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Abstract

Background: Despite the identification of numerous common variants associated with type 2 diabetes (T2D),
a substantial portion of its heritability remains unexplained. This study explored the complex genetic
architecture of T2D in the Korean population by integrating the effects of common and rare coding variants,
which have traditionally been analyzed in isolation.

Methods: We conducted a large-scale genomic analysis using exome-chip data from 11,599 individuals
within the Korean Genome and Epidemiology Study (KoGES). To maximize statistical power, we employed
the Sequence Kernel Association Test for Rare and Common variants (SKAT-RC), a unified framework that
captures the joint contribution of variants across the entire frequency spectrum. The performance of SKAT-
RC was systematically compared with single-variant GWAS and conventional gene-based rare-variant tests
(Burden, SKAT, and SKAT-0).

Results: Beyond replicating established susceptibility loci (e.g., CDKAL1 and KCNQ1), SKAT-RC identified
novel genome-wide significant associations in HMGA1, MARCHF3, and CHEK2. Notably, these signals were
largely undetected by frequency-specific analyses, suggesting that T2D risk in these loci is driven by a
synergistic interplay between common regulatory and rare functional variants.

Conclusion: Our findings demonstrate that an integrated allelic-spectrum approach significantly recovers
"missing heritability" that standard methodologies overlook. This study provides a refined genetic map of
T2D in East Asians and underscores the need for integrated genomic models to advance risk prediction and
personalized preventive strategies in public health.
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Introduction

Type 2 diabetes (T2D) manifests as a chronic
metabolic  disruption characterized by persistent
hyperglycemia, primarily driven by the interplay
between systemic insulin resistance and progressive
pancreatic  p-cell dysfunction [1]. The global
epidemiological landscape of T2D has shifted
dramatically, with prevalence nearly doubling from
4.7% in 1980 to 8.5% in 2014 [2]. This escalating
public health challenge is notably evident in South

Korea, where the prevalence among adults aged 30
and older has reached 12.4% as of 2021, imposing a
significant burden on the national healthcare system
[3]. Beyond its metabolic impact, T2D acts as a
precursor to  debilitating microvascular  and
macrovascular complications, including retinopathy,
nephropathy, and cardiovascular disease [4]. Given its
significant heritability (estimated at 25-55% in East
Asian populations), deciphering the underlying genetic
architecture is a prerequisite for advancing precision
diagnostics and targeted therapeutic strategies [5].

* Corresponding author: Sungkyoung Choi (day0413@hanyang.ac.kr, 031-400-5465) 1
College of Computing, Hanyang University, 55 Hanyang-Daehak-ro, Sangnok-gu, Ansan 15588, Republic of Korea



Lim et al. KJPH, 63(1):24-35, 2026

The foundational era of genome-wide association
studies (GWAS) has successfully mapped hundreds of
common loci (minor allele frequency [MAF] > 5%)
associated with T2D risk [6]. Robust signals in genes
such as TCF7L2, KCNQ1, and CDKAL1 have been
consistently replicated across diverse ethnic groups,
including East Asian populations [7, 8]. Nevertheless,
these common variants account for only a modest
fraction (~10%) of the total phenotypic variance,
leaving a substantial portion of "missing heritability"
unresolved [9]. This gap has shifted the focus toward
the "rare variant hypothesis," which suggests that low-
frequency (MAF 1-5%) and rare variants (MAF < 1%)
may harbor larger effect sizes and provide more direct
insights into the functional mechanisms of disease
susceptibility [10].

To interrogate these rare signals, various gene-based
rare-variant association tests (RVATs), such as the
Burden test, SKAT, and its optimal version (SKAT-0),
have been developed [11, 12]. While transformative,
these conventional RVATs are often hindered by an
inherent analytical trade-off: they typically prioritize
rare variants while down-weighting or excluding the
contributions of common variants within the same
locus [13, 14]. Emerging genomic evidence indicates
that genetic risk within a single gene is frequently
distributed across a broad allelic spectrum, including
both common and rare variants [15]. Consequently,
segregating these variants into discrete analysis
streams can significantly erode statistical power,
particularly in regions where diverse frequency classes
act in synergy [13].

The paradigm of integrating common and rare
variants through joint testing frameworks, such as the
hierarchical modeling approach proposed by Cardin et
al. [16], has emerged as a powerful strategy to
overcome the limitations of traditional frequency-
stratified analyses. Expanding on this conceptual
foundation, the Sequence Kernel Association Test for
Rare and Common variants (SKAT-RC) addresses this
limitation by using a unified, flexible, kernel-based
architecture that integrates signals across the
frequency spectrum [13]. This integrated approach is
ideally suited for exome-chip data, which are enriched
for both functional rare coding variants and established
common regulatory variants [17]. Despite its
robustness, the application of SKAT-RC in East Asian
populations remains nascent. Considering the distinct
linkage disequilibrium (LD) patterns and unique
genetic backgrounds of East Asians, applying such
integrated models to Korean cohorts may uncover
novel pathogenic insights that have eluded traditional
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analysis pipelines.

In this study, we employed the SKAT-RC
framework to investigate the genetic drivers of T2D
within a large-scale South Korean population. We
leveraged a comprehensive dataset of 11,599
individuals by harmonizing three major cohorts from
the Korean Genome and Epidemiology Study
(KoGES): Ansan-Ansung (KARE), Health Examinees
(HEXA), and Cardiovascular Disease Association
(CAVAS) [18]. Our study provides a comparative
evaluation of SKAT-RC against standard single-variant
logistic regression and conventional RVATs. By
moving beyond frequency-based stratification, we aim
to validate the effectiveness of joint allelic modeling
and identify novel candidate genes to refine the
precision medicine landscape for T2D in South Korea.

Methods

Study Population and Cohort Integration

The study population was derived from the Korean
Genome and Epidemiology Study (KoGES), a
comprehensive, longitudinal project overseen by the
Korea National Institute of Health (KNIH) [18]. To
maximize statistical power for gene-based association
mapping, we harmonized individual-level data from
three distinct sub-cohorts: the Ansan-Ansung Study
(KARE; community-based), the Health Examinees
Study (HEXA,; urban-based), and the Cardiovascular
Disease Association Study (CAVAS; rural-based). This
multi-center integration effectively captures the
diverse demographic and environmental exposures of
the South Korean population, thereby enhancing the
generalizability of our findings.

A rigorous quality control (QC) process was
implemented for participant selection to ensure data
integrity and completeness across all adjusted
covariates. From the initial KoGES cohort sample (N =
11,599), 93 individuals were sequentially excluded for
incomplete clinical phenotypic data. Specifically,
participants were removed due to missing information
for BMI (n = 37), alcohol intake (n = 26), smoking
status (n = 8), systolic or diastolic blood pressure
(SBP/DBP, n = 5), physical activity (n = 11), and LDL
cholesterol levels (n = 6). Following these sequential
phenotypic exclusions, a final analytical dataset
consisting of 11,506 participants was established for
downstream genetic association analyses (Table 1).
The study was conducted in accordance with the
Declaration of Helsinki and received formal approval
from the Institutional Review Board (IRB) of Hanyang
University (IRB No: HYUIRB-202606-004). Prior to
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cohort enrollment, written informed consent was
obtained from all participants.

Table 1. Sequential sample quality control and
exclusion flowchart based on clinical phenotypic
data

QC Step/ Number of -
- Remaining
Exclusion Samples Samoles
Criteria Excluded P
Initial KoGES
Cohort Sample ) 11,599
BMI 37 11,562
Alcohol intake 26 11,536
Smoking Status 8 11,528
SBP/DBP 5 11,523
Physical Activity 11 11,512
LDL 6 11,506

Note: BMI, body mass index; SBP, systolic blood
pressure; DBP, diastolic blood pressure; LDL, low-
density lipoprotein

Covariates and Clinical Assessment

To mitigate potential confounding factors in the
genetic association models, we incorporated a
comprehensive set of demographics, lifestyle,
anthropometric, and  biochemical  covariates.
Demographic and lifestyle data—including age, sex,
smoking status, alcohol consumption, and physical
activity—were  obtained through  standardized
questionnaires and interviewer-assisted  surveys.
Smoking status and alcohol intake were categorized
into three distinct groups: never, past, and current
users. Physical activity was binary-coded as regular
vigorous exercise (yes/no).

Anthropometric parameters included height, weight,
and blood pressure. Body mass index (BMI) was
calculated as weight in kilograms divided by the
square of height in meters (kg/m?). Systolic and
diastolic blood pressures (SBP and DBP) were
recorded using a mercury sphygmomanometer; the
mean of three consecutive readings was used for the
KARE cohort, while single measurements were
utilized for the HEXA and CAVAS cohorts according
to their respective protocols.

Biochemical profiles were assessed from peripheral
blood samples collected after at least 8 hours of
overnight fasting. Measured parameters included
fasting plasma glucose (FPG), glycosylated
hemoglobin (HbA1c), total cholesterol, high-density
lipoprotein (HDL) cholesterol, and triglycerides. Low-
density lipoprotein (LDL) cholesterol levels were
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derived using the Friedewald equation: LDL = Total
Cholesterol - HDL - (Triglycerides / 5) [19].
Furthermore, to account for regional variations and
potential population stratification, the study area was
adjusted as a categorical covariate, subdivided into
Ansan (KARE), Ansung (KARE), urban (HEXA), and
rural (CAVAS) regions.

Phenotype Definition for Type 2 Diabetes

The clinical classification of glycemic status was
established in accordance with the American Diabetes
Association (ADA) diagnostic guidelines [20].
Participants were categorized as T2D cases if they
fulfilled at least one of the following validated criteria:
(1) fasting plasma glucose (FPG) level > 126 mg/dL,
(2) HbAlc > 6.5%, (3) a documented clinical history
of T2D diagnosis, or (4) ongoing administration of
insulin or oral antidiabetic pharmacotherapy.

To ensure phenotypic contrast and minimize
misclassification bias, the control group was restricted
to individuals with no history of diabetes, FPG < 100
mg/dL, and HbAlc < 5.7%. Crucially, we excluded
participants within the prediabetic range (100 < FPG <
126 mg/dL or 5.7 < HbAlc < 6.5%) and those with
incomplete  glycemic  records. This  rigorous
stratification was employed to prevent phenotypic
ambiguity and enhance statistical power to detect
genuine genetic associations.

Genotyping, Quality Control, and Functional
Annotation

Genome-wide genotyping was performed using the
Ilumina HumanExome BeadChip v1.1 (lllumina Inc.,
San Diego, CA, USA), which contains probes for
242,900 single-nucleotide polymorphisms (SNPs)
selected from extensive exome and whole-genome
sequencing data. Detailed genotyping platforms, array
designs, and quality control processes for this dataset
have been described comprehensively in a previous
study [21].

Genotype quality control (QC) was conducted using
PLINK (version 1.9) [22]. To ensure the integrity of
the genetic data, we implemented stringent variant-
level filtering criteria. Specifically, markers were
excluded if they met any of the following conditions:
(1) a genotype call rate < 95%, (2) a significant
deviation from Hardy—\Weinberg Equilibrium (HWE)
atP<1x 10%, or (3) a minor allele count (MAC) < 5.

Post-QC variants were annotated for function using
ANNOVAR, using the NCBI human genome assembly
(hg19) as the reference. For downstream gene-based
association  analyses, we  prioritized  high-

3
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qualityvariants located in exonic and splicing regions,
as these are more likely to exert direct functional
effects on T2D phenotype.

Statistical Analysis

To control for potential population stratification and
cryptic relatedness induced by the integration of three
distinct cohorts, we performed Principal Component
Analysis (PCA) using a pruned set of common
variants. The first ten principal components (PCl-
PC10) were incorporated as continuous covariates in
all association models. Additional adjustments were
made for age, sex, BMI, smoking status, alcohol
consumption, and physical activity to minimize
residual confounding.

Single-Variant Association Analysis

For common variants, defined by a Minor Allele
Frequency (MAF) > 0.01, association testing was
conducted via logistic regression under an additive
genetic model. These analyses were performed using
PLINK (version 1.9), and the results served as a
baseline for comparing the efficiency of subsequent
gene-based integrated tests.

Gene-based Rare-Variant Association Tests (RVATSs)

Association testing for rare variants (MAF < 0.01)

was aggregated at the gene level using the R package
‘SKAT’ [11]. We utilized three conventional RVAT
frameworks to compare their performance:

. Burden Test: Assumes all rare variants in a
genomic region have the same direction and
magnitude of effect by collapsing them into a
single genetic score.

*  Sequence Kernel Association Test (SKAT):
A variance-component test that aggregates
variant-level score statistics via a kernel matrix,
allowing for heterogeneous effect directions
and magnitudes [11].

*+ SKAT-O: An optimal unified test that
adaptively combines Burden and SKAT
statistics to maximize statistical power across
varying genetic architectures [12].

Integrated Analysis via SKAT-RC

To evaluate the joint contribution of common and
rare variants, we employed the Sequence Kernel
Association Test for Rare and Common variants
(SKAT-RC) framework [13]. Unlike traditional
methods that dichotomize variants, SKAT-RC
constructs dual kernels to simultaneously model rare
and common variation within a single locus. To
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optimize the detection of functional signals, we
applied a Beta(1, 25) weighting scheme for rare
variants (MAF < 0.01) to prioritize lower-frequency
alleles, and a Beta(0.5, 0.5) scheme for common
variants (MAF > 0.01) to maintain stable power for
common regulatory signals. This adaptive framework
accounts for the distinct evolutionary pressures and
effect sizes associated with different frequency classes,
thereby enhancing overall detection power.

The gene-based integrated tests were executed using
the ‘SKAT CommonRare.SSD.ALL’ function within
the ‘SKAT’ package in R. The exact implementation
framework and parameter arguments utilized for
computing the four complementary testing modalities
(Burden-C, Burden-A, SKAT-C, and SKAT-A) were
structured as follows:

(1) SKAT-C

component test)

SKAT_CommonRare.SSD.All(merged.INFO,
obj, method = 'C', CommonRare_Cutoff = 0.01)
(2) Burden-C (Combined joint burden test;
r.corr set to 1 for maximum collapsing)
SKAT_CommonRare.SSD.All(merged.INFO,
obj, method = 'C', r.corr.common = 1, r.corr.rare
=1, CommonRare_Cutoff = 0.01)
(3) SKAT-A (Adaptive joint test allowing data-
dependent weights)
SKAT_CommonRare.SSD.All(merged.INFO,
obj, method ="A", CommonRare_Cutoff = 0.01)
(4) Burden-A (Adaptive joint burden test; r.corr
set to 1 for maximum collapsing)
SKAT_CommonRare.SSD.All(merged.INFO,
obj, method ='A', r.corr.common = 1, r.corr.rare
=1, CommonRare_Cutoff = 0.01)

(Combined joint variance-

Multiple Testing Correction

To account for the burden of multiple comparisons
across the exome, significance thresholds were strictly
defined. We applied the Bonferroni correction to
control the family-wise error rate (FWER) and the
False Discovery Rate (FDR) using the Benjamini-
Hochberg procedure for exploratory discovery.
Genome-wide significance for gene-based tests was
establisned at P < 25 x 10% (adjusted for
approximately 20,000 human genes) or at P <
0.05/Ntestea  for the specific exome-chip content
analyzed. Specifically, multiple testing was rigorously
controlled using the Benjamini—Hochberg procedure,
with strict statistical significance for primary hallmark
loci defined at an FDR-adjusted g-value < 0.05.
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Table 2. Demographic and clinical characteristics of the study participants by type 2 diabetes status

T2D status according to ADA

P-value
Case (n=1577) Control (n=9929)

Age 60.710 £ 7.95 57.649 +9.11 <0.001
Sex <0.001

Men 865 (54.9%) 4377 (44.1%)

Women 712 (45.1%) 5552 (55.9%)
Alcohol intake <0.001

Never 766 (48.6%) 4977 (50.1%)

Past 130 (8.2%) 511 (5.1%)

Current 681 (43.2%) 4441 (44.7%)
Smoking status <0.001

Never 907 (57.5%) 6613 (66.6%)

Past 364 (23.1%) 1828 (18.4%)

Current 306 (19.4%) 1488 (15.0%)
Physical Activity 0.108

Yes 660 (41.6%) 3940 (39.7%)

No 917 (58.1%) 5989 (60.3%)
BMI 25.268 + 3.038 24.049 + 3.011 <0.001
Waist 88.071 + 8.207 83.069 + 8.897 <0.001
SBP 127.914 + 17.550 120.927 + 15.710 <0.001
DBP 79.898 + 10.535 78.004 + 9.880 <0.001
FPG 140.082 + 51.570 92.833 + 10.070 <0.001
Triglyceride 180.938 + 140.624 134.267 + 91.682 <0.001
HDL 42.488 + 10.867 47.912 + 12.668 <0.001
LDL 115.227 + 36.734 122.745 + 32.723 <0.001

Note: BMI, body mass index; SBP, systolic blood pressure; DBP, diastolic blood pressure; FPG, fasting plasma glucose;
HbALlc, glycosylated hemoglobin; HDL, high-density lipoprotein; LDL, low-density lipoprotein.

Results
Baseline Characteristics of the Study Population

The baseline characteristics of the 11,506
participants (1,577 cases and 9,929 controls) are
summarized in Table 2. The mean age of the T2D case
group was significantly higher than that of the control
group (60.71 + SD vs. 57.65 + SD years; P < 0.001).
Consistent with the known pathophysiology of T2D,
the case group exhibited a higher proportion of males
and significantly elevated anthropometric profiles,
including BMI, waist circumference, and both SBP
and DBP, compared to the controls.

Biochemical assessments further highlighted the
metabolic disparity between the two groups. FPG,
HbAlc, triglyceride, and LDL levels were markedly
higher in T2D cases, whereas HDL cholesterol levels
were significantly lower. These observed phenotypic
distributions align with established clinical profiles of
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T2D within the Korean population and confirm the
phenotypic integrity of the study cohorts for
subsequent genetic association analyses.

Single-Variant Association Analysis

To establish a baseline for genetic associations, we
first performed a single-variant logistic regression
analysis focusing on common variants (MAF > 0.01).
The genome-wide distribution of these association
signals is visualized in the Manhattan plot (Figure 1A).
The genomic inflation factor was calculated as 4 =
1.029, indicating that population stratification and
systematic biases were effectively controlled within
our integrated cohort (Figure 1B).

Among the tested markers, two common variants
exceeded the conventional genome-wide significance
threshold (P < 5 x 108), while nine variants surpassed
the more stringent Bonferroni-corrected threshold (P <
1.586 x 10%). Furthermore, 20 SNPs remained
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significant after applying the FDR correction (Table
S1). We successfully replicated several well-
established T2D susceptibility loci, including TCF7L2
(rs7903146), KCNQ1, and CDKAL1l. The robust
replication of these hallmark signals validates the high
quality of our genotyping data and the reliability of our
analytical pipeline.

Despite these findings, the single-variant framework
exhibited limited sensitivity in detecting associations
within gene regions characterized by complex allelic
architectures or a high density of rare functional
variants. This underscores a critical limitation of
traditional GWAS approaches: their relative inability
to capture risk signals driven by the lower end of the
allele frequency spectrum, thereby necessitating more
integrated gene-based methodologies.

(A) Original p-value

— logya(p-valug)

1 2 3 45 8

7 8 9 10 11 1213141516 1718 19 222

Chromosomal Coordinates

(B) Genomic control

=1.02944

— logsolp-value)

6 7 8 9 10 11 1213141516 1718 19 2@82

Chromesomal Coordinates

Figure 1. Manhattan plots for single-variant
association analysis of type 2 diabetes. The plots
represent the genome-wide distribution of
association signals across 22 autosomes using the
KoGES exome-chip data. The x-axis indicates
chromosomal positions, and the y-axis represents -
logio(P-value). The horizontal dashed red line
denotes the Bonferroni-corrected significance
threshold (P < 1.586 x 10). (A) Manhattan plot
showing unadjusted P-values. (B) Manhattan plot
after applying genomic control, with an inflation
factor of 4 = 1.029.

Rare Variant Association Analysis

To evaluate the contribution of rare coding variants
(MAF < 0.01), we applied three conventional gene-
based association tests: Burden, SKAT, and SKAT-O.
Under the stringent Bonferroni-corrected exome-wide
significance threshold (P < 5.5 x 10%), no genes
reached statistical significance across any of the three
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methodologies (Table S2). Despite the lack of exome-
wide significant findings, we conducted an exploratory
prioritization by identifying top-ranked candidate
genes based on their P-values. A total of 14 genes,
including ERN1, TANGO6, NEK4, and HOXC13, were
identified as suggestive candidates, consistently
appearing in the top-tier rankings across all three tests.
Notably, six of these genes remained within the top 10
most significant results across the Burden, SKAT, and
SKAT-O tests, implying a robust rare-variant signal
even though it remained sub-threshold. These results
highlight the inherent limitations of standard RVATs
for complex metabolic traits such as T2D. The absence
of genome-wide significant signals in these models
likely stems from reduced statistical power due to
neutral variants within a locus or to genetic
architecture jointly influenced by common and rare
alleles. This power deficiency underscores the
necessity for an integrated analytical framework
capable of modeling the synergistic effects of variants
across the entire frequency spectrum.

Integrated Analysis of Common and Rare Variants
via SKAT-RC methods

The primary objective of this study was to evaluate
the joint contribution of rare and common variants to
T2D susceptibility using the SKAT-RC framework.
Table 3 summarizes the candidate genes prioritized by
ranking within the top 10 P-values across the four
SKAT-RC-based methodologies (Burden-C, Burden-A,
SKAT-C, and SKAT-A). To enhance clarity and
delineate the underlying genetic mechanisms, these
prioritized findings were explicitly partitioned into
established benchmark loci representing genetic
continuity and novel discoveries uncovered via the
joint architecture framework.

Replicated Benchmark Loci Representing Genetic
Continuity

Among the identified loci, two genes, KCNQ1 and
CDKAL1, surpassed the FDR significance threshold
(FDR-adjusted g-value < 0.05). These signals,
primarily driven by common variants, were highly
consistent with our previous single-variant association
results, thereby validating the robustness of our
analytical pipeline and confirming their roles as
definitive susceptibility loci for T2D in the Korean
population. Additionally, PAX4, a well-established
gene critically involved in pancreatic beta-cell
function and the pathogenesis of T2D, was
successfully prioritized among the top-ranked
candidates. The robust capture of these markers
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demonstrates the strong alignment and genetic
continuity of our integrated framework with known,
validated T2D risk factors.

Novel SKAT-RC-Specific Discoveries Uncovered by
Joint Architecture

While the relatively modest sample size of the
integrated cohort may have limited the statistical
power to detect large-scale signals that exceed
stringent FDR thresholds across all loci, the SKAT-RC
framework successfully prioritized several biologically
compelling novel candidate genes. Specifically, robust
association signals were identified in the MARCHF3,
CHEK2, and HMGAL loci-signals that were entirely
missed or obscured by conventional single-variant
analyses and RVATS.

The identification of these loci highlights the unique
capacity of the SKAT-RC approach to unearth hidden
signals by simultaneously modeling the joint
architecture of common and rare variation at a single
locus. These genes have been previously implicated in
metabolic and T2D-related pathways in prior
functional studies, and their distinct biological roles
and etiologies are addressed in detail in the Discussion.

In conclusion, these findings demonstrate that the
SKAT-RC approach, by simultaneously modelling
both common and rare variation, provides a more
comprehensive view of the genetic landscape than
conventional methods. This integrated framework not
only replicates known risk factors but also effectively
identifies promising candidate genes that are otherwise
obscured in frequency-stratified analyses.

Table 3. Integrated gene-based association results and prioritization of candidate loci using the SKAT-RC

methods
Gene CHR Nswe  Nrae  Neommon 'zf:‘“[’)";”)c '?E“E’)";”)A (PFSEAFS (PFSBAS;
KeNQL 1t 2 0 2 oom  (osmy  (ases) (rascon
COKALL 6 14 1 B Gamy  oobe)  omn  (own
ocwsTSUs T 1 0 1 Gl asn o (005
ADH 12 2 0 2 G oman o oot
UBEEZASL 3 2 0 2 (o79)  (o7ise (om0 (o076
COKNZBASL 9 19 0 19 oour  (Gmow) (o1 (1057
BRAP 12 4 3 U e oman  ouwe  (0eh
ACADI0 12 T 6 1 (e o (129 (©1009)
HMGAL 6 2 0 2 ohem (o9 o) i)
CHEKZ 2 3 1 2 ooy e (2w (008
WARCHFS 5 2 1 1 (omug)  (oome  (2m8)  (ion
MIMZ 6 321 e oo (s (207)
PG TS L4 e osen (e 01057
WESPIA W 1 T 4 Oy Goee) ool (0809)

Note: P-values were derived from four SKAT-RC-based integrated tests (Burden-C, Burden-A, SKAT-C, and SKAT-A),
adjusting for age, sex, BMI, and the top 10 principal components. CHR: Chromosome; Ngyp: Total number of SNPS; Nrare:
Number of rare variants (MAF < 0.01); Ncommon: Number of common variants (MAF > 0.01). Pgurgenc/Paurdena: P-values from
the burden-based SKAT-RC kernels; Pskarc/Pskata: P-values from the adaptive SKAT-RC kernels. Bold text indicates
hallmark loci that strictly surpassed the multiple-testing correction threshold (FDR-adjusted g-value < 0.05). The remaining
loci were prioritized as exploratory candidates based on their consistent presence among the top 10 nominal P-value

rankings across all four analytical modalities.
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Discussion

In this study, we conducted a comprehensive genetic
association analysis for T2D in a large-scale Korean
population (N = 11,506) by integrating data from three
KoGES cohorts. While previous GWAS have
identified numerous risk loci, a significant portion of
T2D heritability remains unexplained, particularly
regarding the contribution of rare functional variants.
By applying the SKAT-RC framework to Exome Chip
data, we demonstrated that the joint analysis of
common and rare variants substantially enhances
statistical power compared to frequency-stratified
approaches. Our strategy successfully replicated
hallmark loci such as CDKAL1 and KCNQ1, while
identifying novel candidate genes—including HMGAL,
MARCHF3, and CHEK2—that were bypassed by
traditional single-variant or rare-variant-only methods.

The identification of HMGA1 (High Mobility Group
AT-Hook 1) as a susceptibility locus is particularly
significant. HMGA1 is a non-histone chromatin-
binding protein that regulates insulin receptor (INSR)
gene expression [23]. While rare variants such as
rs146052672 have been linked to severe insulin
resistance in European populations, our findings
extend this genetic association to East Asians [24].
Notably, the association at the HMGAL locus was
uniquely captured by SKAT-RC, suggesting that its
genetic architecture in Koreans involves a synergistic
interplay between common regulatory signals and rare
coding variations. This underscores the capacity of
integrated models to recover "hidden" signals within
established metabolic pathways.

We also identified MARCHF3 and CHEK2 as
promising susceptibility loci. MARCHF3 encodes an
E3 ubiquitin ligase involved in membrane receptor
trafficking. Given the critical role of the ubiquitin-
proteasome system in maintaining pancreatic p-cell
integrity and insulin signaling [25-27], dysregulation
of MARCHF3 may impair the stability of surface
proteins such as GLUT4. Similarly, CHEK2, primarily
known as a tumor suppressor, has recently been
implicated in insulin secretion by modulating DNA
repair pathways in p-cells [28]. The fact that these
signals were detected exclusively through the SKAT-
RC framework highlights its superior sensitivity to loci
where risk is distributed across the entire frequency
spectrum.

From a methodological perspective, our results
highlight the utility of addressing the limitations of the
traditional dichotomization of genetic variants based
on arbitrary frequency thresholds (e.g., MAF = 0.01).
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While conventional frequency-stratified strategies
remain indispensable for pinpointing risk alleles
strictly confined to a single frequency domain, they
may fail to detect loci where common and rare variants
exert joint, cumulative effects. By applying SKAT-RC,
we demonstrated that modelling variants as a
continuum provides a valuable statistical approach for
recovering these integrated signals. Crucially, this
approach  should be conceptualized as a
complementary framework that operates alongside
standard single-variant GWAS and dedicated RVATs,
rather than as a universal replacement, since each
methodology has distinct strengths for characterizing
specific genetic architectures.

Our study possesses several notable strengths that
reinforce the validity of our findings. Primarily, by
leveraging the large-scale KoGES cohort, we
effectively minimized the confounding effects of
population stratification, thereby maximizing our
capacity to detect genetic variants unique to the
Korean population. Furthermore, the use of Exome-
chip data allowed us to prioritize functional coding
variants, which inherently offer more direct biological
insights than the intergenic tag SNPs typically
analyzed in standard GWAS. These data were further
empowered by the application of the SKAT-RC
methods; this methodological innovation provided a
robust, complementary statistical approach that
successfully  captured complex joint  genetic
architectures often missed by conventional pipelines.

Despite these contributions, several limitations
warrant  consideration.  Although we identified
statistical associations for HMGA1, MARCHF3, and
CHEK2, the lack of in vitro or in vivo functional
validation means that the precise molecular
mechanisms of these variants remain to be fully
elucidated. Additionally, while the focus on a
homogeneous Korean population reduced genetic
noise, it also limits the immediate generalizability of
our results to other ethnic groups, necessitating future
replication in diverse populations to confirm global
relevance. Finally, although we adjusted for major
covariates, including age, BMI, and lifestyle factors,
we cannot entirely rule out residual confounding from
unmeasured environmental variables, such as detailed
dietary patterns or gut microbiome composition.

Conclusion

In conclusion, this study underscores the critical
importance of integrating the effects of common and
rare variants to fully elucidate the complex genetic
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architecture of T2D. By leveraging the SKAT-RC
framework on large-scale KoGES exome-chip data,
we demonstrated how this approach effectively
complements conventional single-variant GWAS and
standard rare-variant association tests. Rather than
serving as a replacement for traditional frequency-
stratified methods, this integrated continuum-based
model acts as a powerful analytical expansion, leading
to the identification of novel candidate loci, including
HMGA1, MARCHF3, and CHEK2, which had
previously remained undetected. Our findings not only
validate the unique genetic landscape of the Korean
population but also demonstrate that a significant
portion of the "missing heritability" can be recovered
by advanced statistical models that encompass the full
allelic spectrum. Ultimately, this work provides a
robust analytical foundation to enhance the precision
of risk prediction and paves the way for personalized
medicine strategies tailored to East Asian populations.
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Table S1. Top-ranked common variants associated with type 2 diabetes identified by single-variant logistic
regression.

CHR BP SNP Alleles Gene P-value Bonferroni FDR
9 22133284 exm-rs10965250 G/A CDKN2B-AS1 6.49E-09 0.0002 0.0002
11 2857194 exm-rs2237895 AIC KCNQ1 9.73E-09 0.0003 0.0002
11 2839751 exm-rs2237892 G/IA KCNQ1 8.75E-08 0.0028 0.0009
6 20694884 exm-rs2206734 G/IA CDKAL1 1.95E-07 0.0062 0.0014
6 20688121 exm-rs10440833 T/A CDKAL1 2.26E-07 0.0071 0.0014
7 127253550 exm655176 G/A PAX4 3.21E-07 0.0101 0.0017
9 22132076 exm-rs2383208 AIG CDKN2B-AS1 5.69E-07 0.0180 0.0026
6 20661034 exm-rs10946398 AIC CDKAL1 1.51E-06 0.0476 0.0053
6 20661250 exm-rs7754840 GIC CDKAL1 1.51E-06 0.0476 0.0053
6 20657865 exm-rs4712524 AIG CDKAL1 1.70E-06 0.0535 0.0053
3 23176416 exm2255949 AIG UBE2E2-AS1 3.15E-06 0.0994 0.0090
6 20657564 exm-rs4712523 A/lG CDKAL1 4.92E-06 0.1551 0.0129
6 20652717 exm-rs9295474 CIG CDKAL1 5.93E-06 0.1871 0.0144
12 112110489 exm-rs3782886 AIG BRAP 1.12E-05 0.3519 0.0230
7 171613 exm2270567 AIG LOC105375115 1.15E-05 0.3630 0.0230
12 112241766 exm1037968 G/IA ALDH2 1.22E-05 0.3848 0.0230
19 46158513 exm-rs8108269 C/IA EML2 1.24E-05 0.3911 0.0230
12 112817783 exm-rs11066280 T/IA HECTD4 1.42E-05 0.4467 0.0248
12 112168009  exm-rs11066015 G/IA ACAD10 1.81E-05 0.5715 0.0301
6 152652184 exm587957 G/A SYNE1 2.08E-05 0.6548 0.0327

Note: P-values were calculated using logistic regression analysis adjusted for age, sex, BMI, and the top 10 principal
components. CHR: Chromosome; BP: Base pair position (hg19); SNP: Single nucleotide polymorphism (exome-chip probe
ID); Alleles: Effect allele/Other allele; FDR: False Discovery Rate (Benjamini—Hochberg procedure).
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Table S2. Top-ranked candidate genes identified through gene-based rare-variant association tests for type 2
diabetes.

Gene CHR Start End Nsve  MAC Pgurden Pskar Pskato

ERN1 17 62133160 62133160 1 5 2.17E-04 2.17E-04 2.17E-04

TANGO6 16 68894357 69117506 2 87 4.10E-02 2.20E-04 2.94E-04

NEK4 3 52780878 52794833 3 99 1.13E-02 4.03E-04 5.47E-04

HOXC13 12 54339018 54339018 1 120 4.08E-04 4.08E-04 4.08E-04

TCP11 6 35103966 35103966 1 6 4.83E-04 4.83E-04 4.83E-04

EP400 12 132562126 132562126 1 128 5.04E-04 5.04E-04 5.04E-04

BAHCC1 17 79412193 79430737 5 105 4.20E-03 7.95E-04 1.13E-03

TNFSF9 19 6534841 6535064 2 120 3.63E-04 8.24E-04 3.85E-04

AARS1 16 70301563 70301563 1 9 1.07E-03 1.07E-03 1.07E-03
WDR6 3 49050133 49052453 3 54 3.02E-03 1.16E-03 1.36E-03
ADAR 1 154570903 154570903 1 198 1.19E-03 1.19E-03 1.19E-03

CDK5RAP1 20 31954730 31984787 2 17 5.27E-04 1.85E-03 8.90E-04

C2orf16 2 27801904 27804203 4 123 9.17E-04 6.45E-03 1.51E-03

MYBBP1A 17 4442816 4458516 7 401 4.67E-05 1.26E-02 7.67E-05

Note: P-values were calculated using three rare-variant association tests (Burden, SKAT, and SKAT-O) adjusted for age,
sex, BMI, and the first ten principal components. CHR: Chromosome; Nsyp: number of SNPs; MAC: Minor allele count;
Pgurgen: P-value from the Burden test; Pskar: P-value from the Sequence Kernel Association Test; Psgaro: P-value from the
Optimal Unified Test.
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