
229

S. Balamurugan, Anand Krishnan, Dinesh Goyal, Balakumar Chandrasekaran and Boomi Pandi (eds.) 
Computation in Bioinformatics: Multidisciplinary Applications, (229–244) © 2021 Scrivener Publishing LLC

11

Bioinformatics in Cancer Detection
Mohit Sharma1,2, Umme Abiha3, Parul Chugh3,  

Balakumar Chandrasekaran4 and Nikhil Agrawal5*

1Post Graduate School of Molecular Medicine, Medical University of Warsaw, 
Warsaw, Poland

2Malopolska Centre of Biotechnology, Jagiellonian University, Krakow, Poland
3Amity Institute of Biotechnology, Noida, India

4Faculty of Pharmacy, Philadelphia University-Jordan, Amman, Jordan
5College of Health Sciences, University of KwaZulu-Natal, Westville,  

Durban, South Africa

Abstract
The uncontrolled growth of abnormal cells is generally determined by the alter-
ations in genes and epigenetic factors. Oncological research is undergoing a dras-
tic revolution due to advanced technology improvement in the verge of exploring 
the relationship of molecules which make a unit cell of an organism. Molecular 
biologists are more aware about the genomic, transcriptomic, and proteomic data 
because of the obvious technology advancement in the area of molecular medi-
cine. This has further lead to the development of novel potential targets for drug 
development and also establishment of molecular markers for unified treatment 
and therapy against cancer. Numerous cancer studies have been carried out using 
altered protocols, samples, and data from multiple sources in order to compare 
and validate new strategies with the conventional ones. Moreover, it also opens 
a wide arena to develop personalized or stratified medicine to counter medicinal 
upheaval. Bioinformatics helps to develop new methods and advancing trends in 
order to attain the ultimate goal of developing therapeutics and diagnostic proto-
cols in the area of cancer research.

In this chapter, we will discuss about the contributions, applications, and 
importance of bioinformatics in cancer research. 
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11.1 Introduction

Cancer is the most deadly and devastating disease, prevalence of which has 
claimed millions of lives worldwide. Despite advanced research and tech-
nologies that have evolved in the area of clinical diagnosis and precision 
medicine, cancer still remains a dreaded disease with serious health impli-
cations. This disease can either be a cause of genetic or epigenetic factors 
or even both. WHO reports the burden of cancer to be claiming 9.6 million 
lives in an estimated annual statistics record of 2018. It has been reported 
to be a cause of death among 1 in 6 deceased worldwide and remains an 
immense medical challenge [1]. Various genetic alterations and molecular 
aberrations aggravate cancer into a progressive disease; therefore, the best 
possible therapeutic intervention must target the alterations and abnor-
malities to evade the proliferative growth. Genetic abnormalities such as 
mutation, translocation, deletion, replication, and even post- translational 
modifications often lead to different types of cancer. Therefore, before 
inducing or initiating a therapy to any cancer patient, the etiological origin 
should be known and the exact aberrations and alteration patterns of a 
particular type of cancer should be confirmed. Testing through drug sensi-
tivity, cancer bioinformatics and pharmacogenetics are major parts of PCT 
that are designed to unravel the genetic alterations and molecular abnor-
mality information and select optimal anticancer drugs [2].

Use of advanced computing technology and mathematical approach 
to store, manage, and analyze data is one the foremost ground on which 
bioinformatics take a stakehold in the field of P-4 medicine. The biggest 
hindrance that cancer researchers faces is the lack of infrastructure to store 
and analyze biological data, but with the use of virtual repositories, this has 
improved the problem as it is readily available in the public domain from 
all institutions [3]. 

11.2 The Era of Bioinformatics in Cancer

The field of bioinformatics in the area of cancer prevention and treatment 
has swiftly progressed over the past many years. Since the onset of its initial 
implementation, epigenetic studies are now possible due to the advance-
ment of high throughput techniques like next-generation sequencing, 
ChiP-ChiP, ChiP-Seq, and high-density microarrays for miRNA profiling 
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to detect the dysregulation of tumor suppressor genes. This has further 
altered our understanding of cancer biology, leading to progressively 
competitive  approaches  to investigate  additional  and  advanced  datasets 
[4]. Bioinformatic pipelines work in conjunction of predicting a massive 
influence of genetic aberrations and quantifying changes of the tumor 
micro environment. Extensive research has led to the development of new 
tools that analyze tumor-immune microenvironment and its interactions 
to assess tumor infiltrating  leukocyte  content, microsatellite instability, 
total  alteration  burden, and neoantigen presentation [5].  The enormous 
growth of information and technology in the area of genomics and omics is 
flabbergasting, as massive amounts of data is being generated with sequenc-
ing and microarray chips to integrate omics-based analysis. Furthermore, 
this has accelerated machine learning and integrated network–based 
approaches on multiple platforms to investigate assorted data within the 
reach of public accessible resources, like the cancer order atlas [6].

Annotating molecular and genetic aberrations as infiltrating cell states in 
various ideal sequencing conditions and application specific approaches are 
on improving verges to establish strong analysis techniques and measuring 
gene expression. This ability provides a scientific research to elucidate the 
mechanism that holds the process of genetic expression and its upheaval. 
These techniques that  vary  from improved quantification of copy  vari-
ety  and  organic phenomenon  from  formal  mounted  tissues as applica-
tions that need high sensitivity like the quantification of tumor mutations 
from liquid biopsies (circulating cell free DNA) [7]. As a rigorous need 
to develop an efficient knowledge of understanding the constraints of 
processing approaches along with novel techniques to improve  the flex-
ibility  of distribution and molecular impact of  genes  like  repetitive 
or permutable endogenous parts, an increasing scope is felt to build well- 
annotated databases of  simply  accessible  information in multi-variable 
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Figure 11.1 Role of bioinformatics in cancer detection.
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analysis pipelines. With the advancement and isolation of SIGdb and cBio-
Portal, it can establish new diagnostic and prognostic biomarkers for tradi-
tional interventional modalities still as rising areas like immuno-oncology 
and areas of unmet clinical want [8]. This highlights the present state of 
bioinformatics applications in cancer biology and infers future prospects 
for  rising  information processing  applications through  computer sci-
ence  and machine learning approaches. Figure 11.1 explains the role of 
bioinformatics in cancer research through facilitated micro-RNA–based 
therapy.

11.3 Aid in Cancer Research via NCI

National Cancer Institute or NCI has been instrumental in the advance-
ment of cancer research by evolving the field of genomics, proteomics, 
and metabolomics to integrate the datasets and develop the know-how 
of etiological origin and molecular basis of cancers [9]. The Center for 
Biomedical Informatics and Information Technology (CBIIT) supervises 
computational data and exchange of bioinformatics-computed results 
among various institutions, where National Cancer Informatics Program 
(NCIP) uses NCIP HubExit Disclaimer and integrates the genomic, clini-
cal, and translational studies to enhance sharing of records, regular assess-
ments, and data visualization. It is a central operating platform, designed 
for researchers to exchange, share, and record important bioinformatics 
data to speed up cancer research. The operating platform of NCIP is a test, 
whether the cancer research community reveals the social and network 
factors of this machine beneficial for crew technological expertise and 
multi-investigator study teams or not [10]. NCI is a public repository that 
guarantees saving clinical data for a long time with collaborations among 
private companies to foster technology advancement and come up with 
fueled diagnosis and treatment approaches. This is achieved in consoli-
dation to the Cancer Data Science Laboratory (CDSL), in NCI’s Center 
for Cancer Research which primarily functions to collaborate laboratory 
statistics from cancer genomics and omics signatures and further develop 
computational technology to investigate it. Together, computational sim-
ulations and mathematical algorithms are instrumental in answering the 
critical research questions, like the etiological origin of cancer, its progres-
sion, and how can it be prevented or cured. 

The Cancer Genome Atlas (TCGA) was a collaborative three year pilot 
project, initiated by NCI and National Human Genome Research Institute 
in 2005 to report various mutations in human genome that are associated 
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with cancer progression. Researchers used high throughput genome analy-
sis technique on more than 11,000 cancer patients with tumor and normal- 
healthy samples, on which various researches have been conducted and 
published [11]. NCI’s Therapeutically Applicable Research to Generate 
Effective Treatments (TARGET) program has enabled scientists to isolate 
genetic aberrations in pediatric cancers which is predominantly observed 
in children during medical trials carried out by Children’s Oncology 
Group. NCI’s Clinical Proteomic Tumor Analysis Consortium (CPTAC) is 
a constitutive national collaboration of institutions and researchers that are 
involved in genomic and proteomic analysis of cancer to develop a ground 
of understanding on the prevalence of cancer. NCI coordinates clinical tri-
als and provides an extensive support to intramural researchers and further 
foster biomedical research which is also available in public domain [12]. 
This extensive network has fueled the understanding of biology of cancer 
and isolated potential targets for novel drug-targeted therapy. Invariably, 
this has surfaced the establishment and development of mounted statistics 
and been able to discover new equipments and approaches to analyze and 
access the big data. 

11.4 Application of Big Data in Developing  
Precision Medicine

The availability of volumes of biological data in the public domain was 
only possible because of the powerful new research technologies that 
evolved with time. The data has not only made the scientific community 
excited about the precision medicine but has also enabled the scientists 
and researchers to know the biological reason behind the disease.

This has made possible interventions with tailored medicines, evolution 
of preventive techniques, and diagnostic treatments.

The volumes of big data that are available in the databases can be 
retrieved by the researchers and exchanged on a platform to be useful in 
order to search for biological conclusions for the rare and unsolved mys-
teries of these deadly diseases [13].

The biggest limitation of cancer data is the fragmentation and compart-
mentalization; therefore, the researchers are trying to overcome the chal-
lenges that pose for fostering research. In order to speed the research, it is 
pertinent for the researchers to have an exchange and access of the curated 
data at the same time so that they are able to analyze the problem [14]. 
Therefore, there is a need of an infrastructure where researchers can store, 
analyze, visualize, integrate, and access the biological data on a common 
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public platform which remains accessible to all the researchers and scientist 
all over the globe. Bioinformatics is an evolving field of study that has been 
observing a boom past a decade. It uses advanced computing and coding 
algorithms, mathematic simulations, and different technological platforms 
for managing, storing, and analyzing the data. Nowadays, researchers are 
using different tools and platforms to manage the biological data from a 
comprehensive analysis of the proteins, whole genome sequencing, and 
advanced imaging studies but integrating the data from various platforms 
poses a difficulty as the researchers are unable to have the access of the 
primary data which was created by other studies and also due to the lack of 
computational tools and infrastructure necessary to integrate and analyze 
it [15]. Recently, a big splurged boom in the use of virtual repositories, also 
known as Data clouds, has not only helped to integrate but also improve 
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the access to research data. Although these steps still remain in the fetal 
stages and questions surround the integrated organization and coordina-
tion of these clouds and their uses. It has been possible to understand the 
molecular basis of cancer because of NCI that played a leading role in sci-
entific advancement of proteomics, genomics, and metabolomics [16]. The 
National Cancer Informatics Program is playing a pivotal role in includ-
ing clinical, genomic, and translational studies to improve the data sharing 
analysis and visualization in numerous research areas [17, 18]. For exam-
ple, Figure 11.2 gives a detailed pipeline analysis of the structural variants 
and point mutations of a cancer and normal cell that can be reported via 
variable sequencing facilities where the data is annotated and integrated. 
The data is further compiled for undergoing either validation through wet 
laboratory procedures or a course of discussion in scientific community. 
The validation of the data develops a biological ground of systemic under-
standing which not only leads to reliable biological results but can also be 
stored and visualized [19]. 

11.5 Historical Perspective and Development

Bioinformatics and computational revolution has strengthened the 
approach of understanding the genetic and molecular basis of cancer. This 
has led the scientific community to study significant gene expressions 
of the expressed genome, instead of looking at the individual genes. The 
abundance of molecular knowledge produced, both from the laboratory as 
well as the amount of data stored in the patient record keeps on growing 
at an incredible pace. Creating fresh perspectives into the cancer genet-
ics has been critical in discovering new ways to incorporate these results. 
Bioinformatics, which is the integration of genetics, information technol-
ogy, and engineering, continues to evolve as a key component of research 
into cancer biology [20].

Cancer bioinformatics is one of several ways of focusing bioinformat-
ics approaches in cancer, depending on the nature of disease metabolic 
rates, signaling, interaction, and multiplication. Clinical bioinformatics, 
an evolving science incorporating clinical computer science, bioinformat-
ics, information technology, medical informatics, mathematics, and omics 
research, can be regarded as one of the key aspects resolving clinically 
important problems in early detection, successful treatments, and reliable 
diagnosis of cancer patients. The development of cancer-specific bioinfor-
matics methodologies or the implementation of new and specialized bio-
informatics tools to respond to the specific cancer question is desired [21].  
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For instance, the Semantic Web platform has been used to interpret 
high-throughput clinical data and to create quantitative semantic models 
obtained from Corvus, a data warehouse that offers a standardized interface 
to different types of Omics data, focused on structured biological infor-
mation while using SPARQL endpoint. Semantic models including tran-
scriptomic, epigenomic, and genomic data from melanoma samples with 
data from Gene Ontology and regulatory networks built from transcrip-
tion factor binding information were used for the interplay between a cell 
molecular state and its reaction to anticancer therapy. Multivariate assays, 
a method for characterizing the error produced in the assay outcomes by 
the intrinsic error in the preparation of samples and the calculation of con-
tributing variables, are used to support and direct clinicians to consider 
the use of PAM50 centroid-based genomic predictors for breast cancer 
care strategies and to include useful knowledge regarding the ambiguity. It 
can be taken seriously into account the applicability, accuracy, and conver-
gence of methodologies, applications, computing methods, and databases 
that can be used to investigate cancer molecular pathways and recognize 
and verify novel biomarkers, network biomarkers, and individualized can-
cer medicines. 

miRTrail is an integrative method for evaluating detailed gene and 
miRNA associations dependent on expression profiles to produce more 
rigorous and accurate data on pathogenic deregulation processes. It was 
proposed that miRTrail could open up opportunities to explore regulatory 
correlations between genes and miRNAs for human diseases, including 
cancer, by combining knowledge on 20,000 genes, approximately 1,000 
miRNAs, and around 280,000 putative interactions. Exploring the theo-
retical computational mode that compares certain regulatory interactions 
between genes and miRNAs with clinical phenotypes would be useful, e.g., 
variance in gene interactions across tumor sites, phages, patient effects, or 
therapy responses [22].

Medical imaging must be one of the key considerations to be addressed 
in the development of cancer bioinformatics, as imaging in clinical pathol-
ogy, tomography, NMR imaging, and positron emission tomography are 
one of the most appropriate and effective methods in the identification and 
diagnosis of cancer “early and precise”. Bioinformatics-based evaluations of 
surface morphology of masses and other anomalies in medical images are 
undertaken by systematic extraction of target characteristics by mathemat-
ical morphology and by two contrast adjustment techniques improving 
the extracted characteristics. Based on clinical breast cancer data [23], the 
algorithm mentioned by Haustein and Schumacher in the Thematic Series 
on Cancer Bioinformatics in Clinical Bioinformatics Journal can predict 
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tumor growth and determine the development of some metastases prior 
to clinical detection in cells. It could be a non-relative issue or a possible 
hope if cancer bioinformatics specialists will assist clinicians in defining 
the possible image of gene or protein associations and pathways aligned 
with tumor-associated shapes, densities, or positions.

11.6 Bioinformatics-Based Approaches  
in the Study of Cancer

There are many bioinformatics approaches to study cancers that categorize 
different types of cancers either on the basis of gene expression or genetic 
profiles. Figure 11.3 depicts three instrumental approaches: stepwise link-
age analysis of microarray signatures (SLAMS), module maps, and cancer 
outlier profile analysis (COPA).

11.6.1 SLAMS

In order to signify the standard of care for cancer, tumors are categorized 
on the basis of grade, stage, and histology. Detailed analysis of histological 
specimens gives just a view at the molecular level, and therefore, various 
types of tissue appear identical but do not behave the same and several 
associations are not characteristic. These molecular variations are proba-
bly responsible for the result variation and treatment response for closely 
categorized tissues. This adds to substantial confusion as doctors have to 
precisely adapt a particular treatment for the patient [24]. While profiles 
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Figure 11.3 Different bioinformatics-based approaches.
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of gene expression are not widely utilized in clinical treatment, it provides 
confirmation of a more systematic approach to tumor detection. Even so, 
this method still has its drawbacks, because the end result is not only to 
discover genetic markers but rather to recognize how the genes work in the 
disease and to establish potential targets for impacting output.

A group of scientists at Stanford University has developed a method for 
identifying data on gene expression by shifting the number of copies of 
DNA to chromosome regions consisting of candidate oncogene regulators. 
The gene expression profile associated with a known tumor type [25–27] is 
the phenotype in the linkage study.

Their method, i.e., SLAMS consists of four steps (Figure 11.4).
SLAMS was confirmed by utilizing it on the breast cancer samples and 

was subsequently concluded that a gene in proximity might interact with 
the MYC gene (oncogenic transcription factor) to express wound signature 
[28].

11.6.2 Module Maps

Module maps may be a possible tool [29, 30] for illustrating the normal 
trends of gene expression through heterogeneous tissues and cancer dis-
ease processes. Modules can be calculated by comparing specific gene sets 
with expression data and by retrieving a subset of co-expressed genes. The 
modules so acquired can be applied to all types of tissues to look for com-
mon signatures, exposing underlying processes. 

Article published in Nature Genetics [31], by using module maps, indi-
cates the expectations for cancer studies. The scientists obtained findings 
for various types of cancers from 2,000 microarray research and compiled 

To sort the tumors in two groups based on presence or absence of known genetic signatures.

To identify signif icant associations between changes in copy number and expression prof ile.

To detect candidate regulators by comparing their level of expression with that of expression signature.

To use the expression levels of candidate regulators to predict expression prof iles of other cancer samples
which are not used in f irst three steps for authentication.

Figure 11.4 Steps involved in SLAMS.
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them with clinical evidence. About 456 modules were identified from 3,000 
gene sets and then matched across multiple cancers. The study found vari-
ations in gene expression common to different cancers, thereby offering 
valuable knowledge about pathways for cancer. This technique is helpful in 
highlighting dynamics of global disease that are not apparent from stud-
ies with a single microarray. But there are also limits. The inconsistency 
in outcomes from numerous techniques presents challenges as well as the 
lack of accurate clinical knowledge for analysis trials will influence the util-
ity [24, 32].

11.6.3 COPA

Contemporary oncogene expression profile identification techniques are 
limited in their ability to distinguish patterns through multiple samples, 
particularly when those patterns do not predominate enough to stand out. 
This is attributed to the heterogeneity of patterns of expression in sam-
ples which makes it difficult to differentiate from background variations 
between original patterns [33]. COPA is used to address this issue to clas-
sify the variants that are found in a subset of tumor samples. From this 
approach, we can distinguish the outer expression profiles for the specific 
group of genes that have lower levels of expression, and overexpression 
reveals a small subset of tumor samples. COPA technique comprises of 
three steps (Figure 11.5).

COPA facilitates in compacting normal dynamic range of the expres-
sion profiles. It also illuminates profiles that deviate from the mean expres-
sion level. For each gene, the degree of divergence from the normal pattern 
of expression is then rated to produce a suitable list of outer genes. 

To set the median value of expression to zero.

To determine median absolute deviation (MAD) for each gene.

Dividing expression value to their corresponding MAD.

Figure 11.5 Steps involved in COPA.
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COPA has been added to the oncomine database, defining a variety of 
outlier profiles [34]. Advances in COPA are prompting researchers to look 
at other tumors that may display similar rearrangements which may offer 
hints to potential diagnostic methods or therapeutic targets.

11.7 Conclusion and Future Challenges

There are multiple applications of bioinformatics in cancer research, but on 
the other hand, substantial challenges exist. More innovative approaches 
and techniques are needed to understand the poorly understood genetic 
changes associated with cancer. Methodology is also necessary for data 
integration and normalization algorithms for samples assembled under 
various conditions in different labs. Standard formats should be adopted 
for storing data and annotating samples.

Research is needed as positive or negative for cancer beyond the 
microarray sample mark; more thorough annotation is needed to under-
stand the function of genetics in cancer subtypes, response to therapy, and 
other related parameters. Also, linking of microarray data with patient’s 
clinical information should be done in computable mode and with stor-
age of data and comes the challenge of effective mining of clinical data. 
caBIGTM is one of the biggest prospective to change the standard research 
procedure.
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