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Abstract: The evolution of e-retail and the contribution of artificial intelligence in improving algo-

rithms for greater customer engagement highlight the potential of these technologies to develop

e-commerce further, making it more accessible and personalized to meet individual needs. This study

aims to explore the psychosocial factors (subjective norms; faith; consciousness; perceived control)

that affect AI-enabled ease of use and their impact on purchase intention in online retail. We will

also assess the mediating effect of AI-enabled ease of use between psychosocial factors and con-

sumer purchase intention. A quantitative methodology was used, and 1438 responses were collected

from Portuguese consumers on e-retail. Structural equation modeling was used for the statistical

treatment. The findings indicate that subjective norms do not positively impact AI-enabled ease of

use, whereas factors such as faith, consciousness, and perceived control do enhance it. Furthermore,

AI-enabled ease of use itself boosts purchase intention. Additionally, the effects of subjective norms,

faith, consciousness, and perceived control on purchase intention are significantly enhanced when

mediated by AI-enabled ease of use, highlighting the crucial role of usability in shaping consumer

purchase behavior. The contribution of this study has been made through the formulation model

that provides a systematized perspective about the influencers of purchase intentions and extends

the knowledge about the impact of artificial intelligence in e-retail. Furthermore, this study offers

insights into the impact of artificial intelligence in e-commerce—artificial intelligence directly affects

purchase intentions and plays an important mediator role in the interaction mechanisms between

psychosocial factors and purchase intentions.

Keywords: artificial intelligence; purchase intention; subjective norms; faith; consciousness; perceived

control

1. Introduction

The future of e-commerce is being significantly shaped by rapid technological ad-
vances and the burgeoning field of artificial intelligence (AI). AI is at the forefront of
transforming online retail by enhancing personalized shopping experiences, optimizing
logistics, and creating more efficient supply chains [1]. AI, with its ability to analyze vast
amounts of data and learn from shopping patterns, is not just revolutionizing the way
businesses interact with consumers but also setting a new benchmark for operational effi-
ciency. The shift towards decentralized platform development and the role of AI in refining
algorithms for better customer engagement highlight the potential for these technologies
to democratize e-retailing, making it more accessible and tailored to individual needs [2].
This technological leap forward promises to redefine the landscape of e-commerce, making
it imperative for retailers to adapt to stay competitive.
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Consumer behavior in the digital shopping realm is increasingly influenced by psy-
chosocial factors, including subjective norms, faith, consciousness, consciousness, and
perceived control, which in turn shape purchase intentions. The impact of AI-powered mar-
keting tools on consumer behavior underscores the complex interplay between technology
and psychology, where personalized marketing strategies are crafted based on AI analysis
of a consumer’s online footprint, thereby subtly influencing their purchasing decisions [3].
The introduction of AI in online shopping has significantly altered consumer buying be-
havior, particularly through personalized product recommendations. Hallikainen et al. [4]
highlight the profound impact AI has on enhancing the online shopping experience by
delivering tailored suggestions to consumers based on their browsing and purchasing
history. This personalized approach not only simplifies the decision-making process for
consumers but also increases the likelihood of purchase decisions. The effectiveness of
personalized recommendations can be attributed to their ability to (1) present products that
align closely with consumer preferences and needs, (2) save consumers’ time by filtering out
irrelevant options, and (3) increase the perceived value of the shopping experience through
a bespoke selection. However, Canhoto et al. [5] notes potential downsides, such as the
risk of overwhelming consumers with too many choices or the possibility of infringing on
privacy. Nonetheless, the positive influence of personalized recommendations on purchase
decisions outweighs these concerns, making it a valuable asset for online retailers aiming
to enhance customer experience and loyalty [6].

AI-driven customer service, including chatbots and virtual assistants, has revolu-
tionized the way online retailers interact with shoppers, significantly impacting shopper
satisfaction. Over 92% of online shoppers have encountered AI customer service, and the
quality of information provided by AI chatbots regarding product attributes is perceived to
be superior to traditional methods [7,8]. This high level of satisfaction can be attributed
to several factors: (1) immediate response to customer inquiries, reducing wait times;
(2) availability 24/7, offering assistance at any time; (3) personalized interaction, adapting
responses based on the customer’s shopping behavior and preferences. Ameen et al. [9]
further elaborate that the convenience and efficiency provided by AI customer service
translate into a competitive advantage for online retailers, as it significantly enhances
the overall shopping experience. The continuous advancements in AI technology further
promise to elevate customer satisfaction, making it a crucial element for success in the
competitive online retail landscape [10].

While AI technologies offer numerous advantages in online shopping, they also raise
significant concerns regarding consumer trust and privacy. Nearly 82% of consumers
express considerable worry about how their data is utilized in AI-driven marketing, un-
derlining the importance of data privacy in earning consumer trust [11]. These concerns
stem from the following factors: (1) the opaque nature of AI algorithms, leaving consumers
uncertain about how their information is used; (2) potential misuse of personal data without
explicit consent; and (3) the risk of data breaches exposing sensitive information. Despite
these concerns, studies suggest that establishing clear, transparent policies regarding AI
data usage and implementing stringent security measures can mitigate these fears, thereby
preserving consumer trust and loyalty [12,13]. Furthermore, understanding and address-
ing the drivers of consumer trust can significantly influence online shopping behaviors,
suggesting that retailers who prioritize privacy and transparency in their AI initiatives can
maintain a strong relationship with their customers [14].

Psychosocial factors (subjective norms; faith; consciousness; perceived control) play
a critical role in shaping consumer behavior towards AI-enabled services in online retail
environments. Regarding subjective norms, this phenomenon is supported by research
indicating that subjective norms significantly influence behavioral intentions by enhancing
perceived usefulness and ease of use [15]. For instance, if an individual sees their friends
frequently using AI-powered recommendation systems to make purchasing decisions, they
may feel more inclined to trust and utilize similar technologies. Faith, or the degree of
trust individuals place in AI technologies, can substantially impact their willingness to
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engage with these systems. Kelly et al. [16] have shown that higher levels of trust correlate
with increased acceptance and usage of AI tools. On the other hand, consciousness, which
pertains to an individual’s awareness and consideration of ethical implications, can either
facilitate or hinder the adoption of AI technologies [17]. For example, consumers who are
conscious of privacy concerns may be hesitant to use AI services that require extensive
data sharing. Perceived control refers to the extent to which individuals believe they
have control over the AI technologies they use. Ye, Xue, He, Gu, Lin, Xu, and Cheng [15]
highlight that perceived behavioral control can indirectly influence the intention to use AI
services by affecting perceived ease of use. When consumers feel they can easily navigate
and customize AI tools according to their preferences, they are more likely to perceive these
technologies as beneficial and user-friendly. For instance, an AI-driven recommendation
engine that allows users to adjust settings and filter results according to their criteria
can enhance their sense of control, thereby increasing their satisfaction and likelihood of
continued use [18]. Hence, improving perceived control can be a strategic approach for
online retailers to foster greater acceptance of AI-enabled ease among their customers.

The intersection of AI and psychosocial factors in online retail is a critical but un-
derexplored research area. Despite the rapid adoption of AI technologies in the retail
sector, comprehensive studies examining how these technologies interact with human
psychological and social behaviors are conspicuously absent. This gap is significant as
understanding the intricate interplay between AI and psychosocial factors is crucial for de-
veloping AI-enabled platforms that meet consumer needs and preferences effectively. The
literature indicates a recognition of the need to explore this intersection, yet there is a lack of
systematic efforts to address this research void. This deficiency in focused academic atten-
tion hampers the ability of retailers to fully leverage AI technologies to enhance the online
shopping experience, highlighting a pressing need for dedicated studies in this area [19,20].
On the other hand, existing studies tend to focus more on the technical capabilities and per-
formance metrics of AI tools rather than their psychological impact on consumers, leaving
a significant void in understanding how these technologies can be optimized for positive
consumer experiences and long-term customer relationships [21,22]. Additionally, there is
limited research directly correlating AI-enabled platforms with purchase intentions, despite
general acknowledgment that user-friendly AI features can enhance the online shopping
experience. The lack of empirical evidence linking the ease of use of AI technology to
purchase intentions poses a problem for online retailers who aim to invest in AI to drive
sales and improve customer loyalty. Addressing this research gap could offer valuable
insights for retailers looking to use AI for competitive advantage, indicating a need for
targeted studies that specifically investigate the connection between AI-enabled ease and
consumer purchase decisions [16,23]. That said, it is important to answer two questions:
What psychosocial factors affect AI-enabled ease of usage? Does AI-enabled ease of usage
to affect purchase intention?

The present study aims to explore the psychosocial factors that affect AI-enabled ease
of usage and its impact on purchase intention in online retail. We will also assess the
mediating effect of AI-enabled ease of use between consumers’ psychosocial factors and
purchase intentions.

This study makes five important contributions. Firstly, it provides a systematic frame-
work for understanding the impact of AI-enabled ease of use on consumer purchase
intentions in e-retail, highlighting its direct effect and mediating role in influencing psy-
chosocial factors. This demonstrates the potential of AI to enhance consumer engagement
and simplify shopping processes. Secondly, it explores the interaction between AI-enabled
ease of use and psychosocial factors, noting that elements such as consciousness signifi-
cantly affect AI adoption, thus suggesting that AI systems should be user-friendly to foster
confidence. Thirdly, it emphasizes the role of subjective norms in predicting the adoption of
AI for online purchases, showing that societal influences affect technology acceptance and
purchase intentions. Fourthly, it validates that higher consumer satisfaction and confidence
in AI promote a greater willingness to adopt AI in e-retail, thereby enhancing purchase
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intentions. Finally, the research underscores AI potential in e-retail marketing to boost
consumer engagement, satisfaction, loyalty, and sales, offering companies a valuable tool
for building stronger consumer relationships and driving sales growth.

2. Literature Review

2.1. Technology Acceptance Model and the Theory of Planned Behavior

Combining the Technology Acceptance Model (TAM) and the Theory of Planned
Behavior (TPB) provides a holistic approach to understanding AI adoption in e-retailing.
The integration of these models allows for a more comprehensive analysis by considering
both technological and psychosocial factors. TAM emphasizes perceived ease of use
and perceived usefulness as primary predictors of technology acceptance [24], while TPB
incorporates attitudes, subjective norms, and perceived behavioral control [25]. By merging
these frameworks, researchers can better predict and explain user behavior toward AI
in e-retailing. For example, an integrated model might reveal that while users find AI
tools useful and easy to use, their adoption is also heavily influenced by social norms and
their confidence in managing these tools. This combined approach not only enhances the
predictive power of the models but also provides deeper insights into the multifaceted
nature of AI adoption.

For this study, we considered subjective norms, faith, conscientiousness, and per-
ceived control as psychosocial factors). Subjective norms significantly influence attitudes
toward AI adoption in e-retailing by shaping individual perceptions of social pressure and
expectations. According to the TPB, subjective norms are the perceived social pressures to
perform or not perform a particular behavior [26]. In the context of e-retailing, if influential
groups such as peers, family, or industry leaders advocate for the use of AI technologies,
individuals are more likely to develop favorable attitudes toward adopting these systems.
Sohn and Kwon [27] indicate that attitudes, subjective norms, and perceived behavioral
control collectively predict behavioral intentions, thereby linking social influences with
technology acceptance. Faith plays a crucial role in building trust and belief in AI systems
for e-retailing, which in turn affects user acceptance. Trust is a fundamental component in
the TAM, influencing perceived usefulness and perceived ease of use, which are central to
the model [15]. In e-retailing, faith in the reliability and security of AI systems can alleviate
user concerns about data privacy and accuracy. Kelly, Kaye, and Oviedo-Trespalacios [16]
have shown that trust significantly predicts behavioral intention and willingness to use
AI technologies. Consciousness regarding AI awareness and ethical considerations is in-
creasingly important in the utilization of AI in e-retailing. Awareness of AI capabilities
and limitations can shape user perceptions of its usefulness and ease of use, which are
critical factors in the TAM [28]. Ethical considerations, such as data privacy, algorithmic
bias, and transparency, are also integral to user acceptance. As consumers become more
informed and conscious of these issues, their adoption decisions will be influenced by
how well e-retailers address ethical concerns. The integration of ethical AI practices can
thus build consumer trust and positively impact the perceived control over using these
technologies [27]. Perceived control is a crucial element in understanding user confidence
in managing AI tools within the e-retailing sector. This concept, derived from the TPB,
suggests that when users feel they have control over the AI tools they are using, their
likelihood of adopting and utilizing these technologies increases. For instance, perceived
usefulness and performance expectancy have been shown to significantly and positively
predict behavioral intentions toward AI adoption [16]. Thus, behavioral intentions in AI
usage can be predicted by integrating various psychosocial factors, such as subjective
norms, faith, consciousness, and perceived control, with the TAM and the TPB.

2.2. Artificial Intelligence in E-Retailing and Consumption

The integration of AI in e-retailing has revolutionized the way shopping experiences
are personalized for consumers. Through the utilization of AI-powered algorithms and
machine learning, retailers can now tailor recommendations and content to align closely
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with each customer’s unique preferences and past purchasing behaviors [29]. This level
of personalization not only enhances the shopping experience but also fosters a deeper
connection between consumers and brands. Machine learning, in particular, plays a
pivotal role by analyzing vast amounts of data to identify patterns and preferences, thus
enabling a more targeted and efficient shopping journey [30]. The significance of these
AI-driven personalization efforts is underscored by their ability to create a seamless and
highly individualized shopping environment, which is instrumental in driving customer
satisfaction and loyalty [2].

AI-driven customer service solutions are another cornerstone in enhancing customer
satisfaction within the e-retailing sector. These solutions, ranging from chatbots to virtual
assistants, leverage AI’s capabilities to offer timely and relevant support to customers [31].
The impact of these AI-powered service options is profound, as they not only provide
instant assistance but are also capable of learning from interactions to improve future
responses. This continuous improvement loop ensures that customer service experiences
become more personalized and effective over time. Furthermore, the implementation of AI
in customer service aligns with the evolving expectations of consumers for quick, efficient,
and accurate support, thereby significantly contributing to overall customer satisfaction [32].
The ability of AI to manage and resolve customer inquiries with such precision and speed
exemplifies its critical role in modern customer service strategies.

Predictive analytics powered by AI is transforming how product recommendations
and search results are optimized in e-retailing. By analyzing historical data, current trends,
and consumer behavior, machine learning algorithms excel at forecasting future purchasing
patterns and preferences [33,34]. This predictive capability enables retailers to proactively
offer products and services that consumers are more likely to be interested in, thereby
enhancing the relevance and effectiveness of recommendations. The precision of these
predictive analytics is a testament to the advanced capabilities of AI, which can sift through
and analyze large datasets to identify meaningful insights and trends [35]. This not only
improves the accuracy of product recommendations but also optimizes search results to
match closely with consumer intentions and interests. As a result, predictive analytics
serves as a powerful tool in curating a more personalized and satisfactory shopping
experience, further emphasizing the instrumental role of AI in shaping the future of e-
retailing [36].

AI is transforming e-retailing, not just with its recommendation engines and dynamic
pricing but also by creating a smoother and more user-friendly experience [37]. This AI-
enabled ease of use can significantly impact consumer behavior. Psychosocial factors, like
subjective norms (feeling you should shop online), faith in the technology, and a sense
of control over the process, all influence purchase intention. By simplifying the online
shopping journey, AI could address these factors, making e-commerce more appealing and
the intention to buy more likely [38].

2.3. Artificial Intelligence-Enabled Ease of Use

Defining enabled ease of use in the context of AI involves understanding how AI
systems are designed to be user-friendly, allowing users to interact with and benefit from
AI technology without needing extensive technical knowledge [18]. This concept is crucial
in the development and deployment of AI solutions, as it directly impacts user adoption
and satisfaction. The term enabled ease of use refers to the seamless integration of AI
into everyday applications, making complex processes appear simple and intuitive to the
end-user. The importance of user-friendly AI systems in technology adoption cannot be
overstated. The ease of use significantly affects a user’s willingness to engage with and
adopt new technologies [39]. In the context of AI, this means that systems designed with
the user in mind, prioritizing straightforward interaction and accessibility, are far more
likely to be embraced by the target audience. This user-friendly approach not only enhances
the user experience but also encourages positive outcomes such as increased purchase
intentions and customer loyalty [40]. Bhagat et al. [41] demonstrated that AI-enabled ease
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of use simplifies the consumer’s purchase intention, making it easier for them to navigate
e-retailing platforms and thereby boosting their likelihood of making a purchase. These
findings highlight the direct link between the ease of use of AI systems and their effective
adoption and success in the market.

Achieving ease of use in AI solutions presents several challenges, primarily due to the
complex nature of AI technology itself [42]. Designing AI systems that are both powerful
and user-friendly requires a delicate balance between technical sophistication and simplicity.
Challenges include ensuring AI systems can interpret user input accurately, providing
real-time assistance without overwhelming the user, and maintaining user privacy and
security [43,44]. Additionally, the AI needs to continuously learn and adapt to cater to
evolving user needs and preferences.

2.4. Psychosocial Factors

2.4.1. Subjective Norms

Understanding subjective norms within the context of technology adoption requires
a foundational grasp of how societal expectations and peer influences shape individual
behaviors toward new technologies. The theory of planned behavior highlights that
subjective norms—individuals’ perceptions of whether people important to them support
the use of technology—are pivotal in determining their intention to adopt it [25]. The
subjective norms, encompassing the influence of peers, colleagues, and societal trends,
play a critical role in forming individuals’ attitudes toward AI-enabled technologies [28].
These attitudes then significantly impact their perceived ease of use and, ultimately, their
satisfaction with and acceptance of the technology [45]. For instance, in environments
where AI adoption is encouraged and valued, individuals are more likely to perceive these
technologies as useful and easy to use, thereby fostering a more accepting attitude toward
their integration into daily tasks [18]. This phenomenon underscores the importance of
social context and the prevailing norms within it as key determinants of AI technology’s
perceived usability and acceptance.

Analyzing empirical evidence linking subjective norms to enhanced ease of use in AI
applications reveals a nuanced relationship. While some studies affirm a strong positive
connection between subjective norms and perceived ease of use [46], others suggest a more
complex interaction, with perceived usefulness acting as a mediator in this relationship [18].
For instance, research involving AI-enabled large language models (LLM) indicates that
subjective norms significantly influence their perceived ease of use, highlighting the role
of social endorsement in technology adoption [47]. However, the relationship between
subjective norms and technology acceptance is not always straightforward, as evidenced by
studies reporting a weak correlation between social norms and perceived usefulness [48].
This discrepancy points to the need for a deeper investigation into how subjective norms
interact with other factors, such as personal attitudes and the inherent characteristics of the
technology, to influence its perceived ease of use and overall acceptance.

H1: Subjective norms favorably affect AI-enabled ease of use.

2.4.2. Faith

Understanding the concept of faith in technology adoption begins with recognizing
the multifaceted nature of faith itself. In general, faith is broadly understood as a form of
basic knowledge that is intertwined with a certainty that leaves no room for doubt. This
conceptualization of faith highlights its role beyond mere cognitive processes, extending
into the realm of emotional and psychological security [49]. Faith, in the context of technol-
ogy, can be seen as trust or confidence in the capabilities and reliability of technological
solutions [50], including AI. This form of faith is crucial for the initial adoption and contin-
ued use of technology solutions. It influences how individuals perceive and interact with
technology on a daily basis. Faith significantly affects the ease of use of AI-enabled tools,
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suggesting that when users have faith in technology, they are more likely to find it easy to
use [41]. This is particularly relevant in today’s rapidly evolving digital landscape, where
AI is becoming increasingly integrated into everyday life, raising questions and discussions
about its impact and the trust we place in it [12,51].

The impact of faith on user perceptions of AI ease of use is substantial. Users who
exhibit a higher level of faith in AI technology are more likely to perceive it as easy to
use. This perception is crucial for the widespread adoption and effective utilization of AI
technologies in various sectors. Jain et al. [52] delineated how ease of use, a key component
of technology acceptance models, is significantly influenced by the user’s faith in the
technology. For instance, in the realm of online consumer behavior, faith in AI has been
linked to a more favorable perception of AI-enabled ease of use, which in turn affects
consumers’ online shopping behaviors and their acceptance of AI recommendations [41].
Furthermore, understanding the determinants of perceived ease of use, including faith, can
enable domain-independent progress in AI research and application, thereby enhancing
user experience across different interfaces and platforms.

Studies in various sectors demonstrate faith’s significant role in enhancing AI interface
interactions. For example, in education, teachers’ perceptions of AI for social good and
their self-efficacy in learning AI technologies are directly influenced by their faith in the
technology’s potential and capabilities [53]. This faith not only impacts their comfort and
satisfaction with using AI tools but also predicts changes in these attitudes over time [54]. In
the religious domain, the integration of AI has prompted discussions on how faith intersects
with technology, influencing both the acceptance of AI and its perceived usefulness in
supporting religious practices and experiences [55]. These case studies underscore the
importance of faith in technology adoption, particularly in AI, where ease of use and user
interface interactions are pivotal for successful integration and beneficial outcomes.

H2: Faith favorably affects AI-enabled ease of use.

2.4.3. Consciousness

Exploring the concept of human consciousness reveals its profound significance in
the advancement of AI systems aimed at user-friendliness. Human consciousness, a
complex phenomenon without a universally accepted definition, introduces computational
challenges and opportunities in AI development [56]. This exploration is not merely
academic, it has practical implications for designing AI systems that are intuitive and easy
to use. By understanding consciousness, AI developers can create systems that better
mimic human thought processes, potentially making these systems more relatable and
easier for users to interact with. The significance of consciousness in AI usability lies in its
potential to bridge the gap between human cognitive processes and machine operations,
thereby enhancing the natural interaction between humans and machines [57]. As we
delve into the computational aspects of consciousness, we unlock new possibilities for
creating AI that not only performs tasks but does so in a way that feels more natural and
intuitive to human users. For instance, Kim and Im [58] demonstrated that users tend
to anthropomorphize AI, attributing human-like qualities to these systems, which can
significantly affect their perceptions of the AI’s capabilities and ease of use. Furthermore,
incorporating aspects such as humanoid appearance and social capabilities in retail service
robots has been shown to positively influence consumer attitudes towards human–robot
interaction [59]. By understanding and integrating elements of human consciousness into
AI design, developers can create systems that are not only more efficient but also more
aligned with human user expectations, thereby enhancing the overall user experience. AI
systems that can understand and predict user needs and preferences by mimicking aspects
of human consciousness could revolutionize the way we interact with technology [57].
Additionally, as users come to perceive AI systems as more conscious or human-like, their
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trust in and satisfaction with these systems is likely to increase, further enhancing user
experience [60].

H3: Consciousness favorably affects AI-enabled ease of use.

2.4.4. Perceived Control

Understanding perceived control within the context of AI involves recognizing the
user’s belief in their ability to interact with and influence AI-enabled systems effectively.
This concept is crucial as it directly affects the user’s confidence and willingness to engage
with AI technologies. According to Esmaeilzadeh [61], when users feel they have greater
control over AI, their mistrust and perceived risks associated with AI mechanisms decrease.
This sense of control can stem from various factors, including the user’s familiarity with the
technology, the transparency of AI operations, and the degree to which users can customize
their interactions with AI systems. Essentially, perceived control acts as a bridge between
the user and complex AI technologies, mitigating fears and enhancing trust.

In this context, users who perceive a higher level of control over an AI system are
more likely to explore its full potential and integrate it into their daily tasks. This enhanced
interaction is often fueled by a reduction in perceived risk and an increase in trust in
the technology [51]. Furthermore, perceived control encourages users to experiment and
learn, leading to a deeper understanding of the AI system’s capabilities and limitations.
When users feel in control of AI, they are more likely to find the system easy to use, which
encourages further use and acceptance of the technology [62]. As a result, users become
more competent in exploiting AI functionalities, which, in turn, improves their overall
experience and satisfaction with the technology. This positive feedback loop is critical for
the successful adoption of AI systems, as it not only enhances user satisfaction but also
contributes, thereby fostering a more widespread acceptance and integration of AI into
everyday activities [63].

H4: Perceived control favorably affects AI-enabled ease of use.

2.4.5. Purchase Intention

AI technologies have been instrumental in simplifying the shopping experience by
personalizing user interactions, optimizing search functionalities, and providing virtual as-
sistant services. This has made navigating e-commerce websites more intuitive, significantly
reducing the effort required to find and purchase products [37]. In this context, purchase
intention refers to a consumer’s plan or decision to buy a product or service. The ease of
use enabled by AI directly influences this intention by enhancing the overall shopping
experience, making it more convenient and less time-consuming for the customer [64].

The usability and accessibility of online platforms highly influence consumer behavior
in the digital marketplace. AI-enabled features such as chatbots for instant customer service,
recommendation engines for personalized product suggestions, and voice search for hands-
free navigation play a crucial role in enhancing these aspects [2,65]. Constantinides [66]
showed that these features significantly impact user satisfaction by catering to individual
needs and preferences, thereby making the online shopping experience more engaging
and less overwhelming. A positive response from consumers is expected towards these
AI-enabled enhancements to improve their effectiveness, usability, and accessibility.

The correlation between AI-enabled ease of use and purchase intention among con-
sumers is strongly supported by empirical evidence. Improved ease of use due to AI
not only enhances the shopping experience but also positively affects the likelihood of
consumers making a purchase. This is because a more user-friendly and accessible plat-
form reduces the cognitive load on shoppers, making them more inclined to proceed with
their purchase decisions [66]. Furthermore, the enhanced interaction with AI features
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creates a more personalized and enjoyable shopping journey, which increases customer
satisfaction and loyalty [32]. These factors combine to forge a direct link between the
convenience offered by AI and the willingness of consumers to engage in transactions,
thereby highlighting the pivotal role of AI in driving online purchase intentions.

H5: AI-enabled ease of use positively affects purchase intention.

2.5. The Mediating Effect of AI-Enabled Ease of Use

The mediating effect of AI-enabled ease of use on the relationship between subjective
consumer norms and purchase intention is a testament to the transformative power of
technology in modern commerce [67]. AI’s ability to interpret and respond to consumer
preferences while providing a seamless and effortless user experience acts as a bridge be-
tween social influences and the final decision to purchase. This mediating role underscores
the complexity of the decision-making process, where AI-enabled ease of use translates
social expectations and norms into positive attitudes toward products, ultimately lead-
ing to a higher likelihood of purchase intention [68]. The interaction between subjective
norms, AI-enhanced ease of use, and purchase intention highlights a nuanced pathway
through which consumers navigate their choices, influenced by both social circles and
technological advancements.

H6: Consumers’ subjective norms positively affect purchase intention when mediated by AI-enabled
ease of use.

The role of AI-enabled ease of use in mediating the relationship between consumer
faith and purchase intention is significant. When AI technologies are perceived as easy to
use, this perception enhances the positive impact of consumer faith on their intention to
purchase [69]. This mediation effect can be understood through the lens of the Technology
Acceptance Model, which posits that the perceived ease of use of a technology not only
directly affects the intention to use that technology but also amplifies the effect of perceived
usefulness [69]. Acikgoz et al. [70] found that consumers’ engagement with AI-powered
voice assistants positively influenced their purchase intentions, mediated by perceived ease
of use and usefulness. In essence, if a consumer has faith in AI technology and find it easy
to use, they are more likely to perceive it as useful, which in turn positively influences their
purchase intentions.

H7: Consumer faith positively affects purchase intention when mediated by AI-enabled ease of use.

The mediating effects of AI-enabled ease of use on the relationship between consumer
consciousness and purchase intention are profound and multifaceted. AI technologies
not only enhance the ease with which consumers can navigate the shopping environment
but also play a crucial role in aligning with the dimensions of consumer consciousness to
influence purchase intentions positively: (1) By offering personalized recommendations,
AI aligns with the consumer’s quality sensitivity and brand consciousness, making it easier
for consumers to find products that meet their specific criteria. (2) The convenience and
efficiency provided by AI technologies address price awareness by helping consumers
quickly identify the best-value options, thereby enhancing the perceived ease of use and
positively influencing purchase intentions [71]. (3) Augmented reality and virtual try-ons
cater to ethical awareness by allowing consumers to make more informed decisions, thereby
reducing the likelihood of returns and the environmental impact associated with them [72].
(4) The overall enhancement of the shopping experience through AI-driven technologies
fosters a positive attitude towards technology, further strengthening the link between
consumer consciousness and purchase intention by making the process more intuitive
and satisfying [69]. In summary, the mediating role of AI-enabled ease of use embodies
a crucial bridge between consumer consciousness and purchase intention, facilitating a
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more seamless, efficient, and personalized shopping experience that aligns with consumer
preferences and expectations.

H8: Consumer conscientiousness positively affects purchase intention when mediated by AI-enabled
ease of use.

The advent of AI in online shopping platforms has introduced a new dimension
to how perceived control can influence purchase intention [73]. AI-enabled ease of use
acts as a critical mediator in this relationship, enhancing the consumer’s shopping experi-
ence by making navigation, information retrieval, and decision-making processes more
intuitive and less effort-intensive. The mediation occurs as AI technologies personalize
the shopping experience, providing recommendations and assistance tailored to the con-
sumer’s preferences and past behaviors. This personalization, in turn, enhances the user’s
perceived control over the shopping process by making it seem more manageable and
aligned with their needs and desires. The seamless integration of AI not only simplifies the
decision-making process but also significantly reduces the effort required to make informed
decisions, thereby positively influencing the consumer’s intention to purchase through
enhanced perceived control and ease of use [62,74].

H9: Consumers’ perceived control positively affects purchase intention when mediated by AI-
enabled ease of use.

In Figure 1, the research model was formulated.
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3.1. Participants

A cross-sectional study was conducted using a convenience sample encompassing
1438 subjects (798 women, 55.5%, 625 men, 43.5%, 5 nonbinary genders, 0.3%, and 10 pre-
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ferred not to answer, 0.7%). The mean age was 27.78 (SD = 12.84), ranging from 18 to
88 years old. Concerning years of education, 85 (5.9%) participants completed nine years or
less of education, 568 (39.5%) completed secondary school, 640 (44.5%) had a university
graduate degree, 115 (8%) had a master’s degree, and 30 (2.1%) had a doctoral degree.

3.2. Instruments

A sociodemographic questionnaire was used to describe the participants’ demographic
characteristics. Table 1 shows the instruments used in this research, their definition, and
the previous studies from which they were adapted.

Table 1. Instruments and definitions.

Instruments Definition Previous Studies

Subjective norms (SN)
Perceived social pressures to perform or not perform a
particular behavior.

Ajzen [25], Chan and Wong [75]

Faith (F)
Form of basic knowledge that is intertwined with a certainty
that leaves no room for doubt.

Davis [76], Gefen et al. [77], and
Park [78]

Consciousness (C)

Refers to the state or quality of being aware of an external
object or something within oneself. It involves the ability to
perceive, experience, and have subjective experiences, such
as thoughts, feelings, and sensations. Consciousness is a
complex and multifaceted phenomenon that plays a crucial
role in human cognition, perception, and self-awareness.

Bhagat, Chauhan, and Bhagat
[41], Davis [76], Gefen,
Karahanna, and Straub [77], and
Park [78]

Perceived control (PC)
Refers to an individual’s belief or perception regarding their
ability to influence or control environmental cues, stimuli,
or outcomes in a given situation.

Ajzen [25] and Kautish and
Khare [79]

AI-enabled ease of use

Refers to the integration of artificial intelligence
technologies and capabilities into products, services, or
systems to enhance user experience, simplify interactions,
and streamline processes.

Lam et al. [80] and
Parasuraman and Colby [81]

Purchase intention (PI)

Refers to a consumer’s willingness, inclination, or plan to
buy a particular product or service in the future. It reflects
the individual’s mindset and readiness to make a purchase
decision, indicating the likelihood of converting interest or
desire into an actual buying action.

Vermeir and Verbeke [82],
Konuk [83], and Yadav and
Pathak [84]

All items are answered using a 7-point Likert scale, ranging from strongly disagree
(1) to strongly agree (7) (e.g., SN: “People around me prefer me to shop from AI-enabled
sites?”; F: “I prefer AI-enabled e-retailing.”; C: “I possess knowledge about the use of
AI applications.”; PC: “When browsing this shopping website, I can control the virtual
interactions according to my choices.”; AI: “AI-enabled shopping increases efficiency”; PI:
“I am willing to spend more on purchases through online stores that are powered by AI
technology”). The PI and AI dimensions were defined as the dependent variables, and
the other dimensions (subjective norms, faith, consciousness, and perceived control) were
defined as independent variables. In the current study, Cronbach’s alpha values of these
dimensions ranged from 0.54 (PC) to 0.84 (AI).

3.3. Procedures

The study protocol was approved by the Ethics Committee. The original items suffered
a process of translation from English to European Portuguese, followed by back-translation
to confirm the content correspondence [85]. The translation was completed by the research
team, and a native speaker performed the back-translation. To further assess the items’
intelligibility and comprehensibility, a pilot study was conducted with 20 Portuguese con-
sumers. These participants reported no difficulties in understanding the items’ content.
The guidelines of the International Test Commission (2017) were adhered to throughout
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the study. The research was disseminated through social media platforms such as What-
sApp, Facebook, and Instagram, with a link provided on the Google Forms platform for
accessing the study protocol. All participants were briefed on the study’s objectives. Their
participation was voluntary. Informed consent was mandatory, and measures were taken
to ensure the anonymity and confidentiality of the collected data. Data collection occurred
between September 2023 and January 2024.

3.4. Statistical Analysis

For data analyses, the JASP software package version 0.16.4 (JASP Team, 2022) and
IBM Software Statistical Package for Social Sciences (SPSS v.28) (IBM Corp. Released, 2022)
were used.

Descriptive statistical analysis was performed for the quantitative sociodemographic
variables using mean and standard deviation and using frequencies and percentages for
nominal variables.

The model proposed has been developed and tested through SEM to measure the
constructs, obtained from the path model using the following goodness-of-fit indices:
CMIN/df (considering values ranging from 1 to 2 a good fit); the Comparative Fit Index
(CFI); the Tucker and Lewis Index (TLI) (CFI and TLI values between 0.90 and 0.95 represent
a good fit); and the Standardized Root Mean Square Residual (SRMR) (values < 0.08
determine an acceptable fit) [86]. The Root Mean Square Error of Approximation (RMSEA)
was also used (90% confidence intervals, values between 0.05 and 0.10 suggesting a good
fit) [87].

The Pearson correlation coefficient was calculated to estimate convergent validity. To
assess discriminant validity, the average variance extracted (AVE) was estimated [88]. AVE
should be greater than 0.5. To test the reliability of each dimension, Cronbach alpha was
computed as well as composite reliability (CR). According to Hair et al. [89], composite
reliability (CR) must be above 0.7. The independent samples t-test was used to compare
means between groups. Effect size was calculated based on Cohen’s d effect sizes (d = 0.01
is considered very small, d = 0.20 is small, d = 0.50 is medium, d = 0.80 is large, d = 1.20 is
very large, and d = 2.00 is huge) Sawilowsky [90]. Pearson correlations were calculated
between dimensions and considered as small (r = 0.10 to 0.29), moderate (r = 0.30 to 0.49),
large (r = 0.50 to 0.69), very large (r = 0.70 to 0.89), nearly perfect (r ≥ 0.90), and perfect
(r = 1) [91]. A multiple linear regression was conducted considering artificial intelligence
(AI) and intention purchase (IP) dependent variables for the regression analysis. Thus,
the absence of multicollinearity was confirmed by the calculation of the Variance Inflation
Factor (VIF) (VIF < 5) [92].

To examine mediator effects of AI in IP, a path analysis was conducted by structural
equation modeling (SEM) [93,94]. To assess the significance of the mediational paths, a
bootstrap resampling approach was used with 5000 bootstrap samples and 95% confidence
intervals (CIs) [94]. The significance level used for all analyses was <0.05.

4. Results

According to the model presented in Figure 1, the model was tested through these fit
measures: CMIN/df = 5.74; χ

2
(137) = 786.75, p < 0.001; CFI = 0.95; TLI = 0.94;

RMSEA = 0.06 [0.05–0.06]; SRMR = 0.04. Standardized factor loadings, Cronbach’s alpha,
CR, and AVE were computed. To estimate the reliability of each dimension, Cronbach’s
alpha was calculated. Values found for the different dimensions were as follows: SN = 0.82;
F = 0.82; C = 0.69; PC = 0.57; AI = 0.84; and PI = 0.81. The AVE results ranged from 0.39 (PC)
to 0.64 (AI) (C). Composite reliability ranged from 0.70 to 0.83. The results show that
the average variance extracted (AVE) is not greater than 0.5 to the perceived control (PC)
dimension. Indeed, composite reliability (CR) was equal to or above 0.7. for all dimensions
that indicate the data used in the study to be reliable and valid (Table 2).
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Table 2. Descriptive statistics, reliability, and validity for constructs.

Items M SD
Standardized

Factor Loadings
α CR AVE

SN_1 3.66 1.69 0.84

0.82

0.83

0.54
SN_2 3.70 1.63 0.78
SN_3 3.90 1.75 0.74
SN_4 4.04 1.70 0.57

F_1 4.08 1.62 0.80

0.82

0.82

0.60F_2 4.32 1.59 0.77
F_3 4.05 1.59 0.76

C_1 4.26 1.71 0.78

0.69

0.70

0.64C_2 4.53 1.62 0.63
C_3 4.44 1.53 0.58

PC_1 4.34 1.52 0.63

0.57

0.76

0.39PC_2 4.24 1.58 0.82
PC_3 3.75 1.57 0.70

AI_1 4.55 1.60 0.70

0.84

0.80

0.64AI_2 4.55 1.56 0.82
AI_3 4.47 1.55 0.74

PI_1 3.89 1.69 0.82

0.81

0.81

0.59PI_2 3.99 1.63 0.76
PI_3 3.59 1.75 0.71

Table 3 presents the correlations between all dimensions, and all were statistically
significant. The correlational results indicate the concurrent validity of the measures used.
Correlations were positive between AI and PC (r = 0.527; p < 0.001), C (r = 0.687; p < 0.001),
F (r = 0.671; p < 0.001), SN (r = 0.514; p < 0.001), and PI (r = 0.609; p < 0.001). The variance
inflation factor (VIF) analysis was calculated, and values ranged from 1.61 (PC) to 2.26 (F).
The fact that all VIF values are below 5 suggests that a multiple regression model can
proceed without significant multicollinearity issues.

Table 3. Correlations matrix.

SN F C PC PI AI VIF

SN 1.88
F 0.651 ** 2.26
C 0.515 ** 0.629 ** 1.82
PC 0.513 ** 0.541 ** 0.525 ** 1.61
PI 0.641 ** 0.669 ** 0.551 ** 0.564 ** .
AI 0.514 ** 0.671 ** 0.687 ** 0.527 ** 0.609 **

** p < 0.001.

After validating the fulfillment of assumptions, including adequate sample size and
addressing multicollinearity, a multiple linear regression analysis was conducted to explore
the predictors of AI. The resulting model accounted for 58% of the total variance of the AI
(Table 4). The results tested hypotheses H1, H2, H3, and H4, with H1 being rejected.



Behav. Sci. 2024, 14, 616 14 of 22

Table 4. Multiple linear regression analysis of predictors of artificial intelligence-enabled ease of use.

Predictors r R2 Adjusted F p ß t p
d

95% Confidence
Interval

Lower Upper

Model 0.76 0.58 489.44 <0.001
SN 0.02 1.10 0.271 0.000 −0.015 0.054
F 0.34 13.12 <0.001 0.128 0.286 0.387
C 0.40 17.08 <0.001 0.184 0.373 0.470
PC 0.12 5.61 <0.001 0.014 0.094 0.196

Note: Bold values show the presence of statistical significance.

To test if artificial intelligence-enabled ease of usage (AI) positively affects purchase
intention, as postulated by H5, another model was conducted through linear regression
analysis (Table 5).

Table 5. Multiple linear regression analysis of predictor of purchase intention.

Predictors r R2 Adjusted F p ß t p
d

95% Confidence
Interval

Lower Upper

Model 0.61 0.37 845.65 <0.001
AI 0.61 29.08 <0.001 0.59 0.601 0.687

Note: Bold value shows the presence of statistical significance.

The results suggest that three independent variables were significant predictors of the
dependent variable (AI): faith (F) (ß = 0.34, p < 0.001); consciousness (C) (ß = 0.40, p < 0.001),
and perceived control (PC) (ß = 0.12, p < 0.001). The artificial intelligence-enabled ease of
use (AI) was evidenced as being predictive of purchase intention (PI).

To test others hypotheses (H6, H7, H8, H9), a bootstrap analysis was computed. Table 6
displays the results of estimating indirect relationships between constructs established in
the research model (Figure 1). All relationships are statistically significant.

Table 6. Indirect effects on endogenous variables.

Indirect Effects on
Endogenous Variables

Path (β)
t Value

(Bootstrap)
p-Value

95% Confidence Interval Hypothesis
SupportLower Upper

SN→AI→PI 0.195 20.840 <0.001 0.165 0.227 Yes
F→AI→PI 0.195 18.679 <0.001 0.153 0.237 Yes
C→AI→PI 0.299 8.995 <0.001 0.250 0.348 Yes
PC→AI→PI 0.227 14.622 <0.001 0.194 0.260 Yes

Subjective norms (SN), faith (F), consciousness (C), and perceived control (PC), when
mediated by artificial intelligence-enabled ease of use (AI), positively influence the purchase
intention (PI) (β = 0.195; p < 0.001; β = 0.195; p < 0.001; β = 0.299; p < 0.001; β = 0.227;
p < 0.001).

5. Discussion of Results and Implications

5.1. Discussion of Results

Artificial intelligence has transformed the way that economic agents carry out business,
particularly the relationship between companies and consumers. Due to the relevance of
this theme, this study aimed to explore the influence of the psychosocial factors—subjective
norms (SN), faith (F), consciousness (C), and perceived control (PC)—on the practical
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applicability of artificial intelligence-enabled ease of usage (AI) and its impact on purchase
intention (PI) in online retail.

The study, based on the quantitative method, was conducted by a research model to
observe the significance of the nine hypotheses that represent the influence and the impact
they induce in PI. The results of this study show the following significant direct and indirect
effects: faith (F), consciousness (C), and perceived control (PC) are the direct influencers of
AI. AI positively influences PI in online retail and plays a mediator role in the psychosocial
factors’ interaction mechanisms with PI. These results have implications for the Theory of
Planned Behavior (TPB) and the Technology Acceptance Model (TAM).

Regarding the direct effects observed, our findings demonstrated, first, that SN does
not predict AI directly. Consequently, hypothesis H1 is not validated, as can be confirmed by
the multiple linear regression analysis—low statistical significance. These results contradict
prior studies [25,28,46] by demonstrating that SN does not influence AI, which means that
the beliefs and collective opinions of friends, family, and the general community do not
have an impact on AI. Hence, we cannot affirm that social orientations or social pressures
influence or motivate users to opt for AI experiences. This evidence complements the
TPB [25] regarding the role that SN plays in AI acceptance, extending the knowledge about
users’ behavior toward AI.

On the other hand, it was observed that F positively influences AI, so hypothesis
H2 is validated. These findings corroborated prior studies [41,51,53] and reinforced the
existing conception of the important role that F plays in AI experiences. AI services can
improve the faith of users when providing a desired virtual expertise [41]. In accordance,
confidence, reliability, and ease of use are valid arguments to stimulate the option of AI
tools [41,52,55], which companies must understand to develop services that provide highly
convenient, reliable, and beneficial virtual experiences. Hence, for companies, AI can be
an opportunity to generate reliable business and also constitutes one (virtual) partner to
increase engagement with consumers.

Next, this study found that C is an important factor that influences AI, which is
consistent with the findings of previous studies [57–59] and validated hypothesis H3. This
predictive result means that, generally, users feel safer and confident when they decide
to opt for AI tools that offer intuitive interaction performance that positively affects their
perceptions about the AI’s capabilities and ease of use [58]. Hence, the experience with
AI can be great when the users’ consciousness about their expectations and intentions
has been satisfied through AI technologies. Consequently, companies should provide
transparent information about their offer and easy-to-use online services. Consequently,
as users perceive the ease of use and the intuitiveness of the AI systems developed by
companies, they become more conscious they have to trust and use them [60].

Also, this research pointed out that PC positively impacts AI. This significance sup-
ports hypothesis H4 and corroborates the studies of Esmaeilzadeh [61], Zhou, Liu, Yu, Tao,
and Shao [63] and Wang, Ahmad, Bani Ahmad Ayassrah, Awwad, Irshad, Ali, Al-Razgan,
Khan, and Han [62]. AI can provide different experiences to users, so users’ attitude toward
AI technologies depends on the system models, consistency, and outcomes. Furthermore,
AI control must be agile, reliable, and easy to perceive. Hence, users’ attitudes towards AI
are influenced by their perceived control of AI systems [62]. As a result, users feel more
confident and more willing to explore AI functionalities. Also, users’ attitudes toward AI
tend to be influenced by their perception of its performance. Thus, the better the perceived
control of users about AI, the better the attitude of users toward AI technologies, which is
in accord with the TPB [62].

Regarding the AI construct, our results showed a significant impact on its interac-
tion with PI. These empirical results validated hypothesis H5 and are in accord with
prior studies about technology acceptance (TAM) [37,64,66] and AI impact on purchase
intention [37,64,66]. Hence, our study reinforces the existing conception of the important
role that AI plays in consumer decision-making [37,64,66]. AI is an important tool that
urges consumers to search, compare, and purchase products online, which can offer con-
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sumers a great experience throughout the online purchase process. Nevertheless, AI must
be convenient, intuitive, effectiveness, and easy to use [28,37,64,66], to promote satisfaction
and the reduction of effort in order to generate a positive response from consumers towards
the AI experience. Furthermore, the enjoyable interaction with AI creates more willingness
and preference in consumers to engage in e-retail transactions.

Lastly, our results showed the mediator role that AI plays in the interaction mech-
anisms between the psychosocial factors analyzed and PI dependent variable, despite
no significance being found in the direct relationship between SN and AI. This evidence
supports hypotheses H6, H7, H8, and H9 and complements the knowledge about the
mediator effects in PI [32,66] by suggesting that AI can also impact PI through its indi-
rect effect. In particular, it is interesting to verify that PI activates the influence of SN on
AI through a mediating effect when it comes to online retail. Therefore, the community
(friends, family, general society) norms and expectations can positively influence the user’s
attitudes towards AI technologies to help their PI when it comes to e-retail. These results
supported the TPB [32,66] and the TAM [32,66] by demonstrating a relationship between
user behavior and technology acceptance of user intention—all the psychosocial factors
analyzed predict AI when AI is adopted by users to purchase intentions.

In summary, our findings relate that AI is perceived favorably by users when it is
associated with purchase intentions in online retail. AI plays an important mediator role
in the interaction mechanisms between the psychosocial factors in PI—AI indirectly links
all the interaction mechanisms—as demonstrated through the significant effects of the
endogenous variables. Regarding PI, this dependent variable stimulates and activates the
SN effect on AI, which demonstrates that SN predicts AI when it comes to e-retailing.

5.2. Theoretical Implications

This study has several theoretical implications, namely for the Theory of Planned
Behavior (TPB) and for the Technology Acceptance Model (TAM).

First, the research model proposed in this study provides a systematized perspective
about the influencers of PI and extends the knowledge about the impact of AI in e-retail,
which can help academics understand the role of AI technologies in consumer purchase
intentions. It has validated that AI directly affects PI and simultaneously plays a mediator
role in the interaction between the psychosocial factors analyzed and PI. Due to this evi-
dence, AI can stimulate consumer engagement [70] and constitutes an alternative channel
where consumers can be informed about their shopping alternatives.

Second, this study examined the effect of the interactions between AI and psychosocial
factors in online retail to understand users’ behavior through the interplay and the role
of each psychosocial factor. It was observed that the psychosocial factors have different
impacts on the interaction with AI. The research model tested validated that C has a great
impact on AI. This significance highlights the important role of confidence and satisfaction
in adopting AI [60]. Hence, the results give insights to AI researchers and designers,
suggesting that AI technologies should be efficient but also intuitive, easy to use, and
enjoyable to generate confidence among users.

This study contributes a perspective on the influence of SN on AI, demonstrating
that SN predicts AI when it comes to decisions related to purchases in online retail. This
perspective enriches the literature about the relationship between subjective norms (one
component of TPB) and TAM [25,28,46], evidenced by the fact that SN influences AI when
the latter is adopted to help consumers in their PI online retail. Furthermore, this significant
evidence demonstrated that the positive interaction between SN and IA does not occur in a
generalized way.

Fourth, by exploring the significant mediator role of AI, this study validates that
greater consumer satisfaction, confidence, and consciousness about the adoption of AI
technologies implies greater willingness to adopt AI in e-retail [45,54,57]. Therefore, the
high capacity of AI technologies to stimulate psychosocial factors can drive consumers’
PI and promote the continuous adoption of AI in e-retail when the experience of the
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consumers with AI is great. Thus, the combined approach of the TPB and TAM can provide
insights into the multifaceted role that AI plays in e-retail by explaining the users’ behavior
and influencing the users’ purchase decisions.

Finally, this research provides a reference about the influence of AI in e-retail marketing,
suggesting that AI technologies are a tremendous opportunity for companies to improve
engagement with consumers [2,66]. This implies that through AI technologies, companies
can take the opportunity to build strong and effective relationships with consumers, which
may increase satisfaction, loyalty, and sales.

5.3. Practical Implications

This study has several practical implications for academics, managers, and consumers.
It addresses the main determinants that affect purchase decisions through the adoption of
AI technologies.

First, this study has implications for academics and researchers by giving insights
into the different influences of the psychosocial factors in AI and the role of AI in PI to
online retail. Hence, the findings of this study support academics in exploring how the
fundamental psychosocial factors influence customers’ behavior in their online shopping
decisions. AI appears to be an effective and significant influencer of PI [64,66], but with
different predicted effects. Consequently, academics can explore how psychosocial factors
can influence the adoption of AI and how AI technologies will impact e-retail in the
next years. Based on these focused areas, academics can contribute to the development
of AI technologies according to consumers’ expectations and understand how different
commercial activity sectors will adapt their marketing strategies to the democratized trend
of e-commerce. This fact can contribute to enhancing technology acceptance.

Second, this study has several implications for companies. On the one hand, it pro-
vides insights into the main factors that affect the decisions of consumers regarding the
use of AI in online shopping decisions. This contributes to helping retail managers in
the choice of more efficient, confident, and enjoyable AI tools to stimulate the willingness
of consumers to use them. Thus, managers can understand how AI technologies can be
optimized for suitable consumer experiences and long-term customer engagement [21,22].
From another point of view, the adoption of AI in online shopping can help managers in
the definition of personalized marketing strategies, based on the AI analysis derived from
the consumer’s interaction with companies, and thereby in the definition of persuasive
marketing strategies to influence their purchase decisions [3,4]. So, companies can use
digital marketing strategies applied to AI to recognize and satisfy consumers’ needs and
simultaneously encourage consumers to make purchase decisions. Additionally, AI tools
help managers define the behavior and the profile of the consumers to adapt e-commerce
strategies better. Hence, managers can increase business efficiency by developing personal-
ized marketing actions [2] according to the recognized characteristics and preferences of the
target, which can increase the possibility of more continuous purchases being made online.

Finally, this study has implications for the daily life of consumers and their purchase
behavior. The impact of AI on consumers to help their PI is quite wide. AI facilitates
interaction with businesses and promotes faster decision-making processes. Accordingly,
consumers tend to be oriented to AI practices that empower decision-making with less
effort and time spent and with high simplicity and convenience [32,38,41]. Also, AI tools
enhance the shopping experience and influence the consumer’s behavior by providing
several facilitated processes that can help consumers in their decision-making. This implies
less effort and cost savings for consumers, which, in fact, stimulates the adoption of AI
technologies to PI when it comes to e-retail. However, as AI technologies continue to evolve,
their impact on e-retail will grow too, making it crucial that consumers stay informed about
new AI tools developments.
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5.4. Limitations and Future Lines of Research

Although this study offers important insights into how psychosocial factors influence
AI and their impact on PI in e-retailing, it has some limitations.

Firstly, the results of this study cannot be generalized because they represent only part
of the population. Thus, other studies could verify if these results can be replicated in other
sociodemographic realities and analyze (possible) cultural implications in the acceptance of
AI. Moreover, other studies can be performed using different samples or methods of data
collection to combat possible sample biases that can be derived from data collected through
online platforms. In this context, the response accuracy could be affected by desirability
bias, rememberability bias, and honesty bias.

Another limitation is that this study is only focused on the perspective of consumers.
Hence, subsequent research could extend the perspective of analysis to companies using
a business-to-business approach. In this context, future researchers could analyze how
AI affects purchase intention in different industries or, according to companies’ size, offer
specific insights about different industry realities.

This study used a quantitative method, which is a common methodology used in most
social and marketing research. However, this method does not recognize the importance of
the context of the study and neglects the impact of the subjective interpretation of data, for
example, their causality (the specific way in which the variables are related). Thus, future
research could be performed through qualitative methods, such as in-depth interviews or
case studies, to provide more in-depth insights about the psychosocial factors that affect AI
and its cause–effect relationship with purchase intention based on an interpretative and
exploratory approach to yield descriptive scenarios.

Another notable limitation is that this study does not consider the type of technologies
employed in a relationship between AI and PI in online retail. AI technology is constantly
evolving, which affects the dynamics of society’s general behavior, specifically consumers’
behavior. Hence, subsequent studies can assess how new and different AI technology
applications and tools can affect the influence of PI.

6. Conclusions

The influence of AI on business has been noted in recent years, especially in e-
commerce, which can represent a great opportunity to improve purchase intention. Further-
more, the adoption of AI technologies in e-retailing can improve consumers’ engagement
with companies. In this context, this current study analyzed the influence of a set of psy-
chosocial factors on the practical applicability of artificial intelligence-enabled ease of usage
(AI) and its impact on purchase intention (PI) in online retail.

The research model proposed in this study showed statistical significance in the
hypotheses tested. It has been shown that faith (F), consciousness (C), perceived control
(PC), and subjective norms (SN), the latter observed in e-retail, positively impact AI, which
in turn positively influences PI in online shopping. These observations allow us to conclude
that the behavioral intentions in AI usage in e-retail can be predicted by integrating various
psychosocial factors according to the TPB and the TAM.

From these results, it has been noted that faith stimulates the user’s attitude towards AI.
Due to this evidence, confidence, beliefs, and benefits stimulate and motivate users to opt
for AI when it is desired for virtual experiences. Furthermore, AI improves the preferences
of users and increases their faith when providing suitable virtual experiences. On the
other hand, it has been found that the consciousness of the users and their knowledge
about virtual technologies encourage users to opt for AI experiences. Thus, users who feel
safer and confident with virtual tools are more willing to opt for AI. Moreover, users are
willing to adopt AI technologies when they are “easy-perceive” about their functionality,
performance, and outcomes. Therefore, the user’s perception and control of AI technologies
seem to be determinants of the user’s attitudes towards AI, which is in line with the TPB.

Next, the empirical results indicate a direct and indirect impact of AI in PI when it
comes to e-retailing. AI appears to be an effective predictor of PI, which means that AI
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has a strong role in consumer behavior. This means that consumers feel motivated and
willing to opt for AI to assist its PI in e-retailing. On the other hand, AI technologies may
encourage consumers to carry out different actions during their PI, like search, compare,
and simulation, which can contribute to increasing and extending the connections with
companies and stimulating the interest in consumption. Thus, AI technologies have a
multifaceted impact on consumers’ behavior when it comes to online retailing and can
constitute a great opportunity for companies to enhance their engagement with consumers.

From another point of view, this study allows us to observe the important mediator
role that AI plays in the interaction mechanisms between the four psychosocial factors
considered—SN, F, C, and PC—and PI. In particular, it has validated that SN predicts AI
when it comes to PI e-retailing. So, the acceptance of users of AI technologies is influenced
by the experiences of friends, family, and the general community about PI in online retail.
SN is an effective and persuasive factor. Therefore, the suitable experiences of the society
associated with AI have a persuasive effect on the consciousness of users, which seems to
motivate them to adopt AI in e-retailing.

In summary, this study demonstrates that AI influences consumer behavior and pur-
chase intention. AI can provide several suitable experiences to consumers, like searching,
comparing, and seeking in-depth characteristics about products and companies. Therefore,
AI acceptance stimulates the willingness of consumers to make purchases because it pro-
vides a variety of abilities and facilitated interactions that can help and encourage their PI.
This evidence lends support to the TPB and TAM. Otherwise, this study showed that AI
contributes to extending the long-term relationship between consumers and companies,
which turns AI into a great “partner” to companies, enhancing engagement with consumers
and increasing business.

Author Contributions: Conceptualization, J.M.L.; methodology, I.M.-C.; software, I.M.-C.; validation,

J.M.L., I.M.-C. and L.F.S.; formal analysis, I.M.-C.; investigation, J.M.L.; resources, J.M.L.; data

curation, I.M.-C.; writing—original draft preparation, J.M.L., I.M.-C. and L.F.S.; writing—review and

editing, J.M.L., I.M.-C. and L.F.S.; visualization, L.F.S.; funding acquisition, J.M.L. All authors have

read and agreed to the published version of the manuscript.

Funding: NECE-UBI: Research Centre for Business Sciences, Research Centre and this work are

funded by FCT—Fundação para a Ciência e a Tecnologia, IP, project UIDB/04630/2020 and DOI

identifier 10.54499/UIDB/04630/2020.

Institutional Review Board Statement: The study was conducted in accordance with the Declaration

of Helsinki and approved by the Institutional Review Board (or Ethics Committee) of Instituto Supe-

rior Miguel Torga (protocol code CE-P22-23 approved on 22 July 2023) for studies involving humans.

Informed Consent Statement: Written consent was obtained from all the participants involved in

the study.

Data Availability Statement: The data presented in this study are available on request from the

corresponding author. The data are not publicly available due to ethical and privacy considerations

to protect the confidentiality of participants.

Conflicts of Interest: The authors declare no conflicts of interest.

References

1. Oosthuizen, K.; Botha, E.; Robertson, J.; Montecchi, M. Artificial intelligence in retail: The AI-enabled value chain. Australas.

Mark. J. 2021, 29, 264–273. [CrossRef]

2. Kumar, V.; Rajan, B.; Venkatesan, R.; Lecinski, J. Understanding the role of artificial intelligence in personalized engagement

marketing. Calif. Manag. Rev. 2019, 61, 135–155. [CrossRef]

3. Davenport, T.; Guha, A.; Grewal, D.; Bressgott, T. How artificial intelligence will change the future of marketing. J. Acad. Mark.

Sci. 2020, 48, 24–42. [CrossRef]

4. Hallikainen, H.; Luongo, M.; Dhir, A.; Laukkanen, T. Consequences of personalized product recommendations and price

promotions in online grocery shopping. J. Retail. Consum. Serv. 2022, 69, 103088. [CrossRef]

5. Canhoto, A.I.; Keegan, B.J.; Ryzhikh, M. Snakes and Ladders: Unpacking the Personalisation-Privacy Paradox in the Context of

AI-Enabled Personalisation in the Physical Retail Environment. Inf. Syst. Front. 2024, 26, 1005–1024. [CrossRef] [PubMed]

https://doi.org/10.1016/j.ausmj.2020.07.007
https://doi.org/10.1177/0008125619859317
https://doi.org/10.1007/s11747-019-00696-0
https://doi.org/10.1016/j.jretconser.2022.103088
https://doi.org/10.1007/s10796-023-10369-7
https://www.ncbi.nlm.nih.gov/pubmed/36684411


Behav. Sci. 2024, 14, 616 20 of 22

6. Tyrväinen, O.; Karjaluoto, H.; Saarijärvi, H. Personalization and hedonic motivation in creating customer experiences and loyalty

in omnichannel retail. J. Retail. Consum. Serv. 2020, 57, 102233. [CrossRef]

7. Li, C.; Pan, R.; Xin, H.; Deng, Z. Research on artificial intelligence customer service on consumer attitude and its impact during

online shopping. J. Phys. Conf. Ser. 2020, 1575, 012192. [CrossRef]

8. Ruan, Y.; Mezei, J. When do AI chatbots lead to higher customer satisfaction than human frontline employees in online shopping

assistance? Considering product attribute type. J. Retail. Consum. Serv. 2022, 68, 103059. [CrossRef]

9. Ameen, N.; Tarhini, A.; Reppel, A.; Anand, A. Customer experiences in the age of artificial intelligence. Comput. Hum. Behav.

2021, 114, 106548. [CrossRef]

10. Subbaiah, P.V.; M, J.; P, M.; Kondamudi, S.G. Exploring the influence of artificial intelligence (AI) on online purchase decisions: In

case of consumer’s prospective. Int. J. Intell. Syst. Appl. Eng. 2024, 12, 13–20.

11. Onorato, A. Consumers Open to AI in Marketing, but Privacy Concerns Remain. Available online: https://cdp.com/articles/

report-consumers-open-to-ai-in-marketing-but-privacy-concerns-remain/ (accessed on 11 June 2024).

12. Schmidt, P.; Biessmann, F.; Teubner, T. Transparency and trust in artificial intelligence systems. J. Decis. Syst. 2020, 29, 260–278.

[CrossRef]

13. Chen, Y.; Prentice, C.; Weaven, S.; Hisao, A. The influence of customer trust and artificial intelligence on customer engagement

and loyalty—The case of the home-sharing industry. Front. Psychol. 2022, 13, 912339. [CrossRef] [PubMed]

14. Alzaidi, M.S.; Agag, G. The role of trust and privacy concerns in using social media for e-retail services: The moderating role of

COVID-19. J. Retail. Consum. Serv. 2022, 68, 103042. [CrossRef]

15. Ye, T.; Xue, J.; He, M.; Gu, J.; Lin, H.; Xu, B.; Cheng, Y. Psychosocial factors affecting artificial intelligence adoption in health care

in China: Cross-sectional study. J. Med. Internet Res. 2019, 21, e14316. [CrossRef] [PubMed]

16. Kelly, S.; Kaye, S.-A.; Oviedo-Trespalacios, O. What factors contribute to the acceptance of artificial intelligence? A systematic

review. Telemat. Inform. 2023, 77, 101925. [CrossRef]

17. Esmaeilzadeh, H.; Vaezi, R. Conscious empathic AI in service. J. Serv. Res. 2022, 25, 549–564. [CrossRef]

18. Kashive, N.; Powale, L.; Kashive, K. Understanding user perception toward artificial intelligence (AI) enabled e-learning. Int. J.

Inf. Learn. Technol. 2021, 38, 1–19. [CrossRef]

19. Mariani, M.M.; Perez-Vega, R.; Wirtz, J. AI in marketing, consumer research and psychology: A systematic literature review and

research agenda. Psychol. Mark. 2022, 39, 755–776. [CrossRef]

20. Rupali; Sharma, N.; Arora, P.; Mishra, P. Does AI chatbot service quality impact customer loyalty?: Examining satisfaction and

attitudes. In Transforming the Financial Landscape with ICTs; Singh, D., Malik, G., Aggarwal, S., Eds.; IGI Global: Hershey, PA, USA,

2024; pp. 28–54.

21. Dwivedi, Y.K.; Ismagilova, E.; Hughes, D.L.; Carlson, J.; Filieri, R.; Jacobson, J.; Jain, V.; Karjaluoto, H.; Kefi, H.; Krishen, A.S.; et al.

Setting the future of digital and social media marketing research: Perspectives and research propositions. Int. J. Inf. Manag. 2021,

59, 102168. [CrossRef]

22. Goncalves, M.; Hu, Y.; Aliagas, I.; Cerdá, L.M. Neuromarketing algorithms’ consumer privacy and ethical considerations:

Challenges and opportunities. Cogent Bus. Manag. 2024, 11, 2333063. [CrossRef]

23. Malodia, S.; Islam, N.; Kaur, P.; Dhir, A. Why do people use artificial intelligence (AI)-enabled voice assistants? IEEE Trans. Eng.

Manag. 2024, 71, 491–505. [CrossRef]

24. Venkatesh, V.; Morris, M.G.; Davis, G.B.; Davis, F.D. User acceptance of information technology: Toward a unified view. MIS Q.

Manag. Inf. Syst. 2003, 27, 425–478. [CrossRef]

25. Ajzen, I. The theory of planned behavior. Organ. Behav. Hum. Decis. Process. 1991, 50, 179–211. [CrossRef]

26. Cheng, E.W.L. Choosing between the theory of planned behavior (TPB) and the technology acceptance model (TAM). Educ.

Technol. Res. Dev. 2019, 67, 21–37. [CrossRef]

27. Sohn, K.; Kwon, O. Technology acceptance theories and factors influencing artificial Intelligence-based intelligent products.

Telemat. Inform. 2020, 47, 101324. [CrossRef]

28. Habes, M.; Tahat, K.; Tahat, D.; Attar, R.W.; Mansoori, A.; Ketbi, N. The Theory of Planned Behavior Regarding Artificial

Intelligence in Recommendations and Selection of YouTube News Content. In Proceedings of the 2023 International Conference

on Multimedia Computing, Networking and Applications (MCNA), Valencia, Spain, 19–22 June 2023; pp. 42–47.

29. Aggarwal, D.; Sharma, D.; Saxena, A.B. Enhancing the Online Shopping Experience of Consumers through Artificial Intelligence.

Int. J. Inf. Technol. Comput. Eng. 2024, 4, 1–5. [CrossRef]

30. Pillarisetty, R.; Mishra, P. A review of AI (artificial intelligence) tools and customer experience in online fashion retail. Int. J. E-Bus.

Res. 2022, 18, 1–12. [CrossRef]

31. Singh, P.; Singh, V. The power of AI: Enhancing customer loyalty through satisfaction and efficiency. Cogent Bus. Manag. 2024,

11, 2326107. [CrossRef]

32. Prentice, C.; Nguyen, M. Engaging and retaining customers with AI and employee service. J. Retail. Consum. Serv. 2020, 56, 102186.

[CrossRef]

33. Nousi, P.; Tsantekidis, A.; Passalis, N.; Ntakaris, A.; Kanniainen, J.; Tefas, A.; Gabbouj, M.; Iosifidis, A. Machine learning for

forecasting mid-price movements using limit order book data. IEEE Access 2019, 7, 64722–64736. [CrossRef]

34. Martínez, A.; Schmuck, C.; Pereverzyev, S.; Pirker, C.; Haltmeier, M. A machine learning framework for customer purchase

prediction in the non-contractual setting. Eur. J. Oper. Res. 2020, 281, 588–596. [CrossRef]

https://doi.org/10.1016/j.jretconser.2020.102233
https://doi.org/10.1088/1742-6596/1575/1/012192
https://doi.org/10.1016/j.jretconser.2022.103059
https://doi.org/10.1016/j.chb.2020.106548
https://cdp.com/articles/report-consumers-open-to-ai-in-marketing-but-privacy-concerns-remain/
https://cdp.com/articles/report-consumers-open-to-ai-in-marketing-but-privacy-concerns-remain/
https://doi.org/10.1080/12460125.2020.1819094
https://doi.org/10.3389/fpsyg.2022.912339
https://www.ncbi.nlm.nih.gov/pubmed/35992434
https://doi.org/10.1016/j.jretconser.2022.103042
https://doi.org/10.2196/14316
https://www.ncbi.nlm.nih.gov/pubmed/31625950
https://doi.org/10.1016/j.tele.2022.101925
https://doi.org/10.1177/10946705221103531
https://doi.org/10.1108/IJILT-05-2020-0090
https://doi.org/10.1002/mar.21619
https://doi.org/10.1016/j.ijinfomgt.2020.102168
https://doi.org/10.1080/23311975.2024.2333063
https://doi.org/10.1109/TEM.2021.3117884
https://doi.org/10.2307/30036540
https://doi.org/10.1016/0749-5978(91)90020-T
https://doi.org/10.1007/s11423-018-9598-6
https://doi.org/10.1016/j.tele.2019.101324
https://doi.org/10.55529/ijitc.42.1.5
https://doi.org/10.4018/IJEBR.294111
https://doi.org/10.1080/23311975.2024.2326107
https://doi.org/10.1016/j.jretconser.2020.102186
https://doi.org/10.1109/ACCESS.2019.2916793
https://doi.org/10.1016/j.ejor.2018.04.034


Behav. Sci. 2024, 14, 616 21 of 22

35. Rahmani, A.M.; Azhir, E.; Ali, S.; Mohammadi, M.; Ahmed, O.H.; Yassin Ghafour, M.; Hasan Ahmed, S.; Hosseinzadeh, M.

Artificial intelligence approaches and mechanisms for big data analytics: A systematic study. PeerJ Comput. Sci. 2021, 7, e488.

[CrossRef] [PubMed]

36. Bawack, R.E.; Wamba, S.F.; Carillo, K.D.A.; Akter, S. Artificial intelligence in E-Commerce: A bibliometric study and literature

review. Electron. Mark. 2022, 32, 297–338. [CrossRef] [PubMed]

37. Yang, G.; Ji, G.; Tan, K.H. Impact of artificial intelligence adoption on online returns policies. Ann. Oper. Res. 2022, 308, 703–726.

[CrossRef]

38. He, A.-Z.; Zhang, Y. AI-powered touch points in the customer journey: A systematic literature review and research agenda. J. Res.

Interact. Mark. 2023, 17, 620–639. [CrossRef]

39. Oh, J.; Yoon, S.-J. Validation of haptic enabling technology acceptance model (HE-TAM): Integration of IDT and TAM. Telemat.

Inform. 2014, 31, 585–596. [CrossRef]

40. Sangwan, S.; Sharma, S.K.; Sharma, J. Disclosing customers’ intentions to use social media for purchase-related decisions. Asia-Pac.

J. Bus. Adm. 2022, 14, 145–160. [CrossRef]

41. Bhagat, R.; Chauhan, V.; Bhagat, P. Investigating the impact of artificial intelligence on consumer’s purchase intention in e-retailing.

Foresight 2023, 25, 249–263. [CrossRef]

42. Saeed, W.; Omlin, C. Explainable AI (XAI): A systematic meta-survey of current challenges and future opportunities. Knowl. -Based

Syst. 2023, 263, 110273. [CrossRef]

43. Zhang, Z.; Ning, H.; Shi, F.; Farha, F.; Xu, Y.; Xu, J.; Zhang, F.; Choo, K.-K.R. Artificial intelligence in cyber security: Research

advances, challenges, and opportunities. Artif. Intell. Rev. 2022, 55, 1029–1053. [CrossRef]

44. Duan, Y.; Edwards, J.S.; Dwivedi, Y.K. Artificial intelligence for decision making in the era of big data—Evolution, challenges and

research agenda. Int. J. Inf. Manag. 2019, 48, 63–71. [CrossRef]

45. Bashir, T.; Zhongfu, T.; Sadiq, B.; Niaz, U.; Anjum, F.; Mahmood, H. An assessment of influential factors developing the intention

to use social media sites: A technology acceptance model based approach. Front. Psychol. 2022, 13, 983930. [CrossRef] [PubMed]

46. Almogren, A.S.; Al-Rahmi, W.M.; Dahri, N.A. Exploring factors influencing the acceptance of ChatGPT in higher education: A

smart education perspective. Heliyon 2024, 10, e31887. [CrossRef] [PubMed]

47. Camilleri, M.A. Factors affecting performance expectancy and intentions to use ChatGPT: Using SmartPLS to advance an

information technology acceptance framework. Technol. Forecast. Soc. Chang. 2024, 201, 123247. [CrossRef]

48. Calahorra-Candao, G.; Martín-de Hoyos, M.J. From Typing to Talking: Unveiling AI’s Role in the Evolution of Voice Assistant

Integration in Online Shopping. Information 2024, 15, 202. [CrossRef]

49. LaMothe, R.W. Types of faith and emotional intelligence. Pastor. Psychol. 2010, 59, 331–344. [CrossRef]

50. Cook, J. Young adults’ hopes for the long-term future: From re-enchantment with technology to faith in humanity. J. Youth Stud.

2016, 19, 517–532. [CrossRef]

51. Choung, H.; David, P.; Ross, A. Trust in AI and Its Role in the Acceptance of AI Technologies. Int. J. Hum.–Comput. Interact. 2023,

39, 1727–1739. [CrossRef]

52. Jain, R.; Garg, N.; Khera, S.N. Adoption of AI-Enabled tools in social development organizations in India: An extension of UTAUT

model. Front. Psychol. 2022, 13, 893691. [CrossRef]

53. Du, H.; Sun, Y.; Jiang, H.; Islam, A.Y.M.A.; Gu, X. Exploring the effects of AI literacy in teacher learning: An empirical study.

Humanit. Soc. Sci. Commun. 2024, 11, 559. [CrossRef]

54. Rodway, P.; Schepman, A. The impact of adopting AI educational technologies on projected course satisfaction in university

students. Comput. Educ. Artif. Intell. 2023, 5, 100150. [CrossRef]

55. Alkhouri, K.I. The Role of Artificial Intelligence in the Study of the Psychology of Religion. Religions 2024, 15, 290. [CrossRef]

56. Li, D.; He, W.; Guo, Y. Why AI still doesn’t have consciousness? CAAI Trans. Intell. Technol. 2021, 6, 175–179. [CrossRef]

57. Mogi, K. Artificial intelligence, human cognition, and conscious supremacy. Front. Psychol. 2024, 15, 1364714. [CrossRef]

[PubMed]

58. Kim, J.; Im, I. Anthropomorphic response: Understanding interactions between humans and artificial intelligence agents. Comput.

Hum. Behav. 2023, 139, 107512. [CrossRef]

59. Song, C.S.; Kim, Y.-K. The role of the human-robot interaction in consumers’ acceptance of humanoid retail service robots. J. Bus.

Res. 2022, 146, 489–503. [CrossRef]

60. Guingrich, R.E.; Graziano, M.S.A. Ascribing consciousness to artificial intelligence: Human-AI interaction and its carry-over

effects on human-human interaction. Front. Psychol. 2024, 15, 1322781. [CrossRef] [PubMed]

61. Esmaeilzadeh, P. Use of AI-based tools for healthcare purposes: A survey study from consumers’ perspectives. BMC Med. Inform.

Decis. Mak. 2020, 20, 170. [CrossRef]

62. Wang, C.; Ahmad, S.F.; Bani Ahmad Ayassrah, A.Y.A.; Awwad, E.M.; Irshad, M.; Ali, Y.A.; Al-Razgan, M.; Khan, Y.; Han, H. An

empirical evaluation of technology acceptance model for Artificial Intelligence in E-commerce. Heliyon 2023, 9, e18349. [CrossRef]

63. Zhou, C.; Liu, X.; Yu, C.; Tao, Y.; Shao, Y. Trust in AI-augmented design: Applying structural equation modeling to AI-augmented

design acceptance. Heliyon 2024, 10, e23305. [CrossRef]

64. Bilal, M.; Zhang, Y.; Cai, S.; Akram, U.; Halibas, A. Artificial intelligence is the magic wand making customer-centric a reality! An

investigation into the relationship between consumer purchase intention and consumer engagement through affective attachment.

J. Retail. Consum. Serv. 2024, 77, 103674. [CrossRef]

https://doi.org/10.7717/peerj-cs.488
https://www.ncbi.nlm.nih.gov/pubmed/33954253
https://doi.org/10.1007/s12525-022-00537-z
https://www.ncbi.nlm.nih.gov/pubmed/35600916
https://doi.org/10.1007/s10479-020-03602-y
https://doi.org/10.1108/JRIM-03-2022-0082
https://doi.org/10.1016/j.tele.2014.01.002
https://doi.org/10.1108/APJBA-02-2021-0061
https://doi.org/10.1108/FS-10-2021-0218
https://doi.org/10.1016/j.knosys.2023.110273
https://doi.org/10.1007/s10462-021-09976-0
https://doi.org/10.1016/j.ijinfomgt.2019.01.021
https://doi.org/10.3389/fpsyg.2022.983930
https://www.ncbi.nlm.nih.gov/pubmed/36304858
https://doi.org/10.1016/j.heliyon.2024.e31887
https://www.ncbi.nlm.nih.gov/pubmed/38845866
https://doi.org/10.1016/j.techfore.2024.123247
https://doi.org/10.3390/info15040202
https://doi.org/10.1007/s11089-009-0229-3
https://doi.org/10.1080/13676261.2015.1083959
https://doi.org/10.1080/10447318.2022.2050543
https://doi.org/10.3389/fpsyg.2022.893691
https://doi.org/10.1057/s41599-024-03101-6
https://doi.org/10.1016/j.caeai.2023.100150
https://doi.org/10.3390/rel15030290
https://doi.org/10.1049/cit2.12035
https://doi.org/10.3389/fpsyg.2024.1364714
https://www.ncbi.nlm.nih.gov/pubmed/38807956
https://doi.org/10.1016/j.chb.2022.107512
https://doi.org/10.1016/j.jbusres.2022.03.087
https://doi.org/10.3389/fpsyg.2024.1322781
https://www.ncbi.nlm.nih.gov/pubmed/38605842
https://doi.org/10.1186/s12911-020-01191-1
https://doi.org/10.1016/j.heliyon.2023.e18349
https://doi.org/10.1016/j.heliyon.2023.e23305
https://doi.org/10.1016/j.jretconser.2023.103674


Behav. Sci. 2024, 14, 616 22 of 22

65. Gao, Y.; Liu, H. Artificial intelligence-enabled personalization in interactive marketing: A customer journey perspective. J. Res.

Interact. Mark. 2023, 17, 663–680. [CrossRef]

66. Constantinides, E. Influencing the online consumer’s behavior: The Web experience. Internet Res. 2004, 14, 111–126. [CrossRef]

67. Nazir, S.; Khadim, S.; Ali Asadullah, M.; Syed, N. Exploring the influence of artificial intelligence technology on consumer

repurchase intention: The mediation and moderation approach. Technol. Soc. 2023, 72, 102190. [CrossRef]

68. Arachchi, H.A.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. 2023. ahead-of-print. [CrossRef]

69. Arachchi, H.A.D.M.; Samarasinghe, G.D. Impulse Purchase Intention in an AI-mediated Retail Environment: Extending the TAM

with Attitudes Towards Technology and Innovativeness. Glob. Bus. Rev. 2023, 1–24. [CrossRef]

70. Acikgoz, F.; Perez-Vega, R.; Okumus, F.; Stylos, N. Consumer engagement with AI-powered voice assistants: A behavioral

reasoning perspective. Psychol. Mark. 2023, 40, 2226–2243. [CrossRef]

71. Uzir, M.U.H.; Bukari, Z.; Al Halbusi, H.; Lim, R.; Wahab, S.N.; Rasul, T.; Thurasamy, R.; Jerin, I.; Chowdhury, M.R.K.; Tarofder,

A.K.; et al. Applied artificial intelligence: Acceptance-intention-purchase and satisfaction on smartwatch usage in a Ghanaian

context. Heliyon 2023, 9, e18666. [CrossRef]

72. Jan, I.U.; Ji, S.; Kim, C. What (de) motivates customers to use AI-powered conversational agents for shopping? The extended

behavioral reasoning perspective. J. Retail. Consum. Serv. 2023, 75, 103440. [CrossRef]

73. Pillai, R.; Sivathanu, B.; Dwivedi, Y.K. Shopping intention at AI-powered automated retail stores (AIPARS). J. Retail. Consum. Serv.

2020, 57, 102207. [CrossRef]

74. Uzir, M.U.H.; Al Halbusi, H.; Lim, R.; Jerin, I.; Abdul Hamid, A.B.; Ramayah, T.; Haque, A. Applied Artificial Intelligence and

user satisfaction: Smartwatch usage for healthcare in Bangladesh during COVID-19. Technol. Soc. 2021, 67, 101780. [CrossRef]

75. Chan, T.y.; Wong, C.W.Y. The consumption side of sustainable fashion supply chain. J. Fash. Mark. Manag. Int. J. 2012, 16, 193–215.

[CrossRef]

76. Davis, F.D. Perceived Usefulness, Perceived Ease of Use, and User Acceptance of Information Technology. MIS Q. 1989, 13, 319.

[CrossRef]

77. Gefen, D.; Karahanna, E.; Straub, D.W. Inexperience and experience with online stores: The importance of TAM and trust. IEEE

Trans. Eng. Manag. 2003, 50, 307–321. [CrossRef]

78. Park, S.Y. An analysis of the technology acceptance model in understanding university students’ behavioral intention to use

e-learning. J. Educ. Technol. Soc. 2009, 12, 150–162.

79. Kautish, P.; Khare, A. Investigating the moderating role of AI-enabled services on flow and awe experience. Int. J. Inf. Manag.

2022, 66, 102519. [CrossRef]

80. Lam, S.Y.; Chiang, J.; Parasuraman, A. The effects of the dimensions of technology readiness on technology acceptance: An

empirical analysis. J. Interact. Mark. 2008, 22, 19–39. [CrossRef]

81. Parasuraman, A.; Colby, C.L. An updated and streamlined technology readiness index:TRI 2.0. J. Serv. Res. 2015, 18, 59–74.

[CrossRef]

82. Vermeir, I.; Verbeke, W. Sustainable food consumption: Exploring the consumer “attitude—Behavioral intention” gap. J. Agric.

Environ. Ethics 2006, 19, 169–194. [CrossRef]

83. Konuk, F.A. The effects of price consciousness and sale proneness on purchase intention towards expiration date-based priced

perishable foods. Br. Food J. 2015, 117, 793–804. [CrossRef]

84. Yadav, R.; Pathak, G.S. Young consumers’ intention towards buying green products in a developing nation: Extending the theory

of planned behavior. J. Clean. Prod. 2016, 135, 732–739. [CrossRef]

85. Erkut, S. Developing multiple language versions of instruments for intercultural research. Child Dev. Perspect. 2010, 4, 19–24.

[CrossRef]

86. Hu, L.t.; Bentler, P.M. Cutoff criteria for fit indexes in covariance structure analysis: Conventional criteria versus new alternatives.

Struct. Equ. Model. A Multidiscip. J. 1999, 6, 1–55. [CrossRef]

87. Marôco, J. Análise de Equações Estruturais: Fundamentos Teóricos, Software & Aplicações; ReportNumber, Lda: Pêro Pinheiro,

Portugal, 2014.

88. Fornell, C.; Larcker, D.F. Evaluating structural equation models with unobservable variables and measurement error. J. Mark. Res.

1981, 18, 39–50. [CrossRef]

89. Hair, J.F.; Babin, B.J.; Black, W.C.; Anderson, R.E. Multivariate Data Analysis; Cengage: Boston, MA, USA, 2019.

90. Sawilowsky, S.S. New Effect Size Rules of Thumb. J. Mod. Appl. Stat. Methods 2009, 8, 597–599. [CrossRef]

91. Cohen, J. A power primer. Psychol. Bull. 1992, 112, 155–159. [CrossRef]

92. Tabachnick, B.G.; Fidell, L.S.; Ullman, J.B. Using Multivariate Statistics, 7th ed.; Pearson: Boston, MA, USA, 2013; Volume 6, p. 848.

93. Byrne, B.M. Structural Equation Modeling with AMOS: Basic Concepts, Applications, and Programming; Taylor & Francis Group:

Abingdon, UK, 2010; Volume 396, p. 7384.

94. Kline, R.B. Principles and Practice of Structural Equation Modeling; Guilford Publications: New York, NY, USA, 2023.

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual

author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to

people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.1108/JRIM-01-2022-0023
https://doi.org/10.1108/10662240410530835
https://doi.org/10.1016/j.techsoc.2022.102190
https://doi.org/10.1108/EJMS-03-2023-0019
https://doi.org/10.1177/09721509231197721
https://doi.org/10.1002/mar.21873
https://doi.org/10.1016/j.heliyon.2023.e18666
https://doi.org/10.1016/j.jretconser.2023.103440
https://doi.org/10.1016/j.jretconser.2020.102207
https://doi.org/10.1016/j.techsoc.2021.101780
https://doi.org/10.1108/13612021211222824
https://doi.org/10.2307/249008
https://doi.org/10.1109/TEM.2003.817277
https://doi.org/10.1016/j.ijinfomgt.2022.102519
https://doi.org/10.1002/dir.20119
https://doi.org/10.1177/1094670514539730
https://doi.org/10.1007/s10806-005-5485-3
https://doi.org/10.1108/BFJ-10-2013-0305
https://doi.org/10.1016/j.jclepro.2016.06.120
https://doi.org/10.1111/j.1750-8606.2009.00111.x
https://doi.org/10.1080/10705519909540118
https://doi.org/10.1177/002224378101800104
https://doi.org/10.22237/jmasm/1257035100
https://doi.org/10.1037/0033-2909.112.1.155

	Introduction 
	Literature Review 
	Technology Acceptance Model and the Theory of Planned Behavior 
	Artificial Intelligence in E-Retailing and Consumption 
	Artificial Intelligence-Enabled Ease of Use 
	Psychosocial Factors 
	Subjective Norms 
	Faith 
	Consciousness 
	Perceived Control 
	Purchase Intention 

	The Mediating Effect of AI-Enabled Ease of Use 

	Method 
	Participants 
	Instruments 
	Procedures 
	Statistical Analysis 

	Results 
	Discussion of Results and Implications 
	Discussion of Results 
	Theoretical Implications 
	Practical Implications 
	Limitations and Future Lines of Research 

	Conclusions 
	References

