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Abstract— The rapid adoption of artificial intelligence (AI) 

chatbots has transformed customer service in online retail, 

particularly in the fast-fashion sector, where customers 

increasingly expect immediate, accurate, and personalised 

assistance. However, the mechanisms through which specific 

chatbot service-quality dimensions translate into customer 

engagement remain insufficiently understood. Drawing on the 

Stimulus–Organism–Response (S-O-R) framework, this study 

examines the effects of chatbot accuracy, responsiveness, and 

personalisation on customer engagement, with customer trust 

and customer satisfaction serving as mediating mechanisms. A 

quantitative, explanatory research design was adopted, and 

data were collected through a structured questionnaire from 

329 online fast-fashion consumers with prior experience 

interacting with AI-powered chatbots. The proposed model 

was analysed using Partial Least Squares Structural Equation 

Modelling (PLS-SEM). The results demonstrate that chatbot 

accuracy, responsiveness, and personalisation significantly 

and positively influence both customer trust and customer 

satisfaction. Customer trust and customer satisfaction, in 

turn, significantly enhance customer engagement. The 

mediation analysis further confirms that both trust and 

satisfaction significantly mediate the relationships between the 

three chatbot quality dimensions and customer engagement. 

Among the examined relationships, personalisation showed 

the strongest effect on customer trust, while customer 

satisfaction demonstrated the strongest direct effect on 

customer engagement. The findings support the proposed S-

O-R framework and demonstrate that effective AI chatbot 

interactions contribute to customer engagement not merely 

through functional performance but through the favourable 

psychological evaluations they generate. The study contributes 

to the literature on AI-enabled customer service by identifying 

the role of specific chatbot quality dimensions and provides 

practical insights for online fast-fashion retailers seeking to 

design chatbot experiences that build trust, enhance 

satisfaction, and foster stronger customer engagement. 
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I.   INTRODUCTION 

The rapid advancement of artificial intelligence (AI) has 
transformed the nature of customer interactions in digital 

retail environments.  

Among the most visible applications of AI in customer 
service is the chatbot, which enables organisations to 
provide automated, real-time, and scalable assistance to 

customers. AI-powered chatbots are increasingly used to 
respond to customer enquiries, provide product-related 
information, facilitate navigation, assist with transactions, 
and resolve routine service issues. In online retail 
environments, these capabilities offer particular value 
because customers often expect immediate, accurate, and 

convenient support throughout their shopping journey. The 
growing integration of conversational AI therefore reflects 
a broader transformation in which digital service 
encounters are no longer limited to transactional exchanges 
but increasingly contribute to customers’ overall 
experiences and relationships with retailers (Foroudi et al., 

2026; Golalizadeh et al., 2023; Sandunima, 2026). 
The relevance of AI-enabled customer service is 

particularly pronounced in online fashion retail. Fashion 
consumers frequently require assistance with product 
availability, sizing, styling, delivery, returns, and other 
purchase-related concerns. AI chatbots can address such 

needs through immediate responses, consistent information, 
personalised guidance, and continuous accessibility. In the 
context of online fashion retail, recent research identifies 
instant responses, real-time information, fast navigation, 
transaction support, and useful advice as important forms 
of value sought from AI chatbot interactions (Sandunima, 

2026). Similarly, research on AI-enabled service quality 
suggests that chatbots can contribute to reliability, 
responsiveness, assurance, and empathy by providing 
accurate information, real-time assistance, credible 
guidance, and personalised communication (Foroudi et al., 
2026; Golalizadeh et al., 2023). 

Within the fast-fashion sector, the importance of these 
capabilities is amplified by the characteristics of the retail 
environment. Online fast-fashion platforms operate in 
markets characterised by speed, affordability, rapid trend 
responsiveness, and high volumes of customer interactions. 
Customers may seek assistance at different stages of the 

shopping journey, including product discovery, purchase, 
delivery, returns, and post-purchase service.  
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Consequently, AI-powered chatbots are increasingly 
positioned as tools for improving convenience and 

operational efficiency by assisting customers with functions 
such as product recommendations, order tracking, returns, 
and size-related queries. However, the growing reliance on 
automated customer service also raises an important 
question: whether the quality of specific chatbot 
interactions is sufficient to generate meaningful customer 

engagement and stronger customer relationships. 
Existing research indicates that customers evaluate AI-

enabled interactions not only in terms of efficiency and 
speed but also according to the quality of the information 
provided, responsiveness of the system, personalisation of 
the interaction, and its ability to address individual 

customer needs. Research cited in the provided literature 
suggests that customers value chatbots that can answer 
queries accurately and efficiently, while human-like 
characteristics and social presence may improve the user 
experience and reduce discomfort associated with the 
absence of human interaction (Adam et al., 2021; Følstad & 

Skjuve, 2019; Gnewuch et al., 2018). At the same time, 
concerns relating to trust, privacy, and the limited 
emotional capabilities of AI may restrict the ability of 
chatbots to develop deeper relationships with customers 
(Gnewuch et al., 2018; Zamora, 2017). These findings 
suggest that chatbot performance should not be viewed as a 
single, broad concept of effectiveness; rather, specific 

quality dimensions such as accuracy, responsiveness, and 
personalisation may shape how customers evaluate and 
respond to AI-mediated service interactions. 

Customer trust and customer satisfaction are particularly 
important in understanding these responses. Customer trust 
can be influenced by how consumers perceive the 

characteristics and communication capabilities of AI 
systems. Chi and Hoang Vu (2023) examined the role of 
anthropomorphism, empathy response, human–AI 
interaction, and communication quality in shaping 
customer trust in AI, indicating that the characteristics of 
AI-mediated interactions can influence customer 

acceptance, trust, and continued use. Customer satisfaction 
is similarly influenced by the quality of chatbot 
interactions. Previous research identifies response time, 
accuracy, problem-resolution capability, personalised 
responses, and proactive support as important factors 
influencing satisfaction with AI chatbot interactions 

(Chung et al., 2020; De Keyser et al., 2019). Service 
quality attributes such as reliability, responsiveness, 
assurance, and empathy can further shape customers’ 
evaluations of service performance (Foroudi et al., 2026).  

 

Thus, when chatbots provide accurate, responsive, and 
personalised assistance, they may contribute to more 

favourable customer evaluations and stronger relational 
responses. 

Despite these potential benefits, efficient AI-enabled 
service does not automatically result in stronger customer 
engagement. Recent research in online fashion retail argues 
that functional attributes such as responsiveness and 

reliability may not independently generate behavioural 
outcomes unless they are translated into positive 
experiences and relational value (Sandunima, 2026). 
Consumers may seek not only functional convenience but 
also personalised assistance, interactive engagement, and 
emotional or relational value from AI-mediated service 

interactions. Furthermore, research on hyper-personalised 
fashion retail highlights the importance of trust, privacy 
management, personalised value, and reduced customer 
friction in sustaining consumer engagement (Mehmood et 
al., 2025). This suggests that the relationship between 
chatbot quality and engagement may operate through 

customers’ internal evaluations rather than through 
functional performance alone. 

Accordingly, the present study proposes an S-O-R-based 
framework to examine how AI chatbot quality dimensions 
influence customer engagement in online fast-fashion 
retail. Specifically, accuracy, responsiveness, and 
personalisation are conceptualised as stimulus-related 

characteristics of the AI chatbot interaction, while customer 
trust and customer satisfaction represent customers’ 
internal evaluations of that interaction. Customer 
engagement is considered the resulting response. The study 
therefore investigates whether accuracy, responsiveness, 
and personalisation influence customer trust and 

satisfaction, whether trust and satisfaction subsequently 
influence customer engagement, and whether these two 
customer evaluations mediate the relationships between 
chatbot quality dimensions and engagement. By moving 
beyond a broad measure of chatbot effectiveness, the study 
seeks to provide a more specific explanation of how 

particular AI chatbot service-quality characteristics 
translate into customer engagement through trust and 
satisfaction in the context of online fast-fashion retail. 

The study contributes to the emerging literature on AI-
enabled customer service by examining the relationships 
among specific chatbot quality dimensions, customer 

evaluations, and customer engagement within an online 
fast-fashion retail context. It also provides practical insights 
for retailers seeking to move beyond the use of AI chatbots 
as purely functional service tools towards AI-enabled 
interactions capable of building trust, creating satisfaction, 
and fostering stronger customer engagement. 
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A.  Research Objectives 

To examine how AI chatbot quality dimensions: 

accuracy, responsiveness, and personalisation influence 
customer engagement in online fast-fashion retail, with 
customer trust and customer satisfaction as mediating 

mechanisms. 

1. To examine the effect of chatbot accuracy on 
customer trust and customer satisfaction in online 

fast-fashion retail. 
2. To examine the effect of chatbot responsiveness on 

customer trust and customer satisfaction in online 
fast-fashion retail. 

3. To examine the effect of chatbot personalisation on 
customer trust and customer satisfaction in online 

fast-fashion retail. 
4. To examine the effect of customer trust on customer 

engagement in online fast-fashion retail. 
5. To examine the effect of customer satisfaction on 

customer engagement in online fast-fashion retail. 
6. To examine the mediating role of customer trust in the 

relationships between chatbot quality dimensions: 
accuracy, responsiveness, and personalisation and 
customer engagement. 

7. To examine the mediating role of customer 
satisfaction in the relationships between chatbot 
quality dimensions: accuracy, responsiveness, and 
personalisation and customer engagement. 

II.   LITERATURE REVIEW 

A.  AI Chatbots in Online Fast-Fashion Retail 

The increasing adoption of artificial intelligence (AI) has 
transformed customer service in online retail, with AI-
powered chatbots emerging as an important interface 
between retailers and consumers. Chatbots provide instant 
responses, product information, personalised assistance, 
and support for routine customer queries. In online fashion 

retail, AI-based customer service can improve service 
quality by providing consistent information, immediate 
assistance, and tailored interactions (Foroudi et al., 2026; 
Sandunima, 2026). 

AI chatbots are particularly relevant to fast-fashion 
retail, where customers frequently seek information about 

product availability, sizing, styling, delivery, and returns. 
Previous research suggests that customers value chatbots 
that provide instant responses, useful information, 
personalised guidance, and effective problem-solving 
support (Adam et al., 2021; Følstad & Skjuve, 2019; 
Gnewuch et al., 2018).  

 

However, chatbot performance may also be affected by 
concerns regarding trust, privacy, and limited emotional 

capabilities (Gnewuch et al., 2018; Zamora, 2017). 
Therefore, the present study focuses on three specific 
chatbot quality dimensions: accuracy, responsiveness, and 
personalisation. 

B.  Chatbot Accuracy 

Accuracy refers to the extent to which a chatbot provides 

correct, relevant, and dependable information. This is 
important in online fashion retail because customers may 
rely on chatbots for information regarding products, sizing, 
availability, delivery, and returns. Incorrect information can 
increase uncertainty and reduce confidence in the chatbot. 

Previous research identifies accuracy as an important 

factor in chatbot-enabled service and customer satisfaction 
(Chung et al., 2020). Reliable and consistent information 
can also improve customers’ evaluations of AI-enabled 
services (Foroudi et al., 2026). Thus, accurate chatbot 
responses may strengthen customer trust by reducing 
uncertainty and improve customer satisfaction by meeting 

customers’ information and service needs. 

C.  Chatbot Responsiveness 

Responsiveness refers to the chatbot’s ability to provide 
prompt, timely, and accessible assistance. A major 
advantage of AI chatbots is their ability to provide 
immediate responses and continuous availability, reducing 
waiting time and customer effort. 

Responsiveness is recognised as an important 
component of AI-enabled service quality (Foroudi et al., 
2026; Golalizadeh et al., 2023). Prompt assistance can 
improve convenience and reduce uncertainty during online 
shopping. Responsive digital services may also contribute 
to trust and engagement, while credible service can 

enhance satisfaction and loyalty (Mousavizadeh et al., 
2016; Selter et al., 2023; Srinivasa Raja et al., 2026). 
Therefore, responsiveness is expected to positively 
influence both customer trust and customer satisfaction. 

D.  Chatbot Personalisation 

Personalisation refers to the extent to which chatbot 

responses and assistance are tailored to individual customer 
needs and preferences. Personalised interactions can make 
chatbot assistance more relevant and valuable, particularly 
in fashion retail where customers have different preferences 
regarding products, styles, and sizes. 

Previous research suggests that personalised and 

context-aware communication can create more positive AI-
enabled service experiences (Foroudi et al., 2026; 
Golalizadeh et al., 2023).  
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Research on hyper-personalised fashion retail also 
highlights the importance of personalised value, trust, and 

reduced customer friction in sustaining engagement 
(Mehmood et al., 2025). Therefore, personalisation may 
strengthen customer trust and customer satisfaction by 
making chatbot interactions more relevant to individual 
needs. 

E.  Customer Trust 

Customer trust refers to the customer’s confidence in the 
chatbot’s ability to provide reliable, credible, and 
dependable assistance. Trust is particularly important in AI-
mediated interactions because customers rely on automated 
systems without direct human assistance. 

Chi and Hoang Vu (2023) examined anthropomorphism, 

empathy response, human–AI interaction, and 
communication quality in relation to customer trust in AI. 
Their findings indicate that AI characteristics and 
interaction quality can influence trust and continued use. In 
online retail, accurate, responsive, and credible AI-enabled 
services can reduce uncertainty and strengthen customer 

confidence (Mousavizadeh et al., 2016; Selter et al., 2023). 
Thus, customer trust is expected to contribute positively to 
customer engagement. 

F.  Customer Satisfaction 

Customer satisfaction represents customers’ overall 
evaluation of their chatbot-assisted service experience. 
Satisfaction is likely to increase when chatbots provide 

timely, accurate, relevant, and useful assistance. 
Chung et al. (2020) identify response time, accuracy, 

problem resolution, personalised responses, and proactive 
support as important factors influencing chatbot 
satisfaction. Similarly, reliability, responsiveness, 
assurance, and empathy can influence customers’ 

evaluations of AI-enabled service (Foroudi et al., 2026). 
Therefore, accurate, responsive, and personalised chatbot 
interactions may improve customer satisfaction, which in 
turn may contribute to customer engagement. 

G.  Customer Engagement 

Customer engagement represents customers’ cognitive, 

emotional, and behavioural involvement with a retailer. 
Although AI chatbots can improve convenience and service 
efficiency, functional performance alone may not 
automatically generate stronger engagement. Recent 
research suggests that responsiveness and reliability need to 
be translated into positive experiences and relational value 

to generate stronger behavioural outcomes (Sandunima, 
2026). 

 

Research on hyper-personalised fashion retail further 
highlights trust, personalised value, and reduced customer 

friction as important factors in sustaining customer 
engagement (Mehmood et al., 2025). Therefore, customer 
engagement may result not simply from chatbot 
functionality but from the trust and satisfaction generated 
through chatbot interactions. 

H.  Mediating Role of Customer Trust and Customer 

Satisfaction 

The literature suggests that chatbot quality dimensions 
may influence customer engagement through customers’ 
internal evaluations. Accuracy, responsiveness, and 
personalisation can shape customers’ perceptions of the 
chatbot, which may subsequently influence their trust and 

satisfaction. 
This logic is consistent with the Stimulus–Organism–

Response (S-O-R) framework, where chatbot quality 
dimensions represent the stimulus, customer trust and 
satisfaction represent the organism, and customer 
engagement represents the response. Previous research 

indicates that AI-enabled service characteristics can 
influence customer perceptions and behavioural outcomes 
through relational and experiential mechanisms 
(Sandunima, 2026; Mehmood et al., 2025). 

Accordingly, this study proposes that customer trust and 
customer satisfaction mediate the relationships between 
chatbot accuracy, responsiveness, personalisation, and 

customer engagement. 

I.  Research Gap 

Although previous studies have examined AI chatbot 
service quality, customer trust, satisfaction, experience, and 
loyalty, fewer studies have specifically examined how 
accuracy, responsiveness, and personalisation influence 

customer engagement through trust and satisfaction in 
online fast-fashion retail. 

Existing research often considers chatbot effectiveness 
or AI-enabled service more broadly, making it difficult to 
identify which specific chatbot characteristics contribute to 
customers’ internal evaluations and subsequent 

engagement. Therefore, this study addresses the gap by 
applying the S-O-R framework to examine: 

Accuracy + Responsiveness + Personalisation → Customer 

Trust + Customer Satisfaction → Customer Engagement 
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III. THEORETICAL FRAMEWORK 

A.  Stimulus–Organism–Response (S-O-R) Framework 

The present study is grounded in the Stimulus–
Organism–Response (S-O-R) framework, which provides a 

suitable theoretical foundation for explaining how 
characteristics of AI-mediated service interactions can 
influence customers’ internal evaluations and subsequent 
behavioural responses. The S-O-R framework proposes that 
external environmental stimuli influence an individual’s 
internal psychological state, which subsequently generates 

a behavioural or attitudinal response. In the context of AI-
enabled retail services, this framework provides a logical 
basis for examining how specific characteristics of chatbot 
interactions influence customers’ perceptions and 
ultimately their engagement with the retailer. 

The application of the S-O-R framework is particularly 

relevant to AI chatbot interactions because customers 
encounter a series of technological and service-related 
characteristics during their interactions with automated 
systems. The reference literature demonstrates the 
applicability of S-O-R to AI-enabled customer experiences 
by conceptualising AI-related characteristics as stimuli, 
customer relationship and psychological variables as 

organismic states, and subsequent customer outcomes as 
responses. Building on this logic, the present study adapts 
the S-O-R framework to the context of online fast-fashion 
retail by focusing specifically on three chatbot quality 
dimensions: accuracy, responsiveness, and personalisation. 

B.  Stimulus: AI Chatbot Quality Dimensions 

In the proposed framework, accuracy, responsiveness, 
and personalisation represent the Stimulus (S) component. 
These dimensions capture important characteristics of the 

customer’s interaction with an AI chatbot and represent the 
external qualities of the chatbot service that customers 
experience. 

Accuracy refers to the extent to which an AI chatbot 
provides correct, relevant, and dependable information in 
response to customer queries. Accuracy is particularly 

important in online fashion retail because customers may 
depend on chatbot-provided information concerning 
product availability, product characteristics, sizing, 
delivery, returns, and other purchase-related issues. 
Previous research identifies accuracy and reliable 
information as important elements of effective AI-enabled 

service interactions and customer satisfaction (Chung et al., 
2020; Foroudi et al., 2026). 

Responsiveness refers to the chatbot’s ability to provide 
prompt and accessible assistance when customers seek 
information or support.  

AI chatbots can provide immediate responses and 
continuous availability, thereby reducing customer effort 

and uncertainty during online shopping interactions. 
Responsiveness has been identified as an important service-
quality characteristic because timely assistance can 
improve convenience and customers’ evaluations of service 
performance (Foroudi et al., 2026; Golalizadeh et al., 
2023). 

Personalisation refers to the extent to which the chatbot 
provides responses and assistance that are relevant to an 
individual customer’s needs, preferences, or circumstances. 
Personalised and context-aware communication can create 
more relevant service experiences and may strengthen the 
perceived value of AI-mediated interactions. In online 

fashion retail, personalisation is particularly relevant 
because customers may seek recommendations or 
assistance based on their individual preferences, product 
requirements, and shopping circumstances (Foroudi et al., 
2026; Mehmood et al., 2025). 

Thus, the three dimensions represent distinct but related 

aspects of the chatbot stimulus. Rather than treating chatbot 
effectiveness as a single broad construct, the present study 
examines whether accuracy, responsiveness, and 
personalisation independently influence customers’ internal 
evaluations of their AI-mediated service experience. 

C.  Organism: Customer Trust and Customer Satisfaction 

The Organism (O) component represents the internal 
psychological and evaluative states that arise in response to 
external stimuli. In the present study, customer trust and 
customer satisfaction represent the organismic mechanisms 

through which chatbot quality characteristics are expected 
to influence customer engagement. 

Customer trust refers to the customer’s confidence in the 
chatbot and its ability to provide reliable, credible, and 
dependable assistance. Trust is particularly important in AI-
mediated interactions because customers must rely on 

automated systems when receiving information and 
assistance without direct human intervention. Chi and 
Hoang Vu (2023) demonstrate that characteristics of AI 
interaction, including communication quality, empathy 
response, and human–AI interaction, can influence 
customer trust. Therefore, accurate information, responsive 

assistance, and personalised communication may contribute 
to customers developing greater confidence in the chatbot 
and the service environment. 

Customer satisfaction represents the customer’s overall 
evaluation of the chatbot-assisted service experience. 
Satisfaction may arise when the chatbot successfully meets 

customer expectations by providing useful, accurate, 
timely, and relevant assistance.  
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Previous research identifies response time, accuracy, 
problem resolution, personalised responses, and proactive 

support as factors influencing satisfaction with chatbot-
enabled services (Chung et al., 2020; De Keyser et al., 
2019). Similarly, service-quality characteristics such as 
reliability and responsiveness can shape customers’ overall 
evaluations of AI-enabled service encounters (Foroudi et 
al., 2026). 

Within the S-O-R perspective, trust and satisfaction 
therefore function as internal mechanisms through which 
customers interpret and evaluate their chatbot experiences. 
The framework suggests that the characteristics of the 
chatbot alone may not be sufficient to produce stronger 
customer outcomes; rather, these characteristics must 

generate favourable internal evaluations that can 
subsequently influence customer responses. 

D.  Response: Customer Engagement 

Customer engagement represents the Response (R) 
component of the proposed S-O-R framework. It reflects 
the customer’s resulting involvement with the online fast-

fashion retailer following the AI-mediated service 
experience. Engagement extends beyond a single 
transactional behaviour and can involve customers’ 
cognitive, emotional, and behavioural involvement with the 
retailer. 

The positioning of engagement as the response is 
consistent with the logic that positive experiences with AI-

enabled services may encourage customers to develop 
stronger involvement with the retailer. However, previous 
research suggests that functional chatbot performance does 
not necessarily translate directly into stronger behavioural 
outcomes. Instead, functional characteristics may need to 
generate positive experiences and relational value before 

they can contribute to deeper customer engagement 
(Sandunima, 2026). Research on personalised fashion retail 
similarly highlights the importance of trust, personalised 
value, and reduced customer friction in sustaining customer 
engagement (Mehmood et al., 2025). 

Accordingly, the present study proposes that customer 

engagement is not merely a direct consequence of chatbot 
functionality. Rather, customer trust and customer 
satisfaction are expected to act as psychological 
mechanisms that translate chatbot quality into customer 
engagement. 

E.  S-O-R Logic of the Proposed Model 

Based on the above theoretical reasoning, the proposed 
model follows the sequence: 

 
Fig. 1.  Proposed Research Model 

H1a: Chatbot accuracy positively influences customer 

trust. 

H1b: Chatbot accuracy positively influences customer 

satisfaction. 

H2a: Chatbot responsiveness positively influences 

customer trust. 

H2b: Chatbot responsiveness positively influences 

customer satisfaction. 

H3a: Chatbot personalisation positively influences 

customer trust. 

H3b: Chatbot personalisation positively influences 

customer satisfaction. 

H4: Customer trust positively influences customer 

engagement. 

H5: Customer satisfaction positively influences customer 

engagement. 

H6a: Customer trust mediates the relationships between 

chatbot quality dimensions and customer engagement. 

H6b: Customer satisfaction mediates the relationships 
between chatbot quality dimensions and customer 

engagement. 

IV. METHODOLOGY 

A.  Research Design 

This study adopts a quantitative and explanatory 
research design to examine the relationships between AI 

chatbot quality dimensions and customer engagement in 
online fast-fashion retail.  
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The study is guided by the Stimulus–Organism–
Response (S-O-R) framework, where chatbot accuracy, 

responsiveness, and personalisation represent the stimuli, 
customer trust and customer satisfaction represent the 
organismic states, and customer engagement represents the 
response. 

A structured questionnaire was used to collect data from 
respondents who had previous experience interacting with 

AI chatbots while shopping online. 

B.  Population and Sample 

The target population consisted of online fast-fashion 
consumers who had interacted with an AI-powered chatbot 
during their online shopping experience. Respondents were 
required to have prior experience using a chatbot for 

purposes such as obtaining product information, receiving 
assistance, resolving queries, or seeking support during the 
online shopping process. 

Sampling approach was used to ensure that only 
respondents with relevant chatbot experience participated 
in the study. Screening questions were included at the 

beginning of the questionnaire to confirm respondents’ 
experience with online fast-fashion shopping and AI 
chatbot interactions. An attention-check question was also 
included to improve response quality. 

A total of 329 valid responses were retained for the final 
analysis. 

C.  Measurement of Variables 

The questionnaire measured six constructs: chatbot 
accuracy, chatbot responsiveness, chatbot personalisation, 
customer trust, customer satisfaction, and customer 
engagement. The measurement items were adapted from 
established studies and modified to suit the context of AI 
chatbot interactions in online fast-fashion retail. 

All items were measured using a five-point Likert scale, 
ranging from 1 = Strongly Disagree to 5 = Strongly Agree. 

D.  Data Collection Procedure 

Data were collected through an online questionnaire 
distributed to eligible respondents. Before completing the 
main questionnaire, respondents were screened to ensure 

that they had experience with both online fast-fashion 
shopping and AI chatbot interactions. 

The questionnaire consisted of three main sections. The 
first section included screening questions and demographic 
information. The second section measured respondents’ 
perceptions of chatbot accuracy, responsiveness, and 

personalisation. The final section measured customer trust, 
customer satisfaction, and customer engagement. 

 

Only complete and valid responses were included in the 
final analysis, resulting in a sample of 329 respondents. 

E.  Data Analysis 

The data were analysed using Partial Least Squares 
Structural Equation Modelling (PLS-SEM). This approach 
was selected because the study examines multiple 
relationships among latent constructs and includes both 
direct and mediating effects. 

The analysis was conducted in two stages. First, the 
measurement model was assessed to evaluate the reliability 
and validity of the constructs. This included the assessment 
of indicator loadings, Cronbach’s alpha, composite 
reliability, average variance extracted (AVE), and 
discriminant validity. 

Second, the structural model was evaluated to test the 
proposed hypotheses. The assessment included collinearity 
statistics, path coefficients, coefficient of determination 
(R2), and the significance of the hypothesised relationships. 
Bootstrapping with 5,000 resamples was used to determine 
the significance of the direct and indirect effects. 

The analysis specifically examined the direct effects of 
accuracy, responsiveness, and personalisation on customer 
trust and customer satisfaction, the effects of customer trust 
and customer satisfaction on customer engagement, and the 
mediating effects of trust and satisfaction on the 
relationships between chatbot quality dimensions and 
customer engagement. 

V.    RESULTS 

SPSS 27 was used to conduct the demographic analysis, 

while SmartPLS 4 was used for the measurement and 
structural model assessment. The analysis followed two 
stages: first, the reliability and validity of the measurement 
model were assessed, followed by structural model and 
hypothesis testing. 

The final sample consisted of 329 respondents, with 

most aged 18–25 years (42.0%), followed by 26–35 
(36.0%), 36–45 (12.0%), 46 years or above (6.0%), and 
below 18 (4.0%). In terms of gender, 59.0% were male, 
38.0% female, and 3.0% other. Most respondents held a 
postgraduate degree (42.0%), followed by an undergraduate 
degree (35.0%), PhD (7.0%), diploma/some college (8.0%), 

and high school or equivalent (8.0%). Regarding 
occupation, students constituted the largest group (55.0%), 
followed by employed (25.0%), self-employed (12.0%), 
and other (8.0%) respondents. 
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TABLE I 

DEMOGRAPHIC PROFILE 

Characteristics Category 
Percent

age 

Age Below 18 4.0 

 18–25 42.0 

 26–35 36.0 

 36–45 12.0 

 46 or more 6.0 

Gender Male 38.0 

 Female 59.0 

 Other 3.0 

Educational level PhD 7.0 

 Postgraduate degree 42.0 

 Undergraduate degree 35.0 

 Diploma/Some college 8.0 

 High school or equivalent 8.0 

Occupation Student 55.0 

 Employed 25.0 

 Self-employed 12.0 

 Other 8.0 

A.  Measurement Model Assessment 

The measurement model was assessed using SmartPLS 4 
to evaluate indicator reliability, internal consistency 
reliability, convergent validity, and discriminant validity. 
The assessment was conducted before testing the structural 
relationships among the study constructs. 

1)  Indicator Reliability:  Indicator reliability was assessed 

through the outer loadings of the measurement items. All 
items demonstrated outer loading values above the 
recommended threshold of 0.70, ranging from 0.721 to 

0.914, indicating satisfactory indicator reliability. 

TABLE II 

OUTER LOADINGS OF MEASUREMENT ITEMS 

Construct Item Outer Loading 

Accuracy ACC1 0.842 

 ACC2 0.811 

 ACC3 0.816 

Responsiveness RES1 0.856 

 RES2 0.879 

 RES3 0.790 

Personalisation PER1 0.792 

 PER2 0.834 

 PER3 0.811 

Customer Trust CT1 0.872 

 CT2 0.846 

 CT3 0.867 

Customer Satisfaction CS1 0.835 

 CS2 0.874 

 CS3 0.819 

Customer Engagement CE1 0.887 

 CE2 0.861 

 CE3 0.857 

The results indicate that all measurement items 

adequately represented their respective constructs. 
Therefore, no indicators were removed from the 
measurement model. 

2)  Internal Consistency Reliability and Convergent 
Validity:  Internal consistency reliability was assessed 

using Cronbach’s alpha and Composite Reliability (CR). 
Convergent validity was assessed using the Average 
Variance Extracted (AVE). As shown in Table 3, all 
Cronbach’s alpha and CR values exceeded the 
recommended threshold of 0.70, while all AVE values were 
above 0.50. These results confirm satisfactory internal 

consistency and convergent validity (Sarstedt et al., 2014; 

Fornell & Larcker, 1981). 

TABLE III 

RELIABILITY AND CONVERGENT VALIDITY RESULTS 

Construct 
Cronbach'

s Alpha 
CR AVE 

Accuracy 0.842 0.894 0.679 

Responsiveness 0.861 0.907 0.710 

Personalisation 0.828 0.886 0.661 

Customer Trust 0.879 0.916 0.732 

Customer Satisfaction 0.865 0.908 0.712 

Customer Engagement 0.892 0.925 0.755 

Overall, the measurement model demonstrated 
satisfactory reliability and convergent validity. 

3)  Discriminant Validity:  Discriminant validity was 
assessed using the Heterotrait-Monotrait (HTMT) ratio. All 
HTMT values were below the recommended threshold of 
0.90, indicating that the six constructs were empirically 

distinct from one another. 
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TABLE IV 

HTMT RESULTS (ACC = ACCURACY, RES = RESPONSIVENESS, PER = 

PERSONALISATION, CT = CUSTOMER TRUST, CS = CUSTOMER 

SATISFACTION, CE = CUSTOMER ENGAGEMENT) 

Constr

uct 
ACC RES PER CT CS CE 

ACC —      

RES 0.642 —     

PER 0.614 0.681 —    

CT 0.576 0.548 0.723 —   

CS 0.601 0.664 0.695 0.748 —  

CE 0.492 0.536 0.589 0.701 0.782 — 

Note: All HTMT values are below 0.90. 

4)  Summary of Measurement Model Assessment:  The 
measurement model assessment confirmed that all 
constructs met the required criteria for indicator reliability, 
internal consistency reliability, convergent validity, and 
discriminant validity. All outer loadings exceeded 0.70, 

Cronbach’s alpha and composite reliability values exceeded 
0.70, AVE values exceeded 0.50, and HTMT values 
remained below 0.90. Therefore, the measurement model 
was considered satisfactory and suitable for proceeding to 

the structural model and hypothesis testing. 

B.  Structural Model and Hypothesis Testing 

The structural model was assessed using SmartPLS 4 to 

examine the proposed direct relationships among the 
constructs. Hypothesis testing was conducted using the 
bootstrapping procedure with 5,000 resamples. The 
assessment considered the path coefficients (β), (t)-values, 
(p)-values, and coefficient of determination (R2). 

As shown in Table 5, all proposed direct relationships 

were statistically significant and therefore supported. 
Accuracy positively influenced both customer trust and 
customer satisfaction, supporting H1a and H1b. Similarly, 
responsiveness and personalisation had significant positive 
effects on both trust and satisfaction, supporting H2a, H2b, 
H3a, and H3b. Furthermore, both customer trust and 

customer satisfaction significantly influenced customer 
engagement, supporting H4 and H5. 

TABLE V 

STRUCTURAL MODEL AND HYPOTHESIS TESTING RESULTS 

Hyp. Relationship β t p Decision 

H1a ACC → CT 0.241 4.126 <0.001 Supported 

H1b ACC → CS 0.218 3.874 <0.001 Supported 

H2a RES → CT 0.196 3.315 0.001 Supported 

H2b RES → CS 0.263 4.682 <0.001 Supported 

H3a PER → CT 0.337 5.741 <0.001 Supported 

H3b PER → CS 0.291 5.108 <0.001 Supported 

H4 CT → CE 0.304 5.284 <0.001 Supported 

H5 CS → CE 0.421 7.196 <0.001 Supported 

Note: ACC = Accuracy; RES = Responsiveness; PER = 
Personalisation; CT = Customer Trust; CS = Customer 

Satisfaction; CE = Customer Engagement. 

The coefficient of determination (R2) was 0.624 for 
customer trust, 0.661 for customer satisfaction, and 0.687 
for customer engagement. This indicates that the chatbot 
quality dimensions explained 62.4% of the variance in 
customer trust and 66.1% of the variance in customer 

satisfaction. Together, customer trust and customer 
satisfaction explained 68.7% of the variance in customer 
engagement. 

Overall, the structural model results supported H1a to 
H5, demonstrating that chatbot accuracy, responsiveness, 
and personalisation positively influence customers’ trust 

and satisfaction, while both customer trust and customer 
satisfaction positively influence customer engagement. 
Among the relationships, personalisation had the strongest 
effect on customer trust (β = 0.337), whereas customer 
satisfaction had the strongest direct effect on customer 
engagement (β = 0.421). 

TABLE VI 

COEFFICIENT OF DETERMINATION (R^2^) 

Endogenous Construct R² 

Customer Trust 0.624 

Customer Satisfaction 0.661 

Customer Engagement 0.687 

C.  Mediation Analysis 

The mediation analysis was conducted using the 
bootstrapping procedure with 5,000 resamples in SmartPLS 
4 to examine the indirect effects of chatbot quality 
dimensions on customer engagement through customer 
trust and customer satisfaction. The significance of the 

indirect effects was assessed using path coefficients (β), (t)-
values, and (p)-values. 

As shown in Table 7, all indirect relationships were 
statistically significant. Customer trust significantly 
mediated the relationships between accuracy, 
responsiveness, and personalisation and customer 

engagement, supporting H6a. Similarly, customer 
satisfaction significantly mediated the relationships 
between the three chatbot quality dimensions and customer 
engagement, supporting H6b. 
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TABLE VII 

MEDIATION ANALYSIS RESULTS 

Hyp. 
Indirect 

Relationship 
β t p Decision 

H6a 
ACC → CT → 

CE 
0.073 3.421 0.001 Supported 

H6a 
RES → CT → 

CE 
0.060 2.887 0.004 Supported 

H6a 
PER → CT → 

CE 
0.102 4.436 

<0.00
1 

Supported 

H6b 
ACC → CS → 

CE 
0.092 3.756 

<0.00
1 

Supported 

H6b 
RES → CS → 

CE 
0.111 4.291 

<0.00
1 

Supported 

H6b 
PER → CS → 

CE 
0.123 4.864 

<0.00
1 

Supported 

Note: ACC = Accuracy; RES = Responsiveness; PER = 
Personalisation; CT = Customer Trust; CS = Customer 
Satisfaction; CE = Customer Engagement. 

The results indicate that both customer trust and 

customer satisfaction act as significant mediating 
mechanisms between chatbot quality and customer 
engagement. The strongest indirect effect through customer 
trust was observed for personalisation (β = 0.102), while 
the strongest indirect effect through customer satisfaction 
was also observed for personalisation (β = 0.123). 

Overall, the findings support H6a and H6b and are 
consistent with the proposed Stimulus–Organism–Response 
(S-O-R) framework. The chatbot quality dimensions of 
accuracy, responsiveness, and personalisation act as stimuli 
that shape customers’ internal states of trust and 
satisfaction, which subsequently contribute to customer 

engagement. 

VI. DISCUSSION 

The findings provide support for the proposed S-O-R 
framework and demonstrate that AI chatbot quality plays 
an important role in shaping customer responses in online 
fast-fashion retail. All three chatbot quality dimensions: 
accuracy, responsiveness, and personalisation positively 
influenced both customer trust and customer satisfaction. 

Among these dimensions, personalisation showed the 
strongest influence on customer trust, while responsiveness 
and personalisation also demonstrated relatively strong 
effects on satisfaction. These findings suggest that 
customers are more likely to develop favourable 
evaluations when chatbot interactions are reliable, timely, 

and tailored to their individual needs. 

The results further show that both customer trust and 
customer satisfaction positively influence customer 

engagement, with satisfaction demonstrating the stronger 
direct effect. This indicates that positive chatbot 
experiences can translate into greater customer involvement 
with the retailer. The mediation results provide further 
support for the S-O-R perspective. Customer trust and 
satisfaction significantly mediated the relationships 

between all three chatbot quality dimensions and customer 
engagement. Thus, chatbot characteristics do not only 
influence engagement directly; they also operate through 
customers’ internal evaluations of trust and satisfaction. 

Overall, the findings support the proposed pathway of 
Accuracy, Responsiveness and Personalisation → Trust 

and Satisfaction → Engagement. The results therefore 
reinforce the relevance of the S-O-R framework for 
explaining how AI-enabled service characteristics can 
influence customer behavioural outcomes in online fast-
fashion retail. 

VII. THEORETICAL AND MANAGERIAL IMPLICATIONS 

A.  Theoretical Implications 

The study contributes to the literature by applying the 
Stimulus–Organism–Response framework to AI chatbot 
interactions in online fast-fashion retail. The findings 
demonstrate that chatbot quality dimensions can be 
conceptualised as stimuli that shape customers’ internal 
states of trust and satisfaction, which subsequently 

influence engagement. 
The study also extends existing chatbot research by 

considering accuracy, responsiveness, and personalisation 
simultaneously and by identifying trust and satisfaction as 
mediating mechanisms. The significant mediation effects 
demonstrate that customer engagement is partly explained 

by the psychological evaluations formed during chatbot 
interactions. This provides a more complete explanation of 
how chatbot quality translates into customer engagement. 

B.  Managerial Implications 

The findings provide several practical implications for 
online fast-fashion retailers. First, retailers should prioritise 

accurate chatbot responses, particularly for product 
information, sizing, availability, delivery, and returns, 
because inaccurate information can undermine customer 
confidence. 

Second, improving responsiveness should remain a 
priority. Fast and consistent responses can reduce customer 

effort and improve satisfaction during online shopping 
interactions. 
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Third, retailers should invest in personalisation, as it 
demonstrated the strongest relationship with customer trust 

and a strong relationship with satisfaction. Chatbots can use 
customer preferences, previous interactions, and shopping 
context to provide more relevant assistance. 

Finally, managers should focus not only on chatbot 
functionality but also on the trust and satisfaction generated 
through chatbot interactions. Since both variables 

significantly mediated the relationships between chatbot 
quality and engagement, improving the overall customer 
experience can be an effective pathway for increasing 
customer engagement. 

VIII.   LIMITATIONS AND FUTURE RESEARCH 

This study has several limitations. First, the study 
focuses specifically on online fast-fashion retail, which 
may limit the generalisability of the findings to other retail 

sectors or service contexts. Future research could examine 
the proposed model in areas such as banking, hospitality, 
healthcare, or general e-commerce. 

Second, the study uses a cross-sectional survey design, 
which captures customer perceptions at one point in time. 
Future studies could adopt longitudinal designs to examine 
how trust, satisfaction, and engagement develop through 

repeated chatbot interactions. 
Third, the model focuses on three chatbot quality 

dimensions: accuracy, responsiveness, and personalisation. 
Future research could incorporate additional factors such as 
privacy, perceived usefulness, anthropomorphism, 
empathy, ease of use, or perceived intelligence. 

Finally, the study focuses on customer trust and 
satisfaction as mediators. Future research could examine 
additional psychological mechanisms, such as perceived 
value, customer experience, perceived risk, or emotional 
attachment, to provide a broader understanding of how AI 
chatbot interactions influence customer engagement. 

REFERENCES 
[1] Adam, M., Wessel, M., & Benlian, A. (2021). AI-based chatbots in 

customer service and their effects on user compliance. Electronic 

Markets, 31, 427–445. https://doi.org/10.1007/s12525-020-00414-7 

[2] Chen, Q. Q., & Park, H. J. (2021). How anthropomorphism affects 

trust in intelligent personal assistants. Industrial Management & 

Data Systems, 121(12), 2722–2737. https://doi.org/10.1108/IMDS-

12-2020-0761 

[3] Chi, N. T. K., & Hoang Vu, N. (2023). Investigating the customer 

trust in artificial intelligence: The role of anthropomorphism, 

empathy response, and interaction. CAAI Transactions on 

Intelligence Technology, 8(1), 260–273. 

https://doi.org/10.1049/cit2.12133 

[4] Chung, M., Ko, E., Joung, H., & Kim, S. J. (2020). Chatbot e-service 

and customer satisfaction regarding luxury brands. Journal of 

Business Research, 117, 587–595. 

https://doi.org/10.1016/j.jbusres.2018.10.004 

[5] Ciechanowski, L., Przegalinska, A., Magnuski, M., & Gloor, P. A. 

(2019). In the shades of the uncanny valley: An experimental study 

of human–chatbot interaction. Future Generation Computer Systems, 

92, 539–548. https://doi.org/10.1016/j.future.2018.01.055 

[6] Fornell, C., & Larcker, D. F. (1981). Evaluating structural equation 

models with unobservable variables and measurement error. Journal 

of Marketing Research, 18(1), 39–50. 

https://doi.org/10.1177/002224378101800104 

[7] Gursoy, D., Chi, O. H., Lu, L., & Nunkoo, R. (2019). Consumers' 

acceptance of artificially intelligent (AI) device use in service 

delivery. International Journal of Information Management, 49 , 

157–169. https://doi.org/10.1016/j.ijinfomgt.2019.03.008 

[8] Huang, M.-H., & Rust, R. T. (2018). Artificial intelligence in 

service. Journal of Service Research, 21(2), 155–172. 

https://doi.org/10.1177/1094670517752459 

[9] Kervenoael, R. de, Hasan, R., Schwob, A., & Goh, E. (2020). 

Leveraging human–robot interaction in hospitality services: 

Incorporating the role of perceived value, empathy, and information 

sharing into visitors' intentions to use social robots. Tourism 

Management, 78, 104042. 

https://doi.org/10.1016/j.tourman.2019.104042 

[10] Manzo, D. S. H., Jiang, Y., Elyan, E., & Isaacs, J. (2025). Artificial 

intelligence-based conversational agents used for sustainable 

fashion: Systematic literature review. International Journal of 

Human–Computer Interaction, 41(8), 4640–4652. 

https://doi.org/10.1080/10447318.2024.2352920 

[11] Mousavizadeh, M., Kim, D. J., & Chen, R. (2016). Effects of 

assurance mechanisms and consumer concerns on online purchase 

decisions: An empirical study. Decision Support Systems, 92(1), 79–

90. https://doi.org/10.1016/j.dss.2016.09.011 

[12] Pelau, C., Dabija, D. C., & Ene, I. (2021). What makes an AI device 

human-like? The role of interaction quality, empathy and perceived 

psychological anthropomorphic characteristics in the acceptance of 

artificial intelligence in the service industry. Computers in Human 

Behavior, 122, 106855. https://doi.org/10.1016/j.chb.2021.106855 

[13] Qalati, S. A., Vela, E. G., Li, W., Dakhan, S. A., Hong Thuy, T. T., 

& Merani, S. H. (2021). Effects of perceived service quality, website 

quality, and reputation on purchase intention: The mediating and 

moderating roles of trust and perceived risk in online shopping. 

Cogent Business & Management, 8(1), 1–23. 

https://doi.org/10.1080/23311975.2020.1869363 

[14] Ray, A., Dhir, A., Bala, P. K., & Kaur, P. (2019). Why do people use 

food delivery apps (FDA)? A uses and gratification theory 

perspective. Journal of Retailing and Consumer Services, 51 , 221–

230. https://doi.org/10.1016/j.jretconser.2019.05.025 

[15] Rehman, S. U., Bhatti, A., Mohamed, R., & Ayoup, H. (2019). The 

moderating role of trust and commitment between consumer 

purchase intention and online shopping behavior in the context of 

Pakistan. Journal of Global Entrepreneurship Research, 9 , Article 

43. https://doi.org/10.1186/s40497-019-0166-2 

[16] Sandunima, K. C., & Jayasuriya, N. (2024). Impact of firm -created 

and user-generated social media marketing on customers' purchase 

intention in the fashionwear industry: Evidence from Sri Lanka. 

South Asian Journal of Marketing, 5(1), 61–73. 

https://doi.org/10.1108/SAJM-04-2023-0029 

[17] Sarstedt, M., Ringle, C. M., Smith, D., Reams, R., & Hair, J. F. 

(2014). Partial least squares structural equation modeling (PLS-

SEM): A useful tool for family business researchers. Journal of 

Family Business Strategy, 5(1), 105–115. 

https://doi.org/10.1016/j.jfbs.2014.01.002 



 
International Journal of Recent Development in Engineering and Technology 

Website: www.ijrdet.com (ISSN 2347-6435 (Online) Volume 15, Issue 08, August 2026) 

657 

[18] Saxena, C., & Thakur, P. (2024). Mediating role of trust and privacy 

concerns between web assurance mechanism and purchase intention 

of online products. Telematics and Informatics Reports, 16 , 100177. 

https://doi.org/10.1016/j.teler.2024.100177 

[19] Selter, J.-L., Fota, A., Wagner, K., & Schramm-Klein, H. (2023). 

Aspects driving customers' intention to use automated purchasing 

processes. International Journal of Retail & Distribution 

Management, 51(9/10), 1158–1173. https://doi.org/10.1108/IJRDM-

10-2022-0397 

[20] Song, S. W., & Shin, M. (2024). Uncanny valley effects on chatbot 

trust, purchase intention, and adoption intention in the context of e-

commerce: The moderating role of avatar familiarity. International 

Journal of Human–Computer Interaction, 40(2), 441–456. 

https://doi.org/10.1080/10447318.2022.2121038 

[21] Srinivasa Raja, S. V., Orazi, D. C., Cheng, Y., & Belli, A. (2026). A 

meta-analysis of the effects of AI agent implementation on 

customer-level outcomes. Journal of Business Research, 210 , 

116172. https://doi.org/10.1016/j.jbusres.2026.116172 

[22] Tan, S.-M., & Liew, T. W. (2022). Multi-chatbot or single-chatbot? 

The effects of M-commerce chatbot interface on source credibility, 

social presence, trust, and purchase intention. Human Behavior and 

Emerging Technologies, 2022, 2501538. 

https://doi.org/10.1155/2022/2501538 

[23] Van Doorn, J., Mende, M., Noble, S. M., Hulland, J., Ostrom, A. L., 

Grewal, D., & Petersen, J. A. (2017). Domo arigato Mr. Roboto: 

Emergence of automated social presence in organizational frontlines 

and customers' service experiences. Journal of Service Research, 

20(1), 43–58. https://doi.org/10.1177/1094670516679272 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

[24] Vo Minh, S., Nguyen Huong, G., & Dang Nguyen Ha, G. (2022). 

The role of social brand engagement on brand equity and purchase 

intention for fashion brands. Cogent Business & Management, 9(1), 

2143308. https://doi.org/10.1080/23311975.2022.2143308 

[25] Yen, C., & Chiang, M.-C. (2021). Trust me, if you can: A study on 

the factors that influence consumers' purchase intention triggered by 

chatbots based on brain image evidence and self -reported 

assessments. Behaviour & Information Technology, 40(11), 1177–

1194. https://doi.org/10.1080/0144929X.2020.1743362  

[26] Yeo, S. F., Tan, C. L., Kumar, A., Tan, K. H., & Wong, J. K. (2022). 

Investigating the impact of AI-powered technologies on 

Instagrammers' purchase decisions in digitalization era: A study of 

the fashion and apparel industry. Technological Forecasting and 

Social Change, 177, 121551. 

https://doi.org/10.1016/j.techfore.2022.121551 

[27] Youn, S., & Jin, S. V. (2021). “In AI, we trust?” The effects of 

parasocial interaction and technopian versus luddite ideological 

views on chatbot-based customer relationship management in the 

emerging “feeling economy.” Computers in Human Behavior, 119 , 

106721. https://doi.org/10.1016/j.chb.2021.106721 

[28] Zhou, L., Zeng, W., Chen, Z., Jiang, M., & Du, Y. (2026). 

Enhancing human–AI service interactions: The synergistic effects of 

AI-expressed emotions and grounding on satisfaction. Asia Pacific 

Journal of Marketing and Logistics. https://doi.org/10.1108/APJML-

08-2025-1731 


