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ABSTRACT: Cervical cancer is a most important
global health issue that affects a large number of
women each year. It is one of the main causes of
death in women around the world. Detecting
cervical cancer earlier and accurately predicting
the risk can greatly increase the chances of
successful treatment and help save lives. This
study aims to create a classification model using
data mining techniques to identify people who are
at high risk of developing cervical cancer. This
enables timely medical action and treatment. The
study uses data mining algorithms to determine
which patients are at high risk of cervical cancer
and whether they need a biopsy. After applying
data preprocessing methods, several classification
algorithms such as Naive Bayes (NB), Instance-
Based learner with parameter k (IBK), AdaBoost1,
Random Forest (RF) and J48 were trained and
tested. The performance of these models was
evaluated using various classification measures
like precision, recall and F-Measure. Among all
the models, Random Forest showed the highest
accuracy of 98.75% and it outperforms other
algorithms.
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1. INTRODUCTION:

Cervical cancer is commonly occurring cancer in
women in recent days. It is causing approximately
280000 deaths every year and nearly 1 million
women are suffering and living with cervical
cancer. Nearly 85% of women suffering from
cervical cancer is from under developing countries.
Here are some countries which have the highest
rate of cervical cancer such as Swaziland, Malawi,
Zambia and Zimbabwe etc [1]. It is proved that if
the cervical cancer is predicted in the early stage, it
can be treated and cured. Cervical Cancer intrudes
the deep tissues of the cervix and it has the ability
to spread to other parts of the body such as the
lungs, liver and vagina. This disease often
progresses silently without any distinct symptoms
at the early stage [2]. Since it does not show any
early indicator, it can be diagnosed at the later stage
which leads to increase in the treatment complexity.

The study highlights the potential of data mining
algorithms in identifying risks involved in cervical
cancer detection. It suggests that advanced data
mining techniques can be valuable tools in
healthcare research and clinical applications. These
methods simplify the identification of complex data
patterns and it enables the extraction of hidden
information and outcome prediction and thereby
maximizing the value of the data. Various risk
factors, patient data and Human Papilloma Virus
(HPV) infection status are analyzed and these
algorithms can provide risk assessments that help
healthcare providers identify individuals at a higher
risk of developing cervical cancer. Moreover, data
mining techniques helps in increasing the accuracy
of HPV risk assessments by considering multiple
parameters and historical data [3].

This paper will provide an insight on the best
classifier among NB, IBK, AdaBoost1, RF, J48 for
classifying risk factor for cervical cancer. Section2
provides a literature review of works related to the
predicting risks of cervical cancer using data
mining techniques. Section 3 presents the
classification methodology used to perform the data
mining task along with the dataset. Section 4
provides the evaluation metrics and finally section
5 provides the conclusion.

LITERATURE REVIEW:

Cervical cancer remains a major public health issue
and recognizing behavioral risk factors at an early
stage can play a key role in lowering the number of
cases and deaths from the disease. This section
focuses on identifying cervical cancer through
various risk factors and provides a general
summary and in-depth review of the current
research in this area.

With advancements in machine learning and web
development, there is a growing interest in utilizing
these technologies to improve cervical cancer
prediction and visualization. Caruana and
Niculescu conducted several studies that have
shown the importance of ML algorithms in
accurately predicting cervical cancer outcomes by
leveraging various features such as demographic
information, medical history and biomarkers to
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train predictive models [4]. Various ML techniques,
model evaluation and web development were
employed to create a predictive model for cervical
cancer. By applying advanced algorithms and
providing an accessible platform, their research
contributed to the early detection and prevention
efforts which finally enhances awareness on
cervical cancer and it assists in healthcare decision-
making processes.

In2022, Naif and Abdulwahab proposed a machine
learning-based model where the training data is
initially provided to the system at the start of the
model training process. Then machine learning
algorithms are implemented on both the model
input data and new input data and the scheme is
made to properly train the architecture. Then
predictions are made based on the newly
accumulated data [5]. Various conventional
machine learning principles and several traditional
machine learning algorithms including Decision
Tree (DT), Logistic Regression (LR), Support
Vector Machine (SVM) and K-Nearest Neighbors
(KNN) are used. For cervical cancer prediction, the
highest classification score was achieved using the
Random Forest (RF), Decision Tree (DT), Adaptive
Boosting and Gradient Boosting algorithms. In
contrast, the Support Vector Machine (SVM)
achieved less accuracy than RF.

In 2025, Priyansh et al., discussed that cervical
cancer accounts for 7.9% of cancers in women
globally. It is a critical health challenge particularly
due to its asymptomatic nature in early stages. They
proposed a ML driven framework to predict
cervical cancer risk using clinical data and address
the class imbalance through SMOTE and
optimizing model performance via GridSearchCV.
By evaluating five classifiers—KNN, RF, LR, DT
and Support \ector Classifier—this research
identifies the DT model as the most robust,
achieving superior precision, recall and accuracy
metrics [7]. The data mining techniques are applied
for enhancing early detection and personalized
treatment strategies for cervical cancer.

In 2025, Sanjiv and Meenakshi sundaram
suggested that cervical cancer remains a major
public health problem and it needs accurate and
interpretable risk prediction tools for diagnosis at
an earlier stage. This study proposes a robust
framework using an optimized Random Forest
classifier for cervical cancer risk prediction,
combined with Local Interpretable Model-agnostic
Explanations (LIME). The RF model is optimized
using key hyper parameters to enhance predictive
accuracy. LIME provides local explanations,
visualizing feature contributions for individual
predictions, while global feature importance
identifies the most influential risk factors [8]. The

proposed framework achieves high accuracy and it
shows a transparent decision-making and also
enhances trust among medical professionals.

3. METHODOLOGY:
a. Dataset

The dataset is taken from UCI Machine Learning
Repository[13]. The dataset focuses on risk factors
associated with cervical cancer. The dataset
contains a total of 858 patient records,
encompassing 36 key features extracted from
various demographic features, clinical data,
lifestyle factors such as Age, Num_of pregnancies,
Smokes_years, IUD,STDs, STDs_HIV,
STDs_Hepatitis_B, etc. Each entry represents an
individual with specific data points. The features
cover demographic information, habits and historic
medical records. Among the total data, 800 records
are taken for training and 58 records are taken for
testing.

Age  [Numberof Firstsexual Numof Smokes Smokes Smokes  Hormonal Hormonal o
))))) | Intercourse  pregnancies (years)  (packs/year) Contraceptives Contraceptives
partners (years)

3
wo oo

°

34 34 0

°

15? 1 1.266973 28
2% 4 0 0 0
17 3 (] 0 0
u 6 0 0 0

Sw~voonmoobh

Fig.1 Dataset: risk_factors_cervical_cancer.csv
b.Algorithms

The previous work on literature review has showed
several prominent algorithms for cervical cancer
risk classification. This study intends to use five
classification algorithms in data mining that are
provide a comparative analysis using the provided
dataset. The following classification algorithms are
used for classification, Naive Bayes, IBK,
AdaBoost1l, Random Forest, J48.

Dataset:

Risk factors cervicsl [5]  (Handling Missing |3 | Meive Bayes IBK
Cancer.sv Values)

"
)

Performance Evaluation Metrics (accuracy,
precision, recall and F-Measure)

Fig.2 Workflow of the Classification Process
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Naive Bayes Algorithm (NB) :

NB is a supervised machine learning algorithm
which is based on Bayes’ theorem. It is referred to
as “naive” because it undertakes that all features in
the dataset are independent of each other. The key
idea behind this algorithm is that it calculates the
probability that a data point belongs to a particular
class based on prior knowledge (prior
probability)and the likelihood of observing its
features [14]. It is a graphical model based on
Bayesian concept that has nodes corresponding to
each of the columns or features. The Naive Bayes
classifier is a simple and powerful algorithm for
solving classification problems. Though it works
under the assumption of feature independence, it
performs remarkably well for tasks like spam
filtering, sentiment analysis and document
classification. The algorithm is very effective with
high dimensional data and works well even with
small datasets.

IBK:

Instance Based K algorithm is able to standardize
the range of features, incremental occurrence of
processes (learned knowledge) and rules for
inclusion of missing values. It uses distance metric
that is similar to KNN but the search method
applied is different from KNN [9]. The memory
about training samples is effective in classification
of new sample sand the algorithm uses distance
metrics to predict new classes thereby reducing the
training curve. It however maintains a large storage
space for memorizing training cases that incurs
high computational costs.

AdaBoost1:

AdaBoost is a powerful ensemble learning method
that makes effective use of a small number of
training examples by adjusting the importance of
each example during the learning process. It is
widely used for classification tasks. In the training
process, the weight assigned to each sample is
increased if the sample is classified incorrectly and
decreased if it is classified correctly. This
adjustment helps focus more on the examples that
are difficult to classify. The algorithm continues to
train new models based on these updated weights
[10]. The goal is to improve the performance of
subsequent models by minimizing their errors,
ultimately leading to higher accuracy.

Random Forest Algorithm (RF):

RF is an ensemble supervised ML technique.
Random Forest has tremendous potential of
becoming a popular technique for future classifiers
because its performance has been found to be
comparable with ensemble techniques bagging and

boosting. These ensemble methods aim at
improving the classification accuracy by
aggregating the predictions from multiple
classifiers. RF algorithm uses two methods ie) Sub-
sampling the examples/cases as in bagging and
Sub-sampling the features known as feature
selection [11]. These strategies are used in Random
Forest to perform randomization and achieve
diversity. There will be no pruning in the base
decision trees which ensures diversity among them.

J48:

For classification and reduced error pruning this
algorithm uses a greedy technique to induce DT. It
is an ID3 extension. J48 calculates the result value
of the new sample using predictive models and is
based on various attribute values of available data
[12]. The different properties are represented by the
internal nodes of the decision tree, the branches
between nodes indicate the possible values where
attributes are included in the observed sample and
the final value of the dependent variable is
indicated in the terminal node.

4. PERFORMANCE ANALYSIS:

Dataset of 858 instances are taken for this
comparative study and they are evaluated in terms
of training and test dataset. The dataset is
considered to have different details for each
instance such as age, IUDs, STDs, other parameters
that are needed to find out whether the patient has
the risk of cervical cancer and they finally classify
them as whether the patient needs to take biopsy or
not. Various classification algorithms such as NB,
IBK, AdaBoost, RF, J48 are taken and their
performances are evaluated. The following table
shows the total number of correctly classified and
incorrectly classified instances among the training
data and test data.

Tablel: Classification results of training and test
data

Number Of Correctly Number Of Incorrectly

Ni r 3
Total Number Of Instances Classified Instances Classified Instances

Algorithm
Training Data | Test Data | Training Data | Test Data | Training Data| Test Data

Naive

800 58 720 52 80 6
Bayes

BX 800 58 76 3 1
AdaBoost 800 58 761 55 » 3
Random 800 8 800 0 1

Forest

J48 800 58 781 55 19

From the above table, it is evident that among the
five classification algorithms, RF performs the
classification with more accuracy.
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The following fig.3 and fig.4 shows the number of
correctly classified and incorrectly classified
instances in the training data and test data.
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Fig.4. Classification of Test Data

Various evaluation metrics are used to assess the
performance of the algorithms. The Kappa value
indicates how effectively the classifier performed.
The Mean Absolute Error (MAE) represents the
average of the absolute differences between the
predicted probabilities and the actual outcomes.
The Root Mean Squared Error (RMSE) is similar to
MAE, but it gives more weight to larger errors. The
Relative Absolute Error (RAE) shows how much
error the model produces compared to a simple
baseline model, which always predicts the mean of
the actual values. The Root Relative Squared Error
(RRSE) is like RAE, but it is calculated using
squared errors. Among the various evaluation
metrics such as Kappa statistic, MAE, RMSE,
RAE, and RRSE, the RF algorithm demonstrates
the highest level of accuracy in classification.

Table 2. Evaluation Metrics of different
parameters

. Root Mean Squared Relative Absolute | Roor Relative Squared
Kappa Statistic | Mean Absolute Error oot Rean Squar claime ABsolue | Roor e nive Squar

Trror Error Error
. Training Training Training Training Training
Test Data Test Data Test Data Test Data Test Data
Data Data Data Data Data
Naie 04438 | 03246 | 01021 | 00948 [ 02006 | 02886 | 4843 | TIONTT | 1107737 | 1138308
Baves
BX 09363 | 06306 | 00062 [ 00336 | 00706 | 01835 | 31595 | 283468 | 289113 | TAI8N
daBoost| 03038 | 0383 00331 | 00434 | 01719 0163 [ 44157 [ 347725 [ 703336 | 63.0004
Randon 1 08482 0024 004 0.06%9 01479 | 198414 | 332308 | 286113 | 383645
Forest
18 08028 [ 038 00412 | 00834 | 00427 02244 | 342347 | 307632 | 383923 | 883367

The following table shows other performance
evaluation factors such as precision, recall, F-
measure, MCC, ROC Area and PRC Area. These
values predict the quality and reliability of the
classifier’s predictions. Precision predicts how
trustworthy the positive predictions are. Recall
(Sensitivity) predicts how many actual positives the
model can find. F-Measure predicts the balance
between Precision and Recall. MCC value predicts
the overall reliability of your classifier, considering
all outcomes.

Table 3. Performance Evaluation Factors of
different Algorithms

Precision Reaall FMeasure Mce ROC Area PRC Area

S Teaining | Test | Training| Test | Training | Test | Training | Test | Training | Test | Training [ Test
Dats |Data| Data |Dataf Dats |Data| Data fData| Data | Data | Datn | Data

0943 | 0939 09 | 0807 0916 | 0816 | 0484 [03%6| 0927 | 0881 | 086+ | 0986

Nafie
Baves

IBE | 0997 [0967( 0893 | 0968 0995 | 096 | 0857 [08%4| 0962 | 073 | 0891 | 095

AdaBoost | 0943 | 0531| 0931 [0S45| 0846 [0933] 0320 |0487) 0979 1 09m 1

Rubm | oy o] 1 o] o0 fos| 0 s | o1 | ow
Forest

J48 | 0976 | 0831) 0976 | 0%48) 0976 (0833 0803 |0487) 0823 | 03 | 0915 | 083

The following table shows the combined accuracy;,
precision, recall and F-Measure values of both
training and test data. Among the five algorithms,
RF shows the highest accuracy value. The
precision, recall and F-Measure values are also
better in RF than other four algorithms.

Table 4. Performance Evaluation Metrics

Algorithms Ac:curnc}' Pr-ecisiun l-lecnl.l F—l-Iensure
(in%) | (in%) |(in%)| (in%)
Naive Bayes 3003 0.944 0.9 0.916
IBK 993 0.993 0.993 0.994
AdaBoost 9511 0.946 0.95 0.945
Random Forest | 99.88 0.999 0.999 0.999
TJ48 9744 0.908 0.974 0.987

The following figures shows the accuracy,
precision, recall and F-measure values of different
algorithms and here, RF provides better values for
all the performance metrics.
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Fig.4.Classification of Test Data
5. CONCLUSION

Data Mining is a broad area that aims to solve
many real world problems, especially in medical
field. Classification could be a data processing
technique supported ML which is employed to
classify each item in a set of data into a group of
predefined categories or teams. It encompasses a
wide range of algorithms that solves variety of
problems. These algorithms work by exploring the
labeled training data to learn patterns and predict
the category for new, unseen data points. In this
work, five different classification algorithms have
been used to predict whether a patient has a risk of
cervical cancer and whether they are in need to take
biopsy. Among the five different methods, RF
proves to be more efficient in terms of
classification.
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