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Cervical cancer is one of the most common cancers affecting women worldwide, with the highest incidence rates found in low- and
middle-income countries. Although it can affect women of various ages, it is most frequently diagnosed in those aged 30 years or
older. In regions with limited healthcare infrastructure, many women are diagnosed in later stages due to insufficient access to early
screening and diagnosis. Early risk detection is essential for improving outcomes and reducing treatment costs. Machine learning
(ML) algorithms have emerged as valuable tools to support, rather than replace, standardized early detection methods such as Pap
smears and Human Papillomavirus (HPV) testing. These algorithms can assist medical professionals by identifying individuals
at higher risk, helping prioritize care, and potentially confirming clinical findings. ML models can process large volumes of
patient data efficiently, enabling more timely and informed decision-making. This study evaluates several machine learning
algorithms to determine their effectiveness in supporting cervical cancer risk assessment. Performance is measured using key
metrics such as accuracy, sensitivity, specificity, and Area Under the Receiver Operating Characteristic curve (AUROC). Among
the models tested, Support Vector Machine (SVM) and Light Gradient Boosting Machine (LightGBM) achieved the highest
overall performance across all metrics, making them most promising for early risk detection. A detailed analysis is conducted on
these promising algorithms, highlighting both their advantages and limitations in a real-world healthcare context. Extensive discus-
sion on all algorithms clinical potential, limitations, and implications for future integration into healthcare settings is also performed.
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Introduction

Cervical cancer is the fourth most common cancer in women
globally, preceded by breast cancer, colorectal cancer, and lung
cancer1. HPV is a sexually transmitted disease that affects the
genitals and other areas, and normally, most sexually active
people are infected by it at least once in their lifetime1. Usually,
the immune system can clear HPV from the body, but untreated
persistent HPV diseases in the cervix, the lower part of the
uterus, cause 95% of reported cervical cancers1. Cervical cancer
usually develops slowly over time, 15-20 years1, but women
with weaker immune systems can develop cancerous cells in
5-10 years1.

Diagnosis for cervical cancer is most frequently found in
women ages between 35 and 442. It is rarely found in women
under 202. Cervical cancer rarely occurs in women who have
been regularly tested and screened for cervical cancer before
652.

The advancement of effective methods for both the prevention
of cervical cancer and the treatment of cervical cancer decreases
overall cervical cancer cases. Cervical incidence rates decreased
more than half from the mid-1970s to the mid-2000s, and have
stabilized since2. Adequate prevention and treatment, however,
primarily exist in developed countries. For most developing
countries, the equipment needed to take precautionary measures

like HPV vaccines or successful treatment may not be readily
available. This allows for many cervical cancer cases to go
unnoticed and progress. In 2022, there were 660,000 new cases
of cervical cancer worldwide1. In that same year, there were also
around 350,000 cervical cancer deaths, 94% of which occurred
in low and middle-income countries1.

Treatment of cervical cancer is expensive and usually pertains
to a patient undergoing surgery or therapy to remove the can-
cerous cells. Especially in developing or poor countries, people
may not have enough money to cover treatment costs. In 2020,
the cost of cervical cancer care was 2.3 billion dollars, with
the average per-patient costs for medical services for the end-
of-life phase being $97,000, followed by the initial care phase
($58,700) and continuing care phase ($4,000)3. Precautionary
measures are a much more effective and affordable approach,
especially with the introduction of risk prediction models that
contain machine learning algorithms2.

Machine learning algorithms work by taking in data that
contains risk factor information like age, and smoking status,
and use the data to make an accurate prediction of cervical
cancer presence. Machine learning algorithms achieve this by
training on data that contains risk factor data on an individual,
and if there was a presence of cervical cancer in the patient or
not. From this, the algorithms use their unique properties to
predict a pattern to then evaluate on a testing data set4.
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Each algorithm varies differently from the other, specifically
in how they arrive at a prediction. Because of this, certain al-
gorithms will perform more accurately and efficiently in some
datasets than others. This study aims to determine which algo-
rithm chosen for this study shows the most effective results on a
cervical cancer dataset. The algorithm will be chosen through
comparison of accuracy, metrics such as specificity, sensitivity
and AUROC, and finally with visualizations such as AUROC
curve and confusion matrices.

Literature Review

Shetty et al. compared several machine learning models such as
Decision Tree and K-Means across different studies5. Despite
the varied approaches taken in those studies, a common issue
highlighted was data imbalance—especially in image-based
datasets—and the importance of addressing it properly. The
present study also focuses on comparing key machine learn-
ing algorithms, applying a consistent method across all models
to avoid evaluation bias. While this improves the fairness of
comparison, data imbalance still posed challenges despite ef-
forts to reduce it. Shetty et al. noted that SVM was widely
used and effective in handling overfitting and bias, but suffered
from long computation times and lack of transparency. In con-
trast, computation times were kept manageable in this study,
and feature importance analysis was used for LightGBM, the
top-performing model, to improve interpretability and support
its performance. Parikh et al. experienced similar limitations6.
Their work involved testing Decision Tree, Random Forest, and
K-Nearest Neighbor models, and they attempted to reduce bias
in the data by simplifying the dataset. This helped to some
extent, but led to a trade-off between result quality and model
performance. Some columns still contained bias that couldn’t
be fully addressed. In this study, similar issues were encoun-
tered—Synthetic Minority Oversampling Technique (SMOTE)
was used to reduce class imbalance, but some inherent bias in
the dataset remained. Unlike Parikh et al., feature selection
algorithms were not applied, which might have improved model
performance further. However, hyperparameter tuning and a
three-way data split (training, validation, testing) were used to
help manage overfitting. Although k-fold cross-validation was
not included, its benefits are acknowledged and it remains a
potential method for enhancing the reliability of results in future
research.

Suman et al. trained and tested Random Forest, Neural Net-
work, Support Vector Machine, AdaBoost, Bayes Net, and De-
cision Tree algorithms using biopsy data from 858 patients at
Hospital Universitario de Caracas7. Their use of k-fold cross-
validation strengthened the reliability of their results, with Bayes
Net achieving the highest accuracy at 96.38%. However, the
study did not clearly outline how missing values were handled,
which is a notable gap. In contrast, this study ensured all missing

values were addressed through preprocessing steps to avoid bias
during model training. While k-fold validation was not imple-
mented here, its value is recognized, and it remains a candidate
for future experimentation.

Yang et al. similarly applied k-fold cross-validation when
developing Multilayer Perceptron (MLP) and Random Forest
models to evaluate diagnostic accuracy8. Random Forest was
also used to rank risk factors through an importance index. This
aligns with the current study’s use of feature importance analysis
on the best-performing model (LightGBM), supporting a grow-
ing emphasis on interpretability. Like Yang et al., this project
also faced limitations from dataset size, which contributed to
challenges with overfitting despite mitigation strategies such as
SMOTE and validation splitting.

Nithya et al. focused primarily on feature selection, experi-
menting with methods like Recursive Feature Elimination, the
Boruta algorithm, and Conditional Inference Trees in combi-
nation with models like Random Forest9. Their work showed
that thoughtful feature selection improved accuracy, reduced
overfitting, and improved model efficiency. This study did not
incorporate advanced feature selection algorithms, opting in-
stead for a standardized feature set across models for consistent
comparison. However, the potential value of integrating such
methods is acknowledged, especially in improving generaliza-
tion.

Alsmariy et al. developed an ensemble model combining mul-
tiple algorithms, supported by preprocessing steps like SMOTE,
Principal Component Analysis (PCA), and feature selection,
alongside cross-validation10. The ensemble approach helped
address small dataset size and overfitting concerns. Similarly,
this study utilized SMOTE to handle class imbalance and reduce
bias in training. However, ensemble methods were not explored
here, as the focus remained on comparing individual models di-
rectly. The use of PCA and advanced missing value strategies in
Alsmariy et al.’s work suggests future directions for improving
model robustness in studies with similarly limited datasets.

Tanimu et al. used a Decision Tree model paired with Re-
cursive Feature Elimination and LASSO for feature selection,
alongside SMOTEtek—a modified version of SMOTE that also
addresses missing data11. Their feature selection and data han-
dling strategies contributed to strong results, including a reported
100% sensitivity. While this study also leveraged SMOTE to
combat imbalance, it did not apply advanced feature engineer-
ing or SMOTE variants. Nonetheless, model tuning and data
preprocessing were used to control for overfitting and improve
interpretability. The use of LightGBM, with its built-in handling
of missing values and transparent feature ranking, provided an
alternative route to similar goals.
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Methods

Data

The data used in this research to test the algorithms is found in
Kaggle, an online platform for data science sharing12. The data
originally was obtained from ’Hospital Universitario de Caracas’
in Caracas, Venezuela of which consisted of 858 patients.

The file contains a list of risk factors for cervical cancer
leading to a biopsy examination. The risk factors included
24 features of “string data” (transformed into Boolean data
for algorithm use) and 12 features of numerical data (either
continuous or discrete/integer). For the “string columns” 1
indicated yes and 0 indicated no. The risk factors included age,
smoking, Intrauterine Device (IUD), sexual intercourse, STDS,
and hormonal contraceptive data, which can all be accessed
through the reference section in the paper or in the table below.

The following Kaggle repository was expanded to conduct
the empirical studies included in the paper13. The data was
extracted from (see Table 1)12 to build a comprehensive and
robust pipeline for training and evaluation of supervised learning
methods for the predictive modelling of cervical cancer. Python
and Scikit-Learn were used to construct the relevant methods
and experiments.

Before training, missing values in the dataset were handled
using k-Nearest Neighbors (kNN) imputation with k=2, which
estimates missing values based on the average of the two most
similar rows. The features were then standardized using Stan-
dardScaler to normalize all variables to a comparable scale.

The dataset was split into training (80%) and temporary test-
ing (20%) subsets. The testing subset was further divided evenly
into validation (10%) and final test (10%) sets. To address class
imbalance in the training set, SMOTE with default parameters
was applied.

After the preparation of data, the algorithms Logistic regres-
sion, SVM, kNN, eXtreme Gradient Boosting (XGBoost), and
LightGBM are imported. The relevant metrics include precision,
recall or sensitivity, f1-score, specificity, and accuracy. These
were computed using fixed training, validation, and test sets
(80/10/10 split), ensuring consistent evaluation across all mod-
els. While k-fold cross-validation was not employed, multiple
randomized train-test splits were used to ensure result robust-
ness.

Algorithms

In this research, we tested the following algorithms: Logistic
Regression, SVM, kNN, XGBoost, and LightGBM. The follow-
ing algorithms were chosen over deep learning methods like
Convolutional Neural Network (CNN) because the data con-
sist of tabular, structured data, rather than image or sequence
data. Additionally, classical ML models such as LightGBM

Table 1 Lists risk factors used in dataset along with corresponding
types: Integer, Boolean, or Continuous (Float)
Note: Continuous refers to a numerical value that is not discrete
(Float).

Feature Type
Age Integer
Number of Sexual Partner Integer
First Sexual Intercourse Integer
Num of Pregnancies Integer
Smokes Boolean
Smokes (years) Continuous
Smokes (packs/year) Continuous
Hormonal Contraceptives Boolean
Hormonal Contraceptives (years) Continuous
IUD Boolean
IUD (years) Continuous
STDS Boolean
STDs (numbers) Integer
STDs: condylomatosis Boolean
STDs: cervical condylomatosis Boolean
STDs: vaginal condylomatosis Boolean
STDs: vulvo-perineal condylomatosis Boolean
STDs: syphilis Boolean
STDs: pelvic inflammatory disease Boolean
STDs: genital herpes Boolean
STDs: molluscum contagiosum Boolean
STDs: AIDS Boolean
STDs: HIV Boolean
STDs: Hepatitis B Boolean
STDs: HPV Boolean
STDs: Number of diagnosis Integer
STDs: Time since first diagnosis Integer
STDs: Time since last diagnosis Integer
Dx: Cancer Boolean
Dx: CIN Boolean
Dx: HPV Boolean
Dx Boolean
Hinselmann Boolean
Schiller Boolean
Citology Boolean
Biopsy Boolean

and XGBoost are well-suited for mixed-type data, require fewer
computational resources, and provide more interpretability.

• Logistic regression14 Logistic Regression is a linear clas-
sification algorithm that models the probability of a binary
outcome. It assigns weights to input features (risk fac-
tors) and calculates a weighted sum, which is then passed
through a function to output a value between 0 and 1, rep-
resenting the probability of having cervical cancer. The
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decision boundary is determined by a threshold (usually
0.5).

• SVM15 SVM is a supervised learning algorithm that con-
structs a hyperplane (or decision boundary) in a high-
dimensional space to separate classes. It finds the optimal
decision boundary that maximizes the margin between the
closest data points of each class, known as support vectors.

• kNN16 kNN is a non-parametric, instance-based learning
algorithm. It classifies a new data point based on the ma-
jority class of its k closest neighbors in the feature space,
measured using a distance metric. It uses the training data
directly to make predictions.

• XGBoost17 XGBoost is a gradient boosting framework
that builds an ensemble of decision trees in a sequential
manner. Each new tree is trained to correct the errors of
the previous ones by minimizing a loss function. XGBoost
includes regularization to prevent overfitting and is known
for its efficiency, scalability, and high performance on struc-
tured/tabular datasets.

• LightGBM18 LightGBM is an optimized gradient boosting
framework similar to XGBoost but with improved speed
and lower memory usage. It uses a histogram-based al-
gorithm and grows trees leaf-wise rather than level-wise,
which can result in deeper trees and better accuracy. It is
particularly efficient on large datasets with many features.

Results

The unusually low value of 0.11 in Table 2 corresponds to
sensitivity for kNN. This reflects the algorithm’s limited ability
to detect positive cases in the context of the highly imbalanced
dataset and small sample size. Such outlier results highlight
the variability of model performance under challenging data
conditions and emphasize the need for cautious interpretation of
individual metrics.

Every algorithm could predict the negative class effectively,
with high specificity values(see Table 2). The f1-scores and pre-
cision values attributed to the negative class were also high. The
positive class accuracy, however, varied per algorithm. The two
algorithms that performed the best were SVM and LightGBM.

Further comparison between SVM and LightGBM is needed.
Thus, the employment of visualizations means of analysis is
performed, specifically with confusion matrices and Receiver
Operating Characteristic (ROC) curves.

Example random run of SVM

Figure 1 shows the confusion matrix from one run of the SVM
model. Each cell in the matrix represents the number of predic-
tions the model made for each actual class (0 or 1) compared

Fig. 1 Confusion Matrix

to what it predicted (also 0 or 1). The diagonal values (from
top-left to bottom-right) represent correct predictions, while the
off-diagonal values show where the model made mistakes. The
color intensity highlights how many predictions fall into each
category.

SVM here was able to predict 76/79 negative classes, and
predict 4/7 of the positive classes.

Fig. 2 ROC Curve Visualization

Figure 2 shows the ROC curve from a single run of the SVM
model. The curve plots how the model’s ability to correctly
identify positive cases (True Positive Rate) changes as it also
makes incorrect positive predictions (False Positive Rate).
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Table 2 Comparison of Algorithms’ Median Performance Metrics Across Five Runs
Algorithm Median Accuracy Median AUROC Median Specificity Median Sensitivity
Logistic Regression 0.95 0.97 0.97 0.62
kNN 0.91 0.91 0.97 0.11
SVM 0.97 0.97 0.96 1.00
XGBoost 0.94 0.97 0.93 0.86
LightGBM 0.96 0.95 0.96 1.00

SVM in the ROC curve visualizes obvious variation through
the fluctuations with the line, however with an excellent AUROC
score of 0.92.

Example run of LightGBM

Fig. 3 Confusion Matrix

Figure 3 shows the confusion matrix from one run of the
LightGBM model. Each cell in the matrix represents the number
of predictions the model made for each actual class (0 or 1)
compared to what it predicted (also 0 or 1).

The diagonal values (from top-left to bottom-right) represent
correct predictions, while the off-diagonal values show where
the model made mistakes. The color intensity highlights how
many predictions fall into each category.

LightGBM was able to predict 79/80 in the negative class.
For the positive class, it was able to predict 4/6.

Figure 4 shows the ROC curve from a single run of the Light-
GBM model. The curve plots how the model’s ability to cor-
rectly identify positive cases (True Positive Rate) changes as it
also makes incorrect positive predictions (False Positive Rate).

LightGBM in the ROC curve visualizes less variation com-
pared to SVM due to less fluctuations in the line, and a superior

Fig. 4 ROC Curve Visualization

AUROC value of 0.97. Shows consistency of less variation
paired with an excellent AUROC score.

Discussion

The most effective algorithms included SVM and LightGBM,
with high median accuracy in both positive class and negative
class. Both SVM and LightGBM also had high f-1 scores and
specificity values. However, SVM had extremely high variation,
with some runs with low positive class recall values and some
with 100% positive class recall values. This is evident in the
random run used for ROC curve and confusion matrix visualiza-
tion. LightGBM, on the other hand, was more consistent with
less variation. LightGBM performed the most efficiently out of
all the algorithms.

It is likely that LightGBM’s inherent properties contributed to
its superior performance. Its unique ability to efficiently handle
imbalanced data (a common issue in medical datasets) without
requiring extensive tuning could have contributed to its success.
Other properties of the algorithm, such as its grading boost
mechanism, also likely contributed to its success. Additionally,
LightGBM’s support for regularization techniques helps reduce
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overfitting, making it well-suited for smaller datasets like the
one used in this study.

On the other hand, SVM exhibited high sensitivity but dis-
played significant variance across different runs. Despite the
use of SMOTE to balance the dataset, SVM’s variability could
still be partly influenced by data imbalance, as oversampling
can sometimes lead to overfitting of the minority class. While
SMOTE helps prevent the model from ignoring the minority
class, the high sensitivity in some cases indicates that SVM
might be overly focused on those positive cases, which could
lead to issues in generalizing unseen data. Also, although the
SVM model achieved a median sensitivity of 1.0, it is impor-
tant to note that due to the small and imbalanced dataset, some
test sets may have contained very few positive samples. This
makes the sensitivity metric potentially unstable. Though we
employed median reporting to reduce variance, the absence of
significance testing or confidence intervals limits the reliability
of the performance metrics. Future work will aim to address
this through larger datasets and more rigorous statistical anal-
ysis. Additionally, while weighted averages offer benefits in
representing imbalanced datasets, we prioritized robustness to
variance across runs, which median more effectively captures in
this case.

Computational time was not an issue in this study, as all times
for the algorithms were approximately the same and efficient.

Limitations

Machine learning models for cervical cancer have been devel-
oped over various case studies. Methods and ideas previously
not available or thought of have developed over time and will
continue to be introduced to perfect these models. There are
still limitations that all researchers face when using algorithms
for predictions.

One of the most critical limitations of this study is the nature
of the chosen dataset itself—it is both small and highly imbal-
anced. These characteristics can affect model performance by
increasing variance (i.e., performance fluctuates widely between
runs) and introducing bias, especially toward the majority class.
As a result, metrics like sensitivity and specificity may be less
reliable. While SMOTE was applied to address imbalance, and
repeated runs were used to smooth variability, these steps cannot
fully overcome the limitations of the data. For this study, there
is not the privilege to connect to hospitals for unique data so the
only way to gather data is from public data on the internet. Data
availability however in the internet is extremely small, which can
in turn impact model efficiency. Limited data can lead to over-
fitting, which is a deficiency that occurs when a model performs
poorly on tested data. Overfitting, in general, is unavoidable but
will be countered by testing each algorithm multiple times. The
median values of accuracy, AUROC, sensitivity, and specificity
were chosen to reduce the effect of extreme values from repeated

runs, particularly due to variance from random train-test splits.
Comparison of each algorithm was used through this method,
however formal statistical significance testing (e.g., confidence
intervals, hypothesis testing) was not conducted and will be
considered in future work.

Missing data points are also a limitation. It can not only lead
to non-confident results from assumptions on missing data but
can also create biased results. Generally, assumptions of missing
data points are used from the mean, median, or mode which
can lead algorithms to have a bias toward those particular data
points. kNN imputation will be used in the code rather than
standard approaches to missing values. kNN imputation is more
efficient as it reduces variance impact (maintains the natural
variance of the set) and is less biased than the mode, median,
and mean.

Future Work and Recommendations

Based on the experiments conducted, few of the algorithms were
able to predict cervical cancer with solid accuracy and minimal
error, with LightGBM being the most efficient. Prediction mod-
els with algorithms are the future for predicting cervical cancer,
and can still be improved to produce better results. Based on the
roadblocks faced in this study, most of them are easily solvable
with a larger, more unique sample dataset. A larger sample
dataset will be able to improve false predictions made by the
algorithm on the positive class, and overall improve the pre-
diction model’s efficiency. LightGBM has potential to work
well alone, but further studies combining LightGBM with other
algorithms may create better results. Studies of combination of
LightGBM with other algorithms and LightGBM by itself with
larger datasets is recommended.

Clinical Applications and Implications

Machine learning models, such as those developed and analyzed
in this study, have significant potential to enhance healthcare sys-
tems. These models can assist clinicians in various ways—for
instance, by supporting diagnostic decisions, prioritizing high-
risk patients for earlier appointments, or identifying patterns
that may not be immediately evident to practitioners. However,
to ensure their reliability and applicability in real-world settings,
these models must undergo rigorous clinical validation. This
includes evaluating their performance on external datasets from
different clinical environments and, ideally, assessing them in
real-time healthcare workflows. Clinical validation is essential
to demonstrate that the model can generalize across diverse pa-
tient populations and integrate smoothly within existing health-
care systems.

The high sensitivity observed in some algorithms, particularly
SVM, indicates strong potential for these models to correctly
identify individuals at risk of cervical cancer. In a clinical set-
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ting, this means fewer missed cases, which is crucial in early
detection and prevention. However, the associated variability
and occasional lower specificity suggest that some models may
also yield a higher rate of false positives. This could result in un-
necessary follow-up procedures, increased anxiety for patients,
and added strain on clinical resources. Therefore, while high
sensitivity is desirable for minimizing missed diagnoses, it must
be balanced with acceptable specificity to ensure that the model
supports efficient and responsible clinical decision-making. Fu-
ture improvements and validations of these models should focus
on optimizing this trade-off based on the clinical context and
population needs.

Understanding how machine learning models make predic-
tions is essential for clinical adoption. In this study, feature
importance analysis was conducted for LightGBM, the top-
performing algorithm, to identify which input features con-
tributed most to its predictive performance. This not only en-
hances transparency, but also builds trust among clinicians, as
it allows them to assess whether the model’s decision-making
aligns with established medical knowledge. If the model’s rea-
soning is clinically valid, it can serve as a supportive validation
tool in practice, increasing confidence in its use for real-world
healthcare settings.

Notably, features such as age, hormonal contraceptive use,
number of pregnancies, and age at first sexual intercourse were
among the highest ranked — consistent with established cervical
cancer risk factors in medical literature. Additionally, clinical
exam outcomes like Schiller and Hinselmann test results also
ranked highly, suggesting the model effectively incorporates
medical screening information. This alignment with known clin-
ical indicators enhances the interpretability and trustworthiness
of the model in potential real-world applications.

These findings highlight the promise of interpretable machine
learning in healthcare. Future work could involve validating
these results on external datasets and involving clinicians in the
interpretation process to further ensure that model outputs align
with clinical judgment and ethical standards.
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