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Abstract. Ovarian Cancer is one of the most common diseases in females. It is about the unusual
growth of cancer cells in the ovaries. Even with improvements in medical research and treatment, it
still plays a big role in deaths caused by cancer. Early prediction and detection of this disease may
save many lives. In this study, three datasets have been considered to find the features which might
be useful in the prediction of this disease. In this study, an ensemble of Random Forest Classifier,
XGBoost and Mutual Information Gain was applied and then voting technique was used to find
the most important features. The important features from each dataset were compared with each
other to get the resultant features MAF, PAX8, SERINC1, SFN, SPON1, CREBL2, ST13, and INTS5.
Four machine learning techniques were used namely Random Forest, eXtreme Gradient Boosting,
Light Gradient Boosting and ANN to train and evaluate using Accuracy, Precison, Recall and F1
Score. The cross-validation across independent datasets enhances the generalizability of the identified
biomarkers.
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1. Introduction

Ovarian cancer (OC) is one of the most frequently found cancers in women. It is the second
highest cause of death from common cancers that affect women, right after cervical cancer.
The most common type of OC is called epithelial ovarian cancer (EOC). EOC can be divided into
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three main kinds: serous OC (SOC), mucinous OC, and endometrioid OC. Among these types,
SOC is the most prevalent, with high-grade serous ovarian cancer (HGSOC) making up 70%
of all OC cases (Zhou et al. [20]). The usual treatment for EOC is surgery to remove as much
tumor as possible, followed by chemotherapy that contains platinum. However, as some diseases
become resistant to chemotherapy, the effectiveness of these drugs has gone down. Many new
medicines are being tested in clinical trials to see how well they work for treating EOC. These
include drugs that block new blood vessel growth, those that target growth factor signals, PARP
inhibitors, and folate receptor inhibitors (Wang et al. [[17]).

In recent years, artificial intelligence (Al) has become a part of medicine. Al offers a quick
and accurate way to analyze large amounts of complex information and make predictions
automatically. Importantly, Al systems make choices based on clinical evidence and the data
provided, which tends to be more objective and efficient than how doctors usually work. The use
of Al in medicine greatly lowers the chances of misdiagnosis, gives useful advice for future
treatment, and eases the workload for doctors. Early detection through computational biomarker
discovery could substantially improve patient survival, aligning with the goals of precision
oncology. Today, more and more people are learning about computer-aided methods, and applying
this knowledge in everyday medical practice shows good results (Zhou et al. [20]). AI methods
are being used more and more these days for accurate diagnosis of many diseases. Recently,
different Al tools, especially machine learning (ML) and deep learning, have become well-liked
for diagnosing and predicting many diseases, especially cancer, because they have great benefits.
However, few studies have looked at how AI (ML) tools can predict ovarian cancer. Because of
the limits of these studies, there is a clear need for new and better research (Ayyoubzadeh et
al. [4]).

Machine learning, a subset of artificial intelligence, has gained prominence in medical
informatics due to its ability to process large datasets and uncover patterns that are not
easily discernible through traditional statistical methods. In the context of ovarian cancer,
machine learning algorithms can be employed to analyze complex medical data, such as genetic
information, imaging results, and patient histories, to predict cancer presence more accurately
and earlier than conventional methods (Sundari and Brintha [15]]).

In this research, an Ensemble of machine learning techniques, namely Random Forest
Classifier, XGBoost and Mutual Information Gain have been used for feature extraction.

2. Related Work

According to Ayyoubzadeh et al. [4], artificial intelligence tools to predict ovarian cancer by
analyzing blood test results and tumor markers, identifying the random forest model as the most
accurate with over 86% accuracy, and suggesting that Al can aid in early and cost-effective
diagnosis.

According to Hira et al. [7], a systematic review highlights the growing application of deep
learning (DL) in ovarian cancer (OC) diagnosis and analysis. While most studies focus on
detection and diagnosis using imaging data still, there is a lack of research on prediction and
prevention.

Hamidi et al. [5]] suggests Al-based approaches have demonstrated the ability to predict
clinical stage, histotype, and residual tumor burden preoperatively. The integration of miRNA
biomarkers with machine learning models has yielded promising results, with some studies
reporting area under the ROC curve values of up to 100% for ovarian cancer prediction.
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Ahamad et al. [2] apply machine learning models along with statistical methods to clinical
data obtained from 349 patients individuals to conduct predictive analytics for early diagnosis
of ovarian cancer.

Juwono et al. [8] propose an optimal simultaneous feature weighting and parameter
optimization approach using adaptive differential evolution (ADE) with LASSO regularization
to detect ovarian cancer with high accuracy.

Liu et al. [9] identifies and validates nine diagnostic characteristic genes for ovarian cancer
using bioinformatics and machine learning.

Hamidi et al. [6] identifies 10 miRNAs as potential biomarkers for ovarian cancer and
demonstrates their high accuracy in diagnosing the disease using machine learning models,
suggesting that the serum miRNA profile is a promising diagnostic tool.

Anaissi et al. [3] demonstrates ensemble feature learning using support vector machines
(SVMs) has shown promise in genomic data classification. ESVM-RFE, an ensemble approach
combining SVM with recursive feature elimination, outperformed traditional methods in gene
selection and classification of microarray data.

Table 1. Comparative summary of prior studies on ovarian cancer prediction

Study (Year) Dataset / Algorithms used |Reported accuracy | Key contribution or
Sample type /AUC novelty
Ahamad et al. [2] | Clinical Random Forest, 96% accuracy Demonstrated clinical
dataset with |GBM, LGBM data-based ML prediction
349 patient for early-stage ovarian
samples cancer diagnosis
Hamidi et al. [6] |Serum SVM, Random AUC = 0.97-1.00 |Identified 10 circulating
miRNA Forest, XGBoost miRNAs as promising
dataset biomarkers for early OC
detection
Hamidi et al. [5] |Circulating |Boruta, XGBoost |Accuracy = 93-95% | Applied Boruta-based
miRNA feature selection
profiles to identify miRNA
biomarkers for diagnosis
and prognosis
Juwono et al. [8] | Genomic Adaptive 95% accuracy Proposed optimized
expression Differential feature weighting with
dataset Evolution (ADE) ADE-LASSO hybrid for
with LASSO OC classification
regularization
Hira et al. [[7]] Multiple OC |Deep Learning — Provided a systematic
imaging (CNN, synthesis of DL-based
and gene Autoencoder) OC prediction, identified
expression research gaps in non-
datasets imaging genomic ML
(systematic
review)

Table[1] (continued)
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Study (Year) Dataset / Algorithms used |Reported accuracy | Key contribution or
Sample type / AUC novelty

Sundari and Clinical and |SVM, Random 98.7% (XGBoost) |Compared traditional and

Brintha [[15] imaging data | Forest, XGBoost ensemble ML methods for

tumor classification

Zhou et al. [20] |TCGA Deep Neural 95% (F1-score) Applied weakly
mRNA and |Networks supervised learning
proteomic for biomarker-guided
data treatment prediction

3. Methodology

3.1 Datasets

This research consists of three sets of data. The first dataset is the High-Grade Serous Ovarian
Cancer (TCGA, GDC) obtained from cBioPortal. It consists of around 489 patient tumor samples.
The mRNA Expression (RNA-seq) dataset was considered from it. The experimental code
supporting this study is accessible at https://github.com/pinakshikonwar/Feature-Selection-
using-ensemble-ML-Techniques.

The second dataset is the Filtering_pyComBat dataset from Kaggle. The dataset consists of
about 594 genes and 4181 patient samples.

The third dataset comes from NCBI. This project seems to learn about how tumors change
within the same patient by studying different sampling areas (both primary and metastatic) at
the time of diagnosis and when the disease comes back. For this, 183 biopsies from 50 patients
were collected, and bulk mRNA sequencing was done.

3.2 Data Analysis
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Figure 1. Methodology
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Figure 2. Flow diagram of methodology

The following steps were taken during data analysis which are shown in Figure [1| and
Figure 2| which can be explained as:

3.2.1 Data Preprocessing and Labelling

Getting data ready for applications in machine learning includes two important
steps: preprocessing and labeling. Preprocessing means cleaning the data by fixing missing
information, scaling the features, and putting the data in a consistent format. Labeling involves
a trained model being applied to another model to predict the target variables.

Here ANN was applied to train and label similar datasets.

3.2.2 Balancing using SMOTE

The datasets were balanced using SMOTE(Synthetic Minority Over-sampling Technique) to
enhance the results. Unbalanced datasets are biased and overfitting might occur. So, it is
necessary to balance the dataset before training to give good results.

3.2.3 Feature Extraction

Feature extraction is the process of selecting the best features from a large number of features.
In this study we have found out the best features from the three datasets and then compared
with each other and finally eight features were selected to be the best. To select the features
we have used an ensemble of Random Forest Classifier (RFC), eXtreme Gradient Boosting
(XGBoost) and Mutual Information Gain (MI) methods and then used a voting mechanism to
select the best features from each dataset.
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Mandal et al. [11])uses a three-stage wrapper-filter method for selecting important features
in medical reports to detect diseases. It is better than the best current methods because it finds
relevant features and lowers the number of medical tests and costs.

Random Forest Classifier
A Random Forest considers a feature important if using it to split the data helps to group the
data (by the target classes) more effectively than other features.

Recent studies have looked into ways to choose and extract features to better classify cancer
with machine learning. Random Forest (RF) has shown good results in diagnosing breast cancer.
Researchers have created a better method using RF to extract rules for clearer classification
(Wang et al. [18]).

XGBoost

XGBoost is a well-known method for boosting that helps make predictions better. It gives us a
way to see which features are important, often using a measure called gain. When XGBoost
adds a split to one of its trees, it figures out how much that split helps the model perform
better (Shehzadi et al. [13]]) develops machine learning models using RNA sequences to extract
cancer-related biological information, with the XGBoost classifier showing high accuracy and
sensitivity, useful for precision medicine, drug discovery, and clinical oncology.

Mutual Information Gain

Mutual information looks at how a feature relates to a target without being tied to any specific
model. This idea comes from information theory. It shows how much knowing one variable, like
a feature, helps you understand another variable, which is the target. In simple terms, mutual
information looks at how knowing the feature can reduce uncertainty about the target.

A new method that uses mutual information, LASSO, and a genetic algorithm is suggested
for identifying breast cancer. This method reaches a 96% accuracy in classification using just 23
features from the van’t Veer dataset, which is better than the best current models (Abd-elnaby
et al. [1]).

3.2.4 Training Machine Learning Algorithms

The model is trained using various machine learning algorithms such as Random Forest (RF),
eXtreme Gradient Boosting (XGBoost), Light Gradient Boosting Method (LGBM) and Artificial
Neural Networks (ANN) (Mohapatra et al. [[12]) explains how Machine Learning can help predict
breast cancer in women. It compares how well different methods work, including Support Vector
Classifier, Random Forest, and XGBoost. XGBoost performed the best with an accuracy of
98.7%.

Ahamad et al. [2] uses machine learning and statistics on clinical data from 349 patients to

find important markers and accurately tell apart benign from malignant ovarian cancer using
models like RF, GBM, and LGBM.

3.2.5 Model Evaluation

Evaluation metrics are very important to figuring out how well machine learning models work.
These metrics give a clear way to see how good a model is, helping researchers and users
choose and improve models wisely. In this study, the most popular evaluation metrics: accuracy,
precision, recall, F1 score, and the ROC curve are used.
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4. Experimental Results

Using an Ensemble of Random Forest, XGBoost, and Mutual Information Gain, we found
a group of important features from the CBio dataset as shown in Figure (3l MAF was the
most important feature, having a much higher importance score than the others. Followed
byRPS12, GTPBP3, AKT3, RPS3A, RPL6, NSA2, SERINC1, RNF13, PAX8, CAV1, CREBLZ2,
CSDE1, ST13, ARPC5L, QKI, DAB2, ITM2B, SPON1, COPS4, SFN, TIMP2, SLC12A7, YEATS2,
HDGF, UBL3, FAS, CELF2, SLC35C2, and BNC2. These genes might be considered important
biomarkers for ovarian cancer.
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Figure 3. Important features using the CBio dataset

The results from the feature selection show that all the machine learning models performed
well, with the Artificial Neural Network (ANN) the best. ANN reached an accuracy of 0.97, with
precision and recall both at 0.98, and an F1 score of 0.97. This means it has strong predictive
ability and a good balance across different measures.Traditional models like Random Forest
(RF) and LightGBM (LGBM) also showed good performance, each achieving 0.94 accuracy, while
XGBoost was close behind with 0.93 accuracy as given in Table |2l These findings indicate that
the chosen features are very useful and help improve classification results across various model

types.

Table 2. Evaluation of results using machine learning techniques after feature selection using CBio

dataset
Methods | Accuracy | Precision | Recall | F1 score
RF 0.94 0.94 0.93 0.92
XGBoost 0.93 0.93 0.93 0.92
LGBM 0.94 0.94 0.94 0.93
ANN 0.97 0.98 0.98 0.97
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Figure [4| shows a bar plot of the top features identified through an ensemble method
combining a Random Forest Classifier (RFC), XGBoost, and Mutual Information Gain using
the Kaggle Dataset. MAF is at the top again, showing it is very relevant both the datasets.
Other important genes are PPOX, FAM153B, INTS5, MT1F, S100A13, ST13, VEGFA, EIF1,
VPS52, RPS25, DYRK2, MEF2C, FAM136A, GTF2B, SFN, IL6ST, PPP2CA, FEZ2, GCOM1,
FEN1, SPON1, CLIP4, CCDC86, PAX8, SERINC1, CREBL2, CD47, CRK, and OAS2, which
have biological importance.

Features

0.0 oL D2 03 o4 0s o6 07 o

Mean Impartance Scors

Figure 4. Important features using the Kaggle dataset

Table 3. Evaluation of results using machine learning techniques after Feature Selection using Kaggle

Dataset
Methods | Accuracy | Precision | Recall | F1 score
RF 0.96 0.97 0.97 0.96
XGBoost 0.98 0.98 0.98 0.98
LGBM 0.97 0.97 0.98 0.97
ANN 0.97 0.98 0.97 0.98

The results from the feature selection given in Table [3] shows that all four machine learning
models performed well in classifying data. XGBoost was the best, scoring perfectly on all
measures, 0.98 for accuracy, precision, recall, and F1 score, highlighting its ability to identify
patterns from the chosen features.

The Artificial Neural Network (ANN) and LightGBM (LGBM) also performed very well,
each getting 0.97 accuracy with a good balance between precision and recall. Random Forest
(RF) was just behind with an accuracy of 0.96 and strong prediction results.
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The bar graph in Figure |5, shows the main features found using an ensemble of methods
that include Random Forest Classifier (RFC), XGBoost, and Mutual Information Gain using the
GEO dataset. This method helps in selecting features in a more complete and fair way by using
the best parts of each technique.

EIF 3K
BBIPL
BLVRA
CANDZ
INTSS
NET1
MCAM
ATPEVOC
CFI
RFTH1
ASBT
PAFF19
FEEP11
ZNF160
ERP22
MFM2
DHxS
SlK2
BCL2L2
NDUFB4
REKS
UBE4B
RGS10
MENEL
TRAPPCA
ABHDZ2
BASPL
CTEP1
SLC36A1
SHMT1

0.000 0.005 0.010 0.015 0.020 D.025

Mean Importance Score

Figure 5. Important features using the GEO dataset

Table 4. Evaluation of results using machine learning techniques after feature selection using GEO

dataset
Methods | Accuracy | Precision | Recall | F1 score
RF 0.56 0.61 0.57 0.57
XGBoost 0.46 0.50 0.47 0.46
LGBM 0.51 0.57 0.51 0.52
ANN 0.52 0.57 0.51 0.52

The assessment of machine learning models following feature selection shows fairly average
results for all methods. The Random Forest (RF) model performed the best, reaching an accuracy
of 0.56 and a slightly improved precision of 0.61 given in Table 4]

A heatmap of the common features in between the CBio and Kaggle Datasets is given in
Figure[6] The common features are CREBL2, MAF, PAXS8, SERINC1, SFN, SPON1, ST13.

Similarly, comparing the resultant features between the Kaggle and GEO datasets gives a
feature INTS5 whose importance score is given in Figure
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Figure 7. Importance score of INTS5 across the two datasets

5. Discussion

From the above experimental results, it is clear that MAF, PAX8, SERINC1, SFN, SPON1,
CREBL2, ST13, and INTS5 are important features in predicting Ovarian Cancer.

MAF (c-Maf Transcription Factor) is a basic leucine zipper transcription factor. In ovarian
cancer, when c-Maf is too much, it is linked to more serious illness. This may happen because it
helps the cancer cells grow, spread, and create a harmful environment for the immune system.
High levels of c-Maf are connected to bad results, suggesting it might help the cancer grow.
A high expression of tumor MAF is linked to a shorter overall survival for patients with ovarian
cancer. This means c-Maf is a prognostic biomarker to predict severe disease (Liu et al. [10]).
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PAXS8 (Paired Box 8) has a critical role in ovarian cancer cell survival and metastasis.
It acts as a key regulatory transcription factor in these tumors (Soriano et al. [14]]). It is a well-
established diagnostic biomarker in pathology. Its presence, detected by immunohistochemistry,
is used to confirm if a carcinoma is of ovarian or fallopian or endometrial origin (Wang et
al. [19]).

SERINC1 encodes a membrane protein involved in lipid synthesis. It is expressed at low
to moderate levels in most normal tissues. In ovarian cancer, SERINC1 expression is often
elevated. Analyses of patient datasets indicate that high SERINC1 mRNA in ovarian tumors is
associated with significantly shorter survival, implying that aggressive tumors tend to have
SERINCI1 upregulation (The Human Protein Atlas [16]]).

SFN (Stratifin / 14-3-30) helps cancer cells survive and resist chemotherapy. Tumors with
high SFN tend to be more resilient and harder to treat. Because of this, SFN may act as both a
prognostic and predictive biomarker, giving doctors clues about how a patient might respond to
standard treatments and whether alternative approaches might be needed.

SPON1 builds part of the structure around cancer cells, helping them grow and spread.
It’s often found at high levels in ovarian tumors, and patients with elevated SPON1 tend to
have earlier relapses. That makes it a promising biomarker for prognosis, helping doctors spot
cases that might benefit from more intensive therapy or new treatment options.

CREBL2 tends to go quiet in ovarian cancer, often due to gene loss. While it’s not widely
used in testing yet, its consistent disappearance from tumor cells suggests it could serve as
a warning sign of more advanced or aggressive cancer. Scientists are exploring whether its
absence could help flag cancers early or identify patients who may need closer monitoring

ST13 normally helps control how cells grow and handle stress. When tumors lose ST13, they
may become more aggressive and less responsive to chemo. So, measuring ST13 levels could
help predict how a patient’s cancer might behave, and low levels might signal the need for novel
or experimental treatments.

INTSS5 is a gene that plays a role in how cells process RNA, and recent studies suggest it
could be important in ovarian cancer. Research has shown that INTS5 tends to be more active
in ovarian tumor tissues compared to normal ones, which hints at its potential as a diagnostic
marker. More importantly, higher levels of INTS5 have been linked to poorer survival outcomes
in patients, meaning it could help predict how aggressive the disease might be.

The study identified eight genes MAF, PAX8, SERINC1, SFN, SPON1, CREBL2, ST13,
and INTS5, that appeared consistently across the analyzed datasets. Each gene is involved
in pathways that regulate cell growth, differentiation, and stress response. MAF and PAXS8
influence transcription and tumour cell proliferation, while SERINC1 and SFN contribute
to metabolic activity and resistance to chemotherapy. SPON1 supports cell adhesion and
metastatic behaviour, whereas CREBL2, ST13, and INTS5 participate in protein folding and
RNA processing linked to tumour progression. Together, these genes represent biologically
significant markers that may assist in early detection and therapeutic assessment of ovarian
cancer.
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6. Conclusion and Future Work

This paper focuses on obtaining potential biomarkers for ovarian cancer using three datasets.
After a series of experiments the suitable features from these datasets were found to be MAF,
PAXS8, SERINC1, SFN, SPON1, CREBL2, ST13, and INTS5. These genes are functionally
associated with tumour development, stress response, and metastasis, suggesting their
potential utility in early diagnosis and therapeutic decision-making. The proposed approach
demonstrates that integrating multiple algorithms and datasets enhances both model accuracy
and the biological interpretability of results. Future work will focus on biological validation of
these biomarkers through experimental studies and the inclusion of multi-omics data such as
proteomic and methylation profiles to strengthen clinical translation. Further improvements
may include dataset augmentation using larger and more heterogeneous cohorts to enhance
model robustness and generalizability. Additionally, the application of transfer learning can
extend this framework to other related cancers, facilitating cross-cancer comparison and
discovery of shared molecular signatures. Incorporating explainable AI methods will also
aid in translating computational findings into clinically interpretable insights, contributing
toward precision oncology and data-driven treatment planning.
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