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[~ Abstract
Online impulse-buying tendency is widely studied through explanatory models, but less is known about how well it can be
predicted across generational cohorts. This study analyzed 540 adult online shoppers in India (299 Gen Z; 241 Millennials) using
a nine-item buying-impulsiveness measure. Internal consistency was good (Cronbach’s a =.820), and sampling adequacy was high
(KMO =.903), and cohort means did not differ significantly (p = .202). Five regression algorithms were evaluated with nested
cross-validation. Ridge regression performed best in the pooled sample (R? =.155; RMSE =.647; MAE =.524), while a behavioral-
only feature set improved R? to .171. SHAP attribution identified discount responsiveness, unplanned browsing, and
recommendation exploration as the leading predictive signals. Cohort-specific explanations showed similar core predictors but
different secondary rankings. The results favor parsimonious, interpretable prediction over unnecessary model complexity in
survey-based consumer analytics.

Keywords: online impulse buying; buying impulsiveness; Generation Z; Millennials; machine learning; explainable artificial
(_intelligence; SHAP

A

Introduction

Digital retail has compressed the interval between seeing a product and buying it. A consumer can
encounter a recommendation, compare alternatives, receive a discount prompt, and complete payment
within the same mobile session. This compressed decision path matters for impulse buying because the
phenomenon is defined less by the product purchased than by the immediacy and reduced deliberation
surrounding the decision (Rook, 1987; Rook & Fisher, 1995). Meta-analytic evidence also shows that
impulsive purchasing arises from a mixture of personal tendencies, situational conditions, affect, self-
control, and marketing stimuli rather than from a single universal trigger (Amos et al., 2014; lyer et al,
2020).

Online environments add their own cues to this process. Website characteristics and interface quality can
intensify an urge to buy impulsively (Parboteeah et al., 2009; Wells et al., 2011), while virtual atmospherics
and mobile browsing can influence spontaneous purchase responses (Floh & Madlberger, 2013; Zheng et
al,, 2019). More recent work has extended this line of inquiry to online convenience, video commerce, Al-
enabled retail services, and conversational agents (Lina et al.,, 2022; Ngo et al,, 2024; Ooi et al., 2025;
Shamim & Misra, 2025). These studies make clear that digital impulse buying is embedded in an
increasingly adaptive shopping environment.

Generational comparison adds a second layer of complexity. Indian evidence indicates that Gen Z and
Millennials differ in shopping orientations, online enthusiasm, exploration, and information use (Agrawal,
2022; Thangavel et al., 2021). Direct research on online impulse buying likewise suggests that generational
differences can occur in selected relationships without appearing uniformly across an entire behavioral
model (Cavazos-Arroyo & Maynez-Guaderrama, 2022). This makes a simple assumption such as “Gen Z is
more impulsive” too coarse for empirical work.

Most studies in this area are explanatory: they specify a theoretical model and test whether particular paths
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or group differences are statistically significant. Prediction asks a different question—whether information
available about a new consumer is sufficient to estimate an outcome outside the sample used to fit the
model (Shmueli, 2010). That distinction is relevant to e-commerce analytics, where machine-learning
methods are increasingly used for conversion, cart completion, segmentation, and buying-intention
problems (Bastos & Bernardes, 2024; Chen, 2025; Esmeli & Gokce, 2025; Kotravel Bharathi & Elakkiyan,
2026). Recent work in IJAIML has also used Al and deep learning for retail consumer-behavior analysis,
reinforcing the journal-level relevance of transparent predictive methods in this domain (Saritha et al,,
2026).

Model complexity, however, is not synonymous with predictive quality. Survey data are modest in size
compared with clickstream or transaction logs and often combine ordinal, categorical, and self-reported
features. Flexible algorithms may therefore fit sample-specific variation that does not generalize. A credible
comparison should place regularized linear models, kernel methods, bagged trees, and boosting algorithms
under the same leakage-resistant validation design rather than assuming that the most complex learner
must win (Breiman, 2001; Chen & Guestrin, 2016; Cortes & Vapnik, 1995; Friedman, 2001; Hoerl &
Kennard, 1970).

Interpretability is equally important. SHapley Additive exPlanations (SHAP) assign feature-level
contributions to model predictions and can be summarized globally or within subgroups (Lundberg & Lee,
2017). Explainable machine learning has already been used to interpret e-commerce conversion, post-cart
behavior, and consumer segmentation (Bastos & Bernardes, 2024; Esmeli & Gokce, 2025; Wen et al., 2024).
The present study extends that approach to a validated online buying-impulsiveness score and asks
whether Gen Z and Millennial consumers display similar average scores but different predictive structures.
The paper therefore benchmarks five regression algorithms with nested cross-validation, tests whether
broader demographic and shopping-context information improves on a smaller behavioral feature set, and
interprets the leading model with SHAP. The emphasis is deliberately predictive rather than causal. Figure
1 summarizes the analytical framework.

Survey data Preprocessing Nested CV benchmark Prediction
Demographics + [f—> Ordinal ceding —> Ridge » SVR « RF —> Impulse-buying
shopping features One-hot encoding GB « XGBoost tendency score

Feature-set ablation
Behavioral only
+ demographics
- full context

Explainability
—_— Ridge + SHAP
Pooled / Gen Z [ Millenniais

Figure 1. Explainable machine-learning framework used in the study.

1.1 Research Questions

RQ1. Do Gen Z and Millennial consumers differ in their average online impulse-buying tendency?

RQ2. How accurately can online impulse-buying tendency be predicted from observable shopping and
demographic features?

RQ3. Does nonlinear model complexity improve out-of-sample performance relative to regularized linear
prediction?

RQ4. Does adding demographic and shopping-context information improve generalization beyond
behavioral shopping features?

RQ5. Which features make the largest contributions to model predictions, and how do their attribution
patterns differ between Gen Z and Millennials?

2. Related Literature
2.1 Online impulse buying and buying-impulsiveness measurement
Rook (1987) shifted impulse-buying research away from treating every unplanned purchase as equivalent
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and emphasized the subjective experience of a sudden, compelling urge. Rook and Fisher (1995)
subsequently operationalized buying impulsiveness as a tendency to buy spontaneously and with limited
reflection. Beatty and Ferrell (1998) placed this tendency within a process that also includes available
resources, browsing, affect, shopping enjoyment, urge, and purchase. Verplanken and Herabadi (2001)
further distinguished cognitive and affective aspects of impulse-buying tendency.

These distinctions are important for the present design. The dependent variable is a psychometric score
adapted from the Rook-Fisher buying-impulsiveness scale, not a transaction log of observed impulse
purchases. The paper therefore uses the term “impulse-buying tendency” when referring to the modeled
target. A separate self-reported count category for recent unplanned purchases is used only as an external
behavioral check. Meta-analyses support this distinction between trait-like impulsiveness, situational
antecedents, and purchase outcomes (Amos et al., 2014; Iyer et al., 2020).

Digital commerce changes exposure to stimuli rather than eliminating the underlying psychological
process. Website and atmospheric cues can influence impulse-buying urge (Floh & Madlberger, 2013;
Parboteeah et al, 2009; Wells et al., 2011), while mobile and social-media environments increase
opportunities for browsing, product discovery, and rapid purchase completion (Djafarova & Bowes, 2021;
Lina et al., 2022; Zheng et al., 2019). Video-commerce research similarly identifies time pressure, quantity
pressure, economic benefits, social influence, and audiovisual presentation as relevant stimuli (Ngo et al,,
2024).

Al is now part of that retail environment as well. Indian evidence links Al-enabled service quality and
personalization with perceived value and subsequent impulse-buying processes (Shamim & Misra, 2025),
while chatbot research shows that conversational and social cues can influence trust, rapport, and impulse
buying (Ooi et al., 2025). These studies examine Al as a retail stimulus. By contrast, the present paper uses
Al/ML as the analytical method for modeling consumer tendency.

2.2 Gen Z and Millennials in online shopping

Generational cohorts are useful as descriptive groupings, but their boundaries should not be treated as
natural laws. This study follows the widely used operational boundary that places Millennials in 1981 -
1996 and Gen Z from 1997 onward within the adult eligible sample (Dimock, 2019). The cohort variable is
used for comparison rather than as a deterministic explanation of individual behavior.

Research in India provides a clear reason to make that comparison. Thangavel et al. (2021) found that
Millennials and Gen Z differ in online decision-making styles, and Agrawal (2022) reported differences in
exploration, enjoyment, deal hunting, and information use. In Central India, consumer-trait research has
also linked impulsive purchasing with buying tendency and interpersonal mechanisms (Atulkar & Kesari,
2018).

Evidence specific to generational impulse buying is more nuanced. Cavazos-Arroyo and Maynez-
Guaderrama (2022) found cohort differences in selected pathways rather than a universal difference across
all relationships. This supports a prediction-oriented possibility: the two generations may have similar
average tendency scores while the information that best predicts those scores differs.

2.3 Machine learning and explainable consumer analytics

Ridge regression provides a regularized linear benchmark that is useful when predictors are correlated or
numerous relative to the sample size (Hoerl & Kennard, 1970). Support vector regression extends margin-
based learning to continuous outcomes (Cortes & Vapnik, 1995). Random forest reduces the instability of
individual trees through bootstrap aggregation and randomized feature selection (Breiman, 2001),
whereas gradient boosting and XGBoost build additive ensembles sequentially, with XGBoost adding
regularization and implementation optimizations (Chen & Guestrin, 2016; Friedman, 2001).

Recent consumer-analytics studies show why benchmarking matters. Bastos and Bernardes (2024) used
explainable machine learning to identify drivers of online purchasing, Esmeli and Gokce (2025) compared
multiple algorithms for post-cart behavior, and Wen et al. (2024) combined multi-algorithm prediction
with SHAP for consumer segmentation. Chen (2025) and Kotravel Bharathi and Elakkiyan (2026) provide
further evidence of growing ML use in online-shopping prediction.

SHAP addresses the interpretability problem by expressing a prediction as a baseline plus feature-specific
contributions (Lundberg & Lee, 2017). In the present study, SHAP is applied to the best-performing model
family rather than used as a substitute for predictive validation. Nested cross-validation separates model
selection from outer-fold performance estimation, reducing optimistic bias from tuning on the same
observations used for evaluation (Cawley & Talbot, 2010; Kohavi, 1995; Varma & Simon, 2006).

2.4 Research gap

The literature leaves a narrow but useful gap. Online impulse-buying studies are still dominated by
explanatory models, whereas e-commerce ML studies usually predict conversion, cart completion,
purchase intention, or segmentation rather than a psychometrically screened buying-impulsiveness score.
Generational research, meanwhile, generally emphasizes mean or path differences. This paper links the
three strands by combining psychometric screening, nested predictive benchmarking, feature-set ablation,
and cohort-specific model explanation.
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3. Materials and Methods

3.1 Design, setting, and participants

A cross-sectional online survey was conducted in India, predominantly in Central India, between March
and July 2026. The questionnaire was administered through Google Forms. The survey link was circulated
online, and the author also visited colleges and other institutions to invite eligible respondents from both
Gen Z and Millennial cohorts to participate through the online form. Respondents were eligible if they were
18 years or older, were online shoppers, and had purchased at least one product online during the previous
month. Electronic informed consent was obtained before the substantive questions were displayed. A total
of 540 complete eligible responses were retained (299 Gen Z and 241 Millennials). Because individual
selection probabilities were not known, the dataset is treated as a non-probability online sample.

3.2 Measures and target construction

The survey recorded birth year, gender, education, occupation, personal income/allowance, purchase
frequency, monthly online spending, browsing duration, number of shopping platforms regularly used,
primary shopping device, product category, payment method, responsiveness to discounts or limited-time
offers, unplanned browsing, exploration of platform recommendations, and social-media product
discovery. Ordinal features were coded in their natural order; nominal variables were one-hot encoded
inside the modeling pipeline.

Online buying impulsiveness was measured with nine items adapted to the online-shopping context from
Rook and Fisher (1995). Responses ranged from 1 (strongly disagree) to 5 (strongly agree). The planning-
oriented item was reverse scored as IB8R = 6 - IB8. The continuous target was the arithmetic mean of IB1-
IB7, IB8R, and IB9. A higher score represents stronger online impulse-buying tendency.

A separate question recorded the approximate number of unplanned online purchases during the previous
30 days. Because that measure overlaps conceptually with the modeled target, it was excluded from the
predictor set and retained only as an external behavioral check. This conservative choice avoids target
leakage.

3.3 Data screening and psychometric assessment

The analytical file was checked for missing observations, duplicate respondent IDs, duplicate full records,
invalid scale values, inconsistency between birth year and derived generation, and invariant responding
across all nine target items. No case met a prespecified exclusion condition, so all 540 eligible observations
were retained. Internal consistency was evaluated with Cronbach’s alpha and corrected item-total
correlations. Kaiser-Meyer-0Olkin (KMO) sampling adequacy, Bartlett’s test of sphericity, and correlation-
matrix eigenvalues were used as additional checks on whether a single composite score was reasonable.
3.4 Predictive features and preprocessing

The primary model excluded respondent ID, the nine target items, the reverse-scored duplicate item, the
composite score itself, and the recent-unplanned-purchase validation item. Birth year was retained as a
numeric variable in pooled prediction; generation was derived from birth year for subgroup analyses
rather than duplicated as a second pooled predictor. Numeric and ordinal features were median-imputed
when necessary and standardized. Nominal variables were imputed with the most frequent category and
one-hot encoded. Every preprocessing operation was fitted within the relevant training fold.

3.5 Nested model benchmarking

Five regression algorithms were benchmarked: ridge regression, support vector regression (SVR), random
forest regression, gradient boosting regression, and XGBoost (Breiman, 2001; Chen & Guestrin, 2016;
Cortes & Vapnik, 1995; Friedman, 2001; Hoerl & Kennard, 1970). The outer loop used five shuffled folds
(random seed 42) for performance estimation, and the inner loop used three shuffled folds for
hyperparameter selection. Inner-loop selection minimized RMSE. Model comparison used outer-fold R?,
MAE, and RMSE. This nested structure ensures that preprocessing and tuning decisions are made without
access to the corresponding outer test fold.

The search spaces are reported in Table 1. Analyses were implemented in Python 3.13.5 using pandas 2.2.3,
NumPy 2.3.5, SciPy 1.17.0, scikit-learn 1.8.0, XGBoost 3.1.3, and SHAP 0.50.0. Scikit-learn provided the
preprocessing and validation framework (Pedregosa et al., 2011).

Table 1. Hyperparameter search spaces used in the nested inner loop.
Model Search space
Ridge regression alpha € {0.01,0.1,1, 10, 100}
SVR Ce{0.1, 1, 10}; epsilon € {0.05, 0.1, 0.2}; gamma €
{scale, 0.01, 0.1}
n_estimators = 200; max_depth € {None, 5};
min_samples_leaf € {2, 5}; max_features = sqrt
n_estimators € {100, 200}; learning rate € {0.03,
Gradient boosting 0.05}; max_depth € {1, 2}; min_samples_leaf € {3,
10}

Random forest
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Model Search space
n_estimators € {100, 200}; max_depth € {2, 3};
XGBoost learning_rate € {0.03, 0.05}; subsample € {0.8, 1.0};
colsample_bytree € {0.8, 1.0}; reg_lambda € {1, 5}

3.6 Feature-set ablation and cohort analysis

To test whether broader respondent information improved prediction, the best-performing model family
was re-estimated with three nested feature sets: (1) behavioral shopping features only; (2) behavioral plus
demographic features; and (3) the full set including device, category, and payment context. The same outer
and inner folds were used. Ridge models were also fitted separately within Gen Z and Millennial subsets to
examine cohort-specific predictive structure. Because subgroup samples differ in size and outcome
variance, differences in their cross-validated metrics are interpreted descriptively rather than as formal
evidence that one generation is intrinsically more predictable.

3.7 Explainability

SHAP values were computed for the fitted ridge models using a linear SHAP explainer. For one-hot encoded
categorical variables, absolute contributions were aggregated back to the original questionnaire-variable
family. Mean absolute SHAP values were used for global ranking. Separate Gen Z and Millennial models
were interpreted to compare attribution patterns. These attributions describe how a fitted predictive
model uses the available features; they are not causal effects (Lundberg & Lee, 2017).

3.8 Statistical analysis

Descriptive statistics summarized the sample and target distribution. Welch’s independent-samples t test
compared Gen Z and Millennials because it does not require equal variances, and Cohen’s d summarized
effect size. Spearman correlations were used for ordinal shopping features. The recent unplanned-purchase
item was correlated with the target only as a behavioral validity check. All inferential tests were two-sided
with a =.05; they supplement rather than replace out-of-sample model evaluation.

4. Results

4.1 Sample and scale properties

The sample comprised 299 Gen Z respondents (55.4%) and 241 Millennials (44.6%). Women accounted
for 52.4% and men for 42.6% of the sample; the remaining respondents selected another gender option or
preferred not to state it. Undergraduate and postgraduate degree holders formed the largest education
groups. Table 2 gives the principal sample profile.

Table 2. Selected respondent characteristics (N = 540).

Variable Category n %
Generation Gen Z 299 55.4
Millennials 241 44.6
Female 283 52.4
Gender Male 230 42.6
Other / self-describe 14 2.6
Prefer not to say 13 2.4
Undergraduate degree 218 40.4
Postgraduate degree 175 324
Education Diploma / certificate 66 12.2
Higher secondary [/ 39 79
school
Doctoral degree 25 4.6
Other 17 3.1

The nine-item target showed good internal consistency (a = 0.820); reliability was similar in Gen Z (a =
0.818) and Millennials (a = 0.822). Corrected item-total correlations ranged from .442 to .562, and no item
deletion improved alpha beyond the complete scale. KMO was 0.903, Bartlett’s test was significant, x*(36)
=1104.09, p <.001, and the first correlation-matrix eigenvalue was 3.699, with all remaining eigenvalues
below 1. These results support use of a single composite tendency score (Tables 3 and 4).

Table 3. Scale-level psychometric checks.

Statistic Overall Gen Z Millennials
Cronbach’s a 0.820 0.818 0.822

KMO 0.903 — —

Bartlett x? (df = 36) 1104.09, p <.001 — —
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Statistic Overall GenZ Millennials
First eigenvalue 3.699 — —

Table 4. Item diagnostics for the nine-item target.
Item Mean SD Corrected item- | aif deleted

totalr

IB1 2.985 1.136 0.547 0.798
IB2 2.998 1.152 0.517 0.802
IB3 2.959 1.116 0.562 0.797
IB4 2.939 1.084 0.493 0.805
IB5 2.957 1.079 0.485 0.806
IB6 2.872 1.081 0.521 0.802
IB7 2.948 1.102 0.559 0.797
IB8R 2.976 1.142 0.442 0.811
IB9 2.944 1.100 0.548 0.798

4.2 Generational mean comparison

Gen Z had a mean score of 2.988 (SD =.697), compared with 2.910 (SD =.727) for Millennials. The mean
difference was small and not statistically significant, Welch’s t(504.46) = 1.276, p = 0.202, 95% CI [-0.043,
0.200], Cohen’s d = 0.111. The substantial overlap visible in Figure 2 argues against a simple claim that one
cohort is uniformly more impulse-prone.

Distribution of impulse-buying tendency by generation

4.5

4.0 5

3:5:

3.0 1

2o

2.0 1

Online impulse-buying tendency score

1.5 1

1.0 1

—

GenZ

T

Millennials

Figure 2. Distribution of online impulse-buying tendency scores by generation.

4.3 Behavioral associations

The external unplanned-purchase indicator correlated with the composite tendency score (Spearman’s p =
.337, p < .001). Among variables eligible for prediction, discount responsiveness showed the strongest
bivariate association (p = .268), followed by recommendation exploration (p = .218) and unplanned
browsing (p =.215). Monthly spending and purchase frequency were nearly unrelated to the target. The
full set of exploratory correlations is reported in Table 5.
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Table 5. Spearman associations with impulse-buying tendency.

Feature p overall P p GenZ P p P
Millennials

Purchase 0.039 362 0.007 897 0.075 246

frequency

Monthly -0.006 892 -0.042 484 0.038 561

spending

Browsing time | 0.128 .003 0.133 022 0.125 052

Platform count | -0.075 082 -0.076 188 -0.071 274

Discount 0.268 <.001 0.329 <.001 0.207 001

responsiveness

Unplanned 0.215 <.001 0.190 001 0.238 <.001

browsing

Recommendation | 14 <.001 0.225 <.001 0.215 001

exploration

Social-media 0.097 024 0.052 373 0.145 025

discovery

Unplanned

purchases 0.337 <.001 0.343 <.001 0.327 <.001

(validation only)

4.4 Nested predictive benchmark

Ridge regression produced the best pooled generalization: mean outer-fold R? = .155, MAE = .524, and
RMSE = .647. SVR ranked second by R? (.136), followed by XGBoost (.112), gradient boosting (.111), and
random forest (.076). The advantage of the regularized linear model is modest but consistent with the main
technical conclusion: added nonlinear flexibility did not improve prediction for this survey dataset (Table
6; Figure 3).

Table 6. Pooled nested cross-validation performance (mean * SD across five outer folds).

Model R? MAE RMSE

Ridge regression 0.155+0.071 0.524 + 0.030 0.647 £ 0.043
Support vector 0.136 + 0.105 0.526 + 0.025 0.653 + 0.039
regreSSIOrl

XGBoost 0.112 + 0.053 0.541 + 0.037 0.664 * 0.049
Gradient boosting 0.111 * 0.042 0.543 * 0.039 0.665 * 0.049
Random forest 0.076 + 0.034 0.555 + 0.036 0.678 + 0.046

Pooled-sample predictive performance

Ridge regression -

Support vector regression -

XGBoost

Gradient boosting

Random forest

0.00

0.05

0.10

0.20

Nested-CV R? (mean = SD)

0.25

Figure 3. Pooled-sample nested cross-validation R? by algorithm. Error bars show SD across the
five outer folds.
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4.5 Feature-set ablation
The ablation experiment strengthened that conclusion. Restricting ridge regression to the eight behavioral
shopping variables increased mean R? to .171 and reduced RMSE to .641. Adding demographics reduced
R?t0.155, and the complete feature set remained at.155. Thus, the broader feature space added descriptive
information but no measurable predictive benefit under the locked validation procedure (Table 7; Figure
4).

Table 7. Ridge feature-set ablation under nested validation.

Feature set R? MAE RMSE
Behavioral features only | 0.171 + 0.072 0.522 £ 0.035 0.641 £ 0.045
Behavioral "1 0.155 £ 0.067 0.524 + 0.032 0.647 + 0.044
demographic

Full feature set 0.155 £ 0.071 0.524 £ 0.030 0.647 £0.043

Feature-set ablation with ridge regression

0.25 A

0.20 4

0.15 A

0.10 +

Nested-CV R? (mean + SD)

0.05 A

0.00 -

a¥ ap\"“c

e set
_dem© cul\ featT

aenavior®

Figure 4. Feature-set ablation for ridge regression under the same nested validation protocol.

4.6 Cohort-specific ridge models

When the same ridge procedure was fitted separately by cohort, mean R* was .135 for Gen Z and .120 for
Millennials; corresponding RMSE values were .635 and .676. These metrics should not be treated as a
formal head-to-head test because the subgroup distributions and sample sizes differ. They do show,
however, that the regularized model retained nonzero out-of-sample signal in both groups (Table 8).

Table 8. Cohort-specific ridge performance.

Dataset n R? MAE RMSE

Pooled 540 0.155 +0.071 0.524 +0.030 0.647 + 0.043

GenZ 299 0.135 +0.067 0.516 + 0.041 0.635 + 0.044

Millennials 241 0.120 + 0.065 0.553 + 0.066 0.676 + 0.061
4.7 SHAP attribution

The pooled ridge explanation placed discount responsiveness first (mean |SHAP| = .132), followed by
unplanned browsing (.128) and recommendation exploration (.108). Browsing time and social-media
discovery formed a second tier, while birth year contributed comparatively little (Table 9; Figure 5).
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Global ridge-model feature attribution

Discount responsiveness -

Unplanned browsing

Recommendation explaoration

Browsing time

Social-media discovery -

Product category -

Education

Birth year

0.04 0.06 0.08 0.10 0.12
Mean absolute SHAP value

O.(’)O O.(’)?

Figure 5. Global mean absolute SHAP attribution from the pooled ridge model.

The cohort models retained the same broad behavioral core but changed its order. Discount responsiveness
was strongest for Gen Z (.138), whereas unplanned browsing was strongest for Millennials (.117). Social-
media discovery also had a larger mean absolute attribution among Millennials (.070) than Gen Z (.039).
Because these are model attributions from separately fitted cross-sectional samples, the differences are
best viewed as descriptive signals for future hypothesis testing rather than causal generational effects
(Figure 6).

Table 9. Mean absolute SHAP attribution for selected original variables.

Feature Pooled GenZ Millennials
rDé:;‘;‘r‘lrS‘itveness 0.132 0.138 0.088
Unplanned browsing 0.128 0.095 0.117
eR)’f;ﬁ)’;‘;lii‘;datwn 0.108 0.097 0.087
Social-media discovery | 0.063 0.039 0.070
Browsing time 0.066 0.059 0.052
Education 0.056 0.041 0.057
Product category 0.058 0.045 0.038

Cohort-specific ridge-model feature attribution

Discount responsiveness
Unplanned browsing
Recommendation exploration
Social-media discovery
Browsing time

Education

Product category o Se"n Z »
s Millennials

0.00 0.02 0.04 0.06 0.08 0.10 0.12 0.14
Mean absolute SHAP value

Figure 6. Mean absolute SHAP attribution from separately fitted Gen Z and Millennial ridge
models.
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5. Discussion

5.1 Comparable means, different predictive emphasis

The absence of a significant mean difference is a useful result in its own right. Gen Z scored only .079 points
above Millennials, with a small standardized effect. This does not contradict prior cohort research; rather,
it fits evidence that generations can differ in shopping styles and in selected structural relationships
without differing on every downstream outcome (Agrawal, 2022; Cavazos-Arroyo & Maynez-Guaderrama,
2022; Thangavel et al,, 2021). Treating generation as a deterministic proxy for impulsiveness would
therefore be difficult to justify from these data.

The model explanations tell a more specific story. Discount responsiveness, unplanned browsing, and
recommendation exploration carried the largest predictive contributions. These features are consistent
with the established role of browsing and situational cues in impulse-buying processes (Beatty & Ferrell,
1998; Floh & Madlberger, 2013; Iyer et al., 2020; Parboteeah et al,, 2009). Recent digital studies also
highlight the relevance of convenience, promotional pressure, social influence, and personalized
environments (Lina et al., 2022; Ngo et al,, 2024; Shamim & Misra, 2025).

5.2 Why the simpler model won

The best model was not the most complex one. Ridge regression outperformed tree ensembles and XGBoost
under nested validation, and the behavior-only feature set outperformed larger input sets. This is not
evidence against nonlinear machine learning. Session-level and transaction-level e-commerce datasets can
contain much richer nonlinear structure and far larger sample sizes (Bastos & Bernardes, 2024; Esmeli &
Gokce, 2025). In a 540-person survey, however, regularization appears to have offered a better bias-
variance trade-off. The result reinforces the value of benchmarking rather than selecting an algorithm
because of its reputation or novelty.

The modest R? also deserves a restrained interpretation. Buying impulsiveness is partly psychological, and
the current predictors intentionally emphasize observable shopping routines instead of a large battery of
latent antecedents. The model therefore captures a useful but limited slice of the behavior. Prediction and
explanation should not be conflated: a variable can be theoretically meaningful without producing a large
gain in out-of-sample accuracy (Shmueli, 2010).

5.3 Generational interpretation and practical relevance

The subgroup attributions suggest that the core predictive features are shared, but their priorities are not
identical. Gen Z showed a stronger attribution for discount responsiveness, which is compatible with prior
reports of greater deal-hunting and exploratory orientation in this cohort (Agrawal, 2022). Millennials
showed comparatively larger attributions for unplanned browsing and social-media discovery. These
differences are exploratory and should be replicated with a second sample before being treated as stable
cohort characteristics.

For e-commerce analytics, the practical implication is not to target a generation simply because it is
assumed to be more impulsive. Behavioral context is more informative than the cohort label itself. From a
consumer-protection perspective, the same result also argues for caution: explainable models should be
used to audit promotional systems and identify potentially manipulative patterns, not merely to intensify
pressure on consumers who appear susceptible to spontaneous purchasing.

5.4 Contribution

The contribution is methodological as well as substantive. The paper separates three questions that are
often merged in consumer-behavior studies: whether group means differ, whether an individual score can
be predicted out of sample, and which observed variables a predictive model actually uses. By combining
psychometric screening, nested model selection, ablation, and SHAP, the analysis shows that these
questions can lead to different conclusions. Here, the cohorts look similar in average tendency, prediction
is modest but reproducible, and the strongest predictive information is concentrated in a small set of
shopping behaviors.

6. Conclusion

Using survey data from 540 adult online shoppers in India, this study evaluated whether online impulse-
buying tendency can be modeled with interpretable machine learning and whether predictive patterns
differ between Gen Z and Millennials. The nine-item target showed good reliability and unidimensional
adequacy. Mean tendency scores were similar across cohorts. Under nested cross-validation, ridge
regression generalized better than SVR, random forest, gradient boosting, and XGBoost, and a behavior-
only feature set performed better than broader demographic-context models. SHAP identified discount
responsiveness, unplanned browsing, and recommendation exploration as the principal predictive signals.
The findings favor parsimonious modeling over unnecessary algorithmic complexity. They also show why
generational comparison should move beyond a simple ranking of mean impulsiveness. Similar group
averages can coexist with different feature-priority patterns. Because the data are cross-sectional and self-
reported, these patterns should be interpreted as predictive associations rather than causal mechanisms.
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6.1 Limitations and future research

The sample is non-probability and concentrated in Central India, which limits population-level
generalization. The target is a self-reported tendency scale rather than verified transaction behavior, and
the design is cross-sectional. Formal measurement-invariance testing was not conducted, although
reliability was similar across cohorts and the overall scale showed a strong one-factor pattern. Predictive
performance was modest, which is consistent with the intentionally compact feature set. Future studies
should replicate the model with independent samples, clickstream or transaction data, longitudinal
designs, prespecified interaction tests, and richer psychological features such as self-control, affect, hedonic
motivation, and situational urgency.
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