
AI-Powered Personalization in Online
Shopping: Key Factors Influencing

Customer Retention

Vicha Panya, Prush Sa-nga-ngam and Adisorn Leelasantitham∗

Technology of Information System Management Division, Faculty of Engineering,
Mahidol University, NakhonPathom, Thailand
E-mail: vicha panya@outlook.com; prush.san@mahidol.ac.th;
adisorn.lee@mahidol.ac.th
∗Corresponding Author

Received 03 March 2025; Accepted 09 May 2025

Abstract

Customer retention is essential for the sustainability of retail businesses.
Particularly as digital technology and AI personalize online shopping expe-
riences. This study develops a consumer purchase behavior model for online
shopping by categorizing retention factors into two groups: physical (tech-
nology readiness, information availability, ease of use) and social (perceived
personalization and social norms). Personalization is shown to positively
influence customer relationships and retention. Data were collected from 410
respondents in Thailand who had experience using online retail platforms,
and the analysis was conducted using the PLS-SEM method. The findings
indicate that AI-driven personalization significantly enhances customer reten-
tion. Among all factors, ease of use exerted the strongest influence (β =
0.405, p < 0.05). However, the influence of social norms showed a negative
path coefficient (β = −0.110, p < 0.05), suggesting that some customer
segments remain socially hesitant in adopting such technology.
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To address these concerns, online retailers should clearly communicate
the security measures of AI-based shopping, especially regarding data pri-
vacy and protection. Strengthening trust in AI-powered personalization will
improve customer retention, enhance shopping experiences, and drive sales
growth.

Keywords: Consumer behaviour model, physical factors, social factors, per-
sonalize online shopping, AI-powered personalization, customer retention.

1 Introduction

The e-commerce market in Thailand has expanded rapidly during the
COVID-19 pandemic, as lockdown measures have prompted consumers to
turn to online services, such as ordering food and essentials online. Thailand’s
Business-to-Customer (B2C) and Business-to-Business (B2B) e-commerce
market was worth US$49 billion in 2020, up from US$33 billion in 2017.
Despite the expansion of online shopping, only 23% of the population made
purchases online in 2020, with 57% of online transactions conducted via
mobile devices. The three most popular product categories were travel (57%),
electronics (11%), and fashion (10%), respectively. Key factors driving the
growth of the e-commerce market include increased internet access, with
Thailand being the first country in Southeast Asia to offer 5G services since
2020; widespread smartphone adoption; and improved online logistics and
payment systems. It is estimated that by 2025, the internet penetration rate in
Thailand will increase from 75.1% in 2020 to 81.5%. In 2021, the number of
e-commerce users in the consumer goods group was 36.6 million, with a total
spending value of 18.97 billion USD or an average of 518 USD per person,
with 65.1% of users choosing to buy products via mobile phones. However,
after the COVID-19 situation, the growth of online retail platforms has
slowed down, although the overall e-commerce market still has a tendency
to expand continuously [1].

Note: As of January 2024, Thailand had 63.21 million internet users, with
an average mobile internet speed of 40.69 Mbps and fixed internet speed of
216.26 Mbps, while the number of active social media users stood at 49.10
million, including Facebook (49.10 million), YouTube (44.20 million), Tik-
Tok (44.38 million), Instagram (18.75 million), X (Twitter) (14.68 million),
LinkedIn (5 million), and Snapchat (0.615 million) [2].

Online retail platforms in Thailand are continuously evolving to
enhance the consumer shopping experience, with an increasing reliance
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on AI technology to customize shopping experiences according to per-
sonalization needs (AI-powered personalization) [3]. Various determinants
of online purchasing decisions in Thailand include the cash-on-delivery
option [4], interest-free installment option [5], click-and-collect option [6],
free delivery [7], next-day delivery [8], coupons and discounts [9], easy
returns [10], simple online checkout [11], social media “buy,” [12] loy-
alty points [13], “like” and comments on social media, live chat box,
customer review, competitions of e-commerce platforms, and eco-friendly
credentials.

This study has developed a consumer purchasing behavior model (CPB),
which categorizes the determinants of online purchasing decisions into two
primary groups: Physical Factors and Social Factors. Within Physical Factors,
Technology Readiness refers to the necessary infrastructure and support
systems, including cash-on-delivery (cash-on-delivery option), interest-free
installment options (interest-free installment option), and flexible delivery
services (click-and-collect option). Sufficient information plays a crucial role
by ensuring that consumers have access to details such as free shipping
(free delivery), next-day delivery (next-day delivery), and coupons and dis-
counts (coupons and discounts), which facilitate informed decision-making
and influence shopping behavior. Ease of use emphasizes the importance
of a user-friendly platform, incorporating a quick and easy payment (sim-
ple online checkout), hassle-free returns (easy returns), and convenient
purchasing through social media (social media “buy”).

In the category of Social Factors, perceiving a personalized experience in
online shopping (AI-driven personalization) that customers tend to perceive
as normal in Thailand, AI utilizes loyalty points from previous customer pur-
chase histories and behavior to recommend relevant products and promotions
(loyalty points). AI also analyzes content and purchasing behavior to select
appropriate social media comments (likes and comments on social) [14]
and facilitates real-time customer interaction via AI-driven communication
channels (live-chat box) [15]. Purchase behavior is affected by social norms,
which include reading real customer reviews (customer reviews) [16], choos-
ing products based on popular trends and often portraying themselves as
better than competitors (competitions) [17], and giving more weight to
purchases that are environmentally friendly (eco-friendly credentials) [18].

This research identifies five key factors – Technology Readiness (TR),
Sufficient Information (SI), Ease of Use (EU), Perceiving a Personalised
Experience (PE), and Social Norm (SN) – each comprising three measure-
ment items.
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TR includes: Cash-on-Delivery Option, Interest-Free Instalment Option,
and Click-and-Collect Option.

SI includes free delivery, next-day delivery, and coupons and discounts.
EU includes easy returns, simple online checkout, and social media

“buy”.
PE includes loyalty points, “likes” and comments on social media, and

live chat boxes.
SN includes customer reviews, competitions, and eco-friendly creden-

tials.
The first three factors are categorized as physical factors, while the latter

two represent social factors – based on the classification proposed by Furaiji
et al. [19]. These 15 measurement items serve as indicators of online shopping
behavior in Thailand, which are regarded as key drivers [1]. Accordingly,
the identified factors and their corresponding measurement items comprehen-
sively capture and influence online shopping behavior in Thailand. This study
addresses a critical research gap by shifting the focus from system-centric
evaluations of AI efficiency and user interface design to a consumer-centric
understanding of how social norms and perceived personalization influence
trust and behavioral intention. Accordingly, the identified factors and their
corresponding measurement items comprehensively represent the key dimen-
sions of online shopping behavior in Thailand and are used to develop
a Consumer Purchasing Behavior (CPB) model. Insights from this study
can help refine AI-powered e-commerce platforms to deliver personalized
experiences, boost engagement, drive business growth, and improve customer
retention.

2 Literature Review

This study identifies 15 key determinants of online purchase decisions in
Thailand and categorizes them into physical and social factors to develop
a consumer purchasing behavior (CPB) model. By integrating these factors,
the research addresses a critical gap in understanding the role of AI-powered
personalization in online shopping platforms, which is essential for enhanc-
ing customer relationships and influencing customer retention. To support
the development of this CPB model, a comprehensive literature review was
conducted on the relevant constructs. These determinants are described in
detail below and subsequently summarized in Table 1.



AI-Powered Personalization in Online Shopping 311

Table 1 Online shopping behavior (physical factors and social factors)
Determinants of Online

Factors Purchasing Decisions Description
Physical factors
Technology
Readiness (TR)

Cash-on-delivery option. This payment system allows customers
to pay for goods upon delivery instead
of in advance. This approach is
particularly beneficial to offering
consumers a sense of security by
allowing payment only after receiving
the product and service [19].

Interest-free Instalment
Option.

The financing system arrangement
enables customers to divide their
purchase total into equal, interest-free
payments over a specified period, which
encourages increased spending without
the burden of interest charges [20].

Click and collect Option. This service system allows customers
to order products online and pick them
up at a designated store or collection
point. This option provides flexibility,
eliminates shipping costs, and often
reduces waiting times compared to
home delivery [21].

Physical factors
Sufficient
information (SI)

Free delivery. The information is that the seller covers
the shipping costs, allowing buyers to
receive their orders without additional
expenses. This benefit plays a crucial
role in influencing consumer purchase
behavior on an online shopping
platform [22].

Next-day delivery. The information is that the sellers
enhance convenience by ensuring that
products are delivered to buyers within
one day of placing an order. This
expedited shipping option increases
customer satisfaction [22].

Coupons and discount. The information is that the seller offers
special offers that lower the cost of
products or services. These promotions
serve as valuable incentives for online
shoppers, making consumer purchasing
behavior more appealing [23].

(Continued)
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Table 1 Continued
Determinants of Online

Factors Purchasing Decisions Description
Physical factors
Easy to Use (EU)

Easy returns. A hassle-free return process that allows
customers to return or exchange
products effortlessly, increasing their
confidence in online shopping and
reducing purchase hesitation [24].

Simple online checkout. This is a quick and easy payment
process that minimizes steps in the
purchasing process, making
transactions faster and more efficient
and reducing cart abandonment
rates [25].

Social-media “Buy”. A convenient purchasing process that
enables consumers to buy products
directly from social media platforms
without being redirected to another
website, making shopping more
seamless [27].

Social factors
Perceiving a
Personalized
Experience (PE)

Loyalty points. AI utilizes loyalty points accumulated
from previous purchases to suggest
relevant products and exclusive
promotions, encouraging repeat
purchases and enhancing customer
retention [28].

“Like” and comments on
social.

AI analyzes customer interactions on
social media, including content
engagement and purchasing behavior,
to select relevant comments and
recommendations, making the shopping
experience more interactive and
personalized [29].

Live chat-box. AI-powered real-time communication
channels enable instant customer
support, answering inquiries, providing
product and service suggestions, and
resolving preliminary issues promptly,
improving overall customer satisfaction
and trust [30].

(Continued)
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Table 1 Continued
Determinants of Online

Factors Purchasing Decisions Description
Social factors
Social Norm (SN)

Customer reviews. Consumers rely on authentic feedback
from previous buyers to assess product
quality and reliability, which
significantly impacts purchasing
behavior [31].

Competitions. Sellers often choose products based on
current trends and market popularity,
often portraying themselves as better
than competitors, driven by peer
influence and social norms, reinforcing
the perception of value and
desirability [32].

Eco-friendly credentials. Growing environmental awareness
encourages customers to prioritize
purchases that align with sustainability,
favoring brands and products that
emphasize eco practices and
materials [33].

2.1 Cash-on-Delivery Option (CDO)

The Cash-on-Delivery (CDO) option [19] allows consumers to pay in cash
upon receiving their goods, eliminating the need for advance payment. This
method offers convenience, especially for those who prefer not to use credit
cards or online payments. It also enhances trust among consumers concerned
about online payment security and provides access for those unfamiliar with
digital payment systems.

2.2 Interest-Free Instalment Option (IFO)

The IFO option [20] is a payment system that allows customers to pay for
goods or services in installments without paying interest over a specified
period of time. Choosing this option provides flexibility in managing finances
because customers do not have to pay the entire amount at once but rather
pay in installments that they have agreed upon. This allows for better money
management, as well as allowing customers to access high-priced items
without having to pay a large amount at once. It also reduces short-term
financial burdens and eliminates the need to worry about paying additional
interest. This installment payment method allows customers to effectively
plan their finances in the long term.
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2.3 Click and Collect Option (CCO)

The CCO Option [21] is an online shopping system that allows customers
to purchase products through a website or mobile application and pick them
up at a warehouse or local store instead of opting for home delivery. This
approach eliminates shipping costs and significantly reduces waiting time
for parcel deliveries. Additionally, it offers flexibility in pickup scheduling,
enabling customers to collect their purchases at a time that best suits their
convenience.

2.4 Free Delivery (FRD)

FRD is “Free Shipping,” [22] a strategy often used by online sellers to
attract customers. Removing the shipping cost and showing this information
can help reduce the barrier to purchase, as shipping costs are often one
of the final decision-makers. Offering free shipping can increase the over-
all value of a product or service from the customer’s perspective and can
increase satisfaction with the shopping experience. In addition, free shipping
influences customer purchasing behavior, often encouraging customers to
purchase larger quantities or more frequently, resulting in increased sales for
the sellers.

2.5 Next-Day Delivery (NDD)

NED is a delivery service that ensures customers receive their orders within
24 hours of completion [22]. This service plays an important role in increas-
ing convenience and satisfaction for customers, especially in cases where
they need products urgently. NED information helps increase the efficiency
of online shopping by reducing customer waiting time, which affects satisfac-
tion and may influence purchasing decisions. Such services are also a tool for
creating competitive differentiation in a market with many types of delivery
services. Sellers are often used as a strategy to attract new customers as well
as customer retention. It also helps increase awareness of fast service and
effectively responds to customer needs.

2.6 Coupons and Discounts (CAD)

CAD are important promotional strategies that encourage consumers to pur-
chase products by offering discounts on products or services [23]. If informa-
tion is provided about coupons and discounts, they can appeal to customers to
purchase by creating interest and urgency and reducing hesitation in making
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a decision. In addition, discounts increase customer satisfaction because
shoppers feel that they are getting a good deal. These pricing strategies are
widely used by sellers for customer retention.

2.7 Easy Returns (EAR)

EAR is a process where consumers can return purchased products without
any hassle and with clear terms and conditions, often including a simple
return process and refund or exchange [24]. Providing an easy return process
promotes a better shopping experience for customers, especially in online
businesses where uncertainty about product quality or satisfaction can be a
barrier to purchasing decisions. Providing a convenient and fast return option
reduces the risk to consumers and increases confidence in online shopping.
It can also increase satisfaction and encourage consumers to return to buy
in the future. It also helps to build a good relationship between sellers and
customers, which can create customer retention.

2.8 Simple Online Checkout (SOC)

SOC is a process by which customers can make a quick and simple payment
for online purchases [25]. The checkout process is designed to be easy for
users to complete without going through a complicated or time-consuming
process. A simple and convenient checkout process improves the efficiency
of online transactions and reduces the cart abandonment rate, which is a com-
mon problem in e-commerce businesses. Streamlining the checkout process
not only improves the user experience but also increases customer satisfaction
and promotes customer retention. In addition, simplifying the checkout pro-
cess can encourage customers to make faster purchase decisions and reduce
the cart abandonment of transactions in the online environment [26].

2.9 Social-media “Buy” (SMB)

SMB is Social Media Shopping, a process in which consumers can pur-
chase products or services directly through social media platforms such
as Facebook, Instagram, TikTok, or X without having to leave the social
media application or website to go to the store or seller’s website [27].
Shopping through social media helps increase the convenience and speed of
transactions because consumers can search for product information and make
payments within the same platform. It also allows sellers to reach customers
directly through interactions via posts or advertisements that have immediate
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responses, which can encourage easier buying and selling. The convenience
and agility of this process, therefore, increase the efficiency of consumers’
purchasing decisions.

2.10 Loyalty Point (LOP)

The Loyalty Point (LOP) system [28] rewards consumers for purchases from
participating merchants, encouraging ongoing engagement. Points can be
redeemed for discounts or benefits, promoting repeat purchases and cus-
tomer retention. Additionally, AI can analyses point-based transaction data
to personalize the shopping experience based on individual behaviors and
preferences. This data also supports targeted marketing strategies tailored to
each customer’s profile through AI-powered personalization.

2.11 “Like” and Comments on Social (LCS)

The Like-and-Comment System (LCS) [29] enables customers to express
preferences and interests, serving as a valuable tool for AI-driven person-
alization. “Likes” and comments reflect individual tastes, allowing AI to
recommend products aligned with prior interactions. This form of engage-
ment enhances user satisfaction and makes the AI-personalized shopping
experience feel more tailored and responsive to consumer needs.

2.12 Live Chat-Box (LCB)

It is a tool that enhances the consumer buying experience by providing rapid
and personalized responses. By providing services through live chat channels,
AI can help consumers receive advice or information about specific products
and services as needed or solve basic problems at that time, which helps cus-
tomers feel that they are being cared for individually and appropriately [30].
Using a live chat box helps create a buying experience that meets customer
expectations and interests directly and encourages consumers to participate
in better purchasing decisions because they can receive useful and timely
information to influence purchase decisions.

2.13 Customer Reviews (CRV)

CRV is opinions or suggestions from consumers who have used products or
services, which can be posted on online platforms or websites [31]. These
reviews often include information about the user experience, quality of the
product or service, and consumer satisfaction. Reading reviews from real
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users helps other consumers make more confident purchasing decisions, as
they can gain useful and direct information from the experiences of those
who have actually used the product. In addition, providing reviews is an
important tool in building trust and transparency in online businesses, often
influencing consumers’ purchasing decisions and increasing satisfaction and
trust in products and services.

2.14 Competitions (CPT)

In the competitive online businesses, sellers often choose products based
on current market trends and popularity. In order to attract customers and
gain a competitive advantage, they often present their products as superior
to their competitors, whether through quality, price, or marketing image [32].
Social influences and consumer behavior play a significant role, causing some
products to be accepted and seen as more valuable. This competition is driven
by market perception rather than the actual value of the product, resulting in
rapid changes in trends, and sellers must constantly adjust their strategies to
maintain their position in the market.

2.15 Eco-Friendly Credentials (EFC)

EFC is an environmentally friendly certification strategy that reflects the
influential values and behaviors in society that promote environmental
responsibility [33]. Choosing products that are certified as environmentally
friendly reflects compliance with social standards that emphasize sustainabil-
ity [34]. Currently, many consumer groups consider environmental respon-
sibility as a primary factor in deciding to purchase products or services.
Supporting environmentally friendly products not only meets personal needs
but also demonstrates adherence to social values and norms that promote
a reduction in environmental impact. Choosing such products also reflects
being part of a society that emphasizes environmental conservation and
sustainable resource use.

2.16 Comparison of AI Models for e-commerce Personalization

Various artificial intelligence (AI) models have been employed in e-
commerce platforms to deliver personalized shopping experiences. Among
the most widely adopted are collaborative filtering and content-based filter-
ing. Collaborative filtering relies on user–user or item–item similarities to
generate recommendations and has been shown to perform well in platforms
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Figure 1 Measurement item grouping for the CPB model.

with rich user interaction data [35] In contrast, content-based filtering focuses
on product attributes and user profiles, which is particularly effective in
addressing cold-start problems for new users [36]. Recent developments have
seen the emergence of hybrid models, which integrate both collaborative
and content-based techniques to improve recommendation accuracy and sys-
tem robustness [37]. Furthermore, deep learning models – such as neural
networks – have been increasingly utilized to capture complex behavioral
patterns, enabling real-time and dynamic personalization based on both struc-
tured and unstructured data [38]. While these models differ in complexity and
application scope, each contributes to enhancing consumer engagement and
purchase intent through tailored recommendations. This study builds upon
these foundations by examining how AI-powered personalization interacts
with physical and social factors to influence online consumer purchasing
behavior in Thailand.

Based on the conceptual foundation established in items 1 to 16, the
grouping of measurement items into five key constructs of the CPB model
is illustrated in Figure 1.

3 Research Model and Hypothesis

This study examines the key factors influencing consumer purchasing behav-
ior, categorizing them into two main groups: physical factors and social
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Figure 2 Proposed research model.

factors. Based on the literature review and the relationships illustrated in
Figure 1 between measurement items and their corresponding factors, a Con-
sumer Purchasing Behavior (CPB) model has been developed, incorporating
these factors along with the research hypotheses, as illustrated in Figure 2.
Physical factors are represented by TR, SI, and EU, while social factors
include PE and SN. This classification effectively highlights the distinct influ-
ences of these two groups on customer retention in AI-driven, personalized
online shopping platforms.

3.1 Technology Readiness (TR)

Technology readiness (TR) reflects a platform’s ability to meet customer
needs through seamless and convenient features [39]. This includes offering
cash-on-delivery (CDO) services, providing interest-free installment options
(IFO) with personalized payment plans, and enabling customers to place
orders online and pick them up at a warehouse or nearby store (CCO).
When consumers perceive that an online shopping platform is technologically
equipped with these capabilities, they are more likely to engage in purchasing
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behaviors and influence customer retention. This factor leads to the following
hypothesis:

H1: Technology readiness has a positive influence on the consumer
retention.

3.2 Sufficient Information (SI)

System information (SI) refers to the availability of comprehensive and
clear product and service details on an online shopping platform, enabling
consumers to evaluate options and make informed purchasing decisions
with confidence [40]. Providing SI reduces uncertainty and enhances the
shopping experience through features such as free shipping (FRD), which
lowers purchasing barriers and encourages higher or more frequent spending;
next-day delivery (NDD), which ensures convenience by delivering products
within 24 hours; and coupons and discounts (CAD), which offer cost-saving
alternatives. When consumers perceive that an online shopping platform
provides adequate information, they are more likely to engage in purchasing
behaviors and influence customer retention. This factor leads to the following
hypothesis:

H2: Sufficient information has a positive influence on customer reten-
tion.

3.3 Easy to Use (EU)

Ease of Use (EAU) in an online shopping platform refers to the design and
functionality process that enhances customer convenience, ensuring seamless
access to services and information [41]. By minimizing purchasing barri-
ers, EAU improves customer satisfaction and decision-making. Key aspects
include easy returns (EAR), which provide a hassle-free and transparent
return process, increasing consumer confidence and reducing perceived risks;
simplified online checkout (SOC), which streamlines payment procedures
to minimize complexity, reducing cart abandonment rates and facilitating
quicker purchase decisions; and social media shopping (SMB), which enables
direct purchasing and payment through platforms like Facebook, Instagram,
TikTok, or X without redirecting to external websites, enhancing purchase
opportunities and accelerating decision-making. By prioritizing the EU,
online shopping platforms elevate the consumer experience, increase satis-
faction, and influence customer retention. This factor leads to the following
hypothesis:
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H3: Easy to use has a positive influence on customer retention.

3.4 Perceiving a Personalized Experience (PE)

Perceived Personalized Experience (PE) refers to the ability of AI-driven
online shopping platforms to deliver personalized experiences that align
with individual consumer preferences [42]. As AI becomes a normal part
of online shopping in Thailand, it enhances platform responsiveness and
accuracy in understanding customer needs. Key components include loyalty
points (LOP), which incentivize repeat purchases by allowing customers to
redeem rewards while also enabling sellers to analyze consumer behavior
and personalize shopping experiences; likes and comments on social media
(LCS), which provide valuable insights into customer interests, allowing
platforms to recommend products and services that match user preferences,
thereby enhancing personalization and engagement; and live chatbots (LCB),
which offer real-time assistance, ensuring consumers receive relevant support
and recommendations, increasing confidence in purchasing decisions and
overall satisfaction. By leveraging AI to create PE, online platforms can
enhance shopping experiences and influence customer retention. This factor
leads to the following hypothesis:

H4: Perceiving a Personalized Experience has a positive influence on
customer retention

3.5 Social Norm (SN)

Social norms (SN) refer to the societal standards that influence consumer
behavior in online shopping, often shaped by social recommendations and
prevailing trends [43]. These norms impact purchasing decisions by reinforc-
ing trust, desirability, and perceived value. Key components include customer
reviews (CRV), which serve as a crucial source of information, helping
consumers make confident purchasing decisions by providing authentic user
experiences that enhance credibility, transparency, and trust in products and
services; competitive positioning (COP), where sellers strategically select
products based on market trends and popularity, presenting themselves as
superior to competitors, driven by peer influence and social norms that shape
consumer perceptions of value and desirability; and environmentally friendly
choices (EFC), where consumers opt for eco-certified products that empha-
size sustainability, reflecting both personal values and adherence to social
expectations of environmental responsibility. By aligning with these social
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norms, consumer purchasing behavior remains in sync with broader social
norms, influencing customer retention. This factor leads to the following
hypothesis:

H5: Social norm has a positive influence on customer retention

4 Research Methodology

4.1 Data Collection

This qualitative research explores customer behavior on online shopping
platforms to personalize shopping experiences using AI for customer reten-
tion. The researcher carefully screened the population group, focusing on
Thai consumers with prior experience using online shopping platforms,
particularly those registered with a purchase history on AI-powered person-
alization platforms such as Shopee, Lazada, and other well-known platforms
in Thailand. The screening criteria required participants to have engaged in
online shopping within the six months preceding data collection to ensure the
relevance and freshness of the data. Additionally, participants met at least one
of the following criteria: (1) prior use of digital payment channels (E-Wallet,
Mobile Banking) or (2) experience with online shopping services and famil-
iarity with technology. Eligibility was verified using mandatory screening
questions at the start of the online survey. Only respondents who met the crite-
ria were allowed to continue with the full questionnaire. Data collection was
conducted through an online questionnaire (Google Form Online Survey),
yielding a sample size of 410 participants over a three-month period. This
approach facilitated efficient access to the target group and ensured a sys-
tematic screening process. By selecting respondents who met the screening
criteria, the study obtained accurate data aligned with the research objectives,
providing clear insights into the impact of AI personalization on consumer
purchasing behavior.

4.2 Questionnaire Design

This research utilized a 15-item questionnaire to test the model and hypothe-
ses, employing a quantitative approach to assess their validity. The question-
naire was divided into three sections: (1) demographic information, including
gender, age, and education level; (2) behavioral information, such as prior
experience and frequency of online platform usage; and (3) a set of questions
measured on a 5-point Likert scale, where 1 represents “strongly disagree,”
2 represents “disagree,” 3 represents “neutral,” 4 represents “agree,” and 5
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represents “strongly agree.” Experience with online shopping platforms was
used as a screening criterion, categorized into three groups: 3–6 months, 6–
12 months, and more than 1 year. In addition, frequency of online shopping
usage – classified as daily, weekly, or monthly – was also applied as a
screening condition to ensure that all respondents had relevant and recent
experience. These criteria formed the basis for the questionnaire design.
These criteria formed the basis for the questionnaire design, and the reliability
of the questionnaire was tested using Cronbach’s alpha.

4.3 Data Testing and Institutional Review Board: IRB

The data for this study were collected through an online survey (Google
Forms), designed to examine customer behavior on online platforms. The
research focuses on the role of AI in personalizing shopping experiences
(AI-Powered Personalization) and its impact on customer retention. Based on
the study’s findings, the proposed model, and the formulated hypotheses, an
experimental research approach was selected to further test the hypotheses
derived from the survey data. This study was reviewed and approved by
the Human Research Ethics Committee of Mahidol University, ensuring
compliance with ethical guidelines for research involving human participants.
The IRB Research Project Code is COE No. MU-CIRB 2024/101.0107,
confirming adherence to ethical research standards.

4.4 Pilot Test

A pilot test using an online survey was conducted with a preliminary sam-
ple of 30 people in September 2024 to assess the preliminary results and
improve the questionnaire to better align with the research objectives. The
pilot test process lasted for 1 month, with the data collected analyzed to
check the clarity and appropriateness of the questions. The need for revision
was identified based on respondent feedback regarding unclear wording,
redundant items, and inconsistent Likert-scale alignment, which affected the
flow and interpretability of responses. Based on the analysis results, the
questionnaire was revised to increase the efficiency of data collection and
make it more accurate. Then, new data collection was conducted using the
revised questionnaire, as detailed in Table 2. As illustrated in Figure 1, this
study focuses specifically on the factor of Perceived Personalization (PE),
which is directly related to AI-driven personalization in online shopping
platforms. Accordingly, the research questions were formulated to explore
issues concerning AI personalization and its impact on consumer behavior.
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Table 2 The questionnaire index
Index Questionnaire Sources
Physical factors
TR1 Cash-on-Delivery Option (CDO)

The availability of a cash-on-delivery payment
option makes me feel secure and increases the
likelihood that I will return to use this platform.

Adapted from [44]

TR2 Interest-Free Instalment Option (IFO)
I am more likely to return to a platform that offers
an interest-free installment payment option, as it
helps me manage my expenses more effectively

Adapted from [45]

TR3 Click and Collect (CCO)
“The availability of a Click and Collect option
increases my likelihood of shopping through an
online platform more frequently.”
Clarification of Click and Collect:
Click and Collect is a shopping method where
customers purchase products online and pick
them up at a designated store or pickup location
instead of having them delivered to their homes.

Adapted from [46]

SI1 Free Delivery (FRD)
I am more likely to shop online if free shipping is
available.

Adapted from [47]

SI2 Next-Day Delivery (NDD)
I am more likely to shop frequently if next-day
delivery service is available on the platform I use.

Adapted from [48]

SI3 Coupons and Discounts (CAD)
Using coupons or discounts makes me feel that I
am getting good value for my purchases.

Adapted from [49]

EU1 Ease Returns (EAR)
Having an easy return and refund policy increases
my confidence and likelihood of returning to use
the platform.

Adapted from [50]

EU2 Simple Online Checkout (SOC)
I am more likely to return to the platform if the
payment process is easy and fast.

Adapted from [51]

EU3 Social-media “Buy” (SMB)
Being able to purchase products directly through
Facebook, Instagram, TikTok, or X without
switching to another website increases my
likelihood of using the platform more frequently.

Adapted from [14]

(Continued)
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Table 2 Continued
Index Questionnaire Sources
Social factors
PE1 Loyalty Point (LOP)

I feel that AI can use my loyalty points data to
recommend products and services that match my
needs, increasing my likelihood of becoming a
loyal customer.

Adapted from [52]

PE2 “Like” and Comments on Social (LCS)
The use of my social media data by AI to
recommend products that match my interests
increases the likelihood that I will return to this
platform.

Adapted from [14]

PE3 Live Chat-Bot (LCB)
I feel satisfied and am more likely to return to the
platform when I can chat with an AI via live chat
before making a purchase decision.

Adapted from [53]

SN1 Customer Reviews (CRV)
I usually read customer reviews (CRV) before
making an online purchase to ensure product
quality.

Adapted from [54]

SN2 Competitions (CPT)
I tend to choose platforms that offer trending
products in the market, as it gives me confidence
in the value and quality of the items.

Adapted from [55]

SN3 Eco-Friendly Credentials (EFC)
I am more likely to return to a platform that
supports environmentally friendly products.

Adapted from [56]

The final data collection process took 2 months to ensure that the data
obtained accurately and comprehensively reflected the research issues.

4.5 Data Preparation

In November 2024, following the revision of the questionnaire to align with
the research objectives, a new phase of data collection commenced through
an online survey over a two-month period. However, as this timeframe over-
lapped with the year-end holiday season, responses to the questionnaire may
have been slower compared to the pilot test. During this data collection phase,
a total of 542 questionnaires were received. However, the evaluation of data
quality revealed that some responses did not meet the screening criteria and
did not align with the study’s objectives. Additionally, certain respondents
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Table 3 Respondents of online shopping platform
Respondents (N = 410)

Variables Level Frequency Percentage

Gender Male 181 44.15

Female 229 55.85

Age 18–20 (True Gen Z) 27 6.78

20–27 (Zillennial) 56 14.07

28–35 (Younger Millennials) 46 11.56

36–43 (Older Millennials) 240 60.30

44–50 (Young Gen X) 20 5.03

>51 (Older Gen X) 9 2.26

Experience 3–6 month 68 16.59

with online 6–12 month 132 32.20

shopping platform >1 years 210 51.22

Frequency of Daily 79 19.27

using online Weekly 256 62.44

shopping platform Monthly 75 18.29

provided answers that appeared unreliable (inconsistent or straight-lining
responses), potentially compromising the accuracy of the analysis. To ensure
data integrity, data cleaning was conducted by filtering out and excluding
responses that did not meet the criteria. As a result, the final sample size
eligible for analysis was 410, meeting the required standards.

4.6 Statistical Data Analysis

Following data inspection, SmartPLS 4.1.0.9 software was utilized to ana-
lyze the conceptual model and assess the structural relationships between
variables. A key step in this analysis involved classifying the population into
distinct groups, as detailed in Table 3.

5 Finding

This research employed SmartPLS Version 4.1.0.9 to conduct an in-depth
analysis of the conceptual model. Utilizing Structural Equation Modeling
(SEM), this approach enables the concurrent examination of both measure-
ment and structural models. The evaluation process commenced with the
measurement model to verify the constructs’ validity and reliability, followed
by the structural model, which was applied to assess the proposed hypotheses.
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Table 4 Construct reliability and validity
Abbreviation Mean S.D. Loading (>0.70) Outler VIF (<5.00)
Physical factors
TR1 3.546 1.043 0.927 3.532
TR2 3.683 1.003 0.944 3.907
TR3 4.266 0.875 0.722 1.459
SI1 3.632 0.796 0.818 1.520
SI2 4.239 0.727 0.900 2.244
SI3 4.185 0.677 0.719 1.635
EU1 3.612 1.099 0.843 1.590
EU2 4.183 0.792 0.788 1.620
EU3 4.120 0.807 0.881 1.984
Social factors
PE1 3.676 0.913 0.904 2.571
PE2 3.820 1.103 0.845 2.402
PE3 3.715 0.855 0.732 1.250
SN1 3.654 1.053 0.877 2.253
SN2 3.673 0.878 0.907 2.366
SN3 3.724 0.680 0.750 1.391

5.1 Measurement Model

The evaluation process began with an analysis of the measurement model
to assess the validity and reliability of the latent variables, namely TR, SI,
EU, PE, and SN, along with the observable variables, including TR1, TR2,
TR3, SI1, SI2, SI3, EU1, EU2, EU3, SN1, SN2, and SN3. The results of this
analysis are presented in Table 4.

First, the relationship between the observable variables and the latent
variables was examined using the Outer Loadings value, which must exceed
0.7 [57] to be deemed acceptable. The analysis revealed that the obtained val-
ues ranged from 0.719 to 0.944. Additionally, multicollinearity was assessed
to detect any excessive correlation among the independent variables. This
was measured using the Outer Variance Inflation Factor (Outer VIF), where
an acceptable threshold is below 5 [58]. The results indicated values between
1.25 and 3.907, confirming that multicollinearity was within an acceptable
range.

Subsequently, the reliability and validity of the results were examined, as
detailed in Table 5. The analysis began with an evaluation of the internal
consistency of the latent variables, measured through Cronbach’s Alpha,
which must exceed 0.7 [57]. The findings showed values ranging from 0.749
to 0.838. Next, the internal consistency reliability of the indicators was
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Table 5 The reliability and validity of results
Average

Cronbach’s Composite Variance
Item Alpha Reliability Extracted

Constructs Code (>0.70) (CR) (>0.70) (AVE) (>0.50)
Physical factors
Technology Readiness TR 0.838 0.902 0.702
Sufficient Information SI 0.749 0.855 0.665
Easy to Use EU 0.789 0.876 0.702
Social factors
Perceive personalized Experience PE 0.770 0.868 0.688
Social Norm SN 0.801 0.884 0.718

Table 6 Fornell-Larcker criterion
Construct name Customer Retention (CR) TR SI EU PE SN
CR 0.857
TR 0.828 0.870
SI 0.792 0.790 0.815
EU 0.820 0.775 0.776 0.838
PE 0.680 0.664 0.752 0.558 0.830
SN 0.680 0.700 0.764 0.653 0.718 0.847

assessed using Composite Reliability (CR), which must also be greater than
0.7 [59]. The results were within the range of 0.855 to 0.902. Furthermore, the
ability of the indicators to explain the latent variables was analyzed through
the Average Variance Extracted (AVE) value, which should be above 0.5 [60].
The results fell between 0.665 and 0.758.

For discriminant validity, presented in Table 6, the Fornell-Larcker crite-
rion was applied to ensure that each latent variable was significantly distinct
from the others. The acceptable threshold for this measure is above 0.7 [59],
and the results ranged from 0.815 to 0.87, indicating a clear distinction
between variables.

5.2 Structural Model

A structural model is a mathematical representation used to show the relation-
ship between latent variables or unobserved variables in CPB, namely TR,
SI, EU, PE, and SN. The measurement of the structural model is performed
according to the statistical quality criteria, which are detailed in Table 7. The
evaluation of the model is based on several criteria, including: The t-value
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Table 7 Results of the structural model
Path

Coefficient t-value p-value Inner
Hypothesis Path (β > 0.10) (>1.96) (<0.05) VIF (<5) Decision
H1 TR-> CR 0.347 7.408 0.000 3.417 Supported
H2 SI-> CR 0.114 2.289 0.022 4.408 Supported
H3 EU-> CR 0.405 9.939 0.000 3.231 Supported
H4 PE-> CR 0.230 5.033 0.000 4.150 Supported
H5 SN-> CR -0.110 2.380 0.017 4.393 *Supported
∗Support in the opposite direction.

is used to check whether the relationship between the independent variables
and the dependent variables is statistically significant. The appropriate value
must be greater than 1.96. The analysis results found that the value is in the
range of 2.289 − 7.408. The Inner Variance Inflation Factor (Inner VIF)
is used to check the problem of multicollinearity or excessive overlapping
relationships between independent variables. The appropriate value must be
less than 5 [58]. The analysis results found that the value is in the range
of 3.231 − 4.393, which is within the acceptable range. The p-value is a
probability value used to test the null hypothesis (H0), which means “no
relationship between variables.” The appropriate value must be less than
0.05 to indicate that the relationship between the variables is statistically
significant. The results are in the range of 0.000–0.022, which meets the
specified criteria. In addition, the quality of CPB was considered through
the R2 value, which is an indicator of the ability of the independent variable
to explain the variance of the dependent variable. The possible values must
be between 0 and 1. The analysis results found that the R2 value = 0.792,
which is at a high level, indicating that the model has sufficient quality for
hypothesis testing. Therefore, the statistical analysis results indicate that CPB
has a higher quality value than the minimum requirements, making it suitable
for hypothesis testing. It was found that H1, H2, H3, H4, and H5 have a
statistically significant relationship, except for H5, which has a relationship
in the opposite direction as expected as shown in Figure 3.

6 Discussion

6.1 Interpretation

This study identifies AI-Powered Personalization as a key influence on cus-
tomer retention in online shopping by examining both physical factors (TR,
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Figure 3 Summary of hypothesis testing results. *p-value < 0.05; ***p-value < 0.001.

SI, and EU) and social factors (PE and SN) through CPB to understand the
underlying mechanisms of customer retention in AI-driven e-commerce plat-
forms. The structural model showed that Perceived Personalization (PE) had
the strongest positive effect on customer retention (β = 0.401, p < 0.001).
In contrast, Social Norms (SN) demonstrated a significant but negative
relationship with retention (β = −0.110, p < 0.05), suggesting that height-
ened sensitivity to social expectations may reduce consumers’ willingness
to engage with AI-driven shopping. The findings provide valuable insights
for designing online shopping platforms, particularly regarding SN (social
norms), as some customer segments still express concerns about social
expectations and confidence in AI-powered online shopping, particularly in
relation to personal data security and privacy. To address these concerns,
sellers and platform providers should prioritize clear and transparent com-
munication about security measures and data protection within AI-driven
shopping experiences. Strengthening trust in AI-powered personalization not
only enhances customer confidence but also improves the overall shopping
experience, drives sales growth, and can create customer retention.
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6.2 Compare with Previous Research

This study presents a new perspective on AI-Powered Personalization and
the role of physical factors (TR, SI, EU) and social factors (PE, SN) in
influencing customer retention in online shopping. However, the individual
factors have not been clearly grouped into the two main categories – physical
and social factors – for comparative interpretation. Unlike previous research,
which primarily focuses on user experience (UX/UI), AI efficiency, and ease
of use, this study emphasizes the impact of social norms (SN) and perceived
experience (PE) on customer trust and confidence in AI adoption, an area that
has been largely overlooked. Yet, the individual factors have not been clearly
grouped into the two main categories – physical and social – for comparative
interpretation. While prior studies have been dedicated to improving AI
technology performance, this research highlights the importance of trans-
parent communication regarding security measures and data protection as a
key factor in fostering customer confidence in AI-powered online shopping,
offering a new approach beyond solely enhancing AI capabilities.

6.3 Implication

This study offers both theoretical and practical implications for AI-powered
online shopping. Theoretically, it advances existing research by integrating
physical factors (TR, SI, EU) and social factors (SN, PE) to develop a
new conceptual model [61] and gain deeper insights into customer retention
in AI-driven e-commerce. Practically, the findings emphasize the impor-
tance of transparent communication on AI security and data protection to
foster customer trust and confidence. Sellers and online providers should
prioritize enhancing transparency, ethical AI practices, and user education
to strengthen customer satisfaction and engagement and create customer
retention. Table 8 provides an example of actionable measures derived from

Table 8 Example of practical guidelines for AI-powered personalization in online shopping
Area Practical Measure Intended Outcome
Transparency [62] Clearly communicate how AI

personalization works and what data is
collected

Increase customer trust
and reduce uncertainty

Ethical AI
Practices [63]

Implement regular audits to detect
algorithmic bias and ensure fairness

Promote responsible use of
AI and fair treatment

User
Education [64]

Provide accessible explanations and
visual guides on AI usage in
recommendations

Empower users and
improve engagement



332 Vicha Panya et al.

the findings, offering practical suggestions to support the development of
AI-driven e-commerce platforms.

7 Conclusions, Limitation and Future Study

7.1 Conclusions

This study examines AI-Powered Personalization and the influence of physi-
cal factors (TR, SI, EU) and social factors (PE, SN) on customer retention in
online shopping platforms in Thailand, utilizing CPB as a conceptual model
to explore the mechanisms of customer retention in AI-driven online shop-
ping. The findings reveal that social factors, particularly SN (Social Norms),
continue to play a crucial role in shaping customer confidence in AI-powered
online shopping platforms. Many customer segments remain concerned about
data security and privacy measures. Sellers or online providers that build
trust in AI-powered personalization not only increase customer confidence
and security but also enhance the online shopping experience and strengthen
customer retention.

7.2 Limitation

Despite the valuable insights offered by this study, several limitations should
be acknowledged as they may influence the interpretation and generalizability
of the findings.

First, the sampling was limited to consumers who had prior experience
with AI-powered online shopping platforms. As a result, the study may not
capture the perspectives of non-users or late adopters, potentially overlooking
barriers to adoption and limiting the explanatory power regarding initial
resistance to AI personalization.

Second, the context-specific focus on Thailand’s online shopping envi-
ronment may influence behavioral patterns that are unique to local mar-
ket dynamics. Therefore, the generalizability of the findings to global or
culturally diverse markets should be approached with caution.

Third, the study primarily examined physical and social factors affecting
customer retention, without including psychological or behavioral variables
such as trust, perceived risk, or decision-making complexity. This may
restrict the comprehensiveness of the model and exclude latent constructs
that could play a significant role in consumer retention decisions in AI-driven
platforms.
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7.3 Future Study

• Study consumer groups that have never used AI-Powered Personaliza-
tion – to understand the factors that hinder their decision-making and
ways to increase acceptance of AI technology. Future research should
examine the extent to which overcoming these barriers contributes to
improving customer retention.

• Expand the study to a global context – to analyze differences in
consumer behavior in international online markets and enable the appli-
cation of the results in a broader context. It would be beneficial to assess
the strength of influence that cultural and regional variations have on
customer retention through AI personalization.

• Add new variables to the study – should include psychological factors
(e.g., trust in AI technology) and behavioral factors (e.g., decision-
Making process) to gain a more comprehensive understanding of the
factors that affect customer retention. Future studies may explore the
degree to which each factor contributes positively to retention.

• Study the potential of AI [65] in other areas – should analyze the
feasibility of applying AI in Metaverse Shopping, Augmented Reality
(AR), Quantum Technology [66] to enhance the shopping experience
and enhance the capabilities of AI-powered online shopping platforms.
Subsequent research could evaluate how such innovations influence
long-term customer engagement and retention.
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