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CHAPTER 1 

INTRODUCTION 

1.1 MAJOR DEPRESSIVE DISORDER 

Major Depressive Disorder (MDD), also known as clinical depression, is a common 

mental health disorder characterized by persistent feelings of sadness, hopelessness, 

and lack of interest or pleasure in activities. MDD is a significant public health 

concern, with an estimated 264 million people worldwide experiencing the condition in 

2020 alone (World Health Organization). 

The etiology of MDD is multifactorial, involving a complex interplay of genetic, 

environmental, and psychosocial factors. Family and twin studies have shown that 

genetic factors play a significant role in the development of MDD, with heritability 

estimates ranging from 30-50% (Sullivan et al., 2000). Environmental factors, such as 

stressful life events, childhood trauma, and chronic illness, can also increase the risk 

of developing MDD (Kendler et al., 1999). 

Neurobiological factors have also been implicated in the development of MDD, 

including alterations in neurotransmitter systems, the hypothalamic-pituitary-adrenal 

(HPA) axis, and brain structure and function (Duman, 2018). In particular, 

dysregulation of the serotonergic system has been extensively studied and is the 

target of many antidepressant medications. 

MDD is associated with significant morbidity and mortality, with a high risk of suicide 

and increased risk of cardiovascular disease and other medical conditions. Treatment 

for MDD typically involves a combination of medication, psychotherapy, and lifestyle 

changes, with the aim of reducing symptoms and improving overall functioning and 

quality of life. Early diagnosis and intervention are essential in improving outcomes for 

individuals with MDD. 
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1.2 MULTIOMICS 

Multiomics is a term used to describe the integration of data from multiple omics 

technologies, such as genomics, transcriptomics, proteomics, metabolomics, and 

epigenomics, to provide a more comprehensive understanding of biological systems. 

By combining data from multiple omics platforms, multi omics approaches can provide 

a more complete picture of the molecular mechanisms underlying biological processes 

and disease. 

Multiomics approaches typically involve the generation of large datasets and the use 

of sophisticated computational methods to integrate and analyze the data. These 

methods include machine learning algorithms, network analysis, and pathway 

enrichment analysis, among others. 

Multi Omics approaches have a wide range of applications in biological research, 

including the identification of potential biomarkers and therapeutic targets, the 

elucidation of disease mechanisms, and the development of personalized medicine 

approaches. Multi Omics approaches are also being used to study complex biological 

systems, such as microbial communities and ecological systems. 

In recent years, several studies have investigated the molecular mechanisms of MDD 

using multi-omics data integration. For example, a study by (Wang et al. 2021) 

integrated transcriptomics, proteomics, and metabolomics data to identify key 

pathways and potential biomarkers associated with MDD. Another study by (Yao et al. 

2021) integrated transcriptomics and epigenomics data to identify epigenetic changes 

and molecular pathways associated with MDD. 

1.3 BIGDATA 

Big data refers to extremely large and complex datasets that require advanced 

computational methods to process, store, analyze, and interpret. The term "big data" 

typically refers to datasets that are too large to be processed using traditional data 
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processing methods and require new technologies and methodologies to manage and 

analyze. 

Big data can come from a variety of sources, including social media, scientific research, 

healthcare, finance, and government. These datasets can include a variety of data 

types, including structured data (e.g., data organized in tables) and unstructured data 

(e.g., text, images, and video). 

The processing and analysis of big data require specialized tools and techniques, 

including machine learning, artificial intelligence, data mining, and distributed 

computing. These technologies enable researchers and analysts to identify patterns, 

extract insights, and make predictions from large and complex datasets. 

Big data has the potential to revolutionize many fields, including healthcare, finance, 

and scientific research. It can be used to identify new drugs and treatments, develop 

predictive models for disease, optimize business operations, and more. However, the 

use of big data also raises concerns about data privacy, security, and ethics, and 

requires careful management and regulation to ensure that the benefits are maximized 

and the risks are minimized. 

The field of big data has revolutionized the way we collect, process, and analyze large 

amounts of data. Big data refers to the collection of data sets that are too large and 

complex for traditional data processing applications to handle (Chen & Zhang, 2014). 

In recent years, big data has become increasingly important in a wide range of fields, 

including healthcare, finance, and social media, to name a few. The ability to analyze 

massive amounts of data has enabled researchers and practitioners to gain new 

insights and make more informed decisions. 

With the advent of big data in healthcare, there has been a growing interest in using 

big data analytics to improve the diagnosis and treatment of various health conditions, 

including mental health disorders. One such disorder is major depressive disorder 

(MDD), which affects millions of people worldwide and is a leading cause of disability 

(World Health Organization, 2021). The use of big data analytics in MDD research has 
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the potential to transform the way we understand the disorder and develop more 

effective treatments. 

1.4 R PROGRAMMING 

R is a popular open-source programming language widely used in data analysis, 

including multiomics data integration and big data analytics. R provides a range of 

packages and functions for data cleaning, visualization, and statistical analysis, making 

it a useful tool for analyzing and interpreting large and complex datasets. 

In the context of multiomics data integration, R can be used for various tasks, such as 

data preprocessing, normalization, dimension reduction, and integration of different 

omics data types. For example, the Bioconductor project provides a collection of R 

packages specifically designed for the analysis of high-throughput genomic data, 

including gene expression, DNA methylation, and chromatin accessibility data. 

In big data analytics, R can be used in combination with distributed computing 

frameworks to analyze large datasets in parallel. The R packages such as SparkR and 

rhipe provide an interface between R and these distributed computing frameworks, 

allowing users to perform data analysis and machine learning on large datasets. 

R has been widely used in multiomics and big data analysis in major depressive 

disorder research. For example, a recent study by Li et al. (2020) used R packages to 

perform differential expression analysis and pathway analysis on multiomics data from 

depressed patients and healthy controls. Another study by Yıldırım et al. (2021) used 

R and SparkR to analyze a large-scale dataset of electronic health records and identify 

risk factors for depression. 
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CHAPTER 2 

LITERATURE SURVEY 

There is a growing corpus of study in this area, as evidenced by a literature review of 

the last five years' worth of data on multi-omics and big data analytics in Major 

Depressive Disorder (MDD). Among the main conclusions of this study are 

A better understanding of the condition has been achieved by multi-omics research, 

which has revealed fresh information on the complex biological processes that underlie 

MDD and the interactions between genetic, epigenetic, and environmental factors. For 

instance, a recent study that made use of multi-omics data demonstrated that MDD is 

connected to alterations in the gut microbiota, which may have an impact on the onset 

and progression of the disease. 

The creation of machine learning algorithms has made it possible to analyze large-

scale multi-omics data sets and find patterns and associations that were otherwise 

impossible to find using conventional statistical techniques. For instance, a current 

study found a collection of biomarkers that could be used to detect MDD by analyzing 

multi-omics data from MDD patients and healthy controls using machine learning 

techniques. 

Large-scale data sharing: Projects that share a lot of data, like the Precision Medicine 

Initiative, have made it easier for academics to work together and expanded the amount 

and variety of data that can be analyzed. For instance, a recent study examined the 

genetic and transcriptome characteristics of MDD patients in order to find new therapy 

targets using data from the Precision Medicine Initiative 

A study by Zhu and colleagues used a Multiomics approach to investigate the gut-brain 

axis in MDD. They analyzed microbiome, transcriptome, and metabolome data from 

MDD patients and healthy controls and identified several differentially expressed 

genes, metabolites, and gut microbial taxa associated with MDD (Zhu et al., 2020). 

Another study by Chen and colleagues used a Multiomics approach to investigate the 

epigenetic changes associated with MDD. They analyzed DNA methylation, histone 
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modification, and gene expression data from MDD patients and healthy controls and 

identified several differentially methylated genes and dysregulated pathways, including 

the Wnt signaling pathway and the MAPK signaling pathway (Chen et al., 2018). 

A study by Liu and colleagues used a Multiomics approach to identify potential 

biomarkers for MDD. They analyzed genomic, transcriptomic, and proteomic data from 

a group of MDD patients and healthy controls and identified several differentially 

expressed genes and proteins involved in various biological pathways, including the 

immune system and oxidative stress (Liu et al., 2018). 

In addition to improving diagnosis and treatment, big data analytics can also help 

address disparities in mental health care. Big data can be used to analyze patterns in 

mental health care utilization and outcomes, and identify factors that may contribute to 

disparities in care (Xu et al., 2020). This information can be used to develop more 

effective interventions and policies that promote equity in mental health care. 

Li et al. (2021) performed a meta-analysis of multiomics studies in MDD and identified 

65 differentially expressed genes (DEGs) that were consistently dysregulated in MDD 

across multiple studies. They also found that these DEGs were enriched in several 

biological pathways, including neuroinflammation, oxidative stress, and synaptic 

function. 

Chhibber et al. (2020) conducted a multiomics analysis of postmortem brain tissue from 

MDD patients and healthy controls and found significant dysregulation of several 

biological pathways, including energy metabolism, neurotransmission, and 

inflammation. They also identified several potential biomarkers of MDD, including 

altered expression of several miRNAs and long noncoding RNAs. 

Jiang et al. (2020) performed a multiomics analysis of peripheral blood from MDD 

patients and healthy controls and identified several differentially expressed genes, 

proteins, and metabolites that were associated with MDD. They also found that several 

biological pathways, including lipid metabolism and inflammation, were dysregulated in 

MDD. 
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DeFelice et al. (2018) conducted a multiomics analysis of cerebrospinal fluid from MDD 

patients and healthy controls and identified several potential biomarkers of MDD, 

including altered levels of several neurotransmitters, neuropeptides, and cytokines. 

They also found that several biological pathways, including synaptic function and 

neuroinflammation, were dysregulated in MDD. 

Wingo et al. (2018) performed a multiomics analysis of peripheral blood from MDD 

patients and healthy controls and identified several potential biomarkers of MDD, 

including altered expression of several genes and proteins involved in immune function 

and inflammation. They also found that several biological pathways, including oxidative 

stress and mitochondrial function, were dysregulated in MDD. 

Wang et al. (2021) conducted a multiomics analysis of postmortem brain tissue from 

MDD patients and controls and found that dysregulation of mitochondrial function and 

oxidative stress pathways were strongly associated with MDD. They also identified 

several potential biomarkers of MDD, including altered expression of several genes 

involved in these pathways. 

Cai et al. (2020) performed a multiomics analysis of peripheral blood mononuclear cells 

from MDD patients and healthy controls and found that several biological pathways, 

including inflammation and immune response, were dysregulated in MDD. They also 

identified several potential biomarkers of MDD, including altered expression of several 

genes and proteins involved in these pathways. 

Yoon et al. (2020) conducted a multiomics analysis of postmortem brain tissue from 

MDD patients and controls and found that dysregulation of several biological pathways, 

including neurotransmission, inflammation, and neurodevelopment, were associated 

with MDD. They also identified several potential biomarkers of MDD, including altered 

expression of several genes and proteins involved in these pathways. 

Liu et al. (2019) performed a multiomics analysis of peripheral blood from MDD patients 

and healthy controls and found that dysregulation of several biological pathways, 

including immune response, lipid metabolism, and neurotransmission, were associated 
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with MDD. They also identified several potential biomarkers of MDD, including altered 

expression of several genes and metabolites involved in these pathways. 

Xiao et al. (2018) conducted a multiomics analysis of cerebrospinal fluid from MDD 

patients and controls and found that dysregulation of several biological pathways, 

including neurotransmission, oxidative stress, and inflammation, were associated with 

MDD. They also identified several potential biomarkers of MDD, including altered levels 

of several neurotransmitters and cytokines. 

2.1 BACKGROUND OF THE PROPOSED WORK 

Major depressive disorder (MDD) is a complex and heterogeneous mental illness, with 

a high prevalence and significant impact on quality of life. Despite the availability of 

several treatments, the majority of MDD patients do not achieve full remission, 

highlighting the need for better understanding of the underlying mechanisms and 

development of more effective personalized treatment approaches. Multiomics 

approaches, which integrate multiple layers of molecular information, have the potential 

to provide a more comprehensive view of the complex pathophysiology of MDD and 

identify novel biomarkers and therapeutic targets. 

Integrating different types of omics data, such as genomics, transcriptomics, 

proteomics, metabolomics and epigenomics involves dealing with high-dimensional 

and heterogeneous data sets, as well as complex inter-omics relationships. In addition, 

the identification of relevant features and the integration of different types of information 

require the development of sophisticated machine learning and data mining techniques. 

Therefore, the background of the work in multi omics data integration and biostatistics 

in MDD involves addressing these challenges and developing new methodologies for 

the analysis and interpretation of multi omics data. The goal is to identify relevant 

biomarkers and pathways associated with MDD, as well as to develop predictive 

models for treatment response and disease prognosis. This work requires collaboration 

between different fields, including psychiatry, neuroscience, bioinformatics, 

biostatistics, and computer science, and has the potential to significantly improve our 

understanding of MDD and advance personalized medicine approaches. 
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                                                   CHAPTER 3 

AIM AND SCOPE OF THE WORK 

The aim of multi omics data integration and big data analytics in major depressive 

disorder (MDD) is to develop a comprehensive understanding of the molecular 

mechanisms underlying MDD by integrating multi omics data from various sources, 

including genomics, transcriptomics, proteomics, metabolomics, and microbiomes. 

The objectives of this research include: 

❖ To identify key genes, proteins, metabolites, and microbiota that are associated 

with MDD using multi omics data integration and analysis. 

❖ To explore the functional pathways and networks that are disrupted in MDD and 

to identify potential therapeutic targets. 

❖ To develop predictive models for MDD diagnosis, prognosis, and treatment 

response using machine learning and other advanced analytical methods. 

❖ To investigate the interactions between genetic, epigenetic, environmental, and 

lifestyle factors in the development of MDD. 

❖ To validate the findings from multi omics data integration and analysis using 

experimental and clinical studies. 

Overall, the aim of this research is to provide a better understanding of the complex 

molecular mechanisms underlying MDD and to develop new strategies for the 

diagnosis, treatment, and prevention of this debilitating disorder 
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3.1 WORKFLOW 
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                                          CHAPTER 4 

MATERIALS AND METHODS 

DATABASE 

► GENOMICS: GEO, GWAS, PsyGeNet 

► PROTEOMICS: Human Protein Atlas, Uniprot 

► TRANSCRIPTOMICS: GEO 

► METABOLOMICS: Human Metabolome Database 

► EPIGENOMICS: EWAS 

► MICROBIOME: Disboime 

► SNP: DisGeNet 

 

TOOLS 

► NETWORK ANALYST 

► GENEMANIA 

► ENRICHR 

► STRING DB 

► METABOANALYST 

► OMICSNET 2.0 
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4.1 DATABASE 

4.1.1 GENOMICS 

Genomics is the study of the complete genetic material, or genome, of an organism. It 

encompasses the analysis of DNA sequence, gene expression, and other genetic 

variations, such as epigenetic modifications. 

In the context of major depressive disorder (MDD), genomics can be used to identify 

genetic variations and gene expression patterns that are associated with the disorder. 

This can help to elucidate the biological mechanisms involved in the disorder, and to 

identify potential therapeutic targets. Genomics research in MDD has identified several 

genetic loci that are associated with increased risk for the disorder, as well as specific 

genes and pathways that are dysregulated in individuals with MDD. This has led to the 

development of targeted therapies for MDD, such as drugs that modulate the activity 

of specific neurotransmitters or other signaling pathways. 

Genomics research has also provided important insights into the genetic and molecular 

basis of other complex diseases, and has paved the way for more personalized 

approaches to diagnosis and treatment. For example, genomic testing can be used to 

identify individuals who are at increased risk for certain diseases and to guide 

preventive measures and early interventions. 

4.1.1.1 GEO (GENE EXPRESSION OMNIBUS) 

GEO (Gene Expression Omnibus) is a public repository for gene expression data, 

maintained by the National Center for Biotechnology Information (NCBI). It is a widely 

used database for sharing and accessing gene expression data, including microarray 

and next-generation sequencing data, from a variety of organisms and experimental 

conditions. 

Researchers can upload their data to GEO and make it publicly available to other 

researchers, who can then search and download the data for their own analysis. GEO 

also provides tools for data visualization, analysis, and integration with other data 

sources. 
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GEO is a valuable resource for researchers studying various diseases, including major 

depressive disorder (MDD), as it allows for the comparison and integration of data 

across multiple studies, which can lead to the identification of novel biomarkers and 

pathways associated with the disease. Many studies investigating MDD have deposited 

their gene expression data in GEO, providing a wealth of information for researchers 

to analyze and use in their own studies. 

GEO accession: GSE98793 

Title: Gene expression analysis in whole blood samples obtained from donors 

diagnosed  with MDD compared to healthy controls. 

Summary: This study compared gene expression variations in whole blood samples 

from donors with major depressive disorder (MDD) to healthy controls. Microarray data 

from whole blood were provided for patients with MDD (N=128, 64 with generalized 

anxiety disorder, as determined by the MINI questionnaire, and 64 without anxiety 

disorder) and healthy controls (N=64). On the Qiagen Biorobot 8000, RNA was 

extracted from all samples using the standard PAXgene technique. Agilent Bioanalyser 

determined that all samples produced high-quality RNA. The yield ranged from 0.86 to 

15.05ug, with a mean of 6.25ug. The samples were then randomly divided into batches, 

each with a representative number of controls, depression with anxiety, and depression 

without anxiety, as well as the same female-to-male ratio (3:1). 50 ng of RNA from each 

sample was converted to a biotin labeled cDNA probe using NuGEN SPIA 

amplification. The probes were then hybridized to Affymetrix U133_Plus2.0 Genechips. 

Overall Design: Measurements from whole blood samples for 128 patients with MDD 

(among which 64 have been diagnosed with generalized anxiety disorder) and 64 

healthy controls. 
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FIG 4.1: Gene Expression Omnibus in NCBI 

4.1.1.2 PsyGeNet 

PsyGeNet is a database of genes and genetic variants associated with psychiatric 

disorders, including major depressive disorder (MDD). It provides a curated collection 

of gene-disease associations derived from both genetic and functional studies, as well 

as from text mining of the scientific literature. PsyGeNet allows users to search for 

genes and variants associated with MDD, as well as to explore their functional and 

biological relationships with other genes and pathways. The database includes 

information on gene function, expression patterns, protein-protein interactions, and 

other molecular features, as well as on genetic variants and their impact on gene 

function and disease risk. 

One of the strengths of PsyGeNet is its focus on integrating data from different sources 

and types, including genetic and functional studies, as well as text-mining of the 

scientific literature. This allows for a more comprehensive view of the genetic and 

biological mechanisms underlying MDD, and provides a valuable resource for 

researchers studying the disease.     
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FIG 4.2: PsyGeNET (Psychiatric disorders Gene association NETwork) 

4.1.1.3 GWAS 

GWAS stands for Genome-Wide Association Studies. These studies are used to 

identify genetic variations or mutations associated with a particular trait or disease, 

such as major depressive disorder (MDD). 

In GWAS, researchers analyze the entire genome of a large number of individuals to 

identify genetic variants that are more common in people with a certain trait or disease 

than in the general population. The aim is to identify specific genomic regions, or loci, 

that are associated with the trait or disease of interest. 

GWAS studies can provide important insights into the genetic basis of complex 

diseases such as MDD. They have identified several genetic loci that are associated 

with increased risk for MDD, and have shed light on the biological pathways and 

mechanisms involved in the disorder. 

One of the limitations of GWAS studies is that they typically identify common variants 

that are present in a large proportion of the population. However, many genetic 
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variations that contribute to disease risk are rare or private to certain populations, and 

may not be identified through GWAS alone. 

Despite these limitations, GWAS studies have provided important insights into the 

genetic basis of MDD and other complex diseases, and have paved the way for more 

targeted and personalized approaches to diagnosis and treatment. 

FIG 4.3: GENOME-WIDE ASSOCIATION STUDIES 

4.2 PROTEOMICS 

Proteomics is the study of the complete set of proteins that are expressed in a particular 

cell, tissue, or organism. It encompasses the identification, quantification, and 

functional analysis of proteins, and can provide important insights into the molecular 

mechanisms underlying complex biological processes. 

In the context of MDD, proteomics can be used to identify specific proteins or protein 

networks that are dysregulated in individuals with the disorder. This can provide 

important insights into the biological pathways and mechanisms involved in the 

disorder, and can help to identify potential therapeutic targets. 
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The Human Protein Atlas (HPA) is an open-access database that provides 

comprehensive information on the expression, localization, and function of human 

proteins in different tissues, cells, and organs. The HPA uses various experimental 

techniques such as immunohistochemistry, Western blotting, and mass spectrometry 

to systematically analyze the expression of proteins across different human tissues and 

cell types. 

The HPA contains detailed information on the expression profiles of over 19,000 human 

proteins, including information on tissue-specific expression, subcellular localization, 

protein-protein interactions, and post-translational modifications. This information is 

organized in a user-friendly manner and is freely available to researchers worldwide. 

The HPA is an invaluable resource for understanding the molecular basis of human 

physiology and disease, and has applications in drug discovery, biomarker 

identification, and personalized medicine. 

FIG 4.4: HUMAN PROTEIN ATLAS 
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4.2.2 UNIPROT 

UniProt is a comprehensive, high-quality, and freely accessible resource for protein 

sequence and functional information. It is a collaboration between the European 

Bioinformatics Institute (EBI), the Swiss Institute of Bioinformatics (SIB), and the 

Protein Information Resource (PIR). 

UniProt provides several protein sequence databases, including UniProtKB/Swiss-

Prot, which is a manually curated protein sequence database that provides a high level 

of annotation and accuracy for a subset of proteins. UniProtKB/TrEMBL is a 

computationally annotated protein sequence database that contains a much larger 

number of protein sequences than Swiss-Prot, but with less annotation and accuracy. 

FIG 4.5: UNIPROT 

4.3 TRANSCRIPTOMICS 

Transcriptomics is the study of the transcriptome, which is the complete set of RNA 

transcripts that are produced by the genome of an organism. It involves the high-

throughput sequencing of RNA molecules, which allows for the quantification and 

characterization of gene expression patterns across different cell types, tissues, or 

experimental conditions. Transcriptomics is an important tool for understanding the 
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molecular mechanisms underlying complex biological processes, such as 

development, disease, and response to environmental stimuli. 

4.3.1 GENE EXPRESSION OMNIBUS(GEO) 

GEO stands for Gene Expression Omnibus, which is a public database that stores gene 

expression data from various high-throughput experiments, including microarray and 

RNA sequencing. It is maintained by the National Center for Biotechnology Information 

(NCBI) and provides researchers with a resource to access and analyze gene 

expression data from a wide range of organisms and experimental conditions. GEO is 

freely accessible to the public and can be searched and downloaded through the NCBI 

website. 

GEO ACCESSION: GSE53987 

Title-Microarray profiling of PFC, HPC and STR from subjects with schizophrenia,   

bipolar, MDD or control. 

Summary-Schizophrenia is a complex psychiatric disorder encompassing a range of 

symptoms and etiology dependent upon the interaction of genetic and environmental 

factors. Several risk genes, such as DISC1, have been associated with schizophrenia 

as well as bipolar disorder (BPD) and major depressive disorder (MDD), consistent 

with the hypothesis that a shared genetic architecture could contribute to divergent 

clinical syndromes. The present study compared gene expression profiles across 

three brain regions in post-mortem tissue from matched subjects with schizophrenia, 

BPD or MDD and unaffected controls. Post-mortem brain tissue was collected from 

control subjects and well-matched subjects with schizophrenia, BPD, and MDD (n=19 

from each group). RNA was isolated from hippocampus, Brodmann Area 46, and 

associative striatum and hybridized to U133_Plus2 Affymetrix chips. Data were 

normalized by RMA, subjected to pairwise comparison followed by Benjamini and 

Hochberg False Discovery Rate correction (FDR). Samples derived from patients with 

schizophrenia exhibited many more changes in gene expression across all brain 

regions than observed in BPD or MDD. Several genes showed changes in both 

schizophrenia and BPD, though the magnitude of change was usually larger in 
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schizophrenia. Several genes that have variants associated with schizophrenia were 

found to have altered expression in multiple regions of brains from subjects with 

schizophrenia. Continued evaluation of circuit-level alterations in gene expression and 

gene-network relationships may further our understanding of how genetic variants 

may be influencing biological processes to contribute to psychiatric disease. 

Overall design Prefrontal cortex, striatum and hippocampus were obtained from 

subjects with schizophrenia, bipolar disorder, major depressive disorder and matched 

controls. 

 

FIGURE 4.6: GENE EXPRESSION OMNIBUS IN NCBI 
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4.4 METABOLOMICS 

Metabolomics is the study of metabolites, which are small molecules that are involved 

in various metabolic processes in cells. Metabolomics involves the identification and 

quantification of metabolites in biological samples such as blood, urine, or tissue, and 

the analysis of the resulting data to gain insights into the metabolic processes that are 

altered in different conditions. 

Metabolomics can be performed using various analytical techniques, such as nuclear 

magnetic resonance (NMR) spectroscopy, liquid chromatography-mass spectrometry 

(LC-MS), or gas chromatography-mass spectrometry (GC-MS). The resulting data can 

be analyzed using various bioinformatics tools and platforms, such as MetaboAnalyst, 

XCMS, or Mummichog. These tools can be used to identify differentially expressed 

metabolites, pathway analysis, and biomarker discovery. 

In the context of major depressive disorder (MDD), metabolomics can be used to 

identify biomarkers that are associated with the disorder. These biomarkers may be 

useful for diagnosis, prognosis, or monitoring of treatment response in MDD. 

Additionally, metabolomics can provide insights into the underlying biological 

mechanisms of MDD and may help to identify potential therapeutic targets. 

4.4.1 HUMAN METABOLOME DATABASE 

The Human Metabolome Database (HMDB) is a comprehensive resource for 

information on human metabolites and their associated pathways. It contains 

information on over 114,000 metabolites, including their chemical structures, spectral 

data, physiological roles, and disease associations. The database is freely accessible 

online and is widely used by researchers in the fields of metabolomics, biochemistry, 

and clinical medicine. 

The HMDB is organized into several sections, including a compound section, a pathway 

section, and a disease section. The compound section provides detailed information 

on individual metabolites, including their chemical formula, molecular weight, and 

structures. It also includes information on the enzymes involved in their biosynthesis 

and degradation, as well as their physiological roles and disease associations. 
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The pathway section of the HMDB provides information on metabolic pathways in 

humans, including their biochemical reactions and the enzymes involved in these 

reactions. It also includes information on the regulation of these pathways and their 

roles in normal physiology and disease. 

The disease section of the HMDB provides information on the association of 

metabolites and metabolic pathways with various diseases, including cancer, diabetes, 

and neurological disorders. This section includes information on the changes in 

metabolite levels associated with different diseases and the potential diagnostic and 

therapeutic applications of this information. 

FIG 4.7: HUMAN METABOLOME DATABASE 

4.5 EPIGENOMICS 

Epigenomics is the study of modifications to DNA and its associated proteins that 

regulate gene expression without altering the underlying DNA sequence. These 

modifications can include DNA methylation, histone modifications, and non-coding 

RNA molecules, among others. Epigenetic changes can be influenced by 

environmental factors, such as diet and exposure to toxins, and can also be inherited 

across generations. 

In the context of major depressive disorder (MDD), epigenomic changes have been 

implicated in the pathophysiology of the disorder. For example, studies have shown 

that DNA methylation patterns are altered in patients with MDD, particularly in genes 

related to neurotransmitter function and stress response. Histone modifications and 

non-coding RNA molecules have also been implicated in the development of MDD. 
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Epigenomic changes can be studied using various techniques, such as chromatin 

immunoprecipitation (ChIP) assays, bisulfite sequencing, and RNA sequencing. The 

resulting data can be analyzed using bioinformatics tools and platforms, such as the 

Ensemble database, the UCSC Genome Browser, and the Epigenome Roadmap 

Project. The identification of epigenetic changes associated with MDD may have 

important implications for the development of novel diagnostic and therapeutic 

strategies. For example, drugs that target specific epigenetic modifications may be 

effective in treating MDD, and biomarkers based on epigenetic changes may be useful 

for diagnosis and monitoring of treatment response. Overall, epigenomics is a 

promising approach for understanding the complex pathophysiology of MDD and may 

lead to new insights into the development of this disorder. 

4.5.1 EWAS 

Epigenome-wide association studies (EWAS) are a type of study that aim to identify 

epigenetic changes associated with a particular disease or trait. EWAS involve profiling 

DNA methylation levels across the entire genome, typically using microarray or 

sequencing technologies, and then comparing these levels between cases and controls 

or individuals with different disease or trait statuses. 

In the context of major depressive disorder (MDD), several EWAS studies have been 

conducted to identify DNA methylation changes associated with the disorder. These 

studies have identified numerous differentially methylated sites and regions, many of 

which are located in genes involved in neuronal signaling, immune function, and stress 

response. Some of these DNA methylation changes have also been associated with 

treatment response and symptom severity in MDD. 

EWAS studies have also been used to investigate the role of environmental factors, 

such as early life stress and smoking, in the development of MDD. These studies have 

identified specific DNA methylation changes that may mediate the effects of these 

environmental factors on MDD risk. 



24 

FIG 4.8: EPIGENOME WIDE ASSOCIATION STUDIES 

4.6 MICROBIOMICS 

Microbiomics is the study of microorganisms that reside in and on the human body, 

collectively known as the microbiota. The human microbiota is composed of bacteria, 

viruses, fungi, and other microbes, and is known to play an important role in human 

health and disease. 

In the context of major depressive disorder (MDD), there is growing evidence to 

suggest that alterations in the composition and activity of the gut microbiota may 

contribute to the development and progression of the disorder. For example, studies 

have shown that patients with MDD have alterations in the composition of their gut 

microbiota, characterized by reduced bacterial diversity and changes in the relative 

abundance of specific bacterial taxa. 

Microbiomic studies in MDD typically involve the sequencing of bacterial DNA from 

fecal samples or other bodily fluids, such as saliva or blood. This can be done using 

techniques such as 16S rRNA sequencing or shotgun metagenomics. The resulting 

data can then be analyzed using various bioinformatics tools and platforms, such as 

the QIIME pipeline or the Human Microbiome Project. 

4.6.1 DISBIOME 

A database called Disbiome gathers and standardized information about published 

microbiota-disease studies. The microorganisms are connected to their NCBI and 

SILVA taxonomies, while the diseases are categorized using the MedDRA 
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classification system. Finally, the reporting quality of each study that is a part of the 

Disbiome database is evaluated using a standardized questionnaire. 

Dis Biome is the first database that provides a clear, succinct, and current overview of 

the variations in microbial composition associated with diseases along with the 

pertinent data from the research that have been published. The strength of this 

database rests in the interaction between the human annotation, which assures a clear 

and structured display of the available data, and the inclusion of references to other 

databases, which enables both specific and diverse search techniques inside the 

Disbiome database. 

FIGURE 4.9: DISBIOME DATABASE 

4.7 SNP 

4.7.1 DISGENET 

DisGeNET is a publicly available database that integrates information on genes, 

variants, diseases, and their relationships from various sources, including GWAS, 

genome-wide association meta-analyses, and other curated databases. DisGeNET 

includes information on genetic variations, including SNPs, that are associated with 

various diseases, including major depressive disorder (MDD). 

SNP-related data in DisGeNET can be accessed through its user-friendly interface or 

via programmatic access using its application programming interface (API). The SNP 
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data in DisGeNET includes information on the location of the SNP, the effect allele and 

non-effect allele, the minor allele frequency, and the p-value of the association with 

MDD or other diseases. In addition, DisGeNET also provides information on the genes 

that are associated with the SNPs, as well as their functional annotations, pathways, 

and gene-disease associations. 

Researchers can use DisGeNET to identify SNPs that are associated with MDD and to 

explore the potential functional consequences of these SNPs on gene expression, 

protein function, and other biological processes. This can help to identify potential 

therapeutic targets and to gain a better understanding of the genetic basis of MDD. 

FIG 4.10: DIsGeNET database 
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4.2 TOOLS 

4.2.1 NETWORK ANALYST 

NetworkAnalyst is a web-based platform for biological network analysis and 

visualization. It provides a suite of tools for the analysis of molecular interaction 

networks, including protein-protein interaction (PPI) networks, gene co-expression 

networks, and metabolic networks. NetworkAnalyst allows users to upload their own 

network data or to access and analyze publically available data from a variety of 

sources, including databases such as STRING, KEGG, and BioGRID. 

One of the main features of NetworkAnalyst is the ability to perform network enrichment 

analysis, which identifies functional modules or pathways that are overrepresented in 

a given network. This allows researchers to gain insight into the biological processes 

that are involved in a particular disease or condition, such as major depressive disorder 

(MDD). NetworkAnalyst also provides tools for visualizing and exploring network data, 

including interactive network diagrams and heatmaps. 

NetworkAnalyst is a powerful tool for researchers studying complex biological systems, 

as it allows for the integration of multiple types of data and the identification of novel 

biomarkers and therapeutic targets. In the context of MDD, NetworkAnalyst can be 

used to identify key genes, pathways, and biological processes that are dysregulated 

in the disease, as well as to explore the relationships between different molecular 

players and potential treatment targets. 
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FIGURE 4.11: NETWORK ANALYST TOOL  

In this study,Network analysis can be used to identify key biomolecules that are 

associated with MDD. By analyzing the complex interactions between these molecules, 

network analysis can reveal which ones play a critical role in the disease. 

4.2.2 GENEMANIA 

GENEMANIA is a web-based tool for gene function prediction and prioritization based 

on network analysis. It integrates a variety of functional genomics data, including 

protein-protein interactions, gene co-expression, pathways, and protein domains, to 

identify functionally related genes. 

GENEMANIA allows users to enter a gene list or a single gene of interest and generate 

an interactive network of genes and their functional relationships. The tool enables 

users to visualize the network, explore the functional annotation of genes in the 

network, and prioritize genes based on their functional relevance to the input gene(s). 

GENEMANIA is widely used in biological research, particularly in the identification of 

novel disease genes, drug targets, and biomarkers. 
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      FIGURE 4.12: GENEMANIA (NETWORK ANALYSIS TOOL) 

                         

In this study, GeneMANIA can prioritize candidate genes based on their functional 

relationships with other genes in the network. This can help to identify potential 

biomarkers and therapeutic targets for MDD. 

4.2.3 ENRICHR 

ENRICHR (ENrichment analysis and Visualization of Gene Ontology and biological 

pathways) is a web-based tool that provides a comprehensive gene set enrichment 

analysis for a variety of functional categories. It allows users to input a list of genes and 

identify enriched biological pathways, gene ontology terms, transcription factor targets, 

and other functional annotations associated with the gene list. 

ENRICHR integrates data from several public databases, including the Gene Ontology 

(GO), KEGG Pathways, Reactome Pathways, and ChEA transcription factor targets, to 

identify functional annotations that are enriched in the input gene list. 

ENRICHR also provides an intuitive and interactive visualization of the results, 

including heat maps, bar charts, and scatter plots, to aid in the interpretation of the 

enriched functional categories. ENRICHR is widely used in biological research to 
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understand the biological significance of a set of genes, identify potential gene targets, 

and prioritize genes for further study. 

     FIGURE 4.13: ENrichment Analysis Tool 

In this study, EnrichR is used for identifying enriched pathways and biological functions 

associated with MDD-related genes across multiple datasets. 

4.2.4 STRING DB 

STRING (Search Tool for the Retrieval of Interacting Genes/Proteins) is a database 

and web-based tool that provides a comprehensive resource for the prediction and 

analysis of protein-protein interactions (PPIs). It integrates information from various 

sources, including experimental data, computational predictions, and publicly available 

databases, to generate a network of predicted functional interactions among proteins. 

STRING allows users to input a list of proteins or genes and generate an interactive 

network of predicted interactions, including direct and indirect interactions, functional 

associations, and pathways. The tool also provides information on the strength of the 

interactions, the type of evidence supporting the interactions, and the confidence score 

for each interaction. 

STRING also provides additional features, such as gene neighborhood analysis, co-

expression analysis, and pathway enrichment analysis, to aid in the interpretation of 
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the results. STRING is widely used in biological research to identify potential protein-

protein interactions, understand the functional relationships among proteins, and 

prioritize genes for further study. It is a valuable resource for researchers working in 

systems biology, genomics, and proteomics. 

FIGURE 4.14: STRING DATABASE 

In this study, String DB is used to construct a protein-protein interaction (PPI) network 

that includes proteins of interest from multiple omics data types. This can help identify 

key pathways and biological processes involved in MDD pathogenesis. 

4.2.5 METABOANALYST 

MetaboAnalyst is a web-based platform for metabolomics data analysis and 

interpretation. It provides a comprehensive suite of tools for processing, analyzing, and 

visualizing metabolomics data from a variety of analytical platforms, including mass 

spectrometry, nuclear magnetic resonance (NMR), and chromatography. 

MetaboAnalyst offers a range of statistical and machine learning methods for data 

processing and normalization, as well as for univariate and multivariate data analysis. 

It also provides functional analysis tools, such as pathway analysis and metabolite set 

enrichment analysis, to help identify the biological pathways and processes that are 
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most relevant to the metabolomic data. MetaboAnalyst provides a user-friendly 

interface, with interactive visualization tools that allow users to explore their data and 

interpret their results. It also offers a range of tutorials, online help, and example 

datasets to assist users with their analysis. 

MetaboAnalyst is widely used in metabolomics research to analyze and interpret 

metabolomic data, identify potential biomarkers, and understand the metabolic 

pathways involved in biological processes and disease. It is a valuable resource for 

researchers working in metabolomics, systems biology, and bioinformatics. 

FIGURE 4.15: METABOANALYST 

In this study, MetaboAnalyst is used to integrate metabolomics and transcriptomics 

data to identify metabolites and pathways that are differentially regulated in MDD. 

4.2.6 OMICSNET 2.0 

OmicsNet is an R package that provides a network-based approach for the analysis 

and interpretation of high-throughput omics data, such as transcriptomics, proteomics, 

and metabolomics data. It allows users to construct a network of genes, proteins, or 

metabolites based on their co-expression or co-regulation, and then analyze the 

network to identify important functional modules and pathways. 

OmicsNet offers a range of network analysis tools, such as centrality analysis, 

clustering, and module detection, to help identify the most important nodes and 

subnetworks in the network. It also provides functional enrichment analysis tools, such 

as Gene Ontology (GO) and pathway enrichment analysis, to help interpret the 

biological significance of the network modules. OmicsNet is highly flexible, allowing 

users to integrate data from multiple omics platforms and customize the network 

construction and analysis parameters to suit their specific needs. It also provides an 
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interactive user interface that allows users to visualize and explore the network and its 

modules. 

OmicsNet is widely used in systems biology and omics research to identify important 

biological pathways and processes, understand the relationships between genes, 

proteins, and metabolites, and identify potential biomarkers and therapeutic targets. It 

is a valuable resource for researchers working in genomics, proteomics, metabolomics, 

and bioinformatics. 

       FIGURE 4.16: OMICSNET 2.0 

In this study, OmicsNet2.0 is used for constructing and visualizing network models to 

help understand the complex relationships between different omics data. 
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CHAPTER 5 

RESULTS AND DISCUSSION 

5.1 GEO AND NETWORK ANALYST 

GEO2R tool used to analyze the GSE98793 dataset, which includes gene expression 

data from 128 MDD patients and 64 healthy controls.  "Case" vs. "Control" comparison 

groups were established, and the quantile normalization approach was used to 

preprocess the data. To find DEGs, I utilized a significance level of p 0.05 and a fold 

change limit of 1.5. 

 

 

 

 

 

 

 

 

 

 

  

FIG:5.1(Volcano diagram, black indicates genes with no differential expression, blue indicates 

down-regulated genes, and red indicates up-regulated genes.) 
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FIGURE 5.2: VENN DIAGRAM OF CASE AND CONTROL FROM GEO2R 

 

The top 10 upregulated genes include OLFM4,CEACAM8,MMP8,LCN2,LTF, 

DEFA4,ARG1,while the top 10 downregulated genes included KCNA3, TREML4, 

PPP1R17. 

          

 

                               TABLE 5.1: UPREGULATED GENES FROM GEO2R ANALYSIS       

ID adj.P.Val P.Value t B logFC Gene.symbolGene.title

212768_s_at 0.2654 0.000249 3.732128 0.06389 1.03 OLFM4 olfactomedin 4

206676_at 0.2874 0.000419 3.589853 -0.33375 0.769 CEACAM8 carcinoembryonic antigen related cell adhesion molecule 8

231688_at 0.0572 7.32E-06 4.608674 2.7897 0.749 MMP8 matrix metallopeptidase 8

212531_at 0.4234 0.001108 3.311084 -1.07433 0.721 LCN2 lipocalin 2

202018_s_at 0.4273 0.0016 3.200823 -1.35284 0.695 LTF lactotransferrin

207269_at 0.4541 0.002727 3.035789 -1.75411 0.666 DEFA4 defensin alpha 4

206177_s_at 0.2871 0.000392 3.607979 -0.28382 0.639 ARG1 arginase 1

211657_at 0.2654 0.000282 3.698315 -0.0318 0.564 CEACAM6 carcinoembryonic antigen related cell adhesion molecule 6

205557_at 0.4273 0.001309 3.261413 -1.20082 0.559 LOC149684///BPIuncharacterized LOC149684///bactericidal/permeability-increasing protein

206371_at 0.5809 0.010581 2.581189 -2.76006 0.554 FOLR3 folate receptor 3  
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                      TABLE 5.2: DOWNREGULATED GENES FROM GEO2R ANALYSIS 

207509_s_at 0.5809 0.010617 -2.57998 -2.76254 -0.407 LAIR2 leukocyte associated immunoglobulin like receptor 2

209686_at 0.6741 0.024508 -2.2667 -3.36792 -0.414 S100B S100 calcium binding protein B

206666_at 0.0297 1.36E-06 -4.98521 4.09623 -0.415 GZMK granzyme K

236203_at 0.7974 0.074988 -1.79012 -4.14667 -0.447 LOC100509457///HLA-DQA1HLA class II histocompatibility antigen, DQ alpha 1 chain-like///major histocompatibility complex, class II, DQ alpha 1

212999_x_at 0.636 0.017213 -2.40271 -3.11404 -0.484 LOC101060835///HLA-DQB1HLA class II histocompatibility antigen, DQ beta 1 chain-like///major histocompatibility complex, class II, DQ beta 1

235104_at 0.4349 0.001781 -3.16829 -1.43344 -0.499 ERAP2 endoplasmic reticulum aminopeptidase 2

227194_at 0.5468 0.007435 -2.70502 -2.50074 -0.582 FAM3B family with sequence similarity 3 member B

209480_at 0.808 0.082575 -1.74493 -4.21142 -0.719 HLA-DQB1 major histocompatibility complex, class II, DQ beta 1

213831_at 0.7381 0.04527 -2.01509 -3.80076 -1.08 LOC100509457///HLA-DQA1HLA class II histocompatibility antigen, DQ alpha 1 chain-like///major histocompatibility complex, class II, DQ alpha 1 

 

 

 

 

FIG 5.3: GENE-DISEASE PATHWAY ANALYSIS USING NETWORK ANALYST  
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FIG 5.4: MOLECULAR FUNCTION PATHWAY ANALYSIS USING NETWORK ANALYST 

The MDD genes with the highest hits were analyzed using the Network Analyst 

programme. "Gene Set Enrichment Analysis" (GSEA) tool to conduct a functional 

analysis on a gene list that contained the detected genes and chose the annotation 

source to be "PANTHER for Molecular Function" and used a significance level of p 

0.05. 

The biological processes that were enriched and connected to the high-hit MDD genes 

include LFT, according to the functional analysis. Ulcerative colitis, colonic neoplasms, 

diarrhea, gastrointestinal hemorrhage, hypertension, hypotension, inflammation, 

arthropathy, liver neoplasms, osteoporosis, preterm birth, and weight loss were some 

of these processes. 

Functional annotation study found that the upregulated genes were enriched in stress 

response, inflammation, and neurotransmitter signaling networks, whereas the 

downregulated genes were enriched in synaptic function, energy metabolism, and 

neuroplasticity pathways. 

 5.2 PSYGENET AND GENEMANIA 

The web-based GeneMANIA programme to investigate gene-gene interactions and 

functional correlations related to MDD.  GeneMANIA was fed 237 genes associated 

with MDD from the PsyGeNET database, and a network analysis was done to find 

genes that are functionally related to MDD genes. A pathway analysis was also 
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performed to discover biological pathways that are over-represented among the MDD 

genes. 

TABLE 5.3: GENE DATA FROM PSYGENET 

Gene SymbolGene Id Gene DescriptionDisease Id Disease CodeDisease NamePsychiatric disorder

NPY 4852 neuropeptide Yumls:C1269683C1269683 major depressive disorderDepressive disorders

CRH 1392 corticotropin releasing hormoneumls:C1269683C1269683 major depressive disorderDepressive disorders

COMT 1312 catechol-O-methyltransferaseumls:C1269683C1269683 major depressive disorderDepressive disorders

BDNF 627 brain-derived neurotrophic factorumls:C1269683C1269683 major depressive disorderDepressive disorders

NR3C1 2908 nuclear receptor subfamily 3, group C, member 1 (glucocorticoid receptor)umls:C1269683C1269683 major depressive disorderDepressive disorders

HTR2A 3356 5-hydroxytryptamine (serotonin) receptor 2A, G protein-coupledumls:C1269683C1269683 major depressive disorderDepressive disorders

CACNA1C 775 calcium channel, voltage-dependent, L type, alpha 1C subunitumls:C1269683C1269683 major depressive disorderDepressive disorders

GSK3B 2932 glycogen synthase kinase 3 betaumls:C1269683C1269683 major depressive disorderDepressive disorders

NDUFV2 4729 NADH dehydrogenase (ubiquinone) flavoprotein 2, 24kDaumls:C1269683C1269683 major depressive disorderDepressive disorders 

 

Based on co-expression, co-localization, shared protein domains, and anticipated 

interactions, the GeneMANIA analysis found 107 genes that are functionally connected 

to the MDD genes. The functional linkages were shown to be enriched in numerous 

biological processes, including synaptic transmission modulation, neurotransmitter 

level regulation, and gene expression regulation. Several pathways were found to be 

considerably enriched in the MDD genes, including the calcium signaling route, the 

cAMP signaling pathway, and the MAPK signaling pathway.                                                 

                  FIGURE 5.5:CO EXPRESSION PATHWAY ANALYSIS ZOOMED VIEW      
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FIG 5.6: PATHWAY ANALYSIS OF DEG’s FROM PSYGENET CONSTRUCTED USING 

GENEMANIA 
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5.3 GWAS AND ENRICHR            

   TABLE 5.4: GENE-DISEASE ASSOCIATION DATA FROM GWAS                                                                     

DISEASE/TRAIT REPORTED GENE(S)MAPPED_GENESNP_GENE_IDSSNPS PVALUE_MLOGPLATFORM [SNPS PASSING QC]CNV

Major depressive disorderOR2T12 OR2T12 ENSG00000177201rs4131057319.39794 Illumina [83898] N

Major depressive disorderTMEM150BTMEM150BENSG00000180061rs20193533710.30103 Illumina [83898] N

Major depressive disorderPRR5-ARHGAP8PRR5-ARHGAP8ENSG00000248405, ENSG00000241484rs1403958319.522879 Illumina [83898] N

Major depressive disorderMUC5B MUC5B ENSG00000117983rs56293203 8.69897 Illumina [83898] N

Major depressive disorderC2orf54 MAB21L4 ENSG00000172478rs785624537.221849 Illumina [83898] N

Major depressive disorderTRIO TRIO ENSG00000038382rs1150544586.522879 Illumina [83898] N

Major depressive disorderANO8 ANO8 ENSG00000074855rs1436964496.30103 Illumina [83898] N

Major depressive disorderKRBA1 KRBA1 ENSG00000133619rs7484419126.30103 Illumina [83898] N

Major depressive disorderBCAR3 BCAR3 ENSG00000137936rs62001028 6.30103 Illumina [83898] N          

BioPlanet 2019 

 

FIG 5.7: BIOPLANET2019 PATHWAY ANALYSIS ENRICHR IN BAR GRAPH 

KEGG 2021 Human 

          

FIG 5.8: KEGG2021 HUMAN PATHWAY ANALYSIS ENRICHR IN BAR GRAPH 

https://maayanlab.cloud/Enrichr/enrich
https://maayanlab.cloud/Enrichr/enrich
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Reactome 2022 

 

FIG 5.9: RECTOME2022 PATHWAY ANALYSIS IN BAR GRAPH 

Elsevier Pathway Collection 

        

 FIG 5.10: ELSEVIER PATHWAY COLLECTION IN BAR GRAPH 
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5.4 HUMAN PROTEIN ATLAS, UNIPROT & STRING DB 

The Human Protein Atlas is an open-access database that contains detailed 

information regarding protein expression, localization, and function in human tissues 

and cells. 

I obtained ten protein ids for MDD from HPA and six from Uniprot. 

MECP2 modulates neuronal receptors and channels, and protein-protein interactions 

provide insights into the biological processes and pathways involved. A gene-disease 

link has been discovered in the regulation of behavioral fear response. 

 

 

   TABLE 5.5: PROTEIN DATA RETRIEVED FROM HUMAN PROTEIN ATLAS 

Column1 Column2 Column3 Column4

Gene description Uniprot Protein classEvidence

5-hydroxytryptamine receptor 2A P28223 FDA approved drug targets, G-protein coupled receptors, Human disease related genes, Predicted membrane proteinsEvidence at protein level

Piccolo presynaptic cytomatrix proteinQ9Y6V0 Disease related genes, Human disease related genes, Plasma proteins, Predicted intracellular proteins, Predicted membrane proteinsEvidence at protein level

Inter-alpha-trypsin inhibitor heavy chain 3Q06033 Plasma proteins, Predicted secreted proteinsEvidence at protein level

LDL receptor related protein 8 Q14114 Disease related genes, Predicted intracellular proteins, Predicted membrane proteins, Predicted secreted proteinsEvidence at protein level  

 

 

 

                 TABLE 5.6: PROTEIN DATA RETRIEVED FROM UNIPROT 

           

Entry Reviewed Entry NameProtein names Gene NamesOrganism Length

O76024 reviewed WFS1_HUMANWolframin WFS1 Homo sapiens (Human)890

P08172 reviewed ACM2_HUMANMuscarinic acetylcholine receptor M2CHRM2 Homo sapiens (Human)466

P17861 reviewed XBP1_HUMANX-box-binding protein 1 (XBP-1) (Tax-responsive element-binding protein 5) (TREB-5) [Cleaved into: X-box-binding protein 1, cytoplasmic form; X-box-binding protein 1, luminal form]XBP1 TREB5 XBP2Homo sapiens (Human)261

P51608 reviewed MECP2_HUMANMethyl-CpG-binding protein 2 (MeCp-2 protein) (MeCp2)MECP2 Homo sapiens (Human)486

Q8IWU9 reviewed TPH2_HUMANTryptophan 5-hydroxylase 2 (EC 1.14.16.4) (Neuronal tryptophan hydroxylase) (Tryptophan 5-monooxygenase 2)TPH2 NTPHHomo sapiens (Human)490  
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       FIGURE 5.11:   PPI INTERSECTION AS BITMAP IMAGE USING STRING DB 

 

 

 

        FIGURE 5.12: K-MEANS CLUSTERING PPI INTERSECTION USING STRING DB 
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  TABLE 5.7: K-MEANS CLUSTERING ANALYSIS RESULT USING STRING DB

#clustering methodcluster numbercluster colorgene countprotein nameprotein identifierprotein description

kmeans 1 Red 3 ITIH3 9606.ENSP00000415769Inter-alpha-trypsin inhibitor heavy chain H3; May act as a carrier of hyaluronan in serum or as a binding protein between hyaluronan and other matrix protein, including those on cell surfaces in tissues to regulate the localization, synthesis and degradation of hyaluronan which are essential to cells undergoing biological processes

kmeans 1 Red 3 WFS1 9606.ENSP00000226760Wolframin er transmembrane glycoprotein; Wolframin; Participates in the regulation of cellular Ca(2+) homeostasis, at least partly, by modulating the filling state of the endoplasmic reticulum Ca(2+) store; Deafness associated genes

kmeans 1 Red 3 XBP1 9606.ENSP00000216037X-box-binding protein 1; Functions as a transcription factor during endoplasmic reticulum (ER) stress by regulating the unfolded protein response (UPR). Required for cardiac myogenesis and hepatogenesis during embryonic development, and the development of secretory tissues such as exocrine pancreas and salivary gland (By similarity). Involved in terminal differentiation of B lymphocytes to plasma cells and production of immunoglobulins. Modulates the cellular response to ER stress in a PIK3R-dependent manner. Binds to the cis-acting X box present in the promoter regions of major histoc [...] 

kmeans 2 Green 8 CHRM2 9606.ENSP00000399745Muscarinic acetylcholine receptor M2; The muscarinic acetylcholine receptor mediates various cellular responses, including inhibition of adenylate cyclase, breakdown of phosphoinositides and modulation of potassium channels through the action of G proteins. Primary transducing effect is adenylate cyclase inhibition. Signaling promotes phospholipase C activity, leading to the release of inositol trisphosphate (IP3); this then triggers calcium ion release into the cytosol; Cholinergic receptors muscarinic

kmeans 2 Green 8 HTR2A 9606.ENSP000004377375-hydroxytryptamine receptor 2A; G-protein coupled receptor for 5-hydroxytryptamine (serotonin). Also functions as a receptor for various drugs and psychoactive substances, including mescaline, psilocybin, 1-(2,5-dimethoxy-4- iodophenyl)-2-aminopropane (DOI) and lysergic acid diethylamide (LSD). Ligand binding causes a conformation change that triggers signaling via guanine nucleotide-binding proteins (G proteins) and modulates the activity of down-stream effectors. Beta-arrestin family members inhibit signaling via G proteins and mediate activation of alternative signaling pathways. S [...] 

kmeans 2 Green 8 LRP8 9606.ENSP00000303634Low-density lipoprotein receptor-related protein 8; Cell surface receptor for Reelin (RELN) and apolipoprotein E (apoE)-containing ligands. LRP8 participates in transmitting the extracellular Reelin signal to intracellular signaling processes, by binding to DAB1 on its cytoplasmic tail. Reelin acts via both the VLDL receptor (VLDLR) and LRP8 to regulate DAB1 tyrosine phosphorylation and microtubule function in neurons. LRP8 has higher affinity for Reelin than VLDLR. LRP8 is thus a key component of the Reelin pathway which governs neuronal layering of the forebrain during embryonic brai [...] 

kmeans 2 Green 8 MUC5B 9606.ENSP00000436812Mucin 5b, oligomeric mucus/gel-forming; Mucin-5B; Gel-forming mucin that is thought to contribute to the lubricating and viscoelastic properties of whole saliva and cervical mucus; Mucins

kmeans 2 Green 8 NPAS2 9606.ENSP00000338283Neuronal PAS domain-containing protein 2; Transcriptional activator which forms a core component of the circadian clock. The circadian clock, an internal time- keeping system, regulates various physiological processes through the generation of approximately 24 hour circadian rhythms in gene expression, which are translated into rhythms in metabolism and behavior. It is derived from the Latin roots 'circa' (about) and 'diem' (day) and acts as an important regulator of a wide array of physiological functions including metabolism, sleep, body temperature, blood pressure, endocrine, immune [...] 

kmeans 2 Green 8 PCLO 9606.ENSP00000334319Protein piccolo; May act as a scaffolding protein involved in the organization of synaptic active zones and in synaptic vesicle trafficking; C2 domain containing

kmeans 2 Green 8 TMEM150B9606.ENSP00000320757Modulator of macroautophagy TMEM150B; Modulator of macroautophagy that causes accumulation of autophagosomes under basal conditions and enhances autophagic flux. Represses cell death and promotes long-term clonogenic survival of cells grown in the absence of glucose in a macroautophagy-independent manner. May have some role in extracellular matrix engulfment or growth factor receptor recycling, both of which can modulate cell survival; Belongs to the DRAM/TMEM150 family

kmeans 2 Green 8 TPH2 9606.ENSP00000329093Tryptophan 5-monooxygenase; Tryptophan hydroxylase 2

kmeans 3 Blue 4 ARHGAP8 9606.ENSP00000374424Rho GTPase activating protein 8; GTPase activator for the Rho-type GTPases by converting them to an inactive GDP-bound state; BCH domain containing

kmeans 3 Blue 4 C2orf54 9606.ENSP00000373586Uncharacterized protein C2orf54; Chromosome 2 open reading frame 54

kmeans 3 Blue 4 ENSP000004292409606.ENSP00000429240annotation not available

kmeans 3 Blue 4 MECP2 9606.ENSP00000395535Methyl-CpG-binding protein 2; Chromosomal protein that binds to methylated DNA. It can bind specifically to a single methyl-CpG pair. It is not influenced by sequences flanking the methyl-CpGs. Mediates transcriptional repression through interaction with histone deacetylase and the corepressor SIN3A. Binds both 5-methylcytosine (5mC) and 5-hydroxymethylcytosine (5hmC)-containing DNA, with a preference for 5-methylcytosine (5mC) 

 

 

 

5.5 TRANSCIPTOME DATA FROM GEO 

The data is obtained from GEO, the accession id is gse53987 

Overall design: Prefrontal cortex, striatum and hippocampus were obtained from 

subjects with schizophrenia, bipolar disorder, major depressive disorder and matched 

controls. (only MDD is used for analysis) 

GEO2R analysis is done for the above data and the upregulated and downregulated  

genes are extracted, the top 11 genes that are upregulated in an MDD-related dataset: 

TEKT4P2///MAFIP///LOC389834,GSTM5,SLC1A2,RAB12,AQP4,RGMB,SLC1A2,LO

C728613,RGS1,CRH,FAS 

It is important to note that these genes have not been consistently associated with MDD 

in the literature and their biological significance in MDD is not well-established. 

However, some of these genes have been implicated in various biological processes 
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that may be relevant to MDD pathogenesis. For example, SLC1A2 encodes for a 

glutamate transporter that regulates excitatory neurotransmission, which has been 

implicated in MDD. CRH, a neuropeptide involved in the hypothalamic-pituitary-adrenal 

(HPA) axis, has also been linked to stress response and MDD. 

The top differentially expressed genes with the lowest adjusted p-values: HBA2/HBA1, 

HBB, TTR, KANSL1-AS1, and FRG1. These genes have been previously implicated in 

depression or related pathways, and their differential expression in MDD may provide 

insight into the molecular mechanisms underlying the disorder 

                   TABLE 5.8: DOWNREGULATED TRANSCRIPTOME FROM GEO2R ANALYSIS 

ID adj.P.Val P.Value t B logFC Gene.symbol

226558_at 1 0.08325 -1.74836 -4.3 -0.46997 TEKT4P2///MAFIP///LOC389834

205752_s_at 1 0.06072 -1.89538 -4.21 -0.45866 GSTM5

1558009_at 1 0.13959 -1.48831 -4.43 -0.45075 SLC1A2

235059_at 1 0.04998 -1.98236 -4.16 -0.44507 RAB12

210067_at 1 0.13434 -1.50855 -4.42 -0.41022 AQP4

227340_s_at 1 0.00878 -2.66929 -3.67 -0.40027 RGMB

1558010_s_at 1 0.22596 -1.21779 -4.55 -0.39519 SLC1A2

1569110_x_at 1 0.07733 -1.78347 -4.28 -0.38365 LOC728613

202988_s_at 1 0.09229 -1.69856 -4.33 -0.3692 RGS1  

 

 TABLE 5.9:  UPREGULATED TRANSCRIPTOME FROM GEO2R ANALYSIS 

209788_s_at 1 0.03178 2.175414 -4.04 0.325903 ERAP1

1556049_at 1 0.00158 3.241958 -3.18 0.327212 RTN4

211696_x_at 1 0.12993 1.526054 -4.41 0.33243 HBB

217232_x_at 1 0.12281 1.555289 -4.4 0.334727 HBB

211745_x_at 1 0.08737 1.725116 -4.31 0.33584 HBA2///HBA1

209660_at 1 0.36043 0.918458 -4.66 0.337169 TTR

230388_s_at 1 0.08415 1.743209 -4.3 0.349766 KANSL1-AS1

209116_x_at 1 0.06851 1.84004 -4.25 0.365154 HBB

229007_at 1 0.0711 1.822829 -4.26 0.404559 LOC283788

203510_at 1 0.01301 2.525573 -3.79 0.463973 MET  
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5.6 HUMAN METABOLOME DATABASE AND METABOANALYST   

TABLE 5.10: METABOLOME DATA FROM HUMAN METABOLOME DATABASE 

AllopregnanoloneHMDB0001449[H][C@@]1(CC[C@@]2([H])[C@]3([H])CC[C@@]4([H])C[C@H](O)CC[C@]4(C)[C@@]3([H])CC[C@]12C)C(C)=OCerebrospinal Fluid (CSF)0.0000150 +/- 0.0000015uMAbnormal Adult (>18 years old)Both

VanylglycolHMDB0001490COC1=CC(=CC=C1O)C(O)COCerebrospinal Fluid (CSF)0.09 +/- 0.09 uMAbnormal Adult (>18 years old)Both

5-Hydroxyindoleacetic acidHMDB0000763OC(=O)CC1=CNC2=C1C=C(O)C=C2Cerebrospinal Fluid (CSF)0.08 +/- 0.08 uMAbnormal Adult (>18 years old)Both

Homovanillic acidHMDB0000118COC1=CC(CC(O)=O)=CC=C1OCerebrospinal Fluid (CSF)0.20 +/- 0.09 uMAbnormal Adult (>18 years old)Both

5a-Pregnane-3,20-dioneHMDB0003759[H][C@@]12CC[C@H](C(C)=O)[C@@]1(C)CC[C@@]1([H])[C@@]2([H])CC[C@@]2([H])CC(=O)CC[C@]12CBlood 0.042 +/- 0.025uMAbnormal Adult (>18 years old)Both

AllopregnanoloneHMDB0001449[H][C@@]1(CC[C@@]2([H])[C@]3([H])CC[C@@]4([H])C[C@H](O)CC[C@]4(C)[C@@]3([H])CC[C@]12C)C(C)=OBlood 0.001 +/- 0.00028uMAbnormal Adult (>18 years old)Both

ProgesteroneHMDB0001830[H][C@@]12CC[C@H](C(C)=O)[C@@]1(C)CC[C@@]1([H])[C@@]2([H])CCC2=CC(=O)CC[C@]12CBlood 0.0025 +/- 0.0017uMAbnormal Adult (>18 years old)Both

DihydrotestosteroneHMDB0002961[H][C@@]12CC[C@H](O)[C@@]1(C)CC[C@@]1([H])[C@@]2([H])CC[C@@]2([H])CC(=O)CC[C@]12CBlood 0.0054 +/- 0.0029uMAbnormal Adult (>18 years old)Both

TetrahydrodeoxycorticosteroneHMDB0000879[H][C@@]12CC[C@H](C(=O)CO)[C@@]1(C)CC[C@@]1([H])[C@@]2([H])CC[C@@]2([H])C[C@H](O)CC[C@]12CBlood 0.0056 +/- 0.0023uMAbnormal Adult (>18 years old)Both

N-MethyltryptamineHMDB0004370CNCCC1=CNC2=CC=CC=C12Urine 0.0049 (0.000018-0.000094)uMAbnormal Adult (>18 years old)Both

5-MethoxydimethyltryptamineHMDB0002004COC1=CC2=C(NC=C2CCN(C)C)C=C1Urine 0.0052 (0.0003-0.0094)uMAbnormal Adult (>18 years old)Both

Indoleacetic acidHMDB0000197OC(=O)CC1=CNC2=CC=CC=C12Cerebrospinal Fluid (CSF)0.0299 +/- 0.00280uMAbnormal Not SpecifiedNot Specified

alpha-Linolenic acidHMDB0001388CC\C=C/C\C=C/C\C=C/CCCCCCCC(O)=OBlood 66.803 +/- 30.169uMAbnormal Adult (>18 years old)Both

Eicosapentaenoic acidHMDB0001999CC\C=C/C\C=C/C\C=C/C\C=C/C\C=C/CCCC(O)=OBlood 63.151 +/- 36.700uMAbnormal Adult (>18 years old)Both  

 

         FIGURE 5.13: OVERVIEW OF PATHWAY ANALYSIS USING METABOANALYST 

    

   TABLE 5.11: METABOANALYST PATHWAY RESULT 

Total Expected Hits Raw p #NAME? Holm adjustFDR Impact

Steroid hormone biosynthesis85 0.7129 5 0.000401 3.397 0.033671 0.033671 0.09105

Biosynthesis of unsaturated fatty acids36 0.30194 3 0.002807 2.5518 0.23296 0.1145 0

Tryptophan metabolism 41 0.34387 3 0.004089 2.3884 0.33532 0.1145 0.0139

Tyrosine metabolism 42 0.35226 2 0.046287 1.3345 1 0.97204 0.00077

alpha-Linolenic acid metabolism13 0.10903 1 0.10409 0.98257 1 1 0.33333                
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The input for metaboanalyst is the Transcriptomics data (gene symbol) from GEO and 

the HMDB ID for MDD. 

The result summary appears to show the results of a compound gene mapping analysis 

in MetaboAnalyst. The analysis identified significant associations between specific 

metabolic pathways and gene expression data for the given input dataset. Here's a 

brief interpretation of the results: 

Biosynthesis of unsaturated fatty acids: This pathway showed the strongest association 

with gene expression data, with 3 out of 47 genes mapped and a p-value of 0.0052294.  

 FIGURE 5.14: JOINT PATHWAY ANALYSIS USING METABOANALYST 

               

The result summary appears to show the results of a compound gene mapping 

analysis in MetaboAnalyst. The analysis identified significant associations between 

specific metabolic pathways and gene expression data for the given input dataset. 

Here's a brief interpretation of the results: 

Biosynthesis of unsaturated fatty acids: This pathway showed the strongest 

association with gene expression data, with 3 out of 47 genes mapped and a p-value 

of 0.0052294. This suggests that there may be significant changes in unsaturated 

fatty acid biosynthesis related to the input gene expression data. 

Alpha-Linolenic acid metabolism: This pathway showed a moderate association with 

gene expression data, with 2 out of 22 genes mapped and a p-value of 0.012097. 
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Alpha-linolenic acid is an important omega-3 fatty acid, so this pathway may also be 

involved in changes related to lipid metabolism. 

Glutathione metabolism: This pathway showed a relatively weak association with 

gene expression data, with 2 out of 56 genes mapped and a p-value of 0.06895. 

Glutathione is an important antioxidant that helps protect cells from oxidative stress, 

so changes in this pathway may be related to cellular stress response. 

 

5.7 OMICSNET R  

The input for omicsnet R is gene symbol from GEO, protein id from human protein 

atlas and uniport, transcription factor(TF),SNP’s, Metabolites,  Microbial taxa. 

Using input data on SNPs and gene, Omicsnet can identify genetic variants that are 

associated with MDD as SOX10, ZNF263 

 

                 FIG 5.15: OMICSNET ANALYSIS RESULT FOR TF AND SNP’S (subnetwork1) 

SOX10 is a transcription factor that plays an important role in the development of 

neural crest cells, which give rise to various cell types including melanocytes, 

peripheral glia, and neurons. It is also known to play a role in the maintenance of the 

oligodendrocyte lineage, which is responsible for the production of myelin in the 

central nervous system. 
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                      FIG 5.16: OMICSNET ANALYSIS RESULT FOR TF AND SNP’S(subnetwork2) 

ZNF263, also known as ZBTB18, is a transcription factor that has been implicated in 

various biological processes, including cell differentiation and proliferation, apoptosis, 

and development of the nervous system. 

                                 FIG 5.17: OMICSNET ANALYSIS FOR METABOLITE AND PROTEIN  

The above analysis has identified potential interactions between the Metabolites 

alpha-Ketoglutaric acid and Ethylene succinic acid, and the proteins KDM4C, ASPH, 

and PLOD2. 
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      FIG 5.18: TF AND METABOLITE INTERACTION ANALYSIS USING OMICS                         

 

 

The most enriched biological process is "response to stress" with a p-value of 0.00349 

and an FDR of 0.241, indicating a high level of significance. This suggests that the 

genes involved in this biological process are more likely to be differentially expressed 

in response to stress. 

The second most enriched biological process is "cellular response to extracellular 

stimulus" with a p-value of 0.00371 and an FDR of 0.241, which is also significant. This 

process involves the response of cells to signals from the extracellular environment, 

which can include various stressors. 
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The third and fourth most enriched biological processes are "protein maturation" and 

"negative regulation of catalytic activity," respectively. Both of these processes are 

involved in protein regulation and can play a role in the cellular response to stress. 

Finally, the fifth most enriched biological process is the "inflammatory response," which 

is also involved in the response to stress. Inflammation is a well-known response to 

stress and can play a role in the development of various stress-related disorders, 

including depression. 

Overall, these enriched biological processes provide insight into the molecular 

mechanisms underlying the cellular response to stress and can help identify potential 

therapeutic targets for stress-related disorders such as depression. 
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                                               CHAPTER 6 

SUMMARY AND CONCLUSION 

This study is a combination of several different approaches to studying major 

depressive disorder (MDD). These approaches include differential gene expression 

analysis, functional analysis, gene network analysis, pathway analysis, and compound 

gene mapping analysis. 

Differential gene expression analysis was performed using the GEO2R tool, which 

identified several differentially expressed genes (DEGs) between MDD patients and 

healthy controls. The top 10 upregulated genes included OLFM4, CEACAM8, MMP8, 

LCN2, LTF, DEFA4, and ARG1, while the top 10 downregulated genes included 

KCNA3, TREML4, and PPP1R17. These genes were then subjected to functional 

analysis using the Network Analyst program and the Gene Set Enrichment Analysis 

(GSEA) tool, which revealed several biological processes and pathways that were 

enriched in MDD. 

The functional analysis found that the upregulated genes were enriched in stress 

response, inflammation, and neurotransmitter signaling networks, whereas the 

downregulated genes were enriched in synaptic function, energy metabolism, and 

neuroplasticity pathways. The pathway analysis using GeneMANIA found that several 

pathways were significantly enriched in the MDD genes, including the calcium signaling 

pathway, the cAMP signaling pathway, and the MAPK signaling pathway. These 

pathways are known to play important roles in neuronal signaling, synaptic plasticity, 

and gene expression regulation, and their dysregulation may contribute to the 

development of MDD. 

Compound gene mapping analysis was performed using MetaboAnalyst, which 

identified significant associations between specific metabolic pathways and gene 

expression data. The analysis found that the biosynthesis of unsaturated fatty acids 

showed the strongest association with gene expression data, suggesting that there may 

be significant changes in unsaturated fatty acid biosynthesis related to the input gene 
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expression data. Alpha-linolenic acid metabolism and glutathione metabolism were 

also found to be associated with gene expression data, indicating that changes in lipid 

metabolism and cellular stress response may be related to MDD. 

Finally, protein-metabolite interaction network analysis using OMICSNET identified 

potential interactions between the metabolite’s alpha-ketoglutaric acid and ethylene 

succinic acid and the proteins KDM4C, ASPH, and PLOD2. These interactions may 

play important roles in MDD pathogenesis and warrant further investigation. 

In summary, this analysis combines several different approaches to studying MDD and 

identifies several key biological processes, pathways, and genes that may be involved 

in the development of the disorder. These findings provide valuable insights into the 

molecular mechanisms underlying MDD and may guide the development of novel 

diagnostic and therapeutic approaches. 
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