory of Reasoned Action (TRA) and the Technology Adoption Model (TAM). Search strings include all the keywords reports in Table 1.



The systematic search was conducted separately with search strings and inclusion criteria (see Appendix B). Searches were executed in ABI/Inform Global, Business Source Premier, and Web of Science Core Collection on 10 January 2026. In ABI/Inform Global and Business Source Premier, the search was applied to article titles, abstracts, and author-supplied keywords, while in Web of Science, it was applied to all available fields (i.e., title, abstract, and keywords). Across all databases, results were restricted to peer-reviewed journal articles, published in English between January 2015 and December 2025. No subject-area filters were imposed to avoid excluding interdisciplinary research spanning marketing, information systems, human–computer interaction, and consumer behavior. Document types were limited to research articles, conceptual papers, and review articles. Books, book chapters, conference proceedings, dissertations, and non-peer-reviewed sources were excluded to ensure methodological rigor and comparability across databases.




3.3. Broad First-Pass Recall and Staged Screening Strategy


Consistent with best practices for SLR, the search strategy was deliberately designed to maximize results during the initial retrieval phase, followed by progressive refinement during subsequent screening and full-text assessment. Accordingly, first-pass database queries employed a broad set of chatbot-related, consumer-related, and theory-related keywords, including generic terms (e.g., chatbot, virtual assistant, conversational agent, consumer, user, interaction, experience) as well as widely used technology adoption frameworks (e.g., TAM, UTAUT, TPB, anthropomorphism). This inclusive approach ensured that potentially relevant studies were not prematurely excluded at the search stage. Precision was subsequently increased through a multi-step screening process involving title and abstract review, followed by rigorous full-text assessment. During this process, articles that did not explicitly address consumer adoption, acceptance, usage intention, or continuance of chatbots’ use were excluded. This staged recall–precision strategy aligns with PRISMA recommendations and helps minimize the risk of false negatives while maintaining conceptual focus in the final sample.



During the title and abstract screening stage, inclusion decisions were not based solely on the explicit presence of predefined theoretical labels. Because terminology in this research domain varies across disciplines, records were assessed primarily for their conceptual relevance to the focal phenomenon rather than strict keyword matching. When titles or abstracts suggested potential relevance such as studies examining related adoption mechanisms, user perceptions, or interaction characteristics even if the expected theoretical terms were not explicitly stated, the authors retained the records for full-text evaluation. In cases of uncertainty, records were conservatively carried forward to the full-text screening stage. Therefore, this approach ensured that conceptually relevant studies were not excluded prematurely due to variations in terminology across disciplines.



The number of articles returned from the search is 3100 articles: 380 articles from ABI/Inform Global, 474 from Business Source Premier, and 2246 from Web of Science.




3.4. Purification


The purification process included four steps (Figure 1). During the first step, 1140 duplicated articles were identified and eliminated. In the second step, all 1960 remaining articles underwent a twofold screening process, with initial inclusion based on article title and abstract. If, upon examination, the main domain terms such as chatbot, conversational agents, customers, TAM (technology acceptance model), TTF (task technology fit), UTAUT (unified theory of acceptance and usage of technology), ITM (initial trust model), ELM (elaboration likelihood model), TRA (theory of reasoned action), IDT (innovation diffusion theory), stimulus organism-response, expectation-confirmation model, anthropomorphism, theory-of-mind, U&G Model (users and gratification model), trust-commitment theory, consumer acceptance model, diffusion of the innovation theory, and respective homonyms did not appear in an article’s title or abstract, the article was excluded. The initial screening ultimately resulted in the exclusion of 1680 articles that failed to meet the predetermined inclusion criteria. The second component of the selection process involved a rigorous reading of article content and led to the elimination of 135 articles found to not comply with inclusion criteria. The excluded articles either made no mention of chatbot adoption factors or only superficially mentioned the term ‘adoption’. Upon completion of this second step, 145 articles were retained.



To assess the robustness of the screening process, a random sample of 50 excluded records (≈3% of all excluded articles) was independently re-evaluated by the two authors. This validation identified one false negative (2%). This one false negative could have been easily identified at Stage 3, as it was published in Computers in Human Behavior. Overall, the low false-negative rate indicates that the screening procedure was reliable and unlikely to have systematically excluded relevant studies, particularly given the possibility of recovering additional articles during the following step, through manual searches.



During the third step, a manual search of the journals with the greatest number of published articles (e.g., Computers in Human Behavior and Journal of Business Research) generated 55 additional articles. During the fourth and final step, a search of the references of each selected article, as suggested by [49,52,53], yielded 2 additional articles. The final number of selected articles was 202.




3.5. Coding


This SLR employed content analysis, the prevailing method in SLR [47]. Two researchers conducted the coding (see Appendix C). We decided to opt for content analysis, a usual method used when conducting systematic reviews [47]. No software was used for the content analysis.



To enhance the reliability of the coding process, the selected articles were coded independently by the two researchers using the predefined coding scheme presented in Appendix C. Following the initial coding stage, the coders compared their coding results and discussed any discrepancies. Differences in classification were resolved through discussion and iterative review of the relevant articles until consensus was reached. In cases where uncertainty remained, the coders jointly revisited the article to ensure consistent interpretation of the coding categories. This reconciliation procedure helped ensure consistency in the application of the coding framework and enhanced the transparency and reproducibility of the content-analysis process.





4. Findings


This section maps the literature relating to consumer adoption of chatbots by means of a descriptive analysis deemed essential for identifying trends in topical literature. The analysis provides data on study characteristics (e.g., year of publication, academic journals, and most-cited articles), methodological approaches, and theoretical foundations (theories/models, variables). This preliminary step facilitates an understanding of the nature of the research field and identifies gaps deserving further research.



4.1. Publication Trends, Journals, and Citations


4.1.1. Publication Trends


Figure 2 depicts the patterns in the publications from the beginning of 2015 to the conclusion of 2025 and follows a discrete data trend, as the underlying data are discrete, meaning they take countable, separate values.



The publication curve over time points to the years 2020, 2021, 2022, 2023, 2024, and 2025 as having the highest number of publications, namely 16, 14, 21, 13, 38, and 83 articles, respectively. Articles published in the last five years account for 83,66 per cent (169 out of 202) of the selected manuscripts. The introduction of AI chatbots in 2022 surely contributed to a surge in interest in recent years about this topic.




4.1.2. Academic Journals


Research findings evidence that most articles retained relate to technology and information systems management (n = 38; 18.81% out of a total of 202), with 18 articles (n = 18; 8.91% out of a total of 202) published in a management journal. Table 2 below shows that the International Journal of Human–Computer Interaction published the greatest number of articles on chatbot adoption factors (n = 21; 10.40% out of a total of 202), followed by Computers in Human Behavior (n = 13; 6.44% out of a total of 202), followed by the Journal of Theoretical and Applied Electronic Commerce Research (n = 11; 5.45% out of a total of 202), and the Journal of Business Research (n = 6; 2.97% out of a total of 202).




4.1.3. Top Cited-Articles


Table 3 highlights that papers on chatbot adoption boast high citation counts in ABI/Inform Global, Business Source Premier, and Web of Science (31 December 2025). The leading article focusing on chatbot adoption is the study by [54] cited 1723 times until December 2025, followed by articles written by [1] with 1637, [55] with 1571, and [56] with 1382 citations respectively. Among the top ten, five are published in Computer in Human Behavior.



Ref. [54] empirically examine, through a randomized online experiment, how chatbot verbal anthropomorphic design affects user request compliance. They showed that both anthropomorphism, as well as the need to stay consistent, significantly increase the likelihood that users comply with a chatbot’s request for service feedback. Most studies were among the earliest published in the field (2015 and 2017) and addressed timely and insightful issues, which likely explains their higher citation counts. For instance, Ref. [57] were among the first to explore how users’ explicit and implicit expectations of human language are transferred and expressed in human–computer interaction, reporting that humans communicate differently when they know their conversational partner is a computer rather than another human. Their study reported that people sent more messages, but wrote fewer words per message when interacting with chatbots, suggesting that participants adapted their communication style to mirror the chatbot’s responses. Moreover, Ref. [58]’s study focused on how to humanize chatbots more than they are. Most researchers were geared towards determining if more anthropomorphic cues were needed to increase customers adoption. However, their study proved the opposite. They reported that a high level of interactivity between the chatbot and the customer could compensate for the lack of anthropomorphic visual cues. One of the reasons why this study might be cited a lot is that it steered research in a new direction.





4.2. Methodologies


4.2.1. Methods


To facilitate the interpretation of the figures presented in Figure 3, it is important to note that the final sample consists of 202 articles. Among these, 20 correspond to different types of literature reviews, including 3 traditional literature reviews, 4 meta-analyses, and 13 SLRs. The remaining 182 (202 − 20) empirical articles are distributed as follows: 10 qualitative studies, 18 studies using a mixed-methods approach (qualitative and quantitative), and 154 studies relying exclusively on quantitative methods. Among the latter, five articles report two distinct quantitative empirical studies, conducted in different sectors or national contexts. To account for this methodological specificity, these studies were counted separately, bringing the total number of quantitative empirical studies to 177 (154 + 5 + 18) and the total number of qualitative empirical studies to 28 (10 + 18).



Consequently, the study findings indicate a greater emphasis on theory testing rather than theory building in chatbot research. Most quantitative research used surveys whereas in-depth interviews were mostly used for qualitative research.




4.2.2. Study Sectors


Figure 4 highlights the distribution of studies across various industries, revealing a significant focus on the hospitality and tourism sector (n = 24), as well as the e-commerce industry (n = 15). Additionally, a subset of studies (n = 43) explored multiple sectors simultaneously (e.g., hospitality and finance). Investigations were also carried out within the insurance and banking sector (n = 20). These findings underscore the importance of conducting studies across diverse settings to develop a more comprehensive understanding of the factors that either drive or hinder consumer adoption of chatbots. It is not surprising that a substantial number of studies were conducted in the hospitality and tourism sector since it has experienced rapid growth in the deployment of chatbot over recent years [44,61]. Moreover, several studies have focused on the banking sector, where chatbots have gained considerable visibility and acceptance due to their relatively early implementation in customer service interactions.




4.2.3. Study Samples


Table 4 and Table 5 summarize the sample sizes used across the reviewed studies, both quantitative and qualitative. In quantitative studies, sample sizes typically range from 200 to 450 respondents. Given the analytical techniques employed, most studies include at least 180 participants (e.g., [3,62,63]). Two articles provide additional results by reporting the number of interactions between participants and chatbots, with interaction counts of approximately 6200 and 57,000, respectively. Most studies employed convenience sampling techniques. However, it is worth noting that convenience samples can only be generalized to the accessible population from which they are drawn. While such convenience samples can have relatively high internal validity, their low external validity represents their primary limitation.



Among the qualitative studies (28), sample sizes range from 14 to 60 participants. For instance, Ref. [64] conducted interviews with 18 participants across 12 countries. Their research was not limited to a specific industry; however, all participants were required to be familiar with a social chatbot, Replika. In contrast, Ref. [14] examined managerial perceptions of chatbots in the financial sector by interviewing 14 managers responsible for chatbot and IT operations in the Korean financial industry. Similarly, Ref. [7] conducted a study in the United Kingdom involving 29 students to explore consumer perceptions of chatbots in healthcare, using semi-structured interviews. Finally, Ref. [18] investigated the chatbot use across 15 retail companies, aiming to understand the role of chatbots in retail organizations and how these technologies address industry-specific needs.




4.2.4. Geographic Locations


The findings reported in Table 6 indicate the undertaking of studies in diverse countries around the globe. Most have been carried out in the United States (n = 20), the United Kingdom (13), China (35), India (18), and Holland (9), and on a more modest scale, in Korea (n = 12), Italy (n = 5), Australia (4), Saudi Arabia (4), Canada (3), Croatia (3), Germany (2), Norway (2), Pakistan (2), Thailand (2), Turkey (2), and Lebanon (2). It is worth mentioning that several studies were completed in more than one country (25).



Most studies pertaining to chatbots were conducted in China, the United States, and the UK. This concentration likely reflects the widespread adoption of this technology and its increased use by companies across different sectors in these markets. More studies in other regions, particularly in Africa, would be interesting as consumers’ cultural preferences may differ and lead to different reactions towards chatbots. It is worth noting that a rather substantial proportion of studies are conducted in China and other Asian contexts. Though valuable, this geographic focus may limit cross-cultural generalizability, particularly given differing privacy norms, regulatory frameworks, and technology acceptance patterns.




4.2.5. Methods of Data Analysis


Most studies used a cross-sectional approach (154 out of 177) and one study used a longitudinal approach. Indeed, most studies used scenario-based experiments (21) compared to field experiments (1 study). The literature is immensely dominated by scenario-based experiments and cross-sectional self-report surveys. It is worth noting that while statistically rigorous, such designs limit causal inference and real-world generalizability. Field experiments, longitudinal designs, and behavioral usage data remain somewhat underutilized. As most studies rely on self-reported adoption intentions rather than observed behavior, it may inflate relationships among perceptual constructs and does not fully capture continuance or habitual usage patterns.



For the analysis method, this review reports that 102 out of 177 articles used the structural equation modelling (SEM) method, whereas variance analyses were used in 32 articles, linear regressions were employed in 26 articles, and moderate mediation analyses in 16. Considering that most studies are cross-sectional and based on surveys, it is not surprising that the most common methods of data analysis are SEM and variance analysis. Regarding the articles based on the qualitative method, the 28 articles used detailed coding and thematic analyses. Figure 5 below details the different methods of analysis. Therefore, our study reveals that more field experiments should be conducted.





4.3. Theoretical Considerations Explaining Chatbot Adoption


A broad range of theoretical models have been used to study chatbot adoption. Most studies (121 studies) based their research upon only one theoretical model. There are quite a few studies where the authors combine two or more theoretical models to attempt explaining chatbot adoption (e.g., [3,65,66]). Table 7 presents the theoretical models used to explain consumer adoption of chatbots. The top five theories used in this research, excluding systematic reviews, literature reviews, and meta-analyses, are: the Anthropomorphism theory (59 studies), the Technology acceptance model (TAM) and derivatives (49 studies), the Unified theory of acceptance and use of technology model (UTAUT) and derivatives (26 studies), and the social presence theory (11 studies). A range of additional theories has also been employed, albeit to a lesser extent.



Overall, chatbot adoption research reveals theoretical convergence rather than fragmentation. TAM and UTAUT provide the utilitarian foundation by explaining how functional value and effort shape adoption decisions, while anthropomorphism and social presence theories extend these models by introducing relational and social mechanisms that enhance trust and emotional engagement. Trust acts as a bridging construct, linking cognitive evaluations (e.g., usefulness, performance expectancy) with affective responses (e.g., enjoyment, empathy). However, partial inconsistencies emerge across contexts, whereas TAM and UTAUT variables are generally robust predictors, their effects weaken when privacy risk and technological anxiety are salient, particularly in high-risk contexts. Similarly, anthropomorphism mostly facilitates adoption, but may backfire through creepiness or uncanny valley effects when human-likeness is excessive. Taken together, the literature suggests that chatbot adoption is best understood through integrative models that combine utilitarian, social, and affective perspectives, with contextual factors and interaction timing, shaping whether these theoretical perspectives reinforce or offset one another.



At the theoretical background level of chatbot adoption studies, two main observations can be made. First, many studies rely on TAM and UTAUT-based frameworks, frequently reproducing similar models with minor contextual variations. Although these models robustly explain utilitarian determinants (e.g., usefulness, effort expectancy), they often treat social and affective constructs as peripheral extensions of chatbot adoption rather than as central mechanisms of its adoption. Thus, this may limit alternative explanatory paradigms, such as relational, emotional, or socio-technical perspectives. Second, many studies test direct effects without explicitly modeling moderators such as industry risk level, chatbot embodiment (text vs. voice), or regulatory environment. Therefore, additional moderation analyses are needed to explain when and why anthropomorphism or trust-based effects strengthen or weaken.



Thus, these limitations suggest that chatbot adoption research would benefit from stronger theoretical diversification, explicit modeling of contextual moderators, and greater methodological variety. Addressing these gaps would move the field beyond incremental extensions of existing acceptance frameworks, towards more robust and context-sensitive explanatory models.





5. Factors Impacting Consumer Adoption of Chatbots


5.1. Drivers to Consumer Adoption of Chatbots


The drivers of consumer adoption identified in Section 5.1 are derived from the content analysis of the studies retained in the review. Each study was coded for the theoretical framework employed, the adoption-related variables examined, and the direction and statistical significance of the reported relationships (see Appendix D). These variables were subsequently grouped into 5 higher-order conceptual categories: (1) Consumer trust in chatbots; (2) Attributes favouring consumer adoption of chatbots; (3) Anthropomorphic traits of chatbots and chatbots’ personality; (4) Emotions regarding chatbot adoption; and (5) Barriers to consumer adoption of chatbots.



5.1.1. Consumer Trust in Chatbots


Trust is defined as the “concerned parties’ confidence in each other’s credibility in an exchange relationship” [5] (p. 298). This SLR identifies 13 empirical studies, all of which report statistically significant findings that examine the role of trust as a mediating variable [21,67,68,69], an independent variable [37,62,70], or a dependent variable [50,71,72,73,74]. In addition, the role of trust has been examined from a qualitative perspective [7]. Research on trust in chatbot adoption is predominantly concentrated in the e-commerce, financial, and insurance sectors, with most studies conducted in China.



Several studies have examined the role of trust in shaping consumer responses to chatbots. For instance, Ref. [50] identified the essential factors influencing consumer trust in chatbots and emphasized the importance of providing accurate, prompt, and efficient responses. Indeed, Ref. [75] conceptualized trust in chatbots as a multidimensional construct, encompassing trust in functionality, reliability, and data protection, with trust in data protection revealing as important dimension of trust in chatbots.



Beyond functional aspects, several studies highlight the role of interactional and design futures in building trust. For example, Ref. [69] reported that chatbot interaction style (social-oriented vs. task-oriented) and visual cues (e.g., avatar presence or absence) influence social presence, which in turn affects trust, perceived enjoyment, and overall attitudes towards chatbots. In a related vein, Ref. [67] found that compatibility, perceived ease of use, and social influence significantly contribute to the development of initial trust in chatbots, while Ref. [71] showed that trust is shaped by chatbot characteristics such as credibility, competence, anthropomorphism, social presence, and informativeness.



In sum, these studies highlight the central role of trust in influencing consumer attitudes and adoption of chatbot. Furthermore, they emphasize the importance of designing chatbots to deliver accurate, reliable, and secure interactions, while also emulating social presence that enhances trust and facilitates successful adoption.




5.1.2. Attributes Favouring Consumer Adoption of Chatbots


This study identified many factors that have an impact on chatbot adoption, such as perceived ease of use, perceived usefulness, and performance expectations. As shown in Table 8, perceived ease of use positively influences consumer adoption of chatbots, as well as intentions of using, reusing, and continuing to use chatbot applications [3,63,65,66].



Perceived ease of use appears in 39 empirical studies, all but one reporting significant effects. Perceived usefulness appears in 39 empirical studies, all reporting significant effects. For instance, Ref. [76] show that perceived ease of use, perceived usefulness, perceived trust, perceived intelligence, and anthropomorphism jointly influence the adoption of AI-powered chatbots for travel planning. Across the literature, perceived usefulness is most often examined with adoption or usage intention as the dependent variable, while limited attention is given to satisfaction, actual usage, and continuance outcomes. The sectors most frequently found in this context are hospitality and tourism, followed by education, with a large proportion of studies conducted in China. In the study by [3], the objective was to pinpoint factors positively influencing the usage intention towards the “Emma” chatbot, a shopping assistant designed to support consumers during the pre-purchase phase of fashion product searches. Perceived usefulness was conceptualized as an extrinsic motivation, while expected performance improvement serves as a source of utilitarian gratification. In their study among German university students, selected for their technological proficiency, the authors found that both authenticity of conversation and perceived usefulness significantly enhance user acceptance of the chatbot. Taken together, the consistent influence of perceived usefulness across industries and countries reinforces its role as a core determinant of consumer adoption and acceptance of chatbot applications, as well as its central role in shaping user attitudes and interactions with chatbot technologies.



Performance expectancy, derived from the UTAUT model, appears in 22 empirical studies, with 21 reporting significant relationships and one reporting a non-significant effect. Adoption and intention of adopting are the most frequently examined dependent variables. A substantial proportion of these studies were conducted in China, and while multiple sectors have been explored, hospitality and tourism remain the most studied context. For instance, Ref. [77] identified performance expectancy as a key determinant of chatbot usage intention. Similarly, Ref. [12] found that performance expectancy, facilitating conditions, and social influence significantly influenced intention of using a coaching chatbot, whereas effort expectancy and perceived risk did not. Finally, Ref. [78] suggested that while performance expectancy is positively related to attitude towards chatbot adoption, chatbot specific characteristics, the perceived intelligence and anthropomorphism of the chatbot might play a more substantial role in driving adoption than performance expectancy alone.





 





Table 8. Example of studies on attributes driving consumer adoption of chatbots.
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	Antecedent
	Dependent Variable
	Number of

Empirical Studies
	Effect

Significance
	Study





	Perceived ease of use; perceived usefulness
	Adoption or acceptance of chatbots
	3
	3
	[3,76,79]



	Perceived ease of use; perceived usefulness
	Acceptance of chatbot (1)
	1
	1 (2)
	[72]



	Perceived ease of use; perceived usefulness
	Intention of reusing chatbot
	2
	2
	[65,80]



	Perceived ease of use; perceived usefulness
	Perceived value of Chatbots
	1
	1
	[81]



	Perceived ease of use
	Initial Chatbot Trust
	1
	1
	[67]



	Perceived ease of use; perceived usefulness
	Satisfaction
	1
	1
	[82]



	Perceived usefulness
	Attitudes towards chatbots
	1
	1
	[83]



	Perceived usefulness
	Customer experience
	1
	1
	[84]



	Perceived ease of use; perceived usefulness
	Intention of using chatbots
	1
	1 (3)
	[85]



	Performance

Expectation
	Continuance intention of using chatbot
	1
	1
	[78]



	Performance

Expectation
	Trust in chatbot
	1
	0 (4)
	[67]



	Performance

Expectation
	Intentions of adopting (use or accept) chatbots
	4
	4
	[12,77,86,87]







1 Learning behavior as an indirect measure of Chatbot acceptance. 2 Only perceived usefulness has significant effect on chatbot acceptance. 3 Only perceived usefulness has significant effect on chatbot acceptance. 4 Non-significant effect.












5.1.3. Anthropomorphic Traits of Chatbots and Chatbots’ Personality


Anthropomorphism is another key factor influencing consumer adoption of chatbots. It is defined as “the attribution of humanlike characteristics, behaviours or mental states to non-human entities such as objects, brands, animals and, more recently, technological devices” [88] (p. 2). Anthropomorphism includes a wide range of traits from physical appearance to mental and emotional characteristics typically associated with humans [2,10,79,80,88]. Prior research distinguishes between two forms of anthropomorphism: conscious anthropomorphism and mindless anthropomorphism [9,89]. Conscious anthropomorphism occurs when consumers deliberately attribute human traits to chatbot applications [89]. For example, when consumers encounter a mobile chatbot application, they readily perceive the human traits of the application and expect the latter to behave just like a human being. In contrast, mindless anthropomorphism refers to unconscious perceptions and implicit expectations regarding how a system should behave [89].



Anthropomorphism has been investigated in 59 empirical studies, with 54 reporting significant relationships and five reporting non-significant effects. Adoption (32 studies) and satisfaction (41 studies) are the most frequently studied dependent variables (please see Table 9). Most studies were conducted in China, followed by India, the United Kingdom, and the United States. Research contexts were primarily non-sector specific (e.g., conversational AI in general) and within the hospitality and tourism sector.



Importantly, the ability of chatbots to demonstrate empathy appears particularly influential, while chatbots lacking empathetic cues risk being perceived as threatening to human identity [88]. Recent research also indicates that well designed anthropomorphic cues greatly enhance consumers’ intention of adopting chatbots [9].



The reviewed studies report several nuanced findings regarding the role of anthropomorphic traits in chatbot adoption. For instance, some evidence suggests that consumers may prefer chatbots that are less interactive [6]. Meanwhile, other studies find that chatbots capable of delivering an abundance of high-quality messages can contribute to consumer adoption even in the absence of appealing anthropomorphic traits [58]. Other studies reported that extroverted chatbot personalities have been associated with higher sales [96], and consumers are more readily to value chatbots that exhibit pleasant, accommodating, or engaging personalities [94]. Additionally, research concludes that consumers prefer interacting with chatbots that emulate personalities similar to their own (e.g., introverted chatbot interacting with introvert users), which enhances engagement [96]. However, anthropomorphism can also have adverse effects. For instance, one study, focusing on ‘creepy’ or ‘creepy-like’ anthropomorphic traits, found that perceived creepiness negatively affects loyalty towards chatbots, both directly and indirectly through trust and negative emotional responses [93]. Chatbots perceived as spooking consumers tend to decrease consumer loyalty [93] and increase privacy concerns, specifically when perceived risks during interactions are salient [45].



While most studies on anthropomorphic traits support their positive influence on chatbot adoption, others suggest that these traits alone are not sufficient to ensure adoption [9,70,93]. Chatbots must be capable of emulating and resembling human beings as much as possible [9,58,84,92]. Recent studies stress the importance of chatbots acting kindly, being pleasant-looking like real human beings, and avoiding anthropomorphic traits that might spook consumers [93,94]. Research also shows that the ability of chatbots, to detect and respond to consumer mood and respond accordingly, is often more effective than responding solely to consumer functional needs. These studies stress empathy as a central driver of consumer adoption of chatbots.




5.1.4. Emotions Regarding Chatbot Adoption


Emotions elicited by chatbots play a critical role in shaping consumer adoption and sustained use. For instance, Ref. [98] have shown that the use of emojis in chatbot communication increases interaction satisfaction by fostering a sense of intimacy. This effect was strongest among consumers with hedonic rather than utilitarian goals, stressing the role of emotional enjoyment in chatbot adoption [98]. Similarly, Ref. [99] investigated hedonic motivation further and found that it is a significant predictor of chatbot adoption among Generation Z, alongside social influence and habit. These findings suggest that consumers adopt chatbots not only for their functional benefits, but also because they are engaging and enjoyable. Emotions have been investigated in 21 empirical studies, with 19 significant relationships and two non-significant relationships. In these studies, adoption, intention of adopting, and satisfaction are the most frequently studied dependent variables. Most studies were realized in China, followed by the United Kingdon and the United-States, and were largely conducted in non-sector-specific contexts.



Prior research distinguishes between positive and negative emotional responses elicited by chatbot interactions [22,100]. For instance, anthropomorphism, perceived warmth, empathetic language, trust, and enjoyment have been shown to enhance satisfaction, engagement, and acceptance of chatbots [100]. Conversely, privacy concerns, unmet expectations, and failures to accurately understand user queries can elicit dissatisfaction and negative emotions, potentially leading to resistance and negative word-of-mouth if left unaddressed [22,24]. Experimental studies conducted in China on intelligent voice assistants further reveal that privacy concerns can generate perceptions of creepiness which, in turn, increase consumer resistance, particularly when chatbots are designed with “servant-like” characteristics [101]. A meta-analysis of 42 studies by [101] has shown that moderate levels of anthropomorphism increase perceived social presence and trust, whereas excessive levels of human-like features evoke consumer fear, reflecting the uncanny valley effect. Completing these findings, a recent qualitative study conducted in the United Kingdom and Qatar, with users of Siri, Google Assistant, and Replika, have shown that some consumers develop emotionally committed relationships with AI chatbots, using them for personal development, companionship, or coping with trauma [102]. Overall, these studies show that emotional responses to chatbots (e.g., intimacy, empathy, and enjoyment) contribute to shaping consumers’ attitudes (e.g., adoption) and sustained usage across contexts. These findings underscore the importance of designing emotionally attuned chatbot interactions that balance human-like qualities with user comfort to sustain long-term adoption.



The chatbot adoption literature is largely dominated by utilitarian constructs (e.g., perceived usefulness, perceived ease of use, and performance expectancy), while affective and emotional dimensions remain comparatively underexplored, an imbalance with important theoretical implications. Although some recent studies incorporate affect-laden constructs, these are generally treated as secondary rather than as central psychological mechanisms shaping attitudes or intentions. Future research should therefore integrate affective processes as core components of pre-adoption and usage models by extending acceptance frameworks with affect-centered perspectives, thereby better reflecting the hybrid utilitarian–affective nature of human–AI interactions and aligning adoption models with users’ emotionally grounded experiences.





5.2. Barriers to Consumer Adoption of Chatbots


Barriers to consumer chatbot adoption encompass factors that hinder consumer willingness to adopt or continue using chatbot applications. These barriers have been examined in 13 empirical studies, all reporting significant effects. Among them, perceived risk emerges as a central barrier to chatbot adoption and has been tested in four studies [45,62,103,104] with consistent negative effects reported across all cases. Perceived risk refers to users’ uncertainty regarding chatbot use due to potential adverse consequences associated with the disclosure of personal information [45,62,104]. For example, Ref. [104] reported that perceived risk reduces customer satisfaction and negatively affects continuance intention. Technological anxiety constitutes another barrier and is examined in four studies [45,63,103,105]. Technological anxiety refers to the fear and discomfort individuals experience when interacting with new technologies [103]. For instance, Ref. [103] investigated the joint effects of perceived risk (time and privacy risk), individual innovation barriers (technological anxiety and openness to experience), and cognitive perceptions (ease of use, usefulness, convenience, and information quality) on attitudes towards continued chatbot use and continuance intention. Their findings indicate that perceived time risk, perceived privacy risk, technological anxiety, and perceived information quality significantly influence attitudes, although only perceived privacy risk directly affects continuance intention.



Evidence regarding the role of technological anxiety is, however, mixed. While Ref. [63] find no significant relationship between technological anxiety and chatbot adoption in the hospitality and tourism sector, Ref. [105] demonstrate that technological anxiety moderates the relationship between chatbot quality dimensions (e.g., understandability, reliability, responsiveness, assurance, and interactivity) and users’ post-use confirmation in online travel agencies. Specifically, higher levels of technological anxiety strengthen the relationship between chatbot quality and confirmation which, in turn, enhances satisfaction and continuance intention.



Additional research links barriers to perceptions of creepiness. For example, Ref. [93] show that usability concerns, privacy concerns, and user characteristics such as technological anxiety and need for human interaction increase perceptions of chatbot creepiness, which subsequently affect negative emotions, trust, and chatbot loyalty (e.g., reuse and recommendation intentions). Regarding privacy concerns, the findings suggest that the effects are context-dependent. In particular, Ref. [93] argue heightened privacy concerns in their study may be explained by the sensitive personal information required during car insurance chatbot interactions. More recently, Ref. [101] find that privacy concerns related to intelligent voice assistants increase perceived creepiness, which in turn mediates consumer resistance.




5.3. Why Findings Differ? Boundary Conditions in Chatbot Adoption


Although several constructs such as perceived usefulness, trust, and anthropomorphism are frequently identified as significant predictors of chatbot adoption, the review also reveals variation in effect size and statistical significance across studies. These differences do not necessarily indicate theoretical inconsistency, but rather reflect boundary conditions shaping chatbot adoption outcomes. Five recurrent patterns emerge. First, industry context matters. In high-risk sectors such as banking and insurance, trust, data protection, and perceived risk play a more central role than anthropomorphic cues. Conversely, in retail and hospitality contexts, anthropomorphism, empathy, and experiential value appear more influential in shaping satisfaction and adoption intentions. In public service settings, perceived usefulness and clarity of information tend to dominate, while hedonic and relational elements are less salient. Second, the chatbot type influences adoption mechanisms. Informational chatbots (e.g., FAQ or knowledge-based bots) rely more heavily on utilitarian constructs such as performance expectancy and information quality. In contrast, transactional chatbots (e.g., booking or financial bots) require higher levels of trust and perceived reliability which can be of the utmost importance within the hospitality sector. Furthermore, voice-based chatbots tend to amplify perceptions of social presence and humanness compared to text-based interfaces, potentially increasing both trust and creepiness effects depending on design. Third, the adoption stage shapes determinant strength. During trial or initial adoption phases, perceived ease of use, compatibility, and initial trust are particularly influential. In contrast, during routine or continuance usage, satisfaction, reliability, emotional engagement, and habit become more salient predictors. Fourth, measurement differences contribute to variation. Studies operationalize constructs such as trust, satisfaction, and anthropomorphism using different scales and conceptualizations (e.g., multidimensional vs. unidimensional trust measures). These operational variations may partially explain inconsistent findings across contexts. Fifth, geographic and regulatory contexts moderate adoption dynamics. Many studies are conducted in China and other Asian markets, where collectivist norms and technology acceptance patterns may differ from Western contexts. Moreover, regulatory environments emphasizing data protection (e.g., stricter privacy regulations) may amplify perceived risk and privacy concerns, thereby attenuating the effects of anthropomorphic or hedonic drivers. Taken together, these boundary conditions suggest that chatbot adoption is contingent upon contextual, technological, and cultural factors. Future theoretical models should therefore incorporate moderators explicitly rather than assuming universal predictor strength across settings.




5.4. Robust and Context-Dependent Drivers of Chatbot Adoption


A distinction emerges between drivers that demonstrate relatively consistent empirical support and those whose effects appear more context-dependent. Core technology acceptance constructs such as perceived usefulness, perceived ease of use, and trust consistently show positive relationships with chatbot adoption across studies and service contexts. These variables appear to represent robust drivers reflecting utilitarian evaluations of chatbot performance and interaction efficiency. However, several socially and affectively oriented construct such as anthropomorphism, social presence, emotional engagement, privacy concerns, and technological anxiety may display more heterogeneous effects. Their influence tends to vary depending on contextual moderators such as service sector, chatbot type (text vs. voice), user characteristics, cultural norms, and regulatory environments. Table 10 below presents a summary table of separating robust drivers from contingent drivers.





6. Discussion and Future Research


This systematic literature review provides a comprehensive overview of research on the adoption and sustained use of chatbots. The study involved a meticulous selection process, resulting in the inclusion of 202 relevant manuscripts. The publications spanned multiple disciplines, including management information systems, marketing, and consumer behavior, and cover a variety of sectors such as tourism, hospitality, and e-commerce. They also draw on a wide range of models and theories, such as TAM, UTAUT, he Social Presence Theory, and the Trust-Commitment Theory.



In the subsequent paragraphs, we will thoroughly discuss several key issues identified in the systematic review findings. This analysis aims to establish a groundwork for future research endeavors focusing on the factors influencing both the adoption and continuous usage of chatbots.



	
The bulk of studies into chatbot adoption by consumers is based on theoretical models such as TAM, UTAUT and, to a lesser extent, U&G models. In contrast, we observe a dearth of research into consumer adoption of chatbots based on theoretical models such as task technology fit (TTF), the theory of reasoned action (TRA), or the consumer acceptance of technology model (CAT). TAM and UTAUT, which dominated the literature, adopt a predominantly utilitarian and cognitive perspective, with a strong emphasis on efficiency, performance, and instrumental value. By contrast, the CAT model acknowledges that consumers adopt technologies in general not only for their functional benefits, but also for their ability to generate emotional engagement, enjoyment, and stimulation. It integrates emotional dimensions such as pleasure and arousal, which capture the valence and intensity of emotional responses. Future research that integrates multiple theories and concurrent models is essential to enrich our understanding of chatbot adoption through complementarity. By jointly considering utilitarian, affective, social, and risk-related perspectives, such integrative approaches can provide a more comprehensive and nuanced understanding of the relative influence of adoption drivers and barriers.



	
The effects of perceived ease of use, usefulness, and, to a lesser extent, anthropomorphism, are generally constant in the reviewee studies. The few non-significant effects reported in the literature could be explained by contextual, temporal, and design-related contingencies. First, the salience of utilitarian predictors such as perceived ease of use and usefulness appears to depend on the stage of interaction. These constructs are more influential at early adoption stages or prior to actual use, whereas their effects often weaken once users gain experience and shift attention towards trust, emotional responses, and privacy concerns. This pattern is evident in studies showing that when perceived privacy risk or technological anxiety is introduced into adoption models, traditional TAM variables become non-significant or having less effect, especially in high-risk or data-intensive service contexts. This indicates the necessity for a nuanced investigation that considers both the timing of chatbot use and the specific characteristics of the study context. On the one hand, emphasis should be placed on factors such as perceived ease of use, perceived usefulness, and perceived convenience, particularly when customers are yet to experience the chatbot service. On the other hand, perceived privacy risk and technological anxiety may assume greater relevance when the use of chatbots involves the sharing of personal information. For instance, in high-stakes or data-sensitive domains (e.g., banking, insurance, healthcare), privacy risk and creepiness become critical, overshadowing ease of use, usefulness and social cues (e.g., anthropomorphic cues). Second, future studies should consider the non-linear effect of anthropomorphic cues. While moderate anthropomorphic cues enhance social presence, trust, and emotional engagement, excessive human-likeness can trigger discomfort and uncanny valley responses, resulting in resistance rather than acceptance. Third, user characteristics (e.g., technology anxiety, need for human interaction, personality traits) further explain variability, as these traits amplify or attenuate responses to both functional and social chatbot features. Taken together, these findings suggest that the mixed or sometimes non-significant effects reported in the literature do not indicate theoretical weakness or inconsistency, but rather underscore the highly-contingent nature of chatbot adoption, which is jointly shaped by interaction timing, sector-specific risk, design intensity, and user heterogeneity. Future research should therefore move beyond testing main effects in isolation and investigate boundary conditions and interaction effects.



	
Despite the recognized importance of emotions in service experiences, relatively few studies have examined consumer emotions in the context of chatbot interactions. Only a limited number of studies investigate how consumers’ emotional experiences with chatbots influence outcomes such as satisfaction and trust [106]. Consequently, chatbots that successfully convey both human-like traits and emotional cues are more likely to be perceived as engaging and effective. Existing evidence further suggests that consumers value not only the quality of information provided, but also the emotional aspects of their interactions with chatbots. Future research should therefore adopt a more integrative perspective by jointly examining utilitarian and hedonic dimensions when investigating chatbot adoption, satisfaction, trust, and continued use. Further studies are needed to explore how hedonic versus utilitarian goals shape emotional enjoyment during chatbot interactions across different consumer segments. Key research questions include whether emotionally expressive chatbots are perceived as more human, how the display of human-like emotions affects satisfaction and adoption, and how emotional mechanisms differ across hedonic and utilitarian service contexts (e.g., entertainment vs. banking). Building on recent qualitative evidence highlighting the emergence of emotional bonds and reliance on conversational AI [105], future research could also examine the sustainability of such relationships and their long-term implications for continued use and dependency. Moreover, comparative studies across sectors are needed to assess how contextual risk and user expectations (e.g., finance, e-government) interact with emotional responses such as trust, empathy, and enjoyment, to shape chatbot adoption and resistance.



	
In the case of service failure, consumers show reluctance to use and trust chatbots. For instance, Ref. [107] report that customers tend to hold persistent beliefs that chatbots lack emotional competence, meaning that apologies and explanations provided after service failures could be generally better received when delivered by human employees rather than by chatbots. These findings raise questions regarding whether strategies, such as design cues, training signals, or transparency mechanisms, could help change consumers’ beliefs about the emotional capabilities of chatbots. If such beliefs can be reshaped, chatbots may become comparably effective to human employees in managing service recovery situations. For training signals, future research could compare two experimental scenarios in which customers are either informed or not that the chatbot has been trained on customer service situations, emotional expressions, or service recovery protocols. This comparison would help assess whether signaling emotional training influences consumer perceptions and responses. Regarding transparency mechanisms, future studies could examine consumer perceptions and beliefs about how chatbots process emotions, detect sentiment, and decide when to transfer an interaction to a human agent. This transparency may reduce skepticism and mitigate negative beliefs about chatbots’ emotional incapacity. Similar research could also investigate the effects of moderate anthropomorphic cues. Cues could involve emotion-sensitive wording, empathetic language (e.g., “I understand how frustrating this situation can be”), adaptive tone (e.g., a chatbot may adopt a reassuring tone when users express anxiety and a friendly tone in a hedonic context), or moderated anthropomorphic features (e.g., warm greetings, acknowledgment of frustration).



	
In the literature related to the role of anthropomorphism in chatbot adoption, increasing attention is directed towards the role of chatbot personality. Anthropomorphic design not only involves visual or linguistic human-likeness, but also the attribution of stable personality traits to chatbots, which influence consumer perceptions, emotional responses, and adoption outcomes. In this regard, personality-based frameworks such as the Big Five personality model could help researchers better comprehend whether chatbots that emulate consumer-like personal traits are more effective in promoting consumer adoption, engagement, and satisfaction. For instance, [92] specifically examine the role of extroversion and demonstrate that an extroverted chatbot is better suited for interaction with extroverted users, while introverted users respond more favorably to less outgoing chatbot personalities. However, existing research remains largely limited, and a more comprehensive investigation of personality dimensions using the Big Five model is warranted. Future research could explore whether chatbot personalities can be strategically tailored through linguistic style, tone, and response patterns to better align with consumer personality profiles. Such personalization could be particularly beneficial in emotionally-charged or high-stress contexts (e.g., service disruptions and prolonged travel), where consumers are more vulnerable to negative emotions, emotional strain, and anxiety, increasing the likelihood of service interaction failures. Therefore, future studies can move beyond studying generic human-likeness to provide a more nuanced understanding of how specific human-like traits influence emotional responses, emotional engagement, trust, satisfaction, and continuance use of chatbots.



	
Regarding methodological issues, the systematic review highlights a predominant reliance on quantitative studies. In Section 4, we have reported that many issues, such as an overreliance on recruiting study participants through an online platform (e.g., MTurk), may pose potential challenges to the external validity of data, as it draws from a sizable pool of candidates [108]. Indeed, a significant portion of the selected studies relies on student, convenience, or snowball samples, potentially introducing scientific bias due to participants reaching out to individuals they are familiar with. We encourage scholars to undertake more qualitative research, as it holds the potential to offer a deeper understanding of this phenomenon and contribute to the development of novel theories or the expansion of existing ones in the realm of chatbot adoption. Our systematic review also points out a dearth of longitudinal studies on the phenomenon. Longitudinal designs would be particularly valuable for capturing how utilitarian, affective, social, and risk-related drivers evolve over time and across interaction stages. Lastly, most studies are confined to specific countries, introducing potential biases. To mitigate these biases, researchers are encouraged to conduct multi-country and multi-sector studies, thereby enhancing the external validity of their research.



	
Another important methodological observation concerns the geographic concentration and sampling approaches used in the empirical literature. As reported earlier in Section 4, a significant proportion of studies rely on convenience samples and are conducted in a relatively small number of countries, particularly China, the United States, India, and the United Kingdom. While these contexts provide valuable insights into chatbot adoption, this concentration may influence the generalizability of certain findings. Constructs such as trust, anthropomorphism, privacy concerns, and technological anxiety are likely to be sensitive to cultural norms, institutional environments, and regulatory frameworks. For instance, perceptions of privacy risk and data protection may differ significantly between regions with strong regulatory regimes and those with more permissive data practices, while anthropomorphic design cues may be interpreted differently depending on cultural attitudes toward human–AI interaction. Therefore, the strength and direction of these relationships may vary across cultural contexts. Future research should thus expand empirical investigations to a broader range of geographic regions and employ cross-cultural comparative designs to better assess the robustness of these mechanisms across institutional and cultural environments.







7. Study Limitations


This research has three limitations. First, to select the relevant articles for this systematic review, we initially excluded scientific articles and works primarily related to the field of information technology. Our focus was then narrowed to scientific papers published in peer-reviewed journals, including conceptual articles, literature reviews, and empirical studies (both quantitative and qualitative). Papers selected for inclusion needed to specifically address factors explaining the adoption or non-adoption of chatbots.



Secondly, it is essential to acknowledge that the search terms employed, and the screening process used, may not have captured all potentially relevant studies concerning chatbot adoption. By choosing to focus our research on the three prominent electronic databases, ABI/Inform Global, Business Source Premier, and Web of Science, there is a possibility that some relevant articles were inadvertently and unintentionally overlooked. Despite this limitation, our confidence in the thoroughness of reference checks and meticulous overall procedures assures us that we have compiled a representative set of articles. This approach adopted in this study decreases the likelihood that any omitted articles would substantially impact the findings presented in this study.



Thirdly, we concentrated exclusively on the technological and psychological factors influencing consumer adoption of chatbots. Subsequent reviews could explore additional non-technological and non-psychological drivers of chatbot adoption.




8. Conclusions


Research on consumer adoption of chatbots has experienced significant growth in recent years. This study is timely as it offers a comprehensive review and analysis of the current landscape in chatbot adoption research, with valuable implications for researchers. Our primary focus is a systematic review and synthesis of the literature on factors influencing chatbot adoption. We conducted an analysis of chatbot research from January 2015 to December 2025. Addressing RQ1, which describes publication trends, including relevant journals and highly-cited papers, our review quantifies key indicators across the literature. The results show a strong year-on-year growth in chatbot adoption research, highlighting notable publications, addressing timely and relevant issues, frequently cited in the literature. Addressing RQ2, which analyzes the methodological approaches and theoretical models used in the field, empirical studies significantly dominate, whereas the hospitality and the tourism sector emerges as the most extensively studied, followed by the e-commerce sector. Most studies used cross-sectional designs, and about half of the samples included at least 200 participants. Most of the studies were conducted in China (n = 35) and the United States (n = 20). The predominant methods of analysis are linear regressions and structural equation modelling. Regarding the theoretical models, our findings reveal that conventional adoption models, such as TAM and UTAUT, are widely employed. While these models provide valuable insights into initial technological acceptance by consumers, our analysis underscores their limitations in sustaining adoption and prolonged usage over time. Our research also shows that despite a strong interest towards emotions stemming from chatbots and how they can lead to their adoption, there is still major interest in technology-based models.



Addressing RQ3, which investigates the drivers and barriers to consumers’ adoption of chatbots, our study shows that perceived usefulness, perceived ease of use, anthropomorphic characteristics, consumer trust in chatbot applications, and the ability of chatbots to emulate a human-like personality are key drivers of chatbot adoption, whereas perceived risks and anxiety associated with chatbot uses are the most studied barriers. Addressing RQ4, which outlines directions for future research, the study recommends integrating complementary theoretical perspectives, further exploring emotions and personality-based mechanisms, expanding research across diverse demographics and sectors, and employing richer qualitative and cross-cultural methods to deepen the understanding of chatbot adoption.



From a practical standpoint, this study categorizes the factors influencing chatbot adoption into distinct categories, providing valuable insights for marketers to understand their relative significance. Marketers can leverage this understanding to tailor strategies and approaches, addressing specific factors that drive or hinder chatbot adoption. Indeed, aligning chatbot features, such as anthropomorphic characteristics and personality traits, more closely with consumer needs and preferences, marketers can deliver an improved user experience with chatbot applications. This will lead to increased adoption reuse of chatbot applications and an effective engagement among users. More precisely, marketing professionals need to consider trust and engagement. For example, adding human-like traits (e.g., writing names, humor, and empathy) can enhance trust and engagement from the consumer end. Thus, marketers could test levels of human-likeness to find the appropriate spot for their target consumer audience. In addition, marketing professionals should consider chatbots to tailor recommendations, promotions, and support to specific consumers. Research has shown that transparency from the chatbot’s end is critical to establish trust with users. Thus, taking this into consideration, marketing professionals should make sure that chatbots clearly disclose their identity to consumers so that consumers know full well they are interacting with an artificial intelligence chatbot. Also, marketing professionals should be careful to position the chatbot as an assistant rather than a human being. This may help prevent consumer distrust towards chatbots. It is also important that consumers trust the AI chatbot as a legitimate extension of the brand. Indeed, research indicates that the chatbot’s communication style should closely align with the brand’s tone, for example, using a professional tone within the banking and finance industry, or adopting a more playful style for a lifestyle brands. Since recovery experiences strongly influence customer satisfaction, marketers should design escalation protocols to prevent customer frustration. From an ethical perspective, since customers are increasingly wary of data misuse, marketers should ensure that chatbot data collection is communicated transparently. In addition, careful training of chatbot AI is necessary to avoid biased or offensive responses that could damage brand reputation. Finally, inclusive design may increase acceptance across diverse audiences.
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Appendix A. Review of Prior Reviews of Chatbots and Distinct Contribution of the Present Study




	Study
	Scope
	Time Window
	Method
	Unique Contribution of Prior Study
	How Our Study Differs in Terms of Research Objectives and Contributions



	[109]
	Marketing chatbots
	2000–2019
	SLR (n = 53)
	Morphological taxonomy (264 variants)
	Adds effect-direction coding (±/mixed). Our study integrates drivers and barriers, cross-industry moderation (retail/banking/health/public), evaluates construct redundancy.



	[35]
	Human–chatbot interaction
	2010–2020
	SLR (n = 83)
	Experiential synthesis over a decade
	Our study unifies cognitive and affective and technology and context drivers, codes statistical consistency. It also compares sectors rather than HCI-only focus.



	[110]
	Tourism evolution
	2016–2020
	SLR (n = 27)
	Tourism-focused implementation taxonomy
	Our study moves from technical taxonomy to empirically validated psychological determinants. It also conducts a multi-sector comparison.



	[36]
	Chatbots & loyalty
	2015–2021
	SLR (n = 41)
	Loyalty linkage model
	Our study builds full antecedent → mediator → outcome chain. It also tests industry/modality boundary effects.



	[111]
	Adoption mapping
	2000–2023
	SLR (n = 219)
	Large-scale theoretical mapping
	Our study codes statistical direction & contradictions. It assesses measurement heterogeneity and evaluates construct overlap.



	[112]
	AI chatbot adoption
	2017–2024
	SLR (n = 61)
	Conceptual AI adoption framework
	Our study integrates barriers and outcomes, compares AI vs. rule-based bots and identifies sectoral moderators.



	[90]
	Drivers & barriers
	2010–2024
	SLR (n = 84)
	Determinant integration
	Our study links determinants to specific behavioral outcomes. It also contrasts regulated industries vs. non-regulated industries.



	[41]
	Higher education chatbots
	2019–2023
	SLR (n = 40)
	Education-focused synthesis
	Our study extends beyond education and enables cross-sector boundary testing.



	[42]
	AI in higher education
	2022–2024
	SLR (n = 37)
	Activity-theory model
	Our study integrates TAM/UTAUT/SOR/TPB simultaneously and it tests robustness across industries.



	[113]
	Hospitality
	2019–2023
	SLR (n = 48)
	Hospitality implementation roadmap
	Our study compares hospitality vs. retail/banking/health; identifies contextual boundary conditions.



	[114]
	Healthcare
	2010–2024
	SLR (n = 84)
	Healthcare research agenda
	Our study compares healthcare to other industries. Our study identifies cross-sector invariants vs. healthcare-specific moderators (regulatory intensity).



	[85]
	TAM validation
	2008–2022
	Meta-analysis (n = 70)
	Quantitative SEM validation of TAM
	Our study extends beyond TAM-only, integrates affective, technological, contextual inhibitors and industry moderation.



	[104]
	Adoption intention
	2000–2023
	Meta-analysis (n = 54)
	Moderator reconciliation
	Our study moves beyond intention. It also integrates loyalty, satisfaction, resistance constructs.



	[115]
	Trust
	2005–2024
	Meta-analysis (n = 54)
	Trust-centered synthesis
	Our study situates trust within multi-driver ecosystem. It also tests interaction with usefulness/privacy.



	[40]
	Anthropomorphism
	2010–2024
	Meta-analytic SEM (n = 32)
	SOR pathway validation
	Our study positions anthropomorphism alongside usefulness/risk/privacy, cross-industry strength comparison.



	[28]
	Startup theories
	2020–2024
	Narrative Review
	Startup theoretical mapping
	Our study provides empirical cross-sector validation beyond theory classification.



	[116]
	Customer experience
	2019–2022
	Narrative Review
	Marketing-focused CE synthesis
	Our study integrates CE with determinants, inhibitors, effect-direction coding and provides beyond marketing-only samples.







Appendix B. Database-Specific Search Strings




 














	Database
	Fields Searched
	Database-Specific Search Syntax



	ABI/Inform Global (ProQuest)
	Title (TI)

Abstract (AB)

Keywords (KW)
	TI, AB, KW ((“chatbot” OR “chat bot” OR “virtual assistant” OR “chatterbot” OR

“conversational agent” OR “natural language interface” OR “talkbot” OR “talk bot” OR “ai assistant” OR “artificial intelligence assistant” OR “automated assistant” OR “intelligent assistant” OR “intelligent virtual agent” OR “ai-powered Assistant” OR “automated conversational system” OR “conversational ai” OR “service chatbot” OR “customer service chatbot” OR “intelligent agent” OR “digital assistant” OR “voice assistant” OR “embodied conversational agent” OR “ECA” OR “dialogue system”) AND (“consumer” OR “user” OR “customer” OR “experience” OR “attitude” OR “emotion” OR “interaction” OR “conversation” OR “acceptation” OR “adoption” OR “technology adoption” OR “use intention” OR “behavioral intention” OR “continuance intention” OR “post-adoption” OR “continued use” OR “customer satisfaction” OR “user engagement” OR “customer engagement” OR “service experience”) AND (“theory of planned behavior” OR “TPB” OR “TAM” OR “technology acceptance model” OR “TTF” OR “task technology fit” OR “UTAUT” OR “theory of acceptance and usage of technology” OR “ITM” OR “initial trust model” OR “ELM” OR “elaboration likelihood model” OR “TRA” OR “theory of reasoned action” OR “IDT” OR “innovation diffusion theory” OR “SOR” OR “stimulus organism-response” OR “expectation-confirmation model” OR “anthropomorphism” OR “theory-of-mind” OR “U&G Model” OR “users and gratification model” OR “trust-commitment theory” OR “consumer acceptance model” OR “diffusion of Innovation theory” OR “technology readiness” OR “emotion” OR “emotional response” OR “affect” OR “affective response” OR “social presence” OR “perceived warmth” OR “perceived intelligence” OR “humor” OR “perceived humor” OR “empathy” OR “perceived empathy” OR “anthropomorphism” OR “human-likeness” OR “humanlike” OR “mind perception” OR “uncanny valley” OR “parasocial interaction” OR “symbolic interaction” OR “emotional attachment” OR “relational warmth”)



	Business Source Premier (EBSCOhost)
	Title (TI)

Abstract (AB)

Subject Terms (SU)
	(TI OR AB OR SU) (“chatbot” OR “chat bot” OR “virtual assistant” OR “chatterbot” OR “conversational agent” OR “natural language interface” OR “talkbot” OR “talk bot” OR “ai assistant” OR “artificial intelligence assistant” OR “automated assistant” OR “intelligent assistant” OR “intelligent virtual agent” OR “ai-powered assistant” OR “automated conversational System” OR “conversational ai” OR “service chatbot” OR “customer service chatbot” OR “intelligent agent” OR “digital assistant” OR “voice assistant” OR “embodied conversational agent” OR “eca” OR “dialogue system”) AND (“consumer” OR “user” OR “customer” OR “experience” OR “attitude” OR “emotion” OR “interaction” OR “conversation” OR “acceptation” OR “adoption” OR “technology adoption” OR “use intention” OR “behavioral intention” OR “continuance intention” OR “post-adoption” OR “continued use” OR “customer satisfaction” OR “user engagement” OR “customer engagement” OR “service experience”) AND (“theory of planned behavior” OR “TPB” OR “TAM” OR “technology acceptance model” OR “TTF” OR “task technology fit” OR “UTAUT” OR “theory of acceptance and usage of technology” OR “ITM” OR “initial trust model” OR “ELM” OR “elaboration likelihood model” OR “TRA” OR “theory of reasoned action” OR “IDT” OR “innovation diffusion theory” OR “SOR” OR “stimulus organism-response” OR “expectation-confirmation model” OR “anthropomorphism” OR “theory-of-mind” OR “U&G model” OR “users and gratification model” OR “trust-commitment theory” OR “consumer acceptance model” OR “diffusion of innovation theory” OR “technology readiness” OR “emotion” OR “emotional response” OR “affect” OR “affective response” OR “social presence” OR “perceived warmth” OR “perceived intelligence” OR “humor” OR “perceived humor” OR “empathy” OR “perceived empathy” OR “anthropomorphism” OR “human-likeness” OR “humanlike” OR “mind perception” OR “uncanny valley” OR “parasocial interaction” OR “symbolic interaction” OR “emotional attachment” OR “relational warmth”))



	Web of Science Core Collection
	Topic (TS)
	TS = (“chatbot” OR “chat bot” OR “virtual assistant” OR “chatterbot” OR “conversational agent” OR “natural language interface” OR “talkbot” OR “talk bot” OR “ai assistant” OR “artificial intelligence assistant” OR “automated assistant” OR “intelligent assistant” OR “intelligent virtual agent” OR “ai-powered assistant” OR “automated conversational system” OR “conversational ai” OR “service chatbot” OR “customer service chatbot” OR “intelligent agent” OR “digital assistant” OR “voice assistant” OR “embodied conversational agent” OR “ECA” OR “dialogue system”) AND (“consumer” OR “user” OR “customer” OR “experience” OR “attitude” OR “emotion” OR “interaction” OR “conversation” OR “acceptation” OR “adoption” OR “technology adoption” OR “use intention” OR “behavioral intention” OR “continuance intention” OR “post-adoption” OR “continued use” OR “customer satisfaction” OR “user engagement” OR “customer engagement” OR “service experience”) AND (“theory of planned behavior” OR “TPB” OR “TAM” OR “technology acceptance model” OR “TTF” OR “task technology fit” OR “UTAUT” OR “theory of acceptance and usage of technology” OR “ITM” OR “initial trust model” OR “ELM” OR “elaboration likelihood model” OR “TRA” OR “theory of reasoned action” OR “IDT” OR “innovation diffusion theory” OR “SOR” OR “stimulus organism-response” OR “expectation-confirmation model” OR “anthropomorphism” OR “theory-of-mind” OR “U&G Model” OR “users and gratification model” OR “trust-commitment theory” OR “consumer acceptance model” OR “diffusion of Innovation theory” OR “technology readiness” OR “emotion” OR “emotional response” OR “affect” OR “affective response” OR “social presence” OR “perceived warmth” OR “perceived intelligence” OR “humor” OR “perceived humor” OR “empathy” OR “perceived empathy” OR “anthropomorphism” OR “human-likeness” OR “humanlike” OR “mind perception” OR “uncanny valley” OR “parasocial interaction” OR “symbolic interaction” OR “emotional attachment” OR “relational warmth”))







Note: In all databases, filters were applied for peer-reviewed journal articles, English language, and publication period January 2015–December 2025.












Appendix C. Data Extraction Template and Coding Definitions




	Field
	Definition and Coding Rule



	Author(s)
	Full list of authors as reported in the published article.



	Publication Year
	Year of publication of the article. Articles in press were coded using the year indicated by the journal.



	Journal
	Journal in which the article was published.



	Study Type
	Coded as quantitative, qualitative, mixed methods, systematic review, or meta-analysis, based on the primary methodology used.



	Theoretical Framework(s)
	All explicitly stated theories or models used to explain chatbot adoption. Multiple theories were coded when applicable.



	Key Variables/Constructs
	Independent, mediating, moderating, and dependent variables examined in relation to chatbot adoption or usage.



	Drivers of Adoption
	Factors empirically found to have a positive and statistically significant effect on chatbot adoption, usage intention, continuance intention, satisfaction, or acceptance.



	Barriers to Adoption
	Factors empirically found to have a negative and statistically significant effect on chatbot adoption or continued use.



	Industry/Sector
	Primary industry context studied (e.g., hospitality, banking, e-commerce, healthcare). Studies examining multiple industries (more than one) were coded as multi-sector.



	Chatbot Type
	Coded as task-oriented, service-oriented, social/relational, or mixed, based on the chatbot’s primary function.



	Geographic Context
	Country or countries in which the empirical data were collected. Multi-country studies were coded separately.



	Sample Characteristics
	Sample size and participant type (e.g., consumers, students, customers, managers).



	Analytical Method
	Main analytical technique used (e.g., SEM, regression, ANOVA, thematic analysis).



	Key Findings
	Main findings related to chatbot adoption drivers and/or barriers.







Appendix D. Drivers and Barriers to Chatbot Adoption


This appendix summarizes the drivers and barriers identified across the 202 reviewed studies. Letters indicate effects consistency: A. Consistently Positive. B. Mostly Positive/Mixed. C. Significantly Negative.





	Category
	Construct
	Freq.
	Stat.
	Main Outcomes
	Country Concentration
	Industry Context
	Chatbot Type



	Utilitarian
	Perceived Usefulness
	39
	A
	Adoption, continuance
	China, Germany, UK
	Hospitality, Retail, Education
	Transactional & Informational (Text)



	Utilitarian
	Perceived Ease of Use
	32
	B
	Adoption, trust
	China, India, Korea, UK
	Hospitality, E-commerce
	Text-based



	Utilitarian
	Performance Expectancy
	22
	A
	Adoption
	China, India, Korea, UK
	Education, Banking
	Transactional



	Utilitarian
	Effort Expectancy
	18
	B
	Adoption intention
	China, UK
	Education, Retail
	Transactional



	Utilitarian
	Facilitating Conditions
	9
	B
	Continuance
	India, China, UK
	Education
	Transactional



	Utilitarian
	Compatibility
	6
	A
	Initial trust
	China
	Retail
	Transactional



	Utilitarian
	Information Quality
	11
	A
	Satisfaction
	China
	Finance, E-commerce
	Informational



	Utilitarian
	System Quality
	7
	A
	Adoption
	Multi-country
	Service sectors
	Transactional



	Utilitarian
	Service Quality
	8
	A
	Experience
	China
	Hospitality
	Service bots



	Utilitarian
	Convenience
	5
	A
	Trust
	China
	Online retail
	Informational



	Utilitarian
	Response Accuracy
	6
	A
	Trust
	China
	Banking
	Transactional



	Utilitarian
	Perceived Intelligence
	10
	B
	Adoption
	China, US
	Retail
	AI-powered



	Utilitarian
	Perceived Competence
	6
	A
	Trust
	China
	Service sectors
	Transactional



	Utilitarian
	Task–Technology Fit
	4
	A
	Adoption intention
	China
	Education
	Transactional



	Utilitarian
	Perceived Value
	5
	A
	Adoption
	Multi-country
	Mixed sectors
	Transactional



	Trust-Based
	Trust (overall)
	13
	A
	Adoption, loyalty
	China, UK
	Banking, Insurance
	Transactional



	Trust-Based
	Initial Trust
	6
	A
	Adoption
	China
	Retail
	Transactional



	Trust-Based
	Trust in Data Protection
	4
	A
	Adoption
	EU, China
	Banking, Public services
	Data-intensive



	Trust-Based
	Trust in Functionality
	3
	A
	Usage
	China
	Finance
	Transactional



	Trust-Based
	Credibility
	4
	A
	Trust
	China
	Banking
	Transactional



	Social
	Anthropomorphism
	59
	B
	Adoption, satisfaction
	China, US, UK
	Hospitality, Retail
	Text & Voice; Social bots



	Social
	Human-likeness
	14
	B
	Adoption
	China
	Retail
	Voice-based higher



	Social
	Empathy
	8
	A
	Engagement
	UK, China
	Hospitality
	Service & Social bots



	Social
	Social Presence
	11
	A
	Trust
	China, US
	Service sectors
	Voice-based



	Social
	Avatar Presence
	6
	B
	Adoption
	China
	Retail
	Visual bots



	Social
	Chatbot Personality
	7
	A
	Adoption
	US, China
	Retail
	Social bots



	Social
	Personality Congruence
	4
	A
	Engagement
	China
	Retail
	Social bots



	Social
	Mind Perception
	5
	A
	Closeness
	China
	Mixed sectors
	Anthropomorphic bots



	Social
	Parasocial Interaction
	3
	A
	Attachment
	UK, Qatar
	Social bots
	Companion bots



	Social
	Perceived Warmth
	5
	A
	Trust
	China
	Hospitality
	Service bots



	Affective
	Enjoyment
	9
	B
	Continuance
	China, India
	Hospitality
	Conversational bots



	Affective
	Hedonic Motivation
	8
	A
	Adoption
	China (Gen Z)
	Retail, Education
	Conversational



	Affective
	Emotional Attachment
	4
	A
	Continuance
	UK
	Social bots
	Companion bots



	Affective
	Intimacy (Emojis)
	3
	A
	Satisfaction
	China
	Retail
	Text-based



	Affective
	Engagement
	6
	A
	Adoption
	China
	Retail
	Interactive bots



	Affective
	Experiential Value
	4
	A
	Experience
	China
	Hospitality
	Service bots



	Barrier
	Perceived Risk
	4
	C
	Adoption
	India, China
	Banking, Insurance
	Transactional



	Barrier
	Privacy Concerns
	6
	C
	Adoption
	EU, US
	Banking, Public
	Voice/Data bots



	Barrier
	Technological Anxiety
	4
	C
	Continuance
	India
	Mixed sectors
	AI-powered



	Barrier
	Creepiness
	3
	C
	Trust
	China
	Retail
	Highly anthropomorphic



	Barrier
	Uncanny Valley
	2
	C
	Adoption
	China
	Retail
	Voice-based



	Barrier
	Perceived Time Risk
	2
	C
	Continuance
	India
	Service
	Transactional



	Barrier
	Perceived Sacrifice
	2
	B
	Experience
	China
	E-commerce
	Transactional



	Barrier
	AI Skepticism
	2
	C
	Adoption
	US
	Public services
	AI bots



	Barrier
	Low Technology
	2
	C
	Adoption
	India
	Mixed
	AI-powered
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Figure 1. PRISMA-based model of the article selection process. PRISMA, Preferred Reporting Items for Systematic reviews and Meta-Analyses. 
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Figure 2. Evolution of number of publications from 2015 to 2025. 
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Figure 3. Methods of selected manuscripts. 
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Figure 4. Example of Study Sectors. 
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Figure 5. Methods of data analysis (empirical studies). 
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Table 1. Search string.
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	Categories
	Keywords





	Category 1:
	(“chatbot” OR “chat bot” OR “virtual assistant” OR “chatterbot” OR “conversational agent” OR “natural language interface” OR “talkbot” OR “talk bot” OR “AI assistant” OR “artificial intelligence assistant” OR “automated assistant” OR “intelligent assistant” OR “intelligent virtual agent” OR “AI-powered assistant” OR “automated conversational system” OR “conversational AI” OR “service chatbot” OR “customer service chatbot” OR “intelligent agent” OR “digital assistant” OR “voice assistant” OR “embodied conversational agent” OR “ECA” OR “dialogue system”)



	Category 2:

Consumer and psychology
	(“consumer” OR “user” OR “customer” OR “experience” OR “attitude” OR “emotion” OR “interaction” OR “conversation” OR “acceptation” OR “adoption” OR “technology adoption” OR “use intention” OR “behavioral intention” OR “continuance intention” OR “post-adoption” OR “continued use” OR “customer satisfaction” OR “user engagement” OR “customer engagement” OR “service experience”)



	Category 3:

Consumer behavior and technology adoption theories
	(“theory of planned behavior” OR “TPB” OR “TAM” OR “technology acceptance model” OR “TTF” OR “task technology fit” OR “UTAUT” OR “theory of acceptance and usage of technology” OR “ITM” OR “initial trust model” OR “ELM” OR “elaboration likelihood model” OR “TRA” OR “theory of reasoned action” OR “IDT” OR “innovation diffusion theory” OR “SOR” OR “stimulus organism-response” OR “expectation-confirmation model” OR “anthropomorphism” OR “theory-of-mind” OR “U&G model” OR “users and gratification model” OR “trust-commitment theory” OR “consumer acceptance model” OR “diffusion of innovation theory” OR “technology readiness” OR “emotion” OR “emotional response” OR “affect” OR “affective response” OR “social presence” OR “perceived warmth” OR “perceived intelligence” OR “humor” OR “perceived humor” OR “empathy” OR “perceived empathy” OR “anthropomorphism” OR “human-likeness” OR “humanlike” OR “mind perception” OR “uncanny valley” OR “parasocial interaction” OR “symbolic interaction” OR “emotional attachment” OR “relational warmth”)










 





Table 2. List of the journals featuring two or more articles on Chatbot adoption.
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	Journals
	Frequency
	Impact Factor (2025)
	Subject Area





	International Journal of Human–Computer Interaction
	21
	4.7
	Management Information System



	Computers in Human Behavior
	13
	9.9
	Management Information System



	Journal of Theoretical and Applied Electronic Commerce Research
	11
	4.6
	Management Information System



	Journal of Business Research
	6
	11.3
	Marketing



	Journal of Retailing and Consumer Services
	5
	10.4
	Marketing



	Education and Information Technologies
	4
	5.4
	Information Technology



	European Journal of Marketing
	3
	5.2
	Marketing



	Journal of Service Management
	3
	11.8
	Management



	Electronic Markets
	2
	8.5
	Management Information System



	International Journal of Bank Marketing
	2
	6.7
	Marketing



	Psychology and Marketing
	2
	4.9
	Marketing



	Other journals
	54
	
	Many Subjects Areas










 





Table 3. Top 10 most-cited articles.
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	Rank
	Study
	Journal

(Impact Factor)
	ABI/Inform Global, Business Source Premier, and Web of Science (Citations)
	Type of Study
	Keywords





	1.
	[54]
	Electronic Markets

(8.5)
	1723
	Quantitative
	Artificial intelligence, chatbot, anthropomorphism, social presence, compliance, customer service



	2.
	[1]
	Marketing Science

(5.4)
	1637
	Quantitative
	Artificial intelligence, chatbot, conversational commerce, new technology



	3.
	[55]
	Computers in Human Behavior (9.9)
	1571
	Quantitative
	Disembodied conversational agents, chatbots, service encounters, social presence, anthropomorphism



	4.
	[56]
	Journal of Business Research

(11.3)
	1382
	Quantitative
	Chatbot, communication, digital marketing, luxury brand, service agents



	5.
	[57]
	Computers in Human Behavior (9.9)
	1371
	Quantitative
	CMC, instant messaging, IM chatbot, cleverbot



	6.
	[58]
	Computers in Human Behavior (9.9)
	1259
	Quantitative
	Online chat agents, message interactivity, identity cue, anthropomorphic visual cue, compensation effect



	7.
	[7]
	Digital Health

(4.7)
	941
	Qualitative
	Acceptability, AI, artificial intelligence, bot, chatbot



	8.
	[4]
	Future Generation Computer Systems (7.3)
	935
	Quantitative
	Human–computer interactions, chatbots, affective computing, psychophysiology



	9.
	[59]
	Computers in Human Behavior (9.9)
	623
	Quantitative
	CMC, interest, novelty effect, education, technology



	10.
	[60]
	Computers in Human Behavior (9.9)
	491
	Quantitative
	Human–machine communication, computers are social actors’ paradigm, cognitive-affective processing system, artificial intelligence, chatbot










 





Table 4. Quantitative Study Samples.
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	Sample Sizes
	Number





	[0 to 150]
	32



	[151 to 300]
	57



	[301 to 500]
	49



	[501 to 800]
	35



	[801 to 1000]
	4










 





Table 5. Qualitative Study Samples.
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	Sample Sizes
	Number





	[0 to 20]
	10



	[21 to 40]
	11



	[41 to 60]
	4



	[61 to 100]
	2



	[101 to 200]
	1










 





Table 6. Distribution by country.
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	Country
	Frequency
	Country
	Frequency
	Country
	Frequency





	China
	35
	Italy
	5
	Norway
	2



	Multi-Countries
	25
	Saudi Arabia
	4
	Lebanon
	2



	USA
	20
	Australia
	4
	Germany
	2



	India
	18
	Portugal
	4
	Thailand
	2



	UK
	13
	Spain
	3
	Vietnam
	2



	Korea
	10
	Croatia
	3
	Turkey
	2



	Holland
	9
	Sri Lanka
	3
	Pakistan
	2



	Malaysia
	6
	Canada
	3
	Singapore
	2










 





Table 7. Frequency of use of different theoretical models.
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	Theories
	Frequencies
	Theories
	Frequencies





	Anthropomorphism
	59
	Social Exchange Theory
	1



	Technology-acceptance Model (TAM)
	49
	sRAM
	1



	Unified theory of acceptance and use of technology (including META-UTAUT and UTAUT2)
	26
	Social Representation Theory
	1



	Social-presence theory
	11
	Social Penetration Theory
	1



	Expectation-confirmation Model
	7
	Social Impact Theory
	1



	SOR
	7
	Similarity attraction theory
	1



	CASA
	6
	Human–Machine Communication Theory
	1



	U&G Model
	4
	UX honeycomb model
	1



	Information Systems Success Model (ISS)
	3
	Theory of Mind
	1



	AIDUA
	3
	HVL Model
	1



	Language-based models
	3
	Expectancy Violation Theory
	1



	Trust-commitment Theory
	3
	Theory of Perceived Value
	1



	SERVQUAL
	3
	Elaboration-Likelihood Model
	1



	Consumer-acceptance Model
	2
	Elaboration-Likelihood Model
	1



	Diffusion of Innovation Theory (DOI)
	2
	SEEK Model
	1



	Human–Computer Interaction
	2
	Task-fit Technology
	1



	Affordance Theory
	2
	
	



	Human–Computer Interaction
	2
	Attachment Theory
	1



	Trust Theory
	2
	Behavioral Reasoning Theory
	1



	Heuristic Systematic Model
	2
	Technology Affordance Constraints Theory
	1



	ICT Adoption Framework
	1
	Customer Experience Theory
	1



	Cognitive Load Theory
	1
	Trust-Risk Dual Pathway
	1



	Social Identity Theory
	1
	Self-determination Theory
	1



	Dual Factor Theory
	1
	Social Cognition Theory
	1



	Customer Experience Theory
	1
	Decomposed Theory of Planned

Behavior
	1



	Stimulus-Organism-Response (SOR)
	1
	Stress Coping Theory
	1



	Theory of Planned Behavior
	1
	Parasocial Relationship Theory
	1










 





Table 9. Example of studies for the Anthropomorphism perspective.
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Antecedent

	
Dependent Variable

	
Number of

Empirical Studies

	
Effects

Significance

	
Study






	
Perceived anthropomorphic cues and perceived empathy of chatbot

	
Acceptance towards chatbot

	
1

	
1

	
[88]




	
Anthropomorphic cues

	
N/A (2)

	
Review paper

	
[90]




	
Anthropomorphic cues (mind perception)

	
Intention of using chatbot (via closeness)

	
1

	
1

	
[91]




	
Anthropomorphic cues

	
Satisfaction with chatbot

	
1

	
0 (NS) (1)

	
[70]




	
Anthropomorphic cues

	
Intention of using chatbot

	
1

	
0 (NS) (1)

	
[9]




	
Anthropomorphic cues

	
Compliance with chatbot request

	
1

	
1

	
[54]




	
Social Presence

	
Perceived humanness

	
1

	
1

	
[89]




	
Anthropomorphic cues and perceived enjoyment

	
Acceptance towards chatbot

	
1

	
1

	
[32]




	
Anthropomorphic cues

	
Chatbot adoption intention

	
1

	
1

	
[6]




	
Visual Anthropomorphic Cues

	
Chatbot adoption intention

	
1

	
1

	
[58]




	
Chatbot Personality (tailored to consumer’s personality)

	
Chatbot adoption

	
1

	
1

	
[92]




	
Anthropomorphic cues

	
Trust in chatbots

	
1

	
1

	
[71]




	
Anthropomorphic creepiness-like traits

	
Loyalty to chatbots

	
1

	
1

	
[93]




	
Anthropomorphic creepiness-like traits and perceived technological risk

	
Privacy concerns when interacting with chatbot

	
1

	
1

	
[45]




	
Anthropomorphic cues and social presence

	
Customer experience with chatbot

	
1

	
1

	
[84]




	
Anthropomorphic-like traits that emulate a friendly personality

	
Acceptance towards chatbots

	
1

	
1

	
[94]




	
Anthropomorphic cues

	
Acceptance towards chatbots

	
1

	
1

	
[76]




	
Anthropomorphic cues

	
Chatbot usage intention

	
1

	
1

	
[77]




	
Anthropomorphic cues

	
Emotional connection towards the company

	
1

	
1

	
[55]




	
Anthropomorphic cues

	
Chatbot adoption

	
1

	
1

	
[95]




	
Anthropomorphic cues

	
Chatbot continuation intention

	
1

	
1

	
[78]




	
Anthropomorphic cues

	
Acceptance towards chatbot’s message

	
1

	
1

	
[96]




	
Anthropomorphic cues

	
Chatbot perceived competence

	
1

	
1

	
[70]




	
Anthropomorphic cues

	
Utilitarian attitude to use chatbots

	
1

	
1

	
[2]




	
Anthropomorphic cues

	
Attitude towards chatbot

	
1

	
1

	
[97]








1 NS = non-significant 2 NA = not available.













 





Table 10. Robust vs. Context-Dependent Drivers of Chatbot Adoption.
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	Predictor
	Empirical Evidence in Reviewed Studies
	Robustness Classification
	Typical Countries Studied
	Typical Contexts Where Effects Are Stronger
	Typical Moderating Conditions





	Perceived usefulness
	39 empirical studies; all significant
	Robust predictor
	China, USA, Germany and UK
	Across sectors (tourism, retail, finance, education)
	Strongest during pre-adoption evaluation stages



	Perceived ease of use
	39 empirical studies; 38 significant
	Robust predictor
	China, India and UK
	E-commerce and service chatbot contexts
	Stronger for inexperienced users and student samples



	Performance expectancy
	22 studies; 21 significant
	Robust predictor
	China, Korea and USA
	Digital service contexts and transactional chatbots
	More important in utilitarian task-oriented interactions



	Trust in chatbot
	13 studies; all significant
	Robust predictor
	China, Korea and USA
	Banking, insurance, financial services
	Stronger in high-risk service contexts



	Anthropomorphism
	59 studies; 54 significant, 5 non-significant
	Context-dependent predictor
	China, UK, USA and India
	Retail, hospitality, conversational commerce
	Effects vary by chatbot design (text vs. voice) and degree of human-likeness



	Emotional engagement/enjoyment
	21 studies; 19 significant
	Context-dependent predictor
	UK
	Hedonic service contexts
	Stronger for younger consumers (Gen Z)



	Privacy concerns/perceived risk
	13 studies; all significant negative effects
	Context-dependent barrier
	China, USA and Europe
	Finance, healthcare, insurance
	Stronger when personal data disclosure is required



	Technological anxiety
	4 studies; mixed results
	Context-dependent barrier
	India and China
	Low technology readiness populations
	Moderates relationships between chatbot quality and satisfaction
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