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Introduction
Genome-wide association studies (GWAS) have identified numerous loci associated with complex diseases, yet their predictive power in small or genetically homogeneous populations remains limited. Integrating machine learning with GWAS offers a path to improve risk prediction and uncover functional variants relevant to precision medicine.
Methods
DNA samples from Taiwanese Hakka individuals with type 2 diabetes, hypertension, and eye diseases were analyzed. After standard quality control, 295,589 SNPs were retained. Fourteen machine-learning algorithms were evaluated using SNPs selected through traditional GWAS filtering and refined via wrapper-based feature selection with a best-first search algorithm. Model performance was assessed by internal cross-validation and external validation using Taiwan Biobank data, and functional annotation was conducted through GTEx v10 cis-eQTL analysis.
Results
Predictive models relying solely on significant GWAS SNPs achieved moderate internal accuracy but limited generalizability. Incorporating feature-selected SNPs markedly improved performance: the Random Forest model achieved accuracies above 88% in cross-validation and above 85% in external validation, confirmed by 1,000× bootstrap resampling. eQTL analysis identified functional associations such as rs12121653-KDM5B and rs12121653-MGAT4EP, implicating pathways involved in metabolic and mitochondrial regulation.
Discussion
These findings demonstrate that integrating GWAS with machine-learning-based feature selection enables the construction of robust, population-specific disease risk models. Given the small sample size of the discovery cohort (n = 96), all predictive results should be interpreted as exploratory. We employed stringent cross-validation and 1,000× bootstrap resampling to reduce overfitting, and genomic control metrics (QQ plots and λGC values) were evaluated to ensure no major test statistic inflation. Independent large-scale validation will still be required. The approach effectively captures additive and interaction-driven genetic components and provides a scalable framework for applying precision medicine to underrepresented or isolated populations.

Keywords: type 2 diabetes, genome-wide association studies, machine learning, algorithmic rules, disease risk prediction
1 INTRODUCTION
The global trend of population aging has led to a rapid increase in the prevalence of Non-communicable diseases (NCDs), contributing to the growing phenomenon of multimorbidity, whereby individuals concurrently suffer from multiple NCDs (Forouzanfar, 2016; Zhao et al., 2020). Currently, approximately one-third of the adult population worldwide is affected by multimorbidity, which not only places substantial strain on healthcare systems but also imposes significant economic burdens (Chowdhury et al., 2023; Hajat and Stein, 2018; Marengoni et al., 2011; Nguyen et al., 2019). This issue is particularly pronounced in low- and middle-income countries, which bear nearly 80% of the global NCD burden (Organization, 2013). Against this backdrop, elucidating the shared genetic underpinnings of diseases and developing precise predictive tools have emerged as critical priorities in precision medicine, with special relevance for populations possessing unique genetic backgrounds. Among NCDs, the global rise of diabetes has emerged as a significant public health crisis. According to the International Diabetes Federation (IDF) 2021 report, the prevalence of diabetes among individuals aged 20–79 worldwide has reached 10.5% and is projected to further increase to 12.2% by 2045 (Sun et al., 2022). Patients with diabetes are at elevated risk for a range of severe complications, including cardiovascular disease, kidney disease, eye disorders, neurological damage, lower-limb amputations, pregnancy-related complications, and premature mortality (Flores-Le Roux et al., 2011; Plantinga et al., 2010; Spijkerman et al., 2003; Organization, 2009).
GWASs have played crucial roles in elucidating the genetic mechanisms underlying diseases and in identifying potential therapeutic targets (Sachidanandam et al., 2001). Research has demonstrated that the development of Type 2 diabetes mellitus (T2D) and conditions such as obesity are influenced by the combined effects of multiple single-nucleotide polymorphisms (SNPs). However, many of these SNPs are located in noncoding regions of the genome and may indirectly contribute to disease development through the regulation of tissue-specific gene activity (Visscher et al., 2017; Schierding et al., 2018). Despite these findings, the functional mechanisms of SNPs in non coding regions remain largely unclear. Furthermore, most existing disease risk prediction models rely heavily on non-genetic factors, such as lifestyle and family history, which limits their predictive accuracy (Jostins and Barrett, 2011; Wang et al., 2016). Traditional GWAS approaches focus primarily on detecting the marginal effects of individual variants and are limited in their capacity to capture potential interactions among SNPs. Therefore, there is an urgent need to develop more precise disease prediction models. The integration of machine learning techniques for multivariate analysis and feature selection has been recognized as a promising strategy to increase predictive accuracy. Despite advances in genome-wide association studies (GWAS) and polygenic risk scoring, predictive models for small and genetically isolated populations remain underdeveloped. Traditional GWAS approaches often fail to generalize due to limited statistical power and the inability to capture complex SNP interactions. To address this limitation, we integrated GWAS with machine learning-based feature selection to construct robust, population-specific disease risk models in the Hakka population of Taiwan.
The Hakka population originates in northern China, with significant migration to Taiwan occurring in the 17th century. The Hakka community has traditionally practiced endogamy, leading to the formation of a population with a distinctive genetic background. According to statistics from the Hakka Affairs Council of Taiwan in 2021, the Hakka population in Taiwan exceeds 4.66 million, accounting for approximately 19.8% of the total Taiwanese population, and is primarily concentrated in regions such as Taoyuan, Hsinchu, and Miaoli. The relative genetic isolation of Hakka has contributed to a higher prevalence of certain genetic disorders, including hypertension and thalassemia (Cai et al., 2023; Wu et al., 2022; Lin et al., 2013; Chien et al., 1992), and has been shown to influence their response to statin therapy (Zhong et al., 2018). Given the high genetic homogeneity and unique disease prevalence within the Hakka population, they represent an ideal group for investigating associations between genetic variations and disease risk, making them particularly well-suited for studies in precision medicine. Although GWASs have demonstrated significant success in large populations with high genetic diversity, considerable challenges remain when GWASs are applied to studies involving small sample sizes or relatively isolated populations. For example, isolated populations such as those in the Faroe Islands exhibit high levels of genetic homogeneity due to consanguinity, which further complicates GWAS analyses (Gislason, 2023). To address these challenges, recent studies have explored the integration of protein-protein interaction networks and gene expression data to improve predictive accuracy in the context of limited sample sizes (Guo et al., 2021). Additionally, optimizing the ratio of cases to controls has been shown to increase the robustness of statistical analyses (Hong and Park, 2012). Genetic risk prediction models are commonly developed using polygenic risk scores or machine learning approaches (Wei et al., 2009; Abraham and Inouye, 2015). The predictive performance of these models is typically evaluated via receiver operating characteristic (ROC) curves (Jostins and Barrett, 2011; Wang et al., 2016; Vihinen, 2013; Kooperberg et al., 2010). By identifying and selecting the most informative features from genotype data, it is possible to achieve optimal prediction accuracy for the target disease (Quinlan, 1990; Schapire and Freund, 2012; Okser et al., 2014). Advanced models often employ gradient descent and iterative parameter optimization procedures to enhance predictive performance, continually refining the model until convergence on an optimal solution is achieved (Yuan, 2008; Mehta et al., 2019). Ultimately, predictive models are subject to validation to determine their effectiveness in disease risk prediction (Abraham and Inouye, 2015; Vihinen, 2012). However, genome-wide analyses in genetically homogeneous groups often suffer from low statistical power due to limited sample size. These constraints necessitate careful modeling strategies and rigorous validation to avoid overfitting and to ensure reproducibility. In this context, the present study should be viewed as a methodological pilot rather than a definitive association-mapping effort.
This study focused on the Hakka population in Taiwan, utilizing data from Pingzhen District Hospital and the Taiwan Biobank (TWB). By integrating innovative SNP selection strategies with advanced machine learning techniques, this study aimed to overcome the inherent challenges associated with small-sample research. In predicting the risk of T2D, hypertension, and eye diseases, the random forest model demonstrated particularly strong performance, achieving high predictive accuracy in both cross-validation and external validation analyses. These findings not only deepen our understanding of the unique genetic background of the Hakka population but also underscore the importance of incorporating population-specific genetic information into precision medicine frameworks, thereby laying a critical foundation for future clinical applications and personalized healthcare. In summary, this study successfully combined GWAS and machine learning methodologies, with a focus on the Hakka population as the core study group. This research established a population-adapted disease risk prediction model and revealed potential genetic mechanisms underlying disease susceptibility, providing a robust scientific basis for the advancement of precision medicine.
2 MATERIALS AND METHODS
2.1 Study population and data preprocessing
The training dataset for this study was derived from the Landseed Integrated Outreaching Neighborhood Screening, (LIONS) project, which was initiated in 2005 by Landseed International Hospital in Pingzhen District, Taoyuan city, Taiwan (Chang et al., 2019). The primary aim of the LIONS project was to investigate chronic diseases and related risk factors among adults aged 30 years and older who had resided in the area for at least 30 years. Households were selected via probability sampling proportional to size. Taoyuan is a major settlement area for the Hakka population in Taiwan, and according to the 2021 Survey of Hakka Population and Language Use in Taiwan (Figure 1), approximately 905,000 Hakka individuals reside in this region. Therefore, this demographic context was crucial for the selection of our study samples. Data preprocessing encompassed outpatient and inpatient records collected by Landseed International Hospital between 2007 and 2015. The initial dataset comprised 4,426,698 clinical visits, representing 517,781 individuals. The preprocessing steps included: (1) removing records with inconsistencies in reported sex, and (2) excluding vulnerable populations such as children and pregnant women. After preprocessing, the final dataset consisted of 517,464 individuals, providing a solid foundation for subsequent analyses. For external validation, data from the TWB were utilized. The 96 Hakka individuals from the Landseed LIONS project constituted the sole discovery and training cohort for model development, and none of these individuals overlapped with participants from the Taiwan Biobank used exclusively for external validation. The TWB dataset includes extensive phenotypic information collected through a structured questionnaire system, encompassing demographic characteristics, socioeconomic status, environmental exposures, lifestyle behaviors, dietary habits, family medical history, and self-reported disease conditions. The detailed genotyping procedures have been previously described by Wei et al. (2021).
[image: Bar chart and map show the top 10 counties and cities in Taiwan with the most Hakka people. Taoyuan City has the highest number, followed by New Taipei City and Taichung City. The map highlights areas with varying Hakka populations, with darker shades indicating higher numbers.]FIGURE 1 | Distribution Map of the Hakka population in the Taiwan Region. This image illustrates the distribution of the Hakka population across various counties and cities in Taiwan. The bar chart on the left shows the top 10 counties and cities with the largest Hakka populations. On the right, a map visually represents the distribution of the Hakka population across different regions of Taiwan. Different shades of color indicate varying numbers of Hakka people; darker color represent higher Hakka populations. The map reveals that the Hakka population is primarily concentrated in the northern and central regions, with Taoyuan city, New Taipei city, and Taichung city being the main areas of settlement.2.2 DNA sample preparation and genotyping
This study included DNA samples from 440 individuals who were diagnosed with hypertension, cataracts, or T2D, and represented multiple ethnic groups: Hakka (n = 242), Fujianese (n = 101), Hakka-Fujianese admixed individuals (n = 27), Indigenous Taiwanese (n = 8), and non-Taiwanese individuals (n = 62). To minimize potential genotyping errors arising from population heterogeneity, we focused subsequent analyses on the Hakka subgroup, which exhibited greater genetic homogeneity. DNA integrity was assessed via gel electrophoresis, and concentrations were standardized to 15–20 ng/μL via a NanoDrop 2000/2000c spectrophotometer. Supplementary Figure S1 summarizes the workflow and results. Among the 242 Hakka DNA samples, 84 were randomly selected from individuals diagnosed with the target diseases and related comorbidities for further analysis. In addition, 16 healthy Hakka individuals were selected as controls. The quality control (QC) procedures included confirming DNA integrity via electrophoresis and assessing potential contamination via spectrophotometric measurements, with acceptable optical density (OD260/230) ratios defined as >1.8 and 1.8 < OD260/280 < 2. As a result, four abnormal samples were excluded. Genotyping was performed via the Affymetrix C2-42 Axiom Genome-Wide TWB Array Plate, which generated raw genotypes for 752,921 SNPs, consistent with Supplementary Figure S2. Genotyping was conducted at the National Center for Genomic Medicine in Taiwan following the manufacturer’s protocols. Initial preprocessing included filtering on the basis of call rate, sex concordance, minor allele frequency, Hardy-Weinberg equilibrium, heterozygosity, and the exclusion of related individuals.
2.3 Genome-wide association studies (GWAS)
In the GWAS analysis of this study, we included genotype data from 96 Hakka DNA samples collected through the Pingzhen District Hospital population study (comprising 80 cases and 16 controls), as well as from 8,287 Hakka participants in the TWB. To ensure data quality and reliability, stringent quality control procedures were performed via PLINK (v1.9) (Purcell et al., 2007), following established protocols (Anderson et al., 2010; Marees et al., 2018). Standard GWAS quality control procedures were applied (detailed thresholds in Supplementary Figure S2), ensuring high-quality genotype data for downstream analyses. After quality control, 295,589 SNPs were retained from the hospital samples for subsequent analyses, ensuring the accuracy and robustness of the downstream analyses. Intermediate QC steps yielded 673,521 SNPs after missingness filtering and 295,624 SNPs after MAF filtering, before arriving at the final set of 295,589 SNPs used for GWAS. Supplementary Figure S2 summarizes the workflow and results. The GWAS findings were visualized via graphical representations such as Manhattan plots and Venn diagrams. In addition to reporting raw P-values, we indicated both Bonferroni-corrected and false discovery rate (FDR) significance thresholds in the Manhattan plots to account for multiple testing, although no single variant reached conventional genome-wide significance in this small cohort.
2.4 Covariate adjustment and genomic control
To address potential population structure and confounding, all primary GWAS models included sex as a covariate. In addition, we evaluated models incorporating the top principal components (PC1-PC3, PC1-PC5, and PC1-PC10). As shown in Supplementary Table S4, including additional PCs increased the genomic inflation factor (λGC), with values rising from approximately 1.02 (sex only) to as high as 1.15 (PC1-10). Given the very small discovery cohort and the relative genetic homogeneity of the Hakka population, this pattern likely reflects statistical instability from over-correction, rather than true population stratification. Therefore, following best-practice recommendations for small-sample GWAS, we retained the sex-adjusted model as the primary analysis. QQ plots and λGC values for all traits are presented in Figures 3d–f and Supplementary Table S4, demonstrating mild deviation from the null and no evidence of major test-statistic inflation.
2.5 Machine learning model development
This study evaluated fourteen widely used machine learning algorithms, including Naïve Bayes (John and Langley, 2013), LIBSVM (Chang and Lin, 2011), stochastic gradient descent support vector machine (SGD) (Platt, 1999), sequential minimal optimization for logistic regression (SMO) (Cessie and Houwelingen, 1992), k-nearest neighbors (KNN) (Aha et al., 1991), locally weighted learning (LWL) (Frank et al., 2012), RIPPER (Cohen, 1995), One Rule (Holte, 1993), PART (Frank and Witten, 1998), Zero Rule, C4.5 decision tree (Quinlan, 2014), logistic model trees (LMT) (Landw et al., 2005), Random Tree, and Random Forest (Breiman, 2001). To identify informative SNPs while minimizing redundancy, variants with P < 1 × 10−2 were first selected based on prior evidence suggesting that moderately significant SNPs may still contribute meaningful predictive signal (Narendra and Fukunaga, 1977; Montaez, 2018). Feature selection was then conducted using a wrapper-based procedure (Kohavi and John, 1997; John et al., 1994) combined with a best-first forward search strategy (Supplementary Figures S4 and S5). During this process, candidate SNP subsets were iteratively expanded, and each newly added SNP was evaluated according to its contribution to LOOCV accuracy. Variants that improved cross-validated performance were retained, and the search continued until no additional gain was observed. Importantly, this wrapper-based feature selection was performed once on the discovery cohort under LOOCV to obtain a stable and interpretable SNP subset for each disease. The resulting marker sets were then fixed for all subsequent analyses. For downstream robustness assessment, we focused on the best-performing classifier (Random Forest). Only the final Random Forest model was subjected to 10 × 10 repeated cross-validation (to evaluate internal stability) and to external evaluation through 1,000× stratified bootstrap resampling on the TWB Hakka cohort. Both procedures used the same fixed SNP subset and were performed without re-running feature selection, ensuring that robustness estimates reflected model stability rather than repeated optimization of the feature space. Feature selection and model tuning were performed exclusively in the discovery cohort; Taiwan Biobank samples were only used for external evaluation, ensuring a strict separation between training and validation data and preventing information leakage.
2.6 Expression quantitative trait loci (eQTL) analysis of disease-associated SNPs
To enhance the biological interpretation of disease-associated SNPs identified through GWAS, we cross-referenced significant variants with public data from the Genotype-Tissue Expression (GTEx) project, v10 (GRCh38). We retrieved its reported cis-eQTL associations directly from GTEx, defined within ±1 Mb of the gene transcription start site (TSS). We examined eQTL effects across all available tissues and summarized those most relevant to our phenotypes (e.g., adipose and skeletal muscle for T2D, arterial/whole blood for hypertension, and skin/ocular-related tissues for cataract/eye traits). Alleles and genomic coordinates were harmonized to the GRCh38 build following GTEx conventions (effect vs. non-effect allele). To avoid strand ambiguity, palindromic SNPs (A/T or C/G) with MAF ≥0.40 were excluded; non-palindromic sites were aligned by rsID and genomic position. All annotations are listed in Supplementary Table S3, including GTEx-derived fields such as gene_id, gene_name, tissue, slope, slope_se, pval_nominal, qval, and others. Only entries with q < 0.05 were considered significant and highlighted accordingly. The eQTL analysis was conducted as a post hoc biological interpretation to evaluate the functional relevance of SNPs identified by machine learning models, rather than being directly incorporated as features in the predictive modeling process.
3 RESULTS
3.1 Comorbidity association analysis
Association rule analysis was employed to investigate patterns of disease co-occurrence related to T2D within the Hakka population. The analysis revealed that hypertension was the most common comorbidity among individuals with T2D, with a prevalence rate of approximately 23% in outpatient records. Furthermore, eye diseases, including cataracts and diabetic retinopathy, presented the highest lift values, indicating that the risk of developing these conditions increased more than eightfold following the onset of diabetes. These associations were statistically validated using the chi-square test (P < 0.05). On the basis of these findings, T2D, hypertension, and eye diseases were selected as focal points for further analyses (Figure 2a). Network visualization (Figure 2b) further highlighted diabetes as a central condition, showing strong associations with common comorbidities such as hypertension, chronic kidney disease, and cardiovascular diseases, including heart failure and chronic ischemic heart disease. Although conditions such as cerebral artery occlusion and arrhythmia affect fewer individuals, their elevated lift values indicate abnormally high clustering within the diabetic population, warranting further investigation. These findings underscore the systemic nature of diabetes and emphasize the need for integrated disease management strategies, particularly those that target eye and cardiovascular complications.
[image: Table and network graph illustrating diseases associated with diabetes mellitus. The table lists diseases with ICD-9 codes, affected population, lift values, and significance indicated by asterisks. Key conditions include essential hypertension (14,474 people, 5.76 lift), and other retinal disorders (4,066 people, 11.78 lift). The network graph visualizes these diseases' connections, with nodes representing conditions and lines indicating associations. Color gradients represent the number of people and lift values.]FIGURE 2 | Results of association rule analysis for type 2 diabetes. (a) This table lists 11 diabetes-associated diseases, including the International Classification of Diseases (ICD-9) codes, the number of affected individuals, the lift, and the P-values for each disease. The lift indicates the ratio of the frequency of disease occurrence in diabetic patients to its frequency in the general population. A P-value less than 0.05 signifies statistical significance, with asterisks (*) in the table denoting diseases statistically significantly associated with diabetes. (b) The network diagram visually illustrates the relationships between diabetes and the diseases mentioned above. Each node in the diagram represents a disease, with the color and size of the node corresponding to the number of affected individuals. Darker color and larger nodes indicate a greater number of patients. The thickness of the edges represents the lift; thicker edges indicate a greater lift.3.2 GWAS findings
Following quality control, a total of 295,589 SNPs were retained for the GWAS analyses. For each trait (type 2 diabetes, hypertension, and eye diseases), we performed separate logistic regression GWAS and applied two exploratory significance thresholds. Using a stringent threshold (P < 1 × 10−4), the three trait-specific GWAS results yielded 10 (diabetes), 27 (eye diseases), and 20 (hypertension) associated SNPs. The union of these trait-specific sets contained 52 unique SNPs (Supplementary Figure S3). Using a more lenient threshold (P < 1 × 10−2), the GWAS yielded 2,848 (diabetes), 2,878 (eye diseases), and 2,883 (hypertension) associated SNPs, with a total of 5,973 unique SNPs in the combined union set (Supplementary Figure S3). These union sets served as the candidate feature pools for downstream machine-learning analyses, and the SNP selection results are summarized in Figure 3 and Supplementary Figure S3. Notably, we observed that several SNPs were shared across multiple diseases, suggesting the existence of common genetic mechanisms underlying these conditions. Across all three traits, the genomic inflation factors (λGC) from the sex-adjusted models ranged between 1.0202 and 1.0398, indicating minimal deviation from the null expectation. Models incorporating additional PCs showed progressively higher λGC values, reaching approximately 1.15, a pattern consistent with the known instability of PCA-based correction in small and genetically homogeneous samples. The QQ plots (Figures 3d–f) further support the adequacy of our GWAS calibration, showing near-null distributions with only mild tail inflation. These results suggest that the sex-adjusted model provides the most stable and interpretable association statistics for the present sample size. This phenomenon has been reported in other small-sample or isolated-population GWAS, where PCs may absorb genuine signal or introduce instability.
[image: Top row: Three Manhattan plots for diabetes, eye disease, and hypertension, each showing genetic association data across chromosomes, with significance thresholds. Bottom row: Three QQ plots for diabetes, eye disease, and hypertension, showing observed versus expected p-values with lambda genomic control values.]FIGURE 3 | Manhattan and quantile-quantile (QQ) plots of GWAS results for three diseases in the Taiwanese Hakka discovery cohort. Association tests were performed using logistic regression adjusting for sex. (a–c) show Manhattan plots for (a) type 2 diabetes (46 cases, 50 controls), (b) eye disease (34 cases, 62 controls), and (c) hypertension (42 cases, 54 controls). Each point represents a single SNP plotted by genomic position (x-axis; chromosomes 1-22 and X) and -log10(P) value (y-axis), with adjacent chromosomes distinguished by alternating blue and green colors. Horizontal reference lines indicate commonly used significance thresholds: red dashed line, P = 1 × 10−4; orange dotted line, P = 0.01; purple dashed line, FDR <0.05; black dashed line, Bonferroni-corrected genome-wide significance. (d–f) show QQ plots for the corresponding traits, comparing observed versus expected -log10(P) values under the null (red dashed line). Genomic inflation factors (λGC) are reported at the top of each QQ panel ((d): 1.0207 for diabetes; (e) 1.0202 for eye disease; (f) 1.0398 for hypertension), indicating minimal deviation from the null distribution and no evidence of major test-statistic inflation.3.3 Initial model performance using GWAS-selected SNPs
The initial predictive models were constructed on the basis of 52 SNPs identified through GWAS. To increase model robustness and mitigate the risk of overfitting, we employed LOOCV to maximize the utilization of limited sample sizes. Additionally, data from the TWBs, which represent individuals from the same geographical region, were used to further assess the external predictive performance of the models in the Hakka population residing in Pingzhen, Taoyuan. The results indicated that the T2D model built via LIBSVM achieved high accuracy during internal cross-validation (91.67%). However, its performance decreased sharply to 53.85% when it was validated externally via the TWB dataset, suggesting overfitting and poor generalizability. In contrast, although the random forest model exhibited lower accuracy in internal validation (84.4%), it maintained higher accuracy in external validation (69.23%), demonstrating comparatively stronger robustness. For the prediction of eye diseases, both the LIBSVM and Zero Rule models demonstrated the highest performance in cross-validation, achieving an accuracy of 64.58%. However, during external validation, the C4.5 decision tree model yielded the highest accuracy, reaching 75%, despite its lower performance in internal validation (43.75%). Similarly, in the prediction models for hypertension, the KNN and One Rule algorithms achieved relatively high accuracy in internal cross-validation (62.5%). Nevertheless, in the external validation, the LWL model performed best, achieving an accuracy of 51.52% (Supplementary Table S1). These findings highlight the limitations of building predictive models on the basis solely of SNPs selected from GWASs, particularly when these models are applied to independent datasets, where performance often declines owing to insufficient generalizability.
3.4 Enhanced model performance through feature selection and machine learning integration
Recognizing the limitations of relying solely on highly significant SNPs, we initially attempted to construct models using all 295,589 SNPs. However, due to feature redundancy and computational constraints, internal performance improved only marginally and external validation yielded limited gains. To enhance predictive efficiency, we applied a more lenient significance threshold (P < 1 × 10−2) to include additional informative variants for model training. A wrapper-based feature selection strategy combined with a best-first search algorithm was implemented to iteratively identify compact yet informative SNP subsets (Supplementary Figures S4 and S5). This process aimed to reduce redundancy and improve model interpretability. Cross-validation was applied to mitigate overfitting, and external validation was conducted using the TWB Hakka cohort to assess generalizability. Across all evaluations, the Random Forest model consistently exhibited the best overall performance, achieving cross-validation accuracies above 88% and external validation accuracies above 85% (Table 1). The final feature sets were small but interpretable, including 14 SNPs for T2D, 10 for eye diseases, and 15 for hypertension (Supplementary Table S2). To compare model behavior under different feature-selection paradigms, we trained 14 classifiers using both GWAS-selected SNPs and machine-learning-based marker subsets. Feature selection was embedded within each training fold (leave-one-out) to prevent data leakage and ensure independent optimization for each model. This model-dependent process allowed each classifier to identify the subset of variants most informative for its decision boundaries, balancing predictive accuracy and biological interpretability.
TABLE 1 | Presents the results of using machine learning to filter SNPs and establish models under different conditions, as well as the outcomes of model cross-validation and validation against TWB.	Model name	Accuracy (%)
	Diabetes mellitus	Eye disease	Hypertension
	Total SNP	GWAS selection	Best first	TWB	Total SNP	GWAS selection	Best first	TWB	Total SNP	GWAS selection	Best first	TWB
	Decision tree (C4.5)	45.83	43.75	95.83	65.38	50	63.54	92.71	46.43	57.29	48.96	93.75	57.58
	(8 SNPs)	(12 SNPs)	(7 SNPs)
	KNN	46.88	100	97.92	61.54	54.17	100	97.92	35.71	46.88	100	100	60.61
	(7 SNPs)	(9 SNPs)	(9 SNPs)
	LIBSVM	52.08	100	95.83	65.38	64.58	100	100	53.57	56.25	100	96.88	66.67
	(10 SNPs)	(12 SNPs)	(9 SNPs)
	Logistic model trees	60.42	56.25	100	65.38	59.38	75	100	50	58.33	62.5	96.88	54.55
	(10 SNPs)	(11 SNPs)	(7 SNPs)
	LWL	69.79	62.5	89.58	42.31	57.29	82.29	87.5	53.57	75	60.42	94.79	39.39
	(10 NPs)	(5 SNPs)	(7 SNPs)
	NaiveBayes	40.63	100	100	65.38	64.58	100	98.96	60.71	56.25	100	97.92	51.52
	(9 SNPs)	(7 SNPs)	(7 SNPs)
	One rule	76.04	23.96	-	-	77.08	63.54	-	-	57.29	71.88	-	-
	PART	55.21	54.17	96.88	57.69	56.25	62.5	88.54	60.71	67.71	53.13	93.75	66.67
	(9 SNPs)	(6 SNPs)	(9 SNPs)
	Random forest	46.88	96.88	93.75	88.46	63.54	85.42	88.54	85.71	54.17	94.79	90.63	87.88
	(14 SNPs)	(10 SNPs)	(15 SNPs)
	Random tree	45.83	67.71	94.79	53.85	54.17	69.79	94.79	57.14	59.38	66.67	95.83	48.48
	(6 SNPs)	(7 SNPs)	(7 SNPs)
	RIPPER	57.29	47.92	95.8	50	57.29	62.5	95.83	39.29	53.13	58.33	93.75	63.64
	(7 SNPs)	(8 SNPs)	(7 SNPs)
	SGD	54.17	100	97.92	65.38	63.54	100	98.96	57.14	57.29	100	98.96	63.64
	(8 SNPs)	(7 SNPs)	(8 SNPs)
	SMO	43.75	100	98.96	53.85	64.58	100	96.88	53.57	56.25	100	97.92	54.55
	(6 SNPs)	(5 SNPs)	(8 SNPs)
	Zero rule	52.08	52.08	-	-	64.58	64.58	-	-	56.25	56.25	-	-


Total SNP: 268,679 SNP.
GWAS, selection: Diabetes mellitus 2,848 SNPs, Cataract 2,878 SNPs, Hypertension 2,883 SNPs.
LIBSVM, A Library for Support Vector Machines; SGD, Stochastic gradient descent SVM; SMO, sequential minimal optimization logistic; KNN, K-nearest neighbors; LWL, locally weighted learning; RIPPER, repeated incremental pruning to produce error reduction; PART, Pruning rule-based classification tree.
Bold values indicate the highest accuracy within feature-selection method.
3.4.1 Model comparison across feature-selection strategies
3.4.1.1 Type 2 diabetes
Accuracies across classifiers ranged from approximately 40%–90%, reflecting substantial heterogeneity across algorithms and feature sources (Figure 4a). Most models (e.g., Naïve Bayes, LIBSVM, SGD, KNN, PART, Decision Tree, LMT, Random Forest) achieved higher accuracy with marker-selected SNPs, whereas several others-including SMO, LWL, RIPPER, One Rule, and Random Tree-performed better with GWAS-selected features. This pattern indicates that algorithms differ in how they leverage redundant or interaction-enriched SNP signals. The Random Forest model achieved the highest and most stable performance-close to 90% with marker-selected SNPs and above 70% with GWAS-selected SNPs-highlighting its robustness and capacity to capture nonlinear, multi-locus interactions. In examining individual model behaviors, several distinct patterns were observed. PART and C4.5 decision trees showed clear improvement when trained with marker-selected SNPs, whereas LMT performed better with GWAS-selected features, consistent with its emphasis on additive signal structures. Linear and distance-based models-including LIBSVM, SGD, KNN, and Naïve Bayes-achieved higher accuracy with marker-selected SNPs, reflecting the advantage of reduced dimensionality and lower SNP-to-SNP correlation. In contrast, SMO displayed slightly better performance with GWAS-selected SNPs, suggesting closer alignment with the additive effects prioritized by traditional GWAS filtering. The Zero Rule classifier showed different accuracy levels between the two feature sets, a result driven by class-balance differences rather than SNP information. Several simpler or locality-dependent algorithms-such as Random Tree, RIPPER, LWL, and One Rule-performed better with GWAS-selected SNPs, likely because these methods rely on redundant or highly correlated variants that are removed during marker-based filtering.
[image: Three bar graphs labeled (a), (b), and (c) show model accuracies for different diseases. (a) Diabetes mellitus, (b) Eye disease, and (c) Hypertension. Each graph compares GWAS Selection and Marker Selection across models like Naive Bayes, LIBSVM, SGD, and others. Blue bars represent GWAS, and orange bars represent Marker Selection, with accuracy percentages on the y-axis.]FIGURE 4 | Comparison of the differences in accuracy rates among 14 models for type 2 diabetes, eye diseases, and hypertension under the filtering methods of genome-wide association analysis and machine learning. This figure compares the accuracy of three different disease models via GWAS selection and marker selection methods. (a) Shows the accuracy percentages of various models in predicting diabetes. Among these models, the Random Forest model achieves the highest accuracy, nearly 90%, when the marker selection method is used. (b) Presents the accuracies of the different models in predicting eye diseases. Similar to the diabetes models, the Random Forest model again has the highest accuracy, close to 85%, when the marker selection method is applied. (c) Illustrates the accuracy of various models in predicting hypertension. The Random Forest model again has the highest accuracy, approaching 90%, when the marker selection method is used. Compared with the diabetes and eye disease models, most models for hypertension prediction generally exhibit greater accuracy when the marker selection method is used than when the GWAS selection method is used. These findings suggest that the marker selection method may be more effective in predicting hypertension.3.4.1.2 Eye diseases
Accuracies ranged from approximately 40%–85%, indicating considerable variability across classifiers (Figure 4b). Seven models performed better with marker-selected SNPs, six favored GWAS-selected SNPs, and one (Zero Rule) showed nearly identical results. The Random Forest model once again achieved the highest accuracy (greater than 80%) with marker-selected SNPs, while its GWAS-based performance remained among the top tier. Decision Tree, Random Tree, PART, Naïve Bayes, and SGD also improved under marker selection, suggesting that feature condensation and reduced redundancy enhanced decision purity and simplified probabilistic or gradient-based assumptions. In contrast, several models-including LIBSVM, SMO, LMT, KNN, LWL, and RIPPER-performed slightly better with GWAS-selected SNPs, implying reliance on the additive or locally redundant information preserved by traditional GWAS filtering. The One Rule classifier showed a notable improvement of more than ten percentage points under marker selection, indicating that even a single-feature rule can become predictive when the selected SNPs carry highly condensed information content. The Zero Rule baseline remained nearly identical between the two feature sets, confirming that performance differences were driven by algorithmic behavior rather than class imbalance. Overall, eye disease prediction appears to involve both additive and interaction-driven architectures, underscoring potential benefits from hybrid feature-selection frameworks that combine GWAS- and marker-based strategies.
3.4.1.3 Hypertension
In contrast to the other diseases, hypertension exhibited a consistent, unidirectional trend - all models except LWL performed better with marker-selected SNPs (Figure 4c). Accuracies ranged from approximately 30%–90%, with the Random Forest model using marker-selected SNPs achieving the highest accuracy (about 90%), while Naïve Bayes and Random Tree under GWAS selection represented the lower bound (approximately 30%). Even the Zero Rule baseline showed improvement under marker selection, indicating enhanced separability within the refined feature space. The strongest gains were observed for Random Forest, PART, Decision Tree, RIPPER, Random Tree, KNN, and One Rule, confirming that ensemble, distance-based, and rule-based learners benefit most from the removal of noisy SNPs and the retention of interaction-enriched loci. Linear, kernel-based, and hybrid logistic-tree models (LIBSVM, SMO, SGD, and LMT) also improved markedly, suggesting greater stability of decision boundaries and kernel mappings after de-correlation. The sole exception, LWL, performed better under GWAS selection, likely due to its reliance on local redundancy that was attenuated by marker filtering. Collectively, these findings indicate that hypertension prediction is dominated by polygenic, weak-effect interactions, for which marker-based selection provides a consistent advantage.
3.4.2 Validation and model robustness
To further assess model stability, the final Random Forest classifiers for the three diseases were re-evaluated using both leave-one-out cross-validation (LOOCV) and a 10-by-10 stratified cross-validation framework. External performance was assessed through 1,000 stratified bootstrap resampling iterations on the TWB Hakka cohort (n = 96), maintaining the original case–control ratio. The results (Table 2) demonstrated consistent accuracy and AUC across validation frameworks, confirming the robustness and reproducibility of the models. Despite the high point estimates of accuracy and AUC, the relatively wide confidence intervals reflect the uncertainty inherent in a small discovery cohort. Therefore, these results should be considered preliminary signals rather than definitive predictive performance.
TABLE 2 | Performance of the final random forest models under internal and external evaluation.	Disease	Model	External evaluation (1,000× stratified bootstrap)
	Accuracy	AUC
	Mean ± SD	95% CI	Mean ± SD	95% CI
	Type 2 diabetes	LOOCV	0.86 ± 0.09	0.67–0.97	0.94 ± 0.05	0.80–1.00
	10 × 10 CV	0.86 ± 0.09	0.68–0.97	0.94 ± 0.05	0.80–1.00
	Eye diseases	LOOCV	0.85 ± 0.07	0.69–0.96	0.93 ± 0.04	0.83–0.99
	10 × 10 CV	0.83 ± 0.07	0.68–0.94	0.92 ± 0.04	0.83–0.99
	Hypertension	LOOCV	0.89 ± 0.03	0.83–0.94	0.97 ± 0.01	0.94–1.00
	10 × 10 CV	0.90 ± 0.03	0.84–0.95	0.98 ± 0.01	0.95–1.00


The SNP, subsets for type 2 diabetes, eye disease, and hypertension were derived once using LOOCV-based wrapper feature selection on the discovery cohort and were fixed for all subsequent analyses. LOOCV, and 10 × 10 cross-validation reflect internal evaluation of the final models without re-running feature selection. External robustness was assessed using 1,000× stratified bootstrap resampling on the TWB, hakka cohort, using the same fixed SNP, subsets.
3.5 eQTL analysis reveals biological pathways associated with disease-related SNPs
To elucidate the potential functional roles of the SNPs identified in our analyses, we integrated eQTL data from the GTEx project (v10) to determine whether these variant SNPs influence gene expression in tissues relevant to the studied diseases. Among the 39 disease-associated SNPs, 13 were identified as cis-eQTLs for nearby genes (Supplementary Table S3).
For T2D, several SNPs exhibited eQTL effects in metabolically active tissues. Among these, the rs12121653 variant was associated with decreased expression of lysine demethylase 5B (KDM5B) in skin and esophageal tissues. KDM5B is a demethylase that targets Histone H3 Lysine 4 (H3K4). Experimental studies have shown that KDM5B-deficient mice display impaired insulin secretion; however, increased insulin sensitivity compensates for the maintenance of normoglycemia, even under a high-fat diet. These findings suggest that genetic variation may indirectly influence glucose homeostasis by modulating KDM5B expression, highlighting the interplay between epigenetic regulation and metabolic homeostasis (Backe et al., 2019). Additionally, rs12121653 showed a weaker cis-eQTL signal with the pseudogene MGAT4EP in testis tissue, although the biological relevance of this association remains unclear. Collectively, these results highlight KDM5B as the principal gene regulated by rs12121653, linking epigenetic modulation to glucose metabolism and energy balance in the Hakka cohort. For eye diseases, although the GTEx dataset lacks retinal tissue data, certain SNPs exhibited eQTL effects in blood and vascular tissues, suggesting a potential systemic influence on eye pathology. The absence of a mutation at rs6491129 (i.e., the wild-type genotype) in individuals with eye diseases was associated with upregulated expression of Cyclin-dependent kinase 8 (CDK8) in arterial and aortic tissues. CDK8 can promote Vascular Endothelial Growth Factor (VEGF) expression via the β-catenin-KLF2 axis (Wei et al., 2018; Menzl et al., 2019), thereby driving angiogenesis, which is implicated in retinal diseases such as diabetic retinopathy (DR) and age-related macular degeneration (AMD) through increased VEGF signaling (Callan et al., 2025). Additionally, rs6676790 was associated with the expression of LINC02772 in whole blood, potentially indicating an underlying immunoregulatory component in susceptibility to eye diseases. For hypertension, eQTL analysis revealed several SNPs affecting the expression of genes involved in vascular pathways. Among these variants, the rs6500596 variant was significantly associated with reduced expression of Heme oxygenase 2 (HMOX2) in arterial tissues, particularly in the aorta. HMOX2 belongs to the heme-degrading enzyme family and primarily catalyzes the breakdown of heme into biliverdin, free iron ions, and carbon monoxide (CO). CO exerts multiple cardiovascular protective effects, including promoting vascular smooth muscle relaxation, inhibiting vasoconstrictive responses, and reducing the generation of reactive oxygen species (ROS), thereby maintaining normal vascular tone and endothelial function. When HMOX2 expression is suppressed or its activity is reduced, CO production diminishes, leading to impaired vasodilation and compromised antioxidant defense. These pathological changes increase vascular tension and may ultimately increase the risk of hypertension (Muñoz-Sánchez and Chánez-Cárdenas, 2014).
Overall, these eQTL findings suggest that genetic variants associated with diabetes, eye diseases, and hypertension are linked to biological pathways involving epigenetic regulation, mitochondrial function, and vascular remodeling. These insights bridge the statistical associations identified through GWAS with potential mechanistic pathways underlying disease pathogenesis, underscoring the biological plausibility of the risk loci identified.
4 DISCUSSION
This study revealed that, within the Taiwanese Hakka population, patients with T2D commonly exhibit a high degree of comorbidity with hypertension and eye diseases. This finding aligns with previous observations in Chinese populations, which documented systemic pathological mechanisms underlying such associations (Stram et al., 2018; Chang, 2010; Yin et al., 2020; Xu et al., 2024; Othman et al., 2025). In particular, chronic inflammation, endothelial dysfunction, and vascular injury induced by T2D may serve as shared pathophysiological bases for the increased risk of multiple diseases, highlighting the urgent need for integrated strategies to manage multisystem disorders. However, constructing disease prediction models based solely on significant SNPs identified through GWAS has clearly limited performance. Traditional GWAS-based approaches, while effective at identifying variants with strong marginal effects, fail to capture higher-order interactions or polygenic architectures, limiting their predictive utility. By contrast, our machine learning-based feature selection framework identified compact yet informative SNP subsets that substantially enhanced model robustness in both internal and external validation. The Random Forest model showed the most consistent relative performance across evaluation schemes, with cross-validation and bootstrap-estimated metrics indicating stable patterns rather than definitive predictive accuracy, given the limited sample size.
Notably, distinct patterns emerged across diseases: T2D and eye disease predictions reflected mixed additive and interaction-driven effects, whereas hypertension demonstrated a clear, unidirectional benefit from marker-based selection-suggesting its genetic risk is strongly polygenic and interaction-dependent. Through eQTL analysis, we linked rs12121653 to KDM5B and MGAT4EP, revealing potential mechanistic relevance to glucose metabolism and mitochondrial regulation. These results provide a functional context for statistical associations and support the biological plausibility of the selected markers. Integrating functional annotations with machine-learning-based feature selection thus offers a path toward biologically interpretable, population-specific risk models. Although full benchmarking against classical polygenic risk score (PRS) frameworks such as clumping and thresholding (C + T) or LDpred2 was not feasible due to the lack of large, ancestry-matched GWAS summary statistics, our exploratory analyses suggest that wrapper-based SNP selection could serve as a complementary alternative to conventional GWAS filtering strategies in small, ancestry-specific cohorts. Future studies utilizing large-scale East Asian summary data could extend this comparison and evaluate how PRS-based methods perform relative to model-dependent selection strategies in small, homogeneous populations. Despite these advances, several limitations remain. First, the discovery cohort consisted of only 96 Hakka individuals, which substantially limits statistical power and increases susceptibility to overfitting in machine-learning analyses. Although we applied LOOCV, fixed feature selection, and 1,000× bootstrap resampling to reduce this risk, the predictive performance should therefore be viewed as exploratory. Larger, independent Hakka datasets will be required to validate the stability of the selected SNP markers and model behavior. To ensure appropriate calibration of the GWAS findings, we incorporated sex as a covariate and evaluated alternative models with principal components. Appropriate calibration of the GWAS findings was confirmed through genomic control metrics, and the sex-adjusted model provided the most stable association statistics in this small and genetically homogeneous cohort. The sex-adjusted model therefore provided the most stable results, and the genomic control metrics (QQ plots and λGC values) indicated only minimal deviation from the null distribution. Additionally, the external TWB cohort exhibited class imbalance (approximately 10:1 controls to cases), which may have slightly inflated AUC estimates.
Future studies with larger, more balanced, and multi-ethnic samples will be essential to further assess generalizability. Methodologically, although the wrapper-based feature selection emphasized interpretability, it may not optimally preserve variance or control redundancy. Incorporating dimensionality reduction or multi-omics information may enhance both biological insight and predictive accuracy in future work.
5 CONCLUSION
In this study, we developed population-specific genetic risk prediction models for type 2 diabetes, hypertension, and eye diseases in the Taiwanese Hakka population by integrating genome-wide association analysis with machine-learning-based feature selection. This framework shows promise for improving prediction in small, ancestry-specific cohorts; however, the findings remain preliminary and require validation in larger and more diverse Hakka populations.
Across diseases, the models captured different underlying genetic architectures-interaction-driven effects were more prominent in hypertension, whereas mixed additive and epistatic components characterized T2D and eye diseases. Through eQTL annotation, key variants such as rs12121653-KDM5B and rs12121653-MGAT4EP were linked to functional pathways related to metabolic and mitochondrial regulation, providing biological insight into their potential roles in disease risk. Together, these findings highlight the utility of combining interpretable machine-learning strategies with biological annotation to uncover mechanistic and predictive insights in genetically homogeneous populations.
Although constrained by sample size and class imbalance, our results demonstrate that machine-learning-based SNP selection offers a scalable and generalizable approach for small, ancestry-specific cohorts. Future research should focus on validating these models in larger, multi-ethnic populations and integrating multi-omics data to refine predictive accuracy and clinical relevance. Ultimately, this framework represents a step toward population-tailored precision medicine and may serve as a foundation for developing clinically applicable genomic screening tools across diverse genetic backgrounds.
DATA AVAILABILITY STATEMENT
The original contributions presented in the study are included in the article/Supplementary Material, further inquiries can be directed to the corresponding author.
ETHICS STATEMENT
The studies involving humans were approved by Landseed International Hospital Institutional Review Board. The studies were conducted in accordance with the local legislation and institutional requirements. The human samples used in this study were acquired from Human DNA samples were obtained from the hospital’s clinical specimen repository and were fully de-identified prior to release. This study was conducted in accordance with the Declaration of Helsinki and was approved by the Institutional Review Board of Landseed International Hospital (IRB No. IRB-18-017-B1; TWBR10907-04). Because the study used anonymized specimens with no direct participant contact, the IRB waived the requirement for written informed consent. Additional genotype and phenotype data were accessed from the Taiwan Biobank (TWB2) under formal data-use permissions. Written informed consent for participation was not required from the participants or the participants’ legal guardians/next of kin in accordance with the national legislation and institutional requirements.
AUTHOR CONTRIBUTIONS
J-HX: Conceptualization, Data curation, Formal Analysis, Methodology, Software, Supervision, Visualization, Writing – original draft. H-YK: Writing – review and editing. L-CW: Writing – review and editing, Supervision. TH: Writing – review and editing. C-PW: Writing – review and editing. L-JS: Writing – review and editing, Supervision.
FUNDING
The authors declare that financial support was received for the research and/or publication of this article. This research was funded by the Higher Education Sprout Project of National Central University, Taiwan (108A1510-2 and 10810039-2).
ACKNOWLEDGEMENTS
We gratefully acknowledge the biobanks that contributed data to this study, including Landseed International Hospital and the Taiwan Biobank. The authors are also thankful for the technical support provided by the IHMED Reproductive Center and the Core Facility of High Throughput Experimental Analysis, Department of Biomedical Sciences and Engineering, National Central University, Taiwan. The Core Facility of High Throughput Experimental Analysis is supported by the Aim for Top University Project from the Ministry of Education. In addition, the authors acknowledge the use of ChatGPT (GPT-4o, OpenAI, 2025) as a generative AI tool to assist in language editing and proofreading of the manuscript. All content generated or edited with ChatGPT was carefully reviewed and verified by the authors for accuracy, originality, and compliance with publication standards. The authors take full responsibility for the integrity and accuracy of the final text.
CONFLICT OF INTEREST
The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.
GENERATIVE AI STATEMENT
The authors declare that Generative AI was used in the creation of this manuscript. The authors acknowledge the use of ChatGPT (GPT-4o, OpenAI, 2025) as a generative AI tool to assist in language editing and proofreading of the manuscript.
Any alternative text (alt text) provided alongside figures in this article has been generated by Frontiers with the support of artificial intelligence and reasonable efforts have been made to ensure accuracy, including review by the authors wherever possible. If you identify any issues, please contact us.
SUPPLEMENTARY MATERIAL
The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fgene.2025.1694084/full#supplementary-material
REFERENCES
	Abraham, G., and Inouye, M. (2015). Genomic risk prediction of complex human disease and its clinical application. Curr. Opin. Genetics Dev. 33, 10–16. doi:10.1016/j.gde.2015.06.005

	Aha, D. W., Kibler, D., and Albert, M. K. (1991). Instance-based learning algorithms. Mach. Learning 6, 37–66. doi:10.1007/bf00153759

	Anderson, C. A., Pettersson, F. H., Clarke, G. M., Cardon, L. R., Morris, A. P., and Zondervan, K. T. (2010). Data quality control in genetic case-control association studies. Nat. Protoc. 5 (9), 1564–1573. doi:10.1038/nprot.2010.116

	Backe, M. B., Jin, C., Andreone, L., Sankar, A., Agger, K., Helin, K., et al. (2019). The lysine demethylase KDM5B regulates islet function and glucose homeostasis. J. Diabetes Res. 2019, 5451038. doi:10.1155/2019/5451038

	Breiman, L. (2001). Random forests. Mach. Learning 45, 5–32. doi:10.1023/a:1010933404324

	Cai, N., Li, C., Gu, X., Zeng, W., Zhong, J., Liu, J., et al. (2023). CYP2C19 loss-of-function is associated with increased risk of hypertension in a Hakka population: a case-control study. BMC Cardiovasc Disord. 23 (1), 185. doi:10.1186/s12872-023-03207-w

	Callan, A., Heckman, J., Tah, G., Lopez, S., Valdez, L., and Tsin, A. (2025). VEGF in diabetic retinopathy and age-related macular degeneration. Int. J. Mol. Sci. 26 (11), 4992. doi:10.3390/ijms26114992

	Cessie, S. L., and Houwelingen, J. V. (1992). Ridge estimators in logistic regression. J. R. Stat. Soc. Ser. C Appl. Statistics 41 (1), 191–201. doi:10.2307/2347628

	Chang, K. (2010). Comorbidities, quality of life and patients' willingness to pay for a cure for type 2 diabetes in Taiwan. Public Health 124 (5), 284–294. doi:10.1016/j.puhe.2010.02.019

	Chang, C.-C., and Lin, C.-J. (2011). LIBSVM: a library for support vector machines. ACM Transactions Intelligent Systems Technology (TIST) 2 (3), 1–27. doi:10.1145/1961189.1961199

	Chang, H. C., Liang, J., Hsu, H. C., Lin, S. K., Chang, T. H., and Liu, S. H. (2019). Regular exercise and the trajectory of health-related quality of life among Taiwanese adults: a cohort study analysis 2006-2014. BMC Public Health 19 (1), 1352. doi:10.1186/s12889-019-7662-8

	Chien, C. C., Lin, C. K., Jiang, M. L., Wang, C. C., and Lin, J. S. (1992). Does Hakka ethnic group have higher incidence of thalassemia traits in Taiwanese population?Zhonghua Yi Xue Za Zhi (Taipei) 50 (4), 288–292.

	Chowdhury, S. R., Chandra Das, D., Sunna, T. C., Beyene, J., and Hossain, A. (2023). Global and regional prevalence of multimorbidity in the adult population in community settings: a systematic review and meta-analysis. eClinicalMedicine 57, 101860. doi:10.1016/j.eclinm.2023.101860

	Cohen, W. W. (1995). “Fast effective rule induction,” in Machine learning proceedings (Elsevier), 115–123.

	Flores-Le Roux, J. A., Comin, J., Pedro-Botet, J., Benaiges, D., Puig-de Dou, J., Chillarón, J. J., et al. (2011). Seven-year mortality in heart failure patients with undiagnosed diabetes: an observational study. Cardiovasc Diabetol. 10, 39. doi:10.1186/1475-2840-10-39

	Forouzanfar, M. H. (2016). Global, regional, and national comparative risk assessment of 79 behavioural, environmental and occupational, and metabolic risks or clusters of risks, 1990–2015: a systematic analysis for the global burden of disease study 2015. Lancet 388 (10053), 1659–1724. doi:10.1016/S0140-6736(16)31679-8

	Frank, E., and Witten, I. H. (1998). Generating accurate rule sets without global optimization.

	Frank, E., Hall, M., and Pfahringer, B. (2012). Locally weighted naive bayes. arXiv preprint arXiv:1212.2487 . doi:10.48550/arXiv.1212.2487

	Gislason, H. (2023). SNP heterozygosity, relatedness and inbreeding of whole genomes from the isolated population of the Faroe Islands. BMC Genomics 24 (1), 707. doi:10.1186/s12864-023-09763-x

	Guo, X., Song, Y., Liu, S., Gao, M., Qi, Y., and Shang, X. (2021). Linking genotype to phenotype in multi-omics data of small sample. BMC Genomics 22 (1), 537. doi:10.1186/s12864-021-07867-w

	Hajat, C., and Stein, E. (2018). The global burden of multiple chronic conditions: a narrative review. Prev. Med. Rep. 12, 284–293. doi:10.1016/j.pmedr.2018.10.008

	Holte, R. C. (1993). Very simple classification rules perform well on most commonly used datasets. Mach. Learning 11, 63–90. doi:10.1023/a:1022631118932

	Hong, E. P., and Park, J. W. (2012). Sample size and statistical power calculation in genetic association studies. Genomics Inf. 10 (2), 117–122. doi:10.5808/GI.2012.10.2.117

	John, G. H., Kohavi, R., and Pfleger, K. (1994). “Irrelevant features and the subset selection problem,” in Machine learning proceedings 1994 (Elsevier), 121–129.

	John, G. H., and Langley, P. (2013). Estimating continuous distributions in Bayesian classifiers. arXiv preprint arXiv:1302.4964.

	Jostins, L., and Barrett, J. C. (2011). Genetic risk prediction in complex disease. Hum. Mol. Genetics 20 (R2), R182–R188. doi:10.1093/hmg/ddr378

	Kohavi, R., and John, G. H. (1997). Wrappers for feature subset selection. Artif. Intelligence 97 (1-2), 273–324. doi:10.1016/s0004-3702(97)00043-x

	Kooperberg, C., LeBlanc, M., and Obenchain, V. (2010). Risk prediction using genome-wide association studies. Genet. Epidemiol. 34 (7), 643–652. doi:10.1002/gepi.20509

	Landwehr, N., Hall, M., and Frank, E. (2005). Logistic model trees. Mach. Learning 59, 161–205. doi:10.1007/s10994-005-0466-3

	Lin, M., Wen, Y. F., Wu, J. R., Wang, Q., Zheng, L., Liu, G. R., et al. (2013). Hemoglobinopathy: molecular epidemiological characteristics and health effects on Hakka people in the Meizhou region, southern China. PLoS One 8 (2), e55024. doi:10.1371/journal.pone.0055024

	Marees, A. T., de Kluiver, H., Stringer, S., Vorspan, F., Curis, E., Marie-Claire, C., et al. (2018). A tutorial on conducting genome-wide association studies: quality control and statistical analysis. Int. J. Methods Psychiatr. Res. 27 (2), e1608. doi:10.1002/mpr.1608

	Marengoni, A., Angleman, S., Melis, R., Mangialasche, F., Karp, A., Garmen, A., et al. (2011). Aging with multimorbidity: a systematic review of the literature. Ageing Res. Rev. 10 (4), 430–439. doi:10.1016/j.arr.2011.03.003

	Mehta, P., Wang, C. H., Day, A. G. R., Richardson, C., Bukov, M., Fisher, C. K., et al. (2019). A high-bias, low-variance introduction to machine learning for physicists. Phys. Rep. 810, 1–124. doi:10.1016/j.physrep.2019.03.001

	Menzl, I., Witalisz-Siepracka, A., and Sexl, V. (2019). CDK8-Novel therapeutic opportunities. Pharm. (Basel) 12 (2), 92. doi:10.3390/ph12020092

	Montaez, C. A. C. (2018). “Deep learning classification of polygenic obesity using genome wide association study SNPs,” in 2018 international joint conference on neural networks (IJCNN) (IEEE).

	Muñoz-Sánchez, J., and Chánez-Cárdenas, M. E. (2014). A review on hemeoxygenase-2: focus on cellular protection and oxygen response. Oxid. Med. Cell Longev. 2014, 604981. doi:10.1155/2014/604981

	Narendra and Fukunaga (1977). A branch and bound algorithm for feature subset selection. IEEE Trans. Computers 100 (9), 917–922. doi:10.1109/TC.1977.1674939

	Nguyen, H., Manolova, G., Daskalopoulou, C., Vitoratou, S., Prince, M., and Prina, A. M. (2019). Prevalence of multimorbidity in community settings: a systematic review and meta-analysis of observational studies. J. Comorbidity 9, 2235042X19870934. doi:10.1177/2235042X19870934

	Okser, S., Pahikkala, T., Airola, A., Salakoski, T., Ripatti, S., and Aittokallio, T. (2014). Regularized machine learning in the genetic prediction of complex traits. PLoS Genet. 10 (11), e1004754. doi:10.1371/journal.pgen.1004754

	Organization, W. H. (2009). Global health risks: mortality and burden of disease attributable to selected major risks. Geneva, Switzerland: World Health Organization.

	Organization, W. H. (2013). Global action plan for the prevention and control of noncommunicable diseases 2013-2020. Geneva, Switzerland: World Health Organization.

	Othman, F., Abdullah, S. N., Maddess, T., Ramalingham, M., Sharbini, S., and Lim, Z. W. (2025). Clinical profile and associated risk factors of diabetic retinopathy at a tertiary eye center in Brunei Darussalam. Taiwan J. Ophthalmol. 9900. doi:10.4103/tjo.TJO-D-24-00167

	Plantinga, L. C., Crews, D. C., Coresh, J., Miller, E. R., Saran, R., Yee, J., et al. (2010). Prevalence of chronic kidney disease in US adults with undiagnosed diabetes or prediabetes. Clin. J. Am. Soc. Nephrol. 5 (4), 673–682. doi:10.2215/CJN.07891109

	Platt, J. C. (1999). 12 fast training of support vector machines using sequential minimal optimization. Adv. Kernel Methods , 185–208.

	Purcell, S., Neale, B., Todd-Brown, K., Thomas, L., Ferreira, M. A. R., Bender, D., et al. (2007). PLINK: a tool set for whole-genome association and population-based linkage analyses. Am. J. Hum. Genet. 81 (3), 559–575. doi:10.1086/519795

	Quinlan, J. R. (1990). Learning logical definitions from relations. Mach. Learning 5, 239–266. doi:10.1023/a:1022699322624

	Quinlan, J. R. (2014). C4. 5: programs for machine learning. Elsevier.

	Sachidanandam, R., Weissman, D., Schmidt, S. C., Kakol, J. M., Stein, L. D., Marth, G., et al. (2001). A map of human genome sequence variation containing 1.42 million single nucleotide polymorphisms. Nature 409 (6822), 928–933. doi:10.1038/35057149

	Schapire, R. E., and Freund, Y. (2012). Foundations of machine learning. 23–52. doi:10.7551/mitpress/8291.003.0006

	Schierding, W., Antony, J., Karhunen, V., Vääräsmäki, M., Franks, S., Elliott, P., et al. (2018). GWAS on prolonged gestation (post-term birth): analysis of successive Finnish birth cohorts. J. Med. Genet. 55 (1), 55–63. doi:10.1136/jmedgenet-2017-104880

	Spijkerman, A. M., Dekker, J. M., Nijpels, G., Adriaanse, M. C., Kostense, P. J., Ruwaard, D., et al. (2003). Microvascular complications at time of diagnosis of type 2 diabetes are similar among diabetic patients detected by targeted screening and patients newly diagnosed in general practice: the hoorn screening study. Diabetes Care 26 (9), 2604–2608. doi:10.2337/diacare.26.9.2604

	Stram, D. A., Jiang, X., Varma, R., Torres, M., Burkemper, B. S., Choudhury, F., et al. (2018). Factors associated with prevalent diabetic retinopathy in Chinese Americans: the Chinese American eye study. Ophthalmol. Retina 2 (2), 96–105. doi:10.1016/j.oret.2017.05.014

	Sun, H., Saeedi, P., Karuranga, S., Pinkepank, M., Ogurtsova, K., Duncan, B. B., et al. (2022). IDF diabetes atlas: global, regional and country-level diabetes prevalence estimates for 2021 and projections for 2045. Diabetes Res. Clin. Pract. 183, 109119. doi:10.1016/j.diabres.2021.109119

	Vihinen, M. (2012). How to evaluate performance of prediction methods? Measures and their interpretation in variation effect analysis. BMC Genomics 13, S2. doi:10.1186/1471-2164-13-S4-S2

	Vihinen, M. (2013). Guidelines for reporting and using prediction tools for genetic variation analysis. Hum. Mutation 34 (2), 275–282. doi:10.1002/humu.22253

	Visscher, P. M., Wray, N. R., Zhang, Q., Sklar, P., McCarthy, M. I., Brown, M. A., et al. (2017). 10 years of GWAS discovery: biology, function, and translation. Am. J. Hum. Genet. 101 (1), 5–22. doi:10.1016/j.ajhg.2017.06.005

	Wang, X., Strizich, G., Hu, Y., Wang, T., Kaplan, R. C., and Qi, Q. (2016). Genetic markers of type 2 diabetes: progress in genome-wide association studies and clinical application for risk prediction. J. Diabetes 8 (1), 24–35. doi:10.1111/1753-0407.12323

	Wei, Z., Wang, K., Qu, H. Q., Zhang, H., Bradfield, J., Kim, C., et al. (2009). From disease association to risk assessment: an optimistic view from genome-wide association studies on type 1 diabetes. PLoS Genet. 5 (10), e1000678. doi:10.1371/journal.pgen.1000678

	Wei, R., Kong, L., Xiao, Y., Yuan, H., Song, Y., Wang, J., et al. (2018). CDK8 regulates the angiogenesis of pancreatic cancer cells in part via the CDK8-β-catenin-KLF2 signal axis. Exp. Cell Res. 369 (2), 304–315. doi:10.1016/j.yexcr.2018.05.033

	Wei, C. Y., Yang, J. H., Yeh, E. C., Tsai, M. F., Kao, H. J., Lo, C. Z., et al. (2021). Genetic profiles of 103,106 individuals in the Taiwan Biobank provide insights into the health and history of Han Chinese. NPJ Genom Med. 6 (1), 10. doi:10.1038/s41525-021-00178-9

	Wu, H., Huang, Q., Yu, Z., and Zhong, Z. (2022). Association of ALDH2 rs671 and MTHFR rs1801133 polymorphisms with hypertension among Hakka people in Southern China. BMC Cardiovasc Disord. 22 (1), 128. doi:10.1186/s12872-022-02577-x

	Xu, Y., Lu, J., Li, M., Wang, T., Wang, K., Cao, Q., et al. (2024). Diabetes in China part 1: epidemiology and risk factors. Lancet Public Health 9 (12), e1089–e1097. doi:10.1016/S2468-2667(24)00250-0

	Yin, L., Zhang, D., Ren, Q., Su, X., and Sun, Z. (2020). Prevalence and risk factors of diabetic retinopathy in diabetic patients: a community based cross-sectional study. Med. Baltim. 99 (9), e19236. doi:10.1097/MD.0000000000019236

	Yuan, Y.-X. (2008). Step-sizes for the gradient method. AMS IP Stud. Adv. Math. 42 (2), 785.

	Zhao, Y., Atun, R., Oldenburg, B., McPake, B., Tang, S., Mercer, S. W., et al. (2020). Physical multimorbidity, health service use, and catastrophic health expenditure by socioeconomic groups in China: an analysis of population-based panel data. Lancet Glob. Health 8 (6), e840–e849. doi:10.1016/S2214-109X(20)30127-3

	Zhong, Z., Wu, H., Li, B., Li, C., Liu, Z., Yang, M., et al. (2018). Analysis of SLCO1B1 and APOE genetic polymorphisms in a large ethnic Hakka population in southern China. J. Clin. Lab. Anal. 32 (6), e22408. doi:10.1002/jcla.22408


Publisher’s note: All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.
Copyright © 2025 Xiao, Kang, Wu, Hsu, Wu and Su. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.
OPS/images/fgene-16-1694084-g003.jpg
a. Manhattan (Diabetes)
Cases:46 Controls:50

b. Manhattan (Eye Disease)
Cases:34 Controls:62

€. Manhattan (Hypertension)
Cases:42 Controls:54

pn—

R R EE R R

d. QQ Plot (Diabetes)

AGC = 1.0207

-+ Observed 2
-=- Expected (nul)

Observed -1og10(P)

[ T 2 H @ H
Expected -log10(P)

e. QQ Plot (Eye Disease)

AGC = 1.0202
par—
] - Expected (oun)
s
T4
s
H
2
1
°
1] T z 3
‘Expected -og10(F)

f. QQ Plot (Hypertension)

AGC = 1.0398
 observed
-=- Expected (nul)
B -
4
23
g
N
3
] T z 3 7 5
‘Expected -0g10(P)





OPS/images/fgene-16-1694084-g004.jpg
Diabetes mellitus

\r
«

accuracy (%)
83888

3888

0
L
%C?

& «?

Q;o \ \, \ & Q p
W <« [e) A4? 5 9&

& & Qéb Q@so

Model name

= GWAS Selection = Marker Selection

Eye disease

accuracy (%)
co88888388
i
I
E—
pr——
-
e
.
i
(Eme—
Ea
S
I
s
|

Model name

= GWAS Selection = Marker Selection

Hypertension

accuracy (%)
38858883888

A &
& g@ & & & & F &
" v & 0&

Ly

Model name

mGWAS Selection = Marker Selection





OPS/xhtml/nav.xhtml
Table of Contents

		Cover

		Integrating GWAS and machine learning for disease risk prediction in the Taiwanese Hakka population		Introduction

		Methods

		Results

		Discussion

		1 INTRODUCTION

		2 MATERIALS AND METHODS		2.1 Study population and data preprocessing

		2.2 DNA sample preparation and genotyping

		2.3 Genome-wide association studies (GWAS)

		2.4 Covariate adjustment and genomic control

		2.5 Machine learning model development

		2.6 Expression quantitative trait loci (eQTL) analysis of disease-associated SNPs





		3 RESULTS		3.1 Comorbidity association analysis

		3.2 GWAS findings

		3.3 Initial model performance using GWAS-selected SNPs

		3.4 Enhanced model performance through feature selection and machine learning integration		3.4.1 Model comparison across feature-selection strategies		3.4.1.1 Type 2 diabetes

		3.4.1.2 Eye diseases

		3.4.1.3 Hypertension





		3.4.2 Validation and model robustness





		3.5 eQTL analysis reveals biological pathways associated with disease-related SNPs





		4 DISCUSSION

		5 CONCLUSION

		DATA AVAILABILITY STATEMENT

		ETHICS STATEMENT

		AUTHOR CONTRIBUTIONS

		FUNDING

		ACKNOWLEDGMENTS

		CONFLICT OF INTEREST

		GENERATIVE AI STATEMENT

		SUPPLEMENTARY MATERIAL

		REFERENCES









OPS/images/cover.jpg
& frontiers | Frontiers in Genetics






OPS/images/fgene-16-1694084-g001.jpg
Number of people (ten thousand)

100

90

80

70

60

50

40

30

20

Top 10 counties and cities with the
most Hakka people

& & PO
N 8 < O &

< 6“6\0 S \(b(}\ @(9 QE}\\O &
& Q\(,\Q W Q.SQ

County and city name

number of Hakka people
0

- 200000
400000
0 600000
® 800000





OPS/images/fgene-16-1694084-g002.jpg
d

Disease name ICD-9 people lift P-value
Other retinal disorders 362 4,066 11.78 =
Cataract 366 3,663 7.94 5
Essential hypertension 401 14,474 576 *
Other forms of chronic ischemic heart disease 414 3,718 5.99 i
Heart failure 428 3,740 5.71 *
Occlusion of cerebral arteries 434 2615 7.09 o
Disorders of conjunctiva 372 2,255 11.68 i
Other disorders of urethra and urinary tract 599 1,063 2.27 *
Late effects of cerebrovascular disease 438 1,340 7.39 ¥
Chronic kidney disease 585 1,486 6.22 8
Cardiac dysrhythmias 427 1,009 8.83 i

*: P-value< 0.05

b
Diabetes mellitus Networl1$3000

Cardiac
dysrhythmias

Other forms of chronic
ischemic heart disease

()

Disorders of conjunctiva Cataract

16000
14000 [ 8

12000

Other retinal
disorders Diabetes mellitus 10000
8000
() Occlusion of .
cclusion o
Other disorders cerebral arteries 6000
of urethra:and Essential hypertension
urinary tract yp . 4000 2

2000

Chronic kidney disease

Late effects of 0

0
cerebrovascular disease Peoples Lift









OPS/images/crossmark.jpg
©

|





OPS/images/logo.jpg
P frontiers | Frontiers in Genetics





