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Genome-wide association studies (GWAS) have identified numerous loci associ
ated with type 2 diabetes (T2D), but genetic effects may vary across ancestral 
populations. We integrated publicly available multi-ancestry GWAS summary 
statistics from Suzuki et al. with an internal recessive GWAS meta-analysis to 
investigate ancestry-related heterogeneity. Variants were evaluated using het
erogeneity analyses and prioritized based on recessive association significance, 
recessive-to-additive effect size ratios, and allele frequency differences across 
ancestries. Five loci showed strong evidence of ancestry-dependent recessive 
effects, with ancestry-specific analyses revealing variation in both effect sizes 
and allele frequencies. These findings emphasize the importance of diverse 
populations and recessive models for understanding T2D genetics.
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Genome-wide association studies (GWAS) have 
identified numerous loci associated with type 2 
diabetes (T2D), but genetic effects may vary across 
ancestral populations. We integrated publicly 
available multi-ancestry GWAS summary statistics 
from Suzuki et al. with an internal recessive GWAS 
meta-analysis to investigate ancestry-related 
heterogeneity. Variants were evaluated using 
heterogeneity analyses and prioritized based on 
recessive association significance, recessive-to-
additive effect size ratios, and allele frequency 
differences across ancestries. Five loci showed 
strong evidence of ancestry-dependent recessive 
effects, with ancestry-specific analyses revealing 
variation in both effect sizes and allele frequencies. 
These findings emphasize the importance of diverse 
populations and recessive models for understanding 
T2D genetics.

Figure 1. (A) Multi-ancestry T2D cohort aggregation. (B) Ancestral group 
stratification and genomic variant profiling. (C) Genome-wide additive vs. 
recessive model testing to identify heterogeneous loci. (D) Mapping 
prioritized loci back to ancestral risk profiles.

Most type 2 diabetes (T2D) GWAS rely on additive 
models, missing variants that operate under recessive 
inheritance. Furthermore, genetic associations vary 
across ancestral populations due to differences in 
allele frequencies and effect sizes.

To address this, we investigate whether target T2D 
variants are both enriched in a specific ancestry and 
significant under a recessive model. Concordant 
signals across independent multi-ancestry datasets 
provide strong evidence for population-specific 
recessive risk.

Integrating ancestry heterogeneity with recessive testing 
successfully prioritized non-additive loci, such as 
CDKAL1, that are obscured in traditional additive 
GWAS. Concordance across multi-ancestry datasets 
confirms that recessive T2D risk is tightly linked to 
population-specific allele enrichment. Future work will 
validate top candidate variants in independent biobanks 
and perform functional fine-mapping to uncover their 
underlying biological mechanisms.
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Figure 2. Overview of the analytical workflow. Multi-ancestry summary statistics from 
Suzuki et al. and recessive GWAS meta-analysis data were integrated to identify variants 
exhibiting both ancestry-correlated and recessive heterogeneity. Prioritized loci were then 
evaluated through allele frequency comparisons across populations.

Figure 5. Comparison of effect sizes (OR, 95% CI), EAFs, and P-values 
across six major ancestry groups. Results demonstrate broad population 
risk consistency alongside notable allele frequency enrichment in East 
Asian cohorts.

Figure 4. Ancestry-specific odds ratios for the CDKAL1 recessive variant 
across six ancestry groups. Error bars represent 95% confidence 
intervals; EAF and association p-values are shown for each ancestry.

Identification of Ancestry-Correlated and 
Heterogeneous Variants 
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Figure 3. Side-by-side forest plots 
demonstrating cohort-specific effect sizes 
(Odds Ratio, 95% Confidence Interval), 
effect allele frequencies (EAF), and P-
values before and after updating the 
dataset with UK Biobank summary 
statistics. Individual cohort estimates 
across major multi-ancestry biobanks 
illustrate effect magnitude consistency, 
while the overall pooled meta-analysis 
estimate (red summary diamond at the 
base) highlights a robust, statistically 
significant recessive risk association.
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