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Abstract: Cervical cancer is a significant public health concern worldwide, necessitating early risk prediction
through Machine Learning (ML). This study employs eleven ML algorithms on a UCI ML repository dataset to
forecast risks. Initial results show Multi-Layer Perceptron (MLP) achieving 93.33% accuracy with default settings.
Further, hyperparameter tuning via Grid Search Cross Validation (GSCV) validates comparable performance
across K-Nearest Neighbours (KNN), Decision Tree Classifier (DTC), Support Vector Machine (SVM), Random
Forest Classifier (RFC), and MLP, all achieving 93.33% accuracy. This study underscores ML's potential in early
cervical cancer risk assessment, benefiting healthcare professionals and at-risk individuals through enhanced

predictive capabilities[1].

L. Introduction
Cervical cancer is a significant global health issue impacting women worldwide, especially in developing nations
where it remains a leading cause of mortality according to WHO [1]. In 2012, it accounted for 445,000 new cases,
highlighting its pervasive nature [2]. Early detection through methods like the pap smear has proven effective, yet
challenges such as limited access to healthcare facilities and variability in diagnostic accuracy persist [3, 4]. Human
Papilloma Virus (HPV), a primary risk factor, underscores the importance of lifestyle and prevention strategies

[5,6].

This study employs eleven supervised ML algorithms—Decision Tree Classifier (DTC), Multi-Layer Perceptron
(MLP), Random Forest Classifier (RFC), K-Nearest Neighbors (KNN), Support Vector Machine (SVM), CatBoost
(CatB), Gaussian Naive Bayes (GNB), Gradient Boosting Classifier (GradB), AdaBoost (AdaB), XG Boost (XGB),
and XG Boost with Random Forest (XGBRF)—on a UCI ML repository dataset. Initial results show MLP achieving
93.33% accuracy, subsequently validated through Grid Search Cross Validation (GSCV) across all models.

By leveraging ML's capabilities to analyze complex datasets, this research aims to enhance early prediction and

intervention strategies for cervical cancer. Such advancements could revolutionize healthcare by improving

screening efficiency and outcomes, ultimately reducing the global burden of cervical cancer [7,8].
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II. Literature Survey

1. Automated Cervical Cancer Screening Using Machine Learning Techniques:

Various studies have explored the application of machine learning for automated cervical cancer screening.
Techniques such as support vector machines (SVM), artificial neural networks (ANN), and decision trees have been
investigated for their efficacy in predicting cervical cancer risks from clinical data and imaging results [Sobar et al.,
2021; Kashyap et al., 2019].
2.Integration of HPV Data:

Human Papilloma Virus (HPV) infection is a major risk factor for cervical cancer. Research has focused on
integrating HPV genomic data with machine learning algorithms to improve predictive models. This approach aims
to enhance accuracy by considering genetic markers associated with HPV strains and their oncogenic potential

[Njoroge et al., 2018; Fazal et al., 2020].
3.Comparison of ML Algorithms:

Studies have compared the performance of different machine learning algorithms in cervical cancer risk prediction.
Research by Sobar et al. and Kashyap et al. highlighted varying accuracies achieved by SVM, random forest, and
neural network models, emphasizing the need for algorithm selection based on dataset characteristics and predictive
goals [Sobar et al., 2021; Kashyap et al., 2019].
4.Image-Based Screening Methods:

Machine learning techniques applied to pap smear images or colposcopy findings have shown promising results in
automating diagnostic processes. Image classification using convolutional neural networks (CNN) and feature
extraction methods like Fourier-Transform Infrared (FTIR) spectroscopy have demonstrated high accuracy in

detecting abnormal cervical cells [Hyeon et al., 2017; Wu et al., 2019].

III.System Analysis

In existing system, In 2012, about 445,000 cases were discovered and almost 83% of all were new cases .Symptoms
of cervical cancer include irregular periods, unexpected blood, and atypical menstruation. Hence, a pap smear test
can diagnose cervical cancer and has been shown to reduce death risk by almost 90% and cervical cancer risk by
60% to 90%. However, the absence of medicinal equipment, inadequate nurturing, simple diagnostic reproducibility,
careless maintenance, and ennui on the part of the specialists delivering the exam owing to its droning behavior are
main drawbacks of this examination . According to statistics, half of all cervical cancer cases in America occur due
to not checking, with another 10% not having been tested in the prior times. The Pap smear is a well-established
screening test for cervical cancer. However, the Pap smear has a relatively low accuracy.[9,10]

» The Pap smear is a relatively simple and inexpensive test.

» The Pap smear can only detect cervical cancer cells that are already present in the cervix.

» ThePap smear cannot detect precancerous cells that have the potential to develop into cervical cancer.

>

Algorithm:
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Proposed System:
Many researchers have developed automated and computer-aided diagnosis systems for cervical cancer. These
systems can reduce screening time and ease the diagnosis process.[11,12] Sobar et al. achieved 91.67% accuracy
with their classifier. Kashyap et al. achieved 95% accuracy with their SVM algorithm. Njoroge et al. achieved 72%
accuracy with their FTIR spectroscopy-based classifier. Fazal et al. achieved 99.5% accuracy with their DBSCAN
and random forest classifiers. Wu et al. achieved 99.1% accuracy with their SVM-PCA classifier. Hyeon et al.
achieved 89.7% accuracy with their convolutional neural network and machine learning classifiers. In this study,
eleven supervised machine learning models were employed, achieving accuracies of up to 93.33%. These findings
could have a significant impact on computer-assisted diagnosis and e-healthcare systems.[13]
Advantages:

e They can be used in remote areas where access to healthcare providers is limited.

e They can be used to train healthcare providers on how to diagnose cervical cancer.

e They can be used to monitor patients who are at high risk of developing cervical cancer.
Algorithm: DTC, MLP, RFC, KNN, SVM, CatBoost (CatB), Gaussian Naive Bayes (GNB), Gradient Boosting
Classifier (GradB), AdaBoost (AdaB), XG Boost (XGB), XG Boost with Random Forest (XGBRF).
As a result, it is recommended that the world have a trustworthy computer-based system for detecting cervical
cancer, as the number of patients is growing day by day. ML techniques may be ideal for implementing such a
system, and they can quickly identify cervical cancer in its early stages. Cervical cancer can be detected using ML
algorithms in two phases. Firstly it is utilized after meaningful feature extraction, and finally, used after ML
methods that have been employed to extract important features. To increase the precision of cancer risk prediction,
the ML approach uses complicated relationships between risk factors to automate the process. For early-stage
cervical cancer detection, several fundamental ML approaches are being used, including support vector machine

(SVM), k-nearest neighbors (KNN), random forest tree (RFT), classification, and regression tree (CART).

HPV contamination is one of the responsible factors for the development of cervical malignancy. HPV is primarily
transmitted through sexual contact. Precancerous lesions take approximately 5 to 10 years to develop into malignant
cells (MacCosham et al., 2020; Schiffman et al., 2007). Thereby providing an accessible time for women to go for
cervical screening at least once in every three years with a Pap smear or visual inspection with acetic acid

(VIA) or HPV DNA test, which assists them in diagnosing cervical cancer at an early stage. Cervical cancer is a

preventable disease condition because it can be detected early by employing predictive and screening models.

However, in developing nations, only 5% of women participate in cervical screening (Aminisani et al., 2012).
Furthermore, cytological factors in Pap smear test are considered as diagnostic- predictive aspects because they
identify the structure of the gland cell, squamous epithelial tissue, metaplastic cells, aberrant polymorphic cells, and

dysplasia cells, as well as the existence of blood, bacteria, and fungus in the client’s samples (Do et al., 2001).
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Numerous susceptible predictors of cervical carcinoma have been identified, include smoking by the individual or

their partner, inadequate nutrition, immunosuppression, use of immunomodulatory drugs, prolonged contraception

utilization, racial groups, deficiency of vitamin A, C and folate, having multiple sex partners, subsequent

pregnancies, childbearing at a young age, low socioeconomic

status, and illiteracy (Latha et al., 2014; Mandelblatt etal., 1991; Randall et al., 2016; Workowski et al., 2015).

Daily, health sector creates huge volumes of data that can be utilized to forecast future sickness based on a patient’s

treatment history and health information. Furthermore, by incorporating essential healthcare data, these areas can be

enhanced. Non-invasive classification technologies, such as supervised machine learning (ML), are critical for

cervical carcinoma prediction (Ramondetta, 2013; Workowski et al., 2015). ML in health care allows researchers to

process massive amounts of complex medical data and evaluate it for curative ideas. Physicians use this material to

extend medical treatment to patients. Patient satisfaction may enhance due to ML in healthcare coverage. Among the
methods utilized are the Decision Tree (DT), Random Forest (RF), Logistic Regression (LR), Neural Network (NN),
Naive Bayes, Artificial Neural Network Decision tree, and Support Vector Machines (SVM) (Mukhopadhyay et al.,

2016;

Nematollahi et al., 2017; Rezaianzadeh et al., 2019).

TABLE L DIFFERENT ATTRIBUTES

. g Max- Standard
No. Numeric Attributes Min Mean Deviation
| behavior sexualRisk 10:2 | 967 |0 119
2 behavior cating 153 1 109 236
3 | behavior personalHygine | 15-3 | 11.08 303
B intention aggregation 10:2 ] 7% AL
5 attitude consistency 156 | 133§ 23
6 inleation commitment 10:2 | 718 1.5
7 attitude spontancity 104 | 86 1.52
8 nom significantPerson | 5.1 [ 3.13 1.85
9 norm fulfillment 153 | 849 491
10 | perception vulnerability | 15-3 | 831 4
Il perception severity 102 | 539 340
12 motivation strength 15-3 | 1265 3
13 | motivation willingness 153 | 969 413
14 | socialSupport emotionality | 15-3 | 809 44
15 | SoctalSupport appreciation | 10-2 | 6.16 29
16 | socialSupport mstrumental | 15-3 | 10.38 43]
17 | cmpowerment knowledge | 15-3 | 10.54 431
I8 | empowerment abilitics 153 | 932 418
19 empowerment desires 15-3 | 10.28 448
2 Cd_CervIX 0 [0 (.46
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IV.Methodology
The dataset was attained by dint of UCI ML repository and it contains information about cervical cancer risk
behavior [14]. The dataset consists of 72 instances and 19 attributes, including one target column. All of the
attributes are numerical type with no missing value. 2022 19th International Conference on Electrical
Engineering/Electronics, Computer, Tele Communications and Information Technology (ECTI-CON) At first,
exploratory data analysis was performed on the dataset, and a correlation heatmap was created and portrayed,

defining the correlation between attributes.

Decision Tree (DT) algorithm

DT trails the rules of divide and conquer. In DT algorithm, the features will take up the different values called as
classification trees. To resolve classification and regression issues, the classification and regression tree to be used.
DT purports to have a lot of tree branches, which is why it has the Tree in its name. The DT starts with the root
nodes, just as a tree originates through its roots. The leaves represent special categories, while the branches represent
the mix of characteristics that result in the categorical variables. DT can also accept the continuous variables known
as the regression trees. The commonly used DT algorithms in medical field are C4.5 and EC4.5 (Lilhore et al., 2022;
Tiwari et al., 2018).

The dataset was divided into 80:20 ratios for training and testing ML algorithms upon exploratory data analysis.
This study used two approaches: one used default hyperparameters of ML algorithms, while the other one used Grid
Search Cross-Validation with a 10-fold method to tune hyperparameters. Eleven supervised machine learning
algorithms, such as DTC, GNB, RFC, KNN, SVM, CatB, MLP, GradB, AdaB, XGB, XGBREF are trained using
train dataset. Then the performance metrics are evaluated for both the default hyperparameter method and the tuned

hyperparameter approach using the test dataset. Fig. 2 depicts the complete algorithm of the work.[15]
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Process Mechanisms:

Cervical cancer is a significant public health concern among females worldwide. Despite being preventable, it
remains a leading cause of mortality. Early detection is crucial for successful treatment and improved survival rates.
This study proposes an ensemble Machine Learning (ML) classifier for efficient and accurate identification of

cervical cancer using medical data.

The proposed methodology involves preparing two datasets using effective preprocessing techniques, extracting
essential features using the scikit-learn package, and developing an ensemble classifier based on Random Forest,

Support Vector Machine, Gaussian Naive Bayes, and Decision Tree classifier traits.
Comparison with other state-of-the-art algorithms using several ML techniques, including support vector machine,

decision tree, random forest, Naive Bayes, logistic regression, CatBoost, and AdaBoost, demonstrates that the

proposed ensemble classifier outperforms them significantly, achieving accuracies of 98.06% and 95.45% for
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Dataset 1 and Dataset 2, respectively. The proposed ensemble classifier outperforms current state-of-the-art
algorithms by 1.50% and 6.67% for Dataset 1 and Dataset 2, respectively, highlighting its superior performance
compared to existing methods. The study also utilizes a five-fold cross-validation technique to analyze the benefits
and drawbacks of the proposed methodology for predicting cervical cancer using medical data. The Receiver
Operating Characteristic (ROC) curves with corresponding Area Under the Curve (AUC) values are 0.95 for Dataset

1 and 0.97 for Dataset 2, indicating the overall performance of the classifiers in distinguishing between the classes.

Additionally, Additive exPlanations (SHAP) as an Explainable Artificial Intelligence (XAI) technique to visualize
the classifier’s performance, providing insights into the important features contributing to cervical cancer
identification. The results demonstrate that the proposed ensemble classifier can efficiently and accurately identify

cervical cancer and potentially improve cervical cancer diagnosis and treatment.

V. Conclusion

Cervical cancer is utmost perilous risk for females worldwide. Early detection or risk prediction can help reduce the
number of deaths caused by this disease. Numerous data are collected and evaluated to build a reliable prediction
model using ML algorithms. This research compares the performance of eleven supervised ML algorithms in
envisaging the menace of cervical cancer. To improve the performance of classifiers, hyperparameter tuning was
performed using GSCV, and the maximum accuracy found in this study is 93.33 % by DTC, RFC, KNN, SVM, and
MLP algorithms. The foremost finding of this work is the better prediction accuracy and consistency which may aid
in the development and implementation of computer-aided diagnosis and serve as an efficient tool for healthcare
practitioners. However, this should be thoroughly tested before being used in a clinical setting. Many future
developments in this area can be accomplished by gathering more data which can contribute significantly to the

establishment of an e-healthcare system.
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