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GENOME-WIDE ASSOCIATION STUDIES: PROGRESS, PITFALLS, AND THE CASE FOR CENTRAL ASIA

ABSTRACT

Genome-wide association studies (GWAS) have become a cornerstone of modern genetics, enabling the identification of associations between common genetic variants and a wide range of traits and diseases. Over the past two decades, GWAS has led to major breakthroughs in understanding the genetic architecture of complex diseases and the development of precision medicine. This review presents a comprehensive overview of GWAS, highlighting its methodological foundations, technological tools, key findings, and limitations The review outlines the critical role of biobanks, genotyping technologies, and GWAS databases in advancing research, and emphasizes the importance of incorporating multi-ethnic and isolated populations to improve the reproducibility and applicability of GWAS results. The lack of population-wide GWAS in Central Asia, including Uzbekistan, underscores the urgent need for region-specific studies. This article advocates for the expansion and internationalization of GWAS to ensure equitable scientific and clinical benefits across all populations.
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INTRODUCTION

Genome-wide association studies (GWAS) have emerged as a pivotal methodology in contemporary genomics, enabling the systematic identification of statistical associations between common genetic variants—primarily single nucleotide polymorphisms (SNPs)—and a broad spectrum of phenotypic traits, including susceptibility to complex diseases. Over the past two decades, GWAS has transformed our understanding of the polygenic nature of many multifactorial conditions and has provided foundational insights into the genetic architecture of human health and disease. These discoveries have facilitated the development of polygenic risk scores, revealed novel biological pathways, and contributed substantially to the advancement of precision medicine.
Despite these notable advances, GWAS continues to face several critical challenges. These include the limited ability to interpret the functional significance of associated loci, the underrepresentation of genetically diverse and non-European populations in genomic studies, and the need for more robust and scalable technological and analytical frameworks to maximize discovery power and clinical relevance.
The objective of this review is to synthesize current knowledge regarding GWAS, examining their methodological principles, key contributions to biomedical science, and existing limitations. In particular, this review underscores the urgent need to expand GWAS to underrepresented populations, with a specific focus on Central Asia, to address global disparities in genetic research and improve the applicability of genomic findings across diverse populations.
This article will explore the following topics:
· The historical evolution and methodological development of GWAS;
· Major scientific and clinical achievements enabled by GWAS;
· The role of population-scale biobanks and international consortia in facilitating GWAS;
· Current technological platforms and computational strategies used in GWAS;
· Limitations of the approach and strategies for overcoming them;
· The integration of GWAS into clinical practice through precision medicine frameworks;
· Leading global GWAS data resources and repositories;
· The critical importance of conducting GWAS in Central Asian populations to enhance global genomic equity and discovery.

MATERIALS AND METHODS

This review was conducted using a structured and systematic approach in accordance with the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) guidelines. The goal was to synthesize current knowledge on genome-wide association studies (GWAS), focusing on methodological progress, limitations, and global as well as regional developments, particularly in underrepresented populations.
Literature Search Strategy.
A comprehensive literature search was performed in PubMed, Scopus, Web of Science, and Google Scholar databases. The search included combinations of the following keywords: "GWAS," "genome-wide association study," "genotyping technologies," "polygenic risk score," "biobank," "population genetics," "linkage disequilibrium," and "Central Asia."
The search was limited to: articles published between January 2003 and April 2025, peer-reviewed papers in English, studies with relevance to human genomics and population-scale data. Eligibility criteria included: original GWAS studies with ≥1000 participants, large-scale meta-analyses, reviews and database papers summarizing key GWAS resources or biobanks, articles highlighting regional or population-specific data, especially from underrepresented groups.
Study Selection and Data Extraction.
In total 342 records identified through database searching. After removal of duplicates, titles and abstracts were screened for relevance. Full texts of potentially eligible articles were reviewed. A total of 132 articles were included in the final synthesis. An extracted data points included: study objective and population, sample size, genotyping platform (e.g., SNP array, WGS, WES), outcomes or findings, contribution to functional interpretation or precision medicine.

RESULTS 

The Era of Genomic Discovery: GWAS as a Tool for Elucidating the Genetic Basis of Complex Traits
Advancements in high-throughput genomic technologies have catalyzed the expansion of genome-wide association studies (GWAS), enabling comprehensive interrogation of common genetic variation across the human genome. These studies leverage single nucleotide polymorphisms (SNPs) as molecular markers to detect statistically significant associations between genetic variants and phenotypic traits, both quantitative and qualitative, including susceptibility to complex diseases.
Following the development of next-generation sequencing and genotyping technologies, GWAS emerged as a pivotal population-scale methodology, facilitating the collection and analysis of large-scale clinical and genomic datasets. Through statistical and bioinformatic analyses, GWAS assess associations between genotyped SNPs and traits of interest, ranging from anthropometric measures (e.g., height, BMI) to disease phenotypes (e.g., diabetes, cardiovascular conditions, neuropsychiatric disorders).
Typically, GWAS encompass hundreds of thousands to millions of SNPs and include sample sizes from thousands to over a million individuals. These cohorts are often characterized by deep phenotyping, including demographic, lifestyle, and environmental variables, enhancing the power of genotype-phenotype association discovery.
A foundational milestone was the International HapMap Project, which mapped common patterns of SNP variation across global populations and provided the linkage disequilibrium (LD) reference framework necessary for the success of GWAS (1). As of 2025, over 5,700 GWAS have been conducted across more than 3,300 phenotypes (2), with sample sizes in some studies exceeding one million participants (3, 4), reflecting a substantial increase in statistical power and resolution.
The United Kingdom and the United States have led in the volume of GWAS, contributing over 3,000 studies collectively, encompassing millions of participants (5). These efforts have identified thousands of reproducible loci implicated in a wide array of common diseases and complex traits.
Although individual SNPs generally confer modest effect sizes, their aggregated contribution—quantified via polygenic risk scores (PRS)—has proven instrumental in disease risk stratification and the emerging field of precision medicine. For example, a meta-analysis of 4,155 GWAS across 558 phenotypes revealed 236,638 SNPs achieving genome-wide significance (p < 5×10⁻⁸), many of which exhibit pleiotropic effects and are enriched in gene regulatory and coding regions. Notably, approximately 90% of trait-associated SNPs reside in non-coding regions, with prominent representation in intergenic (34.3%) and intronic (43.6%) regions, underscoring the importance of non-coding DNA in human phenotypic diversity (2).
GWAS and the Role of Biobanks in Large-Scale Genomic Studies
Biobanks have been instrumental in accelerating GWAS by providing access to well-characterized, deeply phenotyped populations. One of the most prominent is the UK Biobank, comprising approximately 500,000 participants aged 40–69 at recruitment (2006–2010). These individuals contributed comprehensive health data and biospecimens, enabling large-scale genotyping and longitudinal follow-up. GWAS conducted within this cohort have identified genetic associations with schizophrenia, inflammatory bowel disease, cardiovascular conditions, diabetes, cancer, and neuropsychiatric disorders (6).
For example, a study utilizing UK Biobank data identified associations across 3,144 neuroimaging phenotypes, revealing genetic links to brain structure and function (7). The Neale Lab further expanded the utility of the UK Biobank by performing GWAS on 7,221 phenotypes across diverse ancestry groups, with openly accessible summary statistics (nealelab.is/uk-biobank). The Pan-UKBB project extended this effort by integrating underrepresented ancestral groups to enhance discovery potential and cross-population inference (8).
Similar national initiatives include the United States-based studies, which have produced high-impact findings across diseases such as diabetes (9, 10), coronary artery disease (10, 11), cancer (12), autoimmune disorders (13), substance use (14), Alzheimer’s (15), and Parkinson’s disease (16, 17).
In Japan, large-scale GWAS involving over 200,000 participants led to the establishment of the Japan Biobank. These studies uncovered genetic variants linked to cardiovascular disease, metabolic disorders, autoimmune conditions, and psychiatric traits (18).
In China, the China Kadoorie Biobank (CKB) includes over 512,000 participants recruited from ten regions between 2004 and 2008. Genotyping of over 100,000 individuals using customized Axiom arrays enabled a wide range of GWAS. A notable study published in Communications Biology (2024) identified novel loci associated with snoring, implicating genes such as SLC25A21, WDR11/FGFR, and ALDH2, and emphasizing anatomical and metabolic contributions to this phenotype (19). The CKB also provides open GWAS summary statistics via the PheWeb platform.
In the Middle East, the Qatar Genome Programme has conducted GWAS on over 6,000 individuals, leading to the discovery of 45 clinically relevant variants previously unreported in the region (20). In a 2024 study of type 2 diabetes (T2D) involving 11,436 individuals (2,765 cases, 8,671 controls), 93 known T2D loci were validated, and a novel locus near APOBEC3H and CBX7 was identified, specific to the Qatari population (21). These findings highlight the value of conducting region-specific GWAS to uncover population-unique associations and improve healthcare outcomes.
Technological Platforms for Genotyping in GWAS
The effectiveness of GWAS depends not only on sample size and population diversity but also on the genotyping technologies employed. Three principal technologies are utilized:
1. DNA Microarrays – Widely used for targeted genotyping of common variants; platforms include Illumina and Affymetrix.
2. Whole Genome Sequencing (WGS) – Enables comprehensive detection of all genetic variation, including rare and structural variants.
3. Whole Exome Sequencing (WES) – Focuses on protein-coding regions (~1% of the genome), balancing cost and functional relevance.
While microarrays remain the most common approach for GWAS due to cost-effectiveness and high throughput, WGS and WES offer superior resolution and are increasingly incorporated into studies, particularly for identifying rare variants and structural changes.
Microarray-based technologies utilize SNP-specific DNA probes immobilized on high-density chips. The hybridization of complementary DNA is detected via fluorescent labeling, producing raw data that are processed using bioinformatics pipelines to generate individual genotype profiles (see Figures 1 and 2).
Some studies integrate multiple technologies to enhance coverage, accuracy, and discovery power (see Figure 3).
GWAS Databases: Enabling Reuse and Discovery
A cornerstone of modern GWAS research is the availability of curated and open-access databases containing millions of genotype–phenotype associations. These repositories support hypothesis generation, replication, meta-analysis, and cross-population comparisons. Key resources include:
· GWAS Catalog (NHGRI-EBI): A curated, FAIR-compliant repository comprising over 45,000 published studies and 800,000 significant associations across 5,000+ traits (22, 23).
· GWAS Central: Aggregates summary statistics from over 5,000 studies, supporting cross-study comparisons and data visualization (24).
· GWAS Atlas: A multi-species database offering genetic correlations, heritability estimates, and functional annotations.
· OpenGWAS (IEU Bristol): Provides access to >42,000 GWAS datasets, supports Mendelian randomization, and features a programmatic API (25).
· PheWAS Catalog: Focuses on SNP–phenotype associations derived from electronic health records (ICD-9/10).
These databases enable researchers to:
· Identify trait-associated SNPs;
· Examine allele frequencies across populations;
· Calculate polygenic risk scores (PRS);
· Link genetic variants to regulatory functions (e.g., enhancers, promoters);
· Perform eQTL and functional annotation analyses.
A comparison of the major GWAS databases is presented in Table 2.

DISCUSSION

Current Limitations and Challenges in GWAS Interpretation
Despite its transformative impact, GWAS faces persistent methodological and conceptual limitations. One central issue is its limited ability to detect rare variants, which are better captured by whole-genome or exome sequencing approaches. GWAS operates primarily under the “common disease – common variant” hypothesis, potentially overlooking the contribution of low-frequency alleles with large effect sizes.
Furthermore, many SNPs identified by GWAS contribute only marginally to disease risk and explain a limited fraction of trait heritability. Nonetheless, there is increasing evidence that effect size is not always proportional to biological relevance. Loci with small statistical signals may map to genes or regulatory regions with key functional roles.
The interpretation of GWAS results is complicated by linkage disequilibrium, where associated SNPs may not be causal themselves but are correlated with causal variants. This can obscure mechanistic insights and complicate efforts to translate findings into clinical applications or therapeutic targets (26, 27).
A major limitation remains the lack of diversity in GWAS cohorts. As of 2025, over 86.5% of participants in the NHGRI-EBI GWAS Catalog are of European ancestry, with only 12% of Asian ancestry and a combined 1.5% representing African, Latin American, and other populations (5, 28) (see Figure 4). To date, no GWAS have been conducted in Central Asia, including within the genetically diverse Uzbek population.
This Eurocentric skew limits the global applicability of GWAS-derived findings and contributes to inequities in precision medicine. Diverse populations may harbor population-specific variants or exhibit distinct linkage patterns, which are not captured in predominantly European-focused analyses. As a result, polygenic risk scores and therapeutic predictions derived from Eurocentric datasets may perform poorly in other groups, undermining global health equity.
To address this, international efforts such as the PAGE Study, H3Africa, GenomeAsia 100K, and the African Genome Variation Project aim to diversify GWAS cohorts and enhance global genomic representation. Still, significant gaps remain, particularly in Central Asia and among Turkic-speaking and admixed populations.
Thus, expanding GWAS to encompass underrepresented ethnic groups is essential to improving the validity, transferability, and translational utility of genomic research. This will also enable the construction of more representative genetic reference panels, enhancing the accuracy of polygenic risk prediction, functional interpretation, and precision medicine deployment on a global scale.
Cross-Population Variability and the Role of Linkage Disequilibrium
In contrast to complex polygenic traits, Mendelian disorders are typically caused by rare, high-penetrance variants whose pathogenicity is largely independent of population structure. However, certain Mendelian conditions demonstrate gene–environment interactions, wherein phenotypic manifestation is contingent upon external exposures. For example, glucose-6-phosphate dehydrogenase (G6PD) deficiency, an X-linked enzymopathy, often remains asymptomatic until triggered by specific oxidant exposures such as fava beans or antimalarial drugs. Similarly, alpha-1 antitrypsin deficiency (AATD)—a codominant disorder resulting from pathogenic variants in the SERPINA1 gene—may lead to emphysematous lung damage predominantly in individuals exposed to tobacco smoke or environmental pollutants.
Table 1 and Figure 5 categorizes Mendelian diseases based on whether their expression is dependent on environmental triggers, providing critical context for interpreting genotype–phenotype relationships.
Furthermore, allelic heterogeneity, whereby different pathogenic mutations within the same gene cause the same disorder across populations, reflects divergent evolutionary histories. These population-specific variant spectra underscore the necessity for diverse inclusion in genetic studies.
Linkage Disequilibrium and Its Implications for GWAS Generalizability
Within the framework of the HapMap Project, extensive maps of linkage disequilibrium (LD) were generated, illustrating the non-random association of alleles at different loci. LD patterns are shaped by recombination rates, demographic events, and population history. Because humans are diploid and undergo meiotic recombination, adjacent SNPs on the same chromosome are inherited in blocks. Over generations, recombination erodes these haplotypes in a population-specific manner, resulting in distinct LD structures across ethnic groups.
Consequently, tag SNPs identified in one population may inadequately capture causal variants in another, limiting trans-ethnic portability of GWAS findings. For instance, a risk-associated SNP in strong LD with a causal variant in European populations may not exhibit similar LD strength in African or Central Asian populations, complicating replication and fine-mapping efforts (see Figure 6).
The out-of-Africa migration approximately 80,000 years ago resulted in successive population bottlenecks and founder effects, producing extended LD blocks in non-African populations compared to more diverse and recombinationally fragmented African genomes (29).
Isolated Populations and Founder Effects: A Strategic Avenue for GWAS
Genetically isolated populations, shaped by geographical or sociocultural barriers and founder events, offer unique opportunities for GWAS. Due to reduced genetic heterogeneity and elevated frequencies of otherwise rare alleles, these populations provide enhanced statistical power for variant discovery (30-33).
Advantages of conducting GWAS in isolated populations include:
· Increased long-range LD, improving imputation accuracy;
· Reduced allelic heterogeneity, which enhances detection of genotype–phenotype correlations;
· Greater power in burden testing and rare variant aggregation.
Linear mixed models are commonly employed in these studies to account for cryptic relatedness and population structure. However, results obtained from isolated populations must be cautiously interpreted, as highly enriched variants may be too rare in broader populations for replication. Nonetheless, functionally convergent variants across populations can validate the biological significance of implicated genes. For example, APOA5 variants affecting triglyceride levels in Sardinians have been supported by independent loci associated with cardiovascular risk in continental European cohorts (34, 35).
GWAS as a Platform for Therapeutic Target Discovery
GWAS has provided valuable insight into the polygenic architecture of disease, yet the translation of statistical associations into actionable therapeutic targets remains complex. Since the first GWAS was published in 2005, this approach has uncovered risk loci for numerous diseases, including age-related macular degeneration (36), inflammatory bowel disease (IBD) (37-39), and type 2 diabetes (40, 41).
In the case of IBD, over 200 risk loci have been identified, implicating pathways in autophagy, barrier integrity, and immune regulation (42). Despite this progress, many associated SNPs lie in non-coding regions, making functional interpretation difficult. Fine-mapping and integration with expression quantitative trait loci (eQTL) and chromatin interaction datasets are critical for pinpointing causal genes (43, 44).
Emerging models such as the omnigenic hypothesis suggest that thousands of variants of small effect, even those outside classical disease pathways, can influence disease risk by modulating gene regulatory networks (45-47). Highly connected hub genes in these networks tend to be under negative evolutionary selection, and perturbations to their regulation may have widespread phenotypic effects (48, 49).
Therefore, therapeutic target identification is increasingly guided by systems biology, network topology, and multi-omics integration, which can contextualize GWAS signals within complex regulatory frameworks.

CONCLUSION

Over the past two decades, genome-wide association studies have revolutionized our understanding of the genetic architecture underlying complex traits and diseases. Despite the identification of thousands of trait-associated loci, several limitations persist—including incomplete heritability, challenges in functional interpretation, and stark population underrepresentation.
To fully harness the potential of GWAS, future directions should emphasize:
· Inclusion of genetically diverse and underrepresented populations;
· Integration of multi-omics data and network-based analyses;
· Deployment of next-generation sequencing technologies;
· Enhanced functional annotation frameworks;
· Greater international collaboration and open-access data sharing.
In this context, initiating population-wide GWAS in Central Asian nations such as Uzbekistan is not only scientifically justified but ethically imperative. Such efforts will foster more inclusive, equitable, and effective genomic medicine on a global scale.
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Figure 1.A DNA microarray contains hundreds of thousands of nano-wells with immobilized DNA probes that hybridize with and detect the target DNA
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Figure 2.The hybridization principle used in DNA microarray technology
Figure 3.Distribution of genome-wide association studies represented in the GWAS Catalog by the genotyping technologies used.






[image: ]Figure 4. Comparative number of GWAS across populations. Distribution of the total volume of genome-wide association studies conducted among global populations (according to the GWAS Diversity Monitor database (28).High
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Figure 5. Effect sizes of variants influencing the reproducibility of genotype–phenotype associations across populations (adapted from Sirugo et al., 2019 (21)).European tag-SNP
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Figure 6. Differences in linkage disequilibrium affecting the reproducibility of genotype–phenotype associations between populations (adapted from Sirugo et al., 2019 (21)).
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Table 1
 Examples of Mendelian diseases that manifest both independently and under environmental conditions.
	Disease
	Gene
	Chr
	Mutation
	Manifestation

	Cystic Fibrosis
	CFTR
	7
	ΔF508
	Impaired lung and pancreatic function

	Sickle Cell Anemia
	HBB
	11
	Glu6Val
	Chronic anemia, pain, organ damage

	Hemophilia A
	F8
	X
	IVS22 Inversion
	Impaired blood clotting

	Huntington's Disease
	HTT
	4
	CAG repeats
	Neurodegeneration, motor and mental disorders

	Achondroplasia
	FGFR3
	4
	Gly380Arg
	Short stature, disproportionate body

	Marfan Syndrome
	FBN1
	15
	Missense mutations
	Tall stature, heart and vision problems

	Tay–Sachs Disease
	HEXA
	15
	1278insTATC
	Neurodegeneration, blindness, seizures

	G6PD Deficiency (Favism)
	G6PD
	X
	Various mutations
	Hemolytic anemia when consuming beans or under certain medications

	Phenylketonuria (PKU)
	PAH
	12
	Various mutations
	Intellectual disability and seizures when consuming phenylalanine-containing foods (meat, dairy, nuts)

	Hemochromatosis
	HFE
	6
	C282Y, H63D
	Liver cirrhosis, diabetes, cardiomyopathy with high iron intake or frequent transfusions

	Porphyria
	Various
	Various
	Various mutations
	Photosensitivity, abdominal pain, neurological symptoms triggered by drugs, alcohol, fasting, sunlight

	Alpha-1 Antitrypsin Deficiency (AATD)
	SERPINA1
	14
	Various mutations
	Lung emphysema in smokers or those exposed to air pollution

	Acquired Lactose Intolerance
	LCT
	2
	Various mutations
	Diarrhea, bloating, abdominal pain after consuming dairy products


 Table 2.
Brief overview of the most widely used GWAS databases available to researchers.
	Database Name
	Description
	Data Type
	Species
	Tools and Features

	GWAS Catalog
	Curated database by EBI and NHGRI, includes published SNP-phenotype associations in humans.
	SNP-phenotype associations, p-value, OR
	Human
	Search by SNP, gene, disease; visualization; export

	OpenGWAS
	Open database containing GWAS summary statistics, designed for MR and other analyses.
	Summary statistics, beta, SE, p-value
	Human
	API, download, MR tools, visualization

	GWAS Central
	Integrates data from various GWAS sources, supports visualization and comparison.
	Phenotypic and genomic associations, visualization
	Human
	Search by publications, filtering, comparative analysis

	PheWAS Catalog
	Catalog of SNP associations with multiple phenotypes based on electronic health records.
	SNP → multiple phenotypes (ICD-9/10)
	Human
	Search by SNP and phenotypes, interactive plots

	GWAS Atlas
	Contains GWAS data for humans, plants, and animals; supports agrigenomics and comparative analysis.
	Cross-species GWAS associations

	Human, plants, animals
	Cross-species search, trait-based filtering
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