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Abstract: Cervical cancer remains one of the leading causes of cancer-related deaths in women globally, with early detection
being crucial for improving survival rates. However, current diagnostic methods like Pap smears are often subjective, prone
to human error, and inefficient in handling class imbalance in medical image datasets. This study aims to develop an
improved cervical cancer detection model by combining Convolutional Neural Networks (CNNs) with Support Vector
Machines (SVMs) to enhance accuracy, efficiency, and interpretability. The study proposed a hybrid CNN-SVM model to
address class imbalance and computational inefficiency. The CNN extracts feature from Pap smear images, while the SVM
classifies the images into cancerous or non-cancerous categories. The dataset used includes labeled cervical cell images, and
the model’s performance is evaluated using cross-validation and standard metrics such as accuracy, AUC-ROC, F1 Score,
and AUC-PR. Additionally, Grad-CAM is integrated to provide model interpretability. The proposed model achieves an
accuracy of 95.2%, an AUC-ROC of 0.981, and an F1 Score of 0.93, outperforming existing models, including traditional
SVM and CNN-only approaches. The hybrid model demonstrates significant improvements in handling class imbalance and
computational efficiency. This research contributes a novel hybrid model that enhances cervical cancer detection by
combining deep learning and traditional machine learning methods. The model’s high performance and interpretability make
it a promising tool for real-world clinical applications, particularly in resource-constrained settings, improving early
diagnosis and patient outcomes.

Keywords: Cervical Cancer Detection, Hybrid CNN-SVM Model, Class Imbalance, AUC-ROC, Grad-CAM, Deep Learning
in Healthcare.

diagnosed at early stages [2]. However, the current
diagnostic methods, such as the Pap smear test and HPV

1. Introduction

Cervical cancer is one of the leading causes of cancer-
related deaths in women worldwide, with over 311,000
deaths annually [1]. Despite significant advances in
healthcare, cervical cancer remains a significant global
health challenge, particularly in low-resource settings
where screening and early detection are often limited. Early
detection is crucial as it can dramatically increase survival
rates, with survival rates exceeding 90% for women

testing, face several limitations. The Pap smear test, which
involves manual examination of cervical cell samples, is
highly dependent on the clinician's expertise and is prone to
false negatives and inter-observer variability, which can
lead to missed diagnoses [3], [4]. Additionally, HPV testing
lacks the sensitivity needed for early detection in certain
populations, and its implementation can be limited by cost
and accessibility [5].
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Existing challenges in cervical cancer detection are
amplified by the class imbalance found in medical imaging
datasets. Cancerous instances in cervical cell images are
often rare, with most images showing normal or benign
conditions, which makes training machine learning models
on such data particularly challenging. Traditional machine
learning (ML) models like Support Vector Machines
(SVM) and Random Forests have been applied to this task,
but their performance suffers when dealing with imbalanced
datasets and complex feature extraction tasks, typical in
image-based analysis [6], [7]. Moreover, these models
struggle to capture the intricate patterns and nuances in
cervical cell images, which are often key to distinguishing
cancerous from non-cancerous cells.

Recent advances in deep learning (DL), particularly
through Convolutional Neural Networks (CNNs), have
shown great promise in overcoming these limitations.
CNNs have demonstrated strong capabilities in feature
extraction and image classification, making them highly
effective for automated cervical cancer detection [8], [9].
However, deep learning models, while achieving high
accuracy, are often computationally expensive, requiring
significant processing power and large amounts of labeled
data. Furthermore, these models are prone to overfitting,
particularly when training datasets are limited or do not
fully represent the diversity found in real-world clinical data
[10], [11].

While deep learning has made significant strides, the
reliance on large datasets and high computational resources
presents barriers for their widespread deployment in clinical
settings. On the other hand, traditional models like SVM,
which are computationally more efficient, tend to struggle
with high-dimensional data and the complex features
required for accurate cancer detection in images [12], [13].
Moreover, existing hybrid models combining deep learning
and traditional machine learning, such as CNN with SVM,
have been proposed but have not fully addressed class
imbalance and interpretability concerns in a practical
clinical environment [14].

In light of these challenges, this study proposes a novel
hybrid approach that combines Convolutional Neural
Networks (CNN) for image feature extraction with Support
Vector Machines (SVM) for classification, specifically
designed to address the issues of class imbalance,
computational efficiency, and model interpretability. Our
approach integrates data augmentation techniques to
mitigate overfitting, and we use cross-validation to ensure
that the model generalizes well across different subsets of
the data, reducing the risk of poor performance on unseen
data. Furthermore, we incorporate Grad-CAM (Gradient-
weighted Class Activation Mapping) to provide visual
interpretability, ensuring that clinicians can understand the
reasoning behind the model's predictions, an essential
feature for gaining trust in Al-driven healthcare tools [15].

The primary contributions of this study are summarized
as follows:

e Improved accuracy (95.2%) and AUC-ROC
(0.981) through a hybrid CNN-SVM model,
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significantly outperforming traditional machine
learning and deep learning models.

e  Effective handling of class imbalance, making the
model more robust and reliable for rare cases,
where cancerous instances are underrepresented.

e Enhanced computational efficiency, reducing the
time and resources needed for training compared
to pure deep learning models.

e Increased interpretability via the integration of
Grad-CAM, offering transparent decision-making
and facilitating model validation by healthcare
professionals.

e Practical applicability in real-world clinical
settings, with a model that can be implemented
using standard computational resources.

This paper is organized as follows: Section 2 provides
a comprehensive literature review of recent advancements
in cervical cancer detection using machine learning and
deep learning methods. Section 3 describes the
methodology, including the model architecture, dataset, and
evaluation metrics. Section 4 presents the experimental
setup and discusses the results obtained. Section 5 provides
an in-depth discussion of the findings, and Section 6
concludes the paper with insights on the implications,
limitations, and future research directions.

2. Literature Review

Cervical cancer detection has become a critical area of
research, as early diagnosis significantly improves patient
outcomes. Several studies have explored the use of machine
learning and deep learning techniques to automate the
detection of cervical cancer from medical images. This
literature review critically analyzes recent research in the
domain, focusing on the methodologies, strengths,
limitations, and gaps addressed by this study.

2.1 Deep Learning for Cervical Cancer Detection

A study proposed a CNN-based model for cervical
cancer detection, focusing on image classification using a
convolutional neural network. The study demonstrated an
accuracy of 92.5% on a publicly available dataset,
highlighting the efficacy of CNNs in detecting cancerous
cells from cervical images [16].

Strengths:

e High classification accuracy and robust
performance across multiple evaluation metrics.

e Effective feature extraction using convolutional
layers.

Limitations:

e The model suffers from overfitting due to limited
dataset size and lack of data augmentation.
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e The study does not address class imbalance,
leading to lower performance in detecting rare
cancerous cells.

Critique: While this study effectively utilized CNNs, it
lacks integration with traditional machine learning
techniques like SVM, which may enhance its robustness in
handling class imbalances, as addressed in this study.

2.2 Hybrid Model for Cervical Cancer Diagnosis

The research proposed a hybrid model combining CNN
and SVM for cervical cancer detection. Their study used a
dataset of cervical cell images and employed 5-fold cross-
validation for model evaluation. The model achieved an
accuracy of 94.0%, which was superior to standalone CNN
models [17].

Strengths:

e The hybrid CNN-SVM approach effectively
combines deep learning and traditional machine
learning, offering high performance and better
handling of class imbalances.

e Cross-validation ensured more robust model
evaluation.

Limitations:

e  The model still struggles with long training times
and requires significant computational resources.

e The study’s evaluation is limited to a single
dataset, which may not fully capture the model’s
generalizability.

Critique: While the hybrid model shows promising results,
the computational cost remains a challenge, as training a
hybrid model can be more resource-intensive compared to
standalone CNN or SVM approaches.

2.3 Multi-modal Approach to Cervical Cancer Detection

Another study introduced a multi-modal approach that
combines optical coherence tomography (OCT) images and
Pap smear images for cervical cancer detection. The system
uses a combination of CNN for feature extraction and long
short-term memory (LSTM) networks for temporal analysis
[18].

Strengths:

e The combination of multi-modal data (OCT and
Pap smear) improves the system's accuracy and
robustness in detecting cancer.

e LSTM networks capture temporal features, which
can be useful for diagnosing progressive stages of
cancer.

Limitations:

e  Theapproach is complex and requires multi-modal
data, which may not always be available.

e The system’s complexity increases the training
time and computational load.
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Critique: The multi-modal approach provides excellent
accuracy, but its complexity and dependence on multimodal
data make it less practical for scenarios where such data is
unavailable. In comparison, our model using a hybrid CNN-
SVM approach provides a simpler, more accessible solution
with high performance.

2.4 SVM for Cervical Cancer Detection

A new approach explored the use of SVM with a RBF
kernel for cervical cancer detection. Their approach
achieved an accuracy of 89.4%, focusing on classical
machine learning techniques rather than deep learning. The
dataset was balanced using synthetic data generation
techniques to address class imbalance [19].

Strengths:

e The use of SVM is computationally efficient, with
shorter training times compared to deep learning
models.

e Synthetic data generation addressed class
imbalance and helped improve the model’s
sensitivity to rare cancer cases.

Limitations:

e The model’s performance was limited by the
feature extraction process, as traditional machine
learning methods cannot match the complexity of
deep learning models like CNNs.

e The model was evaluated on a relatively small
dataset, which may affect its generalization to
larger datasets.

Critique: While SVM provides an efficient solution, its
limitations in feature extraction and performance compared
to CNNs highlight the need for hybrid models that combine
both deep learning and classical techniques for better
performance.

2.5 Transfer Learning for Cervical Cancer Detection

The research utilized transfer learning with a pre-
trained ResNet-50 model for cervical cancer detection.
Their approach achieved an accuracy of 93.6%, leveraging
transfer learning to reduce training time and improve
generalization [20].

Strengths:

e Transfer learning reduced the computational cost
and training time by using pre-trained weights
from large image datasets.

e The ResNet-50 architecture provided deep feature
extraction and high classification accuracy.

Limitations:

e  The model still requires large amounts of labeled
data for fine-tuning, which can be challenging in
medical imaging tasks where data may be scarce.

e Overfitting could be an issue if the model is not
carefully fine-tuned.
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Critique: Transfer learning is a powerful approach for
improving the efficiency of deep learning models. However,
the reliance on pre-trained models can limit the
customization of the model for specific datasets, which may
affect performance in highly specialized tasks like cervical
cancer detection.

2.6 Research Gaps and How This Study Fills Them

While the above studies have demonstrated significant
progress in cervical cancer detection, there are several gaps
that still need to be addressed:

Class Imbalance: Many studies, including those by
[16] and [19], have struggled with class imbalance. This
study’s hybrid CNN-SVM approach effectively addresses
this issue by combining the strengths of both techniques,
offering superior performance in imbalanced datasets.

Model Complexity: Studies such as [18] and [20]
introduce complex models (e.g., multi-modal, transfer
learning) that are computationally expensive. Our model,
combining CNN with SVM, achieves a balance between
accuracy and computational efficiency, making it more
feasible for real-world applications where computational
resources may be limited.

Generalization: Several models, like those by [17] and
[18], focus on specific datasets, limiting the generalizability
of their findings. The use of cross-validation and large,
diverse datasets in this study ensures that the proposed
model generalizes well to unseen data, which is crucial in
medical diagnostics.

TABLE 1. Comparative Summary

Study Model | Accu- Com- Strengths Limita-
racy puta- tions
tional
Effi-
ciency
Zhouet | CNN 92.5% | Low High accu- Overfit-
al. racy, effec- ting,
(2023) tive feature lacks
[1] extraction class im-
balance
handling
Wang Hybrid 94.0% | Me- High perfor- | Compu-
etal. CNN + dium mance, tational
(2023) SVM cross-valida- | cost,
[2] tion, class limited
balance dataset
evalua-
tion
Nguyen | Multi- 96.2% | High Multi-modal | Com-
etal. modal + data, tem- plex, re-
(2024) LSTM poral analy- quires
[3] sis multi-
modal
data
Lietal. | SVM 89.4% | High Efficient, Limited
(2024) (RBF handles class | feature
[4] Kernel) imbalance extrac-
tion,
small
dataset
Kumar | Transfer | 93.6% | Me- Transfer Requires
etal. Learn- dium learning, re- | large la-
(2025) ing duced train- | beled
[5] (Res- ing time data,
Net-50)
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overfit-
ting risk

3. Methodology

This section outlines the systematic approach used to
develop the cervical cancer detection system, including the
design of the web framework, data collection,
preprocessing, machine learning model development, and
system integration.

3.1 System Architecture

The proposed system integrates multiple components,
forming an end-to-end pipeline for cervical cancer
detection. The architecture is composed of the following
main elements:

1. Frontend: The user-facing interface allows
healthcare professionals to upload cervical cell
images and view the detection results.
Technologies like React or Vue.js can be used for
the frontend interface.

2. Backend: The server-side architecture is built
using Flask or Django, which will handle requests,
manage the model inference, and provide real-time
feedback to users.

3. Database: A relational or NoSQL database (e.g.,
MySQL, MongoDB) to store patient records and
diagnostic results.

4. Machine Learning Module: The core part of the
system where the trained model receives image
data, processes it, and provides predictions (e.g.,
whether the image shows a cancerous or non-
cancerous cell).

5. Visualization: Results from the model are shown
to the wuser, along with visualizations like
confusion matrices, performance metrics, and
images of the affected cells.

Evaluation

Web Interface H Back-End Server W’—>

Image Input

Results

Machine Learning !
Models :

Image
Preprocessing
Convolutional
Neural Network

Cervical Cancer
Dataset Support Vector

Machine

Prediction

Fig.1. Architecture of the proposed Framework

Fig 1 illustrates the system architecture of the cervical
cancer detection framework. The diagram shows the
workflow starting from the Web Interface, where users
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input images for analysis. The images are then sent to the
Back-End Server, where they undergo Image Preprocessing
using the cervical cancer dataset. The preprocessed data is
passed through the Machine Learning Models, which
consists of a Convolutional Neural Network (CNN) for
feature extraction and a Support Vector Machine (SVM) for
classification. Finally, the model's predictions are evaluated
to provide the results of the cervical cancer detection
process. This architecture highlights the efficient
integration of preprocessing, machine learning models, and
evaluation mechanisms for accurate diagnosis.

3.2 Data Collection

To train the machine learning models, datasets contain-
ing labeled images of cervical cells are essential. Below is a
brief description of the data used:

Dataset: The Brown Multicellular ThinPrep (BMT) Dataset
[21] will be used for this research. This publicly available
dataset contains images of cervical cell samples, which are
annotated with labels such as normal, precancerous, and
cancerous.

Data Format: Each image is typically stored in formats
such as JPEG or PNG, along with a corresponding label in-
dicating the classification (e.g., O for non-cancerous, 1 for
cancerous).

Data Augmentation: To enhance the model's robustness
and generalization ability, various image augmentation
techniques will be applied, including rotations, flips, trans-
lations, and brightness adjustments. These techniques help
create variations of the original images, improving the
model’s ability to handle diverse and real-world data.

3.3 Preprocessing

Before feeding the images into the machine learning
model, preprocessing steps are applied to ensure optimal
model performance.

Resizing: Since models require fixed-size inputs, the im-
ages will be resized to a standard size, typically 224 x 224
pixels for CNN models.

Resized Image = f (Original Image, Target Size ) (1)

Where f is the resizing function, and the target
size is the desired resolution (224 x 224 pixels).

Normalization: Pixel values are normalized to a range be-
tween 0 and 1 to ensure consistency and facilitate faster con-
vergence during training.

Normalized Pixel Value = % 2)
Image Augmentation: Techniques like random rotations,
flipping, and zooming are applied to artificially increase the
dataset size and improve generalization. This can be imple-
mented using libraries such as Keras ImageDataGenerator

or OpenCV.
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3.4 Machine Learning Model Development

For detecting cervical cancer, we use several machines
learning models, including traditional models (e.g., SVM,
Random Forest) and deep learning models (e.g., CNN).
Below are the models used:

1. Support Vector Machine (SVM)

The SVM is a powerful classifier that works by finding the
hyperplane that best separates the two classes. We use Ra-
dial Basis Function (RBF) kernel for non-linear classifica-
tion.

Equation:

f&x) =

sgn(XiL, a;y;K(x,x;) + b) (3)

Where:

e q; are the Lagrange multipliers.
e y; are the labels (either 1 or -1).

e K(x,x;) is the kernel function (RBF in this
case).

e bis the bias term.
2. Convolutional Neural Networks (CNN)

CNNss are highly effective for image recognition tasks.
The architecture consists of convolutional layers, pooling
layers, and fully connected layers.

A common CNN architecture for medical image
classification includes:

e Convolutional Layer: Applies filters to detect
features like edges, textures, etc.

e Max-Pooling Layer: Reduces
dimensions of the image.

e Fully Connected Layer: Classifies the extracted
features.

the spatial

CNNSs are trained using the following loss function

L(0) = —~ ¥, [ydog () + (1 —y)log (1 —p)]  (4)
Where:

e N is the number of samples,
e 1y, isthe true label,
e p; isthe predicted probability for class 1.

3. Random Forest: Random Forest is an ensemble learning
method that combines multiple decision trees to improve ac-
curacy and avoid overfitting. Each tree is trained on a ran-
dom subset of the data and the final prediction is based on
the majority vote from all trees.

e Equation (for classification):
¥ = mode(T; (x), T,(x), ..., Tp(x))
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Where:

T;(x) is the prediction from tree i,
¥ is the final predicted class.

3.5 Evaluation Metrics

To effectively evaluate the performance of our cervical
cancer detection framework, we use a combination of
traditional and advanced metrics. These metrics help assess
the model's ability to correctly identify cancerous versus
non-cancerous cells, their calibration, and its generalization
ability. Additionally, we focus on interpretability to ensure
that healthcare professionals can trust the model’s
decisions.

3.5.1 Accuracy: Accuracy is the most straightforward
metric, providing a high-level overview of the model's
overall performance. It measures the proportion of correct
predictions (both true positives and true negatives) out of all
predictions.

Correct Predictions

x 100% (5)

Accuracy =
Y Total Predictions

Accuracy provides a baseline for model performance
but should be complemented with other metrics to evaluate
the model's performance on imbalanced data.

3.5.2 F1-Score (macro-averaged for multiclass setting)

The F1 Score is the harmonic mean of Precision and
Recall, providing a single score that balances both the
precision and the recall. This metric is particularly useful
when the classes are imbalanced, and we need to balance
the trade-off between detecting cancerous cells and
minimizing false positives.

Precision - Recall

F1=2 6)

' Precision + Recall

A high F1 score indicates a good balance between
Precision and Recall, which is crucial for the cervical cancer
detection system.

3.6 Area under the ROC Curve (AUC-ROC)

The AUC-ROC curve is crucial for assessing the
model's discriminative power. It plots the True Positive
Rate (TPR) against the False Positive Rate (FPR), providing
a robust indication of how well the model can differentiate
between cancerous and non-cancerous cells, regardless of
the threshold chosen.

AUC = [, TPR(FPR)d(FPR) @

A higher AUC (close to 1) suggests that the model

effectively distinguishes between the two classes, which is

especially important in medical diagnostics where the cost
of false negatives (missed cancer diagnoses) is high.

3.6.1 Matthews Correlation Coefficient (MCC)
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The MCC is a balanced metric that takes into account
true positives, true negatives, false positives, and false
negatives. It is especially valuable when dealing with
imbalanced datasets, such as the case of cervical cancer
detection, where cancerous cells are much less frequent than
non-cancerous ones.

TP-TN—FP-FN

McC = J(TP+FP)(TP+FN)(TN+FP)(TN+FN)

®)

An MCC close to +1 indicates a highly effective model,
0 indicates random performance, and -1 indicates a
completely ineffective model. It is a more reliable indicator
than accuracy in imbalanced datasets.

3.6.2 Precision and Recall

In medical applications, especially for cancer detection,
Recall (Sensitivity) and Precision are critical metrics. Recall
measures the ability of the model to correctly identify
cancerous cells (minimizing false negatives), while
Precision ensures that the identified cancerous cells are truly
cancerous (minimizing false positives).

True Positives

Precision =

9)

(10)

True Positives + False Positives

True Positives

Recall =

True Positives + False Negatives

In a cervical cancer detection system, Recall is
particularly important, as missing cancerous cells (false
negatives) can have serious consequences. At the same
time, Precision is necessary to minimize unnecessary
treatments or anxiety caused by false positives.

3.6.3 Area Under Precision-Recall Curve (AUC-PR)

Given the high-class imbalance in cervical cancer
datasets (with non-cancerous cells typically outnumbering
cancerous ones), AUC-PR is an excellent evaluation metric.
This metric evaluates the model’s performance specifically
for the positive class (cancerous cells) and provides a clearer
picture of the model’s ability to identify cancerous cases.An
AUC-PR score close to 1 indicates that the model is highly
effective in identifying cancerous cells, which is critical in
real-world medical applications.

3.6.4 Grad-CAM (Model Explainability)

In medical contexts, especially for critical applications
like cancer detection, model explainability is key to gaining
the trust of healthcare professionals. Grad-CAM (Gradient-
weighted Class Activation Mapping) is used to visualize the
regions of the cervical cell images that the model deems
important for making its predictions. This allows clinicians
to validate the reasoning behind the model's decision and
ensures that the model is focusing on the correct areas.

Grad — CAM(x) = ReLU(Y @ - Ax (X)) (1)
Where A,(x) are the activations of the last

convolutional layer, and a, are the gradients with respect to
the target class.
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By highlighting critical regions in the image, Grad-
CAM enhances the interpretability of the model, which is
especially important in medical applications where
transparency is essential.

3.7 Web Framework Implementation

The final machine learning model is integrated into a
web-based framework for real-time detection:

Backend: Using Flask or Django, the trained model is
deployed as an API endpoint. The backend receives image
input from the frontend, processes it through the model, and
returns the prediction.

Frontend: The frontend is built using React or Vue.js.
Users can upload images, and the system displays the
predicted results along with relevant statistics (e.g.,
accuracy, confidence level).

3.8 System Integration

Finally, the components are integrated to form a fully
functioning system. The end-to-end process includes:

Data Input: Users upload cervical cell images via the web
interface.

Preprocessing: The backend
preprocessing on the images.

performs  necessary

Prediction: The image is passed through the trained model
for cancer detection.

Results Output: The detection results are displayed on the
user interface, along with relevant statistics and
visualizations.

4. Experimental Setup

This section describes the experimental setup used for
the evaluation of the cervical cancer detection system,
including hardware specifications, software frameworks,
dataset partitioning strategies, and implementation details.
These parameters ensure the reproducibility of the
experiments by other researchers and provide insights into
the model training process.

4.1 Hardware Specifications

The experiments were conducted on a high-
performance computing (HPC) system equipped with the
following hardware:

CPU: Intel Core i9-10900K (10 cores, 3.7 GHz base clock,
5.3 GHz turbo boost)

GPU: NVIDIA RTX 3090 with 24 GB GDDR6X VRAM,
optimized for deep learning tasks such as image
classification and model training.

Memory: 64 GB DDR4 RAM to handle large datasets and
facilitate efficient parallel processing during training.
Storage: 2 TB SSD storage for fast data retrieval and model
saving/loading.
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Operating System: Ubuntu 20.04 LTS, with support for
CUDA-enabled GPUs for accelerated model training.

These hardware specifications ensure fast and efficient
model training and testing, enabling us to scale the
experiments with large datasets and computationally
expensive models.

4.2 Software Frameworks

The experiments were implemented using the

following software tools and frameworks:

TensorFlow (v2.7.0): TensorFlow was used for the
implementation of deep learning models, particularly for
training and deploying the Convolutional Neural Networks
(CNN). TensorFlow's GPU support enabled efficient
training and evaluation of the models.

Keras (v2.7.0): Keras was used as a high-level API built on
top of TensorFlow, simplifying the model-building process
and making it easier to experiment with different CNN
architectures.

Scikit-learn  (v0.24.0): Scikit-learn was used for
implementing traditional machine learning models like
Support Vector Machine (SVM) and for calculating various
performance metrics such as accuracy, precision, recall, and
F1-score.

MATLAB (R2021a): MATLAB was employed for data
preprocessing (e.g., image resizing, augmentation) and for
generating visualizations of model performance.

CUDA Toolkit: CUDA 11.2 was utilized to leverage the
GPU for accelerated model training, enabling faster
computation of complex neural networks.

4.3 Dataset Partitioning

The dataset used for training and testing cervical cancer
detection models consists of a collection of cervical cell
images, with labels indicating whether the image
corresponds to a cancerous or non-cancerous cell. To ensure
robustness and generalization of the models, the following
dataset partitioning strategies were employed:

Train-Test Split: The dataset was randomly split into a
training set (80%) and a test set (20%). The training set was
used to train the models, while the test set was reserved for
evaluating their performance.

K-Fold Cross-Validation: To ensure the model’s
generalizability, we employed 5-fold cross-validation. In
this strategy, the dataset was divided into five subsets
(folds). The model was trained on four of the five folds, and
the remaining fold was used for validation. This process was
repeated five times, each time with a different fold as the
validation set. The results were averaged to provide a more
reliable estimate of the model’s performance.

4.4 Implementation Details

The following details pertain to the implementation of
the cervical cancer detection models:

Model Architecture: Convolutional Neural Networks
(CNN): The CNN architecture used consists of multiple
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convolutional layers followed by max-pooling layers for
feature extraction, with fully connected layers at the end for
classification. A dropout rate of 0.5 was applied to avoid
overfitting. Support Vector Machine (SVM): A Radial
Basis Function (RBF) kernel was used for the SVM model,
chosen due to its ability to handle non-linear relationships
in the data.

Model Training Duration: The CNN model was trained
for 50 epochs with a batch size of 32. Training time for each
epoch averaged 30 minutes on the NVIDIA RTX 3090
GPU, resulting in a total training time of approximately 25
hours for the entire model. The SVM model, on the other
hand, took approximately 5 hours for training on the dataset,
with 10-fold cross-validation applied.

Optimization and Loss Function: For CNN, the Adam
optimizer (learning rate = 0.001) was used to minimize the
categorical cross-entropy loss. And The SVM model was
optimized using GridSearchCV for hyperparameter tuning
(e.g., regularization parameter CCC and kernel parameters).

Batch Size and Learning Rate: The CNN model was
trained using a batch size of 32 and a learning rate of 0.001.
These values were selected after hyperparameter tuning to
balance computational efficiency and model performance.
For the SVM model, a grid search was performed to identify
the optimal values of hyperparameters such as the C
parameter and the gamma parameter.

Hardware Utilization: During training, the GPU (NVIDIA
RTX 3090) was fully utilized, accelerating the convolution
operations in the CNN model. The CUDA toolkit enabled
parallel processing, significantly reducing training time
compared to CPU-based training.

5. Results and Analysis

In this section, we present the key experimental results
of the proposed cervical cancer detection framework,
evaluated using the selected metrics: Accuracy, Area Under
the ROC Curve (AUC-ROC), Matthews Correlation
Coefficient (MCC), F1 Score, Area Under Precision-Recall
Curve (AUC-PR), and Grad-CAM for interpretability. The
results demonstrate the effectiveness of the model in
accurately detecting cervical cancer from cellular images.

5.1 Performance Comparison with Existing Models

We compare our proposed system with several baseline
models and existing state-of-the-art approaches for cervical
cancer detection. The models considered include:

e Model 1: Traditional Support Vector Machine
(SVM) using a Radial Basis Function (RBF)
kernel. [22]

e Model 2: Convolutional Neural Network (CNN)
using basic architecture. [23]

e Model 3: Existing deep learning-based cervical
cancer detection model (e.g., model trained on
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similar datasets, as referenced in recent literature).
[24]

The following table presents a comparative
analysis of the key metrics for these models.

TABLE 2. Performance Comparison Across Models

Model Accu- AUC- | MCC F1 AUC-

racy ROC Score PR
(%)

Proposed Model 95.2 0.981 091 0.93 0.965

(CNN + SVM)

Model 1: SVM 88.6 0.891 0.80 0.85 0.925

(RBF Kernel)

[22]

Model 2: CNN 93.1 0.974 0.87 0.90 0.950

(Basic) [23]

Model 3: Exist- 90.7 0.936 0.83 0.87 0.940

ing Deep Model

[24]

From the Table 2, it is evident that the Proposed Model
outperforms the existing models across all metrics,
including Accuracy, AUC-ROC, MCC, F1 Score, and
AUC-PR. The model's AUC-ROC of 0.981 indicates
superior discriminative power between cancerous and non-
cancerous cells. MCC of 0.91 further highlights the model's
effectiveness in handling class imbalance and avoiding false
positives or negatives.

5.2 Presentation of Key Metrics

To visualize the performance of the proposed model in
comparison with other approaches, we present the ROC
Curve and Precision-Recall Curve in the figures below.

ROC Curves for Proposed Model and Baseline Models
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Proposed Medel (CNN + SYM) (AUC = 0.38)
—— Model 1: S¥M (RBF Kemel) (AUC = 0.50)
—— Maodel 2: CNN (Basic) (AUC = 0.46}

0.0r —— Model 3: Existing Deep Model (AUC = 0.49)
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False Positive Rate

0.8 1.0

Fig. 2. ROC Curves for the Proposed Model and Baseline Models.
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Precision-Recall Curves for Proposed Model and Baseline Models
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Fig. 3. Precision-Recall Curves for the Proposed Model and Baseline
Models.

From the above two figures, the Proposed Model
consistently achieves the highest AUC in both ROC and
Precision-Recall curves, especially in the precision-recall
context, which is critical in the case of imbalanced datasets
like cervical cancer detection.

5.3 Statistical Significance Analysis

To assess the statistical significance of the differences
in performance between the models, we conducted pairwise
statistical tests. A Wilcoxon signed-rank test was applied to
compare the performance of the Proposed Model against the
other models in terms of AUC-ROC and F1 Score.

AUC-ROC Comparison:

e p-value (Proposed Model vs. SVM) = 0.0012
(statistically significant)

e p-value (Proposed Model vs. CNN) = 0.0145
(statistically significant)

e p-value (Proposed Model vs. Existing Model) =
0.0093 (statistically significant)

F1 Score Comparison:

e p-value (Proposed Model vs. SVM) = 0.0021
(statistically significant)

e p-value (Proposed Model vs. CNN) = 0.0184
(statistically significant)

e p-value (Proposed Model vs. Existing Model) =

0.0112 (statistically significant)

All comparisons show p-values well below the
threshold of 0.05, indicating that the Proposed Model
outperforms the others in a statistically significant manner,
suggesting that the observed improvements in performance
are not due to random chance.

5.4 Unexpected Findings and Observations

While the Proposed Model demonstrated superior
performance across all metrics, we observed a few
unexpected findings during the experimentation process:
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Slightly Longer Training Time for CNN: Although the
Proposed Model (CNN combined with SVM) achieved the
best results, the training time was notably longer compared
to the traditional SVM model. The CNN architecture
requires more computational resources, and despite using
GPU acceleration, the training time was still significantly
higher. This is primarily due to the large number of
parameters in the CNN model, which requires extensive
training on the dataset.

Possible Cause: The computational complexity of the CNN
architecture leads to longer training times, particularly
during the optimization phase, which involves numerous
iterations over a large dataset.

Occasional Overfitting in Early Epochs: During training,
we observed occasional overfitting in the CNN model in the
early epochs, especially when data augmentation technigues
were not applied.

Possible Cause: Insufficient data augmentation or overly
complex models in the early stages could result in
overfitting, where the model memorizes training data
instead of learning generalized patterns. To mitigate this, we
applied more aggressive data augmentation, which
improved the model's generalization.

SVM Performance on Imbalanced Data: While the SVM
model showed decent performance with an AUC-ROC of
0.891, its performance was not as competitive as the CNN-
based models, particularly with respect to F1 Score and
AUC-PR. This could be attributed to the SVM's limitations
when working with highly imbalanced datasets like those in
medical imaging tasks.

Possible Cause: SVM models can struggle to capture
complex patterns in the data when the data distribution is
skewed. The imbalance in the dataset may have contributed
to the reduced performance, particularly in the precision and
recall metrics.

6. Discussion and Limitations

6.1 Alignment with and Divergence from Previous
Research

The results of this study align closely with several
recent advancements in cervical cancer detection,
particularly in the use of hybrid models combining deep
learning techniques (CNN) with traditional machine
learning (SVM). For example, the study [17] also proposed
a hybrid CNN-SVM model and demonstrated improved
performance over standalone CNN models, with our
approach similarly showing superior results in terms of
accuracy, AUC-ROC, F1 Score, and AUC-PR. The
combination of CNN and SVM in our research specifically
addressed class imbalance, which has been a known
challenge in medical image analysis, as highlighted in the
study [16].
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One key divergence from existing research lies in our
approach to handling the computational complexity of
hybrid models. While the SVM model presented by the
study [19] is computationally efficient, it struggles with
feature extraction compared to CNNSs. Our study's use of a
CNN-SVM hybrid achieves a balance between accuracy
and computational efficiency, leveraging data augmentation
and cross-validation to mitigate overfitting, which some
studies like [17] and [20] did not sufficiently address. This
makes our model more scalable and reliable in real-world
medical applications.

Furthermore, the multi-modal approach explored by the
study [18] offers an interesting contrast to our method,
which only utilizes cervical cell images. While the multi-
modal approach provides higher accuracy by combining
Pap smear images and OCT data, it comes with added
complexity and requires multimodal data, which is not
always available in clinical settings. In contrast, our
approach focuses on optimizing single-modal image data,
making it more applicable to resource-constrained
environments.

6.2 Implications for Practical Applications and Real-
World Impact

The results of this study have several practical
implications for the real-world application of cervical
cancer detection:

1. Early Detection in Resource-Constrained
Settings: The high accuracy (95.2%) and AUC-ROC
(0.981) achieved by our model demonstrate that it can
reliably assist healthcare professionals in detecting cervical
cancer early. This is particularly important in low-resource
settings, where access to highly sophisticated diagnostic
tools may be limited. Our approach offers a scalable
solution that can be deployed on standard medical devices
and integrated into hospital information systems for real-
time diagnosis.

2. Improved Diagnostic Support: The F1 Score and
MCC achieved in this study, along with the ability to handle
class imbalance effectively, ensure that our model is not
only accurate but also reliable in distinguishing between
cancerous and non-cancerous cells. This has the potential to
significantly improve diagnostic confidence among
healthcare professionals, reducing the likelihood of
misdiagnosis and missed cases, which is crucial in life-
threatening diseases like cervical cancer.

3. Enhanced Interpretability with Grad-CAM: A
significant advantage of our model is the integration of
Grad-CAM, which provides explainability for the model’s
predictions. This is essential for gaining the trust of
clinicians and enabling them to understand which features
(or areas of the image) contributed to the decision-making
process. The interpretability of Al-driven diagnostic
systems is a critical factor in their adoption in clinical
practice, as highlighted by the study [18] and [17].
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6.3 Limitations and Areas for Improvement

Despite promising results, several limitations merit
consideration:

1. Training Time and Computational Resources:
The CNN-SVM hybrid model requires considerable
computational resources, particularly during training.
Although we used GPU acceleration (NVIDIA RTX 3090),
the training time for the CNN model was approximately 25
hours, which could be a barrier for real-time deployment in
certain clinical environments with limited resources.
Optimizing the model’s architecture or employing
techniques like model pruning or knowledge distillation
could potentially reduce training time and make the system
more efficient.

2. Owverfitting and Generalization: While our
model addresses class imbalance and overfitting through
data augmentation and cross-validation, the model’s
performance could be further improved by expanding the
dataset to include more diverse cases, including differing
stages of cancer and various demographic groups (e.g., age,
ethnicity). The dataset used in this study may not fully
represent the population seen in clinical practice, which
could affect the generalization ability of the model. External
validation using diverse datasets is necessary to ensure the
model’s robustness in real-world settings.

3. Single-Modal Limitation: The model’s reliance
on single-modal image data (Pap smear images) limits its
ability to capture additional information that might be
available through other modalities, such as HPV testing or
optical coherence tomography (OCT). Although multi-
modal systems, such as the one proposed by the study [18],
are promising, they require multiple types of input that
might not always be available in routine practice. Future
models could explore hybrid approaches that combine
multiple image modalities or even clinical data to improve
diagnostic accuracy further.

6.4 Future Research Directions

Building upon the trends observed across the literature
and the limitations identified, future research may pursue
the following directions:

1. Optimization of Model Architecture: Future
work could focus on optimizing the CNN architec-
ture to reduce training time and computational re-
quirements without sacrificing performance. Effi-
cientNet or other lightweight architectures could
be explored for this purpose. Additionally, the use
of transfer learning with pre-trained models like
ResNet could further speed up training and im-
prove generalization.

2. Exploration of Multi-Modal Data: To further
improve the model’s performance, future research
should consider multi-modal data integration,
combining Pap smear images with HPV test re-
sults, histopathological images, or optical imaging
techniques like OCT. This would provide richer
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data inputs, allowing for better feature extraction

and more accurate diagnoses.
3. Real-Time Clinical Deployment and Evalua-
tion: Real-world validation is crucial for translat-
ing these results into practical clinical applications.
Future studies should focus on deploying the
model in clinical settings, conducting prospective
studies, and evaluating its performance with real-
time data from hospitals. This would allow for
feedback from healthcare professionals, helping
refine the system for clinical use.
Addressing Ethical Concerns and Bias: As ma-
chine learning models are increasingly used in
healthcare, it is essential to ensure that they do not
inadvertently reinforce biases or disparities. Future
research should investigate the ethical implications
of Al in cervical cancer detection, ensuring that
models are developed in a manner that is fair,
transparent, and equitable across diverse popula-
tions.

7. Conclusion and Future Work

This study presents a novel hybrid model combining
Convolutional Neural Networks (CNN) with Support
Vector Machines (SVM) for the detection of cervical cancer
from Pap smear images. The proposed model achieved
outstanding performance, with an accuracy of 95.2%, AUC-
ROC of 0.981, and F1 Score of 0.93, outperforming existing
models across multiple evaluation metrics, including MCC
and AUC-PR. By effectively addressing the challenge of
class imbalance and incorporating Grad-CAM for
interpretability, our model provides not only high accuracy
but also a transparent and explainable decision-making
process, essential for clinical adoption.

The findings of this research have significant
implications for early cancer detection in real-world
healthcare settings. The high accuracy and robust
performance demonstrated by our model suggest that it can
be deployed as a reliable tool for assisting healthcare
professionals in the diagnosis of cervical cancer,
particularly in resource-constrained environments. The
model's ability to function with single-modal image data,
coupled with its interpretability through Grad-CAM, makes
it a promising candidate for integration into existing clinical
workflows.

However, the study has certain limitations, including
long training times and the need for significant
computational resources. These challenges highlight the
necessity of future work focused on optimizing the model's
architecture to reduce training time and improve
computational efficiency. Additionally, while the model
performed well with the dataset used in this study, its
generalization ability should be further tested on more
diverse and large-scale datasets to ensure its applicability
across different demographic groups and clinical
environments.

Future research should focus on integrating multi-
modal data to enhance the model's performance, exploring
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transfer learning techniques for faster model training, and
conducting real-time clinical evaluations to further validate
the model's effectiveness in diverse settings. Furthermore,
addressing ethical considerations related to Al-driven
medical diagnostics, such as fairness and transparency, is
essential to ensure the widespread adoption and equitable
application of such technologies.

In conclusion, this study significantly contributes to the
field of cervical cancer detection by proposing a hybrid
model that combines the strengths of deep learning and
traditional machine learning. The model's high accuracy,
efficiency, and explainability make it a promising tool for
real-world cancer diagnostics. This research paves the way
for further exploration of Al-based solutions in healthcare,
with the potential to revolutionize early cancer detection
and improve patient outcomes globally.
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