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Abstract
Objectives: This study develops a machine learning (ML)-based cervical cancer prediction system emphasizing explain-
ability. A hybrid feature selection method is proposed to enhance predictive accuracy and stability, alongside evaluation of
multiple classification algorithms. The integration of explainable artificial intelligence (XAI) techniques ensures transpar-
ency and interpretability in model decisions.
Methods: A hybrid feature selection approach combining correlation-based selection and recursive feature elimination is
introduced. An ensemble model integrating random forest, extreme gradient boosting, and logistic regression is com-
pared against eight classical ML algorithms. Generative artificial intelligence methods, such as variational autoencoders
and generative teaching networks, were evaluated but showed suboptimal performance. The research integrates global
and local XAI techniques, including individual feature contributions and tree-based explanations, to interpret model deci-
sions. The effects of feature selection and data balancing on classification performance are examined to stabilize precision,
recall, and F1 scores. Classical ML models without preprocessing achieve 95-96% accuracy but exhibit instability.
Results: The proposed feature selection and data balancing strategies significantly enhance classification stability, creating
a robust predictive model. The ensemble model achieves 98% accuracy with an area under the curve of 99.50%, outper-
forming other models. Domain experts validate critical contributing features, confirming practical relevance.
Incorporating domain knowledge with XAI techniques significantly increases transparency, making predictions interpret-
able and trustworthy for clinical use.
Conclusion: Hybrid feature selection combined with ensemble learning substantially improves cervical cancer prediction
accuracy and reliability. The integration of XAI techniques ensures transparency, supporting interpretability and trust-
worthiness, demonstrating significant potential in clinical decision-making.
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Introduction
Cancer is a complex and diverse group of diseases charac-
terized by the abnormal and uncontrollable growth of cells,
often leading to the formation of malignant tumors capable
of infiltrating nearby tissues and metastasizing to other
areas of the body.1 The cervix is a vital, pear-shaped organ
that connects the lower part of a woman’s uterus to the
vagina. Cervical cancer is one of the deadliest cancers
occurring in the cells of the cervix, mostly caused by the
human papillomavirus (HPV). According to the annual report
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of the World Health Organization (WHO), it is the fourth-
leading cancer among women around the globe.2 The docu-
mented data for the year 2020 indicates an estimated
6,04,000 new cases and 3,42,000 deaths.3 Moreover, it
revealed a substantial increase in the number of new global
cases, surpassing 700,000 within a mere 12 years from 2018
to 2030, representing a significant growth from the current fig-
ure of 570,000. An alarming 90% of these new cases and
deaths were reported in low- and middle-income countries.
This highlights the disproportionate impact of the disease in
these regions, as the mortality rate for cervical cancer is
increasing annually at a significant rate.4 This is due to the
lack of regular screening programs, limited healthcare access,
and awareness about early-stage risk factors. In Bangladesh,
cervical cancer is the second most common cancer in females.
In the absence of a proper intervention, a cumulative total of
505,703 women in Bangladesh are projected to die of cervical
cancer by the year 2070. Furthermore, this figure is expected
to increase to 1,042,859 by the year 2120.5

The alarming statistics necessitate urgent attention and calls
for immediate action to ensure early detection of cervical cancer.
Whendetected in the early stage, this fatal disease is highly treat-
able. Regular screenings, pap smears, HPV tests, and cervical
biopsies are effective in detecting abnormalities in the cervical
cell wall. Although the expenses and discomfort associated
with these surgical processes emphasize the necessity for more
cost-effective and reliable approaches to the detection of cervical
cancer. Identifying the risk factors for this cancerous condition
also eliminates suffering and distress and improves the quality
of life. Multiple research studies have demonstrated that early
detection of cervical cancer greatly enhances the chances of a
patient’s swift recovery.6 Therefore, by identifying the risk fac-
tors, healthcare providers can significantly improve the progno-
sis of individuals at risk of developing cervical cancer.

Applications of machine learning in ensuring digital
healthcare
Artificial intelligence and machine learning (AI–ML) has
become a transformative tool in the healthcare sector, enab-
ling more accurate diagnoses, personalized treatments, and
efficient healthcare management.7 By leveraging different
sizes of medical data, dealing with inherent discrepancies,
and handling challenges imposed by real-world inconsistent
data, ML algorithms assist healthcare professionals in mak-
ing informed decisions, reducing errors, and improving
patient outcomes. One of the primary aspects of the applica-
tion of ML in healthcare is designing optimized algorithms
for the early diagnosis of diseases and highlighting the key
influencing factors.8

Additionally, ML models, particularly deep learning
algorithms, have demonstrated exceptional performance in
diagnosing diseases such as cancer, cardiovascular condi-
tions, and brain-related disorders. Image-based diagnostics

using advanced computer vision algorithms have signifi-
cantly improved radiology, pathology, and dermatology
by providing automated and highly accurate image analysis
and segmentation techniques. Furthermore, beyond diag-
nostics and personalized treatment planning, AI–ML is
extensively being utilized in interdisciplinary research in
biomedical, health informatics, and drug discovery.9 As
ML technology continues to evolve, its integration into
healthcare holds immense potential to enhance medical
practice and improve overall public health.

AI-powered predictive and histopathological analysis
for cervical cancer
AI plays a critical role in cervical cancer detection and classi-
fication, offering innovative solutions to enhance the accur-
acy, efficiency, and accessibility of diagnostic procedures.10

Recent advances in AI hold tremendous potential for improv-
ing the automated detection of cervical pre-cancer and cancer,
leading to more accurate and objective outcomes. Moreover,
AI has significant potential in recognizing molecular markers
linked to cervical cancer, facilitating its diagnosis. ML, a sub-
set of AI, is a powerful tool to identify underlying patterns in
input data and discover key indicators of cervical cancer.11

The demand for applying cutting-edge computational models
such as AI and ML has greatly increased due to recent
advancements in this field.

ML algorithms are highly effective in handling imbalanced
datasets, a prime concern in the healthcare industry where
instances are unevenly distributed across target classes. An
imbalanced dataset can potentially bias toward the majority
class, resulting in the deterioration of the predictionmodel’s per-
formance.12 AI andML algorithms have demonstrated remark-
able potential in enhancing diagnostic precision and forecasting
patient outcomes by addressing such real-world imbalanced
data. Consequently, the healthcare sector actively incorporates
these technologies into various areas of patient care and admin-
istrativeprocedures to identifyhigh-risk individuals anddevelop
personalized intervention strategies. This can ultimately lead to
earlier detection andmore effective treatment of cervical cancer.

Conversely, explainable AI (XAI) methods break down
the complex decision-making processes of various sophisti-
cated ML models to ensure transparency and interpretabil-
ity.13,14 Different XAI methods determine the key factors
influencing the prediction model, revealing which features
are more important for accurate diagnosis. This ensures
the understandability and trustworthiness of the ML
models. While most studies primarily concentrate on enhan-
cing classification accuracy through various advanced tech-
niques contributing to feature selection and model
development, some research has shifted its focus to XAI
for elucidating black-box models using diverse XAI tools.

However, these studies often overlook the integration of
domain experts’ opinions and their alignment with XAI
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explainability. This gap can lead to mismatches in certain
cases, necessitating efforts to minimize such discrepancies
and gain the trust of domain experts in AI tools. The iden-
tified gaps in existing studies motivate us to propose a new
direction in research, aiming to enhance transparency for
both users and experts in this field.

The primary focus of this investigation is to establish a
connection between traditional healthcare methods and
advanced AI through XAI. The goal is to address the outlined
challenges by leveraging the extensive capacities of ML. To
achieve this, a cutting-edge ML system integrated with XAI
and domain knowledge is proposed. The ML system aims
to make accurate predictions and explain its decisions through
XAI techniques. The system improves its interpretability and
trustworthiness in critical decision-making processes by
incorporating domain knowledge. Furthermore, integrating
traditional healthcare methods with advanced AI and XAI
can revolutionize patient care and treatment by providing
valuable insights and explanations for medical practitioners.
This innovative approach can enhance diagnostic accuracy,
optimize treatment plans, and ensure that medical decisions
are transparent and understandable to healthcare professionals
and patients. Ultimately, this research aims to bridge the gap
between healthcare and AI, paving the way for more informed
and efficient healthcare delivery.

Contributions
The main contributions of this study are summarized as
follows:

• We propose and design an ML-based cervical cancer
risk prediction system, integrating domain knowl-
edge to enhance black-box model explainability for
secondary and primary data.

• We propose a novel hybrid feature selection process
combining filter and wrapper methods and introduce
a comprehensive preprocessing pipeline that
addresses missing values, detects and removes out-
liers, and handles imbalanced data, resulting in
improved outcomes for the ML models to ensure
optimal performance.

• We design a stacking ensemble model to predict cer-
vical cancer with enhanced accuracy and stability, as
measured by the precision, recall, and F1 score for
individual classes.

• We integrate two generative AI models in the predic-
tion system to compare the prediction capability of
the proposed ML model with generative AI
approaches for tabular data.

• We employ an exploratory data analysis (EDA) sys-
tem and XAI methods, providing global and local
explainability to uncover the underlying patterns
within the dataset.

• We validate the efficacy of XAI explainability by
conducting surveys with domain experts, establish-
ing a robust relationship at different levels of
understanding.

The paper is structured as follows: Section “Related studies”
presents the related literature, Section “Methodology” outlines
the methodology, Section “Results” discusses the results, and
Section “Conclusion and future work” concludes the findings
while pinpointing some future research directions.

Related studies
Cervical cancer detection and prediction have witnessed
significant advancements by integrating ML techniques.
ML models analyze vast amounts of patient data, assisting
in early detection and prognosis. Consequently, numerous
researchers have focused on using diverse images and
numerical datasets to predict and detect the onset of cervical
cancer in its initial phases. Wu and Zhou15 applied a support
vector machine (SVM) classifier to the “Cervical Cancer
(Risk Factors)” dataset.15 The dataset comprises 858 sub-
jects, each with 36 unique attributes. The authors combined
SVM with feature selection techniques such as recursive
feature elimination (RFE) and principal component analysis
(PCA) to identify the top 10 risk factors contributing most
to the model’s prediction outcomes. The experimental
results showed the superiority of traditional SVM over
SVM-RFE and SVM-RF.

Subsequently, Hariprasad et al.16 utilized the extreme gradi-
ent boosting (XGB) model on the same dataset to develop an
innovative approach for predicting cervical cancer risk.16

They extracted the most prominent features and concluded
that the random forest (RF) was the best performer, achieving
98.7% accuracy after applying the oversampling technique.
Ensemble models have also demonstrated encouraging results
in the early prediction of cervical cancer. One study utilized
several ensemble methods, including bagging, boosting, and
stacking.17 The results indicate that using a combination of
RF, SVM,ExtraTreeClassifier, XGB, and bagging in a stacked
ensemble produces the highest classification accuracy of
94.4%. Another recent study, in 2024, proposed such an
ensemble model with extensive preprocessing techniques to
identify the presence of cervical cancer.18 This study aimed
to enhance the predictive power of the ML model by introdu-
cing an RF-based ensemblemodel. They incorporated two dif-
ferent datasets, namely the “Cervical Cancer (Risk Factors)”
dataset from the UCI ML repository and the Behavioral risk
dataset (sobar-72) to achieve accuracies of 98.06% and
95.45%, respectively.19,20 Ilyas and Ahmad21 implemented a
voting ensemble classification approach that achieved 94%
accuracy, surpassing other models such as decision tree
(DT), SVM, KNN, RF, Naïve Bayes, etc.21 They explored
both the aforementioned behavioral risk dataset and the earlier
UCI dataset. Researchers conducted a meta-analysis of available
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literature concerning ML-driven cervical cancer diagnosis, par-
ticularly emphasizing ensemble learning methodologies.
Kumawat22 applied six traditional ML algorithms, including an
artificial neural network, a Bayesian network, an SVM, a random
tree (RT), a logistic tree, and anXGB tree.22Although the authors
applied three different feature selection algorithms, namely relief
rank, wrappermethod, and least absolute shrinkage and selection
operator regression, themaximumaccuracy they could achieve is
only 94.94% utilizing all 36 features. This significantly increased
the overall model training time and, therefore, model overhead.

Segmentationof cervical cell imageshasproven tobe effect-
ive in diagnosing cervical cancer, allowing the tracking of
changes in cell walls and lesions. In a study by Song et al.,23

a dynamic multitemplate deformation model was designed to
segment each cell from pap-smear images.23 One major chal-
lenge in segmentation tasks is the issue of cell overlapping.
Lee and Kim24 proposed a superpixel partitioning model com-
bined with the triangle threshold for automatically segmenting
multiple overlapping cervical cells, demonstrating competitive
results compared to other approaches.24 Another study inte-
grated a data-mining approach with traditional ML algo-
rithms.25 The authors proposed a two-level cascade
integration system combining CR4.5 and logistic regression
(LR), achieving an abnormal cell recognition rate of
95.642%, surpassing individual classifiers. Devi et al.26 imple-
mented a graph-cut-based segmentationmodel for efficient cer-
vical cancer detection. Applying their method to the Herlev
dataset improved overall accuracy by 5.24%.27

In 2021, a statistical analysis utilized instance-based
K-nearest neighbor (KNN), K-Star, split-point and attribute
reduced classifier (SPAARC), RT, and RF algorithms.28 The
datasetwas collected frombothKaggle andUCIML repositor-
ies, and RF performed best, achieving 98.33% accuracy. In a
recent study in 2022, hyperparameter tuning was conducted
for early risk prediction of cervical cancer using grid search
cross-validation.29 The performance of variousmodels, includ-
ing KNN, DT, SVM, RF, and multilayer perceptron (MLP),
was thoroughly analyzed, resulting in an accuracy of
93.33%.Kumari et al.30 appliedPCA toovercome the potential
problems imposed by the high-dimensional data.30 After redu-
cing the size of the dataset, they fed the input data into a deep
neural network (DNN) classifier. The experimental investiga-
tion secured a maximum accuracy of 87.4%.

The predominant focus of research in this domain
revolves around improving classifier performance by inte-
grating various preprocessing techniques. Glučina et al.31

explored different class balancing techniques to tackle the
challenge imposed by employing an imbalanced dataset.31

They achieved the highest area under the curve (AUC) score
of 0.95 utilizing MLP and KNN combined with random
oversampling, synthetic minority over-sampling technique
(SMOTE), and SMOTE Tomek (SMOTETomek). Some
studies also explore the elucidation of black-box models
usingXAI tools, shedding light on diverse aspects of cervical
cancer. A study byAlMohimeed et al.32 introduced a stacked

ensemble model for predicting early stage cervical cancer.32

The authors employed different wrapper and embedded
approaches for feature selection, optimized using Bayesian
optimization, and finally applied Shapley additive explana-
tions (SHAP) for global explainability, achieving 99.44%
accuracy. To ensure model transparency at both local and
global scales, another group of researchers incorporated
local interpretable model-agnostic explanations (LIME)
alongside SHAP.33 Although the proposed ensemble model
achieved 94.5% accuracy, the authors tried to explain clin-
ical observations and interpret features. However, there
remains an opportunity to enhance classifier performance
further. It is essential in health informatics to craft models
that demonstrate superior precision and recall.
Consequently, an immediate need exists to align global
explainability with local explainability. Equally vital is for-
ging a link between the perspectives of domain experts and
the results of XAI tools. This approach fosters trust from
domain experts and maximizes the benefits of such studies.

Methodology

Approach overview
In this study, we employ baseline ML models and introduce a
stacking ensemble model for the prediction of cervical cancer.
The dataset used is sourced from the UCI ML repository, and
Figure 1 outlines our two-phase data preprocessing and balan-
cing technique to ensure data consistency and quality.

To make the dataset suitable for ML training, we per-
form basic preprocessing steps such as handling missing
values, detecting and removing outliers, etc. We apply over-
sampling and undersampling methods to address the chal-
lenge of imbalanced classes and investigate the impact of
different sampling techniques. The top features are selected
using our proposed hybrid feature selection mechanism,
which combines filter and wrapper methods. The final pre-
processed data is split into training and testing sets and fed
into the ML classifiers. Subsequently, we employ XAI tools
such as SHAP, ELI5, and LIME to align the results with
domain experts and determine the significance of individual
features, establishing their impact on the classifiers.

The nature of this study is retrospective and analytical, util-
izing publicly available cervical cancer datasets. Additionally,
for domain knowledge-driven explainability, this method col-
lects data from the domain experts. This study was conducted
from January 2024 to April 2024 in Bangladesh. Most of the
data are collected virtually through a Google form by some
questionnaire and we meet some of the respondents face to
face and collect the information.

Description of the dataset
The dataset employed in this study is the “Cervical Cancer
(Risk Factors)” dataset, sourced from the UCI ML
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repository.19 Collected from the “Hospital Universitario de
Caracas” in Caracas, Venezuela, this dataset encompasses
detailed medical records of 858 patients. It comprises 32 attri-
butes and includes four target classes: Hinselmann, cytology,
Schiller, and biopsy. Biopsy involves microscopic examin-
ation to determine the presence of abnormal cells. In this
study, the use of biopsy as the target variable indicates the
presence of cervical cancer based on biopsy samples. The tar-
get variable comprises two classes: positive, indicating the
presence of cervical cancer, and negative, indicating its
absence. Table 1 concisely describes the dataset.

Data preprocessing pipeline
This research involves a two-phase data processing approach.
Initially, we undertake fundamental preprocessing tasks,

addressing issues such as handling missing values and
detecting outliers. In the subsequent phase, we introduce
a novel feature selection process to identify the essential
features within the dataset. To evaluate the impact of vari-
ous data balancing techniques, we employ SMOTE34 and
adaptive synthetic (ADASYN)35 as oversampling meth-
ods, NearMiss as the undersampling method,36 and the com-
bined over and undersampling technique SMOTETomek.37

A systematic evaluation of each algorithm is conducted to
assess its effectiveness.

Handling missing values. Handling missing values in datasets
is crucial to prevent biased results and maintain the preci-
sion of ML algorithms. In this study, we substitute the
mean for continuous variables and the median for discrete
values to address missing values.

Figure 1. Overview of the proposed methodology, including data processing, explainable artificial intelligence (AI) tools, and model
evaluations.
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Table 1. Description of the detailed attributes of the dataset.

SL. Attribute name Description Type

1 Age Indicates the age of the patient (woman) Int

2 Number of sexual partners Expresses the total count of people with whom the woman is engaged Int

in sexual activity together

3 First sexual intercourse Denotes the age at which the woman had her first sexual intercourse Int

4 Number of pregnancies Denotes the total number of childbirths by the woman Int

5 Smokes Either the woman smokes (one) or not (zero) Bool

6 Smokes (years) Denotes the total smoking period (in years) Int

7 Smokes (packs/year) Depicts the annual count of cigarette packets consumed Int

8 Hormonal contraceptives Indicates whether the woman takes hormonal contraceptives or not Bool

9 Hormonal contraceptives (years) It indicates the duration for which the contraceptive method has been used Int

10 IUD Indicates whether the intrauterine contraceptive device was used (one) or not
(zero)

Bool

11 IUD (years) Denotes the total usage period of IUD (in years) Int

12 STDs Indicates the presence of STDs—either yes (one) or no (zero) Bool

13 STDs (number) This numerical feature shows the overall count of STDs Int

detected in the patient

14 STDs: Condylomatosis Presence of condylomatosis with the patient—expressed in ones (yes) and zeros
(no)

Bool

15 STDs: cervical condylomatosis Presence of cervical condylomatosis—expressed in ones (yes) and zeros (no) Bool

16 STDs: vaginal condylomatosis Presence of vaginal condylomatosis—expressed in ones (yes) and zeros (no) Bool

17 STDs: vulva-perineal
condylomatosis

Presence of vulvo-perineal condylomatosis—expressed in ones (yes) and zeros
(no)

Bool

18 STDs: syphilis Presence of syphilis— expressed in ones (yes) and zeros (no) Bool

19 STDs: pelvic inflammatory disease Presence of pelvic inflammatory diseases—expressed in ones (yes) and zeros (no) Bool

20 STDs: genital herpes Presence of genital herpes—expressed in ones (yes) and zeros (no) Bool

21 STDs: molluscum contagiosum Presence of molluscum contagiosum—expressed in ones (yes) and zeros (no) Bool

22 STDs: AIDS Presence of AIDS—expressed in ones Bool

(yes) and zeros (no)

23 STDs: HIV Presence of HIV infection—expressed in ones Bool

(yes) and zeros (no)

(continued)
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Outlier detection. Detecting outliers is crucial in dataset ana-
lysis, as these anomalies can significantly impact the effect-
iveness of ML algorithms.38 One statistical method for
outlier detection is the interquartile range (IQR). This tech-
nique calculates the IQR, representing the range between
the first quartile (Q1) and the third quartile (Q3).
Emphasizing the central tendency of the data, IQR outlier
detection provides a measure of variability that is less sus-
ceptible to the influence of extreme values than some other
statistical approaches.

Handling imbalance data. When dealing with imbalanced
datasets, where classification categories are not evenly dis-
tributed, the performance of a model may be compromised.
Resampling techniques, such as oversampling and under-
sampling, are frequently employed to overcome this

challenge. In this research, three methods—SMOTE,
NearMiss, and the SMOTETomek ensemble method—
address imbalances in the data.37

SMOTE acts as a data augmentation method, creating
synthetic data samples for the minority class through inter-
polation among existing data samples.34 ADASYN is a data
balancing technique designed to generate synthetic exam-
ples for the minority class, particularly focusing on skewed
class distributions.35 NearMiss, on the other hand, as an
undersampling technique, identifies samples from the
majority class that are most similar to those from the minor-
ity class and retains only a subset of those samples.36 The
SMOTETomek approach combines under- and oversam-
pling strategies. SMOTE is employed to oversample the
minority class, while Tomek Links—a method for finding
pairs of closely related samples from different classes—is

Table 1. Continued.

SL. Attribute name Description Type

24 STDs: Hepatitis B Presence of Hepatitis B virus infection in the patient—expressed in ones Bool

(yes) and zeros (no)

25 STDs: HPV Presence of HPV in the patient—expressed in ones Bool

(yes) and zeros (no)

26 STDs: Number of diagnoses Indicates the total number of times the STDs have been diagnosed Int

27 STDs: Time since first diagnosis Indicates the total number of years since the first diagnosis Int

28 STDs: Time since last diagnosis Specifies the length of time since the last diagnosis Int

29 Dx:Cancer Indicates the presence of cancer after the diagnose Bool

30 Dx:CIN Indicates the presence of CIN after the diagnosis Bool

31 Dx:HPV Indicates the presence of HPV after the diagnosis Bool

32 Dx It indicates the presence of cancer, CIN, or HPV Bool

33 Hinselmann Hinselmann or colposcopy is an intensive medical test that uses magnification Bool

to accurately identify abnormalities in cervical cells, vagina, and vulva

34 Schiller Schiller iodine test is a medical test in which iodine solution is applied to the Bool

cervix to diagnose cervical cancer

35 Cytology It is the PaP smears test which helps to detect abnormal cells in the cervix Bool

36 Biopsy (TARGET) A surgical procedure to examine a small amount of tissue removed from the
cervix to

Bool

determine whether a carcinogenic cell is present (one) or not (zero)

AIDS: acquired immune deficiency syndrome; CIN: cervical intraepithelial neoplasia; HIV: human immunodeficiency virus; HPV: human papillomavirus;
IUD: intrauterine device; STD: sexually transmitted disease.
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used to delete samples from the majority classes.37 This
research aims to improve the classification model’s per-
formance and accuracy by addressing the challenges posed
by imbalanced datasets through various resampling
strategies.

Feature selection techniques. This is the most significant
phase in the study since it contributes to decreasing the
dimensionality of the data, which improves model perform-
ance because only relevant data is utilized, and the model
can more accurately represent the underlying patterns. To
identify the optimal features, we devise a streamlined
hybrid feature selection technique that integrates
correlation-based feature selection (a filter method) with
subsequent RFE (a wrapper method).39,40 Algorithm 1
represents the proposed hybrid feature selection method.

Inclusion and exclusion criteria
We list the inclusion and exclusion criteria of this study
below.

Inclusion criteria

• Patients with cervical cancer-related medical records
are available in the dataset.

• Complete records with sufficient feature availability
(i.e., essential clinical, demographic, and diagnostic
variables required for model training).

• Subjects with labeled outcomes (e.g. diagnosed with
or without cervical cancer) for supervised learning.

• We have collected data from the responses through
face-to-face meetings and online survey question-
naires with the respondent’s proper consent.

Exclusion criteria

• Patients with missing or incomplete data for key vari-
ables such as age, medical history, or risk factors. We
handle the missing values with proper methods.

• We have handled the imbalanced data and removed
the inconsistent information from the dataset before
analysis.

ML classifiers
We use several state-of-the-art ML algorithms from second-
ary data to predict the risk of cervical cancer. We employ
various probabilistic, distance-based, and tree-based ML
models in this study to make predictions and evaluate their
performance. The algorithms were chosen based on meticu-
lous considerations to comprehensively explore the full
spectrum of ML techniques and identify the optimal
approach for predicting the presence of cervical cancer.
The details of the models are as follows:

Existing ML classifier. Support vector classifier (SVC) is a
commonly employed ML method utilized for both regres-
sion and classification tasks.41 To classify data points, it
employs hyperplanes in n-dimensional space, where sup-
port vectors denote the nearest points to the hyperplane.42

Another widely used ML algorithm is the DT.43 It works
by recursively partitioning the dataset based on features to
generate a tree-like decision structure where each internal
node corresponds to a feature, each branch to a decision
rule, and each leaf node to the final output or decision.
LR is a statistical classification method.44 It converts a lin-
ear combination into a probability value between 0 and 1
and predicts the probability of a binary result by using pre-
dictor variables and a logistic function. KNN is a classifica-
tion technique that attempts to classify an unknown sample
using the categorization of its neighbors based on various
distance matrices.45 However, the RF algorithm makes pre-
dictions by combining several decision trees.46 To limit
variance and avoid overfitting, it makes use of aggregation
and bootstrapping.47 Gradient boosting classifier (GBC) is

Algorithm 1 Hybrid feature selection hfs

function FEATURE_SELECTION

Set corr_threhold α

Set corr_features

Find corr_matrix

for i in corr_matrix.columns do

for j in i do

if (corr matrix.iloc[i,j]) α then

colname=correlation_matrix.columns[i]

correlated_features.add(colname)

end if

Select filtered_columns

end for

end for

Create object rf for Random Forest Classifier

Create selector for feature selection using rf

return selected_features

end function
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an ensemble method that optimizes a loss function using
gradient descent.48 The CatBoost classifier is another ML
technique that is effective for the prediction of categorical
features.49 Binary decision trees are used as the foundation
predictors in the gradient boosting technique CatBoost.50

XGB is a scalable ensemble method that employs the gradi-
ent boosting concept and performs better because it uses a
more regularized model formalization.48,51

Generative AI approaches. Generative models are ML algo-
rithms designed to generate new data samples that resemble
a given training dataset. These algorithms generate syn-
thetic data samples without losing the essence of the real
data by learning the underlying distribution of numerical
data. Besides, the generative teaching networks (GTNs)
represent an innovative approach to enhancing the effi-
ciency and effectiveness of training ML models. This is
achieved by generating optimal training data and/or training
environments. These DNNs excel at creating synthetic data
specifically designed to expedite the learning process of a
newly generated neural network.52

Proposed stacking SXRL ensemble classifier. For better clas-
sification, we propose an ensemble classifier using a
stacking procedure. Stacking is leveraging predictions
from multiple models to construct a new model, which
is subsequently directed to utilize these predictions on
the test set. RF, XGB, and LR are in the level 0 estimator,
and RF is the final estimator in this new proposed model.
Stacking outperforms other ensembles by leveraging a
meta-model to learn from multiple base model predic-
tions.53–55 Unlike voting or blending, it captures complex
relationships and dependencies among classifiers. By
optimizing feature representation through diverse lear-
ners, stacking reduces bias and variance, improving gen-
eralization and predictive performance over traditional
ensemble methods. We have designed different ensem-
bles and show their result in the result section to demon-
strate the purpose of choosing the stacking approach in
this study. An overview block diagram of this ensemble
classifier is in Figure 2.

The primary objective of an ensemble model is to dimin-
ish the variance in the data, thereby enhancing its suitability
for ML models. Firstly, the LR operates. LR classifies the
target as:

p(x) = 1

1+ e−(x−μ)/s

Here, μ is a location parameter and s is a scale parameter.
The expression can be present as,

p(x) = 1

1+ eβ0+β1x

Here, β0 = −μ/s is called the intercept.

We all know that boosting is a sequential ensemble
learning technique where each model in the series aims to
rectify the errors of its predecessor. Subsequent models
are intricately linked to the performance of the preceding
model, creating a cumulative improvement in predictive
accuracy throughout the boosting process. To get this
advantage, we add RF in the stacking classifier to get a
good result.

To reduce the computation, prevent overly complex
tree creation, and contribute to better model generaliza-
tion, we add XGB in the stacking process. The framework
supports parallel processing, leveraging computational
resources effectively for scalability. Then, RF is used as
the final estimator for the classification. The pseudocode
is in Algorithm 2.

Hyperparameter tuning using GridSearch
Hyperparameter tuning is a strategy used to determine the
best combination of hyperparameters for an ML model.
We utilized GridSearch56 for this purpose, which returned
the best configuration settings for our proposed SRXL

Algorithm 2 Stacking SRXL built upon XGB, RF, and LR

S: Datasets (S)

M : The number of classifiers (M = [LR, XGB, RF])

R : The parameter that specifies the proportion of samples to
be replaced during the training process.

L : The parameter employed to regulate the distance
between synthetic samples and training samples.

Output: Classify the target

procedure Ensemble SXRL(S)

for i in M do

Get a copy of the dataset Di = D

Get several training samples from the dataset and
define it as P.

for` j in P do

Train Mi by Pi

end for

Return new data from the output of Mi

end for

end procedure
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Figure 2. The proposed stacking SRXL ensemble classifier.
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model to predict the presence of cervical cancer accurately.
GridSearch systematically searches through a predefined
grid of hyperparameters to find the optimal values that yield
the best performance for the model.

XAI techniques
XAI is designed as a solution to improve model transpar-
ency, changing AI from a mysterious black-box ML model
into a more understandable one for the users.57 The goal of
XAI is to develop a variety of strategies that produce mod-
els with enhanced explainability while maintaining per-
formance.58 In this study, we use LIME, SHAP, ELI5
XAI tools, and DT surrogate model explainablity to make
the model more understandable.

Shapley Additive Explanations (SHAP). SHAP stands as the
all-encompassing method for interpreting models,59 serving
both local and global explainability purposes. This
approach, independent of specific models, aims to unravel
the details of complex models such as ensemble methods
and DNNs. Moreover, the SHAP framework employs
SHAP values, a concept from coalitional game theory, to
elucidate the individual contributions of each feature to
the model output.60 SHAP provides comprehensive and
fair feature importance values, enhancing the interpretabil-
ity and trustworthiness of ML models.

Local interpretable model-agnostic explanations (LIME). The
LIME framework is designed to explain a single instance.61

Its functionality provides a localized explanation of the classi-
fication by identifying the smallest features that significantly
influence the likelihood of a specific class outcome for a given
observation. In this study, we assess the efficacy of LIME
explanations. LIME provides model-agnostic interpretability
for ML predictions, enhancing transparency and trust by gen-
erating human-understandable explanations.

ELI5. ELI5, a Python module, aids in the debugging of ML
classifiers and offers straightforward explanations for their
predictions.62 It is designed for non-experts and uses simple
language, making it a handy tool for a wide range of appli-
cations. ELI5 offers simplified, intuitive explanations for
ML models, promoting transparency and interpretability
in complex decision-making processes.

DT surrogate model. Another popular method to explain the
overall behavior of a “black box”model involves using a glo-
bal surrogate model.63 The aim of training a global surrogate
model is to approximate the predictions of a black-box
model. We can make conclusions about the black-box model
by analyzing the surrogate model. This research uses DT as
the surrogate model to make the tree-based visual representa-
tion. These models provide transparent and interpretable

insights into complex ML models, aiding in the understand-
ing and trustworthiness of predictions.

Performance measurement metrics
ML models’ accuracy and efficacy are assessed using
performance-measurement methods. These methods offer
measurements and metrics that evaluate a model’s perform-
ance and can be used to inform model selection, model
improvement, and parameter tuning. The below equations
display commonly used techniques in this study as perform-
ance measures of the classifiers.

Accuracy(Acc) = TP + TN

TP + TN + FP + FN

Precision(P) = TP

TP + FP

Recall(R) = TP

TP + FN

F1− score(F1) = 2PR

P + R

Specificity(S) = TN

TN + FP

Receiver operating characteristics (ROC). The area under the
rate plot of the true positive versus false positive.

Area under the curve (AUC). The ability of the classifier to
discriminate between positive and negative classifications.

In the equations, true positive, true negative, false posi-
tive, false negative, positive rate, precision (P), and recall
(R) are used as TP, TN, FP, FN, PR, P, and R, respectively.
These performance metrics provide insightful information
about the operation of ML models, assisting in assessment
and advancement. The individual task, dataset, and goals of
the ML project determine the appropriate technique.

Domain knowledge integrated explainability
In our research, we also conducted another experiment that
correlates the domain expert’s opinion with the XAI tool’s
output. To assess and compare the explainability of XAI
and the expert’s viewpoint, we engaged in an extensive pro-
cess, illustrated in Figure 3 as a block diagram.

This experiment established a significant alignment
between the domain expert’s opinion and the explanations
provided by the XAI tool. We assigned varying weight
values to distinguish between features based on their signifi-
cance in the medical field. We met with several medical
experts to discuss the dataset’s features and gather their
insights. The weight for individual features was determined
according to the recommendations of these domain experts.
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Figure 3. An overview of domain knowledge-driven explainability mapping and comparison with XAI tools explainability.
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Subsequently, we developed an online questionnaire to col-
lect. This section is subdivided into several subsections to
convey a comprehensive grasp of the study’s contributions
on a five-degree Likert scale. Furthermore, we granted
experts the flexibility to express their opinions independ-
ently. After the data collection procedure, we computed
the importance of features using our proposed explainable
method, outlined in Algorithm 3.

Results
This section is subdivided into several subsections to con-
vey a comprehensive grasp of the study’s contributions.
Initially, we present the dataset’s EDA to comprehend
its inherent nature. Subsequently, we showcase the classi-
fier’s performance across various stages and objectives.
The results of XAI tools are presented to enhance inter-
pretability. Lastly, we align the domain experts’ opinions
with the outcomes of XAI tools, establishing a connection
between expert insights and explainability measures. This
structured approach provides a holistic overview of the
study’s findings and their significance in different
dimensions.

EDA to understand the nature of the dataset
One of the primary concerns encountered when dealing with
this dataset was effectively managing the imbalanced distribu-
tion of data samples across different cases for our target class
“biopsy.” Figure 4 illustrates the clear imbalance within the
dataset. A mere 6.4% of the total data records indicate the
presence of cancer-positive classes, highlighting the need
for further investigation and attention to this critical issue.

This study has effectively addressed this problem by
implementing well-established balancing techniques, includ-
ing SMOTE, ADASYN, NearMiss, and SMOTETomek.
After applying the data balancing techniques, a significant
improvement in the data distribution for each class can be
observed in Table 2. This ensures a more balanced represen-
tation of the classes in our dataset.

The following figures provide a comprehensive overview
of the dataset’s behavior. Figure 5 clearly illustrates that the
majority of patients belong to the age group between 20
and 40. It demonstrates that a significant portion of the

Figure 4. Percentage of biopsy of individual class.

Algorithm 3 Feature importance

S: Datasets (S)

F : Number of features

W : Weight of individual features

N : Number of instances

Output: Sorted features according to importance

procedure Feature Importance (S)

for i in F do

for j in N do

Xi =
∑N

j=1 wiji

�Xi = Xi

N

D = �Xi

end for

end for

sort D in descending order

Return sorted features

end procedure

Table 2. Distribution of individual classes before and after
applying the data balancing techniques.

Method
Class
0

Class
1

Class 0
(%)

Class 1
(%) Total

Normal 803 55 93.5 6.5 858

SMOTE 803 803 50 50 1606

ADASYN 803 823 49 51 1626

NearMiss 55 55 50 50 110

SMOTETomek 802 802 50 50 1604

ADASYN: adaptive synthetic; SMOTE: synthetic minority oversampling
technique.
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patients underwent pregnancy between one and three times.
Moreover, the majority of individuals engaged in their initial
sexual experience between the ages of 15 and 20, and had
been exposed to zero to five sexual partners. Therefore, it is
evident from the plots that those who had their first sexual
intercourse between 15 and 18 years of their life and experi-
enced sexual interaction with multiple partners are at a higher
risk of testing positive on the biopsy test.

Figures 6 and 7 establish the correlation between a
patient’s smoking habits, sexual behaviors, and the target
variable. The graphical visualization highlights that
approximately 88% of the patients (700 samples) have a

non-smoking background. This information primarily sug-
gests that smoking may not be strongly correlated with
the target variable, as the majority of patients do not have
a smoking background. One important point to be noticed
here is that individuals who smoke and have early age first
sexual intercourse are at a higher risk of testing positive in a
biopsy. Moreover, the average age of non-smoking cancer-
positive patients is less than the average age of cancer-
positive patients with a prior smoking history. This indi-
cates that older women with a prolonged smoking history
are more prone to be tested cancer-positive compared to
young women who do not smoke.

Figure 5. Multivariate analysis on age and sexual habits versus biopsy.

Figure 6. Multivariate analysis on smoking and sexual habits versus biopsy.

Figure 7. Multivariate analysis on age and smoking habits versus biopsy.
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Algorithms hyperparameters setting
In this study, we utilized a secondary dataset for binary classifi-
cation purposes. Following the preprocessing steps, we
employed eight ML models and one ensemble ML model for
classification. Here, we presented the associated hyperpara-
meters of theML classifiers in Table 3. The values of the hyper-
parameters change for different data distributions and data
properties.

Results of different classifiers
We examined the behavior of the data andmade predictions for
cervical cancer by applying nine (9) classifiers on the risk fac-
tors dataset. Table 4 demonstrates the performance comparison
between nine algorithms and different oversampling and under-
sampling techniques studied in this experiment. Thepresenceof
biases in the model is evident. While the overall accuracy may
reach 94% to 96%, it is concerning that the performance for the
minority class is significantly poorer and shows a lack of con-
sistency without applying any preprocessing techniques.
Moreover, theminority class exhibits significantly lower values
in terms of precision, recall, and F1 score compared to the
majority class. These imbalances highlight the urgent need to

address the bias problem to obtain more accurate predictions
for cervical cancer. To handle the imbalanced dataset, we
applied the SMOTE balancing technique. SMOTE is a highly
effective technique for oversampling that creates synthetic sam-
ples in the minority class by interpolating between neighboring
examples. After applying SMOTE, we achieved a more
balanced dataset, which improved the performance of different
MLand deep learningmodels. The subsequentfindings suggest
the dominanceof our proposed ensemblemodel over other clas-
sifiers in terms of every performance standard. ADASYN is an
oversampling technique that balances the dataset by increasing
the sample count for theminority class. The results demonstrate
that by implementing ADASYN along with the hybrid feature
selectionmethod, wewere able to enhance the overall perform-
anceof themodels significantly.This improvement is especially
noteworthy compared to their previous performance on the ini-
tial imbalanced dataset. However, it is noticeable that the ML
classifiers could not surpass their performance with SMOTE.
SVC showed the least accuracy among them, achieving only
62%,while the proposedmodel is proven to be themost capable
one with 97% accuracy.

After applying an undersampling technique, NearMiss, the
results are reported as an improvement of the overall model
prediction compared to the initial findings. However, the

Table 3. Hyperparameter values of the ML classifiers in both without preprocessed and with preprocessed data.

Model Raw data Pre-process data

SVC C= 0.1, gama= 0.1, kernel= “linear” C= 0.1, gama= 0.01, kernel= “linear”

DT min_samples_leaf= 20, random_state= 42 min_samples_leaf= 25, random_state= 42

RF max_depth= 3, min_samples_leaf= 7, min_samples_split= 12 max_depth= 19, min_samples_leaf= 9,
min_samples_split= 10

GBC n_estimators= 100, learning_rate= 0.01, max_depth= 3,
subsample= 1.0,

n_estimators= 120, learning_rate= 0.01, max_depth= 3

min_samples_split= 2, min_samples_leaf= 1

LR C= 1.0, penalty= “l2,” solver= “liblinear,” max_iter= 100, C= 1.0, penalty= “l2,” solver= “liblinear,” max_iter=
100,

random_state= 42 random_state= 42

KNN n_neighbors= 19, weights= “uniform,” metric= “minkowski,”
p= 2

n_neighbors= 5, weights= “uniform,” metric=
“minkowski,” p= 2

CB depth= 8, learning_rate= 0.01 depth= 10, learning_rate= 0.01

XGB objective =“reg:linear,” n_estimators= 20 objective =“reg:linear,” n_estimators= 42

SRXL kernel= “rbf,” gamma= “scale,” nu= 0.5 Kernel= “rbf,” random_state= 42

ML: machine learning; SVC: support vector classifier; DT: decision tree; RF: random forest; GBC: gradient boosting classifier; LR: logistic regression; KNN:
K-nearest neighbor; CB: CatBoost; XGB: extreme gradient boosting.
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performance considerably deteriorated for most of the classi-
fiers this time. Once more, the top-performing model is the
proposed ensemble model, achieving a 95% accuracy, while
the poorest performer is XGB, with an accuracy of 82%.
On the other hand, SMOTETomek significantly enhanced
the performance metrics for all classifiers, effectively addres-
sing bias for both majority and minority classes.
SMOTETomek is a hybrid sampling technique combining
both up and downsampling. Despite achieving impressive
results, SMOTETomek still fell short of outperforming
SMOTE. From the above discussion, we can conclude that
oversampling techniques can be extremely useful when deal-
ing with imbalanced data.

Confusion matrix of the proposed method in
different state
The confusion matrix depicted in Figure 8 denotes the model
performance at different stages using different oversampling
and undersampling techniques. It is visible that the model per-
formance has been significantly improved and is stable when
the hybrid feature selection method was applied combined
with the oversampling techniques. The proposed model’s per-
formance improved significantly, utilizing the SMOTE over-
sampling technique to handle the imbalanced dataset.

Figure 9 of the AUC–ROC curves further establishes the
superiority of our proposed stacking ensemble model. The

Table 4. Performance comparison of accuracy and F1-score across algorithms and preprocessing techniques.

Model

Without
preprocessing SMOTE ADASYN NearMiss SMOTETomek

Acc. F1-score Acc. F1-score Acc. F1-score Acc. F1-score Acc. F1-score

SVC 0.95 0.98 0.88 0.89 0.62 0.69 0.91 0.92 0.87 0.88

0.60 0.87 0.52 0.89 0.85

DT 0.95 0.97 0.91 0.91 0.87 0.88 0.91 0.92 0.91 0.91

0.56 0.92 0.86 0.89 0.91

RF 0.95 0.97 0.97 0.97 0.96 0.97 0.91 0.92 0.96 0.96

0.40 0.97 0.96 0.89 0.96

GBC 0.96 0.98 0.97 0.97 0.95 0.95 0.86 0.89 0.97 0.97

0.67 0.97 0.94 0.82 0.97

LR 0.96 0.98 0.89 0.90 0.61 0.62 0.93 0.94 0.87 0.89

0.59 0.88 0.59 0.92 0.86

KNN 0.94 0.97 0.86 0.84 0.81 0.79 0.80 0.84 0.87 0.85

0.00 0.87 0.83 0.71 0.88

CB 0.95 0.97 0.96 0.96 0.96 0.96 0.91 0.92 0.96 0.96

0.56 0.96 0.95 0.89 0.96

XGB 0.95 0.98 0.97 0.97 0.96 0.96 0.82 0.84 0.97 0.97

0.62 0.97 0.96 0.79 0.97

SRXL 0.96 0.98 0.98 0.98 0.97 0.97 0.95 0.96 0.98 0.98

0.67 0.97 0.97 0.95 0.98

Acc.: accuracy; SMOTE: synthetic minority oversampling technique; ADASYN: adaptive synthetic; SVC: support vector classifier; DT: decision tree; RF:
random forest; GBC: gradient boosting classifier; LR: logistic regression; KNN: K-nearest neighbor; CB: CatBoost; XGB: extreme gradient boosting.
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ensemble model outperformed the traditional ML and deep
learning models in accurately classifying cervical cancer, dem-
onstrating remarkable performance with an AUC of 0.995
with SMOTE. The graph clearly shows that the ROC curve
becomes unstable when using ADASYN, NearMiss, and
SMOTETomek balancing techniques with other ML and deep
learning classifiers. In contrast, stability is achieved in
Figure 9(b) when using SMOTE. This indicates the superior
classification performance of the proposed model, along with
the robustness and consistency of the proposed classification
pipeline.

Cross validation and different ensemble approach’s result
To verify the robustness and generalizability of our
proposed ensemble model, we conducted a 10-fold cross-
validation. The results are demonstrated in Table 5. This
iterative process helps smooth out variations in model per-
formance, providing a more stable and reliable assessment
while minimizing the potential scope of overfitting. The
results indicate a consistency in stable performance across
all the ML algorithms used in this study. However, the

proposed SRXL model consistently outperforms them,
achieving higher predictive accuracy which demonstrates
its effectiveness in handling complex unseen patterns
within the dataset. This superior performance highlights
its potential for real-world applications where reliability
and robustness are crucial.

We present a comparative analysis of different ensemble
techniques, evaluating their performance based on accur-
acy, precision, recall, and F1-score in Table 6. The ensem-
ble models compared include voting ensemble, blending
ensemble, stacking with basic ML models, and the pro-
posed SRXL model.

The voting ensemble, which combines LR, DT, KNN,
and SVC, achieves an accuracy of 0.95. It maintains
balanced performance across precision, recall, and
F1-score, each reaching 0.94. Although this technique
leverages multiple models, its performance is limited by
the averaging nature of voting, which may not optimally
capture complex patterns in the data. The blending ensem-
ble, incorporating LR, DT, and SVC, slightly improves per-
formance over voting, reaching 0.96 accuracy and 0.95
across other metrics. This improvement suggests that

Figure 8. Confusion matrices of different stages (a) normal setup, (b) feature selection with SMOTE, (c) feature selection with
ADASYN, (d) feature selection with NearMiss, and (e) feature selection with SMOTETomek. SMOTE: synthetic minority oversampling
technique; ADASYN: adaptive synthetic.
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Figure 9. ROC curve of different stages (a) normal setup, (b) feature selection with SMOTE, (c) feature selection with ADASYN, (d)
feature selection with NearMiss, and (e) feature selection with SMOTETomek. ROC: receiver operating characteristics; SMOTE:
synthetic minority oversampling technique; ADASYN: adaptive synthetic.
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weighted blending of models is more effective than simple
voting, potentially due to better capturing the strengths of
individual classifiers. However, it still lags behind the
more advanced ensemble techniques. The stacking ensem-
ble, which utilizes LR, DT, KNN, and SVC, significantly
enhances performance, achieving 0.97 accuracy along
with precision, recall, and an F1-score of 0.96. Stacking
generally outperforms voting and blending because it
leverages a meta-model that learns from the predictions of
base models, improving decision boundaries and reducing
biases inherent in individual classifiers. The proposed
SRXL model, which integrates RF, XGB, and LR, exhibits
the highest performance, achieving an accuracy of 0.98. It
also outperforms other methods in precision (0.98), recall
(0.97), and F1-score (0.98). This suggests that SRXL bene-
fits from the powerful feature selection and ensemble learn-
ing capabilities of RF and XGB while maintaining the
interpretability of LR. The superior results indicate that
this combination is more effective in capturing complex

data relationships and minimizing errors compared to trad-
itional ensemble techniques.

The results highlight that while all ensemble models
improve classification performance, SRXL is the most
effective due to its advanced ensemble learning approach,
leveraging the strengths of RF, XGB, and LR. This makes
it a promising technique for applications requiring high
accuracy and robustness.

Result of different generative AI approaches
Table 7 presents the results obtained by applying variational
autoencoder (VAE) to generate artificial data and then util-
izing RF as the ultimate classifier. On the other hand,
Table 8 depicts the GTNs’ performance. These models
are evaluated across different data balancing techniques
and batch sizes.

The tables present the performance of the VAEs-enabled
RF and GTNs model, respectively, using batch sizes of 32

Table 5. Result of the 10-fold cross validation of the models.

Model Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 Fold 6 Fold 7 Fold 8 Fold 9 Fold 10

SVC 0.955 0.978 0.9693 0.9639 0.9462 0.9462 0.9423 0.9746 0.964 0.9683

DT 0.9408 0.9788 0.9733 0.9485 0.9473 0.9473 0.9522 0.961 0.9573 0.9516

RF 0.9645 0.9456 0.9517 0.9547 0.9582 0.9714 0.948 0.9606 0.9637 0.9419

GBC 0.9643 0.9468 0.9426 0.978 0.9786 0.9723 0.9522 0.9439 0.9674 0.9576

LR 0.9449 0.9598 0.9414 0.9764 0.9504 0.9665 0.9525 0.9608 0.9619 0.9474

KNN 0.9788 0.971 0.9776 0.9758 0.9639 0.9769 0.9435 0.9478 0.9418 0.953

CB 0.9555 0.9509 0.9731 0.9543 0.9512 0.9617 0.9456 0.9721 0.943 0.9795

XGB 0.9709 0.9479 0.9402 0.9726 0.9683 0.9692 0.9709 0.943 0.9543 0.9446

SRXL 0.9745 0.9649 0.9532 0.9625 0.9724 0.9853 0.9692 0.9755 0.9755 0.9689

SVC: support vector classifier; DT: decision tree; RF: random forest; GBC: gradient boosting classifier; LR: logistic regression; KNN: K-nearest neighbor;
CB: CatBoost; XGB: extreme gradient boosting.

Table 6. Results of different ensemble techniques.

Model Algorithm Accuracy Precision Recall F1-score

Voting ensemble LR, DT, KNN, SVC 0.95 0.94 0.94 0.94

Blending ensemble LR, DT, SVC 0.96 0.95 0.95 0.95

Stacking (basic ML models) LR, DT, KNN, SVC 0.97 0.96 0.96 0.96

Proposed SRXL RF, XGB, LR 0.98 0.98 0.97 0.98

LR: logistic regression; DT: decision tree; KNN: K-nearest neighbor; SVC: support vector classifier; RF: random forest; XGB: extreme gradient boosting;
ML: machine learning.
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and 64, 500 epochs, and stochastic gradient descent opti-
mizer across different data balancing techniques. The first
state indicates the model performance on the original imbal-
anced dataset, showing high accuracy but poor precision,
recall, and F1 scores, particularly for the minority class.
Using SMOTE and SMOTETomek, the model shows
improved precision, recall, and F1 scores, indicating better
handling of the imbalanced data. ADASYN also improves
these metrics, resulting in lower accuracy, reinforcing that
aggressive undersampling might be detrimental due to
significant information loss. Comparing the two batch
sizes, a batch size of 64 generally provides slightly better
results than a batch size of 32 across most metrics and
techniques.

Although VAEs and GTNs excel at capturing the intri-
cate probability distribution of data, they may not be ideal
for achieving precise classification on tabular data.
Generative models lack the discriminative capability to dif-
ferentiate between classes based on input features.
Moreover, they encounter challenges in handling categor-
ical data, a common occurrence in tabular datasets. In

addition, VAEs and GTNs frequently entail intricate train-
ing processes and are susceptible to mode and posterior col-
lapses. This significantly reduces their effectiveness in
classification tasks. Conversely, discriminative ML models
such as LR, DT, RF, gradient-boosting machine (GBM),
and SVM are generally more suitable for classification tasks
because they handle nonlinear relationships and interactions
between features. These models can effectively capture the
structure of tabular data, better handle categorical features,
and make more accurate and reliable predictions for tabular
data classification problems.

Explainability results
Model explainability in ML ensures transparency by reveal-
ing how models make predictions. Techniques such as
SHAP, LIME, and ELI5 provide insights into the import-
ance of features, helping users understand complex algo-
rithms. XAI is vital for trust and ethical deployment in
critical areas such as healthcare and finance, allowing stake-
holders to validate decisions, identify biases, and enhance

Table 7. Performance of VAEs-enabled RF.

State
Batch size= 32 Batch size= 64

Acc P R F1 Acc P R F1

Without balancing 0.93 0.20 0.11 0.14 0.94 1.00 0.09 0.17

SMOTE 0.59 0.53 0.59 0.56 0.64 0.58 0.67 0.62

ADASYN 0.67 0.66 0.69 0.67 0.66 0.64 0.73 0.68

NearMiss 0.45 0.50 0.58 0.54 0.54 0.57 0.67 0.62

SMOTETomek 0.64 0.59 0.68 0.63 0.67 0.61 0.78 0.68

VAE: variational autoencoder; RF: random forest; Acc: accuracy; P: precision; R: recall; SMOTE: synthetic minority oversampling technique; ADASYN:
adaptive synthetic.

Table 8. Performance of GTNs.

State
Batch size= 32 Batch size= 64

Acc P R F1 Acc P R F1

Without balancing 0.94 0.25 0.15 0.20 0.94 0.00 0.00 0.00

SMOTE 0.49 0.45 0.64 0.53 0.52 0.47 0.64 0.55

ADASYN 0.47 0.46 0.42 0.44 0.48 0.48 0.58 0.53

NearMiss 0.36 0.42 0.42 0.42 0.41 0.45 0.42 0.43

SMOTETomek 0.47 0.44 0.66 0.52 0.47 0.45 0.62 0.52

GTN: generative teaching network; Acc: accuracy; P: precision; R: recall; SMOTE: synthetic minority oversampling technique; ADASYN: adaptive
synthetic.

20 DIGITAL HEALTH



model performance. The results of the model’s explainabil-
ity using different tools are given below.

Global explainability. Explainability adds the essence of
transparency to the models’ prediction. Figure 10 ranks
the top 10 features contributing most to the overall predic-
tion of the classification model. The results indicate that the
feature “Hormonal Contraceptives (years)” has the highest
importance, followed by “First Sexual Intercourse” and
“Age.” These features provide valuable insights into the
decision-making process of the model. The mean absolute
contribution reveals that hormonal contraceptives have the
most significant impact on the model’s predictions.

In Table 9, we can see a comprehensive breakdown of
each feature and their corresponding weights, listed in des-
cending order of importance. The number of years spent
consuming hormonal contraceptives is given the highest
priority, while the number of smoking years is given the
lowest priority. The numerical value shown in the table is
the result of combining the individual feature weight with
its corresponding tolerance. For instance, the individual fea-
ture weight for age is 0.0240, meaning that even the smal-
lest alteration in the age value could impact the model
prediction by 0.0064. Furthermore, in Figure 10, we can
observe that most features correspond to the table represen-
tation. This confirms the validity of our findings.

Local explainability
Impact of individual features. This section explains the effect
of the individual feature’s impact on the final prediction of

the classification model. Figure 11(a) and (b) shows that
the longer a woman uses hormonal contraceptives, the higher
her probability of being diagnosed with cervical cancer. The
subsequent two figures unveil the significant impact of a
woman’s sexual habits on the classifiers’ predictions.
Figure 11(c) illustrates the impact of early sexual exposure
on the classifier’s prediction, while Figure 11(d) depicts the
influence of sexual preferences in terms of the count of sex-
ual partners. These insights shed light on the significance of
the predictive model. Based on these findings, it can be con-
cluded that women who engage in early sexual intercourse
and have multiple sexual partners are at a significantly higher
risk of being diagnosed with cervical cancer. This further
emphasizes the importance of comprehensive sex education
and access to reproductive health services for young women.

Figure 11(e) to (j) portrays the significant factors that
contribute to the patient’s condition, including age, the
number of STDs detected, the number of pregnancies, and
the presence of HPV. The data indicates that women diag-
nosed with STDs and other conditions such as cancer, CIN,
or HPV are at a higher risk of developing cancer. Therefore,
healthcare professionals must take into account these fac-
tors when evaluating an individual’s cancer risk.
Furthermore, we can observe the impact of the woman’s
age on the prediction accuracy, with younger women tend-
ing to have a lower likelihood of the predicted outcome.
More precisely, older women with similar conditions are
more susceptible to risk compared to younger women.

Explainability on individual instances. Figure 12 shows the
impact of the features on individual patient records. It is

Figure 10. Feature importance using Shapley additive explanations (SHAP).
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evident from the figure that when our extracted top features
from Figure 10 contribute inversely to the patient’s condi-
tion, it is less likely to be diagnosed with cancer. On the
contrary, when the extracted top features contribute mostly
to the outcome, the patient is at high risk of cervical cancer
(see Figure 13(a) and (b)).

Figure 14 displays a comprehensive comparison of the
significance of various features and their respective con-
tributions to the prediction of the outcome. We have
selected 10 random data samples from the dataset to ana-
lyze the contribution of different features to the model’s
predictions. As shown in the compare plot, features
such as “Hormonal Contraceptives (years),” “Number of
pregnancies,” and “Number of sexual partners” exhibit
greater variation in their contributions (more scattered

lines) compared to others. This indicates a higher standard
deviation for these features, suggesting they have a more
significant and variable impact on the model’s final pre-
dictions compared to features with smaller deviations.
As the top features contribute more, the models’ predic-
tions also improve. This highlights the significance of
selecting and incorporating the most influential features
in our predictive models. It further establishes the super-
iority of these top features to achieve more accurate and
reliable predictions.

DT surrogate model explainability. A surrogate model is the
graphical representation of the predictions made by the
classification model at each step. It explains the complex
decision-making task by splitting the overall process
based on several features and their respective values. In
Figures 15 and 16, two surrogate models have been shown
at different depth levels. In these figures, the internal or
parent nodes represent the features that serve as the con-
ditions for splitting, while the terminal nodes represent
the ultimate prediction results based on the specified cri-
teria for splitting. This approach allows for a more trans-
parent understanding of the decision-making process and
provides insights into how the model arrives at its predic-
tions. Visualizing the surrogate models at different depth
levels makes it easier to comprehend the impact of various
features on the final prediction. In these figures, the DT
surrogate model uses different features obtained from
the patient’s medical records such as “Hormonal
Contraceptives (years),” “STDs,” “Num of pregnancy,”
etc. to determine the probability of cervical cancer. If
the conditions for splitting exceed a certain threshold,
the model accurately predicts a positive cancer diagnosis
for the patient. Conversely, if the conditions fall below the
threshold, the patient is not at a high risk for cancer.
Furthermore, the DT surrogate model considers various
factors such as age, smoking habits, and sexual activity
duration to obtain a more accurate prediction of cervical
cancer risk. By analyzing these features, the model aims
to assist in determining the top contributing features and
better prediction of the disease.

Result of domain knowledge integrated explainability
and XAI tools mapping
In this study, we compared the insights provided by domain
experts with the outcomes revealed by utilizing integrated
XAI tools. This approach allowed us to identify areas of
agreement and potential discrepancies between the model
and human experts. Figure 17(a) depicts the weighted aver-
age calculated for individual features. The proposed feature
selection method categorizes the top features into three
weighted categories, W1, W2, and W3, and assigns labels
to the features based on their contribution to the final

Table 9. Individual feature’s weight and tolerance to the
classifiers.

Feature name Weight

Hormonal contraceptives (years) 0.0259 ± 0.0061

First sexual intercourse 0.0247 ± 0.0048

Age 0.0240 ± 0.0064

Number of sexual partners 0.0207 ± 0.0027

Number of pregnancies 0.0193 ± 0.0079

Hormonal contraceptives 0.0100 ± 0.0043

STDs (number) 0.0096 ± 0.0045

STDs 0.0084 ± 0.0023

IUD 0.0037 ± 0.0009

Smokes 0.0037 ± 0.0009

IUD (years) 0.0035 ± 0.0021

Smokes (packs/years) 0.0028 ± 0.0024

Dx:HPV 0.0026 ± 0.0009

Dx:Cancer 0.0023 ± 0.0000

Dx:CIN 0.0023 ± 0.0000

Dx 0.0023 ± 0.0015

Smokes (years) 0.0016 ± 0.0011

STD: sexually transmitted disease; IUD: intrauterine device; Dx:HPV:
presence of human papilloma virus after the diagnosis; Dx:Cancer:
presence of cancer after the diagnose; Dx:CIN: presence of cervical
intraepithelial neoplasia after the diagnosis.
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predicted outcome. The two main factors that have the
greatest impact on the likelihood of developing cervical
cancer are HPV infection and having multiple sexual part-
ners. These factors are given the highest level of import-
ance, indicated by a weighting of W3. On the other hand,
age, hormonal contraceptives, and smoking are assigned

the least weighting of W1, indicating a lesser impact on can-
cer risk. The domain experts’ response exhibits an indexing
pattern similar to the previous figure. It is illustrated in
Figure 17(b). Experts have confirmed that the main factors
contributing to the risk of developing cervical cancer in the
future are engaging in sexual activity with multiple partners

Figure 11. Individual features explainability.
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and contracting the HPV. Furthermore, they identified early
sexual activity, a long history of hormonal contraceptive
use, and the presence of other STDs as major risk factors
for the development of cervical cancer.

Figure 18 visualizes the primary factors leading to
cervical cancer as identified by domain experts. These rea-
sons include HPV infection, smoking, hormonal contra-
ceptives, multiple sexual partners, and poor hygiene
practices. Further analysis of the data reveals that these
factors often interact with one another, exacerbating the
risk of cervical cancer. A clear dominance of HPV infec-
tion and engagement with multiple sexual partners can
be observed with 90% and 55% scores, respectively.
This further confirms that our proposed model, integrated
with XAI, accurately detected the indicators of cervical
cancer. The majority of experts agree that the prolonged
use of hormonal contraceptives for over 10 years, particu-
larly during a woman’s reproductive years, significantly
increases the risk of developing cervical cancer (see
Figure 19).

The model’s predicted feature importance differs and
may not always align perfectly with the risk factors identi-
fied by the experts. This is due to various factors such as
data quality, sample size, and modeling assumptions.
Figures 17 and 18 clearly illustrate that although experts
assert oral hormonal contraceptives as a major contributor
to cervical cancer, our proposed method assigned it the least
weight, W1. Additionally, experts emphasized the signifi-
cance of early sexual intercourse, a crucial aspect that was
not addressed in the proposed model. This indicates that
even with the impressive capabilities of advanced AI and
explainability tools in uncovering hidden patterns in patient
data and identifying key features that influence model out-
comes, there is still room for improvement to match the
expertise of human domain experts. Further research and
refinement are essential to ensure these AI models reach
their full potential in the medical field. However, this com-
parison provided detailed insights into the decision-making
processes of both the model and the experts, effectively
bridging the gap.

Figure 12. Individual instance explainability.
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Figure 13. Prediction probability of an individual instant and features impact on it using local interpretable model-agnostic
explanations (LIME).

Figure 14. Comparison of 10 random instants feature impact.

Roy et al. 25



Figure 15. Decision tree (DT) surrogate model explainability in depth 3.

Figure 16. Decision tree (DT) surrogate model explainability in depth 5.
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Figure 17. Importance of individual features from the domain experts.

Figure 18. Major risk factors for cervical cancer listed by domain experts.

Figure 19. Visualizing the insights provided by domain experts: (a) How many years of having oral contraceptive pills can lead to
cervical cancer? (b) What age range do you consider women more susceptible to contracting cervical cancer?.
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Discussion
Medical diagnosis data is used to create highly accurate
advanced machine-learning models that can make precise
predictions. These models serve as valuable tools for
healthcare professionals, empowering them to make more
accurate and informed diagnoses for their patients.
However, the primary hurdles lie in the limited access to
real-world datasets and their imbalanced nature. It nega-
tively affects the ML model’s overall prediction, leading
to a bias toward one class and subpar performance when
classifying the minority class. The proposed study intro-
duces a two-level pipeline that combines a hybrid feature
selection method with an ensemble model and domain
knowledge. This approach is designed to address the com-
plexities of this challenging task effectively. By incorporat-
ing a hybrid feature selection method and stacking
ensemble model, the proposed methodology aims to
address and mitigate the issue of biased predictions and
improve the model’s performance in classifying both the
majority and the minority class. This comprehensive
approach ensures that the model not only guarantees accur-
acy for individual classes but also exhibits the ability to rec-
ognize both positive and negative outcomes. Table 10
presents the overall comparison of our proposed pipeline
with other recent research.

We experimented with various oversampling and under-
sampling techniques such as SMOTE, SMOTETomek,
ADASYN, and NearMiss to assess their effects and com-
pare the predictive results with the original imbalanced
dataset. By applying these techniques, this study observed
how each method affected the model’s performance, allow-
ing the selection of the most appropriate approach for the

enhanced performance and stability of the ML models. In
this case, it has been shown that oversampling techniques
outperformed undersampling techniques, with SMOTE
being the most effective. Along with our proposed SRXL
model, other ML models performed better, such as DT,
LR, CB, etc. This emphasizes the importance of preproces-
sing, as proposed in the study, which can significantly
enhance the performance of ML models. Moreover, this
study conducted a thorough analysis of the data, harnessing
the potential of ML to uncover concealed patterns within
the dataset. The findings revealed novel insights and corre-
lations that were previously unrecognized. Additionally, the
results obtained from the analysis of different generative AI
approaches indicate their incapability in handling tabular
datasets. The proposed hybrid feature selection method
effectively ranked the most important features contributing
to the model’s predictions. The features were subsequently
utilized to develop a predictive model, showcasing remark-
able accuracy in forecasting the target outcome.
Furthermore, the study conducted an in-depth analysis of
the importance of features that further facilitate the early
prediction of cervical cancer and ensure timely treatment.

Furthermore, tools for explainability, such as SHAP,
ELI5, and LIME, have increased the transparency and reli-
ability of the pipeline. This incorporated advanced auto-
mated AI algorithms in the professional health domain.
SHAP and LIME are powerful tools for providing global
and local explanations. We integrated the expert opinion
of the domain and healthcare professionals to map the find-
ings. We facilitate one-to-one interviews to assign weights
to individual features and rank their contribution. By con-
ducting personalized interviews, this study evaluates the

Table 10. Comparison with recent works.

Article Year Dataset Method Accuracy

Hariprasad et al.16 2023 UCI risk factors dataset RF with oversampling 98.7%

Ali et al.18 2024 Both UCI datasets RF-based ensemble model 98.06% on (DS-I)
and

94.45% on (DS-II)

Kumari et al.30 2023 UCI risk factors dataset DNN with PCA 87.4%

Khanam and
Mondal17

2021 UCI risk factors dataset Stacked Ensemble 94.4%

Kumawat et al.22 2023 UCI risk factors dataset XGB 94.94%

Ilyas and Ahmad21 2021 Both UCI datasets Voting ensemble 94%

This study 2024 UCI risk factors
dataset

Stacked ensemble with RF as
meta-learner

98%

RF: random forest; DNN: deep neural network; PCA: principal component analysis; XGB: extreme gradient boosting.
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importance of different factors and establishes their impact
on the final ranking. Therefore, healthcare professionals can
better understand the decision-making process. This poten-
tially increases the acceptance and adoption of the devel-
oped predictive model in clinical practice.

Limitations
This study is based on a single publicly available dataset.
Additionally, we collected expert opinions from domain
experts in a single country. Ideally, gathering insights from
domain experts across different regions would enhance the
study’s robustness, but due to resource constraints, this was
not feasible. Incorporating more diverse perspectives from
experts and collecting additional data would further improve
the study’s explainability and practical applicability.

Conclusion and future work
In conclusion, our study addresses the intricate challenges
of real-world data analysis, particularly focusing on the
“Cervical Cancer (Risk Factors)” dataset. The prevalence
of imbalanced class distributions, noise, missing values,
and duplicate records in healthcare datasets emphasizes
the need for a meticulous preprocessing pipeline. Our pro-
posed stacking ensemble model has exhibited exceptional
performance, achieving a remarkable 98% accuracy and
an outstanding AUC score of 0.995, surpassing traditional
ML and deep learning models.

Applying SHAP, LIME, ELI5, and DT surrogate models
enhances our model’s interpretability. We have successfully
ranked influential features such as hormonal contraceptives,
women’s age, sexual partners, sexually transmitted disease
(STD) infections, and other habits, providing valuable
insights into cervical cancer predictions. Validation through
expert interviews reinforces the robustness of our model.

Further work will focus on integrating more datasets in
this domain in a distributed manner where datasets are not
gathered centrally to enhance security. More relevant fea-
tures will be added to analyze cervical cancer more deeply.
Additionally, we will explore ways to mitigate the mis-
match in domain experts’ opinions on the explainability
of the XAI tools.
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