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Abstract: Cervical cancer is one of the ailments that endangers the health of women all over the 

world and causes infertility. Fortunately, this disease can be avoided. Both the results and 

participation rates of the current preventative strategy remain poor. Hence, preventative or early 

detection methods remain challenging and open. In gynecology and computer science fields, few 

studies on identifying cervical cancer are based on behavior risk factor and machine learning. 

Moreover, various social and behavioral aspects might often make it more difficult to detect cervical 

cancer especially in low‑ and middle‑income countries (LMICs). Accordingly, focus on predicting 

the presence of cervical cancer through behavioral risk factors is the basic structure of this research. 

We proposed an approach to classify cervical cancer from a social-behavioral perspective using 

logistic regression to predict cervical cancer. We got significantly improved outcomes than the 

existing methods. Moreover, we used feature engineering to formulate less dimensionality as a pre-

processing step and optimized parameters to be prepared for classification phase. The results 

proved that using the logistic regression with regularization type L1 had a promising performance. 

The accuracy of Logistic Regression (LR) L1 was 97.2%. Such results support the proposed work as 

a reliable classification predictive tool. 

Keywords: principal component analysis; cervical cancer; behavioral risk factor; logistic regression 

(LR); feature engineering; regularization  

 

1. Introduction 

One of the most well-known disorders affecting women worldwide is Carcinoma of the cervix. 

It is one of the illnesses that threatens the welfare of women all over the world and is difficult to 

detect at early stages. One of the cancer forms that affect the cells of the cervix is cervical cancer [1]. 

It is common cancer in the female population. The two most common cancers in men are lung and 

oral cancer, whereas the two most common cancers in women are breast and cervical cancer [2]. One 

of the main factors contributing to the significantly higher prevalence of cervical cancer in poor 

nations is the absence of efficient screening programs for identifying and treating precancerous 

diseases. In 2018 there were ~569,000 new cases of cervical cancer diagnosed worldwide. Of these, 

between 84% and 90% occurred in (LMICs) such as South Africa, India, China, and Brazil [3]. As an 

example, low-income women do not undergo screening for cervical cancer (such as Pap tests), and 

thus require attention from health administrations, but some people choose to ignore the 

manifestations out of modesty [4]. The majority of cervical cancer cases start as an increase in women 

between the ages of 20 and 29, reach their peak, turn grey between the ages of 55 and 64, and get even 

more grey after the age of 65 [5].  Cervical cancer has many profound consequences, the most 
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important of which is that it causes infertility. Increased cervical cancer risk and cause of cancer death 

are causes to be in low-income countries. The cause of 275,000 deaths in 2008 was cervical cancer. 

Moreover, about 88% of these incidents have a place in developing nations. Cervical cancer 

prevention may be programmed through techniques like acetic acid visual examination, Pap test, 

human papillomavirus (HPV) Testing, and colposcopy [6]. In a concept of multifactorial, stepwise 

carcinogenesis at the cervix uteri, smoking and human papillomavirus (HPV) are now significant 

problems, thus preventative and control strategies based on society, screening procedures, and HPV 

vaccination are advised as it is the main cause of cervical cancer [7]. However, due to the presence of 

some social obstacles and the importance of early detection of cervical cancer, researchers directed to 

identify cervical cancer based on behavior. Cervical cancer can be caused by a variety of factors [8] 

such as smoking, low socioeconomic position, and long-term use of oral contraceptives (birth control 

pills: Long-term usage of oral contraceptives (OCs) has been linked to an increased risk of cervical 

cancer), several sexual partners, early marriage (partners in young age at first sex significantly raise 

the risk of acquiring cervical cancer, according to most studies) [9], a weaker immune system such as 

human immunodeficiency virus (HIV) [10], the virus that causes AIDS, affects the immune system, 

putting persons at risk for HPV infections, Chlamydia infection [11], and numerous full-term 

pregnancies (cervical cancer is more likely to develop in women who have had three or more full-

term pregnancies). Moreover, an independent risk factor for clear cell adenocarcinoma, a kind of 

cervical cancer, is exposure to the medication such as diethylstilbesterol (DES) during pregnancy. 

Several pregnant women in the United States received DES between 1940 and 1971 in order to avoid 

miscarriage (the premature birth of a fetus that cannot survive) and early birth. Clear cell 

adenocarcinoma of the vagina and cervix, as well as cervical cell abnormalities, are more common in 

women whose mothers used DES while they were expecting [12]. Furthermore, hormonal changes 

during pregnancy have been linked to women being more susceptible to HPV infection or cancer 

progression. Certain families may have a history of cervical cancer. The likelihood of getting cervical 

cancer is higher if mother or sister had it as compared to no one in the family that has it. Some experts 

believe that a hereditary issue that makes certain women less able to fight off HPV infection than 

other women may be the root cause of some uncommon cases of this familial tendency. In other cases, 

women in a patient's immediate family may be more likely to have one or more of the additional non-

genetic risk factors than women who are not related to the patient [13]. Since the mid-1970s, the death 

rate has decreased by about 50%, in part due to improved screening that has allowed for the early 

detection of cervical cancer. From 1996 to 2003, the death rate was over 4% per year; from 2009 to 

2018, it was less than 1% [14]. Many studies on cervical cancer have been carried out recently 

employing modern techniques that offer early-stage prediction. It is noteworthy to mention that 

applying machine learning has contributed to early prediction [15]. Thus, lack of knowledge, lack of 

access to resources and medical facilities, and the expense of attending regular examination in some 

countries are the main reasons of this disease among female populations [16] Based on behavior, 

there are significant factors that can be used to estimate the risk of Ca Cervix illness. Behavior is 

extensively researched in social science theories, including psychology and the study of health. The 

Health Belief Model (HBM), Protective Motivation Theory (PMT), Theory of Planned Behavior (TPB), 

Social Cognitive Theory (SCT), etc., are all examples of common behavior-related theories or models. 

Two cognitive processes—perceiving the threat of sickness and evaluating the threat-reduction 

behaviors—determine HBM [17]. Several theories in social and health psychology make the 

assumption that intentions are what motivate and direct conduct [18]. Whereas PMT notes that the 

main factor influencing behavior is protection motivation, or the desire to engage in preventive action 

[19]. One of the factors influencing organizational preventative behavior is motivation [20]. 

According to TPB, attitudes, and perceived behavioral control (PBC) are thought to be the three 

components that influence intention, which in turn affects performance [19]. In such a way that both 

were stronger indicators of intention, attitude and subjective norm interacted with perceived control 

[21]. According to SCT, three factors—goals, result expectations, and self-efficacy—determine 

prevention behavior [17]. Participants' behavior in preventing cervical cancer may be improved by 

emphasizing social support [22]. The ability to make choices, gain access to information, and utilize 
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personal and societal resources to engage in behaviors that prevent cervical cancer may be described 

to as empowerment [23]. According to those views, there are seven factors that influence behavior: 

attitude, social support, empowerment, motivation, subjective norm, and perception. These eight 

variables—seven determinants and the behavior itself—were translated into questionnaires in this 

study, each of which had nine questions. The questionnaire was subsequently delivered to 72 

responders, 22 of whom were Ca Cervix sufferers and 50 of whom were not [24]. Every single 

respondent is a city person in Jakarta, Indonesia. This set of seven factors plus the behavior itself are 

used as features or attributes to build a classification model for Ca Cervix risk early detection using 

machine learning. The efficiency of studies and the production of precise patient data have both 

improved due to machine learning. The recent research oriented towards using text mining, machine 

learning, and econometric technologies to improve the quality of screening and prediction. This 

paper proposed a pipeline for improving classification to help early prediction of cervical cancer from 

the behavioral risk factor perspective by employing the logistic regression algorithm. Our proposed 

method has achieved better classification accuracy than existing methods.  

As shown in Table 1, we made a comparison between previous studies which focused on 

predicting cervical cancer based on behavioral risk factor. L. Akter et, al. [4] used three machine 

learning models including Random Forest, Decision Tree and XGBoost which contain seventy-two 

records and include nineteen attributes with 93.33% accuracy for all classifiers. This same study [4] 

focused mainly on data pre-processing and exploratory data analysis which helped mainly to select 

the most important features, but the method is complex and it used data exploratory analysis as much 

as it needs. Sobar et, al. [24] who also works on behavioral risk factor datasets using Naive Bayes and 

Logistic regression classifiers, have reached 91.67% and 87.55% respectively. This paper presented 

the used dataset in our proposed method and made it publicly available. And it also introduced the 

Risk factor based on psychological theory in details. On the other hand, the reached accuracy was 

low due to the lacking of pre-processing stage. Asadi F. et, al. [25] used a dataset that contains 145 

patients with twenty-three attributes and used machine learning classification algorithms which 

included SVM, and the results were 79% accuracy, 67% precision, and an 85% area under the curve. 

The main advantage of this paper is that the number of significant predictors for analysis was 

decreased, so the computing cost of this proposed model decreased. On the other hand, the literature 

review part was not clearly mentioned. Xiaoyu Deng et, al. [26] used XGBoost, SVM, and Random 

Forest to evaluate data on the cervical disease. The set came from the "UCI machine learning 

repository," and it included thirty-two risk factors and four goal variables from 858 individuals' 

clinical histories. To deal with the dataset's unevenness, they employed Synthetic Minority 

Oversampling Technique Borderline-SMOTE. The using of the SMOTE in pre-processing stage and 

selecting the top five risk factors in such problem helped well in increasing the results. B. Nithya et, 

al. [27] used machine learning to investigate the risk variables for cervical cancer. The dataset had 858 

rows and twenty-seven characteristics. They employed five algorithms including SVM, C5.0, r-part, 

Random Forest, and K-NN, with ten-fold cross-validation and accuracy of 97.9%, 96.9%, 96.9%, 

88.8%, and 88.8%, respectively. This paper introduced mainly the feature selection techniques which 

helped increasing the accuracy and also used variety of classifier, but it didn’t focus on predicting the 

cervical cancer based on behavioral risk factor. C.-J. Tseng et, al. [28] used SVM, and C5.0 and were 

utilized to discover significant risk variables for predicting the recurrence-proneness of cervical 

illness. The SVM and C5.0 have an accuracy of 68.00 %, and 96.00 % respectively. They used the 

Extreme learning machines (ELM) which were taken into consideration to identify important risk 

factors to forecast the likelihood for cervical cancer to recur. S. K. Suman et, al. [29] suggested a model 

that might be used to predict the risk of cervical cancer where SVM, AdaBoost, Bayes Net, Random 

Forest, Neural Network and Decision Tree were among the methods employed. The error rate, FP 

rate, TP rate, F1-score, AUC, and Matthews’s correlation coefficient (MCC) of the Bayes Net method 

are 3.61, 0.32, 0.96, 0.96, 0.95, and 0.68, respectively. Although the high accuracies which S. K. Suman 

et, al. [29] reached, yet his study relied on classification on analyzing the tissue slide and looking at 

different risk factors so they didn’t perform early prediction. Therefore, it is important to mention 

that the biggest gap from the literature review is the neglect of behavioral risk factors as a source of 
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cervical cancer prediction. While several studies examined feature selection, exploratory data 

analysis, and information pre-processing approaches, they did not specifically address the prediction 

of cervical malignancies based on behavioral risk factors. Additionally, some studies [27-29] showed 

low accuracy due to the absence of the pre-processing stage or failed to virtually identify the literature 

evaluation portion. Moreover, we noticed that there is a shortage in early prediction of cervical cancer 

based on behavioral risk factor while choosing the most suitable algorithm and increasing the 

prediction accuracy by enhancing the hyperparameter. Thus, our focus in this research work is to fill 

the gaps of the literature by building robust algorithm with optimized hyperparameter based on 

behavioral risk factor to better detect cervical cancer at earlier stages. 

Table 1. Comparison between the previous works during machine learning models, evaluation 

metrics and main features. 

Researcher 

Name  

 Machine Learning 

Models  
 Evaluation Metrics  Main Features  

L. Akter et 

al. [4] 

Decision Tree, Random 

Forest, XGBoost 

Accuracy 93.33% Data pre-processing, exploratory 

data analysis 

Sobar et al. 

[24] 

Naive Bayes, Logistic 

regression 

Accuracy 91.67%, 87.55% Publicly available dataset, Risk 

factor based on psychological 

theory 

Asadi F. et 

al. [25] 

SVM Accuracy 79%, Precision 

67%, AUC 85% AUC 

Decreased number of significant 

predictors, reduced computing 

cost 

Xiaoyu 

Deng et al. 

[26] 

XGBoost, SVM, 

Random Forest 

N/A Synthetic Minority 

Oversampling Technique 

Borderline-SMOTE, top five risk 

factors selection 

B. Nithya et 

al. [27] 

SVM, C5.0, r-part, 

Random Forest, K-NN 

Accuracy 97.9%, 96.9%, 

96.9%, 88.8%, 88.8% 

Feature selection techniques, 

variety of classifiers 

C.-J. Tseng 

et al. [28] 

SVM, C5.0, Extreme 

learning machines (ELM) 

Accuracy 68.00%, 96.00% Identification of significant risk 

factors for predicting recurrence-

proneness of cervical illness 

S. K. 

Suman et 

al. [29] 

Random Forest, Neural 

Network, SVM, AdaBoost, 

Bayes Net, Decision Tree 

Error rate: 3.61, FP rate: 

0.32, TP rate: 0.96, F1-score: 

0.96, AUC: 0.95, MCC: 0.68 

Rely on tissue slide analysis 

and risk factors instead of early 

prediction 

2. Materials and Methods 

A framework for early prediction of cervical cancer based on behavioral risk factors was 

developed using a data mining tool. As shown in Error! Reference source not found., we performed 

four main stages using a data mining tool. At first, we imported the dataset and then used post 

processing techniques [30]. After that, we chose the logistic regression algorithm, optimized the 

hyperparameter, and finally trained the algorithm using the stratified K-fold cross technique (Table 2). 
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Figure 1. The proposed method Flow chart to demonstrate the pipeline for the proposed Procedure. 

Table 2. The process of main algorithm used in the proposed work to illustrate the workflow of the 

whole process. 

1 - Datasets from the UCI Machine Learning Repository imported. 

2 -  Feature engineering and preprocessing : 

Check for any missing values . 

Verify the int64 data format . 

Use principal component analysis (PCA) to identify the top 10 principal components . 

Use standard deviation normalization to normalize a subset of the characteristics . 

3 - Select the logistic regression approach as suitable option for this application . 

4 - Model learning : 

Use Lasso L1 regularization with a cost strength of 8 to optimize the hyperparameters . 

Sigmoid Function : 

The sigmoid function is used to map the output of the linear regression to a probability value 

between 0 and 1  

5 - Evaluation : 

Use Classification Accuracy (CA), Area under the curve (AUC), Precision, Recall, Specificity, 

Log loss, and F1‑score to evaluate the performance of this model 

To assess the effectiveness of the model, carry out stratified K‑fold cross‑validation with five 

folds. 

In the first stage, we imported the dataset. The dataset we used (Cervical Cancer Behavior Risk 

Data Set) was obtained from the UCI Machine Learning Repository website [31] and it is publicly 

available. This dataset contains seventy-two instances. It includes nineteen attributes with two classes 

of “ca_cervix” is 0, 1 where 0 is considered with no cervical cancer and 1 is considered with cervical 

cancer. There was no missing value to deal with, and all the attributes including the class variable, 

were int64 format, so it is noteworthy to mention that we didn't need encoding. In the second stage, 

the feature engineering and preprocessing procedure started to help in optimizing the outcome 
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results in high quality as we used principal component analysis (PCA) [32]. PCA was employed to 

make feature reduction that uses an orthogonal transformation to turn correlated features into 

linearly uncorrelated features by compressing the selected features to 10 principal components with 

standard deviation normalization which covered 89% of the variance in features as shown in Figure 2.  

The Scree Diagram is a graph that the Principal Component Analysis (PCA) widget displays, as 

depicted in Figure 2. The Scree Diagram is a useful tool in PCA as it shows the variation explained 

by each principal component. The key elements are arranged according to how much each factor 

explains. The diagram enables researchers to determine how many principal components that should 

retain for more investigation, that is the optimal number of primary components to retain when the 

eigenvalues begin to level off or decline. We can choose the number of principal components to 

employ in our study by analyzing the Scree Diagram. This can assist us in maintaining the key details 

while also simplifying the data. At this stage, we didn’t need to use feature selection techniques 

because as mentioned in L. Akter at al. study [4] which used the same dataset proved that the used 

dataset has no feature with a strong correlation with others and the maximum value of the correlation 

coefficient is 0.85 so there is no need to use feature selection techniques. Moreover, as shown in Figure 

3, it explains model diagram which emphasized that the processed features have an important 

contribution to the output model. The Shapley Additive Explanations (SHAP) library's Explain 

Model widget describes the classification models and the effect of each feature on classification 

models (Figure 3). Using the Shapley Additive Explanations Package (SHAP), the Explain Model 

widget is a tool that aids in the explanation of regression and classification models. This widget uses 

SHAP values to show insights into the model's prediction process after receiving a trained model and 

reference data as input. A model's feature relevance can be measured uniformly using SHAP values. 

Each feature in a projection is given a value, indicating how much that feature contributed to the 

prediction as a whole. The Explain Model widget assists users in learning the factors that affect the 

model's predictions and provides them with insights into the model's behavior by examining these 

SHAP values. Explain Model widget offers a visual interface for examining and interpreting a 

model's SHAP values. Users can examine the overall feature relevance and interactively explore the 

contributions of various attributes to specific predictions. Understanding complex models and 

identifying any biases or problems with the model's decision-making process might also benefit from 

doing this. 

 

Figure 2. The scree diagram shows the degree of variance which covered by the best principal 

component number. 
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In the third stage, we used the logistic regression algorithm [33] as it was the most suitable 

algorithm for such a problem. We have examined many algorithms but all of them were under an 

accuracy of 93%. The existing method i.e. L. Akter at al. study [4] as compared with our research 

study reached an accuracy of 93% so we excluded all the algorithms under 93% accuracy. In this 

stage, we optimized the hyperparameter to enhance the results. We used the Lasso L1 [34] 

regularization type and optimized the cost strength to 8. This parameter is the best parameter to 

enhance the logistic regression accuracy very well. In the last stage, we used stratified K cross-

validation [35] to evaluate the results by taking 5 folds, and finally, the algorithm started for training. 

To the best of our knowledge, we could not find any research work in the literature that aims to 

increase the classification accuracy in the training process depending on the scientific base such as 

our work, and we are the first group to propose such a machine learning system.   

 

Figure 3. The SHAP library's Explain Model widget provides a description of the classification model. 

(A) Impact on output model for class 0. (B) Impact on output model for class 1. 
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3. Results 

To predict and categorize the patient as having cervical cancer or not, we have applied many 

algorithms, however we excluded all the algorithms that are under 93% accuracy as we mentioned 

before. Therefore, we used the logistic regression in the training phase as it recorded promising 

results. We evaluated the effectiveness of our developed system using Classification Accuracy (CA), 

Area under the curve (AUC), precision, recall, specificity, log loss, and F1-score equations 1, 2, 3, 4, 5, 

and 6 as shown in Table 3. The confusion matrix of the logistic regression model with regularization 

type Lasso L1 which was the best regularization type used has been shown in Table 4. Table 5 and 

Table 6 respectively show the confusion matrix for logistic regression model with regularization type 

Ridge L2 and logistic regression model without regularization. The number of correctly classified 

instances was 50 for class 0 and 20 instances for class 1. However, the number of misclassified 

instances was 1 for class 0 and 1 instance for class 1. The accuracy of logistic regression with 

regularization type Lasso L1 with the best regularization type used was 97.2%, AUC is 98.1%, the F1 

score is 97.2%, precision is 97.2%, recall is 97.2%, log loss is 17%, and specificity is 96.1% as shown in 

Table 3. The evaluated matrix of the proposed method is shown in Figure 4. The evaluated models 

may be seen on the Receiving Operator Characteristic (ROC) curve for classes 0 and 1 as shown in 

Figure 5. Moreover Figure 5 also shows the results of the testing classification algorithm. A visual 

tool for assessing the effectiveness of a classification model or diagnostic test is the Receiver 

Operating Characteristic (ROC) curve. The relationship between the true positive rate (sensitivity) 

and the false positive rate (specificity) at various categorization thresholds is represented visually. It 

enables readers to comprehend the trade-off between sensitivity and specificity and select the best 

classification threshold that complies with our distinctive requirements.  

Precision =
𝑇𝑃

𝑇𝑃+𝐹𝑃
 (1) 

Specificity =
𝑇𝑁

𝑇𝑁+𝐹𝑃
 (2) 

Accuracy =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
 (3) 

  Recall =
𝑇𝑃

𝑇𝑃+𝐹𝑁
   (4) 

F1-Score =
𝑇𝑃

[𝑇𝑃+0.5(𝐹𝑃+𝐹𝑁)]
 (5) 

where FP, FN, TN and TP denote the counts of false positive, false negative, true negative and true 

positive, respectively. 

log loss = −
1

𝑁
∑  𝑁

𝑖=1 ∑  𝑀
𝑗=1 𝑦𝑖𝑗 log(𝑝𝑖𝑗)       , 𝑦𝑖𝑗 = {

1          𝑖𝑓 𝑂𝑏𝑠𝑒𝑟𝑣𝑎𝑡𝑖𝑜𝑛 ∈ 𝐶𝑙𝑎𝑠𝑠 𝑗
0                        𝑒𝑙𝑠𝑒𝑤ℎ𝑒𝑟𝑒               

  (6) 

where N denotes the number of rows in the test set, while M is the number of fault delivery classes, 

and 𝑝𝑖𝑗is the predicted probability that the observation belongs to class j. 
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Figure 4. The logistic regression "Lasso regression" type evaluated matrices chart describe the 

percentage of the accuracy, precision, specificity, recall, log loss, the F1 score, and the area under curve 

(AUC). 

Table 3. The proposed method results according to the accuracy, precision, specificity, recall, log loss, 

the f1 score, and the Area Under Curve (AUC) info perspectives for the logistic regression model. 

Model AUC CA F1 Precision Recall 
Log 

loss 
Specificity 

Logistic regression with regularization 

type Lasso L1 

0.981 0.972 0.972 0.972 0.972 0.170 0.961 

Logistic regression with regularization 

type Ridge L2 

0.977 0.958 0.958 0.958 0.958 0.262 0.927 

Logistic regression without 

regularization 

0.987 0.944 0.945 0.948 0.944 0.865 0.949 

Table 4. The logistic regression " lasso L1" regularization confusion matrix. 

Logistic Regression No cervical cancer Cervical cancer 

No cervical cancer 50 1 

Cervical cancer 1 20 

Table 5. The logistic regression " ridge L2" regularization confusion matrix. 

Logistic Regression No cervical cancer Cervical cancer 

No cervical cancer 50 1 

cervical cancer 2 19 
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Table 6. The logistic regression without regularization confusion matrix. 

Logistic Regression No cervical cancer Cervical cancer 

No cervical cancer 48 3 

cervical cancer 1 20 

 

Figure 5. The Receiving operator characteristic (ROC) to show the relationship between the true 

positive rate (sensitivity) and the false positive rate (specificity). (A) ROC curve for class 0. (B) ROC 

curve for class 1. 
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4. Discussion 

Using comprehensive techniques has increased the accuracy and performance of our model 

compared with existing methods. First, using principal component analysis (PCA) is a feature 

engineering technique that focuses on reducing dimensionality to help shorten training time and 

improve the data compatibility with the learning model class. Several machine learning models must 

be trained, and PCA is a critical step in this process. PCA assists in simplifying the complexity of the 

data while maintaining the most crucial information by lowering the dimensionality of a dataset. 

PCA enables the model to concentrate on the most important variables by identifying and deleting 

redundant or irrelevant features, improves accuracy, expedites training, and improves generalization 

as well. In essence, PCA serves as a potent tool for data preprocessing that makes it possible to train 

models quickly and effectively. This reflects on the accuracy of model while using PCA. Table 7 

shows the difference in accuracy while using PCA and without using PCA among logistic regression 

models. It seems that PCA helped in improving accuracy very well. Since it enables the model to 

closely fit the training data without any constraints, it appears that logistic regression without 

regularization and without PCA could occasionally provide more accurate results. Nevertheless, this 

could result in overfitting, where the model performs well with training data but poorly with fresh 

or untested data. However, by introducing a penalty for high coefficients, regularization in logistic 

regression helps prevent overfitting. As a result, the accuracy may be slightly less accurate as 

compared to the non-regularized model. The accuracy of the model may also be impacted by the 

removal of certain crucial information from the data when applying PCA for dimensionality 

reduction. Thus, when deciding between these methods, it's crucial to strike a balance between 

precision and overfitting. 

We selected the number of principal components depending on the specific area of application 

and the specific data set. However, we used the visual examination of a scree plot approach to 

determine the number of principal components [36]. Using a scree plot to determine the number of 

principal components is a common approach, by scanning the scree plot for a point where the amount 

of variance explained by each subsequent principal component begins to decline. In the scree plot, 

this is commonly referred to as an elbow as shown in Figure 2.  

Table 9 shows the accuracy of different numbers of principal components.  

Table 9 reveals that using 10 PCA is the best number of component analyses which leads to the 

best accuracy. Furthermore, using a strong classifier with optimization has incredibly improved 

results very well. One of the most powerful techniques that helped to increase the accuracy is logistic 

regression (LR). LR is used for binary classification problems, and it contains more than one powerful 

technique designed for increased accuracy. One of the most important optimizations of logistic 

regression provided is regularization.  Regularization is applying a penalty to increase the 

magnitude of parameter values to reduce overfitting. It helps in minimizing the error between what 

the model predicts for the dependent variable given in the data compared to what the dependent 

variable is. The problem begins when several parameters existed but not too much data. In this case, 

the model will often tailor the parameter values to be specific for the data which means it fits the data 

almost perfectly. However, because this pattern doesn’t appear in future data, the model will predict 

poorly. To solve this problem and enhance results and accuracy we used lasso regression, (Least 

Absolute Shrinkage, and Selection Operator) add this function which penalizes large values of the 

parameters to what is already minimized to help in a better accurate prediction. The added function 

is λ |θj|, which is some constant λ multiplied by the sum of the absolute value of the magnitude of 

the coefficient which values are θj where the strength cost C = 1/λ [37]. As shown, Table 8 emphasized 

that optimizing the strength of cost C to 8 achieved good accuracy. Moreover, in this type of 

regularization, the logistic regression cost function gains a penalty term from Ridge L2 regularization 

that is inversely related to the square of the magnitude of the coefficients. The coefficients are not 

required to be exactly zero, but this penalty term encourages them to be minimal. As a result, Ridge 

L2 regularization frequently causes the coefficients to drop towards zero but infrequently causes 

them to disappear totally. A penalty term that is proportionate to the absolute value of the coefficients 

is added to the cost function by lasso L1 regularization, on the other hand. Lasso L1 regularization, 
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in contrast to Ridge L2 regularization, has the ability to carry out feature selection by bringing some 

coefficients to a precise zero value. In other words, Lasso L1 regularization can successfully remove 

pointless features from the model, resulting in a more comprehensible and sparse solution. "Vanilla" 

logistic regression is logistic regression that has not undergone any regularization. The model seeks 

to minimize the negative log-likelihood of the observed data and there is no additional penalty term 

added to the cost function. Logistic regression may be prone to overfitting if regularization is not 

used, especially when there are many characteristics relative to the number of observations. Some 

coefficients might become zero and get eliminated from the model which helps in feature selection. 

Moreover, coefficient values are closer to zero when the penalties are higher (ideal for producing 

simpler models). In contrast, coefficients are not eliminated when using Ridge regression L2 

regularization. As a result, when compared to the Ridge regression and Lasso regression, the Lasso 

Regression is much simpler to understand and gives high accuracy [38] as shown in Table 8. 

Moreover, as shown in Table 10, the existing method 1 [4] which are compared with our study used 

three different classification algorithms on the same dataset to evaluate their performance in 

detecting cervical cancer depending on the behavioral risk factors reaching 93 % for each classifier. 

However, they didn’t use PCA.  Furthermore, the existing method 2 [24] which used the same 

dataset reached an accuracy of 91.6% for the Naive Bayes classifier and an accuracy of 87.5% for the 

logistic regression algorithm. These results have definitely proved the validity and strength of our 

proposed method. 

Table 7. Shows the difference in accuracy while using PCA and without using PCA among logistic 

regression models. 

Algorithm  Hyperparameter   Accuracy  

Logistic  

regression  

With using PCA   

Lasso Regression L1 97.2% 

Ridge Regression L2 95.8% 

None " Vanila" 94.4% 

Without using PCA 

Lasso Regression L1 91.7% 

Ridge Regression L2 91.7% 

None " Vanila" 93.1% 

Table 8. A comparison between optimized hyperparameters and their accuracy info perspective. 

Algorithm  Hyperparameter   Accuracy  

Logistic  

regression  

Strength cost  

C = 1 95.8% 

C = 8 97.2% 

C = 25 95.8% 

Regularization Type 
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Lasso Regression L1 97.2% 

Ridge Regression L2 95.8% 

None " Vanila" 94.4% 

Table 9. A comparison between different principal component numbers and the accuracy which 

produced during training process. 

Algorithm  Principle component analysis  Accuracy  

Logistic regression  10 components 97.2% 

11 components 93.1% 

12 components 94.4% 

13 components 93.1% 

8   components 94.4% 

7   components 88.9% 

Table 10. A comparison between the existing methods and the proposed method accuracy info 

perspective. 

Compared methods  Algorithm Accuracy  

Proposed method 

Logistic  

regression  

97.2% 

Existing method1 [4]  

Decision tree 93.33% 

Random forest 93.33% 

XGBoost 93.33% 

Existing method2 [11] 

Naive Bayes 91.67% 

Logistic regression 87.55% 

5. Conclusions 

In closure, its crucial to mention that innovative cervical malignant growth screening method is 

a key component of the prevention campaign that will eventually reduce the variance in cervical 

disease rates across the globe. To effectively eliminate cervical cancer, concerned administrations 

must engage women at the local level with initiatives that are sufficient, affordable, user-friendly, 

and sustainable programs. In this study, we proposed a high-performing machine learning approach 

to detect the cervical malignant development hazard structure at earlier stages based on behavioral 

risk factors. We have displayed the logistic regression classifier performance using several measures 

including AUC, accuracy, precision, log loss, specificity, recall, and F1-score. The accuracy rate for 

the logistic regression was 97.2%. Finally, we included feature engineering techniques for dimension 

reduction and optimizing the accuracy measures. 
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