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ABSTRACT
Customer churn prediction is important in the banking sector for improving customer retention
and reducing revenue loss. Traditional Support Vector Machines (SVM) face scalability
challenges when processing high-dimensional and non-linear customer data. This study
proposes a Quantum Support Vector Machine (QSVM) for churn prediction by combining
classical preprocessing with quantum machine learning. The data is cleaned, encoded, scaled,
and reduced using Principal Component Analysis (PCA). The resulting features are encoded
into quantum states, and a quantum kernel is used for classification. The model is implemented
using Python and Qiskit and evaluated on the Qiskit Aer simulator. Performance is assessed
using accuracy, precision, recall, and F1-score. The proposed QSVM achieves approximately
80% accuracy, demonstrating strong non-churn prediction and moderate churn identification.
The results indicate the potential of quantum machine learning for banking churn prediction.
Keywords : Customer Churn Prediction, Quantum Support Vector Machine (QSVM), Quantum
Machine Learning, Banking, Principal Component Analysis (PCA), Quantum Kernel, Qiskit,
Qiskit Aer, Machine Learning, Customer Retention

INTRODUCTION

Customer churn prediction is an important task in the banking sector, as retaining existing
customers helps reduce financial losses and improve long-term profitability. Traditional
machine learning methods, including Support Vector Machines (SVM), face challenges when
handling high-dimensional and complex customer data. To address these limitations, this study
proposes a Quantum Support Vector Machine (QSVM) for customer churn prediction. The
proposed approach combines classical preprocessing techniques, including Principal
Component Analysis (PCA), with quantum feature mapping and quantum kernel computation.
The model is implemented using Python and Qiskit and evaluated using the Qiskit Aer
simulator. Experimental results show that the proposed QSVM achieves approximately 80%
classification accuracy, demonstrating the feasibility of quantum machine learning for banking
churn prediction and its potential for future applications in complex customer behavior
analysis.
A. Problem Statement
Customer churn is a significant challenge in the banking sector, where accurately identifying
customers likely to discontinue services is important for customer retention. Traditional
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methods such as Support Vector Machines (SVM) face difficulties with high-dimensional and
complex customer data due to expensive kernel computation, scalability issues, and limited
representation of non-linear relationships. These limitations can reduce the effectiveness of
churn prediction when processing large and complex datasets. This project proposes a Quantum
Support Vector Machine (QSVM) approach that combines classical preprocessing, PCA-based
dimensionality reduction, quantum feature mapping, and quantum kernel computation to
improve customer churn classification.

B. Purpose

The primary purpose of this project is to develop a Quantum Support Vector Machine (QSVM)
model for customer churn prediction in the banking sector. The study aims to address the
limitations of classical SVM by applying quantum computing techniques to complex and high-
dimensional customer data. PCA is used to reduce the number of features, while quantum
feature mapping and quantum kernels are applied to represent and classify the processed data.
The proposed model is implemented using Qiskit and evaluated using a quantum simulator
with metrics such as accuracy, precision, recall, and F1-score.

C. Overview

This project presents a hybrid classical-quantum approach for predicting customer churn using
a Quantum Support Vector Machine. The system first preprocesses customer data and applies
feature scaling and Principal Component Analysis (PCA) to reduce dimensionality. The
reduced features are then encoded into quantum states using quantum feature mapping
techniques such as ZZFeatureMap. A quantum kernel is computed to measure similarity
between customer data points in the quantum feature space. The QSVM classifier uses this
quantum kernel to classify customers into churn and non-churn categories. Qiskit Aer is used
to simulate the quantum computations without requiring real quantum hardware. The model is
evaluated using accuracy, precision, recall, and Fl-score to examine its classification
performance.

I1. DESIGN

A. System Design

The proposed system is designed to predict customer churn using a hybrid classical-quantum
approach. The system processes customer data through data preprocessing, dimensionality
reduction, quantum feature mapping, quantum kernel computation, and QSVM classification.
PCA is applied to reduce the number of features to match the available qubits, while Qiskit Aer
is used to execute the quantum computations through simulation. The system is organized into
modular layers to support data processing, classification, evaluation, and integration between
classical and quantum components.

B. System Architecture

The system architecture consists of input, preprocessing, dimensionality reduction, quantum
feature encoding, quantum kernel, QSVM classifier, evaluation, and simulation layers. The
input layer receives the customer dataset, while the preprocessing layer removes irrelevant
attributes, encodes categorical features, and applies feature scaling. PCA reduces the feature
dimensions before the data is mapped into quantum states using ZZFeatureMap. The quantum
kernel computes similarity between quantum-encoded data points, and the QSVM classifier
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predicts churn or non-churn customers. Qiskit Aer provides the simulation environment for the
quantum operations.

C. System Modules

The system contains modules for customer data input, preprocessing, PCA-based
dimensionality reduction, quantum feature mapping, quantum kernel computation, QSVM
classification, evaluation, and simulation. The preprocessing module prepares the customer
data for further processing, while PCA reduces the dimensionality of the dataset. The quantum
feature mapping module encodes the reduced features into quantum states, and the quantum
kernel module calculates similarity between data points. The QSVM module performs
classification, and the evaluation module measures performance using accuracy, precision,
recall, and F1-score.

D. Data Flow

The data flow begins with the customer dataset and proceeds through classical preprocessing
and dimensionality reduction. The processed features are then encoded into quantum states
using quantum feature mapping, followed by quantum kernel computation. The resulting
quantum kernel is used by the QSVM classifier to classify customers into churn and non-churn
categories. The predictions are evaluated using classification metrics, while Qiskit Aer provides
the simulation environment for executing the quantum components.

E. Data Preprocessing

Quantum Processing

Customer Dataset Preprocessing [ PCA Quantum Feature Quantum Kernel : Qsvm Evaluation Prediction Output
Dimensionality Mapping Computation | Classifier
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Fig. 1. QSVM System Architecture for Customer Churn Prediction

The attributes RowNumber, Customerld, and Surname are removed because they identify
individual records but do not represent customer behavior. The dataset is checked for missing
values using the null-value count and for duplicate records using duplicate-row detection. No
missing values or duplicate records are identified; therefore, no imputation or duplicate
removal is required. The target attribute Exited is separated from the predictors before model
training.

The categorical attributes Geography and Gender are converted into numerical form using one-
hot encoding. The first category of each attribute is removed to avoid redundant dummy
variables. After encoding, the predictor matrix contains 11 numerical features.

F. Feature Selection / Dimensionality Reduction

To compress the 11-dimensional preprocessed feature space into a four-dimensional
representation, Principal Component Analysis (PCA) is employed. Let X € R™*11denote the
scaled feature matrix and let Xdenote its mean-centered form. PCA determines an orthogonal
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basis whose directions are ordered according to the variance captured from the training data.
The covariance matrix is computed as

1
C= XX
n—1
Spectral decomposition of Cproduces the eigenvalue—eigenvector pairs satisfying
CVi = }\iVi,

where the eigenvalues are ordered as A; = A, = -+ > A;4. The projection matrix is formed
from the four eigenvectors associated with the largest eigenvalues:
W, = [vy, V3, v3, V).

The four-dimensional feature matrix is then obtained as
Z = XW,, Z € R™*,

PCA is fitted using only the training data, and the same fitted transformation is applied to the
test data. Each of the four resulting principal components is subsequently assigned to one qubit
in the quantum feature-mapping circuit.

G. Quantum Feature Mapping

After PCA, each customer record is represented by the four-dimensional vector z =
(21,25, 23,24] 7. A parameterized quantum circuit maps this vector to the state

| d(2)) = Ugz(2) 1 0)®*,

where one qubit corresponds to each principal component. The implementation uses Qiskit’s
Z7ZFeatureMap with feature dimension=4, reps=2, and entanglement='linear'. Within each
repetition, data-dependent parameterized gates encode the PCA components, while ZZ
interactions entangle adjacent qubits in the sequence qy « q; © (; < (3. Repeating the
encoding block twice allows both individual components and interactions between connected
components to influence the resulting quantum state. This circuit does not directly predict
customer churn; instead, it defines the quantum feature space used to calculate similarities
between customer records during quantum-kernel estimation.
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H. Quantum Kernel Construction
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The quantum kernel measures the similarity between two PCA-transformed customer records
after they have been mapped to quantum states. For the reduced vectors z;and z;, the feature

map prepares the states | ¢(z;))and | q)(z]-)). Their kernel value is calculated from the squared

state overlap:

K(z,7;) = [{6|@)d (%))l

A value approaching one represents a high degree of similarity in the quantum feature space,
whereas a value approaching zero represents low similarity. Pairwise evaluation of the training
observations produces the square training-kernel matrix
[Ktrainlij = K(Zitram' thram)'
while comparison of each test observation with the training observations produces
— test  trai
[Keestlij = K(z{*F, z™™).
In the documented implementation, the kernel matrices are estimated using Qiskit Machine
Learning’s QuantumKernel, configured through a QuantumlInstance running on the Qiskit Aer
qasm_simulator with 1,024 shots. The resulting numerical matrices are supplied to QSVC,
allowing support-vector optimization to be performed using similarities generated by the
quantum feature map rather than a conventional classical kernel.

Quantum
Fidelity Estimation

QSVC Training and
Churn Classification

I. QSVM Model

The proposed OSVM is designed as a hybrid classical-quantum model for binary customer-
churn classification. The classical stage divides the customer data into training and testing
subsets, removes the non-predictive attributes RowNumber, Customerld, and Surname,
converts Geography and Gender through one-hot encoding, and normalizes the resulting
predictors to [0,1]. PCA, fitted using the training data, transforms the [I-dimensional
numerical feature space into four principal components, with each component assigned to one
qubit. A four-qubit ZZFeatureMap with two repetitions and linear entanglement then maps
each reduced vector zto the quantum state | ¢(z)). Similarity between two encoded records is
calculated using

K(z,77) = el DB ()"
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Pairwise evaluation of the training observations produces Kir,in, which is supplied to QSVC
to learn a maximum-margin decision boundary between churn and non-churn customers.
During testing, Kiesiis generated by comparing the encoded test observations with the training
observations. The trained classifier uses these kernel values to assign each customer either the
non-churn label Oor churn label 1

Hybrid QSVM Model for Customer Churn Prediction

Classical Preprocessing Four-Qubit ZZFeatureMap:
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J. Training and Classification

The processed dataset is divided into training and testing subsets using an 80%—20%
stratified split with random_state=42. For the complete 10,000-record dataset, this division
produces 8,000 training observations and 2,000 test observations while preserving the
original churn-class distribution. Quantum-kernel values are first calculated between every
required pair of training observations to construct the matrix

_ train ,train Tprni o X
[Ktrain]ij = K(Zl' ) Zj ), Kirain € RMtrainXMtrain

The training-kernel matrix and its corresponding churn labels are supplied to QSVC, which
identifies the support vectors and determines a maximum-margin decision boundary in the
quantum-induced feature space. During testing, each test observation is compared with the
training observations to construct

[Ktestlij = K(ZfeSt' thrain)» Kiest € RMtest*Mtrain,
The trained OSVC uses Kiesito assign each observation either the non-churn label Oor churn
label 1. The regularization parameter is set to C = 1.0. No additional QSVC hyperparameter
optimization is reported; parameters not explicitly configured retain their library-default
values. The predicted labels are stored and subsequently compared with the actual test labels
to calculate the confusion matrix, accuracy, precision, recall, and Fl-score.
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QSVM Training and Classification
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II1. IMPLEMENTATION

SVM comparison, and performance evaluation.

The QSVM system is implemented as a hybrid Python-based workflow that integrates classical
data-processing libraries with the Qiskit quantum-computing framework. The implementation
begins by loading the customer churn dataset and removing the non-predictive attributes
RowNumber, Customerld, and Surname. The categorical variables Geography and Gender are
converted through one-hot encoding, the resulting predictors are normalized to [0,1] using
Min-Max scaling, and PCA reduces the 11-dimensional feature space to four principal
components. Each reduced customer record is represented by a four-qubit ZZFeatureMap with
two repetitions and linear entanglement. The training and testing quantum-kernel matrices are
estimated using Qiskit Machine Learning on the Qiskit Aer qasm_simulator with 1,024 shots
and are supplied to QSVC to generate churn predictions. Pandas and NumPy support data
handling, while scikit-learn performs preprocessing, PCA, stratified dataset division, classical
SVM implementation, and performance evaluation

IV. EXPERIMENTAL RESULTS AND DISCUSSION

The QSVM was evaluated on the preprocessed bank customer churn dataset using an 80%-—
20% stratified data division with random_state=42. Four PCA components were encoded
through a four-qubit ZZFeatureMap, and the quantum-kernel matrices were estimated using
the Qiskit Aer qasm_simulator with 1,024 shots. The model was evaluated using accuracy,
precision, recall, Fl-score, and a confusion matrix; however, the final metric values must be
obtained from the same verified prediction run because the available project documents contain
inconsistent performance records. These metrics must be interpreted together with the
confusion matrix because the dataset contains 7,963 non-churn records and 2,037 churn
records. A controlled comparison with a classical SVM has not yet been verified; therefore, no
claim of improved QSVM performance is made. The experiment demonstrates the
implementation feasibility of quantum-kernel classification for customer churn analysis but
does not establish quantum advantage without repeated evaluation, runtime analysis, and
statistically validated classical baselines

V. CONCLUSION
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This study developed a hybrid Quantum Support Vector Machine framework for bank customer
churn prediction by integrating classical preprocessing with quantum-kernel classification.
Customer records were cleaned, one-hot encoded, normalized using Min—Max scaling, and
reduced from 11 numerical features to four principal components through PCA. The reduced
features were represented using a four-qubit ZZFeatureMap with two repetitions and linear
entanglement, while pairwise quantum-state similarities were estimated on the Qiskit Aer
qasm_simulator with 1,024 shots to construct the training and testing kernel matrices. Model
performance was assessed using accuracy, precision, recall, F1-score, and a confusion matrix.
Because a verified classical SVM baseline and one internally consistent set of QSVM results
are not currently available, no claim of improved performance or quantum advantage is made.
Nevertheless, the study establishes the implementation feasibility of applying a small, NISQ-
compatible quantum-kernel model to customer churn classification and provides a foundation
for controlled comparisons on quantum simulators and physical quantum hardware.

VI. FUTURE SCOPE

Future research should examine the QSVM on physical quantum processors to assess the
influence of hardware noise, limited qubit connectivity, circuit transpilation, sampling error,
and error-mitigation methods. Controlled experiments may compare the current ZZFeatureMap
with angle encoding, Pauli-based feature maps, different circuit depths, and alternative
entanglement structures. As larger quantum systems become available, additional principal
components may be retained to investigate the relationship between feature dimensionality,
qubit count, kernel quality, and computational cost. Because the dataset contains fewer churn
observations than non-churn observations, class weighting, cost-sensitive learning, and
SMOTE may also be evaluated using training data only. The QSVM should further be
compared with classical SVM, Random Forest, and gradient-boosting classifiers using
identical preprocessing steps, data partitions, and cross-validation folds. Future evaluations
may include runtime, precision—recall AUC, Matthews correlation coefficient, statistical
uncertainty, and the financial cost of false predictions. The framework may subsequently be
adapted to related banking applications such as loan-default prediction, credit-risk assessment,
and customer-product recommendation.
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