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Abstract: 

With increasing human population the entire world is facing the problem of food production. Feeding of 

growing population becoming more difficult due to unpredictable change in climate condition creating 

pressure on crop production to agriculture community. Plant faces range of biotic stresses which affect 

growth and development at various stages and interferes cellular, molecular and development processes 

which reduces agriculture crop productivity. Therefore there is a need to develop sustainable approaches or 

solutions to address such issues. This can be achieved by using multi omics approaches that help in grasping 

the molecular mechanism involved in stress resistance mechanism, characterize plant biomolecular pool 

which help in maintaining response to variable environmental condition. It will provide better understanding 

of integrated omics approach along with the adoption of artificial intelligence algorithms to understand 

complex omics data for improving plant tolerance to biotic stress and identify possible targets for enhancing 

resistance through recombinant DNA technology or plant breeding approaches. Therefore this review provide 

perception into multi-omic approaches, their limitations and how omics assisted by artificial intelligence 

present a valuable tool in understanding host pathogen interactions and provide a way for effective crop 

development strategies under the scenario of climate change.  
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1. INTRODUCTION 
It is analysed that world population will reach 9.7 billion by 2050 and to feed such huge population the 

demand for food supply is also rising. In order to overcome this issue innovative solutions and 

interdisciplinary research to support food supply by increasing agricultural productivity is the need of the 

hour (Fukase and Martin, 2020). These problems are moreover enhanced by the available biotic stress present 

in the environment as plants interact with various biotic stresses like insects, bacteria, viruses, fungi, weeds 

etc in the environment. Their interaction affects various physiological activity in plants which are also 

beneficial for regulating plant activity but in some cases they are also harmful for the plants causing diseases 

Schirawski and Perlin 2018; Crandall et al. 2020).  

Microbial illnesses and pest infestations cause significant yield decreases in food crops worldwide. 

Substantial loss of 30.3%, 22.6%, 21.5 %,  21.4%, 17.2% in  rice, maize, wheat, soyabean and potatoes 

respectively was reported (Savary et al., 2019). Plant infections can be highly destructive, causing output 

reductions of up to 50% in some areas. They notably affect small-scale farmers and provide significant 

financial difficulties. Both human health and species diversity are affected by the occurrence of plant diseases 

which increase the cost of disease control strategies (Ristaino et al., 2021). Similarly the sustainability of 
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crop production, good human health and food security reported to  be affected by the outbreak of new pest 

and diseases (Anderson et al., 2004) Emerging plant diseases are predicted to become more common and 

severe in the upcoming years due to the shifting distribution of pathogens brought on by climate change and 

increased international trade ((Bebber et al., 2013).Heavy losses in economic yield  of coffee was reported 

in Central America due to severe outbreak of  Hemileia vastatrix's (Avelino et al., 2015). 

Due to declining agricultural productivity as a result of these environmental stresses  there is a huge pressure 

on the agriculture sector to develop resilient crop with improved yield. (Wu et al., 2024).  Pattern Recognition 

Receptors  are activated in response to stress  that  help in the identification of  Pathogen -Associated 

Molecular Patterns which activates immunity in plants. Several compounds like salicylic acid, jasmonic acid, 

and ethylene and  reactive oxygen species are produced that help in the  regulating the expression of genes 

involved in  production of mitogen-activated protein kinase, heat shock proteins and help plant to maintain 

homeostasis under stress condition (Nicaise et al. 2009; Zhang et al. 2021). These changes affect crop 

productivity by modulating plant growth, development and physiology there by affecting yield (Song et al., 

2026). Understanding plant resilience under biotic challenges can be revolutionized by integrating omics 

methods, which include transcriptomics, genomes, proteomics, metabolomics, and phenomics. These are 

specific to the developmental stage and vary according to cell and tissue location in an organism (Griffin 

2004).  By analysing  complex relationship between biological molecules and their function against stress 

this multi-omics paradigm enables researchers to develop more successful crop enhancement solutions as 

they provide both host and pathogen profiling exposing regulatory networks and co-evolutionary processes 

that are frequently overlooked by single omics methods (Li et al, 2019).  

This review will intend to provide deep understanding of interaction between host and pathogen  by 

employing multi-omics approaches. Researchers can find important regulatory molecules, understand  

function of effector proteins and discover pathways of disease resistance or vulnerability by combining 

transcriptomics, proteomics, and metabolomics. The review also focuses on the computer based tools—from 

statistical frameworks to machine learning and deep learning techniques—that make it easier to integrate 

these various datasets. 

 

2. OMIC APPROACHES 

At molecular level plant responses to stress can be determined by omics approaches as given in Figure 1. 

With the help of genomics tools and techniques like whole genome sequencing genome-wide association  

and CRISPR/Cas genetic variation and stress responsive genes can be identified. Similarly Next generation 

sequencing techniques identifies change in expression of genes under stress condition and transcription 

factors, stress inducible genes analysed by qRT-PCR and microarrays (Roychowdhury et al., 2023). Stress 

specific proteins, post translational modification using SILAC is another techniques of Proteomics. Likewise 

another omic approach that is Metabolomics may use Liquid chromatography -mass spectrometry, nuclear 

magnetic resonance spectroscopy, and Gas chromatography–mass spectrometry techniques to determine the 

biochemical status in plants under stress environment and also determines presence of osmolyte, scavenging 

compounds of reactive oxygen species, and stress responsive secondary metabolites. Change in gene 

expression which are heritable studied by Epigenomics (Al-Amrani et al., 2021). Phenomics is used to 

achieve high-throughput phenotypic analysis under stress condition. Ionomics uses Inductively Coupled 

Plasma Mass Spectrometry to analyze the elemental makeup of plant tissues under stress. (Gupta et al., 2023). 

 

Figure 1: Various Omic methods to learn Plant response under stress 
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2.1 Genomics 

Genes and regulatory elements resulted from DNA sequencing and their characterization (Saeed et al., 2022). 

The genome of the plant is a dyanamic environment that has the capacity to adapt in the biotic stress 

condition. Recent advancement in genomics lead to the identification of loci that govern quantitative traits 

and  complex traits that are controlled by gene regulatory networks. Like according to current pan-genomic 

studies in rice resistance to fungal disease are associated with lineage specific genes that are not present in 

reference genome. Most commonly studied genome is Rice because of its relatively smaller genome size (∼ 

430 Mb). Similarly Arabidoposis thaliana a model genetic plant has also shown itself to be a useful tool for 

figuring out the essential regulatory pathways of plant stress response due to its variety of mutations and 

transgenic populations (Shinozaki and Yamaguchi-Shinozaki, 2022). Genetic architecture of complex traits 

are better studied by Genome Wide Association analysis. It have been successfully utilized in several crops 

like maize, rice, tomato, peach, lettuce, sesame to provide resources for agricultural functional genomics and 

inventories of allelic variations, and related genotype–phenotype relationships and also identified haplotypes 

for earlier unknown pathways (Liu et al., 2019). 

These genes can offer the targets required for CRISPR/Cas9 editing and precision breeding, laying the 

groundwork for comprehending how transcription of these genes takes place (Omidiran et al., 2024; Qi et al., 

2024).  The availability of annotated resources has made the field of comparative genomics more feasible, 

due to the identification of genetic markers and gene of interest through genetic engineering and gene editing 

technology. Pan genomics explores variability at genetic level and evolutionary pathway to identify genes 

linked with stress tolerance against biotic stress (Naithani et al., 2023). The new subject of epigenomics 

combines genomics and epigenetics, which deals with heritable changes that go beyond DNA sequences. 

With epigenomic mechanisms reacting to stressors and environmental conditions, this integration determines 

how gene regulate plant cell response against stress. To examine these occurrences throughout embryonic 

stages or evaluate variations brought on by plant diseases, genome-level studies are required. (Callinan and 

Feinberg, 2006; Muthamilarasan et al., 2019). Genome editing has been revolutionized by the ground-

breaking CRISPR-Cas9 technology, which originated in bacteria as a defensive pathway towards viruses.  

This allows specific change in gene sequence  without introducing the gene of interest allowing plant 

adaptation to stress condition. The most utilized technique is CRISPR/Cas9 that makes the use of single guide 

RNA to mark particular DNA sequence causing cleavage which get repaired by non-homologous end joining 

and homology directed repair (Ajithkumar et al., 2025). This multiplexing technique speed up conventional 

plant breeding method and allow us to design news stress tolerant varieties. Eukaryotic genomes are widely 

edited by CRISPR-Cas systems, offering prospects to engineer crop plants for increased resistance to biotic 

stress. (Kumar and Jain, 2015). It has been reported that by this method  gene structure of acetolactate 

synthase enzyme was modified to provide tolerance to herbicide in rice. Genome-wide linkage mapping  has 

been successfully performed in maize  to study gene that provide resistance to northern leaf blight (Kaur et 

al., 2022). 

 

2.2 Transcriptomics 

Transcriptome represent entire set of RNA transcript within a specific cells or tissue in an organism and 

transcriptomics allows analysis of genes transcription in response to environmental stimuli over a certain 

time frame (Raza et al., 2021). This allows examination of variations in gene expression, offering insights 

into the roles of certain genes. Transcriptomics studies was first subjected to study interaction between potato 

and  Phytophthora infestans (Birch et al. 1999). After that many plant pathogen interaction trancriptome 

analysis was carried out (Meng et al. 2014; Chen et al. 2021 Qiu et al. 2023;). With the help of transcriptomics 

gene function can be predicted explaining host pathogen interaction.  controlling their enzyme activities and 

gene expression, plants start a cascade as a signalling response to stresses. When stressors are present, they 

undergo metabolic changes that increase the transcription of genes involved in management of stress (Wang 

et al., 2020). DNA and RNA sequencing are high throughput sequencing techniques available nowadays that 

allows to access response of fruit crops under biotic stress.  These approaches allows gene expression 

profiling for next generation sequencing. Several studies have been reported where scRNA sequence is used 

to study cellular diversity under stress condition (Choudry et al., 2024).Similarly in Arabidopsis, rice, maize, 

and soybean these technologies have been used to study stress tolerance mechanism (Khalid et al., 2019). 

Transcriptomics approach has successfully used in tomato by (Lie et al., 2019) and when the  RNA 

sequencing data from the susceptible and resistant variety of tomato were analysed 209 and 809 genes in 

response to TYLCV infection showed distinct expression pattern. Similarly in soyabean against nematode 
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infection  micro array  analysis was created to determine genomic expression of two distinct nematodes. 

Similarly two population one is compatible and other is incompatible were examined for pre and post 

parasitic infection on exposure to resistant soyabean genotype, potential parasitism genes showing 

differential gene expression across two grups were observed. (Mosa et al., 2019). 

 

2.3 Proteomics 

It involves identification, measurement and profiling of protein by giving information on change in protein 

expression in response to environmental stress  and also provide information about their structure, function, 

modification and interaction with other proteins ( Kumar et al., 2023). Proteome vary depending on tissue 

type, age and how it respond the stress condition. Proteins play a key role in developing stress tolerant 

phenotypes by regulating cellular homeostasis and physiological processes under stress condition (Hasan et 

al., 2024). It examines the function of proteins involved in the stress response and how they might be used to 

develop techniques for making plants relatively resistant to strain, in addition to streamlining the 

identification of plant phenotypes (Singh et al., 2021; Rani et al., 2021). Proteomics allows understanding of 

variation that occurred after protein synthesis, by interaction with other proteins and change in protein 

expression under different stress condition. Also helped in identification of biochemical markers and 

regulatory proteins involved in plant adaptation under stress condition (Liu et al., 2019). Understanding how 

plant resistance functions and identifying the molecular mechanisms that control susceptibility or resistance 

are crucial in biotic stress situations. Recent research has demonstrated the strong relationship between a 

plant's spatial proteome and post-translational modifications and its immune response (Katam et al., 2020). 

Structural, sequence, and phosphor proteomics represents classes of proteomics that study expressed proteins 

(Aizat et al.,2018). Different techniques are used to examine protein structures such as electron microscopy, 

X-ray diffraction, nuclear magnetic resonance (NMR), crystallization, and computer-based modelling (Lie et 

al., 2005)). Protein functions most commonly studied by Protein microarrays and yeast two hybrid assay 

(Lueong et al., 2014). Using techniques of proteomics like 2-Dimensional gel electrophoresis, gel free 

shotgun method protein content in rice kernels has been studied (Koller et al., 2002). Some proteomics 

techniques like liquid chromatography based separation are used to detect as TFs, kinases, and transport 

proteins whose abundance is low (Ghosh et al., 2014). Studies on comparative proteomics have been reported 

to improve crop yield in wheat by comparing  proteome of Dasypyrum villosum  and wheat scientist have 

concluded that protein found in Dasypyrum villosum  are important for improving wheat yield under stress 

condition (Wang et al., 2021). The proteomes of chili peppers that are susceptible to and resistant to Fusarium 

oxysporum sp. were compared. Wilt illness in capsicum was studied using two dimensional electrophoresis. 

They found proteins from pathogen that produce reactive oxygen species, lignin that break plant cell wall 

and removal of ROS using integrated proteomics by host in Tamarindus indica. (Pandey et al., 2019; Yadav 

et al., 2022) and differential expression of proteins, some of which play crucial role in plant defence 

mechanism using tools of bioinformatics were observed, thereby explaining the function of proteomics to 

analyse protein and find genes which could be used in future to develop resistant cultivars. (Mariyam et al., 

2023b). 

 

2.4 Metabolomics and Biotic Stress 

Metabolomics is one of the emerging approach that help us to understand how plants respond under stress 

condition by studying their metabolites. Researchers can pinpoint particular metabolites that are essential to 

plant defence mechanisms by examining the metabolic pathways that are changed under stressful 

circumstances. Metabolites involved in plant defence mechanism are easily analysed by using invaluable 

techniques of liquid and gas chromatography. Therefore it allows high-throughput wide evaluation of 

metabolities as compare to genomics and transcriptomics in plant system expressed under stress condition 

and can help in developing innovative techniques and approaches to improve plant resilience(Carrera et al., 

2021) On exposure of plants with any of the biotic stress caused by pest, pathogen and herbivorous a defence 

system activates that cause reprogramming of specific metabolite is involved in improving survival. They 

also provide information on plant’s adaptive strategies of coping such issues (Fernández et al., 2022). It was 

reported that in response to pathogen attack Arabidopsis thaliana and Solanum lycopersicum activates their 

defensive mechanism by producing phytoalexins and other antimicrobial compounds. Production of phenolic 

compounds in response to fungal infection has also reported that provide structural immunity to the plants as 

well also showed antimicrobial activity (Daayf et al., 2012) as indicated in Table 1. Plant resistance is further 

influenced by genetic factors via quantitative trait loci (QTLs). For example, detoxifying mycotoxins 
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produced by infections is one of the resistance features linked to the Qfhs.ndsu-3BS locus in wheat. These 

QTLs provide information about the genetic foundations of plant defense by correlating with distinct 

metabolomic signatures (Srivastava et al., 2013)  

The production of these metabolites vary depending upon the plant tissue and its exposure level to pathogens. 

Like expression of defence related metabolites are higher in roots due to their direct exposure with soil borne 

pathogen as compare to leaves. In case of  Quercus species their conc of L-proline increased in roots as 

compare to leaves on exposure to Phytophthora cinnamomi and with reduced level of D-glucose and D-

fructose sugar (Fernández et al., 2022) this differential metabolic response protects the general health and 

survival of plants. Differential expression of metabolites have also reported in seeds, flowers and leaves of 

Brassica juncea which played a important role in making plant resistant to pathogen (Farag et al., 2024) such 

studies provide valuable information for crop improvement programme. 

 

Table 1. Mechanism of chemical defence produced in different crops in response to biotic stress 

 

Plant Type of 

Secondary 

metabolite 

produced 

 Target 

pathogen 

Effect  Reference 

A. thaliana Phenolic 

compounds 

Pseudomonas 

syringae 

Antifungal and 

antibacterial 

effect 

Soylu et al., 

2006 

A. thaliana Phtolexins Plectosphaerella 

cucumerina  

Antibacterial 

effect 

Fernández et 

al., 2022 

Solanum 

lycopersicum 

Phytoalexins, such 

as rishitin 

Botrytis cinerea Support plant 

survival 

Bulasag et al., 

Hordeum vulgare flavonoids, 

phenylpropanoids, 

fatty acids and 

terpenoids 

Fusarium head 

blight 

Hinder pathogen 

multiplication 

and cell 

structure  

Kumar et al., 

2016 

Zea mays Terpenes Spodoptera 

frugiperda 

Minimize plant 

damage 

Wang et al., 

2022 

 

Variable population within the same crop species show expression of different metabolites under stress 

condition like as compare to susceptible genotypes resistant cultivars reported to produce higher level of 

flavonoids and terpenoids (Zhu et al., 2022, Mashabela et al., 2023) Genetic diversity therefore play an 

important role in varietal development that can withstand biotic stress providing better yield under bad 

climatic condition (Razzaq et al., 2022). Breeders can quickly produce crops that are more resilient to pests, 

diseases, and herbivores by choosing particular metabolic features that confer resistance. Metabolomics thus 

makes precise breeding easier, encouraging the creation of adaptable crops for sustainable agriculture 

(Litvinov et al., 2021). Expression of metabolites under stress condition affect crop physiology affecting 

physiological process like photosynthesis and respiration and optimize energy use during stress, supporting 

survival of plant (Ribeiro et al., 2022). By combining metabolomics with other omics approaches new 

effective strategies can be developed for crop management and improvement (Wishart et al.,2019). 

 

2.5 Epigenomics, Ionomics and Interactomics 

Epigenomics involves chemical modification of DNA and associated histone proteins without changing the 

sequence of DNA to regulate gene expression. It is dynamic and very from cell to cell type.  It can be done 

by methylation of DNA, histone and alteration of chromatin. In DNA methylation methyl group is added on 

the cytosine residue without alteration in the base sequence. This causes the repression of transcription of 

stress responsive genes thereby preserving energy and optimizing stress signalling, or  mobile genetic 

elements, which are frequently reactive to stress  and have the potential to destabilize the genome if left 

unchecked.  

The change in gene expression due to epialleles are heritable, these alleles  help plant to adapt under stress 

condition and provide resistance to diseases. The stress memory remain in the plant and provide adaptive 
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benefits under variable stress conditions. These epilalleles can be utilized for developing crops that are 

resistant to stress without DNA sequence  alteration and provide an efficient method for crop improvement 

without involving foreign DNA (El-Sappah et al., 2021). Another mechanism of epigenomics is Histone 

modifications which are done by acetylation, methylation, phosphorylation and ubiquitination of histone 

protein required for chromatin activity and gene regulation. When plants are subjected to stress condition 

some  histone proteins are activated like H3 lysine 4 trimethylation and H3K27me3 that increase the 

transcription. Depending upon the residue on which methylation occur and level of methylation gene 

expression are regulated like methylation of  H3K4me3 is related to gene activation, whereas H3K27me3 

and H3K9me2 are involved in gene silencing (Le et al., 2025). These epigenomic modification help in 

activating stress responsive genes more efficiently and also creates stress memory for future exposure to 

stresses as in Arabidopsis and rice methylataion of regulatory gene induce tolerance against stress 

(Bhadouriya et al., 2021). In response to stress MAPKs induce dephosphorylation to induce or compress gene 

expression immediately (Patel et al., 2024).  These modification  produce a code of histone that activates 

expression of stress tolerant genes and allow plant to acclimatise to changing environmental condition 

(López-Hernández et al., 2025). Similarly chromatin  remodelling allows understanding of mechanism 

behind gene expression under stress condition (Long et al., 2024). One of the most used complex is 

Switch/Sucrose-Non-Fermentable (SWI/SNF) driven by ATP to reposition nucleosome and allow specific 

genes to express against stress by exposing their DNA sequence and affect leaves architect, flowering time 

and root architect (Chen et al., 2024). Similarly research on ionomes provide valuable information which 

allow control on plant genome function. Ionic characteristics of plants are provided by comprehensive 

database The Purdue Ionomics Information Management System (PIIMS) which are used in analysis of 

genetic variation, allow identification of resistant genotypes also used in genome wide mapping (Kumari et 

al., 2015, El-Esawi et al., 2020). Ionomics can be combined with high throughput analysis such as 

bioinformatics that help in providing deeper understanding of host-pathogen interactions (Ali et al., 2022). 

Another interdisciplinary approach that provide comprehensive understanding of plant system by combining 

multiple omic approaches like genomics, transcriptomics, proteomics, metabolomics, and epigenomics is 

Interomics (Chen et al., 2024). They provide insight  how signaling pathway alter gene regulation under 

stress condition and allow plant adaptation (Sahoo et al., 2020). This also provide information for resilient 

crop development under climate change. Table 2 indicates different single omics approaches against different 

pathogens. 

 

Table 2: Indicates different single omic approaches used against different plant pathogen (Balotf et al., 

2025) 

Name of Pathogen Target Crop Omic Approach Used 

Fusarium graminearum Wheat Genomics 

Ralstonia solanacearum Potato Genomics 

Heterodera filipjevi Wheat Genomics 

Scleromitrula shiraiana Mulberry Genomics 

Xanthomonas translucens Small grain cereals Genomics 

Phytophthora infestans Potato Trancriptomics 

Sclerotinia sclerotiorum Pea Trancriptomics 

Hyaloperonospora 

arabidopsidis 

Arabidopsis Trancriptomics 

Rhizoctonia solani Wheat Trancriptomics 

Ralstonia solanacearum Tomato Trancriptomics 

Magnaporthe oryzea Rice Proteomics 

Clavibacter michiganensis Tomato Proteomics 

Verticillium dahlia Cotton Proteomics 

Botryosphaeria dothidea Poplar Proteomics 

Stagonospora nodorum Wheat Metabolomics 

Fusarium tucumaniae Soybean Metabolomics 

Rhizoctonia solani Rice Metabolomics 

Colletotrichum theobromicola Strawberry Metabolomics 

Pyricularia oryzae Rice Metabolomics 
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3. LIMITATION OF SINGLE OMIC APPROACHES 

The expression of any genotype is affected by GXE interaction which is influenced by environmental factors 

therefore it is very difficult  to  made conclusion from   only genomic data. Their relationship can be 

investigated by using transcriptomics, proteomics and metabolomics. There is a complex connection between 

these two levels. Like mRNA has introns and exons, introns are removed by alternate splicing and only the 

coding sequences are translated into proteins demonstrating the intricacy of cellular reactions to stress 

(McManus et al., 2015). There are several factors that affect translation through interaction with micro RNA  

(Liu et al. 2016). Non coding RNA like micro RNA and long non-coding RNAs is  play crucial part in 

regulation of gene  but they are not focussed in most transcriptomics studies  (Ozsolak and Milos 2011). Like 

miRNA control protein synthesis in response to stress signal by binding to complementary sequences in 

mRNA causing m RNA degradation and translation inhibition. Similary long non-coding RNAs   enhance or 

inhibit translation process by interacting with translation machinery in response to stress (Giland Ulitsky 

2020). The reliance on good quality, annotated genomes is a technical drawback of transcriptome data. The 

accessibility of target organism reference genome that provide base for forming  and annotation of expressed 

genes, is crucial to the precision and thoroughness of transcriptome investigations  (Bakkeren et al. 2016). 

Using transcriptomic approach it is difficult to get complete genome of non cultural pathogens due to non 

availability of DNA of high molecular weight for sequencing but Unlike short-read sequencing methods long 

read sequencing method  depth information required for complete genome assembly(Naranjo-Ortiz and 

Gabaldon 2020). Similarly compared to transcriptome data, proteome data show a stronger link with 

biological function (Bludau and Aebersold 2020). However, the large variance in protein concentrations 

within biological samples is a significant difficulty in proteomic analysis. In complex combinations, these 

concentrations can vary greatly, masking low-abundance proteins with high-abundance proteins (Righetti 

and Boschetti 2020). Understanding plant-pathogen interactions is severely hampered by this restriction since 

the low detection rate may make it more difficult to identify important pathogen effectors and virulence 

factors. It is challenging  in shortgun proteomics to differentiate between  proteins isolated from different 

species having common evolutionary ancestors such as a host and its pathogen in plant pathosystems, due to 

loss of the direct relationship to the original proteins. When two species have extremely similar or identical 

peptide sequences, this problem is most noticeable (Hubler et al. 2019). For instance, it is impossible to 

definitively attribute two peptides that are linked to a specific protein to a single species if their sequences 

are identical in the host and pathogen. The principle of parsimony, however, requires that all three peptides 

be ascribed to the host protein if a third peptide specific to the host is found, ignoring the potential that the 

pathogen variation may also be present (Gupta et al., 2015). This is where transcriptomics comes in handy 

since mRNA sequencing can more readily distinguish between transcripts originating from hosts and 

pathogens by identifying species-specific portions of the mRNA sequence. 

Due to high variability and complexity of metabolic compounds it is difficult to study plant pathogen 

interaction in spite of highly efficient detection techniques that detects presence of thousand metabolites in a 

sample like mass spectrometery. Because metabolite extraction frequently leaves residual proteins in 

samples, post-extraction metabolite interconversions can distort the results (House et al. 2024). These 

difficulties demonstrate the necessity of strong workflows and improved extraction methods to guarantee an 

accurate depiction of metabolic phenotypes in research. Therefore there is a need to adopt multi-omic 

approaches to study the biological system. 

 

4.  INTEGRATION OF MULTI OMIC APPROACHES 

Utilization of multi omic approaches allow to understand biological process deeply and molecular interaction 

involved in the production of phenotype. They help in determining the key proteins involved in host pathogen 

interaction as well as in identification of key factors involved in plant diseases resistance and susceptibility 

and help in disease identification at early stage (Kahar et al.,2024). One prominent example of this is the R 

package mix Omics which uses different statistical approaches  like  Canonical correlation analysis , sparse 

partial least square discriminant analysis to analyse data from different omic layers  to understand biological 

processes (Rohart et al.,  2017). Similarly another tool is multi omics factor analysis that help in coorelating 

data from different omic data. MOFA models the latent components  explain observed data in good way 

while taking uncertainties into account by using a probabilistic framework (Argelaguet et al. 2018).  For 

integration of multi omic data  for network pathway bioinformatics can be used. By using tools like 

Cytoscape, Pathway Commons and Reactome GSA it is possible to map genes, proteins and metabolites by 
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integrating data from multi omic dataset and help to analyse how change in one data can influence data from 

other omic layers (Griss et al. 2020).  In the case where variable data of huge dimension such as plant-

pathogen interactions, integrating multi-omics data is a potent but computationally demanding undertaking. 

The scale, data format, and noise profile of each omics layer vary, requiring strong computational techniques 

to harmonise and comprehend them. Data cleaning, scaling and encoding from many systems presents a 

significant difficulty (Jan et al., 2025). This entails eliminating batch effects, managing missing values, and 

effectively adjusting numerical features across different omics layers—all of which require a lot of resources 

when dealing with big size of sample  and time (Goh et al., 2017; Schumann et al., 2025). Furthermore, when 

the number of samples and features increases, data integration techniques like similarity network fusion, 

Bayesian inference, or latent factor models (like MOFA2 and iClusterPlus) need a significant amount of 

processing power and memory (Subramanian et al., 2020). 

For carrying out these investigations, cloud-based platforms or high-performance computing (HPC) 

environments are frequently necessary. For example, depending on the dataset complexity  and used 

parameters, training deep learning models for feature extraction or multi-omics integration using DIABLO 

(Singh et al. 2019) from the mix Omics R package may take several hours to days. Smaller labs may not have 

the capacity to meet these needs, which emphasises the necessity for teamwork or cloud-based options like 

CyVerse Terra (Li et al. 2020). Additionally, a lot of integration tools rely on complicated dependencies and 

need sophisticated R or Python scripting, which presents extra challenges for scientist lacking computational 

knowledge (Morabito et al. 2025). Therefore, access to sufficient computing infrastructure and 

interdisciplinary expertise is just as important to the success of multi-omics research as experimental design. 

Table 3 illustrates integrated omics approaches used to tackle plant pathogen. 

 

Table 3: Multi-omic approaches used to study host pathogen interaction (Balotf et al., 2025) 

Name of Pathogen Target Crop Omic Approach Used 

Phytophthora infestans Potato 

 

Transcriptomics + Proteomics 

 

Cladosporium fulvum 

 

Tomato 

 

Transcriptomics + Proteomics 

 

Spongosporasubterranea 

 

Potato 

 

Transcriptomics + Proteomics 

 

Magnaporthe oryzea 

 

Rice 

 

Transcriptomics + Proteomics 

 

Ustilago maydis 

 

Maize 

 

Transcriptomics + 

Metabolomics 

 

Fusarium graminearum 

 

Wheat 

 

Transcriptomics + Proteomics 

+ Metabolomics 

 

 

5. AI BASED OMIC APPROACHES AND ITS APPLICATION  

 

5.1 Artificial Intelligence an overview 

Artificial Intelligence makes the use of computer to carry out tasks related to human intelligence like learning, 

to make decisions and solve problems. Machine learning as a subset of artificial intelligence make use of 

algorithms and models based on statistics statistical that allow computer to do operation without defining 

ever step. Similarly within machine learning there is a specialized field known as deep learning entails using 

deep architectures with several layers to automatically extract hierarchical features while training artificial 

neural networks to resemble the biological neurons of human brain. Data collection is the initial phase of 

machine learning particularly when it comes to sequencing data like RNA sequencing studies. For training 

data representation  supervised machine learning use diverse features such as physiochemical properties and 

sequence information of amino acid (Sperschneider et al., 2018). Selection of algorithm is a important step 

in machine learning. There are different categories of machine learning algorithms, supervised  method 

depends on training examples to develop correlation between input and output. Unsupervised methods does 

not depend on known outcomes to determine data pattern, while semi-supervised learning used both labelled 
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and unlabelled information to handle input data. In plant omics data analysis machine learning is a method 

of choice over traditional methods as it can handle large amount of complex data. Although high throughput 

sequencing  techniques provide information on plant stress responses but uncertainity, non independence 

among variables have emerged as a challenge in plant omics data(Singh et al., 2016). These difficulties have 

been effectively overcome by ML, particularly DL, which offers precise assessments of plant traits influenced 

by interactions between genotype and environment (Arsenovic et al., 2019). Decision tree based ensemble 

models as one of the method of machine learning helped in  prediction of genome  and allow analysis of plant 

omic data by integrating (Gokalp and Tasci, 2019). ML techniques are particularly notable in transcriptomics 

for improving the detection of differential expressed genes (Wang et al., 2018). For  interpretation of model 

identification of set of genes, explainable Artificial Intelligence is advised due to the potential limits of 

expression analysis (Sabbatini and Calegari, 2023). In order to learn biological dynamics from big datasets 

and support conventional modelling techniques, the integration of machine learning along conventional 

biological information is highlighted (Gilpin et al., 2020). Connecting multi-view biological data requires the 

use of a variety of machine learning techniques, like  tree-based approaches, network-based fusion methods, 

kernel methods, matrix factorization models, and deep neural networks (Li et al., 2016). The ability of 

machine learning to perform multivariate analysis is useful for taking into account multiple variables at once, 

which can result in the identification of novel biomarkers and the creation of prediction models. (Reel and 

others, 2021). Its use in enhancing agronomic characteristics in omic assisted plant science research is clear, 

but there are still obstacles in the way of fully using the promise of integrating multiomics data, with scaling 

issues being a significant barrier (Noor et al., 2019). Advanced techniques for selection of particular feature 

and extraction of information are required because highly complex omics data. To enhance accuracy ML has 

revolutionized gene regulatory network integrating multi omics  data (Koand Brandizzi, 2020).  

 

5.2 Application 

Omic techniques assisted by AI provide deeper understanding of plant responses to stresses by combining 

AI with advanced molecular techniques. As compare to traditional approaches which fail to interpret complex 

gene, protein and metabolite network it provide smart innovative solutions. These approaches provides 

important component , biomarkers, pathway that are important in plant defense response. AI combined with 

multi omic data emerged as a a powerful tool for optimizing crop production, develop resistant crops and 

provide sustainable food supply (Yan and Wang, 2023). 

 

5.2.1 Application in Genomics 

Algorithms used in machine learning play a crucial aspect in determining genes related to stress resistance 

enabling breeder to enhance production of crop (Liang et al.,2011).  SVM and its variants are reported to 

help in identification of proteins that provide resistance against diseases (Pal et al., 2016). Similarly 

EFFECTORP has also reported to be effective in determing fungal effector protein (Sperschneider et al. 

2016). ML algorithm also provide information on disease susceptible genes that help in adopting effective 

agricultural practices (Yang and Guo, 2017). It also solves cellular heterogeneity and recognize new cell 

types. It has been successfully employed in classifying cell types, explaining regulatory networks of genes  

and integrating multimodal data (Raimundo et al., 2021). Due to the presence of amplified artifacts and low 

genome coverage in single cell RNA sequencing technique adoption of SIMLR algorithm is recommended 

(Lin et al., 2017), that provide understanding of complex single cell genomics. To completely utilize the 

power of machine learning in  single cell genomics  of plants further research is needed to explore more plant 

species  in order to accelerate the breeding programme.  

 

5.2.2 In Transcriptomics 

Machine learning approaches and meta analysis has been utilized to lay out maize genotypes  on the basis of 

expression of genes in response to biotic stress.. Several genes are identified that encode several enzymes 

like (S)-beta-macrocarpene synthase, zealexin A1 synthase, polyphenol oxidase I, chloroplastic, 

pathogenesis-related protein 10, CHY1, chitinase chem 5, barwin that provide resistance against biotic stress 

were reported  (Nazari et al., 2023) 

 

5.2.3 In Proteomics and Metabolomics 

In case of proteomics AI has been successfully utilized Random Forest algorithm  by using sequence data 

and network attributes to predict host pathogen protein-protein interaction (Yang et al., 2019). Karan and 
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colleagues (2023) using machine learning model studied microbial interactions  and with 95% accuracy on 

experimental datasets predict interaction between rice and blast fungus. Evaluations against additional 

pathogen-host datasets verified the model's specificity to rice and pathogenic fungus Magnaporthe. grisea. 

Similarly  network clustering algorithm was also used to study incomplete metabolite content of 216 plants 

where unsupervised machine learning algorithm  was used for classification. This study was reported to 

cluster plants according to their known evolutionary relationships, highlighting the significance of metabolite 

content as a taxonomic marker (Liu et al., 2017). Additionally, the study revealed previously unidentified 

species-metabolite correlations and explored how metabolite content could be used to determine nutritional 

and medicinal qualities in plants. Transfer learning was used to identify metabolism related genes in tomato 

(Moore et al., 2020) 

 

5.2.4  In Phenomics  

Several Deep learning techniques of machine learning have been utilized for management of several crops 

like rice, wheat, tomato and potato. DL-based video detection system that use as Faster R-CNN and YOLO 

v3 were successfully utilized to detect pest and diseases in crops (Li et al. 2020). Early recognition of tomato 

leaf spot was reported using MobileNetv2-YOLOv3 model by (Wang and Liu 2021). Hyperspectral imaging 

approach has been utilized for field detection of  potatoes  disease (Polder et al., 2019). For counting and 

localizing agricultural pest deep learning approach with high effectiveness was devised by (Chen and Yuan 

2019). List of AI-based tools to address biotic stress in plants were given in Table 4. These algorithm were 

also employed to identify epistatic and gene-environment interaction in rice and barley affecting agronomic 

and quality traits (Xu et al., 2015, 2018). Table 4 represent different AI based tools for disease prediction. 

 

Table 4. List of AI-Based tools used against plant biotic stress 

AI-based tools Characteristics Algorithm used Description 

DRPPP Protein sequence 

 

Support Vector 

Machine 

Forecast proteins in providing resistance 

in plants against diseases 

 

prPred bidirectional 

long short term 

memory 

light 

gradient 

boosting 

Forecast proteins in providing resistance 

in plants against diseases 

 

StackRPred pairwise energy 

content of 

residues 

Ensemble 

learning 

Forecast proteins in providing resistance 

in plants against diseases 

 

ResCap Sequence 

compositional 

properties 

Support Vector 

Machine 

Forecast of gene involved in providing 

resistance to plant  

Effector P 3.0 Protein sequence 

features 

Ensemble 

Ensemble 

learning 

 

Determine effector proteins of fungus 

and oomycetes 

InterSPPI Protein sequence 

features; 

network 

encoding 

Random Forest Forecast protein- protein interaction 

Arabidopsis thaliana and pathogens 

 

6. CHALLENGES AND FUTURE PROSPECTS 

The evolution of machine learning and availability of advanced biological data have created a new dimension 

in providing deep understanding of complex biological information. But there is a huge challenge in 

combining the plant molecular data into machine learning. As compare to traditional plant molecular 

methods, method involve in machine learning are highly specific. While machine learning (ML) tries to build 

predictive models, it's important to understand that each ML algorithm has unique strengths and limitations 

that affect predictive effectiveness under particular circumstances. Because of these biological and technical 

differences, machine learning model developed for one dataset may not be able to spread well to others. Omic 

datasets provide huge amount of information but when data from multi omic approaches are integrated using 

noise and sparsity it face limitations (Joyce and Palsson, 2006). Oversampling and under sampling 

approaches are used to overcome the issue of imbalanced datasets (Maimon and Rokach, 2005). More 
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challenges were there in case of  handling big data of plant system which diifer in size, variety, value where 

approaches of machine learning need to adapt to handle data from multi omic datasets. Due to the black box 

nature of deep learning approach, it is very challenging to interpret complex data , therefore researcher should 

have deep understanding of biological importance of the model in terms of its accuracy and available 

biological knowledge. We should realize the potential of AI in understanding of plant defence mechanism 

and their role in crop improvement by collaborating, agriculture scientist, omic researcher and data scientist. 

Integration of multi omic data with AI seems to be one of the promising approach for early detection of pest 

and diseases for agricultural crops provide sustainability and food security over changing climatic condition. 

AI-assisted multi omic approaches help to observe and identify small changes that occurred in molecular 

profiles of plants providing visible symptoms before the disease arrive. Further understanding of plant 

defence mechanism can be further enhanced by combining phenotypic methods with AI assisted omic 

techniques. By using genetic, molecular and environmental variables machine learning and deep learning 

approaches can provide a solution for predicting diseases based on input variables so preventive measures 

can be taken. It can also help plant breeders for developing disease resistance varieties through identification 

of specific genetic markers and pathways related to resistance.  It can also allows precise application of 

pesticides, reducing the negative effects on environment thereby provide effective disease management. Due 

to changing climatic condition plants faces several stresses affecting their overall growth and productivity 

therefore by applying AI assisted omic techniques one can determine how these factors additively affect plant 

defence mechanism, therefore provide a holistic approach for development of climate resilient crops. 

 

7. CONCLUSION 

It is concluded that the interaction between host and pathogen is highly complex which cannot be explained 

using only single omic approach. Therefore integrations of multiomic approaches provide a better and 

comprehensive understanding of the complex biological system. By using extraction and fusion strategies  

heterogenous omic data can be aligned like deep generative models can be used to stimulate response of 

pathogen across variable environmental condition (Rivero-Garcia et al. 2024; Yanand Wang 2023.). More 

focuss should be done on interpretation of models to ensure complete usage of AI. In order to evaluate the 

reliability of analysis based on AI standards should be established. By overcoming these challenges complex 

plant pathogen interactions can be studied proving AI can be effective tool in accelerating plant science 

research. 
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