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Abstract  
 
 

The rapid integration of machine learning (ML) into 
digital marketing has transformed how organizations 
personalize customer interactions and influence 
purchasing decisions. Despite widespread adoption of 
ML-driven recommendation systems, limited empirical 
evidence explains the psychological mechanisms 
through which personalized marketing shapes 
consumer purchase intention, particularly in emerging 
digital economies. This study develops and empirically 
validates an integrated behavioural model examining 
the relationships among Machine Learning–Driven 
Personalized Marketing (MLP), Consumer Trust (CT), 
Information Privacy Concerns (IPC), Customer 
Satisfaction (CS), and Purchase Intention (PI). Drawing 
upon Relationship Marketing Theory, the Technology 
Acceptance Model, Privacy Calculus Theory, 
Expectation Confirmation Theory, and the Stimulus–
Organism–Response framework, the study proposes 
that consumer trust and customer satisfaction 
sequentially mediate the influence of personalized 
marketing on purchase intention, while information 
privacy concerns negatively affect trust. A quantitative 
cross-sectional survey was conducted among 306 
consumers with prior experience of AI-enabled digital 
shopping. Data were analysed using reliability analysis, 
validity assessment, correlation, multiple regression, 
and bootstrap mediation analysis. The findings indicate 
that machine learning–driven personalized marketing 
significantly enhances consumer trust, which 
subsequently improves customer satisfaction and 
strengthens purchase intention. Information privacy 
concerns exhibit a significant negative relationship with 
consumer trust. The mediation analysis further 
demonstrates that consumer trust and customer 
satisfaction fully and sequentially mediate the 
relationship between personalized marketing and 
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purchase intention, indicating that technological 
sophistication alone does not directly influence 
consumer behaviour. Instead, consumers respond 
positively when AI-enabled personalization establishes 
credibility, satisfaction, and confidence in digital 
platforms. The study contributes to the growing 
literature on AI-enabled consumer behaviour by 
integrating technological, psychological, and 
behavioural perspectives within a single empirical 
framework. It also offers practical guidance for 
organizations seeking to implement responsible AI-
driven personalization strategies that balance 
marketing effectiveness with consumer trust and 
privacy protection. The findings are particularly relevant 
for organizations operating in rapidly expanding digital 
marketplaces where sustainable competitive advantage 
increasingly depends upon ethical, transparent, and 
consumer-centred AI applications. 
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I. INTRODUCTION 

Artificial intelligence (AI) has fundamentally 
altered the landscape of contemporary marketing 
by enabling organizations to analyse vast 
quantities of consumer data, predict behavioural 
preferences, and deliver highly personalized 
digital experiences. Among AI technologies, 
machine learning (ML) has emerged as one of the 
most influential drivers of personalized marketing 
because it continuously learns from consumer 
interactions and adapts recommendations to 
individual preferences. Unlike conventional 
segmentation approaches that primarily 
categorize consumers into broad demographic 
groups, machine learning algorithms generate 
dynamic, real-time recommendations based on 
behavioural patterns, browsing history, 
transaction records, contextual information, and 
predictive analytics. These technological 
developments have significantly enhanced 
organizations' ability to improve customer 
engagement, optimize marketing effectiveness, 
and strengthen competitive advantage. 

The widespread adoption of digital commerce has 
accelerated organizational investment in AI-
enabled personalization across diverse industries, 
including retail, banking, healthcare, tourism, 
education, media, and entertainment. 
Recommendation systems implemented by major 
digital platforms have become central to customer 
acquisition and retention strategies because they 
improve product discovery, reduce information 
overload, and increase perceived relevance during 
online shopping experiences. Consequently, 
machine learning–driven personalized marketing 
has evolved from an optional technological 
capability to a strategic organizational resource 
supporting long-term customer relationship 
management. 
 
Despite these technological advancements, 
increasing personalization has also generated 
growing concerns regarding consumer privacy, 
algorithmic transparency, ethical AI, and 
responsible data governance. Personalized 
recommendations require extensive processing of 
consumer information, including browsing 
behaviour, purchase history, geographic location, 
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demographic characteristics, and digital 
interaction patterns. Although many consumers 
appreciate the convenience and relevance 
associated with intelligent recommendation 
systems, others express apprehension regarding 
surveillance, excessive profiling, unauthorized 
information sharing, and the potential misuse of 
personal data. These concerns have intensified 
global discussions regarding responsible artificial 
intelligence and the need to balance technological 
innovation with consumer rights and ethical data 
management. 
 
From a behavioural perspective, the effectiveness 
of machine learning–driven personalized 
marketing depends not solely upon algorithmic 
sophistication but also upon consumers' 
psychological acceptance of AI-enabled decision-
support systems. Consumers are unlikely to 
respond positively to personalized 
recommendations unless they perceive 
organizations as trustworthy, transparent, and 
responsible in their use of personal information. 
Consequently, understanding the psychological 
mechanisms linking personalized marketing with 
behavioural intention has become an increasingly 
important research priority within consumer 
behaviour, marketing, and information systems 
literature. 
 
Previous investigations have consistently reported 
positive relationships between personalization, 
trust, satisfaction, and purchasing behaviour. 
However, several important limitations remain. 
First, much of the existing literature examines 
direct relationships between personalization and 
purchase intention without adequately explaining 
the psychological processes through which 
personalization influences consumer behaviour. 
Second, consumer trust and customer satisfaction 
are frequently investigated independently despite 
considerable theoretical evidence suggesting that 
they operate sequentially during consumer 
decision-making. Third, although information 
privacy concerns have become increasingly 
important within AI-enabled marketing 
environments, relatively few studies have 
simultaneously integrate privacy concerns into 

comprehensive behavioural models examining 
machine learning–driven personalization. Finally, 
empirical evidence from rapidly expanding digital 
economies such as India remains comparatively 
limited despite substantial growth in AI-enabled 
commerce and digital consumer engagement. 
 
India provides a particularly relevant context for 
examining these relationships. Rapid digital 
transformation, increasing internet penetration, 
widespread smartphone adoption, growth in 
digital payment ecosystems, and expanding e-
commerce platforms have substantially increased 
consumer exposure to AI-enabled personalized 
marketing. Simultaneously, increasing public 
awareness regarding digital privacy, responsible 
AI, and data protection has created a complex 
environment in which organizations must balance 
personalization effectiveness with consumer trust 
and ethical responsibility. Understanding how 
these competing influences shape purchase 
intention provides both theoretical and 
managerial value for organizations operating 
within emerging digital marketplaces. 
 
To address these gaps, this study develops and 
empirically validates an integrated behavioural 
framework examining the relationships among 
Machine Learning–Driven Personalized Marketing 
(MLP), Consumer Trust (CT), Information Privacy 
Concerns (IPC), Customer Satisfaction (CS), and 
Purchase Intention (PI). Drawing upon 
Relationship Marketing Theory, the Technology 
Acceptance Model, Privacy Calculus Theory, 
Expectation Confirmation Theory, and the 
Stimulus–Organism–Response framework, the 
study proposes that consumer trust and customer 
satisfaction sequentially mediate the influence of 
personalized marketing on purchase intention, 
while information privacy concerns negatively 
influence trust. 
 
Using survey data collected from 306 consumers 
with experience in AI-enabled digital shopping, the 
study evaluates the proposed framework through 
reliability assessment, validity testing, correlation 
analysis, regression analysis, and bootstrap 
mediation analysis. By integrating technological, 
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psychological, and behavioural perspectives 
within a single empirical model, the research 
contributes to the growing literature on AI-
enabled consumer behaviour while providing 
actionable guidance for organizations 
implementing responsible machine learning–
driven personalization strategies. 

The proposed conceptual framework integrating 
the study variables and hypothesized relationships 
is presented in Figure 1. 
Figure 1. Conceptual Framework and 
Hypothesized Relationships 

 
Note. MLP = Machine Learning–Driven 
Personalized Marketing; CT = Consumer Trust; IPC 
= Information Privacy Concerns; CS = Customer 
Satisfaction; PI = Purchase Intention. H1–H4 
represent the direct relationships, whereas H5 
represents the proposed sequential mediation of 
Consumer Trust and Customer Satisfaction. 
 
The study makes four principal contributions. First, 
it integrates five key constructs into a unified 
behavioural framework that explains how AI-
enabled personalization influences consumer 
purchase intention. Second, it demonstrates the 
sequential mediating roles of consumer trust and 
customer satisfaction, thereby extending existing 
theories of technology-enabled consumer 
behaviour. Third, it highlights the negative 
influence of information privacy concerns on trust, 
reinforcing the importance of responsible AI 
implementation. Finally, it provides empirical 
evidence from the Indian digital marketplace, 
contributing context-specific insights to an area of 

research that has largely been dominated by 
studies conducted in developed economies. 

II. LITERATURE REVIEW AND HYPOTHESIS DEVELOPMENT 

The integration of artificial intelligence into 
marketing has fundamentally transformed the 
relationship between organizations and 
consumers. Machine learning (ML), a core branch 
of artificial intelligence, enables organizations to 
analyse large-scale consumer data, identify 
behavioural patterns, predict future preferences, 
and deliver individualized recommendations in 
real time. Unlike conventional marketing 
approaches based on demographic segmentation 
or static customer profiling, machine learning 
continuously updates predictive models using 
consumer interactions, thereby improving 
recommendation relevance and personalization 
accuracy. Consequently, ML-driven personalized 
marketing has become an important strategic 
capability that supports customer acquisition, 
relationship management, and long-term 
organizational competitiveness. 
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Personalization has evolved from merely 
addressing consumers by name to sophisticated 
behavioural prediction supported by 
recommender systems, collaborative filtering, 
deep learning, and predictive analytics. These 
intelligent systems improve consumers' shopping 
experiences by reducing search costs, increasing 
perceived relevance, and facilitating decision-
making. Contemporary research consistently 
demonstrates that personalization improves 
customer engagement, click-through rates, 
purchase conversion, and loyalty when 
recommendations are perceived as useful and 
contextually appropriate. However, technological 
sophistication alone cannot guarantee favourable 
consumer responses because personalization 
simultaneously raises concerns regarding privacy, 
surveillance, transparency, and algorithmic 
fairness. Consequently, behavioural outcomes 
increasingly depend upon consumers' 
psychological evaluations of AI-enabled marketing 
systems rather than technology alone. 
 
Relationship Marketing Theory provides an 
important theoretical foundation for 
understanding these behavioural processes. 
Morgan and Hunt (1994) proposed that trust and 
commitment constitute the central determinants 
of successful long-term organizational 
relationships. Although originally developed 
within traditional relationship marketing, this 
perspective has become increasingly relevant in 
digital environments where direct human 
interaction is frequently replaced by algorithmic 
decision-making. Within AI-enabled commerce, 
consumers evaluate not only organizations but 
also the credibility and reliability of intelligent 
recommendation systems. Personalized 
recommendations perceived as accurate, 
relevant, and beneficial strengthen organizational 
credibility and encourage repeated interaction, 
whereas inaccurate or intrusive recommendations 
reduce confidence and weaken consumer 
relationships. 
 
The Technology Acceptance Model (TAM) further 
explains consumer acceptance of AI-enabled 
personalization by suggesting that behavioural 

adoption depends primarily upon perceived 
usefulness and perceived ease of use. 
Personalized recommendation systems simplify 
information processing by presenting products 
that closely match consumers' interests, thereby 
increasing perceived usefulness and improving 
decision efficiency. When recommendation 
systems are perceived as beneficial and 
convenient, consumers develop favourable 
attitudes toward technology-enabled marketing, 
which subsequently strengthens behavioural 
intention. Nevertheless, recent AI literature 
argues that perceived usefulness alone is 
insufficient because consumers increasingly 
evaluate ethical considerations, transparency, and 
trustworthiness when interacting with intelligent 
technologies. 
 
Privacy Calculus Theory provides an additional 
behavioural explanation by proposing that 
consumers evaluate personalization through a 
cognitive cost-benefit assessment. Consumers 
recognize the convenience associated with 
intelligent recommendations but simultaneously 
consider the risks arising from personal 
information disclosure. This psychological trade-
off becomes increasingly important as 
organizations collect extensive behavioural data 
through browsing histories, purchasing patterns, 
social media interactions, location tracking, and 
digital engagement. If perceived personalization 
benefits exceed perceived privacy risks, 
consumers are more likely to accept personalized 
marketing. Conversely, heightened privacy 
concerns reduce organizational trust and weaken 
positive behavioural responses. 
 
Expectation Confirmation Theory complements 
these perspectives by explaining how customer 
satisfaction develops following technology-
mediated interactions. According to the theory, 
satisfaction results when organizational 
performance confirms or exceeds consumers' 
prior expectations. Within personalized marketing 
environments, consumers initially evaluate 
recommendation quality and organizational 
credibility before forming satisfaction judgments. 
Recommendations perceived as relevant, timely, 
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and beneficial reinforce positive expectations and 
generate favourable emotional evaluations, 
whereas irrelevant or intrusive recommendations 
produce dissatisfaction despite technological 
sophistication. 
 
The Stimulus–Organism–Response (S–O–R) 
framework integrates these theoretical 
perspectives into a comprehensive behavioural 
explanation. Within the present investigation, 
machine learning–driven personalized marketing 
represents the external stimulus that influences 
consumers' internal psychological evaluations. 
Consumer trust and customer satisfaction 
represent the organism component through which 
technological experiences are cognitively and 
emotionally interpreted. Purchase intention 
represents the behavioural response resulting 
from these psychological evaluations. Information 
privacy concerns function as an important 
inhibitory mechanism that weakens trust 
formation and consequently influences 
subsequent behavioural outcomes. 
 
Recent empirical research generally supports 
positive relationships between AI-enabled 
personalization and favourable consumer 
behaviour. Studies conducted across digital 
retailing consistently report that personalized 
recommendations improve consumer 
engagement by increasing perceived relevance 
and reducing information overload. Consumers 
frequently perceive personalized 
recommendations as valuable because they 
simplify complex purchasing decisions and 
improve shopping efficiency. These findings 
suggest that recommendation quality represents 
an important determinant of organizational 
competitiveness within increasingly digital 
marketplaces. 
 
Nevertheless, personalization effectiveness 
remains contingent upon consumer trust. Trust 
has emerged as one of the most extensively 
investigated constructs within electronic 
commerce because digital transactions inherently 
involve uncertainty regarding information quality, 
organizational credibility, and technological 

reliability. Consumers cannot directly observe how 
recommendation algorithms operate, making 
trust an essential psychological mechanism 
supporting technology acceptance. Trust reduces 
perceived uncertainty, facilitates decision-making, 
and encourages consumers to rely upon 
algorithmic recommendations when evaluating 
products and services. 
 
Recent research indicates that AI-enabled 
recommendation systems influence trust when 
consumers perceive algorithms as competent, 
reliable, transparent, and beneficial. 
Recommendation accuracy strengthens 
consumers' confidence that organizations 
understand their preferences and provide 
meaningful decision support. Conversely, poorly 
targeted recommendations, excessive 
personalization, and unexplained algorithmic 
decisions reduce confidence and increase 
scepticism. Explainable artificial intelligence, 
transparent data governance, and ethical 
algorithm design have therefore become 
increasingly important organizational capabilities 
supporting consumer trust. 
 
Based on these theoretical and empirical 
considerations, it is reasonable to expect that 
consumers perceiving higher levels of machine 
learning–driven personalized marketing will 
demonstrate stronger trust toward digital 
platforms employing intelligent recommendation 
systems. 
 
H1: Machine Learning–Driven Personalized 
Marketing positively influences Consumer Trust. 
Customer satisfaction represents another 
important behavioural outcome within AI-enabled 
marketing environments. Satisfaction reflects 
consumers' overall evaluation of their digital 
experiences after comparing expectations with 
actual organizational performance. Personalized 
recommendations that accurately reflect 
consumer needs improve shopping convenience, 
reduce search effort, and generate favourable 
emotional responses. These experiences 
strengthen satisfaction because consumers 
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perceive organizations as responsive, competent, 
and customer-oriented. 
 
However, satisfaction rarely develops 
independently of trust. Consumers typically 
evaluate organizational credibility before forming 
overall satisfaction judgments. Trust reduces 
uncertainty associated with online transactions, 
increases confidence in recommendation quality, 
and encourages consumers to interpret 
personalized experiences more positively. 
Consequently, trust functions as a cognitive 
precursor facilitating satisfaction development 
within AI-enabled commerce. 
 
Empirical studies consistently demonstrate 
positive relationships between organizational 
trust and customer satisfaction across digital 
platforms, online retailing, mobile commerce, and 
AI-enabled service environments. Consumers who 
perceive organizations as trustworthy generally 
report higher satisfaction because they experience 
lower perceived risk and greater confidence 
during purchasing decisions. Within machine 
learning–driven personalized marketing, trust 
becomes particularly important because 
consumers must rely upon algorithmic 
recommendations that cannot be directly 
evaluated prior to purchase. 
 
Accordingly, the following hypothesis is proposed: 
H2: Consumer Trust positively influences Customer 
Satisfaction. 
 
Customer satisfaction has long been recognized as 
one of the strongest predictors of future 
behavioural intention. Satisfied consumers are 
more likely to revisit digital platforms, recommend 
services to others, develop loyalty, and complete 
future purchases. Satisfaction reflects cumulative 
evaluations rather than isolated interactions, 
making it an important determinant of long-term 
consumer behaviour. 
Within AI-enabled personalized marketing, 
customer satisfaction results from repeated 
experiences with relevant recommendations, 
efficient shopping processes, reduced cognitive 
effort, and successful purchase outcomes. Positive 

experiences reinforce consumers' confidence in 
recommendation systems and increase 
willingness to rely upon personalized suggestions 
during subsequent purchasing decisions. 
Consequently, satisfaction functions as an 
important behavioural bridge connecting 
technological experience with future purchasing 
behaviour. 
 
Extensive empirical evidence supports the positive 
influence of customer satisfaction on purchase 
intention across diverse digital commerce 
settings. Consumers satisfied with personalized 
services consistently demonstrate stronger 
repurchase intentions, higher spending behaviour, 
and increased platform loyalty. These findings 
suggest that organizations should evaluate AI-
enabled marketing effectiveness not solely 
through technical performance indicators but also 
through consumers' satisfaction with personalized 
experiences. 
 
Therefore, the following hypothesis is proposed: 
H3: Customer Satisfaction positively influences 
Purchase Intention. 
 
Although personalization offers substantial 
consumer benefits, increasing dependence upon 
behavioural data has intensified concerns 
regarding information privacy. Consumers 
increasingly recognize that personalized 
recommendations require organizations to 
collect, analyse, and store large volumes of 
personal information. While many consumers 
willingly exchange information for convenience 
and improved service quality, others remain 
concerned regarding surveillance, behavioural 
profiling, unauthorized information sharing, and 
potential misuse of personal data. 
 
Information privacy concerns have become 
increasingly important following rapid advances in 
artificial intelligence, predictive analytics, and 
algorithmic decision-making. Recent regulatory 
developments, including stronger global data 
protection frameworks, have further increased 
public awareness regarding consumer rights and 
organizational accountability. Consequently, 
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organizations implementing AI-enabled 
personalization must simultaneously demonstrate 
responsible data governance and transparent 
privacy practices. 
 
Privacy concerns primarily influence behavioural 
outcomes by reducing consumer trust. Consumers 
who perceive organizations as excessively 
intrusive or insufficiently transparent become less 
willing to rely upon recommendation systems 
regardless of their technical quality. Reduced trust 
subsequently weakens customer satisfaction and 
purchasing behaviour. Contemporary studies 
consistently report negative relationships 
between perceived privacy risk and organizational 
trust, emphasizing the importance of responsible 
AI implementation. 
 
Accordingly, the following hypothesis is proposed: 
H4: Information Privacy Concerns negatively 
influence Consumer Trust. 
 
While previous studies have established direct 
relationships among personalization, trust, 
satisfaction, and purchase intention, 
comparatively few investigations have examined 
the psychological process linking these constructs 
within a unified behavioural framework. Existing 
evidence suggests that consumers do not 
immediately respond to personalized 
recommendations by developing purchasing 
intentions. Rather, personalization first 
establishes confidence in intelligent 
recommendation systems, which subsequently 
enhances overall satisfaction before influencing 
behavioural intention. 
 
This sequential process closely aligns with the 
Stimulus–Organism–Response framework. 
Machine learning–driven personalized marketing 
represents the technological stimulus. Consumer 
trust and customer satisfaction represent 
successive cognitive and emotional evaluations 
through which consumers interpret 
personalization experiences. Purchase intention 
represents the final behavioural outcome 
resulting from these psychological processes. 
Accordingly, consumer trust and customer 

satisfaction are expected to operate as sequential 
mediators rather than independent predictors. 
 
The integrated mediation model extends previous 
research by simultaneously examining 
technological, psychological, and behavioural 
relationships within a single empirical framework. 
Such an approach provides a more comprehensive 
explanation of AI-enabled consumer behaviour 
while addressing limitations associated with 
isolated direct-effect models. 
 
Therefore, the final hypothesis is proposed: 
H5: Consumer Trust and Customer Satisfaction 
sequentially mediate the relationship between 
Machine Learning–Driven Personalized Marketing 
and Purchase Intention. 
 
The proposed conceptual framework therefore 
positions machine learning–driven personalized 
marketing as the primary technological 
antecedent influencing purchase intention 
indirectly through trust and satisfaction while 
recognizing information privacy concerns as an 
important inhibitory factor affecting trust 
formation. By integrating complementary 
theoretical perspectives with contemporary 
empirical evidence, the model provides a 
comprehensive explanation of consumer 
behaviour within AI-enabled digital marketing 
environments and forms the basis for the 
empirical investigation presented in the following 
sections. 

III. METHOD 

This study employed a quantitative, cross-
sectional research design to examine the 
behavioural mechanisms through which Machine 
Learning–Driven Personalized Marketing (MLP) 
influences Purchase Intention (PI). Specifically, the 
study investigated the sequential mediating roles 
of Consumer Trust (CT) and Customer Satisfaction 
(CS), while simultaneously evaluating the negative 
influence of Information Privacy Concerns (IPC) on 
consumer trust. A quantitative approach was 
considered appropriate because the proposed 
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conceptual framework involved testing theory-
driven relationships among multiple latent 
constructs using standardized psychometric 
measures and multivariate statistical techniques. 
The research was grounded in a positivist 
paradigm, which assumes that behavioural 
relationships can be objectively measured and 
empirically validated through systematic 
observation and statistical analysis. The cross-
sectional survey design enabled data collection 
from a relatively large number of respondents 
within a defined period, providing an efficient 
means of evaluating the proposed hypotheses. 
 
Sample and Data Collection 
The target population comprised consumers who 
had previously used AI-enabled digital platforms 
employing machine learning–driven personalized 
recommendation systems. Eligible respondents 
included individuals with experience purchasing 
products or services through major e-commerce 
and digital retail platforms that utilize algorithmic 
personalization. 
 
Data were collected through a structured online 
questionnaire administered using a convenience 
sampling strategy. Prior to participation, 
respondents were informed about the academic 
purpose of the study, assured that participation 
was voluntary, and informed that all responses 
would remain anonymous and confidential. No 
personally identifiable information was collected. 
A total of 328 questionnaires were initially 
received. After screening for completeness, 
duplicate submissions, and inconsistent response 
patterns, 306 valid responses were retained for 
statistical analysis, yielding a response retention 
rate of approximately 93%. 
 
The adequacy of the sample size was evaluated 
against contemporary recommendations for 
behavioural research. Hair et al. (2022) 
recommend that multivariate studies involving 
latent constructs generally require sample sizes 
exceeding 200 observations to ensure stable 
parameter estimation, satisfactory statistical 
power, and reliable hypothesis testing. 
Accordingly, the final sample of 306 respondents 

was considered adequate for evaluating reliability, 
validity, regression relationships, and mediation 
effects. 
 
Measures 
The questionnaire consisted of two sections. The 
first collected demographic information, including 
gender, age, educational qualification, 
occupation, frequency of online shopping, and 
experience with AI-enabled personalized 
marketing. The second measured the five latent 
constructs included in the conceptual framework. 
Machine Learning–Driven Personalized Marketing 
assessed respondents' perceptions regarding the 
relevance, usefulness, responsiveness, and 
effectiveness of AI-generated personalized 
recommendations. Consumer Trust measured 
confidence in digital platforms employing machine 
learning technologies, emphasizing reliability, 
credibility, transparency, and dependability. 
Information Privacy Concerns evaluated 
consumers' apprehension regarding the 
collection, storage, sharing, and use of personal 
information during personalized marketing 
activities. Customer Satisfaction assessed overall 
satisfaction with AI-enabled personalized 
shopping experiences, while Purchase Intention 
measured respondents' willingness to purchase 
products recommended through machine 
learning–based recommendation systems. 
 
All measurement items were adapted from 
previously validated scales reported in peer-
reviewed marketing, consumer behaviour, and 
information systems literature. Minor contextual 
modifications were introduced to improve 
relevance to AI-enabled personalized marketing 
while preserving the conceptual integrity of the 
original instruments. Responses were measured 
using a five-point Likert scale, ranging from 1 
(Strongly Disagree) to 5 (Strongly Agree). 
 
Instrument Development and Validation 
The questionnaire was developed through a 
systematic scale adaptation process. Established 
measurement instruments were reviewed to 
identify items demonstrating strong psychometric 
performance in previous empirical investigations. 
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Item wording was refined to reflect the context of 
machine learning–driven personalized marketing 
while maintaining consistency with the theoretical 
definitions of each construct. The revised 
questionnaire was evaluated for clarity, 
readability, and contextual appropriateness 
before administration. 
 
Internal consistency reliability was assessed using 
Cronbach's alpha and Composite Reliability (CR). 
Convergent validity was evaluated through 
Average Variance Extracted (AVE), whereas 
discriminant validity was assessed using the 
Heterotrait–Monotrait ratio (HTMT). These 
procedures ensured that the measurement model 
demonstrated satisfactory psychometric quality 
before hypothesis testing. 
 
Data Analysis 
Data analysis was performed using IBM SPSS 
Statistics (Version 29). The analytical procedure 
followed a sequential approach. 
Initially, descriptive statistics were generated to 
summarize respondents' demographic 
characteristics. Reliability analysis was then 
performed using Cronbach's alpha and Composite 
Reliability to assess internal consistency. 
Convergent validity was evaluated through 
Average Variance Extracted, while discriminant 
validity was examined using the Heterotrait–
Monotrait ratio. 
 
Subsequently, Pearson correlation analysis was 
conducted to examine associations among the 
study variables. Multiple regression analyses were 
then performed to evaluate the direct 
relationships proposed in Hypotheses H1–H4. 
 
Finally, the mediating roles of Consumer Trust and 
Customer Satisfaction were examined using 
bootstrap mediation analysis with 5,000 
resamples. Bootstrap procedures are widely 
recommended because they estimate indirect 
effects without assuming normality of the 
sampling distribution and provide more robust 
confidence intervals for mediation testing. 
Statistical significance was determined using 95% 
bias-corrected confidence intervals, with 

mediation considered significant when the 
confidence interval excluded zero. 
 
Ethical Considerations 
The study adhered to established ethical principles 
governing research involving human participants. 
Participation was entirely voluntary, and 
respondents were informed about the objectives 
of the study before completing the questionnaire. 
Informed consent was obtained electronically 
prior to data collection. Participants retained the 
right to discontinue participation at any stage 
without penalty. 
 
Confidentiality and anonymity were maintained 
throughout the research process. No personally 
identifiable information was collected, and the 
dataset was used exclusively for academic 
purposes. Data were securely stored and analysed 
in aggregate form to ensure respondent privacy. 
The study complied with accepted principles of 
research integrity, responsible data management, 
and ethical conduct in behavioural research. 

IV. RESULTS 

The empirical analysis was undertaken to evaluate 
the proposed relationships among Machine 
Learning–Driven Personalized Marketing (MLP), 
Consumer Trust (CT), Information Privacy 
Concerns (IPC), Customer Satisfaction (CS), and 
Purchase Intention (PI). The analytical procedure 
consisted of descriptive analysis, assessment of 
the measurement properties, correlation analysis, 
regression analysis, and bootstrap mediation 
analysis. This sequence ensured that the 
psychometric adequacy of the measurement 
model was established before testing the 
structural relationships proposed in the 
conceptual framework. 
 
Respondent Profile 
The final dataset comprised 306 valid responses 
collected from consumers with prior experience of 
AI-enabled online shopping platforms employing 
personalized recommendation systems. The 
sample represented a diverse consumer 
population with variation in gender, age, 
educational background, occupation, and online 
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purchasing behaviour. Most respondents reported 
frequent engagement with digital commerce 
platforms, indicating adequate familiarity with 
machine learning–driven personalized marketing 
and supporting the suitability of the sample for 
investigating AI-enabled consumer behaviour. 
 
The demographic diversity of the respondents 
improved the representativeness of the sample by 
incorporating consumers with differing digital 
experiences and purchasing habits. Consequently, 
the dataset provided an appropriate empirical 
foundation for evaluating the proposed 
behavioural model. 
 
Measurement Model Assessment 
Before testing the structural relationships, the 
reliability and validity of the measurement 
instrument were evaluated to ensure that the 
latent constructs were measured accurately and 
consistently. 
 
Cronbach's alpha coefficients exceeded the 
recommended threshold of 0.70 for all constructs, 
indicating satisfactory internal consistency. 
Composite Reliability (CR) values similarly 
exceeded accepted benchmarks, demonstrating 
that the observed indicators consistently 
represented their respective latent variables. 
Average Variance Extracted (AVE) values were 
above the recommended minimum level of 0.50, 
confirming adequate convergent validity. 
 
Discriminant validity was subsequently assessed 
using the Heterotrait–Monotrait ratio (HTMT). All 
HTMT values remained below the recommended 
threshold of 0.85, indicating satisfactory 
discrimination among the five latent constructs. 
Collectively, these findings confirm that the 
measurement model demonstrated acceptable 
psychometric quality and was appropriate for 
subsequent hypothesis testing. 
 
Table 1. Reliability and Validity Assessment 

Construct Cronbach's 
α 

Composite 
Reliability 

AVE 

Machine 
Learning–
Driven 
Personalized 
Marketing 

0.901 0.918 0.693 

Consumer 
Trust 

0.915 0.928 0.721 

Information 
Privacy 
Concerns 

0.882 0.905 0.656 

Customer 
Satisfaction 

0.918 0.932 0.734 

Purchase 
Intention 

0.906 0.921 0.701 

Note. All values exceed recommended thresholds 
(Cronbach's α > .70, CR > .70, AVE > .50). 
 
The results indicate that all constructs 
demonstrated satisfactory reliability and 
convergent validity. Consequently, the 
measurement instrument was considered 
sufficiently robust for evaluating the proposed 
structural relationships. 
 
Correlation Analysis 
Pearson correlation coefficients were calculated 
to examine the associations among the study 
variables before conducting regression analyses. 
The correlation matrix revealed statistically 
significant relationships in the expected 
directions. 
 
Machine Learning–Driven Personalized Marketing 
exhibited strong positive correlations with 
Consumer Trust, Customer Satisfaction, and 
Purchase Intention. Consumer Trust was positively 
associated with Customer Satisfaction and 
Purchase Intention, whereas Information Privacy 
Concerns demonstrated significant negative 
correlations with Consumer Trust. These findings 
provide preliminary support for the proposed 
conceptual framework. 
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Table 2. Correlation Matrix 
Variable MLP CT IPC CS PI 

MLP 1 
    

CT .701* 1 
   

IPC -.336* -.418* 1 
  

CS .689* .758* -
.392* 

1 
 

PI .672* .741* -
.354* 

.776* 1 

*p < .001 
The observed correlations indicate that higher 
perceptions of machine learning–driven 
personalization are associated with stronger 
consumer trust, greater customer satisfaction, 
and increased purchase intention. Conversely, 
greater information privacy concerns correspond 
with lower consumer trust. 
 
Hypothesis Testing 
Multiple regression analyses were performed to 
evaluate the direct relationships proposed in 
Hypotheses H1–H4. The regression results 
demonstrate strong empirical support for the 
proposed conceptual model. 
 
Machine Learning–Driven Personalized Marketing 
significantly predicted Consumer Trust (β = .63, p 
< .001), supporting H1. The findings indicate that 
consumers who perceive personalized 
recommendations as relevant and useful are more 
likely to trust digital platforms employing machine 
learning technologies. 
 
Consumer Trust exhibited a significant positive 
influence on Customer Satisfaction (β = .69, p < 
.001), providing support for H2. This result 
suggests that trust functions as an important 
cognitive foundation for positive evaluations of AI-
enabled shopping experiences. 
 
Customer Satisfaction significantly predicted 
Purchase Intention (β = .72, p < .001), supporting 
H3. Consumers reporting greater satisfaction with 
personalized shopping experiences demonstrated 

substantially stronger intentions to purchase 
products recommended by machine learning 
systems. 
 
Information Privacy Concerns exerted a 
statistically significant negative influence on 
Consumer Trust (β = −.31, p < .001), confirming H4. 
This finding highlights the importance of 
responsible data governance and transparent AI 
implementation in maintaining consumer 
confidence. 
 
Table 3. Regression Results 

Hypoth
esis 

Relations
hip 

β t p Decisio
n 

H1 MLP → 
CT 

.6
3 

13.
84 

<.0
01 

Suppor
ted 

H2 CT → CS .6
9 

16.
47 

<.0
01 

Suppor
ted 

H3 CS → PI .7
2 

18.
11 

<.0
01 

Suppor
ted 

H4 IPC → CT -
.3
1 

-
6.9
2 

<.0
01 

Suppor
ted 

The regression analyses demonstrate that all 
direct relationships proposed in the conceptual 
framework were statistically significant and 
consistent with theoretical expectations. 
 
Mediation Analysis 
The final hypothesis proposed that Consumer 
Trust and Customer Satisfaction sequentially 
mediate the relationship between Machine 
Learning–Driven Personalized Marketing and 
Purchase Intention. Mediation was examined 
using bootstrap analysis with 5,000 resamples and 
95% bias-corrected confidence intervals. 
 
The indirect effect through Consumer Trust alone 
was statistically significant. Similarly, the indirect 
pathway through Customer Satisfaction alone 
demonstrated a significant positive effect. Most 
importantly, the serial mediation pathway 
comprising Machine Learning–Driven 
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Personalized Marketing → Consumer Trust → 
Customer Satisfaction → Purchase Intention 
produced the strongest indirect effect. 
 
After introducing the mediating variables, the 
direct relationship between Machine Learning–
Driven Personalized Marketing and Purchase 
Intention became statistically non-significant, 
indicating full sequential mediation. These 
findings suggest that personalized marketing 
influences purchasing behaviour primarily through 
psychological mechanisms involving trust 
formation and satisfaction development rather 
than through direct technological influence. 
 
Table 4. Bootstrap Mediation Analysis 

Path Indirect 
Effect 

95% CI Decision 

MLP → CT → 
PI 

.154 [.104, 
.212] 

Supported 

MLP → CS → 
PI 

.086 [.049, 
.134] 

Supported 

MLP → CT → 
CS → PI 

.187 [.133, 
.249] 

Supported 

Total Indirect 
Effect 

.427 [.335, 
.519] 

Significant 

Direct Effect .041 [-.018, 
.096] 

Not 
Significant 

Note. Bootstrap estimates are based on 5,000 
resamples. Confidence intervals excluding zero 
indicate statistically significant indirect effects. 
 
The mediation results indicate that consumer trust 
and customer satisfaction jointly explain the 
behavioural influence of machine learning–driven 
personalized marketing. Consumers do not 
respond directly to sophisticated 
recommendation algorithms; instead, 
personalized marketing first establishes 
confidence in the digital platform, which 
subsequently enhances customer satisfaction and 
ultimately strengthens purchase intention. These 
findings provide empirical support for the 
integrated behavioural framework proposed in 
this study. 
 
The validated structural relationships obtained 
from the empirical analysis are illustrated in Figure 
2. 
Figure 2. Validated Structural Model with 
Standardized Path Coefficients 

Note. Standardized path coefficients are 
significant at p < .001 unless otherwise indicated. 
The direct effect of Machine Learning–Driven 

Personalized Marketing on Purchase Intention 
became non-significant after introducing 
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Consumer Trust and Customer Satisfaction, 
indicating full sequential mediation. 
 
Summary of Findings 
The empirical findings provide strong support for 
all five hypotheses. Machine Learning–Driven 
Personalized Marketing significantly enhances 
Consumer Trust, Consumer Trust improves 
Customer Satisfaction, Customer Satisfaction 
strengthens Purchase Intention, and Information 
Privacy Concerns reduce Consumer Trust. 
Furthermore, Consumer Trust and Customer 
Satisfaction operate as sequential mediators, fully 
transmitting the influence of personalized 
marketing on purchase intention. Collectively, the 
results demonstrate that the effectiveness of AI-
enabled personalized marketing depends 
primarily on consumers' psychological evaluations 
rather than on technological capability alone. 

V. DISCUSSION 

The present study examined the behavioural 
mechanisms through which Machine Learning–
Driven Personalized Marketing (MLP) influences 
consumers' purchase intention by integrating 
Consumer Trust (CT), Customer Satisfaction (CS), 
and Information Privacy Concerns (IPC) within a 
unified theoretical framework. Drawing upon 
Relationship Marketing Theory, the Technology 
Acceptance Model (TAM), Privacy Calculus Theory, 
Expectation Confirmation Theory (ECT), and the 
Stimulus–Organism–Response (S–O–R) 
framework, the study proposed that trust and 
satisfaction sequentially mediate the influence of 
personalized marketing on purchase intention 
while privacy concerns inhibit trust formation. The 
empirical findings provide robust support for all 
five hypotheses and contribute to the growing 
body of literature on AI-enabled consumer 
behaviour. 
 
The first finding demonstrates that machine 
learning–driven personalized marketing 
significantly enhances consumer trust. Consumers 
who perceived personalized recommendations as 
relevant, useful, and contextually appropriate 
expressed higher levels of confidence in digital 
platforms employing intelligent recommendation 

systems. This finding reinforces the argument that 
AI-enabled personalization should not be viewed 
merely as a technological capability but as a 
mechanism that shapes consumers' perceptions of 
organizational competence, credibility, and 
customer orientation. When recommendation 
systems consistently provide meaningful product 
suggestions, consumers interpret these 
interactions as evidence that organizations 
understand their needs and are capable of 
supporting informed purchasing decisions. 
 
This finding is consistent with recent international 
research demonstrating that personalized 
recommendation systems strengthen 
organizational credibility by reducing information 
overload and improving decision efficiency. 
However, the present study extends previous 
literature by demonstrating that personalization 
does not independently influence behavioural 
intention. Instead, its influence emerges primarily 
through psychological evaluations that develop 
during consumer interaction with AI-enabled 
systems. This distinction is particularly important 
because much of the existing literature has 
emphasized algorithmic performance while paying 
comparatively less attention to the behavioural 
processes through which consumers respond to 
intelligent personalization. 
 
The second major finding indicates that consumer 
trust exerts a strong positive influence on 
customer satisfaction. This relationship highlights 
the importance of trust as a cognitive foundation 
underlying favourable evaluations of AI-enabled 
shopping experiences. Consumers who trust 
personalized recommendation systems are more 
likely to interpret digital interactions positively, 
perceive recommendations as beneficial, and 
evaluate organizational performance favourably. 
These findings are consistent with Expectation 
Confirmation Theory, which proposes that 
satisfaction develops when perceived 
organizational performance confirms or exceeds 
prior expectations. Trust reduces uncertainty 
associated with online purchasing and allows 
consumers to engage with personalized 
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recommendations more confidently, thereby 
improving overall shopping satisfaction. 
 
The observed relationship also extends previous 
empirical evidence by positioning trust as a 
prerequisite rather than merely a correlate of 
customer satisfaction. Within increasingly 
automated digital environments, consumers 
evaluate not only products and services but also 
the intelligence, transparency, and reliability of 
the recommendation systems themselves. 
Consequently, organizations implementing AI-
enabled personalization should recognize trust as 
a strategic psychological resource supporting long-
term customer satisfaction. 
 
The third finding demonstrates that customer 
satisfaction significantly predicts purchase 
intention. Among the direct behavioural 
relationships examined, satisfaction exhibited the 
strongest influence on consumers' willingness to 
purchase products recommended through 
machine learning algorithms. This result confirms 
that behavioural intentions emerge primarily from 
cumulative evaluations of digital shopping 
experiences rather than isolated marketing 
interactions. Consumers who consistently 
experience relevant recommendations, efficient 
navigation, and successful purchasing outcomes 
develop stronger intentions to rely upon AI-
generated recommendations during future 
transactions. 
 
The findings reinforce extensive consumer 
behaviour literature identifying customer 
satisfaction as one of the most reliable predictors 
of loyalty, repurchase behaviour, and positive 
word-of-mouth communication. Within AI-
enabled marketing environments, satisfaction 
reflects consumers' overall evaluation of both 
technological performance and organizational 
responsiveness. Accordingly, organizations should 
evaluate AI effectiveness using customer 
satisfaction indicators alongside conventional 
operational metrics such as recommendation 
accuracy, click-through rates, and conversion 
ratios. 

The fourth finding confirms that information 
privacy concerns significantly reduce consumer 
trust. As organizations increasingly depend upon 
behavioural data to personalize consumer 
experiences, privacy has emerged as one of the 
most influential determinants of AI acceptance. 
Consumers who expressed greater concern 
regarding information collection, behavioural 
profiling, and data security reported substantially 
lower confidence in AI-enabled recommendation 
systems. These findings support Privacy Calculus 
Theory, which proposes that consumers 
continuously balance the perceived benefits of 
personalization against the perceived risks 
associated with personal information disclosure. 
Importantly, the findings suggest that 
technological sophistication cannot compensate 
for inadequate privacy protection. Organizations 
implementing machine learning–driven 
personalization must therefore complement 
technological innovation with transparent data 
governance, informed consent, explainable AI, 
and responsible information management. In the 
absence of these safeguards, increasing 
personalization may inadvertently reduce 
consumer confidence despite improvements in 
recommendation quality. 
 
The principal contribution of the study lies in the 
confirmation of the proposed serial mediation 
model. Bootstrap mediation analysis 
demonstrated that Consumer Trust and Customer 
Satisfaction fully and sequentially mediate the 
relationship between Machine Learning–Driven 
Personalized Marketing and Purchase Intention. 
After introducing the mediating variables, the 
direct relationship between personalization and 
purchase intention became statistically non-
significant, indicating that technological 
personalization influences consumer behaviour 
primarily through successive psychological 
evaluations rather than through direct 
behavioural effects. 
 
This finding substantially advances current 
understanding of AI-enabled consumer behaviour. 
Many previous studies have reported positive 
direct associations between personalization and 
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purchasing behaviour without adequately 
explaining the underlying behavioural process. 
The present investigation demonstrates that 
consumers first develop confidence in intelligent 
recommendation systems, subsequently evaluate 
their overall shopping experiences positively, and 
only then develop stronger purchasing intentions. 
The findings therefore provide empirical support 
for the Stimulus–Organism–Response framework 
by confirming that technological stimuli operate 
through cognitive and affective mechanisms 
before influencing behavioural outcomes. 
 
From a broader perspective, the study 
demonstrates that the commercial success of 
machine learning–driven personalization depends 
less upon algorithmic complexity than upon 
consumers' willingness to trust intelligent systems 
and perceive personalized experiences positively. 
Organizations seeking sustainable competitive 
advantage should therefore adopt a human-
centred approach to artificial intelligence that 
balances technological innovation with 
transparency, fairness, explainability, and 
responsible data governance. 

VI. IMPLICATIONS 

The findings have several important theoretical 
and practical implications. Theoretically, the study 
integrates five complementary perspectives—
Relationship Marketing Theory, the Technology 
Acceptance Model, Privacy Calculus Theory, 
Expectation Confirmation Theory, and the 
Stimulus–Organism–Response framework—into a 
unified behavioural model explaining AI-enabled 
consumer decision-making. By demonstrating the 
sequential mediating roles of trust and 
satisfaction, the study extends previous 
personalization research beyond simple direct-
effect models and provides a more comprehensive 
explanation of behavioural intention in AI-
supported marketing environments. 
 
The research also contributes to the emerging 
literature on Responsible Artificial Intelligence by 
empirically demonstrating the behavioural 
consequences of privacy concerns. The negative 
influence of information privacy concerns on trust 

highlights the importance of transparency, ethical 
algorithm design, explainability, and responsible 
data governance as determinants of sustainable AI 
adoption. 
 
Managerially, the findings suggest that 
organizations should evaluate machine learning–
driven personalization as a relationship-building 
capability rather than merely a sales optimization 
tool. Investments in recommendation accuracy 
should be accompanied by initiatives promoting 
consumer trust, transparent communication, and 
ethical handling of personal information. 
Customer satisfaction should be incorporated into 
AI performance dashboards alongside traditional 
marketing indicators because satisfaction directly 
influences future purchasing behaviour. 
 
Organizations should also strengthen privacy 
management by implementing clear consent 
procedures, accessible privacy policies, 
explainable recommendation systems, and secure 
information management practices. These 
initiatives can reduce consumer uncertainty, 
strengthen organizational credibility, and improve 
long-term customer relationships. 

VII. LIMITATIONS AND FUTURE RESEARCH 

Although the study provides important insights 
into AI-enabled consumer behaviour, several 
limitations should be acknowledged. First, the 
cross-sectional research design limits the ability to 
establish temporal causality among the study 
variables. Longitudinal investigations could 
examine how consumer trust and satisfaction 
evolve with continued exposure to personalized 
recommendation systems. 
 
Second, the study measured behavioural intention 
rather than actual purchasing behaviour. Future 
investigations should integrate transaction 
records or behavioural analytics to examine 
whether reported purchase intentions translate 
into actual purchasing decisions. 
 
Third, the investigation focused on consumers 
operating within the Indian digital marketplace. 
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Replication across different cultural, regulatory, 
and technological contexts would improve the 
generalizability of the findings and facilitate cross-
national comparisons. 
 
Fourth, the proposed model examined five 
principal constructs. Future research could 
incorporate additional variables such as 
algorithmic transparency, AI explainability, 
technology readiness, perceived fairness, digital 
literacy, consumer innovativeness, AI anxiety, and 
perceived value to further strengthen theoretical 
understanding. 
 
Finally, mixed-method research combining 
quantitative surveys with qualitative interviews 
could provide richer insights into consumers' 
emotional responses, ethical concerns, and lived 
experiences with AI-enabled personalized 
marketing. 

VIII. CONCLUSION 

Machine learning has become one of the most 
influential technologies shaping contemporary 
digital marketing. However, the present study 
demonstrates that the effectiveness of AI-enabled 
personalization depends not simply on 
technological sophistication but on consumers' 
psychological acceptance of intelligent 
recommendation systems. Using empirical 
evidence from 306 consumers, the study confirms 
that machine learning–driven personalized 
marketing strengthens consumer trust, trust 
enhances customer satisfaction, satisfaction 
increases purchase intention, and information 
privacy concerns reduce trust. 
 
More importantly, the findings reveal that 
consumer trust and customer satisfaction fully and 
sequentially mediate the relationship between 
personalized marketing and purchase intention. 
These results demonstrate that intelligent 
personalization influences behavioural outcomes 
primarily through psychological mechanisms 
rather than through direct technological effects. 
 

The study contributes to contemporary research 
by integrating technological, psychological, and 
behavioural perspectives within a single empirical 
framework and by providing evidence from one of 
the world's fastest-growing digital economies. For 
practitioners, the findings emphasize that 
successful AI implementation requires balancing 
personalization effectiveness with ethical data 
governance, transparency, consumer trust, and 
responsible innovation. As organizations continue 
to expand AI-enabled marketing capabilities, long-
term competitive advantage will increasingly 
depend on their ability to combine technological 
excellence with consumer-centred design, 
responsible artificial intelligence, and enduring 
customer relationships. 
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