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Abstract

Artificial intelligence (Al) chatbots have become an innovative interaction
channel between firms and customers in e-commerce. This article aims to explore the
essential factors that trigger the intention to use Al chatbots among Viethamese
customers. A research model was demarcated based on the incorporation of user
perceptions (i.e., trust and information usefulness) and salient Al chatbot characteristics
(i.e., perceived intelligence) into the widely acknowledged elaboration likelihood model
(ELM). Data was accumulated from 307 respondents who had experienced online
purchases and were inclined to use Al chatbots to search for product-related information
in online purchases. Structural equation modeling (SEM) was utilized to test proposed
hypotheses and validate the research model. Our investigations demonstrated that the
central route (i.e., information accuracy and information relevance), peripheral route (i.e.,
information credibility), and perceived intelligence are the primary motivators of
customers’ trust and information usefulness toward Al chatbots. Moreover, trust,
information usefulness, and perceived intelligence significantly drove usage intention
toward Al chatbots. This work developed an insightful research model of usage behavior
toward Al chatbots, whereas the interpretation of information-related factors and innate
Al chatbot intelligence influencing customer usage in an emerging market had been
inadequate. Lastly, the theoretical and practical implications of the model are suggested,

which may tempt customers’ adoption behavior toward Al chatbots in Vietnam.
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Introduction

Digital technologies have substantially enhanced business performance and
firm—customer reciprocity (Cheng & Jiang, 2022). The widespread adoption of Artificial
intelligence (Al) chatbots illustrate an accelerating trend of applying digital technologies
to improve firms’ communication strategies (Nguyen & Le, 2025). These chatbots have
increasingly supplanted humans due to operational availability (24/7), error reduction,
and cost-effectiveness. Al chatbots are software applications that allow customers to
make online conversations with digital devices using natural human language, thereby
effectively replacing human-to-human interaction (Nguyen & Le, 2025). Al chatbots have
been utilized across various sectors, such as tourism and hospitality (Pillai & Sivathanu,
2020), banking (Eren, 2021), hotels (Nguyen, Phong, & Chi, 2023), and retailing (Chen,
Le, & Florence, 2021). Unsurprisingly, the global revenue from Al chatbots reached USD
40.9 million in 2018, with projections suggesting an increase to USD 455.8 million by
2027 (Statista, 2022). The retail sector market size in Vietham reached USD 207.5 billion
from January to October 2024 and is projected to reach USD 350 billion by 2025
(VietnamPlus, 2025). In the era of digital transformation, retailers have attempted to
implement business strategies and diversify communication channels using digital
technologies, such as Al chatbots, to foster customer experience, customer-retailer
relationship, and improve business performance (Le, 2023). However, in the early stage
of Al chatbot development, Vietnamese customers may hesitate to experience Al
chatbots based on some potential concerns about immature technologies, insufficient
information, and perceived risks (Silva et al., 2023). Hence, retailers must understand
customers’ desires, solve their issues, and trigger their usage of Al chatbots.

Al chatbots are integrated into various platforms, such as websites, mobile
applications, and social media (Nguyen & Le, 2025). Al chatbots offer several distinct
advantages in terms of convenience, flexibility, accessibility, and real-time interactivity
(Cheng & Jiang, 2022). Moreover, Al chatbots can perform tasks typically handled by
staff, such as promotion and consultation, and even address issues beyond human
capabilities. Consequently, firms willingly adopt Al chatbots as an effective apparatus to
support online business (Ruan & Mezei, 2022).

From an academic perspective, Al chatbots in e-commerce have garnered
attention from scholars. Multiple theories have been employed to explain and evaluate
the importance of Al chatbots in customer perceptions, evaluation, and emotional and
behavioral responses. Chen et al. (2021) created a research model of customer
satisfaction with Al chatbots in e-commerce across the United States, Canada, South

Africa, and India based on the universal technology acceptance model (TAM). Jain and
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Gandhi (2021) examined Indian customers’ purchase intention through the lens of
information and the technological value of Al chatbots. Cheng and Jiang (2022)
emphasized that interaction, accessibility, and information value are critical motivations
for online purchases using Al chatbots in American e-commerce firms. Le (2023)
combined the TAM with the elaboration likelihood model (ELM) to provide an explanation
for the use of Al chatbots in retailing. These investigations suggested that information-
related characteristics (information quality, persuasiveness, and information credibility),
Al chatbot-related characteristics (relative advantage, interactivity, and perceived
intelligence), and TAM-related factors (perceived usefulness and Al attitude) play a vital
role in promoting Al chatbot adoption and purchase intention. Silva et al. (2023) created
a behavioral intention model of Al chatbots in e-retailing to explain how to trigger Al
chatbot usage intention using the extensive, unified theory of acceptance and use of
technology (UTAUT) and concluded that performance expectancy and trust significantly
predict perceived risk, flow, and behavioral intention toward shopping chatbots.
Furthermore, the importance of the formation of trust and behavioral intention was
emphasized by Mostafa and Kasamani (2022), who concluded that Al chatbot-related
dimensions (compatibility, ease of use, and social influence) are the determinants of
initial chatbot trust, which in turn boosts usage intention and customer engagement
based on UTAUT, TAM, and diffusion of innovation (DOI) theory.

Mechanisms of customer behaviors toward Al chatbots in retailing have also
been explored in developed countries (Chen et al., 2021; Silva et al., 2023). Researchers
in Vietnam have paid attention to the impact of Al chatbots on customer behavior in
different settings of technology and education (Nguyen et al., 2021), banking (Dung,
Chiu, & Le, 2021), hotel industry (Nguyen et al., 2023), and retailing (Le, 2023). Nguyen
et al. (2023) increased understanding of customer trust toward Al chatbots through a
study of the significant influence of customization and interaction. Le (2023) examined Al
chatbot adoption and purchase intention based on TAM and found that perceived
usefulness and attitude toward Al facilitate customers’ Al chatbot usage intention and
purchase behavior. However, the interpretation of information value-related dimensions
and the perception of the intelligence of chatbots, which may influence customers’ usage
intention toward Al chatbots is inadequate. Thus, it is imperative to examine further some
key factors that drive customers’ intention to use Al chatbots to accumulate product-
related information and address customer concerns. This understanding may help us
recognize the role of Al chatbots in customers’ purchase decisions in an emerging

market.
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This study's purpose is to explicate customers’ intention to use Al chatbots, by
focusing on the role of “information value” and Al chatbot characteristics. Information
value refers to customers’ perceptions of the value of information through Al chatbots
(Le, 2023). To achieve this, our study uses the Elaboration Likelihood Model (ELM) to
analyze informational value-related factors and their impact on trust and information
usefulness. Additionally, the study builds on the ELM by combining the inherent
characteristic of Al chatbots (i.e., perceived intelligence) and trust, as recommended by
previous research (Cheng & Jiang, 2022; Mostafa & Kasamani, 2022; Pillai & Sivathanu,
2020). Thus, the study provides a significant theoretical contribution by examining and
evaluating the usefulness of the research framework of customer usage behavior toward
Al chatbots in a developing country such as Vietnam. It also provides practical insights to
assist firms and technology developers to strengthen the firm—customer relationship and
foster post-adoption behaviors, such as online purchases, by identifying several vital

factors of “information value” and perceived intelligence in Al chatbots.
Theoretical Background and Research Model
Elaboration Likelihood Model (ELM)

Elaboration Likelihood Model (ELM), developed by Petty, Cacioppo, and
Goldman (1981), was established to explain individuals’ usage behavior toward
information systems (ISs) based on a comprehensive evaluation process. This model
suggests that the extent of evaluation and scrutiny is influenced by both motivations and
the ability to process the information. When individuals are highly motivated and capable
of thoroughly processing information, they are likely to make well-informed decisions and
exhibit effective behaviors. Conversely, if motivation and information processing are
diminished, the ability to evaluate and consider information thoroughly may also be
compromised.

ELM distinguishes between two motivation and information processing routes:
peripheral and central. With the peripheral route, users concentrate on information cues
such as information quantity, information expertise, information credibility, the number of
users, and reputation (Le, 2023). Individuals take a peripheral route when they are less
motivated or incapable of considering information (Petty et al., 1981). Hence, individuals
make fewer cognitive efforts and adopt behavioral intentions due to peripheral signals
(Filieri, Chen, & Lal Dey, 2017). Thomas, Wirtz, and Weyerer (2019) proposed a
customer purchase intention model based on the extended ELM and showed that
peripheral cues (review consistency, review expertise, product rating, and website

reputation) and central cues (accuracy, completeness, and timeliness) promote review
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credibility, which in turn motivates customers' purchase decision due to online views.
Furthermore, ELM argues that individuals with high-involvement products and/or services
are more likely to utilize the central route for information processing, focusing on
argument quality (Petty et al., 1981). Central route emphasizes a detailed review and
evaluation of information's relevance, accuracy, and completeness before making a
decision or performing a behavior. Chen, Yin, and Gong (2023) created a research
model based on the theoretical support of ELM to reveal the influence of central cues
(reliability and accuracy) and peripheral cues (human-like empathy and recommendation
choice) on customers' adoption of Al chatbot recommendations. Roy, Paul, Tiwari, &
Mookherjee (2024) showed that ELM dimensions, including perceived information,
perceived persuasion, electronic word of mouth (eWOM) credibility, and eWOM
usefulness, play an essential role in boosting eWOM adoption and purchase intention.
Huo, Zhang, and Ma (2018) revealed that central route-related (accuracy, relevance, and
completeness) and source credibility, directly and indirectly, influence trust and health
knowledge adoption in light of ELM. Ruan and Mezei (2022) observed that information
quality-related dimensions (relevance, accuracy, completeness, credibility, and
timeliness) provided by Al chatbot agents are essential determinants of customer
satisfaction with these chatbot agents in online purchase assistance.

ELM has been empirically applied in manifold contexts, such as preventative
behavior in the COVID-19 pandemic (Cu, 2021), online reviews and shopping (Thomas
et al., 2019), eWOM and purchase (Roy, Paul, Tiwari, & Mookherjee, 2024), and online
purchase in live-streaming (Yen et al., 2024). Based on the approach of these previous
studies, the ELM is applied by this study to examine Vietnamese customers’ usage
intention toward Al chatbots. The study examines two motivations: the central route (i.e.,
accuracy and relevance) and peripheral route (i.e., credibility) of Al chatbots’ information
and their impact on trust and information usefulness. Additionally, we consider
“perceived intelligence” as a critical characteristic of Al chatbots because it suggests faith
in the ability of Al chatbots to understand and promptly respond to customer requests,
impart available product-related information, make conversations, and resolve their
issues using natural language (Le, 2023). Pillai and Sivathanu (2020) emphasized the
pivotal role of perceived intelligence in boosting Al chatbot adoption intention and actual
usage for travel planning. Cheng et al. (2024) indicated that perceived intelligence
directly and indirectly influences perceived usefulness, satisfaction, and usage intention
toward financial Al services. Other scholars have found that perceived intelligence and
trust are crucial in fostering customer intention to adopt Al chatbots (Moussawi, Koufaris,
& Benbunan-Fich, 2021; Nyagadza et al., 2022). Cheng and Jiang (2022) emphasized
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that information value (i.e., accuracy and credibility) and competence (i.e., perceived
intelligence) are essential Al chatbot components along with customer trust that
significantly cements the firm—-customer relationship and customer behavioral responses
(i.e., purchase intention and loyalty). Park et al. (2024) asserted that Al chatbots are
essential in product knowledge (i.e., information accuracy, perceived intelligence, and
trust) and found that product knowledge leads to customers’ recognition of usefulness
and customer satisfaction with these chatbots. Likewise, Nguyen and Le (2025)
demonstrated an underlying mechanism of continuance intention toward banking Al
chatbots and investigated the impact of content quality and competence on extrinsic and
intrinsic values and satisfaction with these chatbots. Therefore, this study endeavors to
examine the influence of information value and perceived intelligence on trust,
information usefulness, and usage intention toward Al chatbots in the light of extensive
ELM.

Hypotheses Development and Research Model

Accuracy delineates the correctness in mapping information to the appropriate
state in the real world that the information represents (Nelson, Todd, & Wixom, 2005). It
is a crucial characteristic of the central route in ELM. It significantly influences customer
behavior, as it serves as a critical motivation for evaluating products and/or services,
thereby fostering trust (Filieri et al., 2017). Information accuracy relies on customers’
perception that information is accurate, correct, believable, and credible (Le, 2023;
Nguyen & Le, 2021; Thomas et al., 2019). Huo et al. (2018) showed that customers’ trust
in health knowledge in social media is determined by information quality, including
information accuracy, relevance, and completeness. Customers who perceive
information as accurate and realistic are more likely to increase trust in social media-
based health knowledge. Moreover, researchers confirmed that information accuracy is a
key determinant of information usefulness (Park, 2020). Shang, Zhou, and Zuo (2021)
suggested a significant relationship between accuracy and information usefulness in
social media-based information sharing. Xing and Jiang (2024) argued that information
accuracy strongly impacts customer experience, which results in usefulness and
customer satisfaction with Al chatbots. Building on these findings, this study will examine
the effect of information accuracy on trust and Al chatbots’ information usefulness. An
increase in customers’ perception of information accuracy provided by Al chatbots will
result in an improvement in trust and information usefulness from Al chatbots.

Consequently, Al chatbots help organizations reduce operation costs in customer care
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service and enhance service quality. Therefore, the substantial literature demonstrating

this leads us to propose the following hypotheses:
H1la: Information accuracy positively affects customer trust in Al chatbots.
H1b: Information accuracy positively affects information usefulness.

Information relevance depicts the extent to which product-related information is
applicable and helpful in making distinctions between the competing objects in
customers’ needs (Sarkar & Sarkar, 2019). This factor indicates information value by
reflecting the content firms aim to communicate to customers. Before making decisions
or adopting certain behaviors, customers assess products and/or services based on
information availability. If the information satisfies customer needs, they will likely
evaluate it positively, fostering trust in creators and conveyors. Moreover, customers also
consider information relevant to their decision-making process and purchase decisions.
Nguyen and Le (2021) investigated the role of information relevance in facilitating
customers’ trust in information sources in social media to safeguard individuals during
the COVID-19 pandemic. Similarly, the positive relationship between information
relevance and trust was investigated in health information adoption (Huo et al., 2018), e-
government services (Al-Omairi et al., 2021), and banking chatbots (Dung et al., 2021).
Additionally, information relevance acts as a catalyst for information usefulness. Park
(2020) highlighted that information relevance significantly impacts information
usefulness, influencing information acceptance and loyalty in eWOM. Although the
influence of information relevance on trust and information usefulness was demonstrated
in various online communication contexts (Shang et al., 2021; Zhu, Chang, & Luo, 2016),
it has not been empirically tested in Al chatbots. A chatbot is a computer program
powered by artificial intelligence capable of interacting with customers in convincing
language with natural, sentimental statements. This capability allows Al chatbots to
understand customer needs and address concerns (such as product-related information,
processes, and operations). Customers will perceive information as relevant, helpful, and
important, which may enhance trust, information value, and Al chatbot usage for
purchase decisions. These empirical observations lead us to propose the following

hypotheses:
H2a: Information relevance positively affects customer trust in Al chatbots.
H2b: Information relevance positively affects information usefulness.

Information credibility reflects customers’ assessment of the reliability of

information sources related to products and/or services (Cu, 2021). Information is

158



Le, X.C.,Nguyen, T.H., & Vu, T. T. L. | Thammasat Review | Vol. 28 No. 1 (January-June) 2025

generated by various content creators, including individuals (such as social media users,
celebrities, and experts) and organizations (such as firms and governments). Research
confirmed that information credibility is a crucial determinant of customers’ trust in
content creators and information usefulness, leading to certain types of customer
behavior. Scholars demonstrated the importance of information credibility in enhancing
trust in health knowledge in social media (Dung et al., 2021; Huo et al., 2018). Shang et
al. (2021) demonstrated that information credibility significantly impacts healthcare
information usefulness, which, in turn, promotes information-sharing behavior on social
networks. Park (2020) explored the importance of trustworthiness in evaluating the
perceived usefulness of information disseminated through eWOM. Therefore, customers
will likely increase their trust in Al chatbots and perceive them as highly useful for
information provision. Based on this empirical evidence, the following hypotheses are

proposed:
H3a: Information credibility positively affects customer trust in Al chatbots.
H3b: Information credibility positively affects information usefulness.

Trust delineates customers’ reasonable expectation that providers possess the
characteristics of trustworthiness, which, in turn, stimulates their behavior (Ajzen &
Driver, 1991). It offers confidence and guarantees for customers in the safety of using
ISs (Awad & Ragowsky, 2008; Rotchanakitumnuai & Speece, 2023). Past studies
revealed trust significantly drives customers’ adoption behaviors in different ISs. Zhou
(2016) demonstrated that trust positively impacts young customers’ intentions to adopt
ISs. Similarly, Le (2025b) confirmed a significant relationship between trust and the
willingness to use mobile banking among older Viethamese consumers. Likewise, trust
captures a vital role in the use intention toward mobile advertising, leading to the
strengthening of a long-term firm-customer relationship (Cu & Wang, 2020). Generally,
customers are more likely to adopt ISs when they perceive ISs as trustworthy and have
confidence in providers. In the research context, if Al chatbots provide information
quickly and effectively and address customer concerns, customers will express their trust
in Al chatbots, subsequently determining customers’ usage toward Al chatbots. Indeed,
scholars argued a close relationship between trust and usage intention toward Al
chatbots in online purchase (Mostafa & Kasamani, 2022), hospitality and tourism (Pillai &
Sivathanu, 2020), and e-retailing (Silva et al, 2023). Consistent with the
abovementioned findings (Moussawi et al., 2021), trust is assumed to drive customers’
intention to adopt Al chatbots in online purchases. Therefore, these arguments underpin
the proposal of the following hypothesis:
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H4: Trust positively affects usage intention toward Al chatbots.

Perceived usefulness reflects how customers believe using a particular 1S will
enhance their performance and help them achieve goals (Sussman & Siegal, 2003). It
influences the subjective likelihood that users will seek to improve their performance by
adopting ISs. “Information usefulness” means that customers think information adoption
can enhance their performance (Park, 2020). In this study, information usefulness is
defined as the extent to which Al chatbots help customers absorb more product-related
information, resolve issues, and make proper purchase decisions. Consequently,
information usefulness is expected to influence customers' acceptance of Al chatbots
positively. Park (2020) found that the value of eWOM-based information leads to
customers' adoption of eWOM information and their loyalty to social media. Furthermore,
perceived usefulness was investigated to predict usage intention toward mobile banking
(Le, 2025b) and artificial intelligence (Chatterjee & Sreenivasulu, 2023). Based on this
evidence, the study proposes the following hypothesis:

H5: Information usefulness positively affects usage intention toward Al chatbots.

Perceived intelligence reflects the ability of Al chatbots to respond immediately
to customers’ requirements in various environmental conditions (Le, 2023). Al chatbots
can identify customers’ problems adequately, reducing their difficulties during the
conversation (Cheng et al., 2024). Researchers illustrated that Al chatbots have the
abilities of competence, intelligence, knowledge, and purpose (Moussawi et al., 2021).
The intelligence of Al chatbots is reflected in their ability to communicate efficiently
(quickly respond, identify contexts, minimize operational errors, adapt to processes, and
remain unaffected by mood), enhance productivity (solve problems, offer suggestions,
free up employee time), provide assistance anytime and anywhere, and initiate
convenient communication methods (Chen et al., 2021; Le, 2023). Hence, perceived
intelligence is closely related to the information usefulness of Al chatbots because these
chatbots help customers make purchases and conduct business transactions effectively
(Cheng et al., 2024).

In addition, when Al chatbots respond to customers’ questions promptly and
assist them with tracking orders, processing payments, and making conversations, users
will judge Al chatbots as competent, increasing trust and provoking their willingness to
accept these chatbots. Moussawi et al. (2021) substantiated the strong influence of
perceived intelligence on perceived usefulness and adoption intention toward personal
intelligent agents. Others demonstrated a significant relationship between perceived
intelligence, intention to use artificial intelligence (Pillai & Sivathanu, 2020), and Al
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chatbots for customer purchase (Le, 2023). From these previous findings, the following

hypotheses are proposed:
H6: Perceived intelligence positively affects information usefulness.
H7: Perceived intelligence positively affects trust.
H8: Perceived intelligence positively affects usage intention toward Al chatbots.

As depicted in Figure 1, a postulated model is graphically schematized.

Information
accuracy

Al chatbot usage
Information intention

relevance

Information
usefulness

Information
credibility

Perceived
intelligence

1

1

1

| Al chatbot-related
1 dimension

Al chatbot-based
information value

Figure 1 Hypothetical model.

Source: Authors’ own work
Research Methodology
Measurement

Measurement scales for the constructs were adapted from previous studies to
fit the current Al chatbot context in Vietnam (Cheng et al., 2024; Cheng & Jiang, 2022;
Eren, 2021; Le, 2023; Mostafa & Kasamani, 2022; Silva et al., 2023). Discussion and
literature review were conducted with seven researchers in the field of Information
System (IS) management and e-commerce, as well as five experts in marketing, to
identify problems and refine the measurement scales of the research model. The format

and content validity were carefully scrutinized, leading to minor modifications of
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constructs’ items, including information relevance, information credibility, and perceived
intelligence. Next, a pilot test was conducted with 48 respondents. The results indicated
that Cronbach’s alpha coefficients (a) for all the constructs exceeded the 0.7 benchmark,
ranging from 0.88 (perceived intelligence) to 0.945 (information accuracy) (Hair et al.,

2018). Thus, this survey was deemed suitable for further data collection.

A 5-point Likert scale is used for each question, ranging from 1 - strongly
disagree to 5 - strongly agree. The scale for information accuracy (four items) was
adopted from Filieri et al. (2017); information relevance (four items) was based on Sarkar
and Sarkar (2019); and information credibility (three items) follows Luo et al. (2013).
Similarly, the scale for trust (three items) was adapted from Awad and Ragowsky (2008);
information usefulness (three items) from Sussman and Siegal (2003) and Park (2020);
and perceived intelligence (three items) from Bartneck et al. (2009) and Le (2023).
Finally, the scale for usage intention toward Al chatbots (three items) was applied and
adapted from Davis (1989) and Le (2023). The items used to measure seven constructs
are shown in Table 2.

Data Collection

A web-based survey was designed to gather data using Google Forms. This
technique has been widely accepted in empirical studies on online customer behavior
(Le, 2023; Le, 2025a). The survey encompassed two main parts: (1) four close-ended
questions about respondents’ socio-demographic profile and (2) items of all the
constructs of ELM (including information accuracy, information relevance, information
credibility, and information usefulness), trust, perceived intelligence, and Al chatbot
usage intention. Based on the national language, the English questionnaire was
translated into a Vietnamese questionnaire with the assistance of two Vietnamese
language experts. Then, another expert interpreted the Vietnamese version back into
English to maintain consistency.

The study employed a convenience sampling method due to its benefits,
including cost-effectiveness, time efficiency, and widespread application in empirical 1S
research (Nguyen & Le, 2021). Participants have experienced online purchases and tend
to utilize Al chatbots in online shopping, including students and employees with full-time
and part-time jobs. Participants are typically equipped with knowledge and skills
regarding digital technologies and are inclined to search product-related information for
online purchases via Al chatbots (Le, 2023). Before filling in the questionnaire, we
provided the participants with the research purpose, a short introduction, and a video of
Al chatbots in online purchases. The questionnaire's introduction emphasized the
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anonymity, privacy protection, and confidentiality of participants' responses. The video
was non-offensive and understandable, allowing the participants to understand Al
chatbots and their utilization for online purchases. The survey link was disseminated
through a social media platform (i.e., Facebook). A total of 342 questionnaires were
obtained from June 2022 to August 2022. Responses for each question were thoroughly
scrutinized. Thirty-five inadequate questionnaires were discarded due to missing
answers and data similarity. Consequently, 307 questionnaires (validity rate of 89.77%)
were deemed valid.

The sample characteristics are presented in Table 1. 35.5% of males and
64.5% of females participated in the online survey. Most respondents (78.5%) had
gained a college or university education, followed by 21.5% with a postgraduate
education. Most participants (80.13%) were between 18 and 29 years old. 49.51% were
students, 25.73% had full-time jobs, 19.87% were employed part-time, and 4.89% were
unemployed. Among the respondents, students are well-versed in information technology
and have acquired familiarity and experience with emerging digital technologies like Al
chatbots. They frequently use smart devices and the Internet to search for information

and purchase online (Le, 2023).

Table 1 Respondents’ description

Variable Frequency Percent
Gender

Male 109 35.5
Female 198 64.5
Age

18-24 150 48.86
25-29 96 31.27
230 61 19.87
Education

College/university 241 78.5
Postgraduate 66 215
Occupation

Student 152 49.51
Full-time job 79 25.73
Unemployed 15 4.89

Source: Authors’ own work
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Results

A two-stage analysis approach was conducted to test the hypotheses of the
proposed research model (Anderson & Gerbing, 1988). First, to evaluate the
measurement, the study measured the scale's reliability and validity (i.e., discriminant
and convergent validity) and goodness-of-fit. Second, this study tested the research
model using Structural Equation Modeling (SEM). SEM is a well-acknowledged
technique in marketing and management (Hair et al., 2018). It is a proper statistical
method for explaining marketing phenomena rather than predicting outcome variables
(Steenkamp & Baumgartner, 2000). The data were analyzed by using covariance-based
structural equation modeling (CB-SEM). In this study, CB-SEM is beneficial as the
attention was paid more to theory testing and affirmation than to prediction and theory
development (Hair et al., 2018). CB-SEM allows us to validate the theory of ELM, which
is an essential step to extend the research framework.

Empirical studies can encounter the issue of common method bias (CMB) when
all constructs are measured with the same respondents at the same time. A statistical
step using the Harman single factor (HSF) method should be conducted to assess CMB
on single respondents in the survey. Seven constructs were loaded into a single factor.
The result showed that the HSF value with the principal axis factor is 40.314% of the
explained variance, which is lower than the 50% threshold (Podsakoff et al., 2003).

Consequently, CMB was unlikely to be an issue in the data set.
Reliability Result

The study analyzed exploratory factor analysis (EFA) with 23 variables to test
KMO and Bartlett's test with Promax rotation to confirm the variables' suitability before
performing confirmatory factor analysis (CFA). The results showed KMO = 0.934 (>0.05),
Sig = 0.000, and the total variance extracted reached 71.448%.

To evaluate the reliability, the study recruited Cronbach's Alpha coefficient (a).
Hair et al. (2018) recommended that the a value should be greater than 0.6. The results
showed that the a value of 7 constructs fulfills the benchmark value, ranging from 0.909
to 0.933, therefore presenting good reliability (see Table 3).

Convergent Validity and Discriminant Validity

In the confirmatory factor analysis (CFA), composite reliability (CR) and average
variance extracted (AVE) are the criteria used to test convergent validity. Hair et al.
(2018) stated that CR and AVE should be = 0.7 and = 0.5, respectively. As illustrated in
Table 3, the results showed that CR values (between 0.858 and 0.939) and AVE values
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(between 0.669 and 0.821) satisfy the threshold criteria. Further, standardized loadings
ranged from 0.811 to 0.939, which met the cut-off value 0.6 (Chin, Gopal, & Salisbury,

1997). Thus, the study surpassed the convergent validity.

In the confirmatory factor analysis (CFA), composite reliability (CR) and average

variance extracted (AVE) are the criteria used to test convergent validity. Hair et al.
(2018) stated that CR and AVE should be = 0.7 and = 0.5, respectively. As illustrated in
Table 3, the results showed that CR values (between 0.858 and 0.939) and AVE values
(between 0.669 and 0.821) satisfy the threshold criteria. Further, standardized loadings
ranged from 0.811 to 0.939, which met the cut-off value 0.6 (Chin, Gopal, & Salisbury,

1997). Thus, the study surpassed the convergent validity.

Table 2 Measurement model results

Observation variables Loadings

Information accuracy (Filieri et al., 2017)

ACC1 Information via Al chatbots is accurate 0.89

ACC2 Information via Al chatbots is correct 0.923

ACC3 Information via Al chatbots is precisely 0.905
formulated

ACC4 Information via Al chatbots is thoroughly 0.811
written

Information relevance (Sarkar & Sarkar, 2019)

REL1 Al chatbots meet my needs (e.g., searching 0.867
and shopping)

REL2 | feel that Al chatbots are tools that support 0.865
the collection of necessary information

REL3 Al chatbots are suitable for my habit of 0.879
online information searching

REL4 Using Al chatbots satisfies my information 0.84
needs

Information credibility (Luo et al., 2013)

ICR1 | find that information from Al chatbots is as 0.9
credible as information provided by
employees

ICR2 | find that information from Al chatbots is 0.91

trustworthy
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Table 2 Measurement model results (continued)

Items Observation variables Loadings

ICR3 Information from Al chatbots is as reliable as 0.899
other sources (e.g., websites, social
networks, and m-applications)

Trust (Awad & Ragowsky, 2008)

TRT1 | feel safe when using Al chatbots 0.88

TRT2 | do not need to wait for a long time when | 0.91
make request to Al chatbots

TRT3 Al chatbots do not disclose and share my 0.901
personal information with anyone else

Information usefulness (Sussman & Siegal, 2003), (Park, 2020)

PUS1 | feel that Al chatbot-based information frem 0.887
is very useful

PUS2 Al chatbot-based information helps me make 0.87
purchase decisions quickly

PUS3 Al chatbot-based information helps me make 0.874
purchase decisions effectively

Perceived intelligence (Bartneck et al., 2009), (Le, 2023)

PIN1 Al chatbots are fully equipped information to 0.878
respond to my questions

PIN2 Al chatbots clearly understand and answer 0.939
exactly my question

PIN3 Al chatbots are always ready to assist me 0.887
anytime and anywhere

Usage intention toward Al chatbots (Davis, 1989), (Le, 2023)

uiC1 I will use Al chatbots to search for 0.883
information and solve necessary problems

uic2 | plan to use Al chatbots in the future 0.898

ulC3 I will introduce Al chatbots to other users 0.896

Source: Authors’ own work

Furthermore, the study measured discriminant validity, as proposed by Fornell
and Larcker (1981). A comparison between the calculated square root of AVE and the
correlations between constructs was conducted. The results demonstrated that the

square root of AVE is larger than the correlations of the constructs (see Table 3).
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Consequently, this study ensured the discriminant validity. Additionally, the results from
bootstrapping with 5,000 samples showed that none of the confidence intervals of the
factors contained the value 1 (significance level a = 5%). Therefore, the study achieved

discriminant validity.

Table 3 Discriminant validity, Cronbach’s alpha, CR, and AVE

a AVE CR ACC REL ICR TRT PUS PIN uic

ACC 0933 0.78 0.934 0.883

REL 0.921 0.745 0.921 0.581 0.863

ICR 093 0.815 0.93 0.309 0.407 0.903

TRT 0925 0.805 0.925 0.65 0.609 0.532 0.897

PUS 0909 0.796 0.909 0.647 0.678 0.442 0.714 0.892

PIN 0927 0813 0.929 0.659 0.651 0.378 0.651 0.748 0.902

uiC 0921 0.796 0.921 0.528 0.602 0.391 0.653 0.714 0.757 0.892

Note: ACC= Information accuracy, REL= Information relevance, ICR= Information credibility, TRT=
Trust, PUS= Information usefulness, PIN= Perceived intelligence, UIC= Usage intention toward Al
chatbots.

Source: Authors’ own work
Model Fit

Multiple fit indices were used to assess the model fit, including Chi-square value
and its associated degrees of freedom (x2/df), comparative fit index (CFI), goodness of fit
index (GFI), Tucker-Lewis index (TLI), incremental fit index (IF1), relative fit index (RFI),
normed fit index (NFI), and root mean square error of approximation (RMSEA).
According to Hair et al. (2018), these criteria should satisfy the suggested threshold,
including x2/df < 3; CFI, GFI, TLI, IFI, RFI, and NFI = 0.9; while RMSEA < 0.08 (Table 4).
Results showed that all criteria meet the requirements. Therefore, this study ensured the

goodness-of-fit.
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Table 4 Fitness of research model

Fit Indices Cut-off standard Structural model

x2/df <3 1.335
CFI >20.9 0.989
GFI 209 0.926
TLI >0.9 0.987

IFI >20.9 0.989

RFI 20.9 0.951
NFI >0.9 0.958
RMSEA <0.08 0.033

Source: Authors’ own work
Structural Model

The coefficient of determination (R?) assesses the model quality. The research
model explained 66.8%, 61.2%, and 63.3% of the variables in information usefulness,
trust, and usage intention toward Al chatbots (see Figure 2). Accordingly, the model's
explanatory level is relatively good.

Information accuracy positively affects trust (B = 0.329; p < 0.001) and
information usefulness (B = 0.221; p < 0.001); therefore, Hla and H1lb are supported.
Furthermore, information relevance significantly affects trust (8 = 0.161; p < 0.01) and
information usefulness (B = 0.258; p < 0.01); therefore, H2a and H2b are supported.
Similarly, the study supports H3a and H3b when information credibility positively affects
trust (B = 0.247; p < 0.001) and information usefulness (f = 0.115; p < 0.001).

Furthermore, trust (8 = 0.198; p < 0.01) and information usefulness (§ = 0.237;
p < 0.01) have a significantly positive influence on usage intention toward Al chatbots.
Thus, H4 and H5 are supported. Additionally, perceived intelligence positively influences
information usefulness (B = 0.473; p < 0.001), trust (B = 0.263; p < 0.001), and Al chatbot
usage intention (8 = 0.53; p < 0.001), thereby supporting H6—-H8 (shown in Figure 2 and
Table 5).

168



Le, X.C.,Nguyen, T.H., & Vu, T. T. L. | Thammasat Review | Vol. 28 No. 1 (January-June) 2025

Table 5 Results of hypothesis testing

) Path B t-value p-value Results
Hypothesis o
Coefficient
Hla ACC - TRT 0.329%** 5.135 0.000 Supported
H1b ACC — PUS 0.221%** 3.475 0.000 Supported
H2a REL — TRT 0.161** 2.593 0.010 Supported
H2b REL — PUS 0.258*** 4.087 0.000 Supported
H3a ICR - TRT 0.247** 5.887 0.000 Supported
H3b ICR — PUS 0.115** 2.757 0.006 Supported
H4 TRT — UIC 0.198** 3.153 0.002 Supported
H5 PUS — UIC 0.237** 3.251 0.001 Supported
H6 PIN — PUS 0.473%* 6.367 0.000 Supported
H7 PIN — TRT 0.263*** 3.654 0.000 Supported
H8 PIN — UIC 0.53%* 6.075 0.000 Supported

Note: **p-value < 0.01, ***p-value < 0.001, ACC= Information accuracy, REL= Information
relevance, ICR= Information credibility, TRT= Trust, PUS= Information usefulness, PIN= Perceived

intelligence, UIC= Usage intention toward Al chatbots.

‘ Q 329***
i RZ2=61.2%
Q ***

Information
usefulness

Source: Authors’ own work

Information
accuracy

R’ =63.3%

Al chatbot usage
Information intention

relevance

A

D.53***

Information
credibility

Perceived
intelligence

R’ = 66.8%

Figure 2 Model testing results.

Source: Authors’ own work
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Discussion and Implications
Theoretical implications

The study draws several theoretical contributions. This research confirms the
applicability of the ELM in the context of digital technologies, particularly in explaining
customers’ usage intention toward Al chatbots in Vietnam. Additionally, the study
suggests that perceived intelligence is a pivotal characteristic of Al chatbots and
promotes information usefulness, customer trust, and the intention to embrace Al
chatbots for customer—firm communication and online purchase.

First, this study reveals an insightful mechanism for forming customer trust and
information usefulness toward Al chatbots. Information accuracy serves as a key
motivator of customer trust and information usefulness. These findings are aligned with
preliminary studies (Huo et al., 2018; Shang et al., 2021; Xing & Jiang, 2024). This hints
that when customers perceive Al chatbot-related information as accurate and precise,
they will likely transfer trust and increase their perceptions of information value toward Al
chatbots. Chatbots are designed to replace humans in providing immediate and practical
assistance to customer inquiries. These chatbots address limitations of human
capabilities, such as time constraints, errors, health issues, and complex problem-
solving.

Furthermore, the results reveal that information relevance positively affects both
trust and perceived usefulness of information in Al chatbots. When customers perceive
the information provided by Al chatbots as relevant, they are more likely to express trust
and view Al chatbots as genuinely helpful. When customers seek product-related
information, Al chatbots respond promptly, have real-time conversations, and provide
customized answers. Al chatbots disseminate necessary and timely information,
engaging customers with human employees. This perception of usefulness and trust in
Al chatbots’ ability to provide essential information supports customers’ effective
shopping decisions. These findings are consistent with previous studies (Park, 2020;
Thomas et al., 2019).

Additionally, the results indicate a positive influence of information credibility on
customer trust and information usefulness in Al chatbots. This means that if users
perceive information from Al chatbots as trustworthy, similar in reliability to information
provided by sellers and employees, they will regard information sources as credible and
valuable for online purchase. Al chatbots are designed to represent firms and deliver
accurate, relevant, and credible information using human-like programming.

Consequently, Al chatbots contribute to the credibility of information sources, which is
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crucial for enhancing customers’ trust and perception of information usefulness. These
findings reinforce empirical evidence of previous research (Dung et al., 2021; Huo et al.,
2018; Park, 2020; Zhu et al., 2016).

Second, this study explains usage intention toward Al chatbots through the
positive influence of trust, information usefulness, and perceived intelligence. Among
these factors, perceived intelligence (8 = 0.53; p < 0.001) is of paramount importance in
triggering intention to use Al chatbots, followed by information usefulness (8 = 0.237; p <
0.01) and trust (8 = 0.198; p < 0.01). Intelligence is a vital feature of Al chatbots, enabling
them to handle requests, understand customer needs, respond promptly, and address
complicated issues that might be challenging for humans. Thus, perceived intelligence
strongly promotes customers' engagement in Al chatbots. This finding agrees with the
arguments of earlier studies (e.g., Pillai and Sivathanu (2020)).

Furthermore, information usefulness significantly affects customers' intention to
use Al chatbots. According to previous research (Cu, 2021; Park, 2020), information
usefulness is key in fostering customers' willingness to adopt Al chatbots. Customers
who recognize the benefits of Al chatbots such as timely responses, information quality,
and 24/7 availability — would be more likely to accept and utilize them. Additionally, trust
is an essential predictor of intention to use Al chatbots. Extant studies empirically
substantiated the positive relationship (Chen et al., 2021; Mostafa & Kasamani, 2022;
Nyagadza et al., 2022; Silva et al., 2023). It can be confidently argued that the adoption
of Al chatbots and purchase decisions depend on customer trust in the information
provided. Customers who perceive Al chatbot information as comparable to information
from employees and other sources (e.g., websites, mobile applications, and relatives)
are more likely to trust Al chatbots. Customers who find Al chatbot-based information
different from other sources will pay less attention and lessen their willingness to utilize
Al chatbots.

Practical Implications

Based on the above findings, the study offers several practical suggestions to
trigger customer acceptance of Al chatbots. First, the positive impact of information
accuracy on trust and information usefulness underscores the need for chatbot
developers to focus on improving the functionality related to providing confidential,
objective, and accurate product-related information because customers’ perceptions of
information value are crucial in fostering their readiness to utilize these chatbots in online
purchase (Cheng & Jiang, 2022; Thomas et al., 2019). Additionally, information

relevance, which was shown to facilitate trust and information usefulness, requires Al
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chatbot developers to anticipate and understand customers’ personalized needs,
preferences, and concerns. Firms must provide customers with relevant, up-to-date,
timely, and customized information via Al chatbots. For instance, available information
such as product prices, payment methods, promotions, and customer support services
should be regularly updated. Firms should avoid dispersing a large amount of information
to customers via Al chatbots because the excessive content would diminish information
credibility, customers’ trust, and willingness to utilize Al chatbots and purchase products
(Le, 2023). Furthermore, firms should ensure consistent information displayed across
various communication channels, including social networks, websites, mobile
applications, and Al chatbots. In the present early stages of Al chatbot use in Vietham,
customers may not fully trust information through Al chatbots, leading them to seek out
and compare information from different sources. If customers assess the consistency
and reliability of information across various channels, they are more likely to express
their trust and positive perception of the information value of Al chatbots. Moreover,
practitioners strive to promote Al chatbots’ advantages to target customers (e.g., young
consumers and users with immature online purchase experiences) by creating
opportunities that help them follow their services on a daily basis.

Additionally, technology developers attempt to diversify the communication
modes of text- and voice-based Al chatbots that offer customers customized services.
With Al chatbots being in the embryonic stage, the assistance should be helpful for
customers via FAQs, websites, social media, and even humans. Accordingly, this
supporting integration would enhance customer trust and address technical issues of Al
chatbots in Vietham. Moreover, developers should focus on advancing features such as

human-like understanding and problem-solving capabilities.
Limitations and Future Research

In addition to the above-outlined contributions, the study acknowledges some
limitations and suggests several avenues for future research. First, while Al chatbots are
still in the infant stage in Vietnam, customer coverage will remain low. Consequently,
population representativeness is limited and does not generate the generalization of the
findings. To acquire the more comprehensive understanding of Al chatbot usage
behavior, future research should increase the sample size with diverse participants.
Second, the current research primarily focused on students (with 49.51% of the
respondents) who have gained familiarity with using the Internet and advanced
technologies in the digital transformation context. Future studies should broaden the

survey subjects to include a more diverse range of Al chatbot users, as the demand for
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information searching and online purchases via Al chatbots is rising. Third, while this
study employed the ELM to explicate Al chatbot use intention through integrating both
the central and peripheral routes and Al chatbots’ intelligence, there is room for further
exploration in the domain of Al chatbot usage behavior. Hence, the incorporation of
complementary dimensions from these routes into other Al chatbot characteristics, such
as interactivity, automation, customization, and perceived anthropomorphism, to offer
holistic insights into customers’ behavioral responses toward Al chatbots (Chen et al.,
2021; Cheng et al., 2024; Nyagadza et al., 2022; Yang & Lee, 2019). Lastly, future
research could elucidate the indispensability of Al chatbots by empirically examining the

correlation between usage intention and purchase intention in Al chatbots.
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