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25.1 Introduction

There are two types of approaches in science, first is the reductionist approach and the second is a holistic approach.

The whole living biological systems can be characterized by network modeling and this approach is called a holistic

approach (Ideker, Galitski, & Hood, 2001; Kitano, 2002). This can be done by combining all the genes, proteins, meta-

bolites, etc., and can be predicted the effects of whole system. In the reductionist approach, the one entity (gene or pro-

tein or metabolite) can be characterized using the wet lab methods and their effect can be observed alone. Hence, in the

era of big data, the holistic approach is more useful to characterize the perturbation of one gene/protein/drug in a whole

biological system. From here the concept of systems biology originated, which deals with the holistic approach and can

characterize the real effects of one gene or protein against the whole system. Systems biology is used to reveal the

system-level information of an organism and the aim of systems biology can be summarized in the following points:

1. The understating of the system’s all components based on its molecular level.

2. To make the system that can predict the future growth of a system in the normal environment?

3. To make the system that can predict the response of an organism due to the external stimulus?

4. The ability to predict the systems-level changes in the gene knockout, based on whole system.

The systems biology approach is a very powerful tool to reveal the role of previously undescribed components in

the biological system and can decipher the multivariate relationship between different organisms (Aderem et al., 2011;

Gupta, Singh, Shukla, & Misra, 2013). In systems biology, we can analyze any system ranging from an ecosystem, a

single organism, tissue level, single-cell dynamics, or a group of biological entities or molecules. The biological mole-

cules that make a comprehensive system are very diverse in the terms of their structure, function, subcellular localiza-

tion, etc. Hence, designing a comprehensive system for the analysis is very critical. The major thing is that how one

can design the system and its components and can construct a network and can derive meaningful information to make

the final prediction and ultimately solve their hypothesis-driven research purpose is still a research problem and scien-

tists are seeking these answers through their research at the global level (Ideker et al., 2001; Kitano, 2002).

25.2 Big data in general and in the context of biology

The analytics of big data is potentially revolutionary. Various leading companies, such as Facebook, Amazon, Uber,

and Netflix, are revolutionarily changed their success due to the big data analytics only. The collection, creation, and

analysis of the generated big data by any industry or academic institute can give at least some of the benefits, such as

increase revenue by increasing the effectiveness and performances and reduce the cost of the products and processes

due to less manpower. In this row, the biomedical and pharmaceutical companies and academic and scientific institu-

tions are not resistant to this process and these are also facing data-driven challenges, such as storage, development,

and extracting meaningful information.
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The big data are described by the data scientists as four Vs (volume, velocity, veracity, and variety). Volume, that

is, first V, represents the data at scale, and that data obtained from various resources with a lot of data points. In the

case of biomedical data, there are next-generation techniques that are widely used to produce the high-throughput data

of a sample or multiple samples, tissues, or from the whole cell. The one-time sequencing of one biological sample is

not enough and cannot provide a good result hence the multiple samples with three sequencings of each sample gener-

ates a large volume of data. A large amount of biological data can be produced due to the advent of single-cell sequenc-

ing, although thousands of cells can be analyzed for each tissue or patient at a lesser depth (Wang & Song, 2017; Wu,

Wang, & Wu, 2017).

The data that are in Petabyte to Exabyte scale can be stored in the big data domains. The big data domains are the

specific server that is specially designed for storing a large amount of data. One billion gigabytes is equal to one exa-

byte and now day’s most portable devices are storing the data on the gigabyte scale. The generated volumes of the data

are much higher as compared to the storage volume; hence, due to this limitation, the global sum up of the data can be

stored in the high-performance servers. This high amount of data is called intermediate data because it contains a lot of

redundant information and the best data can be selected by quality control and data reduction processes. From the last

few years, historical growth in biological data is recorded, which is almost double in each 7-year since the first illumina

genome sequencing was done in 2008, and this growth is even much faster than Moore’s law-based predicted growth.

Due to this faster growth in genomics, this can be compared with physics, astronomy, and social media fields, such

as Facebook, YouTube, and Twitter. Various academic and research institutes started to sequence the genome of thou-

sands of normal and disease persons, such as the Saudi Human Genome Program (Project Team, 2015) and Genomics

England project (Genomics England, 2017b) (Table 25.1). The UK genome project will sequence 100,000 human gen-

omes, which will result in 20 petabytes of data. The sequencing of several other organisms is also carrying out, which

will generate a lot of data in the coming years. In the field of agriculture, thousand to millions of vegetable verities are

sequenced. A thousand varieties of rice are also sequenced in recent years (Zhu, 2012). Personalized medicine is a field

that is solely based on individual genomes; hence, it is targeted to sequence the genome or exome of at least a signifi-

cant portion of the world population. Thus it will largely increase the growth of biological big data (Stephens et al.,

2015).

The second “V” called velocity indicates the infrastructure speed of the stored data. It will ensure the fast transfer-

ring of the data from one place to another place. The large amounts of data need large remedies for data manipulation.

The four-wheeled method (truck delivery) is the best, secure, and fastest way to transfer the Exabyte scale data to this

time (https://aws.amazon.com/snowmobile/). But in the current internet speed, if we want to upload 100 petabytes of

data, it will take approximately 30 years. Although the volume and velocity are not a major issue for biological data

since we can store and move the data inside the walls of the same institution until this time. In biology, the data are not

always transferred through the internet. The data can be transferred from the service provider to the client through the

physical storage also if it is very big.

The veracity and variety represent the other two “Vs,” which are more critical than the first two “Vs.” The data

uncertainty is represented by the veracity. In the genomic sequence data, the biases are intrinsic and can occur due to

the experimental batch effects, error rates, and different statistical models applied. The fourth and last “V” refers to the

variety of the data. Variety is a natural thing in the case of biological data. The biological data comes from different

domains in different forms hence it is very heterogeneous. Big data often means distinct signals and detection systems

from the same source in this regard. Heterogeneity in the case of biological data is also an obstacle. Due to this integra-

tion of different sources, we can predict some novel information about unassumed results from this data.

For reproducible research by using biological data: the collection, integration, availability, and organization of data

are the bigger issues (Iqbal, Wallach, Khoury, Schully, & Ioannidis, 2016). If scientists can spread this data for the

researchers, it will be a great contribution to science. Hence, developing such a project that involves a lot of data and

that is useful for researchers is also beneficial to science, but it is a crucial task. Several diverse projects are going on,

which generates a lot of data and that data is available in the public domains. We are summarizing a few of these here

in Table 25.1.

25.3 Types of data in systems biology

Systems biology can deal with the heterogeneous type of data, which are generated by various kinds of experimental

techniques from several resources. The detailed central dogma of biological data is described in Fig. 25.1. Some of the

popular data types are described below in detail.
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FIGURE 25.1 The first panel describes the natural biological process while the sec-

ond panel describes the respective data types, which are used in systems biology

analysis.

TABLE 25.1 The table describes several International big data resources.

Project Description Reference

Saudi Genome
Program

This project aims to identify the genomes of all the Saudi populations and analyze
those using bioinformatics techniques.

Project Team (2015)

Project baseline This project aims to collect comprehensive health data and then their use for the
prevention of disease.

Maxmen (2017)

Genomics England In this project, 70,000 people will be participating and 100,000 genomes will be
sequenced to see the genetic variability.

Genomics England
(2017a, 2017b)

iPOP The Integrated Personal Omics Profiling aims to provide the layout foundation for
personalized medicine.

Li et al. (2017)

PMI This project aims to participate engage 1 million or more US participants to increase
our understanding of the individual’s lifestyle, genetic architecture, and environmental
factors for treating the disease. The PMI Cohort Program is a landmark longitudinal
research effort.

Collins and Varmus
(2015)

NextGen-Jane (Company) This project aims is to develop a method to detect that what the body of
individuals is telling. They can reveal the important individual health information in
their home with privacy.

Erickson et al. (2014)

PheKB This project aims to detect the phenotypes from electronic medical records. Kirby et al. (2016)

PGP The Personal Genome Project, launched in 2005, is a global vision and alliance of
projects committed to the development of public data on genomes, health, and traits.

Ball et al. (2012)

PheWAS This project (Phenome-wide association studies) aims to identify many phenotypes
than the single nucleotide polymorphisms or other attributes.

Denny et al. (2010)

eMERGE This project is funded by the National Human Genome Research Institute. The aim of
this project is to provide high-throughput genetic research by the combining of DNA
biorepositories with electronic medical record systems for genomic medicine.

Lemke et al. (2010)

FAIR An educational resource that includes data and metadata standards, several databases,
and data policies that is interrelated.

Wilkinson et al.
(2016)

Human disease
network

It is a comprehensive resource that provides the human disease network where each
node corresponds to the specific disease and the size of the nodes indicates the genes,
which are associated with this disease. If the disease has common genes so these
nodes (disease) are connected.

Goh et al. (2007)

B2DK Big Data to Knowledge is a trans-NIH initiative to promote research and development
with innovative methods and technologies to optimize and accelerate the
incorporation into biomedical research of big data and data science.

Bourne et al. (2015)
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25.3.1 Biological sequences

The major biological information center called DNA is a double helix molecule that is made up of four nucleotide bases

(adenine, thymine, guanine, and cytosine) in the form of two complementary strands from 50 to 30 and vice versa. DNA

stores the information in the form of nucleotide in a sequence. Therefore it is required to determine the accurate

sequences. A gene that is the smallest unit of DNA codes a particular protein. The proteins are made up of amino acids

and these are essential molecules to maintain the function of an organism. The continuous three nucleotides of a gene

called a codon and these codons code amino acid and this series of codons form a polypeptide chain by coding the

series of amino acids. For example, the MTNWFLPPSL is a 10-amino-acid sequence and coded by the 30-character

nucleotide sequence (ATGACCAATTGGTTTCTACCCCCTTCCTTG).

So it proves that one codon codes one corresponding amino acid. The one amino acid can be coded by multiple

codons and it gives the redundancy of the genetic codes. The start and stop codons are also found, which can start and

stop the transcription process. There were differences in the use of codon among the various species and these connec-

tions can be formed between the use of codon and the biological characteristics of an organism (Kanaya, Yamada,

Kinouchi, Kudo, & Ikemura, 2001; Xu et al., 2013). DNA sequencing techniques were introduced in the 1970s and dif-

ferent sequencing techniques have been developed since then. Due to the advancement in sequencing technology, the

scientist can sequence the whole genome, transcriptome, parts of chromosomes or one full chromosome, one gene, or

the whole genome. These emerged technologies save the time and cost of sequencing (Hall, 2007; Tucker, Marra, &

Friedman, 2009).

25.3.2 Molecular structure

The prediction of the three-dimensional structure of DNA, RNA, and protein is very crucial to understand the actual

function of the omics molecule. The sequence data are increasing day by day through the high-throughput sequencing

technologies while the structure prediction is limited. The DNA is tightly packed inside the cell in a protein�DNA

structure called chromatin. The histones are the primary protein component of the chromatin. The packaging of DNA

allows us to control the binding of transcription factors (TFs) to the DNA and regulates the damage of DNA. The pro-

teins can bind with other proteins and form the biologically active complex. Similar to DNA, RNA can also interact

with protein or with each other to perform diverse biological functions. Therefore it is very important to understand the

binding sites of these molecules to explore the binding pattern and for the identification of the binding pattern; a proper

3D structure is required, which can reveal the interacting residues and their binding sites. There are several experimen-

tal methods, such as X-ray crystallography, nuclear magnetic resonance (NMR), and electron microscopy, which can

correctly predict the 3D structure of the biological macromolecules. Nowadays there are several computational methods

also available, which can accurately predict the 3D structure of the protein (Emanuelsson, Nielsen, Brunak, & von

Heijne, 2000; Zhang, 2008).

The methods, which can predict the DNA and RNA structures, are also available (Reinharz, Major, & Waldispühl,

2012). Several servers, such as HADDOCK (Dominguez, Boelens, & Bonvin, 2003), Pathcdock, SymmDock

(Schneidman-Duhovny, Inbar, Nussinov, & Wolfson, 2005), and Hex (Macindoe, Mavridis, Venkatraman, Devignes, &

Ritchie, 2010), are available to perform the molecular docking between protein and other biological macromolecules.

Several computational tools are available, which can be used for the visualization and analysis of these complexes,

such as UCSF Chimera (Pettersen et al., 2004) and Pymol, and all these are available free of cost for researchers.

25.3.3 Gene expression

The gene expression represents the information present in the gene. This is the initial step that produces the mRNAs

(protein-coding RNAs) and other functional RNAs, such as rRNA or tRNA. Gene expression is a very basic process

and appears in all organisms, which build the macromolecular machinery for an organism. Although all the cells con-

tain the same gene, their expression is different in various tissues. In specific conditions, some genes are expressed in

particular places while some are not expressed. The latest technologies, such as microarray, RNAseq, and ChipSeq, are

used to capture the RNA expression level in different cells (Lashkari et al., 1997; Torres, Metta, Ottenwälder, &

Schlötterer, 2008). If many copies of the mRNAs of a particular gene are present in the cell so it represents the highly

expressed genes. This expression is measured by taking the samples from the disease and normal tissues or in different

environmental conditions or during different growing stages, etc. The knowledge on gene expression is expressed in the

form of a matrix where rows represent the genes and the experimental state is represented by columns.
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25.3.4 Binding sites and domains

Various important cellular processes, such as DNA packing, RNA transcription, DNA recombination, DNA replication,

and DNA repair mechanism, are initiated and controlled by the binding of a specific protein to a specific region of

DNA. The specific position is called motif (pattern) and these are represented by the position weight matrix (PWM)

(Ben-Gal et al., 2005). The PWM is also known as the position-specific scoring matrix or position-specific weight

matrix), which provides any given fixed length substring with a weighted match. A protein called DNA-binding domain

has a specific fold and pattern, which recognizes a specific part of DNA and can bind with the single or double-

stranded DNA (Rudnick & Bruinsma, 1999). Hence, the protein domains or motifs and the specific part of DNA are

crucial to recognizing the binding between DNA and protein. Therefore predicting and understanding the type of inter-

action could be beneficial to increase or decrease the affinity of these interactions.

25.3.5 Protein�protein interaction

In the cells, various proteins play various types of role, such as the component of cellular machinery (such as ribo-

somes), gene expression regulator, and enzyme catalysts. Some proteins are synthesized and perform the role in the

same cell compartment while various other proteins moved from that compartment and play the key role in other com-

partments of the cell. The protein can work as a monomer or the multiple same chains can binds and form the homodi-

mer, and then, it can perform the biological functions. Sometimes various proteins bind with each other and perform

cellular functions. RNA polymerase is a classic example of protein complexes. The proteins are bound together with

various forces and the PPI data represents the binary relationship between one protein to another protein and is widely

used in systems biology to decipher the relationship between protein and protein.

25.3.6 Mass spectroscopy

Mass spectroscopy is a technique by which the spectra (singular spectrum) are generated to measure the molecular

masses. These spectra can define the elemental composition of the given sample and can elucidate the chemical struc-

ture of the given sample, such as a peptide, metabolites, and chemical compounds. The mass spectroscopy used charged

molecules or molecule fragments to measure their mass-to-charge ratio by ionizing chemical compounds (Boggess,

2001). The 2-dimensional and 3-dimensional arrays are used to represent the 2D (molecular weight vs magnitude) and

3D (molecular weight vs. magnitude vs. time) mass spectroscopy data.

25.3.7 Metabolic pathways

The metabolism is an important process of the cell that produces the building material and generates the energy by

using several enzymes in a sequential process. All organisms receive the macronutrients from the environment for their

required growth and proper functioning. After that these foods are processed by thousands of reactions. In cells, chemi-

cal reactions always occur that transfers the ions and electrons and breaks the chemical molecules. These processes or

reactions are called metabolic pathways. These reactions can be considered as a biological network where nodes and

edges are considered as metabolites and reactions between them. The edges can be connected with the multiple

enzymes and one node can also connect with many other nodes in a biological network. The metabolic reactions follow

the law of physics and chemistry; hence, if a scientist wants to make a real model of these metabolic reactions, then the

scientist has to consider many physicochemical constraints (Palsson, 2006).

In summary, the biological data can be divided into four categories: first is the sequence data, second is the 3D

structure data, third is the multivariate data, and the last is the network data. However, in the current scenario, the bio-

logical data are continuously increasing and require more computational power, algorithms, and tools for analysis.

These data can be converted from one type to another type according to the user’s need for the analysis.

25.4 Biological big data resources

A lot of resources are available that give the genomic and transcriptomic information about the different genes, disease

and normal tissue sample, single-cell sequencing data, genetic variations, such as copy number variation, frame shift

mutations, and single nucleotide polymorphism. We are describing a few global resources here in tabular form in the

coming sections.

Systems biology and big data analytics Chapter | 25 429



25.4.1 Genomics and transcriptomics resources

The genomics and transcriptomics are the major big data in biology and it plays a major role in systems biology.

Hence, we have summarized the resources of genomics and transcriptomics data in Table 25.2.

25.4.2 Proteomics resources

The proteomics data can tell us about the functional proteins and several other kinds of information. It is a key constitu-

ent of the systems biology analysis. We have included reference protein databases and 3D structure databases in this

chapter. The resources are summarized in Table 25.3.

25.4.3 Cellular metabolome

The metabolomics data are the key components in biological pathways and these are widely used in network generation.

Hence, we have summarized the metabolome resources in Table 25.4.

25.4.4 Protein�protein interaction databases

The protein�protein interactions are the core of the systems biology approach. These data are widely used in biological

network construction; hence, we have summarized the protein�protein interaction database in Table 25.5.

TABLE 25.2 Genomics and transcriptomics resources.

Resource Description References

1000 Genome Project The genome sequencing of 2504 individuals is done and then the
mutations are predicted and stored in the database.

Auton et al. (2015)

MGI-MPO A comprehensive resource for associations between mouse phenotypes
and gene knockouts.

Blake et al. (2014)

ArrayExpress It has the data produced from the DNA microarray and high-throughput
sequencing techniques.

Kolesnikov et al. (2015)

ENCODE A complete genome map of transcription factor binding sites. Rosenbloom et al. (2013)

dbSNP The database provides comprehensive information about genetic
variations.

Sherry et al. (2001)

Roadmap epigenomics A complete genome map of Human contains putative target genes and
other information.

Chadwick (2012)

Gene expression
omnibus

A comprehensive repository of the microarray and other high-
throughput functional genomics data.

Barrett et al. (2013)

Sequence read archives It provides the raw reads generated from high-throughput sequencing
techniques.

Leinonen, Sugawara, and
Shumway (2011)

GTEx Across tissues and the population, genetic aberrations, and gene
expression are profiled.

GTEx Consortium (2013)

RNA-seq Atlas The RNA sequencing experimental data from various human tissue samples. Krupp et al. (2012)

Cancer target discovery
and development (CTD2)

Fitness of tested cell lines against pharmacological and genetic
disturbances.

Basu et al. (2013)

Online Mendelian
inheritance in man

Database of human genes associated with diseases and disorders, and
their genetic phenotypes.

Amberger, Bocchini, Scott,
and Hamosh (2009); Amberger,
Bocchini, and Hamosh, (2011)

TCGA Genomic aberrations, gene expression, DNA methylation, and
expression of miRNA, tumor-sampled proteomics, clinical results.

Muzny et al. (2012)

The gene ontology The functional annotations of the genes to predict the role across species. Ashburner et al. (2000)
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TABLE 25.3 Some useful proteomics resources.

Resource Description References

Human Protein
Reference Database

The comprehensive resource about protein�protein interaction, posttranslational
modifications, and enzyme�substrate relationships.

Keshava Prasad et al.
(2009)

IntAct Protein�protein interaction database. Hermjakob et al. (2004)

PROSITE It provides a comprehensive resource about the protein families, domains,
functional sites, associated patterns, and their association profile.

Hulo et al. (2008)

Protein Data Bank It is the largest and widely used repository of the three-dimensional structure of
biological macromolecules.

Berman et al. (2000)

UniProt A comprehensive secondary database of protein sequence and functions. UniProt Consortium
et al. (2017)

The Human Protein
Atlas

The proteomic database is generated from immunohistochemistry and
immunocytochemistry experiments.

Thul and Lindskog
(2018)

TABLE 25.4 List of cellular metabolome databases.

Resource Description References

METLIN The compound’s description generated from mass spectroscopy and all metabolites with the
detailed information can be found in this resource.

Guijas et al.
(2018)

Small Molecule
Pathway Database

Database of interactions of small molecules, including metabolic processes, metabolic
disorders, signaling of metabolites, and pathways of drug action.

Frolkis et al.
(2010)

Human Metabolome
Database

The comprehensive description of the small molecule metabolites, which provides the
structure, their description, disease associations, gene sequence data, and pathway
information.

Wishart et al.
(2007)

TABLE 25.5 List of protein�protein interaction databases.

Resource Description Reference

WikiPathways Curated biological pathway database. Kelder et al. (2012)

BioCarta Collections of curated cell signaling pathways.

Reactome A curated cell signaling pathways database. Croft et al. (2014)

Biological Repository for
Interaction Datasets (BioGRID)

A dataset of protein�protein interactions repository. Chatr-aryamontri
et al. (2013)

CORUM Immunoprecipitation protein complexes, accompanied by
mass-spectrometry.

Ruepp et al. (2008)

MINT A detailed molecular interaction database. Licata et al. (2012)

IntAct A detailed molecular interaction database. Kerrien et al. (2012)

STRING A comprehensive protein�protein interaction network generation
database.

Franceschini et al.
(2013)

PhosphoSitePlus Predict the phosphosites in a given kinase. Hornbeck et al. (2012)

NetworKIN Predict the phosphosites in a given kinase. Linding et al. (2008)
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25.4.5 Drug and chemical compound databases

We have also summarized the drugs and chemical compound databases in Table 25.6. These databases describe the

IC50, drug�target interaction, and lots of other information.

25.4.6 Different other databases

These are other very popular databases that serve as important resources for systems biology analysis (Table 25.7).

25.5 Network generation and its analysis from various sources of data

For the integration of data from various resources, which are described above, the single-node type networks, gene-set

libraries, and bipartite graphs can be used, which are relatively simple data structures in network biology (Fig. 25.2).

In all these networks, the single-node-type network (Fig. 25.3A) is a very simple and widely used data structure for

the gene�gene and protein�protein interaction network data abstraction. Various other types of networks, such as

patient�patient, disease�disease, phenotype�phenotype, drug�drug, side effect�side effect, and cell line�cell line,

can also be constructed based on the correlation between these or some other similarity measures, which can infer the

relationship between entities in the network. The connection or edges between nodes in single node-type networks can

TABLE 25.6 Some important chemical compounds and drug information-related databases.

Resource Description Reference

ChEMBL The best resource to find bioactive compounds against various
receptors with the literature annotation.

Gaulton et al. (2012)

FAERS Reports of side effects experienced by patients following drug
treatment.

Sakaeda, Tamon, Kadoyama, and
Okuno (2013)

PharmGKB-OFFSIDES Side effects of drugs after bias correction and filtering obtained from
FAERS studies.

Tatonetti, Ye, Daneshjou, and
Altman (2012)

Clinicaltrials.gov A comprehensive resource to find the detail of clinical trials.

DrugBank A comprehensive resource of drug and their targets, which are
approved worldwide.

Wishart et al. (2008)

SIDER Side effects of the marketed drugs. Kuhn, Campillos, Letunic, Jensen,
and Bork (2010)

TABLE 25.7 Some other databases were used in the systems biology analysis.

Resource Description References

ExPASy This is metadata that has various databases and several software tools, which
can explore genomics, proteomics, structure analysis, systems biology,
evolutionary biology, population genetics, transcriptomics, and medicinal
chemistry.

Artimo
et al. (2012)

Kyoto Encyclopedia of Genes and
Genomes

A comprehensive database of pathways related to human diseases. Kanehisa
et al. (2014)

National Center for Biotechnology
Information

It is a collection of various databases that can provide different types of data,
such as genetic variation, and high-throughput sequencing data.

Broad Institute Cancer Cell Line
Encyclopedia

Provides a comprehensive resource about the cancer cell lines. Barretina
et al. (2012)

Cancer Genome Project Genomics
of Drug Sensitivity in Cancer

Profiles of genomic aberrations, gene expression signature, and other cancer-
related information.

Garnett
et al. (2012)
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be weighted. Like, if an edge is connected by two proteins so it represents that both proteins have the same binding site

or these proteins can show the protein�protein interaction and coexpressed mutually. The modules within these net-

works can be obtained by using the clustering algorithms. These module identification techniques belong to unsuper-

vised learning. The modules can be defined as the dense region of a network that is not well connected with the other

modules of the network. The module identification within the network can provide some new information regarding the

new functional activity of the organism. The single node-type network is also used to find the connections between two

entities. For the integration and network construction by using two or more data types, which are listed in Table 25.1

and shown in Fig. 25.1, the gene-set libraries can be used.

The gene-set library contains the family of the set and it is a type of data structure in systems biology and the label

describes each set that is common about the genes within the set. Each set contains a different number of genes and var-

ies in length. All sets are related to each other because labels cover a common resource belonging to a specific knowl-

edge domain. The Kyoto Encyclopedia of Genes and Genomes have a gene-set library containing the sets of genes

within each pathway with the pathway name (Kanehisa & Goto, 2000). These libraries are used to coordinate several

individuals, such as illnesses, patients, medications, mouse phenotypes, and cell lines, and their side effects. The drug

set libraries can be constructed by using FDA-approved drugs than genes. The drug-set enrichment analysis (DSEA)

can be performed by using these types of drug-set libraries. The initial primary use of gene-set libraries was for GSEA

(Subramanian et al., 2005). Provided a list of experimentally identified genes, GSEA uses gene-set libraries to classify

and rank gene sets of prior information that are enriched for an experimentally identified gene input list. Therefore

GSEA is a powerful tool for discovering the function of a newly discovered list of genes. However, for other kinds of

purposes, these gene-set libraries may also be used. For exploring the unexpected relationship between two different

types of data sources the two gene-set libraries can be combined. For example, a gene-set library has been created from

the various tumor patient’s differentially expressed genes and another gene-set library is created by using the

Encyclopaedia of DNA Elements (ENCODE) using ChIP-seq data, which profile the human TFs in the cancer cell lines

(ENCODE Project Consortium, 2011). This ENCODE library can be used to assign putative TFs as possible drivers of

gene-expression changes in the individual patient’s tumor (Duan, Kou, Clark, Gordonov, & Ma’ayan, 2013).

The bipartite or multipartite (Fig. 25.3B) is the third type of data structure that is used for network construction.

This data structure fits well with the data integration goal. The bipartite graph can be used to make the connections

FIGURE 25.2 The figure describes the complex biological mechanisms,

which are interrelated with each other, and makes a complex network.

FIGURE 25.3 Single node type and bipartite graph. (A) Figure represents the simple sin-

gle node type networks where nodes are connected with the edges. (B) Figure represents

the bipartite graph in which more than two nodes are involved and connected with the

edges.
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between drugs and their targets (Ma’ayan, Jenkins, Goldfarb, & Iyengar, 2007), cell lines, and drugs, which show the

highest sensitivity toward the other drugs, side effects of the drugs, diseases and their associated genes, and drugs and

their signature. The tri- and other multipartite graphs that allow the nontrivial identification of relationships can be iden-

tified with these bipartite graphs. For instance, bipartite drug-cell-line networks can be coupled with cell-line tumor net-

works, which can contribute to the possible allocation of drugs to specific patients (Duan et al., 2013) (Fig. 25.4).

The three data structures, such as gene-set library, single-node-type network, and bipartite graph, are related. For

example, by the use of a gene-set library or a bipartite graph, the single-node-type network can be created. In addition,

the bipartite graphs can be converted into the gene-set libraries and vice-versa. These gene-set libraries can be trans-

ported for another purpose.

25.6 Big data in drug repurposing and systems pharmacology

As already described in the above section, more data are better and effective to capture the status of human health and

this big data needs the technology to handle, prioritize, and faster for analysis. This data and technology can be benefi-

cial for researchers who are giving attention to drug repurposing. To make a drug is very complex, laborious, and

tedious process. This complexity can be measured in the number, like for approval of new drugs it takes 10�15 years,

and ,12% of drugs can be approved by the clinical trial for public use. The development cost of the drugs includes the

cost of failures also was 143 million dollars in 1980 and it increased to 2.6 billion dollars in the 2000s. For the same

period, the industry investments in research passed from 2 to 50 billion dollars (source FDA). These data showed the

complexity of the research that how traditional approaches are not working and more challenging in the drug designing

pipeline. Hence, repurposing or repositioning of the drugs is came in to picture (Bansal, Srivastava, & Singh, 2018). It

is a process to search the new targets for other diseases for the approved drug candidate; it does not need to conduct a

clinical trial. Due to all these reasons, only $40�$80 million expense occurs for the repurposing of the drug, which is

very low as compared to $1�$2 billion for developing a new drug. Drug repurposing can be done by using several

computation techniques, such as computer-aided drug designing.

The failure of a drug in clinical trial stages cannot be described by simple biology while the human body is very

complex. The drugs showed many off-target effects or can target multiple pathways and leads to toxicity. The concept

of drug repurposing is originated from the side effect or off-target effect of the drugs. In this case, systems biology can

FIGURE 25.4 A tripartite network that incorpo-

rates data on gene expression from cancer cell

lines and drug response data for cancer cell lines

from patient tumors. To recommend medications

for patients, the network links groups of patients,

cell lines, and drugs.
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play a major role and find the novel targets for the approved drugs by using the network-based methods, and by this,

the systems biology can play a major role in drug repurposing.

25.6.1 Network-based approaches for systems pharmacology

The network can better describe molecular and biochemical interactions, which are solved by experimental or hypothet-

ical methods. We can also infer the drug and disease relationship with the network metrics (Yildirim, Goh, Cusick,

Barabási, & Vidal, 2007). From the network, one can predict the novel targets against the drugs (Berger & Iyengar,

2009; Wu, Wang, & Chen, 2013). The network can be connected by many types, which we have described in an earlier

section, and can make a complex visual structure that showed the interaction between the protein�protein or with other

data types. Due to the invention of high graphics power, the visibility of the network is increased and can solve the pur-

pose while the precise metrics that described the network nodes and edges that represent the gene, protein, and drugs in

a complex network are also required for network analysis. Various types of metrics are developed, which can summa-

rize the complexity of a network conveniently by using the graph theory. Some metrics are especially useful for proving

the information about the individual nodes and others can well describe the edges of the network. Centrality metrics

can identify the most important influential nodes of a network while every node influence can be also measured by the

influence metrics (Dorogovisev & Mendes, 2014).

In the case of systems pharmacology, the protein interaction network or gene regulation interaction data is combined

with the diverse drugs and a comprehensive network can be created to find the druggable targets. This is the very basic

method to find probable targets from a network.

For a narrower emphasis, disease�gene networks are collected to classify potential targets for particular therapies

by incorporating disease information in addition to biological datasets and drug information. The proteins that are

involved in the disease process (Goh & Choi, 2012; Goh et al., 2007; Ozgur, Vu, Erkan, & Radev, 2008) and common

biological process (Luo et al., 2007) frequently interact with each other. The disease-centric networks can be built and

the information can be mined from those networks to find out the candidate target genes (Chen, Aronow, & Jegga,

2009; Köhler, Bauer, Horn, & Robinson, 2008). The other methods that do not focus on specific pathological domains

can also be used for drug repositioning in which the refined or new network metrics should be developed, which use

the unbiased way and can capture the essence of the potential drug targets. The traditional metrics use the actual topol-

ogy of the network, such as common targets between drugs (Daminelli, Haupt, Reimann, & Schroeder, 2012) or the

shortest path between the targets (Lee et al., 2012). These methods are biased due to the well-known nature of the inter-

actomes toward the targets, which are already experimental validated and a lot of information about those genes or pro-

teins is available in the literature.

25.7 Case study related to transcriptome data analysis

Bansal, Singh, and Chauhan (2017) used the systems biology approach for the analysis of miRNAs using RNAseq data.

They did the module analysis, which regulates the overall pattern of the plant. They have collected the samples of

J. curcas genotype IC561235 mature plants from the Himalayan Forest Research Institute at Jwalaji, Himachal Pradesh,

India. They have taken the healthy and disease virus-infected younger apical leaves. Then, they have preprocessed the

data using various steps. After that the reference genome of J. Curcas was used for the alignment. The Perl script was

used for the miRNA identification, using miRbase and plant microRNA database. They have used a plant small RNA

(psRNA) target analysis server for the miRNA target prediction. The generated result has crosschecked by using the

TargetFinder Perl script. A miRNA�mRNA interaction network was constructed for further analysis. The Bipartite net-

work analysis along with the gene ontology analysis was also done by the authors. Finally, the degree and correlation

analysis was done, and a coexpression network was reconstructed by using Cytoscape software. The detailed methodol-

ogy is shown in Fig. 25.5.

In the result analysis, they have identified 13 and 11 miRNAs in the Jatropha Viral (JV) and Jatropha healthy (JH),

respectively, of which 8 are commons in both species. For a deeper understanding of the mechanism of resistance and

disease, they identified the unique miRNAs in both the plant species where they have found miR-172, miR-414, and

miR-529 in JH and miR-2910, miR-2914, miR-477, miR-f11953, and miR-f12158 in JV. For the identification of resis-

tance mechanisms in the healthy tissue, the JH-specific miRNAs can be used. The miRNAs that are specific to JV can

tell about the targets that are compromised during virus attack, such as miR-f12158, miR-f11908, and miR-f11953,

which are novel miRNAs identified in this study in Jatropha curcas, and these miRNAs are also not experimentally val-

idated in other plant species. The mRNA targets that correspond to the miRNAs are also identified by using the
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transcriptome analysis. A total of 39 and 61 targets are identified followed by KAAS annotation in JH and JV, respec-

tively. For the quantification of the miRNAs target transcript in both plant species, such as JH and JV, the identified

transcripts and their interactions are represented in nodes and edges respectively in a bipartite graph (Bansal et al.,

2017). Only 74 and 50 nodes from JV and JH that showed the interaction were selected and a bipartite network accord-

ing to miRNA�mRNA target distribution was constructed for further analysis. They have constructed the bipartite

graph where they have found that the dominant effect is showed by some nodes as compared to other nodes (Fig. 25.6).

FIGURE 25.5 The brief methodology of the workflow for transcriptome data annotation (Bansal et al., 2017). This figure shows how big data can

be used for systems biology analysis.
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Using these networks they did many analyses and found that miR-5021 and miR-5658 are the key miRNAs that regu-

late the expression of many transcripts in JV and JH.

25.8 Limitations in big data analysis

In addition to experimental, theoretical, and analytical sciences, data are considered the Fourth Paradigm. This is espe-

cially true in computational biology, where, for example, the “sequence first, think later” approach easily overcomes

the hypothesis-driven approach. In this scenario, integration of big data is a critical process. Glue, which is called bioin-

formatics, can hold the various types of data together in the case of biomedical research. There are several constraints

in the integration of various types of big data in the case of computational biology including systems biology. There are

several types of problems in the data integration and network construction, such as a good storage capability, need a

FIGURE 25.6 Bipartite network for common miRNA targets in (A) healthy and (B) diseased condition (Bansal et al., 2017).
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good graphics card, improvement in the existing algorithm, construction of new algorithm, develop the kinetics laws,

and set that kinetics laws in the appropriate equations, and develop the tools and plugins, which can directly integrate

heterogeneous data and many more.

There is a need to develop a server that can automatically classify the information on the basis of their nature and

store in a different location. For this purpose, the SQL databases are not a good choice and hence develop some non-

SQL databases, which can easily store the data on the basis of their type. Hence, developing such type of automated

programs that can directly classify and integrate the data is urgently required and beneficial for big data analysis in sys-

tems biology.

25.9 Conclusion

First, we have to understand the cell as a system and then only we can assume a whole living organism as a system.

Hence, for understanding this thing the researcher should understand the function of gene/protein/metabolites in the

whole system as well as at the individual level. Due to advancements in high-throughput sequencing technologies, a

huge amount of biological big data are being produced, such as the whole genome of the organism, transcriptome, pro-

tein�protein interaction data, gene expression, and metabolite abundances. Due to the origination of a large amount of

data, it is necessary to develop new methods and algorithms, which can handle all the data and make complex biologi-

cal systems from a single cell. This requires high computational power as well as knowledge of other branches of sci-

ence, such as physics, mathematics, statistics, and others. These big data analytics can be done by the use of graph

theory and useful network metrics, which facilitates seeing the whole data as a biological system. However, there are a

lot of methods and data resources are also available for systems biology analysis but we have to develop new and effi-

cient methods for evaluation of new upcoming data and fit that new data in the puzzle of assays, cells, drugs, pheno-

types, genes, proteins, metabolites, and so on. This chapter summarizes various systems biology resources and tools for

the analysis of big data generated at an unprecedented rate at the global level. We assume that this chapter will help the

students, academicians, and researchers to make a foundation in systems biology concerning various domains of data

science and analysis.
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