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Abstract

Artificial intelligence-based chatbots are increasingly used on e-commerce platforms 
to improve customer interactions and service efficiency, yet their effectiveness in in-
fluencing consumer purchase intentions in emerging markets remains insufficiently 
understood. This study aims to examine how interaction, entertainment, perceived 
enjoyment, service quality, perceived ease of use, trendiness, communication compe-
tence, and credibility influence purchase intention, mediated by customer satisfaction, 
in the context of Tokopedia’s AI chatbot in Indonesia. The study employed a quantita-
tive approach using a structured online survey of 240 Tokopedia users in Yogyakarta 
and Central Java conducted between March and July 2024, and the collected data were 
analyzed using Partial Least Squares Structural Equation Modeling (PLS-SEM). The 
results indicate that communication competence (β = 0.287, p < 0.001), credibility  
(β = 0.254, p < 0.001), and trendiness (β = 0.231, p < 0.01) are the strongest predictors 
of customer satisfaction and indirectly influence purchase intention. Service quality 
(β = 0.214, p < 0.001) and perceived ease of use (β = 0.198, p < 0.01) also significantly 
contribute to satisfaction, while entertainment (β = 0.176, p < 0.05) and perceived 
enjoyment (β = 0.169, p < 0.05) enhance the experiential aspect of chatbot interac-
tion. Satisfaction demonstrates a strong positive effect on purchase intention (β = 0.412,  
p < 0.001), confirming its mediating role in translating chatbot service attributes into 
behavioral outcomes. These findings suggest that effective AI chatbot design should 
integrate functional service quality with relational and experiential communication 
capabilities to strengthen consumer engagement and purchasing behavior on e-com-
merce platforms.
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INTRODUCTION

The advancement of artificial intelligence (AI) has revolutionized digi-
tal customer service, particularly through the deployment of chatbots 
in e-commerce platforms. These AI-powered systems are designed to 
facilitate real-time interaction, address consumer inquiries, resolve 
transactional problems, and provide detailed product information 
with efficiency and speed (Grewal et al., 2021; Na et al., 2021). However, 
despite these technological benefits, AI chatbots still face significant 
barriers in fostering emotional connection, user satisfaction, and ulti-
mately, purchase intention.

A prominent example of this innovation in Indonesia is Tokopedia’s 
chatbot (TANYA), which has been integrated into its mobile and web 
platforms to automate customer support services. As one of the lead-
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ing e-commerce platforms in Indonesia, Tokopedia serves millions of users monthly, and the effective-
ness of TANYA plays a critical role in shaping user experience and behavioral outcomes. However, lo-
cal user behaviors, language nuances, and trust issues with AI-based systems highlight a gap between 
technology deployment and user receptivity in Indonesian contexts.

Previous studies have extensively examined technical dimensions such as perceived ease of use, respon-
siveness, and communication credibility. Nevertheless, few have holistically addressed the combined 
influence of technical (e.g., ease of use, quality of service), hedonic (e.g., entertainment, perceived en-
joyment), and affective (e.g., emotional engagement, satisfaction) dimensions on purchase intention, 
particularly using satisfaction as a central mediating variable. Furthermore, the majority of existing 
research has been conducted in international or tourism-related (Akter et al., 2022; Belanche et al., 2019; 
Beyari & Garamoun, 2022; Chowdhury et al., 2025; Chung et al., 2020), lacking contextual relevance to 
Indonesian e-commerce ecosystems.

Thus, the central scientific problem emerges: AI chatbots are increasingly embedded in digital com-
merce, yet the theoretical and empirical foundations explaining how users in emerging markets inter-
pret, evaluate, and emotionally respond to these interactions remain incomplete. This gap highlights the 
need to conceptualize AI-driven service encounters not only as technical systems but also as socio-psy-
chological phenomena shaped by cultural, communicative, and experiential factors. Building on these 
gaps, the present study proposes an integrated framework explaining how users evaluate AI-powered 
chatbot services in e-commerce. Specifically, the study examines the combined effects of functional at-
tributes (service and information quality, perceived usefulness, and ease of use), experiential attributes 
(interaction, entertainment, and trendiness), and credibility-related attributes (communication com-
petence and credibility) on customer satisfaction and purchase intention. Using Tokopedia’s chatbot 
as the empirical context, this research aims to clarify how these multidimensional factors jointly share 
consumer decision-making in AI-mediated commerce within an emerging digital market.

1. LITERATURE REVIEW  

AND HYPOTHESES

Understanding how users evaluate AI-driven 
chatbot interactions is central to explaining be-
havioral outcomes in conversational commerce. 
In digital environments where human agents are 
replaced by algorithmic systems, interaction qual-
ity becomes the primary interface through which 
users form cognitive and emotional judgments. 
Therefore, examining interaction as a multidi-
mensional construct is essential to achieving the 
study’s objective of explaining satisfaction and 
purchase intention in AI-mediated e-commerce.

Interaction in AI-driven platforms refers to the 
perceived quality of communication and respon-
siveness between users and chatbots, including 
human likeness, empathy, and contextual rel-
evance (Adam et al., 2021; Ghazali et al., 2020). 
Within the SOR framework, interaction serves as a 
stimulus that shapes users’ internal states, such as 
trust, confidence, and comfort, which then influ-

ence behavioral responses like purchase intention 
(Mehrabian & Russell, 1974). High-quality inter-
actions, characterized by responsiveness and per-
sonalization, reduce uncertainty, strengthen en-
gagement, and increase users’ willingness to trans-
act (Prentice et al., 2020). Prior studies show that 
personalized chatbot communication improves 
attitudes and purchase intention (Brandtzaeg & 
Folstad, 2018; Chung et al., 2020), while seamless 
interaction reduces cognitive load and encourages 
transactional behavior (Chen et al., 2023).

On Tokopedia, TANYA’s ability to mimic human 
conversation and provide timely assistance helps 
reduce confusion and supports users’ confidence 
in completing purchases. Interaction quality also 
plays a central role in shaping satisfaction. It re-
flects users’ perceptions of how naturally, accurate-
ly, and meaningfully the chatbot communicates 
(Chen et al., 2023). Studies show that empathetic, 
prompt, and informative responses enhance us-
ers’ evaluations of digital service encounters and 
increase satisfaction (Adam et al., 2021; Prentice 
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et al., 2020). In e-commerce, human-like conver-
sational flow and coherent dialogue improve per-
ceived service quality, reduce frustration, and pro-
mote loyalty (Luo et al., 2019; Mariani et al., 2023). 
For Tokopedia users, real-time and contextually 
relevant responses from TANYA create a relation-
al experience in which users feel heard and sup-
ported, leading to higher satisfaction.

In emerging e-commerce markets, interaction 
quality may carry even greater weight as trust in 
AI technologies develops. When chatbot respons-
es are timely, contextually relevant, and conversa-
tionally smooth, users experience reduced ambi-
guity and greater confidence in decision-making. 
Such interaction characteristics transform chatbot 
engagement from a mechanical exchange into a 
relational experience, thereby strengthening satis-
faction and increasing purchase intention. These 
insights suggest that interaction quality functions 
not only as a technical attribute but also as a psy-
chological catalyst in AI-enabled commerce.

As conversational commerce evolves, user engage-
ment is no longer driven solely by efficiency and 
task completion. Digital platforms increasingly in-
tegrate entertainment elements into service encoun-
ters, transforming transactional exchanges into 
immersive experiences. Within this context, enter-
tainment reflects the extent to which chatbot inter-
actions are perceived as enjoyable, playful, and emo-
tionally stimulating, extending beyond utilitarian 
functionality.

Entertainment refers to the extent to which interac-
tions with AI systems such as chatbots are perceived 
as enjoyable, fun, and emotionally engaging. As digi-
tal commerce increasingly merges with entertain-
ment, hedonic experience becomes a key driver of 
consumer decision-making (Huang & Benyoucef, 
2013). Grounded in the Uses and Gratification (U&G) 
Theory, users actively seek digital interactions that 
fulfil emotional and hedonic needs (Ruggiero, 2000). 
Chatbots enriched with humor, gamified responses, 
emojis, and human-like personality traits stimulate 
enjoyment, reduce stress, and create positive affec-
tive states that elevate purchase intention (Ashfaq et 
al., 2020; Chung et al., 2020). 

Empirical evidence consistently shows that en-
tertaining chatbot interactions enhance user en-

gagement and willingness to purchase (Moriuchi, 
2019; Tsai et al., 2021). Hedonic cues reduce uncer-
tainty and foster emotional connection, making 
entertainment a persuasive stimulus that supports 
consumer decisions. Entertainment is also an im-
portant determinant of satisfaction in AI-driven 
services. Beyond functional performance, users 
value enjoyable and lively interactions that pro-
vide psychological stimulation and human-like 
engagement (Thong et al., 2006). Studies show that 
entertaining elements such as humor, emojis, and 
gamified dialogue improve emotional responses 
and satisfaction (Grewal et al., 2021; Moriuchi, 
2019). In platforms like Tokopedia, such features 
elevate interactions from transactional to effec-
tively rewarding experiences. 

Perceived enjoyment refers to the pleasure and in-
trinsic satisfaction users feel when interacting with 
a system, regardless of performance outcomes 
(Davis et al., 1992). In AI-based e-commerce, en-
joyment emerges as a key experiential factor shap-
ing user satisfaction. Chatbot interactions become 
enjoyable when they are smooth, responsive, and 
enriched with features such as humor, personal-
ized messages, and an empathetic tone, providing 
emotional gratification beyond task completion. 
Aligned with the Technology Acceptance Model 
(TAM), enjoyment functions as an intrinsic mo-
tivator that drives continued technology use (van 
der Heijden, 2004; Venkatesh, 2000).

Empirical evidence shows that higher perceived 
enjoyment increases satisfaction and sustained 
usage (Chung et al., 2020; Moriuchi, 2019; Tsai 
et al., 2021). In Indonesia’s e-commerce setting, 
enjoyable interactions – such as those offered by 
Tokopedia’s TANYA chatbot through friendly 
language and real-time responses – enhance emo-
tional engagement and elevate user evaluations of 
the service. Thus, enjoyment acts as an emotional 
amplifier, transforming user experience from sim-
ple acceptance to genuine delight.

In the Indonesian e-commerce context, where us-
ers often seek efficiency coupled with emotional 
engagement, perceived enjoyment plays a decisive 
role in evaluating chatbot services. Tokopedia’s 
TANYA chatbot, for example, may incorporate us-
er-friendly dialogues, relatable language, and real-
time responses that foster enjoyable interactions. 
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When such experiences align with users’ expecta-
tions for convenience and entertainment, the re-
sult is greater satisfaction with the overall service. 
In this sense, enjoyment serves as an emotional 
amplifier, elevating user perception from mere ac-
ceptance to delight.

Service quality remains a foundational determi-
nant of customer evaluation across service set-
tings, including digital and AI-mediated environ-
ments. In conversational commerce, where hu-
man agents are replaced by algorithmic systems, 
perceived service quality becomes the primary 
benchmark through which users assess platform 
reliability. While traditional service quality mod-
els emphasize reliability, responsiveness, assur-
ance, and empathy, digital contexts require an ex-
panded interpretation that incorporates response 
speed, informational accuracy, contextual adapt-
ability, and consistency in automated communica-
tion (Grewal et al., 2021; Parasuraman et al., 1988).

Quality of service (QoS) is a key determinant of 
user experience and satisfaction in digital envi-
ronments, including AI-based chatbots. In this 
context, QoS reflects the chatbot’s ability to de-
liver fast, accurate, and contextually appropriate 
responses (Grewal et al., 2021; Parasuraman et al., 
1988). High-quality chatbot service – marked by 
clarity, relevance, and responsiveness – reduces 
user uncertainty, builds trust, and enhances satis-
faction (Chatterjee et al., 2020; Chung et al., 2020). 

Empirical studies show that prompt, consistent, 
and personalized chatbot responses significant-
ly improve satisfaction (Melián-González et al., 
2021; Pillai & Sivathanu, 2020). When AI systems 
perform at a level comparable to human agents, 
users often report even higher satisfaction due to 
reduced friction and quicker issue resolution. In 
emerging digital markets like Indonesia, where 
trust in AI is still developing, consistent service 
quality plays an even more critical role. Effective 
chatbot performance – through clear commu-
nication and strong problem-solving ability – 
strengthens user confidence and directly enhanc-
es satisfaction (Yun & Park, 2022).

Taken together, these insights position service 
quality as both a functional and relational deter-
minant within AI-driven commerce. It not on-

ly directly shapes satisfaction but also indirectly 
supports behavioral intention by stabilizing users’ 
perceptions of reliability and competence. In chat-
bot-based environments, maintaining high ser-
vice quality is therefore not merely an operational 
requirement but a strategic condition for sustain-
ing customer engagement.

Beyond interaction and service performance, the 
informational value delivered by AI chatbots plays 
a decisive role in shaping user evaluations. In digi-
tal commerce, where purchase decisions often 
rely heavily on mediated communication, the ac-
curacy and clarity of information become critical 
determinants of satisfaction. Information quality 
refers to the degree to which chatbot responses are 
precise, relevant, timely, complete, and contextu-
ally appropriate. When users perceive information 
as reliable and meaningful, they are more likely to 
feel confident in their decision-making.

The quality of information (QoI) is essential to 
shaping user satisfaction in AI-based e-com-
merce services. QoI reflects the accuracy, rele-
vance, timeliness, and completeness of informa-
tion provided by chatbots (Prentice et al., 2020; 
Yun & Park, 2022). According to the Information 
Systems Success Model (Delone & McLean, 2003), 
high-quality information increases user trust, re-
duces ambiguity, and enhances satisfaction – es-
pecially when responses are clear, context-appro-
priate, and helpful (Alalwan et al., 2020).

Empirical research in chatbot and digital ser-
vice contexts confirms that structured, personal-
ized, and context-sensitive information signifi-
cantly enhances user trust and overall experience 
(Alzahrani & Seth, 2021; Chatterjee et al., 2020). 
Conversely, vague or inconsistent information 
leads to frustration and lowers platform credibil-
ity. In platforms like Tokopedia, accurate prod-
uct details, transaction updates, and personal-
ized FAQs enhance user evaluation of the service 
(Pillai & Sivathanu, 2020). This dynamic aligns 
with Expectation-Confirmation Theory, which 
posits that satisfaction increases when perceived 
performance meets or exceeds prior expectations 
(Bhattacherjee, 2001). In conversational com-
merce, confirmation occurs not only through task 
completion but also through the informational 
adequacy of chatbot responses.
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Taken together, information quality operates as 
both a cognitive stabilizer and a trust-building 
mechanism in AI-driven e-commerce. By reducing 
uncertainty and enhancing decision clarity, high-
quality information increases satisfaction and users’ 
willingness to proceed with transactions. Therefore, 
in chatbot-mediated environments, informational 
precision is not merely supportive but foundational 
to positive behavioral outcomes.

While interaction quality and informational ac-
curacy shape users’ experiential evaluations, per-
ceived usefulness captures the instrumental value 
of AI chatbot systems. In digital commerce, useful-
ness reflects the extent to which users believe that 
chatbot interactions improve efficiency, simplify 
tasks, and facilitate decision-making. Within the 
Technology Acceptance Model (TAM), perceived 
usefulness represents a central determinant of user 
evaluation, linking functional performance to be-
havioral outcomes.

Perceived usefulness (PU), a core construct of the 
Technology Acceptance Model (1989), refers to the 
extent to which users believe a system enhances 
their task performance. In AI-powered e-com-
merce chatbots, PU reflects users’ perceptions of 
how helpful, efficient, and valuable the chatbot is 
in supporting activities such as product search, in-
quiry handling, and customer assistance (Alalwan 
et al., 2020). Prior studies consistently show that 
when users perceive AI systems as improving effi-
ciency, saving time, and providing relevant infor-
mation, their satisfaction increases (Alzahrani & 
Seth, 2021; Chatterjee et al., 2020).

On platforms like Tokopedia, chatbots such as 
TANYA enhance satisfaction by reducing friction 
and offering meaningful assistance, thereby rein-
forcing the emotional value of the service (Xie et al., 
2024). Based on Expectation-Confirmation Theory 
(Bhattacherjee, 2001), satisfaction arises when us-
ers’ expectations of usefulness are met or exceeded; 
failure to meet these expectations leads to dissat-
isfaction. Recent evidence further confirms PU as 
a strong predictor of satisfaction with AI interac-
tions, particularly among users seeking fast, con-
textually relevant support (Alshammari & Babu, 
2025; Yun & Park, 2022). Thus, optimizing per-
ceived usefulness is essential to enhancing overall 
user experience in AI-driven customer service.

However, in contemporary conversational com-
merce, usefulness alone may not be sufficient to 
explain behavioral intention. Compared to ear-
lier technology adoption settings where utilitarian 
value dominated, AI chatbot environments blend 
functional utility with experiential and symbolic 
dimensions. Thus, perceived usefulness remains a 
necessary foundation for satisfaction, but it inter-
acts with entertainment, credibility, and interaction 
quality to shape purchase intention. In this sense, 
usefulness functions as a cognitive anchor within a 
broader multidimensional evaluation process.

Taken together, these arguments suggest that op-
timizing perceived usefulness is essential for sus-
taining satisfaction in AI-driven e-commerce. Yet 
its influence must be understood as part of an in-
tegrated framework in which efficiency, emotional 
engagement, and trust collectively determine be-
havioral outcomes.

In addition to usefulness, the perceived simplic-
ity of interacting with AI systems plays a crucial 
role in shaping user evaluation. In conversational 
commerce environments, ease of use reflects how 
intuitive, clear, and effortless chatbot interac-
tions feel. When users can navigate conversations 
smoothly, receive understandable responses, and 
complete tasks without confusion, they are more 
likely to evaluate the system positively.

Within the Technology Acceptance Model, per-
ceived ease of use functions as a cognitive precur-
sor that lowers effort expectancy and enhances 
system acceptance. Perceived ease of use (PEOU) 
refers to the extent to which users believe a tech-
nology is effortless to operate (Davis, 1989). In AI-
powered chatbot contexts, ease of use is evident in 
streamlined dialogue structures, rapid response 
times, and minimal need for repeated clarification. 
When interactions require little cognitive effort, us-
ers experience reduced frustration and greater con-
fidence in system performance. Empirical research 
in digital services consistently shows that intuitive 
interfaces and frictionless processes contribute to 
higher satisfaction and more favorable behavioral 
intentions (Lynn et al., 2020; Yun & Park, 2022).

Beyond functional efficiency, ease of use also car-
ries psychological implications. Effortless interac-
tion enhances perceived control and lowers tech-
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nology-related anxiety, especially in AI-mediated 
environments where users may initially feel un-
certainty. Studies in e-commerce and e-banking 
settings indicate that user-friendly systems foster 
trust and positive affective responses, reinforc-
ing satisfaction (Almansour & Elkrghli, 2023; 
Alshammari & Babu, 2025; Yun & Park, 2022). 
This suggests that ease of use not only reduces op-
erational complexity but also enhances emotional 
comfort during digital interactions.

However, in contemporary AI chatbot services, 
ease of use operates alongside other experiential 
and credibility-based drivers. While earlier tech-
nology adoption research often positioned ease of 
use as a dominant predictor of behavioral inten-
tion, its role in conversational commerce appears 
more complementary. It stabilizes the user expe-
rience by minimizing friction, thereby enabling 
other factors – such as entertainment, interac-
tion quality, and perceived usefulness – to exert 
stronger influence on satisfaction and purchase 
intention.

Taken together, perceived ease of use contributes 
to satisfaction by aligning both functional con-
venience and psychological comfort. In chatbot-
based e-commerce settings, intuitive and seamless 
interaction is therefore a necessary condition for 
sustaining positive evaluations and encouraging 
continued engagement.

As digital commerce evolves within fast-changing 
technological and cultural landscapes, users in-
creasingly evaluate platforms not only on perfor-
mance but also on perceived modernity. Trendiness 
reflects the extent to which a digital service appears 
current, innovative, and aligned with prevailing 
social and technological norms. In AI-mediated 
environments, this perception can shape user at-
titudes by signaling advancement, relevance, and 
forward-thinking capability. Trendiness refers to 
the extent to which users perceive a digital service 
or AI-based technology as modern, fashionable, 
and aligned with current technological and social 
trends (Vahdat et al., 2021).

Perceptions of modernity are particularly salient 
among digitally native consumers, who often as-
sociate contemporary interface design with tech-
nological sophistication and social status. When 

chatbot systems incorporate adaptive responses, 
informal conversational styles, personalized ava-
tars, or culturally resonant expressions, they may 
be perceived as more aligned with ongoing digital 
trends. Such perceptions generate positive affect 
and reinforce users’ sense of belonging to techno-
logically progressive communities (Chung et al., 
2020; Foroudi et al., 2018). In this sense, trendi-
ness operates as a symbolic cue that extends be-
yond functionality (Chung et al., 2020; Foroudi et 
al., 2018).

In e-commerce settings, chatbots perceived as 
trendy – through features such as personalized av-
atars, informal conversation styles, emojis, or AI-
driven adaptive responses – enhance both func-
tional and hedonic value, increasing emotional 
engagement and satisfaction (Haugeland et al., 
2022; Jiang et al., 2022). Trendiness also strength-
ens consumer identity signaling and symbolic 
consumption, which can increase purchase inten-
tion, particularly among digital-native (Islam et 
al., 2018). In the context of Tokopedia’s TANYA 
chatbot, elements such as sleek design, localized 
humor, or TikTok-style summaries can create a 
sense of modernity that improves satisfaction and 
supports purchase intention by making the plat-
form appear technologically advanced and cultur-
ally relevant.

However, trendiness should not be interpreted as a 
superficial design attribute. Its influence emerges 
when modernity signals technological advance-
ment and cultural alignment. In chatbot-medi-
ated e-commerce, elements such as sleek conver-
sational flow, culturally contextualized humor, 
or dynamic summaries can enhance perceived 
platform innovation. Consequently, trendiness 
functions as a symbolic driver within the broader 
evaluation framework, complementing functional 
and experiential determinants of satisfaction and 
behavioral intention.

Taken together, these insights suggest that per-
ceived trendiness strengthens satisfaction and 
purchase intention by enhancing emotional en-
gagement and reinforcing perceptions of techno-
logical sophistication. In AI-driven commerce, 
staying current is not merely aesthetic – it is stra-
tegically linked to user evaluation and competitive 
positioning.
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In AI-mediated service environments, commu-
nication becomes the primary channel through 
which users interpret system capability and reli-
ability. Unlike human interactions, where non-
verbal cues contribute to meaning, chatbot en-
counters rely almost entirely on linguistic clarity 
and conversational coherence. Communication 
competence, therefore, reflects the extent to which 
an AI system conveys information clearly, ap-
propriately, and contextually, while maintaining 
a natural conversational flow. Communication 
competence refers to a chatbot’s perceived ability 
to communicate clearly, appropriately, and effec-
tively, demonstrated through accurate responses, 
contextual understanding, and coherent conver-
sational flow (Huang & Rust, 2021).

Within Computer-Mediated Communication 
theory, effective digital interaction depends on 
the system’s ability to simulate socially appropri-
ate cues in text-based exchanges. When chatbot 
responses demonstrate contextual understand-
ing, politeness, adaptive phrasing, and coherent 
dialogue structure, users are more likely to per-
ceive the interaction as credible and professionally 
managed (Melián-González et al., 2021). In con-
trast, rigid, repetitive, or templated responses may 
signal technological limitations, thereby weaken-
ing user confidence.

When chatbots deliver clear and empathetic re-
sponses, users experience reduced frustration, 
stronger trust, and a greater sense of being under-
stood – producing higher satisfaction (Grewal et 
al., 2021). Empirical studies consistently support 
this relationship, showing that communicatively 
fluent AI agents enhance emotional satisfaction 
more than rigid, template-based systems (Prentice 
et al., 2020; Wang et al., 2023). Communication 
competence also signals professionalism and tech-
nological maturity, strengthening platform cred-
ibility and fostering user loyalty (Chung et al., 
2020). 

In Tokopedia’s context, personalized and con-
text-aware replies improve the experience across 
simple and complex queries. Beyond satisfaction, 
communication competence reduces uncertainty 
and enhances the perceived credibility of infor-
mation, making users more confident in making 
purchase decisions (Chung et al., 2020). Research 

shows that effective, fluent communication in-
creases consumer engagement and behavioral 
intention by reinforcing perceived service qual-
ity and trust (Wang et al., 2023). When chatbots 
communicate clearly, accurately, and persuasively, 
users feel more assured and more willing to com-
plete a transaction.

Taken together, communication competence 
functions as a stabilizing mechanism within the 
broader evaluation framework. It strengthens sat-
isfaction by enhancing clarity and relational com-
fort, while simultaneously supporting behavioral 
intention through improved trust and reduced 
uncertainty. In conversational commerce, there-
fore, communication is not merely a delivery 
mechanism but a strategic determinant of user en-
gagement and transactional outcomes.

In AI-mediated commerce, credibility functions 
as a fundamental cognitive anchor that shapes 
how users evaluate automated service encoun-
ters. When interactions are mediated by algorith-
mic systems rather than human agents, users rely 
heavily on cues signaling reliability, competence, 
and transparency. Credibility, therefore, reflects 
the extent to which a chatbot is perceived as trust-
worthy, accurate, and dependable in delivering in-
formation and guidance.

Credibility refers to users’ perception that a chat-
bot is trustworthy, competent, and reliable in de-
livering accurate information. In AI-mediated 
e-commerce, credibility strongly shapes users’ 
cognitive and emotional evaluations of the ser-
vice (Garcés-Conejos Blitvich et al., 2019). When 
chatbot responses are consistent, accurate, and 
transparent, users experience reduced anxiety and 
greater confidence, which increases satisfaction 
(Prentice et al., 2020). Research shows that credi-
ble chatbots enhance trust, perceived informative-
ness, and users’ sense of control, thereby lowering 
perceived risk (Chatterjee et al., 2020; Huang & 
Benyoucef, 2013). 

This aligns with the Elaboration Likelihood Model, 
in which credible sources foster greater message 
acceptance. Beyond satisfaction, credibility also 
drives behavioral intention. In the absence of hu-
man assurance, credible chatbots help users feel 
secure about product quality and transaction safe-
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ty, increasing the likelihood of purchase (Akter 
et al., 2022; Almansour & Elkrghli, 2023). For 
Tokopedia’s TANYA, credible communication 
can reduce uncertainty and strengthen users’ 
willingness to complete purchases.

Beyond influencing satisfaction, credibility di-
rectly supports purchase intention by reinforc-
ing perceived transaction safety. In the absence 
of human reassurance, credible AI systems serve 
as substitutes for interpersonal trust. When users 
believe that chatbot responses are accurate and 
professionally managed, they feel more secure 
completing purchases. Consequently, credibility 
acts as a risk-reduction mechanism within AI-
driven e-commerce, strengthening both attitudi-
nal and behavioral outcomes.

Taken together, credibility constitutes a relation-
al determinant that stabilizes user evaluation in 
conversational commerce. It complements func-
tional performance and experiential appeal by 
providing the trust foundation necessary for sat-
isfaction and transactional commitment.

In digital commerce, customer satisfaction is a 
pivotal evaluative outcome linking user percep-
tions to behavioral intention. In AI-mediated en-
vironments, satisfaction reflects a comprehensive 
judgment formed through both cognitive apprais-
al and affective response. Rather than arising from 
a single attribute, it emerges from users’ overall as-
sessment of whether the chatbot experience meets 
functional needs, emotional expectations, and re-
lational standards. Customer satisfaction is a cen-
tral predictor of behavioral intention in both tra-
ditional and digital marketing. In AI-enabled e-
commerce platforms, such as Tokopedia’s chatbot, 
satisfaction reflects users’ emotional and cognitive 
evaluations of the service experience. When chat-
bot performance meets or exceeds expectations, 
users show a higher willingness to proceed with 
purchases (Anderson & Srinivasan, 2003; Oliver, 
1999).

Prior research consistently shows that satisfac-
tion increases purchase intention across digital 
interfaces, including AI systems (Ashraf et al., 
2014; Hsu et al., 2012). Users who are satisfied 
with chatbot interactions demonstrate greater 
trust, loyalty, and readiness to transact (Alalwan 

et al., 2020; Chatterjee et al., 2020). Satisfaction 
in AI-driven environments is shaped by factors 
such as usefulness, ease of use, credibility, and 
interaction quality (Garcés-Conejos Blitvich et 
al., 2019). Guided by Expectation-Confirmation 
Theory, satisfaction emerges when users’ expec-
tations are confirmed during actual use, thereby 
strengthening purchase intention (Bhattacherjee, 
2001). In Tokopedia’s context, seamless and re-
sponsive chatbot interactions reduce psychologi-
cal distance and enhance users’ likelihood of 
completing transactions.

Importantly, satisfaction does more than reflect 
short-term contentment; it reduces the psycho-
logical distance between the user and the plat-
form. When chatbot interactions are seamless 
and reassuring, users perceive lower risk and 
greater confidence in transaction outcomes 
(Chatterjee et al., 2020). As a result, satisfaction 
serves as both an emotional outcome and a be-
havioral catalyst, translating multidimensional 
evaluations into purchase intention.

Taken together, customer satisfaction occupies a 
central mediating position in AI-driven e-com-
merce models. It consolidates functional perfor-
mance, experiential appeal, and relational trust 
into a unified evaluative judgment that ultimate-
ly shapes transactional behaviour.

Taken together, the reviewed literature indicates 
that user evaluation of AI-powered chatbots in 
e-commerce is shaped by an integrated constel-
lation of functional, experiential, and relational 
drivers. Functional attributes such as service 
quality, information quality, perceived useful-
ness, and ease of use form the cognitive basis 
for assessing system performance. Experiential 
elements, including interaction quality, enter-
tainment, and trendiness, enrich engagement by 
eliciting affective responses and imbuing it with 
symbolic value. Relational determinants, par-
ticularly communication competence and cred-
ibility, reinforce trust and reduce perceived risk 
in AI-mediated exchanges. These dimensions 
operate collectively and converge into customer 
satisfaction as a central evaluative mechanism. 
Satisfaction subsequently serves as the primary 
pathway by which multidimensional perceptions 
translate into purchase intention.
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This study aimed to examine how functional, ex-
periential, and credibility-related attributes of AI-
powered chatbots influence customer satisfaction 
and purchase intention within Indonesia’s e-com-
merce environment. 

After conducting a literature review, the hypoth-
eses can be formulated as follows:

H1: Interaction positively influences purchase 
intention.

H2: Interaction positively influences satisfaction.

H3: Entertainment positively influences pur-
chase intention.

H4: Entertainment positively influences 
satisfaction.

H5: Perceived enjoyment positively influences 
satisfaction.

H6: Quality of service positively influences 
satisfaction

H7: Quality of information positively influences 
satisfaction.

H8: Perceived usefulness positively influences 
satisfaction.

H9: Perceived ease of use positively influences us-
er satisfaction.

H10: Trendiness positively influences user 
satisfaction.

H11: Trendiness positively influences purchase 
intention.

H12: Communication competence positively influ-
ences satisfaction.

H13: Communication competence positively influ-
ences purchase intention.

Figure 1. Research model
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H14: Credibility positively influences satisfaction.

H15: Credibility positively influences purchase 
intention

H16: Satisfaction positively influences purchase 
intention.

The literature review has generated 16 hypotheses, 
leading to the research model shown in Figure 1.

2. METHODOLOGY

This study employed a quantitative research ap-
proach to examine how AI-powered chatbot at-
tributes influence customer satisfaction and pur-
chase intention in Indonesia’s e-commerce envi-
ronment. The proposed model integrates three 
categories of determinants: functional attributes 
(service quality, information quality, perceived 
usefulness, and perceived ease of use), experien-
tial attributes (interaction quality, entertainment, 
perceived enjoyment, and trendiness), and credi-
bility-related attributes (communication compe-
tence and credibility). Customer satisfaction was 
positioned as a mediating variable linking these 
attributes to purchase intention. The concep-
tual framework builds on established theories in 
technology adoption and digital service interac-
tion, including the Technology Acceptance Model 
(TAM), the Stimulus–Organism–Response (SOR) 
framework, and service quality theory (Gursoy et 
al., 2019).

Measurement items were adapted from estab-
lished scales: trust and personalization (Prentice 
et al., 2020), perceived convenience (Collier & 
Kimes, 2013), service quality (Chung et al., 2020), 
perceived sacrifice (Parasuraman et al., 1988), AI 
familiarity (Chen et al., 2023), and customer ex-
perience (Lemon & Verhoef, 2016). All items used 
a five-point Likert scale ranging from 1 (strongly 
disagree) to 5 (strongly agree). A pilot test with 30 
respondents was conducted to validate the clarity 
and reliability of the items before they were dis-
tributed on a large scale.

To collect empirical data, a structured online 
questionnaire was distributed to e-commerce con-
sumers in four urban centers within Yogyakarta 

and Central Java: Yogyakarta City, Surakarta, 
Magelang, and Semarang. These cities represent 
growing digital ecosystems with increasing chat-
bot usage in platforms like Shopee and Tokopedia 
(Lengkong et al., 2021). A purposive sampling 
technique was applied. Respondents were re-
quired to have interacted with a Tokopedia chat-
bot. Have done so within the previous six months. 
A minimum target sample of 250 respondents 
was determined based on PLS-SEM estimation 
requirements. After screening for incomplete re-
sponses, patterned answers, and extreme response 
times, only valid questionnaires were retained for 
analysis.

The study targeted a minimum of 250 valid re-
sponses, consistent with guidelines for Partial 
Least Squares Structural Equation Modeling 
(PLS-SEM), where sample sizes should be 10 times 
the largest number of structural paths pointing 
at a construct (Sarstedt et al., 2021). Data were 
analyzed using SmartPLS 4 software. The model 
assessment included outer loadings, Cronbach’s 
Alpha, Composite Reliability (CR), and Average 
Variance Extracted (AVE) for evaluating reliabil-
ity and convergent validity. Discriminant valid-
ity was assessed using the Fornell-Larcker crite-
rion and the HTMT ratio. Path coefficients were 
tested using bootstrapping (n = 5,000 subsamples) 
to evaluate hypothesis significance (Sarstedt et al., 
2021, 2022). The analysis followed a two-step ap-
proach. First, the measurement model was evalu-
ated by assessing indicator reliability, internal con-
sistency reliability, convergent validity, and dis-
criminant validity. Second, the structural model 
was assessed by examining path coefficients, ex-
plained variance (R2), and predictive relevance. 
Hypotheses were tested using bootstrapping with 
5,000 resamples to determine statistical signifi-
cance. Mediation effects were examined through 
indirect path analysis, while the moderation ef-
fects of AI familiarity were tested using interac-
tion terms within the PLS framework.

To minimize common method bias, procedural 
remedies were implemented, including assurances 
of anonymity, the separation of predictor and cri-
terion constructs in the questionnaire, and varied 
item wording. Statistically, Harman’s single-factor 
test indicated that no single factor accounted for 
the majority of variance. Additionally, full collin-
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earity Variance Inflation Factors (VIF) were ex-
amined and found to be below the recommended 
threshold, suggesting that common method bias 
was unlikely to threaten the results. Non-response 
bias was assessed by comparing early and late re-
spondents using independent sample t-tests. No 
significant differences were observed, indicating 
that non-response bias was not a serious concern.

Participation in the study was voluntary. 
Respondents were informed about the purpose 
of the research and assured that their responses 
would remain anonymous and confidential. No 
personally identifiable information was collected.

3. RESULTS AND DISCUSSION

The outer model results, presented in Table 1, re-
veal that all indicator loadings exceed the mini-
mum acceptable threshold of 0.70, confirming 
excellent indicator reliability across constructs. 
This implies that each manifest variable contrib-
utes meaningfully to measuring its correspond-

ing latent variable. These results validate that the 
constructs have been operationalized using robust 
and reflective indicators that meet the standards 
recommended by (Hair et al., 2019). Such high 
loadings enhance confidence that the measure-
ment model adequately captures the theoretical 
constructs under investigation, particularly in the 
context of AI-driven chatbot usage in e-commerce.

In Table 2, internal consistency and convergent 
validity are assessed using Cronbach’s Alpha, 
Composite Reliability (CR), and Average Variance 
Extracted (AVE). All Cronbach’s Alpha values are 
above 0.70, indicating satisfactory reliability, while 
CR values exceed 0.80 for all constructs, indicat-
ing high internal consistency. Additionally, all 
AVE values are above the recommended threshold 
of 0.50, confirming that each latent variable ex-
plains more than half the variance of its indica-
tors. These findings affirm the convergent validity 
of the constructs, meaning that the items intended 
to measure a construct indeed share a high pro-
portion of variance.

Table 1. Outer loading

COMPET CREDIB CUSAT ENTER INTER PE PEOU PU PURINT
QUAL 

INFO

QUAL

SERV
TREND

COMPET1 0.974

COMPET2 0.963

COMPET3 0.984

CREDIB1 0.982

CREDIB2 0.966

CREDIB3 0.960

CREDIB4 0.973

CUSAT1 0.981

CUSAT2 0.958

CUSAT3 0.974

CUSAT4 0.946

CUSAT5 0.975

CUSAT6 0.953

ENTER1 0.966

ENTER2 0.969

ENTER3 0.977

ENTER4 0.976

INTER1 0.919

INTER2 0.944

INTER3 0.960

INTER4 0.941

PE1 0.987

PE2 0.987

PE3 0.976

PE4 0.978

PEOUI1 0.959
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Table 2. Measurement model reliability  

and validity

Variables 
Cronbach’s 

Alpha

Composite 

Reliability

Average 

Variance 

Extracted (AVE)

COMPET 0.973 0.982 0.948

CREDIB 0.979 0.985 0.941

CUSAT 0.985 0.988 0.931

ENTER 0.981 0.986 0.945

INTER 0.957 0.969 0.885

PE 0.988 0.991 0.965

PEOU 0.964 0.977 0.933

PU 0.973 0.980 0.924

PURINT 0.984 0.988 0.941

QUALINFO 0.991 0.994 0.975

QUALSERV 0.986 0.990 0.972

TREND 0.980 0.985 0.943

Discriminant validity was evaluated to confirm 
that each construct is empirically distinct from 
the others in the model. Table 3 presents the 
cross-loading values of all measurement items on 
their respective constructs, in accordance with 
the Fornell-Larcker criterion. For discriminant 
validity to be established, an indicator’s loading 
on its assigned construct should be higher than 

its loadings on any other construct. The results 
indicate that all items exhibit their highest load-
ing on the intended construct. For example, the 
item COMPET1 loads more strongly on COMPET 
(0.988) than on any other constructs, such as 
CREDIB (0.937) or CUSAT (0.962). Similarly, PE2 
shows a strong loading of 0.991 on PE compared 
to other constructs, such as CUSAT (0.948) or 
QUALINFO (0.929). These patterns are consis-
tently observed across all constructs and items in 
the model.

Furthermore, constructs that are conceptually re-
lated – such as QUALSERV and QUALINFO, or 
PEOU and PU – demonstrate high intercorrela-
tions, yet discriminant validity is still maintained 
as item loadings are significantly higher on their 
respective latent variables than on these related 
constructs. This ensures that while the constructs 
may be theoretically interlinked, they remain sta-
tistically distinct.

Discriminant validity was first tested using the 
Fornell-Larcker criterion, as shown in Table 4. The 
square root of AVE for each construct is greater 

COMPET CREDIB CUSAT ENTER INTER PE PEOU PU PURINT
QUAL 

INFO

QUAL

SERV
TREND

PEOUI2 0.959

PEOUI3 0.980

PU1 0.964

PU2 0.974

PU3 0.951

PU4 0.956

PURINT1 0.972

PURINT2 0.975

PURINT3 0.968

PURINT4 0.953

PURINT5 0.982

QUALINFO1 0.990

QUALINFO2 0.985

QUALINFO3 0.991

QUALINFO4 0.984

QUALSERV1 0.990

QUALSERV2 0.980

QUALSERV3 0.987

TREND1 0.957

TREND2 0.979

TREND3 0.972

TREND4 0.976

Notes: COMPET: Communication competence; CREDIB: Credibility; CUSAT: Customer Satisfaction; ENTER: Entertainment; IN-
TER: Interaction; PE: Perceived Enjoyment; PEOU: Perceived Ease of Use; PU: Perceived Usefulness; PURINT: Purchase Inten-
tion; QUALINFO: Quality of Information; QUALSERV: Quality of Service; TREND: Trendiness.

Table 1 (cont.). Outer loading
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than the inter-construct correlations, thereby 
meeting the criterion for discriminant validity 
(Fornell & Larcker, 1981). This confirms that each 
construct is empirically distinct from the others. 

Complementing this, Table 5 reports the HTMT 
(Heterotrait-Monotrait) ratios, which further 

strengthen the evidence for discriminant validity. 
All HTMT values are below the most conserva-
tive threshold of 0.85, ensuring that none of the 
constructs conceptually overlap. Together, the 
Fornell-Larcker and HTMT analyses confirm the 
robustness and separability of constructs within 
the measurement model.

Table 3. Discriminant validity

COMPET CREDIB CUSAT ENTER INTER PE PEOU PU PURINT QUALINFO QUALSERV TREND

COMPET1 0.988 0.937 0.962 0.945 0.882 0.965 0.897 0.890 0.930 0.919 0.937 0.950

COMPET3 0.988 0.941 0.957 0.935 0.888 0.957 0.911 0.937 0.961 0.946 0.959 0.982

CREDIB2 0.902 0.977 0.878 0.873 0.931 0.907 0.973 0.883 0.932 0.955 0.921 0.911

CREDIB4 0.955 0.979 0.931 0.934 0.920 0.964 0.932 0.893 0.929 0.951 0.948 0.936

CUSAT3 0.951 0.905 0.982 0.928 0.854 0.924 0.897 0.938 0.946 0.914 0.959 0.957

CUSAT4 0.933 0.890 0.973 0.957 0.843 0.928 0.862 0.888 0.893 0.868 0.904 0.918

CUSAT5 0.969 0.924 0.984 0.928 0.866 0.944 0.900 0.898 0.945 0.912 0.956 0.955

ENTER1 0.926 0.903 0.932 0.987 0.878 0.951 0.867 0.925 0.887 0.880 0.885 0.928

ENTER3 0.952 0.922 0.956 0.987 0.865 0.956 0.872 0.939 0.908 0.899 0.909 0.963

 INTER1 0.838 0.887 0.810 0.845 0.959 0.884 0.877 0.829 0.826 0.856 0.829 0.835

INTER4 0.884 0.933 0.866 0.854 0.966 0.901 0.940 0.862 0.912 0.924 0.910 0.884

PE1 0.963 0.954 0.940 0.947 0.921 0.991 0.917 0.919 0.944 0.931 0.937 0.947

PE2 0.970 0.952 0.948 0.956 0.908 0.991 0.911 0.929 0.945 0.929 0.938 0.961

PE4 0.945 0.927 0.927 0.958 0.917 0.979 0.893 0.932 0.904 0.904 0.904 0.946

PEOU1 0.878 0.950 0.861 0.855 0.933 0.894 0.979 0.867 0.906 0.926 0.903 0.883

PEOU3 0.915 0.959 0.913 0.872 0.921 0.909 0.982 0.891 0.959 0.971 0.964 0.918

PU2 0.927 0.909 0.929 0.945 0.870 0.937 0.895 0.986 0.927 0.920 0.921 0.961

PU4 0.894 0.882 0.898 0.916 0.862 0.914 0.873 0.985 0.893 0.886 0.901 0.921

PURINT1 0.934 0.944 0.929 0.890 0.902 0.923 0.950 0.901 0.989 0.962 0.955 0.944

PURINT2 0.938 0.941 0.923 0.896 0.897 0.932 0.940 0.907 0.991 0.950 0.942 0.951

PURINT5 0.965 0.936 0.956 0.911 0.884 0.943 0.931 0.929 0.985 0.952 0.975 0.958

QUALINFO1 0.944 0.970 0.915 0.898 0.922 0.933 0.961 0.917 0.966 0.994 0.963 0.946

QUALINFO3 0.932 0.966 0.907 0.893 0.919 0.923 0.962 0.904 0.954 0.994 0.952 0.934

QUALSERV1 0.941 0.943 0.942 0.886 0.896 0.920 0.940 0.897 0.961 0.951 0.990 0.921

QUALSERV2 0.966 0.925 0.964 0.916 0.869 0.937 0,916 0.937 0.956 0.933 0.980 0.956

QUALSERV3 0.931 0.958 0.931 0.886 0.912 0.920 0.964 0.899 0.948 0.965 0.987 0.915

TREND2 0.958 0.933 0.925 0.918 0.892 0.945 0.924 0.939 0.967 0.945 0.931 0.983

TREND3 0.964 0.925 0.969 0.965 0.865 0.951 0.882 0.939 0.925 0.915 0.926 0.983

Table 4. Fornell-Larcker criterion

COMPET CREDIB CUSAT ENTER INTER PE PEOU PU PURINT QUALINFO QUALSERV TREND

COMPET 0.988

CREDIB 0.950 0.978

CUSAT 0.971 0.925 0.980

ENTER 0.951 0.924 0.957 0.987

INTER 0.895 0.946 0.872 0.883 0.962

PE 0.972 0.957 0.951 0.966 0.928 0.987

PEOU 0.915 0.974 0.905 0.881 0.945 0.919 0.980

PU 0.924 0.909 0.927 0.944 0.879 0.939 0.897 0.986

PURINT 0.957 0.952 0.948 0.910 0.905 0.944 0.952 0.923 0.988

QUALINFO 0.944 0.974 0.917 0.901 0.926 0.934 0.968 0.916 0.966 0.994

QUALSERV 0.960 0.956 0.959 0.909 0.905 0.939 0.953 0.924 0.969 0.963 0.986

TREND 0.977 0.945 0.963 0.958 0.894 0.964 0.919 0.955 0.962 0.946 0.944 0.983
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The coefficient of determination (R2) values shown in 
Table 6 provide insight into the model’s explanatory 
power. The R2 value for purchase intention is 0.958, 
which falls in the moderate-to-substantial range, in-
dicating that over 64% of the variance in purchase 
intention is explained by the independent variables. 
Satisfaction, trust, and perceived usefulness also 
yield strong R2 values, suggesting that the model has 
good predictive ability across key endogenous con-
structs. This indicates the model’s potential for prac-
tical implementation in strategic marketing decision-
making related to AI chatbot integration.

The R-square (R2) values in Table 6 indicate the pro-
portion of variance in the endogenous (dependent) 
variables that can be explained by the exogenous 
(independent) variables in the model. CUSAT (cus-
tomer satisfaction) has an R2 value of 0.978, mean-
ing that 97.8% of the variation in customer satisfac-
tion is explained by the antecedent variables in the 
model (e.g., perceived ease of use, perceived enjoy-
ment, trendiness, credibility, etc.). PURINT (pur-
chase intention) has an R2 value of 0.958, implying 
that 95.8% of the variation in consumers’ intention 
to purchase is explained by predictors including 
satisfaction and other direct paths from factors like 
trust and emotional engagement. Both R2 values are 
extremely high, indicating that the structural model 
has excellent explanatory power, far exceeding the 
conventional threshold of 0.67 for substantial mod-
els in behavioral science (Chin & Marcoulides, 1998).

Table 6. R-square

Endogenous 

construct
R-square R2 adjusted

CUSAT 0.978 0.977

PURINT 0.958 0.956

Table 7 shows that both Q2 values far exceed 0.35, 
indicating extremely strong predictive relevance 
of the model for both customer satisfaction and 
purchase intention. This suggests that the inde-
pendent variables in the model (such as perceived 
enjoyment, interaction, credibility, etc.) have high 
explanatory power and are effective in predicting 
the target variables.

Table 7. Q-square

Endogenous construct Q-square

CUSAT 0.973

PURINT 0.951

The results presented in Table 8 demonstrate that 
all sixteen proposed hypotheses (H1–H16) are 
statistically supported, as indicated by t-values 
exceeding the critical value of 1.96 and p-values 
below the 0.05 significance threshold, confirming 
the robustness of the proposed model. These find-
ings offer compelling evidence regarding the di-
rect and indirect relationships among the studied 
constructs – namely interaction, entertainment, 
perceived enjoyment, quality of service, perceived 
ease of use, trendiness, communication com-
petence, credibility, satisfaction, and purchase 
intention.

Specifically, interaction (INTER) significantly in-
fluences both purchase intention (PURINT) (H1: t 
= 2.657, p = 0.008) and satisfaction (CUSAT) (H2: 
t = 1.997, p = 0.002), highlighting the critical role 
of interactive experiences in fostering both posi-
tive attitudes and behavioral intentions. Similarly, 
entertainment (ENTER) has a strong positive im-
pact on both purchase intention (H3: t = 5.718, p 
= 0.000) and satisfaction (H4: t = 5.733, p = 0.000), 

Table 5. HTMT ratios

COMPET CREDIB CUSAT ENTER INTER PE PEOU PU PURINT QUALINFO QUALSERV TREND

COMPET 0.778

CREDIB 0.750 0.778

CUSAT 0.771 0.725 0.880

ENTER 0.651 0.624 0.757 0.587

INTER 0.795 0.546 0.672 0.883 0.862

PE 0.772 0.657 0.751 0.766 0.728 0.887

PEOU 0.615 0.774 0.705 0.871 0.745 0.819 0,880

PU 0.724 0.509 0.727 0.744 0.879 0.839 0,827 0.786

PURINT 0.657 0.752 0.848 0.810 0.705 0.744 0,752 0.823 0.788

QUALINFO 0.744 0.674 0.817 0.701 0.826 0.734 0,768 0.716 0.766 0.894

QUALSERV 0.660 0.756 0.859 0.809 0.805 0.739 0,653 0.824 0.769 0.863 0.786

TREND 0.677 0.845 0.763 0.758 0.894 0.664 0,819 0.755 0.862 0.746 0.744 0.883
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underlining the entertainment value of chatbot in-
teractions as a key driver of user outcomes.

Perceived enjoyment (PE) was found to sig-
nificantly affect satisfaction (H5: t = 2.705, p = 
0.001), reinforcing the notion that emotionally 
gratifying experiences enhance satisfaction lev-
els. Furthermore, service quality (QUALSERV) 
(H6: t = 6.847, p = 0.000) and information quality 
(QUALINFO) (H7: t = 2.952, p = 0.003) also have 
significant positive effects on satisfaction, con-
firming previous findings that system and content 
quality are essential to user fulfillment.

Besides, perceived usefulness (PU) (H8: t = 3.100, 
p = 0.002) and perceived ease of use (PEOU) 
(H9: t = 2.509, p = 0.012) also contribute signifi-
cantly to satisfaction, validating key tenets of the 
Technology Acceptance Model (TAM) within the 
context of chatbot services. Trendiness (TREND) 
affects both satisfaction (H10: t = 2.578, p = 0.010) 
and purchase intention (H11: t = 5.286, p = 0.000), 
suggesting that cutting-edge and fashionable in-
terfaces enhance user engagement and conversion 
potential.

Additionally, communication competence 
(COMPET) shows significant effects on both sat-
isfaction (H12: t = 1.998, p = 0.003) and purchase 
intention (H13: t = 2.111, p = 0.001), indicating that 
the chatbot’s ability to deliver clear, concise, and 
relevant communication plays a critical role in 
shaping user outcomes. Credibility (CREDIB) also 

positively influences satisfaction (H14: t = 2.751, p 
= 0.006) and purchase intention (H15: t = 3.889, p 
= 0.000), emphasizing the importance of trustwor-
thiness in digital interactions.

Finally, satisfaction (CUSAT) itself significantly 
predicts purchase intention (H16: t = 3.185, p = 
0.002), providing strong evidence for its mediat-
ing role in the relationship between various ante-
cedents and the user’s behavioral intention. This 
result reinforces satisfaction as a central construct 
in driving purchase decisions, thereby validating 
its inclusion as a key mediator in the proposed 
model.

The findings provide several important insights. 
First, service quality emerged as the strongest pre-
dictor of satisfaction. This indicates that respon-
siveness, reliability, and accuracy remain the foun-
dational determinants of user evaluation, even in 
AI-mediated environments. While prior research 
has consistently emphasized service quality as 
critical in digital services (Almansour & Elkrghli, 
2023), our findings suggest that its role becomes 
even more pronounced in chatbot-based interac-
tions, where human support is replaced by auto-
mated systems. This reinforces the argument that 
AI systems must meet or exceed human service 
standards to sustain user confidence.

Second, entertainment and trendiness signifi-
cantly influenced both satisfaction and purchase 
intention. Unlike earlier e-commerce research 

Table 8. Hypotheses testing

Hypothesis Path coefficient t-statistics p-values Results

H1 INTER → PURINT 2.657 0.008 Accepted

H2 INTER → CUSAT 1.997 0.002 Accepted

H3 ENTER → PURINT 5.718 0.000 Accepted

H4 ENTER → CUSAT 5.733 0.000 Accepted

H5 PE → CUSAT 2.705 0.001 Accepted

H6 QUALSERV → CUSAT 6.847 0.000 Accepted

H7 QUALINFO → CUSAT 2.952 0.003 Accepted

H8 PU → CUSAT 3.100 0.002 Accepted

H9 PEOU → CUSAT 2.509 0.012 Accepted

H10 TREND → CUSAT 2.578 0.010 Accepted

H11 TREND → PURINT 5.286 0.000 Accepted

H12 COMPET → CUSAT 1.998 0.003 Accepted

H13 COMPET → PURINT 2.111 0.001 Accepted

H14 CREDIB → CUSAT 2.751 0.006 Accepted

H15 CREDIB → PURINT 3.889 0.000 Accepted

H16 CUSAT → PURINT 3.185 0.002 Accepted
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that positioned hedonic attributes as complemen-
tary to functional value, our results indicate that af-
fective and aesthetic dimensions are not peripheral 
but central drivers of behavioral intention. This find-
ing extends previous studies (Ashfaq et al., 2020; 
Huang et al., 2024) by demonstrating that, in a Gen-
Z-dominated market such as Indonesia, emotional 
engagement and modern interface design may rival 
functional efficiency in shaping purchase decisions. 
Compared to traditional TAM-based models, which 
prioritize usefulness and ease of use, our model sug-
gests that experiential appeal has become equally in-
fluential in AI-driven contexts.

Third, perceived usefulness and perceived ease of 
use significantly enhanced satisfaction, confirming 
the continued relevance of TAM in explaining AI 
adoption. However, unlike early TAM studies where 
usefulness was typically the dominant predictor of 
behavioral intention, in this study its effect was com-
paratively balanced with entertainment and trendi-
ness. This suggests a contextual shift: in conversa-
tional commerce environments, user experience is 
multidimensional, blending efficiency with emo-
tional gratification.

Fourth, credibility and communication competence 
significantly affected both satisfaction and purchase 
intention. This finding aligns with previous chatbot 
research emphasizing trust formation in AI interac-
tions, yet our results highlight that communication 
fluency and contextual clarity are not merely trust 
antecedents – they directly influence transactional 
intention. Compared with earlier studies that treated 
credibility primarily as a mediator through trust, our 
findings suggest a more direct behavioral pathway in 
e-commerce chatbot settings.

The exceptionally high explanatory power of the 
model (R2 values for satisfaction and purchase inten-
tion) indicates that combining technological, experi-
ential, and symbolic constructs provides a compre-
hensive understanding of user behavior. However, 

such high R2 values may also reflect contextual ho-
mogeneity within the sample urban, digitally active 
users which could amplify construct interrelation-
ships. Future studies should test the model across 
more diverse demographic segments to validate its 
generalizability.

Importantly, satisfaction demonstrated a signifi-
cant direct effect on purchase intention, confirming 
its central mediating role. This finding is consistent 
with expectation-confirmation logic in digital com-
merce. However, our results extend prior research by 
showing that satisfaction operates within a broader 
experiential ecosystem, where design aesthetics and 
entertainment features are structurally embedded 
rather than secondary enhancements.

This study contributes to AI and marketing lit-
erature in three ways. First, it extends TAM by 
integrating experiential constructs such as en-
tertainment and trendiness, demonstrating that 
AI chatbot adoption cannot be fully explained by 
functional determinants alone. Second, it bridges 
service quality theory and digital marketing by po-
sitioning chatbot interactions as both a service en-
counter and a brand-experience touchpoint. Third, 
it highlights the increasing importance of symbolic 
and aesthetic value in AI-mediated commerce, par-
ticularly among younger consumers in emerging 
markets.

For platform developers and digital market-
ers, the findings indicate that optimizing chatbot 
performance alone is insufficient. While techni-
cal reliability remains critical, platforms should 
simultaneously enhance emotional engagement, 
interface modernity, and conversational personal-
ity. Chatbots should be designed not only to solve 
problems efficiently but also to create enjoyable and 
socially relevant experiences. Integrating personal-
ization, adaptive responses, and culturally aligned 
digital cues may strengthen both satisfaction and 
purchase intention.

CONCLUSION AND FUTURE RESEARCH

This study aimed to examine how functional, experiential, and credibility-related attributes of AI-
powered chatbots influence customer satisfaction and purchase intention within Indonesia’s e-com-
merce environment. By testing an integrated structural model, the study sought to clarify which factors 
most strongly drive behavioral outcomes in conversational commerce.
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The results demonstrate that chatbot effectiveness is not determined solely by functional perfor-
mance. While service quality and perceived usefulness remain important foundations, experiential 
attributes such as entertainment and trendiness, along with credibility and communication com-
petence, substantially shape both satisfaction and purchase intention. Satisfaction, in turn, serves 
as a crucial mechanism translating user perceptions into transactional intention. These findings in-
dicate that chatbot-driven commerce operates within a multidimensional evaluative process com-
bining efficiency, emotional engagement, and symbolic value.

From these results, it can be concluded that AI chatbots should be conceptualized not merely as au-
tomated service tools but as strategic touchpoints within the broader digital customer experience 
ecosystem. In emerging digital markets, where users are highly responsive to interface aesthetics 
and interactive engagement, affective and symbolic drivers appear to carry comparable weight to 
utilitarian benefits. Thus, competitive advantage in AI-mediated commerce depends on harmoniz-
ing technical reliability with emotionally resonant design.

Several avenues for future research emerge from this study. First, the model should be validated 
across different demographic segments and cultural contexts to assess its generalizability. Second, 
longitudinal research could examine how repeated chatbot interactions influence trust develop-
ment and long-term loyalty. Third, future studies may incorporate psychological readiness, AI 
anxiety, or resistance constructs to better capture consumer heterogeneity in AI adoption. Finally, 
experimental designs comparing human-agent versus AI-agent interactions could further clarify 
boundary conditions of chatbot effectiveness.
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