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Integrating Customer Segmentation, Predictive Modelling, and Uplift
Modelling for Retail Voucher Targeting

Michael Calvin Charmelino Wijaya1, Maria Zefanya Sampe1,∗

1Department of Mathematics, Universitas Prasetiya Mulya, Tangerang, 15339, Indonesia

ABSTRACT. The rapid growth of e-commerce has encouraged retail companies to optimize data-driven
promotional strategies to achieve higher targeting precision and cost efficiency. Mass promotional cam-
paigns without proper segmentation often lead to budget inefficiencies and reduced profit margins. This
study aims to optimize voucher targeting strategies for transactions involving growing-up milk products
during the January–December 2024 period by integrating customer segmentation, predictive modelling,
and uplift modelling. Customer segmentation was performed using K-Means Clustering, resulting in seven
distinct clusters representing heterogeneous purchasing behaviors. The clustering output was incorpo-
rated as an additional feature in classification models based on XGBoost and CatBoost to predict the
probability of targeted voucher redemption. Model evaluation using ROC–AUC, PR–AUC, confusion ma-
trix, and classification report indicated that XGBoost with cluster features achieved the best performance,
with a ROC–AUC of 0.9972 and a PR–AUC of 0.5479. Since conventional classification does not mea-
sure the causal impact of promotions, uplift modelling with a two-model approach was implemented to
estimate the incremental effect of voucher distribution. The results reveal that approximately 1,027 cus-
tomers (0.46% of 222,036 total customers) belong to the persuadable segment, generating an uplift of
1.91%. These findings demonstrate that uplift-based targeting is more efficient than mass campaigns or
probability-based predictive targeting alone. The integration of segmentation, predictive modelling, and
uplift modelling provides a more precise and measurable framework for data-driven promotional strate-
gies in retail e-commerce.

This article is an open access article distributed under the terms and conditions of the Creative
Commons Attribution-NonComercial 4.0 International License. Editorial of EULER: Depart-
ment of Mathematics, Universitas Negeri Gorontalo, Jln. Prof. Dr. Ing. B. J. Habibie, Bone
Bolango 96554, Indonesia.

1. Introduction
Digitalization over the past decade has significantly accelerated the growth of the e-

commerce sector both globally and nationally. A report by the International Trade Admin-
istration indicates that global B2B e-commerce transaction value has increased rapidly and
is projected to continue growing consistently [1]. Recent data also show that Indonesia’s e-
commerce transaction value reached IDR 512 trillion in 2024 [2], and Indonesia is projected to
become the largest e-commercemarket in Southeast Asia, with its e-commerce GMV projected
to reach IDR 2.39 quadrillion in 2030 [3, 4]. The development of Indonesia’s e-commerce
transaction value is illustrated in Figure 1.

This growth is supported by the increasing number of active e-commerce users, which
is projected to continue rising until 2030 [2]. However, the contribution of e-commerce to
total national retail transactions remains relatively small compared to offline retail, indicating
substantial room for further growth [2]. On the other hand, competition among platforms has
become increasingly intense, particularly through promotional strategies based on discounts
and vouchers. The number of e-commerce users in Indonesia is shown in Figure 2.
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Figure 1. Indonesia e-commerce transaction value.

Figure 2. Number of e-commerce users in Indonesia.

Indonesian consumer behavior shows a high sensitivity to promotions. Survey find-
ings indicate that promotions and discounts are dominant factors in determining consumers’
choice of shopping platforms [2]. Empirical studies also show that digital coupons and dis-
counts have a significant influence on purchase decisions and customers’ perceived value [5],
and can increase impulse buying behavior through hedonic motivation [6]. However, mass
promotional practices without proper segmentation may lead to budget inefficiency and ex-
cessive promotional spending, which can reduce profit margins [7]. Consumer considerations
when choosing an e-commerce platform are presented in Figure 3.

These issues highlight the importance of developing more data-driven and targeted pro-
motional strategies. One approach that can be applied is customer segmentation, which
helps identify differences in transaction behavior patterns [8–10]. Through segmentation,
customers can be grouped based on characteristics such as transaction frequency, purchase
value, recency, product variety, and voucher usage patterns. In this study, K-Means Clustering
is used to identify customer groups with distinct transaction behaviors, allowing promotional
strategies to be adjusted according to the characteristics of each segment [11, 12].

After the segmentation process, a predictive model is needed to estimate the probabil-
ity of customers using targeted vouchers. This study employs two gradient boosting-based
algorithms, namely XGBoost [13] and CatBoost [14], as these models perform well on tabular
data and are capable of capturing non-linear relationships among variables [15, 16]. XGBoost
has an advantage in model optimization through regularization, which helps reduce the risk
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Figure 3. Consumer considerations when choosing an e-commerce platform.

of overfitting [17, 18], while CatBoost is particularly effective in handling categorical features
directly. This is relevant because retail transaction data generally consist of a combination
of numerical and categorical variables, such as transaction value, purchase quantity, payment
method, product category, and customer characteristics [19, 20].

Although predictive models can estimate the likelihood of customers using vouchers,
conventional classification approaches cannot explain whether voucher distribution actually
causes customers to make a transaction. In other words, predictive models identify customers
who are likely to redeem vouchers but cannot distinguish customers who would purchase
regardless of promotional offers from those whose purchasing decisions are genuinely influ-
enced by them. As a result, the incremental impact of voucher distribution remains unmea-
sured, highlighting the need for a causal inference approach.

To address this limitation, this study applies uplift modelling, a causal inference approach
used to estimate the incremental effect of a treatment, such as a marketing intervention, on
individual customer behavior [21]. Unlike conventional classification, uplift modelling com-
pares predicted outcomes under treatment and control conditions to isolate the true causal
effect of the intervention from customers’ baseline purchasing behavior [22]. In this study,
uplift modelling is implemented using a two-model approach, where separate predictive mod-
els are trained for the treatment and control groups, and the uplift score is calculated as the
difference between their predicted probabilities [21].

Building upon this approach, this study integrates K-Means Clustering, XGBoost, Cat-
Boost, and uplift modelling into a unified analytical framework. K-Means Clustering is em-
ployed to identify customer segments based on transaction behavior, while XGBoost and
CatBoost are used to predict the probability of targeted voucher usage [13, 14]. These predic-
tions are then incorporated into a two-model uplift framework to estimate the incremental
effect of voucher distribution [21]. Consequently, promotional strategies can prioritize not
only customers who are likely to redeem vouchers but also those whose purchasing behavior
is genuinely influenced by voucher campaigns, resulting in more efficient targeting than mass
campaigns or probability-based approaches.

Based on this background, this study aims to develop an integrated framework for cus-
tomer segmentation, voucher usage prediction, and causal impact estimation. Specifically,
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the study aims to segment customers using K-Means Clustering, predict targeted voucher us-
age using XGBoost and CatBoost, and estimate the incremental impact of voucher distribution
through uplift modelling, thereby supporting more effective promotional targeting strategies.

The scope of this study is limited to growing-up milk product transactions from one e-
commerce platform during the period from January to December 2024. The variables used
in this study only include historical transaction data and customer characteristics available
in the system, without incorporating external factors such as macroeconomic conditions or
competitors’ campaigns. This study focuses on two main approaches: unsupervised learning
using K-Means Clustering for customer segmentation, and supervised learning using CatBoost
and XGBoost combined with uplift modelling to predict customer responses and measure
the causal impact of voucher distribution. Model performance evaluation is limited to ROC-
AUC, PR-AUC, confusion matrix, and classification report, while promotional effectiveness is
evaluated using uplift score, uplift ranking, and incremental gain.

Therefore, this study is expected to contribute to the development of more precise data-
driven promotional strategies and serve as a reference for implementing data-driven market-
ing in the retail e-commerce sector.

2. Methods
2.1. Data and Preprocessing

The data used in this study consist of e-commerce transaction data from January to De-
cember 2024. The dataset includes both numerical and categorical variables, such as trans-
action value (sales), purchase quantity (qty), payment method, product category, customer
demographics, and voucher usage information. The variables used in this study are presented
in Table 1.

Table 1. Variables in the dataset.

Variable Description Measurement Scale
Y Type of voucher used in the transaction Nominal
X1 Unique member identification number associated with the transaction Nominal
X2 Date on which the transaction was conducted Interval
X3 Unique transaction receipt number Nominal
X4 Product code of the purchased growing-up milk item Nominal
X5 Product name or description corresponding to the product code Nominal
X6 Category code of the purchased product Nominal
X7 Product category description corresponding to the category code Nominal
X8 Payment method used in the transaction Nominal
X9 Total sales value generated from the transaction Ratio
X10 Quantity of growing-up milk products purchased Ratio
X11 Store code indicating the branch where the transaction took place Nominal
X12 Special price discount applied to the transaction Ratio
X13 Final price after discount Ratio
X14 Gender of the registered member Nominal
X15 Date of birth of the registered member Interval
X16 Marital status of the registered member Nominal
X17 Application uninstall status of the member (Yes/No) Nominal
X18 Fraud indication status of the transaction (Yes/No) Nominal
X19 Return status of the transaction (Yes/No) Nominal
X20 Nominal value of the voucher applied in the transaction Ratio

The preprocessing stage was conducted to ensure data quality before proceeding to the
analysis stage. This process includes:
1. Data cleaning by removing returns or invalid transactions;
2. Handling missing values;
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3. Data type conversion for date, numerical, and categorical variables; and
4. Standardization of numerical features using z-score normalization.

Standardization was applied to prevent large-scale features from dominating the distance
calculation in K-Means [11]. The z-score standardization is given by

z =
x− µ

σ
, (1)

where x represents the original value, µ represents the mean, and σ represents the standard
deviation of the feature.

2.2. Research Design
This study employs a quantitative machine learning-based approach to optimize voucher

targeting strategies for customers of growing-up milk products. The research design is sys-
tematically structured by integrating three main analytical approaches: customer segmenta-
tion using unsupervised learning, predictive modelling using supervised learning, and causal
modelling through uplift modelling.

The first stage aims to identify customer groups based on similarities in transaction be-
havior using K-Means Clustering [11]. The second stage focuses on developing classification
models to predict the likelihood of targeted voucher usage using XGBoost [13] and CatBoost
[14]. The third stage applies uplift modelling to measure the causal impact of voucher distri-
bution on customer response [21]. The integration of these three stages enables this study
not only to predict customer responses but also to measure promotional effectiveness incre-
mentally. The overall research design is presented in Figure 4.

Figure 4. Research flowchart.

2.3. Feature Engineering
Feature engineering was conducted to create representative features that capture cus-

tomer behavior patterns. This process involved aggregating transaction data at the customer
level and constructing features such as:

• Recency, which represents the time since the last purchase;
• Frequency, which represents the number of transactions;
• Monetary value, which represents the total transaction value;
• Total quantity purchased;
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• Average purchase value; and
• Voucher usage indicators.
This approach is aligned with the RFM concept in database marketing [23], which has

been proven effective in measuring customer value. In addition, the cluster labels generated
from the segmentation process were added as an additional feature (cluster_kmeans) in
the predictive modelling stage to evaluate the contribution of segmentation to model perfor-
mance.

2.4. Customer Segmentation with K-Means
Customer segmentation was performed using the K-Means Clustering algorithm to group

customers based on similarities in transaction behavior [11, 12]. This approach aims to iden-
tify heterogeneity in customer behavior before conducting predictive modelling. K-Means
works by minimizing the Within-Cluster Sum of Squares (WCSS):

J =
K∑
j=1

∑
xi∈Cj

∥xi − µj∥2 , (2)

where J is the Within-Cluster Sum of Squares (WCSS), K is the total number of clusters, Cj

denotes the set of data points assigned to cluster j, xi is the i-th data point, and µj is the
centroid of cluster j.

The optimal number of clusters was determined using the Silhouette Score:

s(i) =
b(i)− a(i)

max{a(i), b(i)}
, (3)

where a(i) represents the average distance between data point i and other points within the
same cluster, while b(i) represents the minimum average distance between data point i and
points in the nearest neighboring cluster. A Silhouette Score close to 1 indicates that the
clusters are well separated. The clustering results were then used as an additional feature
(cluster_kmeans) in the predictive modelling stage to evaluate the contribution of segmen-
tation in improving model performance.

2.5. Predictive Modelling
The predictive modelling stage was formulated as a binary classification problem [24] to

predict whether a customer would redeem a targeted voucher or not. The target variable is
defined as

y =

{
1, if the transaction uses a targeted voucher,

0, otherwise.

The dataset was divided into training and testing sets using a stratified train-test split
to maintain the class proportion. Two gradient boosting-based algorithms were used, namely
XGBoost [13] and CatBoost [14].

2.5.1. XGBoost
XGBoost optimizes an objective function consisting of a loss function and a regularization

term [13]:

L =
n∑

i=1

l (yi, ŷi) +
K∑
k=1

Ω(fk), (4)
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whereL is the overall objective function of XGBoost, n is the total number of training samples,
l(yi, ŷi) is the loss function that measures the difference between the true label yi and the
predicted value ŷi, yi is the true label of the i-th training sample, ŷi is the predicted value for
the i-th training sample, K is the total number of trees in the ensemble, fk is the prediction
function of the k-th decision tree, and Ω(fk) is the regularization term that penalizes the
complexity of the k-th tree.

Regularization helps control model complexity and prevent overfitting [13].

2.5.2. CatBoost
CatBoost is designed to handle categorical features directly using ordered boosting [14],

so it does not require explicit one-hot encoding and helps reduce the risk of target leakage.
This is relevant because the transaction dataset contains several categorical features, such as
payment method and product category.

2.6. Model Evaluation
Model classification performance evaluation was conducted to measure the extent to

which the model was able to distinguish transactions using targeted vouchers from non-
targeted transactions. Since the dataset had an imbalanced class distribution, where non-
targeted transactions were significantly more dominant, the selection of appropriate eval-
uation metrics was crucial. Therefore, this study employed ROC–AUC, PR–AUC, Confusion
Matrix, and Classification Report as the main evaluation tools [25].

2.6.1. Receiver Operating Characteristic–Area Under Curve (ROC–AUC)
ROC–AUC was used to evaluate the model’s overall ability to distinguish between the

positive and negative classes without relying on a specific threshold value [25]. The ROC
curve represents the relationship between:

• True Positive Rate (TPR), or Recall; and
• False Positive Rate (FPR).
TPR and FPR are formulated as follows:

TPR =
TP

TP+ FN
, (5)

and
FPR =

FP
FP+ TN

. (6)

2.6.2. Precision–Recall Area Under Curve (PR–AUC)
In imbalanced datasets, ROC–AUCmay sometimes be less sensitive to the model’s perfor-

mance on the minority class. Therefore, the Precision–Recall AUC (PR–AUC) metric was used,
as it focuses more specifically on the performance of the positive class. Precision is defined
as follows:

Precision =
TP

TP+ FP
. (7)

Precision measures how many positive predictions are actually relevant. In a business
context, a high precision value indicates that most customers predicted as voucher candi-
dates are truly likely to use the voucher, thereby reducing unnecessary promotional budget
allocation.
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Recall is formulated as follows:

Recall =
TP

TP+ FN
. (8)

Recall measures the model’s ability to identify all customers who actually used the voucher. A
high recall value indicates that only a small number of potential customers are missed by the
model.

2.6.3. Confusion Matrix
The Confusion Matrix provides a detailed representation of the model’s classification

results in the form of a 2 × 2 matrix consisting of TP, TN, FP, and FN. This matrix enables a
direct analysis of the types of errors produced by the model.

Accuracy is formulated as follows:

Accuracy =
TP+ TN

TP+ TN+ FP+ FN
. (9)

Accuracy measures the overall proportion of correct predictions. However, in imbalanced
datasets, accuracy may be biased because the model can achieve a high score by dominantly
predicting the majority class.

The F1-Score is the harmonic mean of precision and recall:

F1 = 2
Precision× Recall
Precision+ Recall

. (10)

F1-Score was used to evaluate the balance between precision and recall at a specific threshold.
In this study, a threshold value of 0.5 was applied. The Classification Report was then used to
comprehensively compare the performance of XGBoost and CatBoost before proceeding to
the uplift modelling stage.

2.7. Uplift Modelling
Uplift modelling was used tomeasure the causal impact of targeted voucher allocation on

changes in customers’ redemption probability [21]. Unlike conventional classification, which
only predicts the likelihood of a purchase or redemption, uplift modelling estimates the in-
cremental effect between customers who receive the promotion as the treatment group and
those who do not receive the promotion as the control group.

In this study, a quasi-experimental approach was applied using historical transaction
data. The treatment variable, T_eligible, was determined based on the results of predic-
tive modelling, where customers in the top 30% with the highest predicted probabilities were
classified as eligible customers (T = 1), while the remaining customers were classified as
non-eligible customers (T = 0). Meanwhile, the response variable, Y_post, was defined as
an indicator of targeted voucher redemption during the evaluation period.

The method used in this study was the two-model approach [21], which involves devel-
oping two separate models:

P (Y = 1 | T = 1, x), (11)

and
P (Y = 1 | T = 0, x). (12)

The uplift value is calculated as follows:

U(x) = P (Y = 1 | T = 1, x)− P (Y = 1 | T = 0, x). (13)
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The higher the value of U(x), the greater the incremental effect of providing a voucher to that
customer.

Uplift evaluation was conducted using the following approaches:
• Uplift ranking, to determine customer targeting priorities based on the estimated incre-

mental effect;
• Decile analysis, to measure how the incremental impact is concentrated across customer

segments;
• Incremental effect analysis, calculated as the difference in redemption rates between the

treatment and control groups within the highest uplift segment; and
• Strategy comparison, including mass campaign, predictive targeting using the top 30%

probability group, and uplift-based targeting.
This approach enables the identification of customers categorized as persuadables, namely

customers whose probability of voucher redemption truly increases as a result of receiving the
voucher [21, 22]. Therefore, the targeting strategy can be implemented more efficiently com-
pared to an approach that relies solely on predicted probability.

3. Results and Discussion
This section presents the research findings obtained from all stages of analysis, including

data understanding and cleaning, exploration of customer characteristics, customer segmen-
tation using K-Means Clustering, evaluation of the XGBoost and CatBoost predictive models,
and uplift modelling analysis. The discussion in this section focuses not only on the technical
performance of the models but also on the interpretation of the results within the context
of e-commerce retail promotion strategies. Therefore, the findings can be used to assess
whether an approach based on segmentation, predictive modelling, and uplift modelling is
able to produce a more targeted voucher strategy compared to mass promotion.

3.1. Data Overview and Preprocessing
The research dataset consisted of 2,204,504 retail transactions for growing-up milk prod-

ucts, with 21 variables covering transaction information, customer characteristics, and voucher
usage. After the preprocessing stage, which included handling missing values, filtering re-
turned transactions, cleaning anomalous values, and restricting the customer age range, the
final dataset contained 2,166,552 valid transactions for further analysis.

Before conducting the main analysis, data preprocessing was performed to ensure the
quality and reliability of the dataset. This stage included missing value handling, data type
transformation, derived variable construction, and the removal of invalid transactions. A sum-
mary of the preprocessing steps is presented in Table 2.

3.2. Exploratory Data Analysis
The exploratory data analysis (EDA) stage was conducted to understand the distributional

characteristics of the data, customer behavior patterns, and potential class imbalance prior
to model development. This analysis covered the demographic distribution of customers,
transaction patterns across generations, and the distribution of voucher types used in the
transactions.

Based on the demographic analysis, the majority of transactions were made by female
customers, accounting for 79.81% of total transactions, while male customers accounted for
only 20.19%. This finding indicates that growing-up milk products were predominantly pur-
chased by female customers, which may be associated with their role in making purchasing
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Table 2. Summary of data preprocessing stages.

Preprocessing Step Applied Treatment Objective
Missing value handling Missing values in the fraud variable were filled with

N, while missing values in nominal_voucher were
filled with 0.

To maintain data consistency and rep-
resent non-fraud conditions as well as
the absence of voucher usage.

Data type conversion The tgl and tanggal_lahir variables were con-
verted into datetime format.

To enable time-based analysis and cus-
tomer age calculation.

Age calculation Customer age was calculated based on the differ-
ence between tanggal_lahir and the end of the
observation period.

To construct a demographic feature
representing customer age.

Age imputation Missing age values were imputed using the median
value.

To reduce data loss caused by missing
values.

Construction of
fix_price

The actual unit price was calculated using harga,
dh_spesial, and qty.

To obtain a net price representation af-
ter considering discounts and purchase
quantity.

Standardization of
tipe_voucher

Missing values in tipe_voucher were filled with
no_voucher and converted into string format.

Tomaintain consistency across voucher
categories.

Targeted voucher encod-
ing

A binary variable, is_targeted, was created based
on the use of targeted vouchers.

To serve as the target variable in the
predictive modelling stage.

Voucher usage encoding A binary variable, is_any_voucher, was created
to indicate whether a transaction used any type of
voucher.

To support the analysis of voucher us-
age behavior.

Age group classification Customer age was grouped into the generation
variable.

To support demographic analysis of
customers.

Discount indicator con-
struction

The discount_flag variable was created based on
the value of dh_spesial.

To identify transactions involving pro-
motions or discounts.

Transaction filtering Returned transactions and invalid values in qty,
sales, and fix_price were removed.

To ensure that only valid transactions
were included in the analysis.

Age range restriction Customer data were restricted to the age range of
15–70 years.

To reduce the influence of anomalous
age values on the analysis.

decisions for children’s needs. The gender distribution of customers is presented in Figure 5.

Figure 5. Proportion of member gender.

Furthermore, the transaction distribution by generation shows that 81.18% of customers
belonged to theMillennial generation, followed by other generationswith substantially smaller
proportions. This indicates that customers within the productive age group were the main
contributors to growing-up milk sales on the analysed e-commerce platform. The dominance
of Millennials also suggests a high level of digital adoption among this group in online shop-
ping activities. The distribution of customers by generation is shown in Figure 6.
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Figure 6. Proportion of member generation.

From the perspective of voucher usage, the analysis shows that targeted voucher redemp-
tion was a rare event, accounting for less than 0.25% of total transactions. Most transactions
were completed without using any voucher, with a proportion exceeding 70%. This character-
istic confirms that the classification task in this study falls under an imbalanced classification
problem, where the positive class, namely targeted voucher usage, is substantially smaller
than the negative class.

The distribution of voucher types across generations shows a relatively consistent pat-
tern, in which most customers did not use vouchers regardless of their age group. This in-
dicates that targeted voucher usage is not solely influenced by a single demographic factor,
such as age or gender, but is more likely affected by a combination of historical transaction
behavior, purchase frequency, and spending value. The distribution of voucher types across
generations is presented in Figure 7.

Figure 7. Proportion of voucher types by generation.

3.3. Customer Segmentation (Clustering)
Customer segmentation was conducted using the K-Means Clustering algorithm to iden-

tify groups of customers with similar historical transaction behavior. This approach aimed to
capture customer heterogeneity prior to predictive modelling, allowing the model to incor-
porate more granular behavioral structures.

The optimal number of clusters was determined by evaluating the Silhouette Score for
values of K ranging from 2 to 8. The evaluation results showed that the highest silhouette
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score was achieved at K = 7, with a score of 0.246; therefore, seven clusters were selected
as the optimal cluster configuration. Although the silhouette score was not close to 1, this is
commonly observed in large-scale transactional behavior data with high variability. Neverthe-
less, the score still indicates that the resulting clusters provide a sufficiently representative
separation in the context of retail customer segmentation. The Silhouette Score evaluation is
presented in Figure 8.

Figure 8. Silhouette score for K-Means.

The visualization of the customer clustering results in a two-dimensional projection is
presented in Figure 9.

Figure 9. Visualization of customer clustering results in a two-dimensional projection.

The clustering results produced seven customer groups with different behavioral charac-
teristics. In general, the cluster structure can be interpreted as presented in Table 3.

This segmentation reveals clear differences between high-value customers and passive
customers, both in terms of transaction intensity and promotional responsiveness. Such het-
erogeneity indicates that a mass campaign-based promotional strategy may not be optimal,
as customer needs and sensitivity toward vouchers differ across clusters.
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Table 3. K-Means cluster description.

Cluster Main Characteristics Behavioral Interpretation
Cluster 0 Very low transaction frequency, low total sales, high

recency, and almost no voucher usage
Low-activity customers, referring to passive cus-
tomers who rarely make transactions and show lim-
ited responsiveness to promotions.

Cluster 1 Moderate transaction frequency, medium sales
value, and low recency

Moderate transaction frequency, medium sales
value, and low recency.

Cluster 2 Very high transaction frequency, extremely high to-
tal sales, and highly diverse SKU and branch cover-
age

Very high transaction frequency, extremely high to-
tal sales, and highly diverse SKU and branch cover-
age.

Cluster 3 Relatively high transaction frequency, moderate
product variety, and low recency

Relatively high transaction frequency, moderate
product variety, and low recency.

Cluster 4 High average sales value per transaction and evi-
dence of voucher usage

High average sales value per transaction and evi-
dence of voucher usage.

Cluster 5 Low tomedium transaction frequency and relatively
high recency

Low tomedium transaction frequency and relatively
high recency.

Cluster 6 Medium transaction frequency and active purchas-
ing behavior across multiple branches

Medium transaction frequency and active purchas-
ing behavior across multiple branches.

3.4. Predictive Modelling
The predictive modelling stage was formulated as a binary classification problem to pre-

dict the probability of customers redeeming targeted vouchers. Two gradient boosting-based
algorithms, namely XGBoost and CatBoost, were employed in this study due to their ability
to handle large-scale tabular data and capture non-linear relationships among features.

To prevent data leakage, the dataset was divided using a time-based split with a cutoff
date of 1 November 2024. Thus, the models were trained using historical data and tested
on a subsequent evaluation period. Model performance was evaluated using ROC–AUC and
PR–AUC as measures of discriminative ability, along with threshold-based metrics such as pre-
cision, recall, F1-score, and accuracy at a cutoff value of 0.5.

Considering that targeted voucher redemption is a rare event, accounting for less than
0.25% of total transactions, PR–AUC and F1-score are consideredmore relevant indicators than
accuracy in evaluating model performance. The evaluation results are presented in Table 4.

Table 4. Evaluation of ROC–AUC, PR–AUC, and classification report.

Model Cluster ROC–AUC PR–AUC Precision Recall F1-score Accuracy
XGBoost No 0.9960 0.4236 0.4980 0.1123 0.1833 0.9974
CatBoost No 0.9960 0.3793 0.4255 0.0731 0.1247 0.9973
XGBoost Yes 0.9972 0.5479 0.6306 0.1918 0.2941 0.9976
CatBoost Yes 0.9966 0.5262 0.5586 0.1653 0.2551 0.9975

Based on Table 4, the addition of the cluster_kmeans feature improved the performance
of both models, particularly in terms of PR–AUC and F1-score. This indicates that customer
segmentation is not only useful for understanding customer characteristics but also provides
additional relevant information for predictive modelling. By incorporating the cluster feature,
the model can consider broader customer behavioral patterns, such as transaction intensity,
spending value, recency, and tendency to use vouchers.

The improvement in PR–AUC is particularly important because targeted voucher redemp-
tion represents the minority class in the dataset. In imbalanced data conditions, accuracy
tends to be less representative, as a model may appear to perform well simply by predicting
most transactions as non-targeted. Therefore, the increase in PR–AUC and F1-score indicates
that the model is better able to identify transactions or customers that are truly relevant for
targeted voucher allocation.
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Overall, XGBoost with the cluster feature achieved the best performance compared to
the other configurations. This result suggests that combining customer segmentation with a
boosting-based predictive model can produce a more precise targeting approach than models
that rely solely on transactional features without segmentation information.

The confusion matrix evaluation for each model configuration is presented in Table 5.

Table 5. Confusion matrix evaluation.

Model Cluster TN FP FN TP
XGBoost No 422,383 124 972 123
CatBoost No 422,399 108 1,015 80
XGBoost Yes 422,384 123 885 210
CatBoost Yes 422,364 143 914 181

Table 5 presents the confusion matrix of each classification model, which provides a de-
tailed view of the prediction results. True Negative (TN) represents observations that were
correctly predicted not to redeem the targeted voucher, False Positive (FP) represents obser-
vations that were incorrectly predicted to redeem the targeted voucher, False Negative (FN)
represents observations that actually redeemed the targeted voucher but were predicted not
to redeem it, and True Positive (TP) represents observations that were correctly predicted to
redeem the targeted voucher.

The results show that all models achieved a very high number of true negatives, with
more than 422,000 observations, indicating that they were able to accurately identify the
majority class. This is expected because the dataset is highly imbalanced, where targeted
voucher redemption represents only a small proportion of all observations. Consequently, the
differences between models are more evident in their ability to identify the minority (positive)
class.

The addition of the cluster feature improved the models’ capability to detect targeted
voucher redemption. For XGBoost, the number of true positives increased from 123 to 210,
while false negatives decreased from 972 to 885 after incorporating cluster information. Sim-
ilarly, CatBoost increased its true positives from 80 to 181 and reduced false negatives from
1,015 to 914. These improvements indicate that customer segmentation provides additional
behavioral information that enables both models to better distinguish observations associ-
ated with targeted voucher redemption.

However, this improvement comes with a slight trade-off. The number of false posi-
tives increased marginally for CatBoost, from 108 to 143, while XGBoost remained almost
unchanged, from 124 to 123. In practical terms, false positives represent customers who
are predicted as likely to redeem vouchers despite not actually redeeming them, potentially
increasing promotional costs if they are selected for targeting. On the other hand, false neg-
atives represent missed opportunities because customers who actually redeem vouchers are
not identified by the model. Therefore, reducing false negatives is generally more desirable,
provided that false positives do not increase excessively.

Overall, XGBoost with the cluster feature provides the most balanced performance. Com-
pared with the non-cluster model, it substantially increases the number of correctly identified
targeted voucher redemptions while keeping false positives at nearly the same level. This
result is consistent with the higher F1-score and PR–AUC reported in Table 4, indicating that
customer clustering contributes meaningful information for improving targeted voucher pre-
diction.

Although the classification results demonstrate strong predictive performance, this ap-
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proach is still limited to estimating the probability of voucher usage without measuring the
causal impact of providing the voucher. The model cannot distinguish between customers
who would have purchased without a promotion and customers whose behavior was actually
influenced by the promotion. Therefore, an uplift modelling approach is required to estimate
the incremental effect of voucher allocation, which is discussed in the following section.

3.5. Uplift Modelling
This study further extends the analysis by applying an uplift modelling approach to esti-

mate the incremental effect of voucher allocation on customers’ redemption behavior.
The approach used in this study was the two-model approach, in which separate models

were developed to estimate the probability of redemption under the treatment and control
conditions. The treatment variable, T_eligible, was determined based on the predictive
modelling results, where customers in the top 30% of predicted probabilities were categorized
as eligible customers (T = 1), while the remaining customers were categorized as non-eligible
customers (T = 0). The response variable, Y_post, was defined as an indicator of targeted
voucher redemption during the evaluation period.

The distribution of the treatment and response groups is presented in Table 6.

Table 6. Distribution of treatment and response.

Category Number of Customers Redemption (Y = 1) No Redemption (Y = 0) Redemption Rate
Treatment (Top 30%) 66,611 1,033 53,450 1.91%
Control (Bottom 70%) 155,425 6 127,121 0.00%
Total 222,036 1,039 180,571 0.47%

Table 6 shows that the reported redemption rate in the treatment group was 1.91%, sub-
stantially higher than that of the control group, which was close to zero. Under the model-
defined treatment and control framework, this difference corresponds to an estimated uplift
of 1.91%. In aggregate, the uplift analysis identified approximately 1,027 incremental redemp-
tions associated with the selected customer group.

To further understand the distribution of uplift effects conceptually, customers were then
mapped into four main uplift modelling categories, as presented in Table 7.

Table 7. Distribution of the four customer types.

Customer Type Estimated Number Proportion Characteristics Strategic Implication
Persuadables ≈ 1,027 0.46% Customers who redeem or pur-

chase because they receive a
voucher

Customers who redeem or pur-
chase because they receive a
voucher

Sure Things ≈ 6 ≈ 0.00% Customers who would redeem
or purchase even without a
voucher

Customers who would redeem
or purchase even without a
voucher

Lost Causes ≈ 220,997 99.54% Customers who do not redeem
or purchase even after receiv-
ing a voucher

Customers who do not redeem
or purchase even after receiv-
ing a voucher

Sleeping Dogs Very small / not
significantly de-
tected

≈ 0% Customers who respond nega-
tively to voucher intervention

Customers who respond nega-
tively to voucher intervention

4. Conclusion
This study aimed to optimize voucher targeting strategies for retail transactions of growing-

upmilk products by integrating customer segmentation, predictivemodelling, and uplift mod-
elling. The customer segmentation process using K-Means produced seven clusters with het-
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erogeneous behavioral characteristics, which were shown to improve classification perfor-
mance when incorporated as an additional feature. In the predictive modelling stage, XG-
Boost with the cluster feature achieved the best performance, with a ROC–AUC of 0.9972 and
a PR–AUC of 0.5479, along with improved precision and recall compared to models without
segmentation.

Although the classification model was able to accurately predict redemption probability,
this approach did not measure the incremental effect of voucher allocation. Therefore, uplift
modelling was applied and identified approximately 1,027 customers, or 0.46% of the total
222,036 customers, as persuadables under the model-based uplift framework. This segment
generated a reported uplift value of 1.91%.

These findings indicate that an uplift-based targeting strategy has the potential to be
more efficient than both mass campaigns and probability-based predictive targeting, as it en-
ables promotional efforts to be focused on customers with the highest estimated incremental
impact. Thus, the integration of customer segmentation, predictive modelling, and uplift
modelling provides a more precise and uplift-informed approach to optimizing e-commerce
promotional strategies.
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