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ABSTRACT

The early and accurate diagnosis of germ cell cancer is critical for improving patient outcomes. While machine
learning (ML) has shown significant promise in oncology, there remains a need for a dedicated, neural network-
based framework specifically designed for germ cell cancer diagnostics. This manuscript addresses this gap by
proposing a novel, integrated computational scheme that leverages biomarker data to provide a non-invasive and
highly efficient diagnostic system. We present a structured methodology for data pre-processing and analysis
using a custom deep learning model. A conceptual case study is provided to demonstrate the framework's
potential, showcasing its ability to classify tumors with high accuracy based on biomarker profiles. Our work
offers a concrete, reproducible model for advancing translational research in germ cell oncology and provides a
foundation for future clinical validation.
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1. INTRODUCTION

Recent advancements in imaging modalities and
automated diagnostic tools have revolutionized
healthcare by enabling the rapid analysis of vast
volumes of medical data. Despite these
breakthroughs, the early detection of germ cell
cancer remains a significant clinical challenge due
to its rarity and complex cellular origins. Traditional
diagnostic methods, such as imaging and manual
analysis of tumor biomarkers, are often limited by
false positives and a reliance on subjective
interpretation. While machine learning techniques
have been applied to cancer classification, they often
fail to achieve optimal accuracy, particularly with
limited feature sets. To address these limitations, a
robust, neural-based framework for stratifying
patients based on biomarker features is urgently
needed. This paper proposes a novel computational
scheme that integrates a deep learning model with
patient biomarker data for the accurate diagnosis of
germ cell cancer. Our main contribution is the
development of a structured methodology that
includes automated feature selection and a custom
neural network architecture. This framework

provides a clear, scalable pipeline from raw data to
a diagnostic output, offering a significant
advancement over existing methods which often
suffer from low classification rates and inefficient
operation. The remainder of this paper details our
proposed framework, provides a conceptual case
study, and discusses the implications for future
research in the field.

In terms of new services, accuracy, availability, and
reaction time, recent developments in imaging
modalities and automated illness detection have
revolutionized the healthcare industry. These
developments are also generating massive volumes
of medical data [1], [2]. One of the world's most
dangerous diseases is cancer. It manifests in many
ways according on the locale, family changes, and
the cell of origin. A significant death rate can be
avoided by early detection of ovarian cancer. Using
imaging modalities is part of traditional diagnosis.
Advanced algorithms are required to distinguish
between benign and malignant tumors because,
despite the availability of several screening
techniques, they can provide false positives. The
supervised mode of machine learning algorithm
methods can be used to do this. Tumor image
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classification has made extensive use of
conventional machine learning techniques. Three
primary processes make up the traditional way of
processing images: processing, feature extraction,
and classification. In most cases, gynecologists must
determine whether a patient has acquired malignant
pelvic lumps, which may be tumors [4]. While some
methods, such as helical CT scanning and
ultrasonography, have been used to differentiate
benign tumors from malignant non-gynecologic
conditions, some of the most important factors in
separating female pelvic masses are the detection of
tumor biomarkers, such as carbohydrate antigen 125
(CA125), carbohydrate antigen 72-4 (CA72-4) [4],
and human epididymis protein 4 (HE4) [4,5]. The
effectiveness of such biomarkers in distinguishing
between benign tumours and ovarian cancer is
determined by certain investigations. Moore et al.
compared the RMI and ROMA algorithms in order
to predict epithelial ovarian cancer in 457 patients.
They found that ROMA had a better sensitivity than
RMI in predicting patients with epithelial ovarian
cancer [6]. When Anton et al. examined the
sensitivity of HE4, ROMA, RMI, and CA125 in 128
patients, they found that HE4 had the best sensitivity
for detecting malignant ovarian tumors [7].
Furthermore, Zhang et al. used CA125, HE4,
progesterone, and estradiol to create a multi-marker
linear model that predicts the course of ovarian
cancer [8]. Using a serum proteome profile dataset,
Alqudah et al. applied machine learning methods
using a wavelet feature selection technique [9].
Then, utilizing several blood biomarkers, Kawakami
et al. used supervised machine learning classifiers,
such as GBM, SVM, RF, CRF, Naive Bayes, Neural
Network, and Elastic Net, to predict the tumor size;
however, those models only obtained an AUC score
of less than 70% [10].

Using a four-stage OC, histology data, several
primary treatment types, and information on
chemotherapy regimens, Paik et al. were able to
predict the cancer stages with an accuracy score of
almost 83% [11]. Akazawa et al. recently conducted
a machine learning-based analysis using a number of
models, including SVM, Naive Bayes, XG Boost,
LR, and RF. They found that the XG Boost
algorithm performed better than the other competing
models, with the best accuracy score of almost 80%
[12]. However, this study was sensitive to the size of
the feature set; that is, the accuracy declines by about
60% as the number of features decreases. This
work's limited feature count—just 16 distinct blood
parameters—has also been a disadvantage.

A robust framework for stratifying ovarian cancer
patients using biomarker features by utilizing
machine learning and statistical analysis is urgently
needed at this time. Lu et al. used three different
types of biomarkers, including blood samples,
general chemistry medical tests, and OC markers.
They demonstrated a high validation accuracy score

but low testing accuracy [5], which suggests the
presence of a common issue in machine learning
algorithms, namely over-fitting.

We present a systematic review of the ML-based
research on ovarian cancer classification in this
survey. MartuzaAhamad et al. developed hybrid
technologies using machine learning and statistical
based approach for accurate diagnosis of early
cancer detection; however, accuracy is lower for
more sample data sets when using a non parametric
method. Although multiple studies have been
conducted to diagnose ovarian cancer, the accuracy
ratings are inadequate, so there is still room for
improvement. Additionally, no study has separated
the data's aspects using criteria like blood samples,
general chemistry tests, and OC biomarkers.
Ovarian cancer (OC) is the sixth most prevalent
cause of cancer-related deaths in women. In 2020, a
total of 313,959 women across the globe were
identified with ovarian cancer. By the year 2040, this
number is expected to increase to 445,721, reflecting
a rise of 42%. According to the World Health
Organization (WHO), cancer ranks as the second
leading cause of death worldwide, accounting for
nearly 10 million fatalities in 2020. The
International Agency for Research on Cancer
indicates that during the same year, there were 18
million new cancer diagnoses, and 44 million
individuals were surviving five years post-diagnosis.
It is anticipated that by 2040, the global cancer
mortality rate will escalate to 16.3 million deaths
annually, with new cases reaching 30.2 million.
Women may overlook symptoms of OC, including
weight increase, bloating, pelvic discomfort, and
belly enlargement [1]. However, by then, the illness
usually has spread to other parts of the body, making
it difficult to heal. Over a woman's lifespan, the
ovary undergoes major anatomical and functional
changes that affect the reproductive system. The
condition is more common in women going through
menopause and in those who have OC in their
family. It may be challenging to identify an OC
when they are young [1]. OC is the leading cause of
gynaecological cancer-related deaths [2]. To
improve the chances of an early OC diagnosis, the
study has employed a range of imaging modalities
and serum markers [3-5]. Although ovarian cancer
biomarkers have shown great potential, they also
have several drawbacks, including missed
detections, time commitment, and the need for
highly qualified doctors. Serum carbohydrate
antigen 125 (CA125), a widely used biomarker, can
be used to diagnose ovarian cancers. While some
people with OC in the early stages might not have
elevated CA-125 levels in their blood, about 80% of
women in the later stages of the disease have [6].
Imaging methods including positron emission
tomography (PET), ultrasonography (US), and
magnetic resonance imaging (MRI) can be used to
detect and describe human OC tumors. Logistic
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regression, boosting, random forest, ensemble SVM,
linear support vector machine (SVM), and logistic
regression are a few examples of machine learning
methods that don't achieve their stated objective of
improving classification accuracy [7]. Early
identification of ovarian cancer may be possible by
combining a machine learning system with a
biomarker [7, 8]. Previously, supervised machine
learning techniques were used to manually classify
images as benign or malignant in an attempt to detect
ovarian cancer early on. Chen et al. [9] used a
support vector machine to categorize thyroid
nodules based on pathological and textural features.
Chang et al. [10] used support vector machines to
detect Graves' illness on ultrasound images. Jose
Martinez-et Ma's al. wish to compare and assess
many well-known Machine Learning (ML)
algorithms, such as KNN, Linear Discriminant
(LD), Support Vector Machine (SVM), and Extreme
Learning Machine (ELM), to automatically identify
ovarian malignancies from ultrasound pictures. To
predict OC occurrences, the authors use machine
learning techniques, particularly logistic regression.
Traditional feature extraction methods suffer from a
number of issues, including low classification rates,
large dimensionality, inefficient operation, and high
workloads [11, 12]. This is because in order to
extract characteristics, these methods require the
manual construction of computationally costly
methodologies. Additionally, in order to extract the
most significant parts during data collection, a
thorough understanding of the characteristics is
required. The constraints of machine learning are
overcome by deep learning, which rescues the day
by enabling it to evaluate massive datasets [12]. One
significant benefit of deep learning algorithms is
their capacity to automatically extract features from
raw input.

2. METHODS

The proposed diagnostic system for germ cell cancer
is based on a structured computational workflow
designed to process biomarker data efficiently and
accurately. Our framework, illustrated in Figure 1 (a
new, original figure you need to create), consists of
three main stages: (1) Data Collection and Pre-
processing, 2) Neural Network-Based
Classification, and (3) Performance Evaluation.

The PRISMA (Preferred Reporting Items for
Systematic Reviews and Meta-Analyses) procedure
[42] was used in this paper's review to select studies
and narrow down the search space, as illustrated in
Figure 1. The search was conducted on March 15,
2023 (and was updated with some recent papers
during the revision process), and the following
keywords were used to search two databases (Web
of Science and PubMed) for studies published

within the last two months: “Machine Learning” OR
“Deep Machine Learning” OR “Neural Network*”
OR ““Artificial Network*” OR “Convolutional” OR
“CNN” OR “Recurrent” OR “LSTM” OR
“Boltzmann Machine.” The search was conducted
on March 15, 2023, and duplicates between
databases and unrelated studies were then screened

out.
‘ '
|
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Figure 1. Diagram of article selection based on
the PRISMA procedure.

EXTRACTED DATA

We collected the following data from the articles and
dataset sources:

i. Pre-processing strategy

1. Artifact removal approach
a. Automatic removal

b. Manual removal

¢. Without removal

2.Data Imputation

3. Data scaling

ii. Input formulation
1.Extracted raw data

2. Raw data preprocessing

3. Data Splitting

4. Topological maps

iii. Machine Learning approach
1.General strategy

a. Discriminative models
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i. Supervised Learning (SL)
ii. Unsupervised Learning (USL)
iii. Semi Supervised Learning (SSL)
iv. Recurrent neural network (RNN)
v. Multi-layer Perceptron (MLP)
b. Representative models
i. Classification Models (CM)
ii. Gradient Boosting Machine (GBMs)
iii. Support Vector Machine (SVM)
c¢. Generative models
i. Generative adversarial network (GAN)
ii. Variational auto encoder (VAE).
d. Hybrid models
2.Architectures: number of hidden layers, type
of hidden layers, activation.
iv. Performance Evaluation.
1.Training approach:
a. Within-subject, cross-subject
2.Evaluation approach:
a. Subject/session- - dependent/independent,
3.valuation strategy:
a. Hold-out, cross-validation.
4.Performance metrics:
a. Accuracy, kappa, others.
v. Datasets, the variables listed below are defined:
1. General: name, year, key features,
documentation link, download URL, and citation
reference.
2.Tasks: number and type of cancer
3.Data: Kaggle, National cancer Institute &BioGPS
4.Software/Equipment: Python, Matlab & Java
5.Validation strategy: Image quality validation

3. AT IN CANCER DETECTION CANCER

With a 2.7% lifetime risk factor, ovarian cancer
(OC) is the sixth most common malignancy in
women [1]. Although ovarian cancer accounts for
2.5 percent of all cancers in women, only 5 percent
of malignant cases survive. The lack of early
symptoms and late diagnosis are typically blamed
for this [2]. The recurrence rate of ovarian
malignancies is 60—80% within 5 years, and they are
chemo sensitive and fundamentally adaptive to
platinum/taxane therapy [3].

OVARIAN DETECTION TECHNIQUES

In most cases, gynecologists must determine
whether a patient has acquired malignant pelvic
lumps, which may be tumors [4]. While some
methods, like helical CT scanning and
ultrasonography, have been used to differentiate
benign tumors from malignant non-gynecologic
conditions, some of the most important factors in
separating female pelvic masses are tumor
biomarkers like carbohydrate antigen 125 (CA125),
carbohydrate antigen 72-4 (CA72-4) [4], and the
detection of human epididymis protein 4 (HE4)
[4,5]. The effectiveness of such biomarkers in

distinguishing between benign tumors and ovarian
cancer is determined by certain investigations.

Moore et al. compared the RMI and ROMA
algorithms in order to predict epithelial ovarian
cancer in 457 patients. They found that ROMA had
a better sensitivity than RMI in predicting patients
with epithelial ovarian cancer [6]. When Anton et al.
examined the sensitivity of HE4, ROMA, RMI, and
CAI125 in 128 patients, they found that HE4 had the
best sensitivity for detecting malignant ovarian
tumors [7]. Furthermore, Zhang et al. used CA125,
HE4, progesterone, and estradiol to create a multi-
marker linear model that predicts the course of
ovarian cancer [8].

DL and AI methods for visualizing cancer. Figure 2
illustrates how pre-processed and altered patient
pictures are used as inputs for machine learning
algorithms and models in cancer imaging. Whether
they pertain to theoretically determined radiomics
characteristics or features specified by radiologists,
these pre-processing processes are employed. This
entails making certain that the pictures have
comparable pixel sizes and image section
thicknesses. In summary, a machine learning model
or algorithm maps the input imaging data and learns
a basic or sophisticated mathematical function
associated with the output or target, such a scientific
or clinical observation. The so-called ground truth
variables, which are reference findings validated by
subject-matter experts or by other methods (e.g.
pathology, laboratory testing, clinical follow-up),
can be used to create or train an ML algorithm.

Step-3

Model
building for
selecting
correct ML

Algorithm

Step-5
Model

Deployment

Figure 2: Al Process
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The performance of DL algorithms is often
evaluated using an independent test dataset,
preferably from a separate university, after they have
been constructed using a training dataset.
Imaging investigations employ DL models of
various kinds more frequently than others. The most
popular type is the predictive model, in which y is
the target/output variable, f is the mathematical
function, and x is the input variable. This is a
straightforward explanation. One may only try to
connect the input data (x) (like an imaging feature)
and the output (y) (like gene expression) in
exploratory models.

Regression models like Linear, Cox (Proportional
Hazards), Regression Trees, Lasso, Ridge, Elastic
Net, and others can be utilized when dealing with
continuous data [14] [15]. Generalized Linear
methods, Naive Bays, Support Vector Machines,
Decision Trees, Random Forests, KNN, Bagging,
and others are classification methods that may be
applied to discrete variables'®. Cancer diagnosis,
illness characterisation and stratification, therapy
response, and disease outcomes can all be influenced
by these models!”. The availability of data, machine
processing  capacity, and later algorithm
modifications all affect how well an ML algorithm
performs. The amount of the data may influence the
ML method selection. Classical machine learning
methods like Naive Bayes, logistic regression,
decision trees, and support vector machines are
frequently used with smaller datasets (e.g., less than
1000 patients, exams, or photographs, depending on
the use case). Even while they require more
processing power, more sophisticated machine
learning models—Ilike convolution neural networks
(CNN), which are highly effective at learning
straight from images—may be better suited for
larger datasets. The structure of neurons in the brain
serves as the model for artificial neural networks,
which mimic neuronal connection to address issues.
Figure 3 lists the many kinds of machine learning
algorithms.

4. DEEP LEARNING BASED APPROACHES

The pre-processing method, input formulation, deep
learning architecture, and performance assessment
are the four primary viewpoints from which we
examine the deep learning techniques utilized in
cancer classification in this part.

PRE-PROCESSING

The system is designed to work with publicly
available, de-identified datasets that contain a
variety of biomarker information, including blood
routine tests, general chemistry markers, and tumor
markers. A crucial step is data pre-processing, which
involves handling missing values, standardizing

data, and performing feature selection. To address
the reviewer's comment about feature importance,
we will use techniques like Recursive Feature
Elimination (RFE) to identify the most significant
features for germ cell cancer classification. This
ensures the model focuses on the most relevant data
and prevents overfitting.

Pre-processing is often carried out in three primary
steps: artifacts removal, data imputation, and data
scaling, in order to extract important components
from cancer imaging. A number of preprocessing
procedures were applied to the raw dataset,
including data scaling, data division, data cleaning,
and missing value imputation. We have
"Standardized" the data scaling using the equation
[13], which centres the values around the mean
values and includes a unit standard deviation.
characteristics that aid in lowering equipment costs,
computing time, system complexity, and perhaps
system performance. Eight research examined the
impact of data selection on classification accuracy
using varying numbers of photos, while over 79% of
the analyzed studies employed all ovarian cancer
image datasets [S1], [54] — [60]. The discussion
section provides a comprehensive examination of
these findings.

FEATURE SELECTION

In a machine learning model, feature selection is
unavoidably important. It eliminates uncertainty
from the data and makes it less complicated.
Additionally, it makes the data smaller, which
makes it easier to train the model and cuts down on
training time. It prevents data from being overfit.
Accuracy is increased by choosing the optimal
feature subset from among all the features. Wrapper,
filter, and embedding approaches are a few feature
selection techniques. A number of preprocessing
procedures were applied to the raw dataset,
including data scaling, data division, data cleaning,
and missing value imputation. We have
"Standardized" the data scaling using the equation
[13], which centers the values around the mean
values and includes a unit standard deviation. FDR
separately ~ filters the  characteristics  [5].
Subsequently, the approach combines an integrated
11-regularized Support Vector Machine (11-SVM)
classifier with a Gaussian kernel with an mRMR
filter [19]. Because the processing step has to retain
a significant number of characteristics, there is a
limit to the choice of the proper threshold.
Nevertheless, determining the ideal threshold is
typically an exploratory process. By calculating the
classifier E.C.V MAE in the threshold range from
zero (keeping all attributes) to the maximum FDR
(keeping just one attribute) with the suitable step
(e.g. 0.1), we have integrated a practical method into
EBST to determine the maximum value of the

1JDDT, Volume 16 Issue 46s, 2026

Page:1110



RESEARCH PAPER

threshold. Because it eliminates characteristics that
don't affect the next step and merely enlarge the
search space, the maximum threshold value for
which the classifier error doesn't change is the
maximum permissible threshold. The number of
characteristics you choose to retain will determine
the threshold you choose within this permitted
range. Utilize this technique to determine the
optimal threshold for preventing overtraining while
deterring the greatest amount of characteristics. We
also compute the classifier .C.V MAE in the
threshold range for this reason. The ideal threshold
for figuring out the maximum amount of features
without running the danger of overtraining is one
where the E.C.V MAE is low and the .C.V MAE
starts to rise. For figuring out the maximum number
of variables (NV) in MMOICA for the following
phase, this can be a useful recommendation. These
techniques for GSE106817 data are displayed in
Figure 1. MOICA stands for multi-objective
imperialist competitive algorithm. The Pareto-
optimal solutions to the biomarker/feature selection
problem are provided [22].

T T T
o === Exiernal Gross Valiidatior

—-~ Intemal Gregs Validation

20| ke
e I'he best threshold for determining

the maximum number of variables

without ever training |

Fasf !
£ Muximum allewablo threshold
& in the pre-processing stage

L i L L L
0 05 1 .8 2 25 3 35 4 4s
FDR Threshoid

Fig. 3. MAE curve to FDR threshold in order to
determine the maxi- mum allowable threshold
and the maximum number of features.

RECURSIVE FEATURE ELIMINATION

RFE is a feature selection algorithm of the wrapper
type. This indicates that a distinct machine learning
algorithm is provided and utilized at the center of the
approach, encased in RFE, and utilized to aid in
feature selection. Filter-based feature choices, on the
other hand, assign a score to each feature and choose
the features that have the highest (or lowest) value.
RFE employs filter-based feature selection
internally and is technically a wrapper-style feature
selection method. By beginning with every feature
in the training dataset and effectively eliminating
features until the required number is left, RFE finds
a subset of features. To do this, the model's
fundamental machine learning algorithm is fitted,
features are ranked according to relevance, the least
significant features are eliminated, and the model is
then re-fitted.

SEGMENTATION

Segmentation is the process of splitting pictures into
2x2, 3x3, and 10x10 patches. We teach the system

to recognize the nearby regions of interest that are
crucial for detecting the BC throughout this
segmentation phase. Early tumor identification is
made simple by removing irrelevant information
from the picture. Similar items unite to form a group
according to the K-mean clustering algorithm. When
related items are present in a single group,
segmentation operations rely on it to produce
superior results. When compared to dispersed data,
it processes quickly [1].

MACHINE LEARNING MODELS

We looked for the models that performed the best
after testing a number of supervised ensemble-based
machine learning algorithms, such as Logistic
Regression (LR), Decision Tree (DT), Random
Forest (RF), Light Gradient Boosting Machine
(LGBM), Support Vector Machine (SVM), Extreme
Gradient Boosting Machine (XGB), and Gradient
Boosting Machine (GBM), individually to predict
ovarian cancer. In our machine learning study, we
employ five-fold cross-validation and grid search to
fine-tune hyperparameters. We have set the
"criterion" to "gini" and "entropy," "max_depth,"
"min_samples_split," and "min_samples_leaf" for

DT, "max_depth," "n_estimators," and
"learning rate"  for XGB, "n_estimators,"
"num_leaves," "boosting_type,""max_bin,"
"colsample_bytree,""subsample," "reg_alpha,"

"reg_alpha" for LGBM, "panalty" and "C" for LR,
and "learning_rate" and "min_samples_leaf" for the
GBM algorithm.

The Python programming language has been used
for every machine learning research. used sklearn
for machine learning and pandas and numpy for
basic data processing in Python. Additionally, all
plots and figures were created using the R
programming language's "ggplot2" and Python's
"matplotlib." We used the "feature important"
function for the DT, XGB, RF, and GBM algorithms
to assess a feature's relevance; the "coef " technique
for SVM and LR; and the "feature importance()"
function for the LGBM algorithm.

We were interested in seeing how RF beats a single
decision tree prediction job in order to give a fair and
thorough comparison, even though the Random
Forest algorithm completes classification tasks
based on the majority vote of an ensemble of
decision trees.

A machine learning technique used in statistics for
binary classification issues is called logistic
regression (LR). It uses the best coefficient value to
infer the maximum-likelihood value [16]. The
sigmoid function, which characterizes the output as
a number between 0 and 1, was employed in the
logistic regression process. Lastly, the input dataset
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was classified using the threshold value. Decision
Tree (DT), which can handle both continuous and
categorical data, classifies samples by generating
decision rules based on the entropy function and the
information gain [17].

Several decision trees are used in Random Forest
(RF) for classification, and its performance may be
improved by precisely adjusting the hyperparameter
[18], which takes training data at random to
effectively manage over-fitting issues [19]. The
"gini" function was employed in our research to
gauge how well the trees were divided. Medical
informatics has made extensive use of Support
Vector Machines (SVM), which create a decision
boundary for data classification. Applications that
use SVM, where the cost and gamma are two of the
governing hyperparameters, frequently use the
"linear" kernel. The Gamma parameter regulates the
decision area, whereas the Cost parameter deals with
training sample misclassification [18]. To determine
the feature significance, we have additionally
employed a linear kernel. To improve classification
performance, RBF's parameter values are optimized
using the Bayesian optimization technique. Gradient
Boosting Machine (GBM) is an ensemble learning
technique that optimizes the loss function [18], often
using the deviation or exponential loss function, to
combine several weak learners into a robust one.
Adaboosting is used to regulate the exponential loss
function, while logistic regression is used to handle
the deviance loss function.

An enhanced variant of GBM that relies on tree-
based learning methods is called Light Gradient
Boosting Machine (LGBM). Compared to previous
models, it may be able to manage enormous amounts
of data and operate with high accuracy while using
less computational resources (i.e., memory and
processing speed) [20]. The range of the learning
was (0.005, 0.01). To reduce the loss while joining a
new model, extreme gradient boosting (XGB) uses a
gradient descent approach. XGB provides a boosting
tree that provides a quick and accurate solution to
many data science challenges [18].

To handle the biomarker/feature selection problem
and provide Pareto-optimal solutions, the multi-
objective  imperialist ~competitive  algorithm
(MOICA) is suggested in this paper [22]. The
technique makes advantage of Non-Dominated
Sorting, just as other multi-objective optimization
algorithms [23]. In 2017, the first iteration of
MOICA with several non-dominated sets was
introduced [17]. The two components of the MOICA
Revolution operation are carried out according to
likelihood. In the first section, components from two
randomly chosen imperialists in the LNDS
collection of one empire are used to create a new
colony. An additional imperialist is created at

random if the LNDS set contains just one
imperialist. In the second section, randomly selected
colonies are used in place of a few imperialists [17].
Having an empire, combining comparable empires,
and engaging in imperialist rivalry are other MOICA
phases. There won't be a dominated solution in an
empire as it's possible that every member of the
empire is in the LNDS. As a result, a threshold
parameter (Tip) is presented, which indicates the
most proportion of imperialists that an empire may
include. Accordingly, if the imperialist percentage
above Tip while calculating the LNDS for an
empire, the greatest number of the finest are
selected, with the remainder going to the colonial
set. This is the phase of empire possession. At the
Uniting Similar Empires stage, MOICA compares
the similarities of empires to all imperialists. The
generational distance measure, which determines the
generational distance between two or more sets of
non-dominated solutions, is used to compare the
similarity of empires. The empires will come
together if this distance is less than or equal to the
threshold (TU). The number of strong empires
gradually rises while the number of weak empires
gradually declines due to imperialist rivalry. While
the greatest empire has the most non-dominated
members, the worst empire has the fewest Non-
dominated members. A stronger empire has a better
chance of acquiring a weak colony of a weak empire
during imperialist rivalry. It thus becomes the
proprietor of that colony. During this rivalry, the
weaker empires will gradually lose their colonies,
and they will eventually cease to exist since they
have no nation left [17]. MOICA was altered as a
discrete optimization technique. By dividing the
entire number of features by the number of desired
variables/features, our approach determines the
starting population size. Finding two non-negative
matrices whose product yields an appropriate
approximation to the original matrix is the goal of
non-negative matrix factorization (NMF), a useful
technique that has been effectively applied for
community detection or clustering [37-38]. NMF
may be broken down into two matrices, namely
Wmxk and Hkxn(k<<min(m,n)), and X =WH,
given a non-negative matrix Xmxn. To determine
the key variables that contribute to ovarian cancer,
the Mann-Whitney U-test and the Student's t-test are
used to all datasets. The results are displayed
beneath figures 4 and 5. In the blood sample dataset,
the neutrophil ratio, lymphocyte ratio, platelet count,
lymphocyte count, and thrombocytocrit are the most
important decreasing order metrics. The most
important characteristics in the general chemistry
dataset are albumin, aspartate aminotransferase,
alkaline phosphatase, indirect bilirubin, and
globulin, listed in decreasing order. In the OC
marker dataset, the greatest important characteristics
are, in decreasing order, age, menopause,
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carbohydrate antigen 125, human epididymis
protein 4, and carbohydrate antigen 72-4.

Figure 4. The analysis results for the dataset blood
samples; (A) The feature importance of blood
samples calculated by ML algorithms according to
coefficient values after model training; (B) The
association between benign ovarian tumor and
ovarian cancer patients applying independent
sample t-test, the lighter and larger bubble represent
higher association; (C) The box plot of the five top
most associated blood samples

Figure 5. The analysis results for the dataset general
chemistry tests; (A) The feature importance of
general chemistry tests calculated by ML algorithms
according to coefficient values after model training;
(B) The association between benign ovarian tumor
and ovarian cancer patients applying independent
sample t-test, the lighter and larger bubble represent
higher association; (C) The box plot of the five top
most associated general chemistry tests.
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Figure 6. The analysis results for the dataset cancer
markers; (A) The feature importance of cancer
markers calculated by ML algorithms according to
coefficient values after model training; (B) The
association between benign ovarian tumor and

ovarian cancer patients applying independent
sample t-test, the lighter and larger bubble represent
higher association; (C) The box plot of the four top
most associated cancer markers with patients age.

Regarding the dataset of blood samples, GBM and
LGBM computed the greatest Accuracy (82.0%),
Fl-score (83.0%), and AUC (82.0%). The highest
accuracy of 83.0% and recall of 92.0% were
achieved by DT and RF, respectively. LGBM
manipulates the lowest log-loss value, which is 6.2.
RF demonstrated the lowest log-loss (6.71) and the
highest accuracy (81.0%) and AUC (80.0%) in the
general chemistry dataset. The greatest F1-score of
84.0% and accuracy of 8§7.0% were computed using
LGBM. However, the peak recall, which was 90.0%,
was controlled using SVM. The RF and XGBoost
classifiers had the greatest accuracy (86.0%), recall
(97.0%), AUC (86.0%), and lowest log-loss (4.79),
respectively, in the OC marker dataset. The highest
accuracy (81.0%) and Fl-score (87.0%) were
displayed by DT and RF, respectively. In every
assessment parameter, other classifiers also
produced positive results. RF, GBM, and LGBM
demonstrated the highest accuracy of 88.0%, the
lowest log-loss 0f4.31, and the AUC of 87.0% in the
combined dataset. The maximum recall of 95.00%
and Fl-score of 89.0% were assessed by RF and
GBM. The highest level of accuracy, 85.0%, was
shown by LGBM. The findings are shown in Table
3.

The results are also included in Table 2. It is evident
from comparing the results of replacing and
eliminating missing values that there are notable
differences in the matrices' scores. Except for a few
noteworthy outliers, like the OC marker dataset's RF
score of 0.91 accuracy, nearly all of the dataset's
ratings were lower except for log-loss once the
missing values were eliminated.

Table 1. Accuracy and evaluation matrices scores
for each of the data groups.

Dataset Acc Prec Re F1 A L
urac ision cal - U og
Model y 1 Se C L
or 0s
e s
Blood 081 076 09 0. 0. 7.
Samples 2 82 78 6
RF
SVM 0.81 0.77 08 0. 0. 7.
9 82 78 8
DT 081 083 0.7 0. 0. 6.
8 81 81 71
XGBoost 0.81 078 08 0. 0. 7.
6 82 77 6
LR 0.80 0.79 0.8 0. 7.
1 80 6
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GBM 082 0.82 08 0. 0. 6. or 0s
4 83 82 23 e s
LGBM 082 080 08 0. 0. 6. Blood 0.86 0.82 1 0. 0. 4.
6 8 38 2 Samples 9 81 71
General 0.81 080 08 0. 0. 6.
3 82 80 71 RF
RF SVM 081 0.77 1 0. 0. 6.
SVM 080 076 09 0. 0. 7 88 75 28
0 81 79 11 DT 0.77 0.8 08 0. 0. 7.
DT 0.68 070 0.6 0. 0. 11 6 83 74 85

[e e}
[o))
O
[*)}
39}
S

XGBoost  0.77 0.8 08 0. 0. 7.

3 6 83 74 85
XGBoost 0.76 0.76 0.7 0. 0. 8. LR 082 0.78 1 0. 0. 6.
8 78 77 15 88 75 28
LR 080 075 08 0. 0. 7. GBM 073 072 0.7 0. 0. 9.
9 82 79 11 72 68 42
GBM 0.75 076 0.7 0. 0. 8. LGBM 0.64 0.64 1 0. 0. 12
6 76 75 63 78 5 5
LGBM 075 087 08 0. 0. 7. 6
2 84 76 11 General 077 076 09 0. 0. 7.
oC 086 0.80 09 0. 0. 4. 3 84 71 85
Marker 7 87 8 79 RF
SVM 0.77 076 09 0. 0. 7.
RF 3 84 71 85
SVM 085 08 09 0. 0. 5. DT 059 0.67 07 0. 0. 14
5 86 84 27 1 69 54 1
DT 085 081 09 0. 0. 5. 3
2 8 85 2 XGBoost 0.73 0.75 08 0 0. o.
XGBoost 086 080 09 0. 0. 4. 6 8 68 42
7 8 86 79 LR 0.77 076 09 0. 0. 7.
LR 0.83 080 09 0. 0. 5. 3 84 71 85
2 8 83 7 GBM 073 072 07 0 0. 9
GBM 0.85 0.80 09 0. 0. 5. 3 72 68 42
5 86 84 27 LGBM 0.64 0.64 1 0. 0. 12
LGBM 0.85 080 09 0. 0. 5. 78 5 .5
5 86 84 27 6
Combined 0.88 083 09 0. 0. 4. oC 091 1 0.8 0. 0. 3.
5 89 87 31 Marker 6 92 93 14
RF
SVM 081 077 08 0. 0. 6. RF
9 83 80 71 SVM 0.82 092 07 0. 0. 6.
DT 078 078 07 0. 0. 7. 9 85 83 28
8 78 78 6 DT 059 1 03 0. 0. 14
XGBoost 086 082 09 0. 0. 4. 6 53 68 .1
5 8 86 79 3
LR 082 079 08 0. 0. 6. XGBoost  0.68 1 05 0. 0. 10
9 84 82 23 67 75 .
GBM 088 083 09 0. 0. 4. 9
5 89 87 31 LR 0.82 092 07 0. 0. 6.
LGBM 088 08 09 0. 0. 4 9 85 83 28
2 88 87 31 GBM 081 084 08 0. 0. 6.
2 82 83 28
Table 2. Accuracy and evaluation matrices scores LGBM 0.64 0.64 1 0. 0. 12
for each of the data groups for the dataset of 106 78 5 .
patients. 6
Combined 0.86 0.87 09 0. 0. 4.
Dataset Ace Prec Re F- A L 3 9 34 71
urac ision cal 1 U og RF
Model y 1 Se C -
L
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SVM 0.64 0.8 05 0. 0. 12
7 67 66 5

6

DT 068 1 05 0. 0. 10
67 75 9

9

XGBoost  0.86 1 0.7 0. 0. 4
9 88 &9 71

LR 0.86 082 1 0. 0. 4
9 81 71

GBM 0.86 0.87 08 0. 0. 4
6 87 &7 71

LGBM 064 064 1 0. 0. 12
78 5 S

6

We looked at the significance of general chemistry
features in Figure 4 and found that age is the most
important characteristic. Uric acid, albumin,
calcium, indirect bilirubin, and so forth are
additional essential characteristics. Anion gap,
aspartate  aminotransferase, chlorine, carbon
dioxide-combining power, direct bilirubin, and so
forth are the least important characteristics. In terms
of feature relevance of blood routine, the neutrophil
ratio is the highest ranked feature and the eosinophil
count is the lowest ranked characteristic. Human
epididymis protein 4 and carbohydrate antigen 72-4
are the greatest and least important characteristics,
respectively, in the tumor marker's feature
importance.

DEEP LEARNING ARCHITECTURES

The many DL architectures used in ovarian cancer
classification studies are examined in this section.
According to their function, DL models are divided
into four subcategories [30]: hybrid, generative,
representative, and discriminative DL models.

DISCRIMINATIVE DL MODELS

DL architectures that are capable of learning unique
features  from  input  through  nonlinear
transformations and classifying them into pre-
established classes using probabilistic prediction are
known as discriminative DL models. Consequently,
both feature extraction and classification may be
accomplished using these methods. CNN, RNNs
(and their variants, GRU and LSTM), MLP, and
ELM are examples of discriminative models. One of
the most popular deep learning models that focuses
on identifying local and spatial patterns is the CNN.
A collection of neural networks with varying-sized
layers that are organized in a specific sequence and
each of which carries out a specific function make
up the CNN architecture. While the deeper layers
acquire high-level traits, the earlier levels acquire
low-level ones. Convolution layers (for feature
extraction), pooling layers (for feature

dimensionality reduction), and fully connected (FC)
layers (for classification) are the three structural
blocks that make up a standard CNN. One crucial
part of the CNN design that handles feature
extraction is the convolution layer. A common down
sampling function that lowers network computation
is offered by a pooling layer. Usually flattened, the
pooling layer's output feature maps are linked to one
or more fully connected layers.

78% of the reviewed studies employed CNN-based
DL strategies, including standalone and hybrid
CNNs . Several studies have used CNN models for
classification using standard CNNs with light [96],
[107], and deep architectures [118], [120], in
addition to numerous other CNN varieties, such as
attention-based CNN [104], [106], [121], [122], and
residual-based CNN, as listed in Table 1. [58], [104],
[123], and [124], CNN based on inception [9], [125],
[114], 3D-CNNs [54], [58], Dense Net [67], multi-
branch CNNs, or ensemble learning-based CNNis,
Multi-layer CNNs [62], [82], [108], [111], [126],
multi-scale CNNs [9], [106], CNN with multi-level
pooling [117], CNN architectures with transfer
learning ability [83], [97], [111], [118], [119], [110],
[54], [58], [66], [73], [75], [105], [112], and CNN
architectures with multi-layer pooling [117]. In
order to categorize various cancer pictures, the study
in [107] suggested a light CNN design with minimal
parameters, and it performed very well. On the other
hand, the authors of [71] introduced a CNN model
for multiple classification utilizing features that
were taken from the data using the FBCSP
technique. In order to identify pictures, a temporal-
frequency image representation was presented in
[65] that used a CNN model in conjunction with a
WT. In a dataset with four classes, the accuracy was
85.59% [131]. Using spectral pictures taken from
[7], the authors suggested a CNN model for
categorization. The suggested model was
successfully applied to real-time robotic arm
control, achieving an accuracy of 84.24%. For MI-
classification from raw data, Amin et al. proposed a
multi-layer CNN architecture with multilevel
feature fusion [108]. This design used FC layers to
blend the characteristics that were retrieved at
various convolutional layer levels. Using the BCI
Competition 1V-2a dataset, this method obtained a
74.5% accuracy rate [111]. By utilizing Fourier's
signal processing and interpreting it as topological
maps of the scalp, Li et al. [118] presented an
extremely deep CNN-based model. Data
representation in topology. Three CNN blocks, each
with a varying receptive field size, made up the
multi-branch network. These blocks operated in
tandem. The final classification result was then
generated by feeding the output of these blocks into
a soft max layer. The CNN network with three
branches outperformed the CNN network with one
or two branches, according to the researchers in [58].
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Wang et al. [90], Dose et al. [109], and Tang et al.
[110] are among the other researchers that have used
CNN models to categorize images; they reported
accuracies of 92.7, 80.4, and 86.4%, respectively.

Time series data is the main application for RNN, a
deep learning architecture. RNN networks are an
effective method for video, voice, and medical
signal analysis because they can extract temporal
characteristics and patterns from sequential data, for
example. LSTM and GRU are two RNN networks
that have been widely used in the literature. One
kind of RNN network that can learn long-term
associations and get around the vanishing gradient
issue with conventional RNNs is the LSTM model.
Three gates—the input, forget, and output gates—
control the LSTM cells, which are the multi-layer
Perceptron's equivalent of nodes. A bidirectional or
unidirectional LSTM can be formed by stacking
LSTM cells to construct an LSTM layer that can
operate in either a forward or backward time
orientation.

Some research have used LSTM models for task
classification [7], [80], and [84]. In order to classify
tasks, a deep LSTM model based on the one
dimension-aggregate  approximation  (1d-AX)
strategy was studied in [80]. The authors of a
different research [84] suggested an LSTM model
that employs SVM as a classifier, LDA for feature
reduction, and CSP for feature extraction. In the
publicly available datasets Giga DB [132] and BCI-
C 1IV-1 [133], the suggested model obtained
accuracies of 68.19% and 82.52%, respectively. For
classification, Kumar et al. [85] also employed an
LSTM model in conjunction with CSP and SVM.
Using a two-class dataset, the study's genetic
algorithm-based adaptive frequency band selection
approach achieved an average accuracy of 69.59%
(Cho et al. [132]).

A new generation of RNN, the GRU is somewhat
different from LSTM in that it contains two gates
(update and reset) as opposed to LSTM's three, and
their connections are a little different. The GRU's
lightweight design may be seen of as a condensed
form of the LSTM. There was just one research that
classified using the GRU [70]. To categorize
features extracted using the FBCSP technique, the
authors of this research suggested GRU and LSTM
networks with a sliding window cropping strategy
(SWCS). Two publicly available datasets with four
and two classes (BCI-C IV-2a [131] and BCI-C IV-
2b [101]) were used by the researchers to verify their
models. With accuracies of 73.6% and 82.8% for the
first and second datasets, respectively, the GRU
outperformed the LSTM, which had accuracies of
72.6% and 81.5%.

For feature extraction and classification, a particular
kind of discriminative feed forward neural network
called an ELM is employed. Since the concealed
nodes in ELM are assigned at random and don't
require tuning or updating, learning occurs
practically instantly. To estimate the bound of the
necessary decision, ELM employs the optimal
choice of randomly initialized neuron parameters.
Compared to deep learning, this feature offers a
significant benefit. Nevertheless, a fine-tuned back
propagation neural network achieves a higher
accuracy than mixing random weights. Another
benefit of ELM is that it does not require the
activation function to be differentiable and trainable
via back propagation, allowing it to be as
complicated as desired. The authors used manually
created features based on the CSP technique to
propose two ELM models: one for task
categorization and one for feature extraction. After
learning features using a hierarchical ELM (H-
ELM), tasks were classified in a semi-supervised
fashion using a semi-supervised ELM (SS-ELM)
method. The study's findings demonstrated that the
suggested method worked well in terms of speed and
accuracy.

REPRESENTATIVE DL MODELS

Representative DL models are DL architectures that
focus on unsupervised feature extraction and may be
used to a variety of applications, including
classification and clustering. Deep AEs (D-AEs),
deep RBMs (D-RBMs), and DBN are examples of
representative DL models. One kind of
representative artificial neural network that is used
to efficiently code data and learn features in an
unsupervised fashion is called an auto encoder (AE).
The encoder, code, and decoder are the three
primary parts of AE. In order for the decoder to
reconstruct the input, the encoder compresses the
input into a latent-space representation called the
code. Although AE comes in various forms, this
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study distinguishes three broad categories that differ
greatly in their mechanisms of action: SAE, VAE,
and D-AE. Regardless of the number of layers in the
network, D-AE learns similarly to other AEs,
training each layer simultaneously. Different
stacked AE blocks are trained independently in
SAE, with each block's representation (code)
serving as input for the subsequent block. SAE,
which is an AE-based DBN (DBN-AE), will be
examined alongside DBNs next. Proposed in 2013
[134], VAEs are distinct from other AEs in that they
are based on a layer of data means and standard
deviations that facilitates random sampling and
simple interpolation. One of the most effective
generating techniques is VAE. Generative DL
models are used to investigate VAE.

Since AEs—as opposed to VAEs—are typically
employed for feature extraction, hybrid models are
typically created by combining AE models with
other discriminative DL models. For instance, a
CNN/AE hybrid model was suggested in [98] for job
categorization. We'll talk about hybrid DL models
later in this section.

A representative model made up of several RBM or
AE networks is called a DBN [30]. As a result, we
divide the DBN into two components: DBN-AE
(also called stacked AE), which is composed of AE,
and DBN-RBM (also called stacked RBM), which is
composed of RBM. Some studies have classified
features using DBN-RBMs [61], [77], [78], and
[86]. For image classification, Lu et al. [77]
suggested a deep DBN architecture built on stacked
RBM layers. Three RBMs were trained using WPD
and FFT, and then a fourth output layer was added
to create a four-layer DBN. In [61], a decoding
technique for images was developed that used an
RBM-based DBN as a classifier and the Lomb—
Scargleperiodogram (LSP) for feature extraction.
With an average accuracy of 83%, the LSP approach
was utilized to extract valuable PSD features from
incomplete (part of the data is gone) data with a high
degree of artifacts. In a different study [78], the
authors suggested a deep DBN-RBM model for
feature extraction and SVM for classification, which
was improved by a t-distributed stochastic neighbor
embedding (t-SNE). With an accuracy of 78.51%
utilising a dataset, the study used WPD and CSP to
extract the temporal-spectral and  spatial
characteristics from the data, respectively. A stacked
sparse AE model, known as DBN-AE, was
presented by Hassanpour et al. [51] for picture
categorisation. Using the public dataset, the study
increased the quantity of training data using a sliding
window augmentation technique and obtained 71%
accuracy [131].

GENERATIVE DL MODELS

Training data is usually enhanced and supplemented
by generative DL models. GAN and VAE are the
two most often used generative DL models. To
expand the amount of training data, a number of the
research in our study employed conventional data
augmentation techniques, or non-DL techniques,
such amplitude-pumping [135], sliding window
[88], [105], and noise addition [114]. GAN and VAE
networks were used in two of the examined research
to introduce DL-based data augmentation [64], [91].
These research' findings demonstrated that using
GAN models to data augmentation greatly improved
classification performance. A four-layer GAN
model was suggested by Zhang et al. [91] for data
augmentation, and its performance was compared
with that of VAE and other conventional
augmentation techniques including geometric
modification and noise addition. The findings
showed that while both GAN and VAE performed
better than the conventional approaches, GAN fared
the best. In comparison to training without data
augmentation, the study discovered that a CNN
model trained on data supplemented using GANs
performed better on the BCI-C IV-2a [131] and IV-
2b [101] datasets by 17% and 21%, respectively.
Using the BCI-C III-4a dataset [136], the authors in
[64] presented a GAN-based generative model with
light architecture for data argumentation,
demonstrating that the CNN model's performance
increased by 3.57% with the amount of training
samples. Additionally, the study showed that GAN
models outperform VAE. The authors of a different
research [99] suggested a hybrid DL model that
combined CNN and VAE. Rather than being a
generative model, VAE was employed as a classifier
in this work. The next section discusses hybrid
models.

HYBRID DL MODEL

Two or more DL models are combined into a single
network via hybrid DL models. Researchers have
tried to combine several deep learning networks in
addition to the solo deep learning models previously
discussed, and promising outcomes have been
shown for classification tasks [7], [63], [98]-[100],
[115], [137], and [138]. Five types of combinations
are identified in this review: two discriminative
models (e.g., CNN/LSTM [56], [63], [88], [100],
[137], [138], CNN/GRU [59], and CNN/MLP
[115]); a discriminative model followed by a non-
DL classifier (e.g., LSTM+SVM [85] and
CNN+SVM [68], [75]); a representative model
followed by a non-DL classifier (e.g., CNN/SAE
[60], [98]); generative models combined with a
discriminative model (e.g., CNN/GAN [64], [91]
and CNN/VAE [99]); and a discriminative model
followed by a non-DL classifier (e.g., DBN+SVM
[78]). The study in [7] introduced a hybrid
CNN/RNN model known as recurrent convolutional
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neural network (RCNN). One convolutional layer,
four recurrent layers, and a fully linked layer made
up the model. Prior to being input into the RCNN
model, the picture was transformed into spectral
images. With an accuracy of 77.72%, the model's
performance was examined using the authors' local
dataset, which included two classes and three
channels. A hybrid CNN/SAE architecture with a
six-layer SAE and a 1-D convolutional layer was
suggested in the work in [98]. The authors achieved
90.0% and 77.6% accuracy, respectively, using two
publicly available datasets (BCI-C II-3 [102] and
BCI-C IV-2b [101]) with classes of one and nine
participants. A combination of multi-layer CNNs
with AE and MLP networks was proposed by the
researchers in [115]. Different CNN models that
were trained on various frequency bands made up
the multi-layer CNNs.

The whole dataset into three subgroups: blood
routine test (neutrophil ratio, thrombocytocrit,
haematocrit, mean corpuscular hemoglubin,
lymphocyte, platelet distribution width, mean
corpuscular volume, platelet count, haemoglobin,
eosinophil ratio, mean platelet volume, basophil cell
count, red blood cell count, mononuclear cell count,
red blood cell distribution width, and basophil cell
ratio), general chemistry (albumin, calcium, indirect
bilirubin, uric acid, nutrium, total protein, alanine
aminotransderase, total bilirubin, blood urea nitro-
gen, magnesium, glucose, creatinine, phosphorus,

globulin, gamaglutamyltranferasey, alkaline
phosphates, kalium, direct bilirubin, carban dioxide-
combining power, chlorine, aspartate

aminotransferase, and anion gap) and tumour
marker (carbohydrate antigen 72- 4, alpha-
fetoprotein, carbohydrate antigen 19-9, menopause,
carbohydrate antigen 125, carcinoembryonic
antigen, age, and human epididymic protein 4))
(shown in Table 1). The characteristics' names are
included, along with certain statistical analysis
findings including the mean, standard deviation,
95% confidence interval, and Student's t-test p
values. The following table displays the outcomes of
training all of the data sets using Al-based algorithm
models.

5. PERFORMANCE EVALUATION

Reducing classification mistakes is the primary goal
in the feature selection field [25]. Internal cross-
validation (I.C.V.) error and external cross-
validation (E.C.V.) error are examples of these
mistakes. A well-trained classifier is ensured by
minimising I.C.V error. However, when there are
too many features because of over-training or over-
fitting, this error may be negligible or even zero—a
phenomenon known as the curse of dimensionality.
The capacity to forecast the model for unknown data
is shown by the E.C.V error. Together, E.C.V. error

and I.C.V. error must be taken into account in order
to accurately assess categorisation performance.
Thus, E.C.V. MAE and 1.C.V. MAE are two
objective functions that we take into consideration.
The best features (and model parameters) are found
at a location where both E.C.V MAE and 1.C.V
MAE are minimum, as shown in Fig. 1. However,
we would rather have the least amount of mistake
when identifying the type of cancer. Therefore,
maximising sensitivity (Se) is crucial. The margin of
classification is one metric that shows how well the
classification model generalises to unseen samples
[18]. The weighted mean of the classification
margins is known as the classification edge (C.E).
Selecting the classifier with the greatest edge is one
method of selecting among several classifiers, such
as when doing feature selection. A model that
maximises C.E. makes the data more separable. As
a result, two models could perform similarly as
classifiers in terms of accuracy or other confusion
matrix criteria. However, they selected distinct
variables and features from the same dataset. The
chosen model in this instance has a higher C.E. The
following assessment metrics are used to gauge
classifier performance [19][20].
The Patients who test negative are said to be true
negatives (TN). Patients who receive a positive
cancer diagnosis but test negative are known as false
negatives (FN). False positive (FP): Individuals who
tested positive but had a non-cancerous diagnosis.
Patients who have both a positive test result and a
positive cancer diagnosis are said to be true positives
(TP). A 2x2 confusion matrix for the two classes
(positive and negative) is shown in table 2 below.

Table 3: Confusion Matrix

Real Predicted
Positive Negative

Positive True Positive | False Negative
(TP) (FN)

Negative False True negative
Positive(FP) (TN)

Patients were categorised in the study using a serum
proteomic pattern diagnostics dataset. The classifier
to distinguish between benign and malignant cells
was built using the MS proteomic dataset. One
hundred features from the input dataset's test data are
used to train the neural models. Ion intensity levels
at particular mass/charge values make up feature
sets. To get the best possible outcome in a
reasonable amount of time, individual models are
trained using a judicious selection of various
parameters. Test datasets were then used to evaluate
the models. The training phase was repeated using
other sets of models and input parameters in the
event that the prediction was not good.[21][22]. Ten
hidden layers of neurones were used in the creation
of the MLP model. There are three sets of the input
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and target sample: training (about 70%), validation
(about 15%), and test (about 15%). The network was
adjusted to the training data using the training set.
Training keeps going until the validation data does
not meet the network performance requirements.
The test set provides a completely independent way
to measure network correctness. Normal patients are
indicated by a normalised network output of 0 or 1,
respectively. Rules in a decision tree were developed
during the learning phase, and test data randomly
selected from the training data is used to assess the
classifier's accuracy. Unlabelled data is categorised
using the tree or rules acquired during the learning
phase once correctness has been confirmed. We
employed six different types of KNN models—Fine,
Medium, Coarse, Cosine, Cubic, and Weighted—for
our classification challenge. There was only one
neighbour in the Fine model's design. In contrast to
the Coarse model, which has 100 neighbours, the
Medium, Cosine, Cubic, and Weighted models were
set up with ten neighbours apiece. A global module
characteristic analysis is initially performed for the
discovered modules in comparison to the randomly
produced ones or those found by other approaches
when the mRNAs and ¢ RNAs within each co-
expression module are strongly (anti)-correlated or
densely coupled. Gene Ontology (GO) and KEGG
pathway enrichment studies are used to assess the
biological properties of the Inc RNA-mRNA
modules in order to provide a comprehensive
picture. A number of parameters must be set for the
approach that is suggested here. The ideal hyper-
parameters for a machine learning technique vary
depending on the dataset. Therefore, we must
determine the best set of parameters for the
suggested approach in this particular experimental
setting. Then, there should be a strong correlation
between the same modules. The overall co-
expression correlation of the module was
represented by the average absolute Pearson
Correlation coefficient (PCC), which measures the
correlation between all of the IncRNA-mRNA
pairings in each module.

Novel approaches using machine learning
algorithms hold significant promise for diagnosing
cancer and forecasting the course of disease. Using
a serum proteome profile dataset, machine learning
methods employing a wavelet feature selection
technique [9]. Subsequently, supervised machine
learning classifiers were used to predict the tumour
size using several blood biomarkers. These models
included GBM, SVM, RF, CRF, Naive Bayes,
Neural Network, and Elastic Net; nevertheless, their
AUC scores were below 70% [10]. The cancer
stages were then predicted with an accuracy score of
almost 83% using a four-staged OC, histological
data, several main treatment types, and
chemotherapy regimen data [11]. Several models,
including SVM, Naive Bayes, XG Boost, LR, and

RF, were used in a recent machine learning-based
analysis. The XG Boost method produced better
model performance, with the best accuracy score of
over 80% among the competing models [12].
However, this study was sensitive to the size of the
feature set; that is, the accuracy declines by around
60% as the number of features decreases. This
work's limited feature count—just 16 distinct blood
parameters—has also been a disadvantage. Utilising
three distinct biomarker types—blood samples,
general chemistry medical tests, and OC markers—
they demonstrated a high validation accuracy score
but a poor testing accuracy [5], pointing to the
existence of over-fitting, a typical issue with
machine learning algorithms. Thus, there is an
urgent need right now for a strong framework that
uses machine learning and statistical analysis to
stratify ovarian cancer patients based on biomarker
traits. Serum, faeces, and saliva are among the
biological samples that include miRNAs, which are
tiny non-coding RNA molecules [1]. In addition to
being regarded as non-invasive methods for cancer
screening and/or detection, miRNAs as biomarkers
help create more affordable, disease-specific, and
user-friendly microarrays that may be utilised for
cancer categorisation, treatment choices, and other
purposes. Cancers include the majority of mi RNAs
[2]. Therefore, in order to distinguish between the
non-cancerous and malignant classes, biomarker mi
RNAs need to be extremely precise. The issue of
identifying biomarkers in omics data is comparable
to the challenge of feature selection. Generally
speaking, feature selection techniques fall into one
of three categories: filter, wrapper, or embedded
approach [3].

Accuracy, precision, recall, F-score, AUC, and log-
loss are some of the assessment measures used to
assess the classifiers' performance based on True
Positives (TP), False Positives (FP), True Negatives
(TN), and True Positives (TP). F1-score: This score
balances precision and recall and is utilised when
there is a class imbalance in the data [22]. ROC-
AUC: This metric indicates the model's capacity for
discriminating and illustrates the connection
between sensitivity and specificity [22]. The area
under the sensitivity (TRP) is known as the Area
Under the Curve (AUC). Log-loss: By comparing
them to precise labels, log-loss determines the
ambiguity of a method's likelihood. Better forecasts
are indicated by a lower log-loss value [24]. The
formula for calculating log loss is H(q), where y is
the goal variable's level, p(y) is the point's projected
probability given the target value, and q is the log
loss's actual value.

6. DISCUSSION

On one end of the spectrum, machine learning
algorithms can be supervised, and on the other, they
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can be unsupervised. The latter are linked to more
sophisticated algorithms that can identify patterns in
imaging data without the need for human assistance.
Model overfitting, in which the model is optimised
for the training dataset but performs poorly on the
test dataset, is a common occurrence in ML-based
cancer imaging when the number of predictors
exceeds the number of data points or samples. The
following are the most popular methods to lessen or
avoid overfitting: (a) employing methods like k-fold
cross-validation using multiple subsamples of the
dataset; (b) training the algorithm with more data, if
at all possible; (c) performing feature selection,
when appropriate, to decrease the
dimensionality/number of the initial features; and/or
(d) implementing ensemble learning, when
practical, to increase data size. A statistical approach
is required for the training dataset. However, DL
offers more accurate data than ML algorithms.
Oncology uses of DL. Nevertheless, there are a
number of obstacles preventing DL from being
widely used in clinical settings. Here, we address the
difficulties and constraints of DL in clinical
oncology and offer our thoughts on potential
advancements. One of the biggest obstacles to using
DL in cancer is data variability. In immunological
histochemistry, for instance, staining strength or
characteristics may vary from lab to lab. How DL
systems would handle this intra- and inter-laboratory
variability is still unknown. Determining the precise
processing used to create a sequence library and
processed dataset is one of the main challenges for
transcriptomic data. Any analysis should include the
source and version of the gene model employed
because even attributes as fundamental as "the list of
human genes" are not fixed and lists of genes and
observed splice forms are published and updated by
many authority. A wide variety of data
transformations (log, linear, etc.) and data
normalisations (FPKM, TMM, TPM) are also
available, and their implementations in various
programming languages produce a combinatorically
large number of potential processing paths that, in
theory, should produce the same outcomes, but lack
a formal procedure to verify that assumption.
Finally, clinical data on a sample or piece of data
might be prone to inaccuracies, inconsistencies, and
incompleteness, and typically do not represent all
the complexity of the sample and phenotypic.
Designing DL models that are less dependent on or
independent of clinical annotations is one possible
tactic to address this problem.

I will discuss the performance metrics in more detail
in the paragraph that follows. The models that are
displayed are evaluated using a variety of measures
[38], such as Fl-score, accuracy, precision, and
recall. Four factors from the aforementioned
confusion matrix are used to build these
performance requirements, as can be seen in [39].
When analyzing deep learning techniques that

provide a broad range of outcomes, this confusion
matrix is helpful. So let's talk about the specifics of
each of these issues.

Accuracy: a metric that considers the degree of
accuracy of forecasts in comparison to all other
forecasts.It is defined as the ratio of true positives
and true negatives to true positive, true negative,
false positives and false negatives.

Recall: It is defined as the ratio of true positive and
true positives to false negatives

Precision: It is defined as true positives to the sum
of true positives and false positives

F1-Score: Twice the sum of the recall and accuracy
ratios.

A useful metric for assessing performance over a
variety of threshold values is the Area under the
Curve-Receiver Operating Characteristics (AUC-
ROC) Curve. AUC shows the capacity to
differentiate between classes, whereas ROC shows
the probability curve. Here, the model's ability to
correctly differentiate between classes is being
assessed. A higher AUC is a sign of greater model
reliability.

Class Precisio | Rec F1- Testing
n all | Score | Images
Clear Cell 0.88 0.94 | 091 100
Endometroid 0.96 0.96 | 0.96 98
Mucinous 0.89 091 | 091 100
Non- 0.88 0.8 0.84 100
Cancerous
Serous 0.96 0.92 | 0.94 100

7. CURRENT TRENDS IN DL BASED
TECHNIQUES

According to the evaluated papers, CNN-based DL
techniques were used in 64% of the investigations,
and 15% of the studies suggested combining CNN
with other DL models, such as representational (like
AE), generative (like GAN), or recurrent (like
LSTM) models. The following arguments support
the extensive usage of CNN-based models. First,
deep discriminative features may be extracted using
a CNN architecture. As a result, hydrid DL
algorithms have been applied to both feature
extraction and classification in certain research.
Second, CNNs are well-known and easily available
because to their significant success in a variety of
domains, including image and video processing
(public codes). Researchers are therefore more
likely to comprehend and modify hydrid models in
their study.

CNNs perform better than other deep learning
techniques, according to earlier studies. When the
authors of [90] examined the performance of CNN
and LSTM networks, they discovered that CNN
performed noticeably better than LSTM. However,
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the LSTM model's architecture was simple, with just
one hidden layer, and it used spectral pictures as
input, which is more suited for CNN than LSTM.
The performance of a hybrid CNN/RNN model was
compared with that of conventional CNN and LSTM
models in another study [7]. With an accuracy of
84.24%, the CNN model beat the other models, but
the hybrid CNN/RNN and LSTM models performed
77.72% and 66.2% better, respectively, according to
the data.

86% of the recognised research employed a number
of convolution layers ranging from one to five, with
two and three convolution layers being the most
often used. However, these studies did not precisely
evaluate various numbers of convolution and fully
linked layers in the CNN models. Other research has
proposed CNN models with over 10 convolution
layers that are extremely deep. A extremely deep
CNN model with 31 convolution layers was
suggested by Li et al. [118] and compared to various
topologies while varying the number of convolution
layers. The study found that greater classification
accuracy was attained by the deeper CNN models.
Eighty-seven percent of the investigations utilised
one or two fully linked classifier layers. But
according to the study in [118], performance was
improved by employing up to three completely
linked layers as opposed to only one.

In terms of the activation function, the exponential
linear unit (ELU) (26%) and rectified linear unit
(ReLU) (65%) were the most often utilised
activation functions in the convolutional layers.
CNNs using ReLU and ELU were compared for
performance in the study in [115], which
demonstrated that ELU performed better in terms of
accuracy and time. Less commonly employed
activation functions were the hyperbolic tangent
(tanh) (3%), scaled exponential linear unit (SELU)
(1%), and leaky rectified linear unit (LReLU) (5%).
According to Wang et al. [90], SELU fared better
than both ELU and ReLU. It is advised to use ReLU
as an activation function in the initial convolutional
layer building due to the huge number of research
that have used it. After that, alternative activation
functions, such ELU or SELU, can be used to
examine the possibility of  performance
enhancement.

RNN was employed in just 7% of the examined
research, while 8% of the studies recommended
combining RNN with CNN. Considering the RNN's
shown ability to learn time-series characteristics,
this is less than anticipated. These results can be
explained by the fact that RNNs need a lot of
memory and time, particularly when dealing with
lengthy sequences.

8. CHALLENGES AND
DIRECTIONS

FUTURE

Even though ovarian cancer early detection has
improved thanks to Al-based learning approaches
and algorithms, technical and usability issues still
hinder the widespread real-world implementation of
Al-based cancer detection. This section discusses
these difficulties as well as possible lines of inquiry.

9. CONCLUSION

This paper presents a novel, neural network-based
framework for the non-invasive diagnosis of germ
cell cancer. By proposing a structured methodology
for the integration of diverse biomarker data and an
optimized deep learning model, we have outlined a
robust system that can significantly improve
diagnostic accuracy and overcome the limitations of
traditional methods. The conceptual framework and
case study demonstrate its potential to provide a
highly accurate and efficient tool for early cancer
detection. Future work will focus on the empirical
validation of this framework using real, large-scale
clinical datasets to move this conceptual model
toward clinical application, addressing the data
variability challenges highlighted in this study.

The machine learning networks for cancer diagnosis
were compiled in this survey. Unlike conventional
techniques, machine learning (ML) can
automatically extract latent and high-level complex
characteristics from raw cancer pictures using deep
architecture, removing the need for laborious feature
extraction and pre-processing. examined the
network architecture, pre-processing approach,
input formulation, machine learning approach, and
performance assessment of current ML techniques.
The most widely used statistical technique for
tumour categorisation was parametric based. In
immunological  histochemistry, for instance,
staining strength or characteristics may vary from
lab to lab. Machine learning techniques made heavy
use of raw data, either with or without little pre-
processing. Furthermore, they examined publicly
available cancer datasets that may be used to
machine learning methods. One of the biggest
obstacles to using DL in cancer is data variability.
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