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Abstract

Omics data, encompassing genomics, proteomics, transcriptomics, and metabolomics,

is generated through cutting-edge sequencing and mass spectrometry technologies.

Biomarker identification, crucial in omics data analysis, relies on Deoxyribonucleic

Acid (DNA), Ribonucleic Acid (RNA), and protein indicators to reveal physio-

logical processes and disease symptoms. Leveraging machine learning and deep

learning in computational bioinformatics enables the identification of biomarkers

across single and multi-omics datasets, offering groundbreaking potential for early

disease prediction. Integration of computational technologies with multi-omics

data revolutionizes healthcare by facilitating advanced insights, aiding in disease

diagnosis, prognosis, and targeted therapy development, thus advancing human

health outcomes.

This research aims to utilize computational technologies like machine learning,

deep learning, and statistical methods for effective biomarker identification using

multi-omics data, targeting disease survival prediction, subtype classification, and

disease prediction. Beginning with a comprehensive review, the study explores in-

telligent computational approaches for biomarker identification across single and

multi-omics datasets. It identifies a significant demand for a tailored framework

specifically designed for biomarker identification using multi-omics data, highlight-

ing shortcomings in existing tools related to data pre-processing, feature selection,

biomarker validation, and prediction model creation. To bridge these gaps, the

research proposes a novel framework for biomarker identification in multi-omics

analysis, aiming to empower researchers with accessible and comprehensive op-

tions for conducting biomarker identification effectively.

The framework is proposed for biomarker identification in multi-omics data

which consists of six phases, i.e., data acquisition, data preprocessing, feature/

biomarker identification, biological interpretation, modeling, and performance eval-

uation. Through the data acquisition phase, omics data is collected from pub-

lic repositories, i.e., The Cancer Genome Atlas (TCGA), Molecular Taxonomy

of Breast Cancer International Consortium (METABRIC), and Religious Orders

Study and Rush Memory and Aging Project (ROSMAP). The data preprocess-

ing is performed by removal and imputation of null values, data normalization,

and removal of duplicate samples. Additionally, feature/ biomarker identification

is done using three approaches, comprising, 1. statistical methods and Random

Spatial Local Best Cat Swarm Optimization (RSLBCSO), 2. Multimodal Varia-

v



tional autoencoder (MVAE), 3. CpG site Aggregation, statistical methods, and

Light Gradient Boosting Machine Recursive Feature Elimination (LGBMRFE).

The extracted biomarkers are validated using DAVID analysis and Kalpan Meier

(KM) plots in the biological interpretation phase. In the development of modeling

phase, the features from different omics are integrated and three models have been

developed comprising Bayesian optimized Deep Neural Network (DNN) model,

Simplified Graph Convolutional Networks (SGC), and stacked ensemble model for

survival prediction, subtype classification and disease prediction, respectively. The

three feature/ biomarker selection techniques and models are combined named as

BioSurv, iMVAN, and HBS-STACK which are designed for biomarker identifi-

cation in multi-omics for survival prediction, subtype classification, and disease

prediction respectively. The performance of proposed framework is evaluated us-

ing various performance parameters in the performance evaluation phase.

The integration of computational techniques such as ML, DL, and statistical

methods has significantly improved the precise identification of biomarkers us-

ing multi-omics data. The proposed approaches including BioSurv, iMVAN, and

HBS-STACK exhibit high accuracies in survival prediction, disease subtype clas-

sification, and disease prognosis on multi-omics datasets. These approaches yield

critical biomarker insights crucial for early disease detection, customized treatment

strategies, and informed clinical decisions.
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Chapter 1

Introduction

Omics data refers to high-throughput genetic data generated by various ”omics”

technologies, which are used to study different aspects of organisms. Omics data

includes genomics, transcriptomics, proteomics, and metabolomics. Biomarker

Identification is one of the significant areas in omics data analysis. Biomarkers

having Deoxyribonucleic Acids (DNAs) at the genomics level, Ribonucleic Acids

(RNAs) at transcriptomics, and Reverse Phase Protein Arrays (rppas) at the pro-

teomics level serve as vital indicators of physiological processes, symptoms of dis-

eases, normalcy, and irregularities in humans. In the complex field of medicine,

biomarkers are indispensable tools for understanding, diagnosing, and managing

various health conditions. It aids healthcare professionals and researchers to dig

into the actual root cause and navigating unexplored areas related to human con-

ditions, directing the diagnosis, prognosis, and monitoring of various medical ail-

ments as part of treatment protocols.

Multi-omics data or integrated omics refers to the simultaneous study and analysis

of different types of omics data within a biological system. Biomarker identifica-

tion can be done in single omics and multi-omics. Computational bioinformat-

ics represents an interdisciplinary domain that devises and employs computational

methods for the analysis of extensive multi-omics datasets encompassing genomics,

transcriptomics, and protein samples to make disease predictions. Computational

bioinformatics plays a crucial role in dealing with multi-omics data for biomarker

identification. Various computational approaches such as machine learning (ML),

deep learning (DL), and statistical methods have gained attention to analyze multi-

omics data for biomarker discovery. The development of standardized predictive

frameworks using computational approaches can help bioinformatics analysts in

suggesting the right treatment for a patient at the right time by focusing on the

identified biomarkers.

This chapter explains the basic description of biomarkers, their types, and biomark-

ers for disease characterization. This is followed by a detailed explanation of multi-

omics data and its integrative analysis. Also, various computational techniques for
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the identification of biomarkers on multi-omics data are discussed. Next, the re-

search motivation has been discussed. In addition, the objectives are drafted based

on research motivation. At the end of this chapter, the thesis contribution and

organization are provided.

1.1 Overview of Biomarkers

Biomarkers are the molecules like genes, DNA, proteins, and metabolites that sig-

nify whether a process going on in the body is normal or irregular, and it can

be used as a symptom of any disease or disorder. Within the complex realm of

medicine, where the relentless pursuit of knowledge, identification, and manage-

ment of diseases persists, biomarkers arise as prominent indicators that assist doc-

tors and researchers in navigating unexplored domains. The molecular markers,

which are frequently concealed within our biological systems, possess the capacity

to provide significant revelations regarding the overall health and state of being.

Biomarkers can be detected in many bodily components such as blood, tissues, or

genetic material and can play a pivotal role in early disease identification, and tai-

loring medical treatments, and therapies. Biomarkers are found in every disease,

including cancer, multiple sclerosis, diabetes, and heart diseases [5]. In particu-

lar, biomarkers have been commonly used for precise diagnosis or prognosis with

the release of precision medicine [6]. Different biomarkers have different roles in

various diseases, for instance, the presence of mutations in the SAMHD1 gene is

significantly linked to the development of malignancies such as T-cell lymphoma

of the skin, chronic lymphatic leukemia, and colon cancer [7]. The SAMHD1 gene

has recently been employed as both a biomarker and a therapeutic target in the

context of acute myeloid leukemia [8]. Except for protein-coding genes, non-coding

genes are emerging as potential biomarkers for illness detection, including circular

ribonucleic acid (RNAs) (circRNAs). Recent research has revealed F-circEA, a

fusion circRNA, as a newly discovered biomarker for non-small cell lung cancer

(NSCLC) in liquid biopsy [9]. Figure 1.1 shows examples of some common can-

cer biomarkers. Biomarkers are systematically categorized as scientifically reliable

indicators of pathological processes, typical biological activities, or reactions to

therapeutic interventions [10]. Individuals who are involved in the study of dis-

eases have a crucial function in differentiating between the status of a disease and

normal status, as well as distinguishing between various stages of a disease. This

serves as a significant connection between the processes of diagnosing a disease,

predicting its outcome, and developing specific treatment strategies. A variety
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Figure 1.1: Examples of Cancer Biomarkers [1]

of biomarkers are used to accomplish this goal, each with specific properties and

functions. There are seven types of biomarkers which are discussed in the following

subsection.

1.1.1 Biomarkers Types

Biomarkers are classified into seven types including; 1. risk biomarkers (markers

showing a risk of getting a disease); 2. diagnostic biomarkers (markers confirm-

ing the existence of disease); 3. prognostic biomarkers (markers predicting the

recurrence of disease); 4. predictive biomarkers (marker used to detect the reac-

tion of the patient to specific therapy); 5. monitoring biomarkers (markers that

are monitored periodically); 6. safety biomarkers (markers used to measure the

toxicity before and after treatment) and 7. response biomarkers (markers use to

measure the response) [11]. The different categories of biomarkers are explained

below along with Figure 1.2.

• Risk Biomarkers: A risk biomarker indicates a likelihood of developing a

disease or health condition in individuals who currently do not exhibit the

said ailment. An instance of such a biomarker is the genetic marker iden-

tifying BRCA1/2 mutations, specifically utilized to ascertain the increased

susceptibility to future onset of breast cancer. Risk biomarkers hold signifi-

cant value in clinical settings by directing preventive strategies. [11].
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Figure 1.2: Types of Biomarkers [1]

• Diagnostic Biomarkers: A diagnostic biomarker refers to a molecular

entity employed to anticipate or verify the presence of a specific disease

or disorder or to categorize individuals exhibiting a particular subtype of

the condition. Utilizing identified diagnostic biomarkers assists in steering

treatment approaches. For instance, in patients diagnosed with diffuse large

B-cell lymphoma, gene expression profiling serves as a diagnostic biomarker

to segregate them into distinct subgroups based on unique tumor cell origin

signatures [12].

• Prognostic Biomarkers: A prognostic biomarker anticipates the likeli-

hood of a future clinical condition, disease recurrence, or relapse within

a specified sample [13]. Biomarkers such as tumor size, the proportion

of lymph nodes affected by tumor cells, and the presence of malignancy

have been applied to forecast future prognoses. An example of a prognostic

marker is elevated low-density lipoproteins (LDL) cholesterol levels, which
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serve as an indicator for predicting the prognosis of individuals who have

recently experienced a heart attack. [11].

• Predictive Biomarkers: A predictive biomarker serves as a diagnostic

tool utilized for stratifying individuals who exhibit a higher probability of

responding to a specific medication or chemical compound. This classi-

fication based on the biomarker may lead to symptomatic improvements,

extended lifespan, or adverse reactions [11]. Within the realm of predictive

biomarkers, there exists a gene prioritization challenge, wherein the identi-

fied gene signifies the potential onset of a specific disease by its association

with known disease-related genes.

• Monitoring Biomarkers: A monitoring biomarker is assessed at regular

intervals to track disease occurrences, including the onset of new symptoms,

the progression of existing anomalies, or alterations in clinical outcomes or

specific abnormalities. An instance of a monitoring biomarker is CA 125,

used in ovarian cancer patients to gauge disease activity or effect both pre-

and post-surgery. This biomarker aids in monitoring changes in the disease’s

status or progression over time [11].

• Safety Biomarkers: A safety biomarker is evaluated prior to or following

exposure to a therapeutic drug or an environmental substance to ascertain

the likelihood, incidence, and intensity of toxicity as an adverse outcome.

An illustration of a safety biomarker is serum creatinine, utilized in patients

receiving medications that may compromise kidney function. This biomarker

aids in assessing and monitoring potential adverse effects on the kidneys

resulting from medication usage [11].

• Response Biomarkers: A response biomarker signifies a patient’s biologi-

cal response to a pharmaceutical compound or an environmental substance.

For instance, plasma microRNA serves as a response biomarker in Hodgkin

lymphoma, indicating the biological reaction elicited in patients due to the

disease or its treatment [11].

The biomarkers play a crucial role in the classification and characterization of

diseases, facilitating the implementation of customized therapy strategies. These

tools assist in the identification of disease risk, confirmation of diagnoses, pre-

diction of prognosis, guidance in therapy selection, monitoring of disease devel-

opment, assurance of patient safety, and evaluation of treatment outcomes. The

biomarkers for disease categorization are discussed in the following section.
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1.1.2 Biomarkers for disease characterization

Disease characterization encompasses various aspects and entails acquiring a full

comprehension of the inherent characteristics and attributes of a particular dis-

ease. Biomarkers play a pivotal role in disease characterization by offering cru-

cial insights into the molecular, genetic, and clinical dimensions of the disease.

Biomarkers for diseases are characterized into the following categories and are

shown in Figure 1.3.

Figure 1.3: Biomarkers for disease categorization

1.1.2.1 Biomarkers for disease prediction

Prediction of chronic diseases like cancer, and Alzheimer’s is important in the

healthcare industry. Biomarkers for disease prediction are measured biological

signs or traits that can help predict how likely it is that a person will get a certain

disease in the future. These biomarkers can be identified through blood tests,

imaging, genetic analysis, and other computational methods. Identifying and val-

idating disease prediction biomarkers is important for early detection, prevention,

and personalized treatment. Diagnostic biomarkers can be used to predict the

disease as they are used as a tool to confirm the existence of a particular disease.

1.1.2.2 Biomarker Identification for disease subtype classification

The process of disease subtype classification entails the systematic categorization

of a certain disease into discrete subgroups or subtypes, utilizing a range of criteria

including clinical manifestations, molecular attributes, and responses to various
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treatments. Biomarkers hold substantial significance in categorizing disease sub-

types by facilitating the differentiation among various variants or subtypes of a

particular illness. Biomarkers refer to particular biological signs or traits that

are closely linked to distinct subtypes of diseases. The utilization of biomarkers

in disease subtype classification holds significant value in the customization of

treatment strategies, and the enhancement of patient outcomes. Diagnostic and

prognostic biomarkers can be used to classify patients into subtypes.

1.1.2.3 Biomarker Identification for disease survival prediction

Biomarkers utilized for the prediction of survival encompass molecular, genetic,

or clinical indicators that exhibit an association with the probability of a pa-

tient’s survival or prognosis subsequent to a certain medical ailment or sickness.

Biomarkers play a critical role in informing therapy choices, evaluating the extent

of disease, and providing patients and healthcare practitioners with significant

prognostic insights. The identification of prognostic biomarkers is closely associ-

ated with the ability to predict a patient’s survival.

1.1.2.4 Biomarker Identification for treatment/response

The identification of biomarkers for the purpose of assessing therapy response is

a fundamental component within the field of personalized medicine. Biomarkers

play a crucial role in prognosticating an individual’s response to a specific treat-

ment, enabling healthcare professionals to customize medicines to achieve optimal

efficacy while mitigating potential adverse effects. Predictive biomarkers fall un-

der the treatment/ response category which can be identified to classify people

who are reacting to a specific treatment.

1.2 Multi-omics Data

In recent years, multi-omics data has been used as molecular biomarkers using

the integration of omics data types including genomic, transcriptomic, proteomic,

metabolites, and interatomic for the prognosis and diagnosis of some specific dis-

eases. The discovery of disease biomarkers with multi-omics data would not only

aid in the stratification of various patient cohorts, but it would also include early

diagnosis knowledge that may enhance patient care and possibly mitigate nega-

tive outcomes. There are different tools and techniques available for multi-omics

data integration, which can be further used for biomarker identification, disease

7



diagnosis, and progression [14]. The types of omics data are discussed below and

are shown in Figure 1.4.

Figure 1.4: Types of Multi-omics

1.2.1 Types of omics data

• Genomics: The whole sequence of DNA in an organism, including all of its

chromosomes, is referred to as a genome. Genomics seeks to characterize and

quantify all of the genes of an organism, as well as their interrelationships and

effects on the organism. The primary goal of genomics research in medicine

is to find genetic variants that are linked to disease, therapeutic response,

and patient prognosis [15].

• Proteomics: The entire universe of proteins in the cell is called proteome.

Proteomics is a technique for detecting protein expression variations in re-

sponse to a particular stimulus at a specific time, as well as determining pro-

tein structure networks at the tissue, organism, or cell level [16]. Proteomics

is based on three technical key elements comprising a tool for fractionat-

ing complicated protein or peptide combinations, mass spectrometry (MS)

for acquiring the data needed to classify specific proteins, and computa-

tional biology for analyzing and assembling the MS data. Classic unbiased

approaches such as yeast two-hybrid assays and phage shows are used to

identify protein interactions.
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• Transcriptomics: A transcriptome is an organism’s complete set of mes-

senger RNA, including messenger RNA (mRNA), micro RNA (miRNA), and

circRNA molecules. The sequence of mRNA transcripts generated in a spe-

cific cell or tissue type is referred to as the ”transcriptome.” RNA lies in

between proteins and DNA and acts as a main function of DNA readouts

[17]. To profile the transcripts or raw data, a technique called RNA-seq is

used.

• Metabolomics: The metabolome contains a complete collection of small-

molecule groups called metabolites, including carbohydrates, amino acids,

sugars, and fatty acids. Similarly, like proteins, quantitative measurements

of metabolites are performed using the MS technique. Metabolomics tasks

are executed at different metabolite levels, and any relative distributions and

disturbances signify the disease when occurs outside of the normal range [18].

• Interatomics: An interatomic is a multi-dimensional description of func-

tional associations between molecules inside a cell or throughout the whole

organism. A protein-protein interaction comes under this category of omics

data [19].

The omics data types are integrated together for better biomarker identification

using various techniques which are discussed in the following section.

1.2.1.1 Integrative analysis

Integrative analysis involves leveraging diverse data sources to gain a deeper under-

standing of complex systems. While many studies rely on single-source omics data,

they often fall short in explaining the underlying causes of complex traits. Re-

searchers have recognized that the analysis of a single data type lacks the explana-

tory power required to comprehend complex biological systems, as these systems

are regulated by multiple levels [20]. To gain a more comprehensive understand-

ing of disease biology, it is imperative to consider the behavior of molecules and

the intricate interactions across various biological levels. In recent years, there

has been a proliferation of multi-omics datasets, leading to the development of

numerous computational models and applications designed to integrate data from

multiple levels [21]. In the field of computational biology, integrative analysis plays

a pivotal role. There are three different ways to integrate multi-omics data which

are shown in Figure. 1.5 and are described as follows:
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Figure 1.5: Type of multi-omics integration

• Concatenation-based Integration: In concatenation-based integration,

multi-omics data are merged into a single combined matrix, which is subse-

quently employed for analysis. This method capitalizes on the compatibility

of existing analytical techniques designed for single omics data, as they can

be effectively applied to the consolidated matrix for comprehensive analysis.

• Transformation-based Integration: In transformation-based integration,

the initial data types are first converted into matrices with a graph or kernel

structure. These transformed representations of the data are then merged to

create an integrated representation. This approach exhibits greater robust-

ness compared to concatenation-based integration because it accommodates

a wider range of data types, including categorical, continuous, or sequence

data.

• Model Based Integration: In model-based integration, datasets are ini-

tially analyzed independently, and subsequently, the results are amalga-

mated to derive a unified outcome. This model-based approach exhibits

exceptional flexibility, allowing for the application of distinct models tai-

lored to various data types during the analysis process. In the realm of

bioinformatics, model-based integration finds extensive application. This

model-based approach can be broadly categorized into supervised and unsu-

pervised methods, depending on the modeling techniques applied to individ-

ual data types. In the supervised category, diverse data types are utilized as

training sets to construct multiple models. These models are then combined

through techniques such as bagging or voting to yield a consolidated result.

In the unsupervised category, clustering outcomes are derived from different
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data types. Subsequently, these clustering results are aggregated, guided by

specific optimization criteria, to facilitate integration.

The integration and analysis of multi-omics data are significantly influencing the

comprehension of living organisms’ biology. As multi-omics data becomes more

affordable and accessible, it is likely to play a greater role in the identification of

biomarkers, diagnosis and treatment of diseases, the development of new drugs,

and the improvement of human health. Multi-omics patient datasets can be ac-

cessed through publicly available repositories such as The Cancer Genome Atlas

(TCGA) [22], Molecular Taxonomy of Breast Cancer International Consortium

(METABRIC) [23], and Religious Orders Study and Rush Memory and Aging

Project (ROSMAP) [24]. The repositories contribute to a huge production of

multi-omics data which can be used by researchers for biomarker identification

using computational intelligent techniques as discussed further.

1.3 Computational Intelligent techniques for Bio-

marker Identification

Computational intelligence is a group of techniques comprising ML [25], Deep

Learning (DL), and statistical tests for building machine intelligence and decision-

making. These techniques find extensive application in the identification of biomark-

ers for disease diagnosis and prognosis. These techniques serve to enhance the

precision of medical prognoses, tailor treatments to individual patients by focus-

ing on the identified markers, and lower the overall treatment expenditure per

patient. In this regard, a spectrum of computational approaches, including statis-

tical methods, ML, and DL has garnered significant attention. These methods are

instrumental in the preprocessing, normalization, feature or biomarker identifica-

tion, integration, and analysis of multi-omics data, which is pivotal in advancing

our understanding of disease mechanisms and facilitating more effective clinical

decision-making. Further, elaboration on these techniques is provided in the sub-

sequent sections.

1.3.1 Statistical Methods

In the field of multi-omics data analysis for biomarker identification, two primary

statistical approaches are prominent: descriptive methods and inferential methods.

Both methodologies hold significant importance in research endeavors. Descriptive

statistics encompass fundamental metrics such as the mean, median, and standard
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deviation, which provide a concise summary of data characteristics. On the other

hand, inferential methods, including Student’s t-test and F-test, are employed for

drawing inferences and making statistical comparisons. Descriptive statistics offer

insights into data distributions and central tendencies, while inferential methods

are used for hypothesis testing and making inferences about populations based on

sample data. It’s worth noting that statistical methods that involve comparing

means are categorized as parametric, while others fall into the non-parametric

category [26]. Parametric tests include various forms of t-tests and F-tests. For

instance, when comparing the means of two groups, one would typically employ

the t-test, which can take different forms like the one-sample t-test, independent

samples t-test, or paired samples t-test. In scenarios involving the comparison of

means across three or more groups, the F-test, often referred to as one-way Anal-

ysis of Variance (ANOVA) or repeated measures ANOVA, serves as an extension

of the t-test.

Furthermore, parametric methods, such as the Pearson Correlation Coefficient

(PCC) and linear regression, are used to establish relationships and associations

between variables, particularly in the context of quantitative data analysis. For

the identification of prognostic markers required for survival prediction, a special-

ized branch of statistics often applied in medical research and event-time analysis,

distinct statistical methods come into play. These include the Kaplan-Meier es-

timator for survival probability, the Log-rank test for comparing survival curves,

and the Cox regression model for assessing the influence of multiple variables

on survival outcomes. These methodologies are tailored to address time-to-event

data, where the primary goal is to analyze the duration until an event of interest

occurs.

1.3.2 Machine Learning and Deep Learning Algorithms

ML consists of various algorithms required for analysis, which leads to an effective

identification of biomarkers for disease prognosis and diagnosis. ML analytics

is used in healthcare to deal with complex multi-omics data and its integration

which is required for biomarker identification. The pipeline for ML analytics for

multi-omics biomarker identification for disease diagnosis and prognosis is given

in Figure 1.6. It consists of data preprocessing, feature/ biomarker identification,

and modeling [17] which are discussed as follows:

• Data Preprocessing: To handle the data effectively, data cleaning involv-

ing the removal and imputation of remaining missing values is done. Further,
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Figure 1.6: Biomarker identification and predictive analysis in multi-omics data

normalization is done in multi-omics data to maintain consistency.

• Feature/ Biomarker Identification: The multi-omics dataset is a high

dimensional dataset. Therefore, feature selection approaches comprising fil-

ter, wrapper, and embedded techniques are applied to select only the relevant

features or biomarkers. Various feature selection and extraction algorithms

are there comprising principal component analysis (PCA), maximum rele-

vance minimum redundancy (mRMR), Mutual Information (MI), and many

more. Similarly, swarm intelligence is also used to find the optimal features/

biomarkers. Some of the common swarm intelligence techniques are particle

swarm optimization (PSO), ant colony optimization (ACO), and cat swarm

optimization (CSO). The identified biomarkers are validated using biolog-

ical interpretation tools including DAVID functional analysis and survival

analysis tests.

• Modeling: A model is built from training data with supervised or unsuper-

vised learning, and then various criteria are used to evaluate the performance

of the model. Supervised learning encompasses the process of training mod-

els on multi-omics datasets that are accompanied by well-defined labels. This

involves utilizing data where a subset already includes the accurate corre-

sponding outcomes. The supervised learning algorithm then analyzes test

data and generates accurate results. Supervised learning can be used for both

classification and regression problems, depending on whether the outcome

variable is categorical (classification) or a real value (regression). Various

supervised learning algorithms include Support Vector Machines (SVM),

Linear Regression, Random Forests (RF), Adaboost, K-Nearest Neighbor

(K-NN), Näıve Bayes, and Decision Trees that can be used for disease diag-

nosis and prognosis. In unsupervised Learning, the machine works with data

that lacks categorization or labeling. It organizes unlabeled data into clus-
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ters or groups based on similarities, variations, and differences without prior

knowledge of the data. Common unsupervised learning algorithms include

hierarchical clustering and K-means clustering [27].

On the other hand, DL is a subset of ML inspired by the structural orga-

nization of the human brain. DL analyzes data by employing a hierarchical

system of algorithms known as neural networks. These networks are de-

signed to mimic the structure of the human brain and can be trained to

recognize patterns and interpret diverse types of data, similar to human

cognition. Deep neural networks (DNN) [28] are a type of DL architecture

that operates on similar principles to the human brain. They can be applied

to various tasks such as classification, clustering, and regression. Neural

networks can also be employed to organize or filter unlabeled data based on

the similarity between samples. DL encompasses several algorithms, includ-

ing Convolutional Neural Networks (CNN), and Recurrent Neural Networks

(RNN), among others, which are highly valuable in disease classification and

prognosis [29].

ML and DL can be used to analyze multi-omics data for the identification of

biomarkers required for disease diagnosis and prognosis. By combining ML with

multi-omics data, researchers can develop new treatments for diseases, improve

patient outcomes, and personalize medicine by focusing on the identified markers.

1.4 Research Problem and Motivation

In the domain of healthcare research, substantial endeavors have been directed

toward addressing the complexities of disease treatment and prevention. Particu-

larly, the advent of precision medicine has propelled the widespread utilization of

biomarkers to achieve precise disease diagnosis and prognosis. Within this land-

scape, the abundance of biomedical data presents both significant opportunities

and challenges. Biomedical data is high-dimensional and takes various forms, en-

compassing records, images, and omics data. This multifaceted data landscape

garners substantial interest from both medical researchers and data scientists.

Moreover, prioritizing diagnostic and prognostic biomarkers allows researchers to

strategically address critical clinical needs. Diagnostic biomarkers are crucial for

detecting diseases early, while prognostic biomarkers provide insights into disease

progression and patient outcomes. These biomarkers not only aid in understanding

the disease landscape but also directly impact clinical practice. Their immediate
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translation into real-world applications can significantly benefit patient care. On

the other hand, predictive, response, risk, monitoring, and safety biomarkers may

require extensive studies, including clinical trials, to validate their utility effec-

tively. Focusing on diagnostic and prognostic biomarkers streamlines research

efforts and facilitates simpler validation pathways. This strategic approach en-

sures the efficient allocation of research resources while maximizing the potential

impact on clinical practice and patient outcomes. In the context of intricate

diseases like cancer, and Alzheimer’s, various omics datasets, including genomic,

proteomic, transcriptomic, and metabolomic data, can be amassed for a single

individual. The integration of these omics datasets holds the potential to enhance

predictive capabilities, unveiling insights into otherwise hidden data patterns and

disease-related concerns [30].

However, despite the dimensionality of multi-omics data, identifying biomark-

ers that can accurately diagnose or predict diseases remains a formidable chal-

lenge. In recent years, various models and techniques have emerged to facilitate

biomarker identification and enhance the understanding of biological systems. ML,

DL, and statistical methods, in particular, play pivotal roles in the computa-

tional analysis of multi-omics data for biomarker identification. Utilizing ML in

conjunction with multi-omics datasets can significantly augment computational

mechanisms for biomarker discovery and enhance prediction accuracy. This syn-

ergy enables the development of more precise techniques tailored for healthcare

applications. Advanced ML and DL techniques prove to be particularly advanta-

geous when dealing with the intricate, extensive, and diverse nature of multi-omics

datasets for biomarker identification required for accurate disease diagnosis and

prognosis [29].

The raw multi-omics data, in its unprocessed state, lacks utility for healthcare

researchers. To render this data suitable for accurate analysis, preprocessing,

normalization, and feature/ biomarker identification methods for disease diagnosis,

prediction, and survival prediction are imperative. In the realm of healthcare

data analysis, there is a strong endorsement for the utilization of ML and DL

techniques due to their efficacy and versatility [31]. This work aims to provide a

framework that incorporates pre-processing, feature/ biomarker identification, and

the development of learning models for diagnosis and prognosis using the identified

markers. The present work is an attempt to enhance biomarker identification for

survival prediction, disease prediction, and disease subtype classification using ML

and DL approaches.
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1.5 Objectives

The objectives of this research work are:

• To study and understand various existing tools and techniques used for the

identification of biomarkers using multi-omics data.

• To propose, design, and develop an efficient framework for biomarker iden-

tification using multi-omics data with the help of ML approaches.

• To test and validate the proposed framework for predictive analysis like

survivability, disease prediction, etc.

1.6 Thesis Contribution

The contributions of this research study in the field of Biomarker Identification

are listed below:

• A critical review of ML, and DL for biomarker identification using single and

multi-omics data analysis for disease prediction, disease survival prediction,

disease subtype classification, and treatment/response has been performed.

The tools required for biomarker identification in single and multi-omics

data are discussed. This would guide researchers to understand the use of

computationally intelligent approaches for efficient biomarker identification.

• A framework is proposed for biomarker identification in multi-omics for dis-

ease diagnosis and prognosis. Based on this framework, three approaches

comprising BioSurv, iMVAN, and HBS-STACK are developed for biomarker

identification in multi-omics required for survival prediction, subtype classi-

fication, and disease prediction.

• A BioSurv approach is developed for biomarker identification in multi-omics

data for survival prediction. Two feature extraction techniques comprising

statistical methods and A Random Spatial Local Best Cat Swarm Opti-

mization (RSLBCSO) for biomarker identification are proposed to extract

the features. The extracted features from each type are integrated using a

concatenation-based approach. Bayesian Optimized Deep Neural Network

model is used for survival analysis of Breast Carcinoma (BRCA) and Lung

Adenocarcinoma (LUAD). The statistical analysis of BioSurv compared to

existing base learning models is performed to show the effectiveness of the

proposed work.
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• An iMVAN approach for biomarker identification for different subtypes of

disease is developed. A multi-modal variational autoencoder (MVAE) is

developed to identify the markers which are validated using KEGG analysis

and survival analysis. The extracted features/ biomarkers are integrated

using similarity network fusion (SNF). The simplified graph convolutional

network (SGC) is used as a learning model for disease subtype classification.

The performance of iMVAN is evaluated on BRCA, KIPAN, and CESC using

multi-omics datasets.

• A HBS-STACK approach is developed for hierarchical biomarker selection

and disease prediction in multi-omics datasets. Three-stage feature/ biomarker

selection is developed including CpG site aggregation, statistical tests, and

light gradient boosting machine recursive feature elimination (LGBMRFE)

in multi-omics data of BRCA patients. The top-ranked features have been

selected as identified biomarkers which are validated using DAVID anal-

ysis. The features along with identified markers are integrated using a

concatenation-based approach which is modeled using a developed Stacked

model of RF, Naive Bayes (NB), Gradient Boosting Machine (GBM), and

DNN. The performance of HBS-STACK is validated on multiple diseases

including Kidney Renal Carcinoma (KIRC) and Alzheimer’s disease.

1.7 Thesis Organization

After the Introduction to this research work in Chapter 1, the rest of the chapters

are organized as follows:

Chapter 2: Literature Survey

In this chapter, the work done by various researchers related to biomarker iden-

tification using omics and multi-omics data is explored. It includes a survey of

ML and DL techniques for the identification of diagnostic, prognostic, predictive,

and other biomarkers for disease prediction, survival prediction, and treatment/

response predictions. The survey is performed for both single and multi-omics

datasets. In addition, the survey of existing tools for biomarker identification

using multi-omics data is discussed in detail. Finally, based on the studied litera-

ture, the challenges related to biomarker identification in multi-omics datasets are

discussed in the chapter. Chapter 2 has been derived from:

• Arwinder Dhillon, Ashima Singh, Vinod Kumar Bhalla, ” A Systematic

17



Review on biomarker identification for cancer diagnosis and prognosis in

multi-omics: from computational needs to machine learning and deep learn-

ing.” Archives of Computational Methods in Engineering, vol. 30, no. 2,

pp. 917-949, 2023, Springer. [Impact Factor: 9.7]

Chapter 3: Proposed Framework

In this chapter, the framework for biomarker identification in multi-omics data for

disease diagnosis and prognosis is proposed. The proposed framework involves dif-

ferent phases, i.e., data acquisition, data preprocessing, feature/ biomarker iden-

tification, biological interpretation of identified markers, development of models,

and performance evaluation. The data acquisition describes the repositories for

multi-omics data collection. Further, the hardware and software requirements re-

quired for developing a framework are discussed. By adopting the proposed frame-

work, three approaches comprising BioSurv, iMVAN, and HBS-STACK have been

developed for biomarker identification in multi-omics data for survival prediction,

subtype classification, and disease prediction, respectively.

Chapter 4: BioSurv: Proposed Biomarker Identification for Survival

Analysis

In this chapter, the proposed BioSurv approach for biomarker identification in

multi-omics for survival analysis is discussed. This chapter describes the statis-

tical test comprising Fold Change and False Discovery Rate and swarm intelli-

gence technique called Random Spatial Local Best Cat Swarm Optimization for

biomarker identification and Bayesian Optimized Deep Neural Network for sur-

vival prediction. The experiments are performed using TCGA BRCA and TCGA

LUAD multi-omics datasets. The BioSurv is validated using the BRCA dataset

from the METABRICS portal. The performance of the BioSurv framework is

evaluated for accuracy and area under curve (AUC) parameters. The content of

the work presented in Chapter 4 has been taken from:

• Arwinder Dhillon, Ashima Singh, Vinod Kumar Bhalla, ”Biomarker identi-

fication and cancer survival prediction using random spatial local best cat

swarm and Bayesian optimized DNN.” Applied Soft Computing, vol. 146,

pp. 110649, 2023, Elsevier. [Impact Factor: 8.263]

Chapter 5: iMVAN: Proposed Integrative Multimodal Variational Au-

toencoder based biomarker identification for disease subtype classifica-

tion

In this chapter, the proposed iMVAN for biomarker identification for disease sub-

types is discussed. This chapter describes the multimodal variational autoencoder
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for biomarker identification and simplified graph convolutional networks for sub-

type classification. The multi-omics dataset is used which is fused using similarity

networks fusion. The experiments are performed on Breast Cancer subtypes, and

validated on KIPAN and CESC subtypes. The content of the work presented in

Chapter 5 has been taken from:

• Arwinder Dhillon, Ashima Singh, Vinod Kumar Bhalla, ”iMVAN: integra-

tive multimodal variational autoencoder and network fusion for biomarker

identification and cancer subtype classification.” Applied Intelligence, vol.

53, no. 22, pp. 1-18, 2023, Springer. [Impact Factor: 5.019]

Chapter 6: HBS-STACK: Proposed Hierarchical Biomarker Selection

and Stacked ensemble approach for disease prediction

In this chapter, the proposed HBS-STACK approach for biomarker identification

in multi-omics data for disease prediction is discussed. This chapter describes the

hierarchical biomarker selection in detail. The extracted features are validated

using DAVID analysis. The stacked ensemble model is developed on integrated

features for disease prediction. The experiments have been conducted on TCGA

BRCA datasets and validated on TCGA KIRC and Alzheimer’s disease. The

content of the work presented in Chapter 6 has been taken from:

• Arwinder Dhillon, Ashima Singh, Vinod Kumar Bhalla, ”HBS-STACK: Hi-

erarchical Biomarker Selection and Stacked Ensemble model for Biomarker

Identification and Cancer Prediction in Multi-Omics ” Neural Computing

and Applications, Springer. [Accepted]

Chapter 7: Conclusions and Future Scope In this chapter, the thesis is

concluded by providing conclusions of the research work done and by suggesting

possible future directions.
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Chapter 2

Literature Survey

In this chapter, the in-depth survey of existing techniques for biomarker identifica-

tion using omics and multi-omics data with the help of Machine Learning (ML) and

Deep Learning (DL) techniques are provided. The chapter also offered a thorough

survey of tools developed using programming languages for biomarker identifica-

tion using multi-omics datasets. The survey of existing works aids in identifying

the challenges in biomarker identification. The main focus of this chapter is to

discover the opportunities of computational intelligent techniques for biomarker

identification using omics and multi-omics datasets.

This chapter begins with Section 2.1 having a detailed description of biomarker

identification using ML and DL approaches. The work done on biomarkers for

disease prediction, survival prediction, treatment/ response, and other biomarkers

comprising monitoring, risk, response, and safe biomarkers is given. In Section

2.2, the existing tools developed for biomarker identification using multi-omics

datasets are reviewed. In Section 2.3, the challenges identified from existing lit-

erature for biomarker identification are discussed. The chapter is concluded in

Section 5.4 summarizing the key findings and insights obtained from the literature

review.

2.1 Biomarker Identification using Machine Learn-

ing and Deep Learning Techniques

Biomarkers have become increasingly popular for accurate diagnosis and prognosis

of diseases in healthcare. While the availability of multi-omics data makes it a lot

easier to assess biomarkers for diagnosis and prognosis of diseases, the identifica-

tion of biomarkers that can accurately recognize or detect diseases in the presence

of tens of millions of genes and billions of variants is still a challenging task. The

extensive use of Artificial Intelligence (AI), including Machine Learning (ML) and

Deep Learning (DL), have gained popularity due to their ability to extract key

features from complex datasets. Many researchers have worked on the ML and

DL approaches for the identification of biomarkers using single and multi-omics
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datasets required for disease prediction, survival prediction, and treatment/ re-

sponse prediction aiming to enhance medical decision-making and patient care

which are discussed further.

2.1.1 Diagnostic Biomarkers for Disease Prediction

Diagnostic markers are the markers that are used to confirm the presence of disease

and to identify the markers in different sub-types of disease. The biomarkers can

be identified using single-omics and multi-omics datasets with the help of ML, DL,

and statistical approaches. The work done on diagnostic biomarker identification

using single omics is given in the following section.

2.1.1.1 Biomarker Identification in single omics

Omics data include genomics (DNA Methylation (DM), Copy Number Varia-

tion (CNV)), transcriptomics (micro ribonucleic acid (miRNA), messenger RNA

(mRNA)), proteomics (Reverse Phase Protein Array (rppa)), metabolomics and

Interatomic dataset. Researchers have worked on biomarker identification using a

single type of omics data mentioned above, for example, Hanieh et al. [32] utilized

ML techniques comprising Support Vector Machine (SVM), Random Forest (RF),

and k nearest neighbor (KNN) for the identification of diagnostic biomarkers using

miRNA data from gastric cancer. The experiment was performed and the four

markers comprising MIR21, MIR133a, MIR129c, and MIR29c as diagnostic mark-

ers with 87% Area Under Curve (AUC) value. These markers were validated using

Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analysis and it has

been found that the markers play a significant role in Wnt signaling pathways.

Bhaoshan et al. [33] proposed XGBoost for the biomarker identification and

cancer prediction using the DM dataset from The Cancer Genome Atlas (TCGA)

portal of nine cancer types, including Kidney Renal Papillary Cell (KIRP) and

Head and Neck Squamous Cell Carcinoma (HNSCC). The dataset was extracted

from TCGA and Gene Expression Omnibus (GEO), and the findings showed that

XGBoost accurately identified 151 and 153 biomarkers of HNSC and KIRP re-

spectively.

Ting Jin et al. [34] developed a model using a semi-restricted Boltzmann

machine named ECMarker to predict gene expression (gene expr.) biomarkers for

the different stages of diseases like the early prediction of cancer. Gene-expression

of non-small cell lung cancer (NSCLC) patients has been taken, and the ECMarker

model was applied, which achieved an accuracy of 85%. The 9 genes were identified
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including KRAS, ALK, BRAF, PIK3CA, NRAS, AKTI, RET, EGFR, and ROS1

as the diagnostic biomarkers. It was also used to prioritize biomarkers genes that

were responsible for the early prediction of lung cancer.

Ying Xie et al. [35] used ML methods for the identification of diagnostic

biomarkers using the metabolomics dataset of Lung Adenocarcinoma (LUAD). A

sample of 110 patients was collected from the Hubei Taihe Hospital (HTH) and

passed to principal component analysis (PCA) to select the metabolites. Then the

Statistical analysis was performed which considered only those metabolites hav-

ing a value less than 0.05. Further, the selected metabolites were passed to ML

algorithms comprising KNN, SVM, RF, Naive Bayes (NB), Neural Network (NN),

and Adaboost and it was found that NN performed best with an accuracy, speci-

ficity, sensitivity, and AUC value of 99%. It was also found that 10 metabolomics

biomarkers including L-Kynurenine, Proline, Spermidine, Palmitoyl-l-carnitine,

Amino-hippuric acid, Phenylalanine, Taurine, L-Valine, o-Tyr, Carnitine plays a

critical function in tumor diagnosis.

Fariha Muazzam [36] used Deep Neural Network (DNN) for the identification

of diagnostic biomarkers using the RNA-Seq dataset of Breast Carcinoma (BRCA)

patients. The size of the dataset was reduced using Kernel Principal component

analysis (KPCA) and PCA techniques. Then it was passed to the Stacked DAE

for biomarker identification. Further, the identified biomarkers were passed to

DNN for the classification of cancer patients. Pathway analysis was performed

which identified three genes (PIK3C2G, PCDHB8, WNT10A) to be involved in

multiple cancers.

Indu Khattri et al. [37] proposed an ML algorithm for the identification of

diagnostic markers using mRNA data of Pancreatic Adenocarcinoma (PDAC) pa-

tients. The dataset was collected from Array Express and GEO and passed to

pre-processing and statistical analysis tests for the identification of differentially

expressed genes (DEGs). The identified genes were then passed to SVM for clas-

sification of cancer patients. The experiment was performed and the tested result

proved that the proposed framework successfully identified 9 genes comprising

IFI27, CTSD, ITGB5, EFNA4, PLBD1, GGH, HTATIP2, CTSA, and IL1R2 with

97% accuracy.

Xin Zhao et al. [38] used RF for the identification of novel diagnostic biomark-

ers in hepatocellular carcinoma (HCC). miRNA genes of 373 patients were down-

loaded from the TCGA portal and passed to the RF model for biomarker identi-

fication. The experiment was validated on the GSE63046 dataset extracted from

GEO. From the results, it was found that the proposed method identified five diag-
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nostic biomarkers comprising hsa-miR-224-5p, hsa-miR-10b-5p, hsa-miR-10b-3p,

hsa-miR-182-5p and hsa-miR-183-5p.

Oneeb Rehman et al. [39] proposed ML algorithms to validate the importance

of miRNA as BRCA biomarkers. The feature selection techniques comprising

Least Absolute Shrinkage and Selection Operator (LASSO), Chi-Squared (CHI2),

and, Information Gain (IG) were used to rank the features according to their

importance. The training of these samples was performed using ML algorithms

comprising RF and SVM, and it was investigated that top-ranked miRNAs as

biomarkers can be beneficial in predicting BRCA. 11 diagnostic markers compris-

ing hsa-let-7c, hsa-mir-10b, hsa-mir-145, hsa-let-7a-3, hsa-mir-125b-1, hsa-let-7d,

hsa-mir-125b-2, hsa-mir-10b, hsa-mir-33, hsa-mir-101-1, and hsa-mir-335 respec-

tively have been identified using the proposed work.

Iman et al. [40] introduced ML algorithms to identify the transcripts for

prediction and for guiding the treatment related to prostate cancer progression.

Transcripts dataset have been taken from the National Center for Biotechnology

Information (NCBI) which was then passed to minimum redundancy maximum

relevance (mRMR) to obtain the DEGs. Five ML algorithms including SVM with

linear kernel, SVM with Radial Basis Function (RBF) kernel, RF, Decision Tree

(DT), and NB were used for modeling, and it has been found that SVM with linear

kernel outperforms with 90% accuracy and identified 10 diagnostic biomarkers.

Biao Liu et al. [41] presented two multi-layer feed-forward NN based on DL

for the identification of markers by using the DM dataset. To identify genes, a

t-statistics test was used and further passed to the LASSO and RF algorithm. 12

CpG markers and 13 promotor markers were identified which were further passed

to the DL model that achieved a sensitivity of 92% for CpG markers and 89% for

promotor markers.

Reka Toth et al. [42] presented an RF-based classification model for the detec-

tion of biomarkers for prostate cancer. DM dataset was downloaded from TCGA

and passed to the preprocessing and feature extraction stage to extract the rele-

vant features. It was then given to the RF to identify the biomarker for prostate

cancer. The results were evaluated, and it was proved that the RF-based modeling

identified the top 30 methylation genes with an AUC value of 77%.

A detailed conceptual survey of the work done by the researchers on diagnostic

biomarker identification for disease prediction in single omics is given in Table 2.1.
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Table 2.1: Diagnostic Biomarker identification for disease prediction in single omics data

Year Algorithm Dataset Used Result Future Studies

2023

[32]

SVM, RF, KNN DM data from TCGA

(Gastric cancer).

4 miRNAs were identified by SVM

as diagnostic biomarkers.

The analysis of miRNAs can be conducted in mul-

tiple cohorts using laboratory-based methodolo-

gies.

2022

[33]

XGBoost DM data from TCGA

(HNSC, KIRP)

151 and 153 markers for HNSC and

KIRP were identified accurately.

Other multi-omics datasets will be considered for

better results.

2021

[34]

Semi Restricted Boltz-

mann Machine

Gene expr. data from

TCGA (NSCLC)

ECMarker identified 9 markers

with 85% accuracy.

Multi-omics analysis can be carried out to predict

biomarkers for disease prediction.

2020

[35]

Statistical Methods, PCA,

SVM, NN, RF, Adaboost,

KNN and NB

Metabolomics data

from HTH (LUAD)

NN outperformed and identified 10

metabolites as diagnostic biomark-

ers with 99% accuracy.

Clinical information like age, smoking, and past

medical history, can be included for better perfor-

mance.

2020

[36]

DNN, KPCA, PCA,

Stacked De-noising au-

toencoders.

RNA-seq dataset from

TCGA (BRCA)

DNN with stacked auto-encoder

identified 3 marker with 95% ac-

curacy.

This study can be applied to datasets of larger

size and in multi-omics datasets for better perfor-

mance.

2020

[37]

SVM, Statistical analysis

test

mRNA data from AR-

RAY, GEO (PDAC).

ML methods identified 9 markers

with 97% accuracy.

The proposed framework performed well in blood

biomarkers and will be ideal for clinical trials.

2020

[38]

RF miRNA data from

TCGA, GEO (HCC).

RF identified 5 diagnostic markers

with 89% AUC.

Large sample size can be used in the future for

validation.

2019

[39]

RF, SVM, CHI2, IG,

LASSO

miRNA data from

TCGA (BRCA)

RF successfully identified 11 diag-

nostic markers with 99%. accuracy

The proposed ML algorithms can be used for the

biomarker identification for other diseases.

2019

[40]

mRMR, SVM with linear

and RBF kernel, RF, DT,

and NB

mRNA dataset from

NCBI

11 diagnostic biomarkers were

identified with 80% accuracy.

Wet-lab experiments and clinical assays are re-

quired to confirm the existence and progression of

the identified biomarkers.

2019

[41]

NN, LASSO, RF, t-

statistics test

DM datasets from

TCGA and GEO

12 CpG markers and 13 promotor

markers were identified accurately.

Future studies involve more statistical, ML, and

DL algorithms for biomarker identification.

2019

[42]

RF DM data from TCGA

(Prostate Cancer)

RF outperformed and identified

top 30 markers with 77% AUC.

Additional biomarkers will be discovered using

whole-genome bisulfite sequencing (WGBS) meth-

ods in the human genome.

25



2.1.1.2 Biomarker Identification in multi-omics

Multi-omics dataset is the integration of different types of omics datasets which

play an important role in biomarker identification required for disease prediction,

and subtype classification. Various authors have worked on biomarker identifi-

cation using multi-omics datasets, for example, Nivedhitha et al. [43] presented

an ensemble of filter approaches comprising ReliefF, CHI2, IG, and mutual in-

formation for biomarker identification from mRNA and DM dataset of Alzheimer

patients extracted from GEO database. The extracted features from the ensem-

ble approach were integrated using the Jackard index and passed to the deep

belief network (DBN) for classification. The experiment was performed and the

presented work accurately identified 35 markers as diagnostic markers with 82%

accuracy.

Ping et al. [44] proposed a multi-omics attention DNN (MOADLN) for the

identification of diagnostic biomarkers and disease prediction. Multi-omics data,

including mRNA, miRNA, and DM, were considered from BRCA, Kindey Renal

Papillary Cell (KIRP), and Alzheimer patients. Samples were collected and in-

tegrated through MODALN. The experiment was performed, and the proposed

MOADLN identified the top 20 genes as diagnostic markers from each disease with

an accuracy of 83%.

Yanyu et al. [45] presented a deep random forest feature selection (RDFS)

method for biomarker identification using CNV and mRNA datasets of gastric

cancer patients. The extracted features from RF were passed to DNN for training

and testing. The experiment was performed and it was found that the RDFS

method accurately identified the top 20 markers from CNV and mRNA, respec-

tively with 98% accuracy.

Min-Koo et al. [46] introduced a novel artificial intelligence method that uti-

lizes a graph convolutional network (GCN) for the identification of diagnostic

biomarkers using mRNA, and DM data of NSCLC patients. First, those genes

were extracted whose p-value < 0.05 and false discovery rate (FDR) > 0.5. The

extracted features were integrated and passed to GCN for model training. The

experiment was conducted and the findings revealed that GCN effectively returns

the top 15 features from both mRNA and DM as diagnostic biomarkers with 93.7%

F1-score value.

Jie Feng et al. [47] proposed joint kernel learning on a multi-omics dataset for

the identification of diagnostic genes from LUAD and Liver hepatocellular carci-

noma (LIHC). A sample of isoform expression profile, gene expression, and DM

data along with their survival information was collected from the Genome Data
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Analysis Center (GDAC) and passed to the KPCA method for feature extraction.

Then the extracted features were converted to kernel metrics using the Gaussian

Kernel function which was then passed to the clustering algorithm. The cluster-

ing algorithms divide the features into clusters for different cancers. Further, the

performance of clustering was validated using Rand Index (RI) and adjusted RI

(ARI) methods. The proposed framework identified GMPS, EPHA10, C10orf54,

and MAGEA6 for LUAD and FAU, DEPDC6, VPS24, LOC100133469, RCBTB2,

and SLC35B4 for LIHC.

Yong Liu et al. [48] identify the diagnostic markers from skin cancer patients

using the SVM with recursive feature elimination (SVM-RFE) approach of ML

from gene expr. and DM datasets. The dataset was downloaded from the GEO

database and then passed to SVM-RFE to rank the features and identify the DEGs

and differentially methylated genes (DMGs). Further, the training was done using

RF and LASSO, which identifies the ten diagnostic genes comprising PPARG,

LEP, PPARGC1A, IRS1, EBF1, PLIN1, FBXO32, SDC2, PLIN1, ZNF423, and

MYOCD with an AUC of 95%.

Ze Zhang et al. [49] proposed DNN to identify the markers from multi-omics

data (Gene Expr. and DM) of gastric cancer patients. A sample of patients was

taken on which the first p-value and FDR test were applied. After that, mRMR

was applied to rank the features. The extracted features were then integrated

and passed to DNN for training. The experiment identified eight genes, includ-

ing RORC, PGC, GPRC5C, KCNE2, PDGFD, KCNE2, PSCA, PPAP2B, and

IFITM2, with 98% accuracy.

Ming Zhang et al. [50] used Cox survival analysis and BayesNet model for the

identification of diagnostic biomarkers from BRCA patients using DM and gene

expression datasets. The dataset was collected and passed to statistical tests for

the identification of potential biomarkers. These markers were then passed to the

BayesNet model to classify the patients as healthy candidates. Further, the can-

didate markers were passed to the Cox regression model to calculate the survival

value which identified seven differentially methylated sites (DMSs) comprising

TUFT1, TRERF1, CCND1, SRGAP1, PER1, ENPP2, and PER1 as diagnostic

and prognostic makers.

Meijie Zhang et al. [51] used the RF feature selection method to identify the

diagnostic biomarkers using lncRNAs, mRNAs, and miRNAs dataset of osteo-

porosis patients. A network was created of 105 nodes including 8 miRNAs, 24

mRNAs, 73 lncRNAs, and 515 edges. This network was passed to functional anal-

ysis which showed the involvement of DysCeNet in osteoporosis. Further, RF was
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used which identified 25 features as diagnostic biomarkers. The identified genes

were also validated using the leave-one-out cross-validation (LOOCV) method to

show the effectiveness of the proposed work.

Pengfei Liu et al. [52] identifies diagnostic and prognostic markers using ML

algorithms including RF, and LASSO-Cox from epigenetic, transcriptomic, and

metabolomics datasets. 9398 CPGs and 2478 genes were collected and passed to

RF which selected 134 CpGs and 54 genes from the integrated dataset. These

were then passed to LASSO for the identification of diagnostic markers. More-

over, prognosis analysis was also performed using univariate Cox and LASSO Cox

methods. The proposed framework identified 5 diagnostic and 8 prognostic mark-

ers respectively.

Prasoon Joshi et al. [53] proposed a DNN named Sparse Crossmodel Super

layered Neural Network (SCR-SNN) for the integration of RNA sequencing and

DM data and for the biomarker identification in LUAD patients. The dataset

was passed to PCA for data filtering. Further Biomarker selection was performed

using SCR-SNN which includes LR with L1 penalty, L1-regularized NN, and L1-

regularized cross-modular NN. The proposed method identified 15 markers in-

cluding WFDC5, TATDN1, LPP, CPLX2, CXCL13, COLI17A1, CEL, CDSN,

TMPRSS2, FOXD1, DSC1, LPIN2, MMS4A8, B3GALT2, and AQP10 as the di-

agnostic markers for LUAD patients. The proposed method was also compared

with existing ML algorithms employed on a single omics dataset.

Xiao Ouyang et al. [54] proposed integration methods including Spearman cor-

relation coefficient (SCC), classified information index, fisher ratio, and ensemble

of DTs for the identification of biomarkers and classify the LIHC patient into its

subtypes. A sample of mRNA expression data, DM, and somatic mutation (SM)

data was used and passed to the preprocessing state. After, 34 DEG genes were

identified as diagnostic biomarkers using the integration approaches. The identi-

fied biomarkers were further analyzed to divide the LIHC patients into 3 subtypes

of LUAD.

Nicola Mulder et al. [55] proposed ML algorithms that identify the set of

proteins, mRNAs, miRNAs, and DM biomarkers to classify the PDAC into its

subtypes accurately. A sample of PDAC patients was obtained from TCGA and

cBioPortal which were then passed to a feature extraction technique called neigh-

borhood component analysis (NCA) which identified marker sets involving 49

methylated genes, 50 mRNAs, 20 miRNAs, and 14 proteins. After that, KNN and

SVM models were applied, which effectively classified the cancer subtypes with

accuracies of 99% and 97% respectively.
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Yong-Xia et al. [56] presented a DL framework using a denoising autoencoder

DAE to identify subtypes of ovarian cancer OV and to identify genes related to OV.

The multi-omics dataset comprising mRNA, miRNA, and CNV was collected using

TCGA Assembler and integrated using a DAE. Further, the dataset was passed

to the k-mean clustering technique to select the features. These features were

then given to the L1-penalized logistic regression (LR) to recognize the subtypes.

Also, these features were passed to differential expression analysis and Weighted

correlation network analysis (WGCNA) analysis which identified 34 biomarkers

related to OV.

Osama Hamzeh et al. [57] used ML algorithms to analyze the Gleason score for

prostate cancer and to identify the potential biomarkers for each Gleason group

accurately. RNA-Seq data (mRNA and miRNA) were downloaded from the GEO

repository and passed to hybrid feature selection techniques for training the model.

The experiment was performed, and it has been found that the proposed frame-

work works well with 93% accuracy. Along with that, PIAS3 and UBE2V2 were

identified, which will strongly correlate with the progression of prostate cancer.

Xu et al. [58] identified biomarkers related to Cervical Squamous Cell Carci-

noma (CESC) by integrating DM and gene expr. data using a hybrid feature se-

lection method. DM and gene expr. profiles of 12 types of cancer have been taken,

and adopted ML techniques were applied. The results were evaluated, and it has

been found that four cancer-specific markers comprising cg12205729 (GABRA2),

cg07211381 (RAB3C), cg26490054 (SLC5A8), and cg20708961 (ZNF257) could

identify the tumor cells with sensitivity, specificity and AUC value of 96%, 95%

and 92% respectively.

Nguyen et al. [59] used statistical learning and ML algorithms for the identifi-

cation of diagnostic and prognostic biomarkers in PDAC patients. Transcriptomic

(mRNA), Genomic, and protein (rppa) datasets were taken and passed to statis-

tical tests for the identification of diagnostic biomarkers. Further, the survival

analysis of the identified was performed using the Cox survival model. The iden-

tified biomarkers were also passed to the RF model which will classify the cancer

into normal and tumor patients. The proposed framework also showed that the

protein expression of identified genes is highly correlated in PDAC patients. The

proposed framework identified 4 genes including LAMC2, ANXA2, ADAM9, and

APLP2 as diagnostic and prognostic markers.

The work done by researchers on diagnostic biomarker identification for disease

prediction in multi-omics is given in Table 2.2.
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Table 2.2: Diagnostic Biomarker Identification for disease prediction in multi-omics data

Year Algorithm Dataset Used Result Future Studies

2023

[43]

DBN, Ensemble fea-

ture selection

mRNA, DM data from GEO

(Alzheimer)

35 markers were identified with

82% accuracy.

The proposed work can be validated in cancer

studies in the future.

2023

[44]

MODALN mRNA, miRNA, DM from

TCGA (BRCA, KIRP,

Alzheimer)

Top 20 markers from each omic

were identified with 83% accuracy.

Clinical and image data will also be considered

in the future.

2022

[45]

RDFS CNV, mRNA from TCGA Top 20 CNV and mRNA markers

were identified.

Advanced neural networks can be applied for

better results.

2022

[46]

GCN mRNA, DM from TCGA

(NSCLC)

15 biomarkers from each type was

identified with 93.7% F1-score.

More relevant DL algorithms can be applied

for the identification of biomarkers accurately.

2021

[47]

KPCA, Spectral Clus-

tering, RI and ARI

Gene expr., DM and isoform

expression data from GDAC

(LIHC and LUAD)

Proposed method successfully

identify 4 genes as diagnostic

markers.

Large sample size and ML and DL algorithms

can be applied in future studies.

2021

[48]

SVM-RFE, LASSO,

RF

Gene Expr., DM from TCGA,

GEO (skin)

F accurately identified 10 diagnos-

tic biomarkers with 95% AUC.

Hyperparameter tuning of DL models can im-

prove the performance of the proposed work.

2021

[49]

P-value, FDR, mRMR,

DNN

DM and Gene expr. from GEO 8 genes were identified as diagnos-

tic biomarkers with 98% accuracy

CNV data can be integrated along with gene

expr., and DM for biomarker identification.

2020

[50]

BayesNet, Cox Regres-

sion

DM, Gene expr., and Clinical

data from TCGA (BRCA)

7 DMSs were identified as diagnos-

tic markers with 78% AUC.

Treatment therapies can be guided for the

identified biomarkers.

2020

[51]

RF, functional analy-

ses

LncRNAs, miRNAs, mRNAs

from TCGA

RF successfully identified 25 diag-

nostic markers with 80% accuracy.

Laboratory researchers can be used to un-

derstand the biological functions of identified

markers.

2020

[52]

RF, LASSO, LASSO-

Cox, Univariate Cox

Multi-omics data from TCGA

and GEO (LUAD)

The proposed framework identified

5 diagnostic for LUAD.

DL methods can be applied in future studies.

2020

[53]

DNN, LR, L1-

regularized NN and

cross modular NN

RNA and DM data from

TCGA

SCR-SNN accurately identified 15

diagnostic markers with 89% AUC.

Future research is needed to develop methods

for analyzing different diseases.

30



2020

[54]

SCC classified informa-

tion index, fisher ratio’

mRNA, DM and SM data from

TCGA and GEO

Proposed integrative approach

identified 34 diagnostic markers

with 99% AUC.

In the future, DL methods can be applied for

better results.

2020

[55]

NCA, SVM, KNN mRNAs, miRNAs, DM dataset

from TCGA and cBioportal

(PDAC)

KNN accurately identified 50 mR-

NAs, 49 DMs, 14 rppa and 20 miR-

NAs with 99% accuracy.

The identified biomarkers can be used for pre-

dicting clinical outcomes and guiding treat-

ment strategies.

2020

[56]

DAE, k-mean cluster-

ing, L1-penalized LR

mRNA, miRNA, CNV data

from TCGA, GSE26712, and

GSE32062 (OV).

DL framework accurately identi-

fied 19 biomarkers as diagnostic

markers.

More clinical features and transfer learning can

be used to identify genes related to subtypes

of OV.

2019

[57]

Hybrid feature extrac-

tion, SVM, RF and NB

mRNA and miRNA data from

GEO (prostate cancer).

NB identifies two genes with 95%

accuracy and Gleason scores of 7

and 6 respectively.

In the future, a thorough examination of the

disease’s development, diagnosis, and treat-

ment can be done.

2019

[58]

PCC, Hybrid feature

selection, IG, LR

DM and gene expr. dataset

from TCGA and GEO

(CESC).

The proposed model identified four

diagnostic markers with a sensitiv-

ity of 96.2%.

The proposed approach can be applied to the

development of new epigenetic therapies.

2019

[59]

RF, statistical analy-

sis, Cox regression

Multi-omics dataset from

GSE16515 and GSE28735

RF identified 4 diagnostic markers

with 90% accuracy.

Future Studies involves the integration of

multi-omics data in epidemiological and clini-

cal contexts.
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2.1.2 Prognostic Biomarkers for Disease Survival Predic-

tion

Prognostic markers are used to predict the occurrence of a potential clinical condi-

tion, disease recurrence, or relapse in an identified sample. The identified markers

can also used for disease subtype classification. The work done by the various

authors in prognostic markers using single omics is described in the following

section.

2.1.2.1 Biomarker Identification in single omics

Jianfeng et al. [60] presented a clustering method to identify the prognostic

biomarkers and LUAD subtype prediction. mRNA dataset of LUAD was used

from TCGA, GSE203360, and GSE31210. First, DEGs were extracted using the

limma package and then stepwise multivariate, univariate Cox, and LASSO were

used for the identification of prognostic biomarkers. Clustering was used to sub-

type the LUAD in 3 clusters. The experiment was performed and it was found that

the presented work performed well and identified seven markers as the prognostic

biomarkers.

Kountay et al. [61] presented an AI-based DL model to identify the biomarkers

for different subtypes of NSCLC patients. First, the input features were passed

to autoencoders for feature extraction. The extracted features were then passed

to a NN for the classification of NSCLC into its subtypes. The experiment was

performed and it was found that the presented work identifies 52 relevant markers

with an accuracy of 95.74%. Moreover, out of 52 biomarkers, 28 biomarkers were

found to be linked to survival of NSCLC patients.

Eskezeia et al. [62] presented an univariate Cox model to identify the prog-

nostic biomarkers for LUAD patients. The gene expr. data was used and passed

to univariate Cox which selected the top DEGs. The extracted DEGs were fur-

ther passed to a PRPML method which is formed by using four ML algorithms

comprising LR, KNN, SVM with RBF, and average neural network (Avnet). The

experiment was performed and it was found that the proposed PRPML performed

well and identified nine prognostic markers with 81.2% AUC.

Jnanendra et al. [63] presented an ensemble of ML algorithms, including SVM,

ANN, KNN, DT, RF, and NB to identify miRNA biomarkers related to BRCA

survival. Seven filter feature extraction techniques, including mutual information

(MIM), conditional mutual information (CMIM), mRMR, joint mutual informa-

tion (JMIM), double input symmetrical relevance (DISR), interaction capping
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(ICAP), and conditional infomax feature extraction (CIFE) have been used to

identify the top features using TCGA portal. The extracted features were passed

to the Cox survival model, which identified 27 miRNAs as biomarkers with an HR

of more than 1. These markers were identified as poor prognostic markers.

Shuai et al. [64] developed a hybrid feature selection method named Crystall

to identify markers and predict the survival time of breast cancer patients. A two-

phase model was developed in which the linear support vector regression (lSVR)

was first used to extract the methylation features. A rank was generated by lSVR

using absolute value, which determines the importance of each feature. The top

features were selected, which were passed to an LR to remove the features with

small model coefficients. The experiment was performed, and it was found that

the Crystall performed well and identified 40 markers with 72% accuracy.

Bhaoshan Ma et al. [65] proposed ML algorithms for the identification of 16

gene prognosis markers for the prediction of LUAD. Clinical and RNA-seq dataset

from the TCGA portal was used for the experiment. At first, survival-related

genes were identified using Cox, and random survival forest (RSF) method, and

then prognostic-related genes were identified from integrated clinical and RNA-seq

data. Furthermore, to validate the results, GEO was used. The experiment was

performed and compared with existing prediction models. The result was calcu-

lated using three metrics comprising hazard ratio (HR), concordance index (CI),

and p-value, and it is evident from the results the proposed method outperformed

with the CI value of 67%. It was also found that 13 new biomarkers includ-

ing PITX3, LINC00908, GJB3, MELTF, CRCT1, LOC105370802, BAIAP2L2,

GABRA2, RHOV, ARF3, KRT18, TRIM7, ZNF710.AS1 and LOC100996732 were

identified as compared to existing studies.

Suman Ghosal et al. [66] make use of ML algorithms to identify the prognostic

markers using a noncoding RNA dataset. First data was passed to statistical test

to identify the DEGs which were then passed to a multivariate Cox regression

model. Further, four ML algorithms comprising LASSO, elastic net, cart, and

ridge were used to classify the sample into 5 subtypes of cancer. Then KM analysis

was performed which identified 5 lincRNAs (LINC00472, RP4-806M20.3, RP1-

40E16.9, RP11-254F7.2, RP11-455B3.1) prognostic markers.

Mohammad Ali et al. [67] used ML algorithms including univariate, multivari-

ate, and Cox proportional hazardous models to identify biomarkers related to OV

cancer. Clinical and gene expr. information of OV patients was integrated for

selected genes obtained from the Online Mendelian Inheritance in Man (OMIM)

database. These were then passed to univariate, multivariate, and combined Cox
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Proportional Hazard (CoxPH) regression models which identify the significant

biomarkers affecting the survival of the OV patients. Further, Protein-Protein

Interaction (PPI) network analysis, Gene Ontology (GO) analysis, and KEGG

pathway analysis were performed to identify the essential protein-protein inter-

actions. From the results, it was found that the patients having TL4, BSCL2,

CDH1, ERBB2, and SCGB2A1 were less likely to survive as compared to other

genes.

Feng Liu et al. [68] aimed to identify prognostic genes of Osteosarcoma using

ML. RNA-Seq samples of 94 Osteosarcoma were collected and passed to univari-

ate Cox analysis, LASSO Cox analysis, and multivariate Cox analysis for the

identification of prognostic markers. The experiment was performed and the re-

sults evidenced that the proposed framework identified four markers (RPL7AP28,

RPL11-551L14.1, RP11-326A19.5, and RP4-706A16.3) by dividing the patients

into high-risk and low-risk patients.

Jun Yu et al. [69] identify miRNA prognostic markers from esophageal squa-

mous cell carcinoma (ESCC) patients using ML algorithms. A sample of 119

ESCC patients was collected from GEO and TCGA databases where data from

TCGA was used as validation set. At first differentially expressed miRNAs were

calculated using p-value. The optimal feature subset was selected using Recursive

Feature Elimination (RFE). The selected optimal features were passed to the SVM

model which classified the patients in early-stage and last-stage samples. Then

the risk was calculated using a univariate Cox regression model which identified

5 prognostic markers comprising miR-195-5p, miR-181c-5p, miR-212-3p miR-203,

and miR-28-5p for ESCC patients.

Adrian et al. [70] presented a novel hybrid technique called genetic bee colony

for the identification of top genes using microarray datasets. At first, the mRMR

method was applied, which extracts genes with high correlation and low mutual

relevance. The extracted genes from mRMR were then combined to search for the

best subset in a narrower search space by using a hybrid of genetic and artificial

bee colony algorithms (GBC). The extracted features were trained with SVM with

RBF kernel. It was evident from the results that GBC accurately identified seven

breast cancer markers with 94% AUC value.

The work done on prognostic biomarker identification for disease survival pre-

diction in single omics is discussed in Table 2.4.
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Table 2.3: Prognostic Biomarker identification for disease survival prediction in single omics data

Year Algorithm Dataset Used Result Future Studies

2023

[60]

Clustering, univariate, mul-

tivariate cox, LASSO

mRNA from TCGA and

GEO (LUAD)

7 biomarkers with an HR close

to 1 were identified.

Personalized treatments can be guided based on

the identified markers.

2023

[61]

Autoencoders, NN mRNA data from TCGA

(NSCLC)

28 prognostic markers were

identified with 95.7% accuracy.

Multi-omics datasets along with pathological im-

ages can be used for better results.

2022

[62]

univariate cox, SVM, KNN,

LR, Avnet

Gene expr. data from

TCGA (LUAD)

9 biomarkers were identified

accurately with 81.2% AUC.

Other feature selection algorithms can be consid-

ered in the future for better marker identification.

2021

[63]

MIM, JMIM, DISR, CMIM,

mRMR, ICAP, CIFE, SVM,

DT, RF, ANN, KNN, NB,

Cox

miRNA data from TCGA

(BRCA)

27 poor prognostic markers

were identified with HR > 1.

Large sample size and multiple cancer types can

be used to improve the performance.

2021

[64]

Crystall (lSVR+LR) DM from TCGA (BRCA) Identified 40 prognostic mark-

ers with 72% accuracy.

Multi-omics dataset for BRCA survival prognosis

can be used in future studies.

2020

[66]

Multi-variate cox, Ridge,

Elastic net, cart and LASSO

Non-coding RNAs

dataset from TCGA

portal

The proposed algorithms suc-

cessfully identified 5 lincRNAs

as prognostic markers.

In the future, these studies can be extended for

further identification of lincRNAs.

2020

[65]

Cox, RSF miRNA data from TGCA

and GEO

13 prognostic markers were

identified with 67% CI value.

DL can be used for the prognosis of cancer and

provide a more powerful tool for targeted therapy

in the future.

2019

[67]

Univariate, Multivariate

CoxPH model

Gene expr. dataset from

OMIM (OV)

Identified 5 genes with an HR

close to 1 for each gene.

The search can be applied in the biomarker iden-

tification for different types of cancers.

2019

[68]

Univariate, Multivariate,

Lasso cox

miRNA data from TCGA

(osteosarcoma)

Four markers were identified

with an HR close to 1.

Future Studies involves the validation of experi-

ment using different datasets.

2019

[69]

RFE, SVM, univariate cox miRNA data from GEO

(GSE43732) and TCGA

(ESCA)

Five microRNA markers were

identified as prognostic mark-

ers with an HR close to 1.

DL can be employed for the identification of prog-

nostic biomarkers using large size dataset.

2018

[70]

mRMR, GBC, SVM with

RBF kernel

13 publically available

microarray datasets

7 BRCA markers were identi-

fied with 94% AUC.

Proposed GBC can be applied in multi-omics

datasets for accurate biomarker identification.
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2.1.2.2 Biomarker Identification in multi-omics

Yongquing et al. [71] presented a framework named LAGProg based on local aug-

mented GCN for the identification of prognostic biomarkers and cancer prognosis

prediction. Multi-omics dataset including CNV, mRNA, and DM was used and

passed to conditional variational autoencoder (CVAE) to reduce the dimensional-

ity of features. Then the features extracted from CVAE and the actual features

were passed to GCN and Cox for cancer prognosis. The experiment was per-

formed and the results evidenced that the GCN with Cox performed effectively

and identified 13 prognostic markers for BRCA with 70.4% CI value.

Simak et al. [72] introduced huper-parameter optimized autoencoders (HPOAE),

penalized PCA (PPCA), normal autoencoders, Aand coxPH models for the dis-

covery of prognostic biomarkers and survival prediction. Three types of data

comprising mRNA, miRNA, and DM of colon patients were used and integrated

using HPOAE, PPCA, and normal autoencoder. The integrated features were

then passed to coxPH for survival prediction. The conducted experiment per-

formed well and 10 miRNAs, 11 DMs, and 28 mRNAs were identified as prognostic

biomarkers accurately.

Xu et al. [73] presented a hybrid of SVR and RFE for the identification of

prognostic markers and predicting PDAC clinical prognosis. First, differentially

expressed mRNAs were identified using statistical tests (FDR and Log2(FC)),

which were then passed to SVMRFE for survival prediction. The proposed work

accurately identified 70 markers related to poor prognosis with a mean square

error (MSE) of 0.001.

Zhang et al. [74] developed a fusion method named Deep Latent Space Fusion

(DLSF) for biomarker identification and cancer subtyping that works by inte-

grating the different types of omics data. Multi-omics data, including miRNA,

DM, and gene expr of KIRC patients, were fused with cycle autoencoder (CAE)

and passed to k-mean clustering for subtype classification. The presented DLSF

performed well and identified 15 prognostic markers with a p-value of less than

0.01.

Yeye et al. [75] presented a sure independence screening procedure based on

the distance correlation (DC-SIS) method to extract the features from mRNA

and CNV datasets from TCGA and METABRIC (Molecular Taxonomy of Breast

Cancer International Consortium) portal related to breast cancer prognosis. The

extracted features were combined to form a network and passed to the LR and

RF classifiers to perform the experiment. The results evidenced that the pro-

posed work performed well by identifying five breast cancer prognostic markers
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accurately with 88% AUC.

Wang et al. [76] developed a new multi-omics integrative approach known as

MOGONET for the identification of biomarkers and the classification of cancer

subtypes using gene expr, DM, and mRNA data. Combining omics-specific and

cross-omics correlation learning, MOGONET aims to classify multi-omics data

efficiently and effectively. MOGONET surpassed other state-of-the-art techniques

with 82% accuracy and identified the top 30 markers as prognostic markers.

Hua et al. [77] presented a denoising autoencoder (DCAP) with XGBoost

for biomarker identification and cancer survival prediction using miRNA, mRNA,

DM, and CNV data. First, multi-omics data was passed to a DAE to reduce the

dimensionality of the dataset, followed by a Cox proportional hazard model to

accurately estimate the risk of cancer patients. Further, XGBoost was used to

identify the markers by computing the feature importance of each feature. The

presented work accurately identified nine markers with a CI value of 0.66.

Kailun Zhou et al. [78] used ML algorithms for the identification of prognostic

markers of PDAC patients. mRNA, SNP, and CNV dataset was used and passed to

GISTIC 2.0 and Mutsig 2.0 to preprocess the omics data. 54 candidate genes were

identified which were then integrated and passed to the LASSO risk prediction

model. A total of 9 markers comprising TSPYL4, UNC13B, KLHDC7B, MICAL1,

AIM1, KLHL32, DCBLD1, ARHGAP18, and CACNA2D4 were identified by the

proposed work as the prognostic markers.

Ning Zhao et al. [79] suggested a technique to rank genes by calculating a

score for the identification of biomarkers. Multi-omics data comprising somatic

copy number alteration (sCNA), gene expr., DM and miRNA data of 13 cancer

types were taken, and the multivariate Cox proportional method was used to rank

the gene. The experiment was performed, and higher ranks genes were identified

as the prognostic biomarkers. Further CI was used to validate the results, and it

was found that in comparison to single omics, multi-omics works well with a CI

value of 0.95. In fact, when contrasting the genes related to 13 types of cancer, 7

genes were shown to be linked with a number of cancer prognoses.

Yu-Heng Lai et al. [80] proposed a DNN framework using novel biomarkers to

predict the survival of NSCLC. A sample of 614 patients having gene expr. and

clinical data was taken and integrated with 15 biomarkers to develop an integrative

DNN model. The biomarkers were discovered using the StepMiner algorithm. The

experiment was performed, and it was found that the proposed framework works

well by accurately predicting the survival of NSCLC patients with 70% accuracy.

Lei Cui et al. [81] proposed the DL framework U-net for the identification of
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biomarkers used in the survival prediction of LUAD patients. A sample of 191

patients was from the TCGA portal, and U-net was applied to segment the images.

The CoxPH model was used to predict survival. Four biomarkers were discovered

guiding the survival of LUAD patients.

Wnju Mo et al. [82] used RF for the identification of prognostic biomark-

ers using the multi-omics dataset of BRCA patients. Sample of mRNA, SNP,

CNV, and clinical information was taken and integrated together which were then

passed to RF for feature selection. This technique identified 120 candidate genes.

These genes were then passed to the Cox regression model for the identification

of prognostic genes. The experiment was performed and it was evident from the

experiment that the proposed algorithm successfully identified 6 genes including

CD24, PRRG1, IQSEC3, MRGPRX, RCC2, and CASP8 as the prognostic mark-

ers.

Qianxing Mo et al. [83] presented a clustering approach for the identification

of the prognostic value of muscle-invasive bladder cancer (MIBC) patients using

a multi-omics dataset. A sample of 388 patients including DM, SM, mRNA, and

CNA was used and passed to the iClusterBayes method. This will divide the data

into two clusters, i.e., basal and luminal subtypes clusters. These clusters were

validated using the Markov Chain Monte Carlo (MCMC) method. A total of 42

genes were identified which were further passed to statistical analysis tests includ-

ing Fisher’s exact test, two-sampled t-test, and Analysis of Variance (ANOVA)

methods which identified 7 genes as prognostic markers.

Zhiqiang Chang et al. [84] proposed a pipeline to identify the dosage-sensitive

markers in CC. The somatic copy number, mRNA, and gene expr. data were used

and passed to the Wilcoxon rank-sum test for the identification of DEGs. The

genes with a p-value greater than 0.3 were selected and passed to Cox regression

analysis. Finally, PCC was calculated which identified 6 driver genes including

WDR5B, NDUFB4, IQCB1, GTF2E1, SEC22A, and KPNA1 as poor prognostic

markers.

Yang Yuan et al. [85] developed clustering algorithms in multi-omics data

to identify the prognostic biomarkers related to brain tumors. A sample of 117

glioblastoma patients including mRNA, CNV, SNP, DM, and clinical information

was used to perform the experiment. MutSigCV was used in the analysis of SNP

data which decreased the number of false positives. For CNV data, GISTIC was

used to extract the important copy number genes. Then the genes were integrated

and passed to the cluster of cluster analysis (CoCA) algorithm which divided the

data into two clusters HX-1 and HX-2. The survival analysis of these clusters was
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performed which identified 3 methylation and 15 gene mutations as the prognostic

markers.

Yanhui Jia et al. [86] used the PCA method for the dimensionality reduction

of huge feature space of multi-omics data comprising miRNA, mRNA, DM, and

SNP data of PDAC and identified 11 prognostic biomarkers. First, the dimension-

ality is reduced using PCA and then the most relevant features are selected using

Filter methods including chi-square and t-test. The proposed method identified

12 markers comprising hsa-mir-1224, hsa-mir-1179, hsa-mir-129-1, hsa-mir-1251,

hsa-mir-129-2, MAPK8IP2, DPP6, CPE, IL20RB, MSI1, FMN2, and S100A2 with

a HR close to 1.

Tzhong et al. [87] proposed a DL framework called autoencoder CoxPH model

(AE-cox) for the identification of biomarkers and survival prediction of LUAD pa-

tients. miRNA, mRNA, DM, and CNV datasets of LUAD patients was extracted

from TCGA and GEO portal and passed to AE to reduce the dimensionality of

features. Further, cox analysis was performed to identify the poor prognostic

markers and classify cancer as poor and good survival patients. The proposed

experiment accurately identified ten genes with a 0.65 CI value.

Nitish Kumar et al. [88] presented survival models for the identification of

biomarkers in PDAC patients. A sample of 153 PDAC patients was taken from

the TCGA database for multi-omics analysis which consists of gene expr., DM,

miRNA and lncRNA data. The preprocessing and feature extraction were per-

formed to identify the genes that are positively correlated with survival. For

survival analysis, Cox and KM estimations were done. The experiment was per-

formed, and results proved that the presented work performed well by accurately

identifying 5 genes with an AUC value of 95%.

Ruang Zhang et al. [89] developed prognostic models for the early prediction

of LUAD using trans-omics biomarkers. Authors integrate the clinical, DM, and

gene expr. dataset of 825 patients and used the Ranger algorithm for screening

the biomarkers associated with prognosis. Biomarker information and clinical data

were fused using icluster plus algorithm to divide the patients into high-mortality

and low-mortality rates. The experiment was performed, and it was evident from

the results that the developed method improved the performance of the trans-

omics model by 18.3% with an AUC value of 87.2%.

Chen Peng et al. [90] proposed a DL framework called Capsule Network-

based Modelling of Multi-omics data (CapsNetMMD) for the detection of BRCA-

related genes. A sample of 770 BRCA patients, including DM, miRNA, and

CNA have been taken and converted into a matrix form. It was then passed
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to CapsNetMMD for the detection of BRCA-related genes. The experiment was

performed, and the results were evaluated. The results were also compared with

different ML algorithms comprising XGBoost, NN, SVM, Adaboost, and KNN

and it was marked that CapsNetMMD outperformed with 90% Accuracy.

Jayeon Lim et al. [91] used a DL framework called Artificial Neural Network

(ANN) for the analysis of genetic data and for the discovery of disease-related

genes. TCGA dataset of BRCA patients was taken, and the experiment was

performed. For parameter optimization, the lasso penalty activation function

was used. The model was compared using the Youden J index with other ML

algorithms, including meta LR and meta-SVM. It was estimated from the results

that the suggested DL framework was more robust in the identification of genes

related to BRCA.

The work done by researchers on prognostic biomarker identification for disease

survival prediction in multi-omics data is given in Table 2.4.

2.1.3 Predictive Biomarkers for Response/ Treatment

A predictive biomarker is a test that can be used to classify people who are more

likely to react to a certain medicinal substance or chemical product. Asymp-

tomatic gain, increased longevity, or an adverse effect may be the result. In this

research, a predictive biomarker is considered as a gene prioritization problem

where the gene can signify the occurrence of some particle disease with some

known disease genes. The work done on predictive biomarker identification using

single omics for treatment/ response is given in the forthcoming section.

2.1.3.1 Biomarkar Identification in single omics

Siquan et al. [92] used ML algorithms comprising WGCNA and RF to identify the

prognostic biomarkers using gene expr. dataset of Alzheimer patients. First, the

WGCNA was conducted which screened a total of 3718 genes. Then the RF was

used to rank the genes which identified 5 prioritized genes comprising FAM71E1,

AP4M1, DDB2, DOC2A, and GPR4 as predictive biomarkers. These identified

biomarkers were highly enriched and associated with immune cell designations.

The nomogram was built which showed the high predictive power of identified

biomarkers.

Tianyi Zhao et al. [93] presented a GCN for the prioritization of protein-coding

genes using the lncRNAs dataset. A sample of the lncRNA dataset was used and
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Table 2.4: Prognostic Biomarker identification for disease survival prediction in multi-omics data

Year Algorithm Dataset Used Result Future Studies

2023

[71]

GCN, CVAE, Cox mRNA, DM, CNV from

TCGA

13 prognostic markers were iden-

tified with 70.4% CI value.

The study of relationships between the survival

risks and transcriptional regulation can be done.

2023

[72]

CoxPH, HPOAE,

PPCA, normal autoen-

coders

mRNA, miRNA, DM from

TCGA (colon cancer)

10 miRNAs, 11 DMs, and 28

mRNAs were identified with

71% accuracy.

Large sample sizes and supervised DL methods

can be used in the future for better performance.

2022

[73]

RFE, SVR mRNA, miRNA from

TCGA(PDAC)

70 prognostic markers were iden-

tified with 0.001 MSE.

Treatment therapies can be guided using the

identified biomarkers for future studies.

2022

[74]

CAE, K-mean Cluster-

ing

Gene expr., DM, miRNA data

TCGA (KIRC)

15 prognostic markers were iden-

tified with a p-value < 0.01.

The presented work helps practitioners to un-

derstand the biological significance of identified

biomarkers.

2022

[75]

DC-SIS, LR, RF mRNA, CNV from TCGA and

METABRIC (BRCA)

5 prognosis genes were identified

with 88% AUC value.

Complete follow-up information can improve the

performance for biomarker identification and

cancer prognosis.

2021

[76]

NN to rank features,

GCN

gene expr., DM, and mRNA

from TCGA (BRCA, KIPAN)

30 biomarkers were identified

with 82% accuracy and 82.5%

F1-score.

More data types can be used to improve the per-

formance for biomarker identification.

2021

[77]

Denoising AE, DNN,

XGBoost

miRNA, mRNA, CNV, DM

from TCGA, GEO (BRCA)

9 markers were identified with

0.66 CI value.

Parameter tuning of learning models can be done

to improve the performance results.

2021

[78]

GISTIC 2.0, Mutsig

2.0, LASSO, univariate

cox

mRNA data from TCGA

and gene expr. from

GSE28735,and GSE62452

The presented method identified

9 prognostic markers with 87%

accuracy.

Future Studies include the verification of genes

in vivo and in vitro. A thorough investigation

will be done in future studies.

2020

[79]

Multi-variate cox

model

DM, Gene expr., sCNA and

miRNA data from TCGA

7 prognostic markers were suc-

cessfully identified with 95% CI

value.

Some non-parametric algorithms can be applied

to study biomarkers in future studies.

2020

[80]

DNN, step miner Gene expr. and clinical data

from GEO

15 prognostic markers were iden-

tified with HR in the range of

1.2-7.063.

This framework can be employed to predict the

survival of other cancers.

41



2020

[81]

U-net, coxPH Pathological images dataset

from TCGA

Four prognostic markers have

been identified with 68% CI

value.

The results can be improved by integrating

multi-omics datasets using the proposed frame-

work.

2020

[82]

RF, Cox Regression mRNA, SNP, CNV and clinical

from UCSC (BRCA)

Proposed models identified 6

prognostic markers with 80%

AUC value.

Experimental Validation is required because of

the limited clinical information present in the

current research.

2020

[83]

iCluterBayes, Fishers

test, t-test, ANOVA

DM, SM, mRNA and CNV

data from firehose [94]

6 genes were identified as prog-

nostic markers.

Future studies involve the identification of mark-

ers from large sample-size datasets.

2020

[84]

Wilcoxon Rank-sum

test, cox regression,

PCC

CNA, mRNA and gene expr.

data from TCGA (CC)

The proposed work selects 6

prognostic genes having p-value

< 0.05.

Target drugs or treatment methods can be devel-

oped in future studies.

2020

[85]

CoCA, GISTIC 2.0,

and Mutsig

SNP, CNV, DM, mRNA and

clinical from TCGA

CoCA identified 2 DMs and 15

gene mutation genes as prognos-

tic markers.

Treatment therapies can be provided based on

the identified markers.

2020

[86]

PCA, Cox mRNA, miRNA, and DM from

TCGA (PDAC)

12 genes were identified with an

HR close to 1.

Treatment therapies can be guided based on the

identified markers.

2020

[87]

AE, AE-Cox mRNA, miRNA, CNV, DM

from TCGA, GEO (LUAD)

10 markers were identified with

0.65 CI value.

Biomarkers for multiple cancer types can be iden-

tified using the proposed work.

2019

[88]

LR, Cox Regression DM, gene expr., miRNA and

lncRNA data from TCGA

(PDAC)

5 prognostic biomarkers were

identified with HR of each gene

lies in the range of 1-2.

Artificial intelligence can be employed in the fu-

ture for better performance.

2019

[89]

Ranger, iCluster plus,

multi-variate cox

Clinical, DM and gene expr.

dataset TCGA (LUAD)

The proposed work identified 7

prognostic markers with 81% CI.

Futures studies involve the exploration of biolog-

ical evidence for the identification of markers.

2019

[90]

CapsNetMMD DM, miRNA, and CNA

dataset from TCGA (BRCA)

CapsNetMMD outperformed

and identified top 5% genes

with 90% sensitivity.

In future, the predicted genes with prognostic

values in BRCA may serve as candidates for ecol-

ogists and medical scientists.

2019

[91]

ANN, Youden J in-

dex, meta LR and meta

SVM

mRNA, DM, CNV dataset

from TCGA (BRCA).

ANN outperformed Meta-SVM

by successfully identifying the

prognostic biomarkers.

More than two types of data sources to construct

a multimodal learning model can be used for bet-

ter prediction.
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passed to the feature selection technique in which the gene expr. and the position

of the gene was identified and a gene network was created. This network was then

passed to GCN which prioritizes the target genes of lncRNAs. The method was

also validated and compared with existing methods and it was found that GCN

works well with an AUC and Area under Precision Recall (AUPR) value of 90%

and 91% respectively.

Yu Zhang et al. [95] proposed the Prioritization of autism genes using a

Network-based Deep-learning Approach (PANDA) for the identification of genes

by prioritizing them. The protein dataset was extracted from Simons Foundation

Autism Research (SFARI) and OMIM data. First, a human molecular interaction

network (HMIN) was constructed in which nodes represent the proteins corre-

sponding to their gene and edges represent the interaction between the genes. This

network was then passed to GCN which trains the dataset and prioritizes the genes

on the basis of their influence on the patients. The experiment was performed and

it was evident from the results that the proposed framework worked well by select-

ing 10 genes including RUNX1T1, MAG12, GRIA3, MVCRP2, AKAP6, PTPRD,

AUTS2, MYO9A, AB12, and PLXNA2 respectively.

Xue Jiang et al. [96] presented a generative adversarial network (GAN) with

DAE as the generator and MLP as the discriminator (GAN-DAEMLP) to prior-

itize genes by taking the miRNA dataset. The sample of the dataset was taken

and passed to GAN-DAEMLP for disease and non-disease genes which calcu-

lates the disease and non-disease prediction score. Finally, a risk score was cal-

culated and a genes risk list was generated. The experiment was performed and

it was proved from the results that the GAN-DAEMLP performed best by select-

ing 10 disease-related genes (TRAIP, Bsgnt2, Ugt8a, PPP3CA, PMEPA1, RGS4,

PPP3R1, CHN1, and ST8SIA3).

Jonghyun Nam et al. [97] designed a method Gene Ranker for the identi-

fication of genes using gene expr. dataset. First, a PPI network was created

which was used as a base network. Then, an add-on network was generated us-

ing WGCNA. An integrated network was developed and passed to a gene ranker

algorithm to generate a score. The higher rank genes including OTC, B3GNT9,

and Clorf167 were identified as the predictive markers. Along with that, the 10

known genes including CSNK2A3, IFNL2, UCN3, POU3F4, TIW1, IL22, UCN2,

PSG1, HTRA1 and CD68 were also identified. These genes have a strong relation

with the above-mentioned identified genes.

The work done on predictive biomarker identification for treatment/ response

in single omics is discussed in Table 2.5.
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Table 2.5: Predictive Biomarker Identification for treatment/ response in single

omics data

Year Algorithm Dataset Used Result Future Studies

2022

[92]

RF,

WGCNA

Gene Expr.

from GSE5281,

GSE48350

(Alzheimer)

5 genes were identified ac-

curately with high predic-

tive power.

Experimental Validations

are required for identified

biomarkers.

2020

[93]

GCN lncRNAs dataset

from TCGA

The presented method pri-

oritize the candidate genes

with 92% AUPR.

DMs and CNVs can be

considered for better re-

sults.

2020

[95]

PANDA,

GCN

Protein data from

SFARI and OMIM

database (Autism)

PANDA successfully iden-

tified 10 genes with an ac-

curacy of 89%.

This framework help re-

searchers to learn and per-

form better by understand-

ing the complex genetic ar-

chitecture of diseases and

disorders.

2020

[96]

GAN-

DAEMLP

miRNA expression

dataset from CHDI

Foundation [98]

GAN-DAEMLP identified

top 9 genes as predictive

markers with 90% AUC

value.

The proposed work can be

applied to the identifica-

tion of cancer biomarkers.

2019

[97]

WGCNA

network

Gene Expr. data

from the GEO

Database

Proposed method success-

fully identify 3 genes as

predictive markers with

76% AUC.

Future work is extended to

identify disease categories.

Along with that, different

methods or algorithms can

be created to integrate the

networks.

2.1.3.2 Biomarkar Identification in multi-omics

Runzhi et al. [99] developed asmbPLS-DA based on an adaptive sparse multi-block

partial least square discriminant analysis method for the identification of predictive

biomarkers and for the classification of different types of diseases. Multi-omics

dataset was considered and passed asmbPLS-DA which finds the covariance among

the latent variables. The experiment was performed and presented asmbPLS-DA

accurately identified the 14 mRNAs and 6 miRNAs as predictive biomarkers of

response with 97% accuracy.

Jae et al. [100] presented NTriPath for the identification of gene signatures for

Gastric Cancer patients. The SM and gene expr. dataset was used in which SM

was passed to NTriPath and gene expr. was passed to the clustering algorithm.

Then the output from NTriPath and unsupervised clustering were integrated and

passed to SVM with linear kernel to generate a risk score for the identification

of prognostic and predictive biomarkers. The predictive biomarkers were further

used to identify the response to a specific treatment in Gastric cancer patients.
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Poria et al. [101] presented Reboust Rank Aggregation (RRA) and WGCNA to

identify the predictive biomarkers in CC patients. mRNA, miRNA, and lncRNA

dataset was used and passed to RRR and WGCNA to identify the DEGs. A

total of 37 DEGs were identified which were further passed to the regulatory

network, survival analysis, and ML algorithms comprising RF, XGBoost, SVM,

and LASSO. The experiment was performed and one gene comprising LINC00974

was identified as the diagnostic, prognostic, and predictive biomarker.

Yang Wu et al. [102] proposed an ML framework called a semi-supervised

non-negative matrix factorization model called MapGene to prioritize the candi-

date genes using high functional modules and gene interactions dataset. First, a

PPI network was made of both disease interactions and network interactions, and

then module correlation (MC) was calculated using the MapGene algorithm which

identified the top rank genes as predictive markers. The proposed framework was

also compared with several base models and it was found that the MapGene out-

performed with a precision and recall value 0f 87% and 90% respectively.

Haixia et al. [103] developed an integrative rank method comprising iRank,

and Constrained Page Rank (CPR) to prioritize the cancer genes using multi-omics

data of HCC patients. A multiplex network was generated using multi-omics data

by calculating the differentially mutual information (DMI). This DMI was then

passed to the PageRank algorithm and the final rank was obtained by aggregating

the rank of multiple networks. The proposed method iRank was compared with

other existing algorithms and it outperformed with an accuracy of 81%.

Jenfeng Zia et al. [104] proposed a method for Driver gene discovery with

an improved random walk method (Driver IRW) using the integration of tran-

scriptomic and interaction network data. Authors constructed different networks

for different types of cancer using edges from PPI and DCG networks. Then

the edge, betweenness, and Katz centralities were found using the constructed

network. These scores were integrated and passed to a random walk with an im-

provement method to calculate their rank. Finally, top-ranked genes were selected

as the predictive markers. The proposed method was compared with several tra-

ditional methods and it was found that Driver-IRW performed best by accurately

prioritizing the driver genes.

Anais Baudot et al. [105] proposed a random walk with a restart method to

prioritize the genes on multiplex (RWR-M) and multiplex heterogeneous networks

(RWR-MH). First, a graph of the PPI network, pathway interaction, and co-

expressed genes was created. The integrated network consists of 17559 nodes and

1659084 edges which were then passed to RWR-M and RWR-MH to explore the
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different functionalities and associations of the graph. This was then applied to

Wiedemann Rautenstrauch syndrome patients which identified three genes (FIG4,

RNF113Aand LMNA) that were strongly related to the disease.

Zhen Zeng et al. [106] proposed a tree-based ensemble model called random

interaction forest (RIF) to prioritize candidates and generate the predictive scores.

First, a DT was created and then the rank was calculated. The authors identified

the top 10 genes and compared the results with other existing methods.

Naoya et al. [107] used the joint non-negative matrix factorization (JNMF)

method for the discovery of predictive biomarkers using a multi-omics dataset.

The authors took the dataset in three matrix form and applied the JNMF method

which generates four clusters by reducing the dimensionality of the matrices. This

method also reduces noisy values and selects the relevant features. This method

successfully identifies the two candidate genes comprising PLX4720 and HER2 as

predictive biomarkers and also finds the association between the genes and the

drugs given for treatment

Christos Dimitrakopolos et al. [108] developed a Network-based Integration of

Multi-omics data (NetICS) method for prioritizing the cancer genes by integrat-

ing genetic aberrations, mRNA and miRNA, and DM datasets. A bidirectional

network diffusion was created which generates a rank list for each sample. This

rank list was then passed to rank aggregation techniques which generated a global

ranking. NetICS identified the top 5% genes from both BRCA (TP53, PTEN,

ERBB2, and CDH1) and LUAD (EGFR, AKT1, KRAS, PIK3CA, and NRAS)

respectively.

Yuanfang Guan et al. [109] designed a feature selection method and SVM

to prioritize the predictive genes using gene expression and DM data. The PCC

of genes was calculated and their correlation scores were combined to generate

a rank. By using this, 10 most predictive features including ASAP2, BCL9L,

PTPRF, PTPN12, ANXA1, AJUBA, CYTIP, SH3D19, CMTM4, EIF2C2 were

selected.

Di Zhang et al. [110] developed a network-based approach for the identification

and prioritization of predictive genes by integrating gene expr., mutation, and PPI

datasets. This approach works by identifying the neighbor genes. A relationship

among the various differentially co-expressed genes (DCGs), and functional genes

was made and then weight was calculated to check the impact of DSCs on the

functional genes. This procedure was applied to three datasets including KIRC,

thyroid carcinoma (THCA), and HNSC to identify the genes. The experiment was

performed and it was found that the proposed method identified the top 5 genes
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including EGFR, EP300, NRAS, LYN, PTPN11, TP53, PIK3CA, EGFR, EP300,

FADD, PBRM1, SETD2, BAP1, SRC and EP300 for THCA, HNSC, and KIRC

respectively.

Huihui Fan et al. [111] integrate multi-omics data including genome, epigenome,

and transcriptome data which identify and prioritize the functional differentially

methylated regions (fDMRs). Authors first filter the DMRs and based on the

expression alteration scores, ranks were generated and further aggregated to iden-

tify and prioritize the genes. This method identified 10 genes including VIM,

PCDH10, SFRP1, ADAMTS1, SLIT2, CDH4, SFEP2, HS3ST2, and CHFR us-

ing ranks. Further, classification and survival analysis of identified genes was

performed.

Qianlan Yao et al. [112] proposed a method MetPriCNet to prioritize and

predict the metabolites using a multi-omics dataset. The authors constructed a

composite network of genomic, phenome, metabolome, and interactome datasets.

This network consists of 25269 nodes and 11,926,113 edges. This network was

then passed to MetPriCNet which calculated their global distance similarity. This

method was applied to BRCA patients and it was found that the higher rank

metabolite in 3 genes including TP53, AKT1, and BARD1, and the third-ranked

magnesium ion metabolite interact with 4 seed genes consisting of CDH1, KRAS,

CHEK2, and CDS1.

Pia Kinaret et al. [113] proposed fuzzy logic as feature selection and RF for

prioritizing the genes using multi-class. Four gene expr. dataset was taken and

passed to the fuzzy pattern discovery method to select the most relevant and class-

specific features (FP). Then the selected feature set (FP) was passed to RF which

works by removing the redundant features and ranking the genes by using a Mean

decrease accuracy score. The proposed method works well with an accuracy of

96%.

The work done on predictive biomarker identification for treatment/response

in multi-omics data is discussed in Table 2.6.

2.1.4 Identification of other Biomarkers

There are four other types of biomarkers comprising safety, monitoring, risk, and

response biomarkers. Limited work is done on the above-mentioned markers using

both single and multi-omics datasets, for example, Andrew et al. [114] presented

the Connor-Davidson Resilience Scale (CD-RISC) method for the identification of

risk biomarkers using DM datasets of 78 adults. The risk score was computed to

select the features which were then passed to LR and SVM for the classification
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Table 2.6: Predictive Biomarker Identification in multi-omics for treatment/ response

Year Algorithm Dataset Used Result Future Studies

2023

[99]

asmbPLS-DA mRNA, miRNA data from

TCGA

14 mRNAs, and 6 miRNAs were iden-

tified with 97% accuracy.

The raw data was used without pre-processing

which can be done in future works.

2022

[100]

NTriPath, SVM,

unsupervised

clustering

SM and gene expr. from

TCGA (gastric)

32 gene signatures were identified as

prognostic and predictive markers with

HR close to 0.5

The investigation of the molecular mechanisms un-

derlying the prognostic and predictive capabilities

of the 32-gene signature can be done.

2022

[101]

RRA, RF,

WGCNA, SVM,

LASSO

miRNA, mRNA, lncRNA

from TCGA (CC)

LINC00974 was identified as a prog-

nostic, diagnostic, and predictive

marker.

The role of LINC00974 can be further assessed in

the CC patients.

2021

[102]

Semi-supervised

method MapGene

Multi-omics dataset from

DisGeNet and String

database

MapGene outperformed with 87% pre-

cision value.

Sparse connections are there because of large mod-

ules which can be broken down into smaller mod-

ules for better performance.

2020

[103]

iRank, CPR DM, mRNA, SM, miRNA,

CNV from TCGA (HCC).

iRank outperformed by accurately pri-

oritizing the cancer genes with 81% ac-

curacy.

Presented iRank can be applied to other cancer

types.

2020

[104]

Driver-IRH Transcriptomic and net-

work data of BRCA,

HNSC, KIRC, and THCA

from TCGA

Driver IRW successfully identified top

10 genes for each cancer type with 90%

recall value.

This method can be applied to classify patients in

different subtypes of cancer by using the identified

genes.

2019

[105]

RWR-M, RWR-

MH

Multi-omics dataset

from TCGA, and OMIM

database.

RWR-M and RWR-MH outperformed

the basic RWR method with an accu-

racy of 89% and 82% respectively.

Other biological networks can be constructed for

better gene identification.

2019

[106]

RIF Clinical data from TCGA Proposed method identified top 10

genes as predictive markers.

To adjust the nuisance covariates, regression mod-

els can be used for better performance.

2018

[107]

JNMF Genomic, transcriptomic

from cBioPortal

2 predictive biomarkers were identified

accurately by JNMF.

The pathological images along with multi-omics

can be considered for better performance.
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2018

[108]

NetICS Genetic, mRNA, miRNA,

DM from TCGA

Top 5% genes from both LUAD and

BRCA patients were identified with

89% AUC value.

More complex mutational patterns along with the

genomic and transcriptomic data can be integrated

for better performance.

2018

[109]

PCC, SVM Gene Expr. and DM data

from synapse [115]

The proposed method identified 10

predictive genes with 80% accuracy.

This research can be extended to additional

datasets and algorithms for better results.

2017

[110]

Network based ap-

proach

PPI, gene expr., mutation

data from TCGA, OMIM,

GEO (KIRC, HNSC)

Proposed method outperforms various

existing methods by accurately identi-

fying top 5 genes for each cancer type

with 80% accuracy.

In the future, gene expr., CNV and DM data will

be integrated to construct a network. Further, op-

timal treatment techniques can be guided to pa-

tients by integrating the dataset.

2015

[111]

Cox Multi-omics dataset from

GEO

The proposed method identified 10

predictive markers with 86% AUC

value.

DL can be employed in the future for better per-

formance.

2015

[112]

MetPriCNet Multi-omics data from

STRING, OMIM, TCGA

portal.

MetPriCNet prioritizes and predicts

the candidate genes with an AUC value

of 91%.

This proposed framework can be used in different

fields of biomedicine like disease prediction, drug

discovery, and target discovery.

2014

[113]

RF, Fuzzy Logic Four multi-class gene expr.

datasets from GEO, and

St. Jude Research [116]

The proposed framework performed

well by and successfully prioritized the

genes with 96% accuracy.

DL algorithms can be used in the future for better

results.
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of low and high-risk patients. The experiment was performed and the proposed

work identified three markers comprising AARS (cg18565204), FBXW7 (cg17682313),

and LINC01107 (cg07167608) as high-risk markers with 72.3% and 87.1% accura-

cies for LR and SVM respectively.

Kong et al. [117] proposed an ML framework called NetBio, which utilizes

network-based studies to effectively discover the response biomarkers for immune

checkpoint inhibitor (ICI) treatment. A collection of over 700 patient samples

treated with ICI was done which were accompanied by clinical outcomes and

transcriptome data. Then NetBio-based predictions were than and the findings

demonstrated that the proposed work effectively forecasted the responses to ICI

treatment. Furthermore, the utilization of NetBio-based prediction demonstrates

a higher level of effectiveness compared to existing state-of-the-art works.

Danquing et al. [118] presented the limma and RebustRankAggreg method

to identify the monitoring biomarkers related to CRC. The DEGs were extracted

which were further passed WGCNA for biomarker identification. The experiment

was performed and the findings showed that the proposed work identified four

biomarkers comprising AMPD1, ABCC13, TMIGD1, and SCNN1B as monitoring

biomarkers with an AUC value of 70%.

Jungho et al. [119] presented machine learning and network-based analysis

for the identification of response biomarkers using genomic and transcriptomic

data of bladder cancer and CRC patients. First PPI network was created which

was further passed to ridge regression for training. The findings showed that

the proposed work performed effectively and identified top markers as response

biomarkers.

Yun et al. [120] employed WGCNA to identify gene modules that have a

strong association with the risk of BRCA metastasis. First, a total of 21 net-

work hub genes were selected with the highest level of significance. Subsequently,

PPI networks were employed to further investigate the biomarkers exhibiting the

highest number of connections among gene modules. The PPI networks discovered

five genes as monitoring biomarkers. Additionally, the validation of the prognostic

value and DEGs was conducted using data obtained from TCGA and KM Plotter.

The examination of the ROC curve demonstrated that the mRNA expression lev-

els of the five hub genes exhibited exceptional diagnostic efficacy in distinguishing

BRCA from surrounding tissues.

Anna et al. [121] Monte Carlo feature extraction and NB model for identifi-

cation of response biomarkers using two gene expr. datasets of BRCA patients

undergoing radiation therapy. The datasets used were with different dose treat-
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ments. The validation of genes was done using the Jonckheere–Terpstra test. The

experiment was performed and NB successfully identified three response biomark-

ers comprising GADD45A, ZMAT3, and NAMPT with an accuracy of 93.5%.

The work done on other biomarker identification in single and multi-omics data

is given in Table 2.7.

Table 2.7: Identification of other biomarkers in single and multi-omics dataset

Year Algorithm Dataset Used Type of

Biomarker

Future Scope

2023

[114]

CD-RISC, LR,

SVM

DM dataset of

78 adults

Risk Other factors including age, his-

tory can be included for better re-

sults.

2022

[117]

NetBio Transcriptomic

and Clinical

data from

TCGA

Response The presented approach can be

applied to different diseases along

with cancer.

2020

[118]

Limma, Rebus-

tRankAggreg,

WGCNA

DM dataset

from TCGA,

GEO (CRC).

Monitoring Multi-omics datasets can be con-

sidered along with DL algorithms

for biomarker identification.

2020

[119]

PPI, ridge re-

gression

Genomic and

Transcriptomic

data from

GEO.

Response Paired datasets providing molecu-

lar changes before and after drug

treatment can be used with ML for

better results.

2019

[120]

WGCNA, PPI,

KM

Gene expr.

from GEO,

TCGA

(BRCA)

Monitoring Biological significance of the iden-

tified markers can be done.

2019

[121]

Monte Carlo,

NB

Two gene expr.

data from GEO

(BRCA)

Response This method will help clinicians

to study the impact of particular

doses in the future.

2.2 Tools used for Biomarker Identification

It is a challenge for researchers without bioinformatics skills to identify the biomark-

ers by analyzing a high volume of multi-omics data. Therefore, many researchers

developed tools for biomarker identification created from omics technologies, for

example, Ganxun Li et al. [122] developed an IMOPAC web server with the po-

tential to simplify the interpretation of pharmacogenomic profiles derived from

cell lines by using transcriptomic, metabolomic, epigenetic, genetic and proteomic

datasets. The user-friendly query interface along with tailored data storage en-

ables users to interactively examine and display multi-omics variations across genes

and pathways and to link these alterations with treatment responses across cell

lines from varied cancer types. The developed tool can potentially discover under-

51



lying biological mechanisms and facilitate pharmacogenomics exploration in the

identification of clinically relevant biomarkers.

Anqi et al. [123] designed a proprietary web-based tool, named Comprehen-

sive Analysis in Multi-Omics of Immunotherapy in Pan-cancer (CAMOIP) for the

identification of prognostic markers. The tool uncovers the underlying mechanisms

governing biomarker expression, functionality, and immunotherapy in pan-cancer.

This may be accomplished conveniently through the utilization of the CAMOIP

platform, hence facilitating and promoting the advancement of immunotherapeu-

tic research. The CAMOIP platform offers significant evidence that bridges the

gap in information between cancer genome data and immunotherapy.

Furkan M. Torun et al. [124] developed an open-source ML tool called omics-

learn for biomarker discovery. Genomic and proteomics dataset was used for

the experiment. Python libraries were used to develop the tool and it can be

downloaded using a local server. This tool used the XGBoost model for training

the dataset. The visualization and web interface of omics-learn was built using

StreamLit.

Salim Ghannoum et al. [125] presented an open-source pipeline named DIs-

cBIO to identify the genes by using the transcriptomic data. The authors used

two scRNA-seq datasets to demonstrate the pipeline capabilities. The first dataset

contains circulating tumor cells from BRCA patients. The second was a cell cycle

regulation dataset from myxoid liposarcomas. All of the analyses were accessi-

ble as notebooks with R coding, explanatory language, output data, and images.

The pipeline was implemented in four steps including data preprocessing, cellular

clustering, retrieving DEGs, and biomarker identification. In myxoid liposarcoma,

DIscBIO worked well by defining a small subset of cells with potentially aggressive

and stem-like properties.

Dongqiang Zeng et al. [126] developed a tool Immuno-Oncology Biological

Research (IOBR) for the identification of gene signatures based on a multi-omics

dataset. This tool provides batch analysis of the gene signatures and their associ-

ation with lncRNA profiling, clinical phenotypes, genetic characteristics, and the

signatures produced from single-cell RNA sequencing data. Moreover, this tool

integrates deconvolution methodologies with various signature construction tools

for the identification of gene signatures. This tool is freely available to use and it

is an effective and flexible tool.

Huan Dong et al. [127] developed an Online Survival analysis web server for

Diffuse Large Cell Lymphoma (OSdlbcl) for the identification of prognostic value

for some specific gene. Clinical follow-up information and gene expr. profiles of
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1100 samples were used from TCGA and GEO databases. Moreover, DM data was

also used for prediction purposes. This tool will develop a Kaplan-Meier (KM)

plot which will give p-value, HR, and log-rank for some specific gene symbol.

OSdlbcl is a modern web server that combines public gene mutation data, gene

expr., and clinical follow-up data to deliver prognosis assessments for the discovery

of DLBCL biomarkers.

Harpreet Kaur et al. [128] developed a web server called HCCpred for the iden-

tification of both diagnostic and prognostic biomarkers from gene expr. dataset

in HCC patients. Raw data was extracted from 30 studies and passed to feature

extraction techniques. The extracted genes were then passed to model training

which successfully identified three genes (FCN3, CLEC1B, and PRC1). Further

survival analysis was done using univariate Cox models.

Amrit Singh et al. [129] presented a framework Data Integration Analysis for

Biomarker discovery using Latent Components (DIABLO) using a multi-omics

dataset. This tool was capable of identifying the biomarkers from both simulated

and real multi-omics data. mixOmics was used to implement the tool. The pre-

sented framework successfully identified novel and existing biomarkers including

mRNAs, miRNAs, Cpgs, proteins, and metabolites.

Dvir Netanelly et al. [130] developed a framework Profiler of Multi-omics

data (PROMO) for analyzing, pre-processing, clustering, and visualizing the single

omics and multi-omics data simultaneously. Further, this tool was also used for

biomarker discovery and survival analysis. This tool consists of a package of

multiple ML algorithms and statistical methods like t-test, and chi-square test for

the analysis of the dataset. For biomarker identification, statistical tests were used

for identification of DEGs which were further passed to Cox models for survival

analysis. This tool fills the gaps of all the available tools and was easily available

on the web.

Harpreet Kaur et al. [131] developed a tool called CancerLSP for the identifi-

cation of biomarkers in LIHC. Genomic and epigenomic data, i.e., transcripts and

Cpg methylation data was downloaded from the TCGA portal and passed to ML

models (SVM, RF, NB, SMO, and J48). These algorithms were implemented in

Weka which successfully identified 21 Cpg sites and 20 transcript profiles related

to LIHC.

Sangaralingam et al. [132] presented O-miner which was a powerful online

platform for combining and analyzing multi-omics data. The method aids in the

discovery of important pathways and the prioritization of biomarkers in databases

that include gene, transcriptome, and DM data, as well as clinical and biological
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data. The pipelines created for the tool make use of Bioconductor packages, and

statistical methods and run in R and Python environments.

Mickael et al. [133] developed a biomarker discovery tool called BioDiscML

using multi-omics data comprising genomic, proteomic, and pathological datasets.

BioDiscML followed a variety of ML algorithms to identify the optimal set of

biomarkers. This tool has the advantage of using a vast range of ML classifiers

within a completely integrated framework that often includes data pre-processing,

making it easier for non-ML experts to complete their tasks.

Xiaoyu et al. [134] proposed an integrative analysis tool called iProFun for

biomarker identification using Proteomic, CNA, and DM datasets. This tool was

used on OV patients. Proteomic data was extracted using the iTRAQ (isobaric

Tags for Relative and Absolute Quantification) method, CNA data using the Clin-

ical Proteomic Tumor Analysis Consortium (CPTAC) data portal, and DM using

the TCGA firehose portal. The collected data was preprocessed and integrated

for further evaluation. The identified genes by the iProFun tool serve as a drug

target for OV patients.

Zefang Tang et al. [135] developed a web server Gene Expression Profiling

Interactive Analysis (GEPIA2) for biomarker identification by using the gene expr.

dataset. GEPIA2 works efficiently for 84 cancer subtypes. In this, gene expr.

quantification was extended from the gene level to the transcriptomic level. This

tool also helps to classify the cancer based on different subtypes. This website is

freely accessible and implemented using HTML, JavaScript, and PHP language.

Qiang Wang et al. [136] developed an online survival web server OScc for the

validation of the prognostic biomarkers from gene expr. dataset. This tool was

tested on 4 gene expr. datasets retrieved from GEO and TCGA platforms. This

tool will generate a survival curve for the p-value, HR, and log-rank test. Based

on the values achieved, treatment will be provided to the high-risk patients.

Yeongjun Jang et al. [137] developed a web application called Cancer Patient

Stratification and Survival Analysis (CAPSAA) for the evaluation of predictive

values of candidate biomarkers by dynamically visualizing the survival stratifica-

tion for different subgroups of patients. The subgroups were made from gene expr.,

CNA and mutation data downloaded from TCGA coherent. Hierarchical cluster-

ing was done to divide the patients into subgroups. This tool is freely available

and the source code is uploaded on the GitHub platform.

Magali Champion et al. [138] software algorithm AMARETTO for the identi-

fication of cancer genes by integrating gene expr., DM and CNV datasets. Then

co-expressed target genes were connected to the driver genes which were known
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as regulatory modules. Then these driver genes were converted into a network for

the identification of cancer genes. AMARETTO was applied on patients from 11

different sites and it was considered as the best tool for gene identification.

Xie et al. [139] developed a repository MOBCdb for the integration of genetic,

clinical, transcriptomic, and epigenomic results. The database was created to

enable users to collect data from BRCA patients’ SNV, gene expr., miRNA, and

DM. An interface is available in MOBCdb for concurrently visualizing multi-omics

data from different samples. This data was also subjected to a survival study using

MOBCdb’s survival module. MOBCdb aids precision medicine by detecting new

markers in different subtypes of BRCA through its comprehensive web interface.

Mohammed et al. [140] developed a pipeline named CancerDiscover to pre-

dict classes of cancer and to identify the cancer biomarkers. The tool assists

with normalization and offers various function filtering approaches to select the

best-performing functions. High-throughput raw datasets can be analyzed auto-

matically and reliably with CancerDiscover. Various models for identifying cancer

types and subtypes can be created using the proposed integrative pipeline. Can-

cerDiscover is an open-source platform that is free to download.

Jasmine Chong et al. [141] presented an update to MetaboAnalyst (version

4.0) for the analysis of metabolomic data. This tool has added four new features

to previous version of MetaboAnalyst including real-time R command monitor-

ing and show, as well as the introduction of the MetaboAnalystR kit, an MS

Peaks to Pathways module for predicting pathway behavior from untargeted mass

spectral data using the mummichog algorithm, a Biomarker Metaanalysis mod-

ule for comprehensive biomarker recognition using multiple metabolomic datasets,

and a Network explorer module which integrates transcriptomic, metagenomics,

and metabolomics dataset. Based on the most recent evidence from the HMDB,

the underlying knowledge bases (compound databases, metabolite collections, and

metabolic pathways) have also been revised.

Chun-Jie Liu et al. [142] developed a web server GSCALite for the analysis

of gene sets related to cancer. This tool includes the identification of DEGs from

mRNA expression, CNV, DM, and SNP data and the survival analysis using these

genes, detection of genomic variation along with survival analysis, cancer pathway

activity analysis, and identification of drug sensitivity related to genes. GSCALite

is a user-friendly web server for dynamic study.

The work done on the tools for biomarker identification in multi-omics data is

discussed in Table 2.8.
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Table 2.8: Tools for Biomarker Identification in multi-omics dataset

Year Dataset Tool Technology Link

2023 [122] mRNA, metabolomic, proteomic,

genetic, DM

IMOPAC PHP, R, HTML, CSS3,

Apache

http://www.hbpding.com/IMOPAC

2022 [123] Gene Expr., mutation CAMOIP R/ Jupiter https://www.camoip.net/CAMOIP/

2022 [124] Genomic, Proteomic Omics-Learn Python https://omiclearn.com/

2021 [125] scRNA-seq DIscBIO R/ Jupiter https://github.com/ocbe-uio/DIscBIO

2021 [126] lncRNA,RNA, genomic IOBR R environment https://github.com/IOBR/IOBR

2020 [127] Gene Expr., Gene Mutation, DM OSdlbcl J2EE/ MySQL https://bioinfo.henu.edu.cn/DLBCL/DLBCLList.jsp

2020 [128] Gene Expr. Web Server Cloud https://webs.iiitd.edu.in/raghava/hccpred/

2019 [129] Genomic, Metabolome mixOmics R/Bioconductor http://mixomics.org/

2019 [130] Genomic, mRNA PROMO Matlab http://acgt.cs.tau.ac.il/promo/

2019 [131] Genomic + Epigenomic CancerLSP Weka http://webs.iiitd.edu.in/raghava/cancerlsp/

2019 [132] mRNA, genome, DM O-miner R/ Python http://www.o-miner.org

2019 [133] Genomic, Proteomic, pathological BioDiscML Java/ Weka https://github.com/mickaelleclercq/BioDiscML

2019 [134] CNA, DM, Proteome iProFun R environment https://github.com/songxiaoyu/iProFun

2019 [135] Gene expr., RNA Sequencing GEPIA2 Javascript/ PhP/ Pearl https://gepia2.cancer-pku.cn/#index

2019 [136] Gene expr. OSCC R/ javascript/ cloud http://bioinfo.henu.edu.cn/CESC/CESCList.jsp

2019 [137] CNV, Gene Expr.,SM CAPSAA Clojure/ Fig Wheel http://capssa.ewha.ac.kr/

2018 [138] Gene expr., CNV, DM AMARETTO R programming https://bitbucket.org/gevaertlab/pancanceramaretto

2018 [139] Gene expr., SNP, DM, microRNA MOBCdb Perl, R, MySQL http://bigd.big.ac.cn/MOBCdb/

2018 [140] Gene Expr., Sequencing CancerDiscover WEKA, Affy R https://github.com/HelikarLab/CancerDiscover

2018 [141] Metabolome, transcriptome,

metagenome

MetaboAnalyst 4.0 Prime faces/ R/

Google Cloud Server

https://github.com/xia-lab/MetaboAnalystR

2018 [142] mRNA, CNV, SNP, DM GSCALite R scripts/ maftools http://bioinfo.life.hust.edu.cn/web/GSCALite/
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2.3 Challenges in Biomarker Identification

Some problems have been faced while performing the review of existing techniques

for biomarker identification using omics and multi-omics data which are shown in

Figure 2.1 and are described below.

Figure 2.1: Challenges in Biomarker Identification [1]

• Unbalanced dataset: For biomarker identification, omics data including

genome, transcriptome, protein, metabolites, and peptides are used. The

available dataset is present in an unbalanced form. It means that the vari-

ables and attributes are too big than the sample size. This leads to an over-

fitting problem. Therefore, it is very difficult to identify biomarkers using

an unbalanced dataset. This problem can be eliminated by integrating the

different types of datasets and using that integrated dataset for biomarker

identification. The feature extraction techniques called mRMR can also be

employed to solve this problem [38, 63].

• Heterogeneous datasets: In biomarker identification, some of the molec-

ular profiles are highly heterogeneous. They can be divided into categorical

and continuous and sometimes may be scattered into multiple inputs. It

makes the biomarker identification difficult. Therefore, different ML algo-

rithms including graph network, clustering approaches, and DL techniques

can be applied to remove heterogeneity [41, 47].
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• Missing Data: In multi-omics biomarker identification, data missingness is

a major challenge. Image noise, batch impacts, and hybridization failures all

cause data missingness in microarray data [143]. Due to this complication,

appropriate imputation of missed values based on practice, a mixture of

methods, and trial and error is required. One of the most common ML

algorithms i.e. KNN is used to impute the missing values. Instead, a median

of the rows with missing data can be computed and imputed in place of the

missing value.

• Difficulty in the identification of important biomarkers: There are

different types of omics data. Sometimes it is not possible to identify the

markers on the basis of a single type of data. For example, the genes can

be identified using genomic data, but these may not be enough for disease

prediction, survival prediction, and treatment/ response prediction. There-

fore, integrated omics are required to identify the cancer biomarkers. Hence,

multi-omics is required to identify the driver genes required for disease di-

agnosis and prognosis [33, 36].

• Difficulty to identify functional genes: Genomic data focus on DM

data to identify mutations related to cancer. The DNA involves different

changes starting from small somatic mutations, several insertions, deletions,

and large copy number data for the identification of cancer mutations. The

mutation further varies in different subtypes of cancer. Therefore, it is dif-

ficult to identify which function gene is growing the cancer. To solve this

challenge, different DL techniques and gene prioritization algorithms are re-

quired [111].

2.4 Conclusion

This chapter discussed the review of techniques and tools used for biomarker iden-

tification using single and multi-omics with the help of ML and DL approaches.

It sets the stage for the subsequent exploration of computational intelligent tech-

niques for biomarker identification using multi-omics datasets. Additionally, the

chapter acknowledges the need for appropriate approaches to be employed for

biomarker identification due to the increasing complexity of multi-omics datasets

resulting from the continuous collection of real data in omics data repositories.

It unveils the potential for these techniques to address the identified challenges

and open up new avenues for enhanced analysis and interpretation of biomarkers
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using multi-omics data. In the next chapter, the framework developed using ML

techniques for efficient biomarker identification in multi-omics data for disease

diagnosis and prognosis is discussed.
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Chapter 3

Proposed Framework

The literature survey carried out in the previous chapter clearly indicates the need

to develop feature selection, machine learning (ML), and deep learning (DL) based

framework for biomarker identification in multi-omics for disease diagnosis and

prognosis.

The current chapter delineates the proposed framework aimed at fulfilling the re-

search objectives outlined in the thesis. First, the requirement specifications re-

quired to develop the framework are discussed which is followed by the development

of the framework proposed for biomarker identification in multi-omics for disease

diagnosis and prognosis. The requirement specifications include the exhaustive

study concerning hardware, software configuration, and their calibration for multi-

omics data analysis and further use of that data for biomarker identification. The

proposed framework includes six stages comprising data acquisition, data prepro-

cessing, feature/ biomarker identification, biological interpretation, modeling, and

performance evaluation.

Section 3.1 gives detailed information about the requirement specification. The

minimum hardware and software requirements are described which is followed by

the discussion of the proposed framework for biomarker identification in Section

3.2. Finally, Section 3.3 concludes the chapter.

3.1 Requirement Specifications

To address the objectives stated for the Thesis, the foremost requirement is to

understand the required specifications for hardware and software. For the same,

the specifications are described.

3.1.1 Software Requirements

The following tools are used to address the research objectives.

Anaconda (Spyder): Spyder is a freely available and open-source scientific com-
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puting environment that is implemented in the Python programming language. It

is specifically tailored to cater to the needs of scientists, engineers, and data ana-

lysts [144]. This software integrates the advanced functionality of a comprehensive

development tool, including extensive editing, analysis, debugging, and profiling

capabilities, with the data exploration, in-depth inspection, and visually appealing

visualization capabilities of a scientific package, resulting in an unparalleled com-

bination. This study utilizes Python and R language to implement the proposed

frameworks. Several libraries for Python, such as numpy, matplotlib, tensorflow,

torch, pandas, keras, and os, have been installed and utilized for experimentation

purposes. The implementation of multi-omics data preparation is carried out us-

ing the R programming language, necessitating the use of RStudio as explained

in the next section.

RStudio: R is widely used programming language for statistical computation and

data visualization. It provides a wide range of statistical and graphical techniques

and can be easily extended [145]. One notable advantage of the programming

language R is its ability to effortlessly construct charts of high quality suitable for

publishing, including the incorporation of mathematical symbols and formulas.

The source code of the programming language R is distributed as free software,

adhering to the conditions specified in the General Public License (GNU) pro-

vided by the Free Software Foundation. The RStudio Integrated Development

Environment (IDE) is a comprehensive suite of integrated tools that have been

specifically developed to optimize productivity in the programming languages R

and Python. The software package comprises a console, an editor with syntax

highlighting capabilities that facilitate immediate code execution, and a collection

of comprehensive tools for tasks such as graphing, reviewing past actions, trou-

bleshooting, and organizing one’s workspace. In the current study, multi-omics

data preparation is utilized within the RStudio environment. The installation of

all necessary packages is accomplished by executing the install.packages() com-

mand. The installed packages utilized for model training and testing encompass

limma, h2o tcgabiolinks, summerizedExperiment, dplyr, Hmeasure, tidyverse and

caret. The process of normalizing the dataset is also implemented in the statisti-

cal programming language R through the utilization of the scale and normalize-

betweenarrays functions. The hardware requirements required to implement the

thesis objectives are discussed in the following section.
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3.1.2 Hardware Requirements

System’s Configuration: The minimum system configurations required for the

Thesis are given as follows:

• Processor: Intel® Core™ i5 processor.

• Memory: 8 GB of RAM.

• Hard Disk: 20 GB of hard disk space required.

• Display: 1024 X 768 or higher-resolution display with 24-bit colors.

The following section details the methodology adopted for biomarker identification

on the multi-omics dataset.

3.2 Framework for Biomarker Identification

Computational intelligent techniques comprising Machine Learning (ML) and Deep

learning (DL) [146] have been adopted for the analysis of multi-omics data required

for biomarker identification for disease diagnosis and prognosis. The workflow of

the framework developed for the identification of biomarkers in multi-omics data

is shown in Figure 3.1. It consists of data acquisition, data preprocessing, feature/

Biomarker identification, biological interpretation, modeling, and evaluation. The

description of the above-mentioned stages is discussed in the following sections.

3.2.1 Data Acquisition

The multi-omics data required for biomarker identification is collected from various

public repositories such as The Cancer Genome Atlas Portal (TCGA) [22], Molec-

ular Taxonomy of Breast Cancer International Consortium (METABRIC) [23] and

Religious Orders Study and Rush Memory and Aging Project (ROSMAP) [24].

It involves the collection of a multi-omics dataset comprising genomics, transcrip-

tomics, and proteomics which is generated by using high-throughput technologies.

The complete description of the multi-omics repository used in this study is given

in Table 3.1 and is described below.

3.2.1.1 TCGA

It is a prominent project with the largest collection of omics data encompassing 53

different cancer types and comprising 20,000 samples. This project includes gene
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Figure 3.1: Workflow of proposed framework for biomarker identification in

multi-omics

expression, DM, CNV, SNP, clinical and pathological image data. This initiative

aims to generate, combine, analyze, and interpret profiles of cancer patients [22].

The publicly available TCGA data is extensively used to enhance cancer diagnosis,

treatment, and prevention strategies. The multi-omics data is collected from the

TCGA portal using the steps as follows:

• Access the TCGA portal using the link: https://portal.gdc.cancer.

gov/.

• Select the omics data types (e.g., genomic, transcriptomic, proteomic, clini-

cal, etc.) and specific types of cancer.

• Select the files to download which include processed data, raw sequencing

data

Additionally, one web portal called LinkedOmics (https://linkedomics.org/

login.php) is present which contains the pre-processed multi-omics datasets com-

prising genomic, transcriptomic, proteomic, and clinical data downloaded from the

TCGA portal. The LinkedOmics platform offers a distinct opportunity for biol-

ogists and clinicians to conveniently access, evaluate, and compare multi-omics

data related to cancer, both inside and across various types of tumors. Five types

64

https://portal.gdc.cancer.gov/
https://portal.gdc.cancer.gov/
https://linkedomics.org/login.php
https://linkedomics.org/login.php


Table 3.1: Description of multi-omics repositories

Repository Disease Omics Types

TCGA [22] 53 Types of Cancer Genomic (DNA Methylation (DM), Copy Number Varia-

tion (CNV)), Transcriptomic (messenger Ribonucleic Acid

(mRNA), micro RNA (miRNA), Gene Expression), Proteomic

(Reverse Phase Protein Array (rppa)), Single Nucleotide Poly-

morphism (SNP), Clinical

METABRIC [23] Breast Cancer

(BRCA)

CNV, mRNA, DM, SNP, clinical

ROSMAP [24] Alzheimer mRNA, miRNA, DM

of cancer including breast carcinoma (BRCA), lung adenocarcinoma (LUAD), cer-

vical and endocervical cancer (CESC), pan kidney coherent (KIPAN), and kidney

renal carcinoma (KIRC) from TCGA have been utilized for disease survival pre-

diction, disease subtype classification, and disease prediction and are discussed in

Chapters 4, 5, and 6, respectively.

3.2.1.2 METABRIC

It is a Canada-UK project that includes gene expression, SNP, CNV, and clinical

data of BRCA patients [23]. Using the underlying multi-omics biomarkers, this

project intends to subclassify breast cancers into further groups. This database

discovered 10 previously unidentified subtypes of breast cancer and new therapeu-

tic targets, which will help in formulating the best course of treatment for breast

cancer. The multi-omics data is collected from METABRIC using the steps as

follows:

• Access the cBioPortal using link: https://www.cbioportal.org/datasets/.

• Select the specific breast cancer data type and molecular profile.

• Select particular samples and genes.

• Download the selected profile data along with clinical data.

METABRIC dataset has been utilized for validation of biomarker identification in

multi-omics for disease survival prediction and is discussed in Chapter 4.
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3.2.1.3 ROSMAP

The ROSMAP dataset is obtained via the Accelerating Medicines Partnership:

Alzheimer’s Disease (AMP-AD) Knowledge Portal [24]. The ROSMAP initiative

comprises two distinct longitudinal clinical-pathologic cohort studies focused on

Alzheimer’s disease conducted at Rush University. These studies are known as

ROS (Religious Orders Study) and MAP (Memory and Aging Project). It contains

mRNA, miRNA, and DM multi-omics datasets of Alzheimer patients. ROSMAP

is used as a validation dataset for biomarker identification in multi-omics required

for disease prediction and is discussed in Chapter 6.

After data acquisition, data preprocessing is done to make multi-omics data

suitable for feature selection/ biomarker identification and learning models. The

data preprocessing is described in the following section.

3.2.2 Data Preprocessing

Data preprocessing is a technique employed to transform raw data into a format

that is suitable and useful for analysis. Data preprocessing includes comprehensive

data cleaning strategies for addressing null values and data normalization. The

removal of null values, sometimes known as ”NA” values, involves two main steps:

feature filtering and sample filtering. Feature filtering involves the removal of fea-

tures that exhibit a significant proportion of null values throughout the samples.

On the other side, sample filtering involves the removal of samples that include a

substantial proportion of null values across their features i.e. omitting the rows

having more than 20% missing value. To handle the remaining missing values,

null values imputations are required. Null value imputation entails the estima-

tion of missing values using the information that is currently available. One of

the main methods to impute the missing value is the K nearest neighbor method.

KNN’s non-parametric approach and its capability to handle both numerical and

categorical data are notable strengths. Without presuming a specific data distri-

bution, KNN can adapt well to diverse datasets, particularly those with complex

or unknown distributions. Its ability to calculate similarity using distance metrics

allows it to accommodate various feature types effectively, broadening its utility

across different datasets and problem domains. These qualities render KNN a ver-

satile and valuable tool for tasks like classification, regression, and missing value

imputation across a spectrum of data scenarios. [147] The KNNimputer [148] func-

tion is used which searches for n neighbors surrounding the missing value (NA)

and computes the Euclidean distance. The shortest distance value is imputed in
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place of the missing value. This approach enables the retention of a higher vol-

ume of data while simultaneously enhancing the accuracy and effectiveness of the

analysis. Further, data normalization of multi-omics data is undertaken with the

objective of eliminating or rectifying inconsistencies in order to ensure the uni-

formity of data across different samples. Two main techniques, i.e., z-scale and

min-max normalization (normalize between arrays) have been used for normaliza-

tion. Z-score normalization, also known as standardization, transforms the data

to have a mean of 0 and a standard deviation of 1. In min-max normalization,

each feature’s values are scaled to a fixed range, typically between 0 and 1. The

min-max normalization is preferred in HBS-STACK because raw data is used di-

rectly. Preserving the original distribution of the data can be important in certain

analyses, and min-max normalization allows you to do that while ensuring that

the values are bounded within a specific range. This can be especially beneficial

in scenarios where you need to maintain the interpretability of the data or when

the original scale of the features is meaningful. Figure 3.2 shows the preprocess-

ing steps for the analysis of multi-omics data required for biomarker identification

and prediction purposes. As multi-omics data is a high-dimensional dataset, it is

Figure 3.2: Steps of Data Preprocessing

challenging to handle the high dimensionality for accurate diagnosis and prognosis.

Therefore, to select the highly important features/ biomarkers, feature/ biomarker

identification techniques are required which is discussed in the following section.

3.2.3 Feature/ Biomarker Identification

Feature or biomarker identification is a method of choosing the most useful and

informative features required for disease diagnosis and prognosis [149]. In bioin-

formatics, features are considered as biomarkers which are identified using feature

selection, feature extraction, and statistical methods. In the current research,

three approaches comprising BioSurv, iMVAN, and HBS-STACK have been pro-

posed in which the feature selection, feature extraction, and statistical test have

been used for feature/ biomarker identification. The summary of the proposed
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techniques is shown in Figure 3.3 and is discussed in the forthcoming section.

Figure 3.3: Proposed biomarker/feature identification approaches

3.2.3.1 Feature Selection

Feature selection is the process of selecting a subset of the most suitable and rele-

vant features from the high-dimensional feature set in a dataset. Feature selection

techniques are of 3 types including filter method, wrapper method, and embedded

methods, and are shown in Figure 3.4.

Figure 3.4: Feature Selection Methods [1]

Filter method: Filter method works by assigning a rank to the features and

selecting only higher-rank features. There are different filter method techniques

including Pearson Correlation Coefficient (PCC), chi-square (CHI2), t-test, and
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Analysis of Variance (ANOVA) [150] which works by finding the correlation be-

tween the features and target variable. In biomarker identification, chi-square and

t-test are used by various researchers to rank the differentially expressed genes

and select the top-ranked genes.

Wrapper Methods: Wrapper methods work by selecting the features iteratively

and evaluating their performance using a classifier. Initially, there is no feature

set. Each time a feature is added and performance is checked. This is done until

the most relevant features are not selected [151]. The wrapper method selects

the features in two ways including forward feature selection and backward feature

selection. Two wrapper methods comprising Cat swarm optimization (CSO) and

Light Gradient Boosting Machine with Recursive Feature Elimination (LGBM-

RFE) have been used for disease diagnosis prognosis and are described as follows.

• Cat Swarm Optimization: CSO [152] is an optimization algorithm in-

spired by nature and based on the collective behavior of cats. It was proposed

in 2006 by Chuang-Bin Chiu, who drew inspiration from the predatory be-

havior of feral cats. Cats are renowned for their superior hunting abilities,

which include individual and social behaviors like exploration, tracking, and

coordination. The cats move and search in the solution space following their

positions, velocities, and fitness values, which indicate the quality of their

solutions. The algorithm updates the positions and velocities of the cats

iteratively based on their fitness values and predefined principles, including

random walks and social interactions. The velocity of the cats is updated

using the following Eq. (3.1):

veli(j + 1) = w ∗ veli(j) + c1 ∗ r1 ∗ (peri(j)− curi(j))+

c2 ∗ r2 ∗ (popgl(j)− curi(j))
(3.1)

Where veli(j + 1) denotes the updated velocity of cat i at time step j + 1,

veli(j) is the current velocity of cat i at time step j, w represents the inertia

weight required to control the influence of the previous velocity on the new

velocity, c1 and c2 are the cognitive and social parameters, respectively, which

control the influence of the personal best (peri(j)) and global best (popgl(j))

solutions on the new velocity, r1 and r2 are random numbers uniformly drawn

from the [0,1] range, peri(j) is the personal best solution of cat i at the time

step j, which represents the best solution found by cat j so far, popgl(j) is

the global best solution among all the cats in the population at time step
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j, which represents the best solution found by any cat in the population,

curi(j) is the current position of cat i at time step j, which represents the

current candidate solution. Similarly, the position of the cat is updated

using Eq. (3.2) as given below:

uposi(j + 1) = posi(j) + veli(j + 1) (3.2)

where uposi(t+1) is the updated position of cat i at time step j+1, posi(j)

is the current position of cat i at time step j, veli(j + 1) is the updated

velocity of cat i at time step j + 1, which is calculated using the Eq. (3.1).

However, CSO may be biased towards exploitation, meaning it may focus

more on intensively exploiting the areas of the search space around the global

best position and local best position [153]. It may limit its ability to explore

other regions of the search space. Therefore, a better strategy with a better

balance between exploitation and exploration is required, allowing it to ex-

plore a more prominent search space and potentially find better solutions.

Hence, a random spatial local best cat swarm optimization (RSLBCSO) is

proposed to solve the limitation of basic CSO.

RSLBCSO adds more randomness and local search to the basic CSO algo-

rithm to improve its ability to explore and exploit solutions to optimization

problems. In RSLBCSO, each cat keeps track of its position and velocity

in a multi-dimensional search space. The cats move around in the search

space by changing their velocities based on their previous positions, the best

positions the swarm found, and a set of random factors. The velocities are

then used to change the positions of the cats, and their fitness is calculated.

The random spatial local best update allows RSLBCSO to explore a more

extensive search space and escape from local optima more effectively than

CSO, which only uses the global best position as the reference for updat-

ing the local best positions. RSLBCSO have been developed for biomarker

identification in multi-omics for disease survival prediction and is discussed

in detail in Chapter 4.

• LGBMRFE: LightGBM [154] is a gradient-boosting framework that em-

ploys decision trees (DT) as the fundamental models for constructing a ro-

bust prediction model. The ensemble learning methodology referred to is a

method that amalgamates the predictions generated by numerous DTs. The

LightGBM framework employs a gradient boosting technique to iteratively

adjust the weights of decision trees, aiming to minimize the loss function.
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A gradient score is computed to generate a rank of the features to deter-

mine the contribution of the feature in the reduction of the loss function.

The highly important features are extracted and passed to RFE for fur-

ther feature identification. RFE is a widely employed technique in the field

of feature selection, which aims to identify and retain the most significant

features within a given dataset. The process involves iteratively training a

machine learning model (LightGBM) and afterward removing the character-

istics with the lowest importance. LGBMRFE feature selection is used for

disease prediction and is discussed in detail in Chapter 6.

Embedded Methods: Embedded method combines the function of both fil-

ter and wrapper method. It works by integrating the feature selection algorithm

with the training algorithm and selecting the feature subset [155]. Least Absolute

Shrinkage and Square Estimator (LASSO) is one of the most common techniques

of feature selection which is implemented by several researchers in biomarker iden-

tification.

3.2.3.2 Feature Extraction

Feature Extraction is the technique of reducing the feature space of high-dimensional

multi-omics data to low-dimensional feature space [156]. This low-dimensional fea-

ture space consists of important information only required for biomarker identifi-

cation, disease detection, and prognosis. There are different techniques available

for the extraction of features for integrated omics, including Principal Compo-

nent Analysis (PCA), Canonical Correlation Analysis (CCA), Linear Discriminant

Analysis, Autoencoders, and Non-Negative Matrix Factorization (NNMF). One of

the feature extraction techniques using autoencoders called multimodal variational

autoencoder (MVAE) is developed for biomarker identification in multi-omics for

disease subtype classification.

Multimodal Variational Autoencoders (MVAE): Variational Autoencoders

(VAEs) [157] are deep generative models that can develop a meaningful data man-

ifold from high-dimensional input data. There are three components to VAE:

an encoder, a sampling module, and a decoder. Multimodal means combining

data with different modalities. As the multi-omics data is a combination of dif-

ferent types of omics data including genomics, transcriptomics, and proteomics,

therefore, multimodal variational autoencoders have been developed which after

combining the multi-omics data are passed to encoders, sampling modules, and

decoders to generate a latent data or a feature matrix. The detailed working of

MVAE is discussed in Chapter 5.
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3.2.3.3 Statistical Methods

Statistical approaches are employed to identify markers whose expression levels

exhibit significant differences between two or more experimental conditions or

groups. Two statistical techniques comprising Fold Change (Log2(FC)) and False

Discovery Rate (FDR) are used to identify the differentially expressed genes and

markers and are described as follows.

• False Discovery Rate (FDR): FDR [158] is a statistical term used in

situations where multiple statistical tests are going on simultaneously, like

in genomics, transcriptomics, bioinformatics, and other fields. The FDR is

the number of false discoveries or wrongly rejected null hypotheses compared

to the total number of findings or rejected null hypotheses. In other words, it

shows how many false positives (FP) are expected from all the positives. A

standard FDR threshold is 0.05, meaning no more than 5% of the discoveries

will likely be FP. By adjusting the FDR, researchers can find a balance

between finding significant results and making as few false discoveries as

possible. The FDR can be calculated in several ways, such as with the

Benjamini-Hochberg procedure, Storey’s q-value, and Bonferroni correction.

In the present research, the Student t-test [159] is performed to calculate

the p-values. Then the Benjamini–Hochberg method is applied to calculate

the FDR value on the significant p-value.

• Fold Change (FC): Fold change is a statistical measure that quantifies the

relative change in a value between two conditions or groups [158]. Mathe-

matically, fold change is calculated as the ratio of two values, typically the

mean or median of a particular measurement in one condition or group (e.g.,

experimental group) divided by the mean or median of the exact size in an-

other condition or group (e.g., control group) and is given by the Eq. (3.3)

below:

FC =

∑n
i=1 x

n
g

T∑n
i=1 y

n
g

N

(3.3)

where T represents the patients with short-term survivor, xng is the gth gene

at nth low survival sample, N is the long-term survivor sample, and yng is the

gth gene at nth high survival sample. In the current research, log2(FC) value

is calculated and only those genes are selected using |log2(FC)| is greater

than 0.5.

FDR serves a crucial role by controlling the proportion of false positives among
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significant results. This is particularly significant in genomics studies, where nu-

merous hypotheses are simultaneously tested. By curbing the risk of falsely iden-

tifying non-existent differences as significant DEGs, FDR ensures the reliability

of findings. In contrast, Fold Change offers biologically meaningful insights into

the magnitude of expression differences between conditions. While statistical sig-

nificance is pivotal, Fold Change values convey the practical significance of gene

expression alterations. They illustrate the extent of expression level differences

between experimental conditions, aiding in the interpretation of biological implica-

tions. Together, FDR and Fold Change strike a balance between statistical rigor,

biological relevance, and interpretability. They furnish researchers with robust

tools to discern DEGs accurately while minimizing false positives and enhancing

the understanding of gene expression dynamics. The FDR and FC methods have

been used in biomarker identification for survival prediction and disease prediction

in Chapters 4 and 6, respectively. Once the feature or biomarkers are identified,

the validation is done to prove the significance which is discussed in the following

section.

3.2.4 Biological Interpretation of Identified Biomarkers

Biological interpretation, within the realm of genomics and molecular biology, per-

tains to the act of attributing biological significance and meaning to experimental

findings or data. This task entails comprehending the ramifications of experimen-

tal observations with regard to biological processes, functions, and mechanisms.

The process of biological interpretation aids researchers in deriving significant find-

ings from data obtained from many biological investigations, including genomics,

transcriptomics, and proteomics. Different tools are used for biological interpreta-

tion comprising DAVID functional analysis and survival analysis and are discussed

below.

3.2.4.1 DAVID Function Analysis

DAVID (The Database for Annotation, Visualization and Integrated Discovery) is

a widely employed tool in the scientific community for investigating the biological

context of gene lists and discerning the prevalence of biological terminology or

pathways that may shed light on the activities and involvement of genes in dis-

tinct biological processes [160]. The primary purpose of utilizing DAVID is for the

functional annotation and enrichment analysis of genes or proteins. The provision

of functional annotations, gene ontology concepts, pathways, and other biologi-
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cal features assists researchers in the interpretation of the biological significance

of a given set of genes. The DAVID tool facilitates the analysis and interpreta-

tion of experimental findings by establishing connections between genes and their

established or anticipated activities and relationships. The steps to biologically

interpret the markers using the DAVID analysis tool are as follows:

• Go to David Functional analysis tool using https://david.ncifcrf.gov/.

• Go to start analysis and paste the list of identified markers.

• Choose the list type and submit the list as a new list.

• Select the new list and start the analysis of the extracted features.

The DAVID analysis has been utilized for validation of identified markers in Chap-

ters 4, 5, and 6, respectively. The prognostic analysis can also done of the identified

markers which is given in the following subsection.

3.2.4.2 Survival Analysis for prognostic biomarkers

Survival analysis is the process of responding to the occurrence of any event as

required by our interests. The use of survival analysis has increased recently in

several industries, including advertising, e-commerce, finance, and telecommuni-

cations, to determine when a client should make a purchase or when it is beneficial

to exercise a stock option. Additionally, ”survival” is used in biological systems

to determine how long a patient survives after therapy and in mechanical systems

to examine failure [161]. In medical situations, the event can be death, being

alive, or the return of the illness. In medicine, the survival analysis method can

identify even a patient’s risk variables for survival. According to their length

of survival, the patients in the study are classified as long-term survivors and

short-term survivors. To identify the prognostic markers, three statistical tests

comprising Kaplan Meier, Cox Proportional Hazard (CoxPH), and Concordance

Index (CI) have been used which are described below:

Kaplen Meier (KM) Method: The KM estimator is widely utilized in survival

analysis and is regarded as a non-parametric statistical method. This approach

provides an estimation of the likelihood for a patient to survive beyond a desig-

nated time period. When the time is equal to zero, the method yields a probability

of 1. As the time tends towards infinity, the method yields a probability of 0 [162].

Additionally, the KM Plotter tool [163] is utilized to construct KM survival

curves and perform statistical analyses such as hazard ratio estimation and p-value
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calculation. The steps to analyze the prognostic markers using KM Plotter are as

follows:

• Go to KM Plotter tool using the link: https://kmplot.com/analysis/.

• Enter the identified genes and select the overall survival.

• Click on Draw Kaplen-Meier Plots.

• Select the poor and good prognostic markers based on Hazard Ratio and

p-value.

CoxPH: CoxPH is employed to determine the chance of an event occurring,

namely the survival of an individual beyond a certain time period. The utilization

of the hazard function is essential for the purpose of comparing the survival rates

among patients in this particular methodology. The CoxPH model is implemented

in R using the ”survival” package [164].

Concordance Index (CI): CI is a classification variable whose values range from

0 to 1, with 0 representing the worst value and 1 representing the best. Higher

values of the concordance index indicate more excellent model performance. CI is

computed using concordance.index function of the survcomp package [165].

The validation of identified prognostic markers has been done in Chapters 4 and

5, respectively. The validated markers along with the selected features are inte-

grated and passed to modeling for performance evaluation which is discussed in

the following section.

3.2.5 Modeling

The extracted features/ biomarkers are integrated using a concatenation-based

integration and transformation-based integration. The detailed working of in-

tegration methods is given in Section 1.2.1.1. One of the transformation-based

integrations is similarity network fusion (SNF). The SNF [166] method integrates

many omics datasets, building a network for each, to provide a comprehensive

view of the condition under investigation. By computing and combining Patient

Similarity Networks (PSNs) for each data type, SNF is better than conventional

single-data analysis methodologies. This facilitates the usage of complementary

information from multi-omics data. SNF has been used for integration in Chapter

5. The concatenation-based integration is used in Chapters 4 and 6, respectively.

The integrated features are then passed to modeling stage. Both ML and DL can

be used in the modeling of datasets. The biomarkers can be identified for disease
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prediction, survival prediction, and disease subtype classification. Various ML

and DL comprising Naive Bayes (NB), Random Forest (RF), Gradient Boosting

Machine (GBM), and Deep Neural Network (DNN) have been used for biomarker

identification [167]. Using these models, three approaches have been proposed

comprising BioSurv, iMVAN, and HBS-STACK. In BioSurv, DNN has been used

for survival prediction whose parameters are optimized using Bayesian optimiza-

tion. In iMVAN, DL method Simplified Graph Convolutional Network (SGC)

has been proposed for disease subtype classification. In HBS-STACK, stacking

of four ML models comprising NB, RF, GBM, and DNN has been proposed for

disease prediction. The proposed approaches have been shown in Figure 3.5 and

are described below.

Figure 3.5: Proposed models using modeling phase of proposed framework

3.2.5.1 Naive Bayes (NB)

NB is a basic yet effective predictive modeling technique. Two kinds of probabili-

ties can be derived from the training dataset directly. These probabilities are the

probability of an individual class and the conditional probability given an x value

for each class [168]. This Bayes theorem will be used to make new predictions on

the test data when training is complete. A bell-shaped curve (Gaussian Distribu-

tion) is formed when the dataset used is in a real form which makes it easier to

estimate the probabilities. We aim to select the best prediction/ hypothesis (h)

from the given dataset (d). The hypothesis can be assigned the new class for the

test dataset (d). To select the best hypothesis, we must have prior knowledge.

Therefore, we use the Bayes theorem to identify the best hypothesis or best class

by using prior knowledge. Bayes theorem is given by the following Eq. (3.4):

P (h|d) = (P (d|h)× P (h))

P (d)
(3.4)
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Where P (hd) is a hypothesis (h) probability with the given dataset (d). This is also

known as posterior probability. P (dh) is the probability of dataset (d) when the

given hypothesis (h) is true. P (h) is the prior probability which is the probability

of h being true. P (d) is the dataset probability. Once the posterior probability for

different hypotheses is calculated, the highest probability hypothesis is selected

as the final result. This highest probability hypothesis is known as maximum

posteriori (MAP), and it is inscribed as Eq. (3.5):

MAP (h) = max(P (h|d)) (3.5)

3.2.5.2 Random Forest (RF)

RF is a predictor that combines several decision trees on different subsets of data

and averages the results to increase the dataset’s prognostic accuracy. Instead

of depending on a single decision tree, the RF collects the results from every

tree and anticipates the output value relying on the majority voting rule. It can

solve both regression and classification problems [169]. In classification, voting is

performed, and the highest voted result is selected. In regression, the average of

all the predictions from each tree is calculated and used as the final result. The

structure of RF is shown in Figure 3.6.

Figure 3.6: Structure of RF

3.2.5.3 Gradient Boosting Machine (GBM)

GBM works by combining different weak learners to build a strong learner. The

weak learners correspond to different decision trees connected sequentially, where

each tree tries to reduce the errors from the previous tree. The objective of GBM

is to minimize the loss function. Loss is also known as the mean square error
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(MSE) and is defined by Eq. (3.6):

MSE = loss =
∑

(yi − ypi )
2 (3.6)

Where yi is the target variable at the ith position, ypi is the prediction variable at

the ith position. L(yi, y
p
i ) denotes the loss function [170]. The predictions should

be in such a way that the loss function should be minimum. The gradient descent

function can be used in which by changing the learning rate, we can the loss where

it is minimum. It is given by the following Eq. (3.7):

ypi = ypi − α× 2×
∑

(yi − ypi ) (3.7)

Where α denotes the learning rate and
∑

(yi−ypi ) represents residuals sum. When

the sum of the residuals is minimum or 0 or close to 0, the predicted value becomes

close to actual values, which automatically reduces the lost function.

3.2.5.4 Deep Neural Network (DNN)

DNNs are feed-forward artificial neural networks (ANN) with multiple hidden

layers of neurons used to perform various classification tasks. DNN performed well

on text, voice, sounds, and other functions, which required innovative thinking.

When a system employs multiple layers of nodes to extract high-level functions

from incoming data, it is called a DNN [171]. It entails translating the facts into a

more abstract and creative component. The structure of DNN is shown in Figure

3.7.

Figure 3.7: Structure of DNN

There is more than one hidden layer (h) present in DNN. Each input, hidden,

and output layer contains some nodes called a neuron. The output of the ith

layer acts as an input for the jth layer. The final output y is obtained by applying

functional transformations and activation functions using some weights (wi, j) and
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bias (b) values. Mathematically, it is given by the following Eq. (3.8):

yhi = f(
K∑
k=1

(w(i, j)xj + bi)) (3.8)

Where h is the hidden layers, xj denotes the input at the jth layer, w(i, j) rep-

resents the weights, and b denotes the bias value. The activation function used

in the equation is non-linear. Different activation functions are there, like tanh,

Rectified Linear Unit (ReLU), and sigmoid, which can be used to perform different

computations. DNN has been utilized in biomarker identification in multi-omics

for survival prediction and is given in Chapter 4.

3.2.5.5 Graph Convolutional Neural Network (GCN)

GCNs [172] accept as input a graph that already has some of its nodes labeled, and

then they make label predictions for the rest of the graph’s nodes. The structure

of GCNs is quite complex. Therefore, the GCNs are simplified by developing

a simplified graph convolutional networks (SGC). SGC sequentially reduces the

nonlinearities and collapses weight matrices between succeeding layers. It does

this by smoothing the node input features by employing powers of the normalized

adjacency matrix in conjunction with self-loops. SGC has been developed for

biomarker identification in multi-omics required for disease subtype classification.

The detailed working of GCN and SGC is given in Chapter 5.

3.2.5.6 Stacking

Stacking works by using multiple heterogeneous weak models at first-level training

to train only a portion of the problem but not the whole problem. The stacking

has been proposed for biomarker identification in multi-omics required for disease

prediction and detailed in Chapter 6. The training of the weak learner is done in

parallel. Hence, different base learners have been built, which can be used to make

first-level or intermediate predictions. Afterward, a new model called meta-model

or meta learner is added, which will make predictions on the same class variable

by considering the intermediate predictions as features. The GBM, RF, and NB

have been used as base-learners and DNN has been used as a meta-learner.

3.2.5.7 Hyper-parameter tuning

Hyperparameter tuning is used to fine-tune a model’s performance by adjusting

its hyperparameters. There are three types of hyperparameter tuning comprising
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grid search, manual search, and bayesian optimization.

Grid Search is the most fundamental method for tuning hyperparameters. A

grid of hyperparameter values is defined. The tuning algorithm sequentially per-

forms an exhaustive search of this space and trains a model for each possible

combination of hyperparameter values [173].

Random Search: Random search differs from grid search in that values are

sampled from a statistical distribution for each hyperparameter [174]. A sampling

distribution for each hyperparameter to conduct a random search is defined. The

number of utilized hyperparameter combinations can be controlled or limited us-

ing a random search.

Bayesian Optimisation: Bayesian optimization is a prominent method for op-

timizing expensive-to-evaluate black-box functions [175]. Bayesian optimization

integrates statistical models [176], typically Gaussian processes, with acquisition

functions to guide the search for the optimal solution.

The bayesian optimization have been employed to tune the parameters of a DNN

model and is given in detail in Chapter 4. Additionally, it is common practice to

do cross-validation in conjunction with model training in order to evaluate how ef-

fectively a model generalizes to data that it has not previously encountered which

is discussed in the following section.

3.2.5.8 Cross Validation

Cross-validation refers to the procedure of evaluating the efficacy of algorithms

through the partitioning of the dataset into two distinct subsets. One portion

of the data is allocated for the purpose of training the model, while the other

portion is reserved for validation [177]. The purpose of cross-validation is to en-

sure that each component of the original dataset has an equal opportunity to be

included in both the training and testing sets. The final result obtained from the

cross-validation process is utilized to assess the robustness of the model. K-fold

cross-validation is a commonly employed technique for the purpose of validation.

In the context of k-fold cross-validation, the validation dataset is partitioned into

k subsets, with k − 1 subsets utilized for training the model and the remaining

subset employed for assessing the performance of the trained model. This process

is iterated multiple times until all components have undergone both the training

and testing phases. The final results are produced by averaging performance pa-

rameters at the conclusion of iterations. If the obtained outcomes closely resemble

or are equivalent to the training outcomes, it can be inferred that the models are

functioning accurately. Figure 3.8 shows the working of K-fold cross-validation.
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One of the primary benefits of employing this methodology is that each individ-

ual data point is included just once during the validation process, resulting in a

reduction of bias and variance in the overall performance of the model.

Figure 3.8: K-fold Cross Validation

Cross-validation has been employed for biomarker identification in multi-omics

for disease survival prediction, disease sub-type classification, and disease predic-

tion in Chapters 4, 5, and 6, respectively. To evaluate the performance of trained

models various performance parameters have been used which are discussed in the

following section.

3.2.6 Performance Evaluation

The performance of biomarkers identification for disease prediction, survival pre-

diction, and subtype classification is done using the following parameters.

• Accuracy: The accuracy metric is determined by dividing the number of

properly predicted observations by the total number of observations, as rep-

resented by the following Eq. (3.9).

Accuracy =
TP + TN

TP + TN + FP + FN
(3.9)

Where TP stands for True Positive, TN for True Negative, FP for False

Positive, and FN for False Negative

• Sensitivity: Sensitivity gives the rate of correctly identified positive in-

stances. The calculation involves determining the proportion of accurately
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anticipated positive observations in relation to the overall number of positive

observations and is given by Eq. (3.10).

Sensitivity =
TP

TP + FN
(3.10)

• Specificity: Specificity gives the true negative rate. The metric is deter-

mined by dividing the number of falsely anticipated positive observations by

the total number of negative observations. It is given by the following Eq.

(3.11).

Specificity =
TN

TN + FP
(3.11)

• Precision: Precision is determined by dividing the number of accurately

anticipated positive observations by the total number of positive observations

made and is represented mathematically by an Eq. (3.12).

Precision =
TP

TP + FP
(3.12)

• F1-score: The F1-score can be defined as the mathematical average of pre-

cision and recall, specifically calculated using the harmonic mean. The algo-

rithm effectively manages the trade-off between precision and recall, render-

ing it particularly valuable in scenarios where there exists a class imbalance.

The mathematical expression for the F1-score is given as Eq. (3.13).

F1− score =
2× Precision×Recall

Precision+Recall
(3.13)

• Matthews Correlation Coefficient (MCC): It is the best metric to

use one value to show true and false negatives and positives in a confusion

matrix. The MCC metric is computed using the following Eq. (3.14).

MCC =
TP × TN − FP × FN√

(TP + FN)× (TP + FP )× (TN + FN)× (TN + FP )
(3.14)

• Area Under ROC Curve (AUROC): The receiver operating character-

istic curve (ROC) is used to show the performance of the model using the

true positive rate (TPR) and false positive rate (FPR) at all thresholds. The

area under the ROC plot is calculated and is termed AUC.

Based on the proposed framework, three approaches have been developed compris-

ing BioSurv, iMVAN, and HBS-STACK for biomarker identification in multi-omics
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for survival prediction, subtype classification, and disease prediction. The detailed

working of BioSurv, iMVAN, and HBS-STACK is given in Chapters 4, 5, and 6,

respectively.

3.3 Conclusion

This chapter discussed the hardware and software requirements and proposed

framework for multi-omics biomarker identification for disease prognosis and di-

agnosis using ML and DL approaches. The six phases are provided including data

acquisition, data preprocessing, feature/ biomarker identification, biological inter-

pretation of identified markers, modeling, and performance evaluation. Based on

the proposed framework, three approaches comprising BioSurv based biomarker

identification for survival analysis, iMVAN based biomarker identification for dis-

ease subtype classification, and HBS-STACK based biomarker identification for

disease prediction have been developed on the multi-omics dataset. In BioSurv,

the first statistical tests comprising FC and FDR have been employed for feature

identification which are then passed to RSLBCSO for selecting the most optimized

features. The extracted features from each omic type are integrated and passed to

Bayesian optimized DNN for survival prediction. In iMVAN, a multimodal varia-

tional autoencoder (MVAE) is developed for biomarker identification. The fusion

of multi-omics datasets is done using similarity network fusion (SNF). The output

of MVAE and SNF is integrated and passed to SGC for disease subtype classifica-

tion. In HBS-STACK, a hierarchical biomarker selection (CpG sites aggregation,

statistical tests, and LGBMRFE) is proposed to identify the biomarkers, which

are then passed to a stacked ensemble for disease prediction. The biomarkers

identified from BioSurv, iMVAN, and HBS-STACK are validated using DAVID

and KM plotter analysis. The performance is evaluated using performance pa-

rameters comprising accuracy, sensitivity, specificity, F1-score, MCC, and AUC.

The outlined proposed framework comprises four consistent phases: data acqui-

sition, data preprocessing, biological interpretation, and performance evaluation

across all approaches. However, the feature/biomarker identification and modeling

phases vary for each approach, i.e., BioSurv, iMVAN, and HBS-STACK, respec-

tively. The detailed working of BioSurv, iMVAN, and HBS-STACK is presented

in the forthcoming sections.
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Chapter 4

BioSurv: Biomarker Identification for Sur-

vival Analysis

The previous chapter demonstrates the proposed framework for the identification

of biomarkers for disease diagnosis and prognosis in multi-omics data. The hard-

ware and software requirements and the computational methodology using ML and

DL approaches are discussed. By following the proposed framework, a BioSurv

approach for biomarker identification in multi-omics for survival prediction is pre-

sented.

In this chapter, a detailed presentation and discussion of the BioSurv approach

based on the proposed framework developed using a Random Spatial Local Best

Cat Swarm Optimization (RSLBCSO) for Biomarker identification and Bayesian

Optimized Deep Neural Network (DNN) for survival prediction is provided. The

approach called BioSurv, is trained and evaluated in multi-omics data specifically

related to breast carcinoma (BRCA) and lung adenocarcinoma (LUAD).

Section 4.1 focuses on the discussion of biomarker identification and survival pre-

diction using the proposed RSLBCSO and Bayesian Optimized DNN. Section 4.2

presents the experimental analysis and results, while the statistical analysis show-

ing the effectiveness of the proposed BioSurv is discussed in Section 4.3. Finally,

the chapter concludes with Section 4.4.

4.1 Overview of BioSurv

The BioSurv approach is proposed for biomarker identification for disease sur-

vival prediction in multi-omics datasets of Breast Carcinoma (BRCA) and Lung

Adenocarcinoma (LUAD) patients using a novel Random Spatial Local Best Cat

Swarm Optimization (RSLBCSO) and Bayesian optimized Deep Neural Network.

The BioSurv is developed using five phases, as shown in Figure 4.1. It consists of

Data collection, Data Preprocessing, Feature selection, Biological Interpretation

and Modeling.
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Figure 4.1: Workflow of the BioSurv [2]

Phase 1. Data collection: The data utilized in this study is sourced from

the TCGA (The Cancer Genome Atlas) portal [22], which provides a compre-

hensive collection of real cancer data, encompassing genomic (DNA Methylation

(DM), Copy Number Variation (CNV)), transcriptomic (micro Ribonucleic acid

(miRNA), messenger Ribonucleic acid (mRNA)), proteomic (Reverse Phase Pro-

tein Array (rppa)), metabolomics and clinical datasets. TCGA is a prominent

cancer genomics program encompassing 53 different cancer types and comprising

a vast repository of 20,000 samples. Researchers extensively rely on the publicly

available TCGA data for biomarker identification and to enhance cancer diagno-

sis, treatment, and prevention strategies. The complete description of TCGA is

given in section 3.2.1.1

Phase 2. Pre-processing: After collecting the multi-omics data, a thorough

cleaning process is carried out to ensure its quality and reliability. The cleaned

data is then passed through a pre-processing pipeline, where it undergoes various

transformations and formatting procedures to prepare it for analysis.

Phase 3. Feature Selection: A feature selection algorithm including statis-

tical tests and RSLBCSO is employed to identify the most important features/

biomarkers used for training and testing the data set. This algorithm effectively

selects the most relevant and informative features/ biomarkers, enhancing the ac-

curacy and performance of the subsequent analysis.

Phase 4. Biological Significance: The selected features/ biomarkers from

each omics type are then integrated and passed to KEGG (Kyoto Encyclopedia of

Genes and Genomes) analysis and survival analysis for the identification of prog-

nostic biomarkers.
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Phase 5. Modeling: The modeling phase involves training and testing of se-

lected machine learning (ML) models. To ensure optimal performance, the hy-

perparameters of these models are optimized using the Bayesian optimization

technique. The prediction models are then trained using the optimized parame-

ters. During the training phase, a dedicated training set is utilized to train the

models. Finally, a testing set is employed to make predictions using the trained

model, evaluating its accuracy and effectiveness. The performance of the trained

ML models is assessed by evaluating several key parameters, including accuracy,

sensitivity, specificity, precision, AUC, and concordance index (CI) value. These

metrics serve as important indicators for prediction and survival analysis. By ana-

lyzing and comparing these performance measures, the effectiveness and reliability

of the models in predicting and analyzing survival outcomes can be accurately de-

termined. The phases of biomarker identification and disease survival prediction

are described in the following sections.

4.1.1 Data Collection

Cancer is a multifaceted and diverse illness that deregulates cellular activities on

various molecular levels, comprising RNA, DM and CNV which can lead to the

development of many types of cancer. It is essential to note that molecules from

various levels are related to one another in reprogramming the cell’s activities

[178]. Every year billions of people are affected due to cancer. The low survival

rate of the patients leads to the need for accurate identification of biomarkers for

survival prediction to improve the quality of life and opt for personalized treat-

ment of cancer patients [179].

The four types of omics datasets, including mRNA and miRNA at the transcrip-

tomic level and DM, and CNV, at the genomic level for BRCA and LUAD patients

have been used to identify biomarkers and predict the survival of cancer patients.

As it is a survival analysis task, clinical data is required to determine the patient’s

status (dead or alive), and time (survival time). The dataset is downloaded from

the Linked Omics Portal [180], which contains multi-omics datasets from TCGA.

This downloaded dataset consists of a different number of samples for BRCA and

LUAD cancers, i.e., BRCA contains 1093 mRNA, 755 miRNA, 1080 CNV, 783

DM, and 1097 clinical samples, and LUAD comprises 515 mRNA, 450 miRNA,

516 CNV, 458 DM, and 522 clinical samples. Therefore, to find the common

samples, the Venn diagram is used, and finally, 616 samples for BRCA and 435

samples for LUAD have been obtained. The five-year survival is used, and the

study is divided into two classes comprising short-term survivors and long-term
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survivors. The short-term survivors are labeled 0, and the long-term survivors are

labeled 1. The detailed summary of the BRCA and LUAD datasets with samples

and labels is given in Table 4.1.

Table 4.1: Description of Dataset

Dataset BRCA LUAD

Total no. of samples 616 425

Cut-off years 5 5

Long-term survivors 130 64

Short-term survivors 486 361

Median Survival 38.55 months 29.98 months

4.1.2 Data Preprocessing

Data preprocessing is the process of cleaning, transforming, and preparing raw

data into a suitable format for further analysis or modeling. Data preprocessing

is crucial because the quality and accuracy of the data used in the study directly

impact the results and performance of the final output. The detailed working

of data preprocessing is given in section 3.2.2. The total number of features in

mRNA, miRNA, DM, and CNV are 20155, 823, 335855, and 24776 for BRCA

and 19988, 809, 336284, and 24776 for LUAD respectively. To preprocess the

dataset, first, the missing values (NAs) from each mRNA, miRNAs, DMs, and

CNVs are imputed using the K Nearest Neighbor Impute (KNNImputer) function

[148]. Then, to make consistency in the values of the omics dataset, normalization

is required. Therefore, z-scale normalization is performed on mRNA, miRNA, and

DM datasets. The values in the CNV dataset are in the form of -2, -1, 0, 1, and 2,

hence, these values are used directly without any normalization. However, many

features exist, so feature selection techniques are applied to reduce the features.

The techniques are described in the following subsection.

4.1.3 Feature Selection

It is a challenging task to identify the features from high-dimensional omics data

required for prediction purposes. The dataset used in this research is high-

dimensional. It can lead to the curse of dimensionality if not treated properly

[181]. Additionally, more features compared to a total number of samples can
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sometimes lead to overfitting problems and poor performance. To solve these

challenges, feature selection is employed to reduce the feature space while select-

ing the most important/ relevant features. In this study, the feature selection is

performed in two stages: first, the statistical analysis test is performed, and then

features are optimized using RSLBCSO. The complete detail is discussed below:

4.1.3.1 FDR and log2(FC)

Two statistical analysis tests comprising FDR and |log2(FC)| are performed to

reduce the dimensionality. The complete detail of FDR and log2(FC) is given in

Section 3.2.3.3. The tests are applied on mRNA, miRNA, DM, and CNV datasets

of BRCA and LUAD cancer and select only those features with FDR < 0.05 and

|log2(FC)| > 0.5. These methods return 2332 mRNAs, 39 miRNAs, 1176 CNVs,

and 2112 DMs for BRCA and 1304 mRNAs, 26 miRNAs, 983 CNVs, and 1828

DMs for LUAD samples. This is still a huge feature set that needs to be reduced

for training and testing. Therefore, a swarm optimization technique RSLBCSO

is proposed, which returns the most optimized features for each data type. The

RSLBCSO is described in the following subsection.

4.1.3.2 Random Spatial Local Best Cat Swarm Optimization (RSLBCSO)

RSLBCSO adds more randomness and local search to the basic CSO algorithm to

improve its ability to explore and exploit solutions to optimization problems. The

CSO algorithm is described in subsection 3.2.3.1. In RSLBCSO, each cat keeps

track of its position and velocity in a multi-dimensional search space. The cats

move around in the search space by changing their velocities based on their pre-

vious positions, the best positions the swarm found, and a set of random factors.

The velocities are then used to change the positions of the cats, and their fitness

is calculated. This random spatial [182] local best update allows RSLBCSO to

explore a more extensive search space and escape from local optima more effec-

tively than CSO, which only uses the global best position as the reference for

updating the local best positions. This can potentially lead to better convergence

and higher-quality solutions in RSLBCSO. Mathematically, the velocity update

equation in RSLBCSO is represented by Eq. (4.1) as follows:

veli(j + 1) = w ∗ veli(j) + c1 ∗ r1 ∗ (peri(j)− curi(j))+

c2 ∗ r2 ∗ (popgl(j)− curi(j)) + r3 ∗ (dspi(j)− curi(j))
(4.1)

Where r3 is a randomly generated number drawn from [0,1] range, dspi(j) is a

randomly generated local best spatial position within a specific neighborhood of
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cat i at time step j, which promotes exploration in the search space. The additional

term r3 ∗ (dspi(j)− curi(j)) introduces a random spatial local best component to

the velocity update equation. This promotes exploration by adding a random

spatial displacement to the current position of the cat, allowing it to explore new

areas in the search space beyond its personal and global best solutions. Following

the Eq. 4.1, the position of cats is updated and given by the following position

update Eq. (4.2):

uposi(j + 1) = posi(j) + veli(j + 1) + r4 ∗ (dspi(j)− posi(j)) (4.2)

Where r4 is a randomly generated number drawn from the [0,1] range. Figure 4.2

and Algorithm 4.1 give a complete description of RSLBCSO.

Figure 4.2: RSLBCSO flowchart [2]

The RSLBCSO begins with initializing the population, variables, global best

position, and fitness, followed by a for loop for niterations. Next, the loop run for

each cat in the population in which the local best cat is determined. This is used

in the update velocity equation. Then, again a for loop is called in which the new

velocity (v new) and new position (cat.pos new) are computed. This is followed

by an evaluation of fitness function (cat fitness). Then an if loop is called, which

will check whether the cat.pos new is greater than cat fitness or not. If it is
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Algorithm 4.1 Algorithm of RSLBCSO

INPUT Xtrain (Training feature matrix), Xtest (Testing feature matrix), ytrain

(Training labels), ytest (Testing labels), ncats (Number of cats in the swarm),

niterations (Number of iterations), lbest cat (Local best cat) c1 (Cognitive coeffi-

cient), c2 (Social coefficient), and w (Inertia weight)

OUTPUT g best (Global best feature subset)

BEGIN

1: Xtrain, Xtest, ytrain, ytest, ncats, niterations, c1, c2, w

2: nsamples, nfeatures ← Xtrain

3: swarm← initialize swarm(ncats, nfeatures)

4: g best pos← get g best(swarm, Xtrain, Xtest, ytrain, ytest)

5:6: for i← 1 to niterations do

7: for cat← swarm do

8: Determine lbest cat based on cat.best fitness

9: end for

10: for cat← swarm do

11: v new ←update velocity(cat, global best pos, c1, c2) using Eq. 4.1

12: cat.pos new ← update position(cat) using Eq. 4.2

13: cat fitness← fitness(cat.pos new, Xtrain, Xtest, ytrain, ytest)

14: if (cat.pos new > cat fitness) then

15: cat.best pos← cat.pos new

16: end if

17: if (cat.best pos > global best pos) then

18: g best← get g best(swarm, Xtrain, Xtest, ytrain, ytest)

19: end if

20: w ← w × 0.99 ▷ Update inertia weight

21: end for

22: end for

23: g best pos as the optimized features

End

greater, then the cat best position is updated by cat.pos new. Otherwise, it will

go looking for the next cat. Then, it will check whether the cat.best pos is greater

than g pest. If it is greater, then the new g best position is computed; otherwise,

it will go for the next cat. Once, all the cats in the population are traversed, the

inertia weight (w) is multiplied by 0.99. Multiplying the inertia weight by 0.99

in each iteration gradually reduces its value over time, decreasing the algorithm’s
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exploration capability and increasing the exploitation capability. As the algorithm

progresses, particles are more likely to exploit the local and global best solutions

found so far, leading to a more focused search around these solutions. This can

help the algorithm to converge faster and find better solutions in the later stages

of the optimization process. The value of 0.99 is chosen empirically and can be

tuned based on the specific problem being solved. The fitness function calculates

the fitness of a cat’s current position by training a DNN classifier on the training

data using the subset of features represented by the cat’s current position and

then computing the accuracy of the classifier on the test data. The frequency is

also computed, which tells how often a feature is selected. The RSLBCSO returns

the most optimized mRNAs, miRNA, DMs, and CNVs having feature counts of

102, 20, 86, and 94 for BRCA and 86, 18, 69, and 89 for LUAD, respectively. The

complete details of feature extraction are given in Table 4.2. Further, the KEGG

and survival analyses are performed to identify the prognostic biomarkers, which

are discussed in the following section.

Table 4.2: Extracted features after Statistical test and RSLBCSO

Dataset BRCA LUAD

A B C A B C

mRNA 20155 2332 102 19988 1304 86

miRNA 823 39 20 809 26 18

CNV 24776 1176 94 24776 983 89

DM 335855 2112 86 336284 1828 69

A: Features before extraction, B: Features after statistical analysis, C: Features after RSLBCSO

4.1.4 Biological Interpretation

Biological interpretation enables the derivation of information pertaining to fun-

damental biological processes and the etiology of genetic disorders. Different tools

are there to understand the biological activity going on in the human body. By

utilizing these tools and employing biological data mining techniques, it is pos-

sible to transform sequence data into valuable insights [183]. The tools used are

DAVID and Survival Analysis which are discussed in detail in Section 3.2.4. First,

the extracted features from RSLBCSO are validated using KEGG analysis from

DAVID function enrichment analysis tool [160] for biomarker identification. This

tool helps to find the biological meaning behind the genes. A total of 28 mark-
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ers enriched in various pathways, cell adhesion, cell growth, and cell proliferation

have been identified. Further, the identified biomarkers are passed to the survival

analysis test, identifying the poor and good prognostic markers. 5-year survival

analysis for both BRCA and LUAD is performed. The Kaplan Meier (KM) plots

have been used to show the expression level of genes. The Cox Proportional

Hazard (coxPH) model is used to compute the Hazard Ratio (HR) and p-value.

Moreover, the extracted features from RSLBCSO are integrated and passed to

Bayesian optimized DNN for training and testing, which is discussed in the next

section.

4.1.5 Modeling

The extracted features along with identified markers are integrated using a concate-

nation-based approach. The complete description of the integration of features is

given in Section 1.2.1.1. The integrated features are then passed to model training

and testing. A Bayesian-optimized Deep Neural Network (DNN) is presented for

training and testing of the extracted features for survival prediction of BRCA and

LUAD patients which are discussed in the forthcoming sections.

4.1.5.1 Deep Neural Network (DNN)

DNNs are a form of artificial neural network having multiple hidden layers between

the input and output layers [184]. The complete working of DNN is given in Section

3.2.5. In BioSurv, first, an input layer is created with a total of 303 and 211 input

features for BRCA and LUAD respectively. This is followed by hidden layers with

a number of neurons and dropout rate as attributes. The Relu activation function

is used at this stage. These hidden layers enable the network to learn hierarchical

data representations, capturing more complex patterns and characteristics than

neural networks with fewer hidden layers. At the end, the output layer is given

with a sigmoid activation function [185]. The learning rate, dropout, and hidden

layers are tuned with Bayesian optimization, discussed in the following subsection.

4.1.5.2 Bayesian Optimization

Bayesian optimization is a prominent method for optimizing expensive-to-evaluate

black-box functions [175]. It is frequently employed in ML, DL, engineering, and

other disciplines that require optimizing a function with an unknown analyti-

cal form. Bayesian optimization integrates statistical models, typically Gaussian

processes, with acquisition functions to guide the search for the optimal solution.
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The basic concept is to model the unknown function using a probabilistic surrogate

model, such as a Gaussian process, which provides a posterior distribution over the

function values given the observed data. This model is then utilized to iteratively

select the next point to evaluate based on an acquisition function that strikes a

balance between exploration and exploitation. In Bayesian optimization, the ac-

quisition function quantifies the value of sampling a specific point in the search

space, considering both the predicted function value at that point (exploitation)

and the uncertainty of the prediction (exploration). Expected Improvement (EI),

Probability of Improvement (PI), and Upper Confidence Bound (UCB) are typical

acquisition functions. These acquisition functions permit Bayesian optimization

to explore various regions of the search space and sample points likely to improve

the optimization and avoid sampling points unlikely to improve the optimization

[186]. In the present research, DNN parameters are optimized using BO. The

algorithm describing the optimization of DNN is given in Algorithm 4.2.

Algorithm 4.2 Bayesian Optimization for DNN

INPUT: DNN model f(∗), hyperparameter search space P, acquisition function

a(·), number of iterations T

OUTPUT: Optimal hyperparameters θ∗

BEGIN:

1: Initialize dataset D = {}
2: for t = 1 to T do

3: Fit DNN model f(·) with hyperparameters θt using D

4: Evaluate acquisition function a(·) to select next hyperparameters θt+1

5: Update dataset D← D ∪ {(θt, f(θt))}
6: end for

7: return θ∗ = argmaxθ∈D f(θ)

End

The EI acquisition function is used in the current research, which returns the

best hyperparameters. Three hyperparameters of DNN comprising learning rate,

number of hidden layers, and dropout are tuned, and it returns the best hyper-

parameters with 0.08, 241, and 0.249 values, respectively, for the parameters as

mentioned above. The 10-fold cross-validation is used, and the performance is

evaluated by taking an average of each fold. The working of cross-validation is

given in Section 3.2.5.8. The detailed flowchart of the BioSurv is given in Figure

4.3 and the algorithm is given in Algorithm 4.3. The experiments use the BioSurv

applied on TCGA-BRCA and TCGA-LUAD datasets containing mRNA, miRNA,
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Figure 4.3: Flowchart of BioSurv [2]

CNV, and DM profiles. The BRCA and LUAD have 616 and 425 samples, respec-

tively. The 10-fold cross-validation is performed in which nine folds are used for

training and one fold for testing. This is repeated until all the folds serve a test

set. The average of each fold result is calculated to achieve the final result.

4.2 Experimental Setup and Results

Section 3.1 gives a complete description of the experimental hardware and software

used. The libraries used to perform the implementation are NumPy, pandas, for

DNN, sklearn for datasets and performance metrics, a lifeline for KM plots, skopt

for Bayesian optimization, and matplotlib. The R packages used are survcomp for

CI computation, tidyverse, and dplyr. The models comprising XGBoost, Support

Vector Machine (SVM), Random Forest (RF), Gradient Boosting Machine (GBM),

KNN, and Decision Tree (DT) are implemented using the scikit-learn (https:

//scikit-learn.org/stable/) library.

4.2.1 Experimental Setup

The minimum hardware requirement to implement the work is 8 GB RAM with

an i5 processor. Python 3.9.0 and RStudio 4.2.2 are used to implement the work.

DAVID functional Analysis is used to perform the pathway analysis.
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Algorithm 4.3 Algorithm of BioSurv

INPUT: Dataset D (miRNA, mRNA, CNV, DM), D = Xi, Yi, i = 1 to n

OUTPUT: Prognostic Biomarkers (N), Performance Parameters (P )

BEGIN

1: Step 1: Preprocess Dataset

2: for each sample S in D do

3: D ← KNNImpute(D)

4: D ← z score(miRNA, mRNA, and DM)

5: end for

6: Step 2- Extract Features Fi

7: for each Fi in (miRNA, mRNA, DM, and CNV) do

8: Compute |log2(FC)| and FDR

9: if (|log2(FC)| > 0.5) and (FDR <0.05) then

10: Select Fi

11: end if

12: end for

13: for selected features Fi in D do

14: Repeat until Fi is NULL

15: Compute fitness for each Fi using RSLBCSO

16: Select Fi with best fitness

17: end for

18: Step 3- Biological Interpretation

19: for each Fi (miRNA, mRNA, DM, CNV) do

20: Perform KEGG analysis and Compute HR

21: Return good and poor prognostic biomarkers N

22: end for

23: Integrate selected features from RSLBCSO

24: Step 4: Modeling

25: Impose 10-fold cross-validation i.e. D = D1, D2, ..., D10

26: for CV=1 to 10 do

27: Train DNN

28: Tune hyperparameters with Bayesian optimization

29: Return best hyperparameters

30: Test DNN using best hyperparameters and Return P

31: end for

32: Compute mean of P

End
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4.2.2 Experimental Steps

The following steps have been implemented for the BioSurv approach based on

biomarker identification for survival prediction of BRCA and LUAD patients in

multi-omics datasets:

• Two datasets comprising LUAD and BRCA are downloaded with omics

types miRNA, mRNA, CNV, and DM. The downloaded data is passed to

the KNNImpute method to impute the missing values. Further, the normal-

ization is performed using z-score normalization.

• Second, the feature/ biomarker identification is presented in which first, the

statistical analysis is performed in which those features are selected whose

|log2(FC)| > 0.5andFDR < 0.05. Secondly, the selected features are passed

to RSLBCSO for the extraction of optimized features.

• Third, the KEGG analysis and survival analysis are performed, which re-

turns good and poor prognostic markers based on computed HR and p-value.

• At last, DNN is trained whose parameters are optimized with Bayesian opti-

mization. The model is tested on the best parameters achieved, and perfor-

mance is evaluated using six performance parameters comprising accuracy,

sensitivity, specificity, precision, Area Under Curve (AUC), and CI. The

description of performance parameters is given in Section 3.2.6.

4.2.3 Results and Discussions

The results section is divided into two phases comprising identified biomarkers

and prediction results and are described below:

4.2.3.1 Identified Biomarkers

The features/ biomarkers extracted from RSLBCSO are validated using KEGG

and survival analysis for the identification of prognostic biomarkers. KEGG anal-

ysis is performed to identify the markers from mRNA, miRNA, CNV, and DM,

which are highly enriched in BRCA and LUAD patients. The KEGG analysis

identifies the markers that are responsible for cell growth and development and

signal transduction [187] and whose p-value is less than 0.05. A total of 6 mRNAs,

5 miRNAs, 4 CNVs, and 6 DM markers for BRCA and 9 mRNAs, 4 miRNAs, 5

CNVs, and 6 DM markers for LUAD patients, respectively, are identified. The six

mRNA markers from BRCA are FGFR3, YWHAG, NFKB2, RAB2A, CHEK1,
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and ATG5. FGFR3 plays an important role in cell growth and development and

is identified as a poor prognostic marker in triple-negative BRCA (TNBC) [188].

YWHAG is involved in signal transduction and cell cycle pathways and has been

identified by Mei et al. [189] as a poor prognostic marker. NFKB2 is often mu-

tated in malignancies and is identified as risk signatures in BRCA [190]. RAB2A is

responsible for cancer cell proliferation and migration. Wang et al. [191] identified

RAB2A as a prognostic marker highly expressed in high-risk patients. CHEK1

plays an important role in signal transduction and is identified as a poor prognos-

tic marker [192]. ATG5 plays a critical role in the process of autophagy, which is

the cellular process that involves the degradation and recycling of cellular com-

ponents. Grandvallet et al. [193] identify it as a poor prognostic marker and is

responsible for cell migration in TNBC patients. The miRNA markers identified

by KEGG analysis for BRCA are miR-106b, miR-132, miR-222, miR-143, and

miR-98. miR-106b and miR-132 are involved in various cellular processes, includ-

ing cell proliferation, differentiation, and apoptosis. miR-106b is identified as a

cancer progression marker by targeting the PTEN marker [194], and miR-132 is

identified as a potential biomarker for therapeutic targets in BRCA patients [195].

miR-222 plays a crucial role in cell survival, proliferation, and growth and is iden-

tified by Kim et al. [196] as a molecular marker in BRCA. miR-143 and miR-98

regulate apoptosis and metabolism and are identified as diagnostic biomarkers in

the BRCA HER2 subtype [197]. The four identified CNV markers are STK11,

ROCK1, IL13, and SMC3. STK11 plays a crucial role in autophagy and signal

transduction and is identified by Firooz et al. [198] as a driver gene in BRCA.

ROCK1 and IL13 are involved in cell migration, proliferation, and contraction.

ROCK1 is identified as a target gene for miR-202 [199], and IL13 is identified as

a risk biomarker affecting the overall survival of BRCA patients [200]. SMC3 is

involved in the cell cycle pathway and is identified as a hub gene down-regulated

in BRCA [201]. Next are the DM markers comprising TSC2, ARNT2, AXIN1,

DLL1, LAMA5, and PLCG2 identified in KEGG analysis. TSC2 [202] mutations

play a role in signal transduction, which regulates cell growth, proliferation, and

survival. ARNT2 is involved in various cellular processes, including cell prolif-

eration, differentiation, and apoptosis, and is identified by Liu et al. [48] as a

poor prognostic marker in the BRCA Luminal B subtype. AXIN1 expression is

significantly lower in BRCA tissues and is identified as the target gene leading

to tumor progression [203]. DLL1 is involved in cell proliferation, invasion, and

migration and is identified as a poor prognostic marker [204]. PLCG2 plays a key

role in several biological processes, including immune responses and cell growth.
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It is identified as a prognostic marker up-regulated in BRCA tissue [205]. LAMA5

[206] is involved in cell adhesion, migration, proliferation, and differentiation.

Furthermore, the mRNA biomarkers identified for LUAD using KEGG analysis

are FN1, ITGA3, PRKAA2, SGK2, CASP8, FZD3, RHOA, TGFB1, and RRAS.

These markers are involved in cell growth, proliferation, migration, and apoptosis.

FN1 and ITGA3 have been identified as prognostic markers that show poor overall

survival of LUAD [207]. PRKAA2 has been identified by Yao et al. [208] as a

driver gene that leads to poor prognosis in LUAD patients. Zeng [209] identified

SKG2 as a prognostic risk signature related to the overall survival of LUAD pa-

tients. CASP8 and FZD3 are novel markers identified for the first time in LUAD.

CASP has been identified as autophagy-pyroptosis-related genes, which is highly

expressed in LUAD patients [210]. FZD3 has been identified by Kohansal et al.

[211] as a target gene in gastric cancer that inhibits cancer progression. Lin et al.

[212] identified RHOA and TGFB1 as immune-related markers with a strong pos-

itive correlation in LUAD. RHOA has been identified as a highly expressed gene

in LUAD [213]. The four miRNAs of LUAD patients are miR-132, miR-155, miR-

221, and miR-222. miR-132 has been identified as tumor suppressor gene [214]

and miR-155 as a diagnostic marker in LUAD patients [215]. The markers miR-

221 and miR-222 have been identified by Guo et al. [216] as tumor progression

markers that are highly over-expressed in lung cancer patients. Moving ahead,

the CNV markers identified for LUAD are BPIFB1, MAP2K4, NLRP1, CYCS,

and ITCH, in which ITCH has been found to be a tumor suppressor gene that

inhibits the cell proliferation in lung cancer [217]. MAP2K4 has been identified

by Wang et al. [218] as a target gene that regulates the proliferation and apop-

tosis of lung cancer cells. Zhang et al. [219] identified CYCS as a risk prognostic

signature associated with high-risk in LUAD patients. NLRP1 has been identified

as a poor prognostic marker in LUAD patients [220]. BPIFB1 has been identified

as a candidate gene highly expressed in LUAD patients [221]. The DM markers

of LUAD identified through KEGG analysis are TYK2, AP2A2, NEU1, SYNJ2,

GIT1, and TBCD, where He et al. [222] have identified TYK2 as a prognostic

marker associated with immune infiltration. AP2A2 has been identified as risk-

associated genes [223]. NEU1 has been identified as a poor prognostic marker by

Zhao et al. [224] and acts as an independent prognostic factor for LUAD patients.

Hou et al. [225] identified SYNJ2 as a prognostic that is up-regulated and leads

to poor survival prediction in lung cancer patients. Tao et al. [226] has identified

GIT1 as a poor prognostic marker in LUAD and liver cancer patients. TBCD has

been identified as a diagnostic and prognostic marker affecting the overall survival
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of LUAD patients [227]. The biomarkers identified using KEGG analysis are then

passed to the coxPH model to compute each marker’s p-value and HR and are

given in Table 4.3. HR depicts the risk for each gene, i.e., if the value of HR

is close to 1 or greater than 1, then that gene is identified as a poor prognostic

marker; otherwise, the marker is treated as a good prognostic marker. The 5-year

survivability is considered in the current study.

Table 4.3: P-value and HR for identified biomarkers

Type BRCA LUAD

Marker p-value HR Marker p-value HR

m
R
N
A

FGFR3 0.003 0.79 RRAS 0.03 1.19

YWHAG 0.007 1.23 FN1 0.005 1.15

NFKB2 0.003 0.72 ITGA3 0.02 1.11

RAB2A 0.0001 1.46 PRKAA2 0.006 0.78

CHEK1 0.006 1.31 SGK2 0.01 1.12

ATG5 0.01 1.27 CASP8 0.01 1.14

- - - FZD3 0.007 0.72

- - - RHOA 0.01 1.22

- - - TGFB1 0.006 1.28

m
iR

N
A

miR-106b 0.05 1.08 miR-132 0.02 1.21

miR-132 0.01 1.29 miR-155 0.007 1.25

miR-222 0.001 1.35 miR-221 0.013 1.12

miR-143 0.037 1.10 miR-222 0.005 1.16

miR-98 0.04 1.33 - - -

C
N
V

STK11 0.007 0.73 BPIFB1 0.01 1.21

ROCK1 0.002 0.56 MAP2K4 0.01 0.73

IL13 0.02 0.98 NLRP1 0.04 0.77

SMC3 0.005 0.70 CYCS 0.005 1.07

- - - ITCH 0.001 1.22

D
M

TSC2 0.001 1.61 TYK2 0.04 0.75

ARNT2 0.009 1.02 AP2A2 0.03 0.74

AXIN1 0.001 1.44 NEU1 0.002 0.75

DLL1 0.02 0.73 SYNJ2 0.01 1.15

LAMA5 0.008 0.78 GIT1 0.005 0.95

PLCG2 0.001 0.69 TBCD 0.03 0.77

From the results, it is found that 4 mRNAs, 5 miRNAs, 1 CNV, and 3 DMs

of BRCA and 7 mRNAs, 4 miRNAs, 3 CNVs, and 1 DM of LUAD patients have

HR ratios greater than one and close to one. These markers are identified as poor

prognostic markers; the remaining markers are good prognostic markers. The KM

plots of the poor prognostic markers are made and are shown in Figure 4.4 below.
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(i) YWHAG (BRCA) (ii) NFKB2 (BRCA) (iii) CHEK1 (BRCA)

(iv) ATG5 (BRCA) (v) miR-106b (BRCA) (vi) miR-132 (BRCA)

(vii) miR-222 (BRCA) (viii) miR-143b (BRCA) (ix) miR-98 (BRCA)

(x) IL13 (BRCA) (xi) TSC2 (BRCA) (xii) ARNT2 (BRCA)

(xiii) AXIN1 (BRCA) (xiv) RRAS (LUAD) (xv) FN (LUAD)
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(xvi) ITGA3 (LUAD) (xvii) SGK2 (LUAD) (xviii) CASP8 (LUAD)

(xix) RHOA (LUAD) (xx) TCFB1 (LUAD) (xxi) miR-132 (LUAD)

(xxii) miR-155 (LUAD) (xxiii) miR-221 (LUAD) (xxiv) miR-222 (LUAD)

(xxv) BFIFB1 (LUAD) (xxvi) CYCS (LUAD) (xxvii) ITCH (LUAD)

(xxviii) SYNJ2 (LUAD)

Figure 4.4: Poor Prognostic Markers for BRCA and LUAD samples [2]
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4.2.3.2 Prediction Results

To test the performance of extracted features/ biomarkers from RSLBCSO, a

Bayesian optimized DNN is used. The features are integrated using concatenation-

based integration and passed to a Bayesian optimized DNN for survival prediction

of short-term survival and long-term survival. 10-fold cross-validation is performed

in which one fold is used for testing and nine folds for training. This is repeated

until all the folds are tested, and the final result is the average of each fold. The

performance is evaluated using six performance parameters comprising accuracy,

sensitivity, specificity, precision, AUC, and CI. The Bayesian Optimized DNN is

applied on single omics, i.e., on miRNA, mRNA, CNV, and DM alone, and the

multi-omics, i.e., integrated miRNA+mRNA+CNV+DM dataset. Performance is

evaluated, and it is found that the BioSurv performed well on integrated multi-

omics data with accuracy, sensitivity, specificity, precision, and AUC value of

91.60%, 88.02%, 89.12%, 90.01%, and 90% respectively for BRCA and 90.1%,

87.5%, 88.3%, 86.4%, and 86%, respectively for LUAD samples. The results are

shown in Table 4.4.

Table 4.4: Results of BioSurv on single and integrated omics

Cancer Dataset Accuracy Sensitivity Specificity Precision AUC

BRCA

mRNA 0.78 0.76 0.76 0.74 0.61

miRNA 0.85 0.82 0.82 0.86 0.83

CNV 0.83 0.80 0.79 0.76 0.65

DM 0.82 0.78 0.80 0.79 0.79

Integrated 0.91 0.88 0.89 0.90 0.90

LUAD

mRNA 0.87 0.84 0.82 0.74 0.78

miRNA 0.85 0.81 0.80 0.78 0.70

CNV 0.82 0.78 0.81 0.80 0.77

DM 0.87 0.84 0.85 0.82 0.81

Integrated 0.90 0.87 0.88 0.86 0.86

Additionally, the results of BioSurv with several state-of-the-art models com-

prising DNN, XGBoost, RF, SVM, GBM, KNN, and DT have been compared.

It is found that BioSurv outperforms all the models and shows an improvement

of approximately 8% and 3% in terms of accuracy for both BRCA and LUAD

cancers, respectively. The comparative results of BioSurv with existing methods

for BRCA and LUAD are given in Table 4.5 below.
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Table 4.5: Results of BioSurv and existing models on BRCA and LUAD samples

P Models BRCA LUAD

A B C D E A B C D E

A
cc
u
ra
cy

SVM 0.708 0.713 0.704 0.705 0.75 0.664 0.729 0.711 0.745 0.761

RF 0.801 0.806 0.80 0.816 0.826 0.789 0.781 0.793 0.796 0.804

XGBoost 0.758 0.778 0.776 0.782 0.794 0.781 0.773 0.745 0.764 0.798

GBM 0.751 0.759 0.769 0.727 0.775 0.75 0.765 0.77 0.765 0.781

DT 0.631 0.654 0.643 0.668 0.741 0.632 0.711 0.719 0.703 0.732

KNN 0.707 0.709 0.733 0.753 0.782 0.773 0.762 0.781 0.796 0.806

DNN 0.771 0.811 0.767 0.793 0.83 0.799 0.8 0.811 0.852 0.874

BioSurv 0.78 0.852 0.831 0.82 0.916 0.875 0.858 0.825 0.87 0.901

S
en

si
ti
v
it
y

SVM 0.69 0.71 0.71 0.712 0.721 0.666 0.74 0.712 0.74 0.757

RF 0.684 0.701 0.7032 0.692 0.76 0.795 0.785 0.741 0.771 0.76

XGBoost 0.76 0.754 0.74 0.775 0.781 0.79 0.763 0.77 0.751 0.8

GBM 0.752 0.761 0.754 0.711 0.761 0.753 0.779 0.762 0.772 0.784

DT 0.622 0.633 0.612 0.654 0.742 0.681 0.713 0.70 0.695 0.72

KNN 0.701 0.741 0.733 0.75 0.756 0.776 0.782 0.773 0.801 0.81

DNN 0.76 0.782 0.741 0.776 0.822 0.785 0.773 0.794 0.791 0.84

BioSurv 0.761 0.821 0.80 0.78 0.88 0.843 0.812 0.78 0.84 0.875

S
p
ec
ifi
ci
ty

SVM 0.684 0.701 0.7032 0.692 0.735 0.671 0.714 0.703 0.712 0.749

RF 0.792 0.773 0.797 0.792 0.821 0.792 0.773 0.752 0.74 0.813

XGBoost 0.751 0.767 0.746 0.764 0.763 0.741 0.751 0.77 0.76 0.79

GBM 0.681 0.72 0.711 0.731 0.762 0.723 0.741 0.729 0.742 0.75

DT 0.683 0.718 0.711 0.70 0.721 0.63 0.659 0.681 0.674 0.69

KNN 0.672 0.710 0.732 0.725 0.743 0.747 0.76 0.754 0.765 0.796

DNN 0.766 0.791 0.748 0.772 0.821 0.799 0.788 0.763 0.814 0.87

BioSurv 0.76 0.82 0.793 0.8 0.891 0.821 0.80 0.813 0.85 0.883

P
re
ci
si
o
n

SVM 0.706 0.691 0.721 0.708 0.74 0.706 0.652 0.721 0.721 0.754

RF 0.752 0.762 0.721 0.71 0.791 0.62 0.682 0.84 0.757 0.791

XGBoost 0.74 0.712 0.731 0.751 0.74 0.65 0.62 0.713 0.701 0.75

GBM 0.698 0.711 0.724 0.723 0.739 0.651 0.623 0.691 0.689 0.701

DT 0.671 0,732 0.709 0.705 0.743 0.637 0.671 0.673 0.678 0.689

KNN 0.684 0.724 0.712 0.738 0.761 0.669 0.693 0.699 0.743 0.762

DNN 0.773 0.794 0.753 0.764 0.804 0.762 0.712 0.795 0.781 0.843

BioSurv 0.741 0.861 0.768 0.791 0.9 0.791 0.781 0.80 0.821 0.864

A
U
C

SVM 0.501 0.505 0.507 0.537 0.556 0.482 0.474 0.515 0.57 0.602

RF 0.52 0.526 0.51 0.506 0.582 0.506 0.506 0.537 0.545 0.599

XGBoost 0.591 0.683 0.586 0.645 0.726 0.58 0.498 0.525 0.653 0.703

GBM 0.491 0.536 0.522 0.530 0.540 0.448 0.485 0.549 0.539 0.557

DT 0.497 0.551 0.488 0.522 0.573 0.481 0.487 0.514 0.513 0.529

KNN 0.511 0.582 0.543 0.556 0.642 0.490 0.50 0.559 0.608 0.673

DNN 0.552 0.772 0.62 0.712 0.79 0.60 0.715 0.64 0.754 0.827

BioSurv 0.61 0.832 0.653 0.79 0.9 0.78 0.70 0.771 0.81 0.86

A-mRNA, B-miRNA, C-CNV, D-DM, E-Integrated

104



Moreover, the bar plots of accuracy, sensitivity, specificity, and precision have

been plotted for BRCA and LUAD patients to test the effectiveness of BioSurv.

From the plots, it is visible that BioSurv performed better than the existing mod-

els. The bar plots for BRCA are shown in Figure 4.5.

(i) Accuracy

(ii) Sensitivity

(iii) Specificity
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(iv) Precision

Figure 4.5: Bar plots of accuracy, sensitivity, specificity, precision for BRCA [2]

The bar plots for LUAD are shown in Figure 4.6.

(i) Accuracy

(ii) Sensitivity
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(iii) Specificity

(iv) Precision

Figure 4.6: Bar plots of accuracy, sensitivity, specificity, precision for LUAD [2]

Additionally, the multi-roc curve for AUC has been plotted for BRCA and LUAD

patients and shown in Figure 4.7. The comparison is between single omics and

multi-omics. The high curve for integrated data shows that BioSurv performed

well with an AUC value of 90% and 87% for BRCA and LUAD, respectively.

(i) BRCA (ii) LUAD

Figure 4.7: Multi-ROC for single and integrated omics for BRCA and LUAD [2]

Similarly, the boxplot of the CI for integrated omics is also plotted and shown

in Figure 4.8. The CI is computed using the concordance.index function. The

code runs for 20 epochs, and an average is calculated as the final CI value. The

107



CI is compared with the existing models comprising DNN, XGboost, RF, SVM,

and GBM, KNN, and DT it is evident from the plots that BioSurv outperformed

with a CI value of 0.69 and 0.67 for BRCA and LUAD, respectively.

(i) BRCA (ii) LUAD

Figure 4.8: Comparative analysis of BioSurv CI for integrated omics with

existing models for BRCA and LUAD [2]

Furthermore, the BioSurv is compared with the existing works comprising

[87], and [77] based on CI value. In these works, 10-fold cross-validation is used.

BioSurv also utilized 10-fold cross-validation, and it is found that BioSurv shows an

improvement of approx 3% for BRCA and 5% for LUAD patients. The comparison

of BioSurv with existing works is shown in Table 4.6.

Table 4.6: Comparison of BioSurv with existing works

Cancer Type Dataset Work CI

BRCA mRNA+miRNA+CNV+DM

[77] 0.66

BioSurv 0.69

LUAD mRNA+miRNA+CNV+DM

[77] 0.62

[87] 0.65

BioSurv 0.67

4.2.3.3 Validation of BioSurv on METABRIC Dataset

To validate the performance of the BioSurv, the METABRIC dataset (https:

//www.mercuriolab.umassmed.edu/metabric) of BRCA is used. The complete

description of the METABRIC dataset is given in Section 3.2.1.2. The dataset
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comprises 1980 mRNA, 2172 CNV, and 1418 DM samples. At first, the common

samples from each type are extracted, which returns 1418 for the common samples.

The 5-year survivability is used to perform the experiment. The NA values for

each type are imputed using the KNNImpute method. The z-score normalization

is performed for the mRNA and DM datasets, and the CNV data is utilized as it is.

The statistical analysis test is performed, and FDR and |log2(FC)| values are com-

puted. Those values are selected whose FDR < 0.05 and |log2(FC)| > 0.5, and

it returns 2332 mRNAs, 2584 CNVs, and 814 DMs, respectively. The extracted

features are then passed to RSLBCSO, which optimizes the feature space and re-

turns 153 mRNAs, 101 CNVs, and 120 DMs as features. The extracted features

are then passed to KEGG pathway analysis for the identification of biomarkers

that are responsible for cell cycle, growth and development, proliferation, and mi-

gration, respectively. 6 mRNAs comprising TRAF4 [228], DCTPP1 [229], RRM2

[230], CTTN [231], PKN2 [232] and CAPN5 [232], five CNVs including ELK1

[233], CKS2 [234], CD58 [235], PIM2 [236], and COL4A2 [237], and 5 DMS com-

prising ARAP3 [238], ABCB4 [239], CLDN15 [240], DSC3 [241], and DHX9 [242]

has been identified. Further, the survival analysis of the markers extracted using

KEGG analysis is performed, and it identifies 5 mRNAs, 1 CNV, and 3 DMs at

poor prognostic markers because of the HR close to 1 and greater than 1. The

HR and p-value of extracted markers are given in Table 4.7.

The extracted features/ biomarkers are then trained using a Bayesian-optimized

DNN. The performance is evaluated, and it is found that BioSurv performed well

with accuracy, sensitivity, specificity, precision, AUC, and CI values of 88.78%,

87.84%, 86.70%, 88.60%, 93%, and 0.70 respectively. The results of BioSurv on

single-omics and multi-omics METABRIC data are shown in Table 4.8. Further-

more, the multi-roc curve is plotted in Figure 4.9 to show the effectiveness of

BioSurv. It is visible that BioSurv performed effectively on the integrated dataset

and shows an improvement with 6%, 17%, and 5% in terms of AUC compared

to mRNA, CNV, and DM, respectively. The results of BioSurv reveal that it

performed well in terms of accuracy, sensitivity, specificity, precision, AUC, and

CI value when compared with existing models and state-of-the-art works. Bio-

Surv outperformed all cancer types, including TCGA-BRCA, TCGA-LUAD, and

METABRIC. The reason behind the best performance of BioSurv is that the pa-

rameters of Biosurv are tuned with Bayesian optimization, which adapts itself to

the observed results during the search process. It updates the posterior distribu-

tion of the hyperparameter space based on the evaluated configurations, leading

to better performance. Moreover, in the proposed research, RSLBCSO is used
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Table 4.7: P-value and HR values of extracted markers

Data Marker p-value HR

mRNA

TRAF4 0.02 1.20

DCTPP1 0.009 0.76

RRM2 0.04 0.69

CTTN 0.001 1.10

PKN2 0.005 1.02

CAPN5 0.004 1.03

CNV

ELK1 0.0001 0.84

CKS2 0.005 0.79

CD58 0.01 0.80

PIM2 0.019 0.85

COL4A2 0.012 1.12

DM

ARAP3 0.03 0.80

ABCB4 0.03 1.03

CLDN15 0.006 1.11

DSC3 0.0002 1.21

DHX9 0.005 0.78

to select the most optimized features, which in turn is a better strategy with a

better balance between exploitation and exploration, allowing it to explore a more

prominent search space and potentially find better solutions.

4.3 Statistical Analysis of BioSurv

To ensure the superiority of the BioSurv, two tests comprising Wilcoxon signed-

rank test and Friedman tests have been used. Wilcoxon signed rank is presented

by Derrac et al. [243] and is used to make a simple pairwise comparison test. On

the other side, the Friedman test is given by Zhang et al. [244], which is used to
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Table 4.8: Results of BioSurv on single-omics and multi-omics

Parameter mRNA CNV DM mRNA+CNV+DM

Accuracy 0.861 0.857 0.842 0.887

Sensitivity 0.854 0.706 0.804 0.878

Specificity 0.841 0.714 0.791 0.867

Precision 0.854 0.732 0.86 0.886

AUC 0.87 0.76 0.88 0.931

CI 0.62 0.58 0.635 0.70

Figure 4.9: Multi-roc plot for single and integrated omics [2]

make multiple comparisons. The original claim in the Wilcoxon signed rank test

is that there is no discernible difference between the two models’ prediction accu-

racies. According to the Friedman test’s basic hypothesis, there is no discernible

difference between all of the models being compared in terms of how accurate their

predictions are [245]. The statistical analysis results of both BRCA and LUAD

patients comparing the performance of BioSurv with benchmarking models com-

prising SVM, RF, XGBoost, DNN, GBM, DT, and KNN are given in Table 4.9.

The p-value for both tests is computed, and those tests are considered significant,

whose p-value is less than 0.05. When the p-value is less than 0.05, then that

hypothesis is rejected. From the results of the tests, it has been found that Bio-

Surv performed well in the case of the Fridman test and received a significance

than the benchmarking models. In the Wilcoxon signed-rank test, only one case

is there where BioSurv, when compared with DNN in LUAD, is not significant.
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It achieves a p-value of 0.06, which is violating the test condition. However, it

performed well in predicting survival in BRCA patients.

Table 4.9: Statistical analysis results of BioSurv with existing models on BRCA

and LUAD

Cancer

Type

Model Wilcoxon

signed-rank

test (p-value)

Friedman test (p-value)

BRCA

BioSurv vs. DNN 0.0076

H0 : e0 = e1 = e2 = e3 = e4 = e5 = e6 = e7

F = 67.48

p=4.7 ×e−12 (0.0000∗∗)

Reject H0

BioSurv vs. XG-

Boost

0.0039

BioSurv vs. SVM 0.00195

BioSurv vs. RF 0.0042

BioSurv vs. GBM 0.0039

BioSurv vs. DT 0.00195

BioSurv vs. KNN 0.0039

LUAD

BioSurv vs. DNN 0.061

H0 : e0 = e1 = e2 = e3 = e4 = e5 = e6 = e7

F = 58.7180

p=2.72 ×e−10 (0.0000∗∗)

Reject H0

BioSurv vs. XG-

Boost

0.0097

BioSurv vs. SVM 0.00195

BioSurv vs. RF 0.0058

BioSurv vs. GBM 0.00585

BioSurv vs. DT 0.00195

BioSurv vs. KNN 0.00976

4.4 Conclusion

This chapter discussed the biomarker identification for disease survival prediction

in multi-omics datasets by the proposed BioSurv approach. Rigorous statistical

analysis and the RSLBCSO algorithm are developed and applied to effectively

identify the most promising set of features, enhancing the accuracy and efficiency

of subsequent analyses. The KEGG and survival analysis is performed which

helped differentiate between good and poor prognostic markers, providing valu-

able insights into the potential outcomes for cancer patients. A DNN is developed

for survival prediction whose parameters are tuned using Bayesian optimization.

The results of the developed model are evaluated by taking the TCGA-BRCA,

TCGA-LUAD dataset, and METABRIC. Predominantly, BioSurv showcased its

effectiveness in biomarker identification and cancer survival prediction. Its robust

framework and utilization of advanced computational techniques contributed to
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the successful identification of poor prognostic markers and accurate prediction

of cancer survival outcomes. The ability of the proposed BioSurv approach to

accurately identify the biomarkers and predict cancer survival will help clinicians

in guiding more suitable cancer treatment or post-surgical therapeutic decisions

for the patient. Also, clinicians can provide special care programs to a person

predicted as a short-term survivor.

In the next chapter, biomarker identification for the disease subtype prediction

using integrated multimodal variational autoencoder and simplified graph convo-

lutional neural network is discussed. The objective of the chapter is to identify the

prognostic biomarkers for disease subtypes by considering multi-omics datasets for

three different types of cancers.
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Chapter 5

iMVAN: Integrative Multimodal Varia-

tional Autoencoders based Biomarker Iden-

tification for disease subtype classification

In the previous Chapter, a proposed BioSurv approach for biomarker identification

for disease survival prediction is discussed. The biomarker identification is per-

formed using Random Spatial Local Best Cat Swarm Optimization (RSLBCSO)

and Bayesian optimized deep neural network (DNN) is employed to perform dis-

ease survival prediction. The capability of BioSurv is to accurately identify the

biomarkers and to predict a patient as a short-term survivor or long-term survivor.

This prediction could be helpful in providing treatment for short-term survivors by

focusing on the identified poor prognostic biomarkers.

In this Chapter, a detailed overview of the developed iMVAN approach based on the

proposed framework using integrative multimodal variational autoencoder (MVAE)

and simplified graph convolutional networks (SGC) are discussed in detail. The

design for biomarker identification for disease subtype classification is built using

data acquisition, dimensionality reduction, similarity network fusion (SNF), and

modeling phases. The MVAE is used as dimensionality reduction for biomarker

identification and a SGC is taken as a learning model for disease subtype classifi-

cation. In the chapter, multi-omics datasets of multiple cancer types are taken to

validate the iMVAN approach.

This chapter starts with the discussion of the developed iMVAN approach in Sec-

tion 5.1. The experimental analysis and results are given in Section 5.2. The

computational evaluation of iMVAN is discussed in Section 5.3. At the end, the

conclusion is provided in Section 5.4.

5.1 Overview of iMVAN approach

The identification of biomarkers specific to various cancer subtypes plays a vital

role in enhancing the accuracy of diagnosis, prognosis, and therapeutic approaches.
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This multi-class classification task is challenging when integrating multi-omics us-

ing machine learning (ML) approaches. A multi-class network classification model

is required for the discovery of biomarkers related to different subtypes of cancer.

Therefore, an approach called iMVAN based on multimodal variational autoen-

coder (MVAE), Similarity Network Fusion (SNF), and Simplified Graph Convolu-

tional Networks (SGC) is developed to identify the biomarkers related to different

subtypes of cancer in multi-omics data. The iMVAN is divided into six phases

comprising data acquisition, dimensionality reduction, network fusion, biological

interpretation, modeling, and results evaluation as shown in Figure 5.1. At first,

multi-omics data comprising genomic, transcriptomic, and proteomic datasets are

collected, and MVAE is applied to extract the features. The extracted features

are then passed to biological interpretation and survival analysis, identifying the

top prognostic biomarkers. On the other side, a Patient Similarity Network (PSN)

is constructed using SNF. Then the extracted features (vector data) from MVAE

and matrix data from SNF are integrated using an SGC to test the extracted

biomarker’s performance and classify them into their cancer subtype. The six

phases are described in detail in the following sections.

Figure 5.1: Workflow of iMVAN [3]

5.1.1 Data Acquisition

Genomic, transcriptomic, and proteomic play an essential role in cancer progres-

sion. Multi-omics data comprising Copy Number Variation (CNV) at the genomic
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level, messenger ribonucleic acid (mRNA) data at the transcriptomic level, and

reverse phase protein array (rppa) data at the proteomic level of breast cancer

(BRCA) patients is collected from The Cancer Genome Atlas Portal (TCGA)

portal [246]. The TCGA dataset is discussed in Section 3.2.1.1. Each type con-

tains different samples, for example, in CNV, there are 1080 samples, followed by

1093 samples in mRNA, 887 samples in rppa data, and 1097 samples in clinical

data. The common samples are collected using the Venn diagram, which returns

511 samples. The breast tumor patients are divided into four subtypes comprising

Basal-like, human epidermal growth factor receptor 2 (Her2) enriched, Luminal

A, and Luminal B, respectively. Genes that are normally present in the breast’s

basal cells display certain characteristics that identify basal-like breast cancer.

Triple-negative breast cancer (TNBC) is the term used to describe it because it

is characterized by the absence of expression of three specific receptors including

Her2, progesterone receptor (PR), and estrogen receptor (ER). Amplification of

the Her2 gene or overexpression of the Her2 protein are characteristics of Her2-

enriched breast cancer. Genes linked to luminal epithelial cells express certain

characteristics that identify luminal A breast cancer. It usually expresses PR

and/or ER, and it does not exhibit Her2 amplification or overexpression. The

expression of genes linked to luminal epithelial cells is another characteristic of lu-

minal B breast cancer, but it frequently exhibits faster rates of proliferation than

luminal A tumors. The complete summary of the dataset is given in Table 5.1.

Table 5.1: Summary of Dataset

Omics Type Total Samples Total features BRCA Subtype No. of Samples

CNV 1080 24776 Basal-like 112

mRNA 1093 20175 Her2-enriched 53

rppa 887 212 Luminal A 248

clinical 1097 - Luminal B 98

Common Samples 511 45163 Total 511

The dataset downloaded from TCGA is in raw form. Therefore, it needs clean-

ing before further processing. For this, first, the missing values from each type

of omics comprising CNV, mRNA, and rppa dataset are imputed using the kN-

NImputer [148] function. The working of KNNImputer is given in Section 3.2.2.

Further, the values in mRNA and rppa are not in a specific range. Some values

are quite large and some are close to 0. Therefore, consistency is required for

better performance. To do so, normalization is done using z-score normalization.

The CNV values are already in the range of [-2,2], hence they are utilized di-
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rectly. Once the normalization is done, feature extraction is required because of

the large feature space. Therefore, the dimensionality reduction technique MVAE

is developed which is discussed in the following subsection.

5.1.2 Dimensionality reduction

The dataset consists of a total of 45,163 features, which is enormous. It is chal-

lenging to work with such a large feature space. The analysis of multi-omics data

sets may be computationally demanding due to their inherent high dimension. Di-

mensionality reduction is an all-encompassing method for reducing computational

load. Therefore, to reduce the dimension, multimodal variational autoencoder

(MVAE) is proposed and is discussed in the following section.

5.1.2.1 Multimodal Variational Autoencoder (MVAE)

Variational Autoencoders (VAEs) [157] are deep generative models that can de-

velop a meaningful data manifold from high-dimensional input data. There are

three components to VAE: an encoder, a sampling module, and a decoder. Stan-

dard autoencoders encode input (xi) as a single point, but a VAE encodes an

input distribution throughout latent space. Considering an omics dataset D with

N samples {xi}Ni=1 and d-dimensional omics features, a VAE implies that each

sample xi ∈ Rd is built from a latent vector zi ∈ Rp, where d≫ p.

Each latent variable, zi, is encoded by an encoder based on a prior distribution

or a latent distribution, pΘ(z). Furthermore, the encoder implements a variational

distribution known as qψ(z|x) to estimate the posterior probability and deal with

the rebellious nature of the posterior value known as pΘ(z|x) while calculating

the distribution of X or pΘ(X). The learnable parameters of the encoder are

represented by ψ. A sampler extracts data from a latent space by taking a repre-

sentative sample from an encoded or encoding distribution, denoted by qψ(z|x).
Sampled points from the pΘ(x|z) conditional distribution is decoded by a decoder,

which reconstructs the inputs x using the decoder’s learnable parameters. Recon-

struction and regularisation terms are used in this stage to determine the loss

or error in VAE’s loss function. The regularisation term measures the distance

between the estimated posterior qψ(z|x) and true posterior pΘ(z|x) to regularise

the latent space. In contrast, the reconstruction term estimates the reconstruction

loss that penalizes the network for providing outputs that are different from the

input. Kullback-Leibler (KL) divergence [247] is used as the regularisation term

in a standard VAE, which utilizes the following loss function given by Eq. (5.1)
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to optimize the encoder and decoder at once.

loss = argmin
ψ

(Eqψ(z|x) [logpΘ(x|z)]−DKL (qψ(z|x) ||pΘ(z))) (5.1)

The KL divergence is given by DKL. The total loss for all features is calculated

and is described by Eq. (5.2):

loss = argmin
ψ

(L(x− x) +
∑
j

DKL (qψ(z|x) ||pΘ(z))) (5.2)

where the reconstruction loss is determined by L. The loss given in Eq. (5.2)

is calculated for a single type of data. In the current study, multi-omics datasets

comprising genomic, transcriptomic, and proteomic of BRCA patients are used.

Therefore, to combine these different types of datasets, a multi-modal variational

autoencoder (MVAE) is proposed. VAE has many inputs and outputs since the

input data are characterized by multi-omics data types and represented by several

matrices x1,x2,x3 for genome, transcriptome, and proteome respectively. There-

fore, a combined loss for all three different types is required to be computed.

Hence by using Eq. (5.2), the combined loss for the above-mentioned data types

is calculated and is given by the following expression:

loss = α(L1(x1 − x1) +
∑
j

DKL(qψ(z|x1)||pΘ(z)))+

(β(L2(x2 − x2) +
∑
j

DKL(qψ(z|x2)||pΘ(z)))+

(γ(L3(x3 − x3) +
∑
j

DKL(qψ(z|x3)||pΘ(z)))

The reconstruction losses are denoted by L1, L2, and L3 for mRNA, CNV, and

rppa data types respectively. The weights of each omics type (CNV, mRNA, and

rppa) are represented by α, β, and γ, and the sum of α, β, γ should be equal to 1.

The multi-omics data extracted from preprocessing stage is passed to the encoder,

which encodes the data using a latent distribution. The performance of MVAE is

evaluated using Deep Neural Network (DNN). The working of DNN is explained

in Section 3.2.5. The learning rate of 0.05 and Adam optimizer are used. The

MVAE runs for 100 epochs, returning a feature matrix as an output. The top 100

features are extracted for each type, from which the top 5 features are identified

as the prognostic markers. The biological interpretation is done of the identified

markers which is given in the following section.
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5.1.3 Biological Interpretation

After training the dataset with MVAE for 100 epochs, the top 100 features are

extracted for each fold. These features are then validated for biomarker identifi-

cation using Kyoto Encyclopedia of Genes and Genomes (KEGG) analysis from

DAVID function enrichment analysis tool [160]. Along with that, survival analysis

is also performed, which identifies those genes whose p-value is less than 0.05. The

survival analysis is performed using Kaplan–Meier (KM) plotter [163]. The over-

all 10-year survival analysis is performed, which identifies the prognostic markers

that are responsible for cancer recurrence in different sub-types of breast cancer.

5.1.4 Network Fusion

To uncover breast cancer subtypes by isolating similar participants from each other

in multi-omics data, Similarity Network Fusion is proposed which is discussed in

the following section.

5.1.4.1 Similarity Network Fusion (SNF)

The SNF [166] algorithm combines many types of omics data, constructing a

network for each type of omics data, ultimately producing an all-encompassing

perspective of the disease being studied. SNF is superior to other single-data

analysis approaches because it can compute and combine Patient Similarity Net-

works (PSNs) for each data type. This enables the utilization of complementary

information from multi-omics data. Specifically, the algorithm creates patient-

patient similarity networks and computes patient-patient similarity matrices for

each omics type. The next step is undertaking network fusion, which aims to

improve strong connections while removing weak ones. In the end, a PSN that is

fused is established. Let us assume that there are m patient samples with n omics

data types, then for some vth(v = 1, . . . , n) data type, an exponential similarity

matrix will be calculated using the expression as follows:

W(i, j) = exp

(
−ρ2(xi,xj)

µϵij

)
Where the euclidean distance between two samples xi and xj is given by ρ(i, j).The

similarity matrix m ×m between two patients is denoted by W(i, j), the hyper-

parameter and scaling factor required for eliminating the scaling problem is rep-

resented by µ and ϵ respectively. The similarity matrix P(v) and KNN similarity

120



matrix S(v) of all patients are calculated by the following expressions:

P(i, j) =


W(i,j)

2Σk ̸=iW(i,k)
, j ̸= i

12, j = i

S(i, j) =


W(i,j)

Σk∈Mi
W(i,k)

, j ∈Mi

0, otherwise

Suppose there are two datatypes, then the following process will be followed:

1. Calculate P(1), P(2), S(1), S(2). Let the initial status matrices at time t = 0

is represented by P
(1)
t=0 = P(1), and P

(2)
t=0 = P(2)

2. Update the developed matrix recursively as follows:

P
(1)
t+1 = S(1) ×P

(2)
t × (S(1))T ,

P
(2)
t+1 = S(2) ×P

(1)
t × (S(2))T

3. The complete matrix for t steps will be computed and is given by the fol-

lowing expression:

P(t) =
P

(1)
t +P

(2)
t

2

For a larger number of data types, the above process can be easily generalized and

is given as follows:

P(v) = S(v) ×
(
Σk ̸=vP

(k)

m− 1

)
× (S(v))T

where the value of v is 1, 2, . . . , n. SNF efficiently merges similarity networks with

paired patient similarity measurements into a single fused network called PSNs.

In the current study, the extracted CNVs, mRNAs, and rppas from MVAE are

used as input, and their corresponding similarity is calculated, which returns the

adjacency matrix as an output. The adjacency matrix and feature matrix are

passed to the modeling phase for breast cancer subtype classification and are

given in the following section.

5.1.5 Modeling

The feature matrix from MVAE and adjacency matrix from SNF are passed as

input to a Simplified Graph Convolutional Network (SGC) for cancer subtype
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classification. The complete working of SGC is described in the given subsection.

5.1.5.1 Simplified Graph Convolutional Networks

Graph Convolutional Networks (GCNs) [172] accept as input a graph that already

has some of its nodes labeled, and then they make label predictions for the rest

of the graph’s nodes [248]. Consider the graph G = (V,A), where V denotes the

vertex set containing nodes (v1, . . . , vn), and an adjacency matrix A ∈ Rn×n that

is often sparse in which the weight of the edge between two nodes vi and vj is

represented by aij. There is an associated d -dimensional feature vector xi ∈ Rd

associated with each of the graph’s nodes vi. The whole feature matrix xi ∈ Rn×d

places n feature vectors one above the other in the form of a stacked list, denoted

by the notation X = [x1, . . . ,xn]
T. Each node is a member of one of the C classes

having C-dimensions with values 0 and 1. In this, labels for some of the nodes are

known, and the goal of GCN is to predict the labels for the unknown nodes. GCNs,

like Multi-layer Perceptron (MLP) [249], learn the new feature representation for

each node’s feature xi over numerous layers and feed it into a linear classifier. For

K-layer GCN, the input nodes and output nodes are represented by the matrix

H(K−1) and HK respectively. The input to the first layer of GCN is given by the

following expression:

H(0) = X

To distinguish the K-layer GCN from MLP, a feature propagation method is used,

which smoothes the hidden representations locally along the graph edges and

promotes neighboring nodes to make similar predictions and is given as follows:

HK = SH(K−1)

Here, the normalized adjacency matrix with added self-loops is denoted by S. The

smoothed hidden feature representations are linearly modified, and each layer is

connected to a learned weight matrix Θ(K) [250]. Finally, a nonlinear activation

function Rectified Linear Unit (ReLU (R)) is applied pointwise before outputting

feature representation H(K+1) and is given by the expression as follows:

HK+1 = R(SHKΘK)

For the classification of the n nodes, a softmax classifier is utilized in the final layer

of a GCN to predict the labels. The class predictions for n nodes is represented

using the notation Ŷ ∈ Rn×C , where ŷic is the probability of node i belonging to
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class c. For K-layer GCN, the class prediction Ŷ can be expressed by Eq. (5.3):

ŶGCN = softmax(SR(. . .SR(SXΘ1)Θ2 . . .)ΘK) (5.3)

where

softmax(x) =
exp(x)∑C
c=1 exp(xc)

is a normalizer that works across all classes. The normalized adjacency matrix and

the input matrix of the first input node are represented by S and X, respectively.

A learned weight matrix is given by Θ1, . . . ,Θ(K). The structure of GCN is quite

complex. As a result, SGC [172] has been proposed to reduce the complexity. This

will be accomplished sequentially by reducing nonlinearities and collapsing weight

matrices between succeeding layers. It does this by smoothing the node input

features by employing powers of the normalized adjacency matrix in conjunction

with self-loops. It employs a single softmax layer, simplifying GCN on smoothed

node features. The non-linear transition functions, i.e., ReLU (R) between each

layer of GCN, is removed, and only the softmax function is considered to obtain

the probabilistic output. Therefore, by using Eq (5.3), the final linear model is

achieved, and the class prediction Ŷ for SGC is calculated, which is given by the

following Eq. (5.4):

ŶSGC = softmax(S . . .SSXΘ(1)Θ(2) . . .Θ(K)) (5.4)

This notation given by Eq. (5.4) is simplified by raising the normalized adjacency

matrix S to the Kth power, which results in a single matrix called SK . This action

collapses the repeated multiplication with S into a single matrix. In addition, we

can reparameterize our weights (Θ(1)Θ(2) . . .Θ(K)) into a single matrix (Θ) and

the resulting SGC is represented by the following expression:

ŶSGC = softmax(S(K)XΘ)

In the given study, the features extracted from MVAE and adjacency matrix from

SNF are passed as nodes and edges to SGC, which runs for 150 epochs with

a learning rate of 0.01. The transformation-based integration is used which is

explained in Section 1.2.1.1. 10-fold cross-validation is used, and the performance

is evaluated by taking the average of each fold. The working of cross-validation

is discussed in Section 3.2.5.8. The fused CNV, mRNAs, and rppas are divided

into 10-fold cross-validation where one fold is used as a test set and 9 folds are
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used as a train set. The performance is evaluated and recorded. This is done

until all the datasets have been explored through train and test fold. The average

of all the folds is computed as the final output. Five parameters comprising

Accuracy, Sensitivity, specificity, precision, and F1-score are computed to evaluate

the performance of the proposed iMVAN model. The complete working of iMVAN

is given in Algorithm 5.1.

Algorithm 5.1 Pseudocode of iMVAN

Input: Dataset D (CNV, mRNA, rppa), D = x1, . . . ,xn, Class Prediction Y,

Initial Parameters (Θ,ψ), z

Output: Top Biomarkers N , Performance Parameters

Begin:

1: Divide D in training and testing set

2: for i ← 1 to 100 do

3: Pass input (xi) to probabilistic encoder (qψ(z|x))
4: Extract Latent Data L from ϵ ∼ η(0, 1)
5: Decode input using probabilistic decoder (pΘ(z|x))
6: Update KL divergence Loss

7: Return Features Fi

8: end for

9: Calculate p-value and survival analysis

10: if p-valueFi
< 0.05 then

11: N ←Top Prognostic Markers

12: else

13: Normal Feature

14: end if

15: for j ← 1 to D do

16: Compute Similarity between Dj

17: Return Adjacency Matrix that is Sj ← Adjacency Matrix

18: end for

19: for all nodes Fi and edges Sj do

20: Y ← SGC(Fi,Sj) ▷ pass Fi,Sj to SGC for training

21: Compute Performance Parameters

22: end for

End

Moreover, the superiority of SGC against GCN is checked through network
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parameters and floating point operations (FLOPs) which is discussed in the given

section.

5.1.5.2 Network Parameter and Floating Point Operations (FLOPs)

Calculation

Network parameters are the variables that are acquired by a neural network

through the process of training. The objective of calculating network parame-

ters is to minimize the discrepancy between the network’s predictions and the

desired output. These are computed as follows:

In GCN, there are three layers, and each has its own weight matrix and bias vector

[251]. Given N nodes, F features, and H hidden layer units, the total number of

network parameters are:

• Input layer weight matrix, with F ×H parameters

• Input layer bias vector, with H parameters

• Hidden layer weight matrix, with H ×H parameters

• Hidden layer bias vector, with H parameters

• Output layer weight matrix, with H ×K parameters

• Output layer bias vector, with K parameters

The final result is determined by computing the total of all the above parameters.

SGC, on the other hand, consists of two sets of weight matrices, one set for

each layer and one bias vector for each layer [172]. Assuming that the input graph

includes N nodes (samples), F features, and H units in the hidden layer, the total

number of network parameters are as follows:

• Input layer weight matrix, with F× H parameters

• Input layer bias vector, with H parameters

• hidden layer weight matrix, with H×K parameters

• hidden layer bias vector, with K parameters

The outcome is calculated by adding up all of these parameters. In these network

parameters, the bias vector value is assumed to be equal to the number of hidden

layers in each layer.
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FLOPs Calculations: FLOPs serve as a metric for quantifying the computing

burden associated with executing mathematical computations involving real num-

bers, specifically those represented as floating-point integers. Within the domain

of DL, the utilization of FLOPs serves as a means to approximate the computing

expenditure associated with executing a neural network. FLOPs are commonly

quantified in terms of arithmetic operations involving floating-point numbers, such

as additions, subtractions, multiplications, and divisions. The quantity of FLOPs

varies according to the size of the input graph and the number of output classes.

Mathematically, it is expressed as:

In GCN, if the input graph contains N nodes and F features, and the output is a

K-dimensional, one-hot vector, then the total number of FLOPs is:

• Graph input: N × F FLOPs

• Activations of the hidden layer: N ×H FLOPs

• Activations of the output layer: N ×K FLOPs

The sum of the parameters mentioned above is computed as the final result.

While in SGC, the number of FLOPs is:

• Input graph: N × F FLOPs

• Output Classes: N ×K FLOPs

The end result is the sum of the above parameters. In the current study, the

network operations and FLOPs are computed to prove the superiority of SGC

over GCN.

5.2 Experimental Setup and Results

5.2.1 Experimental Steps

The minimum hardware requirement to implement the work is 8 GB RAM with

an i5 processor. Python 3.9.0 is used to implement the work. DAVID functional

Analysis [160] is used to perform pathway analysis. KM plotter [163] is used to

perform survival analysis. The libraries used to perform the implementation are

NumPy, pandas, torch, SNF, sklearn, and matplotlib. The scikit-learn library

(https://scikit-learn.org/stable/) is used to implement the DT, RF, and DNN.
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5.2.2 Experimental Steps

The following steps have been implemented for iMVAN based biomarker identifi-

cation for disease subtype classification.

• Multi-omics data comprising mRNA, CNV, and rppa dataset of BRCA pa-

tients have been utilized with BRCA divided into four subtypes. The data

preprocessing is performed using KNNimputer and z-scale normalization.

• Secondly, MVAE is presented to reduce the dimensionality of high-dimensional

feature set. The extracted features are validated using KEGG and survival

analysis test which identifies the prognostic markers for the corresponding

BRCA subtype.

• SNF is presented to integrate the latent features from MVAE which returns

a fused adjacency matrix.

• Ultimately, the MVAE and SNF output is passed to SGC for model training

and testing and the performance is evaluated using five parameters compris-

ing accuracy, recall, specificity, precision, and F1-score which are discussed

in Section 3.2.6.

5.2.3 Experimental Data

The identified markers and features from MVAE and adjacency matrix from SNF

were passed to the SGC for training, as described in Section 5.1. The integrated

dataset, including mRNA, CNV, and rppa, is divided into 70:30 ratios, meaning

70% is used for training and 30% for testing. A 10-fold cross-validation experiment

is performed on the training data to find the optimal model parameters. Then,

the pre-trained model is utilized to make predictions on the testing set [252, 253].

In the present research, there are 511 patients, in which 358 samples are used for

training, and 153 samples are used for testing the model. 10-fold cross-validation is

applied on 358 samples, and the optimal model parameters are obtained. This pre-

trained model is then applied to 153 testing samples to make the final predictions.

Table 5.2 shows the division of samples with total patients.

5.2.4 Results

The results are divided into two parts, MVAE results and SGC results. At first,

the results of MVAE are computed on the TCGA BRCA multi-omics dataset

using DNN. The performance parameters comprising accuracy and F1-score are
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Table 5.2: Division of Samples in training and testing

Sample No. of Patients

Total Samples 511

Training Samples 358

Testing Samples 153

used to calculate the performance of MVAE. MVAE is evaluated on single omics,

that is, CNV, rppa, and mRNA alone, and on integrated omics (CNV + mRNA

+ rppa) data. The results are compared with some existing dimensionality re-

duction techniques, including principal component analysis (PCA), independent

component analysis (ICA), factor analysis (FA), and autoencoders (AE), which

are implemented using the Python scikit-learn library. The results are shown in

Table 5.3.

Table 5.3: Performance of MVAE in comparison with existing dimensionality

reduction methods

Method Parameters CNV mRNA rppa CNV + mRNA

+ rppa

PCA
Accuracy 0.60± 0.04 0.83± 0.04 0.77± 0.01 0.82± 0.04

F1-score 0.55± 0.05 0.80± 0.05 0.73± 0.03 0.80± 0.04

ICA
Accuracy 0.50± 0.03 0.68± 0.03 0.54± 0.02 0.62± 0.04

F1-score 0.42± 0.04 0.62± 0.03 0.44± 0.04 0.56± 0.05

FA
Accuracy 0.59± 0.02 0.78± 0.03 0.74± 0.04 0.70± 0.04

F1-score 0.54± 0.02 0.74± 0.04 0.70± 0.05 0.65± 0.04

AE
Accuracy 0.56± 0.04 0.83± 0.03 0.80± 0.04 0.85± 0.04

F1-score 0.52± 0.05 0.81± 0.05 0.79± 0.04 0.85± 0.05

MVAE
Accuracy 0.62±0.03 0.85±0.01 0.82±0.05 0.88± 0.03

F1-score 0.58±0.04 0.83±0.04 0.81±0.02 0.87± 0.03

10 fold cross-validation (mean ± standard deviation)

The results evidence that the MVAE reduces the dimensionality and extracts

features with an accuracy of 88% and an F1-score of 87%, respectively, on the

integrated dataset. The reason behind the best performance of MVAE is that

multi-omics data include a considerable amount of noise; therefore, the relative

information density is poor, which hinders the performance of conventional al-
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gorithms. In addition, standard algorithms are linear approaches that cannot

identify possible nonlinear correlations in complex biological data.

Additionally, to show the importance of top markers extracted by MVAE,

heatmaps are designed for CNV, mRNA, and rppa features as shown in Figure

5.2. The intensity of the color used in heatmaps shows the relative significance of

(i) CNV Heatmap (ii) mRNA Heatmap (iii) rppa Heatmap

Figure 5.2: Heatmaps for extracted CNV, mRNA, and rppa genes [3]

each feature compared to the other features. It is visible from the heatmaps that

most CNVs are significant in the basal and HER2 subtypes. mRNA transcripts

are essential in the Luminal B subtype, and rppa proteins are equally important in

each subtype. Moreover, to identify the top genes, that is, genes with the highest

priority, KEGG analysis, and survival analysis is performed, which identify the

prognostic markers.

5.2.4.1 Biological Interpretation of identified biomarkers

The identified features from MVAE are validated using KEGG and survival anal-

ysis tests. The complete working of KEGG analysis and survival analysis is given

in Section 3.2.4. In KEGG, the pathway analysis is performed, which identified

five genes comprising GSTM1, AGT, CDH1, RET, and CALML5 with a p-value

less than 0.05. GSTM1 plays a vital role in the Her2 subtype of breast cancer.
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GSTM1 is present in locus with 3 KB in size, and it can lead to an increased

breast cancer risk [163]. AGT is highly important in the basal subtype of breast

cancer and is identified as a prognostic marker [254] in colorectal cancer. CDH1

is present in the Her2 subtype of breast cancer, and it is identified as a driver

gene by [255], which can lead to tumor progression. RET is highly important in

Luminal A and B and is identified as a candidate marker in the advancement of

breast cancer [256]. CALML5 played an essential role in the basal subtype and is

identified as a poor prognostic marker in breast cancer [257].

Moving ahead, the pathway analysis of mRNA’s has been done, and seven

markers comprising ERBB2, PTEN, ESR1, CCND1, FZD6, LRP5, and FZFR1

are identified. ERBB2 is highly important in Her2 and Basal subtypes of breast

cancer. ERBB2 is recognized as a poor prognostic marker and plays a vital role in

tumor aggressiveness [258]. PTEN plays a crucial role in basal, Her2, and Luminal

B subtypes followed by CCND1, which is essential in all subtypes and identified as

a molecular marker of hormone responsiveness [259]. PTEN is identified by [260]

as an excellent prognostic marker and has a vital role in the prevention of breast

cancer. ESR1 is found in the Luminal A subtype and is identified as a prognostic

marker in metastatic breast cancer [261]. Moving ahead are the FGFR1 and FZD6,

which play an essential role in the Luminal B subtype. FGFR1 is identified as

a prognostic and predictive marker in Luminal B breast cancer [262], and FZD6

leads to an aggressive increase in neuroblastoma cells [263]. It is identified as a

new surface marker. LPR5 is found in the basal subtype. It is recognized as a

tumor suppressor gene in metastatic breast cancer [264].

Similarly, pathway analysis of rppa data is performed, which identified five

markers comprising BRAF, BCL2, AR, ETS1, and MSH6 with a p-value less than

0.05. AR and ETS1 are key markers in the Luminal A subtype followed by BCL2,

which plays a significant role in the Luminal B subtype. BRAF is found in the

basal subtype, and MSH6 is almost equally important in the Luminal A and B

subtypes. AR is identified as a unique prognostic marker for targeted therapy

[265]. BCL2 protein expression acts as an indicator of a favorable prognosis in

Breast Cancer. The link between BCL2+ and Estrogen Receptor (ER+) has been

used to explain why BCL2+ patients have a higher survival rate [266]. MSH6 is

identified as a risk biomarker with an increased risk of breast cancer [267]. BRAF

is spotted as a driver gene in the Her2 subtype of breast cancer [268]. ETS1 is

recognized as a prognostic marker for relapse-free survival in breast cancer [269].

Furthermore, the genes are then passed to the survival analysis test. The

10-year overall survival is selected. The Hazard Ratio (HR) is computed, which
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depicts that the patients with higher hazard, that is, close to one or greater than

one are at higher risk of death.

The p-value and hazard ratio are calculated for each identified gene and are

shown in Table 5.4.

Table 5.4: Survival Analysis of Identified Markers

Data Type Biomarker P-value Hazard Ratio Breast Cancer Subtype

CNV

GSTM1 0.008 0.69 (0.62-0.76) Her2

AGT 0.0065 1.08 (0.93-1.27) Basal

CDH1 0.0004 0.98 (0.81-1.18) Her2

RET 0.04 0.82 (0.68-0.99) Luminal A and Luminal B

CALML5 0.01 1.55 (1.27-1.89) Basal

mRNA

ERBB2 0.00021 1.47 (1.2-1.81) Basal and Her2

PTEN 0.018 0.72 (0.55-0.95) Basal, Her2 and Luminal B

ESR1 0.0014 0.58 (0.48-0.71) Luminal A

CCND1 0.0017 1.14 (0.95-1.38) Basal, Her2, Luminal A, and B

FZD6 0.0056 1.55 (1.08-1.59) Luminal B

LRP5 0.023 0.79 (0.65-0.97) Basal

RPPA

BRAF 0.033 1.22 (0.82-1.83) Basal

BCL2 0.0017 0.56 (0.39-0.81) Luminal B

AR 0.016 1.37 (0.88-2.14) Luminal A

ETS1 0.032 0.65 (0.44-0.97) Luminal A

MSH6 0.026 1.25 (0.84-1.86) Luminal A and Luminal B

From survival analysis, it is found that out of a total of 17 markers, nine

markers comprising AGT, CDH1, CALML5, ERBB2, CCND1, FZD6, BRAF,

AR, and MSH6 have hazard ratios close to one and greater than one, which shows

that these markers are identified as poor prognostic markers. The survival analysis

plots of identified markers have been shown in Figure 5.3.
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(i) AGT (ii) CDH1 (iii) CALML5

(iv) ERBB2 (v) CCND1 (vi) FZD6

(vii) BRAF (viii) AR (ix) MSH6

Figure 5.3: Survival analysis plots for poor prognostic markers [3]

5.2.4.2 Disease subtype classification results

To classify cancer data into its subtypes, the extracted latent data from MVAE and

similarity matrix from SNF have been utilized and passed to SGC. The dataset

is divided into 70:30 training and testing, which means 70% is used for training

data, and 30% is used for testing data. 10-fold cross-validation is used on training

data to optimize the model parameter, and the mean accuracy of 10-fold is the
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estimated result. The pre-trained model is then used to test the performance

of testing data. The performance is evaluated using five parameters comprising

accuracy, recall, specificity, precision, and F1-score. The results of iMVAN have

been compared with DT, RF, DNN, SGC + MVAE, and SGC + SNF, and it is

evident from the results that iMVAN performed better with an accuracy of 88%

and an F1 score of 89%. The results of iMVAN are shown in Table 5.5 below.

Table 5.5: Performance Evaluation of iMVAN

Work Accuracy Recall Specificity Precision F1-score

DT 0.74± 0.04 0.78± 0.03 0.80± 0.05 0.75± 0.01 0.69± 0.02

RF 0.85± 0.03 0.84± 0.01 0.86± 0.04 0.83± 0.02 0.84± 0.01

DNN 0.85± 0.02 0.85± 0.03 0.86± 0.02 0.84± 0.02 0.85± 0.03

SGC + SNF 0.79± 0.03 0.81± 0.02 0.79± 0.03 0.76± 0.05 0.80± 0.04

SGC + MVAE 0.85± 0.05 0.89± 0.03 0.90± 0.03 0.86± 0.02 0.86± 0.03

iMVAN 0.87± 0.04 0.90± 0.05 0.91± 0.03 0.88± 0.03 0.88± 0.03

Moreover, the bar plots have been plotted for accuracy, recall, specificity, pre-

cision, and F1-score to show the effectiveness of the iMVAN and are shown in

Figure 5.4. It is visible from the plots that the iMVAN performed well in terms

of accuracy, recall, specificity, precision, and F1-score values of 87%, 90%, 91%,

88%, and 88%, respectively.

5.2.4.3 Validation of iMVAN on KIPAN and CESC

To validate the proposed iMVAN, two cancers comprising TCGA KIPAN (Pan

Kidney Cohort) and TCGA Cervical and Endocervical Cancer (CESC) have been

used. The total number of patients in KIPAN and CESC is 746 and 163, re-

spectively. The KIPAN is divided into three subtypes comprising Kidney Clear

Cell Carcinoma (KIRC), Kidney Chromophobe (KIHC), and Kidney Papillary

Cell Carcinoma (KIRP). Similarly, Cervical Cancer is composed of two subtypes,

including Cervical Squamous Cell Carcinoma (CSCC) and Endo Cervical Adeno-

carcinoma (ECA). The CNV, mRNA, and rppa datasets from TCGA [246] for

TCGA KIPAN and TCGA CESC are used and preprocessed using KNNimputer

and z-scale normalization. Then MVAE is applied and, results have been com-

puted, which are shown in Table 5.6. It is visible from the results that MVAE
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(i) (ii) (iii)

(iv) (v)

Figure 5.4: Bar plots for accuracy, recall, specificity, precision, and F1-score [3]

performed well on KIPAN and CESC with an accuracy of 92% and 86%, respec-

tively. Table 5.6 shows the results of MVAE for TCGA KIPAN and TCGA CESC.

Table 5.6: Performance of MVAE on TCGA KIPAN and TCGA CESC

Dataset TCGA KIPAN TCGA CESC

Accuracy F1-score Accuracy F1-score

CNV 0.68± 0.03 0.62± 0.04 0.61± 0.04 0.60± 0.04

mRNA 0.87± 0.02 0.85± 0.03 0.85± 0.02 0.84± 0.03

rppa 0.85± 0.02 0.83± 0.03 0.80± 0.04 0.79± 0.04

CNV + mRNA + rppa 0.92± 0.02 0.90± 0.03 0.86± 0.03 0.85± 0.02

Further, the KEGG and survival analyses are also applied to TCGA KIPAN

and TCGA CESC patients. The pathway analysis identified four CNV markers

comprising FGB, C6, FGG, and PLG, four mRNA markers including EFNA5,

EFNA5, ROBO1, SEMA3E, and five rppa markers consisting of BRAF, MAPK9,

CDKN1A, BAK1, and EGFR for TCGA KIPAN and four CNV markers includ-

ing MMP13, CXCL6, CXCL5, MMP1 and three mRNA markers including BIRC2,

BIRC3, MAPK10 and five rppa markers including RAD51, MYC, DVL3, ETS1,
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VHL for TCGA CESC patients. Additionally, survival analysis is also performed

on TCGA KIPAN and TCGA CESC, which identified six poor survival mark-

ers comprising EFNA5, CADM2, SEMA3E, FGB, FGG, and BAK1 for TCGA

KIPAN and six poor survival markers including MMP13, CXCL6, CXCL5, MMP1,

BIRC2, and MYC for TCGA CESC patients respectively and is shown in Table

5.7.

Table 5.7: Survival Analysis Results on TCGA KIPAN and TCGA CESC

Data

Type

TCGA KIPAN TCGA CESC

Marker
P-

value
HR

Sub-

type
Marker

P-

value
HR

Sub-

type

CNV

EFNA5 0.0008
2.28

(1.69-3.08)
KIRP MMP13 0.014

1.44

(0.88-2.34)
CSCC

CADM2 0.0075
1.31

(0.97-1.77)
KIRC CXCL6 0.038

1.64

(1.02-2.64)
ECA

ROBO1 0.0007
0.59

(0.44-0.81)
KIRP CXCL5 0.0028

2.34

(1.46-3.74)
CSCC

SEMA3E 0.0001
2.28

(1.69-3.08)
KIHC MMP1 0.0008

2.31

(1.39-3.83)
CSCC

mRNA

FGB 0.011
1.34

(0.93-1.93)
KIHC BIRC2 0.037

1.26

(0.76-2.08)
ECA

C6 0.0029
0.63

(0.47-0.86)
KIRC BIRC3 0.038

0.81

(0.51-1.3)
ECA

FGG 0.008
1.33

(0.97-1.83)
KIHC MAPK10 0.017

0.69

(0.41-1.17)
CSCC

PLG 0.0006
0.4

(0.29-0.55)
KIRP - - - -

RPPA

EGFR 0.0015
0.6

(0.43-0.82)
KIRP RAD51 0.0082

0.43

(0.23-0.82)
ESA

BRAF 0.0001
0.56

(0.42-0.76)
KIRC MYC 0.005

1.98

(1.21-3.23)
CSCC

MAPK9 0.00011
0.54

(0.4-0.74)
KIRP DVL3 0.013

0.65

(0.37-1.15)
ESA

CDKN1A 0.0031
0.62

(0.45-0.85)
KIHC ETS1 0.029

0.75

(0.44-1.27)
CSCC

BAK1 0.028
1.87

(1.38-2.54)
KIRP VHL 0.085

0.66

(0.41-1.06)
ECA

The extracted features from MVAE are combined with the results of SNF,

which are then trained using SGC, and final predictions for iMVAN have been

made. From the findings, it has been found that iMVAN performed well on TCGA

KIPAN and TCGA CESC with 0.999± 0.1 and 0.87± 0.02 respectively. Table 5.8

showed the results of iMVAN on TCGA KIPAN and TCGA CESC respectively.

The sensitivity, specificity, precision, and F1 score is also computed, which is

(0.99 ± 0.2, 0.99 ± 0.009, 0.98 ± 0.02, and 0.99 ± 0.01) and (0.88 ± 0.2, 0.89 ±
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0.04, 0.88±0.4, and 0.90±0.01) respectively for TCGA KIPAN and TCGA CESC.

Table 5.8: iMVAN results on TCGA KIPAN and TCGA CESC

Parameter TCGA KIPAN TCGA CESC

Accuracy 0.999± 0.1 0.87± 0.02

Sensitivity 0.99± 0.2 0.88± 0.2

Specificity 0.99± 0.009 0.89± 0.04

Precision 0.98± 0.02 0.88± 0.4

F1-score 0.99± 0.01 0.90± 0.01

5.3 Computational Effectiveness of iMVAN

To show the effectiveness of presented SGC over GCN, network parameters and

FLOPs are calculated. The calculations of network parameters and FLOPs for

SGC and GCN are described in Section 5.1.5.2. In the current research, MVAE ex-

tracts 100 features for each data type comprising CNV, mRNA, and rppa. There-

fore, a total of 300 features (F ) are there, with 511 samples (N) and four classes

(K) for the TCGA BRCA dataset. A total of 64 hidden layers (H) have been used

in the proposed model. The total parameters for SGC are computed as follows:

Input Layer parameters = 300× 64

Input Layer bias = 64

Hidden Layer parameters = 64× 3

Hidden Layer bias = 3

So, by computing the total, 19,459 network parameters have been achieved. On

the other hand, GCN has a total of 23,555 parameters, much more than the SGC

parameters. Hence, it shows that SGC is far more effective than GCN.

Similarly, FLOPs are also calculated for SGC and GCN. For SGC, the total FLOPs

for the input graph and output classes are (511× 300) and (511× 3), respectively.

Hence, 1,54,833 FLOPs have been achieved. For GCN, total FLOPs are 1,87,537,

clearly showing that GCN is more complex than SGC.
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Additionally, the results of iMVAN have been compared with existing works com-

prising [270] and [271]. In these existing works, a 10-fold cross-validation method

is used as a verification method. iMVAN also utilized a 10-fold cross-validation

method to tune the model’s parameters. The results are computed, and it proves

that the iMVAN performed well with an improvement of 6% and 4%, respectively

in terms of accuracy. The results for TCGA KIPAN and TCGA CESC have also

been computed, proving that the iMVAN performed efficiently with an accuracy of

0.999± 0.1 and 0.87± 0.02 respectively. The results of the comparison of iMVAN

with existing work are shown in Table 5.9. The bar plot has also been plotted to

Table 5.9: Comparison of iMVAN with Existing Work

Dataset Work Accuracy

TCGA BRCA

[270] 82%

[271] 84%

iMVAN 87%

TCGA KIPAN

[270] 99%

iMVAN 99.99%

TCGA CESC

[272] 84%

iMVAN 87%

depict the efficacy of iMVAN and is shown in Figure 5.5.

Figure 5.5: Bar plot for comparison of existing work with iMVAN [3]
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5.4 Conclusion

This chapter presented the biomarker identification and disease subtype classi-

fication using the developed iMVAN approach. The iMVAN is developed using

MVAE, SNF, and SGC in which MVAE is used to reduce the dimensionality

of high-dimensional multi-omics datasets comprising CNV, mRNA, and rppa for

TCGA BRCA patients. KEGG and survival analysis on reduced features is per-

formed to identify the prognostic markers. The SNF is employed to integrate

the multi-omics datasets which is a transformer-based integration technique. The

output from MVAE and SNF is passed to SGC for subtype classification of BRCA

patients. The iMVAN is validated on TCGA KIPAN and TCGA CESC subtypes.

The enhanced and accurate performance of biomarker identification and disease

subtype classification using iMVAN can be helpful in recommending treatment to

a patient.

In the next chapter, the HBS-STACK approach for biomarker identification

and disease prediction in multi-omics datasets is discussed.
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Chapter 6

HBS-STACK: Hierarchical Biomarker Se-

lection and Stacked Ensemble for Disease

Prediction

In the previous Chapter, a proposed iMVAN based integrative multimodal varia-

tional autoencoder approach for multi-omic biomarker identification for disease

subtype classification is discussed. The iMVAN demonstrates remarkable effi-

ciency to significantly contribute to patient care through accurate identification

of biomarkers in multi-omics data for disease subtype classification of Breast, Pan

kidney, and Cervical Cancer.

In this Chapter, a detailed overview of the developed HBS-STACK approach based

on the proposed framework using a hierarchical biomarker selection and stacked

ensemble for disease prediction in multi-omics data is discussed in detail. The

design of HBS-STACK is built using data acquisition, data preprocessing, hierar-

chical feature selection, biological significance, modeling using a stacked ensemble,

and performance evaluation. In the chapter, multi-omics datasets of multiple dis-

eases are taken to validate the HBS-STACK approach.

This chapter starts with the discussion of the proposed HBS-STACK approach in

Section 6.1. The experimental analysis and results are given in Section 6.2. The

results are discussed in Section 6.3. At the end, conclusion is provided in Section

6.4

6.1 Overview of HBS-STACK approach

This section introduced and discussed in detail the HBS-STACK approach based

on hierarchical biomarker selection and stacked ensemble model for disease predic-

tion in multi-omics data. The HBS-STACK approach is designed using six phases,

involving Multi-Omics Data Collection, Data Preprocessing, Feature/ Biomarker

Selection, Biological Interpretation, Modelling, and Performance Evaluation phase

as shown in Figure 6.1 and are explained in detail below.
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Figure 6.1: Workflow of HBS-STACK [4]

6.1.1 Data Collection

Multi-omics dataset including Gene Expression and miRNA at the transcriptomic

level, and DNA Methylation (DM) at the genomic level for the identification of

the biomarkers related to breast cancer prediction. First, the publicly available

portal TCGA (The Cancer Genome Atlas Portal) is used to download the data.

The complete description of TCGA is given in Section 3.2.1.1. This downloaded

dataset consists of a different number of samples. The gene expression, DM,

and miRNA comprehend 1222, 895, and 1207 samples. Therefore, to find the

common patients, the Venn diagram is used, and finally, 841 patients have been

obtained with 766 patients having solid tumors and 75 patients with non-tumors.

The HTSeq-Counts value is used for gene expression, and the total number of

features is 56602. For DM, Illumina Human Methylation 450 array methylation

chip data is used in which 4,85,577 probes are there, which covers almost 96% of

CpG islands. Similarly, for RNA, miRNA expression values are used with 1372

features. To download the dataset, the TCGABiolinks package has been used.

The downloaded dataset is present in the raw form. It contains thousands of

missing values which need to be removed for further processing. Therefore, data

preprocessing is required which is discussed in the following section.

6.1.2 Data Preprocessing

Data Preprocessing is the process of data cleaning, handling the missing values,

and removal of redundant features. The complete description of data preprocess-

140



ing is given in Section 3.2.2. Firstly, the 10% NA values for gene expression, DM,

and miRNA have been removed. This is done using na.omit function. This will

search for those rows that have more than 10% NAs and directly delete them from

the dataset. Then, the remaining values are imputed using the KNNimputer [273]

function which imputes the smallest distance in place of the remaining NA val-

ues. After imputing the missing values, the remaining features in gene expression,

DM, and miRNA are 54825, 364051, and 999, respectively. The values in gene

expression, miRNA, and DM are inconsistent. Therefore, to provide consistency

between data elements, normalization is done using normalize between array tech-

nique. Normalize between arrays considers information from all samples within a

dataset and establishes a measure to normalize them collectively. This is mostly

used for multi-omics data analysis. The Limma package of R is used to perform the

normalize between array operation on gene expression, miRNA, and DM dataset

of BRCA patients. It is a challenging task to identify features with great impor-

tance for disease prediction. Hence, feature/ biomarker selection techniques are

required which are discussed in the following section.

6.1.3 Feature/ Biomarker Selection

Feature selection is selecting the features or markers with utmost importance. De-

veloping models with datasets having more features compared to samples leads

to a problem of overfitting and poor performance of prediction. To tackle this

challenge of overfitting, feature selection is adopted as it reduces the feature space

by selecting appropriate subset/s. The complete description of the feature se-

lection technique is given in Section 3.2.3.1. To solve the overfitting problem, a

hierarchical feature/ biomarker selection approach is provided for biomarker se-

lection in multi-omics data required for disease prediction. First, the DM dataset

contains the highest number of features, i.e., approximately 3 lakh features. In

these DMs, several CPG sites annotate to a single gene. Therefore, only one gene

for several CPGs can be used for processing. Therefore, to select only one gene,

Aggregate information between CPG site methods is proposed. Still, it contains

thousands of features. Similarly, gene expression and miRNA value contain fea-

tures in thousands. Therefore, two other feature selection techniques including

statistical analysis tests (Fold Change (FC) and False Discovery Rate (FDR))

and a wrapper method approach named light gradient boosting machine with re-

cursive feature elimination (LGBMRFE) have been employed. This three-phase

feature selection is applied in a hierarchical manner and is described in detail in

the following subsections.
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6.1.3.1 Aggregate information between CpG sites and genes

DM data is high dimensional, so working with such a vast dataset is very difficult.

Furthermore, a gene can be associated with multiple CpG sites, leading to re-

dundant features. Therefore, to reduce DM’s dimension and remove redundancy,

methylated genes have been identified by finding the complex biological relations

between the genes and the CpG sites. Mathematically, it worked as follows: Let

CpG is denoted by c and the value associated is given by v, then the average of v

for each c is given by Eq. (6.1) as follows:

Average =
1

n

n∑
i=1

vci (6.1)

Where n is the total CpG sites. Once the average is computed, the methylated

genes (MG) are calculated. For this, a threshold is selected and if the average of

similar probes is greater than the threshold, then that gene is considered a methy-

lated gene. The methylated genes are calculated by fusing the avereps function of

the limma package, which calculates the aggregated value for each CpG site. This

reduces the dimension of the DM to 30000 features.

6.1.3.2 Fold Change (FC) and False Discovery Rate (FDR)

FC and FDR are the statistical tests employed to reduce the dimensionality of

high-dimensional multi-omics datasets. The complete detail of FDR and log2(FC)

is given in Section 3.2.3.3. The tests are applied to miRNAs, DMs, and gene

expression datasets of BRCA features, and only those features have been selected

where |log2(FC) > 0.5| and FDR < 0.05. This step returns 15924, 10000, and

373 features of gene expression, DM, and miRNA expression, respectively. This

is still a huge feature set. Selecting only those features that are responsible for

disease diagnosis will help doctors guide treatment therapies by focusing on those

selected biomarkers. Therefore, LGBMRFE is presented and is discussed in the

following section.

6.1.3.3 LGBMRFE

LGBMRFE (Light Gradient Boosting Machine with Recursive Feature Elimina-

tion) is a wrapper technique employed to identify the markers with high signifi-

cance. The description of LGBMRGE is given in Section 3.2.3.1. RFE works by

successfully eliminating features from the training dataset until the target num-

ber remains. LGBM calculates the gradient score for each feature and selects
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the top features, which are then passed to RFE. RFE selects the best features

and ranks them according to their importance. The reason behind choosing this

method is that the computing power of LGBM is quite good, which shows that

it can efficiently work well with large datasets [154]. Moreover, the LBGMRFE

supports parallel processing means it trains the trees parallelly thus reducing the

computational time. LGBMRFE returns a total of 30 miRNAs, 50 DEGs, and 65

DMs, respectively. The top 5 features have been selected from each datatype as

the identified markers. The complete description of the dataset before and after

preprocessing and feature extraction is shown in Table 6.1. Further, the combined

top 5 markers from all the types are validated using DAVID functional analysis

which is discussed in the following section.

Table 6.1: Description of Dataset

Data No. of samples No. of features Features after Pre-

processing

Features after extraction

miRNA 1207 1372 999 - 373 30

mRNA 1222 56602 54825 - 15000 50

DM 895 485577 364051 30000 10000 65

6.1.4 Biological Interpretation

To validate the identified markers, i.e., the top 5 markers from the integrated

multi-omics data, DAVID functional analysis has been performed. The complete

description of DAVID functional analysis is given in Section 3.2.4. This proves the

validity of identified markers and shows their significance in the pathway analysis,

cell adhesion, cell growth, and signal transduction respectively. Further, identified

markers along with extracted features are passed to the modeling phase for disease

prediction which is detailed in the following section.

6.1.5 Modeling

A Stacked ensemble of Gradient Boosting Machine (GBM), Random Forest (RF),

Naive Bayes (NB), and Deep Neural Network (DNN) is developed for disease pre-

diction based on the identified multi-omics features/ biomarkers. Stacking works

by using multiple heterogeneous weak models at first-level training to train only
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a portion of the problem but not the whole problem. The training of the weak

learner is done in parallel [274]. Hence, different base learners have been built,

which can be used to make first-level or intermediate predictions [275]. Afterward,

a new model called meta-model or meta learner is added, which will make pre-

dictions on the same class variable by considering the intermediate predictions as

features. Stacking is also known as Stacked Generalization. It is called stacking

because the meta-model is trained on the top of the base models just like the

stack. The structure of stacking is shown in Figure 6.2.

Figure 6.2: Structure of Stacking [4]

Suppose there are M heterogeneous weak learners and one-second-level learn-

ers, i.e., meta-learners. The training is performed on the training set by applying

k-fold cross-validation using M learners, and predictions are made as p1, p2, . . .,

and pm at the first level. The predictions from the first level are treated as features,

i.e., N features are formed, and then a new dataset []N×M and []y is made using

these N features and y target variable for second-level training. Where N ×M

is a feature matrix. This new dataset is trained using a meta-learner, and final

predictions are made at second-level training [276].

The extracted gene expression, DM, and miRNA features along with the identi-

fied markers are integrated using concatenation-based integration. Concatenation-

based integration is discussed in Section 1.2.1.1. Three heterogeneous based learn-

ers comprising NB, RF, and GBM are used as base learners to make interme-

diate predictions, i.e., first-level predictions. The selected algorithms NB, RF,

and GBM, each embody distinct methodologies rooted in specific principles. NB

operates on Bayes’ theorem within a probabilistic framework. RF employs an

ensemble approach utilizing decision trees. GBM integrates boosting with en-

semble learning techniques. The inherent diversity within the data facilitates the

inclusion of numerous features, thereby enhancing the generalization capability of

the models [277]. RF and GBM demonstrate resilience towards noisy data and

excel at handling outliers. This is accomplished through their respective mecha-

nisms: RF aggregates predictions from multiple trees, while GBM prioritizes the
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most informative features. Furthermore, NB exhibits robust performance in high-

dimensional datasets characterized by noisy features, owing to its probabilistic

nature and independence assumptions. Despite experimentation with alternative

methods such as SVM, XGBoost, and DT, satisfactory results were not obtained.

Therefore, NB, RF, and GBM were selected as the base models for this study.

The performance is evaluated using these base models. Then, these intermedi-

ate predictions have been considered as features that are then passed to a meta

learner, i.e., DNN for second-level predictions. The complete description of the

learning models is given in Section 3.2.5. The experiment is validated using 10-

fold cross-validation meaning one fold is used for testing and the remaining 9

folds for training. The average is computed for each fold which is used as a final

performance. The algorithm of the HBS-STACK is given in the Algorithm 6.1.

6.2 Experimental Setup and results

6.2.1 Experimental Data

The integrated dataset, including miRNA, gene expression, and DM, is divided

into 70:30 ratios, meaning 70% is used for training and 30% for testing. There are

a total of 842 patients in BRCA of which 588 samples are used for training, and 254

samples are used for testing the model. The evaluation of model performance solely

on training data can lead to potential misinterpretation. In order to effectively

assess a model’s performance and to remove the overfitting, it is imperative to

employ methodologies such as cross-validation as discussed in Section 3.2.5.8. This

technique involves partitioning the dataset into various subsets, enabling the model

to be trained and tested on distinct portions of the data. This approach offers

a more precise estimation of the model’s performance on data that has not been

previously observed.

6.2.2 Experimental Setup

The minimum hardware requirement required to implement the work is 8 GB

RAM with an i5 processor. RStudio 3.5.1 is used for training and testing, Biomart

converts the gene IDs and probe IDs to gene symbols, and Python 3.9.0 is used to

implement LGBMRFE because of the large size of the dataset. The description of

tools used is given in Section 3.1. Moving ahead, the packages used to implement

the research are TCGAbiolinks, dplyr, SummarizedExperiment, limma, and H2o.

TCGABiolinks package is used to retrieve, download, prepare, analyze, and
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Algorithm 6.1 Pseudocode of HBS-STACK

Input: Training Dataset D {D = {Xi, Yi}}, i=1 to m

Output: Top Biomarkers N, Performance Parameters

Begin:

1: Step 1- Preprocess Dataset

2: for each sample S in D do

3: D < −na.omit(D) ▷ omit 20% missing values

4: D < − KNNimpute(D) ▷ impute remaining missing values

5: end for

6: Step 2- Extract Features

7: for each Feature Fi in DM do

8: Fi < − avereps(Fi)

9: end for

10: for each Feature Fi in MI, G, DM do

11: if (|log2(FC) > 0.5|andFDR < 0.05) then

12: Select Fi Else discard feature

13: end if

14: end for

15: Set R={}
16: for selected features, Fi in D do

17: Train LGBMRFE on each Fi Calculate gradient score

18: Select Fi with large gradients

19: end for

20: Select the top 5 genes for each D

21: Integrate Selected Features for each D

22: Step 3- Learning ▷ Divide dataset into Training and Testing

23: Impose k-fold Cross Validation

24: for k=1 to K do

25: for for n=1 to N do ▷ N is no. of learners

26: Train base Learners hkn ▷ h is a base learner

27: end for

28: Create new training set from base predictions

29: Train DNN on new dataset ▷ DNN is a meta learner

30: Test the performance on the testing dataset

31: Compute Performance Parameters

32: end for

End
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visualize the TCGA dataset by accessing the Genomics Data Common Data

(GDC) portal. SummarizedExperiment is used to access the assay values repre-

sented in the form of matrix-like objects. The limma package is used to normalize

the data using the normalizeBetweenArrays function. H2o is an open-source plat-

form used to implement multiple supervised, and unsupervised ML algorithms run

in parallel.

6.2.3 Experimental Steps

The HBS-STACK based biomarker selection for disease prediction discussed in

this Chapter is designed using the following steps.

• The publicly available multi-omics dataset comprising gene expression, miRNA,

and DM of BRCA patients is downloaded from the TCGA portal. The miss-

ing values have been removed and imputed and normalization is performed

to maintain consistency.

• A hierarchical feature/ biomarker selection method is developed which con-

sists of aggregate information between CPG sites and genes, statistical tests,

and LGBMRFE which returns the top features.

• The extracted top 5 features/ biomarkers are validated using DAVID anal-

ysis.

• Stacking of four learners comprising NB, RF, GBM, and DNN is proposed

on the integrated dataset for disease prediction. The performance of the

proposed HBS-STACK approach is evaluated using 6 parameters comprising

accuracy, sensitivity, specificity, precision, the area under curve (AUC), and

Mathews correlation coefficient (MCC) which are discussed in Section 3.2.6.

6.2.4 Results

The LGBMRFE selects the features and assigns a rank to the selected features.

The top 15 markers from each type considering miRNA, gene expr. and DM are

selected as markers and are discussed in the following subsection.

6.2.4.1 Identified Markers

The feature importance plot for identified markers has been plotted and shown in

Figure 6.3. Out of these 15 markers combined top 5 markers comprising IQSEC1,

LHX5-AS1, ADAMTS5, VEGFD, and LIMA1 have been identified as diagnostic
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biomarkers for BRCA. The identified genes are validated using functional analysis

Figure 6.3: Importance plot for top 15 BRCA features [4]

and Kyoto Encyclopedia of Genes and Genomes (KEGG) Pathway analysis with

the help of David functional analysis tool. From the analysis, it has been found

that IQSEQ1 and VEGFD are involved in endocytosis and MAPK signaling path-

ways respectively. LHX5-AS1 and LIMA1 play an important role in cell division,

immune response, and signal transduction. VEGFD is involved in biological pro-

cesses and molecular functions. From the literature, Ghazala et al. [278] identified

the ADAMTS5 marker, which is under-expressed in invasive ductal breast carci-

noma patients. Stephanie et al. [279] placed the VEGFD marker, which shows a

higher impact on the growth of tumors in breast cancer patients. Lucas et al. [280]

identified LHX5-AS1 as a diagnostic biomarker found in pan-cancer, lung cancer,

and KIRC patients. Similarly, LIMA1 has been recognized by Yan et al. [281] as

the tumor progressor marker of breast cancer. IQSEC1 marker is discovered for

the first time in breast cancer.

Furthermore, along with the identified markers the selected features are inte-

grated and passed to the Stacked ensemble for disease prediction. The proposed

approach is applied to the TCGA BRCA dataset by considering 6 performance

parameters: accuracy, sensitivity, specificity, precision, MCC, and AUC. The ex-

periments have been done in single omics data and integrated omics to show the

variability in results obtained by applying individual heterogeneous models com-

prising GBM, RF, and NB and stacked ensemble with DNN as a meta learner

which are discussed in the following section.

6.2.4.2 Comparison of results in single omics

Table 6.2 shows the result of the HBS-STACK on a single omics dataset. The

individual heterogeneous models have been applied to each type of omics data,

i.e., miRNA, Gene Expression, and DNA data, and compared the results with the

proposed stacked ensemble with DNN as a meta learner. It is visible that the
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proposed stacked method works well with an accuracy of 98.20%, 98.70%, and

98.21% for miRNA, Gene Expression, and DM data, respectively. Compared with

each model, i.e., NB, GBM, and RF, the Stacked ensemble shows an improvement

of 3% for each type. Further, other parameters, including sensitivity, specificity,

precision, AUC, and MCC have been calculated, which shows that the stacked

model outperformed for each type of omics data.

Table 6.2: Model Performance in Single Omics

Model Data Accuracy Sensitivity Specificity Precision AUC MCC

NB

miRNA 95.54% 95.87% 96.29% 94.87% 97.68% 92.02%

Gene Expr. 94.65% 94.88% 94.59% 94.33% 96.92% 94.07%

DM 96.33% 95% 96.12% 95% 97.76% 94.15%

RF

miRNA 95.76% 96% 95.95% 97.22% 97.45% 95.06%

Gene Expr. 92.87% 94.66% 93.65% 92.59% 96.89% 94.51%

DM 94.21% 95% 94.45% 96.66% 95.10% 91.82%

GBM

miRNA 95% 97.79% 95% 96.25% 97.95% 93.90%

Gene Expr. 90.50% 94.79% 92.65% 90.09% 95.89% 92.51%

DM 96.30% 95.33% 96.29% 95.69% 97.43% 91.45%

Stacked

miRNA 98.20% 98.12% 97.12% 97.90% 98.60% 96%

Gene Expr. 98.70% 98.22% 97.45% 97.43% 98.12% 95.51%

DM 98.21% 98.32% 97.50% 98.33% 98.64% 91.88%

Moreover, to show the variation in performance parameters in single omics,

line plots have been plotted and shown in Figure 6.4. The line plots depict that

the stacked ensemble performed efficiently for each parameter.

(i) Accuracy, Sensitivity (ii) Specificity, Precision
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(iii) AUC, MCC

Figure 6.4: Line plots for performance parameters [4]

6.2.4.3 Comparison of Proposed Work in Integrated Omics

The HBS-STACK is applied to the integrated dataset and the performance of

the individual model and the stacked ensemble is evaluated. Table 6.3 shows

the performance parameters obtained using heterogeneous and stacked ensemble

models. It is shown from the results that the stacked ensemble worked efficiently

with an accuracy of 99.60%. Furthermore, it shows an improvement of 2.19%,

3.35%, and 2.37% compared with NB, RF, and GB. The HBS-STACK has a high

sensitivity of 99.98%, a high specificity of 99.95%, and a high AUC of 99.88%,

making it an effective breast cancer prediction model. The presented model’s

high accuracy for breast cancer prediction would aid physicians in making more

accurate decisions, which will help give the patient the most suitable therapy.

Further, bar plots have been plotted to depict the results in Figure 6.5 visually.

Table 6.3: Results obtained using Integrated Omics

Parameter NB RF GBM Stacked Ensemble

Accuracy 97.41% 96.25% 97.23% 99.60%

Sensitivity 96.99% 97.69% 97.78% 99.98%

Specificity 97.59% 97.79% 97.59% 99.95%

Precision 98.68% 98.11% 97.10% 99.99%

AUC 98.75% 98.81% 98.57% 99.88%

MCC 95.85% 96.90% 95.51% 97.98%

The higher bars show that the stacked ensemble outperformed by approximately

3%, 3%, 3%, 2%, 2%, and 2%, in accuracy, sensitivity, specificity, precision, AUC,

and MCC, respectively.
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Figure 6.5: Bar plots for performance parameters[4]

6.2.4.4 Validation on KIRC and Alzheimer Disease

The validation of HBS-STACK is done using TCGA KIRC and Alzheimer’s Dis-

ease dataset. TCGA KIRC dataset is also downloaded from the GDC portal, in

which a total of 346 samples are there, with 322 tumor patients and 24 non-tumor

patients. Similarly for Alzheimers, the ROSMAP [76] dataset has been used,

which contains Alzheimer patients and non-Alzheimer patients, respectively. The

description of ROSMAP is given in Section 3.2.1.1. There are 351 samples in

Alzheimer’s disease (AD) data, with 169 non-AD and 182 AD patients. The to-

tal number of features for each type of omics data comprising mRNA, miRNA,

and DM is 200. The dataset is preprocessed, and feature extraction is performed.

The top 15 features for miRNA, gene expr, and DM are identified for KIRC and

Alzheimer’s disease whose importance plots are shown in the Figure 6.6.

(i) KIRC (ii) Alzheimer

Figure 6.6: Top 15 features for KIRC and Alzheimer [4]

Similarly, the combined top 5 markers identified are ZFHX3, SLC9A3R2,

CTBP2, AQP2, and HOXA6 and cg02008416, CR1, cg21427464, MIRN451, MIRN-

132, for KIRC and Alzheimer, respectively. From David Analysis it has been found

that ZFHX, CTBP2, AQP2, CR1, and cg21427464 are involved in signaling path-
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ways, and pathways in cancer resulting in cell growth. HOAX6 is involved in

biological processes. SLC9A3R2 and TMEM61 play an important role in molec-

ular function resulting in signal transduction. MIRN451 and MIRN132 are in-

volved in cellular processes and gene regulations. From the literature, Hehuan et

al. [282] identified AQP2 markers as down-regulated and marked as prognostic

markers. Xiaofang et al. [283] identified HOXA6 as a prognostic markers, and it

has been identified as low expressed than normal samples. Three new markers,

including ZFHX3, CTBP2, and SLC9A3R2, have been placed in KIRC in which

ZFH3 and CTBP2 were identified as prognostic markers in glioblastoma patients

[284] and hepatocellular carcinoma patients [285]. SLC9A3R2 is recognized as

a good prognosis marker [286]. CR1 is identified by Ali et al. [287] as a diag-

nostic marker for the early detection of Alzheimer’s disease. Aparna et al. [288]

identified cg21427464 (BIN1) as a diagnostic biomarker for early identification

of Alzheimer’s disease. The role of hsa-miR-451, and has-miR-132, described by

Gustavo et al. [289] and it has been found that the has-miR-451, has-miR-132 are

highly upregulated genes in Alzheimer disease. cg02008416 (TMEM61) has been

identified for the first time in Alzheimer’s patients.

Additionally, the extracted features from miRNA, gene expr. and DM along

with identified markers for KIRC and Alzheimer are integrated and passed to HBS-

STACK for disease prediction. The performance is evaluated using 5 parameters

comprising accuracy, sensitivity, specificity, AUC, and MCC and is shown in Table

6.4. From the results, it has been found that the stacked ensemble performed well

for KIRC and Alzheimer with an accuracy of 99.03% and 92.05%, respectively.

6.2.4.5 Comparison of HBS-STACK with Existing Work

The comparative analysis of HBS-STACK with existing works is performed to

prove the superiority of the proposed HBS-STACK. Table 6.5 shows the result

of the proposed work with the existing work. We compared the results of the

proposed work with different authors using single omics and integrated omics.

The proposed work is compared with Srinivasulu et al. [290] using miRNA data.

It shows a higher accuracy of 98.99%, higher sensitivity of 98.12%, and higher

specificity of 97.12%, with an improvement of 18%, 19%, and 17%, respectively.

Moving ahead, we compare the results with Wang et al.[38] using gene expression

data, and it shows an enhancement of 10%, 3%, and 30% in accuracy, sensitivity,

and specificity, respectively. Similarly, the proposed iMVAN outperformed Raweh

et al. [291], Al-beity et al. [292] and Joung et al. [293] on DM and Integrated

Data with an accuracy of 98.91% for DM and 99.6% for integrated omics corre-
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Table 6.4: Results of HBS-STACK on integrated KIRC and Alzheimer features

Disease Data type Accuracy Sensitivity Specificity AUC MCC

KIRC

NB 96.32% 97.24% 96.64% 96.35% 97.48%

RF 95.55% 96.87% 96.99% 96.32% 95.37%

GBM 97% 97.86% 98.21% 97.56% 96.12%

Stacked 99.03% 99.85% 99.99% 98.75% 98.12%

Alzheimer

NB 88.32% 87.61% 86.45% 87.23% 86.54%

RF 87.39% 86.89% 85.97% 86.23% 86.64%

GBM 86.12% 85.59% 87.21% 86.78% 86.11%

Stacked 92.05% 89% 88.14% 88.95% 87.45%

spondingly. The results on KIRC and Alzheimer patients are also compared with

the result of Baoshan et al. [294] and Wang et al. [76] respectively. It is found

that the proposed work works well with an accuracy, sensitivity, and specificity

value of 99.03%, 99.85%, and 99.99%, and 92.05%, 89%, and 88.14% for KIRC

and Alzheimer respectively.

Moreover, to compare the proposed work with the existing work, a bar plot

has been plotted for miRNA, Gene Expression, DM, Integrated data for BRCA,

and integrated data for KIRC and Alzheimer patients, as shown in Figure 6.7.

6.2.4.6 Statistical Analysis to validate significance

The HBS-STACK is validated using statistical tests to prove its significance. Two

statistical tests comprising the Wilcoxon signed rank test for making simple pair-

wise comparisons and the Friedman test for making multiple comparisons. The

hypothesis of the Wilcoxon signed rank test is that the two prediction accuracies

are equivalent. The fundamental assumption of the Friedman test is that there is

no significant dissimilarity in the predictive abilities of the various models under

consideration [245]. The statistical analysis is performed for TCGA BRCA, KIRC,

and Alzheimer datasets in which the performance of the proposed HBS-STACK

is compared with individual GBM, RF, and NB models. The hypothesis is that if

the p-value is less than 0.05, then the test is considered to be significant.
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Table 6.5: Comparison of HBS-STACK with Existing Works

Disease Dataset Methods Accuracy Sensitivity Specificity

BRCA

miRNA

Srinivasulu et al. [290] 80.38% 79% 81%

HBS-STACK 98.99% 98.12% 97.12%

Gene Expr.

Wang et al.[76] 89% 95% 68%

HBS-STACK 99% 98.22% 97%

DM

Raweh et al [291] 98.33% 97% 95%

HBS-STACK 98.91% 98.32% 97.21%

miRNA,

gene expr, DM

Al-Baity et al. [292] 97.33% 96.82% 97.98%

Joung et al. [293] 89.1% 93.56% 92.49%

HBS-STACK 99.6% 99.98% 99.99%

KIRC
miRNA,

gene expr, DM

Baoshan et al. [294] 73% 80% 78%

HBS-STACK 99.03% 99.85% 99.99%

Alzheimer
miRNA,

gene expr, DM

Wang et al. [76] 82% 81.12% 82.44%

HBS-STACK 92.05% 89% 88.14%

Table 6.6: Significance Analysis of proposed HBS-STACK

Type Model Wilcoxon Test Friedman Test

BRCA

HBS-STACK vs NB 0.0041 H0 = e1 = e2 = e3

F=48.62 p-value=3.7e-10

(Reject H0)

HBS-STACK vs GBM 0.0067

HBS-STACK vs RF 0.0034

KIRC

HBS-STACK vs NB 0.0041 H0 = e1 = e2 = e3

F=34.23 p-value=1.9e-8

(Reject H0)

HBS-STACK vs GBM 0.077

HBS-STACK vs RF 0.0034

Alzheimer

HBS-STACK vs NB 0.021 H0 = e1 = e2 = e3

F=39.18 p-value=2.5 e-10

(Reject H0)

HBS-STACK vs GBM 0.015

HBS-STACK vs RF 0.0028

The Wilcoxon and Friedman test results for TCGA BRCA, TCGA KIRC, and

Alzheimer’s are given in Table 6.6. From the results, it has been found that the

HBS-STACK is significant in the case of BRCA and Alzheimer’s. On the other

side, in KIRC, one case is there in HBS-STACK vs. GBM where the p-value is >
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(i) miRNA (ii) Gene Expression (iii) DM

(iv) Integrated (BRCA) (v) Integrated (KIRC) (vi) Integrated (Alzheimer)

Figure 6.7: Bar plots for comparison of HBS-STACK with existing works [4]

0.05. In that case, the value is considered to be non-significant and is violating the

test condition. In the Friedman test, HBS-STACK performed best with a p-value

< 0.05, thus showing the effectiveness in predicting the disease outcome.

6.3 Discussion of Results

In the current research, biomarkers have been identified with hierarchical biomarker

selection comprising aggregate information between CpG and genes, Fold change,

FDR value, and LGBMRFE. Results are evaluated using a proposed stacked en-

semble on a multi-omics dataset from TCGA. Figures 6.3 and 6.6 show the iden-

tified markers in which the markers with their importance in disease are shown.

The plots indicate that IQSEC1 in BRCA, ZFHX3 in KIRC, and TMEM61 in

Alzheimer’s are highly important in diagnosing disease. The three-stage feature

selection is proposed due to the high dimensionality of the multi-omics dataset.

The main contribution of this research is the removal of redundant genes present in

the DM dataset. Multiple CpG probes are associated with one common gene. To

solve this, the average of each gene is calculated which is then compared with some

threshold value. Additionally, the extracted features are passed to statistical tests

and LGBMRFE. The second contribution is to reduce the time while selecting the
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features. Traditional ML algorithms with RFE take a high computational time

while processing the features, LGBMRFE, on the other side, solves this problem.

LGMMRFE works on gradient boosting and supports parallel processing, which

means it trains the trees parallel, thus reducing the computational time. Further,

the identified markers are integrated, and stacking is performed, shown in Tables

6.2, 6.3, 6.4, 6.5, and 6.6. It is visible from the results that the stacked ensem-

ble with DNN as a meta-learner gives the best results as compared to individual

GBM, RF, and NB. This is because the heterogeneous base models provide the

result in probabilities instead of actual class labels, which are further combined

to make a new dataset that provides more context to a meta-learner. RF is an

ensemble method that works by building multiple decision trees and is used to

solve the problem of overfitting. However, it will lead to poor performance if the

dataset used in each decision tree is unbalanced. Also, it is computationally slow

as it makes multiple decision trees to make predictions [295]. GBM is a boosting

algorithm that works by combining various decision trees, and the objective is to

minimize the loss function. It gives accurate results compared to RF because it

tries to reduce the error from each decision tree. Still, it is computationally high

on large datasets and sometimes leads to overfitting [170]. NB is fast, easy to

implement, and gives good results, but it can cause zero probability problems if

test data for some label is not present in the training dataset [168]. DNNs can

learn from the data and make their own decisions like the human brain. They also

offer parallel processing, making it faster for larger datasets [171]. Therefore, DNN

is used as a meta-learner in the stacked model, which performed better with an

accuracy of 99.60%. Moreover, to reduce the overfitting problem, cross-validation

is used which works by dividing data into train and test sets. Every fold offers

a distinct viewpoint into the potential performance of the model on data that

has not been previously observed. Additionally, the validation of the proposed

HBS-STACK is done on the Alzheimer dataset, showing that the proposed HBS-

STACK performed well not only on TCGA BRCA and TCGA KIRC dataset but

on other diseases also. Moving ahead, HBS-STACK is compared with Al-Baity et

al. [292], Baoshan et al. [294], and Wang et al. [76], and it shows an improve-

ment of 2.27%, 26.03% and 10.05% in accuracy for BRCA, KIRC and Alzheimer,

respectively, as shown in Figure 6.7.

6.4 Conclusion

This chapter discussed an HBS-STACK based biomarker selection for disease pre-

diction in a multi-omics dataset. A hierarchical biomarker selection approach is
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presented which includes three feature/ biomarker selection techniques including

aggregate information between CPG sites and genes, statistical tests (FC and

FDR), and LGBMRFE. A three-phase is provided because of the high dimension-

ality of the multi-omics dataset. Further, the biological interpretation is performed

to validate the identified markers. The extracted features and biomarkers are inte-

grated and passed to a proposed stacked ensemble approach for disease prediction.

The proposed HBS-STACK is applied to the TCGA BRCA multi-omics dataset

and validated on the TCGA KIRC and Alzheimer’s disease dataset. The ability

of the proposed HBS-STACK is to identify the most important biomarkers for

disease prediction that will help clinicians guide treatment therapies by focusing

only on the identified markers.

The next chapter will delve into the conclusions drawn from this research work

and discuss potential future directions for biomarker identification in multi-omics

datasets for accurate diagnosis and prognosis.
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Chapter 7

Conclusions and Future Work

This chapter summarizes the thesis by providing the conclusions of the research

work done and directions for future work.

This work provides an in-depth exploration of computational technologies such

as machine learning and deep learning for biomarker identification in multi-omics

data for disease diagnosis and prognosis. The literature review highlights the neces-

sity of a framework for biomarker identification in multi-omics for survival predic-

tion, disease subtype classification, and disease prediction. It emphasizes the need

for an exploration of data preparation (data pre-processing, feature/ biomarker se-

lection), validation of identified markers, and learning model options for healthcare

researchers. To bridge this gap, three frameworks comprising BioSurv, iMVAN,

and HBS-STACK are proposed for biomarker identification in multi-omics data

required for survival prediction, disease subtype classification, and disease predic-

tion. BioSurv is proposed for biomarker identification in multi-omics for survival

prediction in breast cancer and lung cancer patients and is validated using the

METABRIC dataset. iMVAN is presented for biomarker identification in multi-

omics datasets for disease subtype classification of breast cancer and is validated

using Pan-kidney and cervical cancer datasets. For biomarker selection in multi-

omics required for disease prediction, HBS-STACK is presented for breast cancer

patients and is validated on kidney cancer and Alzheimer’s patients.

The conclusions drawn from this work are presented in Section 7.1, summarizing

the key findings and contributions. Additionally, Section 7.2 suggests potential

avenues for future research to further enhance the field of biomarker identification

in multi-omics data and advance the capabilities of the proposed framework.

7.1 Conclusion

The thesis makes use of various computational technologies such as machine learn-

ing (ML) and deep learning (DL) to develop a framework for biomarker identifica-

tion in multi-omics data for disease diagnosis and prognosis which will contribute
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in the existing research towards the improvement of patient care. The conclusions

of this research work are described as below:

• The comprehensive review of computationally intelligent approaches is con-

ducted to understand the current research of biomarker identification in

multi-omics data. This thorough examination involved investigating, com-

paring, and categorizing various technologies and tools utilized for biomarker

identification in single and multi-omics for disease prediction, survival predic-

tion, disease subtype classification, and treatment/ response. Through this

critical analysis, it became evident that there is a need to develop an effective

framework specifically tailored for biomarker identification in multi-omics for

disease prediction, survival prediction, and disease subtype classification.

• The research methodology is presented for the biomarker identification which

is followed by the developed framework for disease prediction, survival pre-

diction, and disease subtype classification. The methodology provides phases

of data acquisition, data preparation, feature/ biomarker identification, val-

idation of identified markers, modeling, and performance evaluation. By

using the presented methodology, three frameworks comprising BioSurv, iM-

VAN, and HBS-STACK are developed.

• The BioSurv framework is proposed which uses ML and DL techniques for

biomarker identification in multi-omics for survival prediction. The BioSurv

is designed using the phases discussed in the research methodology by imple-

menting Random Spatial Local Best Cat Swarm Optimization (RSLBCSO),

statistical methods, and Bayesian optimized deep neural network (DNN).

To validate the effectiveness of the BioSurv framework, its performance

is assessed using multiple cancers (Breast, Lung) and datasets (TCGA,

METABRIC). The ability of the BioSurv framework to accurately identify

biomarkers and predict patients as either short-term or long-term survivors

can significantly assist clinicians in suggesting appropriate treatment recom-

mendations for individual patients.

• The iMVAN framework is developed by utilizing the DL technique for biomarker

identification in multi-omics for disease subtype classification. The iMVAN

is designed using the phases discussed in the research methodology by in-

corporating multi-modal variational autoencoder (MVAE), similarity net-

work fusion (SNF), and simplified graph convolutional network (SGC) for

biomarker identification in breast cancer. The iMVAN framework is vali-

160



dated using Pan kidney and cervical cancer. The iMVAN framework pro-

vides effective and accurate identification of biomarkers in multi-omics by

classifying the disease into its subtypes, thereby contributing to the enhance-

ment and personalization of treatment for affected individuals.

• The HBS-STACK is developed by utilizing the ML and DL techniques for

biomarker identification in multi-omics required for disease prediction. The

iMVAN is developed using the phases described in the research methodol-

ogy by employing hierarchical biomarker selection and a stacked ensemble

model. The performance of HBS-STACK is validated using multiple cancers

(breast, kidney) and diseases (Alzheimer’s). The ability of the HBS-STACK

is to identify the most important biomarkers for disease prediction that will

help clinicians guide treatment therapies by focusing only on the identified

markers.

The summarized results of the proposed approaches, including, BioSurv, iMVAN,

and HBS-STACK, are given in Table 7.1.

7.2 Future Scope

This section provides some possible future directions related to this research work.

• The work is designed for biomarker identification in multi-omics for sur-

vival prediction, subtype classification, and disease prediction. With the

availability of datasets containing information about disease recurrence and

treatment/ response, it could be used to identify the biomarkers for a disease

recurring after treatment.

• The present work primarily emphasizes biomarker identification for survival

prediction in the context of cancer. However, the designed BioSurv for

biomarker identification in multi-omics required for survival prediction holds

the potential for extension to other diseases like Alzheimer’s. Exploring

its applicability and performance in identifying the biomarkers for predict-

ing survival outcomes for different diseases could contribute to personalized

treatment approaches across various diseases.

• The proposed BioSurv, iMVAN, and HBS-STACK framework can be used

for drug discovery and development. The predictive models can be trained to

find molecules with therapeutic potential, improve drug design, and predict

treatment effectiveness by utilizing multi-omics data.
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Table 7.1: Summarized Result of Proposed Approaches

Approach Disease Accuracy Identified Markers

BioSurv

BRCA 91% FGFR3, YWHAG, NFKB2, RAB2A, CHEK1, ATG5,

miR-106b, miR-132, miR-222, miR-143, miR-98, STK11,

ROCK1, IL13, SMC3, TSC2, ARNT2, AXIN1, DLL1,

LAMA5, PLCG2

LUAD 90% FN1, ITGA3, PRKAA2, SGK2, CASP8, FZD3, RHOA,

TGFB1, RRAS, miR-132, miR-155, miR-221, miR-222,

BPIFB1, MAP2K4, NLRP1, CYCS, TYK2, AP2A2,

NEU1, SYNJ2, GIT1, TBCD

iMVAN

BRCA 87% GSTM1, AGT, CDH1, RET, CALML5, ERBB2, PTEN,

ESR1, CCND1, FZD6, LRP5, FZFR1, BRAF, BCL2, AR,

ETS1, MSH6

KIPAN 92% FGB, C6, FGG, PLG, EFNA5, EFNA5, ROBO1,

SEMA3E, BRAF, MAPK9, CDKN1A, BAK1, EGFR

CESC 86% MMP13, CXCL6, CXCL5, MMP1 BIRC2, BIRC3,

MAPK10, RAD51, MYC, DVL3, ETS1, VHL

HBS-STACK

BRCA 99.60% IQSEC1, LHX5-AS1, ADAMTS5, VEGFD, LIMA1

KIRC 99.03% ZFHX3, SLC9A3R2, CTBP2, AQP2, HOXA6

Alzheimer 92.05% cg02008416, CR1, cg21427464, MIRN451, MIRN-132

• The current work focused on biomarker identification in multi-omics data in-

cluding genomic, transcriptomic, and proteomics. The multi-omics data can

be integrated with imaging data, electronic health records, and environmen-

tal factors to obtain an in-depth understanding of health conditions. This

can lead to better biomarker identification for disease diagnosis, prognosis,

and treatment suggestions.

• The transfer learning technique can be used to enhance the identification

of biomarkers in multi-omics dataset with less samples using the knowledge

learned from multi-omics dataset in this work.
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[243] Joaqúın Derrac, Salvador Garćıa, Daniel Molina, and Francisco Herrera. A

practical tutorial on the use of nonparametric statistical tests as a method-

ology for comparing evolutionary and swarm intelligence algorithms. Swarm

and Evolutionary Computation, 1(1):3–18, 2011.

[244] Zichen Zhang and Wei-Chiang Hong. Application of variational mode de-

composition and chaotic grey wolf optimizer with support vector regression

for forecasting electric loads. Knowledge-Based Systems, 228:107297, 2021.

[245] Ming-Wei Li, Dong-Yang Xu, Jing Geng, and Wei-Chiang Hong. A hybrid

approach for forecasting ship motion using cnn–gru–am and gcwoa. Applied

Soft Computing, 114:108084, 2022.

[246] Suhas V. Vasaikar, Peter Straub, Jing Wang, and Bing Zhang. LinkedOmics:

186



Analyzing multi-omics data within and across 32 cancer types. Nucleic Acids

Research, 46(D1):D956–D963, 2018.

[247] Andrea Asperti and Matteo Trentin. Balancing reconstruction error and

kullback-leibler divergence in variational autoencoders. IEEE Access,

8:199440–199448, 2020.

[248] Shelly Sachdeva and Subhash Bhalla. Using knowledge graph structures

for semantic interoperability in electronic health records data exchanges.

Information, 13(2):52, 2022.

[249] Pakize Taylan, Fatma Yerlikaya-Özkurt, Burcu Bilgic Ucak, and Gerhard-
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