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Abstract

Framing the study within the Unified Theory of Acceptance and Use of Technology
(UTAUT) and the extended online privacy concern model, this study investigates the
effects of effort expectancy, social influence, privacy concerns, and perceived risk on e-
commerce consumer behavior, while positioning trust in AI as a key mediating factor. The
data were collected from 250 active e-commerce users in Bangladesh, and the analysis
was done with a hybrid approach that integrates partial least squares structural equation
modeling (PLS-SEM) with artificial neural network (ANN) analysis. The SEM results
indicate that effort expectancy and social influence have significant positive effects on
consumer behavior. Social influence also shows a significant positive effect on trust in AI.
Trust in AI exhibits a significant positive effect on consumer behavior. However, perceived
risk does not show a significant effect on either trust in AI or consumer behavior. Privacy
concerns demonstrate a significant positive relationship with both trust in AI and consumer
behavior, contrary to the hypothesized negative relationships. The mediation analysis
shows that trust in AI significantly mediates the relationship between social influence
and consumer behavior, while no significant mediation effects are observed for privacy
concerns or perceived risk. The ANN results further confirm the dominance of social
influence as the most important predictor of both trust in AI and consumer behavior, fol-
lowed by effort expectancy and trust in AI, while perceived risk shows minimal predictive
relevance. Overall, the findings suggest that consumer adoption of AI-enabled e-commerce
is primarily driven by benefit-oriented factors rather than risk-based considerations in the
present context. The study contributes to the literature by extending UTAUT and privacy
calculus theory to AI-mediated commerce and by demonstrating the value of combining
SEM and ANN to capture both explanatory relationships and predictive importance. From
a managerial perspective, the results highlight the importance of strengthening social
influence mechanisms, improving system usability, and building trust in AI systems to
enhance consumer engagement in AI-driven e-commerce environments.
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1. Introduction
From money transactions to data exchange, online buying and selling of goods and

services is known as e-commerce and has been growing rapidly due to technological
advances and consumer trends. Artificial intelligence (AI) has emerged as a cornerstone for
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businesses as it drives operational efficiency, personalizes consumer services, and secures
digital transactions. AI-based chatbots, recommender systems, and fraud detection systems
result in a considerable increase in conversion rates and customer loyalty rates [1,2]; on the
other hand, live streaming on e-commerce apps uses AI to evaluate influencer popularity
as well as consumer engagement simultaneously [3]. Big giants, such as Amazon and
Walmart, use AI-driven predictive analytics to improve inventory control and supply chain
operations, helping reduce waste while increasing fulfillment efficiency [4–6]. AI also has a
strategic significance in customer-facing operations, and it is positioned as a competitive
differentiator in digital transformation [7,8].

Yet, the adoption of AI has serious issues with data privacy and ethical concerns. The
excessive extraction, retention, and use of personal information, such as an individual’s
web search histories, shopping profile, or biometric characteristics, may present signif-
icant risks to consumers’ privacy [9]. Decisions in pricing, recommendations, or credit
scoring influenced by algorithmic biases can lead to the delivery of inefficient or unjust
outcomes and risk becoming even more harmful for socially disadvantaged groups [10,11].
Moreover, the complexity and variety of AI mechanisms tend to hide how they work from
both consumers and even regulators under frameworks such as GDPR or CCPA [12,13],
thus eroding consumer trust, an essential condition for e-commerce sustainability [14,15].
Emerging techniques like federated learning, differential privacy, and blockchain provide
opportunities for privacy-preserving AI, enabling knowledge generation while safeguard-
ing personal data [16,17]. AI-secured systems working based on privacy, combined with
AI infrastructure, also enhance transparency, accountability, and fraud prevention [18–20].
Consumer trust thus continues to be a critical determinant of e-commerce participation as
it reduces perceived risks and promotes transaction willingness [21,22].

AI-enabled e-commerce differs fundamentally from traditional e-commerce, mobile
commerce, and social commerce due to its reliance on autonomous, data-driven decision-
making systems. Unlike conventional platforms where consumers actively search and
evaluate alternatives, AI-based systems increasingly influence what users see, purchase,
and prefer through algorithmic recommendations [23]. This shift introduces a new form
of human–system interaction in which decision-making is partially delegated to machine
intelligence. While this reduces cognitive effort, it also introduces uncertainty regarding
how recommendations are generated and how personal data is used, thereby reshaping the
mechanisms underlying trust formation and perceived risk.

Existing research on technology adoption has primarily relied on theoretical frame-
works such as the Unified Theory of Acceptance and Use of Technology (UTAUT) and
privacy calculus theory. UTAUT emphasizes the role of effort expectancy and social influ-
ence in shaping behavioral intention, while privacy calculus theory explains user decisions
as a trade-off between perceived benefits and privacy-related risks. However, these models
were largely developed for traditional digital environments in which systems function
as passive tools rather than autonomous agents. As a result, they may not fully capture
the behavioral dynamics emerging in AI-mediated commerce, where algorithmic systems
actively shape consumer choices.

In addition, most prior studies have adopted linear modeling approaches such as struc-
tural equation modeling (SEM) to examine relationships among adoption constructs. While
SEM is valuable for theory testing and hypothesis validation, it assumes linear relationships
and limited interaction effects among variables. This may restrict its ability to capture
complex behavioral patterns typical of AI-driven environments, where multiple factors
may interact in non-linear ways. To address this limitation, recent studies have suggested
the integration of machine learning techniques, such as artificial neural networks (ANNs),
which allow for non-linear modeling and the identification of relative predictor importance.
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This study contributes to the literature in three key ways. First, it extends UTAUT and
privacy calculus theory to AI-enabled e-commerce. Second, it advances methodological
practice by integrating SEM and ANN to capture both explanatory relationships and
non-linear predictive importance. Third, it provides empirical insights from an emerging
economy context, where AI adoption is still evolving and consumer behavior may differ
from developed markets.

2. Literature Review
2.1. AI in E-Commerce

With the advancement of artificial intelligence, e-commerce has been revolutionized, al-
lowing for customized customer experiences, greater operational effectiveness, and smarter
decision-making. Applications of AI, from recommendation engines and chatbots to de-
mand forecasting and fraud detection, reduce the cost of searching and improve consumer
satisfaction and brand loyalty by utilizing big data analytics to tailor offerings [24,25]. They
also enable dynamic pricing [26], context-aware interfaces [27], and predictive analytics
that enhance the fulfillment experience of the user, where the fulfillment proprietary model
maintains its optimal function [3]. Consumer interfaces using AI are efficient and easy to
use, but they have created questions about trust, the extent to which users rely on algorith-
mic recommendations, and ethical concerns in relation to personal data processing. Closely
linked with trust, privacy-related concerns complicate consumer decision-making in AI-
based e-commerce environments. Privacy-related concerns, which are inherently close to
the concept of trust, are amplified in an AI setting due to massive-scale data collection
and processing. The well-documented privacy paradox reinforces the difference between
people’s stated privacy concerns and their actual online behavior, reminding them of the
trade-off between convenience and personalization/perceived benefit [28–30]. In terms of
consumer acceptance, empirical evidence from cross-border e-commerce has found that
higher perceived risk reduces trust and engagement, suggesting that AI privacy concerns
in the context of consumers’ behavioral intention research should not be overlooked [31].

Apart from personal risk and privacy calculations, there is an extra stratum that af-
fects a company’s behavior in AI-driven applications: the social dimension. Social impact
strongly affects consumers’ behavior, especially in interactive/social commerce, e.g., live
streaming. Social proof, influencer interaction, and normative behavior can create a sig-
nificant boost in purchase intention but are associated with concerns of trustworthiness,
voluntariness, and peer pressure [32,33]. Social influence is one of the drivers in decisions
to use, and theories like TPB and UTAUT position social influence as a prominent con-
stituent of behavioral intention or influences of subjective norms. A recent investigation
of social commerce found that features in platform designs, such as the degree to which
they mimic social stimuli, promote perceived trust and purchase intention, thus doubling
as a testament to the association drawn here between social influence and trust and behav-
ior [34], linking social influence with cognitive antecedents, including effort expectancy
and privacy concerns.

However, apart from the efficiency–privacy trade-offs, trust is a dominant factor in
determining how consumers understand and use AI-powered systems. Trust is a primary
concern in AI-facilitated trade and acts as both a precursor to and intermediary of the
emergence of customers’ behavior.

Despite the abundance of literature on AI-influenced e-commerce, there remain some
gaps. Critical factors such as trust, privacy concerns, social influence, and perceived risk
have often been examined separately in prior studies, with limited research integrating
these constructs within a single model, focusing on the context of developing countries.
The existing literature does not yet clearly establish whether trust in AI functions as a
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mediating or moderating mechanism in the relationship between social influence, effort
expectancy, privacy concern, perceived risk, and customer behavior. While prior research
has largely examined these relationships using SEM, this study employs both SEM and
ANN to investigate these relationships.

The concept of privacy calculus demonstrates that individuals weigh the benefits
provided through technology against the perceived risk to privacy, and in doing so, trust,
familiarity, and perceived usefulness are taken into consideration when making this judg-
ment [35–37]. Risk perception, such as suspicion about the misuse or abuse of people, has a
negative effect on trust and behavioral intention. Therefore, it is important to explore the
relationship between trust, perceived risk, and privacy in AI adoption in e-commerce.

2.2. Hypothesis and Research Model
2.2.1. Effort Expectancy (EE)

EE is the ease of use in relation to using a system or technology, specifically how easy
it is for users to learn and operate a platform [38]. As one of the main elements of the
UTAUT, EE incorporates elements from Perceived Ease of Use (TAM) [39], Complexity
(MPCU) [40], and Ease of Use (IDT) [41]. EE is particularly relevant in the early stages
of technology adoption because it encourages individuals to accept the new technology
more readily [42]. EE significantly influences attitudes and intention, which is relevant for
AI-enabled e-commerce [43]. Effort expectancy influences behavioral intention to adopt
AI-powered e-commerce tools, highlighting ease of use as a key predictor of engagement in
AI-enhanced shopping environments [44]. Research on e-commerce customer engagement
further shows that effort expectation contributes to behavioral responses such as loyalty
and satisfaction [45], supporting the role of EE in driving online purchase behavior. Even in
specialized retail contexts, effort expectancy remains relevant when measuring technology
adoption in digital shopping platforms [46].

H1. EE has a positive effect on consumer behavior (CB) in AI-driven e-commerce transactions.

2.2.2. Privacy Concern (PC)

PC refers to the extent to which internet users worry that their personal information
may be misused for opportunistic purposes or accessed by unauthorized parties [47].
According to research, privacy and trust are significantly correlated, making it a major
barrier to the growth of e-commerce. Concerns, sometimes unjustified, about what goes
on “under the hood” of free apps or websites are growing with awareness of technologies
that monitor user behavior and collect data without consent. Such perceptions can hinder
communication, restrict the flow of information, and influence individuals’ willingness to
use online services [48]. Trust is crucial for lowering privacy concerns and persuading users
that the advantages of disclosure outweigh the risks [49]. Privacy concerns limit businesses’
ability to use digital marketing and feedback tools to personalize communications, suggest
offerings, and build relationships [50,51]. They can also erode trust and willingness to
share information. Customers may feel less involved, less satisfied, and less able to access
cutting-edge services when there is a lack of customization. Therefore, it is necessary to
comprehend the ramifications of PC in order to minimize adverse effects and improve
consumer and business engagement [52].

H2. PC has a negative effect on consumer behavior (CB) in AI-driven e-commerce transactions.

H3. PC has a negative effect on trust in AI-driven e-commerce systems.
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2.2.3. Perceived Risk (PR)

PR, in the AI-based e-commerce transaction context, is the subjective assessment of
customers’ willingness to be ready for expected negative outcomes from divulgence of
personal information and doing online business. PR is the “potential loss in achieving the
desired goal of e-service use,” and it is important to understand with greater specificity for
online environments [53]. PR has a significant negative impact on consumers’ behavioral
intention of using online platforms [54]. PR, defined as [55,56] the perception of potential
loss, runs through users’ assessment and has direct effects on consumer trust. The Theory
of Reasoned Action [57] states that PR has a negative impact on attitudes towards online
purchase. Higher risk perception can decrease trust and reduce the propensity to adopt
e-services [54,58]. Therefore, in AI-based e-commerce platforms, perceived risk plays a
significant role as a barrier to both consumer behavior and trust. Higher PR leads to
lower levels of trust [59] and weaker purchase intention and actual consumer behavior [60].
Additionally, research on AI-driven e-commerce contexts indicates that perceived risk
negatively affects users’ behavioral intentions, as concerns about privacy and system
performance undermine consumers’ willingness to engage with AI features [1].

H4. PR has a negative effect on consumer behavior (CB) in AI-driven e-commerce transactions.

H5. PR has a negative effect on trust in AI-Driven e-commerce systems.

2.2.4. Social Influence (SI)

SI represents the degree to which individuals perceive that people important to
them, such as family members, friends, or colleagues, influence their decision to adopt
or use a new system [39,61]. Similarly, social factors, image construct, and subjective
norm in TPB, TRA, IDT, and MPCU are all reflective of the notion that an individual
is going to modify their behaviors based on how others think of them [42]. People
are using technology not just because they love it but also to comply with standards.
Empirical studies have shown that social influence at the individual level plays a signif-
icant role in shaping behavioral acceptance [62]. Its influence is stronger in the early
phases of technology acceptance [40,42]. The rationale is to enhance intimacy with
significant others by concordance with their beliefs around certain behaviors [63,64].
The past literature has repeatedly examined SI as a major predictor of technology
acceptance [65,66] and how it can directly impact system usage. In fact, with new
e-commerce platforms, users are more likely to make a purchase when they see their
friends endorsing or sharing positive experiences with products. Consequently, indi-
viduals are often more inclined to adopt a new technology when encouraged by people
they consider important. SI has been found to be significant in behavioral intention
in a number of studies [38,61,67] and positively affects the intention of young and old
consumers to shop online. However, the literature also presents contradictory results.
Specifically, research on mobile wallet acceptance [68] did not find support for the
social-influence–behavioral-intention association.

H6. SI has a positive effect on consumer behavior in AI-driven e-commerce transactions.

H7. SI has a positive effect on trust in AI-driven e-commerce systems.

2.2.5. Trust in AI (TAI)

Trust is the consumer’s confidence in the reliability and competence of a service
provider, which shapes their decisions and behavior when engaging with AI-powered e-
commerce platforms [69]. It depicts a perception of the intentions and behavior that will be
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displayed by an exchange partner, which directly influences favorable purchasing attitudes
and indirectly shapes willingness to buy [70]. In e-commerce, trust in information privacy—
compromised by unauthorized tracking or misuse of personal information—represents
the platform’s commitment to protect users’ personal data [71]. The extended privacy
concern model [35] argues that trust affects the willingness to share personal information,
and willingness fosters behavioral intentions. The role of trust is to enhance the impact of
privacy and service quality on consumer behavior [72,73], while in e-business, empathy
is a factor that could potentially reinforce this effect relationship [74,75]. In AI-enabled
e-commerce, trust is critical for making sure that consumers are in a safe and engaged
state, despite the fact that AI-mediated platforms may moderate the relationship between
people’s trust and their engagement in a negative way [76]. Trust acts both as a motivator
and as a moderator of positive consumer behavior [77]. Empirical evidence supports the
proposition that higher levels of trust in AI-driven systems are linked to more favorable
consumer behaviors.

H8. TAI has a positive effect on consumer behavior (CB) in AI-driven e-commerce transactions.

2.3. Proposed Conceptual Model

Adoption of technology in privacy-sensitive digital environments depends on us-
ability expectations, as well as privacy concerns. We draw on elements of the extended
UTAUT model as well as the extended privacy concern model to elucidate consumers’
adoption of AI-powered e-commerce platforms. The UTAUT model, developed by
Venkatesh [61], has become one of the most used theories to predict the behavior re-
lated to intention to use technology, especially in organizations. An extension of it,
UTAUT2 [38], customized the theory for consumer behavior, applying conditions of indi-
vidual usage. In this research, EE and SI are taken from the Extended UTAUT as primary
determinants, and perceived risk is used as a critical extension to capture the uncertainty
of digital commerce [78]. The dependent construct is consumer behavior (CB) in terms
of the behavioral intention with respect to AI-enabled e-commerce platforms. CB is
operationalized as consumers’ behavioral intention to engage with and use AI-enabled
e-commerce platforms. Consistent with the UTAUT framework, behavioral intention is
treated as a precursor to future usage behavior. For privacy-related dynamics, PC and
trust are included from the Extended Model of Online Privacy Concern [35,79] extension
of IUIPC [80] and APCO [81].

The Extended Model of Online Privacy Concern was selected because it explicitly
incorporates trust as a central mechanism linking privacy-related perceptions to be-
havioral outcomes. The earlier frameworks primarily focus on privacy concerns and
information disclosure; the extended model recognizes that trust plays a critical role in
shaping consumer responses in digital environments. This perspective is particularly
relevant to AI-enabled e-commerce, where consumers interact with autonomous recom-
mendation systems and algorithmic decision-making processes that require reliance on
technology beyond traditional website interactions. By integrating privacy concerns,
perceived risk, and trust with UTAUT constructs illustrated in Figure 1, the present
study provides a more comprehensive theoretical framework for explaining consumer
behavior in AI-mediated commerce.
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Figure 1. Proposed model.

3. Methodology
3.1. Research Setting and Sampling Technique

Customers who actively participate in e-commerce transactions facilitated by artificial
intelligence (AI) features like dynamic pricing, automated service systems, and personal-
ized recommendations were the subject of the study, which was carried out in Bangladesh.
Purposive sampling, a method that is appropriate when the study seeks insights from par-
ticipants with particular experiences, was used to guarantee the relevance of the data [82].
In order to reach a demographically diverse population while adhering to the study’s goals,
the online survey was disseminated digitally through university networks, social media
platforms, and e-commerce user groups. Bangladesh’s rapidly growing digital commerce
industry and growing consumer dependence on AI-enabled platforms make the country’s
research context especially pertinent [83]. Although this approach enabled efficient access
to respondents familiar with AI-driven e-commerce, the use of non-probability sampling
may limit the generalizability of the findings beyond the sampled population.

3.2. Questionnaire Design and Sample Size

A structured equation questionnaire was adopted from earlier studies and is provided
in Appendix A. While PR and PC were taken from the Privacy Concern Model [35,79],
constructs like EE and SI were taken from the UTAUT model [38,73]. Validated items
from the literature on e-commerce adoption were used to operationalize trust in AI and
consumers’ behavioral intention toward AI-enabled e-commerce transactions [84]. Each
item was rated using a five-point Likert scale, where 1 represented “strongly disagree” and
5 represented “strongly agree.” Out of the 320 collected responses, 70 were excluded due
to missing data and inconsistencies, and the final usable sample was 250 for subsequent
statistical analyses. Notably, the sample size exceeds the 10-times rule, confirming its
suitability for PLS-SEM analysis [85].

3.3. Data Analysis

The data analysis was conducted in two phases, with the first using SmartPLS 4.0
for PLS-SEM to assess the measurement and structural models. Cronbach’s alpha and
composite reliability were used to evaluate reliability, and convergent and discriminant
validity tests were used to analyze validity [86,87]. To assess potential common method
bias arising from the use of self-reported, cross-sectional survey data, Harman’s [88]
single-factor test was conducted using Principal Axis Factoring. All measurement items
were loaded into an unrotated exploratory factor analysis to determine whether a single
factor accounted for the majority of the variance. To make sure the structural model was
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robust, model fit indices, coefficient of determination (R2), effect sizes (f2), and predictive
relevance (Q2) were also examined. Hypothesis testing was directed using a bootstrapping
procedure, applying one-tailed significance testing, as all hypotheses were directionally
stated. Next, ten-fold cross-validation and artificial neural network (ANN) analysis were
used in the second stage to improve predictive accuracy and identify possible non-linear
relationships [89]. Artificial neural networks (ANNs) mimic the human brain by learning
from data and allow researchers to evaluate the effects of different antecedents [90]. A
popular strategy for striking a balance between theory-driven causal testing and predictive
modeling is the SEM–ANN hybrid approach [91]. Strong predictive performance and
explanatory power were both made possible by this combination, which is especially
important in research on e-commerce and technology adoption.

Additionally, SPSS (version 23.0) was utilized to analyze demographic data using the
frequency and percentage approaches. An ANN study was carried out using Python 3.12 in
Google Colab, utilizing TensorFlow/Keras for model creation and Scikit-learn for variable
importance estimation, in order to supplement the PLS-SEM analysis and capture potential
non-linear correlations. Two distinct ANN models were created: Model A looked at PR, SI,
and PC as predictors of TAI, whereas Model B looked at PC, PR, SI, EE, and TAI as predictors
of CB. A feedforward multilayer perceptron (MLP) architecture with two hidden layers of
10 and 5 neurons, respectively; ReLU activation functions; a linear output neuron; Adam
optimizer (learning rate = 0.01); and MSE as the loss function were used in both models.
The models were trained over 100 epochs with a batch size of 8. The dataset of 250 valid
responses was randomly partitioned into a training set (90%, n = 225) and a testing set (10%,
n = 25). To account for variability arising from random weight initialization, each neural
network model was estimated through ten independent runs. Predictive performance
was assessed using the Root Mean Square Error (RMSE) for both training and testing
datasets. In line with prior SEM–ANN hybrid studies [89,91,92], variable importance was
computed using permutation-based importance scores. These scores were averaged across
the ten runs and subsequently normalized, with the most influential predictor assigned a
benchmark value of 100% to facilitate comparative interpretation.

3.4. Ethical Approval

Ethical approval for this study was obtained from the Ethical Approval Commit-
tee, Department of Management Information Systems (MIS), University of Dhaka [Ref:
MIS/FBS/DU/2025/05; Date: 1 March 2025]. The research involved anonymous survey
data from adult participants, posed no foreseeable risk, and complied with institutional
ethical guidelines. Informed consent was obtained from all respondents prior to data
collection.

4. Result and Discussion
4.1. Demographic Analysis

Table 1 represents the demographic analysis of the 250 respondents presents a bal-
anced and diverse sample. Gender distribution shows 54% male and 46% female, with
no representation outside the binary. The age profile is dominated by young adults, as
58% fall within 21–30 years and 20% within 31–40 years, while smaller proportions include
those below 20 (15%), 41–50 (4%), and above 50 (2%). Educational attainment indicates a
highly educated group, with 45% undergraduates and 38% graduates, while the remain-
der (17%) have secondary, vocational, or alternative education. Occupationally, 55% are
self-employed, 22% are formally employed, and 23% are unemployed, reflecting both en-
trepreneurial trends and employment challenges in Bangladesh. Income levels are varied,
with 25% earning below 10,000, 32% between 10,000 and 20,000, 30% between 20,000 and
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30,000, and 13% above 30,000. Collectively, the sample represents a youthful, educated,
and economically diverse population, providing an important socio-cultural context for
interpreting the study’s findings.

Table 1. Sampling Profile.

Variables Question Frequency Percentage

Gender
Male 135 54%

Female 115 46%
Other 0 0%

Age

Below 20 38 15%
21–30 145 58%
31–40 50 20%
41–50 10 4%

Above 50 5 2%

Educational level

Secondary 20 8%
Undergraduate 113 45%

Graduate 95 38%
Other (Technical and Vocational, International

Schools, Madrasah) 22 9%

Occupation

Employed 55 22%
Self-Employed (Any self-managed job such as

business, tuition and freelancing) 138 55%

Unemployed 57 23%

Income Level

Less than 10,000 63 25%
10,000 < 20,000 80 32%
20,000 < 30000 75 30%
30,000 < 40,000 32 13%

4.2. Measurement Model

The construct validity of the measurement model was examined using indicator
reliability, internal consistency reliability, and convergent and discriminant validity.

As evidenced in Table 2, all of the items’ outer loadings were above the recommen-
dation threshold value [86] of 0.70, and therefore, indicator reliability was established.
As an example, items of consumer behavior (CB) loaded from 0.742 to 0.835, and effort
expectancy (EE) ranged from 0.734 to 0.832. These findings indicate that each indicator
strongly contributes to its underlying construct. Items CB3, PC2, and TAI3 were eliminated
from the analysis after the indicator reliability assessment because their outer loadings were
below the suggested level of 0.70, which is standard procedure in PLS-SEM to guarantee
indicator reliability [86].

Cronbach’s alpha (CA) estimates were between 0.724 (SI) and 0.820 (EE), above the
minimum of 0.70 [93]. Composite (rho_a and rho_c) reliability CR was also above 0.80 for
all constructs in Table 2, which supports the internal consistency reliability [94].

The convergent validity was supported as the AVE values of all constructs were from
0.545 (SI) to 0.698 (TAI), which are higher than the cutoff point of 0.50 [95]. This suggests
that every construct captures more than 50% of the variance in its observed indicators.

The variance inflation factor (VIF) values fell far below the cutoff of 3.0, between 1.300
and 1.895 (Table 2), verifying that there was no multi-collinearity among the indicators
used to measure those factors [86].
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Table 2. Outer loadings, Cronbach alpha, rho_a, rho_c, AVE, VIF.

Construct Items Outer Loadings CA CR (rho_a) CR (rho_c) AVE VIF

Consumer
Behavior

CB1 0.835
0.729 0.729 0.842 0.641

1.488
CB2 0.821 1.548
CB4 0.742 1.300

Effort
Expectancy

EE1 0.827

0.820 0.820 0.870 0.626

1.635
EE2 0.832 1.869
EE3 0.766 1.526
EE4 0.734 1.561

Privacy
Concern

PC1 0.801

0.782 0.782 0.857 0.599

1.565
PC3 0.763 1.493
PC4 0.737 1.460
PC5 0.794 1.583

Perceived
Risk

PR1 0.824

0.813 0.813 0.874 0.634

1.801
PR2 0.836 1.895
PR3 0.721 1.414
PR4 0.798 1.722

Social
Influence

SI1 0.755

0.724 0.724 0.827 0.545

1.373
SI2 0.721 1.370
SI3 0.741 1.338
SI4 0.736 1.348

Trust in AI
TAI1 0.836

0.785 0.785 0.874 0.698
1.591

TAI2 0.849 1.755
TAI4 0.821 1.593

Common method bias was assessed using Harman’s [88] single-factor test. The results
indicate that a single factor emerged, explaining 39.51% of the total variance, which is below
the recommended threshold of 50%. Since no single factor accounts for the majority of
covariance among the variables, common method bias is not considered a serious concern
in this study.

4.3. Discriminant Validity

Discriminant validity was examined through the HTMT ratio and the Fornell–Larcker
criterion. Although some HTMT values approached the conservative threshold [87,96]
of 0.85, all values reported in Table 3 are below the more lenient cutoff of 0.90 [87,97],
indicating that the constructs are adequately distinct from one another. Likewise, the
Fornell–Larcker criterion was met (Table 4) with diagonal values of the square root of the
AVEs that were higher than their correlations among constructs (off-diagonal values). Here,
the square root of the AVE of consumer behavior (0.801) was higher than their correlations
with EE (0.659), PC (0.573), PR (0.563), SI (0.630), and TAI (0.575). This stability of the pattern
holds for all constructs and confirms that each construct is empirically separable [95].

Table 3. HTMT ratio.

CB EE PC PR SI TAI

CB
EE 0.847
PC 0.763 0.811
PR 0.730 0.877 0.861
SI 0.861 0.866 0.828 0.891

TAI 0.756 0.782 0.740 0.718 0.892
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Table 4. Fornell–Larcker Discriminant Validity.

CB EE PC PR SI TAI

CB 0.801
EE 0.659 0.791
PC 0.573 0.640 0.774
PR 0.563 0.699 0.684 0.796
SI 0.630 0.666 0.624 0.680 0.738

TAI 0.575 0.619 0.578 0.572 0.675 0.836

Fit of the model was examined by SRMR, d_ULS, d_G, Chi-square, and NFI (refer
to Table 5). SRMR values for the saturated (0.067) and estimated (0.068) models were
both below the 0.08 cutoff [98], showing a good fit. Both d_ULS (1.122; 1.169) and d_G
(0.480; 0.487) were in line with the recommendations of Henseler [87], indicating no strong
misspecification issues. Although both NFI (0.750; 0.749) values were lower than the
commonly adopted cutoff of 0.90 used in CB_SEM, in PLS-SEM contexts, they only need
to exceed 0.70 [86]. Therefore, these results provide approximate diagnostic support for
the model.

Table 5. Model fit result.

Saturated Model Estimated Model

SRMR 0.067 0.068
d_ULS 1.122 1.169

d_G 0.480 0.487
Chi-square 670.709 674.725

NFI 0.750 0.749

4.4. Structural Model Result

The R2 values (Table 6) were 0.521 for CB and 0.501 for TAI, above the threshold
of 0.50, which denotes moderate explanatory power [86]. These findings imply that the
model accounts for a moderate proportion of variance in CB and TAI. The structural model
obtained from the PLS analysis is depicted in Figure 2.

Table 6. R2 value.

Variables R2 Adjusted R2 Remarks Benchmarks [85]

CB 0.521 0.512 Moderate 0.25 = Weak, 0.50 = Moderate, 0.75 = Substantial
TAI 0.501 0.495 Moderate 0.25 = Weak, 0.50 = Moderate, 0.75 = Substantial

As Table 7 illustrates, the Q2 values were 0.312 for CB and 0.276 for TAI. Both values are
greater than zero, which means there was satisfactory predictive relevance of the model [86].
These values are reported as evidence of medium predictive validity of the model [86].

Table 7. Predictive Relevance (Q2) Results.

Endogenous Construct Q2 Interpretation

Consumer Behavior (CB) 0.312 Medium Predictive Relevance
Trust in AI Systems (TAI) 0.276 Medium Predictive Relevance
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Figure 2. Structural Model.

The summary of the structural model is presented in Table 8, where we report path
coefficients up to significance levels and f2 effect sizes. The table results have been obtained
using one-tailed tests in SmartPLS, as the hypotheses were directional. The direct impact of
EE on CB was significant (β = 0.333, p = 0.001, f2 = 0.093), in agreement with H1. It is also
found that PC was positively correlated with CB (PC → CB: β = 0.137, p = 0.047, f2 = 0.018)
and TAI (PC → TAI: β = 0.212, p = 0.003, f2 = 0.043), suggesting the rejection of H2 and H3,
respectively. Reduced perceived risk had no significant direct effect on either consumer
behavior (PR → CB: β = 0.005, p = 0.480, f2 = 0.000) or trust (PR → TAI: β = 0.109, p = 0.094,
f2 = 0.010), which led to H4 and H5 being rejected. Social influence was identified as a major
factor, which significantly influenced both customer behavior (SI → CB: β = 0.231, p = 0.006,
f2 = 0.043) and trust (SI → TAI: β = 0.469, p = 0.000, f2 =0.216), providing evidence for H6
and H7. Trust itself also positively influenced consumer behavior (TAI → CB: β = 0.131,
p = 0.040) and this contribution was significant, so H3 is supported.

Table 8. Path Coefficient.

H Path β M STD t
Statistics p Values f2 Decision

H1 EE → CB 0.333 0.343 0.106 3.135 0.001 0.093 Accepted

H2 PC → CB 0.137 0.123 0.082 1.676 0.047 0.018 Rejected (significant positive
effect contrary to hypothesis)

H3 PC → TAI 0.212 0.217 0.077 2.763 0.003 0.043 Rejected (significant positive
effect contrary to hypothesis)

H4 PR → CB 0.005 0.019 0.091 0.051 0.480 0.000 Rejected
H5 PR → TAI 0.109 0.108 0.082 1.317 0.094 0.010 Rejected
H6 SI → CB 0.231 0.217 0.091 2.536 0.006 0.043 Accepted
H7 SI → TAI 0.469 0.460 0.074 6.322 0.000 0.216 Accepted
H8 TAI → CB 0.131 0.132 0.075 1.755 0.040 0.017 Accepted

Note: “→” indicates the hypothesized directional relationship between constructs.
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Table 9 shows the mediation effects of trust on AI-based e-commerce (TAI). The
relationship between PC and consumer behavior was not mediated, as the indirect
effect through TAI was not significant (β = 0.028, p = 0.087), although the direct effect
remained statistically significant (β = 0.137, p = 0.047). On the other hand, perceived
risk was not mediated, as noted by both direct (β = 0.005, p > 0.05) and indirect paths
(β = 0.014, p > 0.05). For social influence, partial mediation was supported: the direct
impact (β = 0.231, p = 0.006) and indirect influence through TAI (β = 0.062, p = 0.041)
were also significant; the total effect β value was equal to 0.293. This study presents an
interesting insight: trust mediates the effect of social influence on AI-driven consumer
behavior, whereas it does not mediate privacy or risk perceptions or their impact on
consumer outcomes.

Table 9. Indirect effect (mediation results).

Path
Direct Effect Specific Indirect Effect

Total Effect Decision
Mediation

Typeβ t-Value p-Value β t-Value p-Value

PC → TAI → CB 0.137 1.676 0.047 0.028 1.359 0.087 0.137 + 0.028
=0.165 Rejected No Effect

PR → TAI → CB 0.005 0.051 0.480 0.014 0.997 0.159 0.005 + 0.014
=0.019 Rejected No Effect

SI → TAI → CB 0.231 2.536 0.006 0.062 1.736 0.041 0.231 + 0.062
=0.293 Accepted Partial

Note: “→” indicates the directional relationship between constructs in the mediation model.

4.5. Performance Evaluation Using RMSE

Table 10 shows the ANN outputs of both models offer key findings on the factors
affecting TAI and CB in AI-based e-commerce. SI was the most important determinant
of trust (100%) in Model A, followed by PC (56.85%) and PR (22.41%). These findings
suggest that consumer trust in AI systems is predominantly influenced by social percep-
tions and the cues given by society, particularly about privacy and risk. On the other
hand, Model B indicates that user behavior is strongly influenced by SI (100%), TAI in
AI systems (70.09%), EE (57.79%), and to a moderate degree PC, as this last dimension
reached only 24.83%, while perceived risk = 7.01% (negligible). From the predictive
point of view, both models perform well with low training and test RMSE (Model A:
0.492 vs. 0.491; Model B: 0.434 vs. 0.548). It was found that the very close proximity
of training and testing RMSE values in Model A signifies high generalizability with
minimal overfitting, whereas Model B shows a noticeable difference between these
values, indicating comparatively lower generalizability with some degree of overfitting.
Nevertheless, both models demonstrate acceptable predictive performance, supporting
the recommendation for reporting predictive validity in advanced modeling [99]. Al-
though both models confirm that SI is dominant, they also show a significant difference
in privacy and risk perceptions.
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Table 10. RMSE Values.

Model A (PR, SI, PC → TAI) Model B (PR, SI, PC, TAI → CB)
SI PC PR SI TAI EE PC PR

NN (1) 0.195 0.071 0.011 0.060 0.008 0.165 0.147 0.028
NN (2) 0.063 0.525 0.040 0.194 0.164 0.036 0.012 0.009
NN (3) 1.052 0.041 0.013 0.028 0.339 0.008 0.007 0.045
NN (4) 0.001 0.439 0.048 0.050 0.013 0.050 0.023 0.015
NN (5) 0.020 0.344 0.009 0.111 0.000 0.020 0.103 0.030
NN (6) 0.331 0.038 0.359 0.243 0.069 0.183 0.007 0.011
NN (7) 0.608 0.067 0.185 0.052 0.154 0.131 0.044 0.076
NN (8) 0.808 0.000 0.003 0.038 0.006 0.040 0.066 0.104
NN (9) 0.199 0.143 0.260 0.222 0.011 0.115 0.042 0.004

NN (10) 0.156 0.395 0.039 0.145 0.075 0.008 0.006 0.034
Average importance 0.339 0.193 0.076 0.114 0.080 0.066 0.028 0.008

Normalized importance (%) 100 56.85 22.41 100 70.09 57.79 24.83 7.01
Training RMSE Testing RMSE

Model A Model B Model A Model B
Mean 0.492 0.434 0.491 0.548

Std Dev 0.067 0.047 0.070 0.064
Note: “→” indicates the direction from input variables to the output variable in the ANN model.

4.6. Results of Sensitivity Analysis

The sensitivity analysis of both approaches demonstrates the stability and prediction
accuracy of the ANN model; the results of sensitivity analysis are presented in Table 11.
For Model A, low training (RMSE = 0.491) and testing RMSE = 0.421 reflect an accurate
model with relatively small prediction errors on average. The small testing RMSE and
low standard deviations (training SD = 0.068, testing SD = 0.068) indicate that the model
generalizes well to new data and does not overfit. This means that the predictors (PR,
SI, and PC) are effective in profiling trust variance in AI-driven e-commerce. Also,
Model B’s results presented slightly higher, although still acceptable, error rates (average
training and testing RMSE = 0.454 and 0.554). The relatively close training and testing
RMSE with moderate standard deviations (training SD = 0.057, testing SD = 0.070)
indicate stability as well as a reasonable degree of generalizability. Even for models
that included extra predictors (EE and TAI), ANNs still provided consistent prediction
power across different runs, which again demonstrated solid reliability. In general,
both models support strong predictive validity, with Model A performing better in
terms of lower testing RMSE, and Model B studying a broader scope by including more
behavioral variables.
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Table 11. Sensitivity Analysis.

Training Testing Total
SamplesModel A Model B Model A Model B

N SSE RMSE SSE RMSE N SSE RMSE SSE RMSE

0 225 45.964 0.452 51.518 0.479 225 4.438 0.421 9.807 0.626 250
1 225 47.087 0.457 37.673 0.409 225 5.384 0.464 6.146 0.496 250
2 225 58.374 0.509 76.446 0.583 225 4.520 0.425 11.508 0.678 250
3 225 46.235 0.453 54.643 0.493 225 4.655 0.432 6.799 0.522 250
4 225 102.065 0.674 52.614 0.484 225 8.218 0.573 10.101 0.636 250
5 225 46.805 0.456 42.187 0.433 225 4.622 0.430 6.351 0.504 250
6 225 53.883 0.489 37.530 0.408 225 7.598 0.551 6.207 0.498 250
7 225 47.791 0.461 34.855 0.394 225 7.525 0.549 6.346 0.504 250
8 225 57.058 0.504 43.823 0.441 225 8.856 0.595 8.473 0.582 250
9 225 46.499 0.455 38.301 0.413 225 5.606 0.474 6.192 0.498 250

Mean 225 55.176 0.491 46.959 0.454 225 4.438 0.421 7.793 0.554 250
Std 0 17.140 0.068 12.519 0.057 0 1.720 0.068 2.017 0.070 0

5. Discussion
The results of this study offer critical implications to understand the factors influencing

customers on TAI and how it affects CB, using SEM and ANN modeling approaches. We
interpret and discuss the findings from a risk–benefit perspective, where factors such
as perceived risk (PR) and privacy concern (PC) correspond to the risks of AI adoption,
whereas social influence (SI), effort expectancy (EE), and trust in AI constitute its benefits.
SEM results revealed that SI had the greatest positive impact on CB and TAI (H6, H7
supported), whereas PR was not significant with respect to CB and TAI (H4 and H5
rejected). Contrary to earlier studies that identify perceived risk as a key inhibitor of online
adoption [100], our findings indicate that perceived risk did not significantly influence
trust in AI or consumer behavior within the context of AI-enabled e-commerce adoption
in Bangladesh. Existing studies suggest that PR minimizes trust, which influences BI and
thereby establishes an indirect pathway between PR and consumer outcomes.

Research in cross-border e-commerce demonstrates that PR negatively affects trust,
which subsequently drives purchase intention [31], while other studies show that trust
mediates the relationship between PR and behavioral intention [101], indicating that the
impact of risk is often transmitted indirectly rather than exerted directly. However, the
study also highlights that the influence of PR is neither stable nor universally significant, as
its effect varies across contexts and user characteristics [102]. Furthermore, meta-analytical
findings confirm that trust can attenuate or even override perceived risk, emerging as the
dominant predictor of consumer behavior in digital settings [103]. This study found that
perceived risk had no significant effect on either trust in AI or consumer behavior. Again,
the indirect effect through trust was also not statistically significant among the sampled
users of AI-enabled e-commerce platforms.

Strong trust mechanisms and positive social influence reduce users’ attention to
potential risks. This result is in contradiction with the former stream of research, which
emphasizes risk as a great obstacle for online transactions, but is consistent with some more
recent research suggesting that trust and system dependability together diminish the role
of risk in digital systems [84,104].

The analysis revealed that PC exerted a significant positive effect on both CB and TAI,
contrary to the hypothesized negative relationships; therefore, H2 and H3 were rejected.
This unexpected finding may be explained through the privacy paradox, where consumers
continue engaging with AI-enabled e-commerce platforms despite acknowledging privacy
concerns because the perceived benefits of convenience, personalization, and social influ-

https://doi.org/10.3390/jtaer21070228

https://doi.org/10.3390/jtaer21070228


J. Theor. Appl. Electron. Commer. Res. 2026, 21, 228 16 of 25

ence outweigh perceived privacy-related costs [105]. The combined non-significant impact
of PR and PC supports that risk-related constructs are less important in influencing TAI
and CB in AI commerce environments.

EE had a strong positive effect on CB (H1 supported). EE emerged as an important
antecedent of CB, emphasizing that consumer involvement is highly interrelated with
perceptions of ease and effortlessness in using AI-based platforms. TAI also had a significant
direct effect on CB (H8 supported). TAI partially mediated the relationship between social
influence and consumer behavioral intention, suggesting that trust formation plays an
important role in translating social influence into adoption intentions toward AI-enabled
e-commerce platforms, which suggested that consumers’ transactional behavior in AI
was contingent on the formation of trust in line with previous studies on trust [106] in
e-commerce [58,84]. These results suggest that the benefit side outweighs the risk side for
forming digital commerce intention. Comparable to disadvantage-driven constructs were
the substantial effects for benefit categories.

Results of the mediation analysis show that SI partially mediated the relationship
with CB through TAI; PR did not exhibit either a significant direct effect or a significant
indirect effect through trust in AI within the present study. These results are consistent
with previous research, which reveals that trust and social influence have more critical
roles in e-commerce adoption, where the direct impact of risk perceptions is seemingly
attenuated [53,86].

The findings were further validated by the ANN analysis, which continuously placed
SI as the greatest predictor in trust and consumer behavior models. These findings lead
to the existing work demonstrating the importance of SI in building trust over digital
media [107]. SI remained the strongest predictor of TAI and CB in both SEM and ANN,
implying that SI plays a crucial role in technology adoption, as suggested by UTAUT [38].
However, ANN showed that the second and third most powerful predictors of CB were
EE and TAI, whereas PR had almost zero influence in prediction, consistent with the SEM
outcomes. This is consistent with prior results indicating that, in the context of online
shopping, trust and perceived usability are stronger than PR factors in influencing purchase
intention [108].

While SI remained dominant across both SEM and ANN models, the ANN results
provided additional insight by revealing the relative importance and non-linear interactions
among predictors, where EE and TAI emerged as the second and third strongest determi-
nants of consumer behavior. Notably, PR demonstrated negligible predictive power in the
ANN model, corroborating the SEM findings that PR was not a significant predictor of
trust in AI on consumer behavior within the investigated sample. This aligns with prior ev-
idence suggesting that trust and perceived usability outweigh risk considerations in online
purchasing decisions [109,110]. The ANN results extend beyond validation by illustrating
that benefit-driven factors (SI, EE, and TAI) exert stronger non-linear and combined effects
on consumer behavior, whereas risk-related factors fail to contribute meaningfully even
in complex predictive settings. This provides additional support for the proposed shift
toward a trust-dominant and benefit-oriented decision framework, where perceived risk is
not only statistically insignificant but also practically irrelevant in influencing outcomes. By
integrating SEM and ANN, this study demonstrates that while SEM confirms theoretically
grounded relationships, ANN uncovers deeper predictive patterns and relative variable
importance, thereby offering a more inclusive understanding of consumer choice and
decision-making. Collectively, these findings suggest that consumers in the present sample
placed greater emphasis on social influence, effort expectancy, and trust in AI than on
perceived risk when engaging with AI-enabled e-commerce platforms. The results indicate
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an asymmetric cost–benefit evaluation in which perceived benefits were more influential
than perceived risks within the investigated context.

6. Conclusions
This paper used the UTAUT constructs and Privacy Calculus model to investigate

trust and consumer behavior in AI-supported e-commerce, using two methods: SEM and
ANN. The findings reveal a risk–benefit exchange, in which benefit-accepting factors—
social influence, effort expectancy, and trust in AI—contribute significantly to consumer
behavioral intention toward AI-enabled e-commerce platforms, but perceived privacy and
risk have an insignificant impact. Privacy concerns demonstrated a statistically significant
positive effect on both consumer behavior and trust in AI, contrary to the hypothesized
relationships, indicating the presence of a privacy paradox in the studied context. Lever-
aging theory-driven causal testing (SEM) with predictive modeling (ANN), the paper
makes methodological and practical contributions to information systems research for
managers. From the findings, it is clear that companies should focus on social proof, effort
expectancy, and trust mechanisms rather than overemphasizing privacy and risk reduc-
tion. Theoretical implications of our study include expanding the literature on privacy
calculus to AI-powered platforms and reinforcing that the role of social context is crucial
in digital acceptance. The findings of this study provide several important implications
for managers and practitioners in the AI-driven e-commerce domain. The results suggest
that organizations should focus on strengthening social influence, improving platform
usability, and building trust in AI systems. Strategies such as customer reviews, influencer
endorsements, transparent AI practices, and personalized user experiences can enhance con-
sumer adoption and engagement. While privacy protection remains important, managers
should prioritize delivering clear value and trustworthy AI-enabled services to achieve
sustained competitive advantage. By integrating these practices into their digital strategies,
e-commerce organizations can improve customer satisfaction, foster loyalty, and achieve
sustainable competitive advantages in an increasingly technology-driven marketplace.
Collectively, this study shows that social influence, effort expectancy, and trust in AI were
more influential predictors of consumer behavior than perceived risk among Bangladeshi
users of AI-enabled e-commerce platforms. These findings contribute to understanding
technology adoption in AI-supported digital commerce environments.

7. Implication
7.1. Theoretical Implication

This study offers several important theoretical contributions to the understanding of
AI-enabled e-commerce adoption and consumer trust.

First, the findings extend the UTAUT by demonstrating that social influence remains a
dominant determinant of consumer behavior and trust even in AI-enabled environments
where algorithmic systems actively participate in decision-making. AI-enabled e-commerce
platforms employ autonomous recommendation systems and intelligent decision-support
mechanisms that influence consumer choices. The present findings suggest that social
validation continues to play a central role in AI-driven commerce, thereby extending the
applicability of UTAUT.

Second, the study contributes to privacy calculus theory by challenging the assump-
tion that perceived risk consistently acts as a primary barrier to technology adoption.
While privacy calculus proposes that consumers evaluate technologies through a trade-
off between expected benefits and perceived risks, the results indicate that risk-related
considerations may become less influential when consumers perceive substantial benefits
from AI-enabled services. These findings contribute to ongoing discussions regarding the
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contextual boundaries of privacy calculus theory and suggest that its explanatory power
may vary across different technological settings.

Third, the results advance the literature on trust in AI by demonstrating that trust
functions as more than a simple mediating construct. Trust in AI not only directly influences
consumer behavior but also serves as a mechanism through which social influence translates
into behavioral outcomes. This finding highlights the central role of trust in shaping
consumer responses to algorithmic systems and supports the argument that trust in AI
should be conceptualized as a distinct form of technology trust. As consumers increasingly
rely on AI-driven recommendations and automated decision-making processes whose
internal logic may not be fully observable, trust becomes a critical explanatory mechanism
for understanding technology adoption and usage behavior.

Fourth, the findings provide additional insights into the privacy paradox literature.
Although consumers reported privacy concerns, these concerns exhibited positive rela-
tionships with both trust in AI and consumer behavior. This suggests that consumers
may continue to engage with AI-enabled platforms despite recognizing potential privacy
issues when they perceive substantial benefits such as convenience, personalization, and
improved service quality.

Finally, this study contributes methodologically by demonstrating the value of in-
tegrating structural equation modeling (SEM) and artificial neural networks (ANN) in
technology adoption research. While SEM confirmed the theoretical relationships and
mediation effects proposed by the research model, ANN provided additional insights into
non-linear predictive patterns and the relative importance of predictors.

7.2. Practical Implication

The results offer several practical insights for companies using AI in e-commerce.
First, social influence has the strongest impact on consumer behavior. This means

companies can increase trust and engagement by using social proof strategies such as
peer reviews, testimonials, and influencer endorsements. Marketing campaigns that show
community acceptance can significantly boost adoption. Second, effort expectancy is an
important driver of consumer behavior. Platforms should focus on usability, intuitive
design, and smooth AI interactions. Features like automation, personalized recommen-
dations, and clear navigation make it easier for users to interact with the system and
increase customer retention. Third, trust in AI partially mediates the relationship between
social influence and consumer behavioral intention. Developers and policymakers should
prioritize building trust by explaining how AI makes decisions, providing transparent
data usage policies, and offering strong customer support. Rather than focusing only on
reducing perceived risk, companies should show that their systems are reliable, fair, and
accountable, giving consumers confidence in their decisions. Finally, the weak influence of
perceived risk suggests that consumer hesitation is less about fear of risk and more about
trust and perceived benefits. While compliance frameworks, certifications, and privacy
labels help establish credibility, the main value comes from providing a smooth, useful,
and enjoyable experience for customers.

8. Limitations and Future Research
This study has limitations while contributing to the field. The present study also

suffered from the use of self-reported survey-based data, which could potentially suffer
from social desirability effects. As the purposive sampling and online distribution methods
were used, the sample may overrepresent digitally active and younger consumers.

For future researchers, experimental or longitudinal designs could be used to gain a
better understanding of the time-varying nature of consumer trust and behavior. Second,
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the research was based on one nation only, which raises concerns of generalizability. There
may be cultural and institutional variations in how consumers perceive trust, risk, and
technology adoption. Our results need to be cross-validated across countries and multiple
contexts to determine their cross-cultural generalizability. Third, although SEM and ANN
analyses yielded explanatory and predictive findings, other advanced analytical techniques
like fuzzy-set qualitative comparative analysis or Bayesian networks might be useful to
identify alternative causal paths and configurational patterns. Finally, the analyses were
restricted to a few constructs (EE, SI, PC, PR, TAI, and CB). Further, it may be possible
to extend the model by including trust-building factors (e.g., algorithmic transparency,
fairness perceptions) or psychological factors (e.g., emotions, digital literacy) to develop a
more comprehensive view of how consumers interact with AI-based commerce.
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Appendix A

Construct Measured Items Citation

Effort Expectancy

E-commerce is clear and understandable.
E-commerce helps me become skillful in using the system.
E-commerce is user-friendly.
Learning to operate e-commerce is easy for me.

[38,61,111]

Privacy Concern

I am concerned about my online privacy.
I am concerned about extensive collection of my personal information
over the internet.
I am concerned that the information I submit on the internet could be
misused.
I am concerned about submitting information on the internet because
it could be used in a way I did not foresee.
I am concerned that my private information can show up on the
internet.

[36,112,113]

Perceived Risk

Sharing my personal information online could lead to misuse.
Websites may share my personal information without my consent.
Providing personal information to websites poses privacy risks.
There is a high chance of losing privacy when sharing personal
information online.
Websites could use my personal information inappropriately.

[36,114]

Social Influence

People who influence my behavior think that I should use e-commerce
People who are important to me think that I should use e commerce
People whose opinions that I value prefer that I should use
e-commerce
The environment around me favors the use of e-commerce.

[38,61,112]

Trust in AI

I believe AI technologies are trustworthy in how they handle
personal information.
I trust that AI-driven e-commerce systems always have customers’ best
interests in mind.
I have confidence that AI technologies will function as promised in
e-commerce systems.
I trust AI recommendation systems to be transparent in how they use
my personal data.

[20,75]

Consumer Behavior

I intend to continue using AI-driven e-commerce platforms in the
future.
I intend to shop on AI-powered e-commerce websites whenever
possible.
I am likely to make purchases on AI-driven e-commerce platforms.
I would frequently use AI-driven e-commerce platforms for my
shopping needs.

[20,50,73]
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