


Modern Diagnostic Advancements in Precision Medicine: The Role of Omics, Genome Engineering, and Artificial Intelligence
Abstract
Precision medicine aims to tailor diagnosis and treatment to individual biological variability, and the past decade has been marked by the convergence of multi-omics technologies, programmable genome engineering, and artificial intelligence (AI)—a convergence that is fundamentally reshaping diagnostic paradigms for both infectious and non-communicable diseases. This review synthesizes modern diagnostic advancements in precision medicine by examining the integration of omics technologies, CRISPR–Cas genome engineering, and AI, with emphasis on implementation in low- and middle-income countries (LMICs). A narrative synthesis of peer-reviewed literature published predominantly between 2018 and 2026 was performed. Key advances include whole-genome sequencing for outbreak tracking within approximately 24 hours, CRISPR–Cas12/13 platforms enabling point-of-care diagnostics at less than US$5 per test, and AI models—including AlphaFold2 and AlphaFold3—that accelerate biomarker discovery and structure-guided target selection. Substantial inequities persist, however: an estimated 78% of participants in genome-wide association studies are of European ancestry, and although Africa bears roughly 25% of the global infectious disease burden, the continent contributes less than 3% of the genomic data used in such studies. Achieving equitable precision medicine will require sustained investment in African biobanks, federated AI approaches that keep data in-country, locally led translational research, and tiered diagnostic infrastructure. Molecular biology must now evolve from discovery to delivery: converting converged technologies into regulated, affordable, and decentralized diagnostics that serve all populations equitably.
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1. Introduction and Scope of the Review
1.1 Background and Context
Molecular biology investigates biological processes at the level of nucleic acids, proteins, and metabolites, and it provides the conceptual foundation for modern diagnostics (Alberts et al., 2022). For much of the twentieth century this foundation was summarized by the central dogma—a directional flow of information from DNA through RNA to protein. Contemporary research has substantially complicated that linear picture: gene regulation operates through chromatin remodeling, DNA methylation, histone modification, and an expansive repertoire of non-coding RNAs (Lodish et al., 2021; Statello et al., 2021). Each of these regulatory layers has, in turn, become a source of measurable diagnostic signal.
The genomic revolution accelerated the transformation. The Human Genome Project established the reference framework for human genetics, and successive generations of sequencing technology have reduced the cost of sequencing a human genome from approximately US$3 billion to a few hundred dollars (National Human Genome Research Institute [NHGRI], 2025). The World Health Organization (WHO) now recognizes genomics as central to public health and has called for accelerated access to genomic technologies, particularly in low- and middle-income countries (WHO, 2022a).
In parallel, two further technology families have reached maturity. First, CRISPR–Cas systems—originally an adaptive immune mechanism in bacteria—were repurposed into programmable tools for genome and RNA manipulation (Doudna & Charpentier, 2014; Jinek et al., 2012), culminating in high-precision editing approaches such as prime editing (Anzalone et al., 2019) and, of particular importance for diagnostics, in nuclease-based platforms for nucleic acid detection. Second, artificial intelligence (AI), especially deep learning, has transformed the interpretation of high-dimensional biological data—from protein structure prediction (Jumper et al., 2021) to AI-guided CRISPR design and outcome prediction (Thomson et al., 2026).
This convergence is redefining diagnostics. For infectious diseases, cancer, and antimicrobial resistance (AMR), diagnostic practice is shifting from syndromic to molecular, from centralized to decentralized, and from population averages to patient-specific profiles. The central question addressed in this review is whether—and under what conditions—this shift can be achieved equitably, including in health systems such as Nigeria's, where diagnostic infrastructure remains limited.
1.2 Significance and Rationale
Diagnostic innovation is occurring at unequal speed globally. While high-income countries deploy whole-genome sequencing (WGS), CRISPR-based diagnostics, and AI-assisted decision support in routine care, most LMIC laboratories still rely on microscopy, culture, and phenotypic methods (WHO, 2022a). The COVID-19 pandemic exposed the consequences of this divide: countries with established molecular capacity scaled up testing within weeks, whereas many others required months to mount an effective response. Three technology families are now simultaneously mature—omics, whose per-genome cost has fallen by roughly seven orders of magnitude (NHGRI, 2025); CRISPR diagnostics, with reagent costs below US$5 per test (Kellner et al., 2019); and AI systems capable of interpreting multi-omic data in minutes (Hasin et al., 2017).
This review is motivated by four interrelated gaps in the literature. First, omics, CRISPR diagnostics, and AI are typically reviewed in isolation rather than as components of a single integrated pipeline. Second, barriers to clinical deployment in LMICs—infrastructure, workforce, regulation, and cost—remain under-reported relative to technical advances. Third, human genomic research remains profoundly inequitable: an estimated 78% of individuals included in genome-wide association studies are of European ancestry (Sirugo et al., 2019). Fourth, diagnostic research disproportionately emphasizes cancer, even though infectious diseases and AMR dominate preventable mortality in many LMICs.
The Nigerian context sharpens this rationale. Nigeria is among the 30 high tuberculosis (TB) burden countries, accounting for approximately 4.6% of the global TB caseload and ranking first in the WHO African Region (WHO, 2024). Faster and more precise diagnosis is a precondition for meeting the Sustainable Development Goal 3 health targets. WGS linked to AI-assisted interpretation, for example, can compress the interval between suspicion of drug-resistant TB and the initiation of appropriate therapy from several weeks to a few days, with corresponding reductions in transmission and mortality. Epidemiologically, the difference between weeks and days is the difference between sustained and interrupted transmission.
1.3 Objectives, Scope, and Structure
This review pursues four objectives: (a) to synthesize recent advances in omics, CRISPR–Cas, and AI technologies as they pertain to molecular diagnostics; (b) to evaluate translational case studies in infectious diseases, cancer, and AMR; (c) to identify the infrastructure, workforce, and governance requirements for implementing precision diagnostics in LMICs; and (d) to propose a strategic roadmap for equitable precision diagnostics in Africa, with Nigeria as the focal case.
Scope and approach. This article is a narrative review. Literature published predominantly between 2018 and 2026 was identified through searches of PubMed and Google Scholar, prioritizing primary studies, authoritative reviews, and policy documents from the WHO and national agencies. Two of the authors' related reviews of CRISPR–Cas technologies have been published and are cited as such (Elemuwa, 2026a, 2026b); where illustrative local context continues to depend on an unpublished manuscript, it is explicitly identified as unpublished (Elemuwa, 2026c). The remainder of the review proceeds from scientific foundations (Section 2), through technology-specific advances (Sections 3–5) and clinical applications (Section 6), to implementation architecture and ethics (Sections 7–9), before outlining future directions, conclusions, and a costed action roadmap (Sections 10–11).
2. Foundations: From Molecular Biology to Molecular Diagnostics
2.1 The Central Dogma and Its Expansion
DNA stores biological information in its nucleotide sequence, and the expression of that information into RNA and protein constitutes the functional output of the genome (Alberts et al., 2022). Chromatin structure—the packaging of DNA with histone proteins—modulates the accessibility of genomic regions and thereby the rate at which genes are expressed. The practical consequence for diagnostics is that RNA and protein measurements reveal layers of physiology and pathophysiology that are invisible to DNA sequence alone.
2.2 Non-Coding RNAs as Diagnostic Signal
Beyond transcription and translation, gene regulation operates at RNA processing, RNA stability, and protein degradation. Non-coding RNAs—particularly microRNAs and long non-coding RNAs—are potent regulators of gene expression and, because they are detectable in blood and other body fluids, serve as candidate diagnostic and prognostic biomarkers in cancer and other diseases (Statello et al., 2021).
2.3 Epigenetics and Gene–Environment Interaction
Epigenetic mechanisms—principally DNA methylation and histone modification—influence disease risk and progression without altering the underlying DNA sequence (Feinberg, 2018). Critically for diagnostics, several epigenetic marks are stable and measurable in peripheral blood: DNA methylation signatures underpin emerging cancer screening tests and quantitative estimators of biological age (Allis & Jenuwein, 2016; Horvath, 2013). Epigenetics thereby converts environmental exposures into molecular measurements that can be assayed routinely.
Taken together, these foundations explain why modern diagnostics increasingly read the genome, transcriptome, epigenome, proteome, and metabolome as an integrated system rather than as isolated analytes (Hasin et al., 2017). Figure 1 presents the conceptual framework that guides the remainder of this review: multi-omics profiling, CRISPR–Cas genome engineering, and AI converge in an integrated precision diagnostics engine, whose outputs feed clinical decision-making and public health surveillance, and whose equitable operation rests on an implementation foundation of infrastructure, workforce, governance, and population-relevant data resources.
Figure 1
Conceptual framework for integrated precision diagnostics. Multi-omics, CRISPR–Cas genome engineering, and artificial intelligence converge in an integrated diagnostics engine; equitable implementation depends on the foundation layer. Framework developed by the authors from the literature reviewed in Sections 2–5.
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3. The Omics Revolution in Diagnostics
3.1 Genomics
Whole-genome and whole-exome sequencing (WES) now underpin two complementary diagnostic enterprises: the diagnosis of rare genetic disease and the surveillance of pathogens (Gardy & Loman, 2018). In clinical genetics, rapid WGS shortens the diagnostic odyssey of critically ill patients by identifying pathogenic variants that single-gene panels miss. In public health, pathogen genomics permits outbreak investigation at unprecedented resolution: transmission chains can be reconstructed within approximately 24 hours of specimen receipt (Gardy & Loman, 2018). A further landmark is the first draft human pangenome reference, assembled from 47 genetically diverse individuals, which begins to correct the reference bias that has historically disadvantaged non-European populations (Liao et al., 2023).
3.2 Transcriptomics
RNA sequencing (RNA-seq) quantifies gene expression genome-wide and has become a standard tool for molecular subtyping of cancers (Wang et al., 2009). At single-cell resolution, transcriptomics resolves intratumoral heterogeneity, therapy-resistant subclones, and minimal residual disease, with direct implications for prognosis and treatment selection (Lim et al., 2020). In infectious disease, host transcriptomic signatures can discriminate bacterial from viral infection and can presage sepsis earlier than conventional clinical markers.
3.3 Proteomics
Mass-spectrometry-based proteomics identifies protein biomarkers and post-translational modifications that are not evident from DNA or RNA sequence alone (Aebersold & Mann, 2003). Because proteins are the proximal effectors of cellular pathology, proteomic signatures frequently track disease activity more closely than genomic measures; clinically, multianalyte protein panels are already used to stratify conditions such as ovarian cancer risk ahead of definitive diagnosis.
3.4 Metabolomics
Metabolomics—the systematic profiling of small-molecule metabolites, classically by nuclear magnetic resonance (NMR) and mass spectrometry—captures the biochemical phenotype of both host and pathogen (Nicholson et al., 1999). Established applications include newborn screening for inborn errors of metabolism, and metabolomic signatures are under study as early indicators of sepsis and other infection states.
3.5 Epigenomics
Genome-wide mapping of epigenetic states—through bisulfite sequencing for DNA methylation and assays for transposase-accessible chromatin (ATAC-seq) for chromatin accessibility—links regulatory biology directly to clinical measurement (Feinberg, 2018). In oncology, tissue-of-origin methylation patterns detected in circulating free DNA constitute the analytical core of emerging liquid biopsy platforms.
3.6 Multi-Omics Integration and Single-Cell and Spatial Biology
No single omics layer is sufficient to capture disease complexity. Multi-omics integration bridges genotype to phenotype and improves disease classification, prognostication, and prediction of treatment response (Hasin et al., 2017). Single-cell genomics and spatial molecular profiling now extend this integration to the level of individual cells and intact tissue architecture, resolving heterogeneity within tumors and infected tissues that bulk measurements average away (Gulati et al., 2025). Table 1 summarizes the principal omics modalities and representative diagnostic applications.
Table 1
Omics Approaches and Representative Diagnostic Applications
	Omics layer
	Core technologies
	Representative diagnostic applications

	Genomics
	WGS, WES
	Rare disease diagnosis; pathogen surveillance; TB drug-resistance profiling

	Transcriptomics
	RNA-seq, single-cell RNA-seq
	Cancer molecular subtyping; sepsis host-response signatures

	Proteomics
	LC–MS/MS
	Protein biomarker discovery; ovarian cancer risk stratification

	Metabolomics
	NMR, LC–MS
	Newborn screening for inborn errors of metabolism; sepsis research

	Epigenomics
	Bisulfite (methyl) sequencing, ATAC-seq
	Liquid biopsy for cancer; tissue-of-origin inference

	Multi-omics
	Integrated data analysis
	Precision oncology; integrated disease classification


Note. WGS = whole-genome sequencing; WES = whole-exome sequencing; LC–MS/MS = liquid chromatography–tandem mass spectrometry; NMR = nuclear magnetic resonance; ATAC-seq = assay for transposase-accessible chromatin using sequencing. Compiled from Hasin et al. (2017) and the sources cited in Sections 3.1–3.5.
4. CRISPR–Cas and Genome Engineering for Diagnostics
4.1 From Genome Editing to Nucleic Acid Detection
CRISPR–Cas systems entered biomedical practice as programmable genome-editing tools following the demonstration that Cas9 can be directed by a single guide RNA to cleave chosen DNA sequences (Jinek et al., 2012; Doudna & Charpentier, 2014; for recent reviews, see Elemuwa, 2026a, 2026b). Two class 2 Cas nucleases were subsequently found to exhibit collateral cleavage activity: upon binding its target, Cas12a indiscriminately degrades nearby single-stranded DNA (Chen et al., 2018), while Cas13a cleaves neighboring RNA (Gootenberg et al., 2017). This trans-cleavage behavior, coupled with isothermal pre-amplification, provides the enzymatic basis for CRISPR-based diagnostics.
4.2 Platform Architectures: SHERLOCK, DETECTR, and HOLMES
Three platforms illustrate the shared design logic (Figure 2). SHERLOCK (Specific High-sensitivity Enzymatic Reporter UnLOCKing) couples recombinase polymerase amplification (RPA) with Cas13a to detect RNA or DNA at attomolar concentrations, with lateral-flow readout suitable for field use (Gootenberg et al., 2017); its second generation added multiplexed detection and quantitative measurement (Gootenberg et al., 2018). DETECTR couples reverse-transcription LAMP amplification with Cas12a to detect DNA amplicons, achieving SARS-CoV-2 detection from respiratory swabs in approximately 30–40 minutes (Broughton et al., 2020). HOLMES employs Cas12a with PCR pre-amplification for fast, low-cost detection of DNA and RNA targets, including single-nucleotide discrimination (Li et al., 2018).
Figure 2
Generic workflow of CRISPR-based nucleic acid diagnostics. Isothermally amplified nucleic acid is recognized by a guide-programmed Cas12a/Cas13 nuclease, whose collateral cleavage of quenched reporters yields a fluorescent or lateral-flow readout. Compiled from Gootenberg et al. (2017, 2018), Chen et al. (2018), and Kellner et al. (2019).
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4.3 Performance Characteristics and Advantages
Across platforms, reported performance characteristics include attomolar-scale limits of detection, time to result of under one hour, minimal instrumentation (portable fluorescent readers or visual lateral-flow strips), and reagent costs compatible with large-scale deployment; protocol-level analyses report costs well below US$1 per reaction for research implementations, and complete fielded assays remain viable at below US$5 per test including consumables (Kellner et al., 2019). Because reagents can be lyophilized, assays can be configured for settings without a reliable cold chain—an attribute of decisive importance for rural health systems.
4.4 Applications
CRISPR diagnostics have been developed for SARS-CoV-2 (Broughton et al., 2020); for dengue and Zika viruses, for which multiplexed SHERLOCK assays were validated (Gootenberg et al., 2018); and for Mycobacterium tuberculosis with drug-resistance markers and panels of AMR genes in bacterial pathogens. Beyond pathogen detection, Cas-based assays can interrogate host genotypes and cancer-associated mutations, positioning the technology as a general-purpose platform for decentralized molecular testing. Multiplexed CRISPR designs are an active area of genome engineering with direct relevance to next-generation diagnostic panels (Cheng et al., 2025).
4.5 Limitations and Challenges
Several limitations temper these advantages. In editing contexts, off-target activity—cleavage at unintended genomic sites—must be quantified and mitigated; GUIDE-seq enabled the first genome-wide profiling of such sites and remains the reference method for off-target discovery (Tsai et al., 2015). For diagnostics specifically, remaining challenges include pre-amplification bias and contamination risk, quantitative imprecision relative to reverse-transcription quantitative PCR (RT-qPCR), limited multiplexing in field formats, and the absence of WHO prequalification or mature regulatory pathways for most assays (Kellner et al., 2019; WHO, 2021). Table 2 compares the principal platforms.
Table 2
Principal CRISPR-Based Diagnostic Platforms
	Platform
	Nuclease
	Target and pre-amplification
	Time to result
	Representative use cases

	SHERLOCK
	Cas13a
	RNA or DNA; RPA / RT-RPA
	Under 1 hr
	Dengue and Zika viruses; point-of-care viral detection

	DETECTR
	Cas12a
	DNA; RT-LAMP / RPA
	30–40 min
	SARS-CoV-2 from nasopharyngeal swabs

	HOLMES
	Cas12a
	DNA or RNA; PCR
	About 30 min
	SNP genotyping; AMR gene detection


Note. Times reflect assay performance reported in the cited implementations. RPA = recombinase polymerase amplification; RT-RPA = reverse-transcription RPA; RT-LAMP = reverse-transcription loop-mediated isothermal amplification; PCR = polymerase chain reaction. Compiled from Gootenberg et al. (2017, 2018), Chen et al. (2018), Li et al. (2018), Broughton et al. (2020), and Kellner et al. (2019).
5. Artificial Intelligence in Molecular Diagnostics
5.1 Roles Across the Diagnostic Pipeline
AI—principally machine learning and deep learning—contributes at three points in the diagnostic pipeline: discovery, by identifying predictive biomarker signatures within high-dimensional omics data (Hasin et al., 2017); interpretation, by classifying images, sequences, and spectra; and operations, by automating reporting, triage, and quality control. Structure-prediction systems such as AlphaFold2 (Jumper et al., 2021) and its successor AlphaFold3, which models interactions among proteins, nucleic acids, ligands, and ions (Abramson et al., 2024), enable structure-guided selection of diagnostic targets such as antibody-binding epitopes. In genome engineering, AI methods now support guide-RNA design, editor protein engineering, and prediction of editing outcomes (Thomson et al., 2026). Large language models encode substantial clinical knowledge and can assist in drafting structured reports, although human verification of their outputs remains essential (Singhal et al., 2023). Table 3 summarizes these roles.
5.2 The Data Equity Problem
The performance of any AI system is bounded by the diversity of its training data. Because an estimated 78% of individuals in genome-wide association studies are of European descent, polygenic risk scores and related models systematically underperform in African and other non-European populations (Sirugo et al., 2019). Models trained on non-representative data risk reproducing the very diagnostic inequities that precision medicine is intended to close. Two complementary strategies are available: expanding training datasets through African-led genomics programs, and federated learning, in which models are trained across institutions without exchanging identifiable patient data (Rieke et al., 2020). Both approaches allow African datasets to shape global models while retaining data governance locally.
5.3 Governance of Clinical AI
Safe clinical deployment further demands algorithmic transparency, local validation, post-deployment monitoring for model drift, and clear accountability (WHO, 2021). Regulatory science for AI-based diagnostics is still evolving; national regulators, including Nigeria's National Agency for Food and Drug Administration and Control (NAFDAC), will require dedicated assessment pathways for adaptive algorithms rather than one-off approvals designed for static devices.
Table 3
Roles of Artificial Intelligence Across the Molecular Diagnostics Pipeline
	Pipeline stage
	Contribution
	Representative methods or outputs

	Biomarker discovery
	Identification of predictive signatures in multi-omics data
	Deep learning feature extraction (Hasin et al., 2017)

	Structural interpretation
	Structure-guided selection of diagnostic and therapeutic targets
	AlphaFold2/AlphaFold3 (Jumper et al., 2021; Abramson et al., 2024)

	Genome engineering design
	Guide-RNA design, editor engineering, editing-outcome prediction
	Machine learning for CRISPR (Thomson et al., 2026)

	Clinical language tasks
	Drafting structured reports; knowledge synthesis
	Large language models (Singhal et al., 2023)

	Decentralized learning
	Model training across sites without centralized data sharing
	Federated learning (Rieke et al., 2020)


Note. Compiled from the sources cited; methods are representative rather than exhaustive.
6. Clinical Translation: Infectious Diseases, Cancer, and Antimicrobial Resistance
6.1 Molecular Diagnosis of Infectious Diseases
The replacement of culture- and serology-based algorithms by nucleic acid amplification transformed pathogen detection: real-time PCR enabled sensitive, specific, and rapid diagnosis across virology and bacteriology (Mackay et al., 2002), while loop-mediated isothermal amplification (LAMP) extended amplification-based testing to settings with minimal equipment (Notomi et al., 2000). Sequencing-based surveillance closes the loop by linking individual diagnoses to population-level transmission intelligence (Gardy & Loman, 2018). Two Nigerian case studies illustrate both the potential and the unresolved barriers.
6.2 Case Study: Tuberculosis
Tuberculosis remains one of the world's leading infectious causes of death, and Nigeria accounts for approximately 4.6% of global incident cases—the highest count in the WHO African Region (WHO, 2024). The workhorse molecular test, the Xpert MTB/RIF assay, delivers same-day detection of Mycobacterium tuberculosis and rifampicin resistance, but it interrogates only the rifampicin-resistance-determining region of rpoB; resistance mediated through other loci—alongside the katG and inhA mutations that underlie isoniazid resistance—is missed. Targeted next-generation sequencing of resistance loci, interpreted with AI-assisted variant calling, can recover the full rpoB, katG, and inhA resistance profile within approximately 72 hours of specimen receipt. Hybrid diagnostic pathways that couple Xpert-based screening with targeted sequencing have been reported to increase the proportion of multidrug-resistant TB cases detected by approximately 18% in Bayelsa State, Nigeria (Elemuwa, 2026c, unpublished manuscript). Each additional week of undiagnosed rifampicin-resistant TB perpetuates transmission; compressing time to appropriate therapy from roughly eight weeks under conventional phenotypic workflows to days under sequencing-based pathways is therefore among the highest-yield interventions available to the national TB program.
6.3 Case Study: Lassa Fever
Lassa fever is endemic in Nigeria, where seasonal outbreaks strain diagnostic capacity in rural states. Reverse-transcription PCR remains the reference standard for acute diagnosis. CRISPR–Cas13-based assays have been configured to detect Lassa virus RNA at limits of detection below 100 copies per milliliter within approximately 40 minutes and without a cold chain (Elemuwa, 2026c, unpublished manuscript)—a profile specifically suited to primary-care and outbreak settings. This configuration follows directly from the SHERLOCK platform family, whose earliest validations included viral hemorrhagic fever viruses alongside dengue and Zika (Gootenberg et al., 2017). The Lassa case illustrates a broader design principle for LMIC diagnostics: analytical sensitivity matters less than the combination of sensitivity, cost, and independence from cold-chain logistics.
6.4 Cancer Diagnostics and Therapy Selection
In oncology, precision diagnostics link molecular profiling to targeted therapy. The conceptual framework is the set of cancer hallmarks articulated by Hanahan (2022), which defines the molecular capabilities against which modern therapeutics are directed. Tumor genotyping assigns patients to targeted regimens; RNA-based subtyping refines classification within histologic categories (Wang et al., 2009; Lim et al., 2020); and liquid biopsy—the analysis of circulating tumor DNA (ctDNA)—enables non-invasive genotyping, monitoring of minimal residual disease, and early detection of relapse (Heitzer et al., 2019). Multi-analyte liquid biopsies increasingly integrate ctDNA, protein markers, and clinical variables, with machine learning used to combine modalities. For LMIC health systems, liquid biopsy is attractive precisely because it can in principle substitute venipuncture and sequencing for surgical biopsy and its attendant infrastructure—provided that cost and sequencing access barriers are addressed (Heitzer et al., 2019).
6.5 Antimicrobial Resistance as the Connective Challenge
AMR connects the infectious-disease and precision-medicine agendas. Resistance is fundamentally a molecular phenotype, and rapid molecular detection of resistance determinants—whether by PCR panels, CRISPR-based assays, or metagenomic sequencing—converts days-to-weeks of phenotypic culture into same-day or 72-hour reports. Because resistance mechanisms evolve continuously, molecular surveillance under the WHO Global Genomic Surveillance Strategy (WHO, 2022b) is the mechanism by which local detection accumulates into actionable national intelligence. The tiered network proposed in Section 8 is designed around precisely this logic.
7. Precision Medicine in Practice: From Bench to Bedside
Precision medicine integrates clinical, genomic, and environmental data to individualize care (Ashley, 2016). Operationally, the bench-to-bedside pathway runs from specimen collection, through multi-omic assay and computational interpretation, to clinical decision and outcome feedback into the underlying models. Each step is a potential failure point in LMIC implementation: specimen logistics, assay cost, computational infrastructure, clinician trust in algorithms, and the absence of feedback loops all constrain performance. WHO roadmaps for genomics emphasize that closing these gaps is a health-systems task—spanning financing, regulation, workforce, and data governance—rather than a purely technical one (WHO, 2022a). Table 4 accordingly frames Nigeria-specific strategic priorities in health-systems terms.
Table 4
Strategic Priorities for Precision Diagnostics in Nigeria
	Priority area
	Proposed actions
	Expected benefit

	Molecular diagnostics
	Scale PCR, sequencing, and point-of-care platforms across public laboratories
	Faster, more accurate diagnosis

	Genomic surveillance
	Establish a national pathogen genomics network
	Real-time tracking of AMR and outbreaks

	Bioinformatics
	Invest in training and high-performance computing infrastructure
	Local analysis and retention of genomic data

	Biobanking
	Develop ethically governed population sample repositories
	Population-relevant research and reference data


Note. Priorities proposed by the authors, adapted from the WHO Science Council framework for accelerating access to genomics (WHO, 2022a).
8. Implementation Architecture for Low- and Middle-Income Countries
8.1 A Tiered Diagnostics Network
Figure 3 proposes a four-tier national network. At the apex, the national reference laboratory performs whole-genome sequencing, maintains reference diagnostic methods and the national genomic database, and assumes overall quality assurance. Six zonal genomic surveillance hubs provide benchtop sequencing, bioinformatics, AMR and outbreak analysis, and training. State laboratories operate qPCR and nucleic acid amplification panels, targeted NGS, and culture with phenotypic drug-susceptibility testing. At the base, local government area (LGA) facilities and primary health centres deploy point-of-care assays—Xpert MTB/RIF, CRISPR lateral-flow tests, and LAMP-based platforms—and refer specimens upward. Specimens and isolates move up the pyramid; results, protocols, quality assurance, and surveillance feedback move down; a unified national database, governed by a national framework, aligns the system with the WHO Global Genomic Surveillance Strategy (WHO, 2022b). The design deliberately matches platform complexity to tier capacity, minimizing cost while preserving a referral path for every class of test.
Figure 3
Proposed tiered molecular diagnostics and genomic surveillance network for Nigeria. Specimens and isolates flow upward; results, quality assurance, and surveillance feedback flow downward. Framework proposed by the authors, aligned with the WHO Global Genomic Surveillance Strategy 2022–2032 (WHO, 2022b).
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8.2 Infrastructure and Bioinformatics
Sequencers are necessary but insufficient: value accrues only when data are analyzed and acted upon. Priorities include high-performance computing or trusted cloud partnerships, local bioinformatics capacity, interoperable laboratory information systems, and reliable electricity and connectivity—each a prerequisite for any AI deployment (WHO, 2022a).
8.3 Workforce
Sustainable implementation requires molecular laboratory scientists, bioinformaticians, data engineers, and clinicians fluent in genomic reporting. Training targets such as those proposed in Section 11 (for example, 1,000 bioinformaticians by 2030) should be embedded in medical laboratory science curricula and structured specialist fellowships rather than addressed through one-off short courses.
8.4 Financing and Regulation
Market-shaping measures—pooled procurement, technology-transfer agreements, and tiered pricing—are required to reduce assay costs. In parallel, NAFDAC evaluation pathways should be established for CRISPR-based tests and adaptive AI algorithms, drawing on WHO guidance for both genome editing and AI in health (WHO, 2021, 2022a).
9. Ethical, Legal, and Social Implications
Genomic data are simultaneously identifiable, familial, and probabilistic; governance must therefore provide secure storage, controlled access, and clarity about secondary use (WHO, 2021). Somatic genome editing raises safety questions that are being progressively addressed through off-target profiling and emerging regulatory guidance (Tsai et al., 2015; WHO, 2021), while heritable editing remains internationally contested (Elemuwa, 2026b).
Data equity is the defining ethical issue for LMICs: populations that contribute data to global models are entitled to share in the resulting diagnostic benefits (Sirugo et al., 2019). Benefit-sharing frameworks, sustained community engagement, and nationally owned biobanks with explicit governance are the practical instruments of this entitlement. Finally, precision diagnostics must not widen existing health inequities: test menus should be prioritized by disease burden and public health value, not by market attractiveness alone (WHO, 2022a).
10. Future Directions, 2026–2035
Four developments are likely to define the coming decade of precision diagnostics.
1.	Point-of-care and at-home testing. CRISPR paper-based assays for ctDNA and pathogens are expected to follow the trajectory already established by lateral-flow immunodiagnostics, moving from professional use toward regulated self-testing.
2.	Real-time genomic surveillance. Nanopore sequencing coupled with edge AI in zonal and state laboratories would shorten outbreak detection from weeks to days and embed genomics in routine public health practice (WHO, 2022b).
3.	Digital twins. Patient-specific multi-omic models for simulating drug response remain investigational, but their near-term value lies in population-scale in silico cohorts used for assay validation and clinical-trial design.
4.	Regulatory science for AI. Regulators will need durable pathways for adaptive, learning algorithms, with post-market performance monitoring analogous to pharmacovigilance (WHO, 2021).
Cross-cutting all four developments is the equity imperative: each advance must be designed from the outset for the infrastructure realities of LMICs, or global diagnostic inequity will compound rather than narrow (Sirugo et al., 2019; WHO, 2022a).
11. Conclusions and Recommendations
11.1 Conclusions
Molecular biology has evolved from the DNA–RNA–protein framework into an integrated discipline in which omics, genome engineering, and AI jointly define diagnostic capability. These technologies are redefining the speed, precision, and accessibility of diagnosis. The decisive questions are no longer chiefly technical; they concern financing, governance, workforce, and equity. For Africa—and Nigeria specifically—investment in diagnostics infrastructure, sequencing capacity, bioinformatics, and human capital is a precondition for equitable participation in precision medicine. The future of diagnostics will be data-driven, decentralized, and, if deliberately governed, equitable.
11.2 Recommendations
Policy and governance
•	Adopt a National Precision Diagnostics Strategy 2026–2035.
•	Fast-track NAFDAC evaluation pathways for CRISPR-based and AI-based diagnostics, drawing on WHO guidance (WHO, 2021).
•	Enact data-governance and benefit-sharing legislation for genomic data.
Research and infrastructure
•	Fund a 100,000-participant Nigerian biobank and cohort study with explicit community governance.
•	Build the tiered molecular diagnostics network described in Section 8.1 and Figure 3 (national, zonal, state, and LGA tiers).
•	Establish six zonal genomic surveillance hubs linked to the Nigeria Centre for Disease Control, aligned with the WHO Global Genomic Surveillance Strategy (WHO, 2022b).
Workforce
•	Train 1,000 bioinformaticians by 2030 and embed molecular diagnostics in medical laboratory science curricula.
•	Create precision medicine fellowships for clinicians and scientists.
Global collaboration
•	Deepen participation in H3Africa and WHO global genomic surveillance initiatives so that African data shape global guidelines (Sirugo et al., 2019; WHO, 2022b).
11.3 A 24-Month Action Roadmap
Table 5
Proposed 24-Month Action Roadmap for Nigeria
	Timeline
	Action
	Lead agencies

	0–6 months
	Launch national precision diagnostics taskforce
	FMOH; FMST

	6–12 months
	Pilot two zonal sequencing hubs
	NCDC; TETFund

	12–18 months
	Issue NAFDAC guidelines for CRISPR- and AI-based diagnostics
	NAFDAC

	18–24 months
	Sequence the first 10,000 genomes under the Nigerian biobank program
	H3Africa Nigeria partners


Note. FMOH = Federal Ministry of Health; FMST = Federal Ministry of Science and Technology; NCDC = Nigeria Centre for Disease Control; TETFund = Tertiary Education Trust Fund. Roadmap proposed by the authors.
Sequencing these actions—and publishing progress indicators annually—would convert strategy into accountable implementation. The technologies reviewed here are mature; the remaining task, and the decisive one, is delivery.
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