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Abstract 

Advancements in bioinformatics have ushered in a new era in modern agriculture by 

seamlessly integrating computational methodologies with crop genomics. This paper explores 

the transformative impact of bioinformatics on crop genomics and its consequential benefits 

for both agriculture and the environment. Bioinformatics tools and techniques are 

instrumental in decoding the intricate genetic information of crops, leading to the 

development of tailored solutions for improved crop yield, resistance to diseases, and 

environmental sustainability. The first aspect of this transformation involves the utilization of 

high-throughput sequencing technologies, which generate vast amounts of genomic data. 

Bioinformatics algorithms play a crucial role in processing and analysing these data sets, 

enabling researchers to unravel the complex genetic codes of crops efficiently. This genomic 

information serves as a foundation for precision breeding programs, allowing scientists to 

identify desirable traits and accelerate the development of crops with enhanced resilience and 

productivity. Furthermore, bioinformatics facilitates the identification of molecular markers 

associated with key agronomic traits. This information enables the implementation of marker-

assisted breeding, a technique that expedites the selection of desired traits in crops, reducing 

the time and resources required for traditional breeding methods. The result is the 

development of crop varieties that are not only more productive but also more resistant to 

pests and diseases, contributing to global food security. Beyond enhancing crop performance, 

bioinformatics-driven crop genomics also addresses environmental concerns. By deciphering 

the genetic basis of stress tolerance and resource-use efficiency, researchers can develop 

crops that require fewer inputs such as water, fertilizers, and pesticides. This not only benefits 

farmers economically but also reduces the ecological footprint of agriculture, promoting 

sustainable practices and minimizing environmental impact. 
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Introduction 

In recent years, bioinformatics has evolved as an indispensable instrument for the 

organization, administration, and dissemination of biological data. Since then, it has brought 

about a revolution in the sequencing of nucleic acids by giving tools for both the analysis and 

interpretation of data as well as modelling[1]. The fast proliferation of omics approaches has 

resulted in a more comprehensive perspective on the structure and operation of systems. This 

has presented bioinformatics with a challenge in terms of the amount of the data and the need 

for integrative efforts.  

The introduction of Next-Generation Sequencing (NGS) technology has made a substantial 

contribution to the agricultural industry by reducing the amount of time required for the 



 

 

execution of experiments and providing much higher resolution[2]. As a result of this, 

scientists have shown an unanticipated interest in the topic, which may be attributed to the 

increased affordability of experimental techniques and the economic needs. NGS 

technologies have been crucial in the creation of innovations in agriculture, such as the 

discovery of agronomically significant variation and the fast growth in crop genomic data. 

These novelties have been made possible by the introduction of NGS technology[3]. 

There has been a long-standing reliance on cycles of phenotypic selection and crossing in 

crop breeding. These cycles yield better genotypes via the process of genetic recombination. 

Genomic sequencing makes it possible to identify all of the genes and genetic variations that 

contribute to agronomic qualities, as well as to evaluate the changes that occur at the 

genotype level throughout the breeding process. Quantitative trait loci (QTL) mapping and 

genome-wide association studies (GWAS) are two examples of the ways in which genomic 

sequencing of crop populations might enable gene-level resolution of agronomic variation. 

Genomic sequencing is playing an increasingly essential role in all areas of crop breeding[4].  

The processing and analysis of huge genomic datasets, as well as the acquisition of functional 

insights into plant genomes, are both very important applications of bioinformatics. However, 

the algorithms that are necessary for genome assembly, sequence alignment, and variant 

calling are not straightforward, and there are a variety of competing computational 

techniques, each of which has its own set of biases. It is challenging for assembly and 

alignment tools to mix multiple data types in order to lessen the effect of distinct biases since 

many methods that were created for short reads perform poorly when aligning lengthy 

reads[5].  

 
Fig 1.Quantitative trait loci (QTL) mapping and genome-wide association studies (GWAS) 



 

 

Providing complete information that may help crop development can be accomplished by 

downstream analyses like as comparative genomic analysis, variant calling, and genome-wide 

association studies (GWAS). When it comes to addressing the impacts of population 

structure, software made specifically for the purpose of carrying out GWAS may utilize 

models of varied complexity. It is of the utmost importance to use the appropriate 

bioinformatics tool for the appropriate application[6].  

For plant breeding in the 21st century, a methodology that takes into account several 

disciplines is required in order to identify and address problems associated with breeding and 

to enhance crop output. There is a significant contribution that genomics and bioinformatics 

make to the process of boosting the pace of creation of better agricultural cultivars[7]. 

However, the massive volumes of genotypic and phenotypic data that are now accessible 

provide a significant obstacle in the way of integrating multiple data outputs for breeding 

purposes. Addressing this difficulty and assisting in the delivery of breeding goals may be 

accomplished by the incorporation of phenotypes, genomics, and bioinformatics techniques 

and resources into public and private breeding pipelines simultaneously[8].  

To summarise, developments in genomics and bioinformatics have made major contributions 

to the field of agriculture. These advancements have made it possible to conduct precision 

breeding and have helped overcome bottlenecks in crop improvement. 

How to improve plant genomics 

However, there are drawbacks to next-generation sequencing (NGS), including as intrinsic 

biases and imprecise alignment of repetitive regions. Genome sequencing and resequencing 

have become common practices in several subfields of plant biology. PacBio single-molecule 

real-time sequencing and Oxford Nanopore Technologies (ONT) sequencing are examples of 

third-generation sequencing techniques that have made it possible to generate lengthy reads 

and produce genome assemblies that are more precise and contiguous. Breeders are able to 

uncover genes that are associated with agronomic features, ascertain the location and function 

of these genes, and build molecular markers that are present throughout the whole 

genome[9].  



 

 

 

 

Fig 2.plant genomics 

The combination of long-read sequencing, long-range mapping methods, and chromosomal 

conformation capture has made it possible for even smaller labs and non-model crop species 

to get their hands on highly contiguous chromosome-level crop genome assemblies. Recent 

developments in optical mapping technologies, such as BioNano Genomics, make it possible 

to rapidly label long DNA molecules that are more than 250 kilobases in length[10]. This 

enables the identification of structural variations and the construction of scaffolding of high 

quality at a cheap cost. For instance, the assembly of the desiccation-resistant grass species 

Oropetiumthomaeum achieved a contig N50 of 2.4 Mb with over 99.5% genome coverage. 

This contiguity is comparable to that of model plant genomes such as Arabidopsis (TAIR10), 

rice (V 7) and Brachypodiumdistachyon (V 2.1). PacBio sequencing and optical mapping 

from BioNano were utilized in this process[11].  

In addition, long-read sequencing reveals repeated areas with a high degree of precision, 

which assists in the identification of 18 telomeric regions, nine centromeric satellites, and 

3247 extended terminal repeats that are intact across 358 families. The chromosomal 

conformation capture sequencing (Hi-C) technique is an additional breakthrough in the third 

generation of mapping. This technique is based on the naturally occurring physical tight 

ligation of DNA segments. Further enhancement of chromosomal phasing and scaffolding is 

made possible with the integration of high-content data and optical mapping results[12].  

When it comes to breeding, the most potent use of third-generation sequencing is the 

construction of enhanced highly contiguous crop genomes. The size of the genome, the 

ploidy of the genome, the levels of repetitive content, and the amount of money that is 

available are all crucial factors to take into consideration when choosing a sequencing 

strategy for a crop genome assembly project[13]. At the moment, the most important option 



 

 

is to choose between PacBio, ONT, and NGS. These three technologies may be used in 

conjunction with one another and complemented with additional long-range technologies[14].  

It is now feasible to explore agricultural attributes at all levels, from the gene level all the 

way up to the population level, thanks to such like 'omics' and sequencing technologies of the 

third generation. On the other hand, key sequence repositories like as Genbank, European 

Molecular Biological Laboratory (EMBL), PlantGDB, and Phytozome are primarily 

concerned with the storage and management of genomic data[15]. They do not include 

variation or phenotypic data from other sources. Because of this, it is more difficult for plant 

biologists and breeders to establish a connection between genotype and phenotype, which 

often necessitates the collection of information on genomes, epigenomics, phenotypes, and 

environments[16].  

It is necessary to conduct intelligent mining of large-scale agricultural databases in order to 

overcome this gap in major repositories. This will allow for the merging of complicated data 

resources, which will in turn allow for gene discovery and crop improvement. KnetMiner is 

an intelligent mining program that is web-based and has been used to develop integrative 

databases for significant crops such as barley and wheat[17]. These databases have provided 

insights into indirect correlations between distant features and biological processes. Wheat 

and rice are now undergoing various stages of development in order to further build single 

information systems that are accessible for both commodities[18]. 

The assessment of genetic areas that are associated to quantitative phenotypic characteristics 

is made possible via the analysis of quantitative trait loci (QTL), which helps to bridge the 

gap between genomics and the domain of study. On the other hand, because of the growing 

number of quantitative trait loci (QTL) studies that are being carried out and published in 

plants, a new issue that has arisen in order to find high-quality candidate loci and further 

enhance crop breeding is to integrate information from various QTL research[19]. Meta-

analysis, which is a method that can pool the results of a variety of research and predict the 

position of QTL with more precision than individual studies, is necessary in order to make 

full use of the resources that are now available. For the purpose of doing meta-QTL analysis 

in an effective manner, there are a number of bioinformatics tools available, such as 

RASQUAL, solQTL, and MetaQTL[20].  

 



 

 

 

 

Fig 3. Knowledge discovery and plant breeding  

In maize, cotton, soybeans, and wheat, meta-QTL studies have been carried out in order to 

map out characteristics that are associated with crop growth as well as biotic and abiotic 

responses. Meta-QTL analysis, for instance, has been used to discover five groups of yield 

and yield-related candidate genes in wheat. This was accomplished by using 195 molecular 

markers and 197 ESTs that were reported from 55 wheat QTL investigations that were 

conducted over the course of the last 14 years[21]. In a similar manner, twenty consensus 

QTLs and the markers that are associated with them were narrowed down by meta-QTL from 

a mixture of QTL research conducted over the course of the last twenty years. This laid the 

groundwork for gene mining and crop improvement in soybean.  

Genetic Genomics Analysis (GWAS) is a strong approach that involves linking an observable 

agronomic feature to a genomic area[22]. This method has a high detection power, which 

allows for the scanning of the whole crop genome and the identification of uncommon alleles 

using a comparatively small number of genetic markers. Utilizing natural populations, 

genome-wide association studies (GWAS) provide a better resolution, allowing for the 

identification of many recombination events and the investigation of natural variants that are 

related with phenotypical differences. In order to enhance crop yields, association studies are 

more likely to discover particular candidate genes than QTL analysis. These genes may be 

directly introduced into crop germplasm in order to improve crop yields[23].  

Additional options for performing genome-wide association studies (GWAS) have become 

available as a result of developments in bioinformatics tools. These tools include PLINK 

(standard regression analysis) and TASSEL (mixed linear model including population and 

family structure in the methodology). Other upgraded GWAS bioinformatics tools, such as 

GAPIT, have also been created in order to handle a huge dataset that contains over one 

million SNPs among 10,000 people in a computationally efficient manner. This was 

accomplished by using the compressed mixed linear model and the model-based prediction 



 

 

and selection technique[24].  

In the field of breeding, forward genetic screening is a technique that is commonly used to 

identify and define genes based on a trait that is already known. It is possible to evaluate the 

phenotypic impact of changed sequences of certain genes or regulatory regions using the 

process of reverse genetic screening. It is vital to detect functional variation related with 

agronomic features such as tolerance to abiotic and biotic stressors, disease resistance, 

enhanced yield, and better nutritional quality[25]. This may be accomplished via the use of 

both forward and reverse genetic screening.  

While forward genetic screening may help enhance gene cloning and marker creation, reverse 

genetic screening enables selective screening of coding areas while avoiding intergenic 

sequences. Both types of screening are used in genetic research. When it comes to rice, it has 

been shown that it is sufficient to sequence 20 megabytes of the 389 megabyte genome in 

order to recover induced mutations[26]. In the field of crop functional genomics and 

breeding, reverse genetic screening has been used. Targeted Induced Local Lesions IN 

Genomes (TILLING) is an example of a reverse genetic methodology that is able to make use 

of both standard mutation induction and high-throughput mutation techniques[27].  

Discovering features using quantitative trait loci (QTL) analysis, genome-wide association 

studies (GWAS), or reverse genetics is not required for genomics-based breeding, especially 

when aiming for polygenic agronomic variables like yield. When presented with complicated 

characteristics that are difficult to introgress in a systematic manner, genotyping-by-

sequencing (GBS) provides an alternative breeding strategy that may be used[28]. 

Calculating the genomic estimated breeding values (GEBV) for sets of variations based on a 

genotyped and phenotyped training population is the foundation of genetic selection (GS). By 

combining genetic selection with automated phenotyping approaches, it is possible to further 

improve the accuracy of GEBV prediction, hence reducing the length of the breeding 

cycle[29].  



 

 

 

Fig 4.Conventional breeding  

 

For example, promoters and enhancers are examples of cis-regulatory elements (CREs), 

which are responsible for regulating gene expression and may include about half of all 

variations that influence phenotypes. When it comes to crops, domesticated features are often 

brought about by variations in CREs. The use of CREs as breeding targets might be 

beneficial in situations when the objective is not to completely eliminate a gene but rather to 

decrease or raise its expression[30]. Through the use of DNase I hypersensitivity mapping, 

ATAC-seq, and ChIP-seq assays, open chromatin may be discovered, which assists in the 

prediction of putative central regulatory elements (CREs). Laboratory methods that have been 

developed relatively recently combine the detection of chromatin signatures with genome 

editing in order to enable prediction, confirmation, and functional evaluation of CREs over 

the whole genome[31].  

As our capacity for high-throughput CRE detection increases, the problem that breeders face 

is determining which CRE in particular to focus on. Only a little amount of information is 

known about the functional influence that CREs have on plants, and the functions that certain 

CREs play in regulatory networks are mostly unclear. The experiments that are required to 

characterize CREs in this manner have been carried out on genes in rice, which has resulted 

in the creation of a combined mutant library consisting of over 100,000 different lines[32]. It 

is possible to identify CREs that are related with agronomic features by first creating a CRE 

mutant library using a similar method and then acquiring expression data from the mutant 



 

 

lines. Once trait-associated CREs have been identified, an allelic series that has been 

established by genome editing has the potential to quickly generate stepwise variation in a 

target characteristic[33]. 

 

Fig 5.trait-associated CREs 

Crop Breeding and bioinformatics 

However, there are drawbacks to next-generation sequencing (NGS), including as intrinsic 

biases and imprecise alignment of repetitive regions. Genome sequencing and resequencing 

have become common practices in several subfields of plant biology. PacBio single-molecule 

real-time sequencing and Oxford Nanopore Technologies (ONT) sequencing are examples of 

third-generation sequencing techniques that have made it possible to generate lengthy reads 

and produce genome assemblies that are more precise and contiguous[34]. Breeders are able 

to uncover genes that are associated with agronomic features, ascertain the location and 

function of these genes, and build molecular markers that are present throughout the whole 

genome[35].  

The combination of long-read sequencing, long-range mapping methods, and chromosomal 

conformation capture has made it possible for even smaller labs and non-model crop species 

to get their hands on highly contiguous chromosome-level crop genome assemblies. Recent 

developments in optical mapping technologies, such as BioNano Genomics, make it possible 

to rapidly label long DNA molecules that are more than 250 kilobases in length[36]. This 

enables the identification of structural variations and the construction of scaffolding of high 

quality at a cheap cost. For instance, the assembly of the desiccation-resistant grass species 

Oropetiumthomaeum achieved a contig N50 of 2.4 Mb with over 99.5% genome coverage. 

This contiguity is comparable to that of model plant genomes such as Arabidopsis (TAIR10), 

rice (V 7) and Brachypodiumdistachyon (V 2.1). PacBio sequencing and optical mapping 



 

 

from BioNano were utilized in this process[37].  

In addition, long-read sequencing reveals repeated areas with a high degree of precision, 

which assists in the identification of 18 telomeric regions, nine centromeric satellites, and 

3247 extended terminal repeats that are intact across 358 families. The chromosomal 

conformation capture sequencing (Hi-C) technique is an additional breakthrough in the third 

generation of mapping. This technique is based on the naturally occurring physical tight 

ligation of DNA segments. Further enhancement of chromosomal phasing and scaffolding is 

made possible with the integration of high-content data and optical mapping results[38].  

When it comes to breeding, the most potent use of third-generation sequencing is the 

construction of enhanced highly contiguous crop genomes. The size of the genome, the 

ploidy of the genome, the levels of repetitive content, and the amount of money that is 

available are all crucial factors to take into consideration when choosing a sequencing 

strategy for a crop genome assembly project[39]. At the moment, the most important option 

is to choose between PacBio, ONT, and NGS. These three technologies may be used in 

conjunction with one another and complemented with additional long-range technologies[40].  

 

Fig 6.Crop Breeding and bioinformatics 

 

It is now feasible to explore agricultural attributes at all levels, from the gene level all the 

way up to the population level, thanks to such like 'omics' and sequencing technologies of the 

third generation. On the other hand, key sequence repositories like as Genbank, European 

Molecular Biological Laboratory (EMBL), PlantGDB, and Phytozome are primarily 

concerned with the storage and management of genomic data[41]. They do not include 

variation or phenotypic data from other sources. Because of this, it is more difficult for plant 

biologists and breeders to establish a connection between genotype and phenotype, which 

often necessitates the collection of information on genomes, epigenomics, phenotypes, and 

environments[42].  

It is necessary to conduct intelligent mining of large-scale agricultural databases in order to 

overcome this gap in major repositories. This will allow for the merging of complicated data 



 

 

resources, which will in turn allow for gene discovery and crop improvement. KnetMiner is 

an intelligent mining program that is web-based and has been used to develop integrative 

databases for significant crops such as barley and wheat[43]. These databases have provided 

insights into indirect correlations between distant features and biological processes. Wheat 

and rice are now undergoing various stages of development in order to further build single 

information systems that are accessible for both commodities. both systems will enable wide 

querying across integrated databases[44].  

The assessment of genetic areas that are associated to quantitative phenotypic characteristics 

is made possible via the analysis of quantitative trait loci (QTL), which helps to bridge the 

gap between genomics and the domain of study. On the other hand, because of the growing 

number of quantitative trait loci (QTL) studies that are being carried out and published in 

plants, a new issue that has arisen in order to find high-quality candidate loci and further 

enhance crop breeding is to integrate information from various QTL research[45]. Meta-

analysis, which is a method that can pool the results of a variety of research and predict the 

position of QTL with more precision than individual studies, is necessary in order to make 

full use of the resources that are now available. For the purpose of doing meta-QTL analysis 

in an effective manner, there are a number of bioinformatics tools available, such as 

RASQUAL, solQTL, and MetaQTL[46].  

In maize, cotton, soybeans, and wheat, meta-QTL studies have been carried out in order to 

map out characteristics that are associated with crop growth as well as biotic and abiotic 

responses. Meta-QTL analysis, for instance, has been used to discover five groups of yield 

and yield-related candidate genes in wheat. This was accomplished by using 195 molecular 

markers and 197 ESTs that were reported from 55 wheat QTL investigations that were 

conducted over the course of the last 14 years[47]. In a similar manner, twenty consensus 

QTLs and the markers that are associated with them were narrowed down by meta-QTL from 

a mixture of QTL research conducted over the course of the last twenty years. This laid the 

groundwork for gene mining and crop improvement in soybean.  

Genetic Genomics Analysis (GWAS) is a strong approach that involves linking an observable 

agronomic feature to a genomic area. This method has a high detection power, which allows 

for the scanning of the whole crop genome and the identification of uncommon alleles using 

a comparatively small number of genetic markers[48]. Utilizing natural populations, genome-

wide association studies (GWAS) provide a better resolution, allowing for the identification 

of many recombination events and the investigation of natural variants that are related with 

phenotypical differences. In order to enhance crop yields, association studies are more likely 

to discover particular candidate genes than QTL analysis. These genes may be directly 

introduced into crop germplasm in order to improve crop yields[49].  

Additional options for performing genome-wide association studies (GWAS) have become 

available as a result of developments in bioinformatics tools. These tools include PLINK 

(standard regression analysis) and TASSEL (mixed linear model including population and 

family structure in the methodology). Other upgraded GWAS bioinformatics tools, such as 

GAPIT, have also been created in order to handle a huge dataset that contains over one 

million SNPs among 10,000 people in a computationally efficient manner. This was 

accomplished by using the compressed mixed linear model and the model-based prediction 

and selection technique[50].  



 

 

In the field of breeding, forward genetic screening is a technique that is commonly used to 

identify and define genes based on a trait that is already known. It is possible to evaluate the 

phenotypic impact of changed sequences of certain genes or regulatory regions using the 

process of reverse genetic screening. It is vital to detect functional variation related with 

agronomic features such as tolerance to abiotic and biotic stressors, disease resistance, 

enhanced yield, and better nutritional quality[51]. This may be accomplished via the use of 

both forward and reverse genetic screening.  

While forward genetic screening may help enhance gene cloning and marker creation, reverse 

genetic screening enables selective screening of coding areas while avoiding intergenic 

sequences. Both types of screening are used in genetic research[52]. When it comes to rice, it 

has been shown that it is sufficient to sequence 20 megabytes of the 389 megabyte genome in 

order to recover induced mutations. In the field of crop functional genomics and breeding, 

reverse genetic screening has been used. Targeted Induced Local Lesions IN Genomes 

(TILLING) is an example of a reverse genetic methodology that is able to make use of both 

standard mutation induction and high-throughput mutation techniques[53].  

Discovering features using quantitative trait loci (QTL) analysis, genome-wide association 

studies (GWAS), or reverse genetics is not required for genomics-based breeding, especially 

when aiming for polygenic agronomic variables like yield. When presented with complicated 

characteristics that are difficult to introgress in a systematic manner, genotyping-by-

sequencing (GBS) provides an alternative breeding strategy that may be used[54]. 

Calculating the genomic estimated breeding values (GEBV) for sets of variations based on a 

genotyped and phenotype training population is the foundation of genetic selection (GS). By 

combining genetic selection with automated phenotyping approaches, it is possible to further 

improve the accuracy of GEBV prediction, hence reducing the length of the breeding 

cycle[55].  

For example, promoters and enhancers are examples of cis-regulatory elements (CREs), 

which are responsible for regulating gene expression and may include about half of all 

variations that influence phenotypes. When it comes to crops, domesticated features are often 

brought about by variations in CREs. The use of CREs as breeding targets might be 

beneficial in situations when the objective is not to completely eliminate a gene but rather to 

decrease or raise its expression[56]. Through the use of DNase I hypersensitivity mapping, 

ATAC-seq, and ChIP-seq assays, open chromatin may be discovered, which assists in the 

prediction of putative central regulatory elements (CREs). Laboratory methods that have been 

developed relatively recently combine the detection of chromatin signatures with genome 

editing in order to enable prediction, confirmation, and functional evaluation of CREs over 

the whole genome[57].  

As our capacity for high-throughput CRE detection increases, the problem that breeders face 

is determining which CRE in particular to focus on. Only a little amount of information is 

known about the functional influence that CREs have on plants, and the functions that certain 

CREs play in regulatory networks are mostly unclear. The experiments that are required to 

characterize CREs in this manner have been carried out on genes in rice, which has resulted 

in the creation of a combined mutant library consisting of over 100,000 different lines[58]. It 

is possible to identify CREs that are related with agronomic features by first creating a CRE 

mutant library using a similar method and then acquiring expression data from the mutant 



 

 

lines. Once trait-associated CREs have been identified, an allelic series that has been 

established by genome editing has the potential to quickly generate stepwise variation in a 

target characteristic[59]. 

 

Fig 7.cis-regulatory elements (CREs), which are responsible for regulating gene expression 

Tools involved in bioinformatics in agriculture 

In the twenty-first century, there has been a fast development of new sequencing techniques. 

Second-generation sequencing technologies such as Illumina have made it possible to 

assemble more than two hundred plant genomes. The short-read duration of these 

technologies, on the other hand, made it impossible for them to bridge across lengthy sections 

of repeating sequences, which led to fragmented assemblies. This was the primary obstacle 

that these technologies presented. On the other hand, the use of third-generation sequencing 

and the production of long reads by PacBio and Oxford Nanopore has made it possible to 

assemble plant genomes at the chromosomal level. The methods of long-read sequencing are 

often paired with optical mapping and conformation capture, which in turn allows for the 

creation of draft genomes that are unmatched in their consistency[60].  

The availability of high-quality genome assemblies at the chromosomal size significantly 

increases the accuracy of subsequent genomic research. This includes the annotation of genes 

and regulatory regions, genome-wide association studies (GWAS), measurement of gene 

expression, and the identification of homologous proteins. The increase in the sequencing of 

plant genomes has made it very necessary to have accurate gene prediction and functional 

annotation in order to successfully identify candidate genes with pinpoint accuracy[61]. 

Regions of the genome that are thought to be translated into messenger RNA (mRNA) that 

codes for proteins or into one of the classes of non-coding RNAs (ncRNA) are referred to be 

gene models. Ab initio gene prediction and homology-based approaches, which make use of 



 

 

sequence similarity to known transcripts or proteins, are often used in the construction of 

gene models. These methods are typically used in conjunction with one another[62].  

Although genome annotations are readily available, one of the most significant challenges 

that molecular breeding processes face is the functional characterisation of genes that have 

been annotated. One of the most important experimental model plant species, A. thaliana, has 

been annotated with putative functions for more than ninety percent of its genes, and around 

fifty percent of its genes have annotations that are supported by experimental data[63]. On 

the other hand, gene functional annotations for the majority of crop plants are based on 

homology-based inference. These annotations are carried out by transferring annotations 

from the majority of genes that are comparable in model plants such as Arabidopsis and rice, 

with very little direct experimental evidence. Annotation transfer is made much more 

problematic by the history of plant evolution, which includes many rounds of polyploidy 

followed by diploidization, which results in gene redundancy, differential loss, and neo- and 

sub-functionalization[64].  

 

 

Fig 8.Tools involved in bioinformatics in agriculture 

Rapid advancements in the use of CRISPR/Cas9 genome editing will soon make it possible to 

generate genome-wide mutant libraries for important crops, which will make a substantial 

contribution to the efforts being made to annotate their functional characteristics. Integrative 

genomics methods have also been used to simplify the selection of top candidates[65]. For 

instance, dedicated databases that integrate genotypic, phenotypic, and association data for 

rice (SNP-Seek), soybean (SoyBase), and wheat (T3) have been utilized. Using multicriteria 

decision analysis, methods such as KnetMiner and MCRiceRepGP were created with the 

intention of ranking candidate genes that are engaged in biological processes of interest. 

These tools were built in addition to specialized databases[66].  



 

 

A small percentage of the genomes of the majority of big agricultural plants have protein-

coding genes, whereas the remaining portion is composed of sequences that do not code for 

proteins. It has been discovered via recent technical and conceptual advancements that plant 

genomes contain hundreds of non-coding RNAs (ncRNAs) that have the capacity to function, 

as well as the prevalence of remote regulatory elements, such as enhancers[67]. The fact that 

long noncoding RNAs show a high preference for transcription in reproductive organs 

suggests that they play a role in the process of sexual reproduction in plants, which is an 

essential activity that influences blooming, fruit development, and grain formation[68]. 

Targets for genome editing might include newly described long noncoding RNAs (lncRNAs), 

which have an effect on critical features. For instance, it was discovered that a rice long 

noncoding RNA called LDMAR has a role in the regulation of photoperiod-sensitive male 

sterility (PSMS), which is an essential characteristic that played a role in the creation of 

hybrid rice[69].  

DNA sequences that do not code for a protein, such as cis-regulatory elements (CREs), 

promoters, and enhancers/silencers, are very important in the process of influencing 

characteristics that are the focus of artificial selection. The changes that occur in CREs are 

regarded to be one of the most important evolutionary processes that are responsible for the 

divergence of cis-regulatory areas that are related with domestication and the emergence of 

new morphological forms[70]. The expression of genes that are involved in the regulation of 

essential features, such as the amount of anthocyanin in maize and the amount of time it takes 

for Arabidopsis to blossom, has been modulated by a number of factors that have been 

identified as enhancers[71].  

Studies conducted on the model plant species Arabidopsis, rice, maize, and cotton have 

resulted in considerable advancements in the identification of plant CREs over the course of 

the last several years[72]. The use of DNase-Seq and ATAC-Seq methods in plant research 

has led to rapid improvements in this area. These approaches evaluate DNA "openness" as a 

surrogate for the accessibility of DNA to transcription factors, RNA polymerase, and other 

protein complexes involved in gene expression. These techniques have been crucial in the 

rapid advancement of this subject[73].  

The idea of the pangenome, which was first presented in bacteria, refers to the totality of the 

genomic sequence and gene content that is contained within a species as opposed to a single 

person. Rice, soybeans, bread wheat, and oilseed rape are some of the most important crop 

species for which pangenomes have been recently built[74]. Plant accessory genes have been 

demonstrated to be over-represented in activities related to signaling, disease resistance, and 

abiotic stress response. These genes have the potential to contribute to environmental 

adaptability and phenotypic plasticity, and they also provide intriguing targets for crop 

development[75].  

The pangenome provides a natural alternative to the existing paradigm of utilizing a single 

reference genome. This is because the selection of the reference has an impact on subsequent 

genomic investigations, such as genome-wide association studies (GWAS) and the 

measurement of gene expression and expression levels[76]. Read mapping and variant calling 

accuracy are both improved when the pangenome is used as a reference. Additionally, the use 

of the pangenome reference makes it possible to include variants other than SNPs in genome-

wide association studies (GWAS)[77]. Recent research conducted on both plants and people 



 

 

has shown that the incorporation of structural variations into association studies has the 

potential to assist in the identification of causative variants. The discovery of missing 

quantitative trait locus (QTLs) related with disease resistance in oilseed rape was made 

possible, for instance, by the use of sequence presence/absence variation[78]. 

Upcoming futuristic technologies for enhancement in bioinformatics 

 As a result of the fact that machine learning algorithms have the capacity to assist practically 

all elements of genomic investigations, they are suited for the study of large, multilayer 

datasets in situations where expert knowledge is either wrong or inadequate[79]. Among the 

many interesting applications of machine learning to plant genomics are the enhancement of 

the quality of feature annotation, the discovery of the underlying sequence properties of 

regulatory areas, and even the prediction of the effect of variants. There is a possibility that 

analogous investigations in agricultural plants may be delayed due to the restricted 

availability of large-scale information pertaining to epigenetic alteration and chromatin 

accessibility[80]. 

 

 

Fig 9.Upcoming futuristic technologies for enhancement in bioinformatics 

 

It has been possible to speed up the formation of new crops via the use of speed breeding, 

which involves altering growing circumstances such as the length of the day and the 

temperature. The plant production time of some of the most important agri-food crops in the 

world, including as bread wheat, pasta wheat, barley, and canola, has been effectively 

decreased thanks to their use of this technique[81]. Additionally, the method has been 

effectively used for the cultivation of orphan crops, including chickpea, peanut, grass pea, 

lentil, and quinoa, among others. Using genomic techniques such as precision genome editing 

by CRISPR in conjunction with speed breeding would enable the domestication of the new 

crop possible in a short amount of time. This would be possible because of the present 



 

 

knowledge about the genes that are being targeted[82]. 

The term "high-throughput phenotyping" refers to the process of measuring any 

morphological or physiological properties of plants. These traits might be the consequence of 

the intervention of individual genes, interactions between genes, or interactions between 

genes and the environment. Many agronomically important characteristics, such as yield and 

its components, as well as tolerance to drought and salt, are regulated by a number of genes 

that have very little impacts, as well as the interactions between these genes and the 

environment[83]. In order to cultivate plants and investigate how they react to biotic and 

abiotic challenges, several research organizations concentrate their efforts on a controlled 

environment. This is done for practical reasons. The environment and the microclimate, on 

the other hand, are subject to dynamic changes throughout the day in farming, and these 

changes have an unequal impact on the plant, for instance because of shadowing. 

Furthermore, regulated light conditions are not even close to being comparable to the 

irradiance levels and spectral quality that are characteristic of sunshine situations in the 

natural environment. It is of the utmost importance to investigate the effects of plant stressors 

under dynamic environmental settings in order to get a comprehensive understanding of the 

responses of plants to stress[84]. 

Platforms for high-throughput phenotyping are both quick and dependable. These platforms 

make use of robots and imaging technologies that are based on spectral analysis. One of the 

most significant limitations is the controlled environment, which is distinct from the natural 

growing conditions that are present in the field[85]. High-throughput in-field phenotyping of 

attributes, such as canopy temperature, chlorophyll fluorescence, and other biochemical plant 

parameters, is now possible because to the emergence of hyperspectral imaging technology, 

which, when paired with drones and manned aircraft, gives the potential for such 

phenotyping. This technology is starting to become more cost-effective while simultaneously 

improving the resolution and accuracy of measurements[86]. 

Using aerial platforms would provide a number of challenges, the most significant of which 

would be the processing of massive amounts of data in a short period of time. When it comes 

to high-throughput phenotyping data processing, however, technologies that are based on 

machine learning have shown their potential. For the purpose of evaluating complicated 

physiological characteristics, such as the ability to tolerate abiotic stressors, in-field high-

throughput phenotyping is an ideal method. In general, the approaches of machine learning 

have the ability to contribute a large amount of value to the genetic resources and procedures 

that are already in existence[87]. 



 

 

 

Fig 10. Plant genomic environment  

Climate change, disease management, nutritional enhancement 

Due to the continual conflict between plants and pathogens, crop plant pathogens provide a 

serious risk to contemporary agriculture. This conflict is responsible for developing the 

genetic diversity of plants. In most cases, diseases are the consequence of a particular 

relationship between the host and the pathogen. One example of this is the pathogen Puccinia 

triticina, which causes wheat leaf rust. Over cultivation of crops with limited genetic 

diversity has resulted in an increase in the inoculum of pathogens and has hastened the 

development of pathogens, which has promoted the spread of these pathogens throughout the 

world[88].  

The epidemiology of infections in particular regions and the geographic dispersion of plant 

diseases are both impacted by climate change. Through the cultivation of orphan crops and 

the domestication of new crops, increasing agricultural plant variety will lead to a reduction 

in the selection pressure exerted on pathogen populations, which will ultimately result in a 

longer life span for genetic resistance. There is a possibility that this method of disease 

management is both efficient and environmentally sustainable[89].  

The migration of infections to latitudes that are outside of their historical range is another 

way in which climate change impacts plant diseases. The transfer of pathogens and the spread 

of illness farther from north to south would be caused by a rise in temperature, which would 

have an effect on areas not previously susceptible to infection. Recent developments in 

genomics have offered a snapshot of resistance mechanisms that have formed over the course 

of the long history of co-evolution. This has led to an enhanced knowledge of the molecular 

function of these mechanisms and has provided a starting point for research on defence 

pathways[90].  

There is a quick approach for identifying pathogens, following the course of outbreaks, and 

monitoring the transmission of illness to new sites that can be achieved by genome 



 

 

sequencing. The advancement of third-generation sequencing technologies, particularly 

Oxford Nanopore, has resulted in the introduction of mobile sequencing equipment that are 

tiny, inexpensive, and ideal for use in in-field diagnostic systems. The Oxford Nanopore 

MinION technology has been used for real-time diagnostics of human diseases such as the 

Ebola and Zika viruses. Protocols for the detection of plant pathogens and pests are also in 

the process of being developed[91].  

In order to guarantee the safety of food supplies across the world, it is essential to increase 

the nutritional content of crops. There are several staple meals that are poor suppliers of 

certain macronutrients and vital micronutrients, despite the fact that plants are important 

sources of both macronutrients and micronutrients. The identification of potential genes 

involved in plant metabolism has been made possible by recent developments in genome 

sequencing and annotation, which have given the essential resource[92]. There is the 

potential for genome editing technologies to be used in the modification of the nutritional 

profiles of crops. For instance, soybeans might be produced with a high oleic acid content 

and a low linoleic acid content, and maize could have its anti-nutritional phytic acid content 

reduced. Furthermore, transgenic technology may be used for the purpose of enhancing the 

nutritional value of crops[93]. 

 

Fig 11.Climate change, disease management, nutritional enhancement 

Challenges 

In the process of breeding, unique combinations of alleles are created either via the natural 

variety that occurs in germplasm collections or by the processes of producing novel 

mutations. The employment of advanced breeding techniques, like as irradiation or chemical 

mutagens, is widespread; yet, these techniques are not without their difficulties because of the 



 

 

high incidence of background mutations. In order to correct characteristics and eliminate 

harmful background mutations, the CRISPR/Cas method does not need a significant amount 

of crosses to be performed[94]. In order to direct the Cas protein to specific DNA locations 

for cleavage, the system makes use of a guide RNA, also known as gRNA. This results in a 

double-strand break at the target site. Both gene knock-out via mutations that occur during no 

homologous end joining and gene knock-in through the use of a donor DNA template and 

homology-directed repair are made possible as a result of this[95]. 

Over the last five years, the CRISPR/Cas system has been successfully implemented in plants 

that are crucial for food production. It is anticipated that this will have a significant influence 

on the agricultural sector. Among the challenges that genome editors face are the 

enhancement of protoplast transformation, the enhancement of gene targeting efficiency by 

the use of homology-directed repair, and the optimization of bioinformatics tools for the 

creation of gRNA with minimum off-target negative consequences[96]. The ideal creation of 

gRNAs that enable CRISPR/Cas gene editing to be both effective and specific requires the 

use of bioinformatics tools of the highest quality. 

When it comes to the design of gRNA, the two most important characteristics are a high 

binding affinity to the target site and specificity with a limited likelihood of off-target effects. 

According to research conducted on human cell lines, it has been shown that the binding 

effectiveness of guanines at the −1 and −2 PAM-proximal sites is increased, but the binding 

efficiency of thymines at the +4/−4 PAM-proximal positions is decreased. On the other hand, 

preliminary investigations suggest that the preferences for bases that have been found in 

human cells may not be shared by plants[97]. 

The genomes of plants include a great deal of duplicated information, which makes it 

challenging to create distinct gRNAs for individual target locations. In the future, 

bioinformatics tools will be able to design gRNAs to target more genomic locations in crops 

with greater precision. This will be possible if other endonucleases with varied activities from 

Cas9 are introduced to the CRISPR/Cas toolbox. Additionally, more empirical data on 

endonuclease activity in plants will become accessible[98]. 

Futuristic approaches to come over challenges 

New opportunities to accelerate the application of basic research are being made available as 

a result of the availability of large-scale sequence and phenotype information at 

unprecedented scales. These new opportunities include the ability to formulate testable 

hypotheses regarding the genetic architecture of quantitative variation, the genes and 

biological pathways involved, and the causal variants responsible for the inheritance of 

complex traits in a variety of species[99]. The raw sequence information, on the other hand, 

needs to be combined with an in-depth understanding of the biology of the species that is 

being considered, the phenotype or performance of the individuals or population that has 

been sequenced, and the agroecosystem in which they have been grown, which includes the 

cultural context and the management practices of the farmers[100].  

The capacity to operate at diverse sizes, ranging from molecules to landscapes within a 

quantitative biology framework, will be necessary in order to realize this promise. 

Additionally, there will be a need for increased cooperation between breeders, farmers, and 

the community of biological researchers. Technical impediments to facilitate data-integration 



 

 

and the potential for data-sharing include fragmented and dispersed data across organizations 

and international borders, inadequate systems for logging and tracking plant genetic resources 

(PGR), and radically different approaches to data management and sharing within and across 

public and private sectors due to fundamentally different objectives and low levels of mutual 

trust[101].  

There are a number of projects that have been formed to encourage interoperability in order 

to overcome these difficulties. Some of these programs are DivSeek, the Research Data 

Alliance (RDA), the Breeding API, and Global Open Data for Agriculture and Nutrition 

(GODAN). Through the use of Digital Object Identifiers (DOIs), the Global Information 

System of the International Treaty on Plant Genetic Resources for Food and Agriculture 

(ITPGRFA) operates with the objective of establishing connections between the various 

information systems that are already in place regarding PGRFA. It is possible that the 

adoption of standardized procedures would make it easier for organizations to aggregate such 

data for comparative analysis and collaborative work. Additionally, it might reduce the 

entrance hurdles that now restrict farmer participation in translational agricultural research 

and development[102].  

There are obvious approaches that may be used to satisfy this requirement for data integration 

that have been developed from the experience of other fields of biological study. The impact 

that bioinformatics has had on a wide range of biological concerns is largely attributable to 

the availability of open-access data. The establishment of three worldwide repositories for the 

storage of nucleotide sequences occurred in the early 1980s. As a result, huge volumes of 

nucleotide sequence data were made accessible to the general public without any claims of 

intellectual property being passed on by the data producers or database administrators. Newer 

models for the pre-publication of data and manuscripts have been proposed, and alliances of 

interested parties have been created in order to build data models and suitable structures for 

the purpose of interface between public and private data[103].  

Up until the late 1960s, plant genetic resources were usually considered to be "global public 

goods." nations that are technologically sophisticated have been pushing for the worldwide 

recognition of intellectual property protection for living materials. This has caused poor 

nations, who were the historical origins of a significant amount of the genetic variety of the 

crops that are being sold and protected, to feel uneasy. Developing countries pushed back 

through negotiations under the United Nations Environment Programme (UNEP) that led to 

the Convention on Biological Diversity 1993 (CBD). They insisted on their sovereign rights 

to regulate access to genetic resources within their borders, with the expectation of 

negotiating access and benefit sharing agreements with foreign access-seekers[104].  

Within the framework of the Nagoya Protocol on Access to Genetic Resources and the Fair 

and Equitable Sharing of Benefits Arising from their Utilization (Nagoya Protocol), which 

came into effect in 2014, it was agreed to establish mechanisms for the monitoring and 

enforcement of access and benefit sharing agreements that were negotiated bilaterally. It is 

not yet possible to make any predictions about the influence that the Nagoya Protocol will 

have on the willingness of stakeholders to exchange genetic resources for the purpose of 

agricultural research[105].  

A multilateral system of access and benefit-sharing (MLS) was established for contractual 

parties and international organizations as a result of the International Treaty on Plant Genetic 



 

 

Resources for Food and Agriculture (ITPGRFA) that was signed in 2004. The Multiple 

Resource Library (MLS) makes it easier to get access to the genetic variety of sixty-four 

different crops and forages, which may then be used for the purposes of conservation, 

agricultural research, teaching, and plant breeding. Under certain conditions, any commercial 

users of the content that is accessible via the multilateral system are required to make 

monetary contributions to an international benefit-sharing fund[106].  

On the other hand, accessibility to digital material, such as genetic sequences or phenotypic 

data, is not particularly regulated by any of the three accords. The fact that digital research 

data is mentioned as a possible advantage that may be offered in exchange for access to 

genetic resources is included in all three agreements. The result of this was the emergence of 

worries over the potential for technical advancements in genomic breeding, gene editing, and 

gene synthesis to exacerbate the existing technological divide and the resulting economic 

inequalities between industrialized and poor nations[107].  

It has been brought to the attention of stakeholders that the necessary technological capacities 

are primarily located in prestigious research institutions located in the northern regions of the 

world. These stakeholders are skeptical that these newly acquired capacities will be utilized 

to develop technologies that are aimed at resource-poor farmers who are employed in 

vulnerable agricultural systems. The result of this is that there have been calls for research 

institutions to cease offering unrestricted free access to genetic sequence data until the 

problems associated with benefit sharing can be resolved[108].  

The cultivation of an open-science culture and the increase of agricultural yields are both 

dependent on the enhancement of trust and collaboration between many stakeholders. It is 

important for the United Nations to exercise prudence when it comes to the establishment of 

legally enforceable solutions. In order to foster trust and transparency among various 

stakeholders, as well as to encourage the development and utilization of knowledge and 

technologies that ultimately contribute to the advancement of sustainable development goals, 

it is necessary to improve governance of the generation and use of genetic sequence data and 

related information about PGR[109]. 

Conclusion 

For the international community to develop mechanisms to address the issues that have been 

brought up in this review, it will most certainly take several years. This is especially true in 

the event that it is collectively decided that new legally binding agreements (or amendments 

or protocols to existing legally binding agreements) are required. In the meanwhile, there will 

be chances for organizations and networks that are interested in developing inclusive forms 

of governance for the deployment of the new technological capabilities that are outlined in 

this article in order to realize the objectives of sustainable development. In order for wide 

coalitions of scientists, information technologists, gene bank managers, breeders, farmers, 

and civil society organizations to be successful, they will need to identify chances to define a 

set of shared objectives and build methods for working together that are inclusive and 

transparent. In the event that they are successful, the governance structures, best practices, 

and benefit-sharing standards that they produce have the potential to favorably impact the 

tone of continuing intergovernmental discussions as well as the shape and substance of norms 

that are ultimately formed under the auspices of the United Nations. In order to develop 



 

 

innovation platforms and governance structures that will inspire confidence and encourage 

the most effective and fair deployment of those technologies, the ball is now in the court of 

people who are advocates of these new technologies. 
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