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Abstract

This study develops a machine learning-based predictive model for cervical cancer detection using a dataset of 835
patient records encompassing 36 clinical and demographic features. A systematic methodology was employed,
including mean imputation for missing data, StandardScaler for feature normalisation, and the Synthetic Minority
Oversampling Technique (SMOTE) to address class imbalance. Multiple algorithms, Decision Tree, Random Forest,
XGBoost, Support Vector Machine, Logistic Regression, and K-Nearest Neighbours, were trained and evaluated
using an 80/20 train-test split. The results confirm the feasibility of using ensemble-based models as reliable clinical

decision-support tools for early cancer screening.
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1. Introduction

Cervical cancer is one of the leading causes of cancer in
women across the world as the fourth most prevalent
cancer. In that same year, there were some 660,000 new
cases diagnosed and about 350,000 deaths attributed to the
disease. Especially in low- and middle-income countries,
where 94% of all of the cervical cancer deaths occur
because cervical cancer does not have the preventive
measures nor services available to it to help. Early
detection through good methods of screening is a key to
improving the survival rate and the treatment outcomes.
However, traditional screening methods work well but are
limited by any of the following: accessibility, cost, or need
of skilled personnel [1].

Although many screening methods are available, the
current strategies of cervical cancer detection are burdened
by considerable obstacles including lack of accessibility
and different accuracies and unavailable resources.
Machine learning techniques have great promises with
regard for increasing accuracy and gains in efficiency for
predicting cervical cancer. Nevertheless, creating good
predictive models while also solving a few key problems
is needed, such as helping imbalanced datasets and dealing
with missing data while always keeping models reliable for

different patient populations [2]. The goal of this project is
to create and validate a machine learning based method to
predict cervical cancer using a full dataset of patient
records, to address such problems while achieving high
prediction accuracy.

The project is based on the data sample containing
Hinselmann, Schiller, Citology, Biopsy test results in
addition to patients’ risk scores and personal histories.
Thus, the proposed approach covers all the needs of
cervical cancer prediction and addresses the challenges of
the medical data analysis, which helps to increase the
reliability and practicability of the model [3].

2. Literature Review

2.1. Machine Learning in Medical Diagnosis

Machine learning has been applied in medical diagnosis
in a very effective way, as data resulting from clinical and
diagnostic procedures are often multi-dimensional and
challenging to analyze. The concept of applying machine
learning in diagnosis of medical conditions is founded on
the fact that correlations and patterns in large amounts of
data volume are not easily discoverable by the medical
professionals [4]. Another valuable characteristic of ML
algorithms in the cancer detection context is that it can
handle several patient variables, risk factors, as well as
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examination outcomes [5]. Medical ML literature stresses
rigorous preprocessing, imputation, scaling, and class-
imbalance correction (e.g., SMOTE) to build reliable
classifiers [6]. Ensemble and hybrid soft-computing
techniques (ANFIS, genetic-rule systems) and survival-
analysis studies illustrate improved sensitivity for rare
positive classes [7]. Data-repository/meta-model practices
and reproducible pipelines support clinical translation.
Hyperparameter optimisation and ensemble fusion
strategies from recommender and optimisation research
offer practical guidance for maximizing clinical-grade
performance [8], [9], [10].

2.2.  Current Cervical Cancer Screening Methods

Contemporary cervical cancer screening employs
multiple complementary approaches, each with specific
strengths and limitations. It is most preferred by the World
Health Organization (WHO) as the first-line screening
modality, and it is done every five years for women
between 30 and 65 years [11]. Traditional screening
methods include:

* Pap test (cytology): Examines cellular changes

* HPV testing: Detects high-risk virus types

* Visual Inspection with Acetic Acid (VIA): Used in
resource-limited settings

* Colposcopy: Detailed cervical examination

These approaches are used together to improve the result
of the detection; however, the choice of the method
depends on the age, risk factors, and number of available
resources. These screening approaches offer a one package
approach in detection and prevention of cervical cancer.

2.3.  Artificial Intelligence in Cancer Prediction

During the last years, several systems for cancer
prediction using Al have been proposed, which are based
on deep learning, especially CNN since they are powerful
tools particularly in medical image analysis. The
theoretical framework for Al in cancer prediction
encompasses:

» Diagnosis: as a result, Al will be able to identify new
patterns in medical records that show early signs of
potential cancer.

e Multiple modality data: Regarding imaging data,
genomic and clinical data.

» Diagnostic Tests: Creation of diagnostic indicators that
will give accurate descriptions of risk factors and
trends for cancer.

* Evidence-Based Medicine: Healthcare systems that are
used to help clinicians in reaching diagnosis.

It continues to put emphasis on interpretability and
validation for models so that the predictions made by the
Al are reliable and reasonable for medical use. This growth
can be explained by the fact that even now such models
reach validation accuracy of 99.94% of multi-cancer image
classification and therefore have the potential to increase
the diagnostic accuracy [12].

High-Accuracy Machine Learning

3. Methodology

This study employed cervical cancer datasets with
medical examinations results as well as the patient
information in the study. Regionally, cervical cancer
screening was conducted using various diagnostic
approaches and patients’ history data collection procedures
in line with medical practice. The collection of the data
complied with practices in acquiring medical data as
recommended by major health organizations such as
USPSTF on cervical cancer screening [13]. The data was
formatted in a CSV format so that there is ease of analysis
in the appropriate analysis tool being used here.

It includes a total of 835 patients merged into 36
variables, which can be categorized as demographic,
behavioral, and clinical features. The key variables
include:

Demographic Information:

+ Age (range: 13-84 years)

+ Lifestyle factors: Sexual behaviour (number of sexual
partners and age of onset of sexual activity).

*  Number of pregnancies

Clinical Variables:

* Smoking history and intensity

» Contraceptive use (hormonal and IUD)

« STD history and diagnoses

* Hinselmann examination, Schiller test, Cytology,
Biopsy examination.

There are missing values and imbalance in number of
cases with regard to the target variable Biopsy results; 624
negative samples and 44 positive samples which is
relatively accurate to clinical research findings [ 14].

4. Model Development

The model development framework employed a
systematic pipeline integrating data preprocessing,
algorithm selection, and hyperparameter optimization as
shown in (Figure 1). Six machine learning algorithms were
implemented: Decision Tree, Random Forest, XGBoost,
Support Vector Classifier (SVC), Logistic Regression, and
K-Nearest Neighbors (KNN). These algorithms were
selected based on their proven effectiveness in medical
classification tasks and ability to handle high-dimensional,
imbalanced datasets.

Following the architecture shown in (Figure 2), the
training pipeline began with data splitting (80% training,
20% testing), followed by SMOTE application to balance
the training set from 624:44 to 624:624 ratio. Feature
standardization using StandardScaler ensured all 35
predictor variables were normalized to zero mean and unit
variance. XGBoost was configured with specific
hyperparameters: learning rate of 0.1, maximum depth of
50, and 100 estimators, while other models utilized default
parameters optimized through 5-fold stratified cross-
validation.
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Figure 1 System Architecture Overview.

Figure 2 Model Training and Evaluation Pipeline.

5. Results

The model evaluation revealed varying performance
levels across algorithms (Table 1). Tree-based models such
as Decision Tree, Random Forest, and XGBoost, achieved
the highest accuracy of 97.59%, followed by SVC
(96.39%), and Logistic Regression and KNN (95.18%).

Table 1 Model Performance Comparison.

Model Accuracy | Precision | Recall | F1-
Score

Decision 97.59% 75% 99% 83%

Tree

Random 97.59% 75% 99% 83%

Forest

XGBoost 97.59% 75% 99% 83%

SvcC 96.39% 70% 98% 78%

Logistic 95.18% 67% 98% 74%

Regression

KNN 95.18% 67% 98% 74%

Confusion matrix analysis for top-performing models
revealed 79 true negatives, 2 true positives, 2 false
positives, and zero false negatives. The perfect recall
(100%) for positive cases across all models is particularly
significant for medical screening, ensuring no cancer cases
were missed. However, precision for positive class
detection ranged from 33-50%, indicating room for
improvement in reducing false positives.

Feature importance analysis identified Schiller test results
(correlation: 0.729) as the most predictive feature,
followed by Hinselmann test (0.552) and Citology results
(0.313). The successful implementation of SMOTE
effectively  addressed  class  imbalance,  while
comprehensive preprocessing ensured data quality and
model reliability. These results demonstrate strong
potential for clinical application, particularly in resource-
limited settings requiring automated preliminary screening.

6. Conclusion

The research was able to build and assess various
machine learning models for the purpose of cervical cancer
prediction where the highest accuracy models where the
decision tree, the random forest and XGBoost models
shown to have an accuracy of 97.59%. The records of 835
patients were examined thus showing odd ratios between
such cervical cancer risk factors as HPV diagnosis and
history of STD. The use of SMOTE helps balance the
classes and enhance the performance of the model as for
all the evaluated metrics. The specificity or ability to
correctly identify those who are negative cases was 100%,
and the remaining 50% were able to correctly identify
positive cases as well demonstrating a high sensitivity or
ability to recall such cases [15], [16].

These developed models have significant cues for
clinical application in cervical cancer screening. As seen
with the high accuracy and perfect recall for the positive
cases, the system seems to present potential for realization
and might be of great help as a screening tool in a way that
could lessen the load of those healthcare facilities. Such a
characteristic of models’ high sensitivity and low false-
negative value is closely related to the priorities set for
cancer screening in clinical practice. The multiple risk
factors and diagnostics tests make the evaluation of a
patient more informative when making decisions
depending on the patient’s condition.
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