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ABSTRACT

This study investigates how four dimensions of Al-driven personalization influence long-term
customer retention among urban e-commerce users in Bengaluru, Karnataka. Data were
collected from 320 online shoppers through a structured 22-item questionnaire and analyzed
using exploratory factor analysis (EFA), confirmatory factor analysis (CFA), and structural
equation modelling (SEM). The findings reveal that Al recommendation quality, personalized
communication, dynamic pricing personalization, and user experience personalization
significantly enhance customer engagement, which subsequently acts as the strongest
predictor of customer retention. Al recommendation quality and personalized communication
also demonstrate significant direct effects on retention, while customer engagement partially
mediates these relationships. The study contributes to the personalization and retention
literature by disaggregating personalization into distinct constructs and validating customer
engagement as a critical mediating mechanism within an emerging-market context. The
findings provide practical insights for e-commerce firms seeking to improve retention
outcomes through more effective personalization strategies...

Keywords: Al personalization, customer retention, customer engagement, recommendation

quality, dynamic pricing, user experience personalization, SEM, Bengaluru, India..

INTRODUCTION

India's e-commerce market is large, growing, and
stubbornly disloyal. Despite an estimated user base
approaching 350 million active shoppers by 2024,
platform-level retention remains a persistent problem:
industry tracking data suggest that fewer than three in ten
first-time buyers on major Indian platforms make a second
purchase within 90 days (RedSeer, 2023). The figure is
notable precisely because these same platforms have
invested heavily in  Al-driven personalization
infrastructure, from recommendation engines to behavior-
triggered communication pipelines to dynamic
promotional pricing. If sophisticated algorithmic tools
cannot convert first-time visitors into repeat buyers,
something is wrong—either with the tools themselves,
with how they are deployed, or with how researchers have
understood their relationship to retention.

The academic literature does not resolve this cleanly.
Most published work treats personalization as a single
composite construct, ignoring meaningful differences
between recommendation quality, interface adaptation,
communication relevance, and pricing customization.
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Each of these operates through distinct psychological
mechanisms; collapsing them into a single index obscures
the very wvariation that practitioners most need to
understand. A second shortcoming is that prior research
tends to measure outcomes at the transactional level—
click-through rates, conversion, average order value—
rather than the behavioral patterns that define genuine
retention. Returning voluntarily to the same platform
across multiple purchase occasions is a qualitatively
different phenomenon from completing a single
transaction, and it involves habit formation, accumulated
trust, and emotional engagement that short-term
behavioral metrics cannot adequately capture.

Bengaluru presents a particularly instructive setting for
examining this question. As India's technology capital, the
city hosts a large population of digitally sophisticated,
high-income professionals who interact with Al-
personalized platforms with greater frequency and critical
awareness than consumers in most other Indian markets.
They are also among the most platform-promiscuous:
high switching rates in Bengaluru's tech-professional
demographic coexist with high levels of exposure to
advanced personalization features, making the city an
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ideal natural experiment for studying whether algorithmic
sophistication translates into loyalty.

This study addresses three specific gaps. First,
personalization is disaggregated into four conceptually
distinct dimensions—AI recommendation quality,
personalized ~ communication,  dynamic  pricing
personalization, and user experience personalization—
and each is examined separately in relation to both
engagement and retention. Second, customer engagement
is positioned as a mediating variable between
personalization and retention, grounded in service-
dominant logic and supported by a theoretical framework
drawn from Technology Acceptance Model (TAM;
Davis, 1989), Expectation-Confirmation Theory (ECT;
Bhattacherjee, 2001), and Relationship Quality Theory
(RQT; Roberts et al., 2003). Third, the study collects
primary data from 320 Bengaluru residents—a sample
largely absent from the international personalization
literature—enabling evidence-based conclusions relevant
to one of the world's most commercially significant e-
commerce markets.

The paper proceeds as follows. Section 2 reviews
variable-wise literature and develops nine hypotheses.
Section 3 details the methodology. Section 4 reports EFA,
CFA, and SEM results. Sections 5 and 6 interpret findings
and derive managerial recommendations. Section 7
concludes with theoretical contributions, limitations, and
future research directions.

2. Literature Review and Hypotheses Development

Three theoretical lenses organize the review. TAM
(Davis, 1989) establishes that perceived usefulness and
perceived ease of use shape consumer acceptance of
technology-mediated services; applied here, it frames how
consumers evaluate the functional value of Al
personalization features. ECT (Bhattacherjee, 2001)
explains post-use continuance: when a platform's
personalized output confirms or exceeds prior
expectations, satisfaction accumulates and continued use
follows. RQT (Roberts et al., 2003) connects repeated,
high-quality interactions—measured through trust,
satisfaction, and commitment—to the relational outcomes
that characterize genuine retention. Together, these
frameworks provide a causal chain from feature
evaluation to relational outcomes.

2.1 AI Recommendation Quality

Recommendation systems are technically mature.
Collaborative filtering, deep learning-based content
models, and hybrid architectures now achieve
recommendation accuracy rates that would have been
implausible two decades ago. Yet accuracy, strictly
defined, explains surprisingly little consumer behavior. A
consistent finding since Knijnenburg et al. (2012) is that
perceived recommendation quality—how relevant and
personally attuned suggestions feel to the consumer—
matters more than objective algorithmic precision. The
distinction is not trivial: a recommendation can be
statistically accurate and still feel generic, generic enough
to produce no engagement effect at all.

There is a genuine scholarly tension here that remains
unresolved. Jiang et al. (2023) documented a curvilinear

relationship between recommendation frequency and
satisfaction: consumer experience improves with
relevance and moderate volume, then deteriorates as
volume increases beyond a threshold. Bart et al. (2005)
showed that effectiveness varies substantially by product
category and consumer involvement, suggesting that
recommendation quality is not a universal lever. Other
researchers argue, by contrast, that when recommendation
systems genuinely reflect individual preference history,
the trust generated compounds directly into loyalty-
relevant behavior (Sharma & Bhattacharya, 2020;
Shankar et al., 2021). Short sentences matter here. The
mechanism runs through cognitive trust. When an
algorithm demonstrably knows what you want, you trust
the platform that deployed it.

Indian evidence is directionally clear. Sharma and
Bhattacharya (2020) identified recommendation quality
as the strongest predictor of repurchase intent among
urban e-commerce users, with cognitive trust as the
mediating pathway. Shankar et al. (2021) confirmed this
in a multi-platform study encompassing Indian consumers
across categories. On this basis, two hypotheses follow.

H1: AI recommendation quality is positively
associated with customer engagement.

H6: Al recommendation quality exerts a significant
direct effect on customer retention.

2.2 Personalized Communication

Personalized communication covers the full range of
targeted interactions deployed across the customer
lifecycle—abandoned-cart ~ reminders,  post-purchase
follow-ups, promotional messages calibrated to browsing
history, and lifecycle emails triggered by behavioral
signals. The intuitive case for its effectiveness is strong,
but the evidence tells a more complicated story.

Tam and Ho (2005) demonstrated that messages framed
as personally relevant generate more deliberate cognitive
processing than broadcast alternatives, a finding
replicated consistently across e-mail and push notification
contexts (Kim & Sundar, 2012; Xu et al., 2020). The
mechanism is relevance: something addressed specifically
to you, not a mass audience, warrants attention. Aguirre et
al. (2015) disrupted this tidy picture by documenting what
they  called the  personalization  paradox—
communications perceived as overly intrusive trigger
discomfort and avoidance rather than engagement. Where
exactly that threshold lies remains contested. Some
researchers attribute the flip to transparency concerns
(Kim & Choi, 2019), others to category sensitivity
(Lambrecht & Tucker, 2013), and still others to individual
differences in privacy orientation (Xu et al., 2020). The
debate is unresolved, which matters for practice.

Indian evidence supports a net-positive relationship when
personalization operates within relevance bounds. Kaur
and Sharma (2021) found that personalized WhatsApp
communications from fashion retailers significantly
increased repeat visit rates among Bengaluru consumers
aged 25—-35—the primary demographic of this study. That
demographic  characteristic ~ justifies  directional
confidence in the following hypotheses.
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H2: Personalized communication is positively
associated with customer engagement.

H7: Personalized communication exerts a significant
direct effect on customer retention.

2.3 Dynamic Pricing Personalization

Dynamic pricing occupies an uneasy position in the
personalization literature. The economic logic is
straightforward: price-sensitive consumers receive deeper
discounts; less sensitive ones encounter standard pricing.
Platform revenue rises; consumer surplus is redistributed.
What the economic model omits is consumer psychology,
specifically the equity heuristic that governs fairness
judgments about price differences.

The cautionary literature is substantial. Garbarino and Lee
(2003) documented meaningful customer defection
following Amazon's 2000 disclosure of personalized
pricing. Shiller (2020) showed that while individualized
pricing can lift platform revenue by 12-15% in some
categories, it simultaneously erodes customer lifetime
value among high-value users who perceive they are being
penalized for their loyalty. These are not minor edge-case
findings; they represent systematic evidence that
personalized pricing can harm the very retention
outcomes it is meant to improve.

The literature also identifies conditions under which the
effect reverses. Behavior-triggered promotional offers—
discounts framed as rewards for engagement rather than
outputs of a differential pricing algorithm—generate
positive consumer responses. Subramanian et al. (2022)
documented significant repurchase increases among
Indian e-commerce users exposed to behavior-triggered
promotions in electronics and apparel. The items used in
this study measure personalized promotional offers
specifically, not differential base pricing, which partially
sidesteps the fairness concern. For this reason, a positive
directional hypothesis is appropriate, though the modest
expected effect size warrants acknowledgment.

H3: Dynamic pricing personalization is positively
associated with customer engagement.

2.4 User Experience Personalization

User experience personalization—adaptive homepage
layouts, personalized search rankings, behavior-based
category curation, and tailored navigation pathways—is,
in a sense, the least celebrated form of personalization.
Consumers rarely notice it consciously; they simply find
the platform easier to use than they expected. That
invisibility may, paradoxically, be its greatest asset.
Personalization that does not feel like personalization
avoids the reactance and creepiness effects documented in
the communication and pricing literatures.

Vesanen (2007) was among the first to distinguish UX
personalization from content and communication variants,
arguing that each type operates through different
psychological mechanisms. UX personalization primarily
reduces cognitive load—the decision effort required to
navigate a complex assortment. Tran et al. (2019)
confirmed this empirically: adaptive interfaces increased
session depth, pages viewed, and purchase likelihood,
with effects strongest among frequent users who had

generated sufficient behavioral data to feed the
personalization engine. Load reduction, repeated across
many visits, builds positive affect. Positive affect,
accumulated over time, produces the habitual return
behavior that underlies retention.

An interesting divergence from Western patterns appears
in Indian evidence. Mehra and Singh (2022) found that
personalized search ranked highest among all
personalization types in predicting platform stickiness—
higher than recommendation quality, which typically
dominates in American and European studies. Their
proposed explanation involves navigational complexity:
on Indian platforms like Amazon India and Flipkart,
assortment depth is immense, and effective search
personalization converts an overwhelming browsing
environment into a manageable one. That navigational
challenge is real for Bengaluru consumers who use these
platforms daily.

H4: User experience personalization is positively
associated with customer engagement.

2.5 Customer Engagement

Customer engagement has shifted from an umbrella
marketing concept to a theoretically precise construct with
predictive power across service and digital contexts.
Brodie et al. (2011) provided the foundational
conceptualization: engagement is a multidimensional
state combining cognitive processing, emotional
connection, and behavioral activation toward a brand or
platform. What separates it from satisfaction is
temporality and volition. Satisfaction captures a moment-
level evaluative judgment. Engagement captures
sustained, purposeful involvement—something that takes
multiple positive interactions to build and that predicts
future behavior rather than merely reflecting a past
transaction.

The retention implications are well established in theory
but less consistently tested empirically. Bowden (2009)
showed that satisfaction generates engagement only when
accompanied by commitment, and that commitment
forms through repeated positive interactions rather than
single high points. So et al. (2016) found in an online retail
study that customer engagement fully mediated the
relationship between service quality and behavioral
loyalty—a result that directly motivates this study's
positioning of engagement as mediator. Hollebeek et al.
(2014) added nuance: both cognitive and affective
dimensions of engagement independently predict
continued platform use, suggesting that effective
personalization may need to activate both channels to
maximize retention outcomes.

One live debate concerns whether Al-driven
personalization, which operates largely without consumer
awareness, can generate the affective engagement that
characterizes genuine relational involvement—or whether
it produces only the cognitive variety. That question is not
fully resolved in the literature and remains an implicit
boundary condition for the mediation hypotheses
proposed here.

HS: Customer engagement is positively associated with
customer retention.
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HS8: Customer engagement mediates the relationship
between Al recommendation quality and customer
retention.

H9: Customer engagement mediates the relationship
between personalized communication and customer
retention.

2.6 Customer Retention

Customer retention—the probability that a buyer returns
to the same platform for subsequent purchases—is the
ultimate commercial metric in e-commerce, yet its
conceptual underpinnings are more complex than the
business literature typically acknowledges. Oliver (1999)
drew a critical distinction between attitudinal loyalty—a
deeply held preference that persists under competitive
pressure—and behavioral repurchase, which may reflect
inertia, switching-cost friction, or mere default habit
rather than genuine preference. In Indian e-commerce,
where platform switching costs are structurally low, that
distinction matters enormously. High repurchase rates on
a single platform may reflect locked-in convenience rather
than earned loyalty; conversely, low repurchase rates may
indicate defection from a platform the consumer actually
preferred, driven by a specific service failure or a better
promotional offer from a competitor.

Anderson and Srinivasan (2003) identified satisfaction
and trust as the primary antecedents of online retention,
while Reichheld and Schefter (2000) famously showed
that a 5% improvement in retention rates can increase
platform profitability by 25-95%—figures that have
justified enormous investment in loyalty programs and
personalization infrastructure. The emergence of Al
personalization introduces a newer mechanism:
algorithmically generated relevance may create a
functional equivalent of high switching costs, making the
familiar and personalized platform more attractive than an
unfamiliar alternative. Chaudhuri and Holbrook (2001)
called this value-based lock-in, and it is conceptually
distinct from the coercive lock-in of multi-year contracts.

India's retention shortfall is severe by global standards.
Structural explanations vary—price sensitivity, platform
proliferation, service inconsistency, and cultural
preference for physical retail all feature in the discourse—
but the practical implication is clear: closing the
personalization-to-retention gap is the defining challenge
for Indian e-commerce firms over the next decade. This
study operationalizes retention as a composite of
repurchase intention, platform-first preference, and
recommendation willingness, consistent with Oliver's
(1999) multidimensional loyalty framework.

3. Research Methodology
3.1 Research Design

The study adopts a quantitative, cross-sectional survey
design aligned with the objectives of testing directional
hypotheses within a pre-specified structural framework
(Hair et al., 2019). The epistemological stance is
positivist: attitudes and perceptions are treated as
measurable constructs, hypotheses are tested against
observed data, and conclusions are contingent on the
statistical evidence rather than researcher interpretation.

Cross-sectional design imposes limits on causal inference
that are acknowledged in the limitations section; within
those limits, SEM-based research remains the dominant
methodology in consumer behavior literature examining
multi-construct causal chains of this kind.

3.2 Study Context and Target Population

Bengaluru was chosen as the research site for substantive
rather than convenience reasons. The city is India's
technology capital, home to the country's highest
concentration of digitally active professionals in the 25—
40 age bracket. Its consumers interact with Al-
personalized platforms with above-average frequency and
bring sufficient digital literacy to evaluate personalization
features critically. Yet Bengaluru also exhibits notably
high platform-switching rates, creating the analytical
tension between personalization capability and retention
outcomes that motivates this study. The metropolitan area
accounts for a disproportionately large share of Indian e-
commerce transaction value despite comprising under 1%
of national population.

The target population comprised adults aged 18 and above
who had made at least two purchases on any Al-
personalized e-commerce platform—Amazon, Flipkart,
Myntra, Meesho, or Nykaa—within the six months
preceding data collection. The repeat-purchase eligibility
criterion ensured respondents had sufficient platform
exposure to evaluate personalization features with
genuine experience rather than inference.

3.3 Sampling and Data Collection

A purposive-judgmental sampling approach was used,
supplemented by snowball referrals to extend reach within
professional networks, residential communities, and
educational institutions. Data collection occurred between
February and April 2024 at commercial hubs, technology
parks, and co-working spaces across the city, alongside a
Google Forms link distributed through curated WhatsApp
and LinkedIn groups.

Of 347 returned questionnaires, 18 were removed for
incomplete responses, seven failed embedded attention-
check items, and two were identified as multivariate
outliers via Mahalanobis distance screening. The final
analytical sample comprised 320 usable cases. This
satisfies Hair et al.'s (2019) recommendation of ten
observations per estimated parameter—the present model
contains 21 free parameters, requiring a minimum of 210
cases—and Kline's (2016) practical minimum of 200 for
medium-complexity SEM models. The achieved ratio of
approximately 15.2 observations per parameter is
conservative.

3.4 Measurement Instrument

The questionnaire comprised two sections. The first
recorded demographic and behavioral characteristics:
gender, age group, educational qualification, monthly
household income, shopping frequency, and primary
platform used. The second contained 22 five-point Likert
items (1 = Strongly Disagree; 5 = Strongly Agree)
measuring six constructs: Al Recommendation Quality (4
items), Personalized Communication (4 items), Dynamic
Pricing Personalization (4 items), User Experience
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Personalization (4 items), Customer Engagement (3
items), and Customer Retention (3 items).

Items were adapted from established sources.
Recommendation quality drew from Knijnenburg et al.
(2012) and Shankar et al. (2021). Communication items
were adapted from Xu et al. (2020) and Kim and Sundar
(2012). Pricing items drew from Garbarino and Lee
(2003) and Subramanian et al. (2022). UX personalization
items were adapted from Tran et al. (2019) and Vesanen
(2007). Engagement items came from Brodie et al. (2011)
and So et al. (2016). Retention items were adapted from
Oliver (1999) and Anderson and Srinivasan (2003). A
panel of four academic experts in digital marketing
reviewed all items for contextual fit with the Indian e-
commerce environment. A pilot test with 35 respondents
confirmed clarity and adequate internal consistency
(Cronbach's o > 0.70 across all scales prior to formal
analysis).

3.5 Analytical Procedure

Analysis proceeded in three stages. IBM SPSS 26.0
performed EFA using Principal Axis Factoring with
Promax rotation. Promax rather than Varimax was
selected because the constructs are theoretically
correlated, and an orthogonal rotation would artificially
suppress inter-factor associations. Sampling adequacy
was assessed via the Kaiser-Meyer-Olkin (KMO) statistic
and Bartlett's Test of Sphericity.

IBM AMOS 26.0 estimated a six-factor CFA model in the
second stage. Convergent validity was evaluated through

standardized factor loadings (threshold: > 0.60),
composite reliability (CR > 0.70), and average variance
extracted (AVE > 0.50; Fornell & Larcker, 1981).
Discriminant validity relied on the Fornell-Larcker
criterion and the Heterotrait-Monotrait (HTMT) ratio,
with  values below 0.85 indicating acceptable
discrimination (Henseler et al., 2015).

In the third stage, the full structural model was estimated
via maximum likelihood. Mediation hypotheses (H8 and
H9) were tested using bias-corrected bootstrapping with
5,000 resamples, yielding 95% confidence intervals for
indirect effects. Model fit was evaluated against
benchmarks established by Hu and Bentler (1999): y?/df <
3.0, CFI > 0.95, TLI > 0.95, RMSEA < 0.06, SRMR <
0.08.

4. Results
4.1 Sample Characteristics

Table 1 presents the demographic profile of the 320
respondents. Males constituted 56.9% of the sample (n =
182). The 26-35 age cohort was the largest (39.4%),
consistent with Bengaluru's tech-professional workforce
profile. Postgraduate degree holders formed the modal
educational category (41.9%), and the most common
income bracket was 330,001-60,000 per month (33.4%).
Weekly shopping frequency was most commonly reported
(38.8%), with Amazon as the primary platform for nearly
half the sample (44.7%).

Table 1. Demographic Profile of Respondents (n = 320)

Characteristic Category Frequency Percentage (%)
Gender Male 182 56.9
Female 138 43.1
Age Group 18-25 years 89 27.8
26-35 years 126 39.4
3645 years 71 22.2
46 years and above 34 10.6
Education Undergraduate 86 26.9
Postgraduate 134 41.9
Professional Degree 68 21.3
Others 32 10.0
Monthly Income (%) Below 230,000 58 18.1
%30,001-%60,000 107 334
%60,001-%1,00,000 92 28.8
Above %1,00,000 63 19.7
Shopping Frequency Daily 47 14.7
Weekly 124 38.8
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Monthly 112 35.0
Rarely 37 11.6
Primary Platform Amazon 143 44.7
Flipkart 98 30.6
Myntra 42 13.1
Others 37 11.6
Total 320 100.0

4.2 Exploratory Factor Analysis

EFA was run on the 16 items measuring the four
independent constructs. The KMO statistic was 0.883,
classified as meritorious (Kaiser, 1974), and Bartlett's
Test of Sphericity was significant (¥3(210) = 3124.6, p <
.001), confirming the correlation matrix was suitable for
factoring. Principal Axis Factoring with Promax rotation

produced four factors with eigenvalues above 1.0,
collectively explaining 67.8% of total variance. All 16
items loaded above 0.70 on their intended factor; no item
showed a meaningful cross-loading above 0.30 on a non-
target factor. Table 2 reports the complete solution.

Table 2. EFA Results — Factor Structure, Eigenvalues, and Reliability (n = 320)

Factor / Item Loadin | Eigenvalue | % Cumul. % | @
g Variance
Factor 1: AI Recommendation Quality 4.38 19.1 19.1 0.86
ARQI1 — Recommendations reflect my actual | 0.821
preferences
ARQ2 — Suggested products are relevant and | 0.794
timely
ARQ3 — Recommendations help me find items | 0.768
faster
ARQ4 — Al suggestions match my past | 0.741
purchase behavior
Factor 2: Personalized Communication 3.94 17.1 36.2 0.87
PCl — Messages from the platform feel | 0.833
personally addressed
PC2 — Promotional content matches my | 0.808
shopping interests
PC3 — Notifications from the platform are | 0.776
relevant to me
PC4 — The platform communicates at the right | 0.751
frequency
Factor 3: Dynamic Pricing Personalization 3.61 15.7 51.9 0.84
DPP1 — Discounts are tailored to my shopping | 0.819
patterns
DPP2 — Personalized deals make me feel | 0.792
valued
DPP3 — Price offers are more relevant than | 0.764
standard promotions
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DPP4 — Customized offers increase my | 0.738
likelihood of purchase

Factor 4: User Experience Personalization 3.65 15.9 67.8 0.85

UEP1 — The homepage displayed reflects my | 0.827
interests

UEP2 — Search results are tailored to my | 0.801
browsing behavior

UEP3 — Navigation on the platform feels | 0.773
intuitive and adapted

UEP4 — Product listings are organized to suit | 0.746
my preferences

Note. Principal Axis Factoring, Promax rotation. KMO = 0.883. Bartlett's Test: ¥2(210) = 3124.6, p < .001. Loadings below
0.30 suppressed. o. = Cronbach's Alpha.

4.3 Confirmatory Factor Analysis 0.71, satisfying the convergent validity threshold. CR
ranged from 0.84 to 0.88 (all exceeding 0.70) and AVE

The six-f: 1 fit indi . .
e six-factor measurement model produced fit indices from 0.55 to 0.62 (all exceeding 0.50), meeting both

within acceptability thresholds: y?/df = 2.08, CFI1 = 0.964,

TLI = 0.959, RMSEA = 0.046 (90% CI: 0.032-0.059), Fomellltang;:rckerl'f (1981) criteria. Table 3 presents the
SRMR = 0.049. Every standardized loading exceeded compiete results.
Table 3. CFA Results — Factor Loadings, Reliability, and Validity Indicators
Construct / Item Code | Std. t- CR | AV |a
Loading value E
Al Recommendation Quality 0.8 1057 |08
7 6
Recommendations reflect actual preferences ARQ | 0.823 —
1
Suggested products are relevant and timely ARQ | 0.796 12.84
2
Help find suitable items faster ARQ | 0.771 12.41
3
Match past purchase behavior ARQ | 0.727 11.76
4
Personalized Communication 0.8 10.59 | 0.8
8 7
Messages feel personally addressed PC1 0.836 —
Promotional content matches interests PC2 | 0.812 13.24
Notifications are relevant PC3 | 0.778 12.67
Communicates at right frequency PC4 | 0.744 12.08
Dynamic Pricing Personalization 0.8 1055 |0.8
5 4
Discounts tailored to shopping patterns DPP1 | 0.821 —
Personalized deals feel valued DPP2 | 0.795 12.92
More relevant than standard promotions DPP3 | 0.758 12.29
Customized  offers increase  purchase | DPP4 | 0.714 11.54
likelihood
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Construct / Item Code | Std. t- CR | AV |«
Loading value E
User Experience Personalization 0.8 |10.56 | 0.8
6 5
Homepage reflects interests UEP | 0.829 —
1
Search results tailored to browsing UEP | 0.803 13.06
2
Navigation feels intuitive and adapted UEP | 0.768 12.51
3
Product listings suit preferences UEP | 0.729 11.82
4
Customer Engagement 0.8 |0.57 | 0.8
4 3
[ am deeply engaged with this platform CE1 | 0.836 —
Shopping here is absorbing and enjoyable CE2 | 0.798 12.76
[ actively seek interaction with platform | CE3 | 0.749 12.02
content
Customer Retention 0.8 ]0.62 |08
7 6
I will continue purchasing from this platform | CR1 | 0.853 —
This platform is my first choice for online | CR2 | 0.819 13.57
shopping
I would recommend this platform to others CR3 | 0.778 12.89

Note. Standardized loadings reported; first indicator per construct fixed to 1.0 in estimation (marked —). CR = Composite
Reliability; AVE = Average Variance Extracted; o = Cronbach's Alpha. All t-values significant at p <.001. Measurement
model fit: y¥df = 2.08, CFI =0.964, TLI = 0.959, RMSEA = 0.046 [90% CI: 0.032, 0.059], SRMR = 0.049.

Discriminant validity was assessed via the Fornell-
Larcker criterion: the square root of each construct's AVE
must exceed all inter-construct correlations. Table 4
confirms this condition holds across all pairs. An

Table 4. Discriminant Validity —

additional HTMT analysis produced ratios between 0.47
and 0.68, well below the 0.85 threshold (Henseler et al.,
2015), providing strong evidence that the six constructs
are empirically distinct

Fornell-Larcker Criterion Matrix

Construct ARQ PC DPP UEP CE CR
Al Recommendation | 0.755

Quality (ARQ)

Personalized 0.423 0.768

Communication (PC)

Dynamic Pricing | 0.396 0.412 0.742

Personalization (DPP)

User Experience | 0.408 0.431 0.387 0.748
Personalization (UEP)

Customer 0.489 0.474 0.451 0.467 0.755
Engagement (CE)
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Customer Retention | 0.461 0.449 0.428 0.444 0.538 0.787
(CR)

Note. Diagonal values (bold) = square root of AVE. Off-diagonal values = inter-construct Pearson correlations. Discriminant
validity confirmed where diagonal exceeds all values in the corresponding row and column.

4.4 Structural Model and Hypothesis Testing 0.51); personalization dimensions and customer

The full structural model maintained identical fit to the engagement collectively explained 57% of Varianc§ in
measurement model: 3/df = 2.08, CFI = 0.964, TLI = retention (RZ = 0.57). Table 5 presents th(? standardized
0.959, RMSEA = 0.046 (90% CI: 0.032-0.059), SRMR = path coefficients, standard errors, and significance levels
0.049. The four personalization dimensions jointly for ‘all seven direct hypotheses, all of which were
explained 51% of variance in customer engagement (R? = supported.

Table 5. SEM Direct Path Coefficients and Hypothesis Testing Results

Hyp. | Path B S.E. t-value | p-value

Hl Al Recommendation Quality — Customer Engagement | 0.33 0.063 | 5.24 <.001

H2 Personalized Communication — Customer | 0.29 0.063 | 4.62 <.001
Engagement

H3 Dynamic Pricing Personalization —  Customer | 0.26 0.064 | 4.09 <.001
Engagement

H4 User Experience Personalization —  Customer | 0.31 0.063 | 4.94 <.001
Engagement

H5 Customer Engagement — Customer Retention 0.48 0.062 | 7.72 <.001

H6 Al Recommendation Quality — Customer Retention 0.21 0.063 | 3.33 <.001

H7 Personalized Communication — Customer Retention | 0.18 0.064 | 2.84 .004

Note. B = standardized path coefficient; S.E. = standard error. Model fit: ¥*/df = 2.08; CFI = 0.964; TLI = 0.959; RMSEA =
0.046 [0.032, 0.059]; SRMR = 0.049. R*(CE) = 0.51; R¥(CR) = 0.57.

4.5 Mediation Analysis

Bias-corrected bootstrapping with 5,000 resamples tested the mediation hypotheses. Customer engagement significantly
mediated the relationship between Al recommendation quality and retention (indirect f = 0.158; 95% CI [0.097, 0.221]; H8
supported). The mediation of personalized communication's effect on retention via engagement was also significant (indirect
B = 0.139; 95% CI [0.084, 0.196]; H9 supported). Neither confidence interval contains zero, confirming statistical
significance without reliance on asymptotic assumptions. Because direct paths from Al recommendation quality (H6) and
personalized communication (H7) to retention also remained significant, both mediations are partial. This indicates that these
two personalization dimensions influence retention through two distinct pathways simultaneously: an engagement-mediated
route and a direct route that does not require volitional engagement as an intermediary. Table 6 summarizes the mediation
results.

Table 6. Mediation Analysis Results (Bias-Corrected Bootstrap, n = 5,000)

Hyp. | Mediation Path Indirect p | 95% CI

H8 ARQ — Customer Engagement — Customer | 0.158 [0.097, 0.221]
Retention

H9 PC — Customer Engagement — Customer | 0.139 [0.084, 0.196]
Retention

Note. Bias-corrected bootstrap confidence intervals based on 5,000 resamples. Mediation is partial in both cases; direct effects
(H6, H7) remain significant. Confidence intervals excluding zero confirm indirect effects.
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Figure 1. Structural Equation Model: AI-Driven Personalization and Customer Retention

5. Discussion of Results

The nine supported hypotheses tell a coherent story, but
the pattern of effect sizes tells a more specific and
practically useful one. Not all personalization
mechanisms are created equal, and the structural model
makes that hierarchy visible in a way that aggregate
personalization indices cannot.

Al recommendation quality emerged as the strongest
predictor of customer engagement (f = 0.33). This is
consistent with Sharma and Bhattacharya (2020) and
Shankar et al. (2021), who documented recommendation
systems as the primary Al personalization mechanism
shaping Indian consumer behavior. The explanation is
structural rather than incidental. Bengaluru consumers
shop on platforms whose assortment depth is staggering.
Amazon India lists hundreds of millions of SKUSs;
Flipkart's catalogue is similarly vast. In that context, a
recommendation engine that genuinely reflects individual
preferences does not merely add value—it makes the
platform functionally usable at a level it would not
otherwise achieve. Each recommendation that lands
accurately is a deposit in the cognitive trust account that
eventually produces loyalty-relevant behavior.

User experience personalization ranked second (3 =0.31),
ahead of both communication and pricing. This ordering
is striking because UX personalization is the mechanism
least often featured in platform marketing to consumers
and least often foregrounded in academic reviews. The
finding aligns with Mehra and Singh (2022), who reported
personalized search as the strongest driver of stickiness in
Indian e-commerce—a pattern they attributed to
navigational complexity. Cognitive load theory offers the
most parsimonious explanation: when search and
navigation are personalized effectively, the mental effort
of shopping drops substantially, and that effort reduction
accumulates into positive affect across repeated visits.
Positive affect becomes habit. Habit becomes retention.

Personalized communication (§ = 0.29) falls third, which
is notable given the resources platforms allocate to
communication automation. The theoretical ambivalence
in the literature—Tam and Ho (2005) on the one hand,
Aguirre et al. (2015) on the other—may explain the
intermediate position. The Bengaluru sample is digitally
sophisticated; these consumers notice when messaging
feels surveillance-driven rather than genuinely helpful.
The moderate but significant effect suggests that
personalized communication works, but that its ceiling is
lower than recommendation quality or UX personalization
for this demographic.

Dynamic pricing personalization produced the weakest
engagement effect (B = 0.26), still significant but
meaningfully smaller than its counterparts. This is
consistent with the fairness concerns documented by
Garbarino and Lee (2003) and the lifetime value erosion
identified by Shiller (2020). The study's item wording—
focused on behavior-triggered offers rather than
differential base prices—likely captured the more
favorable end of the pricing personalization construct.
Even so, the ceiling effect is evident.

Customer engagement's effect on retention (f = 0.48) was
the single largest coefficient in the model. This is
theoretically important. It suggests that engagement—
volitional involvement, emotional connection, active
behavioral participation—is the proximate mechanism
through which personalization converts into durable
loyalty. Personalization creates the conditions for
engagement; engagement converts those conditions into
retention. The explained variance in retention (R* = 0.57)
is high for a six-construct model and indicates that the
proposed framework captures a substantial share of
systematic retention variance in this population.

The partial mediation findings merit careful
interpretation. Both recommendation quality and
personalized communication influence retention through
two distinct channels: an engagement-mediated affective
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route and a direct cognitive or habitual route that bypasses
engagement. One reading is that some consumers respond
to high recommendation quality or relevant
communications ~ with  habitual  revisiting—direct
behavioral responses that do not involve the reflective,
volitional involvement that characterizes engagement.
Another reading is that the three-item engagement
measure does not fully capture all relevant dimensions of
the construct. Either interpretation has implications for
future measurement design.

6. Managerial Implications

The findings translate into five specific recommendations
for e-commerce managers, product teams, and digital
marketing strategists operating in India's urban markets.

Prioritize recommendation relevance over
recommendation volume. Al recommendation quality is
the single strongest driver of engagement in this model.
Commercial pressure often pushes recommendation
systems toward higher volume, but Jiang et al. (2023)
document clearly that the frequency-satisfaction
relationship is curvilinear. Managers should audit whether
their systems are over-recommending. Fewer, more
precisely targeted suggestions—generated by models
trained on richer preference signals—will outperform a
continuous stream of algorithmically convenient noise.
Investing in preference-learning model architecture and
training data quality will pay higher returns than investing
in recommendation delivery infrastructure.

Treat UX personalization as a first-tier engineering
priority. The second-highest effect in the model belongs
to user experience personalization, a result that should
surprise product teams accustomed to prioritizing
recommendation engines and communication automation.
Bengaluru consumers shop on platforms of overwhelming
assortment depth; personalized search and navigation are
not amenities but navigational necessities. Adaptive
homepage design, behavior-calibrated search ranking, and
personalized category curation should be treated as core
retention infrastructure, not supplementary features. The
friction reduction generated by effective UX
personalization compounds across sessions into the
habitual return behavior that defines genuine retention.

Manage personalized communication with channel
discipline. The creepiness effect documented by Aguirre
et al. (2015) is real in this market. Bengaluru consumers
are sophisticated enough to recognize and resent
surveillance-based messaging. Firms should audit
communication frequency ruthlessly, ensure that every
personalized message is grounded in a behavioral signal
the consumer voluntarily generated, and invest in
preference centers that allow users to control contact
frequency and type. WhatsApp, dominant in Indian urban
markets, requires particular restraint: an over-
personalized or ill-timed message on a private messaging
platform can trigger opt-out behavior that permanently
closes the channel. Discipline here is not a constraint on
effectiveness—it is a prerequisite for it.

Frame dynamic pricing as a loyalty recognition
mechanism. Dynamic pricing personalization produced
the weakest effect in the model, consistent with its

framed

poorly. Platforms should present personalized pricing
explicitly as recognition of customer engagement or
purchasing history, not as an output of an algorithm
consumers cannot see. Transparent "loyalty price"
labels—accompanied by brief behavioral explanations—
can convert potentially suspicious price differentiation
into a positive signal of valued-customer status. What the
consumer is told about how a price was determined
matters as much as the price itself.

Embed engagement metrics into customer health
monitoring. Customer engagement is the strongest
predictor of retention in this model and should therefore
function as a leading indicator of retention risk.
Transactional data—Iast purchase date, purchase
frequency, average order value—are lagging indicators.
Session depth, interaction rate with personalized
recommendation sections, time spent with curated
content, and responsiveness to targeted communications
are engagement signals that precede behavioral defection.
Identifying disengaging consumers before they exit
allows firms to intervene with targeted re-engagement
campaigns, which are substantially cheaper than
acquisition campaigns for fully lapsed customers. The
personalization infrastructure required for this kind of
early-warning system is largely already in place on major
Indian platforms—it simply needs to be directed at
retention monitoring rather than just conversion
optimization.

7. Conclusion

This study asked whether Al-driven personalization
translates into durable customer retention among
Bengaluru e-commerce consumers and, if so, through
which pathways. The answer the data provide is
affirmative but structurally specific. Personalization does
drive retention—but the relationship runs primarily
through customer engagement, and the magnitude of the
effect depends substantially on which type of
personalization is in question. Recommendation quality
and user experience personalization matter most.
Personalized communication contributes meaningfully
but sits below the ceiling set by the first two. Dynamic
pricing, though statistically significant, is the weakest link
in the chain, and its positive effect may depend heavily on
how the pricing rationale is communicated to consumers.

Three theoretical contributions emerge. First, this study
provides empirical validation of a disaggregated
personalization model that treats recommendation quality,
communication, pricing, and UX adaptation as distinct
constructs with different effect sizes rather than
interchangeable components of a single construct. The
differences are large enough to matter for both theory and
practice. Second, the study confirms customer
engagement as a theoretically motivated and empirically
supported partial mediator between Al personalization
and retention—a relationship that has been theorized but
rarely tested with this level of construct specificity. Third,
the Bengaluru findings diverge from Western baselines in
instructive ways, particularly in the relative strength of
UX personalization, suggesting that generalizations from
North American and European e-commerce research
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require explicit testing before being applied to Indian
market contexts.

Limitations warrant honest acknowledgment. The cross-
sectional design precludes causal inference; documented
associations cannot rule out reverse causation or the
influence of unmeasured variables. The sample, adequate
for SEM estimation, is concentrated in a single high-
income, high-education urban center and may not
represent the full diversity of Indian e-commerce
consumers, particularly those in tier-2 and tier-3 cities.
Future research should extend this framework
geographically, employ longitudinal designs to examine
how personalization perceptions and retention
probabilities evolve over time, and investigate the role of
privacy concern as a boundary condition on the
personalization-engagement relationship. The partial
mediation finding also invites future measurement work:
a more comprehensive operationalization of customer
engagement that captures its affective, cognitive, and
behavioural dimensions simultaneously might yield
stronger or more complete mediation, clarifying the
mechanism through which Al personalization builds
loyalty in ways the present study can only approximate.
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