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ABSTRACT
Plants are comprised of interrelated traits, where a change in one trait may cause a change in
another, or in a combination of traits. Bioinformatics tenancies were distinguished by wide
accessibility of computers to different aspects of genomes. Nucleic acid sequences and information
from a wide range of genomes become possible through genomics. Genomics made this
information accessible to further analysis and experimentation. Therefore, development of
computerized models for quantitative traits used bioinformatics techniques can reduce the time and
cost in creating new plant variety, and can significantly improve breeding efficiency by constructing
reliable predictive estimates and identifying selectable genotypes by greatly accelerating the
progress in both fundamental plant science and applied breeding research. Moreover, it clarify the
function of key genes and the interaction of responsible genes. Thus, a variety software’s and webbased tools have been developed to help with these issues. So, this article highlights the functional
information and tools for genome annotation, gene ontology and gene network by stating the art
regarding genome assembly. In addition, we show how phenotypic data yield new trait-trait
correlations by linking phenotypic data to genomic data together.
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1. INTRODUCTION
The development of crop breeding is largely
constrained by the lack of theoretical level of
many branches of modern genetics, the basis of

which should be appropriate mathematical
models. The presence of such models can
significantly simplify and accelerate the solution
of genotype identification problems, as well as
predict the combination of quantitative traits of
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newly created varieties. So, combining traditional
crop modelling with new breeding methods and
genetic modelling will help accelerate the
creation of new plant varieties for different
conditions [1]. A large portion of these tools and
techniques are related to OMICs category [2].
The OMICS tools can enhance the quality
nutritional composition of food crops, increasing
agricultural production for food, feed, and energy.
With the use of OMICS, the consistency and
predictability of plant breeding programmes have
been improved, reducing the time and the
expense of stress tolerant varieties [3]. One of
the most important subcategories of OMICs is
transcriptomics which attracts a large number of
biologists especially in plant breeding area
[4,5,6,7].

Analysis that combine advanced phenotyping
and genomic datasets offer great potential for the
discovery of novel insights, such as in GWAS
[16] or genomic prediction technologies, even
within the scope of a single project. Furthermore,
machine learning and other data science
techniques can extract novel insights from metaanalyses of multiple datasets. Selection from the
point of view of modern understanding of plant
genetics and the increasing complexity of
experiments and instruments has significantly
increased the rate of output varieties [1]. So, the
use of modern approaches of bioinformatics is an
urgent need for modern plant breeding to reduce
labor and material costs in short time. Because,
the variety model is a scientific prediction
showing what combination of traits plants should
have to provide a given level of productivity,
sustainability and other required production
qualities [17].

As with genomic developments, there are
promising advances in plant phenotyping
technology, such as the use of automated
phenotyping machinery [8] and advanced image
analyses [9]. This has resulted in unprecedented
insights into plant physiology, architecture, and
performance.
Compared
with
genomic
research, data output produced by established
systems in plant phenotyping is still manageable
[10].

Overall, due to great impact of plant
breeding to develop new genotypes that are
genetically superior to the currently existing ones
for a specific environment, it is necessary to
assess the role of bioinformatics toward plant
breeding science. Accordingly, the main
target of this research review is to outline the
current state of the art in genomics, plant
phenotyping,
and
standardization
by
address a list of online application tools being
used in the data analysis of different
molecular biology assays to facilitate plant
improvement.

According to National Center of Biotechnology
Information (NCBI), bioinformatics is the field of
science that merge biology, computer science
and information technology into a single context
[11]. The classical definition of bioinformatics is
the mathematical, statistical and computing
methods aimed to resolve biological problems
using DNA, RNA, amino acid sequences and
related information [12]. Bioinformatics has been
involved in different aspects of sciences including
plant breeding. From the past to the present,
plant breeding has been extended through
development and deployment a large number of
methods and tools with respect to specific
objectives [13].

2. JOINING COMPUTER SIMULATION
WITH PLANT BREEDING
Because computer simulation is fast and uses
few physical resources, we can easily see why
simulations and plant breeding are compatible.
Computer simulation can accommodate genetic
models with multiple genes, multiple alleles,
pleiotropic and epistatic effects. A remarkable
utility of computer simulation in plant breeding is
combining knowledge from quantitative genetics,
molecular genetics, and plant breeding to predict
the efficiency of different selection methods [18].
An analytical approach makes it difficult to
account for parental selection, pedigree
relationships, Linkage, and recombination, but a
simulation experiment can easily accommodate
all of these and more. Thus, simulation can be a
valuable tool for breeders to find the most
efficient path to the target cultivar using parental
selection,
predicting
cross
performance,
comparing selection strategies, breeding by

Sequencing of a genome is only the first step
toward understanding genome organization,
gene structure and gene expression patterns. Up
to date, near-complete genome sequences are
available for only two model species, Arabidopsis
and rice [12]. However, many genome
sequencing projects have been undertaken with
respect to different plant species like wheat and
maize [14]. The initial post-Sanger sequencing
advancement came in the form of highthroughput short-read technologies, frequently
termed second-generation sequencing [15].
6
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design, etc. [19]. The efficiency of MAS, an
indirect selection method, is determined by the
genetic correlation between the target traits and
the markers used for selection. This correlation is
determined by the strength of linkage
disequilibrium (LD) between the markers and the
QTL as well as the percentage of additive
genetic variance explained by the markers [20].
The optimal number of markers depends on the
degree of LD between the marker and QTL. LD
is determined by the average number of
recombination per generation in that region of the
genome, the number of generations since the
original mutation, and the population size [21]. If
LD is large, more markers will not necessarily
lead to a higher selection response. This result
occurs for two possible reasons. First, when LD
is large, multiple makers are in LD with each
other, creating colinearity, meaning that their
effects overlap; second, covariance in these
markers makes estimating QTL effects
inaccurate, thus decreasing the efficiency of
MAS. Increasing the number of markers in a
finite population could even result in spurious
linkages between markers and unlinked QTLs
[19]. Based on the literature, the major
applications of computer simulation can be
partitioned into four areas: (1) breeding method
comparison: finding the best breeding scheme
taking account of multiple factors; (2) gene
mapping: validating the effectiveness of new
mapping methods, calculating LOD score and
confidence interval; (3) plant-breeding platforms:
integrative simulation programs that can simulate
the whole plant-breeding process; and (4) crop
modeling: combining crop models, genetic
architecture of traits, and environmental

information to fill the gap between genotype and
phenotype as revealed in Fig. 1.
Computer simulation can be used to (1) compare
breeding methods, (2) compare gene mapping
strategies and calculate significance threshold
and confidence interval, (3) simulate gene
networks
and
genotype-by-environment
interactions, and (4) simulate crop growth using
crop models to assess the influence of genes,
environment, and climate change, among other
things [19]. Therefore, simulation tools are
important in designing and testing breeding
strategies and this role becomes increasingly
important as our understanding of the genetic
architecture of quantitative traits improves.

3. FROM SEQUENCES TO GENOMES
Many standard pipelines and tools that can
potentially assemble a reasonable quality
genome, are available (Fig. 2). The primary
factor determining the choice of assembly
pipeline is the type of reads in the dataset, as
short and long reads are generally assembled
using very different approaches. In the case of
short-read data from the Illumina platform, reads
are typically quality controlled using for example
FASTQC followed by adapter/quality trimming
[22]. After read trimming, the assembly process
can be performed using a variety of short-read
assemblers such as ABySS, DISCOVAR (de
novo), Velvet or SOAPdenovo [23]. Alternatively,
commercial software such as the CLC assembler
can be used with small computational resources
and offers a graphical user interface, whereas
the commercial NRGene suite enables the

Fig. 1. Bioinformatics relationship with plant breeding
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analysis of complex genomes using short-read
data [23,24,25]. However, when sufﬁcient longread data are available, a long-read assembly
approach will generally give a better result. Short
reads can be used before assembly to correct
the individual long reads (Fig. 2) or after
assembly to correct the contigs (Fig. 3), a
process commonly referred to as ‘polishing’ the
assembly. Due to costly long-read sequencing
technologies prohibitively expensive, both in
terms of sequencing and computation, due to the
high repeat content of many plant genomes, with
repetitive elements derived from a wide range of
sources, including transposons and tandem gene
duplications. Therefore, for pre-assembly read
correction, the simplest approach is to map
individual short reads onto long reads and use
the short-read consensus to correct the long
reads. This approach is implemented in tools
such as Proovread [26] and/ or LSC [27]. Postassembly polishing using short reads can be
performed using Pilon, while Racon supports
polishing with either short or long reads.
Although polishing with accurate short reads can
dramatically improve assembly accuracy, in
practice, this often applies only to unique
genome regions [23]. In addition, especially for
some plant genomes, many short reads cannot
be accurately mapped to one location due to
transposon-derived repeats and homologous
genes with a high degree of identity, making the
long-read assembly errors unrecoverable by
short reads [23]. Short-read sequencing
technologies, in conjunction with annotated
reference genomes, can be readily applied to a
variety of biological questions, including
detection [28] and analysis of gene expression
[29], DNA methylation [30], identiﬁcation of
transcription factor binding sites and the
detection of causal regions and mutations in
mutant screens [31,32] or populations [33].
However, the importance of next-generation
sequencing beyond the context of a single
reference accession has long been recognized
[34]. As sequencing became more accessible in
terms of cost and availability, plant projects
frequently sequenced multiple accessions or
species in order to investigate natural diversity.
This was initially applied to plant species with
relatively small genomes such as rice or
Arabidopsis, but has since been extended to ﬁeld
crops such as tomato [35].

selection studies [36]. The key idea was to
reduce the sequencing cost per sample by only
sequencing corresponding parts of genomes,
albeit at the cost of a more complex library
preparation, using restriction enzymes to
selectively cut the DNA, therefore focusing the
sequencing around the restriction sites. While
techniques based on mapping reads to reference
genomes are well suited to GWAS and genomic
selection, they are inadequate in identifying new
genome variants, such as novel genes not
present in the reference. In maize, it was
estimated that an early genomic reference did
not capture about a quarter of the low-copy gene
fraction from all inbred lines [23]. Therefore, a full
genome annotation will usually ﬁrst rely on an
automatic functional annotation based on domain
analyses and sequence similarity searches. In
order to provide consistency, most tools that
automatically annotate genomes frequently
employ formalized ontologies such as Gene
Ontology (GO) or MapMan ontology [37]. There
are many tools available that automatically
annotate genes using ontologies such as the
Mercator automated annotation tool [38],
BLAST2GO [39], KEGG Automatic Annotation
Sever (KAAS) [40], and TRAPID [41]. The
overarching goal of these tools is the rapid
automatic annotation of genes to a high
standard, approaching that of manual annotation.
The ﬁnal endpoint of a genome assembly is
ordering and orienting the assembled sequences
to form chromosomal pseudomolecules. This can
be guided by marker sequences from an
independently
determined
genetic
map.
Alignment of these marker sequences against
the
assembly
allows
the
approximate
chromosomal position and potentially orientation
of each scaffold to be determined. This last step
is often not reached, as it is either not needed for
the planned analyses or high resolution genetic
maps are not available. However, in the context
of combining genotypes with phenotypes, the
exact chromosomal position of genes is essential
for their correlation with known QTLs. For plants
it was notably applied to the 5 Gb barley and 12
Gb wild emmer genome [24,42] and has allowed
chromosome-scale assemblies without a genetic
map for example for raspberry [43]. In summary,
using multiple-reference genomes, it is possible
to ﬁnd new genes or new regulatory cis
elements. This would not be possible with only
one reference. Especially in the case of
regulatory elements, line-speciﬁc transposon
insertions bringing their own regulatory elements
might play an important role [44].

A reduced representation of a genome is
potentially the cheapest way to gain SNP and
marker information in order to enable genomewide association studies (GWAS) and genomic
8
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Fig. 2. Flow chart of genomic and phenomic data for new genome analysis

Fig. 3. Ideal Approach for genome sequencing
construction of models of varieties, it is
necessary
to
have
information
that
comprehensively reflects the interaction of the
biological system (variety) with different soil and
climatic conditions. Therefore, before proceeding
to the correction of expert models for the
construction of varieties, we need data on the

4. EXAMPLES TOOLS FOR FUNCTIONAL
INFORMATION ANALYSIS
Computer programs are mainly designed to
clarify the inheritance of quantitative traits using
various genetic and mathematical methods [45].
When developing technologies for optimizing the
9
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basis of which it would be possible to develop a
complex system of the variety model, which
allows the introduction of certain input data to
solve specific breeding problems [45]. Modeling
in biology is still a very serious research activity
related to hypotheses and tests, as there is not
enough information about the context of the
problem to give a clear guide on how to
"uniquely" determine the likely solution to various
possibilities [46]. The creation of an interactive
information and research database will provide a
systematic knowledge of plant genomics, gene
interactions, the manifestation of the genes in the
form of phenotypic features and the impact on
these processes of environmental factors.

diversity of varieties, the identification of species
and varieties of DNA markers becomes an
increasingly important task. Molecular markers
and developed on the basis of their molecular
passports varieties of Kazakhstan breeding will
acquire a single value in seed production to
control the varietal purity during the multiplication
of varieties.
Improved DNA sequencing and computational
technologies allow us to track plant genetic
variability at a level unthinkable a few years ago.
This radically improves plant breeding and
makes the process much cheaper and faster.
This allows scientists to work with very complex
properties and makes it possible to use the
valuable genetic diversity of wild relatives of
crops. The arrival of affordable, high-throughput
DNA sequencing, combined with improved
bioinformatics and statistical analysis, provides
significant advances in molecular plant breeding
[48]. Multi-disciplinary programs for the breeding
of major crops allow genomic variations of DNA
sequences to be investigated and associated
with the inheritance of very complex traits
controlled by many genes [49].

Classical breeding depends largely on the
phenotypic selection and the experience of the
breeder, so the efficiency of breeding is low and
the forecasts are inaccurate. Along with the rapid
development
of
molecular
biology
and
biotechnology, there is a large amount of
biological data for genetic studies of the most
important plant traits, which, in turn, allows for
genotypic selection in the breeding process.
However, gene information is still not effectively
used in plant breeding, due to the lack of
appropriate tools and technologies. The
simulation approach can use extensive and
varied genetic information, predict crossperformance and compare different breeding
methods. Thus, it is possible to identify the most
effective crossing technologies and effective
breeding strategies. Modeling the breeding
process allows to determine the complex genetic
model consisting of multiple alleles and genes,
effects of pleiotropy and epistasis, the interaction
with the environment and represents a useful tool
for breeders to effectively use a wide range of
genetic data and other available information [47].

Assessment and focus on the network of
molecular interactions are the most attractive
aspects of molecular biology in the post genomic
era unraveling the complex roles of genes their
products and the cellular environments in
different biological processes [50]. Therefore,
interrelationships of genes and their products
(especially protein product) can be investigated
through a complex network of interactions. With
respect to biological systems, genes are
interacted each other [51,52] and the function of
a gene depends on its cellular context, and the
activity of a cell is determined by which genes
are being expressed and by interactions with
others [53].

The new generation phenotyping generates
significantly more data than previously and
requires new data management systems, data
access and storage, increased use of ontologies
to facilitate data integration, and new statistical
tools for enhancing experimental design and
extracting biologically meaningful signal from
environmental and experimental noise. To
ensure relevance, the implementation of effective
and informative experiments full also requires
familiarity
with
the
various
resources
germoplasm, structures of the populations and
the target populations of environment.

The scope of the genes function is infinite in
different genomes. Many tools are available for
interpreting of gene expression studied which
are:

4.1 FlexArray
Is a Windows software package that has been
created to simplify data analysis of expression
micro arrays. This tool is suited for normalization
algorithms, statistical tests and other complex
data-processing tasks. It is also an exploration
tool for analysis methods and algorithms [54].
This
software
can
be
found
athttp://genomequebec.mcgill.ca/FlexArray.

With the growing needs of the population in
quality agricultural products, the growing of the
10
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Arabidopsis thaliana as a genetically model
plant. Providing information from Arabidopsis
promoters, cis-regulatory elements, TFs, and
their interactions into regulatory networks.

4.2 BioConductor
Is based primarily on the R programming
language although it is friendly with different
programming languages. Also, is open
development software project being used in the
analysis and comprehension of genomics data,
especially microarray data. The Bioconductor qvalue package was also used for p value
correction [55]. For more details about the
Bioconductor follow http://www.bioconductor.org/
[56].

The aggregation and analysis of large volumes of
long-term data (Big Data) will allow to model both
the variety as a whole and its individual
indicators in their interaction with environmental
factors, which will allow to identify the most
significant features/characteristics in relation to
specific soil-climatic zones. In addition, it is
possible to find suitable parent pairs, which are
most likely to appear in the simulated lines.
Information retrieval (analytical) system allows to
speed up the work of a biologist breeder,
automating the process of identifying the
relationship between the phenotype, genotype
and the environment. With this system, the
breeder can analyze hundreds and thousands of
lines in a matter of minutes, which increases the
speed of data processing and, accordingly,
productivity.
These software’s has been used in different plant
species for microarray data analysis [12,59].

4.3 Maanova
Is suited for the analysis of both small- and largescale microarray experiments, which is
implemented in Matlab is an add-on package for
the statistical language R for Analysis Of
Variance. This software is friendly to run on any
platform that supports these packages. This
package provides a complete work flow for
different aspects of microarray data analysis i.e.
data-quality
checks
(visualization
and
transformation), ANOVA model fitting (both fixed
and mixed effects models), statistical tests (F
and Fs statistics), p-value (using sampling and
residual shuffling permutation approach) and
summarize the results in tables and graphics
including volcano plot and bootstrapping-based
tree cluster.

5. CONCLUSION
As has been shown above, both genomic and
phenomic datasets are becoming more and more
mature and cost efﬁcient. At this time, it is the
model plant Arabidopsis, rather than crop plants,
that contains the most extensive datasets and
that may enable ontology-driven phenotype
prediction. This is largely due to a number of
points: (i) the availability of the machine-readable
ontology termenriched phenotypic datasets for
well deﬁned genes; (ii) the largest wealth of
functional data for gene annotation, which is
related to the former point; (iii) the use of
standardized populations from the 1001 genome
consortium, facilitating abstraction at the
phenotypic level; and (iv) standardization, driven
for example by TAIR. Also, for genetic and
genomic studies, it is necessary to note the
importance of accurate phenotyping.

4.4 Gene Ontology (GO)
This tool reported gene expression study with
different wheat cultivars [57]. Such information
are a description of the molecular function,
biological process, and cellular component of
gene products. To reach GO data follow
(http://www.geneontology.org/).

4.5 Gramene
Is an integrated web resource for visualizing and
comparing the data of plant genomes, which is
varied and included genomes, protein structures,
EST sequencing, genetic and physical mapping,
QTL localization, interpretation of biological
pathway, functional analysis, Gene Ontology. For
further details refer to http://www.gramene.org/
[58].

As we learn more about the extremely diverse
conditions and climate variability faced by
farmers, scientists can find the most suitable
varieties/plants faster and more easily using
simulation modeling. Modeling of varieties is very
useful for understanding what a plant needs to
achieve higher yields in a given environment
[60].
The
total
set of the revealed
morphobiological signs of plant is offered as
scientifically proved model of a variety. The

4.6 AGRIS
The Arabidopsis Gene Regulatory Information
Server (AGRIS) provides a comprehensive
resource for gene regulatory studies in
11
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proposed optimal parameters of the variety
model will help to improve the efficiency of
breeding of economically valuable genotypes
and targeted selection for adaptability to the
conditions of the region for the creation of new
high-yield varieties of agricultural plants.

6.

7.

The use of information technologies for the
creation of science-based models of varieties will
not only reduce the time and cost of breeding
research, but also improve the efficiency of the
breeding process due to the quality of
interpretation of the results of experiments,
reliability and reliability of the findings.
The use of modern technologies (mathematical
modeling, bioinformatics, Big Data analysis,
drone, satellite and aerial photography, electronic
field maps, GPS tracking and geolocation
programs and others) will significantly simplify,
accelerate and improve the fficiency of breeding
processes, reduce the cost of creating a new
variety, and also to get rid of routine operations
due to the quality of interpretation of the results
of experiments, reliability, simplicity and reliability
of research results.
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