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Abstract

Quantum Support Vector Machines (OSVMs) have recently emerged as a promising approach for biomedical classification
tasks. However, their practical deployment remains constrained by limited qubit availability and sensitivity to high-
dimensional feature spaces. These challenges often result in increased computational overhead and reduced model
reliability. To mitigate these issues, this study proposes a hybrid framework integrating Pearson correlation—based feature
selection and Principal Component Analysis (PCA) with QSVMs for breast cancer diagnosis. First, Pearson correlation
analysis is employed to remove redundant and weakly relevant features, thereby improving data quality and reducing
dimensionality at an early stage. Subsequently, PCA projects the selected attributes into a compact subspace while
preserving most of the original data variance. This dimensionality reduction strategy-decreases the number of qubits
required for quantum encoding and improves computational efficiency. Experiments conducted on the Wisconsin Diagnostic
Breast Cancer (WDBC) dataset demonstrate that the proposed hybrid QSVM achieves 98% classification accuracy,
outperforming or matching existing classical and quantum-based approaches: The results confirm that combining classical
preprocessing techniques with quantum classifiers provides a robust-and resource-efficient solution for biomedical data
analysis. Overall, the findings of this study underscore the effectiveness.of combining classical preprocessing techniques with
quantum machine learning models. By bridging the gap between classical data optimization and quantum computational
power, the proposed approach offers a resource-efficient, scalable, and high-performance solution for complex biomedical
data analysis, paving the way for more feasible applications of quantum computing in healthcare domains.
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1. Introduction

Breast cancer remains one of the leading causes of
cancer—related mortality-among/women worldwide,
with approximately 1.7 million patients and more than
500,000 deaths each year [1]. Early detection
significantly improves survival . rates. However,
late-stage diagnosis remains prevalent, particularly in
developing countries (40-90%) [2, 3]. Consequently,
the development of accurate computer-aided
diagnostic systems has become an essential research
objective.

Quantum Machine Learning (QML) has gained
increasing attention due to its potential computational
advantages over classical algorithms [4]. Among
QML methods, QSVMs leverage quantum kernel
estimation to enhance classification performance
[5-7]. Despite promising theoretical advantages,
Quantum Support Vector Machines (QSVMs)
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implementation is limited by current Noisy
Intermediate—Scale Quantum (NISQ) hardware
constraints, especially the restricted number of
available qubits. Since each feature typically
corresponds to a qubit in quantum encoding schemes,
high—dimensional datasets pose significant
challenges.

In classical machine learning, feature selection and
dimensionality reduction techniques-such as Pearson
correlation filtering and Principal Component
Analysis (PCA)-have proven effective in improving
model performance and reducing computational
complexity. Inspired by these findings, this study
integrates classical preprocessing methods with
QSVMs to construct a hybrid classification
framework. Ibrahim et al. applied this method to the
WBCD set and achieved an accuracy of 98.24%,
surpassing methods using only SVM, RF, or DT [15].
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Table 1. Description of characteristics

Feature Description

Radius Average value of the distance from the center to points on the tumor
circumference.

Texture Standard deviation of gray level values (gray—scale)

Perimeter

Area

Smoothness The degree of local variation of radius length

Compactness

Concavity The degree of indentation of the sections within the contour.

Concave points

The number of indentations on the contour

Symmetry

Fractal dimension

"coastline approximation" —

1

Motivated by these findings, this study combines
classical preprocessing techniques with QSVMs to
develop a hybrid classification framework. The main
contributions of this work are:

- A two-stage dimensionality reduction strategy
combining Pearson correlation and PCA prior to
quantum encoding.

Evaluation of the impact of qubit number on
QSVM performance.

Comparative analysis with previously reported
quantum and classical approaches.

2. Related works

Recent studies have‘explored QSVMs applications
in biomedical classification.. Vashisth et al
implemented QSVM with quantum kernels for breast
cancer detection and reported competitive performance
compared to classical SVM models. Premanand et al.
compared QSVM (93.8% accuracy) with classical
SVM (97.3%), demonstrating feasibility but limited
superiority [9]. Akpinar et al. investigated different
quantum feature maps and circuit configurations,
highlighting the influence of circuit architecture on
classification  performance in  high-dimensional
biomedical datasets [10].

Unlike prior work focusing primarily on quantum
kernel design or circuit optimization, this study
emphasizes classical preprocessing integration. By
reducing feature dimensionality before quantum
encoding, the proposed method mitigates qubit
constraints and enhances classification stability.

3. Materials and Methods
3.1 Dataset

The experiments utilize the Wisconsin Diagnostic
Breast' Cancer (WDBC) dataset from the UCI Machine
Learning Repository. The dataset consists of
569 samples obtained from fine—needle aspiration
(FNA) of breast masses. Each instance contains
30 real-valued features describing cellular nucleus
characteristics [11, 12].

The target variable represents two classes:
malignant (M) and benign (B). Features are categorized
into three groups: mean, standard error, and worst
(largest) values of the following attributes: radius,
texture, perimeter, area, smoothness, compactness,
concavity, concave points, symmetry, and fractal
dimension. The correlation matrix among all variables
is presented in Fig. 1.
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Fig. 1. Correlation matrix between variables
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3.2. Data Preprocessing and Feature Selection

All features were normalized using Min—-Max
scaling to ensure stable model convergence.

x —min(x)
Z=——"—"""—"= 1)
max(x)—min(x)
Min-Max normalization contributes to improved
convergence, especially when dealing with features that
have large, unevenly sized values.

Pearson correlation analysis was then applied to
evaluate linear relationships between features and the
target variable [13, 14].

Given two features X and Y, the Pearson correlation
coefficient is:
_ Cov(X)Y)

Pxy = —_ 2

0x0y

Highly correlated features introduce redundancy
and amplify noise during quantum encoding. Let

TeR%™? denote the covariance matrix. If X is
ill-conditioned due to multicollinearity, PCA
eigen—decomposition becomes unstable. Therefore,

correlation filtering improves numerical conditioning
before eigenvalue decomposition.

We retain features satisfying:

| pX k,y| >T 3)
where 7 is a predefined threshold.

Highly correlated and redundant attributes were
filtered, resulting in a subset of 12 significant features,
‘concavepoints3’, 'perimeter3’, ‘concavepointsl’,
'radius3', 'perimeterl’, ‘area3', 'radiusl', ‘areal’,
‘concavityl’, ‘concavity3’, '‘compactness]’  and
'‘compactness3'. The .correlation of the selected
attributes with the diagnosis variable is shown in Fig. 2.

Diagno: ——
concavepoints3 A
perimeterd 2

concavepoints] y 4
radiu -
perimeterl
radiusl
areal
concavityl
concavity3
compactnessl
compactness3
radius,
perimeter;
area
texture
smoothness:
texturel
(oncaveg:'mn:sz
smoothness]
ymmetryL
actaldimension3
compactness2
concavity2
actaldimension2
symmetry2
texture?
actaldimensionl
smoothness2
00 02 04 06 08 10
Correlation
Fig. 2. Correlation with diagnosis
To further reduce dimensionality, PCA was

performed on the selected features. The explained
variance analysis indicated that the first six principal
components preserved the majority of data variance.
Consequently, these six components were retained for
quantum encoding, reducing qubit requirements

without substantial information loss as illustrated in
Fig. 3.
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Fig. 3. Variance plot by principal components

During the experiment, we constructed variance
maps for each 'principal. component to assess their
contribution” to the total variance of the data. The
results showed-that with only the first six principal
components, we were able to retain most of the
important information, thereby significantly reducing
the. number of features to be processed without
significantinformation loss. Therefore, features such as
'radius1’, ‘areal’ ‘concavityl’, ‘concavity3’,
‘compactnessi’, and ‘compactness3’ were removed.

3.3. Quantum Support Vector Machine

The dataset was split into training and testing sets
using a 70:30 ratio. The QSVM implementation was
developed using Qiskit’s quantum kernel framework.

Each feature was encoded into a qubit using a custom
quantum feature map composed of:

- Hadamard gates
- Parameterized rotation gates (Rx and Rz)

- A chain entanglement layer using controlled—-NOT
(CX) gates

This architecture was experimentally selected to
balance circuit depth and classification performance.
The precomputed quantum kernel was then supplied to
a classical SVM optimizer.

For a clearer comparison of circuit complexity and
performance, the quantum circuit configurations
corresponding to 4, 6, and 8 qubits are depicted in the
following figures.
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Fig. 4. Quantum circuit with 4 qubits
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Fig. 5. Quantum circuit with 6 qubits
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Fig. 6. Quantum circuit with 8 qubits

We employed a custom quantum feature mapping,
comprising Hadamard gates, parametric Rx and Rz
rotations, and a chain—like quantum entanglement layer
utilizing CX gates. This structure, is inspired by
ZZFeatureMap, was selected experimentally due to its
balance between circuit depth and classification
performance. Compared to standard feature mappings,
this structure achieved higher accuracy on our dataset,
demonstrating its suitability for biomedical data with
moderate feature correlation.

4. Experimental Results

In this study, we used a 'precomputed' kernel, as
this is the only type suitable for the QSVM algorithm.
Other kernel types such as 'linear' or 'rbf are only
suitable for classical classification'models.

The experimental results of the QSVM algorithm
are presented in Table 2, Table 3, Table 4 and Fig. 7,
Fig. 8, and Fig. 9.

Table 2. Results of running the QSVM algorithm with
4 Qubits

Precision Recall FI-score Support
B 0.96 0.95 0.95 111
M 0.90 0.93 0.92 60
Accuracy 0.94 171
Macro avg 093 0.94 0.94 171
nghted 0.94 094 094 171

Canfusion Matrix of the Model with 4 Qubits

Actual

)
Predicted 1= Malignant

Fig. 7. Confusion matrix with 4 qubits

The model correctly predicted 94% of the
171 samples, which is a high figure, indicating reliable
classification. The Benign class had a Precision of 0.96,
Recall of 0.95, and F/-score of 0.95, showing that the
model performed very well, with low positive
mispredictions (high precision) and detection of the
majority of B cases (high recall). The M (Malignant)
class had a, Precision of 0.90, Recall of 0.93, and
Fl-score of 0.92, with slightly lower performance than
the B class. The lower precision suggests some cases
were-misdiagnosed as malignant, but the relatively high
recall (0.93) is'positive because the model still detected
the majority of M cases—which is particularly important
in biomedical diagnosis.

Table 3. Results of running the QSVM algorithm with
6 Qubits

Precision Recall FI-score Support

B 0.98 0.99 0.99 111

M 0.98 0.97 0.97 60
Accuracy 0.98 171
Macro avg 0.98 0.98 0.98 171
Weighted ) o 098 098 171

avg

Confusion Matrix of the Model with & Qubits
é
Preicted

Fig. 8. Confusion matrix with 6 qubits
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As illustrated in Table 3, the model achieved very
high performance with an Accuracy of 0.98, indicating
near-perfect classification accuracy. Both classes B and
M had precision, recall, and FI-scores of
approximately 0.97-0.99, demonstrating stable and
balanced performance across classes. In particular, the
high recall in class M indicated good detection of
critical cases. Overall, this is a very good and reliable
result.

Table 4. Results of running the QSVM algorithm with
8 Qubits

Precision  Recall FI-score Support

B 0.98 0.97 0.98 111

M 0.95 0.97 0.96 60
Accuracy 0.97 171
Macro 4 o7 097 097 171

avg

Weighted 97 097 097 171

avg

Confusion Matrix of the Model with 8 Qubits

Actual

0 = Benign (B}
Predicted 1 = Malignant (M)

Fig. 9. Confusion matrix with 8 qubits

Table 4 shows that the model achieved high
performance with Accuracy = 0.97, indicating very
good classification ability. Class B had an
Fl-score = 0.98, while Class M achieved an
Fl-score = 0.96; both precision and recall indices were
high, especially the recall of Class M (0.97), showing
that the model still maintained good detection of
important cases. Compared to the previous result
(Accuracy = 0.98), the model's performance decreased
slightly. Specifically, the precision of Class M
decreased from 0.98 to 0.95, leading to a lower
Fl-score for this class, indicating an increase in false
predictions. In addition, the recall of Class B decreased
slightly (from 0.99 to 0.97).

Table 5. Summarizes classification performance across
different qubit configurations

Qubits Accuracy Precision Recall FI-score
4 94% 93% 94% 94%
6 98% 98% 97% 97%
8 97% 97% 97% 97%

Table 5 shows that, the optimal performance was
achieved with 6 qubits, corresponding to six principal
components. Increasing to 8 qubits slightly reduced
performance, suggesting potential overfitting. Reducing
to 4 qubits resulted in information loss and decreased
accuracy.

Table 6. Comparison of results with other studies

References Feature Classification  Acc (%)
mapping
function
S. Vashisth Linear support .
vector machine
et al. [8]
Nonlinear
support vector
pp : 95
machine
H U Quantum 92
support vector
Varsha zz Quantum
Premanand Feature support vector
etal. [9] classifier 93.8
map
E. Akpinar R, Quantum 98
etal.[10] Suppqrt vector
R, and CX machine 98
Our H, Ry, Quantum
method Ryand CX' gypport vector 98

machine

Comparative analysis indicates that the proposed
hybrid QSVM achieves performance equal to or better
than previously reported QSVM implementations
while requiring fewer effective features.

The experimental results show that the QSVM
model achieves different performance levels when
varying the number of qubits (4, 6, and 8 qubits), with
the best accuracy of 98% obtained at 6 qubits,
compared to 94% at 4 qubits and 97% at 8 qubits.
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This trend indicates the existence of an optimal
balance between representational dimensionality and
model  generalization capability. The lower
performance with 4 qubits reflects information loss
due to excessive dimensionality reduction, as the
reduced feature space is no longer sufficient to
optimally separate the benign and malignant classes.
Conversely, increasing to 8 qubits does not improve
performance and slightly reduces accuracy, which
may result from a poorly conditioned quantum kernel
matrix, or a higher risk of overfitting given the
relatively small training dataset of 569 samples. This
finding highlights that QSVM performance is not
directly proportional to the number of qubits but
strongly depends on the quality of feature
representation. Importantly, the balanced Precision,
Recall, and F'/—scores across both classes indicate that
the model does not exhibit significant bias toward the
majority class, which is particularly critical in medical
diagnosis tasks.

Furthermore, a key scientific contribution of this
study lies in the two—stage dimensionality reduction
strategy applied prior to quantum encoding. The first
stage employs Pearson correlation filtering to remove
multicollinearity and redundant features, thereby
improving the numerical conditioning of the
covariance matrix. The second stage applies (PCA) to
project the data into an orthogonal subspace while
preserving maximal variance. This combined
approach reduces the original 30 features to
6 principal components, consequently decreasing the
number of required qubits, reducing quantum circuit
depth, enhancing kernel stability. These results
reinforce the argument that, in the current NISQ era,
classical preprocessing plays a. decisive role in
improving the effectiveness /and. feasibility of
quantum machine learning models.

5. Conclusion

This study presents a hybrid Pearson-PCA
enhanced QSVM framework for breast cancer
classification. By combining classical feature
selection and dimensionality reduction with quantum
kernel methods, the proposed approach achieves 98%
accuracy on the WDBC dataset using only six qubits.
The results confirm that dimensionality reduction
plays a critical role in quantum machine learning
applications under hardware constraints. The
integration of Pearson correlation filtering and PCA
not only reduces qubit requirements but also improves
classification robustness and suggest that classical
preprocessing  remains  essential in  hybrid
quantum—classical ~ workflows, particularly  for
biomedical datasets characterized by correlated
features and moderate dimensionality.

Future research will explore applications to
larger—scale electronic health record datasets and the

development of adaptive hybrid quantum-classical
architectures.
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