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Abstract
Cervical cancer is a common cancer that affects women all over the world. This is the fourth leading cause of death 
among women and has no symptoms in its early stages. At the cervix, cervical cancer cells develop slowly. If it can be 
detected early, this cancer can be successfully treated. Health professionals are now facing a major challenge in detect-
ing such cancer until it spreads rapidly. This study applied various machine learning classification methods to predict 
cervical cancer using risk factors. The main aim of this research work is to be described of the performance variation of 
eight most classifications algorithm to detect cervical cancer disease based on the selection of various top features sets 
from the dataset. Multilayer Perceptron (MLP), Random Forest and k-Nearest Neighbor, Decision Tree, Logistic Regres-
sion, SVC, Gradient Boosting, AdaBoost are examples of machine learning classification algorithms that have been used 
to predict cervical cancer and help in early diagnosis. A variety of approaches are used to avoid missing values in the 
dataset. To choose the various best features, a combination of feature selection techniques such as Chi-square, SelectBest 
and Random Forest was used. The performance of those classifications is evaluated using the accuracy, recall, precision 
and f1-score parameters. On a variety of top feature sets, MLP outperformed other classification models. The majority of 
classification models, on the other hand, claim to have the highest accuracy on the top 25 features in dataset splitting 
ratio (70:30). For each model, the percentage of correctly classified instances has been presented and all of the results are 
then discussed. Medical professionals will be able to use the suggested approach to perform research on cervical cancer.

Keywords Cervical cancer · Classification · Early-stage detection · Features selection · SVC · Multilayer perceptron

1 Introduction

Invasive happens in the woman’s cervix by affecting the 
deeper tissues of the cervix. The cervical cancer can spread 
to other parts of their body lungs, liver, bladder, vagina 

and rectum. Healthy cells in the cervix develop changes 
(mutations) growing, multiplying at a set rate and even-
tually dying at a set time in their DNA. Moreover, abnor-
mal mutational activities of unhealthy cell are growing, 
multiplying cells out of control as well as they do not die 
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accumulating abnormal cells form a mass (tumor). The 
most well-informed symptoms of cervical cancer unusual 
pain after sex, vaginal bleeding after sex, between periods, 
after menopause or after a pelvic examination as well as 
vaginal discharge. The most common diverse risk factors 
are many sexual partners, early sexual activity, sexually 
transmitted infections (STIs), weakened immune system, 
smoking, exposure to miscarriage prevention drugs and 
the like [1].

The sexually transmitted human papillomavirus (HPV) 
plays a vital role in cervical cancer and genital warts. 
Among 100 different strains of HPV, HPV-16 and HPV-18 
are the most well-known strains for cancer. The cancer-
causing strain of HPV is also responsible for vulvar cancer, 
vaginal cancer, penile cancer, anal cancer, rectal cancer, 
throat cancer [2]. Depending on spreading level cervical 
cancer has four stages: stage 1 only spreads to the lymph 
nodes, stage 2 larger cancer spreads outside of the uterus 
and cervix or to the lymph nodes, stage 3 spreads to the 
lower part of the vagina or the pelvis along with blocks the 
ureters, the tubes that carry urine from the kidneys to the 
bladder as well as final stage spreads outside of the pelvis 
to organs like your lungs, bones or liver [3]. The easiest ini-
tiatives to prevent cervical cancer are the HPV vaccine that 
have routine Pap tests (early-stage detection), practice safe 
sex, don’t smoke and so on [4, 5].

The "National Strategy for Cervical Cancer Prevention 
and Control" program is launched by the Bangladesh 
Ministry of Health & Family Welfare (MoHFW) extending 
over five years from 2017 to 2022. Although World Health 
Organization (WHO) identified invasive cervical cancer 
as the fourth most common cancer in women, this is the 
second most common type of cancer among women 
between 15 and 44 years of age in Bangladesh. Every year 
new cases are diagnosed at approximately 12,000, and the 
severity of the disease brings over 6000. About 4.4% of 
women in the general population have a high inclination 
to cervical HPV16/18 infection at a given time, and 80.3% 
of invasive cervical cancers are attributed to HPVs 16 or 18 
in the region Bangladesh of Southern Asia [6–9].

Various types of ample prevention measures are prac-
ticed, but the occurrence of cervical cancer cannot stop 
only using screening tests. The early-stage detection of 
this cancer can play an important role to control death due 
to invasive cervical cancer. Currently, computer vision, arti-
ficial intelligence (AI), machine learning (ML), deep learn-
ing (DL) are the most used popular term for detecting vari-
ous diseases. Among them, the various effective algorithm 
of ML model creates great attention by rapidly detecting 
the targeted diseases. The suitable ML algorithms can be 
applied to the targeted diseases dataset that preprocessed 
form by applying several preprocessing activities such as 
data cleaning, dimensionality reduction, feature selection. 

The desired analyzed result of this algorithm may assist the 
medical officers in diagnosing diseases rapidly and provide 
the best medications for their patients.

This research selects a variety of different top features 
using a combination of feature selection techniques, 
reducing training time and assisting oncologists in quickly 
detecting cervical cancer, and the main objectives of this 
research are to improve classification performance using 
machine learning classification techniques and provide 
the performance results analysis based on different top 
features set.

The remaining part of the paper is organized as fol-
lows: Sect. 2 reviews all relevant works in classification 
algorithms for cervical cancer. The proposed methodology 
for detecting cervical cancer using various classification 
algorithms and feature selection methods is explained in 
Sect. 3. Sections 4 and 5 focus on result and discussion. The 
conclusion of the paper is discussed in Sect. 6.

2  Related works

The incredible machine learning (ML) has diverse appli-
cation scope for the lion portion of diseases detection 
of all kinds of animals and plants. Currently, a plethora 
of ML models are proposed and applied for the targeted 
application areas to accelerate and enrich the research 
purposes. In [10], four target variables—Hinselmann, 
Schiller, Cytology, and Biopsy—with 32 risk factors are 
considered for analyzing pernicious cervical cancer lead-
ing to unexpected death. These major culprits are sorted 
out by developing an effective model and applying the 
most popular ML methods: Logistic Regression, Decision 
Tree, Random Forest, and Ensemble Method. The analyzed 
result demonstrates cervical cancer prediction accuracy 
with ROC curve, AUC curve, respectively, 98.56%, 99.50% 
for Ensemble method using SMOTE-Voting-PCA proposed 
model. Moreover, SMOTE-Voting PCAM model executes 
the prediction of Schiller target variable, respectively, 
98.49%, 98.60% and 99.80%.

Jiayi Lu et al. [11] studied that the ghastly prevalent 
cervical cancer is a burdensome matter in both develop-
ing and developed countries due to lack of awareness and 
health diagnostic facilities. As a result, the late detection 
of the occurred cervical cancer and the high cost of this 
diseases treatment creates more perilous situation for 
patients. The UCI dataset and the private dataset are used 
for this research work. The most interesting ensemble 
approach containing LR, DT, SVM, MLP, KNN to this issue 
has been discussed to predict the risk of cervical cancer. 
The predicted performance of the proposed approach is 
improved by adopting data correction mechanism and 
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gene-assistance module in this work. The obtained accu-
racy of the proposed method was 83.16%.

In the last decade, the most occurring cancer of women 
body has attracted much attention from research teams 
for early-stage detection and treatment. In this work [12], 
machine learning with classification algorithms like Multi-
layer Perceptron, Decision Trees, Random Forest, K-Nearest 
Neighbor, Naïve-Bayes are applied for early-stage cervical 
cancer detection using risk factor collected dataset from 
UCI. The combined several machine learning techniques 
into one model demonstrated the accuracy of 87.21% 
using training and validation operations.

In this work [13], the dataset is introduced by surveying 
858 patients with a number of attributes like 33 to make 
a predictive analysis about extinguishing cervical cancer. 
This dataset was split into training and test portion where 
various machine learning with classification methods like 
Multilayer Perceptron, BayesNet and k-Nearest Neighbor 
are applied for correct prediction. The performance analy-
sis of this algorithm is based on confusion matrix using 
correctly classified instances and percentage.

This paper [14] was published in the Special Section 
on Fault Diagnosis, Data-Driven Monitoring, and Con-
trol of Cyber-Physical Systems in IEEE Access. According 
to the authors [14], several data-driven approaches such 
as principal component analysis (PCA), particle swarm 
optimization (PSO), fuzzy positivistic C-means clustering, 
linear regression (LR), artificial neural network (ANN) and 
support vector machine (SVM) have been proposed and 
implemented in the field in recent years to provide timely 
diagnosis.

A plethora of effective machine learning algorithm is 
applied on the most popular Pap smear image dataset 
to diagnose cervical cancer at an early stage [15]. The 

performance metrics of confusion matrix are precision call, 
recall score, F1 score and accuracy. Using confusion matrix 
and cost-effectiveness in terms of CPU time is used for the 
performance analysis of various algorithms. The selected 
best feature and reduced processing time are obtained by 
this proposed method to help oncologists in early detec-
tion of cervical cancer. In this work, Logistic Regression 
(LR) exhibits 100% accuracy requiring more CPU time. 
However, 99% accuracy is obtained in the exchange of 
less CPU time.

This paper deals with various selections of top feature 
sets using a combination of feature selection techniques, 
where previous related papers focused on only one selec-
tion of top features. All previous related works deal with 
only one dataset splitting ratio; on the other hand, this 
paper deals with three different dataset splitting ratios.

3  Proposed method

Our main goal is early-stage cervical cancer detection 
through classification algorithms on various top features 
of the dataset. A model has been proposed for this reason. 
The proposed methodology is divided into the following 
subtasks as shown in Fig. 1. In this approach, some impor-
tant stages need extra concentration: (1) pre-processing 
and features selection and (2) model building and analysis. 
Each step is discussed in detail below:

3.1  Dataset description

The dataset was collected from the University of California, 
Irvine (UCI) Machine Learning dataset repository. The data 
were gathered at the Universitario Hospital de Caracas in 

Fig. 1  The proposed model
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Caracas, Venezuela, in 2017. A total of 858 patients’ cases 
for 32 features as well as four target variables—Hin-
selmann, Schiller, Cytology and Biopsy displaying demo-
graphics information, behaviors and medical records—are 
included in the dataset. There are many missing values in 
this dataset, due to many patients not answering ques-
tions because of privacy concerns [16]. The dataset’s attrib-
utes are listed in Table 1 (Figs. 2 and 3).

3.2  Pre‑processing

Data preprocessing is crucial step in data mining and 
machine learning (ML) field to handle missing value, 
noisy data, incomplete data, inconsistent data, outlier 
data of raw data. Preprocessing consists of a number 
of basic steps including cleaning, integration, trans-
formation and reduction. The main objectives of data 
preprocessing are reducing data size, determining rela-
tionship among data, normalizing data, removing out-
lier and extracting features. Before applying ML models, 
basic six steps need to be performed for dealing with 
the targeted dataset. These steps are orderly followed 
such as importing library, importing dataset, taking care 
of missing data in dataset, encoding categorical data, 
splitting dataset into training set and test set [17]. Some 
columns in the dataset have few missing cells with ques-
tion marks that the patients had skipped due to privacy 
issues. Initially, all the question marks were replaced with 
null value in the dataset. Some of the columns have cate-
gorical values, while others have distinct values. To solve 

this curse, missing values of categorical and discrete 
columns are replaced by the mode and mean values of 
that column, respectively. Feature scaling or data nor-
malization is often used in data processing to normalize 
the range of independent variables or attributes of data 
values. As a result, before implementing classification 
algorithms for early-stage cervical cancer detection, we 
scale our data [Standard Scaling] and [MinMaxScaling] so 
that all features contribute equally to the result.

3.3  Feature selection

When developing a predictive model, feature selection is 
the process of selecting the best amount of features from 
the dataset that effectively contribute the most to the fore-
cast variable or output. Irrelevant attributes in the dataset 
will reduce the model’s prediction efficiency as well as the 
classifiers’ overall performance in terms of accuracy and 
complexity. Many more benefits can be obtained by using 
feature selection, such as reduced training time, improved 
model accuracy and reduced over-fitting when modeling 
the dataset [18]. In classification techniques, there are 
several different types of feature selection methods. In 
this paper, we used the Chi-square test and SelectKBest 
methods, as well as Random Forest feature selection, to 
determine which features were more relevant. After apply-
ing those feature selection methods, we determined vari-
ous top features such as 10, 15, 20, 25, 30. The various top 
features are detailed in the figure below:

Table 1  Attribute information

Feature Value range Type Feature Value range Type

Age 13–84 Int STDs: pelvic inflammatory 0/1 Bool
Number of sexual partners 0–28 Int STDs: genital herpes 0/1 Bool
First sexual intercourse (age) 10–32 Int STDs: molluscum contagiosum 0/1 Bool
Number of pregnancies 0–11 Int STDs: AIDS 0/1 Bool
Smokes 0/1 Bool STDs: HIV 0/1 Bool
Smokes (Years) 0–37 Bool STDs: Hepatitis B 0/1 Bool
Smokes (pack/Years) 0–37 Bool STDs: HPV 0/1 Bool
Hormonal Contraceptives 0/1 Bool STDs: Number of diagnosis 0–3 Int
Hormonal Contraceptives (Years) 0–30 Int STDs: Time since first diagnosis 1–22 Int
IUD 0/1 Bool STDs: Time since last diagnosis 1–22 Int
IUD (Years) 0–19 Int Dx: Cancer 0/1 Bool
STDs 0/1 Bool Dx:CIN 0/1 Bool
STDs (number) 0–4 Int Dx:HPV 0/1 Bool
STDs: condylomatosis 0/1 Bool Dx 0/1 Bool
STDs: cervical condylomatosis 0/1 Bool Hinselmann: target variable 0/1 Bool
STDs: vaginal condylomatosis 0/1 Bool Schiller: target variable 0/1 Bool
STDs: vulvo-perineal condylomatosis 0/1 Bool Cytology:  target variable 0/1 Bool
STDs:  syphilis 0/1 Bool Biopsy:  class or target variable 0/1 Bool
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3.3.1  Chi‑square and SelectKBest

The Chi-square statistic is used to compare two types of 
data: tests of independence and tests of goodness of fit. 
The Chi-square test of independence is used in feature 
selection to determine whether the class mark is inde-
pendent of a feature [19]. For categorical features in a 
dataset, the Chi-square test is used. We measure the Chi-
square between each feature and the target and choose 
the various top features with the highest Chi-square 
scores using SelectKBest model. It decides whether the 
sample’s association between two categorical variables 
reflects their true association in the population. The suc-
cessful application of this feature selection method has 

already found in plenty of research works [20]. The Chi-
square score is calculated by Eq. (1):

where Oi is the observed value or no. of observations of 
class and Ei is the expected value or no. of expected obser-
vations of class if there was no relationship between the 
feature and the target.

3.3.2  Random Forest

Random Forest is a supervised learning algorithm that 
can be used for regression as well as classification. 
Because of their relative accuracy, robustness and ease 
of use, Random Forests  are one of the most common 
machine learning methods. They also give two simple 
feature selection methods: mean decrease impurity and 
mean decrease accuracy [21]. The greatest appropriate 
suitable features are generated with a high score after 
applying the Random Forest algorithm to the dataset. 
These features received the highest score out of all the 
features in the dataset.

(1)X2 =

∑�
Oi−Ei

�2

Ei

Fig. 2  Various top features

Dataset 

Training: Tes�ng

60:4 80:270:3

Fig. 3  Dataset splitting ratio
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3.4  Data splitting

To determine the performance of machine learning algo-
rithms, datasets are split into training and testing sets. Dur-
ing the dataset splitting process, the training set receives 
the majority of the data, while the testing set receives 
a smaller portion. During the training of the proposed 
model, the train dataset was used. By running the trained 
model on the test dataset, the success rates were deter-
mined. In this study, the dataset was split in various ways 
to compare the accuracy, precision, recall and f1-score val-
ues of various classification algorithms.

3.5  Classification algorithms

3.5.1  Logistic Regression (LR)

Logistic Regression is a machine learning classification 
algorithm used to assign observations to a discrete set of 
classes. Unlike linear regression, which produces continu-
ous number values, Logistic Regression produces a prob-
ability value that can be mapped to two or more distinct 
groups using the logistic sigmoid equation. The function 
converts every real number into a number between 0 and 
1. We use sigmoid to map predictions to probabilities in 
machine learning.

Equation of sigmoid function is given by Eq. (2):

where

• f(x) = output between 0 and 1 (probability estimate)
• x = input to the function (algorithm’s prediction, e.g., 

mx + b)
• e = base of natural log

LR has a number of advantages, including the ability 
to have probabilities naturally and the ability to handle 
multi-class classification problems [22]. Another advan-
tage is that most LR model analysis approaches are based 
on the same concepts as linear regression [23]. Logistic 
Regression was shown to be the most consistent with its 
accuracy scores.

3.5.2  Random Forest (RF)

Random Forest (RF) is a data mining technique for deal-
ing with classification and regression issues. Growing an 
ensemble of trees and voting to determine the class cat-
egory greatly improved classification accuracy. To develop 
these ensembles, random vectors are created. Each tree 

(2)f (x) = 1∕
(
1 + e−(x)

)

is made up of one or more random vectors. Classification 
and regression trees make up RF. The production of trees 
is analyzed to solve classification problems. The RF predic-
tion is determined by a majority of class votes.

Although the generalization error is reduced to a limit-
ing value, since over-fitting does not occur in large RFs, 
more trees are added to RF [24]. To achieve higher accu-
racy, low bias and correlation are important. Trees are 
grown without pruning to achieve low bias, and variables 
are randomly distributed at each node to achieve low cor-
relation. After a tree has been developed, an out-of-bag 
(OOB) dataset is used to evaluate its performance. While 
more trees grow, RF uses the OOB dataset to measure an 
unbiased error estimate. In RF classification, the OOB data-
set is often used to calculate the significance of variables 
[25].

3.5.3  K‑nearest neighbor

The k-NN is a classification problem-solving supervised 
learning algorithm. The key point is to study the charac-
teristics of each category in advance [26]. According to 
the k-NN algorithm used in the classification, the distance 
between the new individual and all previous individuals 
is considered, and the nearest k class is used, based on the 
attributes drawn from the classification level. As a result 
of this procedure, test data are assigned to the k-nearest 
neighbor group, which contains the most members in a 
given class. The research uses experiments to determine 
the best k number, and the Euclidean distance calculations 
method is used to calculate distance.

Euclidean calculation method is presented in Eq. 3 [27]

Where the pi and pj are different points belonging to the 
n-dimensional space in which the Euclidean process is 
applied for points distance calculation.

3.5.4  Multilayer perceptron (MLP)

It is an artificial neural network model that maps input sets 
to appropriate output sets using a feedforward method. A 
multilayer perceptron (MLP) is made up of several layers 
of nodes, each of which is connected to the one before 
it. Except for the input nodes, each node is a processing 
unit or a neuron with a nonlinear activation function. It 
uses a supervised learning technique as backpropagation 
that is used for training the network. The alteration of the 

(3)d
(
pi , pj

)
=

√√√√
n∑

s=1

(pis + pjs)
2



Vol.:(0123456789)

SN Applied Sciences           (2021) 3:806  | https://doi.org/10.1007/s42452-021-04786-z Research Article

standard linear perceptron, MLP is capable of distinguish-
ing data which are not linearly separable [28].

3.5.5  Support vector machine

The support vector machine (SVM) is a supervised learn-
ing system and one of the kernel-based machine learn-
ing techniques. Vapnik at Bell Laboratories is primarily 
responsible for the creation of the SVM. SVM creates a 
high-dimensional space and then divides it based on the 
training details [29]. SVC was chosen for its ability to han-
dle high-dimensional input [30] and specifies the kernel 
type to be used in the SVC algorithm. It must be one of 
‘linear,’ ‘poly,’ ‘rbf,’ ‘sigmoid,’ ‘precomputed’ or a callable. If 
none is given, ‘rbf’ will be used. We applied kernel ‘linear.’

3.5.6  Decision tree

One of the classification methods is the decision tree [31], 
which classifies labeled trained data into a tree or rules. 
To test the accuracy of a classifier, test data are randomly 
selected from training data after the tree or rules are 
derived in the learning process. Unlabeled data are clas-
sified using the tree or rules learned during the learning 
phase after accuracy is checked. The structure of a decision 
tree is similar to the tree with a root node, a left subtree 
and right subtree. The leaf nodes in a tree represent a class 
label. The attribute splits depend on the impurity meas-
ures such as information gain, gain ratio, Gini index. The 
information gain is defined by Eq. (4):

Following the construction of the tree, it is pruned to 
inspect for overfitting and noise. Finally, the tree has been 
optimized. The benefit of a tree-structured approach is 
that it is simple to understand and interpret, and it can 
handle both categorical and numerical attributes. It is also 
resistant to outliers and missing values. Decision tree clas-
sifiers are commonly used to diagnose diseases like breast 
cancer, ovarian cancer and heart sound diagnosis [32].

3.5.7  Gradient boosting classifiers (GBC)

Gradient boosting (GB) [33] generates new models 
sequentially from an ensemble of poor models with the 
aim of minimizing the loss function with each new model. 
The gradient descent method is used to calculate this loss 
function. Each new model fits more accurately with the 
observations when the loss function is used, and thus, the 
overall accuracy is increased. Boosting, on the other hand, 

(4)

Gain(a, b) = Entrppy(a) −
∑

v∈Values(b)

||av||
|a|

.Entropy
(
av
)

must be stopped at some point; otherwise, the model 
would appear to over fit. A threshold for prediction accu-
racy or a maximum number of models produced may be 
used as a stopping criterion.

3.5.8  AdaBoost classifier

Adaptive boosting gives each training observation an 
equal weight at first. It uses a series of weak models and 
gives higher weights to observations that have been 
misclassified. The accuracy of the misclassified findings 
is increased since it uses several poor models, integrat-
ing the effects of the decision boundaries obtained dur-
ing multiple iterations. Since it uses several poor models, 
integrating the outcomes of multiple iterations’ decision 
boundaries, the accuracy of the misclassified findings is 
increased, as is the accuracy of the overall iterations [34].

The weak models are evaluated using the error rate 
given in Eq. (5):

where �t is the weighted error estimate, pri−Dt
 is the prob-

ability of the random example i to the distribution Dt , ht 
are the hypotheses of the weak learner, xi is the training 
observation, yi is the target variable, and t is the iteration 
number. The prediction error is one if the classification is 
wrong and 0 if the classification is correct.

3.6  Evaluation measures

The confusion matrix is a common method used to solve 
classification problems. It can be used to solve problems 
involving multiclass classification as well as binary classi-
fication. The confusion matrix is a N*N-dimensional matrix 
that describes the classification performance of a classifier 
in relation to some test data. Only if the true value for test 
data is defined can it be determined. Confusion matrices 
represent counts from predicted and actual values.

A number of evaluation criteria are listed below:
Accuracy: Accuracy is the most immersive performance 

measure. It is the ratio of correctly expected observation to 
total observation. The sum of true positive and true nega-
tive is divided by the total number of subjects in the sam-
ple to determine accuracy. An Eq. (6) is used to calculate it:

Recall: It refers to the proportion of system-generated 
results that correctly predicted positive observations 

(5)
�t = pri−Dt

[
ht
(
xi
)
≠ yi

]
=

∑

i∶ht(xi)≠yi

Dt

(6)Accuracy =
TP + TN

TP + TN + FP + FN
× 100
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compared to all actual positives. It is also known as sensi-
tivity. An Eq. (7) is used to calculate it:

Precision: It specifies the proportion of system-gener-
ated positive observations that are correctly predicted 
compared to the total number of predicted positive obser-
vations. An Eq. (8) is used to calculate it:

F1-Score: F1-score is defined by the weighted average 
of precision and recall. Hence, F1-score takes both false 
positive (FP) and false negative (FN) into account to con-
vey the balance between recall and precision. An Eq. (9) is 
used to calculate it:

4  Result and analysis

This section discusses the results of the experimental 
analysis and the detection of cervical cancer disease. For 
the purpose of analysis, various classification algorithms 
were used, and the result showed that the outcome was 
dependent on a number of various suitable features from 
the dataset.

(7)Recall =
TP

TP + FN
× 100

(8)Precision =
TP

TP + FP
× 100

(9)F1 − score =
2 ∗ Recall ∗ Precision

Recall + Precision
× 100

4.1  Experimental setup

The proposed method is evaluated on a system with 8 GB 
of RAM and a 3.0 GHz Intel Core i-7 processor using the 
cloud-based web application environment named Google 
Colab was used to create the model and use classifica-
tion algorithms to detect cervical cancer disease on the 
dataset. The Google Colab provides free Jupyter note-
book environment without setup requirements. Moreo-
ver, this ensures simultaneous working environment and 
frequently used-required machine learning libraries [35]. 
Various suitable features chosen for the detection of cervi-
cal cancer disease from 36 attributes in the dataset using 
the combination of various feature selection technique, 
and target attributes named biopsy were used to classify 
the dataset as healthy or cancer results for cervical cancer 
diagnostics.

4.2  Result evaluation

The results and accuracies we hope to achieve by using 
various classification algorithms are shown here. The clas-
sification algorithm’s results and performance are sum-
marized in the various tables, and figures are listed. Using 
Chi-square, SelectBest and Random Forest algorithms is to 
select various top features with a higher score for detect-
ing cervical cancer disease.

4.2.1  Analysis of model performance on various top 
features

On top 10 features, MLP claims best accuracy 97.40% 
and f1-score of 97.20%. The RF classifier has the highest 
precision and recall, while the DT classifier has the lowest 

80.00%
82.00%
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Fig. 4  Highest performance comparison of different classification algorithms on top 10 features
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accuracy reporting because decision tree is a technique 
of machine learning, while MLP is exclusive to deep learn-
ing. The MLP is made up of a network of processing units 
that resemble neurons. For these top 10 features, MLP 
performs better than any other classifiers. Highest perfor-
mance comparison of different classification algorithms 
on top 10 features is shown in Fig. 4. Various performance 

comparison of different classification algorithms on top 10 
features based on various dataset splitting ratio is shown 
in Table 2.

On top 15 features, MLP and LR each claim best accu-
racy 98.00% and recall 98.00%. The MLP classifier has the 
highest precision and recall, while the AdaBoost classi-
fier has the lowest accuracy reporting. For these top 15 

Table 2  Performance 
comparison of different 
classification algorithms on top 
10 features

Model Training data and 
testing data ratio

Accuracy (%) Precision (%) Recall (%) F1-score (%)

MLP 70:30 97.40 97.00 97.40 97.20
60:40 97.00 97.00 97.00 97.00
80:20 97.00 97.00 97.00 97.00

RF 70:30 97.00 98.00 98.00 97.00
60:40 96.00 97.00 96.00 96.00
80:20 95.00 96.00 95.00 96.00

LR 70:30 96.80 92.00 96.80 94.00
60:40 97.00 97.00 97.00 96.00
80:20 96.60 96.00 96.60 96.00

KNN 70:30 96.80 94.00 96.80 95.00
60:40 96.00 96.00 96.00 96.00
80:20 97.00 97.00 97.00 97.00

SVC 70:30 97.00 98.00 97.00 97.00
60:40 97.00 97.00 97.00 97.00
80:20 97.00 97.00 97.00 97.00

Decision Tree 70:30 86.00 93.00 86.00 88.00
60:40 84.00 94.00 84.00 88.00
80:20 81.00 91.00 81.00 95.00

GBC 70:30 86.50 94.00 86.00 90.00
60:40 85.00 94.00 85.00 88.00
80:20 86.00 94.00 86.00 89.00

AdaBoost 70:30 86.00 94.00 86.00 90.00
60:40 84.00 93.00 84.00 88.00
80:20 86.00 94.00 86.00 90.00
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Fig. 5  Highest performance comparison of different classification algorithms on top 15 features
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features, MLP and LR each perform better than other 
classifiers. Highest performance comparison of different 
classification algorithms on top 15 features is shown in 
Fig. 5. Performance comparison of different classification 
algorithms on top 15 features based on various dataset 
splitting ratio is shown in Table 3.

On top 20 features, MLP and RF each claim best accu-
racy over 97.00%. The MLP classifier has the highest pre-
cision and recall, while the GBC and AdaBoost have the 
lowest accuracy reporting. For these top 20 features, MLP 
performs better than other classifier. Highest performance 
comparison of different classification algorithms on top 

Table 3  Performance 
comparison of different 
classification algorithms on top 
15 features

Model Training data and 
testing data ratio

Accuracy (%) Precision (%) Recall (%) F1-score (%)

MLP 70:30 98.00 99.00 98.00 98.50
60:40 97.00 97.00 97.00 97.00
80:20 97.00 97.00 97.00 97.00

RF 70:30 97.00 97.00 97.00 97.00
60:40 96.80 97.00 96.80 96.00
80:20 96.00 96.00 96.00 96.00

LR 70:30 98.00 92.00 98.00 95.00
60:40 97.00 97.00 97.00 97.00
80:20 96.00 95.00 96.00 95.50

KNN 70:30 95.40 94.00 95.40 94.50
60:40 96.00 96.00 96.00 96.00
80:20 96.00 95.00 96.00 95.00

SVC 70:30 97.00 98.00 97.00 97.00
60:40 97.00 97.00 97.00 97.00
80:20 97.00 97.00 97.00 97.00

Decision Tree 70:30 86.40 95.00 86.40 90.00
60:40 86.00 95.00 86.00 89.00
80:20 85.00 96.00 81.00 89.00

GBC 70:30 86.00 94.00 86.00 90.00
60:40 85.00 94.00 85.00 88.00
80:20 83.00 93.00 8300 87.00

AdaBoost 70:30 86.00 94.00 86.00 89.00
60:40 86.00 94.00 86.00 89.00
80:20 82.00 92.00 82.00 86.00
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Fig. 6  Highest performance comparison of different classification algorithms on top 20 features
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20 features is shown in Fig. 6. Performance comparison of 
different classification algorithms on top 20 features based 
on various dataset splitting ratio is shown in Table 4.

On top 25 features, MLP claims best accuracy 98.00%. 
The best precision giving classifiers are MLP and SVC as 
98.00%. The lowest accuracy reporting classifiers are GBC 
and AdaBoost. For these top 25 features, MLP performs 

better than other classifier. Highest performance com-
parison of different classification algorithms on top 25 
features is shown in Fig. 7. Performance comparison of 
different classification algorithms on top 25 features 
based on various dataset splitting ratio is shown in 
Table 5.

Table 4  Performance 
comparison of different 
classification algorithms on top 
20 features

Model Training data and 
testing data ratio

Accuracy (%) Precision (%) Recall (%) F1-score (%)

MLP 70:30 97.50 99.00 98.00 98.50
60:40 97.00 97.00 97.00 97.00
80:20 97.00 97.00 97.00 97.00

RF 70:30 97.30 97.00 97.30 97.00
60:40 96.00 96.00 96.00 96.00
80:20 96.00 96.00 96.00 96.00

LR 70:30 97.00 96.00 97.00 96.00
60:40 97.00 97.00 97.00 97.00
80:20 97.00 96.00 97.00 96.00

KNN 70:30 97.00 96.00 97.00 96.00
60:40 95.00 95.00 95.00 95.00
80:20 95.00 95.00 95.00 95.00

SVC 70:30 97.00 98.00 97.00 97.00
60:40 97.00 97.00 97.00 97.00
80:20 97.00 97.00 97.00 97.00

Decision Tree 70:30 86.50 94.00 86.50 90.00
60:40 84.00 94.00 84.00 88.00
80:20 84.00 95.00 84.00 88.00

GBC 70:30 87.00 95.00 87.00 90.00
60:40 85.00 94.00 85.00 88.00
80:20 83.00 93.00 8300 87.00

AdaBoost 70:30 86.10 94.00 86.10 89.00
60:40 85.00 94.00 85.00 89.00
80:20 83.00 93.00 83.00 87.00
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Fig. 7  Highest performance comparison of different classification algorithms on top 25 features
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On top 30 features, MLP claims best accuracy 98.10%. 
The MLP classifier has the highest precision, while the 
GBC and AdaBoost have the lowest accuracy reporting. 
For these top 30 features, MLP performs better than any 

other classifiers. Highest performance comparison of dif-
ferent classification algorithms on top 30 features is shown 
in Fig. 8. Performance comparison of different classification 
algorithms on top 30 features based on various dataset 
splitting ratio is shown in Table 6.

Table 5  Performance 
comparison of different 
classification algorithms on top 
25 features

Model Training data and 
testing data ratio

Accuracy (%) Precision (%) Recall (%) F1-score (%)

MLP 70:30 98.00 98.00 98.00 98.00
60:40 97.00 97.00 97.00 97.00
80:20 97.00 96.00 97.00 96.00

RF 70:30 97.30 97.00 97.30 97.00
60:40 96.00 96.00 96.00 96.00
80:20 96.60 96.00 96.60 96.00

LR 70:30 97.30 97.00 97.30 97.00
60:40 97.00 97.00 97.00 97.00
80:20 96.00 95.00 96.00 95.00

KNN 70:30 96.00 96.00 96.00 96.00
60:40 95.00 95.00 95.00 95.00
80:20 95.00 94.00 95.00 95.00

SVC 70:30 97.30 98.00 97.30 97.00
60:40 97.00 97.00 97.00 97.00
80:20 97.00 97.00 97.00 97.00

Decision Tree 70:30 86.00 95.00 86.00 89.00
60:40 84.00 94.00 84.00 88.00
80:20 84.00 95.00 84.00 88.00

GBC 70:30 86.50 95.00 86.50 90.00
60:40 85.00 94.00 85.00 88.00
80:20 83.00 93.00 8300 87.00

AdaBoost 70:30 87.00 94.00 87.00 90.00
60:40 86.00 94.00 86.00 89.00
80:20 83.00 93.00 83.00 87.00
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Fig. 8  Highest performance comparison of different classification algorithms on top 30 features
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5  Discussion

The study of the obtained results using different clas-
sification algorithms supports the diagnosis of patients 
with cervical cancer disease. A combination of feature 
selection methods was used in this study for feature 
selection. Various suitable features/attributes with high 
scores among all features in the dataset have been cho-
sen. Following that, eight different classification algo-
rithms were used to detect cervical cancer disease at 
an early stage, including Multilayer Perceptron (MLP), 
Logistic Regression, Random Forest, K-nearest Neigh-
bors, Decision tree, SVC, Gradient Boosting and Ada-
Boost. Among different dataset splitting ratios and vari-
ous top features, the better accuracy rate obtained from 
Multilayer Perceptron (MLP) was 98.10% on top 30 fea-
tures, Logistic Regression was 98.00% on top 15 features. 
On top 25 features Random Forest and Support Vector 
Machine each claim 97.30% and AdaBoost was 87.00%, 
On top 20 features K-Nearest Neighbors claim 97.00% 
and Gradient Boosting claims 87.00% and decision tree 
claims 86.50%. The study deals with various selections of 
top features sets, where previous related papers focused 
on only one selection of top features. All previous related 

works deal with only one dataset splitting ratio; on the 
other hand, this paper deals with three different data-
set splitting ratios to measure performances variation 
of the model. In this paper [12] their model claims the 
highest accuracy is 87.21% on only one top features set; 
on the other hand, this model MLP claims up to 98.00% 
accuracy on various top features sets. The overall highest 
and lowest accuracy comparison of different classifica-
tion algorithms is shown in Figs. 9 and 10. Also overall 
highest and lowest performance comparison of differ-
ent classification algorithms is shown in Tables 7 and 8. 
Highest accuracy comparison on top suitable features 
of classification algorithms is shown in Fig. 11. Highest 
accuracy comparison on various top features of classifi-
cation algorithms is shown in Fig. 12.

6  Conclusion

Nowadays, cervical cancer is a widespread disease and 
screening also entails lengthy clinical tests. The aim of the 
research is to develop a model that can accurately diag-
nose and analyze risk factors for cervical cancer data using 
classification algorithms such as Multilayer Perceptron 

Table 6  Performance 
comparison of different 
classification algorithms on top 
30 features

Model Training data and 
testing data ratio

Accuracy (%) Precision (%) Recall (%) F1-score (%)

MLP 70:30 98.10 98.00 98.10 98.00
60:40 97.00 97.00 97.00 97.00
80:20 96.00 95.00 96.00 95.00

RF 70:30 97.30 97.00 97.30 97.00
60:40 96.00 96.00 96.00 96.00
80:20 96.50 96.00 96.50 96.00

LR 70:30 97.30 97.00 97.30 97.00
60:40 97.00 97.00 97.00 97.00
80:20 96.00 95.00 96.00 95.00

KNN 70:30 96.00 96.00 96.00 96.00
60:40 95.00 95.00 95.00 95.00
80:20 95.00 95.00 95.00 95.00

SVC 70:30 97.00 97.00 97.00 97.00
60:40 96.00 96.00 96.00 96.00
80:20 97.00 97.00 97.00 97.00

Decision Tree 70:30 85.30 94.00 85.30 89.00
60:40 84.00 93.00 84.00 88.00
80:20 84.00 95.00 84.00 88.00

GBC 70:30 86.50 95.00 86.50 90.00
60:40 85.00 94.00 85.00 88.00
80:20 83.00 93.00 8300 87.00

AdaBoost 70:30 87.00 94.00 87.00 90.00
60:40 86.00 94.00 86.00 89.00
80:20 83.00 93.00 83.00 87.00
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(MLP), Random Forest and k-Nearest Neighbor, Deci-
sion Tree, Logistic Regression, SVC, Gradient Boosting 
and AdaBoost. A variety of approaches are used to pre-
vent missing values. A combination of feature selection 
techniques, such as Chi-square, SelectBest and Random 
Forest, was used to pick different top suitable features. 
Accuracy, recall, precision and f1-score parameters are 

used to analyze those classifications performance. As a 
result, when compared to the other eight classification 
algorithms, MLP has the highest rate of accuracy, preci-
sion, recall and f1-score, while Decision Tree has the lowest 
rate of accuracy, precision, recall and f1-score. Classifica-
tion models claim highest accuracy on specific top fea-
tures such as Multilayer Perceptron (MLP) was 98.10% on 

Fig. 9  Highest accuracy com-
parison of different classifica-
tion algorithms

80.00%
82.00%
84.00%
86.00%
88.00%
90.00%
92.00%
94.00%
96.00%
98.00%

100.00% 98.10% 97.30% 98.00% 97.00% 97.30%

86.50% 87.00% 87.00%

accuracy

Classifica�on Algorithms

Ac
cu

ra
cy

 R
at

e 
in

 

Fig. 10  Lowest accuracy com-
parison of different classifica-
tion algorithms
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Table 7  Highest performance 
comparison of different 
classification algorithms

Model Training data and 
testing data ratio

No. of 
top 
feature

Accuracy (%) Precision (%) Recall (%) F1-score (%)

MLP 70:30 30 98.10 98.00 98.10 98.00
RF 70:30 25 97.30 97.00 97.30 97.00
LR 70:30 15 98.00 92.00 98.00 97.00
KNN 70:30 20 97.00 96.00 97.00 96.00
SVC 70:30 25 97.30 98.00 97.300 97.00
Decision Tree 70:30 20 86.50 94.00 86.50 90.00
GBC 70:30 20 87.00 95.00 87.00 90.00
AdaBoost 70:30 25 87.00 94.00 87.00 90.00
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Table 8  Lowest performance 
comparison of different 
classification algorithms

Model Training data and 
testing data ratio

No. of 
top 
feature

Accuracy (%) Precision (%) Recall (%) F1-score (%)

MLP 80:20 30 96.00 95.00 96.00 95.00
RF 80:20 10 95.00 96.00 95.00 96.00
LR 80:20 30 96.00 95.00 96.00 95.00
KNN 80:20 25 95.00 94.00 95.00 95.00
SVC 60:40 30 95.00 96.00 95.00 96.00
Decision Tree 80–20 10 81.00 91.00 81.50 86.00
GBC 80–20 30 83.00 93.00 83.00 87.00
AdaBoost 70:30 15 82.00 92.00 82.00 86.00
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Fig. 11  Highest accuracy comparison on top suitable features of different classification algorithms
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top 30 features; Logistic Regression was 98.00% on top 
15 features. These models are reasonably accurate, and 
their accuracies are similar. On average, MLP proved to be 
better than others classification model on various top fea-
tures. On the other hand, most of the classification models 
claim the highest accuracy on the top 25 features in data-
set splitting ratio (70:30). After comparing our findings to 
those of many previous studies, we discovered that our 
models were more effective at diagnosing cervical cancer 
based on certain evaluation criteria.
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