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INTRODUCTION

Cervical cancer persists as a major public health issue,
particularly impacting women in their childbearing age.
This cancer develops from the cervix, which is the cylindri-
cal-shaped lower part of the uterus leading into the vagina.
The primary driver of cervical cancer is a long-term infec-
tion with high-risk HPV strains, a virus that is sexually
transmitted. While most of the HPV infections resolve on
their own and are non-threatening, some are persistent and
resolve more slowly [1, 2]. These precancerous lesions, over
time, may lead to invasive cervical cancer.

One of the most ancient and prevalent viral infections
in humans is HPV, with infected individuals all over the
globe [3]. As stated by the WHO, cervical cancer is the
fourth most common cancer amongst women in the world.
New case counts for the disease reached approximately
604,000 with 342,000 deaths in 2020 alone. Of great con-
cern, almost 90% of the new cases and deaths were from
low-middle income nations. This is a phenomenon driven
by a lack of robust healthcare systems and the absence of
integrated, tailored cancer prevention programs.

HPV types 16 and 18 are the most oncogenic strains,
precipitating approximately 70% of cervical cancers. The
risk of infection and disease advancement may increase
due to various factors: early onset of sexual activity, multi-
ple sexual partners, long-term contraceptive use, smoking,
and HIV co-infection. Disease advancement at the molecu-
lar level is defined by the integration of HPV DNA into the
host genome, resulting in the overexpression of viral onco-
genes E6 and E7. E6 and E7 oncoproteins hijack essential
tumor suppressors such as p53 and retinoblastoma (Rb),
leading to uncontrolled cell division and subsequently,
malignant transformation [4].

Cervical screening and HPV vaccination have shown
significant proactive results. Precancerous changes can be
detected early via Pap smear cytology along with DNA HPV
testing. Developed countries have reported a significant
decline in the incidence and mortality of cervical cancer
due to proactive screening programmes [5]. In resource-re-
stricted countries, earlier diagnosis is rare, which leads to
poor outcomes and higher mortality. To address this gap,
global health strategies need to prioritize the strengthening
of healthcare systems, the launching of mass education HPV
vaccination campaigns, and the elevation of awareness con-
cerning risk factor reduction [6,7]. The burden of cervical
cancer and women’s health inequities on a global scale can
only be alleviated through effective, affordable, and cultur-
ally appropriate policies and programs. The stigma of cervi-
cal cancer and poor awareness among women deters them
from seeking preventive care or early diagnosis. It is essen-
tial, therefore, to counter these hindrances with innovative,
cost-effective solutions [8]. Acetic acid visual inspection
is much less expensive than Pap smears, and luminations
have shown promise in detecting cervical abnormalities,
especially well-suited in resource-limited settings [9].

Mobile health clinics and outreach programs bring screen-
ing services to the underserved, remote areas, thus increas-
ing access. Digital health technologies, from telemedicine
to Al-supported diagnoses, can benefit from a complete
turnaround by allowing patients to leap over the barrier of
distance to reach specialist care. These offer the possibility
of remote assessments with early detection of conditions in
places lacking access to healthcare services. All education
and awareness work about the value of protection against
cervical cancer and getting proper Pap tests should be tar-
geted at educating women. Community health workers can
also serve as important channels for such education efforts
and encouragement of community members to participate
in screening programs.

Conventional cervical cancer screening methods com-
prise Pap smears, in addition to HPV tests, which call for
manual interpretation. Certainly time-consuming, prone
to human error, and ineffective in low-resource contexts.
Vaccinating against HPV is another essential preven-
tive step [10]. Cervarix and Gardasil vaccinations defend
against most widespread speculative-risk HPV varieties.
The implementation of these vaccinations has yielded pos-
itive results in reducing the occurrence of HPV infections
and cervical cancer. As per the WHO, girls between the
ages of 9 and 14 ought to receive a routine HPV vaccination
prior to starting sexual activity [11].

Early signs of the disease do not present themselves.
With the ever-changing nature of data, It Is pertinent to
understand that cervical cancer screening requires HPV
and PAP smear testing and regular follow-up visits so that
it can be addressed in as timely a manner as possible [40].
The more advanced stages of the disease are associated
with increased discomfort in the pelvic area, along with
pain during intercourse. Each Individual patient has their
treatment plan, which may include surgical treatment com-
bined with radiotherapy or plasma chemotherapy in more
advanced patients. Recently, some of the more specific and
compelling recurrent or metastatic cervical cancer treat-
ment options, such as immunotherapy, have emerged with
much more favorable and efficient regard for achieving
functional outcomes. As with any complicated prediction,
there is always some stage and combination of treatments
that changes it. For cervical cancer, it is highly dependent.
However, early detection increases the five-year survival
chance of a patient to roughly ninety-two percent [12, 13].

Comparably, the chances of survival with cancer
detected at an advanced stage drop sharply to seventeen
percent. In the United States, the American Cancer Society
data shows that 66 percent of women with cervical cancer
are expected to live beyond five years post-diagnosis. These
figures demonstrate the importance of effective treatment
and intervention to reduce mortality and increase survival
rates for patients diagnosed with cervical cancer. Early
detection is made possible by combining approaches uti-
lizing ensemble methods, ensuring improved confidence
in diagnostics forming within the disjunctions of data
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collected through mechanisms such as HPV tests and Pap
smears [14]. Feature selection is so vital as it emphasizes
explanatory factors to reasonably predict diagnosis of cer-
vical cancer.

Machine Learning models deal with vast volumes of
patient data. They are able to recognize very subtle pat-
terns that a human being might overlook, thus leading to
more excellent detection rates. An ML-based approach can
lead to greater diagnostic accuracy and fewer instances
of false positives and negatives, with a view to furthering
the clinical decision support system towards timely and
effective interventions. Ensemble techniques include bag-
ging, boosting, and stacking, depending on the desired
application to enhance performance. The ensemble learns
from the dataset and evaluates the model’s performance in
terms of accuracy and FI score. Machine Learning mod-
els deployed in automated systems provide high-quality
diagnostic support to those areas of the world with limited
access to expert pathologists. Once trained and validated,
this model would now provide risk of cervical cancer in
consideration of new patients and recommendations for
any follow-up testing. It is possible to incorporate machine
learning into the existing healthcare structures in the fight
against cancer. Thus, this may help clinicians determine the
prognosis and design treatment plans personalized to the
patient [41, 42]. A highly reliable and corroborated method
toward an enhanced diagnosis enables timely intervention,
finalizing better patient outcomes. Continuous monitoring
and retraining imply that the model remains working well
over time.

Related Works

These recent advances in cervical cancer (CC) detec-
tion and diagnosis, as well as active research on the use of
technology, have identified the emerging areas of technol-
ogy like computer-aided diagnosis (CAD) and advanced
diagnostic support systems [15]. Researchers have devel-
oped automated diagnosis of cervical cancer through indi-
vidual and ensemble models based on machine learning,
improving accuracy of machine learning when deploying
models. In these studies, multiple classifiers were tested,
with genetic preprocessing and feature selection in genetic
programming producing excellent results that improved
diagnostic accuracy. Several studies have contributed to
increasing cervical cancer detection and understanding
the link between this cancer and HPV. For instance, after
Munoz et al. (2006) researched worldwide HPV prevalence,
they helped forge a crucial association between HPV infec-
tion and cervical cancer while simultaneously aiding vac-
cine development. They furthered the evaluation of various
screening strategies, too. According to Arbyn et al. (2012),
HPV DNA testing is much more sensitive (90-95%) than
cytology (70-80%). However, trials utilized by Ronco et
al. (2014) in Europe have confirmed that HPV testing has
superior early detection sensitivity of 94 and specificity of
98 percent when compared to cytology. We identify broad

disparities in incidence and outcome of cervical cancer that
compare high-income with treatment inequalities amongst
low to middle-income countries as part of Bruni et al.
(2020) global cancer registry data analysis. Newer treatment
modalities in Marth et al’s (2017) clinical trial assessment
of targeted therapies for advanced cervical cancer have
shown promise for better response rates. Yu et al. (2021)
extend diagnosis capabilities beyond the scope of both clin-
ical images and the data to machine learning models.

Extensive evaluations of screening strategies have also
been done. HPV DNA testing has much higher sensitivity
(90 - 95%) than cytology (70 — 80%), as shown by Arbyn
et al. (2012). However, Ronco et al. (2014) trials in Europe
confirmed that HPV testing performs better than cytology
in early detection, with sensitivity of 94% and specificity of
98%. This is from Bruni et al, 2020. An international nag-
ging cancer registry study pointed out the sharp differences
in the incidence and outcomes of cervical cancer in rela-
tion to their lower- and middle-income peers within high
income countries. It emphasized the lack of timeliness in
the provision of healthcare services, starkly highlighting
the divide in the care gap based on economic classifica-
tions. In the clinical trial conducted by Marth et al. (2017),
newly emerging treatment options for aggravated invasive
cervical cancer showed better response rates, giving hope
for further treatment. Making a further contribution in the
area, Yu et al. (2021) applied machine learning algorithms
to clinical images and patient data which greatly improved
the accuracy of the diagnosis and the possibilities of earlier
detection.

MATERIALS AND METHODS

The following part explains the methodology phases,
the suggested technique, and the dataset utilized to detect
carcinoma of the cervix. The model workflow is shown in
Figure 1. It also offers an overview of machine learning
classifiers used in this study.

Dataset for Experiments

The dataset contains information related to cervical
cancer screening outcomes and risk factors. This dataset
is significant in research and analytical works, particularly
in assessing and forecasting the occurrence of cervical can-
cer. It is organized in tables and saved as a CSV (Comma
Separated Values) file, which provides easy access and
allows it to be used in data-centric studies. The dataset
includes various attributes (features) categorized into per-
sonal, demographic, and medical risk factors. The size of
the dataset is 99.7 KB. Data has 36 variables comprising his-
torical details and risk factors regarding a patient.

Demographic variables vary among women (age, repro-
ductive history, sexuality), as well as medical variables
(history of smoking and contraceptive use (both hormonal
contraceptives and intrauterine devices (IUDs)). It also
records previous diagnoses of other sexually transmitted
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Figure 1. Proposed model workflow diagram.

infections, such as condylomatosis, syphilis, genital herpes,
pelvic inflammatory disease, and vulva-perineal and vagi-
nal condylomatosis. It also records less common infections
like molluscum contagiosum, hepatitis B, HIV and HPV.
The clinical parameters record the history of previously
diagnosed STIs along with other relevant diseases like cer-
vical or HPV cancer, CIN, and any other herpetic involve-
ment. Moreover, the dataset contains biopsy results, which
are necessary for determining relationships and trends that
might be associated with or indicate the possibility of cer-
vical cancer. Cervical cancer can be detected earlier, and
its risks can be assessed through epidemiological research
utilizing these datasets, which are gathered from systematic
healthcare surveys or medical documents. This dataset is
often derived from medical records or health surveys. It is
used in medical research, particularly in studies focusing on
cervical cancer prevention and early detection. Missing val-
ues are regular occurrences within real-world datasets, and
utmost care should be taken to handle them efficiently to
vouch for the validity of a data-based endeavor. The treat-
ment of missing values may vary according to the nature
of their manifestation, extent, and impact on the analysis.
In case of missing values, replace them with the mean or
median of the column and in case of categorical variables,
replace missing values with the most frequent category.

Preprocessing and Machine Learning Models for Cervical
Cancer Prediction

Supervised learning falls under machine learning, and
it concerns training algorithms on a labeled dataset so that

new data points can be accurately classified. Classification
tasks can be defined in terms of two main categories: binary
classification, in which a model predicts one of two possible
outcomes, and multi-class classification, in which a predic-
tion can belong to multiple classes. For practical purposes,
a well-known Python-based framework for machine learn-
ing and data mining - sci-kit-learn - provides an extensive
collection of tools. The library is highly efficient for binary
and multi-class classification problems with tools for clas-
sification such as decision trees, support vector machines
(SVMs), and logistic regression [43].

Several preprocessing activities were performed before
training machine learning models, with the objective of
ensuring data quality and reliability. First, a missing value
analysis was conducted, in which the original records in the
dataset with missing values were not removed, as removing
partial records results in data loss and possible biases; the
treatment instead was a mean substitution. In this scenario,
the mean substitution method computes the mean of a given
numerical column, and imputes it into each missing value
for that column. The Synthetic Minority Over-sampling
Technique (SMOTE) is applied to medical datasets to
tackle their class imbalance problem by oversampling the
minority class through the creation of artificial samples.
The SMOTE methodology generates artificial instances by
making new points from existing ones. It is preferable to fix
data with shared values that may enhance predictive power
of models used when identifying a case from minority class;
thus, analytical models have a substantive advantage when
spotting instances belonging to the underrepresented class.
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In addition, since a majority of machine learning algo-
rithms require numerical input, it was necessary to convert
categorical/non-numeric columns into numeric format.
We utilized encoding techniques depending on the type -
label encoding or one-hot encoding, to ensure that machine
learning models can process and learn from all features [44,
45]. These preprocessors were imperative for model per-
formance, fairness, and creating a robust cervical cancer
detection framework.

Random Forest Classifier

Random Forest (RF) is a classic form of ensemble learn-
ing in classification and regression. It works by building
many decision trees, each constructed from a random sam-
ple of features and the training data. In classification, RF
combines the predictions by majority voting, and in regres-
sion, it averages the predictions from all the trees. This
combination approach improves the precision of predic-
tions and, on top of that, reduces overfitting [23]. Besides
its accuracy and adaptability, RF is particularly useful when
feature importance needs to be evaluated as well as when
incomplete data sets are present. These factors make RF a
preferred choice in numerous sectors and their machine
learning applications.

Decision Tree

Along with classification problems, decision trees can
also be employed for regression problems. A machine
learning method, decision trees are quite powerful, as well
as interpretable. Furthermore, they follow a structured
hierarchy resembling trees where features serve as internal
decision nodes, the branches illustrate particular featured
decision rules and the leaves present the resulting outcomes
or predictions. Such a model is easily visualized and com-
prehended, therefore supporting the effective and practi-
cal usage of decision trees. This systematic approach helps
decision trees to systematically split data and make predic-
tions based on a predetermined set of conditions. In deci-
sion trees, the patterns are revealed by sequentially splitting
data into smaller groups, and these can be used for trend
analysis. Despite their simple interpretation and practice,
overfitting is relatively common when the data under con-
sideration is complex, and risk of overfitting is thus rela-
tively high [24, 25]. However, they can overfit, mainly when
dealing with intricate datasets. Tightening up and figuring
out the maximum depth are two strategies to help resolve
this problem.

Logistic Regression

Logistic regression analysis is one of the statistical meth-
ods explicitly used in binary classification problems. It cal-
culates the likelihood of an event occurring either above or
below a threshold value based on one or more explanatory
variables, which in this case are considered predictors. In
this, a logistic function is applied to transform a linear com-
bination of input variables into probability values between
0 and 1. As a model with good interpretability, logistic

regression allows it to establish a relationship between pre-
dictors and outcomes [26]. Moreover, it is computationally
efficient and is optimal when the relation between inde-
pendent and dependent variables follows a linear pattern.
However, it can encounter difficulties in dealing with non-
linear ties and is also vulnerable to multicollinearity among
the predictors [27].

K-nearest neighbors

K-Nearest Neighbors (KNN) is a popular machine
learning algorithm used for both supervised classification
and regression tasks. Its core principle is built on the belief
that data outcomes tend to be similar based on their spatial
proximity to one another. KNN assigns labels to instances
based on the most prevalent class of the k nearest neigh-
bors (for classification) or computes the mean of their val-
ues (for regression). In finding closeness, distance metrics
are used, with Euclidean distance being the most prevalent.
KNN is described as a non-parametric method in that it
makes no assumptions about the data structure; this prop-
erty grants flexibility across numerous areas of application
[28]. Although KNN is straightforward and efficient, it
lacks scalability due to the ever-increasing amount of data.
The computational work required to calculate distances for
each prediction makes this a burdensome task.

Extreme Gradient Boosting

Regression and classification are combined using
XGBoost, an optimized gradient-boosting technique. It is
well known for its effectiveness and speed, and is one of the
methods for collaborative learning. Following one another.
XGBoost generates multiple decision trees that correct each
other’s mistakes. Gradient descent optimization techniques
are used to minimize the loss function, resulting in a highly
accurate prediction model [29]. Aside from giving features
relevant to scores, XGBoost can manage missing values
internally and simulate complex interactions between vari-
ables. Large datasets may necessitate extensive computer
training, and hyperparameters may need to be finely tuned
to minimize overfitting [30].

Support Vector Machine

Support Vector Machine (SVM) attempts to achieve
the best classification for a given dataset by analyzing the
optimum separation of features using hyperplanes, finding
multiple areas classified as one type in regions separated
from the other type. Dissimilar tasks and core duties can
be managed effectively through SVM. SVM is useful in
the case of classification of complex and high-dimensional
datasets because it incorporates nonlinear relationships
within the data using various types of kernels, including
the radial basis function (RBF), polynomial, and linear ker-
nels [31]. “In space, the SVM tries to find the appropriate
optimal separation boundary which separates the classes
or groups accurately” In simpler terms, an algorithm class
overlap refers to where a specific portion of a cluster gets
modified to try to fit into another higher-defined cluster. It
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attempts to enhance classification accuracy. It is designed to
reduce overfitting, which is a common problem in systems
with high-dimensional spaces. On the downside, SVM
requires intensive computations and is highly susceptible to
the selection of kernel and its hyperparameters.

Extra Tree Classifier

The Extra Trees Classifier is multiformed as an ensem-
ble learner, which is used for classification and regression
tasks. Just like Random Forests, it builds many decision
trees during the training process. However, in deeper ran-
dom forests, Extra Trees randomly take both the split and
the features for each split selection, which adds more diver-
sity to the model. This greater level of variability improves
the model’s strength. It reduces the variance, making it
work more optimally on complex datasets. Stronger model
robustness and decreased variance are a result of this addi-
tional degree of unpredictability [32]. Compared to stan-
dard decision trees, this method is less prone to overfitting.
It is capable of handling large, highly dimensional datasets.
It works remarkably well. The best results with Extra Trees
require careful adjustment of hyperparameters, but they
offer excellent accuracy and computational efficiency.

Categorical Boosting

CatBoost, along with other gradient-boosting algo-
rithms, are designed to handle categorical features well. It
is well known for its ability to perform classification and
regression tasks on categorical data without necessitating
extensive preparation. CatBoost automatically encodes cat-
egorical features and applies sophisticated techniques to
reduce overfitting and improve generalization. It is resis-
tant to overfitting, handles missing values internally, and
can be trained on massive datasets efficiently. CatBoost is
also relatively efficient, often requiring fewer hyperparam-
eter adjustments than other boosting algorithms. Due to its
versatility and user-friendliness, it is a favorite among the
variety of functions in machine learning applications [33].

Gradient Boosting

Gradient boosting is an advanced ensemble method uti-
lized for classification and regression tasks, and it is partic-
ularly powerful. This method builds models in a sequence
such that every new model improves on the errors of previ-
ous models. Complex datasets require sophisticated mod-
eling, and gradient boosting achieves this by minimizing
residual errors to increase predictive accuracy. Gradient
Boosting minimizes a loss function with gradient descent to
get the best performance of its base learner, decision trees.
It is an incredibly accurate predictive model [33] which is
obtained from this iterative process. Gradient Boosting is
a versatile method that can handle a variety of data types
and distributions. It is particularly effective with big data
and can detect intricate patterns. However, hyperparame-
ter tuning is necessary to mitigate overfitting; this step is,
however, highly resource-intensive, particularly with large
data sets.

Adaptive Boosting

Besides being a general ensemble learning technique,
AdaBoost has proven to be very effective for classification
tasks. Combining multiple weak learners, such as decision
trees with a small number of splits (stumps), improves the
predictive performance. It is an algorithm where weights
are assigned to training samples. The weights are iteratively
updated according to the errors generated by the previous
classifiers (who have been trained using weights); more
weights are assigned to the training samples that are mis-
classified. Improvement in overall accuracy is achieved by
combining output of weak learners and deriving a final
predictive model [34, 35]. Besides, it is straightforward to
implement, and it can produce very effective weak clas-
sifiers. It, however, is sensitive to noisy data and outliers
and suffers from efficiency issues when base learners are
incredibly complex.

Approach for Handling Numerical Data Features

There are multiple crucial steps in the suggested meth-
odology for processing numerical data aspects. Data pre-
processing is first carried out to manage missing values and
outliers for quality and consistency. To find the most perti-
nent features and maybe improve model performance, fea-
ture selection techniques are used. The optimal performing
model is identified by training and evaluating machine
learning methods. Lastly, hyperparameter adjustment is
done to maximize the chosen model’s accuracy and endur-
ance [36, 37].

Algorithm 1. Detection of cervical cancer using voting
classifier

Procedure: Initialise classifiers, Train data X, labels y

1. Split the data into training and testing sets.

2. Train each base classifier (RF) on the training data.

3. for each trained base classifier to make predictions on the test set.
4. foriin 1 tolen (X,.,) do

5. predyy < REpredict (X [i])

6. ensemble_vote < Majority_vote

7. Append ensemble_vote to predictions

8. end for

9. return predictions

The predictive probabilities for individual test samples
are computed as the sum of predictions across all n Random
Forest models RFi undergoes Hard voting criterion [38, 39].

y = argmax , il()?m =0) (1)

In this expression (1), ¥ denotes the predicted class for
a sample. ¥,,, specifies the predicted class by classifier m for
a particular sample m. I(y,,, = ¢) this function 1 if §,, equals
to ¢, and 0 otherwise.
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Figure 2. Cervical cancer detection model.

A Keras based model utilises a CNN (Convolutional
Neural Network) architecture to handle one-dimensional
input data. The dataset informs the input layer which serves
as the model’s starting point. The model consists of three
sequential convolutional layers with 32, 64, and 128 filters
respectively. Each layer contains a kernel of size three with
non-linear activation through a ReLU function. To man-
age overfitting, increase the spatial dimensionality of the
feature maps, and mitigate overfitting, each convolutional
layer is followed by a 2x2 max-pooling layer. After the con-
volutional processes, the intermediate 3D feature maps
are converted to a 1D vector. This vector is processed by a
dense layer featuring 128 ReLU neurons. A crucial compo-
nent for regulating overfitting is a 0.5 dropout layer prior to
the final output layer. This regulates additional overfitting
while preserving essential model performance features.

Evaluation Metrics

To provide a complete assessment of our ensemble tech-
nique, we apply a set of metrics that are varied in nature.
While general model evaluation is usually conducted by
measuring accuracy, class-specific performance is captured
using precision and recall—two key metrics that determine
how well the model captures true positives while mitigat-
ing the pitfalls of false positives and true negatives. The F1
score, best suited for imbalanced datasets, is the metric that
balances precision and recall. In addition to measuring class
distinction errors, the Receiver Operating Characteristic
- Area Under the Curve (ROC AUC) metric is also used.
Classification becomes more robust with higher values
of the ROC AUC while greater discrimination of positive
and negative instances indicates better performance. These
capabilities make the metric very important for classifica-
tion tests.

Convoluted
Feature

Dropout

TP+ TN
Accuracy = (2)
TP + TN + FP + FN
Precision = _rr (3)
TP + FP

Expression 2 shows the whole model as overall correct
or to have ratio of correctly predicted to total observations,
just accurate. As precision, expression (3) is the correctness
of optimistic prediction only.

TP
Recall = ———
R TIYY (4)
F1 score =2 x P”eCI:SIZOH X Recall %)
Precision + Recall
1
ROC = /TPR(FPR)d(FPR) (6)

0

TP = True Positives , TN = True Negatives
FP = False Positives , FN = False Negatives

Recall reflects the level of fulfilment of positive asser-
tions made, and it is regarded as a useful metric, as it was
presented in Equation (4). It evaluates the efficiency of a
given set model in identifying real positive instances while
ensuring that none are overlooked. F1 Score, defined as the
result of harmonic function of Precision and Recall, offers
some balance between two ratios discussed above. This
is expressed in Equation (5) in addition to allowing for a
compromise between precision, which seeks to reduce false
positives, and recall, which aims to reduce false negatives.
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Table 1. Summary of the research work

Ref  Models Dataset Performance Metric
[16] ML and Deep Learning UCI database Cervical Cancer ~ 93% accuracy
Algorithms + Artificial Neural Network
[17] CNN + Fuzzy distance-based ensemble SIPaKMed 98.58% accuracy with AUROC
(18] CNN + transfer learning with 2 and 7-class classification Harvel dataset 94.5% accuracy
[19] Inceptionv3 + transfer learning Harvel dataset 98.23% accuracy
[20] Ensemble classification + k-means clustering SIPaKMed 98.27% accuracy
[21] lasso regression + SMOTE + DT for classification Universitario de caracas dataset ~ 98.72% accuracy
[22] LWNB + RF + Logistic regression Hospitals of Jordan 92.3% accuracy

The ROC curve objectively captures a classifier’s perfor-
mance. The TPR incorporates the FPR, and the relation-
ship between them is defined by trade-off. As one goes up,
so must the loss of the other, as illustrated by Equation (6).
This is one of the essential aspects when it comes to assess-
ing model performance and seeing how well the model
breaks down classes.

RESULTS

A number of evaluations were done to detect cervical
cancer using both distinct and intricate features in machine
learning models. When results were analyzed, an ensemble
of the top models was used in additional tests. Both feature
sets were subjected to this ensemble. The models’ perfor-
mance was then assessed by comparing the outcomes. The
analysis must check whether there is an equal weight of true
positive and true negative predictions. Sensitivity (recall)
and specificity were evaluated so that the model performs
well in classifying cancerous and non-cancerous patients.
Also, it is necessary to determine if the model suffers from
overfitting. High accuracy values indicate that the model
fits training instances closely and does not acquire general-
ized patterns. Cross-validation and unseen test sets are used
to determine if the model is robust across different datasets.
Incorporating such discussions would lend strength to the
analysis and enhance the model’s credibility in applications
for the real world of clinical features (Table 1).

Table 2. Experimental setup for the model

Language Python 3.10.12

RAM 8GB

(O] 64-bit Windows 11

CPU Inter(R) core(TM) 11th gen i3@3.00GHz
GPU Intel UHD Graphics

TensorFlow version ~ 2.15.0

Experimental Setup

The system runs on a 64-bit Windows 11 OS and fea-
tures an 11th gen Intel Core i3 processor at 3.00GHz, cou-
pled with 8 GB of RAM. It utilizes Intel UHD Graphics
and is equipped with TensorFlow version 2.15.0, making it
suitable for fundamental machine learning tasks and devel-
opment in Python 3.10.12. The following details about the
experimental setup are given in Table 2.

Comparing Performance of Various Machine Learning
Models on Original and Convoluted Features

In general, there is a perceived improvement in model
accuracy when convoluted features are used. With convo-
luted features, both SVM and logistic regression, which
did pretty poorly with the original features as given in
Table 3, significantly improved, and both achieved 90.35%
accuracy. With convoluted features, models with excellent
accuracy with original features, like Random Forest and
Extra Trees Classifier, performed somewhat deeper, scor-
ing about. These minor differences, however, show the
resilience of these models to various feature sets. XGBoost,
Extra Trees Classifier, and AdaBoost all show great accu-
racy and efficient feature convolution used to achieve the

Table 3. Accuracy of models with original features

Model Accuracy with original features
LR 65.56%
DT 89.25%
RF 93.38%
KNN 86.50%
SVM 64.18%
XGB Model 90.35%
ETC 93.66%
Ada Boost 74.38%
Cat Boost 88.98%
Gradient Boost 83.19%
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highest performance using convoluted data, as shown in
Table 4. Significant progress was also demonstrated via
gradient boosting. Convoluted features, in general, greatly
improved model performance, particularly for models that
did not perform as well with the original features at first.
This is shown in Figure 3, which shows how feature engi-
neering can be used to improve model accuracy.

Based on the performance comparison, the Extra Trees
Classifier (ETC) performs with the best accuracy, with the
original features at 93.66%, as shown in Figure 4.

However, with convoluted features, AdaBoost achieved
the highest accuracy at 90.90%, as shown in Figure 5.

In this analysis, the feature engineering was paramount
to improving model performance through better quality

Table 4. Accuracy of models with convoluted features

Model Accuracy with Convoluted features
LR 90.35%
DT 92.28%
RF 92.28%
KNN 90.35%
SVM 90.35%
XGB Model 90.63%
ETC 92.01%
Ada Boost 90.90%
Cat Boost 90.50%
Gradient Boost 91.73%

Comparison of Accuracies: Traditional vs Convolutional Features

EEm Traditional Features

Accuracy

Models

Figure 3. Comparison of original and convoluted features.
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Receiver Operating Characteristic (ROC) Curve
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Figure 5. AdaBoost with convoluted features.

input features. The utilized data was initially derived from
patient records and a dataset of raw patient record features.
To identify and construct more informative patterns from
the original dataset, which involved applying a number
of feature engineering methods. The model constructed
features were compared to the raw features in their orig-
inal form, statistical transformations, such as mean, stan-
dard deviation (SD), and range, to estimate variability and
distribution characteristics of continuous variables from
which they were initially derived. For categorical features,
for example, we applied acceptably appropriate encoding
techniques, including one-hot and label encoding, to trans-
form textual features into numbers that could be directly
imported into the model. Next, some interaction features
were constructed through multiple relevant original fea-
tures (e.g., creating a variable to indicate age of pregnan-
cies). Every feature was transformed, or not transformed
raw features, into a consistent set of features, which reflects
real-world impact of clinical settings on approximating risk
for developing cervical cancer. Raw and feature-engineered
features combined produced a more informative dataset,
which enhanced contribution of the features for training
the ensemble model; the engineered features provided a
feature set that explained extreme amounts of variance in
validation and test model accuracy.

Performance of Ensemble Model

Effectiveness of ensemble learning as an approach is
often complicated for RF models in combination with other
models, as the integration of intricate features can under-
mine performance results. Results are dependent on the
value of additional features in improving generalization and
accuracy of prediction. Enhanced feature complexity may
improve the decision boundaries. Nevertheless, issues can
arise as a result of overfitting or excessive processing costs
in relation to how a dataset and model interact. RF com-
bined with Decision Tree (DT) and RF merged with Extra
Trees Classifier (ETC) yield a notable maximum accuracy

Negative

Positive

Confusion Matrix

Negative Positive

Predicted Label

0£92.28%, but the latter’s overfitting undermines the former
model’s accuracy. By combining advantages of both RF and
the secondary model, these combinations suggest the possi-
bility of a marginal improvement over individual models in
Table 5. Additional combinations exhibit competitive per-
formance as well. Gradient Boosting (GB) and RF together
yield accuracy of 92.01%, which is not far behind the best
combinations. This implies that RF’s strong feature selec-
tion can be enhanced by GB’s capacity to strengthen weak
models. The RF and Logistic Regression (LR), as well as RF
and Support Vector Machine (SVM), achieve accuracy of
91.46%. RF may still produce high results, but it is margin-
ally lower than other ensembles. These combinations show
how RF can improve the decision boundaries of more com-
plicated models like SVM and simpler models like LR. RF
with AdaBoost and RF with CatBoost combinations have
somewhat lower accuracy. The comparison of the com-
plete ensemble model accuracies is shown in Figure 6. They
nonetheless gain from RF’s feature selection capabilities,
which provide the boosting techniques more stability.

The hybrid ensemble learning technique integrates
convolutional neural networks (CNN) with other machine
learning models such as Random Forest and Extra Trees

Table 5. Accuracy of ensemble model using convoluted features

Model Accuracy
RF + LR 91.46%
RF + DT 92.28%
RF + SVM 91.46%
RF + XGB Model 90.90%
RF + ETC 92.28%
RF + Ada Boost 91.18%
RF + Cat Boost 91.10%
RF + Gradient Boost 92.01%
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Figure 6. Comparison of ensemble model accuracies.

Classifier. This is done to take advantage of the strengths
of each algorithm. Although the machine learning models
may seem somewhat redundant because they rely on deci-
sion trees and an ensemble method, they differ enough to
justify inclusion in the study. Random Forest utilizes multi-
ple decision trees and bootstrap sampling. Random Forest
narrows down to get the best split from among a randomly
selected subset of features, while introducing randomness
to reduce overfitting, while still having a high degree of
accuracy. The Extra Trees (Extremely Randomized Trees)
classifier has even more randomness by using the entire
dataset (no bootstrapping) and selecting the split points
randomly rather than selecting the best split. This makes
Extra Trees computationally more efficient, and even more
importantly, discovery of patterns resistant to noise is bet-
ter. The intention of including both models is to maximize
diversity in the base learners. Maximizing diversity in the
base learners is a significant component of ensemble learn-
ing. Academics have shown that when learners are carefully
chosen, diversity can yield models that generally perform
better. Many conceivable attributes restrict individual mod-
els, and subtle differences like these in data sampling and
feature splits are able to garner totally different contribu-
tions and insights to the final prediction.

Hyperparameter Tuning

This study combines the Random Forest and XGBoost
classifiers to show how ensemble learning approaches
can be used. It involves creating a Voting Classifier and
specifying parameter distributions for both classifiers
[40, 41]. Hyperparameter tuning is carried out using

08
06 I I
o
o.
0o ‘ . . ‘
$ $ @ & o & ¢ ® & ®

RandomizedSearchCV, optimizing performance of the
ensemble model. This search yields the optimal parameters
and estimator. The accuracy of the Voting Classifier, once
it has been optimized, is then determined by testing it on a
different dataset [42]. Ultimately, a thorough classification
report that offers insights into the model’s performance in
several classes is produced. Robust prediction performance
is achieved by utilizing the capabilities of many classifiers in
this strategy [43, 44].

Performance of K-Fold Validations

In order to comprehensively assess differences in model
performance, we conducted a statistical significance test
through a paired t-test on the evaluation metrics contain-
ing accuracy, precision, recall, and F1-score from the 5-fold
cross-validation. The t-test evaluates the effectiveness of pro-
posed Hybrid Ensemble against the baseline classifiers. These
performance differences were statistically significant (p<0.05),
which strengthens the claim that our proposed hybrid model
outperformed each base model. This also reinforces the accu-
racy and dependability of the comparative analysis.

The functioning of the model is evaluated with the help
of 5-fold cross-validation over different data sets. The entire
dataset is split into five equal parts. One part is preserved for
validation in each fold, while the other four parts are used
in training. This ensures consistency and reliable assess-
ment of performance. Table 6 presents that the ensemble
model achieved a mean accuracy of 97.10%. Figure 7 illus-
trates that in fold 3, the averaged metrics of accuracy score,
precision, recall, and F1 score were reported as 0.989%,
0.992%, 0.993%, and 0.991%, respectively.
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Table 6. K-fold cross-validation results for the proposed ensemble model

Fold Accuracy Precision Recall F1 - Score ROC - AUC
1 97.59% 97.50% 98.10% 97.59% 0.98
2 95.86% 96.30% 96.10% 96.30% 0.96
3 98.96% 99.25% 99.30% 99.15% 0.99
4 97.24% 97.55% 97.32% 97.30% 0.97
5 95.86% 95.52% 95.50% 95.58% 0.96
Avg. 97.10% 97.22% 97.26% 97.28% 0.97
Receiver Operating Characteristic (ROC) Curve Confusion Matrix
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Figure 7. Best outcome of ensemble model (fold 3).

DISCUSSION

Cervical cancer is an emergent health issue and world-
wide concern that needs amelioration through early
detection techniques to improve the outcomes of patient
treatment. In fact, the present study focused on this prob-
lem by suggesting a new framework of ensembles to inte-
grate feature extraction for classification through different
machine-learning strategies, random forests, decision trees,
logistic regressions, and boosting techniques. Machine
Learning models are creating additional opportunities in
cervical cancer detection apart from aiding in early diagno-
sis, enhancing screening accuracy, and supporting clinical
decision-making.

1. These models analyze Pap smear images to recognize
abnormal cervical cells. This reduces manual errors and
promotes early detection.

2. Logistic regression and ensemble models are used for
risk stratification.
3. Al-based applications and cloud-based Machine

Learning allow screening in remote areas where expert
pathologists cannot be found.

' u
Negative Positive

Predicted Label

4. ML models trained on smartphone microscopy
images provide an inexpensive and scalable solution to
diagnosis.

Regardless of the advances made in cervical cancer
detection by ML-based approaches, there are many hurdles
to be resolved in order to ensure successful world deploy-
ment. The issue of biased predictions posed by data quality
and imbalanced data is one of the real challenges in medical
datasets. The ethical and privacy concerns subsist due to
the very sensitive nature of medical data, which needs to be
acknowledged within strict protocols. The quality issues of
bias in training data lead to one or the other demographic
being unfairly predicted, raising ethical concerns in health-
care Al For accessibility in underdeveloped and remote
areas, optimizing architectures for the edge remains rel-
evant. A model produced under study could show strong
performance with accuracy as high as 98.96% and was
further validated through K-fold cross-validation steps,
ensuring those benefits of robustness and reliability. These
findings further establish the base of ensemble methods
that hold promise towards such complementary strengths
between deep learning and machine learning in clinical
diagnosis. However, a few limitations remain, for example,
the need for interpretability and the fact that it should be
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applicable in resource-constrained environments, which
now mark out their further usage in the actual scenario
outside settings.

CONCLUSION

Cervical cancer maintains its status as one of the most
prevalent and lethal cancers in women, continually con-
tributing to cancer mortality rates globally. Decreasing
death rates and enhancing patient management outcomes
depends on accurate and timely diagnosis. In response to
this challenge, we propose a new computational framework
for increasing the accuracy of cervical cancer diagnosis by
merging features from various fields of data and numerical
analytics. The significant results of our research are:

1. The ensemble learning framework synthesized a convo-
lutional neural network (CNN) with multiple classifiers
and achieved predictive accuracy of 98.96%.

2. Feature engineering and feature selection were also
integral in improving model performance.

3. Robustness testing through K-fold cross-validation
ensures reliability.

4. Realization of advanced accuracy rates for cervical can-
cer detection.

5. A firm comparative analysis indicates that our proposed
framework was successful in improving cervical cancer
diagnosis capability.

By computing multiple sources of data, the proposed
framework achieves better prediction accuracy and
enhances understanding of the underlying factors related
to the diagnostic ability. The results from this research
work thus support the constructive deployment of machine
learning in revolutionizing medical diagnostics towards
making timely and accurate diagnoses of cervical cancer.

The findings illustrate the necessity of using deep learn-
ing approaches under machine learning to address complex
healthcare challenges. Therefore, for future enhancement of
the detection of cervical cancer with an ML-based system,
there are several integral routes forward. Nevertheless, the
study does have some limitations. The model was tested
only on one dataset; it was not tested with any external
datasets to evaluate the generalizability of its predictions,
and the real-time deployment of the model in a clinical sit-
uation and its evaluation are not the intent of this study.
These are essential next steps to evaluate its functionality in
real-world health care workflows. The advancement of this
line of work has clear next steps planned, including the val-
idation of the model on external and multi-center datasets,
conducting real-world clinical trials, and deploying the
system for real-time use in clinical situations. The imple-
mentation of explainable Al techniques, SHAP and LIME,
improves the model’s interpretability, which could enhance
clinicians’ trust in the decision-support system.

Additionally, several goals could lead to revitalizing
implementation, including the use of lighter-weight archi-
tectures for low-resource settings and the implementation

of system interfaces with electronic health records (EHRs)
through standardized application programming interfaces
(APIs), which could enhance real-time decision support
and accessibility. Transfer learning is an additional possibil-
ity that could improve model generalizability and training
time. All these aspects would benefit the advancement of
machine learning-based cervical cancer detection systems
designed to be clinically relevant, valid and accurate, inter-
pretable, and accessible.

NOMENCLATURE

CNN Convolutional Neural Network
HPV Human Papillomavirus

WHO World Health Organization

RF Random Forest

DT Decision Tree

LR Logistic Regression

KNN K-Nearest Neighbors

XGB Extreme Gradient Boosting

SVM Support Vector Machine

ETC Extra Tree Classifier

CatBoost  Categorical Boosting

GB Gradient Boosting

AdaBoost  Adaptive Boosting

AUROC  Area Under Receiver Operating Characteristic
Curve

EHR Electronic Health Record

CAD Computer-Aided Diagnosis

SMOTE Synthetic Minority Over-sampling Technique

Greek Symbols

a (alpha)  Learning rate

B (beta) Coefficients in regression models

Y (sigma) Summation

g (mu) Mean of a distribution

o (sigma) Standard deviation

A (lambda) Regularization parameter
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