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Integrative Transcriptomics and In-silico CRISPRS Guide RNA Design for Identification and Targeting of Disease Resistance Genes:A Systems Biology Perspective
Abstract
Disease resistance genes are essential for protecting both agricultural crops and human biological systems against pathogen induced damage. In plants, these genes safeguard yield and food security under escalating biotic stress, while in humans they underpin immune function and disease prevention. Transcriptomics, particularly RNA sequencing and co-expression network analysis, has substantially advanced the capacity to identify resistance gene networks by capturing global shifts in gene expression under disease conditions. Concurrently, CRISPR-Cas genome editing systems have emerged as programmable platforms for precise manipulation of resistance genes, with in-silico guide RNA (gRNA) design serving as a critical step to ensure targeting specificity and minimizing off-target genome alterations. Despite this progress, challenges remain, including off-target editing, multi-omics data integration complexity, and the need for robust experimental validation of computationally predicted gene functions. Future convergence of multi-omics technologies with artificial intelligence and machine learning is expected to drive more predictive, scalable, and specific genome editing strategies for engineering disease resistance in both plants and humans.
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Introduction
Pathogenic diseases remain a huge burden in terms of agricultural output as well as human health across the globe. Fungal, bacterial, viral and oomycete pathogens cause immense losses in crop systems every year which pose a threat to global food security and economic stability. On the same note, infectious and immune related diseases are also leading causes of morbidity and mortality in human beings despite the progress towards medical science (Anand & Rajeshkumar, 2022).
These difficulties illustrate the necessity of discussing the molecular foundations of disease resistance and creating more specific and robust defense measures. The host defense mechanism is centrally based on disease resistance genes, which are also known as R-genes in plants and immune related genes in other biological systems (Agarrwal et al., 2024). These gene families evolve under strong selection pressure, generating dynamic and heterogeneous repertoires shaped by continuous co-evolutionary interactions with pathogen effectors (Wilson et al., 2025).
Historically, disease resistance studies have been based on classical methods of genetics like linkage mapping and mutant screening. Although such approaches gave rudimentary engineering knowledge, they were normally resolved and scaled (Gangurde et al., 2022). The advent of system biology, encompassing transcriptomics, proteomics, and other omics platforms, has enabled network level analysis of complex biological responses (Yadav etl al., 2022). Large scale RNA sequencing and genome-wide association datasets now allow researchers to identify novel regulatory elements and stress responsive pathways with greater precision (Simirenko et al.,2023). Simultaneously, machine learning approaches are enhancing predictive accuracy for candidate gene identification and functional gRNA design (Shriniket Dixit et al., 2024; Liu, 2024).
CRISPR-Cas systems have transformed functional genomics by enabling efficient and programmable genome editing to directly test gene activity and engineer disease resistance Devillars et al., 2024). The efficacy of these applications depends critically on in-silico gRNA design strategies that guarantee targeting specificity. Nonetheless, the effectiveness of CRISPR based applications critically depends on the appropriate design of guide RNAs, which define specificity of the target and reduction of off-target consequences.
In addition to these advances, the growing availability of high throughput sequencing technologies has further accelerated the discovery of disease resistance genes across diverse species. Large scale datasets generated from RNA sequencing and genome wide association studies are enabling researchers to identify novel regulatory elements and stress responsive pathways with higher precision (Simirenko et al., 2023). This review provides a comprehensive overview of how transcriptomics and in-silico CRISPR gRNA design is integrated for identifying and targeting disease resistance genes, covering gene discovery pipelines, computational design strategies, current challenges, and prospects.
Disease Resistance Genes: Biological Framework
Disease resistance genes are the fundamental genetic elements giving living organisms the power to sense and react against the onslaught of pathogens. They are invariably called resistance (R) genes in plants and generally known as immune related genes in humans and other animals (Kameswaran et al., 2025). Despite differences in biological complexity, both systems operate on a similar functional principle, namely the ability to perceive invading pathogens and initiate downstream defense responses essential for survival (Tang et al., 2025).
In plants, the nucleotide binding leucine rich repeat (NLR) family constitutes the primary class of intracellular immune sensors, recognizing pathogen derived effector molecules and activating defense programs including localized cell death to restrict pathogen spread (Zhiqi et al., 2025). Cell surface receptor like kinases (RLKs) and receptor like proteins (RLPs) complement NLRs by detecting pathogen associated molecular patterns (PAMPs) at the earliest stages of infection (Juma et al., 2025; G. Wang et al., 2026). In humans and other animals, pattern recognition receptors (PRRs) such as Toll-like receptors (TLRs), along with downstream signaling molecules and effector genes, orchestrate both innate and adaptive immunity (R. Wang et al., 2024). Across all systems, signaling genes serve as critical intermediaries, transmitting recognition signals into the cell to activate complex defense pathways (Mahanta et al., 2025). Table 1 consolidates the major resistance gene families discussed in transcriptomics CRISPR studies, aligning their biological roles, transcriptomic behavior, and genome editing relevance.

Table 1. Key Disease Resistance Gene Families Discussed in Transcriptomics–CRISPR Studies
	Gene/Protein Family
	Biological System
	Function in Resistance
	Role in Transcriptomics Studies
	CRISPR Relevance
	References

	NLR genes
	Plants
	Intracellular pathogen effector recognition
	Strongly upregulated during infection
	Knockout/knock-in for resistance enhancement
	(Juma et al., 2025)

	RLK
	Plants
	Pathogen recognition at cell surface
	Early immune activation markers in RNA-seq
	Target for enhancing PAMP-triggered immunity
	(Zhu et al., 2025)

	RLP
	Plants
	Co-receptors in immune signaling
	Differential expression in infected tissues
	Functional validation via CRISPR knockout
	(Gao et al., 2025)

	PRRs
	Plants + Humans
	Detect conserved pathogen motifs
	Hub genes in immune-related modules
	Editing improves immune sensitivity
	(Tiedje et al., 2023)

	MAPK cascade genes
	Plants + Humans
	Signal transduction amplification
	Enriched in DEG pathway analysis
	Modulation alters defense intensity
	(Ding et al., 2022)

	TLR
	Humans
	Innate immune activation
	Upregulated in infection transcriptomes
	Knockout used for mechanistic studies
	(Man et al., 2022)

	WRKY transcription factors
	Plants
	Regulation of defense gene expression
	Identified as hub genes in WGCNA modules
	Overexpression/knockout improves resistance
	(Saha et al., 2023)


NLR (Nucleotide binding Leucine rich Repeat), RLK (Receptor like Kinases), RLP (Receptor like Proteins) PRRs (Pattern Recognition Receptors), TLR (Toll like receptors)

Molecular Mechanisms of Resistance
Disease resistance unfolds as a tightly regulated sequence of molecular events beginning with pathogen recognition. Host cells detect conserved microbial signatures, PAMPs or specific pathogen derived effectors through PRRs and intracellular NLRs in plants, and through analogous innate immune receptors such as TLRs in animals (Yan Wang et al., 2022; Singh et al., 2025; Chen et al., 2025). Recognition triggers rapid signal transduction involving protein phosphorylation cascades, calcium influx, and reactive oxygen species (ROS) generation (Liu et al., 2025). In plants, phytohormones including salicylic acid, jasmonic acid, and ethylene modulate the immune response, with cytokine signaling playing a parallel coordinating role in animals (Nawaz et al., 2023). The final effector phase involves large scale upregulation of defense genes, production of antimicrobial proteins and secondary metabolites, cell wall reinforcement, and induction of programmed cell death at infection sites; systemic signaling can further prime distal tissues for heightened resistance (Nabi et al., 2024).
Evolutionary Dynamics
Resistance genes evolve under intense and continuous selection pressure driven by co-evolutionary arms races with rapidly adapting pathogens (Hossain & Chowdhury, 2024). Gene duplication generates expanded gene family copies that can diverge in recognition specificity over time (Maddamsetti et al., 2024), while natural selection progressively retains beneficial alleles and eliminates less effective variants across generations (Arunkumar et al., 2023). This process produces highly polymorphic resistance gene families capable of responding to diverse pathogenic pressures. The resulting reciprocal adaptive innovations, new host defense mechanisms triggering new pathogen evasion strategies and vice versa, maintain the diversity and dynamism of resistance gene repertoires observed across plant and animal systems (Nordgren et al., 2026; Kong & Yang, 2023).
Transcriptomics for Identification of Resistance Genes
Transcriptomics has proved one of the most effective methods of comprehending disease resistance mechanisms on genome wide basis. Transcriptomic technologies enable the researcher to obtain a comprehensive view of the global change in gene expression in response to pathogens or environmental stresses unlike traditional one gene at a time studies (Satrio et al., 2024). This system level viewpoint is especially critical to the resistance genes discovery endeavor since most defense mechanisms can be regulated by intricate gene networks and not individual genes. Transcriptomics offers firsthand information on the perception of organisms to stress and the way they respond to activate defense programs in actual biological systems by comparing the expression profiles under various conditions (Rurek & Smolibowski, 2024).
RNA-seq and Differential Gene Expression Analysis
RNA sequencing has become the primary method for profiling the molecular basis of disease responses. Its ability to simultaneously capture transcriptome wide activity enables investigators to compare expression landscapes between control and infected or stressed samples, identifying genes specifically activated or repressed during pathogen attack, many of which are directly implicated in defense mechanisms (Kido et al., 2022; Sáez et al., 2022). Differential gene expression (DEG) analysis pipelines process raw sequencing data through quality control, reference genome alignment, transcript quantification, and statistical modeling correcting for sequencing depth and batch variability to yield lists of significantly altered genes (Choudhary et al., 2022; Costa-Silva et al., 2023; Nixon et al., 2025). Strongly upregulated genes commonly reflect defense activation processes, pathogen recognition, signal initiation, protective compound biosynthesis, while downregulated genes may indicate metabolic reallocation under stress (Kambona et al., 2023; Sheet et al., 2024).
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Figure 1. Integrative Pipeline for RNA-seq and DEG Analysis
Figure 1 illustrates the integrative workflow for RNA-seq based differential gene expression analysis. The process begins with sample collection, consisting of one control group and one treatment group, followed by RNA extraction and sequencing. Raw sequencing data are then subjected to data processing steps, including quality control and read alignment. Subsequently, DEG analysis is performed to identify significantly upregulated and downregulated genes between the two conditions. Finally, the results are visualized using approaches such as heatmaps and volcano plots to facilitate interpretation of gene expression patterns and biological differences between the samples.
Co-expression Network Analysis
Co-expression network analysis extends DEG studies by identifying groups of genes with coordinated expression patterns across conditions, revealing functional relationships that individual gene lists cannot capture, particularly valuable in the context of immune and stress responses governed by complex gene networks (Patowary et al., 2025). Weighted Gene Co-expression Network Analysis (WGCNA) is the most widely applied framework, clustering genes into modules that correlate with biological traits such as disease presence or resistance level to identify the most relevant groups (Delplace et al., 2022). Within these modules, hub genes, defined by high connectivity to other module members, are considered master regulators of resistance pathways and prioritized as candidates for functional testing and genome editing (Hou et al., 2022).
Single-cell and Spatial Transcriptomics
Single-cell transcriptomics has transformed the study of disease resistance by resolving gene expression at the level of individual cells, overcoming the averaging effect of bulk RNA-seq that obscures biologically meaningful variation between cell types (Zhou et al., 2023). This resolution is essential for understanding how specific cell populations initiate effector mechanisms while others serve supportive or bystander roles a dimension of immune complexity invisible to conventional transcriptomic approaches (Delannoy et al., 2023; Soni & Pandey, 2024). Spatial transcriptomics further enriches this picture by preserving the positional context of gene expression within tissues, enabling mapping of resistance gene activity across different tissue zones during infection and providing insight into how immune responses are organized spatially (Gulati et al., 2025; Thingujam et al., 2026; Zhou et al., 2023).
Functional Annotation and Pathway Enrichment
Converting large DEG lists into biological insight requires systematic functional annotation. Gene Ontology (GO) analysis classifies genes by biological process, molecular function, and cellular component, helping contextualize discovered genes within immune signaling, stress response, or metabolic categories (Ersoz et al., 2023; Lu et al., 2023). KEGG pathway analysis maps genes onto known coordinated networks, immune signaling cascades, hormone regulatory systems, stress response pathways, that are central to disease resistance (Chowdhury & Vijaykumar, 2025). Visualization tools such as MapMan further simplify interpretation of complex transcriptomic datasets. Collectively, these approaches move analysis beyond gene identification toward understanding the large-scale biological systems governing resistance responses (Manzoor et al., 2025).
Multi-condition and Time-resolved Transcriptomic Integration
Integrating transcriptomic data across multiple conditions provides richer insight into resistance mechanisms than single condition studies. Combining biotic stress datasets (pathogen infections) with abiotic stress data (drought, heat, salinity) reveal genes responsive to multiple stressor types, likely serving as core regulatory hubs, and distinguishes broadly stress-responsive genes from those specific to a given defense context (Shikha Dixit et al., 2024; Patanita et al., 2025; Xuan et al., 2023). Time course transcriptomics adds a temporal dimension, uncovering genes driving early pathogen recognition and rapid signaling versus those mediating sustained defense, repair, and cellular recovery at later stages (Nayak et al., 2024; Wu et al., 2022). Together, multi-condition and time-resolved datasets enable construction of dynamic gene regulatory networks that capture the sequential and integrated nature of organism level responses to environmental and pathogenic challenges (Maizels & Briscoe, 2026).
Prioritization of Candidate Disease Resistance Genes
The large gene pools produced by transcriptomic analyses necessitate rigorous prioritization to focus downstream resources on the most functionally relevant candidates. Not all differentially expressed genes contribute equally to resistance; effective prioritization combines expression-based, network-based, and multi-omics criteria to distinguish bona fide regulatory genes from background noise (Masoodi et al., 2022; Perrone et al., 2024).
Expression fold change provides a primary filter, identifying genes most actively responding during pathogen challenge. Strongly upregulated genes associated with defense activation and strongly downregulated genes reflecting metabolic reallocation both warrant further investigation (Das et al., 2024; Saha et al., 2023). However, high fold change alone is insufficient, as some strongly responsive genes may be indirectly affected by stress rather than functionally central to resistance (Dorostkar et al., 2022). Network centrality from co-expression analysis identifies hub genes occupying key regulatory positions in defense related modules, while pathway involvement ensures that selected candidates are connected to established resistance relevant pathways including hormone signaling, MAPK cascades, and PRR systems (Wei et al., 2022; Nawaz et al., 2023; Nemati et al., 2023).
Integration with genomic and epigenomic data further strengthens candidate selection. Overlap of transcriptomically identified genes with resistance associated genomic regions from GWAS and QTL mapping provides genetic validation of functional implication (Liu, 2024; Leprévost et al., 2023; Y. Wang et al., 2026). Epigenomic data, including DNA methylation patterns and chromatin accessibility profiles, reveals whether candidate genes are epigenetically activated or silenced under pathogen attack, adding a regulatory layer of evidence (Muhammad et al., 2022; Srivastava et al., 2024). Table 2 and figure 2 summarizes the multi-omics evidence types supporting robust gene prioritization.
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Figure 2. Multi-omics Integration for resistance gene
Figure 2 illustrates an overview of multi-omics integration for the identification of candidate disease resistance genes. Transcriptomics data provides gene expression profiles, while genomics identifies trait-associated loci. Epigenomics reveals regulatory modifications, proteomics validates protein-level activity, and metabolomics confirms pathway functionality. The integration of these complementary data layers enables the prioritization of biologically relevant candidate genes.
Table 2. Integrated Multi-Omics Evidence Supporting Gene Selection
	Data Source
	Type of Evidence
	Contribution to Gene Prioritization
	Example Genes
	References

	Transcriptomics
	Expression response under stress
	Identifies responsive genes
	WRKY33, NPR1
	(G. Wang et al., 2026)

	Genomics (QTL/GWAS)
	Trait association regions
	Confirms genetic linkage
	NLR clusters
	(Nabi et al., 2024)

	Epigenomics
	DNA methylation, chromatin state
	Regulatory control evidence
	WRKY family
	(Saha et al., 2023)

	Proteomics
	Protein abundance
	Functional validation
	MAPK proteins
	(G. Wang et al., 2026)

	Metabolomics
	Defense metabolite production
	Pathway activity confirmation
	Salicylic acid pathway genes
	(Yang et al., 2022)



CRISPR-Cas Systems for Functional Targeting
The CRISPR-Cas systems have transformed modern functional genomics by enabling an accurate, effective, and customizable system of genome editing. They are now commonly employed to assay gene functionality or to manipulate desired changes in plant and animal systems (Yang et al., 2022). Their greatest strength is that they can directly interact with select DNA sequences and this means that researchers can experimentally determine one of the candidate disease resistance genes found by transcriptomic analyses to indeed play a role in immune responses. This has endowed the CRISPR technology to be a vital bridge between computational discovery of genes and experimental validation to pursue disease resistance research with a great deal of speed (Younas et al., 2024).
CRISPR toolkit comprises a variety of systems that have varying editing features, allowing various genetic manipulations to be done. The most common of these is called Cas9 and it is used to create two-strand breaks at the preferential genomic sites within a guided RNA sequence used to knock out a gene or undertake other targeted modifications (Devillars et al., 2024; Li et al., 2023). Cas12 is another noteworthy system that can provide alternative modes of cleavage and even greater specificity in some cases, such as multiplex genome editing and diagnostic systems. More than these nucleases, new sophisticated tools like base edifiers have transformed the ability to make base-edits with high precision without causing a break of the two strands of DNA, thus reducing the unwanted genomic damage (Li et al., 2023). Moreover, prime editing has become one of the most versatile methodologies that can make precise insertions, deletions, and substitutes. Collectively, these technologies offer a versatile and holistic genome editing framework of exquisite functional targeting of disease resistance genes (Jiang et al., 2022).
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Figure 3. CRISPR-Cas9 Target Recognition and DNA Cleavage Mechanism
Figure 3 shows the process of CRISPR-Cas9 target recognition and DNA cleavage by displaying the attachment of guide RNA, Cas protein, and genomic DNA. The graphical one makes the explanation of the molecular nature of genome editing easy to understand, contributing to the comprehension of specificity and targeted alteration. It supports the links between computational gRNA design and experimental genome editing results.
In-silico gRNA Design Pipeline
In-silico gRNA design is the computational backbone of CRISPR-based genome editing, translating transcriptomically identified candidate genes into actionable targeting strategies by systematically optimizing gRNA specificity, efficiency, and safety before any experimental intervention (Kim et al., 2026; Zhang et al., 2023; Sinharay et al., 2026).
Target Sequence Identification
Pipeline initiation begins with retrieval of genomic sequences for prioritized candidate genes from reference databases following transcriptomic screening (Simirenko et al., 2023). Sequence accuracy at this stage is paramount, as errors propagate directly into downstream gRNA design and targeting performance (Kim et al., 2024). Researchers preferentially target early exons and functionally conserved domains, such as catalytic or binding sites — since mutations in these regions most reliably produce complete knockouts or disrupt critical protein functions (Hamed et al., 2025; Y. Wang et al., 2024). Where multiple transcript isoforms exist, targeting sequences common to major isoforms maximize editing breadth (Liu et al., 2024). Thorough target sequence assessment is thus a prerequisite for successful and biologically meaningful genome editing experiments (Tao et al., 2023).
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Figure 4. Multi-omics Integration for resistance gene
Figure 4 illustrates the key steps involved in CRISPR gRNA design and target recognition. The process begins with the selection of a target DNA region containing a PAM sequence, followed by gRNA binding and Cas9-mediated DNA cleavage. To minimize unintended edits, the analysis includes genome wide off-target process. Efficiency scoring is then applied based on features such as GC content, off-target risk and predicted on-target activity. Together, these steps ensure the selection of efficient and specific gRNAs for precise genome editing applications.
gRNA Design Principles
Effective gRNA design is governed by sequence-based rules that directly determine editing efficiency. The presence of a protospacer adjacent motif (PAM), recognized by the specific Cas nuclease is a non-negotiable prerequisite; in its absence, CRISPR binding and cleavage cannot occur (Aksoy et al., 2022; Yu et al., 2026). GC content optimization is equally important: moderate GC levels promote favorable binding affinity and structural stability, while extreme values can impair specificity or induce secondary structure formation (Rybnicky et al., 2022; Chen et al., 2024). Targeting early coding regions maximizes knockout probability, and directing edits to conserved protein domains ensures functional disruption rather than silent or partial modifications (Shakirova et al., 2023).
Computational Tools and Off-target Management
Platforms such as CHOPCHOP, CRISPOR, and Benchling integrate PAM compatibility, GC content, sequence specificity, and predicted efficiency to generate ranked gRNA candidates from user supplied target sequences (Motoche-Monar et al., 2023; Saraswat & Ranjan, 2025). Advanced algorithms increasingly incorporating machine learning and deep learning models trained on large experimental datasets predict on-target efficiency by analyzing nucleotide composition, thermodynamic stability, and position specific preferences, enabling selection of high-confidence gRNAs while substantially reducing experimental trial and error (de Roest et al., 2025; Liu, 2024).
Off-target prediction is a parallel and equally critical component of in-silico pipelines. Genome-wide alignment algorithms identify candidate off-target sites based on sequence similarity and mismatch patterns, with mismatch position particularly proximity to the PAM weighted differentially in specificity scoring models (Kalter et al., 2025; Sturme et al., 2022; Yu et al., 2026; Rybnicky et al., 2022). High specificity gRNAs minimizing off-target potential are required for experimental reliability, and comprehensive predictive off-target screening is fundamental to ensuring the safety and accuracy of CRISPR-mediated editing in disease resistance research (Shahid et al., 2026).
Integrative Workflow: Transcriptomics to CRISPR Targeting
The integration of transcriptomics and CRISPR genome editing into a unified pipeline represents a holistic strategy for discovering and validating disease resistance genes. By connecting large scale expression profiling with targeted genetic manipulation, this workflow reduces the gap between computational discovery and experimental confirmation (Erdoğan et al., 2023; Simirenko et al., 2023). 
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Figure 6. Integrative Workflow from Trasncriptomics to CRISPR Targeting
Figure 6 illustrates an end to end workflow linking transcriptomics based gene discovery to CRISPR mediated genome editing. The workflow begins with transcriptomics analysis, including RNA-seq data generation and differential expression analysis, followed by co-expression network modeling to identify biologically relevant hub genes. Candidate genes are prioritized using multiple criteria, including pathway enrichment, network centrality and multi-omics integration. These genes serve as targets for guiding RNA design, incorporating efficiency optimization. The process culminates in CRISPR genome editing and experimental validation, with iterative feedback used to refine selection and improve accuracy.
A typical end to end workflow proceeds from RNA sequencing of control and infected samples to DEG analysis, followed by co-expression network analysis to identify hub genes within resistance-associated modules (Tzec-Interián et al., 2025; Chu et al., 2022; Vanrobaeys et al., 2023; Patowary et al., 2025). Prioritized high confidence candidates then enter the gRNA design pipeline, which encompasses target site selection, PAM verification, off-target minimization, and efficiency prediction before CRISPR constructs are generated (Șerban et al., 2025; Gangurde et al., 2022).
Bioinformatics integration frameworks underpin this workflow by harmonizing multi-omics data layers and increasingly automating gene selection and gRNA design through machine learning-driven systems (Kant et al., 2025; Roychowdhury et al., 2023; Yang et al., 2026; Erbe et al., 2022; Simirenko et al., 2023). Such automation reduces manual effort and bias while improving cross-study consistency, progressively converting traditional workflows into high-throughput, data-driven pipelines.
Experimental Validation
Computational predictions require biological confirmation. In vitro gRNA validation through cleavage assays or transient co-expression systems provides a preliminary assessment of editing efficiency before progression to whole organism experiments (Liu et al., 2026; Abdi et al., 2024). CRISPR constructs are then introduced into target systems via Agrobacterium mediated transformation or biolistics in plants, and transfection or viral delivery in animal systems (Pandey et al., 2026). Phenotypic resistance assays on edited organisms provide direct evidence of gene function under pathogenic or environmental challenge (Lakhani et al., 2025), while qPCR and sequencing confirm transcript-level and DNA-level editing outcomes (Yang et al., 2023; Tiedje et al., 2023).
Challenges and Limitations
Despite significant progress, several interconnected challenges limit the precision and scalability of transcriptomics CRISPR integrated approaches. Off-target editing, where CRISPR-Cas systems inadvertently modify genomic regions with partial sequence similarity to the target, poses a persistent concern; while computational prediction tools have improved substantially, eliminating this risk entirely remains elusive (Kalter et al., 2025; Yaxin Wang et al., 2022). Transcriptomic analyses are concurrently susceptible to technical noise and batch effects introduced by sample preparation variability and platform differences, which can skew expression profiles and compromise candidate identification (Li et al., 2023).
Functional redundancy within large resistance gene families, common in complex plant genomes, means that individual gene knockouts may not produce discernible phenotypes, complicate functional validation and sometimes necessitating multiplex editing of multiple paralogous genes simultaneously (Berman et al., 2025). Delivery efficiency remains a bottleneck particularly in plants, constrained by transformation efficiency, tissue selectivity, and potential cytotoxicity, with regeneration of transformed plant tissues being additionally time-consuming and genotype dependent (Yang et al., 2023; Chehelgerdi et al., 2024).
Ethical and regulatory dimensions add further complexity. Safety concerns, long-term consequences of genomic modifications, and the potential for misuse raise significant ethical questions in human systems, while variable international regulatory frameworks governing genetically edited crops affect the translation and commercialization of CRISPR-based agricultural solutions (Gerardi & Xinaris, 2025; Ghouri et al., 2023; Molinari et al., 2024). Addressing these challenges collectively requires continued advancement in computational tools, improved delivery methods, and harmonized regulatory frameworks to ensure safe and responsible application of genome editing in disease resistance research.
Future Perspectives
The trajectory of disease resistance research points toward increasingly sophisticated integration of computational and experimental capacities. AI-driven CRISPR design systems leveraging deep learning algorithms are expected to substantially improve gRNA design accuracy, off-target prediction, and editing efficiency prediction by processing vast biological datasets, enabling more precise identification of optimal editing sites and more reliable outcome forecasting than current methods allow. Parallel expansion of multi-omics integration coupling transcriptomics with proteomics and metabolomics will enable interrogation of resistance mechanisms beyond gene expression to encompass functional protein dynamics and metabolic reprogramming, sharpening identification of the most influential regulatory targets.
Emerging technologies including single-cell CRISPR screening will enable high-throughput functional genomics at cellular resolution, revealing cell type specific resistance mechanisms and heterogeneity that bulk approaches cannot access. In applied domains, precision breeding protocols and gene therapy approaches are advancing toward delivering specific, genomically targeted improvements to plant disease resistance and treatment of human genetic immune disorders, respectively. Synthetic biology offers an additional frontier, with engineered synthetic gene circuits capable of amplifying or redirecting immune responses in novel ways. Collectively, these developments are converging toward more accurate, efficient, and scalable solutions for engineering disease resistance across agricultural and biomedical contexts.
Conclusion
The integration of transcriptomics and CRISPR genome editing constitutes a transformative and genuinely effective approach to understanding and engineering disease resistance in plants and humans. Transcriptomic profiling provides a comprehensive view of gene network reconfiguration under pathogen challenge, identifying key regulatory genes, pathways, and hubs that drive defense. CRISPR based tools then enable precise experimental interrogation and manipulation of these targets, confirming functional roles and enriching resistance characteristics. The resulting pipeline seamlessly connecting gene discovery to targeted genetic intervention accelerates research timelines and substantially narrows the gap between computational prediction and experimental validation.
This integrative approach is especially significant for next-generation disease resistance strategies where precision and adaptability are paramount. In agriculture, it provides a route to resistant crop varieties with reduced chemical dependency and resilience to variable environmental conditions. In biomedicine, it deepens understanding of immune-relevant genes and opens pathways to targeted therapeutic interventions. Remaining challenges of off-target editing, data integration complexity, and validation constraints underscore the need for continued refinement of both computational and experimental methods. Ultimately, the synergy between advanced bioinformatics tools and rigorous experimental validation, amplified by artificial intelligence, multi-omics data analysis, and high throughput screening, positions the transcriptomics CRISPR framework to lead a new era of precision biology for sustainable and scalable disease resistance engineering.
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