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ABSTRACT 

Objective: This study examines the fundamental determinants influencing the intention to adopt AI chatbots in 

the telecommunication services context in an emerging market. Specifically, it investigates the influence of 

perceived ease of use (PEOU), perceived usefulness (PU), initial trust, and technology anxiety on chatbot usage 

intention. 

Methodology: Data were collected via an online survey administered to 321 Tunisian higher education students. 

The hypotheses were tested using structural equation modeling (SEM) with SmartPLS4 (Partial Least Squares 

4). 

Results: The findings reveal that initial trust and perceived usefulness (PU) have a significant and positive effect 

on intention to use chatbots. In contrast, perceived ease of use (PEOU) and technology anxiety were found to be 

non-significant predictors. 

Managerial/societal implications: Managers should prioritize incorporating initial trust-building elements in 

chatbot design by proposing privacy protection mechanisms and transparent conversation. They must also 

reinforce the perceived usefulness of chatbots through their ability to address user needs efficiently. 

Originality: This study enriches the growing literature on the Technology Acceptance Model (TAM), shedding 

light on the psychological factors that shape users' decisions to engage with AI-chatbot services. 

Keywords: Chatbot services, perceived ease of use (PEOU), perceived usefulness (PU), initial trust, technology 

anxiety. 

INTRODUCTION  

Artificial Intelligence (AI) has undergone remarkable advancements in recent years, transforming societal 

behaviors and organizational processes. Its widespread incorporation into business operations has reshaped the 

functioning of various industries, leading to enhanced automation, efficiency, and driving customer-centric 

innovation (Rashid and Kausik, 2024). One of the most rapidly evolving areas is AI-enabled marketing 

communication, where the adoption of advanced technologies, particularly interactive messaging services 

known as “chatbot e-services”, has experienced substantial growth (Desaulniers, 2016). An increasing range of 

brands are shifting from traditional customer service to chatbot-powered digital solutions, which offer scalability, 

consistency, and cost-efficiency (Forbes, 2017). The emergence of AI-based marketing has empowered 

organizations to integrate conversational agents as a pivotal component of their customer service strategies, 

significantly improving customer experience (Mehta et al., 2022; Wang, 2024).  

Chatbots represent a fascinating field of communication between humans and AI (Liu et al, 2024). These 

programs communicate with users via natural language, employing voice, text, or both, simulating a human 

interaction (Liu et al, 2024). By serving as a 24/7 touchpoint providing customer responses, chatbots offer the 

potential for a significant cost reduction opportunity by reducing the need for a human agent (Bakhshi et al., 
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2018). According to a recent industry report, the global chatbot market is expected to grow to around $4.9 billion 

by 20321. 

Despite the many benefits that conversational agents offer for improving services, customers have expressed 

frustration with chatbots due to ambiguous questions and inadequate responses (Elliott, 2018). Trust represents 

a key determinant in fostering the adoption of chatbots (Jyothsna et al, 2024).  Trust holds significant importance 

in shaping user behavior and has been incorporated into the technology adoption model to predict future actions 

(Kelly et al, 2023). While several studies have investigated the role of trust across various technologies, little 

research has centered on initial trust in AI chatbots (Jyothsna et al, 2024). This highlights the need for additional 

investigation on this topic in Tunisia. In this country, individuals express a strong distrust of new technologies 

(Mostafa and Kasamani, 2022).  

Additionally, prior studies show that, even for young users, rapidly transforming digital technologies generate 

technostress (Prior and Dwyer, 2023; Liu et al., 2021). Hence, digital natives may experience apprehension or 

unease when interacting with new technology, specifically in emerging markets. Following the suggestion of 

Park et al. (2019), we examined “technology anxiety” as an individual characteristic that may obstruct the 

adoption of AI chatbots. Therefore, examining the impact of technology-related anxiety on the adoption of AI 

chatbots is important in the context of developing markets (Khanfar et al., 2024).  

To enhance the prediction power of Tunisia scholars’ acceptance of AI-assisted literature reading, this study 

employed the widely established Technology Acceptance Model (TAM) (Davis, 1989). TAM remains a dominant 

framework for predicting users’ behavioral intentions to accept and use a new technology or system. Perceived 

ease of use (PEOU) and perceived usefulness (PU), two key elements in TAM, have been supported by extensive 

research demonstrating a significant predictive power for users’ behavioral intention. Notably, these functional 

constructs may be less prominent among users familiar with digital tools, thereby calling into question the 

generalizability of TAM assumptions in these contexts (Bayaga and Du Plessis, 2023). Furthermore, one of the 

notable limitations of the Technology Acceptance Model (TAM) lies in its premise that users engage in a fully 

rational decision-making process when adopting novel technology (Ahn,2023). However, it is increasingly 

recognized that emotional drivers often impact user decisions rather than solely rational decisions (Ahn,2022). 

This highlights the crucial need to examine users’ psychological states in the adoption of new technology 

(Ahn,2023). 

This study addresses this research gap by integrating technology anxiety and initial trust into an extended TAM 

to examine the factors of chatbot adoption among students in an emergent market. By focusing on this 

underexplored segment, the study contributes to a more contextually grounded understanding of chatbot adoption 

in the telecommunication sector, offering theoretical insights and practical implications for marketers and service 

designers. 

THEORETICAL BACKGROUND  

Chatbot services 

Chatbots, also referred to as conversational Agents (CA), are artificial intelligence (AI)-based systems designed 

to communicate with users through natural language processing (NLP). As defined by Ciechanowski et al. (2019, 

p. 540), a chatbot “is a software program that interacts with users using natural language”. Owing to their 

ability to interact with customers continuously 24 hours a day and seven days a week, irrespective of standard 

working hours, companies are rapidly integrating chatbots to improve efficiency, competitiveness, and customer 

service (Sharma et al., 2022; Hyun et al., 2022; Troshani et al., 2021).  

Chatbots have become increasingly popular in various service sectors, including banking (Lubbe and Ngoma, 

2021; Pillai and Sivathanu, 2020), hospitality (Alotaibi and Hidayat-ur-Rehman, 2025), and e-commerce (Araújo 

and Casais, 2020). However, literature related to chatbot adoption in telecommunication services is relatively 

scant, particularly in the specific context of emerging countries (Fallaque, 2024; Sboui et al, 2024). Previous 

research within the telecommunications sector has investigated the role of chatbot interactions to improve 
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customer satisfaction (Shin et al., 2023; Fallaque, 2024), yet a significant gap remains in comprehending how 

these agents stimulate intention to use chatbots in this sector within emerging markets. 

The Technology Acceptance Model (TAM) 

The Technology Acceptance Model (TAM), developed by Davis (1989), is grounded in the Theory of Reasoned 

Action (TRA) and provides a valuable framework for investigating users’ acceptance behaviors of information 

technologies. This model has been widely applied in the era of information systems (IS) and chatbot-related 

studies (De Cicco et al., 2022).    

The TAM posits that user engagement with a specific information technology application, such as chatbots, 

depends on their behavioral intention, which refers to the extent to which a user is inclined to perform a particular 

behavior (Qatawneh et al, 2024). The model suggested that “perceived ease of use (PEU)” and “perceived 

usefulness (PU)” were the two main crucial factors of user acceptance (Marikyan and Papagiannidis, 2024).  

PEOU represents users' anticipation of an uncomplicated and intuitive interaction (Na et al., 2022), while PU 

refers to an individual's belief in significant advantages and enhanced performance that adoption of technology 

offers (Bailey et al., 2022). According to this framework, users are likely to adopt the chatbot given its user-

friendly nature, and they perceive it as highly performant.  

In the era of AI, TAM is widely acknowledged as the most prevalent theoretical framework for assessing usage 

intentions and customer acceptance across multiple technological applications (Kelly et al., 2023; Ibrahim et al., 

2025). A broad range of empirical studies has consistently confirmed its effectiveness in explaining and 

predicting users' intentions to adopt and utilize various IT systems and applications (King and He, 2006).  

By leveraging TAM, this study can comprehensively assess the factors driving the intention to use the chatbot 

services, thereby providing actionable insights to enhance customer engagement in emerging markets. 

Hypothesis Development  

Perceived ease of use and usage intention 

Perceived ease of use represents “the degree to which a person believes that using a particular system would be 

free of effort” (Radner and Rothschild, 1975). It refers to the extent to which a system operates smoothly without 

specialized knowledge or specific expertise from users (Amin et al., 2014; Jo, 2022). Ease of use is a determinant 

of technology acceptance, insofar as consumers are likely to adopt technology that is easily understood and user-

friendly (Davis, 1989). Previous studies show that when users experience minimal effort in operating 

technologies, their overall adoption enhances, leading to higher engagement (Chen et al., 2022; Iqbal and 

Campbell, 2023). 

In the context of chatbot adoption, the concept of “perceived ease of use” is widely examined (Araújo and Casais, 

2020; De Cicco et al., 2022; Gopinath and Kasilingam, 2023; Li et al., 2023). Specifically, prior studies have 

investigated its effect on usage intention (Pillai and Sivathanu, 2020; Maduku et al., 2024; PAN et al, 2025). The 

greater the PEOU of an innovative technology by consumers, the more likely they are to adopt it (Alotaibi and 

Hidayat-ur-Rehman,2025  ). hence, the following hypothesis: 

H1: Perceived ease of use positively influences chatbot usage intention 

Perceived usefulness and usage intention 

Perceived Usefulness is related to the degree to which a technological system enhances user efficiency and aligns 

with their preferences (Gani et al., 2024). When customers consider a system or application an effective means 

of facilitating their tasks, they are more likely to use it again (Muslichah, 2018). Any service that saves customers 

time and offers personalized services and flexibility improves users' attitude toward the service provider (Eger 

et al, 2021). 
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Previous research has highlighted the relevance of the PU on the customers' intention to use emergent 

technologies (Gümüş & Çark, 2021; PAN et al, 2025). In the context of chatbots, when customers recognize the 

tangible benefits of using a chatbot, such as smoother interactions or process automation, their intention to adopt 

the technology enhances (Zhang et al., 2023). Hence, favorable evaluations of a chatbot’s utility improve users' 

willingness to interact with it (Song et al., 2024), as people are more predisposed to adopt technologies that 

demonstrate clear advantages (Portz et al., 2019). Chatbot systems that offer personalized suggestions and predict 

user needs enhance the perception of usefulness. 

Given these insights, users who recognize the chatbot as useful in facilitating the completion of various tasks are 

more likely to intend to use it in the future. Therefore, PU is a crucial determinant of intention in chatbot services. 

Hence, we posit the following hypothesis: 

H2: Perceived usefulness positively influences chatbot usage intention 

Initial trust and usage intention 

Trust was identified as the most significant factor in predicting attitude and the intention to use an AI system 

(Zarifis and Cheng, 2023). This concept is defined as the willingness of one party to be vulnerable to the actions 

of another based on positive expectations about the latter's motivations or behavior (Hong and Cha, 2013). Trust 

manifests in two main forms: initial trust and ongoing trust (Pena et al., 2021). Trust building is a dynamic 

process marked by a gradual transition from initial trust to ongoing trust development (Chakraborty et al., 2022; 

Siau and Wang, 2018). Initial trust assumes that users have no information before the preliminary encounter 

(Talwar et al., 2020). 

Initial trust refers to "trust in an unknown party or without prior use" (Fan et al., 2020). It represents a form of 

trust that arises without prior experience and is distinct from experiential trust due to its temporal dimension 

(Koufaris and Hampton-Sosa, 2004). In the realm of emerging technologies, numerous studies highlighted the 

importance of investigating initial trust, particularly when consumers are confronted with uncertainty before 

utilizing new technologies (Li et al., 2008; Mostafa and Kasamani, 2022; Talwar et al., 2020).  Specifically, in 

the case of chatbots, existing literature has emphasized the pivotal role of initial trust on customer usage intention 

(Jyothsna et al, 2024; Mostafa and Kasamani, 2022; Kaabachi et al, 2019). Consequently, our study suggests 

that initial trust toward chatbots can enhance consumers' intention to adopt and use them. Hence, we can posit 

the following hypothesis: 

H3: Initial trust in chatbots positively influences chatbot usage intention. 

Anxiety and usage intention 

Technological anxiety represents the extent to which a customer feels apprehensive or uneasy when using a 

technology (Meuter et al., 2005; Pillai et al., 2024). This emotional response engenders trepidation and fear 

toward adopting new technological tools (Venkatesh, 2000). Recognized as a substantial psychological barrier, 

technological anxiety has been established to reduce individuals' willingness to engage with technology and 

brings confusion (Meuter et al., 2005). The literature has shown that technological anxiety leads to avoidance of 

novel technology, becoming a major impediment to adoption (Lam et al., 2008; Mani and Chouk, 2018; Wang 

et al., 2020). It even risks overshadowing the advantage of technology and diverting the consumer's engagement 

(Man et al., 2024). This implies that individuals with high levels of technological anxiety are less inclined to use 

or adopt technology (Alboqami, 2023; Pillai and Sivathanu, 2020), hence the following hypothesis: 

H4: Technology anxiety negatively affects the intention to adopt chatbots. 
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Figure 1. Conceptual Framework 

Source(s) : The authors’ own work 

METHODOLOGY  

Data Collection and Sample 

 To investigate the adoption of chatbot technologies among digital-native users in an emerging market context, 

data were collected with an online survey administered via Google Forms. The target population consisted of 

university students in Tunisia, who are generally considered digital natives (Dinh and Park, 2023). A convenience 

sampling method was used, given its appropriateness for reaching the intended population efficiently and 

effectively (Jager et al., 2017). 

Before the data collection phase, the questionnaire underwent a readability check. A pilot test with five students 

was conducted to ensure item clarity. The final questionnaire, available in English and Arabic, was distributed 

through email and social media. The data collection process spanned eight weeks. To simulate real chatbot 

interaction, participants were first invited to interact with "Djingo Damdoum", a customer service chatbot 

developed by the telecommunication company of Orange Tunisia. Notably, this locally developed chatbot 

supports Tunisian dialect, French, and Modern Standard Arabic, enhancing linguistic accessibility. Following 

this interaction, participants were asked to pose between three and six questions to the chatbot on topics like 

services, promotions, or problem resolution in the language of their choice.  The final sample is composed of 

321 respondents, including 77 males (24%) and 244 females (76%). 

Measures 

The constructs of the current study were measured using validated scales, slightly modified and adapted from 

the literature. The items for the constructs Perceived Ease of Use (PEU) and Perceived Usefulness (PU) were 

taken from Davis’s study (1989). The chatbot's initial trust measure scale was adapted from Oliveira et al. (2014). 

The items developed by Meuter et al. (2005) were used to inspect technology anxiety. All items were measured 

on seven-point Likert scales, with 1 “strongly disagree” and 7 “strongly agree.” The study constructs and their 

sources are presented in Table 1. 

Table 1. Variables measures 

Constructs Items Sources 

Ease of Use EU1.  My interaction with chatbots would be clear and understandable Davis 

(1989) 
EU2.  I would find chatbots easy to use 

EU3. Learning to operate chatbots would be easy for me 
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Perceived 

Usefulness 

PU1. I find chatbot services useful in the purchasing process Davis 

(1989) 
PU2. Using chatbot services enables me to accomplish the purchasing process 

quickly 

PU3. Using chatbot services increases my efficiency in the purchasing process 

PU4. Overall, I find Chatbot useful to me. 

Technology 

anxiety 

TA1. I feel apprehensive about using technology Meuter et 

al. (2005) 
TA2 Technical terms sound like confusing jargon to me 

TA3 I have avoided technology because it is unfamiliar to me 

TA4 I hesitate to use most forms of technology for fear of making mistakes I 

cannot correct 

Chatbot 

initial trust 

CIT1 Chatbots seem dependable Oliveira et 

al. 

(2014) 
CIT2 Chatbots seem secure 

CIT3 Chatbots were created to help the 

client 

CIT4 Chatbots seem trustworthy 

Usage 

Intention 

UI1. I intend to use chatbot services the next time I make an online purchase Venkatesh 

et al. 

(2003)  UI2. I will probably use chatbot services the next time I make an online purchase 

UI3. I have decided to use chatbot services the next time I make an online 

purchase 

RESULTS 

Common Method Bias Analysis :  

Data were analyzed by the PLS-SEM estimation method using Smart PLS4, which is widely applied in social 

sciences. To examine common method variance (CMV), the method recommended by Podsakoff et al. (2003) 

has been used. Hartman's single-factor technique showed that the single factor explained 19.47% of the total 

variance, which is lower than 50%, indicating the nonexistence of significant common method bias (Fuller et 

al., 2016). 

Exploratory Factor Analysis  

To assess the reliability and validity of the measurement scales, we applied the exploratory factor analysis using 

principal component analysis. Item CIT3 was excluded because its communality (0.429) is below 0.5. All 

remaining constructs demonstrated satisfactory reliabilities (above 0.7).   

Measurement Model 

The results presented in Table 2 confirm the reliability and validity of the robustness of the measurement model. 

Indeed, all Cronbach’s α values are above 0.7, indicating strong internal consistency. All outer loadings were 

above 0.7 (Hair et al., 2019), indicating good indicator reliability. Except for item AT4, which was eliminated 

due to its outer loading of 0.617 (i.e., below the recommended threshold of 0.7). Report composite reliability 

(CR) values exceed 0.7, validating the internal consistency of each construct (Hair et al., 2019). Additionally, 
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Average Variance Extracted (AVE) indicators confirm convergent validity as they exceed 0.5 (Henseler et al., 

2016). As shown in Table 3, all HTMT values are below 0.9, indicating discriminant validity (Henseler et al., 

2015). 

Table 2. Reliability and Convergent Validity Assessment 

 
Cronbach's 

alpha  

Composite reliability 

(rho_a)  

Composite reliability 

(rho_c)  

Average variance 

extracted (AVE)  

CIT  0.965  0.965  0.977  0.935  

EU  0.813  0.842  0.886  0.721  

PU  0.930  0.934  0.950  0.828  

TA  0.824  0.833  0.894  0.738  

UI  0.955  0.956  0.971  0.918  

Table 3. Discriminant Validity (HTMT Criterion)  

 CIT  EU  PU  TA  UI  

CIT       

EU  0.266      

PU  0.350  0.486     

TA  0.055  0.065  0.154    

UI  0.481  0.288  0.590  0.42   

Structural Model 

First, we assessed the multi-collinearity issues. Following the recommendations of MacKenzie et al. (2012), the 

item CIT4 is eliminated since its variance inflation factor value is above 10 (VIF 25.738). The structural Model 

is shown in Figure 2. 

 

Figure 2: Structural Model 

Subsequently, we analyzed the hypothesized relationships between the constructs. The results illustrated in Table 

4 show that the hypotheses H2 and H3 are supported, while H1 and H4 are rejected. Among the variables that 
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influence chatbot usage intention, perceived usefulness was found to have the most significant effect (β=0.468, 

t=8.931), followed by chatbot initial trust (β=0.309, t=6.336).  

Table 4. Results 

 
 

Original sample (O)  T statistics  P values  Remarks 

H1  EU -> UI  0.001  0.018  0.985  Not supported 

H2  PU -> UI  0.468  8.931  0.000  Supported 

H3 CIT -> UI  0.309  6.336  0.000  Supported 

H4  TA -> UI  -0.088  1.495  0.135  Not supported 

DISCUSSION 

Drawing on TAM theory, this study investigates the impact of initial trust and technology anxiety on chatbot 

usage intention.  

The results of this research confirm that initial trust has a significant influence on intention to use chatbots. This 

result aligns with the majority of previous research findings (Sboui et al, 2024; Rajaobelina et al., 2021; 

Kasilingam, 2020; Moussawi et al., 2021), confirming that when individuals have high initial trust in chatbots, 

they are more likely to intend to use these chatbots. Thus, increased initial trust in chatbots fosters the intention 

to engage with these systems and reduces behavioral ambiguity towards them (Sboui et al, 2024). 

Moreover, the findings highlight the critical role of perceived usefulness (PU) in shaping the intention to use 

chatbot AI. Existing research (Ismatullaev and Kim, 2024; Norzelan et al., 2024; Davis et al, 1989; Rafique et 

al., 2020) reveals that users’ perceptions of the technology's usefulness have a significant effect on their intention 

to adopt it. As users recognize the benefits and importance of chatbot services functionality to their needs, their 

adoption of the technology increases (Topsakal, 2024).  

In contrast, the results showed that perceived ease of use was not a significant factor in the intention to adopt 

chatbots. This result diverges from the traditional TAM framework, which consistently highlights PEOU as a 

key determinant of intention. Our results align with prior studies suggesting that as users develop proficiency in 

digital tools, the role of ease of use becomes less impactful in their adoption of technologies (Liu et al., 2016; 

Van Eeuwen, 2017; Gopinath & Kasilingam, 2023; Topsakal, 2024). In digital environments, highly educated 

Internet surfers frequently use AI systems for various tasks; these interactions contribute to reducing the 

perceived skills required to interact with chatbots (Gopinath and Kasilingam, 2023).  The participants in our 

study seem to be relatively familiar with open AI chatbots and did not perceive ease of use as an essential 

determinant for chatbot adoption. They seek to gather the needed knowledge rather than requiring the ease-of-

use characteristic of an AI system (Chen and Barnes, 2007). Thus, the willingness to adopt novel technology 

such as chatbots is primarily driven by its perceived usefulness, rather than the ease of use of systems (Topsakal, 

2024).  

Furthermore, technology anxiety does not play a significant role in shaping customers’ intention to use AI 

chatbots, contrary to our hypothesis and previous research (Li et al. 2021; Melián-González et al, 2021). 

However, this outcome aligns with the results of Foroughi et al (2025). This finding may be explained by the 

fact that students tend not to perceive chatbots as risky or overly complex, likely due to their habitual and 

frequent interaction with digital technologies and chatbot services. As a demographic characterized by high 

digital literacy and the effortless incorporation of technology into daily life (Ayanwale and Ndlovu, 2024; Tian 

et al., 2024; Ragheb et al., 2022), students are generally more at ease when engaging with digital innovations. 

Moreover, as noted by Foroughi et al. (2025), the interaction with conversational agents is often voluntary rather 

than obligatory, which may alleviate anxiety commonly associated with new technologies. Thus, it has been 
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proved that older people are more anxious about novel technologies than younger people (Mariano et al., 2022; 

Wang et al., 2020), offering a perspective for future research into older people's intention to use chatbots. 

Theoretical Implications 

Our study offers several significant theoretical contributions to the existing body of literature. First, it seeks to 

integrate key research variables to develop a holistic framework for forecasting user adoption of AI-driven 

customer chatbot services. The strength of our model builds on an extended version of the Technology 

Acceptance Model (TAM) framework, by adding two additional factors: technology anxiety, as suggested by 

Dinh and Park (2023) and Ko and Chang (2019), and initial trust as recommended by Mostafa and Kasamani 

(2022).  To the best of our knowledge, the present work is among the first to explore the combined impact of 

these two psychological factors with the cognitive determinants of the TAM, providing novel theoretical insights 

into the mechanisms driving technology adoption. Thus, the integrated conceptual model of the present study 

serves as a guidepost for future research on the adoption of chatbots, specifically among higher graduate students 

in Tunisia.  

Second, although our study focuses on the “tech-savvy sailors”, perceived ease of use and technology anxiety 

are not significant factors in predicting chatbot usage intention. These results contradict the traditional 

assumptions of TAM, which generally assert ease of use as a key factor and anxiety as a psychological inhibitor 

included in extended models of TAM. For instance, the younger generation in emerging markets possesses higher 

exposure to technology and digital expertise (Dinh and Park, 2023), considering ease of use as a less important 

determinant, while instrumental benefits like perceived usefulness gain prominence. Similarly, the lack of a 

significant relationship between technology anxiety and intention highlights the limited relevance of this 

construct for digitally native users familiar with AI tools. These findings open new avenues for expanding TAM 

theories in future research by underscoring the need to refine current theoretical frameworks to specific 

technological contexts.  

Finally, the effect of initial trust on intention to adopt chatbots has received minimal attention from scholars 

(Ameen et al., 2021; Prakash et al., 2023). Hence, following prior studies' perspectives (Foroudi et al., 2018; Van 

den Broeck et al., 2019), our study contributes to the literature by demonstrating that initial trust emerged as a 

strong determinant, reinforcing the theoretical argument that early perceptions of system’s trustworthiness and 

credibility are critical in shaping technology adoption, particularly when users have limited familiarity with the 

system. 

Managerial implications  

From a managerial standpoint, the study offers valuable insights for marketing managers on the strategic 

implementation of conversational agent service within the emerging market context. First, building initial trust 

with the chatbot is identified as a priority. Companies should embed design features that improve perceptions of 

credibility, such as privacy protection mechanisms, transparent conversation, and empathetic communication 

styles. These strategies contribute to a more trustworthy user experience. Second, communication strategies 

should emphasize the functional advantages of chatbot use, particularly their ability to offer rapid support can 

reinforce the perceived usefulness (Arce-Urriza et al, 2025). Specifically, managers should focus on bolstering 

the positive factors that influence adoption, such as the utility of chatbots in providing effective assistance. By 

reinforcing the perceived usefulness of chatbots through their ability to address user needs efficiently, 

organizations can enhance the willingness to adopt chatbot services, particularly among the young generation. 

Finally, while ease of use and technological anxiety may be less significant among students, these determinants 

could play an important role in other demographic segments. Thus, tailored strategies based on users’ digital 

proficiency are recommended. 

Limitations and Future Research Directions 

Despite its significant contributions, this study has several limitations that should be taken into account in future 

research. First, the survey was conducted with only university students, thereby limiting the generalizability of 
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the findings to other populations. Future studies should broaden the sample to include a more representative 

sample population in different contexts. 

Second, this study explored technology anxiety as an exogenous variable. Future research could explore its 

moderating effect to gain deeper insights into its effect on behavioral intention. In addition, the inclusion of other 

determinants like chatbot anthropomorphism and social influence would strengthen the prediction of the research 

model. 

Finally, another limitation is the use of cross-sectional data. Future studies could adopt a longitudinal approach 

to capture changes in customers' experiences with chatbots over time. 
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