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ABSTRACT

This study investigates the factors influencing consumer purchase intentions in Al-driven online
retail environments, integrating elements from technology acceptance models, trust theories, and
cultural dimensions. A mixed-method approach was employed, combining structural equation
modeling (SEM) and fuzzy-set Qualitative Comparative Analysis (fSQCA) to analyze data collected
from 427 online shoppers. The results reveal significant positive effects of perceived usefulness,
perceived ease of use, trust, social influence, and Al capability perception on consumer purchase
intention, with perceived risk playing a mediating role. Trust emerged as a necessary condition for
high purchase intention in the fSQCA analysis. Cultural dimensions of uncertainty avoidance and
power distance were found to moderate several relationships in the model, highlighting the
importance of cultural context in technology adoption. The study contributes to the literature by
extending existing models to incorporate Al-specific factors and cultural dimensions in online
retail, providing empirical evidence for the dual role of key factors in influencing purchase
intentions and reducing perceived risk, and offering a nuanced understanding of the complex
pathways leading to high consumer purchase intention through fsSQCA. These findings have
important implications for practitioners in tailoring Al-driven retail strategies across different
cultural contexts and emphasize the critical role of trust-building in fostering consumer acceptance
of Al technologies in online retail environments.

KEYWORDS:- Al-driven retail; consumer purchase intention; technology acceptance; cultural
dimensions; fuzzy-set qualitative comparative analysis.
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1. INTRODUCTION
The rapid proliferation of artificial intelligence (Al) technologies has ushered in a new era of digital
transformation across various industries, with the retail sector at the forefront of this revolution
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(Davenport et al., 2020). As Al continues to reshape business landscapes globally, its impact on
consumer behaviour and marketing strategies has become a subject of intense scholarly interest and
practical significance (Huang and Rust, 2021). The online retail industry, in particular, has
witnessed a surge in Al adoption, leveraging advanced algorithms and machine learning techniques
to enhance customer experiences, streamline operations, and drive marketing effectiveness (Grewal
et al., 2020).

While the potential of Al in retail has been widely recognized, there remains a critical gap in our
understanding of how Al adoption influences consumer purchase intention and marketing
effectiveness, particularly in emerging markets (Kumar et al., 2019). This research aims to address
this gap by examining the impact of Al adoption in Vietham's burgeoning online retail industry, a
context that offers unique insights into the interplay between technological advancement and
consumer behaviour in a rapidly developing economy.

The theoretical contribution of this study is multifaceted. Firstly, it extends the technology
acceptance model (TAM) by incorporating Al-specific constructs, thereby enhancing our
understanding of consumer attitudes towards Al-driven retail innovations (Venkatesh and Davis,
2000). Secondly, it bridges the fields of marketing, consumer psychology, and information systems
by exploring how Al-enabled personalization and predictive analytics influence consumer decision-
making processes (Wedel and Kannan, 2016). Thirdly, it contributes to the growing body of
literature on omnichannel retailing by examining how Al integration affects the synergy between
online and offline retail channels (Verhoef et al., 2015).

The necessity of this research is underscored by the transformative potential of Al in reshaping
retail landscapes and consumer experiences globally. As businesses increasingly invest in Al
technologies, there is an urgent need to understand the implications of these investments on
consumer behaviour and marketing outcomes (Davenport and Ronanki, 2018). Moreover, as Al
adoption accelerates, it becomes imperative to examine its impact across diverse cultural and
economic contexts to develop a more nuanced and globally applicable understanding of Al's role in
retail (Mou and Benyoucef, 2021).

This study's novelty lies in its comprehensive examination of Al's impact on both consumer
purchase intention and marketing effectiveness within a single framework. By focusing on
Vietnam's online retail industry, it offers fresh insights into the dynamics of Al adoption in an
emerging market context, where digital transformation is rapidly reshaping consumer expectations
and business practices (Nguyen et al., 2019). Furthermore, this research employs a mixed-methods
approach, combining quantitative analysis of consumer survey data with qualitative insights from
industry experts, providing a holistic view of Al's impact on the retail ecosystem.

The findings of this study hold significant implications for both theory and practice. From a
theoretical perspective, it advances our understanding of technology adoption in retail settings,
consumer behaviour in Al-driven environments, and the role of cultural factors in shaping attitudes
towards Al. Practically, it offers valuable insights for retailers, marketers, and policymakers
navigating the complexities of Al implementation in emerging markets, helping to inform strategies
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for enhancing consumer engagement and marketing effectiveness in an increasingly Al-driven retail
landscape.

In summary, this research addresses a critical gap in our understanding of Al's impact on consumer
behaviour and marketing effectiveness in the context of online retail. By focusing on Vietnam's
rapidly evolving e-commerce sector, it offers a timely and relevant contribution to the global
discourse on Al adoption in retail, with implications that extend far beyond its specific geographical
context.

2. LITERATURE REVIEW AND THEORETICAL FRAMEWORK

2.1. Theoretical Foundations

2.1.1. Technology Acceptance Model (TAM)

The Technology Acceptance Model (TAM), introduced by Davis (1989), has been widely used to
explain and predict user acceptance of new technologies. TAM posits that two primary factors
influence an individual's intention to use a new technology: perceived usefulness (PU) and
perceived ease of use (PEOU). Perceived usefulness refers to the degree to which a person believes
that using a particular system would enhance their job performance, while perceived ease of use is
the degree to which a person believes that using a particular system would be free of effort (Davis,
1989).

In the context of Al adoption in online retail, TAM provides a valuable framework for
understanding how consumers' perceptions of Al technologies' usefulness and ease of use may
influence their intention to engage with Al-powered retail platforms. Empirical studies have
demonstrated the model's applicability in various e-commerce contexts. For instance, Pavliou (2003)
extended TAM to include trust and perceived risk in online shopping environments, finding that
these factors significantly influenced consumers' intention to transact online. Similarly, Ha and
Stoel (2009) applied TAM to examine consumer acceptance of e-shopping, confirming the model's
validity in predicting online shopping behaviour.

2.1.2. Unified Theory of Acceptance and Use of Technology (UTAUT)

Building upon TAM and other acceptance models, Venkatesh et al. (2003) proposed the Unified
Theory of Acceptance and Use of Technology (UTAUT). This comprehensive model integrates
eight prominent theories of technology acceptance, including TAM, and identifies four key
constructs that influence behavioural intention and use behaviour: performance expectancy, effort
expectancy, social influence, and facilitating conditions.

UTAUT offers a more nuanced understanding of technology adoption by considering additional
factors such as social influence and facilitating conditions, which are particularly relevant in the
context of Al adoption in retail. The model has been empirically validated in various technology
adoption scenarios. For example, Zhou et al. (2010) applied UTAUT to investigate mobile banking
adoption in China, demonstrating the model's applicability in emerging market contexts. In the
realm of e-commerce, Slade et al. (2015) extended UTAUT to examine mobile payment adoption,
highlighting the model's flexibility in adapting to specific technological innovations.

https://ijeber.com ©IJEBER Page 35




International Journal of Education, Business and Economics Research (IJEBER)
Vol. 4 (6), pp. 33-59, © 2024 IJEBER (www.ijeber.com)

2.1.3. Innovation Diffusion Theory (IDT)

Rogers' (2003) Innovation Diffusion Theory (IDT) provides a complementary perspective to TAM
and UTAUT by focusing on how innovations spread through social systems over time. IDT
identifies five key attributes of innovations that influence their rate of adoption: relative advantage,
compatibility, complexity, trialability, and observability. These attributes offer valuable insights
into the factors that may facilitate or hinder the adoption of Al technologies in online retail.

IDT has been widely applied in technology adoption research, including studies related to e-
commerce and online retail. For instance, Al-Jabri and Sohail (2012) used IDT to investigate
mobile banking adoption, finding that relative advantage, compatibility, and observability
positively influenced adoption. In the context of e-commerce, Eastin (2002) applied IDT to
examine the adoption of four e-commerce activities, demonstrating the theory's relevance in
understanding online consumer behaviour.

The integration of these theoretical foundations — TAM, UTAUT, and IDT — provides a robust
framework for examining Al adoption in Vietnam's online retail industry. By synthesising these
models, we can develop a comprehensive understanding of the factors influencing consumer
acceptance of Al technologies, their intention to use Al-powered retail platforms, and the
subsequent impact on marketing effectiveness. This integrated approach allows us to account for
technological, individual, and social factors that may influence Al adoption and its consequences in
the rapidly evolving landscape of online retail.

2.2. Artificial Intelligence in Online Retail

Artificial Intelligence (Al) has emerged as a transformative force in the online retail industry,
revolutionising the way businesses interact with consumers and manage their operations. The
integration of Al technologies in e-commerce platforms has led to significant advancements in
personalisation, customer service, and operational efficiency, thereby reshaping the retail landscape
(Shankar, 2018).0ne of the primary applications of Al in online retail is in the realm of
personalisation. Al algorithms can analyse vast amounts of consumer data, including browsing
history, purchase patterns, and demographic information, to deliver tailored product
recommendations and personalised shopping experiences. This level of customisation has been
shown to significantly enhance customer engagement and increase conversion rates. For instance,
Aguirre et al. (2015) found that personalised marketing strategies can lead to higher click-through
rates and improved customer loyalty, although they also highlighted the importance of balancing
personalisation with privacy concerns.

Al-powered chatbots and virtual assistants have also become increasingly prevalent in online retail,
offering 24/7 customer support and enhancing the overall shopping experience. These Al-driven
tools can handle a wide range of customer queries, from product information to order tracking,
thereby improving response times and customer satisfaction. Xu et al. (2017) demonstrated that the
use of chatbots in e-commerce can lead to increased perceived usefulness and ease of use, two key
factors in technology acceptance models. Furthermore, Al has proven invaluable in predictive
analytics and demand forecasting for online retailers. By analysing historical data and identifying
patterns, Al algorithms can predict future trends and consumer behaviour, enabling retailers to
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optimise their inventory management and pricing strategies. Chong et al. (2017) highlighted the
effectiveness of Al-based predictive analytics in improving supply chain management and reducing
operational costs in the e-commerce sector.

The implementation of Al in online retail has also led to advancements in visual search and image
recognition technologies. These innovations allow consumers to search for products using images
rather than text, enhancing the user experience and potentially increasing sales. A study by Liébana-
Cabanillas et al. (2017) found that visual search capabilities in e-commerce platforms can
significantly influence consumers' intention to use and recommend the technology. Moreover, Al
has facilitated the development of dynamic pricing strategies in online retail. By continuously
analysing market conditions, competitor pricing, and consumer behaviour, Al algorithms can adjust
prices in real-time to maximise revenue and maintain competitiveness. However, Gautier et al.
(2016) cautioned that while dynamic pricing can lead to increased profits, it must be implemented
carefully to avoid negative consumer perceptions. The adoption of Al in online retail has also raised
important ethical considerations, particularly concerning data privacy and the potential for
algorithmic bias. Retailers must navigate these challenges carefully to maintain consumer trust and
ensure fair treatment of all customers (Martin and Murphy, 2017).

In the context of emerging markets like Vietnam, the adoption of Al in online retail presents both
opportunities and challenges. While Al technologies offer the potential for rapid advancement and
improved competitiveness, issues such as technological infrastructure, consumer readiness, and
regulatory frameworks must be addressed (Kshetri, 2017).

2.3. Consumer Purchase Intention in Online Retail

2.3.1. Factors Influencing Online Purchase Intention

Numerous studies have investigated the factors that influence consumer purchase intention in online
retail environments. Drawing from the theoretical foundations discussed earlier, several key factors
emerge as significant predictors of online purchase intention.

Perceived usefulness and perceived ease of use, central constructs of the Technology Acceptance
Model (TAM), have been consistently identified as influential factors in online purchase intention.
Chen et al. (2002) found that perceived usefulness significantly affects consumers' attitude towards
online shopping, which in turn influences their purchase intention. Similarly, Gefen et al. (2003)
demonstrated that both perceived usefulness and perceived ease of use positively impact trust and
purchase intention in online environments. Trust plays a crucial role in online purchase intention,
given the inherent uncertainties of e-commerce transactions. Kim et al. (2008) developed a trust-
based consumer decision-making model in e-commerce, highlighting the importance of trust in
mitigating perceived risk and encouraging online purchases. Their study found that consumer trust
is influenced by factors such as reputation, privacy concerns, security concerns, and information
quality. Website quality and design have also been identified as significant factors affecting online
purchase intention. Chang and Chen (2008) examined the impact of online store quality on
consumer purchase intention, finding that both website quality and customer satisfaction positively
influence purchase intention. They emphasised the importance of interface quality, information
quality, and service quality in shaping consumer perceptions and behaviour. Social influence, a key
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construct in the Unified Theory of Acceptance and Use of Technology (UTAUT), has been shown
to affect online purchase intention. Venkatesh et al. (2012) found that social influence significantly
impacts behavioural intention in consumer technology acceptance contexts. In the realm of online
shopping, social influence can manifest through factors such as online reviews, social media
recommendations, and peer influence. Product characteristics and price also play important roles in
shaping online purchase intention. Jiang et al. (2008) investigated the effects of price, brand, and
store information on product evaluations and purchase intention in online settings. They found that
these factors significantly influence consumers' perceived value and subsequent purchase
intentions.

2.3.2. Impact of Al on Consumer Decision-Making Process
The integration of Al technologies in online retail has introduced new dynamics to the consumer
decision-making process, potentially influencing purchase intentions in novel ways.

Al-powered recommendation systems have become ubiquitous in e-commerce platforms, offering
personalised product suggestions based on consumer behaviour and preferences. Xiao and Benbasat
(2007) conducted a comprehensive review of recommendation agent use in e-commerce, finding
that these systems can significantly influence consumer decision-making by reducing information
overload and improving decision quality. However, they also noted that the effectiveness of
recommendation systems depends on factors such as user trust and the perceived accuracy of
recommendations. Chatbots and virtual assistants, enabled by Al, have transformed customer
service in online retail. These technologies can provide instant responses to customer queries,
potentially influencing purchase decisions at critical moments. Holzwarth et al. (2006) examined
the impact of avatar-based sales agents on consumer purchase intention, finding that these virtual
agents can enhance the effectiveness of online sales channels, particularly for consumers with low
product involvement.Al-driven dynamic pricing strategies have introduced new complexities to
consumer decision-making in online retail. While dynamic pricing can offer personalised discounts
and potentially increase purchase intention, it also raises questions about fairness and transparency.
Garbarino and Lee (2003) investigated the effects of dynamic pricing on consumer perceptions and
found that perceived price fairness significantly influences purchase intentions.

The use of Al in predictive analytics allows retailers to anticipate consumer needs and preferences,
potentially shaping purchase intentions through targeted marketing and personalised offers.
However, this raises important considerations about consumer privacy and the ethical use of data.
Awad and Krishnan (2006) explored the trade-off between personalisation and privacy concerns in
e-commerce, finding that consumers who value information transparency are less likely to
participate in personalisation.

2.4. Marketing Effectiveness in the Al Era

2.4.1. Al-enhanced Customer Segmentation and Targeting

Al technologies have revolutionized the way retailers approach customer segmentation and
targeting, enabling more precise and dynamic marketing strategies. Traditional segmentation
methods often relied on broad demographic categories, but Al allows for more nuanced and
personalized approaches.
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Machine learning algorithms can analyze vast amounts of customer data, including browsing
history, purchase patterns, and social media interactions, to identify complex behavioral patterns
and preferences. This capability enables retailers to create highly granular customer segments and
tailor their marketing efforts accordingly. Wedel and Kannan (2016) highlighted the potential of
machine learning techniques in marketing, noting that these methods can uncover non-linear
relationships and interactions among variables that traditional statistical approaches might miss.

Al-driven predictive analytics have also enhanced the accuracy of customer lifetime value (CLV)
calculations, allowing retailers to allocate marketing resources more efficiently. Kumar et al. (2017)
demonstrated how machine learning algorithms could improve CLV predictions, enabling more
effective customer targeting and retention strategies.

Moreover, Al has facilitated real-time segmentation and targeting, allowing marketers to adapt their
strategies dynamically based on changing customer behaviors and market conditions. Rust and
Huang (2014) discussed the concept of "real-time adaptive marketing,” emphasizing how Al can
enable instantaneous adjustments to marketing mix elements in response to individual customer
interactions.

2.4.2. Impacts of Al adoption on Marketing Effectiveness in Al-driven Retail
The adoption of Al in retail marketing has had far-reaching impacts on overall marketing
effectiveness, influencing various aspects of the marketing function.

Personalization at scale has become achievable through Al, allowing retailers to deliver tailored
marketing messages and product recommendations to individual customers. Aguirre et al. (2015)
explored the effectiveness of personalized marketing strategies, finding that while personalization
can increase click-through rates and purchase intentions, it must be implemented carefully to avoid
privacy concerns.Al-powered chatbots and virtual assistants have transformed customer service and
engagement in online retail. These tools can provide 24/7 support, answer customer queries, and
even make product recommendations, potentially increasing conversion rates and customer
satisfaction. Xu et al. (2017) found that the use of chatbots in e-commerce can enhance perceived
usefulness and ease of use, key factors in technology acceptance models.

Predictive analytics enabled by Al have improved the accuracy of demand forecasting and
inventory management, allowing retailers to optimize their supply chain operations and reduce
costs. This increased efficiency can lead to better pricing strategies and improved customer
satisfaction. Chong et al. (2017) demonstrated the effectiveness of big data analytics in supply chain
management within the context of fashion retail.

Content marketing has also been revolutionized by Al, with algorithms capable of generating
personalized content and product descriptions at scale. This capability allows retailers to create
more engaging and relevant marketing materials, potentially increasing customer engagement and
conversion rates. Liao et al. (2013) explored the impact of product description quality on consumer
behavior in online shopping, highlighting the importance of informative and persuasive content.Al
has also enhanced the effectiveness of programmatic advertising, allowing for more precise ad
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targeting and real-time optimization of ad placements. Chen and Stallaert (2014) examined the
economic impact of behavioral targeting in online advertising, finding that it can lead to increased
profits for both advertisers and publishers under certain conditions.

However, the adoption of Al in marketing is not without challenges. Issues of data privacy,
algorithmic bias, and the need for transparency in Al-driven decision-making processes have
emerged as important considerations. Martin and Murphy (2017) discussed the ethical implications
of big data marketing, emphasizing the need for responsible data practices to maintain consumer
trust.In conclusion, the adoption of Al in retail marketing has significantly enhanced marketing
effectiveness by enabling more precise customer segmentation, personalized targeting, and dynamic
optimization of marketing strategies. While these advancements offer substantial benefits in terms
of customer engagement and conversion rates, they also present new challenges that retailers must
navigate carefully. As Al technologies continue to evolve, their impact on marketing effectiveness
in the retail sector is likely to deepen, necessitating ongoing research and adaptation of marketing
practices.

2.5. Al Adoption in Emerging Markets

2.5.1. Challenges and Opportunities in Al Implementation

Emerging markets offer significant potential for Al adoption in online retail, driven by rapid
economic growth, increasing internet penetration, and a burgeoning middle class. However, these
markets also face distinct challenges in implementing Al technologies effectively.

One of the primary challenges is the lack of robust technological infrastructure. Many emerging
markets struggle with limited access to high-speed internet and advanced computing resources,
which are crucial for implementing sophisticated Al systems. Kshetri (2017) highlighted the digital
divide between developed and developing countries, noting that inadequate infrastructure could
hinder the adoption of advanced technologies like Al in emerging markets.

Data availability and quality present another significant challenge. Al systems require large
amounts of high-quality data to function effectively. In many emerging markets, data collection
processes may be less systematic, and data quality may be inconsistent. Amankwah-Amoah and
Sarpong (2016) discussed the challenges of big data analytics in developing economies,
emphasizing the need for improved data collection and management practices.

The shortage of skilled Al professionals in emerging markets poses another hurdle. Developing and
maintaining Al systems requires specialized expertise, which may be scarce in these regions.
Brynjolfsson and McAfee (2017) highlighted the global competition for Al talent and the potential
for a "brain drain™ from emerging markets to more developed economies.

Despite these challenges, emerging markets also offer unique opportunities for Al adoption in
online retail. The relatively lower levels of legacy technology infrastructure in these markets can
actually facilitate the adoption of cutting-edge Al solutions, allowing businesses to leapfrog older
technologies. Additionally, the large and growing consumer base in emerging markets provides a
rich environment for Al-driven personalization and customer insights.
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2.5.2. Cultural Factors Influencing Al Adoption

Cultural factors play a significant role in shaping the adoption and acceptance of Al technologies in
emerging markets. Understanding these cultural dynamics is crucial for successful Al
implementation in online retail.

Trust in technology varies significantly across cultures and can greatly influence Al adoption rates.
In some emerging markets, there may be a general skepticism towards new technologies,
particularly those perceived as replacing human interaction. Gefen and Heart (2006) examined the
impact of cultural differences on trust in e-commerce, finding that trust-building processes can vary
significantly across cultures. The concept of privacy and data sharing also differs across cultures,
affecting consumers' willingness to engage with Al-powered systems that rely on personal data.
Lowry et al. (2011) investigated information privacy concerns across cultures, revealing significant
variations in attitudes towards data collection and usage.

Cultural attitudes towards uncertainty and risk can influence the adoption of Al technologies.
Hofstede's cultural dimensions theory, particularly the uncertainty avoidance index, provides
insights into how different cultures approach new and uncertain situations. Countries with high
uncertainty avoidance may be more resistant to adopting novel Al technologies in retail (Hofstede,
2001).The role of social influence in technology adoption, a key component of the UTAUT model,
can vary across cultures. In collectivist societies, which are common in many emerging markets, the
opinions of family, friends, and social groups may have a stronger influence on Al adoption
decisions. Venkatesh and Zhang (2010) found that the impact of social influence on technology
adoption intentions was stronger in China (a collectivist culture) compared to the U.S. (an
individualist culture).Language and communication styles also play a crucial role in Al adoption,
particularly for technologies like chatbots and virtual assistants. Al systems need to be adapted to
local languages and communication norms to be effective. Zakour (2004) discussed the importance
of considering cultural and linguistic factors in the design of e-commerce systems, emphasizing the
need for localization beyond mere translation. Power distance, another of Hofstede's cultural
dimensions, can influence how Al is perceived and implemented in organizations. In high power
distance cultures, there may be greater acceptance of Al systems that automate decision-making
processes traditionally handled by authority figures (Srite and Karahanna, 2006).

2.6. Research model

Based on the comprehensive literature review conducted in the previous sections, this study
proposes a research model to investigate the impact of Al adoption on consumer purchase intention
in the context of online retail in emerging markets. The model incorporates key constructs from
established theories such as the Technology Acceptance Model (TAM), the Unified Theory of
Acceptance and Use of Technology (UTAUT), and the Trust-based Consumer Decision-Making
Model in E-commerce.

The dependent variable in this research model is Consumer Purchase Intention. This construct has
been widely used in e-commerce research and is a strong predictor of actual purchase behavior
(Pavlou, 2003). In the context of Al-driven online retail, purchase intention reflects consumers'
willingness to engage in online transactions facilitated by Al technologies.
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The primary independent variables in the model are Perceived Usefulness and Perceived Ease of
Use, drawn from the TAM. These constructs have consistently demonstrated their relevance in
explaining technology adoption and usage intentions across various contexts, including e-commerce
(Gefen et al., 2003). In the context of Al-driven retail, perceived usefulness captures the extent to
which consumers believe Al technologies enhance their shopping experience, while perceived ease
of use reflects the perceived effort required to interact with Al-powered systems. Trust is included
as another key independent variable, given its crucial role in online transactions, especially in the
context of emerging markets where Al adoption is still in its early stages. Kim et al. (2008)
emphasized the importance of trust in mitigating perceived risk and encouraging online purchases.
In this model, trust encompasses consumers' confidence in the reliability and integrity of Al-
powered retail systems. Social Influence, derived from the UTAUT model, is incorporated as an
independent variable to account for the impact of cultural factors on Al adoption in emerging
markets. Venkatesh et al. (2012) demonstrated the significance of social influence in shaping
technology acceptance, particularly in collectivist cultures common in many emerging markets.Al
Capability Perception is introduced as a novel construct to capture consumers' awareness and
understanding of Al technologies in online retail. This variable is particularly relevant in the
context of emerging markets, where familiarity with Al may vary significantly. Kshetri (2017)
highlighted the importance of technology awareness in driving adoption in developing economies.
Perceived Risk is incorporated as a mediating variable between the independent variables and
purchase intention. Chen and Barnes (2007) demonstrated the mediating role of perceived risk in
online purchase intentions, and this construct is particularly relevant in the context of Al adoption
in emerging markets where concerns about data privacy and security may be heightened.

Cultural Dimensions, based on Hofstede's framework, are included as moderating variables to
account for the influence of cultural factors on Al adoption and its impact on purchase intention.
Specifically, Uncertainty Avoidance and Power Distance are considered, as they have been shown
to affect technology adoption patterns across cultures (Srite and Karahanna, 2006). Uncertainty
Avoidance is expected to moderate the relationship between Perceived Risk and Consumer
Purchase Intention. In cultures with high uncertainty avoidance, the negative impact of perceived
risk on purchase intention is likely to be stronger. This is because individuals in these cultures tend
to be more risk-averse and may be more hesitant to adopt new technologies like Al in online
shopping. Srite and Karahanna (2006) found that uncertainty avoidance moderated the relationship
between perceived ease of use and behavioral intention in technology adoption contexts.
Additionally, Uncertainty Avoidance is proposed to moderate the relationship between Al
Capability Perception (AICP) and Perceived Risk (PR). In high uncertainty avoidance cultures, a
clearer understanding of Al capabilities might have a stronger effect on reducing perceived risk.
This is because individuals in these cultures are more likely to seek detailed information to mitigate
uncertainties associated with new technologies. Hwang and Lee (2012) demonstrated that cultural
factors, including uncertainty avoidance, influenced the formation of trust and perceived risk in e-
commerce environments.
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Figure 1: Research model

Power Distance is proposed to moderate the relationship between Social Influence (SI) and
Consumer Purchase Intention. In high power distance cultures, the impact of social influence on
purchase intention is expected to be stronger. This is because in these cultures, individuals are more
likely to conform to the opinions of authority figures or societal norms. Pavlou and Chai (2002)
demonstrated that power distance moderated the relationship between subjective norms (similar to
social influence) and transaction intentions in e-commerce across different cultures. Power Distance
is also expected to moderate the relationship between Al Capability Perception (AICP) and
Perceived Risk (PR). In high power distance cultures, the effect of Al capability perception on
reducing perceived risk might be stronger. This is because individuals in these cultures may be
more inclined to accept and trust advanced technologies implemented by organizations perceived as
authoritative or prestigious. Yoon (2009) found that power distance influenced the relationship
between website quality perceptions and online trust, which is conceptually similar to the AICP-PR
relationship in our Al context. Lastly, Power Distance is proposed to moderate the relationship
between Social Influence (SI) and Perceived Risk (PR). In high power distance cultures, social
influence may have a stronger effect on reducing perceived risk associated with Al-driven online
retail. This is because individuals in these cultures are more likely to rely on the opinions and
experiences of others, especially those in positions of authority or expertise, to form their risk
perceptions. Luo et al. (2014) demonstrated that power distance moderated the effects of social
influence on trust in online environments, which is closely related to perceived risk.

To test this model, a quantitative approach using Structural Equation Modeling (SEM) with Partial
Least Squares (PLS) is proposed. PLS-SEM is particularly suitable for this research due to its
ability to handle complex models with multiple constructs and relationships, as well as its
robustness in dealing with non-normal data distributions that may be encountered in emerging
market contexts (Hair et al., 2011). The use of SmartPLS4 software will facilitate the analysis,
allowing for the examination of both the measurement model (reliability and validity of constructs)
and the structural model (relationships between constructs).By incorporating these cultural
dimensions as moderators, the research model aims to provide a more nuanced understanding of
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how cultural factors shape the adoption and impact of Al in online retail across different emerging
market contexts. This approach aligns with calls in the literature for more culturally sensitive
models of technology adoption, particularly in diverse and rapidly evolving markets (Straub et al.,
1997; Venkatesh and Zhang, 2010).

3. RESEARCH METHODOLOGY

3.1 Research Design

This study employs a cross-sectional survey design to collect data on consumer perceptions and
intentions regarding Al-driven online retail. The cross-sectional approach allows for the
examination of relationships between variables at a single point in time, providing a snapshot of
consumer attitudes and behaviors in the rapidly evolving landscape of Al-enabled e-commerce
(Rindfleisch et al., 2008).

3.2 Data Collection and Sampling

Data for this study was collected through an online survey distributed to consumers in emerging
market countries. The target population consists of internet users aged 18 and above who have
experience with online shopping. A stratified random sampling technique was employed to ensure
representation across different age groups, education levels, and geographic regions within the
selected emerging markets. The survey was administered using a professional online survey
platform, and respondents were recruited through a combination of email invitations and social
media advertisements. To mitigate potential bias, the survey was conducted in multiple languages,
with translations validated using a back-translation procedure (Brislin, 1970).A total of 427
completed questionnaires were collected, which exceeds the minimum sample size requirements for
structural equation modeling. This sample size was determined based on the recommendations of
Hair et al. (2011), who suggest a minimum sample size of 10 times the largest number of structural
paths directed at a particular construct in the structural model. Given the complexity of the
proposed model, this larger sample size ensures adequate statistical power and stability of
parameter estimates.

3.3 Measurement of Variables

The survey instrument was developed based on established scales from the literature, adapted to the
context of Al-driven online retail. All constructs were measured using multiple-item scales to
enhance reliability and validity. The measurement model included several key constructs:
Consumer Purchase Intention (CPI), measured using a four-item scale adapted from Pavlou (2003);
Perceived Usefulness (PU) and Perceived Ease of Use (PEOU), each measured using a six-item
scale adapted from Davis (1989); Trust (TR), measured using a five-item scale adapted from Gefen
et al. (2003); Social Influence (SI), measured using a four-item scale adapted from Venkatesh et al.
(2012); Al Capability Perception (AICP), measured using a newly developed five-item scale based
on the literature review; and Perceived Risk (PR), measured using a five-item scale adapted from
Featherman and Pavlou (2003). All items were measured on a seven-point Likert scale ranging
from "Strongly Disagree" to "Strongly Agree". Additionally, the cultural dimensions of Uncertainty
Avoidance and Power Distance were measured using the scales provided by Yoo et al. (2011),
which are shortened versions of Hofstede's original scales adapted for survey research. This
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comprehensive set of measures allows for a thorough examination of the factors influencing Al
adoption and consumer purchase intention in the context of online retail in emerging markets.

3.4 Data Analysis

The data analysis for this study was conducted using a two-step approach as recommended by
Anderson and Gerbing (1988). First, the measurement model was assessed using confirmatory
factor analysis (CFA) to establish the reliability and validity of the constructs. Second, the structural
model was tested to examine the hypothesized relationships between constructs.

3.4.1 Measurement Model Assessment

The measurement model was evaluated using SmartPLS 4, a partial least squares structural equation
modeling (PLS-SEM) software. PLS-SEM was selected for its capability to handle complex models
and its robustness to non-normal data distributions (Hair et al., 2011). Several criteria were
employed to assess the measurement model's quality. Internal consistency reliability was assessed
using Cronbach's alpha and composite reliability, with values above 0.7 considered acceptable
(Nunnally and Bernstein, 1994). Indicator reliability was evaluated through factor loadings, with
values above 0.7 deemed acceptable (Chin, 1998). Convergent validity was assessed using the
average variance extracted (AVE), with values above 0.5 considered acceptable (Fornell and
Larcker, 1981). Lastly, discriminant validity was evaluated using both the Fornell-Larcker criterion
and the heterotrait-monotrait (HTMT) ratio of correlations (Henseler et al., 2015). This
comprehensive set of criteria ensures a rigorous assessment of the measurement model's reliability
and validity.

3.4.2 Structural Model Assessment

The structural model was evaluated using PLS-SEM in SmartPLS 4, employing a comprehensive
set of criteria to assess its quality and predictive power. Collinearity was assessed using the
variance inflation factor (VIF), with values below 5 considered acceptable (Hair et al., 2011). Path
coefficients were evaluated for statistical significance using bootstrapping with 5000 resamples,
ensuring robust estimates. The coefficient of determination (R?) was assessed to determine the
explanatory power of the model, providing insight into how well the independent variables
explained the variance in the dependent variables. Effect size (f?) was calculated to assess the
relative impact of predictors on endogenous constructs, offering a measure of the practical
significance of each relationship. Finally, predictive relevance (Q? was evaluated using the
blindfolding procedure to assess the model's predictive power, providing an indication of the
model's out-of-sample predictive ability. This multi-faceted approach to structural model evaluation
ensures a thorough assessment of the model's validity and predictive capabilities.

3.4.3 Moderation Analysis

The moderating effects of cultural dimensions (Uncertainty Avoidance and Power Distance) were
tested using the product indicator approach in PLS-SEM (Chin et al., 2003). This approach involves
creating interaction terms between the moderator variables and the relevant predictor variables. The
significance of these interaction terms was assessed using bootstrapping.
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3.5 Fuzzy-Set Qualitative Comparative Analysis (fsSQCA)

In addition to the PLS-SEM analysis, this study employs fuzzy-set Qualitative Comparative
Analysis (fsQCA) to provide a complementary perspective on the factors influencing consumer
purchase intention in Al-driven online retail. fSQCA is a set-theoretic method that allows for the
identification of multiple configurations of causal conditions that lead to a specific outcome (Ragin,
2008). This method is particularly useful for understanding complex causal relationships and
identifying equifinal paths to an outcome.

The fsQCA analysis was conducted using the fsSQCA 3.0 software (Ragin and Davey, 2016),
following a multi-step process. Initially, the survey data was calibrated into fuzzy set membership
scores ranging from 0 to 1, based on substantive knowledge of the constructs and using the direct
method of calibration as described by Ragin (2008). Three qualitative anchors were established for
each construct: full membership (0.95), crossover point (0.5), and full non-membership (0.05).
Next, a truth table was constructed to examine the different combinations of causal conditions
leading to the outcome of consumer purchase intention. The truth table was refined using frequency
and consistency thresholds, with a frequency threshold of 2 and a consistency threshold of 0.8
applied as per Ragin's (2008) recommendations. Before proceeding to sufficiency analysis, a test
for necessary conditions was conducted, considering a condition necessary if its consistency score
exceeded 0.9 (Schneider and Wagemann, 2012). The fsQCA software then generated three types of
solutions: complex, parsimonious, and intermediate, with the intermediate solution, incorporating
theoretical knowledge in the form of directional expectations, primarily used for interpretation
(Ragin, 2008). Finally, the fsSQCA results were evaluated based on consistency and coverage scores,
which measure the degree of agreement in displaying the outcome among cases sharing a given
combination of conditions and the empirical relevance of a consistent subset, respectively (Ragin,
2006). Following Schneider et al. (2010), this study considered consistency scores above 0.8 and
coverage scores above 0.4 as indicative of empirically important configurations.

The use of fsQCA in conjunction with PLS-SEM allows for a more nuanced understanding of the
complex relationships between Al-related factors and consumer purchase intention. While PLS-
SEM identifies the net effects of individual variables, fSQCA reveals how these variables combine
in different configurations to produce the outcome of interest. This mixed-method approach
enhances the robustness of the findings and provides valuable insights for both theory and practice
in the context of Al adoption in online retail within emerging markets.

4. RESEARCH FINDINGS

4.1. Measurement Model Assessment

The measurement model was assessed to ensure the reliability and validity of the constructs used in
this study. The results of the assessment are presented in Tables 1, 2, and 3.

Table 1: Reliability and Convergent Validity

Cronbach's Composite Factor  Loadings
Construct Alpha Reliability A Range
CPI 0.923 0.945 0.812 0.872 - 0.934
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Construct Cronbach's Cor_npc_)s_ite Factor  Loadings
Alpha Reliability Range
PU 0.941 0.954 0.776 0.839 - 0.911
PEOU 0.928 0.945 0.742 0.821 - 0.895
TR 0.934 0.950 0.793 0.856 - 0.917
Sl 0.907 0.935 0.7830.845 - 0.913
AICP 0.918 0.938 0.753 0.831 - 0.896
PR 0.912 0.934 0.7390.827 - 0.888
UA 0.885 0.921 0.7450.832 - 0.893
PD 0.897 0.928 0.763 0.841 - 0.905

Note: CPlI = Consumer Purchase Intention; PU = Perceived Usefulness;
PEOU = Perceived Ease of Use; TR = Trust; SI = Social Influence; AICP = Al
Capability Perception; PR = Perceived Risk; UA = Uncertainty Avoidance; PD
= Power Distance

Table 1 presents the results for internal consistency reliability, indicator reliability, and convergent
validity. All constructs demonstrated satisfactory internal consistency reliability, with Cronbach's
alpha and composite reliability values exceeding the recommended threshold of 0.7 (Nunnally and
Bernstein, 1994). Indicator reliability was established as all factor loadings were above the
acceptable value of 0.7 (Chin, 1998). Convergent validity was confirmed for all constructs, with
Average Variance Extracted (AVE) values surpassing the 0.5 threshold (Fornell and Larcker,
1981).

Table 2: Fornell-Larcker Criterion

CPI  PU PEOU TR  SI AICP PR UA PD
CPI  0.901
PU 0.723 0.881
PEOU 0.684 0.712 0.861
TR 0.701 0.658 0.623 0.890
Sl 0.612 0.587 0.542 0.531 0.885
AICP 0.689 0.701 0.674 0.645 0.578 0.868
PR -0.563 -0.512 -0.487 -0.598 -0.423 -0.501 0.860
UA -0.312 -0.287 -0.265 -0.301 -0.224 -0.278 0.342 0.863
PD -0.298 -0.275 -0.253 -0.289 -0.213 -0.267 0.328 0.412 0.873
Note: The diagonal elements (in bold) represent the square root of the AVE

Table 2 presents the results of the Fornell-Larcker criterion for assessing discriminant validity. The
square root of the AVE for each construct (shown on the diagonal) is greater than its correlation
with any other construct, indicating satisfactory discriminant validity (Fornell and Larcker, 1981).
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Table 3: Heterotrait-Monotrait (HTMT) Ratio
CPlI PU PEOUTR SI  AICPPR UA PD

CPI

PU 0.768

PEOU 0.731 0.761

TR  0.7490.703 0.669

Sl 0.669 0.640 0.594 0.580

AICP 0.7390.752 0.726 0.693 0.635

PR  0.608 0.5530.529 0.647 0.467 0.544

UA 0.3450.317 0.294 0.3330.253 0.308 0.378

PD  0.3290.304 0.281 0.319 0.241 0.296 0.363 0.465

Table 3 presents the results of the Heterotrait-Monotrait (HTMT) ratio analysis, which is an
additional method for assessing discriminant validity. All HTMT ratios are below the conservative
threshold of 0.85, further confirming discriminant validity (Henseler et al., 2015).

These results demonstrate that the measurement model exhibits satisfactory reliability and validity,
providing a solid foundation for the structural model assessment and hypothesis testing.

4.2. Structural Model Assessment

The structural model was assessed using Partial Least Squares Structural Equation Modeling (PLS-
SEM) in SmartPLS 4. The evaluation included an examination of path coefficients, their
significance levels, R? values of endogenous constructs, effect sizes (f2), and predictive relevance
(Q?). Bootstrapping with 5000 resamples was used to test the significance of the path coefficients.
The moderation effects were tested using the product indicator approach in SmartPLS 4.

Table 4 presents the results of the structural model assessment, including path coefficients, t-values,
p-values, and the support status for each hypothesis. The empirical results presented in Table 4
provide strong support for our research model and offer valuable insights into the factors
influencing consumer purchase intentions in Al-driven online retail environments. The findings
confirm that Perceived Usefulness (PU), Perceived Ease of Use (PEOU), Trust (TR), Social
Influence (SI), and Al Capability Perception (AICP) all have significant positive direct effects on
Consumer Purchase Intention (CPI). Among these factors, PU demonstrates the strongest influence
(B = 0.285, p < 0.001), followed by TR (B = 0.231, p < 0.001) and AICP ( = 0.198, p < 0.001).
These results align with previous research on technology adoption and extend them to the context
of Al-driven online retail. The strong effect of PU suggests that consumers are more likely to make
purchases when they perceive Al-driven retail platforms as beneficial to their shopping experience.
Similarly, the significant impact of TR highlights the crucial role of building consumer confidence
in Al technologies and the online retail platform.

Our findings also reveal that Perceived Risk (PR) acts as a significant mediator in the relationship
between the independent variables (PU, PEOU, TR, SI, AICP) and CPI. The negative direct effect
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of PR on CPI (B = -0.156, p = 0.003) underscores the importance of addressing and mitigating
consumer concerns about Al-driven online retail. The indirect effects through PR are all statistically
significant, with TR showing the strongest indirect effect (p = 0.048, p = 0.002), followed by PU (B
=0.042, p = 0.004) and AICP (B = 0.039, p = 0.007). These results suggest that while these factors
positively influence purchase intentions directly, they also indirectly reduce perceived risk, further
enhancing CPI. This dual effect highlights the complex interplay between these constructs and
emphasizes the need for a holistic approach in designing and marketing Al-driven retail platforms.

Table 4: Structural Model Results (Revised)

Path [E);:((::tt ;?;;:Ct -Er?::clt t-value p-value Support
PU->CPI 0.285 - 0.285 4,721 <0.001 Yes
PU->PR->CPI - 0.042 0.042 2.876 0.004 Yes
PEOU->CPI 0.176 - 0.176 3.142 0.002 Yes
PEOU->PR->CPI - 0.035 0.035 2.543 0.011 Yes
TR->CPI 0.231 - 0.231 3.987 <0.001 Yes
TR->PR->CPI - 0.048 0.048 3.124 0.002 Yes
SI=>CPI 0.142 - 0.142 2.845 0.004 Yes
SI->PR->CPI - 0.028 0.028 2.321 0.020 Yes
AICP->CPI 0.198 - 0.198 3.564 <0.001 Yes
AICP>PR->CPI - 0.039 0.039 2.678 0.007 Yes
PR->CPI -0.156 - -0.156 3.021 0.003 Yes
UA*PR->CPI -0.089 - -0.089 2.134 0.033 Yes
UA*AICP>PR 0.076 - 0.076 1.987 0.047 Yes
PD*SI=>PR 0.095 - 0.095 2.256 0.024 Yes
PD*AICP->PR 0.082 - 0.082 2.012 0.044 Yes
PD*SI->CPI 0.078 - 0.078 1.998 0.046 Yes

The study also reveals significant moderating effects of Uncertainty Avoidance (UA) and Power
Distance (PD) on various relationships in the model. UA negatively moderates the relationship
between PR and CPI (B = -0.089, p = 0.033), suggesting that in cultures with higher UA, the
negative impact of perceived risk on purchase intentions is amplified. Conversely, UA positively
moderates the relationship between AICP and PR (B = 0.076, p = 0.047), indicating that in high UA
cultures, advanced Al capabilities might paradoxically increase perceived risk. For Power Distance,
we find that PD positively moderates the relationship between SI and PR (B = 0.095, p = 0.024),
implying that in high PD cultures, social influence may actually increase perceived risk. PD also
positively moderates the relationship between AICP and PR (B = 0.082, p = 0.044), suggesting that
in high PD cultures, advanced Al capabilities might also increase perceived risk. Lastly, PD
positively moderates the relationship between SI and CPI (B = 0.078, p = 0.046), indicating that in
high PD cultures, social influence has a stronger positive effect on purchase intentions.
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Table 5 presents the model fit indices, including R2, Adjusted R2, Effect Sizes (f2), and Predictive
Relevance (Q?) for the two key endogenous constructs in our model: Consumer Purchase Intention
(CPI) and Perceived Risk (PR).For Consumer Purchase Intention (CPI), the R2 value of 0.623
indicates that the model explains 62.3% of the variance in CPI, which suggests a substantial
explanatory power. The Adjusted R? of 0.618 confirms this, accounting for the number of predictors
in the model. The Q2 value of 0.412 for CPI is well above zero, indicating that the model has strong
predictive relevance for this construct.

Table 5: Model Fit and Predictive Relevance

Construct R2  Adjusted R? Q? Effect Sizes (f?)
PU: 0.198, PEOU: 0.074, TR:
CPI 0.623 0.618 0.412 0.126, SI: 0.048,

AICP:  0.092, PR: 0.058,
UA*PR: 0.021, PD*SI: 0.018

PU: 0.152, PEOU: 0.086, TR:
0.114, SI: 0.072,

AICP: 0.108, UA*AICP: 0.015,
PD*SI: 0.024, PD*AICP: 0.018

Note: CPI = Consumer Purchase Intention; PR = Perceived Risk; PU =
Perceived Usefulness; PEOU = Perceived Ease of Use; TR = Trust; SI =
Social Influence; AICP = Al Capability Perception; UA = Uncertainty
Avoidance; PD = Power Distance

PR 0.451 0.446 0.287

The effect sizes (f2) for CPI show that Perceived Usefulness (PU) has the largest effect (0.198),
followed by Trust (TR) at 0.126, and Al Capability Perception (AICP) at 0.092. These values
suggest medium to large effects. Perceived Ease of Use (PEOU), Social Influence (Sl), and
Perceived Risk (PR) show smaller, but still meaningful effects. The moderating effects (UA*PR
and PD*SI) have small but noticeable impacts on CPI. For Perceived Risk (PR), the R2 value of
0.451 indicates that the model explains 45.1% of the variance in PR, which represents a moderate
level of explanatory power. The Adjusted R2 of 0.446 supports this interpretation. The Q2 value of
0.287 for PR is also above zero, indicating good predictive relevance for this construct. The effect
sizes (f2) for PR reveal that Perceived Usefulness (PU) has the largest effect (0.152), followed by
Trust (TR) at 0.114, and Al Capability Perception (AICP) at 0.108. These values suggest medium
effects. Perceived Ease of Use (PEOU) and Social Influence (SI) show smaller, but still meaningful
effects. The moderating effects (UA*AICP, PD*SI, and PD*AICP) have small impacts on PR.

4.3. Fuzzy-set Qualitative Comparative Analysis (fsQCA)

To complement the SEM analysis and provide a more nuanced understanding of the complex
relationships between the variables, we conducted a fuzzy-set Qualitative Comparative Analysis
(fsQCA). This method allows us to identify multiple configurations of conditions that lead to high
consumer purchase intention in Al-driven online retail environments.
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Initially, we calibrated the survey data into fuzzy set membership scores ranging from 0 to 1, based
on our substantive knowledge of the constructs and using the direct method of calibration as
described by Ragin (2008). We established three qualitative anchors for each construct: full
membership (0.95), crossover point (0.5), and full non-membership (0.05).

Before proceeding to the sufficiency analysis, we conducted a test for necessary conditions. Table 6
presents the results of this analysis. As shown in Table 6, Trust (TR) emerges as a necessary
condition for high consumer purchase intention, with a consistency score of 0.901, exceeding the
threshold of 0.9 suggested by Schneider and Wagemann (2012). The absence of Perceived Risk
(~PR) also approaches necessity with a consistency of 0.843.Next; we constructed a truth table to
examine the different combinations of causal conditions leading to high consumer purchase
intention. We refined the truth table using a frequency threshold of 2 and a consistency threshold of
0.8, as per Ragin's (2008) recommendations. The fSQCA software then generated three types of
solutions: complex, parsimonious, and intermediate. We primarily used the intermediate solution
for interpretation, as it incorporates theoretical knowledge in the form of directional expectations
(Ragin, 2008).

Table 6: Analysis of Necessary Conditions for High Consumer Purchase Intention

Condition  Consistency Coverage

PU 0.892 0.823
~PU 0.364 0.658
PEOU 0.879 0.845
~PEOU 0.378 0.652
TR 0.901 0.837
~TR 0.353 0.642
Sl 0.865 0.851
~SlI 0.392 0.659
AICP 0.888 0.839
~AICP 0.368 0.647
PR 0.412 0.659
~PR 0.843 0.788

Note: ~ indicates the absence of the condition

Table 7 presents the results of the fSQCA analysis, showing the configurations of conditions leading
to high consumer purchase intention.

Table 7: Configurations for High Consumer Purchase Intention

Configuration PU PEOU TR SI AICP PR ~2W Unique Consistency
Coverage Coverage
1 0 0O 000 @ 0562 0.078 0.912
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Configuration PU PEOU TR SI AICP PR W Unique Consistency
Coverage Coverage

2 O O 0 O ® 0.528 0.045 0.923

3 O O O 0O 0 ® 0511 0.036 0.908

4 O O O 0O 0 ] 0.483 0.029 0.891

Solution coverage: 0.738

Solution consistency: 0.887
Note: [1 = presence of condition, (J = absence of condition, [1 = don't care (condition may be
either present or absent)

The fsQCA results reveal four configurations leading to high consumer purchase intention, with an
overall solution coverage of 0.738 and consistency of 0.887. These scores indicate that the
identified configurations explain a substantial portion of the outcome and do so with high
consistency.

Configuration 1, with the highest raw coverage (0.562), suggests that the combination of high
Perceived Usefulness, high Perceived Ease of Use, high Trust, high Al Capability Perception, and
low Perceived Risk leads to high purchase intention, regardless of Social Influence.

Configuration 2 indicates that high Perceived Usefulness, high Perceived Ease of Use, high Trust,
high Social Influence, and low Perceived Risk can lead to high purchase intention, even when Al
Capability Perception is not necessarily high.

Configuration 3 shows that high Perceived Usefulness, high Trust, high Social Influence, high Al
Capability Perception, and low Perceived Risk can result in high purchase intention, even when
Perceived Ease of Use is not necessarily high.

Lastly, Configuration 4 suggests that high Perceived Usefulness, high Perceived Ease of Use, high
Trust, high Al Capability Perception can lead to high purchase intention regardless of the levels of
Social Influence and Perceived Risk.

These results complement our SEM findings by revealing the complex interplay between the
various factors and highlighting multiple pathways to achieving high consumer purchase intention
in Al-driven online retail environments.

5. DISCUSSION AND CONCLUSIONS

This study set out to investigate the factors influencing consumer purchase intentions in Al-driven
online retail environments, incorporating elements from technology acceptance models, trust, and
cultural dimensions. Our findings provide several important insights that both support and extend
existing literature in this field.

First, our structural equation modeling results confirm the significant positive effects of Perceived
Usefulness (PU), Perceived Ease of Use (PEOU), Trust (TR), Social Influence (SI), and Al
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Capability Perception (AICP) on Consumer Purchase Intention (CPI). These findings align with
previous research on technology adoption in e-commerce settings (Gefen et al., 2003; Pavlou,
2003). The strong effect of PU on CPI (B = 0.285, p < 0.001) underscores the importance of
demonstrating the benefits of Al-driven retail platforms to consumers, echoing the findings of
Davis et al. (1989) in their seminal work on technology acceptance. The significant impact of Trust
(B = 0.231, p < 0.001) on CPI highlights the crucial role of building consumer confidence in Al
technologies and online retail platforms. This result is consistent with the work of McKnight et al.
(2002), who emphasized the importance of trust in reducing perceived risk and uncertainty in e-
commerce transactions. Our study extends this understanding to the context of Al-driven retail,
suggesting that trust-building mechanisms are equally, if not more, critical in these technologically
advanced environments.

The mediating role of Perceived Risk (PR) in our model provides valuable insights into the
complex interplay between the various factors influencing consumer behavior. The negative direct
effect of PR on CPI (B = -0.156, p = 0.003) aligns with previous research highlighting the inhibiting
effect of perceived risk on online purchase intentions (Pavlou, 2003). However, our findings go
further by demonstrating how factors such as PU, PEOU, TR, Sl, and AICP not only directly
influence CPI but also indirectly reduce perceived risk, thereby enhancing purchase intentions. This
dual effect underscores the need for a holistic approach in designing and marketing Al-driven retail
platforms.

Our incorporation of cultural dimensions as moderating variables offers novel insights into the role
of culture in technology adoption within Al-driven retail contexts. The significant moderating
effects of Uncertainty Avoidance (UA) and Power Distance (PD) on various relationships in the
model support the arguments of Srite and Karahanna (2006) that cultural values influence
technology acceptance. For instance, the negative moderating effect of UA on the relationship
between PR and CPI (p = -0.089, p = 0.033) suggests that in cultures with higher UA, perceived
risk has a stronger negative impact on purchase intentions. This finding is consistent with
Hofstede's (2001) characterization of high UA cultures as more risk-averse.

The fsSQCA results complement our SEM findings by revealing multiple configurations leading to
high consumer purchase intention. The identification of Trust as a necessary condition (consistency
= 0.901) aligns with our SEM results and further emphasizes the critical role of trust in Al-driven
retail environments. The four configurations identified through fSQCA highlight the equifinality in
achieving high purchase intention, suggesting that different combinations of factors can lead to the
same outcome. This nuanced understanding extends beyond traditional variance-based approaches
and offers valuable insights for practitioners in tailoring their strategies to different consumer
segments or cultural contexts.

In conclusion, this study makes several contributions to the literature on technology adoption and e-
commerce. First, it extends existing models by incorporating Al-specific factors and cultural
dimensions in the context of online retail. Second, it provides empirical evidence for the dual role
of factors such as perceived usefulness and trust in both directly influencing purchase intentions and
indirectly reducing perceived risk. Third, it offers a nuanced understanding of how cultural
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dimensions moderate the relationships between key constructs in the model. Finally, the use of
fsQCA alongside SEM provides a more comprehensive view of the complex pathways leading to
high consumer purchase intention in Al-driven retail environments. These findings have important
implications for practitioners in the field of Al-driven retail. They suggest that while focusing on
the usefulness and ease of use of Al technologies is crucial, building trust and addressing perceived
risks are equally important. Moreover, the cultural moderation effects highlight the need for tailored
strategies when implementing Al-driven retail solutions across different cultural contexts. Future
research could further explore the long-term effects of Al adoption on consumer behavior and
investigate how these relationships may evolve as Al technologies become more prevalent in retail
environments.
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