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Abstract

The present study examines the roles of perceived quality (PQY) and technology attitudes
(TAS) in affecting customers’ attitudes toward artificial intelligence (ATAI). The study
also explores ATAI’s influence on customer experience (CEE), fashion involvement (FIT),
marketing analytics capability (MAC), and customer purchase decisions (PDN) among
Saudi fashion retail customers. The study is based on a rigorous review of the literature,
and two theories, the Technology Acceptance Model (TAM) and the Consumer Decision-
Making Theory (CDMT), underpin the study framework. The study is quantitative, and the
results are based on a sample size of 344. Using path analysis, the study indicates a positive
effect of PQY and TAS on ATAI. ATAI is a positive predictor of FIT, CEE, and PDN, but
a negative predictor of MAC. In addition, factors such as CEE and MAC positively affect
PDN. Finally, FIT mediates the link between ATAI and PDN. The study’s findings assist
retailers in developing AI-based solutions to improve marketing strategies and drive sales.
This study contributes to AI acceptance in retail, encouraging researchers and policymakers
to embrace the use of AI in consumer markets. Finally, this study’s outcomes enrich the
existing literature with empirical evidence from Saudi Arabia.

Keywords: attitudes toward AI; technology attitudes; purchase decisions; customer
experience; fashion involvement; fashion retail business; artificial intelligence systems

1. Introduction
The rapid digitalization of the fashion industry is driving the use of artificial intelli-

gence (AI) systems, which serve as the sustaining platforms that help develop decision-
support systems and digital infrastructures that guide consumers from initial browsing to
final purchase decisions. In these systems, AI positively shapes customer perceptions and
attitudes during the consumer journey. The functions and features of AI help in developing
a robust decision-support mechanism. This shapes behavior through modified recommen-
dations, which are usually preferred by consumers [1]. This reduces their search effort
and uncertainty via AI-driven filtering and matching tools [2]. It also enhances decision
confidence through virtual try-ons and fit predictions, and increases the perceived value
and recommendations regarding the products [3,4]. Similarly, e-commerce is very promi-
nent in multi-brand stores [5,6]. Therefore, understanding customers’ attitudes toward
artificial intelligence (ATAI) and how these attitudes influence purchase decisions (PDN)
has become important, with artificial intelligence (AI) and related technologies playing
a leading role in bringing different consumer experiences (CEE) in various contexts. AI
positively assists technology that influences customers’ purchasing behaviors through
dynamic pricing and automated services and also affects customer loyalty and brand
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perception [7–9]. ATAI focuses on innovative technologies as well as dimensions such as
trust, perceived usefulness, and risk [9,10]. In this way, PDN underlines the consumer’s
reasoning and behavioral commitment toward purchasing a product or service via online
or digital platforms, which leads to willingness to buy from online stores [11–15].

Perceived quality (PQY) and technology attitudes (TAS) significantly assist the cus-
tomers to develop their ATAI. Notably, PQY represents the consumer’s overall valuation
of a product, encompassing the product’s quality and the trustworthiness and credibility
of online sellers [16,17]. Likewise, PQY massively influences ATAI as these reinforces
customers’ beliefs and feelings toward technology and causes them to be eager to develop
their trends and to solve their problems using technology [18,19].

Simultaneously, ATAI positively impacts fashion involvement (FIT), customer ex-
perience (CEE), marketing analytics capability (MAC), and PDN. More specifically, FIT
represents the extent to which customers are emotionally engaged with fashion, seeing
it as part of their identity and lifestyle [20,21]. CEE represents the AI experience, which
helps meet customers’ expectations and achieve their satisfaction with the purchase [22–24].
Furthermore, MAC indicates the customer’s ability to systematically collect, integrate, and
analyze diverse data sources and information concerning broader market trends. Firms
develop their ability to recognize products in response to market changes [25], thereby
improving PDN [26].

The domain literature offers several insights into the factors—such as customer en-
gagement, enjoyment, TAS, perceived efficiency, PQY, valuable services, and confidence in
digital technologies—that positively influence ATAI [27–31]. Likewise, PDN is predicted by
privacy, AI transparency, marketing competence, social experiences, consumer perceptions,
technological innovation, consumer loyalty, confidence, the quality of big data analyt-
ics, customer psychology, business intelligence, ATAI, shopping convenience, optimizing
purchase, trust and perceived control, and much more in several markets [8,24,32–35].

Nevertheless, the literature lacks a comprehensive and integrated approach that
incorporates the analytical contributions of PQY and TAS to ATAI, as well as ATAI’s
contributions to FIT, CEE, MAC, and PDN simultaneously. Furthermore, FIT, as an outcome
of ATAI and a mediator between ATAI and PDN, still needs serious examination. More
importantly, Saudi Arabian consumers who interact with AI in fashion retail stores have
still not received enough attention, despite the massive utilization of AI in response to the
dynamic fashion trends of Saudi Arabia’s customers [36–38]. Accordingly, the researcher
raises the following questions:

RQ1. How do PQY and TAS affect ATAI among Saudi Arabian customers who interact
with AI in fashion retail stores?

RQ2. How does ATAI enhance FIT, CEE, PDN, and MAC among Saudi Arabian
customers who interact with AI in fashion retail stores?

RQ3. How does FIT mediate the connection between ATAI and PDN among Saudi
Arabian customers who interact with AI in fashion retail stores?

The findings of this study provide valuable guidelines for policymakers and retailers
on improving marketing strategies, with AI employment as a top priority. Furthermore,
the study contributes to and encourages domain researchers to conduct their studies in
markets where AI and its employment are of enormous significance. Lastly, this study’s
findings contribute to the existing literature by adding empirical evidence from the fashion
industry in a developing context (Saudi Arabia).

2. Literature Review and Theoretical Framework
Theoretically, the implementation of AI-driven systems represents a multi-layered

technological environment. These systems positively shape cognition, perception, and
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behavior [39,40]. AI implementations are regarded as substantial digital systems that
jointly influence user attitudes and decision pathways. In this way, these systems assimilate
algorithms, interactive interfaces, data infrastructures, technology attitudes, perceived
quality, and customer experience [15,23]. There are several factors, such as PQY, TAS, ATAI,
FIT, CEE, and MAC, which are found to be the significant predictors of PDN [29,31,34,41,42].
The following sub-sections explain each factor.

2.1. Perceived Quality (PQY)

PQY shows the consumer’s overall assessment of a product’s quality. Shoppers place
a high value on product quality, the credibility and trustworthiness of online sellers as
indicators of high-quality merchandise, and constructive feedback from other consumers as
a symbol of product superiority [16,17]. A study conducted by [15] in the shoe industry of
Jakarta demonstrates that, when PQY is high, consumers are more motivated to purchase a
product. This highlights the role of PQY as a major enabler of consumer PDN. Similarly,
Ref. [43] investigated the potential for AI to replace human customer service; they suggest
that communication quality is a key component of overall PQY, and concerns about privacy
risks impact the likelihood that consumers will use AI-driven services. The influence of PQY
extends into the domain of marketing analytics as well. Better big data marketing analytics
improve a firm’s marketing capabilities, ultimately enhancing market performance [44].
In the assessment of [45], when firms perceive their analytics as high quality, they are
more agile in their decision-making processes. Relatedly, Ref. [27]’s study found that
factors such as reliability, usability, and overall performance (i.e., PQY) are important for
user acceptance. Scholars like [46] add that high AI quality—when perceived positively
by customers—correlates with enhanced CEE, mainly when moderated by individual
preferences toward AI.

2.2. Technology Attitudes (TAS)

TAS represents individuals’ overall beliefs and feelings toward technology. Individ-
uals strongly believe that their positive TAS suggests that they can solve their problems
using technology and open new avenues for their survival [18,19]. Individuals often view
technology as a catalyst for personal and societal progress, frequently feeling that it enables
them to accomplish more each day [8]. According to [47]’s study, favorable consumer TAS
significantly boosts the acceptance of tech-based hotel innovations. Therefore, it proves
customer satisfaction. Consumers’ attitudes toward the presence of AI in product and
service descriptions can mediate the connection between emotional trust and purchase
intentions [48].

TAS is a positive predictor of fashion students’ intentions [49]. An empirical study
conducted by [50] demonstrates a positive connection between technology, teaching prac-
tices and attitudes. There is a substantial and positive contribution of public attitudes in
the development of behavioral intentions [51,52]. In the empirical assessment of [53], both
implicit and explicit attitudinal responses to new food technologies affect the familiarity
and adoption of TAS.

2.3. Attitudes Toward Artificial Intelligence (ATAI)

ATAI measures customers’ overall judgments about AI by collating a range of per-
ceptions (from negative to positive) regarding AI’s desirability, utility, and consequences
for individuals and society [9,54]. According to [9]’s study, student attitudes toward AI
significantly influence the uptake of innovative technologies in the digital tourism sector.
In workplace situations, AI attitudes encompass factors such as perceived usefulness, and
risk [10]. The empirical study of [8] suggests that positive consumer attitudes toward
embedded AI smart speech recognition are positively associated with higher purchase
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intentions. TAS mediates the relationship between various antecedents and the actual usage
of AI among professionals [55]. In the healthcare context, Refs. [30,56] demonstrate that the
feelings of the general public and nursing professionals toward AI are massively affected
by their underlying attitudes. Relatedly, AI literacy, an innovation mindset, and a robust
measure of attitudes are essential in shaping career self-efficacy and overall engagement
with AI in educational and professional contexts [29,57].

2.4. Fashion Involvement (FIT)

FIT represents the degree to which an individual is cognitively and emotionally
engaged with fashion. This captures how fashion affects one’s identity and lifestyle and
reflects the importance placed on fashion products [20,21]. A high individual FIT suggests
frequent involvement in fashion and a strong interest in fashion trends and styles [58,59].
Researchers like [60,61] state that consumers with a higher FIT derive greater pleasure
from fashion-related activities and tend to exhibit more impulse buying behavior. Similarly,
the emotional gratification derived from fashion improves impulsive purchase tendencies
among highly involved consumers. There is a dynamic connection between FIT and
personal fashion identity [62]. In a broader context, FIT affects consumer responses to
technologically curated fashion services. Consumers are more receptive to AI-curated
fashion services, positively affecting their purchase intentions and PDN [63,64]. Ref. [65]’s
study identify FIT as a key driver of women’s impulsive buying behaviors in retail footwear
shopping [66].

2.5. Customer Experience (CEE)

CEE is a substantial and powerful enabler of customer satisfaction [67,68], and helps
them to fulfil their dreams, goals, and needs [22,23]. According to [24], the store atmosphere
and the quality of CEE positively affect PDN and customer satisfaction, mediated by the
physical retail environment and buyer behavior. Corporate environmental sustainabil-
ity with CEE management promotes a positive, sustainable CEE [69]. Ref. [40]’s study
demonstrates that customer behavior and CEE influence PDN in an urban setting. In the
critical assessment of [70], superior CEE, along with economic factors such as personal
income, positively affects service purchase behaviors in airline firms. Ref. [71]’s study
highlights that new technologies can transform and elevate CEE, improving engagement
and satisfaction. Intelligent chatbots, as part of digital transformation initiatives, positively
and substantially develop sustainable market environment and CEE [35].

2.6. Marketing Analytics Capability (MAC)

MAC represents a customer’s ability to systematically collect, integrate, and analyze
diverse data sources, including seller behaviors and information regarding broader market
trends. This capability enables customers to comprehend market changes [25]. MAC
facilitates the adoption of AI and enhances firms’ competitive position in the manufacturing
industry. The absorptive capacity and application of external knowledge are essential
for developing MAC, which ultimately enhances PDN [26]. According to the empirical
investigation of [44], the quality of big data analytics directly affects the overall marketing
capabilities and perceived market performance. Likewise, in start-up environments, project
management strategies contribute to harnessing digital marketing analytics for growth [72].
Building upon these studies, Ref. [44]’s study also maps the diverse proficiencies required in
the marketing and technical domains and suggest that balanced skills enhance the potential
of MAC.
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2.7. Purchase Decision (PDN)

PDN represents a consumer’s reasoning and behavioral commitment toward buying
a product or service [14,15]. It incorporates the expressed intention to make purchases
via online platforms, the evaluated likelihood of seeing such purchases, and the overall
willingness to buy from online stores [11,13]. Ref. [12]’s study employs complexity theory
through fuzzy-set Qualitative Comparative Analysis (fsQCA) to establish that inbound
digital marketing, when effectively integrated with other marketing variables, has a massive
role in shaping PDN. In urban retail contexts, customer behavior and the quality of customer
experience are central to the PDN process [40]. According to [39]’s study, PDN can be
enhanced through interactive communication. A positive customer experience and a robust
brand image can improve PDN and buying motivations [15,23]. In the study of [14], ethical
AI builds consumer trust and efficiently targets advertising efforts to influence buying
behavior positively.

As a result, in the domain literature, several constructs—such as PQY, technophobia,
TAS, and technological experiences—predict ATAI [29,31,41,73]. Furthermore, the FIT,
CEE, MAC and PDN are also correlated with various factors—such as ATAI, optimizing
purchase, AI adoption, efficiency, user satisfaction, social experiences, virtual commu-
nities, consumer perceptions, consumer loyalty, and business intelligence—in various
contexts [8,12,24,33,34,42,68,74–76].

However, the domain literature still has gaps that must be covered. For instance, the
literature is deficient in providing an integrated framework that may incorporate the effects
of PQY and TAS on ATAI while simultaneously combining the effects of ATAI on FIT, CEE,
MAC, and PDN. Furthermore, FIT’s mediating and direct relationship between ATAI and
PDN has yet to be explored, specifically in the presence of other constructs, such as PQY,
TAS, CEE, and MAC. In addition, among Saudi Arabia’s customers who interact with AI
in fashion retail stores, AI plays a significant role in recommending and guiding fashion
products in the country [36–38].

Hence, based on these gaps, i.e., practical knowledge and contextual gaps, the re-
searcher developed a theoretical framework (see Figure 1) that integrates several constructs,
such as PQY, TAS, ATAI, CEE, FIT, MAC, and PDN. More specifically, the framework
demonstrates the predictive relevance of PQY and TAS toward ATAI, showing that con-
sumers’ overall assessment of a product’s excellence and fashion trends, the prominence
that shoppers place on product quality, and the credibility of online sellers are indicators of
high-quality merchandise. These also demonstrate individuals’ overall beliefs and feelings
toward technology and ATAI. Moreover, the proposed effects of ATAI on CEE, FIT, MAC,
and PDN underline consumers’ impressions and satisfaction with a product or service,
where AI reinforces these impressions. In the model, FIT represents the extent to which the
individual is cognitively and emotionally engaged with fashion. At the same time, MAC
represents the customer’s ability to systematically collect, integrate, and analyze diverse
data sources regarding broader market trends. Finally, the PDN represents a consumer’s
reasoning and behavioral commitment toward buying a product or service.

TAM and Consumer Decision-Making Theory (CDMT) underpin the study framework.
Specifically, TAM demonstrates individuals’ acceptance and use of technology, where PQY
and TAS align with TAM and assist ATAI in fashion retail. According to [77]’s study, TAM
shows the consumer’s perceptions of purchase intentions. Moreover, AI can be made more
effective and profitable in e-commerce, where it focuses on consumer acceptance and usage
of AI technologies in online shopping [78]. Similarly, TAM is used in several AI technologies
in various industries, e.g., fashion, to predict behavioral intentions toward AI [79]. Relatedly,
CDMT emphasizes that PDN and TAS contribute to the development of AI-driven MAC
and CEE for PDN. A positive connection between consumer decision-making styles and
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fashion product involvement is revealed in consumer purchase decisions [80]. Specifically,
in fashion companies, the consumer decision-making process expands the understanding
of fashion buyer behavior [81,82]. Based on robust AI systems, this framework emphasizes
that AI is a crucial tool and an integrated system of interrelated technologies that shape
consumer cognition, emotion, and decision-making.

Figure 1. Theoretical framework of the study. Source: Developed by the researcher. → = direct paths;
---> = indirect path.

3. Hypotheses Development
3.1. Perceived Quality (PQY) and Attitudes Toward Artificial Intelligence (ATAI)

PQY is an important factor which positively enhances ATAI, specifically in retail
dimension. Products with better quality, valuable services, and reliability encourage
individuals to develop ATAI [27,46,83]. In the perception of [46,84], the development of
ATAI is possible through PQY. Similarly, there is also a positive and significant role of factors
such as risk, quality, and trust in developing the attitudes of customers towards buying the
products [28]. In the study of [46], there is a positive association between the quality of AI
performance and customer engagement and usage. Consumer readiness for AI adoption
depends on constructs such as perceived usefulness, enjoyment, and technophobia, which
can either reinforce or weaken the effect of quality perceptions on attitudes in the context
of the fashion retail sector [31,54].

Consequently, the literature clearly shows the positive links between PQY and ATAI.
However, to confirm these relationships in fashion retail stores in Saudi Arabia, the re-
searcher proposed the following hypothesis:

H1. Consumers with a positive PQY have a positive ATAI in fashion retail stores.

3.2. Technology Attitudes (TAS) and Attitudes Toward Artificial Intelligence (ATAI)

TAS is a positive enabler of ATAI; i.e., individuals with a positive TAS are more likely
to develop favorable ATAI [85,86]. In different contexts, such as healthcare and education,
greater AI endorsement is driven by efficiency and benefits [9,41,87]. Several domain
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researchers like [29,30,73] show the development of TAS through trust in AI or digital
systems. According to numerous scholars, like [10,88,89], AI applications reinforce the idea
that enhanced technological experiences shape ATAI.

The domain literature shows the positive contribution of TAS in the massive de-
velopment of ATAI. However, its contribution requires further confirmation when inte-
grated with other constructs, such as FIT, CEE, PDN, and MAC. Hence, we have the
following hypothesis:

H2. Consumers with a positive TAS have a positive ATAI in fashion retail stores.

3.3. Attitudes Toward Artificial Intelligence (ATAI), Fashion Involvement (FIT), Customer
Experience (CEE), Purchase Decision (PDN), and Marketing Analytics Capability (MAC)

ATAI enhances consumers’ high FIT and shopping convenience [33,54]. Domain re-
searchers like [17,64] recommend that AI and digital tools provide the consciousness and
knowledge to the customers; thus, they make their decisions regarding PDN. Moreover, AI
helps in finding the solutions for adopting sustainable and fashion practices. These also de-
velop positive attitudes among customers towards shopping for fashionable products [58].
Trust and perceived control boost AI adoption in fashion and, ultimately, make human
decision-making more rational [8,33]. Nevertheless, younger generations, i.e., Gen Z and
Millennials, are more receptive to AI in fashion, though apprehensions over privacy and
the over-reliance on AI remain factors that affect adoption [49,90]. The association between
FIT and ATAI is theoretically defensible, as consumers with a high FIT actively seek better
decision-support systems, trend-related information, and personalization. These are obvi-
ously provided by AI tools. Previous domain studies, such as [54], have claimed that highly
involved fashion consumers are more motivated and inclined to use technological aids,
which positively enhance product evaluation, trend discovery, and style matching. Like-
wise, consumers’ engagement in fashion shows their association with digital innovations,
which ultimately improve their shopping experiences [91].

ATAI enhances CEE, predominantly with the support of AI-driven services, i.e., chat-
bots and virtual assistants. ATAI enhances CEE with the support of an increase in the
acceptance of AI-powered interactions, which ultimately boost efficiency and confidence,
create greater personalization, and also reduce waiting times [7,75,92]. Several scholars,
like [42,93], suggest that AI chatbots positively affect user satisfaction where they offer in
accuracy and timely responses in different contexts and industries, e.g., retail, tourism, and
banking. Nevertheless, while AI-driven services improve convenience, CEE is affected by
perceived communication, quality, privacy concerns, and trust, with a few consumers fa-
voring human interaction over AI due to a lack of perceived empathy [35,43,94]. According
to [7]’s study, fears of over-reliance and privacy risks affect CEE, even among those with a
positive ATAI [43]. Similarly, when AI systems personalize suggestions and resolve queries,
they substantially affect customer engagement and loyalty. These ultimately reinforce the
connection between ATAI and CEE [71,95,96].

ATAI significantly affects consumer PDN. Consumers with a positive ATAI probably
depend on AI-based recommendations, personalized advertisements, and autonomous
decision-making systems [94,97,98]. According to [19,99], AI-powered advertisements
affect CEE, specifically in online retail, where targeted marketing strategies based on AI
analytics positively affect ATAI and purchasing behaviors. In the study of [14], ethical
AI algorithms have an enormous reputation in developing satisfaction among customers;
thus, they make their intentions and attitudes to engage in shopping. In the same manner,
AI transparency reduces customers’ hesitations to purchase fashionable products [8,100].
According to [8]’s study, AI technologies, e.g., smart speech recognition, are crucial in
developing consumer confidence in AI, specifically in generational cohorts.
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ATAI has a significant effect on MAC, leading to improved PDN. A positive ATAI
development significantly enhances the acceptance and implementation of marketing
analytics tools and improves customer segmentation [101]. The rise of AI-enabled conver-
sational tools, e.g., ChatGPT-4, has redefined MAC by enabling personalized customer
interactions and automating content generation. These growing trends of AI positively
affect digital marketing [102,103]. According to [104], marketers’ trust in AI systems poten-
tially limits their willingness to depend on AI-powered analytics. AI can lead to a greater
understanding of consumers, enabling greater customer involvement, engagement, and
marketing competence [34,105]. MAC is a retailer-side construct; it can be affected by
ATAI, which regulates the quality, relevance, and accuracy of AI-driven consequences that
consumers experience. Scholars in the domain, such as [105,106], demonstrate that retailers
who possess a robust attitude toward AI systems and a strong MAC generate more predic-
tions and interpretations. In the same aspect, a seminal work of [107] demonstrates that
consumers’ evaluations of AI are developed by technology itself and also through analytics
performance, which assist in driving decisions. Thus, despite creating from different sides
of the exchange, MAC is an essential factor that is positively predicted by ATAI.

This literature confirms the role of customers’ ATAI in influencing several constructs,
such as FIT, CEE, PDN, and MAC. However, these associations, integrated in the pres-
ence of PQY and TAS, underpinning two theories—TAM and CDMT—have disappeared
from the existing literature. Hence, based on this deficiency, the researcher proposed the
following hypotheses:

H3. Consumers’ ATAI positively affects FIT in fashion retail stores.

H4. Consumers’ ATAI positively affects CEE in fashion retail stores.

H5. Consumers’ ATAI positively affects PDN in fashion retail stores.

H6. Consumers’ ATAI positively affects MAC in fashion retail stores.

3.4. Customer Experience (CEE) and Purchase Decision (PDN)

CEE positively shapes PDN. There are direct connections between consumer percep-
tions, emotions, and satisfaction levels. A positive CEE, whether in physical or digital
environments, reinforces the development of purchase intentions [70,108]. In online retail,
personalized interactions and post-purchase engagement promote higher conversion rates
and repeat purchases [22,109]. Several factors, e.g., brand image, service quality, and
product differentiation, positively affect CEE and PDN [15,23]. In the assessment of [69],
environmental responsibility and sustainable business practices are the core components of
CEE and PDN [69]. However, social experiences, e.g., brand ambassadors and virtual com-
munities, nurture consumer perceptions and affect purchasing behavior [39,68]. CEE can be
enhanced through service excellence, technological innovation, and emotional engagement
to boost consumer loyalty and affect purchase outcomes [24,40].

Consequently, it is crystal clear that CEE convinces customers to make a PDN. To
confirm these in fashion retail stores in Saudi Arabia, the researcher formulated the
following hypothesis:

H7. CEE positively affects PDN in fashion retail stores.

3.5. Marketing Analytics Capability (MAC) and Purchase Decision (PDN)

MAC is a massive and positive predictor of PDN. According to several researchers,
including [44,45], the quality of big data analytics directly improves MAC, which conse-
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quently enhances decision-making agility and marketing performance. The connections
between customer psychology and marketing strategies are bridged through advanced mar-
keting analytics [32]. The transparency in AI-driven marketing strategies poses challenges
where service descriptions and the presence of AI in products negatively impact purchase
intentions [48]. The empirical assessments of [13] demonstrate that consumer behavior
models and predictive analytics play a massive and vital role in refining PDN. Furthermore,
in the context of commerce and agriculture, digital marketing, the integration of AI, and
big data analytics have several significant implications and contributions to improving
decision-making competence [110]. Likewise, performance management and business
intelligence positively affect strategic marketing decisions and empower firms to optimize
customer engagement and marketing investments [77], and, furthermore, inbound digital
marketing strategies, as complexity theory accentuates the role of digital engagement in
shaping consumer decisions [12].

As a result, the MAC is predicted by ATAI, but it also is a predictor of PDN. To confirm
its dual roles, the researcher developed the following hypothesis:

H8. MAC positively affects PDN in fashion retail stores.

3.6. Fashion Involvement (FIT) as Mediator

FIT is the extent of personal relevance and interest in fashion and acts as a bridge
between consumer attitudes and actual purchase behavior [62]. FIT mediates the association
between ATAI and PDN, enhancing consumers’ experiences with AI-driven fashion retail.
ATAI in fashion retail is shaped by various factors, e.g., knowledge, self-concept, and brand
engagement, which affect purchase intention [111]. Likewise, the effect of AI-enabled
services in online fashion retail is increasing, demonstrating that consumer intentions to
adopt these technologies are influenced by FIT [112]. Hedonic consumption tendencies
enhance FIT by engaging consumers in AI and PDN [60,61]. The link between fashion
consciousness and purchase involvement is meditated by materialism [113]. Similarly, in the
study of [59], product involvement acts as a significant mediator between personal values
and ethical fashion purchase intentions. Moreover, AI-enhanced personalization in luxury
fashion boosts customer relationships, affecting PDN, mediated by brand loyalty [21].
Relatedly, consumers’ readiness for AI in fashion closely aligns with their involvement
with fashion [54]. Furthermore, fashion influencers contribute significantly to shaping
AI-driven PDN, as attitudes toward influencers mediate the effect of AI on fashion-buying
behavior [114].

Consequently, the literature offers the indirect role of FIT between ATAI and PDN
and the consistent role of FIT in association with ATAI and PDN. Hence, based on this, the
researcher proposed the following hypothesis:

H9. FIT mediates the relationship between ATAI and PDN in fashion retail stores.

4. Methods
4.1. Survey Strategy and Respondents of the Study

This study examines consumers’ interaction with AI systems in the online fashion
journey. Thus, the role of system-level systems, such as virtual try-on systems, market-
ing analytics systems, and AI-driven systems, assists in shaping customers’ perceptions,
attitudes, and decision processes. Taking this into consideration, this study employed
quantitative methods because they provide measurable and unbiased data and massively
assist in predicting trends and behaviors [115]. This method also has massive prominence
because researchers support businesses and policymakers in making data-driven deci-
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sions [116]. Several scholars, like [24,33,35,40,42,96], have used this strategy to explore
problems in the domain literature, specifically of PDN, ATAI, technology aspects, and
customer perception in terms of online shopping behaviors.

With regard to respondents of the study, the researcher collected data from customers
who use AI chatbots, virtual try-ons, and smart mirrors when shopping at fashion retail
stores in Saudi Arabia. They have direct experience with AI-driven shopping technologies.
The tools associated with AI boost personalization, improve decision-making, and enhance
purchase behavior with the enormous FIT [117,118]. They understand the positivity of
their ATAI, which is crucial in maintaining their PQY and technology acceptance of their
shopping experiences [119].

4.2. Instrument and Data Collection

This study employed a survey questionnaire administered in English to gather the
cross-sectional data. Before collecting the large-scale data, the researcher made a pre-test of
the survey tool by conducting a pilot study (collected 27 cases), a tool used by researchers
to confirm reliability and validity [120]. The researcher ensured reliability by observing the
internal consistency of the survey items through Cronbach’s alpha and the relationship of
the items through initial factor loadings. As a result, the researcher found overall alpha,
individual factors’ alpha, and factor loadings values greater than 0.70, which are acceptable
and adequate scores. In addition, the researcher confirmed the face validity of the survey
by getting respondents’ feedback regarding format, language barriers, and difficulties in
understanding and filling out the survey forms. Moreover, the researcher obtained expert
opinions on the study from field researchers and feedback from two university professors.
One was a professor of statistics who is well-known in SEM analysis, and the other was
an expert in digital technology and marketing who deals with AI and digital marketing
tools. Hence, after minor modifications, the researcher moved ahead with reliable and
valid survey tools for gathering data.

This study employed an online approach to data collection from customers using AI
and chatbots, which helps improve CEE, boost retention, and gain a competitive edge by
making real-time data-driven decisions [121]. The researcher emailed the survey forms
as online questionnaire links through LinkedIn pages of fashion stores, X platform, and
WhatsApp. The data were collected from January 2025 to June 2025 by targeting consumers
with experience in fashion retail online and AI-enabled services. The survey took almost
six months. The researcher used convenience sampling, which is widely used due to its
convenience and cost-effectiveness [122]. In the AI context of chatbot data collection, this
technique is best and offers swift insights for optimization [123]. The researcher respected
the ethical values of the respondents, ensuring the privacy of their data and properly
communicating the aims and objectives of the study. After their agreement to contribute to
the study on a voluntary basis was attained, the survey was sent. Initially, the researcher
sent 580 surveys, of which 346 were received back, a response rate of 59%. After data
cleaning, 344 valid samples were utilized for the final results.

The researcher examined sample size adequacy using G*Power 3 software [124,125].
In this study, the researcher used five main predictors with five regressions to observe the
effect size. As a result, the software suggested 138 samples for the study’s SEM analysis.
Hence, this study’s sample size (344) is sufficient.

4.3. Common Method Bias (CMB)

Common method bias (CMB) is a significant and frequent concern in empirical and
quantitative studies that use survey questionnaires, since responses may be influenced by
common rater effects, social desirability, and the effects of measurement context, leading

https://doi.org/10.3390/systems14010031

https://doi.org/10.3390/systems14010031


Systems 2026, 14, 31 11 of 24

to misleading findings [126]. To address these concerns, the researcher used two essential
remedies, i.e., statistical and procedural CMB, as suggested by [126]. More clearly, from a
statistical CMB perspective, the researcher used Harman’s Single Factor fit indices of the
projected model, which is a better fit for the single factor, as the variance extracted for one
factor is observed as 39.773% (<50%) [123]. Furthermore, procedural CMB is ensured by
maintaining the respondents’ privacy in their responses. Thus, both aspects suggest that
CMB is not an issue in this study.

4.4. Measures

The researcher adopted three items from [18]’s survey to measure the TAS factor. The
researcher used five items taken from [54] to gauge ATAI. The PQY factor was measured
using four items by [16,17]. Similarly, the PDN construct was assessed using four items
adopted from the study of [11]. The researcher borrowed six items from [25] to determine
the MAC factor. To measure the FIT, the researcher adopted twelve items from the study
of [20]. Finally, CEE was assessed using five items borrowed from the study of [67] (see
Table 1).

Table 1. Measurement scales.

Construct Definition Items Details Source

Technology
attitudes [TAS]

- Individuals’ perceptions and
beliefs about the potential and
effectiveness of technology in

solving problems.

TAS1: Technology will provide solutions to
many of our problems.

[18]TAS2: With technology, anything is possible.
TAS3: I feel that I get more accomplished

because of technology.

Attitudes
towards artificial

intelligence
[ATAI]

- Individuals’ overall evaluative
perceptions of AI, ranging from
negative to positive, based on

different aspects.

ATAI1: Worthless—Valuable.

[54]
ATAI2: Unfavorable—Favorable.
ATAI3: Disagreeable—Agreeable.

ATAI4: Harmful—Beneficial.
ATAI5: Dislike—Like.

Perceived quality
[PQY]

- A customer’s evaluation of the
quality of fashion items they

purchase online based on product
importance, seller credibility,

positive feedback, and
comprehensive decision-making

factors.

PQY1: Fashion items’ quality is important to me
when I shop online.

[16,17]

PQY2: Higher credibility of the online sellers
indicates better quality of fashion items.

PQY3: When I shop online, more positive
feedback indicates better quality of fashion

items.
PQY4: I will consider all comprehensive factors

to choose the best fashion items when I shop
online.

Purchase
decision [PDN]

- A customer’s intention and
willingness to buy fashion items

online is influenced by
consideration, likelihood, and
future expectations of online

purchases.

PDN1: I will buy fashion items online.

[11]

PDN2: The probability that I would consider
buying any fashion products online.

PDN3: My willingness to buy from the online
stores.

PDN4: I expect to purchase through the online
stores in the near future.
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Table 1. Cont.

Construct Definition Items Details Source

Marketing
analytics

capability [MAC]

- Customers’ assessment of how
well online stores leverage data and

analytics to understand their
preferences, personalize offerings,
optimize marketing strategies, and

ensure privacy and security in
purchase decisions.

MAC1: The online stores I shop from understand
my changing preferences and demands.

[25]

MAC2: Online stores personalize their offerings
based on my desires and shopping behavior.

MAC3: The online stores I prefer create a unique
shopping experience that meets my expectations.

MAC4: I believe online stores use various
strategies to optimize their marketing and

resource allocation.
MAC5: The online stores I buy from analyze

broad market data, including customer
preferences, competitors, and industry trends, to

improve my shopping experience.
MAC6: I trust online stores to protect my privacy

and ensure the security of my personal
information.

Fashion
involvement

[FIT]

- Individuals’ degree of personal
significance, interest, and emotional
attachment toward fashion items,

reflecting their engagement,
relevance, and centrality in their

lives.

FIT1: Fashion items mean a lot to me.

[20]

FIT2: Fashion items are significant part of my
life.

FIT3: I consider fashion items to be a central part
of my life.

FIT4: I think about fashion items a lot.
FIT5: For me, personally, fashion items are

important products.
FIT6: I am interested in fashion items.

FIT7: Some individuals are completely involved
with fashion items, attached to it, and absorbed

by it
FIT8: For others, fashion items are simply not

that involving.
FIT9: How involved are you with fashion items?

FIT10: Fashion items are important to me.
FIT11: I am very much involved in/with fashion

items.
FIT12: I find fashion items are very relevant

products in my life.

Customer
experience [CEE]

- A user’s overall satisfaction,
fulfillment, and perception of how

well a chatbot interaction meets
their expectations and needs.

CEE1: I am satisfied with my experience with
this chatbot.

[67]

CEE2: The experience with this chatbot is exactly
what I needed.

CEE3: This experience with this chatbot has
worked out as well as I thought it would.

CEE4: I am happy with my experience with this
chatbot.

CEE5: My experience with this chatbot has not
been disappointing.

Source: Adopted from the domain literature.

5. Results
5.1. Respondents’ Profiles

The respondents’ profile indicates a majority of females (n = 199, 57.85%) compared
to males (n = 145 or 42.15%). The age factor suggests that a majority of respondents
(n = 118 or 34.30%) are 25–34 years old, while only 6.98% (n = 24) are 55 years of age
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or older. The income level indicator suggests that a majority of respondents (n = 210
or 61.0%) have a medium income, while only 13.08% (n = 45) have a low income. A
majority of respondents (n = 218 or 63.37%) possess a Bachelor’s degree and only 3.78%
(n = 13) held a PhD degree. In the same way, regarding shopping behaviors, a majority
of respondents (n = 153 or 44.48%) were occasional shoppers, while only 20.06% (n = 69)
were customers who made rare purchases. Concerning the digital experience, a majority
of respondents (n = 168 or 48.83%) had advanced expertise, while a minority (n = 66 or
19.19%) had beginning-level experience. Furthermore, a majority of customers prefer both
online and offline shopping (n = 186 or 54.07%). Finally, the fashion interest level suggests
that a majority of respondents (n = 163 or 47.39%) had a medium level of interest, while
only 22.09% (n = 76) had a high level of interest (see details in Table 2).

Table 2. Respondents’ profile (n = 344).

Construct Category Frequency
(n)

Percentage
(%)

Gender
Male 145 42.15

Female 199 57.85

Age [years]

18–24 [Gen Z] 75 21.80
25–34 [Young Millennial] 118 34.30

35–44 [Old Millennial/Young Gen X] 86 25.00
45–54 [Gen X] 41 11.92

55+ [Boomers and old shoppers] 24 6.98

Income level
Low income [Households earning below SR 10,000 per month] 45 13.08

Medium income [Households earning between SR 10,000 and SR 20,000 per month] 210 61.05
High income [Households earning above SR 20,000 per month] 89 25.87

Educational
level

High school diploma/below 36 10.47
Bachelor’s degree 218 63.37
Master’s degree 77 22.38

PhD 13 3.78

Tech-
savviness/Digital

experience

Beginner [Rarely interacts with AI tools] 66 19.19
Intermediate [Occasionally uses AI tools like chat bots/virtual try-ons] 110 31.98

Advance [Frequently uses AI-powered shopping tools and apps] 168 48.83

Shopping
behavior

Frequent shopper [Shops multiple times a month] 122 35.46
Occasional shopper [Shops a few times a year, e.g., during sale] 153 44.48

Rare shoppers [Shop only when necessary] 69 20.06

Shopping
preference

Online 85 24.71
In-store 73 21.22

Both 186 54.07

Fashion
interest level

High [Follow trends, frequently buys fashion items as needed] 76 22.09
Medium [Occasionally follow trends, buys fashion items as needed] 163 47.39

Low [Not very engaged with fashion trends, shops only when necessary] 105 30.52

Source: Researcher’s own data collection.

5.2. Measurement Model

In this study, the researcher applied an SEM analysis using AMOS version 26.0 soft-
ware because it is the best and most robust technique, with great power and judgment
validity [127]. Initially, the reliability and validity of the study were ensured when the
majority of the items appeared to be within the acceptable scores (>0.70) and ranges, i.e.,
from 0.753 (FIT12) to 0.876 (TAS1). Conversely, MAC5, FIT4, FIT8, FIT11, and CEE4 items
were deleted due to low loadings. Importantly, the deleted items do not compromise the
validity (content or face) as the remaining or loaded items fully capture the original scales.
In addition, the deleted items’ weak loadings indicate a minor conceptual misalignment or
reduced relevance in this study, rather than a problem with the constructs themselves.
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Moreover, to address multicollinearity, the researcher applied the variance inflation
factor (VIF), as a single data collection method (i.e., survey questionnaire) was used in this
study. Thus, VIF appeared with a value of less than 0.5 for all the items, which ensured
no problem of multicollinearity [128] (see Table 3). Moreover, the composite reliability
(CR) appeared to be above the acceptable values (>0.70) [129], ranging from 0.898 (TAS)
to 0.937 (FIT), and the average variance extracted (AVE) showed acceptable scores (>0.50),
ranging from 0.678 (FIT) to 0.747 (TAS) [129]. Concerning the internal consistency of the
items, the values of Cronbach’s alpha are found to be above the required values (>0.70) [130],
ranging from 0.798 (PDN) to 0.898 (FIT). Lastly, the discriminant validity matrix’s diagonal
values demonstrate that all factors touched their required criteria with values that are
greater than the non-diagonal scores [130] (Table 4).

Table 3. Measurement model.

Construct Item Factor Loadings VIF

Technology attitudes [TAS]
TAS1 0.876 2.002
TAS2 0.869 2.123
TAS3 0.847 4.903

Attitudes towards artificial intelligence [ATAI]

ATAI1 0.872 3.002
ATAI2 0.869 3.321
ATAI3 0.855 0.402
ATAI4 0.830 2.219
ATAI5 0.818 3.082

Perceived quality [PQY]

PQY1 0.873 4.072
PQY2 0.868 2.329
PQY3 0.832 3.821
PQY4 0.812 2.721

Purchase decision [PDN]

PDN1 0.866 4.092
PDN2 0.851 4.077
PDN3 0.836 2.290
PDN4 0.792 2.137

Marketing analytics capability [MAC]

MAC1 0.863 4.003
MAC2 0.858 3.212
MAC3 0.842 4.333
MAC4 0.831 3.176
MAC6 0.800 4.216

Fashion involvement [FIT]

FIT1 0.872 3.892
FIT2 0.851 4.821
FIT3 0.832 3.002
FIT5 0.828 1.992
FIT6 0.802 2.739
FIT7 0.792 3.821
FIT9 0.785 2.000
FIT10 0.771 3.061
FIT12 0.753 2.071

Customer experience [CEE]

CEE1 0.859 4.021
CEE2 0.846 3.292
CEE3 0.831 2.637
CEE5 0.820 3.177

Source: Calculated by the researcher. Note(s): Excluded items = MAC5, FIT4, FIT8, FIT11, and CEE4.
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Table 4. Reliability and validity analysis.

Construct Cronbach’s α AVE Composite Reliability PDN ATAI CEE FIT TAS PQY MAC

PDN 0.798 0.700 0.903 0.729
ATAI 0.819 0.721 0.928 0.382 0.818
CEE 0.822 0.704 0.905 0.283 0.455 0.692
FIT 0.898 0.678 0.937 0.391 0.347 0.335 0.592
TAS 0.863 0.747 0.898 0.278 0.481 0.438 0.367 0.637
PQY 0.845 0.717 0.910 0.482 0.382 0.392 0.333 0.299 0.646
MAC 0.821 0.704 0.922 −0.212 −0.322 0.370 0.342 0.392 0.417 0.672

PQY = perceived quality; ATAI = attitudes towards artificial intelligence; TAS = technology attitudes; FIT = fashion
involvement; CEE = customer experience; PDN = purchase decision; MAC = marketing analytics capability;
AVE = average variance extracted.

5.3. Structural Model

Model fitness—The researcher ensured the model’s fitness before assessing the hy-
potheses. In this way, the valuable fit indices—i.e., chi-square (χ2/df = 652), GFI (0.887),
AGFI (0.895), NFI (0.900), CFI (0.911), and RMSEA (0.0429)—ensured the good fitness
of the model with the data [131] (Table 5). Moreover, the researcher applied three main
demographic factors, i.e., gender, age and income level, as control variables. The addition
of control variables helps to clarify the results and show how the factors are associated [132].
For instance, if any researcher fails to include control variables, their results may increase
the risk of p-value hacking and a discrepant relationship between bivariate and multivariate
analyses [133]. Hence, the researcher included these factors (see Figure 2).

Table 5. Model fit estimations.

Model Fit Indicator Cut-Off Values Acquired
Values Fit (Yes/No)

χ2/df <3 or <5 3.652 Yes
GFI >0.9 or >0.8 0.887 Yes

AGFI >0.9 or >0.8 0.895 Yes
NFI >0.9 or >0.8 0.900 Yes
CFI >0.9 or >0.8 0.911 Yes

RMSEA <0.05 0.0429 Yes
Source: Calculated by the researcher. Note: χ2/df, chi-square/degrees of freedom; NFI, normed fit index; CFI,
comparative fit index; GFI, goodness-of-fit index; AGFI, adjusted goodness-of-fit index; RMSEA, root mean square
error of approximation.

Hypotheses assessment—The researcher employed SEM analysis, conducting a path
analysis in AMOS, a software widely used for assessing hypothesized paths [130]. The
results of the study suggest positive effects of PQY and TAS on ATAI, supporting H1
(β = 0.078; CR = 3.332; p < 0.01) and H2 (β = 0.240; CR = 6.906; p < 0.01). The study
confirmed the effects of ATAI on FIT, CEE, and PDN. Hence, H3 (β = 0.164; CR = 3.519;
p < 0.01), H4 (β = 0.055; CR = 2.673; p < 0.01), and H5 (β = 0.079; CR = 3.022; p < 0.01) are
supported. On the other hand, the effect of ATAI on MAC is negative, contradicting H6
(β = −0.058; CR = 1.062; p > 0.01). Furthermore, there, CEE and MAC have positive effects
on PDN, supporting H7 (β = 0.071; CR = 3.065; p < 0.01) and H8 (β = 0.087; CR = 3.225;
p < 0.01). Finally, FIT mediates the connection between ATAI and PDN, supporting H9
(β = 0.066; CR = 2.050; p < 0.01) (see Table 6 and Figure 2).
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Figure 2. Path model. Source: Calculated by the researcher.

Table 6. Path co-efficient analysis.

H.No. Relationships Estimate β
(Path Co-Efficient) SE CR

(t-Value)
p-

Value

Decision
Supported =

√
;

Rejected = ×
H1 PQY → ATAI 0.078 0.023 3.332 0.001 [

√
]

H2 TAS → ATAI 0.240 0.035 6.906 0.000 [
√

]
H3 ATAI → FIT 0.164 0.047 3.519 0.000 [

√
]

H4 ATAI → CEE 0.055 0.021 2.673 0.008 [
√

]
H5 ATAI → PDN 0.079 0.026 3.022 0.003 [

√
]

H6 ATAI → MAC −0.058 0.055 1.062 0.288 [×]
H7 CEE → PDN 0.071 0.023 3.065 0.002 [

√
]

H8 MAC → PDN 0.087 0.027 3.225 0.001 [
√

]
H9 ATAI → FIT → PDN 0.066 0.032 2.050 0.003 [

√
]

Source: Calculated by the researcher. Notes: SE = standard error; CR = critical ratio; p = <0.01; PQY = perceived
quality; ATAI = attitudes towards artificial intelligence; TAS = technology attitudes; FIT = fashion involvement;
CEE = customer experience; PDN = purchase decision; MAC = marketing analytics capability;

√
= accepted;

× = rejected.

6. Discussion and Conclusions
The study aimed to examine AI in fashion retail, showing how ATAI and PDN are af-

fected by several variables in Saudi Arabia. The study’s findings suggest that PQY and TAS
positively affect ATAI. These results are supported by several domain studies, such as [9,27–
29,31,46,84,85], which confirmed these results earlier. According to the existing results, the
customers of Saudi Arabia prefer high-quality products. This quality they usually ensure
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through AI and digital technology apps. Since these customers consider multiple factors
and aspects in mind when shopping, they develop AI’s ability to make comparisons that
align with their decision-making process. Furthermore, customers with positive attitudes
toward technology regard AI as a valuable tool that promotes competence, problem-solving,
and productivity, making them more open to AI-driven shopping experiences.

The results suggest positive effects of ATAI on FIT, CEE, and PDN. These results
are consistent with the literature, in which several scholars have confirmed the positive
associations between ATAI and FIT, CEE, and PDN [7,8,17,19,33,35,42,49,58,64,75,92,97].
These positive connections suggest that Saudi customers or online purchasers believe AI to
be valuable and useful because it enhances their experiences and makes shopping easier.
The ease of use of AI communications provides the convenience that enhances customers’
shopping motivation, boosting their confidence in finding suitable products and making
rational purchasing decisions. Their positive involvement in AI and its substantial usage
for shopping purposes will further encourage them to engage with technology and AI tools
in shopping and marketing.

On the other hand, the results show a negative effect of ATAI on MAC, which is
in contradiction with the domain literature [34,101–105]. This negative result suggests
that Saudi Arabia’s online stores might not be able to change the attitudes of consumers
due to not taking care of their preferences and demands. Based on the present findings,
consumers may experience lower analytical engagement, trusting heavily on automatic
ideas instead of evaluating substitutes. In the same way, AI-generated information may
create cognitive overload, where too many algorithm-based options or comprehensive
perceptions diminish consumers’ ability to process marketing information in the effective
way [134]. These mechanisms suggest why a positive ATAI may not always develop a
stronger MAC. Furthermore, strong consumer confidence in AI may inadvertently weaken
perceived human- or retailer-driven MAC. Hence, online stores in Saudi Arabia often fail
to meet customer preferences and overlook purchasing trends.

The study’s results confirm a positive effect of CEE on PDN. These results are sup-
ported by several scholars, like [22–24,68]. The results of the study demonstrate that
customers in Saudi Arabia have a positive experience with AI chatbots. They have a strong
belief in the information and knowledge provided by AI for retail stores, which diminishes
their hesitation and confusion. These enhance and boost customers’ confidence in online
shopping based on new fashion trends. Therefore, the CEE plays a substantial role in PDN,
providing positive insights.

Furthermore, the results show that MAC has a positive role for PDN. Like others,
these results concur with domain studies [12,13,32,48,110]. In the context of Saudi Arabian
online stores, these thoroughly understand the preferences and choices of customers
and tailor their behavior accordingly. They meet expectations, nurture engagement, and
reinforce brand loyalty. Therefore, customers use their analytical approach to decide what
to purchase or not.

Finally, the mediating role of FIT in the relationship between ATAI and PDN is
reinforced by previous studies [21,54,59,113]. These results suggest that ATAI positively
affects FIT, which also enhances the trends of PDN among Saudi Arabia’s online customers.

To sum up, the study’s overall conclusion suggests positive effects of PQY and TAS on
ATAI. ATAI is a positive predictor of FIT, CEE, and PDN, but a negative predictor of MAC.
Moreover, factors such as CEE and MAC positively affect PDN. Finally, FIT mediates the
link between ATAI and PDN among Saudi customers who use AI chatbots, virtual try-ons,
and smart mirrors when shopping at fashion retail stores.
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7. Implications, Limitations, and Future Research Avenues
With regard to practical implications, the study’s findings help policymakers and

planners bring about further transformations from physical store purchasing to online
purchasing and increased business engagement in the fashion industry through techno-
logical advancements, specifically in AI developments. The study’s findings help remove
traditional purchasing channels and mitigate the crisis of conventional commercial for-
mats. The study helps develop strong AI systems that make shopping easier and foster
positive attitudes and intentions among customers. The study findings will be useful in
developing an integrated vision between the online and offline customer journey stages,
specifically in fashion retail. In the fashion retail field, the study’s outcomes further provide
a major approach through AI. The modes of purchase and decisions about purchase will
be rational and convenient. The study’s findings assist customers in driving PDN and
interacting with retail stores with a powered experience, i.e., virtual try-ons and smart
mirrors, which further enrich customer involvement with fashion. On the other hand,
high AI trust may diminish the influence of data-driven marketing tactics; brands should
ensure that AI applications feel instinctive rather than invasive. In FIT, AI tools enhance
customers’ engagement with fashion trends. This encourages shopping or purchasing
behavior. Retailers adopt AI interfaces to diminish cognitive overload and provide trans-
parent explanations for AI. Moreover, the study encourages Gen Z consumers to embrace
immersive, AI-driven experiences. Thus, AI helps customers to make rational decisions to
predict marketing perceptions.

Concerning the theoretical implications, the study validates TAM and CDMT in
the context of Saudi Arabian fashion. The study confirmed the contribution of AI and
technological advancement. This would further boost and encourage the customers to use
e-commerce and AI applications to make their purchase of fashion products. This step of
the customers would also enhance the motivation and profit for the industry along with
the ease for customers. Moreover, the study contributes to consumer behavior theories
by establishing ATAI as a core predictor of FIT, CEE, and PDN. However, inverse results
between ATAI and MAC open new avenues for researchers and scholars to consider this in
their studies. In addition, the study’s outcomes contribute to the literature on AI-driven
retail experiences and consumer technology behavior in Saudi Arabia. Finally, the study
deepens the domain literature and adds empirical insights.

The study has a few limitations, as it only applied quantitative methods with cross-
sectional data. The study collected the data through a single source, i.e., an online survey
questionnaire. The study’s theoretical framework is underpinned by TAM and CDMT,
specifically in fashion retail stores in Saudi Arabia. The study framework comprised a
few constructs: PQY, TAS, ATAI, CEE, FIT, MAC, and PDN. The study’s respondents were
restricted to Saudi customers interacting with AI while shopping from fashion retail stores.
In the model, product price and discount promotion are not included as control variables,
as these are also key determinants of consumers’ purchase decisions. Finally, the outcomes
of the study are based on a sample of 344.

In future research, other methods, such as qualitative and mixed methods, should be
applied to longitudinal data. The framework of the study may be underpinned by other
suitable theories, such as the TPB theory, as well as other constructs, e.g., entrepreneurial
intention, technology transformation, sustainability, digital culture, and platforms. Other
developing economies should be considered in future studies. Factors such as product
price and discount promotions may be considered as control variables in future studies.
Finally, the sample size should be increased to increase the validity of the results.
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7. Gümüş, N.; Çark, Ö. The effect of customers’ attitudes towards chatbots on their experience and behavioural intention in Turkey.

Interdiscip. Descr. Complex Syst. 2021, 19, 420–436. [CrossRef]
8. Arachchi, H.D.M.; Samarasinghe, G.D. Impact of embedded AI mobile smart speech recognition on consumer attitudes towards

AI and purchase intention across Generations X and Y. Eur. J. Manag. Stud. 2024, 29, 3–29. [CrossRef]
9. Biriescu, S.; Olteanu, L. Technologies promoting the digital tourism economy and student attitudes towards artificial intelligence

in tourism. In Green Wealth: Navigating Towards a Sustainable Future; Emerald Publishing: Leeds, UK, 2025; pp. 239–256. [CrossRef]
10. Park, J.; Woo, S.E.; Kim, J. Attitudes towards artificial intelligence at work: Scale development and validation. J. Occup. Organ.

Psychol. 2024, 97, 920–951. [CrossRef]
11. Dang, V.T.; Pham, T.L. An empirical investigation of consumer perceptions of online shopping in an emerging economy: Adoption

theory perspective. Asia Pac. J. Mark. Logist. 2018, 30, 952–971. [CrossRef]
12. Fayed, A.E. In terms of complexity theory via fsQCA: The role of inbound digital marketing in purchase decision making. Int. J.

Technol. Mark. 2025, 19, 60–79. [CrossRef]
13. Masih, J.; Mathur, M.; Bhagwat, A.; Mishra, S.; Rokade, K. An evaluation of core factors of predictive analytics in influencing pur-

chase decision of the consumers in e-business. In Artificial Intelligence, Internet of Things, and Society 5.0; Studies in Computational
Intelligence; Hannoon, A., Mahmood, A., Eds.; Springer Nature: Cham, Switzerland, 2023; Volume 1113, pp. 51–60. [CrossRef]

14. Rodgers, W.; Nguyen, T. Advertising benefits from ethical artificial intelligence algorithmic purchase decision pathways. J. Bus.
Ethics 2022, 178, 1043–1061. [CrossRef]

15. Saputro, D.A.; Elwisam, E.; Digdowiseiso, K. The effect of product differentiation, customer experience and product quality on
the purchase decision of compass shoes in Jakarta. J. Syntax Admiration 2023, 4, 330–342. [CrossRef]

16. Yeo, V.C.S.; Goh, S.K.; Rezaei, S. Consumer experiences, attitude and behavioral intention toward online food delivery (OFD)
services. J. Retail. Consum. Serv. 2017, 35, 150–162. [CrossRef]

17. Ruiz-Viñals, C.; Pretel-Jiménez, M.; Del Olmo Arriaga, J.L.; Miró Pérez, A. The influence of artificial intelligence on generation Z’s
online fashion purchase intention. J. Theor. Appl. Electron. Commer. Res. 2024, 19, 2813–2827. [CrossRef]

18. Rosen, L.D.; Whaling, K.; Carrier, L.M.; Cheever, N.A.; Rokkum, J. The media and technology usage and attitudes scale: An
empirical investigation. Comput. Hum. Behav. 2013, 29, 2501–2511. [CrossRef]

https://doi.org/10.3390/systems14010031

https://doi.org/10.61268/ajs54s12
https://doi.org/10.1016/j.msj.2025.100008
https://doi.org/10.1007/978-981-96-3352-4_49
https://doi.org/10.3390/su13105671
https://doi.org/10.1080/20932685.2017.1399080
https://doi.org/10.7906/indecs.19.3.6
https://doi.org/10.1108/EJMS-03-2023-0019
https://doi.org/10.1108/S1569-375920250000117012
https://doi.org/10.1111/joop.12502
https://doi.org/10.1108/APJML-01-2018-0038
https://doi.org/10.1504/IJTMKT.2025.143056
https://doi.org/10.1007/978-3-031-43300-9_5
https://doi.org/10.1007/s10551-022-05048-7
https://doi.org/10.46799/jsa.v4i3.813
https://doi.org/10.1016/j.jretconser.2016.12.013
https://doi.org/10.3390/jtaer19040136
https://doi.org/10.1016/j.chb.2013.06.006
https://doi.org/10.3390/systems14010031


Systems 2026, 14, 31 20 of 24
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