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Abstract

Microbial diversity and sustainable agriculture are key players for the mutual harmony 
of the nature/agriculture ecosystem that align with the Sustainable Development Goals 
(SDGs). However, to harness their best potential, it is necessary to understand the complex 
interactions between microbial communities and plants. This has become feasible with the 
intervention of advanced multiomics techniques including genomics, metagenomics, 
transcriptomics, proteomics, metabolomics, etc. With the advent of next-generation tech-
nologies, production of biological data at a cost-effective expense has escalated rapidly. 
Thus, it is feasible for all researchers to explore these advanced technologies for a better 
understanding of how to harness the full potential of microbial diversity toward sustain-
able agriculture. The growth of biological databases, particularly microbial databases, and 
interphasic tools are bound to the rapid growth of bioinformatics domains. Additionally, 
bioinformatics provides the direction for better understanding of the interaction of the 
microbe–plant system. Keeping in view the expansion of escalated biological datasets, the 
role of big data analytics is vital to understand the interplay of the diverse datasets along 
with the growing biological databases. The relevant case studies employing big data ana-
lytics in sustainable agriculture have been discussed. This will help to make better deci-
sions toward the productivity of sustainable agriculture. This review is an attempt to 
showcase the recent growth of bioinformatics databases and the role of big data analytics 
in achieving sustainable agriculture.
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1. Introduction
There is an increasing global food security challenge due to large population growth, 

uncertain climate conditions, and reduced dependence on agrochemicals faced by all ag-
riculturists worldwide. Sustainable agricultural practices are the need of the hour for sus-
tenance of life on our planet [1]. Crop microbiome/microbial communities associated with 
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various crops play a significant role in enhancing soil fertility, dealing with biotic and 
abiotic stresses, and thus improving the overall vitality and productivity of crops. Diverse 
microbial forms can be studied by trivial culture-dependent methods and advanced cul-
ture-independent methods involving molecular biology as well as omics-based technolo-
gies such as genomics, metagenomics, transcriptomics, proteomics, and metabolomics, 
which have revolutionized our ability to study plant-associated microorganisms [2]. 

The complex nature of plant–soil microorganism interactions has escalated the need 
for multiomics approaches to combine taxonomical and functional data [3]. Metagenomics 
has helped us better understand microbial life by enabling the direct analysis of environ-
mental DNA, thereby deciphering the diverse forms of microorganisms [4]. The system-
atic and accurate identification of bioactive compounds, “bioprospecting”, holds excellent 
potential in uncultivable microorganisms [5]. So, microbiomics explores the diverse mi-
crobial forms inhabiting different environments to compute the beneficial microorgan-
isms using high-throughput bioinformatics approaches [6]. 

Next-generation sequencing (NGS) approaches have become cost-effective, sophisti-
cated, and automated and are integrated with computational biology, assessing meta-
genomic data for studying microbial diversity in agricultural ecosystems [7]. Several re-
cent research studies on the isolation and characterization of soil microbiomes have been 
performed using various advanced methods, as depicted in Figure 1 [8]. Microorganisms 
can be broadly employed in three ways: (i) as biostimulants for enhancing soil fertility 
and plant-growth-promoting (PGP) activity and various soil microbiome interactions, (ii) 
for degradation of solid waste to be used for growth and development, and (iii) for screen-
ing of pathogenic microorganisms for crop losses. 

Microbiome interactions in the post-genomic era, with advent of NGS approaches, 
have considerably impacted sustainability in agriculture [9,10]. Screening of microorgan-
isms using marker-assisted selection of resistant genes against abiotic stresses is one of the 
approaches. However, the whole-genome sequencing (WGS) approach has been utilized 
for creating recombinants and hybrids with desirable traits in less time. Beneficial micro-
organisms have been studied extensively regarding agricultural sustainability, resulting 
in the screening of microorganisms that was otherwise not possible using trivial methods 
such as culture-dependent methods [7–11]. 

Microbial diversity for sustainable agriculture is a pressing demand that specifically 
aligns with the Sustainable Development Goals (SDGs) as defined by the United Nations, 
which go with the environmental dimension of sustainability on the planet. Agricultural 
sustainability is concerned with SDG-2, which refers to zero hunger by increasing soil 
fertility, nutrient cycling, and enhancing crop productivity through microbiome interac-
tion, thereby reducing the dependence on chemical fertilizers [11]. It connects with SDG-
12 for responsible consumption and production because soil–microbiome interactions 
lead to an eco-friendly approach. Further, it is aligned with SDG-13 (climate action) by 
improving carbon sequestration. Microbial diversity helps maintain social sustainable de-
velopment goals such as good health and well-being (SDG-3) by providing chemical-res-
idue-free crop yield, no poverty (SDG-1), economic goals such as SDG-8 (decent work) 
with economic growth and, finally, industry, innovation and infrastructure (SDG-9) by 
maintaining sustainable agriculture in biotechnological applications [12]. Thus, microbial 
diversity can be considered a natural solution for connecting environmental, social and 
economic sustainability. 

To deal with the rapid pace of biological data production through the advent of NGS, 
the bioinformatics domain is coming into existence where computer scientists, biologists, 
and statisticians are the key players [13]. Bioinformatics databases, algorithms, and tools 
are assisting in data mining, endorsing the hypothesis of data-driven theory [14,15]. 
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Precisely, data science and big data analytics in biology are growing domains that will 
assist in achieving sustainable agriculture. 

 

Figure 1. Application of Next-Generation Sequencing approaches in screening of isolates enhancing 
microbiome interactions with overall soil fertility and growth-promoting activity for sustainable 
agriculture. Legend: NMR—nuclear magnetic resonance; LC-MS—liquid chromatography–mass 
spectrometry; GC-MS—gas chromatography–mass spectrometry; RNA-Seq—RNA sequencing; 
DNA Seq—DNA sequencing. (Adapted from reference [8]). 

The present article focusses on the role of microbial biodiversity in achieving sustain-
able agriculture, leveraged through powerful computation tools, where omics technolo-
gies employed for investigating microbial diversity are elucidated. Data driven via omics 
technologies has hastened the development of many microbial databases. And, further, 
the role of big data analytics is highlighted with the conclusion of future trends along with 
the resolution of contemporary technologies. 

2. Methodology 
2.1. Databases and Search Engines 

The literature survey for this review was conducted using multiple scientific data-
bases and search engines to ensure broad coverage of peer-reviewed publications and rel-
evant book chapters. Databases used included PubMed, Scopus, Web of Science, Google 
Scholar, ScienceDirect, SpringerLink, Frontiers journals, MDPI journals, and IEEE Xplore. 
Additional references were identified through citation chaining—both backward and for-
ward reference searching—from key articles. 
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2.2. Search Keywords 

The search strategy combined individual terms with Boolean operators (AND, OR) 
to maximize retrieval of relevant studies: microbiome and omics terms, metagenomics, 
metaomics, multiomics, plant–microbe interaction, next-generation sequencing, bioinfor-
matics, machine learning, artificial intelligence, big data analytics, and sustainable agri-
culture. 

2.3. Boolean Search Strings and Literature Screening 

Boolean search strings used include: “Metagenomics” AND “Sustainable Agricul-
ture”, “Plant-microbe interaction” AND “Multi-omics” OR “Meta-omics”, “Soil microbi-
ome” AND “Bioinformatics” OR “Machine learning”, “Next-generation sequencing” OR 
“Long-read sequencing”, “Artificial intelligence” OR “Big data” AND “agriculture”, 
“Metagenomic classifiers” OR “Microbial databases” AND “Sustainable agriculture”. 

The search primarily included studies published between 2014 and 2026, with em-
phasis on 2020–2026 due to rapid developments in multiomics technologies and their ap-
plications in sustainable agriculture. However, seminal older studies and foundational 
methodological papers were also retained. Only English-language publications were in-
cluded to ensure consistency in interpretation and data extraction; non-English publica-
tions and papers lacking complete English translations were excluded. 

3. Omics Technologies for Deciphering Microbial Diversity  
Towards Sustainable Agriculture 
3.1. Next-Generation Sequencing Techniques 

Genome sequencing technology has rapidly evolved after first-generation sequenc-
ing and made it possible to transition from culture-dependent screening to culture-inde-
pendent screening methods to characterize microbial communities at a mass level [16]. 
The advancement of first-generation sequencing and transition into second- and third-
generation sequencing techniques allowed a deep scale of analysis, providing high 
throughput and generation of vast amounts of data (Table 1). First-generation sequencing 
is based upon Sanger sequencing that forms the base of the sequencing technologies in-
volving the chain termination method. Automated systems such as the Applied Biosys-
tems ABI 370 with improved efficiency of fluorescent labeling were introduced. The major 
limitation has been low throughput, high cost and time-consuming processes restricting 
it to small-scale genomic studies. The introduction of second-generation sequencing has 
revolutionized genomic analysis by enabling massive sequencing in one go and it is thus 
called next-generation sequencing (NGS). Platforms such as Roche 454 pyrosequencing, 
ion torrent, SOLiD and Illumina have been widely adopted due to reduced cost and fast 
processing time, finding applications in transcriptomics, whole-genome sequencing and 
targeted sequencing. However major limitations have been PCR amplification bias and 
difficulty in sequencing repeated sequences. The third-generation sequencing technique 
has emerged to solve the problem of short reads by enabling real-time sequencing of sin-
gle DNA molecules without amplification using advanced platforms such as Pacific Bio-
sciences Single Molecule Real-Time (SMRT) sequencing and Oxford Nanopore sequenc-
ing technology for portable real-time analysis [17]. 

In modern agriculture, soil microbiome studies using DNA sequencing technologies 
provide deep understanding of structural and functional aspects. Specific gene sequenc-
ing, for example, the 16S rRNA gene using Illumina, Oxford Nanopore, and Pacific Bio-
sciences platforms, provides high resolution and thus accuracy in studying the diversity 
of microorganisms present in the rhizosphere. This has led to a high understanding of 
microbiome analysis, giving sustainable agricultural solutions for agricultural 
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management, better productivity, and increased crop yields. However, each sequencing 
platform has its own pros and cons based on cost, sensitivity, depth of coverage, and data 
analysis. Understanding the characteristics of each method is crucial in selecting a method 
for carrying out specific objective-based sequencing. New trends and novel bioinformatics 
tools have been used for improved metagenomics studies [7]. Recent advances in meta-
genomics involve metagenome-assembled genomes constructed directly from environ-
mental DNA, which has revolutionized approaches to study unculturable organisms from 
the ecosystem [18]. 

Table 1. Next-Generation Sequencing (NGS): current technology and advancements [7,9,17–19]. 

Generation Technology Name/Platform Key Principle Throughput 
and Accuracy 

Advantages Limitations 

1st Generation 
Sanger sequencing/ABI 3730 

and Sanger Capillary Se-
quencer 

Chain termination 
using dideoxynu-

cleotide 

Low with very 
high accuracy 

99.9% 

High accuracy 
with long reads 

using gold stand-
ard 

Expensive, time-
consuming, low 

throughput 

2nd Generation 
Sequencing by synthesis/liga-
tion/Illumina, Hiseq, Miseq, 

SoLiD, IonTorrent 

Massive parallel 
sequencing of am-

plified DNA 

High through-
put (98%) with 
very high accu-

racy (>99%) 

Cost effective, 
high throughput 

and fast 

Short reads, PCR 
bias and com-

plex data analy-
sis 

3rd Generation 
Single molecule sequenc-

ing/PacBio, SMRT, Oxford 
Nanopore  

Real-time se-
quencing without 

amplification 

Moderate with 
moderately 

high accuracy 

Very long reads 
can detect struc-

tural variants 

Higher cost with 
more error 

NGS has the advantage of early and precise detection of crop pathogens over tradi-
tional methods such as culture-based methods, biochemical tests, molecular testing, and 
mass spectrometry. Trivial methods are very complex, involving many steps for detection, 
and time-consuming. NGS has been the cutting-edge technology in identification of vari-
ous plant pathogens, which can actually prevent crop losses [19]. Although NGS has rev-
olutionized the understanding of microbial dynamics in the rhizosphere, one of the major 
limitations has been the volume and nature of complex data [20]. Another limitation posed 
by NGS is storage, processing, and lack of computational infrastructure and expertise. 
Amplification biases, sequencing errors, and variations in bioinformatics necessitate strin-
gent quality control [21]. But the integrative approach, utilizing both multiomics data and 
advancing bioinformatics tools, is essential for understanding the functional significance 
of microbial diversity in sustainable agriculture. 

Bioinformatics tools for sequencing data analysis have set new trends for molecular 
biology. Bioinformatics tools play a crucial role in the effective application of next-gener-
ation sequencing (NGS) for studying and screening agriculturally beneficial microorgan-
isms. These approaches can analyze diverse environmental samples such as rhizospheric 
soil, plant roots, plant tissues and hydroponic systems using the Qiagen Plant Mini Kit, 
Fast DNA SPIN Kit for soil, ZR Soil Microbe DNA kit and GeneJET soil DNA kit for DNA 
extraction which is the first step in the analysis followed by qualitative assessment of the 
DNA samples using agarose gel electrophoresis, NanoDrop, Qubit and Agilent TapeSta-
tion to ensure high-quality DNA samples. 

Advanced sequencing platforms such as Illumina, PacBio and Oxford Nanopore gen-
erate massive genomic datasets for soil microbiome analysis. Amplicon sequencing ena-
bles taxonomic identification and diversity analysis through marker genes, while shotgun 
metagenomics provides deeper insights into microbial functions, metabolic pathways and 
unculturable populations. Due to the large volume of raw data, bioinformatics tools like 
Trimmomatic, Trim Galore and UCHIME are essential for quality control, removal of low-
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quality reads, and elimination of chimeric sequences ensuring accurate microbiome anal-
ysis. Bioinformatics platforms such as QIIME 2 and MOTHUR play a key role in analyzing 
amplicon sequencing data by clustering OTUs, assigning taxonomy and assessing micro-
bial diversity. Databases like the Ribosomal Database Project enable identification of ben-
eficial soil microbial groups associated with plant growth and soil fertility, viz., Proteobac-
teria, Actinobacteria, Acidobacteria, Bacterioidetes, Chloroflexi and Cyanobacteria. Shotgun met-
agenomics advanced assembly tools such as MEGAHIT, metaSPAdes, and Ray Meta fa-
cilitate genome reconstruction from complex soil communities while tools like 
SqueezeMeta and DAS Tool improve genome binning and assembly accuracy for diverse 
microbial populations. Functional annotation using MG-RAST helps in assembling and 
identifying agriculturally important genes displaying nitrogen fixation, phosphate solu-
bilization, indole acetic acid production, stress tolerance and nutrient cycling. Phyloge-
netic analysis has been performed using ASTRAL, UniFrac, MEGAX, EDGAR and IMG/M 
to analyze and understand evolutionary relationships and compare genomes [22]. 

Complete shotgun sequencing using bioinformatics involves many steps, including 
quality control, trimming and filtering, mapping/alignment, binning and taxonomic clas-
sification [7]. A popular tool for analyzing the reads is FastQC, which evaluates the quality 
of sequences by graphical methods based on position, GC content, and adapter presence 
[23]. NanoQC and NanoComp are popular for comparison of various datasets [24]. 
PycoQC has been curated to explore the details of next-generation sequencing data, 
providing interactive graphs to filter. LongQC is a tool to assess read length using K-mer 
overlaps without the need for a reference genome [25]. LongReadSum is the most ad-
vanced tool using C++ for maximum performance to identify any modification and for 
detection [26]. 

3.2. Genomics, Transcriptomics and Proteomics Approaches 

Transcriptomics and RNA sequencing are used for gene expression and regulatory 
circuits that can be modulated to achieve the optimal level of metabolite production. For 
example, biosynthetic gene clusters, vital for the bioactive compound synthesis, have been 
explored. The potential of bioactive compounds in microorganisms can be explored by 
advanced omics-based genome mining and metagenomics approaches [5]. 

Omics technology advancements have revolutionized rhizosphere dynamic studies. 
Metabolomics is concerned with studying the small molecules that lead to plant–microbe 
symbiotic interactions that can enhance resistance characteristics in plants and optimizing 
agricultural practices [27]. Integration of genomics, metagenomics, transcriptomics, and 
proteomics leads to facilitation and holistic understanding of microbial ecosystems, regu-
lating networks and metabolic pathways critical for plant–microbe interactions [28]. Var-
iations in root exudates attracting and harboring microorganisms in the rhizosphere de-
pend on the signaling molecules and signaling mechanisms present in microorganisms 
[29]. 

Implications of integrated omics technologies, NGS technologies and bioinformatics 
tools on diverse plant–microbe interactions ranging from nitrogen fixation and mycorrhi-
zal association to pathogen–host interaction have been reviewed [30]. Genomics and met-
agenomics involve 16S rRNA sequencing, whole-genome sequencing, shotgun meta-
genomics, ChIP-seq and ATAC-seq using platforms like Illumina, PacBio, Oxford Na-
nopore and Ion Torrent. Bioinformatics tools such as QIIME2, MOTHUR, MG-RAST, Kra-
ken2, MEGAHIT, MetaSPAdes, HUMAnN, KEGG and MetaCyc have been utilized to 
process raw sequence data to identify diverse microorganisms followed by genome as-
sembly and understanding the functional role of genes involved in diverse plant–microbe 
interactions. However, major challenges include handling the large datasets, host DNA 
contamination and incomplete databases [31]. Transcriptomics and metatranscriptomics 
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using RNA-seq, dual RNA-seq and microarrays are carried out to study active gene ex-
pressions. Tools such as STAR, HISAT2, DESeq2, edgeR and Cufflinks have been em-
ployed to identify genes involved in plant defense and response to stress, addressing the 
major challenge to separate plant and microbial transcripts [32]. Further, LC-MS/MS, 
MALDI-TOF-MS and iTRAQ have been used to identify proteins and in proteomic studies. 
Tools such as Mascot, MaxQuant and STRING can be used to analyze protein functions 
with major limitations such as complexity of proteins, which is associated with high costs 
[30]. To study and understand the metabolic pathways of root exudates, signaling com-
pounds and synthesis of antimicrobial compounds in plants, metabolomics approaches 
use GC-MS, LC-MS, NMR and HPLC. These approaches are followed by tools and data-
bases such as METLIN, HMDB, KEGG and MetaboAnalyst to identify the metabolites in-
volved in nutrient exchange and defense mechanisms of plants. Major challenges involve 
the instability of the metabolites along with the availability of the limited databases. Ad-
vanced omics technology involves epigenomics approaches using bisulfite sequencing, 
ChIP-seq and ATAC-seq including tools like Bismark, MACS and Bowtie to study DNA 
methylation and thereby understand gene regulation in the microbial interaction [33]. An-
other emerging approach has been using single-cell omics and phylogenomics using tools 
such as Seurat, Scanpy, MEGA X, ASTRAL and UniFrac for studying cell-specific re-
sponses and microbial evolution. Thus, these integrated omics approaches helped to iden-
tify important microorganisms with potential applications as biofertilizers, biopesticides, 
and nutrient cyclers in sustainable agriculture but major challenges involve computa-
tional requirements and validation in field experiments. 

There are still many challenges in synchronization of data at various molecular levels 
in the case of integration of multiomics approaches [11]. Further advances in next-gener-
ation sequencing technology have provided easy access to genomes and metagenomes. 
Pan-genomic analysis has started including genomics and phenotypes of mass environ-
mental communities instead of individual organisms. Pan-genomics and metagenomics 
are significant in carrying out in-depth profiling of microbial communities. This strategy, 
tailored to genetic diversity, dynamics, and phylogeny at the multiomics level, can be 
used for studying genomic profiles and functions of culture-independent microbial com-
munities. By combining both strategies, pan-genomes and metagenomes can efficiently 
reveal the genomics of mass communities and extend the catalogue of diverse microor-
ganisms as compared to traditional cultural methods. The combined strategies of pan-
genomics and metagenomics have applications in studies of microbial dynamics, evolu-
tion, and function [10]. 

3.3. Microbial Inoculants and Agricultural Stimulants for Sustainable Agriculture 

Microorganisms and their diverse metabolites act as agricultural biostimulants by 
enhancing plant growth (Table 2). Biostimulants encompass microbial inoculants, organic 
acids like humic acids and fulvic acids, protein hydrolysates, and amino acids as well as 
seaweed extracts. The market for biostimulants was expected to reach $2241 million by 
2018, with a compound annual growth rate of 12.5% from 2013–2018 [34]. 

Biological soil crusts, biocrusts, harbor various microorganisms beneficial for the soil 
and increase soil fertility. Most of the time, cyanobacteria and microalga initiate biocrust 
formation, promoting soil stability and nutrient absorption and leading to the develop-
ment of other microbial communities [35]. In a study, it has been demonstrated that cya-
nobacteria and microalgae isolated from central Portugal possess strong biostimulant po-
tential. Genomic DNA has been isolated with the Plant/Fungi gDNA isolation kit and am-
plified by PCR amplification using 16S rRNA for bacteria, 23S rRNA genes for cyanobac-
teria and the 18S rRNA gene for microalgae followed by purification of the DNA frag-
ments using the NZY Gelpure kit. Sequence data thus obtained has been deposited in 
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GenBank. Phylogenetic analysis using bioinformatics tools involved NCBI BLASTn and 
Clustal Omega using the maximum likelihood (ML) method. FastTree has been imple-
mented as general time reversible model. Statistical evaluation has been done using the 
Akaike information criterion (AIC) and MEGA X for validation. Molecular identification 
has revealed filamentous cyanobacteria (Trichocoleus, Nodosilinea, Microcoleus), heterocys-
tous Nostoc and the microalga Klebsormidium, all capable of producing phytohormones 
and siderophores. Their positive interaction with plant exudates indicates efficient plant–
microbe signaling, supporting their application as eco-friendly biostimulants for sustain-
able agriculture [35]. 

In one study, the impact of two commercial biostimulants on soil microbiome com-
position, diversity and physico-chemical properties across five sites was assessed. High-
throughput 16S rRNA and ITS amplicon sequencing revealed distinct bacterial and fungal 
indicator taxa associated with biostimulant treatments. Sequencing data was processed 
using QIIME 2 software version after removing demultiplexed raw sequences using Cu-
tadapt v2019.7.0 and DADA 2 v2019.7.0. Taxonomic classification was carried out to iden-
tify unique amplicon sequence variants using the q2 feature classifier. Moreover, multi-
variate analysis (Bray–Curtis dissimilarity) has confirmed treatment-driven microbial di-
versity. Overall, biostimulant application has improved soil health parameters, indicating 
potential long-term benefits for soil sustainability, crop yield, and produce quality [36]. 

The intricate relationship between root exudates and microbiome interactions in the 
rhizosphere has been studied and emphasized the potential of SynCom for engineering 
the rhizosphere with known microorganisms as a tool for sustainable agriculture [11]. 
SynCom offers immense benefits such as nutrient cycling, enhanced nutrient uptake and 
absorption, greater soil fertility, and therefore sustainable agriculture [11]. In a similar 
study, organic acids such as oxalic acid, lactic acid, and citric acid have been identified as 
biostimulants in the rhizosphere. Biochemical activity of soil has been confirmed by the 
presence of phosphatase and dehydrogenase enzymes. Total genomic DNA was extracted 
from the soil samples using the DNeasy power soil DNA isolation kit. A library was pre-
pared using V3–V4 hypervariable regions using primer pairs using an Illumina-specific 
platform. The libraries were purified utilizing Mag-Bind and quantified by Qubit dsDNA 
HS assay. Sequencing data thus obtained was processed using QIIME version 1.9.0. Raw 
data was demultiplexed and trimmed by Avada pt 1.3, merged by FLASH and filtered 
using QIIME 1.9.0. Additionally, chimeric sequences were identified and removed by the 
UCHIME algorithm followed by using the Greengenes database. It has been confirmed 
that organic acids can change the microbial community, favoring degradation and en-
hancing soil fertility, predominantly belonging to the Bacillus genus and Micrococcus sp. 
The degradation of lactic acid led to the development and induction of specific taxa such 
as Sinorhizobium and Lysobacter genera and the Pseudomonaceae family. Similarly, with deg-
radation of citric acid, the presence of the Clostridiaceae family was confirmed [37]. 

Plant biostimulants can help crops adapt to abiotic stresses and improve tolerance. 
To understand the mechanism, root exudates of biostimulants based on Ascophyllum 
nodosum in the rhizosphere of Zea mays and other plants have been investigated and 
shown to influence the motility of Pseudomonas protegens, a plant-growth-promoting rhi-
zobacterium. DNA from soil samples were extracted using the E.Z.N.A soil DNA kit 
(Omega Bio-Tek, USA) and quantified by NanoDrop and V3/V4 region 16S rRNA se-
quencing was performed. Data analysis was performed using STAMP v 2.1.3 and 
weighted unifrac of the bacterial community was assessed using Qiime2view. To confirm 
the action, gene expression analysis of the root exudates was studied, and upregulation 
of genes associated with chemotaxis (cheV, cheW), hydrogen cyanide (hcnA), pyoverdine 
(pvdS), and pyrrolnitrin (prnD) biosynthesis was compared to controls. They were found 
to significantly alter the abundance of genera such as Chryseolinea, Novosphingobium, 
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Kitasatospora, Pseudoxanthomonas, Quadrisphaera, and Turneriella. Concentrations of benzox-
azinoids 2,4-dihydroxy-7-methoxy-1,4 benzoxazin-3-one and 6-methoxybenzoxazolinone 
in maize roots increased by 1.4- and 1.76-fold, respectively [38]. 

Another study showed that free-living nitrogen-fixing bacteria isolated from sugar-
cane-associated niches, characterized as Priestia megaterium, Sphingobium yanoikuyae, and 
Burkholderia paludism, function as a biostimulant consortium to enhance plant growth. The 
identification of the bacterial isolate was determined by DNA sequence analysis. DNA 
was extracted from single colonies using the DNeasy Power Food Microbial Kit by QI-
AGEN, Australia followed by PCR using universal bacterial primers 27F (5′ AGAGTTT-
GATCMTGGCTCAG 3′) and 152R (5′ AAGGAGGTGWTCCARCC 3′). The PCR products 
were sent to the Australian Genome Research Facility (AGRF) for sequencing followed by 
BLASTn analysis. The rRNA/ITS were searched by using MegaBLAST. Thus, it can be 
inferred that technology evolves, and omics-based approaches may be used to accelerate 
sustainable bioprospecting studies for sustainable agriculture, thereby enhancing crop 
yields. The collective growth-promoting activity highlights the value of microbial consor-
tia in sustainable agriculture, while the concluding insight emphasizes that integrating 
omics-based approaches can significantly accelerate bioprospecting and optimize micro-
bial applications for improved crop yields and long-term sustainability [39]. 

Plant-growth-promoting microorganisms exist in complex soil ecosystems and, 
along with environmental factors, various interactions occur between them, ultimately 
affecting stability, productivity and resilience. Micropores are the site of microbial growth 
and gas diffusion. Out of all, only 1% of microorganisms can be cultured and character-
ized, rendering soil ecosystems unexplored. Metagenomics approaches include 16S rRNA 
sequencing and assigning functional characteristics leading to phylogenetic diversity. 
Further multiomics studies have proved the presence of several gene families related to 
nitrogen and carbon fixation and resistance to environmental stress. Analysis of the struc-
ture of microbial communities in soil involves targeted methods, for example, using a di-
versity index as a quantitative metric representing biodiversity [40]. Three types of metrics 
can be used: alpha diversity for richness, gamma diversity for the overall number of spe-
cies in an extensive region and beta diversity, followed by using bioinformatics tools such 
as Phyloseq and vegan designed to manipulate the data. Vegan is needed for ecological 
analysis under targeted sequencing. Whole-genome metagenomics can be employed for 
information related to genetic and genomic diversity and analysis of novel functioning 
[41]. 

Another novel approach is culturomics and in situ cultivation techniques enabling 
the study of unculturable microorganisms. Various methods like soil substrate membrane, 
diffusion chambers and microfluidic chips can simulate soil conditions. High-throughput 
techniques can be used to customize the culture media, followed by metabolic profiling 
using BIOLOG ecoplates integrated with MALDI-TOF, MS, GC-MS, LC-MS and NMR to 
improve soil health research and climate adaptation [42]. For example, researchers have 
engineered a culturomics platform by automated microbiome imaging and isolation for 
carrying out robotic strain isolation and genotyping employing an intelligent imaging al-
gorithm [43]. This advancement has helped the generation of cultured biobanks custom-
ized to specific needs and response to climate change adaptation [41]. 

Functional gene and metabolic pathway annotation involves the identification of mi-
crobial genes and prediction of their metabolic functions. Metagenomic studies have re-
vealed the prevalence of Proteobacteria important in nutrient cycling. The annotation pro-
cess starts with assembling DNA sequence data into contigs using tools like SPAdes and 
MEGAHIT. Gene prediction tools such as Prodigal, Glimmer and MetaGeneMark identify 
the open reading frames (ORFs). Functional annotation is performed post gene prediction 
by comparing the genes with databases like GenBank, KEGG and UniProt using BLAST. 
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Tools such as Pfam, InterPro and COG help in identification of conserved protein domains 
and families. Mapper is used to map the metabolic pathways. Metabolic modeling tech-
niques such as flux balance analysis (FBA) and genome-scale metabolic models (GEMs) 
are used to predict microbial activity. These predictions are validated through lab meth-
ods including gene knockouts, transcriptomics, proteomics and metabolomics. Machine 
learning and advancements in algorithms have improved the accuracy of gene function 
prediction and pathway reconstruction [44]. 

Table 2. Screening of various microorganisms beneficial for sustainable agriculture. 

Sr. No. Name and Type of Microor-
ganism 

Application in Agriculture Bioinformatics Tools 
Used for Analysis 

Reference 

1. 

Trichocoleus, Nodosilinea, Micro-
coleus (cyanobacteria), Nostoc 
and Klebsormidium (microal-

gae) 

Biostimulants enhancing the growth 
of plants by producing phytohor-

mones and siderophores 

BLASTn, Clustal 
omega, FastTree, 

MegaX 
[35] 

2. 

Ellisterales, Propionibacterials, 
Solibacterales, Candidatus, 

Reyranellales and Sphingomona-
dales as bacterial indicator spe-

cies 
Filobasidiales and Pleosporales 

(fungal sp.) 

Biostimulants enhancing soil fertil-
ity, crop yield and overall produc-

tion 

QIIME 2, Cutadapt V 
2019.7.0, DADA 2 v 

2019:7.0 
q2 feature classifier 

[36] 

3. Bacillus, Micrococcus, Synorhizo-
bium and Lysobacter 

Presence of oxalic acid and citric acid 
with growth promotion activity and 

adaptation of crops to abiotic 
stresses 

Mag-Bind, Qubitd 
SDNA QIIME version 
1.9.0, AVADA PT 1.3, 
FLASH, CHIME Al-

gorithm and 
Greengenes database 

[37] 

4. 

Chryseolinea, Pseudoxanthomo-
nas, Novosphingobium, Quad-
risphaera, Turneriella and Kita-

satospora 

Increased concentration of benzoxa-
zinoids in crop plants, increasing im-

munoprotective activities against 
pests 

STAMP v 2.1.3, 
QIIME 2view [38] 

5. 
Priestia megaterium, Sphingo-

bium yanoikuyae and Burkhold-
eria paludis 

Free-living nitrogen-fixing bacteria 
for enhancing the fertility of soil 

BLASTn and Mega-
BLAST [39] 

Moreover, advanced high-throughput techniques including big data analysis along 
with artificial intelligence (AI) can help in better understanding of intricacies of microbial 
patterns. Rapid growth of high-throughput sequencing techniques has generated a huge 
amount of microbial data, necessitating advanced and continuously evolving bioinfor-
matics tools to process and interpret these datasets. Parallel growth of artificial intelli-
gence has led to development of powerful tools based on machine learning (ML) and neu-
ral network models. These ML/AI-driven models are accelerating the study of complex, 
unexplored metagenomic data, finding hidden patterns, predicting microbial functions, 
and improving soil and agricultural sustainability. One of the most applicable strategies 
of ML in microbiome research is metagenomic binning that leads to accurate recovery of 
metagenome-assembled genomes. In addition, ML methods are applied for taxonomic 
identification and functional annotation, improving our understanding of the potential of 
complex microbial communities [45–47]. 

It is quite evident that advanced sequencing technologies have played a pivotal role 
in advancing soil microbiome research and deepening our understanding of complex soil 
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ecosystems and interactions. Critical evaluation of widely used strategies such as specific 
ribosomal RNA gene sequencing using modern platforms including PacBio and Oxford 
Nanopore demonstrated their effectiveness and applications of diverse microorganisms 
in agriculture. However, the integration of bioinformatics and artificial-intelligence-based 
analytical tools further enhances data interpretation and analysis, accelerating the com-
parative assessment of all methods depending on the objective and availability of re-
sources. Thus, the ability of all available techniques to accurately characterize microbial 
diversity and function provides innovative microbiome-based solutions for sustainable 
agriculture. 

The major challenge in rapidly changing agriculture with advances in artificial intel-
ligence is to provide safe, nutritious and robust food supply with a total increase of 35% 
to 56% in food demand [48]. Digital and precision agriculture was the topic of discussion 
at the 30th annual conference of the International Society for Computational Biology (ISCB) 
[49]. Digital agriculture (DA) is a novel technology utilizing AI/ML approaches for large-
scale predictive modeling [50]. DA along with computational biology has been used for 
monitoring soil characteristics, enabling microbiome-based approaches for sustainable 
agriculture [51]. The scalability of the agriculture sector in terms of profitability and 
productivity integration of biological datasets relevant to microbiomes and host genetics 
along with epidemiological and environmental data poses a significant challenge in DA. 
However, enhancement of scaling of genomics data, depending on data storage, better 
annotation and curated sustainable databases, requires more rapid and optimized algo-
rithms. It has also necessitated imparting of training of skills for computational biologists 
and scientists. Moreover, cost-effectiveness of using computational tools is another major 
obstacle. The National Artificial Intelligence Research Resource (NAIRR) and artificial in-
telligence on demand (AI4Europe) by the European Union are steps in the right direction. 
Lastly, managing finances is another bottleneck and national research workshops, USDA, 
ARS and NIFA grants, and Horizon Europe 2028–2034 can be used for funding [49]. 

Multiomics technology has advanced the research but major challenges are analytical 
and ecological limitations. Currently available omics tools fail to detect low-abundance 
yet functionally significant microorganisms. Future predictions like CRISPR advance-
ments and Cas-13-mediated RNA targeting will expand microbial enhancement. Concur-
rently, artificial intelligence (AI) models optimize microbe–crop–environment matching 
by using microbiome data. Inoculant optimization, synthetic microbial consortia (SynCom) 
and CRISPR-based genome editing can be used for precise agriculture. However, regula-
tory gaps, ethical concerns and data transparency are some of the major concerns [41]. The 
application of omics-guided microbial consortia shows enhanced effects as compared to 
single-strain inoculants, promoting greater biomass yield and stress resilience. Integration 
of the sequencing data with other omics and clinical data complicates the process, neces-
sitating advanced statistical methods. Advanced sequencing technology has resulted in 
reduced errors and high accuracy. Development of robust algorithms for error correction 
and data integration is crucial. Machine learning and AI can be employed for enhancing 
data analysis capabilities. Using cloud computing, high-performance computing clusters 
and parallel processing can bridge the gap between the experimental and computational 
aspects of genomic research [17]. Advancements in technologies like single-cell genomics 
and transcriptomics have improved our understanding of microbial communities in agri-
culture and environmental science. Single-cell genomic studies involve individual micro-
bial genome studies without the need for culturing them, helping in discovering unex-
plored microbial diversity and ecological functions. However, metatranscriptomics ana-
lyze active gene expression, revealing real-time metabolic activity. Integration of machine 
learning (ML) and artificial intelligence (AI) helps to analyze complex datasets and thus 
transform agriculture. 
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4. Bioinformatics and Growth in Microbial Databases 
It has been observed that there is exceptional growth of massive biological data due 

to advanced next-generation sequencing technologies. Dealing with biological data, par-
ticularly microbial omics data, namely genomics, metagenomics, transcriptomics, and 
proteomics, is a pressing need requiring proper management, utilization, and updating of 
the data for future predictions. According to Grand View Research, the global bioinfor-
matics market is expanding and expected to reach USD 28.5 billion by 2030, with a com-
pound annual growth rate of 13.7%. 

The research work of comparative genomics, structural genomics, and functional ge-
nomics relies on databases. Analyzing similarities and differences between two or more 
genomes requires database traversal. They are required to compare the characteristics be-
tween species, to identify and analyze gene families in crop genomes, to discover stress-
inducible promoter regions, etc. Structural genomics involves revealing the three-dimen-
sional structure of genes. DNA sequencing provides data on genome features, coding and 
non-coding genes, and repetitive elements for which the databases are required. Func-
tional genomics includes the study of gene functions and interactions within regulatory 
networks, analysis of gene expression, and identification of overexpressed genes which 
also depends on databases [52]. Phytozome, NCBI, Ensembl Plants, PlantGDB, and UCSC 
are major web-based genome browsers that have huge databases of genomes. Phytozome 
is the JGI’s Plant Comparative Genomics portal, which lists 439 phytozome genomes (ac-
cessed on 26th December 2025). 

Here, the role of computer science and engineering in building a specific database is 
evident with the growing microbial databases. 

4.1. Trends in Databases 

In computer science and engineering, four database models have been employed for 
constructing databases, namely the relational model, entity-relationship model, semi-
structured model and object-based data model [53]. The evolution of computer science 
has directly dictated the trajectory of database development, moving from the rigid, tree-
like hierarchical and graph-based network models of the 1960s to more flexible systems. 
A major turning point occurred in the 1970s when E.F. Codd proposed the relational 
model, providing a mathematical foundation that remains industry-standard today. As 
the Internet evolved toward the late 20th century, the surge in unstructured data led to 
the birth of NoSQL and big data systems, allowing for massive horizontal scaling [54]. 
This evolution has enabled specialized tools like KRAKEN [55] and CLARK [56] which 
are used to classify microbial genomes. Computer-science-driven algorithms such as 
Needleman–Wunsch [57], Smith–Waterman [58], as well as BLAST [59] leverage these da-
tabase foundations to perform global and local sequence alignments for identifying con-
served regions in genes and proteins for expression analysis. 

The architectural overview of microbial databases for agricultural microbes includ-
ing bacteria, fungi and archaea can be illustrated as depicted in Figure 2 [60]. In the 
flowchart, the terminal nodes represent the relational database model, the middle layer 
highlights the entity-relationship aspect, and the topmost layer identifies the object-ori-
ented functional layer of database utility. 
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Figure 2. Using microbial databases for exploring the genome selection process (adapted from [60]). 
This schematic illustrates the steps and criteria employed to curate genomes of bacteria, archaea, 
and fungi from various databases with potential application in sustainable agriculture.

4.2. Features of Robust Databases

The creation of any database design is rooted in a structured computerized record-
keeping system that allows users to update and retrieve information through four levels 
of abstraction: addressing the why, what, how, and physical existence of the data. This 
process begins with requirement analysis to define stakeholder constraints, followed by a 
conceptual stage that uses entity-relationship modeling to distinguish attributes from 
keys independently of specific software. Once the conceptual design is mapped to a rela-
tional model, the focus shifts to normalization, which organizes data to minimize redun-
dancy and prevent anomalies. Finally, the physical level involves data definition lan-
guages, performance tuning, and security structures. Similarly, traditional relational da-
tabases offer the strength of ACID compliance: atomicity, consistency, isolation, durability, 
but they historically lacked the horizontal scalability of NoSQL systems [61]. Advanced 
security features like AES-256 encryption, role-based access control, and SSL/TLS stand-
ards now bolster these strengths by protecting sensitive medical and genomic datasets 
from theft or malicious usage [62].

4.3. Current Status of Microbial Databases

Current trends in database evolution are increasingly focused on environmental sus-
tainability, particularly in mapping soil microbial diversity to improve sustainable agri-
culture [63].

Along a similar line, targeting bioinformatics analysis, the databases need to be con-
structed owing to usage by scientific communities, for example, for feasible soil enrich-
ment by microbial actions. Their aim should not be limited to the perspectives of mere 
data collection. Instead, the focus should be oriented towards their significance in resilient 
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agriculture and global food security [63]. Certain research highlights the omics-driven po-
tential in growth of plants for sustainable agriculture [1,2]. 

Researchers proposed a consortium named AgBioData for agriculture, supported by 
sustainable genomics and genetic databases [64]. It lists forty-five genetic, genomics, and 
breeding databases, and the work is supported to date by the National Science Foundation. 
There exists a Microbial Genome Database for Comparative Analysis, popularly known 
as MBGD, supported by the National Bioscience Database Center (NBDC), Japan Science 
Technology Agency (JST), which contains nearly 34k genomes [52]. To support the same 
cause of soil microbial diversity to improve sustainable agriculture, organizations such as 
the Indian Council of Agricultural Research (ICAR) manage a sophisticated network of 
databases, including the KrishiKosh open-access repository and the PGR Portal, which 
focus on germplasm, soil health, and pest management [65]. Current research infrastruc-
ture is heavily supported by specialized repositories such as GenBank, the RCSB Protein 
Data Bank (PDB), and Phytozome, which currently hosts 439 plant genomes [66]. In India, 
the Advanced Supercomputing Hub for OMICS Knowledge in Agriculture (ASHOKA) 
provides a high-performance environment with 448 cores and 150 TB of storage to support 
genomics and proteomics research [67]. 

4.4. Challenges and Future Perspectives for Current Databases 

The present status of database development is defined by a hybrid approach that 
combines the reliability of relational models with the elastic scalability of the cloud, seen 
in modern systems like Snowflake and CockroachDB. For example, the integration of ma-
chine learning with in-database analytics allows for parallel processing and graph analyt-
ics, enabling researchers to perform complex calculations and fraud detection directly 
where the data resides, significantly accelerating the training of models for scientific dis-
covery. 

A significant trend involves using these datasets to examine the functional genomics 
of soil microbes. By coupling machine learning with these agricultural databases, scien-
tists can now better understand the links between soil microbial ecosystems and environ-
mental stress, creating a “molecular blueprint” for high-yielding crops that can survive 
harsh weather conditions in different regions. 

The strengths and weaknesses of modern databases are often defined by the specific 
biological or computational problems they aim to solve. For instance, metataxonomics is 
highly effective for studying a wide range of organisms via ribosomal RNA conservation 
but fails to capture gene content outside of targeted markers. Conversely, metagenomics 
data offers the strength of de novo genome assembly and the ability to identify viruses, 
though it suffers from the weakness of requiring extremely high read counts and extensive 
reference genomes for classification, which is again dependent on database size. 

5. Big Data Analytics (BDA) in Microbial Diversity and  
Sustainable Agriculture 
5.1. Big Data in Microbial Diversity 

Big data (BD) in microbial diversity research represents the paradigm shift in agri-
cultural science. The integration of BD will facilitate the handling, management, and uti-
lization of the large volume of data gathered from diverse sources related to microorgan-
isms in soil and plants. Microbial diversity plays a crucial and complex role in regulating 
plant resistance, ecosystem function, soil health, nutrient regulation, and more. All these 
factors are essential for the sustainability of agriculture [68,69]. Earlier, researchers used 
the culture method (inoculation), which involves collecting a small portion of the micro-
organism and conducting further studies. But with the advent and advancement of 
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technological developments in sequencing and computational analytics, there is a shift 
from descriptive to data-driven ecological modeling. It is observed that researchers are 
now generating substantial amounts of raw data across fields of microbial diversity, such 
as plant genomics, taxonomy, metagenomics, and metabolomics, to characterize soil prop-
erties in terms of microbial structure and function. These large datasets will provide val-
uable information on microbial contributions and will further build the scientific basis for 
sustainable agricultural systems [70,71].

Big data refers not only to the amount of data but also the five Vs: volume, velocity, 
variety, veracity, and value (Figure 3). With advances in technology, it is possible to min-
imize the time and cost required for sequencing (whole-genome and metagenomic). Be-
fore implementing BDA in the agricultural domain, data analysis must be performed on 
soil samples obtained from different agricultural lands, ranging from traditional mono-
culture to organic polyculture [72–74]. Certain environmental conditions and different 
types of datasets provide varying levels of detail, such as metatranscriptomics and met-
aproteomics, which provide information on microbial activities. Environmental condi-
tions include many parameters, such as soil moisture content, humidity, pH, crop type, 
season, crop yield, climatic conditions, fertilizers utilized, etc. All these factors will lead 
to the creation of multiomics datasets. Now, to analyze this complex multiomics dataset, 
computational tools and techniques such as ML, DL, bioinformatics, modeling, and sta-
tistical analysis are needed [74,75].

Figure 3. Key Components, i.e., 5V representation in Big Data Analytics.

5.2. Sources of Big Data and Techniques Required to Handle Big Data from Microbiomes

In the context of microbial diversity, the main contribution of BD is to examine the 
structure of the soil microbiome and its association with markers of soil health. Some key 
components that impact soil health include water retention, crop yield, fertilizer use, and 
carbon sequestration. By examining extensive metagenomic databases, researchers and 
scientists can identify microbial species and their functions (nitrogen fixation, phosphorus 
fixation, and decomposition of organic matter). Research uses BDA to evaluate and iden-
tify the changes observed in microbial communities in terms of their structure and their 
function by comparing soil samples that have been treated with different crops, organic 
amendments and reduced tillage. Apart from this, researchers also implement different 
models to increase agricultural productivity and better understand how microbially 
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mediated nutrient cycling can be improved by applying various techniques to achieve 
sustainable practices. Furthermore, by using computational frameworks and techniques 
such as image processing, GIS, big data, ML, DL, NN, and AI, ecological network analysis 
provides insights into the associations among protists, fungi, bacteria, and archaea [76,77]. 
Different big data sources are needed for each agricultural application to address the issue 
it seeks to solve (Table 3). While GIS and satellite-based remote sensing data are widely 
employed, information from static databases and datasets is used in almost every agricul-
tural area. Research pertaining to crops, soil, and animals uses field-based ground sensors, 
while weather stations are used for land mapping, weather and climate change applica-
tions, farmer decision making, insurance, and finance [74]. 

Table 3. Big Data sources and analytical methods in the sector of sustainable agriculture. 

Sr. No. Areas Sources Techniques 

1. Microbial biodiver-
sity 

GIS geospatial data, historical information and 
databases like the SER database. 

Statistical methods (Bayesian belief 
networks).  

2. Soil 
Ground-based sensors (measuring moisture, 
salinity, and electrical conductivity), optical 

cameras, AGRIC soils like historical databases. 

ML algorithms such as K-means and 
farthest first clustering.  

3. 
Climate variability 
and weather pat-

terns 

Weather stations, satellite remote sensing, ge-
ospatial data, historical records, and surveys. 

ML algorithms, statistical analysis, 
modeling, cloud platforms, MapRe-
duce analytics, and GIS geospatial 

analysis. 

4. Crops 
Ground-based metabolites sensors, satellite re-
mote sensing, and historical datasets (includ-

ing land use and yield statistics). 

ML (scalable vector machines, K-
means clustering), wavelet filtering, 

NDVI, Fourier transform. 

5. Remote sensing 

Remote sensing (aircraft, drones, satellite) and 
historical datasets (WMO weather, MODIS 

surface reflectance, Earth land surface images, 
radar-altimetry reservoir heights, web-based 

and geospatial data). 

Cloud platforms, GIS, image pro-
cessing, statistical analysis, NDVI, de-

cision support, big data storage, 
web/community portals, MapReduce, 

mobile apps, computer vision, and 
AI. 

5.3. Applications of BDA in Microbial Diversity and Sustainable Agriculture 

Another application where BD is essential is rhizosphere-level interaction between 
microbes and plants. Microbial populations influenced by root exudates and environmen-
tal conditions are found in the rhizosphere, a dynamic interface between plant roots and 
soil. By integrating genetic data from microorganisms and plants, scientists can identify 
genes that contribute to advantageous interactions, such as tolerance to abiotic stresses 
(e.g., drought and salinity) or resistance to disease. These findings help build microbiome-
informed breeding techniques that select crop types for their capacity to form advanta-
geous microbial associations, in addition to yield traits [52,78]. 

Big data also helps manage biological pests and diseases, thereby enhancing nutrient 
efficiency. The yield of the crop is significantly reduced by soil-borne diseases caused by 
chemical pesticides, leading to ecosystem contamination and harming living creatures. 
Early identification of harmful microorganisms and their evaluation under different envi-
ronmental conditions are managed using various predictive modeling techniques that in-
vestigate disease development. Furthermore, BDA facilitates the easy identification of an-
tagonistic pathogens that can combat diseases by synthesizing antibiotics. Using patho-
gens as bioinoculants will benefit sustainable agriculture by lowering the use of chemical 
inputs without degrading crop health [63,76,78]. 
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One of the great challenges that agriculturists will face is weather conditions, which 
lead to crop loss and increased pest and disease pressure. In this regard, BD techniques 
are used to track changes in the composition and function of microorganisms over time 
and in response to climate change. Finding microbial consortia that are climate-resilient is 
only possible by collecting datasets across both longitudinal and geographical locations. 
Integration of pathogenic data with climatic and remote sensing data will facilitate the 
development of adaptive methods suitable for particular agroecological zones.

Precision agriculture also uses BDA to maximize the efficient use of resources by us-
ing the adaptive management method at specific sites. Large datasets of microbial and 
agronomic sectors, when collected using sensors or GIS mapping and trained with ML 
models, yield more accurate results. These outcomes will help farmers make well-in-
formed decisions about the optimal and accurate use of fertilizers, forecast crop perfor-
mance, and assess pesticide and water retention, among other measures [74]. This synergy 
between microbial diversity and digital technology will help maximize outcomes while 
reducing environmental impacts (Figure 4).

Figure 4. Applications of Big Data Across Different Sectors.

5.4. Case Studies Employing BDA in Sustainable Agriculture

The application of metagenomic network analysis to attract crop-beneficial microbial 
species in agricultural soils was shown in one of the most significant research projects. 
Researchers used microbial interaction networks, metabolic pathway reconstruction, and 
high-throughput sequencing data to find chemicals that can specifically enhance benefi-
cial rhizosphere microorganisms [79]. In order to forecast plant–microbe interactions and 
enhance soil sustainability, this study emphasized the significance of computational 
frameworks such as metagenome assembly, genome annotation pipelines, and ecological 
network modeling. The researchers also demonstrated the use of bioinformatics in preci-
sion microbiome engineering by introducing algorithmic pipelines that convert large-
scale metagenomic data into practical agricultural solutions [79].

The extensive meta-analysis of European agricultural soil metagenomes, which ex-
amined thousands of microbial taxa from various soil habitats, was another significant 
advancement [80]. The identification of core microbiomes and archaeal groups like Thau-
marchaeota that are crucial for nitrogen transformation and nutrient cycling in agricul-
tural fields was made possible by sophisticated bioinformatics tools like metagenome-as-
sembled genomes, taxonomic classifiers, and machine-learning-assisted annotation sys-
tems. This study explored how big data frameworks may be used to combine heterogene-
ous environmental variables in order to examine microbial diversity trends across geo-
graphically different farming systems. The work highlighted how contemporary compu-
tational metagenomics might reveal functional potential and hidden microbial diversity 
in agricultural soils that are undetectable by conventional culturing techniques [80].
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Similar to this, another case study used shotgun metagenomics and culturomics to 
examine arid farming systems in the Sinai Peninsula [81]. To describe rhizosphere micro-
bial populations under severe environmental stress, researchers used comparative micro-
bial profiling techniques, functional gene annotation databases, and next-generation se-
quencing platforms. The results revealed that genes linked to stress tolerance, nutrient 
uptake, and plant growth promotion are present in microbial taxa that have adapted to 
arid environments, allowing sustainable agriculture in marginal areas. A significant de-
velopment in agricultural microbial ecology was made possible by the combination of 
culturable microbial databases with metagenomic data, which allowed for the functional 
and taxonomic validation of microbial communities [81]. 

Another significant addition was termite mound soils, which are recognized as re-
positories of agriculturally beneficial bacteria [82]. This case study also demonstrated how 
environmental metagenomics and functional annotation might aid in the identification of 
naturally existing biofertilizers and microbial inoculants for sustainable farming systems. 
During the same time, breakthroughs in genomic cataloguing changed soil microbiome 
research by enabling the creation of large-scale microbial genome archives [82]. 

A major study reassembled over 40,000 metagenome-assembled genomes from over 
3000 soil metagenomes, resulting in one of the most comprehensive genomic inventories 
of soil microbial diversity [83]. Researchers used cloud computing, large-scale sequence 
assembly, and high-throughput bioinformatics processes to find previously unknown mi-
crobial taxa and functional genes involved in nutrient turnover, carbon sequestration, and 
soil resilience. These genomic catalogues are crucial resources for agricultural biotechnol-
ogy because they make it easier to identify beneficial microbial genes that may be used to 
improve crops and protect the environment [83]. 

Another pertinent case study investigated the effects of sea sediment treatment on 
agricultural soils using amplicon sequencing and microbial diversity analysis [84]. Bioin-
formatics techniques such as QIIME-based taxonomic profiling, diversity measures, and 
microbial community comparison algorithms helped researchers assess how different soil 
amendments affect microbial ecosystem composition. The study found that marine sedi-
ments altered bacterial diversity and increased nutrient-associated microbial communi-
ties, providing insights into sustainable soil management approaches [84]. This study 
demonstrated the benefits of combining sequencing technologies with statistical and eco-
logical modeling methodologies for evaluating agricultural solutions. 

Recently, researchers used machine-learning-based bioinformatics tools to evaluate 
microbial diversity in important river ecosystems linked to agricultural landscapes [85]. 
To improve microbial identification and ecological prediction, high-throughput sequenc-
ing datasets were evaluated with artificial intelligence algorithms, supervised learning 
models, and microbial classification systems. The study determined that machine learning 
methods outperform traditional analytical approaches for big and complicated environ-
mental datasets, notably for finding microbial biomarkers and ecosystem health indica-
tors. Riverine microbial communities have a significant impact on irrigation quality, nu-
trient flow, and agroecosystem sustainability, making such insights extremely important 
for agricultural microbial ecosystem study [85]. 

Another study examined soybean endosphere microbiomes to identify microbial sig-
natures connected with plant health and disease [86]. The researchers used metagenomic 
sequencing, microbial taxonomic profiling, and functional annotation processes to com-
pare healthy and sick soybean tissues. Bioinformatics analysis revealed changes in micro-
bial community composition and identified beneficial microorganisms associated with 
disease suppression and increased crop resilience. This case study demonstrated the ex-
panding importance of plant microbiome analytics in precision agriculture, where micro-
bial indicators can predict crop health and optimize disease management tactics [86]. 
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Between 2024 and 2025, the intersection of artificial intelligence, deep learning, and 
systems biology radically altered agricultural microbial ecosystem research [87]. Litera-
ture surveys highlighted the rise of AI-powered microbial analytics capable of analyzing 
massive multiomics information derived from agricultural soils and plant microbiomes. 
Neural networks, deep learning algorithms, and computational frameworks inspired by 
massive language models are increasingly being used by researchers to predict microbial 
interactions, functional pathways, and ecosystem reactions in the face of environmental 
change. These AI-based systems tackled significant issues related to microbiological data 
complexity, sparsity, and non-linearity, allowing for more accurate predictions of soil 
health and agricultural output [88]. Furthermore, recent research has highlighted the use-
fulness of computer platforms in modeling microbial ecosystems and forecasting ecolog-
ical interactions. Researchers have used tools such as COMETS and MetConSIN to simu-
late microbial metabolic exchanges, nutrient diffusion, and species interactions in agricul-
tural settings. These systems biology frameworks combine genome-scale metabolic mod-
els with environmental variables to forecast how microbial communities will respond to 
changes in soil nutrients, climate, and agricultural practices. These predictive modeling 
tools are becoming increasingly significant in the design of sustainable farming systems 
and microbiome-based agricultural interventions. 

Concurrently, developments in metagenome-assembled genome analysis and com-
putational metagenomics have improved the ability to reconstruct uncultured microbial 
genomes from agricultural soils. Reviews of computational tools published during this 
time period described the rapid progress of assembly algorithms, genome binning soft-
ware, and annotation platforms capable of handling terabytes of sequencing data [88]. 
These methods have helped researchers find new microbial species, metabolic capabili-
ties, and ecological activities that are important for nutrient cycling, disease suppression, 
and environmental resilience in agricultural environments. 

Collectively, the case studies discussed above show that bioinformatics techniques 
and big data analytics are changing agricultural microbial ecosystem research [89]. The 
combination of metagenomics, machine learning, artificial intelligence, ecological net-
work analysis, and systems biology has provided hitherto unknown insights into micro-
bial diversity, functional connections, and ecosystem dynamics. Through data-driven 
crop management techniques, predictive soil health analytics, and precision microbiome 
engineering, these technology advancements are assisting the development of sustainable 
agriculture practices [89]. To maximize agricultural productivity while maintaining envi-
ronmental sustainability and microbial biodiversity, future research is anticipated to fur-
ther combine multiomics information, real-time environmental monitoring, and AI-pow-
ered predictive models. 

5.5. Challenges of BDA in Microbial Diversity and Sustainable Agriculture 

There are some challenges, too, when implementing BDA in microbial diversity (Fig-
ure 5). To handle large, diverse sequencing data, a robust data management infrastructure 
and well-standardized, established procedures and protocols are required. Cross-study 
comparisons done by various researchers may lead to biased outcomes. This biased result 
may be due to differences in soil samples, sampling techniques, sequencing platforms, 
DNA extraction procedures, or the bioinformatics pipelines used. Initial efforts focus on 
creating open-access repositories and standard procedures and methodologies to maxim-
ize the use of microbial data and support further research. Interdisciplinary research in 
ecology, computational science, microbiology, plant genomics, etc. is encouraged through 
collaborative work, which provides a useful framework for data exchange and reproduc-
ibility [63,90]. 



Appl. Microbiol. 2026, 6, 73 20 of 26

https://doi.org/10.3390/applmicrobiol6070073

Figure 5. Challenges in implementing BDA in agricultural sector.

Advancements in the area of microbiome-based agriculture also raise ethical and so-
cioeconomic issues. The adoption of new technology in developing nations may hinder 
small farmers, whereas large agricultural industries and research laboratories use ad-
vanced technologies for sequencing and computer resources. Ensuring access to microbial 
technology aligns with broader sustainability goals, such as rural development and food 
security [63,75].

5.6. Future Perspective and Conclusion

The key focus of future study in microbiome-based agriculture research is to shift 
from descriptive to predictive, data-driven modeling. Advances in AI, ML, DL, and bio-
informatics lead to the development of a mechanistic model that relates to the dynamics 
of microbial communities. Research can use biofertilizers and biopesticides to make a syn-
thetic microbial consortium using data-driven methods. In addition, incorporating multi-
omics data with environmental factors, along with their phenotypic datasets, will improve 
understanding of resilience and redundancy for researchers in the microbial sector. Fur-
ther increasing computational power may also improve the model’s ability to capture mi-
crobial interactions under various conditions.

In this context, we can conclude that advances in big data are crucial for microbiome-
based sustainable agriculture research. By using advanced sequencing methods, tools, 
and techniques, computational analysis, and integrating multiomics data, researchers can 
decipher and understand the complex associations that exist between pathogens, plants, 
soil, and environmental conditions for crop production. Understanding these factors and 
the strategies implemented to achieve the goal will improve soil health, meet nutrient re-
quirements, inactivate pathogens, and strengthen climatic resilience. Still, there are issues 
in implementing BDA in microbial datasets, such as heterogeneous data, varied data for-
mats, data standardization, infrastructure, and resource utilization. But this can be one of 
the directions in microbiome science in which researchers can proceed to develop accurate 
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and reliable sustainable agricultural systems. Using microbial big data is not just a scien-
tific breakthrough but also a strategic necessity for achieving long-term agricultural sus-
tainability, as the world’s food supply demands rise amid environmental limits. 

6. Conclusion and Future Direction 
Bioinformatics and big data analytics are the frontier domains in the agriculture sec-

tor. These tools are the backbone for processing massive biological data that is indispen-
sable for sustainable agriculture. Application of bioinformatics and big data analytics in 
the era of NGS is a key driving force to understand and predict the biological phenomena 
at the plant–microbe interface in the agriculture ecosystem setting. 

The first key challenge associated with bioinformatics and big data analytics is the 
development of analytical techniques to process the massive diverse datasets obtained 
from agricultural ecosystems. Thus, robust algorithms and methods are needed to under-
stand and process the complex datasets emanating from genomics patterns, nutrient re-
cyclability, climatic patterns, and resource availability in agricultural ecosystems. An in-
terdisciplinary approach based on teams of computer science engineers, biologists, and 
statisticians is needed to translate the data into practical solutions. 

The other challenge is the restriction of data sharing due to competition in the agri-
culture sector. Proprietary datasets have been utilized by specific industries and this will 
hinder big data analytics in the agriculture sector. This will encourage public–private part-
nerships to share the data emanating from the agriculture sector and apply big data ana-
lytics. 

Undoubtedly, bioinformatics and big data on microbial biodiversity will improve the 
understanding of complex systems for the betterment of agricultural ecosystems. The in-
tegration of emerging technologies with traditional agricultural practices will face syn-
chronization issues at the ground level. Thus, it may be concluded that bioinformatics and 
big data analytics in integrated microbe–agriculture ecosystems opens up a plethora of 
opportunities for better crop yield and sustainable ecosystems. 
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