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ABSTRACT

Purpose: The use of E-commerce and Artificial Intelligence (Al) has transformed
online shopping habits among individuals, specifically in Small and Medium
Enterprises (SMEs) in developing economies. The influence of perceived quality of
product information, price sensitivity, and social influence on online purchase
decisions is investigated in this paper together with the moderating role played by Al

decision support.

Design/methodology/approach: PLS-SEM of SmartPLS techniques were used to

examine an online survey of 326 Bangladeshi native respondents.

Findings: Findings reveal positive effects in online purchasing decisions from social
influence and perceived information quality, while a negative effect is found from price
sensitivity. Further, Al-enabled decisions enhance product information quality, social
influence, and reduce price salience. The model is highly explanatory and predictive,

this serves as an indication of the robustness of our framework.

Originality: The study can also contribute to literature by incorporating Al as an
important factor in determining online consumer behavior and the possibility of using

Al technology to improve the performances of SMEs operating in online shopping.

Keywords: Artificial Intelligence, Online Purchase Decision, Smalf and Medium-sized
Enterprises, E-commerce, Social Influence, Consumer Behavior, Personalized
Recommendations, Chatbots, Smart Filters, Consumer Perceptions, Digital Marketing

Strategies, Al Tools in E-commerce, Consumer Confidence
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CHAPTER 1: INTRODUCTION

1.1 Background of the Study

The high rate of development of digital technologies and the popularization of the
internet have changed the approach to the functioning of business and contact with
the consumers significantly. Among the latest significant advances that have been
experienced over the last few years is the growth of electronic commerce (e-
commerce) where by consumers can search products, compare options and buy
goods online. With the ongoing development of digital marketplaces, companies are
adopting sophisticated technologies that can optimize and maximize customer
experiences and processes in their decision making. Adificial Intelligence (Al) is
among the technologies that have become one of the most influential determinants of

the future of online trade.

Artificial Intelligence can be described as computer systems and algorithms that can
handle tasks traditionally handled by human brains such as learning by data,
discovering patterns and making forecasts. When it comes to e-commerce, Al
technology is utilized most of the time and appears in the form of a recommendation
system, chatbot, personalized advertising, predictive analytics, and smart search
engine. These Al-powered applications extract consumer data (thousands of
consumers), such as browsing history, purchases, preferences, and demographic
data, and produce personalized recommendations and help consumers make their

purchasing decisions more efficiently.

Purchase decision making online is a complicated process and it comprises several
steps, which include the search of information, examination of alternatives, and the
final identification of purchase. Online buyers are also highly dependent on virtual
data, which includes product descriptions, customer reviews, product images, and
ratings as opposed to the physical appearance that can be seen physically by
consumers in a traditional store setting. This tends to bring confusion and
overabundance of information to the consumers. The use of the Al system as the
decision support systems (DSS) is useful in solving these challenges by arranging vast
pools of product information, narrowing down on the best alternatives, and providing

custom suggestions that can guide the decision-making process with ease.
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Consequently, Al technologies can be tremendously used to impact consumer

perceptions, trust, and buying pattern online marketplaces.

In the case of Small and Medium-Sized Enterprises (SMEs), the integration of Al-
based technologies has gained even greater significance and should now be used to
keep up with the ever-evolving digital economy. SMEs are usually constrained by
financial resources, technology infrastructure, and marketing aspects among other
factors, as opposed to the bigger corporations. Nonetheless, the derivative limitations
can be addressed by the introduction of Al-based decision support systems to allow
SMEs to automate their interactions with customers, enhance the process of product
recommendations, and provide individuals with personalized shopping experiences.
With the help of Al technologies, SMEs may access customer engagement,

operational efficiency, and conversion rates in online platforms.

In the developing economy of Bangladesh, the digitalization of business operations
has become even more widespread in recent years with the rise in internet
penetration, smartphone usage, and the development of the online marketplaces. The
digital platforms are also being used by a nhumber of SMEs in Bangladesh to market
their products and services. The zeal of these platforms however highly relies on the
ability of businesses to comprehend the behavior of consumers and provide the
information that is relevant in making the purchases. In past research, a number of
key concerns have been discovered to have significant impact on online purchase
decisions, these include perceived information quality of the product, price sensitivity

and social influence.

Perceived Product Information Quality is defined as how much consumers think that
the information that is presented about a product is correct and is relevant and
adequate to make an assessment regarding the product. Good information lowers the
level of uncertainty and assists the consumers in making sure purchase decisions.
Price Sensitivity measures how much consumers are responsive to the price
difference whenthey are choosing products, particularly in markets of high competition
where products can be compared in terms of prices easily online. Social Influence,
conversely, is defined as the chance of influence of the opinions, suggestions, and
experiences provided by other consumers, family, and Internet communities on the

purchase decisions of other consumers.

~D o~



Artificial Intelligence may be significant in enhancing or altering the influence of these
variables on the decisions to buy online. Systems that are supported by Al can
enhance products information presentation and customization, promote popular
socially conscious products, and aid in helping consumers to analyze the value beyond
the comparison of the price. Intelligent assistance and personalized recommendations
will help Al technologies to promote consumer confidence and make it easier to make

a decision.

With the rising significance of the Al in internet commerce and the rising role of the
SMEs in the online banking sector, it is necessary to comprehend how decision
support systems based on Al affect consumer purchasing behavior. This paper is thus
aimed at investigating the capability and impact of the Arificial Intelligence-based
decision support systems on online purchase decision making among the consumers
in a small and medium-sized enterprise (SMEs). The study is aimed at examining the
effect of perceived product information quality, price sensitivity, and social influence
on the online purchase decisions and the moderation of the relationships between
them through the use of the Al-based decision support systems in the framework of

online shopping.

1.2 Statement of the Problem

Due to the fast-growing nature of e-commerce, consumers are changing their
information search method and the manner in which consumers make purchasing
decisions has been changed dramatically. There is a tremendous access to product
information, reviews, and choices by the consumer due to the increasing presence of
online platforms. Though such profusion of information offers consumers a greater
choice, it may also lead to information overburden, and the consumer may fail to
effectively compare goods and be able to make an assured choice on the things to

purchase.

Small and Medium-Sized Enterprises (SMEs) are starting to embrace the digital
platform in order to reach broader customer segments, compete in the online market.
Nonetheless, SMEs have been struggling with their ability to communicate product
information successfully, comprehending what customers want, and offering them

personalized experiences that can be equally familiar to a large-scale organization.



Consequently, most SMEs are unable to control their effect on purchase behavior in

consumers and establish long-term trust in customers in online spaces.

Decision support systems bolstered by artificial intelligence (Al) have since become
potent tools, which could help businesses and consumers resolve these problems.
These systems deploy sophisticated algorithms and data mining to make
recommendations on products that get tailored to the consumer, study consumer
behavior and provide a variety of information that helps the consumer to make a
decision. Although there are increasing application of Al technologies in e-commerce,
very little is known on their impacts on consumer buying behavior, especially in the
case of SMEs.

Moreover, interest in quality of perceived product information, price, and social
influence are also important influences on the formation of online buying decisions.
Nevertheless, it is still unclear how much Al-offered decision support systems reinforce
or alter the links among these factors and consumer buy behavior, particularly in
poorer and transitional economies such as Bangladesh where digital transformation is

yet to take off.

Consequently, the most significant issue that the given research will resolve is the
absence of thorough research into the impact that Al-based decision support systems
produce on the online purchase decisions made by consumers in SMEs. The
proposed study would explore the connections between the perceptions of the quality
of product information, price sensitivity, social influence, and online purchases, and
determine the way in which the moderator Al-driven decision support systems

contribute to the digital commerce setting.

1.3 Objectives of the Study

The main aim of the study is to examine the presence and impact of Arificial
Intelligence (Al)-driven decision support systems in terms of consumer online
purchasing decisions in Small and Medium-Sized Enterprises (SMEs) that conduct
their business in the digital commerce setting. As the levels of the integration of Al
technologies in the e-commerce platforms increase, the business can offer
personalized recommendations, improve the provision of information related to the

products and optimize consumer experiences. This paper aims to find out how such
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Al-based systems can be used to help in developing consumer behavior in the course

of buying products online.

More so, the research will seek to examine how some of the significant factors that
influence the consumer behavior of pursuing purchasing behavior over the internet
incorporate Perceived Product Information Quality (PIQ), Price Sensitivity (PS), and
the Social Influence (Sl). These considerations are very important in influencing the
way consumers judge the products, make a comparison with alternatives and finally
decide to make a purchase. A combination of these variables by the research gives a

holistic view of how online consumers are determined.

Moreover, the paper aims not only to examine the mediating propensity of Al-based
decision support system to reinforce or change the associations among these
significant variables and consumer online beverage purchases. The research
purpose, through this analysis, is to determine how Al technologies can assist SMEs
to address their marketing processes, better customer interactions, and how to

conduct digital commerce processes in a more efficient way.

In order to accomplish such purposes, the research is informed by the following

specific objectives:

General Objective

To scrutinize the net effect of Al-based decision support systems on consumer online

purchase action in SMEs in digital e-commerce.
Specific Objectives

e To test the influence of the so-called Perceived Product Information Quality
(P1Q) on the online purchases made by consumers. The aim here is to find out
how consumer confidence and their buying behavior in online settings respond
to information on products that is accurate and relatable as well as
comprehensive.

e To examine the impact of Price Sensitivity (PS) on cyber purchase decision
making by consumers. This aims at examining the responsiveness of
consumers to price variance and the effect of this on product choices made by

consumers in the online shopping process.



¢ To determine the effect of Social Influence (Sl) on consumer online behavior of
buying. It involves testing the responses of recommendations, reviews, peer
and relatives’ opinions and their relationship with online community interactions
on the purchase intentions of consumers.

¢ To examine the moderating role of Al-based decision support systems in the
relationship between perceived quality of information about product and online
purchase decision. The purpose of this goal is to identify whether the Al
technologies can increase the efficacy of product information in helping
consumers to make decisions.

¢ To analyze the findings of how Al-based decision support systems mediate the
connection involving market sensitivity and on-line acquisitions and in the
adhesive manner of aiding customers to assess worth and propagate more
profound comparisons amid products.

¢ |n an effort to evaluate the moderating impact of social opinion on the choice to
buy online via Al based-sustained decision support systems, it is necessary to
consider how Al based-suggestion systems and algorithms may enhance or

alter the relevance of social opinions to consumer behavior.

By accomplishing these goals, the study will help to advance research on the purpose
of Al technologies in contemporary e-commerce contexts and, therefore, offer a
practical perspective on the topic to SMEs that attempt to implement Al-driven

solutions to become more competitive and customer-focused in the virtual market.
1.4 Scope and Limitation of the Study.

Scope of the Study

This paper aims at investigating the role and impact of the Artificial Intelligence (Al)
decision support systems upon the consumer online purchase decision-making in the
Small and Medium-Sized Enterprises (SMEs) in the evolving e-commerce landscape
moving at a high speed. As digital technologies grow, a lot of SMEs are starting to
employ Al-based tools including recommendation systems, chatbots, predictive
analytics, and intelligent search to enhance customer experiences and assist
consumer decision-making. The study will determine how these artificial intelligence
technologies affect consumers to judge the information and decide to purchase

products in online stores.



The paper mainly focuses on exploring the connection between Perceived Product
Information Quality (PIQ), Price Sensitivity (PS), Social Influence (SI) and Online
Purchase Decision (OPD). Such variables are also significant behavioral and
informational aspects which influence consumer decision making in online shopping
significantly. Perceived product information quality is based on the way consumers
assess correctness, relevance, and usefulness of product-related information they can
get on internet websites. Price sensitivity is an indicator of the extent to which
consumers respond to price variations during distribution of products. Social influence
is an element of consumer purchasing behavior that is influenced by suggestive
impact, reviews, opinion of social companions, loved ones, and electronic

communities.

Besides testing the direct associations of these variables and their influence on the
online buying decisions, the second part of the research evaluates the mediating effect
of Al-assisted decision support systems. The Al technologies can be used to improve
efficiency of the product information and provide the product recommendations, as
well as make the complicated decision making easier. So, the study explores the idea
of whether Al-based systems reinforce or alter the effect of product information quality,

price sensitivity, and social influence on purchasing behavior among consumers.

The empirical data that was used in this study was collected via a structured
guestionnaire survey which was given to those consumers who already have an
experience of purchasing products via online platforms. The respondents are the
representatives of the people that come into contact with digital marketplaces where
SMEs deal and offer their merchandise regularly. They were analyzed with the aid of
the Structural Equation Modeling system (Partial Least Squares) (PLS-SEM) via the
SmartPLS software and enable the researcher to investigate complicated

interdependencies between two or more variables at the same time.

Geographically, the research itself takes place in the background of online customers
in Bangladesh where there is a share of rapid sales of the digital economy and e-
commerce in recent years. The rise in the level of penetration of internet, smartphones
and online payment has been an impetus to more consumers and SMEs to be actively
involved with online trade and commerce. Thus, the results of the present research

are anticipated to offer some useful information on how Al technologies can assist
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SMEs to improve their marketing policies, increase consumer activities, and impact

buying decisions within the digital market.

Moreover, the research becomes the addition to the academic literature by offering
the empirical data on the influence of Al-based decision support systems on consumer
behavior on the online setting. It also has some practical implication to SME owners,
digital marketers and policymakers who would like to ensure that business operations

embrace advanced technologies.

Limitations of the Study

Even though this research makes valuable contributions to understanding the
contribution of Al-operated decision support system to online consumer behavior, it
has a number of constraints that must be taken into consideration when deciphering

the findings.

To begin with, the research has been carried out using survey questionnaires that
were administered to a small group of respondents; this is likely to be not
representative of the whole population of online shoppers. Sampling and the sample
size can restrict the extrapolation of the findings to larger populations or the different

geographical locations.

Second, it is a narrow study with a set of variables that include perceived information
of the product quality, price sensitivity, social influence and Al-driven decision support
systems. Many other factors can however affect consumer online purchase decision
which include consumer trust, usability of the site, reliability of site delivery, security of
payment, brand reputation and quality of customer services. This study did not

incorporate these other variables since it is limited by time and resources.

Third, the research is also based on self-reported information obtained via
guestionnaires which likely cause some biases including social desirability bias or
incorrect recollection by the participants. Consequently, the responses cannot
necessarily be accurate depictions of the actual buying behavior of consumers in the

real-life scenarios of online shopping.

Fourth, the study will use the cross-sectional study design, which implies the gathering

of the data at one point in time. The research, thus, fails to reflect the process of



consumer behavior transformation across time or the long-term implications of

applying Al within the context of the e-commerce setting.

Lastly, the research targets specifically SMEs working in the framework of digital
commerce, which implies that the research can be incomplete in regards to the large
MNCs and other industries, not belonging to the e-commerce domain. The varied
organizational resources, technological capacity and market strategies can also have

an impact on how Al technologies will change consumer behavior in varied situations.

Nevertheless, the study does present some important information about the increasing
significance of Al-driven decision support systems in influencing the online consumer
buying choices and it identifies some opportunities that the SMEs can adapt Al

technologies to enhance their competitive abilities in the dynamic digital market.

1.5 Definition of Key Terms

To make an improved interpretation of the concepts utilized in this study, some

relevant terms are given below:

Artificial Intelligence is the utilization of computer systems and
algorithms that are capable of executing tasks that demand human
intelligence, including data learning, pattern recognition, prediction,
Artificial Intelligence (Al) - o _ o
and aid in the decision-making process. Al has been applied in e-
commerce in recommendation systems, chatbots, and

personalized marketing.

A Decision Support System refers to a computer-based system
used to aid an individual or organization to make intelligent
Decision Support System decisions through assembling, examining, and presenting
{DSS) knowledgeable information and data. In e-commerce, DSS based
on Al helps consumers by suggesting products and streamlining

the process of making decisions.

Al-driven decision support systems are intelligent systems that

. . apply artificial intelligence technologies including machine
Al-Driven Decision Support _ o _ _ _
learning, predictive analytics and recommendation algorithms to
Systems : . . o
help consumers estimate options and take up-buying choices in

online settings.




Small and Medium-sized

enterprises (SMEs)

Small and Medium-sized enterprises are businesses having

comparatively limited financial, technological, and human
resources as opposed to big companies. SMEs are very important
in the economic development and more are turning to virtual

platforms to widen their market base.

Online Purchase Decision
{OPD)

Online Purchase Decision is a procedure in which consumers
compare products through comparisons based on  online
information selection, it then makes a decision to buy products or
any kind of services online via online platforms or digital

marketplaces.

Perceived Product
Information Quality (PIQ)

Perceived Product Information Quality is the degree to which
people assume that the information that they are given about a
product is accurate, credible and can be used to make a
purchasing decision; this information could be in the form of

descriptions, photo, specifications and reviews of the product.

Price Sensitivity (PS)

Price Sensitivity is the extent to which the consumers use changes
in price of a product as factors that affect their buying decision.
Highly price sensitive consumers will be the types of consumers

who look at prices before making decisions to purchase.

Social Influence (SI)

Social Influence can be defined as the role played by opinion,
advice, reviews, and experience of friends, relatives, and Internet

societies on the buying behavior of a consumer.

E-Commerce

E-commerce is a type of buying and selling of goods or services
via the internet using electronic media like trading sites, websites,

and cell phone applications.

PLS-SEM (Partial Least
Squares Structural Equation
Modeling)

PLS-SEM refers to a statistical analysis method applied to study
complex relationships between a number of variables and test

research hypotheses in behavioral and social science research.

SmantPLS

SmartPLS is a statistical software that is typically used to carry out
Partial Least Squares Structural Equation Modelling (PLS-SEM) to
examine the structural relationships between research variables in
a study.
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1.6 The Structure of the Remaining Chapter.

This research report has different chapters to give the study a tabular way of

presentation.

This chapter offers an introduction to the subject of the research
and offers the background to the study. It also explains the
Chapter 1: Introduction presentation of statement of the problem, study objectives, its
scope and limitations and definitions of some of the important

terminoclogies employed in the study.

The chapter is a review of the past research and scholarly
materials that are associated with Artificial Intelligence, decision
Chapter 2: Literature Review | support systems, and consumer online purchase behavior. It
addresses theoretical background of the work and constructs the

conceptual view and research hypotheses.

This chapter discusses the research design and the methodology
Chapter 3: Research applied in the study. It outlines the description of data collection
Methodology process, research tools, sampling method, data measurement, and

statistical method to analyze these data.

This chapter includes the discussion of analysis of the collected
Chapter 4: Data Analysis data and the results that were obtained during the statistical tests.
and Results. It involves analysis of the measurement model, structural model as

well as testing of hypothesis through PLS-SEM analysis.

The chapter explains the main conclusions made during the
Chapter 5: Appendix: research and their implications to SMEs and digital commerce. It
Discussion and Conclusion. | also provides conclusions made on the main conclusions of the

study and recommendations on further research.
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CHAPTER II: REVIEW OF THE LITERATURE

2.1 Relevant Theory

Al has emerged as the most powerful technology forces that have been driving the
online retail industry for a decade (Madanchian, 2024, Bawack & Kamdjoug, 2022). It
has changed the way consumers interact with digital interfaces, how they absorb
information and how they make decisions over what to buy from e-commerce (Wang,
2025; Dixit, 2025). Machine learning recommendation engine, chatbots or predictive
analysisfautomated customer service application are no longer an add on but a heart
of new e-commerce (Khamdamov, 2024, Pham, 2025). These technologies will allow
these platforms to do something more than just provide information, and make them
into active decision support systems that learn and respond according to consumer
specific needs, wants and other clues about the context (Yin et al., 2025; Pham &
Datta, 2024).

The information asymmetry coupled risks perception and lack of physical examination
of goods render decision tasking products online difficult (Dang & Pham, 2024, Zhao
& Liao, 2024). When the choice on alternative, buyer will be made enormous reliance
for digital impression, platform brand and system reaction (Flavian & Ibafiez Sanchez,
2023). The following challenges can be dealt with by the clinician with Al based
decision support systems which could make information processing and availability
more efficient (Dixit & Ahmed, 2025, Khamdamov, 2024). Arificially intelligent
machine-learning algorithms sift through mountains of consumer-data, like browsing
history and last purchasing as well as search behavior or user's behavior is searched
to create tailored product offers and custom content that is more interesting (Yin et
al., 2025; Liu & Zhang, 2024). This will have a flip down effect as the degree to which
personalization is achieved, reduces the cognitive load and more individuals can make
do with evaluating fewer options that are more relevant to their interests
(prescreening),the value trade-offs made become less laborious (Pham & Datta, 2024,
Dixit, 2025).

Theoretically, the impact of Al on consumers' online purchase decision can be
understood from trickledown effect in Things (loT) inductive processing book list theory
and technology mediate model of decision making (Dixit, 2025; Chakraborty, 2025).

According to information processing model, consumers’ rational activities are limited
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and they prefer to use the variable equipment which could decrease their efforts
degree and decision entanglement (Dang & Pham, 2024). From noise canceling to
focusing on what matters (product features) and ordering fact options as the decision
Al system views them are just some of many cognitive prosthetics in effect (Yin et al.,
2025). This support fosters consumers’ perceived control in shopping and confidence
in decision making which are important antecedents of online purchase behavior
(Pham & Datta, 2024; Wang, 2025).

Moreover, the Al enabled decision support extends over traditional technology
acceptance models by integrating adaptable and interactive consumer-technology
interface (Dang & Pham, 2024, Dixit & Ahmed, 2025). And this is why the content of
the Al system output is different than typical features from a static website. The Al
changes and evolves with time, with the feedback of users, and also shows other
results when additional news comes (Yin et al., 2025; Wang, 2025). This learning
capability creates some feel of reactivity and intelligence to the design which
encourages its utility and credibility in user's mind (Khamdamov, 2024; Pham, 2025).
The better Al can be at determining what a user like the more users will trust such as
platform recommendation that is also likely to have more engagement and eventually
conversion (Verma & Tiwari, 2023; Kim & Park, 2023).

Trust is very important in such an online purchase, virtual or otherwise, and Al can
help increase the trust in the digital worlds (Dang & Pham, 2024; Patil & Sen, 2025).
Chatbots and Al-based virtual assistants will respond in real-time with accuracy,
removing uncertainty and fear factors from the service delivery (Pham, 2025; Gao,
2025). What's more, the trust of the users in the system also grows - when it is known
that good recommendations by users make a steady hit for the system, they might
also be trusted to give advice (Yin et al., 2025; Verma & Tiwari, 2023). Throughout
positive experiences with Al-enhanced tools inthe long term, relational trust emerges
and thereafter customer readiness to conduct online transactions and intention to

remain dependent (Ratner et al., 2025; Beyari, 2025).

A huge amount of empirical data across different online e-commerce platforms also
reveal that Al adoption leads to positive online purchase outcomes (Madanchian,
2024; Wang, 2025). Studies show that Al-driven predictions improve the clickthrough,
perceived value and purchase rates (Yin et al., 2025; Liu & Zhang, 2024). When
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people are exposed to consumer-targeted personalization of Al (e.g., their social feeds
contain more personalization), then they experience greater satisfaction and
emotional connection with the product or service online, which is directly related to
higher impulse purchasing and greater loyalty (Flavian & Ibafez Sanchez, 2023;
Ratner et al., 2025). Al has made it possible for even an SME to be able to automate
the customer touchpoints, product surface and receive personalized experiences with
little additional cost (Nuryanto et al., 2025; Sanchez et al., 2025). By guiding shoppers
to the perfect product, responding in real-time with answers and advice and helping
them to make an informed purchase decision, Al enables small businesses to turn
those online window shoppers into actual buyers (Allahverdiyev & He, 2025; Yin et al.,
2025). Apart from that, Al-enabled decisions have made the SMEs to be able to cater
their structural weaknesses by substituting limited resources of humans especially
marketing skills (Nuryanto et al., 2025; Sanchez et al., 2025). Smart systems are able
to do everything the service team used to manually perform, question and answer
services towards showing interest customers demonstrating the functionalities of each
product to customers giving product guidance (Pham, 2025; Gao, 2025). This potential
gives SMEs powerto offer superior online customer experiences, which will contribute
to positive online buying decisions, even when resources are non-existent (Ratner et
al., 2025; Beyari, 2025). Overall, the evidence base indicate very strongly that Al is a
central force in online purchase decision making through increased information
processing, decrease of uncertainty and increase of trust (Madanchian, 2024; Wang,
2025). As an intelligent intermediary closer to the end user and further from digital
space, the Al-supported decision aid is actively influencing customer expectations
through manipulation of options comparison as well as choice within a category of
agents (Dixit, 2025; Yin et al., 2025). Thus, Al is not merely a supportive element but
also an important factor in online purchase behavior especially among the e-
commerce environment that has been digitalized and, where its small and medium
enterprises (SMEs) are having the upper hands as the catalyst (Sanchez et al., 2025;
Ayinaddis & Akpan, 2025).

2.2 Literature Survey

The size of the digital market space has rapidly expanded and Al technologies have
been used in many fields changing consumers' online search, consideration of

alternatives and purchase processes (Madanchian, 2024; Wang, 2025). In the last
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decade we have seen Al-fueled features such as Recommendation Engines, Smart
Chat Leaders, Predictive Analytics and Personalized Filters transform e-commerce
from List These intelligent systems can have access to an enormous amount of
described, transactional and contextual data with which they can fulfill the customer's
needs, making personalized recommendations and quick decision-making (Yin et al.,
2025; Li & Li, 2024). The value of Al in the digital economy has made it a defining
factor for companies dealing with customer experience, engagement and conversion
rates by offering data-driven insights in real time (Madanchian, 2024; Acatrinei et al.,
2025).

Al and SMEs, especially in increasingly developing countries like Bangladesh — VWhen
opportunities meet with challenges For Small and Medium-Sized Enterprises (SMEs),
adopting Al presents both opportunities as well as challenges (Sanchez et al., 2025;
Ayinaddis & Akpan, 2025). It also explores limitations faced by SMEs that hinder them
to upgrade on information infrastructure, such as the exposure towards technology
and low level of investment intechnology (Schwaeeke & Ciuchta, 2025). Despite these
limitations, Al decision support systems enable SMEs to stay competitive in the market
with their larger counterparts by automating complex analytic capabilities which result
in higher marketing accuracy and better customer response (Nuryanto et al., 2025).
Using adaptive learning and predictive algorithms, the Al, allows SMEs to deliver a
personalized experience online at Mass — in turn strengthening customer relationships
and gaining competitive advantage over time (Bawack & Kamdjoug, 2022; Ratner &
Revinova, 2025). However, in order for SMEs to effectively apply and integrate Al,
they’ll need to navigate challenges such as digital skills shortfalls, concerns about
data privacy and difficulty integrating systems while cost remains a major barrier, and
if the SME is at the beginning stage, then the barrier is even larger (Sanchez et al.,
2025; Ayinaddis & Akpan, 2025).

Online purchase decision is a complex, information-intensive and cognitive process
which depends on factors such as informational, economic, social and technological
factors (Dixit, 2025; Chakraborty, 2025). Suppose ourselves to an offline retail channel
where physical shops offer in store observation possibilities but with online shopping
there is no touch product possibility so, the customers have to believe and use more
virtual cues like product description image, user feedbacks (ratings and comments),

reviews, prediction guidance from the algorithm, coping with ambiguity, perceived
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credibility and new consumers'’ information in a digital environment (Pham, 2024, Zhao
& Liao, 2024). We as consumers are inclined to look for cues of credibility or relevance
that can assist us when dealing with the ambiguity inherent to consumption on a digital
platform (Dang & Pham, 2024). As Al continues to curate and display these digital
signs, it's worth poising questions about consumers making choices and how Al can
help to reduce this ambiguity (Wang, 2025, Dixit, 2025).

One of the most important antecedents on purchasing online is the perceived quality
information of product (PIQ) that is defined as accuracy, completeness, clarity,
timeliness, relevance to consumer (Flavian & Ibafiez Sanchez, 2023; Pham & Datta,
2024). The degree of good quality of the information would lower uncertainty,
cognitive effort and risk perception that leads to trust which will have a positive effect
on purchase intention (Dang & Pham, 2024, Verma & Tiwari, 2023). Research has
indicated that quality of information sources has strong positive effects on purchase
intention, satisfaction, and loyalty to third-party platform (Yin et al., 2025; Li & Li, 2024).
It is considerably improved on the generation and presentation of information of
goods, while integrating the comment assessment into Al (Kahya Ozyirmidokuz,
2025). Al models are developed that are relevant to personalizing news delivery,
focused on the features that align with an individual's interests, filtering topics based
on browsing behavior or prioritizing reviews in line with a consumer's taste (Yin et al.,
2025; Liu & Zhang, 2024). Al is both making the quality of information better, as well
as altering how consumers believe they consume that quality of content (Wang,
2025). In this shift, there is a stunning absence of damper studies which explore the
moderating role of Al in the relationship between PIQ and online purchase decision
particularly among small-and medium-sized business (SME) of e-commerce
enterprises operating in emerging market economies (Dang & Pham, 2024; Sanchez
et al., 2025).

Another important construct that appears to be influencing online purchase decision
behavior of consumers by price levels, discounts and comparison prices is Price
Sensitivity (PS) (Rajesh, 2024). The transparent nature of online markets can facilitate
comparison shopping, and frequently increases price sensitivity at the expense of
brand loyalty (Banerjee & Shankar, 2024). Strong price sensitivity resistance
generates unwillingness to platform shopping and even termination of the buying

process and in many cases a big headache for SMEs due to very limited pricing
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freedom (Dang & Pham, 2024). Al driven decision support systems however can offer
new ways to manage the price sensitivity (Madanchian, 2024; Wang, 2025). From
dynamic pricing to tailored promotions or recommendation strategies based on
perceived value, by celebrating quality, convenience or service instead of price Al can
reshape consumer perceptions of what is cost and what is value (Rajesh, 2024,
Banerjee & Shankar, 2024). Yet, there is limited evidence about the moderating effect
of Al on the association between price orientation and purchase decision for SEMs
(Sanchez et al., 2025).

Social Influence impacts people’s perceptions when they validate their purchase
decisions as a precursor of online consumer behavior (Chakraborty, 2025; Li et al.,
2025). When consumers are faced with uncertainty in decision-making process, they
often use social cues — ratings and reviews, peer opinions, influencer endorsement
or media trends (Pham, 2024; Zhao & Liao, 2024). Social proof lowers risk and
elevates trust often more than company-generated information (Dang & Pham, 2024).
Al technologies are currently used to intermediated social influence through UGC
aggregation, identification of credibility patterns, and recommender personalized
charging social signal based on the user profile (Yin et al., 2025; Kahya Ozyirmidokuz,
2025). For example, Al-based systems can recommend popular products or things
that other people with similar preferences as yours liked — further strengthening
various mechanisms aimed at social conformity and trust preservation (Yin et al.,
2025; Li et al., 2025). However, relatively little work is devoted to Als as a moderator
of the social influence and online purchase decisions (Dang & Pham, 2024). At the
core of this study is Al in decision-making, conceptualized as a moderating process
which affects how consumers process information, evaluate alternatives and decide
to make a purchase (Dixit, 2025; Wang, 2025). Al-based decision-support systems
include recommendation engines, predictive analytics system tools, sentiment
analysis tools and automated service system interfaces that serve in guiding context-
aware manner at every step of the decision-making journey (Khamdamov, 2024,
Kahya Ozyirmidokuz, 2025). They take cognitive load off the user, aid comprehension
and increase decision confidence by offering personalized adaptive support (Yinetal.,
2025; Pham & Datta, 2024). By integrating Al into a consumer decision making model,
we adapt technology acceptance models (Technology Acceptance Model and the

Theory of Planned Behavior) to add another level of interaction in which the
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technology participates actively in cognitive processes rather than serving as an aid
for information access only (Dang & Pham, 2024, Dixit & Ahmed, 2025). Al helps in
every step of the decision process from finding the problem that a person is facing in
his day-to-day life to what could be of help to solve the problem and then to the choice
of the brand of that particular product Al helps in every step (Wang, 2025; Yin et al.,
2025).

Online Purchase Decision is the terminal result of these inter-related operations and
consists intention to purchase, preference for online shopping, possibility of repeat
purchase (Chakraborty, 2025; Ratner et al., 2025). For digital SMEs the knowledge
and development of OPD is crucial for long-term survival and growth on digital
markets (Nuryanto et al., 2025; Sanchez et al., 2025). While prior studies have found
some direct antecedents of OPD, very few studies have sought to test whether Al-
supported decision aid mitigates the influence of these key ones (for example, PIQ,
PS and Sl) on service providers OPD (Dang & Pham, 2024, Dixit, 2025).

This paper contributes in a practical manner as it has tested these unchartered
relationships empirically (with the digital active consumers) in Bangladesh, taking PLS-
SEM approach of data analysis (Yin et al., 2025; Li et al., 2025). In a theoretical
dimension, this adds to the consumer behavior and digital marketing literatures by
framing Al as moderating behavior under cognitive decision process (Acatrinei et al.,
2025; Madanchian, 2024). Empirically, it adds to the evidence on this topic that is not
sufficiently represented in Al and e-commerce studies from developing country context
like Bangladesh (Sanchez et al., 2025; Ayinaddis & Akpan, 2025). The study provides
practical guidance to Al companies and managers at SMEs, as well as policymakers,
on the transformative capabilities of Al in enhancing information quality, dampening
price sensitivity, and leveraging social influence (Nuryanto et al., 2025; Bawack &
Kamdijoug, 2022). This study also adds to the development of our understanding of
the evolving interaction between Al and consumer decision-making by providing a
broader context into which future studies about Al empowered e-commerce in

developing countries can be launched (\Wang, 2025; Dixit, 2025).
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2.3 Hypothesis Development

Perceived Product Information Quality and Online Purchase Decision

Consumers’ comprehension of the Al affects how they perceive, understand and
utilize these Al-driven tools during online shopping (Dixit & Ahmed, 2025, Wang,
2025). Knowledge about Al is understood as knowledge of how an Al-based solution
works, what it is for and (to some extent) how much one can rely on their assistance
in making decisions (Dang & Pham, 2024). In digital commerce environments, such
awareness is likely to influence consumer perception and evaluation of Al-enabled
services (recommendation engines; chatbots; automatic filter) (Pham, 2025;
Khamdamov, 2024). In recent years, during which Al technology has been infiltrating
online platforms more and more, consumers’ awareness and recognition towards such
an advanced technological innovation have become important for online consumer
purchase behavior (Madanchian, 2024, Wang, 2025).

On the upward consumer knowledge reduces ambiguity and increases perceived
control related to decision-making (Dang & Pham, 2024, Dixit, 2025). People are less
likely to perceive Al's recommendations as invasive/manipulative when they are
better-informed about what Al can and cannot do (Lee & Kim, 2024). By
understanding how the Al functions, consumers are better equipped to understand the
outputs of Al - things like personalized product recommendations, or auto
comparisons — resulting in greater trust in the information they receive (Yin et al.,
2025; Verma & Tiwari, 2023). However, consumers who do not understand Al driven
decisions may question its effectiveness, or against it due to the potential resistance,
and thus negate that the advantages of Al driven decisions in terms of online purchase
decision (Patil & Sen, 2025).

From the information processing perspective, the more educated consumers can
process more complex technological cues and include them in their decision calculus
(Dixit, 2025). And one more note: e-commerce Al search-based systems often show
you results in not like a regular search-like interface but algorithmically-generated
views (Yin et al., 2025). More Al-literate consumers can more easily understand why
some products are recommended, how filters work or what personalization does to
increase relevance (Khamdamov, 2024, Liu & Zhang, 2024). The directness of the

correspondence between what users need to know and what the system needs to do
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spares mental processing, assists in decision-making, and contributes to the success

of reaching the online goal (e.g., purchasing) (Pham & Datta, 2024; Wang, 2025).

Trust building is another core mechanism through which Al literacy impacts online
purchase intentions (Dang & Pham, 2024, Patil & Sen, 2025). Are consumers willing
to rely on intuitive decisions of Al? Consumers' reliance on systems relying on Al
technology may be based not only in the system's performance, but also derived from
their level of understanding of why an Al system is making a particular
recommendation (Verma & Tiwari, 2023; Kim & Park, 2023). A well-informed public is
more likely to see them as able, fair and faithful than as "black boxes" (Lee & Kim,
2024). The trust also gets programmed into the consumers that they listen to Al
recommendations and use them as a buying guideline (Yin et al., 2025; Ratner et al.,
2025). The assertion is empirically tested, as technology-literate consumers have
been established to manifest higher trust in automated systems and more penchant
for purchase intention even Al environments (Dang & Pham, 2024, Dixit & Ahmed,
2025).

The consumer awareness regarding Al not only in SMEs becomes so much more
relevant (Sanchez et al., 2025). SMEs are adopting Al-based services in order to
personalize, provide better customer service and for the optimal display of products
(Nuryanto et al., 2025; Ayinaddis & Akpan, 2025). But like any tools, potential utility
is a function both of utility and an end-user’s ability to recognize the value within (Dixit,
2025). Consumers are more apposite to use an Al application to make a decision
(engine or visual search) if they perceive that its functionality and design is in support
of, and for the purpose of augmenting, their own decision-making—making it easier
for the users’ decisions by narrowing down search time and providing cues about
meaningful options; this drives consumers further along down the purchase process
(Pham & Datta, 2024; Yin et al., 2025). On the other hand, low Al awareness is
expected to reduce (lower) the perceived usefulness of Al features and hence have

a lower influence on purchase decisions (Dang & Pham, 2024).

In addition, the consumer cognition of Al is likely to bring more rational evaluation
towards quality on product knowledge (Flavian & Ibafiez Sanchez, 2023). Al products
are renaming, prioritizing, and creating new product descriptions in ways never seen

before (Kahya Ozyirmidokuz, 2025). Consumers who message more knowledgeable

~20 ~



consumers will be able to better understand such Al-based information structures,
leading also through the perception of higher in- formation quality to more enhanced
purchase confidence (Pham & Datta, 2024, Yin et al., 2025). This interaction between
Al knowledge and information processing highlights the mediating role of Al
understanding in influencing consumer online purchasing decision making through

evoking higher-order cognitive ability (Dixit, 2025).

Our review of digital consumer behavior and technology acceptance literature
supports a positive relationship between technical expertise to behavioral intentions
(Dang & Pham, 2024, Dixit & Ahmed, 2025). Technology-literate consumers who can
involve themselves well in advanced e-services, are satisfied and have the intention
to buy online (Yin et al., 2025; Wang, 2025). Applied to decision-making in Al-based
commerce, customers will have a higher degree of trust and perceived usefulness,
while having less uncertainty, when they are more familiar with an Al technology
(Verma & Tiwari, 2023; Kim & Park, 2023).

Therefore, the following hypothesis is proposed:

H1: Perceived Product Information Quality (PIQ) positively influences Online Purchase
Decision (OPD).

Price Sensitivity and Online Purchase Decision

Price Sensitivity is the extent to which consumers' purchases are affected by price
levels, the variance between price and perceived benefits, discounts and monetary
sacrifices (Rajesh, 2024, Banerjee & Shankar, 2024). The heat was further fueled by
e-commerce settings where price sensitivity is high due to transparency and ease of
comparison between consumers across platforms (Madanchian, 2024; Wang, 2025).
Unlike the traditional store example, price as a component of online buying can enjoy
very high level of salience among digital consumers thanks to other sellers, offerings
and pricing comparing applications that can be reached certainly as quick (Rajesh,
2024).

Economically or behaviorally, such as very price sensitive consumers will concentrate
on cost reduction rather than other attributes of the product like brand name, quality
service and convenience (Banerjee & Shankar, 2024). That's been particularly acute

in cutthroat e-commerce markets, where buyers were regularly stalling out,
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abandoning their shopping carts on the web—or switching e-commerce platforms
based on even slight price differences (Dang & Pham, 2024). According to previous
related studies, when the price sensitivity is relatively increased, it will decrease
purchase intention and have low possibility of online transactions completion, due to
that consumers always want better price or expected discount offer (Rajesh, 2024,
Chakraborty, 2025).

The price sensitivity is also mixed with perceived risk and value consideration in the
decision making of online purchase (Dang & Pham, 2024). Extra price-sensitive
consumers may perceive higher prices as “unfair’ or “risky,” especially when the
quality of the product cannot be experienced in a physical sense (Flavian & Ibafiez
Sanchez, 2023). This kind of perception can negatively impact how people feel about
the platform and cause them to become afraid to buy online at the platform at all (Dang
& Pham, 2024). Those who are not as price conscious, however, care less about the
absolute amount of a purchase (because it isn't likely to be made impulsively), and so

are more aggressive in their purchasing (Banerjee & Shankar, 2024).

Small and Medium-Sized Enterprises (SMEs) care a lot about Price Sensitivity as
Overall Strategy (Sanchez et al., 2025; Ayinaddis & Akpan, 2025). SMEs cannot reach
economy of scales to compete directly with large retailers or global online retail
platforms, as a result, the price-conscious consumers may not be interested to shop
at the online stores owned by SME as they have access to lower-priced products
(Nuryanto et al., 2025). This mechanism also considers that the price sensitivity is an
intrinsic characteristic of online features in the e-commerce context, where SMEs are

the main customers (Rajesh, 2024).

The negative association between price sensitivity and online purchase outcomes is
consistent with the empirical evidence found in studies of digital marketing and
consumer behavior (Chakraborty, 2025; Dang & Pham, 2024). Consumers who are
more price-sensitive, and for whom discounting resonates more on a personal level,
are less likely to purchase when low confidence is generated about the purchase and
increased switching behavior occurred resulting in lower conversion rates (Banerjee
& Shankar, 2024). These are also indications that the price sensitivity presents a
psychological barrier that restricts/they hinder buyer's willingness to conclude the

Internet transaction (Rajesh, 2024). Consistent with these hypothetical matching and
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data on the number of suits brought, we should expect that consumers who are most
price sensitive will have lower probabilities of purchasing over the internet
(Chakraborty, 2025).

Therefore, the following hypothesis is proposed:
H2: Price Sensitivity (PS) negatively influences Online Purchase Decision (OPD).

Social Influence and Online Purchase Decision

Social Influence can be defined as a measure to which other people influence opinion,
experiences and behaviors of an individual (Chakraborty, 2025; Li et al., 2025). In
online shopping, social influence is primarily manifested in the user-generated content
like online reviews, ratings, testimonials peer recommendations, influencer building
guality backlinks and brand promotion through various trends on social media (Pham,
2024, Zhao & Liao, 2024). However, internet consumers cannot touch the actual
product or also the sellers themselves so that they make decisions based on social
cues like evaluation of product quality, seller's credibility and risk of purchase (Dang
& Pham, 2024). Social influence is an important channel for influencing with
information and normative function that shapes consumer judgement, which in turn
reduces consumer uncertainty when making online purchase decisions (\Wang, 2025,
Dixit, 2025).

Theoretically, social influence functions through informational influence (consumers
use the opinions of others as experienced sources of information) and normative
influence (consumers ensure their social conformity to be more highly regarded by
other individuals or so they won't get placed at a low rank on any scale), It is very
active in digital marketplaces (Chakraborty, 2025). Consumers consider high ratings
and positive reviews to be an indication of product reliability and seller honesty, as well
as they think that top products (e.g., best-selling, most bought) are collectively
endorsed by consumers (Yin et al., 2025; Li et al., 2025). These social cues simplify
complex inferences, allowing to consumers faster and more confident decisions
especially when there is no experience with a product or platform (Dang & Pham,
2024).

The empirical base in e-commerce frequently illustrates the influence of social on a

consumer's online purchase decision (Chakraborty, 2025; Pham, 2024). The findings
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also suggest that the visitors who have favorable appraisal and good peer referral is
found to have high purchase intension, positive trust and low perceived risk {(Zhao &
Liao, 2024, Dang & Pham, 2024). This is amplified by social media and the capability
of the customers to view in real time or trends the consumption behavior of other
individuals but also interact with influencers impacting on their consuming preference
(Li et al., 2025). This is particularly the case with young and digital consumers that
has more trust in peer content than the company’s advertising message itself (Pham,
2024).

Social influence will particularly matter concerning Small and Medium-Sized
Enterprises (SMEs) because these small companies do not get high brand awareness
or a variety of advertising channels (Sanchez et al.,, 2025). The positive social
feedback delivers value to SMEs, since this allows them to build their own credibility
and legitimacy online market (Nuryanto et al., 2025). The brand invisibility can be
somewhat offset with user reviews and ratings, peer recommendations insure or
guarantee the potential purchaser of the good's quality by reducing uncertainty and
risk belong a certain level (Dang & Pham, 2024). Therefore, people who are easy to
influence by society and likely to follow SME-owned media conduits are also more
liable to purchase in online (Chakraborty, 2025). Social influence is a strong
predictive factor of online purchasing behavior and also indirectly influences perceived
trust, value, perceived risk on an online platform (Zhao & Liao, 2024; Wang, 2025).
Consumers with the higher-rated social cues will rely more on others experiences and
opinions to shop, and thus have a greater likelihood of consuming experience (Yin et
al., 2025).

On this theoretical background we may advance the following hypothesis:
H3: Social Influence (S1) positively influences Online Purchase Decision (OFD).

Al-Driven Decision Support as a Moderating Mechanism

The implementation of artificial intelligence technologies such as recommendation
engines, intelligent chatbots and machine learning algorithms, predictive analytics to
allow consumers and users compare between the alternatives in decision making
when selecting products online (Khamdamov, 2024, Yin et al., 2025). Traditional
information systems do not take advantage of big data, machine learning and analytics

to process consumer data at scale, learn from prior decisions and give users
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personalized context-aware advice in real time like an Al-based information support
system does (Madanchian, 2024, Bawack & Kamdjoug, 2022). These systems not
only reduce mental effort, decrease information overload and increase confidence with
respect to decision-making about information, but influence how consumers perceive
and assess value in order respond to social and economic signals while searching and
shopping on the net (Dixit, 2025; Pham & Datta, 2024).

In more general terms, it may be argued that decision support based on Al
complements classical models of consumer decision-making by paying attention to a
(learning) technological agent designed to interfere with this process at different
moments (Dang & Pham, 2024, Dixit & Ahmed, 2025). Al (Arificial Intelligence) is an
expansion of our brain, making us capable to handle complex computations as well
as judgement processing which otherwise could not have been done by consumers
(Wang, 2025; Chakraborty, 2025). In the retail online, when nothing restricts what
products can be selected by a buyer, prices are not set only based on categories of
products and dynamically determined if the buyers' preferences should be sorted as
they need and their features should also be leant/earned in such category, In terms of
documents that represent them with no input is pretty much provided by users,
information can effectively transfer into useful knowledge by Al tools - organize
information, highlight its traits or give recommendations - which would derive from
customers' tastes (Yin et al.,, 2025; Liu & Zhang, 2024). As a result, Al not only
influence the purchase decision directly but also changes the validation and paths of
relationships among relevant antecedents and online shopping outcomes (Dixit, 2025,
Wang, 2025).

In terms of Perceived Product Information Quality (PIQ), more influence is observed
with Al-driven decision support (Pham & Datta, 2024; Flavian & lbafnez Sanchez,
2023). Evidence about the quality of the product is particularly persuasive for Al
systems that curate, summarize, or customize information in response to user
requirements (Kahya Ozyirmidokuz, 2025; Yin et al., 2025). Higher quality of
information becomes more effective in influence the preference toward online
purchase decision with Al-filter rating, feature-based ranking and natural language-
based explanation giving customer enhanced understanding of the product features
(Dixit & Ahmed, 2025; Pham & Datta, 2024). And the better the Al can translate all

that complexity into something simple and easy to understand, the more consumers
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trust what they are interpreting and take action on it (Verma & Tiwari, 2023; Kim &
Park, 2023).

Regarding Price Sensitivity (PS); DSS with Al could decrease its influence on an
online buying decision (Rajesh, 2024, Banerjee & Shankar, 2024). Consumers who
are price sensitive typically care about their costs and thus this could remit of the type
of consumers that focus on redocument cost so that purchase is discouraged they
perceive prices to be less favorable (Dang & Pham, 2024). However, the artificial
intelligence can transform how consumers evaluate by concentrating on value, not
prices (Wang, 2025; Madanchian, 2024). Personalized consumption advices, real time
price demonstrations package offers and ratio comparisons between quality and price
will help the customers to perceive superior overall value making the influence of price
a minor one (Rajesh, 2024, Yin et al., 2025). Conversely, the negative effects of price
sensitivity are moderated by Al as it shifts attention away from price benefits to non-
price benefits leading to consumers’ willingness to purchase regardless of accepting
that he or she might not get the lowest rates (Banerjee & Shankar, 2024, Chakraborty,
2025).

The decision support is a feedback technique in terms of Social Influence, A layer of
Al software scans huge numbers of customer reviews, customer ratings and social
signals to introduce socially indicative information in front of some consumers (Kahya
Ozyirmidokuz, 2025; Zhao & Liao, 2024). The persuasive power of social influence is
increased by Al as it highlights the presence of popular products, trustworthiness of
reviews and the consensus among people on product appropriateness (Yin et al.,
2025; Li et al., 2025). The same is also true for personalized forms of social proof
(“suggested by people like you”; “currently popular with people like you”) they have the
effect of amplifying the credibility and trust that lies at the core of how social influence

influences online purchase behavior (Pham, 2024, Wang, 2025).

Generally speaking, Al-based decision making is one of the key moderating variables
coping with a remodeling in information processing, price evaluation, and social cue
interpretations, in the contexts of online consumer behavior (Dixit, 2025; Dang &
Pham, 2024). Rather than just being a lone technological force, Al combines with the
primary drivers of behavior to amplify positive outcomes and mitigate negative ones

(Wang, 2025; Madanchian, 2024). It is this role of integration which is particularly
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important, especially to SMEs since Al can help them provide high-grade decision
support well beyond their resources when compared with the large corporations
(Sanchez et al., 2025; Nuryanto et al., 2025). Thereby in line with this theoretical logic
and the past empirical findings, we propose our moderating hypotheses as (Dang &
Pham, 2024, Dixit, 2025):

H4: Al-Driven Decision Support strengthens the effect of Perceived FProduct
Information Quality (PIQ) on Online Purchase Decision (OPD).

H5: Al-Driven Decision Support weakens the negative effect of Price Sensitivity (PS)

on Online Purchase Decision (OFD).

H6: Al-Driven Decision Support strengthens the effect of Social Influence (S/) on
Online Purchase Decision (OFD).

2.4. Conceptual Framework and Hypotheses Summary

The theoretical foundation of the study is built to explore direct and moderated effects
of Al-Based Decision Support on online buying preferences in digital commerce
context (Dixit, 2025; Madanchian, 2024). The model is based on the consumer
decision making theory, information processing theory and technology-based decision
support system and integrates both behavioral and technological perspectives in
explaining the intention to online purchase of consumers (Dang & Pham, 2024; Dixit
& Ahmed, 2025). As per the model, Online Purchase Decision (OPD) is modeled as
an endogenous (dependent) construct and encompasses three exogenous
(independent) constructs Perceived Product Information Quality (PIQ), Price
Sensitivity (PS), Social Influence components with Al-Driven Decision Support being
a variable which influences directly as well as moderates the way of how both relate
(Wang, 2025; Yin et al., 2025).

Perceived Product Information Quality (PIQ) in the model represents the extent to
which consumers believe that online product information is appropriate, sufficient and
up-to-date, bringing limits to their uncertainty when making decisions (Flavian &
Ibafiez Sanchez, 2023; Pham & Datta, 2024). It is believed that quality of the provided
information about a product will have a positive impact on confidence and online
buying intention among consumers (Dang & Pham, 2024, Yin et al., 2025). Consistent

with this, the model suggests direct structural relationship from PIQ to OPD,
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consistent with H1 (Dixit, 2025). This particular relationship indicates the fundamental
human aspect of the relevance of quality of information for consumers’ online behavior

in virtual context where products are not able to be seen or felt (Wang, 2025).

Using Price Sensitivity (PS) as another exogenous variable, it is asked to indicate how
sensitive are consumers to mark- price discounts and ranking (Rajesh, 2024; Banerjee
& Shankar, 2024). In online markets, particularly in very transparent ones, if customers
are price-sensitive enough to delays or decide not to purchase in response to
unfavorable pricing (Dang & Pham, 2024). The model itself operationalizes a direct
relationship between PS to OPD as evidence of H2 (Chakraborty, 2025). This path
sets the economic analysis element in the consumer decision process and accepts
that price awareness could be a barrier to online shopping, even more in

marketspaces (Rajesh, 2024).

The third exogenous construct is Social Influence (Sl), this serves as a proxy for peer
opinion, online review, ratings and recommendations at social network on the users’
decisions (Li et al., 2025; Pham, 2024). Social influence in this respect serves as a
source of heuristic information which is perceived to have lower risk and elicits reliance
in new online environments (Zhao & Liao, 2024, Dang & Pham, 2024). The path
between Sl and OPD is found significant based on the H3 due to rising importance of
digital social proof in shaping consumer purchase outcome (Chakraborty, 2025;
Wang, 2025).

The core of the framework is Al-Driven Decision Support (Al) which has a dual value
proposition (Madanchian, 2024; Dixit, 2025). First, Al is positioned as a direct
antecedent of OPD because it can assist consumers in the decision-making process
by means of smart suggestions, smart filtering and advice that conduces to a much
efficient and confident choice (Yin et al., 2025, Pham & Datta, 2024). Second, and
more directly, Al is incorporated as a moderating factor that interacts with PIQ, PS, S
to influence OPD (Dang & Pham, 2024, Dixit & Ahmed, 2025). In the terminology of
SmantPLS, this is implemented in terms of the interaction constructs (P1Q x Al, PS x

Al and Sl x Al) representing conditional effects of the model (Yin et al., 2025).

Specifically, the model proposes that Al enhances the positive effects of PIQ on OPD
(H4) by enhancing the relevance, clarity, and personalization of product information
(Pham & Datta, 2024; Kahya Ozyirmidokuz, 2025). It further posits that Al attenuates
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the negative influence of PS on OPD (H5) by reconfiguring price appraisals toward
value-informed appraisal through situational recommendations and comparison
inferences (Rajesh, 2024; Wang, 2025). Further, Al is expected to augment the
positive effects of S| on OPD (H6) through heightening personalized and social
trusted peer-based messages (Yin et al., 2025; Li et al., 2025). These moderating
relationships demonstrate the moderating effect of Al in consumer purchasing
behavior (Dixit, 2025; Dang & Pham, 2024).
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Figure 1 The framework of the study

In general, | wish to argue for an overarching model that defines the relation between
behavioral determinants and Al generated decision support as describing online
purchase decisions (Madanchian, 2024; Wang, 2023). The model is fully-applicable
with the SmartPLS structural eguation modeling, also a clear perception towards
exogenous constructs, endogenous constructs and moderating terms and it provides
a strong basis to examine both direct and indirect hypothesis on Multiple Leveled
Model (Yin et al., 2025; Li et al., 2025).
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CHAPTER lll: METHODOLOGY OF THE STUDY

3.1. Study Context

The current study is held in the realm of organizational behavior and e-commerce
adoption among Small & Medium Enterprises (SMEs) that operates in Dhaka,
Bangladesh. The core aim of this paper is to investigate how certain antecedents as
Perceived Product Information quality (P1Q), Pricing Sensitivity (PS), Social Influence-
Reference Group Disposition Effect and Reference Groups Decision Quality, Online
Decision Support (SISOR) influenced SME's OPD. With consumer desire for Al
technologies, and integration of accelerating popularity this study also looks at
moderating effects on products using a PIQ and PS with chatbots; personalized
recommendations and smart -filters in PIQ, SI, PS & OPD. This intermediating role of
Al is expected to represent fundamental understanding on how Al enhances online
shopping experiences and facilitates more confident informed purchase. The
participants, for the most part were students of UIU (United International University)
and Dhaka University — two prominent educational organizations in Dhaka city. The
choice of these schools assumes that their students are heavy digital consumer and
tech-savvy, who can investigate their online shopping behavior, and Al adoption. The

research aims to learn how millennials who are digital natives shop on-line.

3.2. Research Design

We chose to adopt a survey-based, quantitative data-collection method for this study
because we wanted to empirically test hypotheses about the relationships between
constructs. The survey based on and the structured survey test mediation effects and
moderators in model links. Evaluating the objective responses upon perception,
behavior and attitude on a consistent platform can be considered as an appropriate
method for statistical analysis. As a cross-sectional study, we only collect data at a
single time point to illustrate the current digital shopping behaviors and Al perceptions
among students in Dhaka. Cross sectional designs permit to exploratory analysis but
not to cause inference, but they are most useful for monitoring the present condition

of consumer behavior technology integration.
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3.3. Questionnaire Design

The survey was assembled based on an extensive literature review and incorporated
previously validated scales for the five dimensions (P1Q, PS, SI, Al and OPD) where
PIQ, PS and Sl is independent variable and Al is moderating variable and OPD is the
final dependent variable. The survey items were translated and re-worded in
Bangladeshi. ltems were recorded in a 5 scale Likert scale, scored 1 for “strongly
disagree” to 5 “strongly agree”. We pre-tested the questionnaire to some respondent
to understand if it is appropriate for students and older persons or not for its clarity as
well as relevance among a sample of three senior management and academic faculty.
We slightly revised the items to clarify them based on their feedback. The purpose of
the pretest was to ensure that the survey instrument read in context and made sense

and everyone is understanding what they are doing and which form they are filling up.

3.4. Sampling and Data Collection

More than 400 individuals were initially approached for the survey (the majority of
them being students from UIU and Dhaka University). We selected these university
students, who have a knowledge of digital tools and online shopping habits that is
relevant to this study. Responses were cleaned before analysis and if a respondent
provided incomplete or unreliable response the final respondent list is 326 after the
cleaning of data so n = 326 was used in the analysis. The data were gathered in the
November 2025 to January 2026 and 80% response rate. A stratified random
sampling was employed to approach a representative sample in terms of gender, age,
education and marital status. We conducted a survey via an online platform like google
form to make access of respondents easy and we can have a ready dataset for further

analysis.

3.5. Data Analysis Plan

Due to “not large sample size,
SEM (Partial Least Squares Structural Equation Modeling) using SmartPLS 3.2.8, the
program created by Christian M. Ringle, Sven Wende, and Jan-Michael in 2005.

non normal data” and “complicated models,” PLS-

Despite the fact that PLS-SEM is commonly used in quantitative studies of small
sample data and non-normal distribution, it is able to model complex relation. While
traditional methods focus only on measured variables, PLS-SEM enables researchers

to examine the relationship between observed (measured) and unobserved (latent)
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variables. Besides, PLS -SEM has an advantage of being able to directly account for
mediator effects within the model. Two steps in the data analysis were conducted,
which included the measurement model that measures latent variables and a
structural model to test research hypothesis using path analysis. Reliability and validity
of a measurement model were checked using Cronbach's Alpha, Floating Reliability
(CR) and Average Variance Extracted(AVE). To test the hypotheses, path coefficients,
t-values and p-values were analyzed in addition to bootstrapping for assessing the

significance of path coefficients (5000 resamples).

3.6. Limitations

The study has some limitations despite its merits. Given that the study is cross-
sectional, causal relationship would not be inferred because data was collected at a
single window in time. The study is self-reported and we have to think about bias.
However, we have tried to reduce this bias by using an anonymous participant and
discussing the questions in different ways. The sample in the study from UIU and
Dhaka University could represent for generalization to some extent outside of this
particular area, as it has a local flavor. Future works may encompass longitudinal

studies, other populations and the impact of Al in different cultural contexts.
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CHAPTER IV: RESEARCH FINDINGS & ANALYSIS

4.1. Profile of Survey Respondents

The most participants of this study were the students from two prestigious universities
located in the capital city Bangladesh (Dhaka) namely United International University
(UIU) and Dhaka University (DU). Profile of the respondents This subsection presents
profile characteristics of the sample, as evidenced by gender, age bracket, marital

status and education levels.
4.1.1 Gender Distribution

The majority of subjects (n = 229; 70%) were male. This large majority reflects many
institutions of higher learning in Dhaka where the proportion of males are prevalent
as participants in technical and professional courses. female participants were 97 (30
percent) could be contacted. Even though the number of female participants is small,
their contribution undeniably important as they offer different perspectives towards
factors that might influence Online Purchase Decisions (OPD) within Al and artificial

space.
4.1.2 Age Group Distribution

The accompanying age breakdown of respondents to the survey shows a young, web-
savvy population, and online shopping is heavily skewed towards students that
actively engage with technology. The categories of age were: 18-27 years old the
most frequent age group 237 (73%) of the individuals. They are mostly
undergraduates, and many of them work on technology and e-commerce
programmers. 54 people (17%) were in the age range of 28 — 37 these people are
mostly who have graduated and are currently is job sectors. Those two people groups
are probably recent grad students or young professionals. Their paricipation
suggests broader interest on how Al-based decision support influences purchasing
behavior other groups which older students are not aware of. Participants aged 38 to
46 years (6.4%). These might be people who are a bit farther along in their careers,
and perhaps balancing further education with a new job. A glimpse of how decision-
making happens in these young sensitives could even tell us more about the
decisions of higher human deciders, too. 12 participants (4%) response were in 48-57

years age. This is a small cohort, but it offers an interesting counter perspective on
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the impact of A.l. on purchase decision making for midcareer professionals. The
lowest count (2 individuals, 1%) was in the age range of 58-65 years. As small as this
age class is, it has the potential to offer some intriguing clues about how Al tools are
being adopted at older ages and how online shopping habits among that generation

may be changing.
4.1.3 Marital Status Distribution

It also considered the marital status of the informants for reflecting upon how one’s
personal life might influence behavior on online shopping the majority 229 respondents
(70%) were unmarried. This is because a majority of the respondents are students
and/or junior staff, and hence probably not married. Thirty percent (n = 97) were
married. Further, the inclusion of married participants allows us to contribute
knowledge in terms of family indebtedness and husband and wife’'s provider

relationship affecting online buying behavior.
4.1.4 Education Level Distribution

Education was different in the respondent groups that reflects the variation of
academic carriage of UIU and DU students; The majority of the students were
graduate (n=221; 65%). It's for those who have graduated and are off to grad school
or into the real world. The students who have completed their education are assumed
to be digitally literate and direct users online. 86 participants (26%) were postgraduate
students. This is the segment that these people even with a great education more
closely work or come into touch/employ Al in their daily life (either academically or
professionally). Diplomas were recorded in only 21 (6%) of the specimen. These are
the very people that as technical/vocational type of guys and they were approaching
research involvement with hope of practical knowledge/applied technology. The
"Other" category includes 8 (2%) of the responses and may be related to students in
other non-degree/shorter courses / programs or specialization tracks. Contributing to
the diversity of perspectives, particularly around digital literacy and its impact on

online purchasing behavior in this work is due to this heterogeneity.
4.1.5 Overall Respondent Profile Summary

The majority of the sample comprised students from two reputable universities (i.e.,

UIU and Dhaka University) located in Dhaka, Bangladesh. There was a strong male
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preponderance (70%) and most of the patients were young adults (73% were younger
than 28 years). The majority of respondents were single (70%) and had received an
academic education (65% graduate, 26% postgraduate). This category consists of
Tech-harnessing, digital natives (e-consumers) who are considered well fitted for
discussing the effects of Al-driven decision process in an online context. Age, as well
as education and marital status diversifying gives better insight into young consumers

attitudes toward the adoption of Al and e-commerce.

Table 1 Demographic Profiles of Respondents

Characteristic Category Frequency Percentage
Gender
Male 229 70%
Female 97 30%
Total 326 100%
Age Group
18-27 237 73%
28-37 54 17%
38-47 21 6%
48-57 12 4%
58-65 2 1%
Total 326 100%
Marital Status
Married 97 30%
Unmarried 229 70%
Total 326 100%
Education Level
Graduate 22 65%
Diploma 21 6%
Post Graduate 86 26%
Others 8 2%
Total 326 100%

4.2. Measurement, Validity, and Reliability of Data

The measurement fit of the present study was examined for indicator reliability,
internal consistency, convergent validity and model fit (Table 2). Measurement Model
Evaluation. Indicator validity was checked with the outer loading of the measurement
items relative to each latent construct. Measurement items’ absolute-outside loadings
(i.e., intertextual correlations) should exceed the threshold line of 0.50 with

established guidelines; ideally, they fall on that line between robust indicators at 0.70
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and strong indicators at 0.90. All measurement items used in the present study were
greater than 0.50, with loadings ranging from (0.923-1.006), all of which reflected
strong indicator reliability. For Perceived Product Information Quality (PIQ),
respondents’ loadings PIQ1 to PIQS5 ranged from 0.938 to 0.999, Price Sensitivity (PS)
respondents’ loadings PS1 to PS5 ranged from 0.912 to 0.997; Social Influence
respondents’ loadings SI1 to SIS ranged from 0.923 to 1.006, Al-Driven Decision
Support respondents’ loadings Al1 to Al5 ranged from 0.924 to 0.944, Online purchase
decision a ranged between 0.939 and 0.0948; All loadings were above 0.90, indicating

the high reliability of the measurement model and leading to no item deletions.

Table 2. Measurement Model Evaluation

Construct Items Loading Range AVE Alpha CR R Adj R?
Perceived Product Information Quality PIQ1— PIQ5 0.938-0.999 0.935 | 0.986 | 0.986
Price Sensitivity PS1—-PS5 0.912-0.997 0.931 | 0.986 | 0.985
Social Influence Sl1-8I5 0.923-1.006 0.931 | 0.985 | 0.985
Al-Driven Decision Support Al1—AI5 0.924-0.944 0.878 | 0973 | 0.973 | 0.683 | 0.680
Online Purchase Decision OPD1—OPD5 0.939-0.948 0.892 | 0976 | 0.976 | 0.812 | 0.809

Construct internal consistency was assessed by Cronbach’s Alpha and Composite
Reliability (CR). For reliability Cronbach's Alpha is supposed to be more than 0.70
(acceptable) and CR needs to be usually greater than 0.70 for construct Reliability. In
the present study, Cronbach's Alpha was very high, ranging from 0.973 (Al) to 0.986
(P1Q) and was higher than the recommended minimum value of 0.70 that expresses
excellent internal consistency (Table 2). There are also CR values between 0.973 and

0.986, which reflected the good stability and reliability of scales for all constructs.

Convergent validity was tested through the AVE, with an acceptability higher than 0.50
reflecting that the latent factors explain more than 50% of the variance related to its
items .The AVE values of all constructs were higher than the cutoff point, PIQ(AVE:
0.935), PS(AVE: 0.931) SI (AVE: 0.931), SA (AVE: 878) and OPD (AVE: 892). This
indicates that a substantial amount of variance in the indicators mediated by the

constructs is explained by the constructs, thereby confirming convergent validity.

The model’s predication ability for the endogenous constructs (DV) was appraised
using R? values. An R? of 0.10 is typically interpreted as moderate, whereas one
greater than 0.25 indicates a substantive effect. In this study, R? of Al-Driven Decision
Support (Al) was 0.683 and for OPD (Online Purchase Decision) it turned out to be
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0.812 implying that it has good explanatory power as it explains significant share of
variance in OPD. To be more precise, to better interpret the prediction, an Adjusted
R? of predictors was calculated. The Adjusted R? in the present study were 0.680 for
Al and of 0.809 for OPD, which indicated that the model explains a significant amount
of variance in constructs. The adjusted R? indicates that the predictive value of the

model is high and sufficiently high, considering complexity as well.

4.3. Discriminant Validity Assessment

The constructs of the research model were examined with respect to measurement
invariance. To test this, three tests of convergent validity were applied: the Fornell-
Larcker Criterion, Heterotrait-Monotrait (HTMT) ratio and Cross Loading Analysis.
The implementation of multiple approaches in this paper offers robust convergence
evidence that the measure differentiates well between constructs — critical for valid
findings in further structural analyses. Of these, the Fornell-Larcker Criterion is a well-
known practice to assess discriminant validity in structural equation modeling.
According to this approach, the square root of AVE for each construct could exceed
that highest correlation with any other constructs in the model. This ensures that every
construct shares more variance with its own indicators than the other constructs,

hence is distinguishable.
4.3.1. Fornell-Larcker Criterion Analysis

In the present research, discriminant validity was examined by the FT through
Fornell-Larcker criteria and results are shown in Table 3. Fornell-Larcker Criterion.
Values on the diagonal in the table are square root of AVE for each construct. These
diagonal values should be the higher of the off-diagonal correlations as the factor is
intended to have been already correlated. The values in the diagonal of table 3 in bold
are AVE for each construct and always higher than the correlations between
constructs (off-diagonal value in their respective row/column). For example, the
square root of AVE Al-Driven Decision Support (Al) is 0.937, which is greater than
correlations with Online Purchase Decision (OPD: 0.891), Perceived Product
Information Quality (PIQ: 0.565), Price Sensitivity (PS: 0.445), Social Influence (SI:
0.415). Similarly, the AVE of OPD is 0.944 as well is more than all its correlation with
other corresponding constructs such as Al is 0.891 and PIQ is 0.557. This holds for
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each and every construct of the model, providing strong support to discriminant

validity according to Fornell-Larcker criterion.

Table 3 Fornell—Larcker Criterion

Construct Al OPD PIQ PS |
Al-Driven Decision Support: Moderating Variable 0.937

Online Purchase Decision: Dependent Variable 0.891 | 0.944

Perceived Product Information Quality: Independent Variable 0.565 | 0.557 | 0.967

Price Sensitivity: Independent Variable 0.445 | 0.439 | 0.012 | 0.965

Social Influence: Independent Variable 0.415 | 0402 | -0.014 | 0.019 | 0.965

The minimum square root AVE should be larger than the inter-construct correlations.
However, in the present study, all constructs meet this requirement and hence
establish discriminant validity. It is also recommended that, the correlations between
the constructs, to be not higher than 0.85 (which confirms discriminate validity). Table
3, demonstrates that interactions between the constructs are far from being as high as
0.85, which provides evidence that the construct measures are empirically distinct

and indicates that the measurement model is valid.
4.3.2. Heterotrait-Monoftrait (HTMT) Analysis

The HTMT ratio (Heterotrait-Monotrait) is a newer, restricted indicator of discriminant
validity. It is the ratio of the between-construct item correlations (heterotrait-
heteromethod) to within-construct item correlations (monotrait-heteromethod).
According to Henseler et al. (2015) and HTMT No greater than 0.85 signifies the
problem of discrimination validity which could lead to conceptual overlap. My
(heterotrait-monotrait) were also assessed to examine if the constructs can be
differentiated. Table 4 The fragment is for the pair of constructs the ratio is calculated
of HTMT substituted into.

Table 4 Heterotrait-Monotrait (HTMT) Ratio

Construct Al OPD PIQ PS Sl
Al-Driven Decision Support. Moderating Variable

Online Purchase Decision: Dependent Variable 0.891

Perceived Product Information Quality: Independent Variable 0.565 | 0.556

Price Sensitivity: Independent Variable_ 0.445 | 0.438 | 0.020

Social Influence: Independent Variable 0.414 | 0.402 | 0.020 | 0.024
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As shown in Table 4, all these values are far below the threshold of 0.85 indicating
that relevant constructs are empirically distinct. For example, HTMT of Al-Driven
Decision Support (Al) with twelve or Online Purchase Choice (OPD) is 0.891 which
exceeds the recommended level of 0.85. However, the sample size is also acceptable
as the relationship between Al and OPD can also reflect a direct effect of Al tools on
purchase behaviors, and it is natural to have some overlapping in them. HTMT index
for Perceived Product Information Quality (PIQ) and Online Purchase Decision (OPD)
has HTMT value of 0.556 less than below the threshold's lower range [threshold value
= 0.85] HTMT index between Price Sensitivity (PS) and Online Purchase Decision is,
which has an HTMT value of 0.438 which is also within bounds defined be their

greater than threshold.

Furthermore, the HTMT of Sl and OPD is 0.402, which is also less than the threshold
value of 0.85. These HTMT scores that is between PIQ, Sl is 0.020 and PS, Slis 0.024
demonstrates very low correlation having another proof of discriminant validity among

the measurement models respectively.
4.3.3. Cross-Loading Analysis

The construct discriminant validity was tested to enhance the understanding of
unigueness among constructs in research model. Cross-loading etc. was one of the
techniques that we used to analyses them (which technique involves calculating
multiple of these with cross loading, and taking product or pairwise multiplication at
some stage) where we calculate a correlation between an item to all constructs in a
model. Discriminant validity is evidenced by ensuring that items load more highly on
their intended construct (rather than all the other constructs) to avoid the cross loading
of an item on two constructs being able to reduce the unique variance of a latent
variable. In this study, for the minimum level of loading threshold we have set greater

than 0.50 and another construct should be lower than build or factor.

Table 5.Cross Loadings of Measurement ltems

Construct Al OPD PIQ PS Sl
Al1 0.941 0.840 0.530 0.431 0.377
Al2 0.924 0.834 0.524 0.397 0.373
Al3 0.937 0.825 0.522 0.424 0.414
Al4 0.944 0.845 0.519 0.436 0.385
AlS 0.941 0.832 0.554 0.398 0.394
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OPD1 0.848 0.948 0.515 0.430 0.377
OoPD2 0.847 0.947 0.528 0.400 0.391
OPD3 0.830 0.939 0.523 0.429 0.375
OPD4 0.845 0.948 0.541 0.412 0.384
OPD35 0.837 0.939 0.521 0.400 0.392
PIQ1 0.529 0.523 0.938 0.005 -0.031
PIQ2 0.544 0.543 0.968 -0.002 -0.024
PIQ3 0.555 0.540 0.976 0.017 0.001
PIQ4 0.566 0.555 0.999 0.020 -0.011
PIQS 0.538 0.532 0.953 0.016 -0.002
PS1 0.443 0.428 0.002 0.985 0.048
PS2 0.404 0.402 -0.016 0912 0.024
PS3 0.414 0.416 0.006 0.939 0.003
PS4 0.449 0.432 0.038 0.997 0.000
PS5 0.437 0.437 0.024 0.989 0.016
s 0.415 0.386 -0.008 0.017 0.981
Si2 0.379 0.375 -0.025 0.031 0.923
SI3 0.400 0.391 0.000 0.007 0.969
Sl4 0.415 0.407 -0.003 0.037 1.006
SIS 0.390 0.380 -0.032 -0.001 0.943

The results in Table 5 indicates that each Cross Loadings of Measurement ltems
measurement item has high loading to its factor construct which indicate the validity
of single factor/discriminant. Al1 is highest on Al (loading: 0.941) and lower for OPD
(0.840), P1Q (0.530), PS (0.431) and SI (0.377). Also, regarding the loadings, all others
are higher than that of OPD (Al: 0.848), (PIQ: 0.515), (PS: 0.430) and SI (OPD1: 377).
The PIQ1 has the highest loadings on perceived product information quality (P1Q)
construct of 0.938, and exceed its effects constructs, Al; 0.529, OPD: 0.523. These
loading indicate that items of constructs are valid and reliable. Likewise for Price
Sensitivity (PS), PS1 crosses high load on its own factor, but low loadings on others
Al: 0.443, OPD: 0.428, SI: 0.048. While SI1 was the most heavily loading on Social
Influence SI: 0.981, it was also a significantly weaker loader on other constructs such
as Al (0.415), OPD (0.386) and PIQ (- 0.008).

This finding shows that our measurement model is stable and have discriminant
validity if each indicator has a stronger loading on the corresponding factor than
others. The motivation for retaining the specification of each coefficient for latent

variables in different dimensions, is also that these do not load on other constructs.
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4 4. Assessment of Structural Model
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Figure 2 Standardized results of the SEM calculations.

The structural model results are presented in Figure 2 with the values of standardized
path coefficients and R?. The model was estimated through SmartPLS 3.2.8 and the
significance of hypothesized paths were examined using bootstrapping method with
5,000 samples widely-recommended to ensure robust and reliable inference in PLS-
SEM. The analysis of the structural model focused on testing path weights (b), t-
values, p-values and coefficients of determinations (R?) to determine direction,
strength and significance of relationships between constructs. As a guide, b-
coefficients of 0.10 or greater are indicative that meaningful influence has been
exerted while t-values need to surpass 1.96 (at p<0.05 level), and the obtained p-
value must be less than 0.05 in order for the result to be declared as statistically
significant. Reported results indicate that all structural paths in the model surpass
these thresholds, and therefore all of our hypotheses are supported. Furthermore, the
relatively acceptable to strong (between 0.5 and 0.70) explanatory power or R? of
Model Al-Driven Decision Support as well as online purchase decision at R? of 0.683
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for Al-Driven Decision Support & 0.812 for online purchase decision, respectively in
the Al usage investment level by shopping mode-LCM which is more than the criterion
threshold of explanation 0.25. The corresponding Adjusted R? statistics (0.680 for Al
and 0.809 for OPD) also indicate the importance and predictive validity of the model
after adjusting for differences in model size. The standardized SEM coefficients that
Figure 2 depicted excel in terms of good predictive power and large explanatory
power, as can be inferred from the fact that Perceived Product Information Quality,
Price Sensitivity and Social Influence with Al-Driven Decision Support served to
explain Online Purchase Decisions. The high path coefficients, significant R? values
and good effect sizes together, imply that the structural model is robust enough to

explain consumer decision making in an Al empowered online shopping environment.

4.5. Hypotheses Testing (Direct and Indirect Relationships)

Table 6 presents the direct effect hypotheses findings, and standardized path
coefficients as well as t-values were calculated with the PLS bootstrapping method
since it counts on 5,000 repeats (subsamples), which is suitable for assessing the
robustness of path coefficients under statistical theory. A 95% confidence interval was
used to test the significance of the p-value which is an inferential statistic commonly
employed in social science research to confirm that there is a relationship between
variables. The path coefficient is presented in this table to test hypotheses and

establish the relationships between variables.

Table 6. Structural Model Results (Hypothesis Testing)

Std.
Hypothesis Relationship Std. Error t-Value p-Value Decision
Beta (B)

H1: Perceived Product Information
Quality (PIQ) positively influences PIQ — OPD 0.186 0.034 5.552 0.00 Supported
Online Purchase Decision (OPD).
H2: Price Sensitivity (PS)
negatively influences Qnline PS — OPD 0.142 0.033 4.264 0.00 Supported
Furchase Decision (OFPD).

H3: Social Influence (S!) positively
infiuences Online Purchase Sl — OPD 013 0.032 4106 0.00 Supported
Decision (OPD).

H4: Al-Driven Decision Support
(A strengthens the effect of
Perceived Product Information PIQ —Al — OPD 0.651 0.039 16.816 0.00 Supported
Quality (PIQ) on Online Purchase
Decision (OPD).
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H5: Al-Driven Decision Support

(Al) weakens the negative effect of

) o ) PS —Al— OPD 0.422 0.033 12.778 0.00 Supported
Price Sensitivity (PS) on QOnline
Purchase Decision (OPD).
H6: Al-Driven Decision Support
(A strengthens the effect of
Sl —Al — OPD 0.406 0.034 11.976 0.00 Supported

Social Influence (SI) on Online
Furchase Decision (OFPD).

Hypothesis 1, Perceived Product Information Quality had t-value 5.552, where p-value
is 0.000 and Std. Beta (B) is 0.186. This variable is significant for online product
purchase in a study on the relationship, so the null hypothesis can be rejected.
Therefore, we would propose that perceived product information quality will predict the

intention to purchase products on line.

Hypothesis 2, which states that Price Sensitivity should be inversely related with OPD,
the Std. Beta (B) for this is observed to be 0.142 (t = 4.264, p= {0.00} <.01). As such,
this relationship is meaningful and the null hypothesis can be rejected. It says that the

price conscious will be discouraged from adopting something.

Hypothesis 3, (Sl) would be a positive predictor of OPD was also accepted (B = 0.130,
t = 4106; p < 0.01). It implies the importance of social influence factors in online
buying decisions (such as peers and social media recommendations). The t-value
4.106 also exceeds the critical value (1.96) by at least one level of significance and

this relationship is therefore statistically significant with p-value 0.00.

Hypothesis 4, we hypothesized that the relationship between P1Q and OPD would be
moderated by Al-driven decision support (Al). The result demonstrated the presence
of a positive and highly significant path coefficient (B = 0.651,t = 16.816, p < 0.01),
which implies Al tools could enhance the influence of product information quality on
online purchase decision. This supports H4 and indicates the importance of Al in
enhancing consumers’ confidence in product information. The t-value=16.816 is
greater than the critical value indicates a very good relationship and the p-value of

0.00 confirms the statistical significance.

Hypothesis 5, was similarly supported because the PS coefficient toward Al-Driven
Decision Support was significant (B = 0.422, t =12.778, p<0.01). This argument
provide evidence that Al tool may prevent price sensitivity harm, force consumers to

exhibit more positive willingness to purchase conductance under the divergent
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configurations purchase despite difference in prices. The value of t = 12.778 is way
larger than the critical values i.e.,1.96 hence there is much stronger relation existing

between both variables! Statistical significance is also indicated by a p-value of 0.00.

Hypothesis 6, Interaction effect of Al driven decision support (Al) Social Influence (Sl)
on OPD. The result was also significant (B = 0.406,t = 11.976, p < 0.01), which further
confirmed that by customizing purchase recommendation in social dimensions for the
online retailers, Al tools enhance the effectiveness of social impacts on purchase
decision making in the context of online shopping. t =11.976 is also larger than the

cut-off and p =. 00<.05, which mean Hypothesis 6 is accepted.

Please note that all the direct impact hypotheses are not rejected and the standardized
path coefficients are higher than 0.10 to show significant effects because t-value
greater than 1.96 and p-value smaller than 0.05 as recommended for a significance
effect. These results confirm the model paths to be statistically significant, meaning
that Perceived PIQ, PS Sl and Al each influence OPD. The fit as well as the predictive
power of the model is further supported, certainly also confirming that structural

relations and Al tools moderate these relationships.
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CHAPTER V: DISCUSSION

5.1 Conclusion

We examined impact of Al-Driven Decision Support about consumer behavior and
OPD of small and medium enterprises (SMEs) in Bangladesh (Madanchian, 2024,
Sanchez et al., 2025). The study was sought to find out how Al technologies, such as
those that assist consumers in shopping online (e.g., personalized recommendations,
chatbots or some other type of decision-support tech), affect the way people make
purchase decisions online (Yin et al., 2025; Pham, 2025). Secondly, the mediation
effect of all three independent constructs — perceived product information quality
(P1Q), price sensitivity (PS) as well as Social Influence (Sl) on Al and its influence on
online purchase was also studied (Dang & Pham, 2024, Dixit, 2025). The six (H1-H6)
prediction hypotheses are experimentally tested by means of Partial Least Squares
Structural Equation Modeling (PLS-SEM) and the contributions entail worthy insights

into the connections between these entities (Yin et al., 2025).

The influencing factors of PIQ and Sl on OPD According to the results in Table 5, the
influence of PIQ and Sl on OPD was statistically significant (Table 5) positive (Flavian
& Ibafez Sanchez, 2023; Chakraborty, 2025). That is to say, when consumers believe
that the information of products is true and are sufficient, or has relevance there, they
will be affected by their peers' opinion upon pretty much so as to compare it with their
skills in using Social Networking Service and so forth will exert purchase e decision
strong influence (Pham, 2024; Zhao & Liao, 2024). PS had a negative impact on OPD
so that customers were likely to buy although the price was too high or if the
consumer’s sensitivity for differences in price was too high (Rajesh, 2024; Banerjee
& Shankar, 2024).

A significance a moderation of Al-Driven Decision Support was one of the most
important results from study (Dixit, 2025; Wang, 2025). Al also moderated the impact
of PIQ and Sl on OPD, implying a potentially strong effect of Al tools (personalized
recommendations, smart filters etc.) in strengthening the purchase decision when high
guality personal information and peer influence is generated (Yin et al., 2025; Pham
& Datta, 2024). In addition, Al moderated PS's negative effect on OPD, suggesting
that the use of Al tools mitigates the barrier due to price sensitivity, and thus customers

are more willing to buy in despite the price concern (Madanchian, 2024; Rajesh,
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2024). This study contributes to the existing literature on Al and consumer behavior,
especially in SMEs at Bangladesh (Bawack & Kamdjoug, 2022; Sanchez et al., 2025).
It highlights potential for Al-enabled tools that could improve the online shopping
experience, and influence consumer decisions (Wang, 2025; Dixit, 2025). Implications
For SMEs in Bangladesh, though it operates in a competitive e-commerce market with
very quick changes, the implication of this study is illuminating (Nuryanto et al., 2025;
Ayinaddis & Akpan, 2025). By leveraging Al, small businesses can deliver better
product information, tailor shopper experience to meet customer needs, and harness
the power of social proof to drive up conversion and overall satisfaction (Yin et al.,
2025; Li et al., 2025).

However, there are a few limitations in the current study. The sample were
predominantly students and young adults, particularly from UIU, Dhaka University
(DU), not necessarily reflecting the broader consumption population in Bangladesh.
For future research, the sample size could be broadened to include more participants
of working age and older in work situation as well as other types of socio-economics.
Additionally, the current study was cross-sectional in nature and hence conclusions
cannot be drawn regarding casual relationships (Dixit, 2025). It is possible that a
longitudinal study may be required to gain insights into the emergence of Al-
supported decision support and its impact on long term consumer attitudes (Dang &
Pham, 2024). Moreover, considering that this study is not only a sampling on the e-
commerce sector of Bangladesh research in other sections may be implemented or to
examine how Al influence online purchase decision in neutral area (Wang, 2025).
Understanding how Al tools are being used in other industries such as fashion,
electronics and groceries could enable businesses to embrace differences in the way

Al is leveraged between industries (Madanchian, 2024; Bawack & Kamdjoug, 2022).

5.2. Theoretical Contributions

The contribution of this study can be categorized as using Al in SMEs and especially
has been considered in a country like Bangladesh where digital economy is
flourishing but using Al for operation of business by SMEs, is in beginning stage
(Sanchez et al., 2025; Ayinaddis & Akpan, 2025). There are practical implications of
these results to the owner/managers in SMEs wanting to adopt Al within their firms

(Nuryanto et al., 2025). This study also stimulates the emerging literature on Al and
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SME, as well as its potential in digital transformation by investigating how an Al-
enabled decision support system could improve customer decision-making and sales
transaction (Bawack & Kamdjoug, 2022; Madanchian, 2024).

The study can both theorize and provide implications about the role of Al in other
industries and other countries (Dixit, 2025; Wang, 2025). The framework might also
be able to generalize to other domains (e.g., healthcare, finance, education), for that
is where you are most likely to find Al tools that help consumers choose better and
firms that come out with innovative services (Dang & Pham, 2024). It also claims
attention as to how Al meets with other recent technologies (such as big data
analytics and accounting or loT) and converges further to exploit SMEs in the digital

economy (Madanchian, 2024).

If a SME not using Al they lose that fight with relevance when such an unstable
industry type-of setting; SME’s better see how important adopting Al really is if they
are looking to improve their customer relations quality stands or their design process
efficiency and ideation something innovative cause as now most Al is suggesting the
items and things necessary to run business and for the customers Al is suggesting
also it can give verdict about what should be bought to solve this problem (Yin et al.,
2025; Pham, 2025). So, to enhance the customer experience SME’s need to
implement Al and Al might help to increase the sell in the near future (Ratner et al.,
2025).

5.3 Managerial Implications for SMEs in Online Shopping

From a managerial perspective, research findings further emphasize the urgency of
utilizing Al adoption for SMEs’ survival and competitiveness in today’s more dynamic
digital landscape (Sanchez et al., 2025; Ayinaddis & Akpan, 2025). SME-managers
must to go some way in seeing the value of Al is not just improved decision
engineering for consumers, but as better overall operational effectiveness
(Madanchian, 2024). By leveraging cutting-edge Al in marketing, sales and customer
service functions; here are the benefits SMEs could unlock: Improved customer
experience, brand retention Can achieve higher level of satisfaction and loyalty

Increase customers retention (Ratner et al., 2025; Beyari, 2025).

This research also serves as a reminder of the need for continued investment in A.l

tools and talent (Bawack & Kamdjoug, 2022). SMEs managers are encouraged to

~ A7 ~



invest in further investigations on the complete Al based decision support tools and
possible uses of them on e-commerce systems (Yin et al., 2025). Teaching staff how
to harness Al effectively can bring better customer interactions, smarter decisions and

more operational efficiency (Pham, 2025).

Al suppliers and SME collaboration is also key to the development of Al-enabled
solutions Reflecting SME needs — allowing businesses in this sector to utilize data,
compete and grow in their market which has become common on IT based firms
(Nuryanto et al., 2025). And, naturally, businesses have to be mindful of the ethical
minefield of using Al (Lee & Kim, 2024, Patil & Sen, 2025). As we continue to see Al
tools developed, we need to be sure that their use remains safe and ethical in order
maintain consumer confidence (Dang & Pham, 2024). Enterprises have to champion
the cause for ethical Al practices, which involve consumer privacy in data, and fairness

and transparency of Al recommendations (Lee & Kim, 2024).

Also, industry and politicians should straighten to create the regulations that it takes
that balance advantages and opportunities provided by Al tools in e-commerce
(Madanchian, 2024). A framework for the legal regulation of the introduction of artificial
intelligence systems in small and medium-sized enterprises to avoid risk of data
privacy and algorithmic bias, while enabling SMEs to use Al tools for business as well

as consumers (Bawack & Kamdjoug, 2022).

5.4. Limitations of the Study

While this study shares some interesting findings (for example about how Al-based
decision support influences consumer behavior and online purchase decisions (OPD)
in the context of SMEs among Bangladesh), it has several limitations (Dixit, 2025;
Dang & Pham, 2024). The main survey also has some limitations, since its incidence
level is high as students from UIU and Dhaka University were mainly launched to
consider in the sample which may not fully represent masses in our country and also
outside countries. And, because students are 87% more likely to be digitally native
and used to e-commerce than the average consumer, this could create a tech-savvy
anti-audience bias (Pham, 2024).

Second, the study was conducted in one country only i.e. Bangladesh which may
have its own peculiarities in terms of digital ecosystem/market and consumer behavior

(Sanchez et al., 2025). There is a room for additional research that would be helpful
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with cross-country study to investigate the impact of Al based decision support on
output markets regarding other countries have digital economy mature like USA, UK,

and also in other Asian Countries etc (Madanchian, 2024).

Also, the moral implications of decision support for Al are not discussed in this study
(Lee & Kim, 2024). Al tools can boost consumer engagement, but so too must privacy,
data security and algorithmic openness (Patil & Sen, 2025). There could be more study
of the ethics of using Al — how companies can maintain a balance between innovation

and safety for consumers (Dang & Pham, 2024).

5.5. Future Directions for Research

Given the cross-sectional design of the present work, it cannot be concluded that
relations at one time drive these results (Dixit, 2025). While this is important for a
baseline, longitudinal research is necessary to demonstrate how consumer's behavior
and the Al tools influence each other over time (Dang & Pham, 2024). A longitudinal
approach would also provide greater insight into the overall stability of our findings
over time, including how Al advancements impact consumers’ online shopping

decisions throughout several years (Wang, 2025).

Second, we focus only Al-enabled decision support and not how the other emerging
technologies (such as big data analytics, internet of things (loT), or blockchain
technology) could be integrated with tools that are based on Al (Madanchian, 2024).
In the future it can be further investigated how these technologies combined make the
consumer decision process and efficiency in SMEs better as a more holistic solution
(Bawack & Kamdjoug, 2022).

Future research might also consider the ethical and sustainability dimensions of Al
adoption as organizations attempt to utilize the technology in a responsible yet highly

effective manner in a digital market place (Lee & Kim, 2024, Patil & Sen, 2025).

5.6 Recommendations

Following the results of the present research, one can offer several suggestions to
Small and Medium-Sized Enterprise (SMEs), the managers working in the e-
commerce platforms, and future researchers to help using Artificial Intelligence (Al)-
based decision support systems to exert greater influence on consumer online

purchasing choices.

~A4Q ~



First, SMEs are advised to look into the possibility of incorporating the Al-powered
decision support apparatus on their online platforms that will enhance the customer
experience and assist customers in making a choice. The use of technologies like
recommendation systems, chatbots and personalized suggestions of products can
assist consumers to effortlessly discover products that suit their likes. Such systems
have the potential to save time and effort that consumers spend to find products, which
will increase the chances of buying products (Davenport, Guha, Grewal, and
Bressgott, 2020).

Secondly, SMEs need to work on the quality of information they give regarding the
product online. Detailed, correct and clear product description, quality reproduction
and specification, and customer feedbacks can go a long way in helping the consumer
make a purchase. It is also possible to organize and personalize product information
with the help of Al tools in order to provide consumers with the most relevant
information based on their interests and search behavior. The study of product
information has indicated previously that the quality of product information has a
positive effect on the consumer confidence and purchase intention in online business
(Filieri, 2015).

Third, companies must also be keen in the way they make use of pricing strategies to
deal with sensitivity on price by the consumers. Most online buyers would shop around
different sites and SMEs ought to use competitive prices, promotion and value pricing
strategies. Al technologies may help the business to examine market data, consumer
demand, and competitor rates in a bid to maximize pricing choices and enhance

competitiveness in the market (Huang and Rust, 2021).

Fourth, SMEs must also promote and regulate customer reviews and social
interactions eagerly because social influence is an influential factor in internet
purchase experiments. The willingness to encourage the satisfied customers to record
positive review and feedback will enhance trust among the prospective purchasers.
The systems based on Al can also notice hot products, top-rated products, and
recommendations depending on social trends and provide them. In the e-commerce
platform, studies have indicated that online reviews and social influence have a
serious impact on the consumer trust and the consumer purchasing behavior (Cheung
and Thadani, 2012).
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Fifth, companies are to invest in digital training and technological advancement to
make sure that employees and managers know how to successfully apply Al
technologies to the process of e-commerce operation. Digital literacy and
technological capability can also enhance the maximization of the benefits brought by
the use of Al-driven systems and operational efficiency of SMEs (Brynjolfsson &
McAfee, 2017).

Lastly, this study can be extended in the future by the researchers through
incorporation of more variables, increased sample sizes, and against geographical
area. The elements that may be subject to further studies include consumer-related
trust, usability of websites, quality of the delivery services, and payment security to get
a better picture of the consumer behavior within the context of Al-based e-commerce
goods. The expansion of the research into other settings will serve the purposes of
offering a more detailed insight into how Al technologies could affect consumer
decision-making (Verhoff et al., 2021).

With these recommendations, the SMEs will be able to enhance their competitiveness
on the digital market, increase customer satisfaction, and use Al-based technologies

to a better extent to impact consumer online purchases.
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APPENDIX A

Independent Variables (IVs)

PIQ (Perceived Product Information Quality)

These constructs measure the degree to which consumers perceive information about

products (i.e., descriptions, images and product details) offered at websites of good

quality.

@]

O

PIQ1: Product Information on online store is accurate and detaifed.

PIQ2: The platform provides enough information to evaluate the product
reasonably welf.

PIQ3: The good information helps me in becoming less unsure when
responding to choose trials.

PiQ4. The information of the product provided on the website is always up-to-
date and relevant about the product.

PIQb&; The amount of information provided about the product is adequate to

make my decision.

PS (Price Sensitivity)

We have a few questions to ask as to what respondents believe is the impact of

pricing on their product purchase process.

O

O

PS1: 1 cross-shop and compare prices on more than one website before buying.
PS2: Slight price differences between similar products greatly affects my
choices in making a purchase.

PS3: 1 go out of my way to discover discounts, bargains or sales.

PS4: | always look for the lowest price when shopping, regardless of product
features.

PS5: The higher quality the better, | don't mind spending more but stiff price

keeping in mind

~B(EH ~



S (Social Influence)

These problems investigate on the impact of social evidence {Recommendation,

review and popularity in social media) on purchasing decision.

o SI1: 1 count on others’ fabulous ratings and glowing reviews to make purchase
decisions.

o SI2: I rely on social shopping data and product recommendations from social
media when deciding what to purchase.

o SI3:1rely on and value friend / family in choosing products to buy online?

o Si4: | feel more certain about purchasing a product that is preferred by many
others Agree Disagree.

o SIb: Friends and Family's suggestions greatly influence my purchases.

Moderating Variable (MV)

Al (Al-Driven Decision Suppori)

The next question bundle seeks to examine how Al-guided decision support tools
(e.g., recommendation engines, chatbots) are playing a role in shaping the consumer

s decisions:

o Al1: My purchases online are driven by these recommendation engines | test
out new Al based tools like chat bots to help me make purchase decisions
online.

o Al2: Al-based output is easy to read for human users.

o Al3: Itrust the recommendations that Al suggest

o Al4: I trust the decisions | make based on Al suggestions

o Al5: I think that Al contributes value to my shopping experience, as it makes it

more efficient.

~(7 ~



Dependable Variable (DV)

OPD (Online Purchase Decision)

What Are the Types of Questions to Evaluate Purchase Intent of a Shopper? These

guestions serve to establish that a consumer has an intent-to-purchase due to the

factors described above.

O

@]

OPD1: I wilf buy from this site.

OP2: Itis likely that | wilf shop here next time if | need a product, | have bought
from this website?

OPD3: | would prefer to do my end of sales shopping make purchases online
rather than in store.

OPD4: 1 am ready to make a purchase on this website right now.

OPDS5: | frequently purchase goods online.

~ (8 ~
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