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Farming and domestication of livestock was integrated
to human civilization in such a way that it contributes to
the sustainable livelihoods and security to poor and
smallholding farmers (Thornton et al. 2006). Livestock
accounts for about 30% of the Agricultural Gross Domestic
Product (AGDP) in the developing world and about 40%
of the global Agricultural GDP (World Bank 2009). Feeding
the world’s population is one of the major challenges in the
present day situation due to alarming population growth.
Estimate of the world’s population is approximately 7 billion
with annual growth rate of 1.15%. While in India alone, it
is approximately 1.2 billion with annual growth rate of 1.7%
contributing a major share to the global population (http: /
/censusindia.gov.in/). Livestock play an important role to
meet out the demand of animal proteins. It provides around
12.9 % of global calories and contributes around 27.9 % of
proteins directly through provision of meat, milk, eggs and
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offal. It also contributes to crop production in the form of
transport and manure (FAO 2011). The rapid growth in the
meat sector was also underpinned by rising demand for
poultry meat, which has consistently increased at around
three times the rate of population growth over each of the
past 5 decades (FAO 2012a). FAO study on the distribution
of livestock reveals the fact that Asia occupies top position
in livestock production. According to the 18th Livestock
census of India (2007), population of livestock is 3.28 crore
and of poultry 4.24 crore. The number of cattle and buffaloes
(domestic) stood at 105.07 lakh and 43.29 lakh respectively
(http: //www.dahd.nic.in/dahd/statistics/livestock-
census.aspx). As per FAOSTAT (2010), the livestock
production and its contribution to agricultural GDP of India
increased from 27.2% in 1995 to 31.9% in 2007. Although
livestock population in the world is growing, the overall
growth rate in livestock sector is steady and found around
4–5 % (Thornton 2010). Livestock products contribute
remarkably in fulfilling the food demand, and helps in
reducing poverty in developing countries. Besides, livestock
also provides animal traction to almost a quarter of the total
area under crop production (Devendra 2010). In addition
to livestock production, fish production has a major
contribution towards human nutrition in terms of protein
supplement. According to FAO reports, aquaculture
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ABSTRACT

The demand for food proteins, including plant and animal proteins is increasing at an exponential rate. The
demand for animal products will nearly be doubled by 2030. Thus, to improve livestock production and meet the
animal protein demand, it is essential to go for application of interventions based on genomics, statistics and
informatics. Such interventions are quite often used in the animal improvement programs to develop offspring with
desirable traits. More recently, with the emergence of high throughput sequencing technologies, genomes of farm
animals, fishes and model organisms were sequenced and the same are available in public domain. Also, with the
advent of new silicon technologies, it has become possible to manage the generated data from genome sequencing
projects. Now, the challenge lies with the analysis and interpretation of sequence data in a biologically meaningful
manner, for which many algorithmic based analytical techniques and high performance computing methods were
developed. Here, a brief review is presented on the application of various statistical and computational approaches
used in genomic data analysis. Applications of the above mentioned approaches for health management and
sustainable animal and fish production from the view point of vaccine and drug designing, disease risk management,
epigenomics and whole genome level SNP/CNV associations with traits at are also discussed here. Besides, this
paper allows the molecular biologists and other application scientists to analyze overwhelming amount of genomic
data by different methods outlined here.
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represents the fastest-growing animal-based food producing
sector. Around 56 million tonnes of fish and fishery products
were produced by aquaculture in 2009, which accounts for
around half of fish and fishery product world supplies for
human consumption across the world. China has a share of
over 60 % of world’s aquaculture production, while Asia
accounts for almost 90 % (FAO 2012b). Further, the ever
increasing world’s human population demands more
production of livestock, fish and animal protein. It projects
that the demand for animal products will nearly be doubled
by 2030. Thus, to meet the increasing animal protein
demand, it is essential to go for application of interventions
based on genetic engineering, biotechnology, genomics,
statistics and computer applications for improving livestock
and fish production. Therefore, the integration and
implementation of new techniques evolved in these
emerging fields is highly needed for sustainable production
of livestock and fish.

With the advent of molecular biology techniques,
genome sequencing has become technically more feasible
as well as less expensive, which lead to generation of
massive amount of data. The International Technical
Conference of FAO has documented an unprecedented surge
in the development of biotechnology in animal production
and health during the last 4 decades (FAO 2010). Genomes
Online Database (GOLD) has documented 4,015 completed
genome projects, which include 175 Archeal, 3,657 bacterial
and 183 Eukaryal genomes as on December 2012. While
GenBank has released the final genome sequences of 2,343
completed genome projects. Many genome sequencing
projects were completed at the level of a draft genome,
identified as permanent draft, and their final sequences were
submitted in GenBank. There have been 1,672 permanent
draft genomes available at GenBank till December 2012
(Pagani 2012). To be more precise, there are 381 chordate
genome projects finished and genome data of model
organisms, farm animals and fishes are available in the
public domain. According to National Center for
Biotechnology Information (NCBI) statistics on genome
sequencing projects, so far 1,153 projects have been
completed while in 1,285 projects the draft assemblies of
genomes are available. Till date, genomes of fish species,
viz. Zebra fish, Tetradon, Fugu, Medaka, Salmon,
Stickleback, and Trout have been sequenced and genome
sequencing of Tilapia, Coelacanth, Gar (Spotted), Hagfish,
Lamprey, Shark, Skate, Slender lung fish, turtle is in
progress (NHGRI 2011). The MitoFish database (http: //
mitofish.aori.u-tokyo.ac.jp/) has mitochondrial genomes of
1,044 fish species sequenced till September 2012.

In order to deal with such massive amount of genomic
data, there is a need to store, manage, analyze and interpret
the data in a biologically meaningful manner, so that
retrieving all kinds of underlying biological information
from sequence data (DNA/RNA/Protein) will be possible
through various computational and statistical approaches.
Thus, the aim of this manuscript is to acquaint the
application scientists with the various statistical and bio-

computational techniques currently being used in animal
and fish genomics, with special reference to health
management and sustainable animal and fish production.

Statistical and Algorithmic Applications in Animal Sciences
Breeding and genetics: Most of the economic characters

in livestock and fish species are quantitative in nature. The
existence of a wide range of variability in these characters
depends on the genetic makeup of the individuals and the
environment in which they are grown. Breeders use this
variability for getting improvement in economic characters
through efficient selection strategies. The information on
genetic parameters, such as heritability, repeatability and
genetic correlation is a prerequisite for making efficient
selection strategies by the geneticists and breeders.
Prabhakaran (1998) reviewed the research work done in
the field of statistical genetics in India. Rao et al. (2009)
gave a brief account on the important research and academic
accomplishment in the area of statistical application in
genetics and breeding. They have discussed various
statistical applications in animal sciences, viz. improved
estimation of genetic parameters using resampling
techniques (Bhatia et al. 1994, Bhatia and Jayasankar
1996a,b, Singh et al. 2006, Kiran et al. 2007,   Prabhakaran
and Rao 2008), Bayesian estimation (Rao and Kumar 2001,
Kumar et al. 2004), robust estimation (Kiran et al. 2003,
2004, Singh et al. 2007), yield survival relationships and
culling pattern (Bhatia et al. 1992a,b, Bhatia and Malhotra
1995a,b, Paul and Bhatia 2000a,b, Paul and Bhatia 2001,
Paul and Bhatia 2002a,b), improved estimation and effect
of outliers on estimation of genetic correlations (Sarika et
al. 2006a,b, Wahi et al. 2006), modeling of biological
phenomena in animal breeding using discriminant analysis,
fitting of growth models of milk and body weight traits
(Wahi and Bhatia 1995, Chand et al. 1997, Chand et al.
1998, Wahi et al. 2004).  Meher et al. (2010) discussed
various methods of detection of multivariate outliers in
breeding data. Wahi and Rao (2011) made an attempt to
compare the estimated, predicted, empirical and bootstrap
Standard Errors (SE) of genetic correlation for different
family sizes and structures under half-sib mating design.
Behera et al. (2013) studied the genetic diversity of 5 feral
populations of Asian Sea bass, Lates calcarifer in India
using randomly amplified polymorphic DNA.

In the recent past many statistical and Machine Learning
Approaches (MLA) have been used to solve the problems
in the fields of animal breeding and genetics. The MLAs
are computationally intensive and benefit greatly from
progress in computer speed. Application of machine
learning methods offers the cost-effective tools for building
predictive models from biological data, e.g., for annotating
new genomic sequences, for predicting macromolecular
functions, for identifying functionally important sites in
proteins, for identifying genetic markers of diseases, and
for discovering the networks of genetic interactions that
orchestrate important biological processes. The application
of artificial neural network (ANN) in goats to predict the
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weekly milk production and clustering of goat flocks was
studied by Fernandez et al. (2006). Caraviello et al. (2006)
used the alternating decision tree algorithm to identify
factors affecting the reproductive performance of lactating
Holstein cows on large dairy farms using data from farms
in the Alta Genetics Advantage progeny-testing program.
They identified variables affecting first-service conception
rate and probability of pregnancy by 150 DIM on large dairy
farms, showing interactions between the variables, and also
build predictive models for the important reproduction traits.
Their results indicated that pregnancy status at 150 Days-
In-Milk (DIM) is a more robust measure of the overall
reproductive performance of a commercial dairy farm than
first-service conception rate. Druet and Georges (2010)
applied Hidden Markov Model (HMM) with Linkage and
Linkage Disequilibrium information for Haplotype
reconstruction and Quantitative Trait Loci (QTL) fine
mapping applicable in animal genetics. They proposed that
this method is computationally effective at handling large
data sets based on high-density SNP panels and can directly
be used to fine map QTL. Dale et al. (2010) tried several
machine learning methods in metabolic pathway
predictions. Shahinfar et al. (2012) investigated the
prospective of two types of intelligent learning methods
i.e. Artificial Neural Networks (ANN) and Neuro-Fuzzy
Systems (NFS), in order to estimate breeding values (EBV)
of Iranian dairy cattle. Their study revealed that NFS tended
to provide greater predictive ability, consistent results than
ANN. Besides, NFS may be more robust to “noise” in
specific data sets. Oudendag et al. (2012) applied Multiple
Linear Regression (MLR) and Neural Networks (NN), to
predict dairy farm size change in the Netherlands. Their
results revealed that the chosen methods are able to predict
the change in farm size effectively, and that prediction
quality is best when the aim is to predict farm size for 4
years. A comparative analysis on the efficiency of artificial
neural networks and multiple linear regression analysis for
prediction of first lactation (305-day milk yield) in Sahiwal
cattle carried out by Dongre et al. (2012) have
recommended that ANN was better than the multiple linear
regression analysis for the prediction of the first lactation
in Sahiwal cows. However, instead of traditional techniques,
the advanced MLAs, decision trees and statistical methods
could be implemented to manage the problems associated
with animal breeding, reproduction and genetics thereby
contributing to livestock improvement.

Genome selection: The main aim of any animal
improvement programme is to change the genetic
endowment of animals to improve the performance of
economically important traits. Traditionally, selection was
done on the basis of phenotypic performance. Smith (1967)
and Soller and Beckman (1983) have initially given the
idea to improve rate of genetic gain in cattle by using DNA
markers. Later on adaption of marker assisted selection
(MAS) was accepted in the dairy industry. However
adaption of MAS is slow due to several reasons like large
number of loci affecting the traits with each locus capturing

a limited proportion of total genetic variance. Hence, small
gains were possible with the available limited number of
markers. However, with the advent of recent genome
sequencing techniques it has become possible to discover
thousands of single nucleotide polymorphism (SNPs) from
dense SNP arrays that cover the whole genome and that
explain majority of genetic variation in important traits
through an approach called genomic selection or whole-
genome selection proposed by Meuwissen et al. (2001).
Genomic selection (GS) has recently revolutionized dairy
cattle breeding in animal improvement programs. It offers
the animal breeders to reduce cost, decrease generation
interval, increase the accuracy and intensity of selection,
which in turn increases the rate of genetic progress for
economically important dairy traits. GS refers to selection
decision based on genomic estimated breeding values
(GEBV). The genomic breeding values are calculated using
a prediction equation based on SNP effects derived from a
subset of animals in the population (a reference population)
that have SNP genotypes and phenotypes for traits of
interest. Schaeffer (2006) divulged that genomic selection
could lead to a doubling of the rate genetic gain obtained
through selection and breeding from bulls at 2 years of age
rather than 5 years of age or later. Goddard and Hayes (2007)
explained that selection in which genetic markers covering
the whole genome are used so that all quantitative trait loci
(QTL) are in linkage disequilibrium with at least one marker.
Hayes et al. (2009) reviewed the progress of genomic
selection and discussed the issues related to improvement
of accuracy of genomic breeding values as well as the effect
of genomic selection of long term genetic gain.

GEBV using genome wide genetic markers had gained
considerable appreciation in the recent past. A variety of
methods, viz. least squares (LS) approach, best linear
unbiased prediction (BLUP), and Bayesian methods were
proposed to estimate the total breeding value (Meuwissen
et al. 2009). Lillehammer et al. (2011) compared a
conventional breeding scheme in which no genomic
selection was used with a breeding scheme in which
genomic selection was used to preselect young bulls for
progeny testing and also to select elite sires directly at a
younger age. Pungpapong et al. (2012) applied a penalized-
orthogonal-components-regression (POCRE) method to
estimate / predict breeding values and enforced genomic
selection. Their study revealed that POCRE provides similar
or even better accuracy of predicting breeding values than
methods based on Bayesian approaches in terms of both
simulation studies and real data analyses.

Genomic selection has gained much attention in livestock
to increase the predictive accuracy and the genetic gain by
using dense marker information. Recio and Forni (2011)
analyzed discrete traits like pregnancy outcome and disease
risk in livestock, using 2 threshold versions of Bayesian
regressions (Bayes A and Bayesian LASSO) and 2 machine
learning algorithms (boosting and random forest), on a
genome-wide prediction context. The results of this study
suggested that the best method for genome-wide prediction
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may depend on the genetic basis of the analyzed population.
However, machine-learning showed some advantages over
Bayesian regressions.

Genome wide association studies: Whole genome
association (WGA) studies also referred as genome wide
association studies (GWAS) is an approach that involves
scanning of markers (SNPs) over genomes of 2 types of
individuals (Cases and Controls) to find the genetic
variations associated with a particular trait (disease, height,
color etc.). This approach is mostly useful to identify the
genetic variants associated with complex diseases and the
identified variants can thus be used for disease diagnosis,
treatment and prevention.

With the completion of many genome projects, it is now
feasible to analyze whole genome level markers and select
only the specific markers related to a trait. Compared with
traditional QTL mapping strategies, GWAS confers major
advantages both in the power to detect causal variants with
modest effects and in defining narrower genomic regions
that harbor causal variants (Hirschhorn and Daly 2005).
GWAS was extensively applied to study human diseases
and many success stories identified genetic variation in type-
2 diabetes, Parkinson’s disease, heart disorders, obesity,
Crohn’s disease and prostate cancer (http: //
www.genome.gov/20019523). At present, GWAS is applied
on farm animals and many genes or regulatory elements
which are associated with important economic traits were
identified. Zhang et al. (2012) reviewed that 734 SNPs,
located close to the DGAT1 gene, were associated with milk
yielding trait of cattle and also reported that 547 SNPs on
chromosomes 5, 6, 11, 14, 19 and 26 and related genes were
identified to be associated significantly with milk quality
in cattle. Besides, they have discussed that GWAS also was
applied to other livestock species like pig, horse, sheep and
chicken to identify the genes associated with economically
important traits like fertility, growth, meat quality, fatness,
body weight, egg production, diseases etc. These findings
certainly help the animal breeders and animal
biotechnologists to understand the genetic architecture of
complex traits and thereby improve the health as well as
production of livestock and animal proteins.

Traditional computational methods used in GWAS have
shown their inability to analyse high dimensional data, i.e.,
large number of SNPs distributed over genome. Some of
the most recently used statistical approaches in genome wide
association studies are least absolute shrinkage and selection
Operator (LASSO, Tibshirani 1996), support vector
machine (SVM, Witten and Frank 2005, Ban et al. 2010),
and random forest (Breiman 2001) etc. Goddard et al.
(2009) suggested an integrated approach to estimate SNP
effects and predict the trait value by treating SNP effects as
random instead of fixed. They suggested that statistical
methods traditionally used in the prediction of trait values
in the genetics of livestock, can be applied to analysis of
GWAS, giving better estimates of the SNP effects and
predicted phenotypic and genetic performance in
individuals.

Disease risk prediction of complex diseases is another
important field in epidemiology where GWAS play an
important role. To predict the onset and progression of
disease is one of the cornerstones of epidemiology (Jostins
and Barrett 2011). Traditionally, disease risk prediction was
based on certain environmental factors and clinical factors
associated with a disease, which have shown very less
success ratio. Even though, significance of genetic factors
in disease risk prediction had gained appreciation, with the
intervention of GWAS it seems more practical to find
significant number of unique variants genetically associated
with the disease.

Wray et al. (2007) investigated the number and effect
size of risk loci that underlie complex disease constrained
by the disease parameters of prevalence and heritability.
Their approach can be used to assess the genetic risk of a
disease in healthy individuals, based on dense genome wide
SNP panels. Daetwyler et al. (2008) presented simple
expressions for the genome wide accuracy of prediction of
genetic disease risk and derived expressions for continuous
traits as well as dichotomous disease traits data obtained
either from population or case-control studies. Recently
Vazquez et al. (2012) developed a whole genome prediction
(WGP) model to predict skin cancer risk in human. They
incorporated a large no. of markers from GWAS, family
history or ancestry and extended the Bayesian LASSO
regression with a probit link to model skin cancer. Prediction
accuracy was evaluated using the Area Under the receiver
operating characteristic Curve (AUC) and a significant
increase in prediction accuracy was reported. Colombani
et al. (2012) applied Bayes A and Bayesian LASSO to 2
reference populations consisting of 3,940 Holstein bulls and
1,172 Montbeliarde bulls with approximately 40,000
polymorphic SNPs. They compared the accuracy of the
Bayesian methods with pedigree-based BLUP, genomic
BLUP, partial least squares (PLS) regression, and sparse
PLS regression, for the prediction of traits like milk yield,
fat content and conception rate. Based on the study, they
suggested that Bayesian methods are more efficient for
genomic evaluations of French dairy cattle. Similarly,
Thomas et al. (2012) used regularized S-LASSO to examine
how long different T cells may spend in an individual lymph
node by observing data from long term cannulation of blood
and efferent lymphatics of a single lymph node in the sheep.
Their results demonstrated that the rapid recirculation of
lymphocytes, observed at a macro level, is compatible with
their predominant randomized movement within lymph
nodes.

Martiskainen et al. (2009) used a 3-dimensional
accelerometer and a multiclass support vector machine
(SVM) to develop and pilot a method which will
automatically measure and recognize several behavioral
patterns of dairy cows. Based on the results, they revealed
that SVMs are very useful in classification of measured
behavior patterns. Support vector machine also being used
for intelligent diagnosis of animal diseases and the results
showed that the model can carry out animal diseases
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diagnosis more accurately, rapidly with good predictability
even in small sample situation and provide a new approach
for animal disease diagnosis (Wan and Bao 2009).
Application of SVM was also reported in fish species by
Masoum et al. (2007) where they successfully distinguished
wild and farm salmons using fish oils extracted from their
white muscles. Though random forest is not fully explored
in field of live stock genomics, it can be applied to solve
protein folding problem, marker association with the traits,
prediction of splice sites etc.

Copy number variation (CNV) analysis: Similar to single
nucleotide polymorphism (SNP), copy number variation
(CNV) is another important constituent of genetic diversity
found in different populations. The CNV region is a DNA
fragment of length 1kb to 5mb, which is at the cytogenetic
level of resolution, present in individual’s genome at a
variable copy number while compared to reference genome
(Eichler 2008). It includes both insertions and deletions.
Recent evidences suggested that CNVs play a very
important role in evolution, gene expression and diseases.
CNVs were extensively studied in human after sequencing
the whole genome of human. According to the Database of
Genomic Variants (DGV; http: //dgvbeta.tcag,ca/dgv/app/
home?ref= NCBI36/hg18), there are 179,450 CNVs
identified so far in human genome which covers more than
53% of the human genome.

Recently, CNV studies were conducted in farm animals
especially in cattle, swine, goat, horse and chicken. In goat,
127 CNV regions covering about 11.47 Mb of the virtual
goat genome referred to the bovine genome were identified
by Fontanesi et al. (2010) and their significance also proved
with reference to cattle CNV regions. The total length of
CNV regions reported in cattle only covers 0.13% (3.3 Mb)
to 5.57% (141.8 Mb) of the cattle genome, which is very
low as compared to human genome (Jiang et al. 2012).
Wang et al. (2012a) identified 382 CNV regions, which
cover 95.76Mb of the swine genome and corresponds to
4.23% of the autosomal genome sequence. The length of
these CNV regions ranged from 5.03 to 2,702.7kb with an
average of 250.7kb, and the frequencies of them varied from
0.42 to 20.87%. Likewise, 775 CNV regions were identified
in horse which includes genes regulating blood group
antigens, coat color, fecundity, lactation, keratin formation,
neuronal homeostasis, and height (Doan et al. 2012). In
chicken, 130 CNV regions were identified and out of which
104 were reported for the first time. Comparative and gene
ontology analysis of the novel CNV regions revealed that
the gene for positive regulation of phospholipase A2 is
significantly over represented (Wang et al. 2012b).

From different studies on CNVs of human and other
species, it is well understood that CNVs are not just innocent
bystanders that deny causal relationship to variable traits,
but are likely to be involved actively in phenotypic diversity,
challenging current concepts, that genetic variation is more
than a heritage of the past. Dube et al. (2008) presented an
algorithm which is mathematically sound and
computationally efficient to accurately analyze CNV in a

DNA sample utilizing a nanofluidic device, known as the
digital array. This numerical algorithm is utilized to compute
copy number variation and the associated statistical
confidence interval and is based on results from probability
theory and statistics. Noushin (2012) described various
computational tools for CNV detection using probe-level
analysis of affymetrix SNP arrays. However, application
of CNV studies in aquatic species and other livestock
species will provide a more comprehensive map of copy
number variation and also will be an important resource
for investigation of genome structure and disease in future.

BIO-COMPUTATIONAL APPROACHES IN
ANIMAL GENOMICS

With the advent of sophisticated sequencing
technologies, a number of sequencing projects were
completed by leaving behind a voluminous data.
Bioinformatics consisting of various bio-computational
approaches play an important role in deriving information
and knowledge from such data. Bioinformatics being
considered as a mixture of computer science, data
management and genome sciences, bioinformatics now
encompasses both conceptual and practical tools for the
propagation, generation, processing and understanding of
scientific ideas and biological information. In the following
subsections major biological problems and their solutions
using bio-computational approaches are discussed.

Transcriptome analysis: Transcriptome is the total RNA
content present in a single cell or population of cells. It is
again broadly classified into coding (mRNA) and non-
coding RNAs, viz. rRNA, tRNA, miRNA, siRNA, shRNA,
snRNA, snoRNA. In comparison to genome, transcriptome
contribute a very less percent age to the total cell content.
The total quantity of transcriptome varies as it represents
the number of genes expressed in a particular cell at a given
instance of time. These variations underlie the wide range
of physical, biochemical, and developmental differences
seen among various cells and tissues and may play a role to
differentiate between healthy and diseased individuals
(Adams 2008). Transcriptome attains more complexity as
compared to genome with the increase in the complexity
of organism. Therefore, collection and comparison of the
transcriptome will help researchers to get an in-depth
knowledge about gene expression like, what a specific cell
type comprises of and what is the role of transcriptional
activity towards a disease condition. With greater depth of
sequencing and application of unbiased sampling
approaches, it was revealed that majority of the genomes
are transcribed and that much of the transcription is
overlapping, such that multiple transcripts on either or both
strands can use the same stretch of genomic DNA
(Katayama et al. 2005). Earlier the gene expression study
was based on microarray techniques or RT-PCR techniques.
Limitation of these 2 techniques is lack of exquisite
sensitivity and expensiveness for genome wide study
respectively (Mardis 2008). Recently, the next generation
sequencing (NGS), a much faster and cheaper method than
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the traditional sanger sequencing method, provided a better
opportunity for transcriptome analysis.

Next generation sequencing (NGS): NGS is based on
sequencing-by-synthesis methodology called as
pyrosequencing. Pyrosequencing technique used for
transcriptome analysis is called as short read massively
parallel sequencing or RNA-Seq or whole transcriptome
shotgun sequencing (WTSS). Different sequencing
platforms are available with little technical differences, read
length, speed and cost. These platforms are used as per the
requirement.

Most commonly used platforms are 454 sequencing,
genome analyzer, SOLiD, Pyromark ID. 454 sequencing

generates reads of length 250nt is a faster technique as up
to 400000 reactions can be run in parallel (Mardis 2008).
On the other side, non-synchronised extension due to less
efficiency of apyrase to degrade excess nucleotide is one
of the limiting factors. Genome analyzer is another platform
which uses traditional sequencing method with single
molecule amplification technology. However, reads
generated are of 25 to 35nt length which reduces the enzyme
activity but generate stronger signals allowing a much
higher density of reaction. SOLiD is another platform,
which is based on ligation based sequencing with read
length 35 to 100nt. Like genome analyzer, it also generate
strong signal but degradation of templates over time and

CLC Bio Genomics WorkBench

Galaxy

Genomatix

JMP genomics

NextGENe

SeqMan genome analyser

SHORE

Real time genomics

Avadis NGS

BC platforms

BIOMOL-NGS

DNA nexus

http://www.clcbio.com/

https://main.g2.bx.psu.edu/

http://www.genomatix.de/index.html

http://www.jmp.com/software/genomics/

http://softgenetics.com/NextGENe.html

http://www.dnastar.com/t-sub-products-
genomics-seqman-ngen.aspx

http://www.realtimegenomics.com/

http://www.avadis-ngs.com/

http://www.bcplatforms.com/Solutions/
Sequence-Data-Management.html

http://www.biomol-ngs.com/

https://dnanexus.com/

De novo and reference assembly of Sanger, Roche
FLX, Illumina, Helicos, and SOLiD data

Interactive and reproducible genomics. A job
webportal

Integrated Solutions for Next Generation Sequencing
data analysis

Next generation visualization and statistical tool from
SAS.

Analysis of sequencing data produced by the ION
PGM™, Roche Junior, Illumina MiSeq as well as high
throughput systems as the Ion Torrent Proton, Roche
FLX, Applied BioSystems SOLiD™ and Illumina®
GA, and HiSeq systems

Next Generation sequence assembly of Illumina,
Roche FLX and Sanger data integrating with
Lasergene Sequence Analysis software for additional
analysis and visualization capabilities. Can use a
hybrid templated/de novo approach

Used as a mapping and analysis pipeline for short
DNA sequences produced on an Illumina Genome
Analyzer. A suite created by the 1001 Genomes project

High throughput NGS data analysis

State-of-the-art algorithms for analysis, visualization
and management of next-generation sequencing data
on a wide range of computing infrastructures

Statistical genetic epidemiology analysis of variation
data produced using Next Generation Sequencing
devices

Fast and accurate analysis of data from large next
generation sequencing projects, including whole
genome resequencing as well as targeted resequencing
of specific regions of known genomes

NGS Sequence analysis and visualization

Table 1. Different NGS analysis software

Name URL Purpose
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comparatively-slow-process are the two loopholes (Hossain
et al. 2009). Pyromark ID is a medium throughput platform,
which can run 96 samples in parallel and read-lengths are
around 40nt. Basically it is used for SNP analysis, mutation
study etc. Among all, Roche 454 sequencing is the most
commonly used NGS platform and also supported by wide
publications. In literature, mammalian transcriptomes were
sequenced using genome analyzer (Mortazavi et al. 2008)
and transcriptome profiling of stem cell was done using
ABI SOLiD sequencing (Cloonan et al. 2008). Glazov et
al. (2008) used Illumina sequencing platform and detected
449 novel and all known chicken miRNAs in the chicken
embryo.

Transcriptome data generated from different NGS
platforms are subjected to different computational and
statistical analysis procedures. There are many softwares
available and a partial list of the same is shown in Table 1.
Although the algorithms and approaches are different from
each other, the basic procedure followed by them is almost
same. Initially, the data obtained from NGS platforms are
in the form of fluorescence signals, which are converted
into short reads by base calling algorithms that are specific
to the platforms (Nielsen et al. 2011). Additionally, the
quality score for each base call is calculated to get the
consistency of each base. Various methods used for quality
scores calculation are again platform dependent. Finally,
the output will be saved in standard FASTQ format. Many
a time, a reference sequence (genome or transcriptome) is
needed against which the reads will be aligned, which can
be obtained from public domains like GOLD. The level of
expression of genes can then be calculated by counting all
the mapped reads against reference genome which is done
by indexing. Currently, most algorithms either use hash look
up tables, or Burrow Wheeler transformations for indexing.
While hash table based tools show a high sensitivity, Burrow
Wheeler methods are much faster (Mutz et al. 2012). Also,
few statistical approaches are followed to determine
differential gene expression. Quantification of reads
mapping to a particular gene can be done by using a window
of a definite size. By moving the window across the genome
will generate the gene expression profile and expression
score, which need to be normalized to avoid inherent bias
during quantification. The genes, which are differentially
expressed, are detected by various computational tools using
normalized gene expression scores and statistical tests, i.e.,
either parametric or non-parametric tests. The parametric
methods use probability distributions such as Binomial,
Poisson, Normal whereas the Non-parametric ones model
the noise distribution based on actual data (Li and Tibshirani
2011). It was demonstrated that non-parametric algorithms
show a lower dependency on sequencing depth and
consequently achieve more robust results (Tarazona et al.
2011). CLC Genomics workbench Version 5.0, efficient
software meant for NGS data analysis, uses two types of
tests to study differential expression of gene, i.e., Gaussian
test and test based on proportion. Besides transcriptome
analysis, NGS is also used to discover novel nuclear RNAs

(ncRNAs) and their expression (MacLean et al. 2009).
piRNA is one of the small ncRNAs, which is bound to
mammalian piwi protein and have role in germ cell
development. This was discovered using Roche 454
sequencing. Morin et al. (2008) used this approach to study
miRNA expression in human embryonic stem cell.

Despite the recent and rapid acceptance of second
generation sequencing technologies, a new generation of
single-molecule sequencing (SMS) technology has
emerged, which is also referred as third generation
sequencing. Recently, Pacific BioScience has released a
third generation sequencing machine named PACBIO RS
that incorporates novel, single molecule sequencing
techniques and advanced analytics to reveal true biology
in real time. Although these machines currently read 3 bases
per second, it aims to produce entire human genomes in
less than 3 min by 2013. It has also promised to deliver
longer read lengths (Nature NEWS 2009). A comprehensive
list of NGS tools are listed in Table 1.

EST analysis: The assembled contigs or transcripts
obtained from NGS are generally annotated using EST
databases. The ESTs are vital from gene identification view
point. Thus various EST databases and libraries are
developed for the purpose. These ESTs are small pieces of
DNA sequence (usually 200 to 500 nucleotides long) that
are generated by sequencing either one or both ends of an
expressed gene and used as a marker for gene identification
and to locate the gene in the whole genome. dbEST is the
database developed and managed by NCBI which contain
EST data of all most all organisms. Besides, there are many
specialized databases for farm animal and fishes which
contain EST information. Table 2 contains a comprehensive
list of EST databases of farm animals and fish species.

Vaccine designing: Vaccination also referred as
immunization is a tried, tested and most effective method
among all the medical interventions and it assists in
continual fight against disease in humans and animals. The
process of vaccination although started 200 years back with
the development of vaccine against small pox by Edward
Jenner, there is still a long way to go for vaccine
development to combat and eradicate many fatal microbial
diseases in livestock and fish species. Although the
conventional method of vaccine development is successful
in many cases but it takes substantial time and failed to
provide a solution for those bacteria and parasites that do
not have obvious immune-dominant protective antigens
(Raju and Rao, 2010). To overcome some of the difficulties,
an in silico approach was proposed, called as reverse
vaccinology or in silico vaccine designing.

Reverse vaccinology is one of the recent approaches in
which vaccine targets were predicted by analyzing the
microbial genome through computational tools (Sette and
Rappuoli 2010). Wet lab experiments are then performed
in a later stage on few selected targets thereby helping in
reduction of cost and time consumption. Pizza et al. (2000)
applied the reverse vaccinology approach to develop vaccine
against Neisseria meningitides, during which 350 novel



482 RAO ET AL. [Indian Journal of Animal Sciences 84 (5)

vaccine candidates were predicted and expressed in E.coli,
out of which 28 were found to elicit protective immunity.
The whole process of identifying a vaccine candidate
through reverse vaccinology can take approximately 18
months whereas it takes 40 years by conventional methods
(Rinaudo et al. 2009). Countable number of databases, web
servers and software are available for vaccine target
prediction in human, rat, mouse etc. (Tomar and De 2010),
but in case of livestock species such availability is almost
negligible due to their genetic diversity, minimum
knowledge in cell surface markers and immune modulators,
route of delivery of vaccine and environmental factors
(Nandedkar 2009). However, now-a-days epitope based
vaccine designing has become a prime interest in the field
of modern computational biology, in which candidate
epitopes were identified and are expected to bind with the
alleles of major histocompatibility complex proteins to
trigger the immunity in the organism against specific
pathogens. Gamberini et al. (2005) used an in silico
approach to identify 4 unique proteins (potential vaccine
targets) in Leptospira interrogans, which cause leptospirosis
disease in cattle and humans. Further, Gan et al. (2010)

used a similar approach and identified a tegumental
membrane protein enolase of Echinococcus granulosus as
a vaccine candidate against cystic echinococciasis (CE).
Guerrero et al. (2012) reviewed various approaches
followed in designing vaccines against cattle tick.

Nanovaccine is another fresh target specific approach
of vaccine designing in which nanomaterials are delivered
in the form of microspheres, nano beads or micro-
nanoprojections, which directly target the site in the body
where the disease or infection is originated, whereas
traditional vaccines affect all parts of the body (Nandedkar
2009, Sekhon and Saluja 2011). Another benefit of
nanovaccine over conventional vaccines is that it induces
both humoral and cell mediated immune response.
Significant advantages of these biodegradable polymers
are— longer safety, proven biocompatibility and control
time and rate of polymer degradation and antigen release
(Kersten and Hirshberg 2004). This approach was
successfully applied in smallpox, influenza, tetanus and HIV
and was safer than the present live-vaccinia virus vaccine
because it uses nano-emulsion-inactivated vaccinia virus
(Bielinska et al. 2008). Cervarix, an HPV vaccine approved

dbEST

CleanEST

ChickEST Database

UniGene

TiGER

GoSh

PEDE

Arabian Camel Genome

Songbird EST

NCBI

KOBIC

BBSRC

NCBI

Wilmer Eye
Institute, Johns
Hopkins University

Swine Genome
Sequencing
Consortium

KACST

Funded by NIH

http://www.ncbi.nlm.nih.gov/dbEST/

http://cleanest.kobic.re.kr/

http://www.chick.manchester.ac.uk/

http://www.ncbi.nlm.nih.gov/unigene

http://bioinfo.wilmer.jhu.edu/tiger/

http://www.itb.cnr.it/gosh/

http://www.piggenome.org/

http://camel.kacst.edu.sa/

ht tp: / / t i tan.biotec.uiuc.edu/cgi-bin/
ESTWebsite/estima_start?seq Set=songbird

Collection of short single-read
transcript sequences from GenBank

A novel database server that
classified dbEST libraries and
removes contaminants

Provides access to 339,314 Gallus
gallus ESTs which were sequenced
from 64 cDNA libraries generated
from 21 different embryonic and
adult tissues (Boardman et al. 2002)

Cluster EST sequences with
traditional gene sequences

tissue-specific gene expression
profiles or expressed sequence tag
(EST) data

The GoSh DB is a collection of
58,990 Capra hircus and Ovis aries
EST sequences

Contain Pig EST data and also
having the explore tool

70,000 EST sequences from the
camel cDNA libraries

58, 211 ESTs representing RNAs
expressed in the zebra finch brain

Table 2. List of EST databases of farm animals, fishes and other related species

Name Hosted by URL Contain

10



May 2014] STATISTICS AND COMPUTER APPLICATIONS IN ANIMAL SCIENCES 483

in United States during October 2009, is the first vaccine
containing the adjuvant monophosphoryl lipid A (MPL) to
be licensed by the FDA (FDA 2009). This method was also
followed in livestock and fish species and many are in
developmental and experimental stage. An extensive
implementation of this approach in livestock and fish can
improve health management and productivity with less
effort, time and cost.

Drug discovery: Diseases are greatest threat to livestock
and fish health and thus most of the times higher priority is
given. The livestock diseases are mainly due to microbes,
parasites, climate change, nutritional deficiency etc. There
are various measures to control or eradicate a disease. One
such measure is the use of drug or medicine. Drug may be
a natural or synthetic substance which when taken have
medicinal or physiological effects on body. Traditional
approach of drug development was based on a screening
approach and trial-and-error method, as nobody knew which
compound or approach could serve as a drug or therapy
(Khan et al. 2011). The major shortcomings of this whole
approach were (i) time consuming, (ii) laborious, (iii) high
attrition rates with failures attributed to poor
pharmacokinetics (39%), (iv) lack of efficacy (30%),
(v) animal toxicity (11%), (vi) adverse effects in humans
(10%), and (vii) various commercial and miscellaneous
factors (van de Waterbeemd and Gifford 2003). In 2001
Pharmaceutical Research and Manufacturers of America
(PhRMA) estimated the cost at US$802 million over a
period of 11 years, i.e., from the initial research stage to
the successful marketing of a new drug (Yuliana et al. 2013).
Only 1 out of 12 drugs entering clinical trials becomes a
new drug. Hence, intervention of the computational
approaches is essential for screening the drug
computationally thereby minimizing the cost and time
required in the process of drug discovery.

In silico drug designing also referred as computer-aided
drug designing (CADD) or rational drug designing is the
process of finding new drugs based on the knowledge of
biological target. The important steps followed during this
process are target identification (DNA or protein in body),
ligand selection and validation, in silico ADMET
(absorption, distribution, metabolism, excretion and
toxicity) prediction, docking of target and ligand and in
silico toxicity prediction. Collar (2010) developed and
validated a novel computational approach to identify the
exact pharmacophore for the external binding site of the
aminopurine P2 transporter of Trypanosoma brucei, thereby
inhibiting its effect, which cause African sleeping sickness
in humans and nagana in livestock. However, very little
effort has been made in the field of in silico drug discovery
in livestock and fish diseases. Thus, there is a need to
implement this technique for better management of
livestock and fish species.

Motif discovery: Motifs are biologically significant
fragments of nucleotide or peptide sequences in a specific
pattern. Indeed, these motifs control the expression of genes.
But direct experimental determination of these motifs is

not practical or efficient in any biological systems (Conlon
et al. 2003). Broadly, motifs are classified into sequence,
structure and network motifs. Sequence motifs are
nucleotide or peptide sequence patterns, believed to have a
biological significance. Sequence motifs explain and
recognize the specific characteristics of DNA, RNA and
protein sequences such as TF binding sites, splice junctions
and protein-protein interaction sites. Structural motifs are
the super secondary structures in DNA or protein. DNA
structural motifs occur in unimolecular folded DNAs as
well as bimolecular hybridization. In proteins; the structural
motifs are formed by 3-dimensional arrangements of
continuous or discontinuous amino acids. The structural
motifs having a contribution to an independently folded
functional domain are called as functional motifs. The
network motifs are the connectivity-patterns (sub-graphs),
which occur very commonly in specific types of gene and
protein interaction networks. Each type of network seems
to display its own set of characteristic motifs. Alon (2006)
presented the concept of network motifs for the first time
when such motifs were discovered in the gene regulation
(transcription) network of E. coli (Shen-Orr et al. 2002).
The purpose of motif discovery is to discover patterns in
bio-polymeric (nucleotide or peptide) sequences (Bailey
2007) and connectivity-patterns in gene or protein
interaction networks to understand and unravel the structure
and function of the bio-molecules represented by these
motifs. There is countable number of databases and tools
available in public domain for motifs. However, for a brief
overview about the algorithms and approaches followed
for motif discovery along with the databases and tools for
motif search, one can refer to Sahu et al. (2012). Discovery
of regulatory motifs in different biological activities of
livestock and fisheries is a subject of interest in present
day computational biology. Meher et al. (2014) have
successfully applied Gibbs sampling in the identification
of transcription factor binding site (TFBS) and discussed
the parameters, model and procedures using the sequence
data of Arabidopsis thaliana. However, this technique can
also be applied for the identification of TFBS using the
nucleotide sequences of livestock species.

Abiotic stress tolerance: Understanding the molecular
mechanism of life cycles of livestock and fish species and
identification of the corresponding genes or proteins and
their successful intervention helps in the development of
stress tolerant breeds. For example, anoxia tolerance is
found across species and studies on genetic relationships
by comparing amino acid sequences or nucleotide sequences
can help find the key residues responsible for it. An in silico
approach was proposed by Sahu et al. (2011) to identify
probable residues responsible for anoxia tolerance. The
results from their study revealed that arginine is one of the
key residues involved in anoxia tolerance across species.
Rao et al. (2014) followed a similar approach to identify
the key residues of super oxide dismutase (SOD), a metallo
enzyme, which neutralize ROS (reactive oxygen species)
by converting it to hydrogen peroxide. It is well documented
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that excess ROS generated during the photosynthesis,
respiration etc., cause salt and oxidative stress in organisms.

Besides different stresses that the livestock receives from
its surrounding, a number of other factors like, heavy metal,
mycotoxin, plant toxin, antibiotics, radionuclides, reduce
the reproductive capacity in animal and fish species and
adversely affect the livestock health. One of them is the
consumption of feed and fodder on which high toxic
pesticides are directly sprayed. A survey indicated that 21%
of feeds in the United Kingdom contain pesticide residues
(D’Mello 2004). Likewise, industrial waste disposal in
water bodies make it toxic and subsequently hazardous to
livestock health. These toxic compounds can behave like
mutagens, which may cause a change in the genetic material
of a cell, or by teratogens that can cause birth defects in an
embryo. So, better understanding of the toxic compounds
and their mode of action at molecular level can help find
the genes or proteins that are getting changed. Further, new
peptide drug molecules can be designed with the same
architecture but without any side effect to inhibit the binding
of toxic compound thereby preventing the subsequent loss.

Computational epigenetics: Epigenetics is the study of
heritable changes in gene expression and other genomic
functions without altering the underlying DNA sequence
(Richards 2006). It refers to a gene activity-state that may
be stable over long period of time, persist through many
cell divisions, or even be inherited through several
generations, all without any change to the primary DNA
sequence (Probst et al. 2009). The major epigenetic
processes, viz. DNA methylation, histone modification and
RNA interference are generally responsible for the gene
expression and regulation. DNA methylation occurs mostly
at CpG sites, at which a methyl group is added to 5’ position
of the cytosine to convert itto 5-methylcytosine by DNA
methyltransferase (DNMT) enzymes. These modified
cytosines although behave like the regular one, but
methylated sites are found to be transcriptionally less active
and many time lead to gene silencing. The post-translational
modifications of proteins are usually governed by the
histones. The histone proteins are the primary component
of chromatin, which acts as a spool around which DNA
can wind. Thus, histone modification occurs either by
acetylation or methylation during which acetyl or methyl
group is added to lysine residues of histone protein
respectively. Similarly, the RNA interference (RNAi) is
another phenomena involved in the regulation of gene
expression. Here, the double-stranded RNA (dsRNA) is
processed into short interfering RNAs (siRNAs) that
regulate the gene expression. All interfering RNAs that act
through RNA interference (RNAi) pathways silence the
gene expression either at the transcriptional or post-
transcriptional level. A number of non coding RNAs
(NcRNAs) also regulate the gene expression. They are
classified into different group like microRNAs (miRNAs),
Piwi-interacting RNAs (piRNAs), small interfering RNAs
(siRNAs), and long non-coding RNAs (lncRNAs),
promoter-associated RNAs (PARs) and enhancer RNAs

(eRNAs). However, the most common RNAi agents are
siRNA, miRNA and shRNA that have both natural and
artificial importance in controlling the gene expression. It
was revealed that miRNAs regulate the expression of other
ncRNAs, suggesting that small RNAs exhibit a significant
impact upon transcriptomic networks (Rossi et al. 2008).
These small RNAs played a role in DNA methylation and
chromatin modification. They are also associated with
regulation of protein expression and many diseases. Hence,
it can be used as a marker for early diagnosis and drug
development.

The study of epigenetics had gained considerable
importance in genetic studies of human diseases. Ortega et
al. (2010) designed short hairpin RNAs (shRNAs) against
HIV-1 by considering the variability observed in naïve and
drug-resistant isolates available at public databases using a
bioperl-based algorithm. Recently, Singh et al. (2012)
developed a user-friendly command-line user interface
(CUI) based software, shRNAPred(1.0), to predict shRNA-
like regions from a large set of nucleotide sequences. The
software was developed using PERL Version 5.12.5 taking
into account the parameters such as stem and loop length
combinations, specific loop sequence, GC content, melting
temperature, position specific nucleotides and low
complexity filter.

Application of epigenetics in livestock has helped to find
missing heritability and causality of complex traits. A recent
study on epigenetics in cattle revealed that a number of
dietary components can cause epigenetics as butyrate
induces histone modification followed by changes in
biological processes in bovine cell (Li et al. 2009). The
above fact indicates the importance of epigenetics to better
understand the role of dietary components in epigenetic
change. This information will definitely assist in rising farm
animals under favorable circumstances and minimizes the
epigenetic modifications.

Nijland et al. (2008) revealed that the environment can
force the pattern of methylation in human as well as in sheep.
Few methods are though available to identify or locate DNA
methylation at CpG site, second generation sequencing has
made it more feasible. This knowledge can help animal
breeders to select the genotypes which are less susceptible
to unfavorable methylation. Besides, drug molecules can
be designed for the diseases occurring due to epigenetic
changes. Thus, its potential application could lead to
perform breeding and management of livestock in a more
efficient and sustainable manner.

Even though the application of epigenetics in livestock
has created more opportunities to deal with complex traits,
it has its own difficulties that need to be addressed through
statistical approaches. Few statistical approaches were
proposed but lot more has to be done on collecting and
analyzing genome wide epigenetic information (Slatkin
2009, Tal et al. 2010, Godfrey et al. 2011, Takeshima et al.
2011). Epigenomics in livestock is at its infancy and there
is still a long way to realize the relevance of epigenetics
with respect to complex traits. Efficient implementation of
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the knowledge gained from epigenetics in genome selection
and breeding can assist in sustainable production of
livestock. Many databases and tools were developed to store
and analyze the epigenetic information and some of them
are listed in Table 3.

Demand for livestock is likely to increase in coming
years because of ever increasing global population.
Simultaneously, cost for production is also likely to increase
exponentially due to competition for land, water, nutrition
etc. In order to meet the challenges, livestock and fish
production, in turn, animal protein production needs to be
increased. Thus, an integrated approach based on various
disciplines like, genomics, computer science and statistics
is necessary to deal with health management and
productivity of livestock. Work needs to be initiated to
demonstrate how the gene regulation is far more complex
than previously believed in animal and fish species. Besides,
certain facts like, how much  percent age of non-coding
DNA in animal and fish genomes is functional and
transcribed with no known functions, how much per cent
of non-coding DNA is involved in the regulation of the
expression of coding genes, whether the regulatory sites
located near and distant from the genes controlling the
expression of each of such genes are to be understood using
statistical and computational techniques.

As most of the economically important traits are complex
and quantitative in nature, i.e., regulated by more than one
gene and environmental factors, accurate association of all
such important traits using high-throughput marker data has
to be studied in animal and fish species. Advantage of whole
genome selection (WGS) need to be explored as it not only
puts greater emphasis on the regions with larger effects but
also considers remainder of the genome, which helps to get
the SNPs that have lesser and cumulative effect on the trait
of interest. Such selection was successfully applied for the
selection of young bulls and need to be applied in other
farm animals too. New forms of computational models such
as process calculi and constraint-based modeling may be
tried to model biological processes. Besides the

mathematical modeling involving the machine learning
approaches (MLAs) may be applied on livestock and fish
genomic resources to mine meaningful biological
information.

Now, it is the need of the hour to develop genome
explorers / browsers, genomic databases and information
systems on indigenous species with user interactive facility
for deriving the underlying biological information and
knowledge in animal and fish species. More sequencing
projects need to be undertaken to get dense marker data at
whole genome level so that the association of SNPs / CNVs
with traits like diseases or stress tolerance can be studied.
Also, integration of information from literature, using
techniques of information extraction and text mining is also
necessary in the present context. In addition, online
interfaces may have to be developed for sharing data and
models. Also, various approaches to database integration
and software interoperability via loose coupling of software,
commercial suites are to be developed to represent the
biological models and processes in animal species.
Emerging approaches like systems biology, a biology-based
inter-disciplinary field of study that focuses on complex
interactions within biological systems, using a more holistic
perspective approach, may be applied to understand the
complex biological phenomena involved in performance
of economically important traits.
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