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Abstract

Purpose
India carries a large burden of prediabetes, but genomic studies of prediabetes in regionally sampled
South Asian populations remain limited. We assessed common-variant association and type 2 diabetes
polygenic risk score in women from Northern Kerala.

Methods
The cohort comprised 540 women aged 30–60 years genotyped using the Illumina Global Screening
Array. After quality control, the genome-wide association study included 269 participants with
prediabetes, 202 normoglycaemic controls, and 411,640 variants, with adjustment for four genetic
principal components. A secondary analysis applied Polygenic Score Catalog score PGS000125 to all
540 participants; 70 of 80 loci were allele-compatible. Logistic regression, bootstrap confidence
intervals, and repeated stratified tenfold cross-validation evaluated the score.

Results
The strongest regional signal occurred at MTNR1B, led by rs11020124 (odds ratio 1.83, 95% confidence
interval 1.38–2.41; P = 2.2 × 10⁻⁵). The established glycaemic variant rs10830963 showed the same risk
direction (odds ratio 1.77, 95% confidence interval 1.34–2.32; P = 4.7 × 10⁻⁵). Genomic inflation was
limited (λGC = 1.011). Mean effect-allele counts were 77.53 in prediabetes and 75.94 in controls. Each
standard-deviation increase was associated with 1.38-fold higher odds of prediabetes (95% confidence
interval 1.16–1.65; P = 0.00032), but discrimination was weak (area under the receiver operating
characteristic curve 0.583; bootstrap 95% confidence interval 0.534–0.630).

Conclusion
This study identified a suggestive MTNR1B regional signal consistent with prior Indian-Asian evidence.
These findings support MTNR1B as an early dysglycaemia locus and highlight the need for ancestry-
specific polygenic prediction models.

Introduction
Prediabetes is an intermediate stage of dysglycaemia characterized by glucose concentrations above
the normal range but below the diagnostic threshold for type 2 diabetes mellitus (T2DM). It represents a
critical window for disease prevention because individuals with prediabetes are at substantially
increased risk of progressing to T2DM and developing cardiovascular and other metabolic complications
[1]. According to the American Diabetes Association (ADA), prediabetes is diagnosed when any one of
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the following criteria is met: impaired fasting glucose (IFG), impaired glucose tolerance (IGT), or elevated
glycated haemoglobin (HbA1c) [2]. The International Diabetes Federation estimates that hundreds of
millions of adults worldwide are affected by prediabetes, and this burden is expected to increase
considerably over the coming decades, emphasizing the urgent need for effective risk stratification and
early intervention strategies [3].

India bears one of the largest global burdens of prediabetes. The nationally representative ICMR-INDIAB
study reported a weighted prevalence of 15.3% for prediabetes, exceeding the prevalence of diagnosed
diabetes in several regions of the country [4, 5]. Furthermore, longitudinal studies from India, including
Kerala, have demonstrated that nearly 60% of individuals with prediabetes progress to T2DM over time,
highlighting the importance of identifying individuals at high risk before the onset of overt diabetes [6, 7].
Importantly, clinical trials such as the Indian Diabetes Prevention Programme (IDPP-1), the Diabetes
Community Lifestyle Improvement Program (D-CLIP), and the Kerala Diabetes Prevention Program have
demonstrated that progression from prediabetes to T2DM can be delayed through lifestyle modification
and pharmacological intervention [8–10]. These findings underscore the importance of identifying
genetic susceptibility during the earliest stages of dysglycaemia, when preventive strategies are most
likely to be effective.

Despite the considerable clinical importance of prediabetes, its genetic architecture remains much less
understood than that of established T2DM. Genome-wide association studies (GWAS) have successfully
identified numerous susceptibility loci for T2DM and glycaemic traits across diverse populations, while
multi-ancestry studies have demonstrated that greater population diversity improves locus discovery,
fine-mapping, and the transferability of genetic risk prediction [11, 12]. However, South Asian populations
remain underrepresented in genomic studies, despite developing T2DM at younger ages and lower body
mass indices than many other ancestral groups. Women from Kerala represent an especially
understudied population, even though they experience a substantial burden of cardiometabolic disease
[13].

Polygenic risk scores (PRS) integrate the cumulative effects of multiple genetic variants and provide an
estimate of inherited disease susceptibility. Although PRS have shown promise for predicting T2DM risk,
their transferability across different ancestries and their applicability to prediabetes remain uncertain.
Studies in Indian populations have demonstrated improved prediction using ancestry-specific, genome-
wide PRS, but whether T2DM-derived polygenic scores can identify individuals at the prediabetic stage
has received little attention [14–16]. Understanding the performance of PRS before the onset of overt
diabetes may provide valuable insights into the genetic basis of early dysglycaemia and inform future
precision prevention strategies.

The present study was designed to investigate the genetic basis of prediabetes as a distinct stage in the
progression toward T2DM. Unlike conventional GWAS that compare individuals with established T2DM
and normoglycaemic controls, we focused on prediabetes to identify genetic variants associated with
early dysglycaemia before the onset of overt disease and its accompanying metabolic and therapeutic
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influences. We therefore performed a genome-wide association study comparing women with
prediabetes and normoglycaemic controls and evaluated whether a published T2DM polygenic risk score
was associated with prediabetes in this South Indian population.

Methods

Study design and Phenotypic profile
This population-based study was conducted between 2022 and 2023 in Kasaragod, the northernmost
district of Kerala, India. According to the 2011 Census of India, the district has a population of
approximately 1.31 million, comprising 0.63 million males and 0.68 million females distributed across
about 0.27 million households [17]. Participants were recruited using a multistage random sampling
strategy as described previously [13]. Prediabetes was defined according to the American Diabetes
Association (ADA) criteria. The overall study cohort consisted of 540 women, including 303 with
prediabetes and 237 with normoglycaemia. The primary objective of this study was to investigate the
genetic architecture underlying the transition from normoglycaemia to prediabetes, representing the
earliest clinically detectable stage of dysglycaemia. Accordingly, the genome-wide association analysis
compared women with prediabetes and normoglycaemic controls, while individuals with established
T2DM were not included in the primary analysis. Excluding participants with overt T2DM enabled the
investigation of genetic susceptibility to early dysglycaemia before the potential influence of disease
progression, chronic hyperglycaemia, diabetes-related complications, and glucose-lowering therapy. For
the GWAS, analyses were restricted to participants classified as either normoglycaemic or prediabetic
who had complete phenotypic information for all 11 quantitative traits, including body mass index (BMI),
body fat mass, waist circumference, fasting plasma glucose (FPG), 2-hour plasma glucose (2hPG),
glycated haemoglobin (HbA1c), homeostatic model assessment of β-cell function (HOMA-β),
homeostatic model assessment of insulin resistance (HOMA-IR), high-density lipoprotein (HDL)
cholesterol, low-density lipoprotein (LDL) cholesterol, and total cholesterol. The study was approved by
the Institutional Human Ethics Committee of the Central University of Kerala (Ref. no.
IHEC/CUK/2022/33 dated 28th February 2022 & CUK/IHEC/2019/061 dated 12th January 2020) written
informed consent was obtained from all participants.

Genotyping and quality control
Peripheral venous blood (2 mL) was collected from each participant into EDTA tubes and stored at − 
80°C until processing. DNA was extracted with the Promega Wizard kit, quantified on a NanoDrop One,
and genotyped using the Illumina Global Screening Array, with genome coordinates aligned to GRCh37.
PLINK v1.9 was used for genotype data management and quality control. Sample quality control
evaluated call rate, autosomal heterozygosity, duplicate or cryptic relatedness, and ancestry structure
[18]. Autosomal variants were pruned for linkage disequilibrium using a 50-variant window, five-variant
step, and r² threshold of 0.2 before heterozygosity and relatedness analyses. One participant from each
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pair with PI_HAT ≥ 0.125 was excluded. Variant quality control excluded unmapped and non-biallelic
markers and applied call-rate, control-based Hardy–Weinberg equilibrium (P < 1×10⁻⁶), and minor-allele-
frequency (≥ 1%) filters.

Population structure and genome-wide association analysis
Principal component analysis was conducted on approximately independent autosomal markers after
linkage-disequilibrium pruning with a 200-variant window, 50-variant step, and r² threshold of 0.25. The
first four principal components were included to control for population structure. The archived analysis
identifies GAPIT v3 as the association-testing software and PLINK v1.9 as the quality-control software
[18]. Prediabetes status was modelled under an additive genotype model using logistic regression.
Genomic inflation was assessed using λGC. Genome-wide significance was defined as P < 5×10⁻⁸;
weaker associations were considered suggestive and hypothesis-generating [20].

Haplotype analyses
The chromosomes were examined after the genome-wide scan. Haplotype blocks were defined using
the Gabriel confidence-interval method. Expectation–maximisation estimates of haplotype frequency
were compared between groups, with haplotypes below 1% combined and Bonferroni correction applied
within blocks. Because regions were selected after inspection of the association results, these analyses
are exploratory [21].

Polygenic score calculation and harmonisation
Candidate T2DM scores were identified in the Polygenic risk Score Catalog
https://www.pgscatalog.org/). PGS000125, an 80-locus T2DM score in which each effect-allele weight
equals one, was selected for direct-genotype evaluation. A South Asian-derived score, PGS003731, was
considered separately but required substantially greater variant recovery or imputation. Variants were
matched by rsID and harmonised to the reported effect allele; direct and complementary-strand matches
were permitted. A/T and C/G variants were flagged as palindromic and examined in sensitivity analyses.
For each participant, the score was calculated as the sum of effect alleles and standardised to the
cohort standard deviation. This is an unweighted effect-allele score rather than a genome-wide, log-
odds-weighted PRS [14, 22].

Results

Characteristics of the cohort and phenotypic profile
The study involved 540 women, consisting of 237 with normal glucose levels and 303 classified as
prediabetic. The process for selecting and screening participants is illustrated in Fig. 1. Supplementary
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Table S1 summarizes the 11 quantitative metabolic traits (BMI, body fat mass, waist circumference, FPG,
2hPG, HbA1c, HOMA-β, HOMA-IR, HDL cholesterol, LDL cholesterol, and total cholesterol) of the women
included in the GWAS.

The correlation analysis of the 11 cardiometabolic traits uncovered several significant biological
relationships. The most robust positive correlations were found between total cholesterol and LDL
cholesterol (r = 0.894) and between hip circumference and BMI (r = 0.850). A moderate correlation was
noted between HbA1c and fasting glucose (r = 0.408), while triglycerides exhibited an inverse correlation
with HDL cholesterol (r = − 0.316), which aligns with dyslipidemia associated with insulin resistance.
Principal component analysis (PCA) revealed four principal components that accounted for 66.3% of the
total phenotypic variance. PC1 indicated an axis of obesity and insulin resistance, PC2 was related to
lipid metabolism, PC3 focused on glycemic regulation, and PC4 highlighted atherogenic dyslipidemia.
Detailed correlation coefficients and PCA loadings are provided in Supplementary Table S2.

Genotyping quality control and Principal component analysis
The genotyped dataset consisted of 540 women, which included 303 individuals diagnosed with
prediabetes and 237 normoglycemic controls. After conducting sample-level quality control, 41
heterozygosity outliers and 28 related individuals were removed, leading to a final dataset of 471
unrelated participants (269 prediabetes cases and 202 controls) for the GWAS. Variant-level quality
control preserved 411,640 variants for association testing. Among the 269 prediabetes cases that
passed quality control, 201 (74.7%) exhibited IFG, 21 (7.8%) showed isolated IGT, and 47 (17.5%) had
both IFG and IGT. The counts of samples and variants at each stage of quality control are detailed in
Supplementary Table S3.

PCA was performed on the final quality-controlled dataset of 471 unrelated individuals genotyped at
653,589 variants. For PCA, chromosome 0 variants were excluded and linkage disequilibrium pruning
was applied using a 200-SNP window, 50-SNP step size, and r-squared threshold of 0.25. This removed
400,538 variants and retained 252,842 approximately independent markers. The first ten principal
components together accounted for the variance captured by the eigen, with PC1 explaining 13.99
percent, PC2 11.71 percent, PC3 11.37 percent, PC4 9.59 percent, and PC5 9.39 percent. Scatter plots of
PC1 versus PC2, PC1 versus PC3, and PC2 versus PC3 showed overlapping distributions of normal and
prediabetes samples illustrated in Fig. 2, indicating no major phenotype-driven population stratification.
However, several minor clusters and a small number of outlier samples were visible, consistent with fine-
scale structure within the cohort.

Genome Wide Association Analysis
After genotype quality control, 411,640 variants were available in 471 participants, comprising 269
prediabetes cases and 202 normoglycemic controls. Logistic regression implemented using the GAPIT
general linear model produced valid tests for 411,592 variants (99.99%), with adjustment for four
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principal components. The genomic inflation factor was close to unity, indicating little residual test-
statistic inflation. The strongest signal was a cluster of SNPs in the MTNR1B region on chromosome
11q21.2. The lead variant was rs11020124 (chr11:92,957,495; OR = 1.83, 95% CI 1.38–2.41, P = 2.2 ×
10⁻⁵). Multiple correlated SNPs in the same locus produced consistent signal, including rs1387153 (OR 
= 1.79, P = 3.2 × 10⁻⁵), rs10830956 (OR = 1.79, P = 3.2 × 10⁻⁵), the canonical glycaemic GWAS variant
rs10830963 (OR = 1.77, 95% CI 1.34–2.32, P = 4.7 × 10⁻⁵) and rs7936247 (OR = 1.77, P = 6.4 ×
10⁻⁵).Additional suggestive loci were identified outside chromosome 11. On chromosome 6, rs12111375
showed OR = 0.55 (P = 2.5 × 10⁻⁵) and rs2178373 OR = 0.50 (P = 4.2 × 10⁻⁵). On chromosome 17q21,
rs11650969 (OR = 0.57, P = 2.8 × 10⁻⁵) and rs4796699 (OR = 1.79, P = 6.0 × 10⁻⁵) flanked a narrow region
of moderate signal. Smaller suggestive peaks appeared on chromosomes 4, 12 and 13. Figure 3 displays
the Manhattan plot that summarizes the results of the GWAS. The primary suggestive GWAS
associations are presented in Table 1. Supplementary Table S4 presents the complete list of suggestive
single-nucleotide polymorphism associations identified in the genome-wide analysis.

Table 1
Leading suggestive genome-wide association study associations

Chromosome/locus Variant OR P value Direction

11, MTNR1B rs11020124 1.83 2.2 × 10⁻⁵ Risk

6 rs12111375 0.55 2.5 × 10⁻⁵ Protective

17 rs11650969 0.57 2.8 × 10⁻⁵ Protective

11, MTNR1B rs1387153 1.79 3.2 × 10⁻⁵ Risk

11, MTNR1B rs10830956 1.79 3.2 × 10⁻⁵ Risk

6 rs2178373 0.50 4.2 × 10⁻⁵ Protective

11, MTNR1B rs10830963 1.77 4.7 × 10⁻⁵ Risk

17 rs4796699 1.79 6.0 × 10⁻⁵ Risk

11, MTNR1B rs7936247 1.77 6.4 × 10⁻⁵ Risk

OR odds ratio, MTNR1B melatonin receptor 1B

Haplotype analysis
Haplotype block analysis was performed around the strongest associated region on chromosome 11 by
extracting the MTNR1B locus (chr11:92.7–93.2 Mb, GRCh37). After filtering at MAF greater than or equal
to 5 percent and genotype missingness less than or equal to 5 percent, 69 variants were retained. PLINK
block estimation identified 17 haplotype blocks in this interval. Two adjacent blocks captured the main
association peak. The downstream MTNR1B block spanned chr11:92,964,815 − 92,992,074 and
contained rs10466351, rs10830962, rs10830963, GSA-rs11020131, and rs6483212. EM-based haplotype
estimation showed a significant overall case-control difference (chi-square = 21.10, df = 6, P = 0.0018).
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The major risk haplotype (designated 00100 in case-coded form) had estimated frequency 40.2 percent
in prediabetes and 30.2 percent in normals, corresponding to haplotype OR 1.55 (P = 0.0020; Bonferroni-
corrected P = 0.012). A protective haplotype (11000) had frequency 16.4 percent in prediabetes and 23.5
percent in normals, with OR 0.64 (P = 0.0082; Bonferroni-corrected P = 0.049).

The adjacent upstream block spanned chr11:92,940,662 − 92,962,848 and contained rs1387153,
rs10830956, rs7936247, rs11020124, rs2166706, rs10830961, and GSA-rs4331050. In this block, the risk
haplotype 1111100 was enriched in prediabetes (42.8 percent) relative to normals (31.3 percent), with
OR 1.69 and P = 2.0e-4. Conversely, the protective haplotype 0000011 was more common in normals
(51.2 percent) than in prediabetes (39.7 percent), with OR 0.64 and P = 0.0010. These results indicate
that the chromosome 11 signal is not driven by a single SNP alone, but by a correlated local haplotype
structure spanning the MTNR1B region.

A second haplotype analysis was performed for the chromosome 17 region surrounding rs11650969.
Four haplotype blocks were identified in chr17:41.6–41.9 Mb, with the lead pair rs11650969-rs74871137
forming a 5.35 kb block. In this block, haplotype 00 (C-A) had frequency 62.5 percent in prediabetes and
49.0 percent in normals, with OR 1.73 and P = 4.8e-5, whereas haplotype 11 (A-G) had frequency 12.9
percent in prediabetes and 22.3 percent in normals, with OR 0.52 and P = 2.0e-4. This supports a genuine
local association signal at chromosome 17, although replication is needed. Figure 4 shows a regional
association plot for the MTNR1B region located on chromosome 11 (chr11:92.5–93.3 Mb) displays a
concentration of notable GWAS association signals surrounding the primary variants rs10830963 and
rs11020124.

Polygenic score and prediabetes status
Seventy of 80 PGS000125 variants were scored in all 540 participants. Mean effect-allele count was
77.53 (standard deviation 4.91) in prediabetes and 75.94 (5.02) in controls, a mean difference of 1.58
alleles (bootstrap 95% confidence interval 0.73–2.42). Each standard-deviation increase was associated
with higher odds of prediabetes (odds ratio 1.382, 95% confidence interval 1.159–1.649; P = 0.00032).
The area under the curve was 0.583 (bootstrap 95% confidence interval 0.534–0.630), indicating weak
separation (Fig. 5). Nagelkerke pseudo-R² was 0.033. The Brier score was 0.2403 compared with 0.2463
for a prevalence-only model, a 2.4% relative improvement.

Repeated ten-fold cross-validation produced mean area under the curve 0.5826 and mean Brier score
0.2412. The mean nested-threshold sensitivity was 44.9% and specificity 63.9%; these values are cohort-
specific and do not define a clinical cutoff. Prediabetes prevalence increased from 45.2% in quartile 1 to
63.5% in quartile 4. The odds ratio was 1.287 per quartile (95% confidence interval 1.100–1.506; P = 
0.00165), and quartile 4 had odds ratio 2.11 versus quartile 1 (95% confidence interval 1.28–3.47; P = 
0.0032).

The complete-case analysis included 448 participants and gave odds ratio 1.35 per standard deviation
with area 0.579. Excluding seven palindromic loci reduced the odds ratio to 1.26 and area to 0.558.
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Across all 128 possible palindromic orientations, area ranged from 0.523 to 0.589 and the odds ratio
from 1.11 to 1.42. The maximum absolute change in area after removing one variant was 0.010, for
rs10830963. Only rs10830963 remained associated after false-discovery-rate adjustment across 70
exploratory locus tests (q = 0.037), but this single-cohort result does not establish causality (Table 2;
Fig. 6).

Table 2
Robustness of the exploratory PGS000125 association

Analysis Participants / loci OR per SD (95% CI) AUC

Primary 540 / 70 1.382 (1.159–1.649) 0.583

Complete cases 448 / 70 1.348 (1.111–1.635) 0.579

Exclude palindromic loci 540 / 63 1.264 (1.062–1.503) 0.558

Frequency-informed flips 540 / 70 1.315 (1.104–1.566) 0.567

All palindromic orientations 540 / 70 Range 1.111–1.419 0.523–0.589

AUC area under the receiver operating characteristic curve, CI confidence interval, OR odds ratio, SD
standard deviation

Discussion
Prediabetes is a heterogeneous intermediate stage of dysglycaemia in which impaired fasting glucose
(IFG), impaired glucose tolerance (IGT), and their combination represent partially distinct
pathophysiological mechanisms of glucose dysregulation. Focusing specifically on prediabetes rather
than established type 2 diabetes mellitus (T2DM) is a key strength of the present study because this
stage reflects the earliest clinically detectable phase of dysglycaemia, before the potential confounding
effects of prolonged disease duration, glucose-lowering therapy, and chronic diabetic complications.
Consequently, genetic associations identified at this stage are more likely to reflect inherited
susceptibility to early glucose dysregulation than secondary consequences of established diabetes.
Despite the high burden of dysglycaemia in South Asian populations, genomic studies focusing
specifically on prediabetes remain scarce. To our knowledge, this is the first genome-wide genetic study
of prediabetes conducted in women from Kerala. Two principal findings emerged from this study. First,
multiple correlated variants within the MTNR1B locus demonstrated consistent suggestive associations
with prediabetes, with the strongest regional signal centred on the established glycaemic variant
rs10830963 and its neighbouring variants. Second, an exploratory T2DM polygenic risk score
constructed from 70 available loci was significantly associated with prediabetes, although its
discriminatory performance remained modest, indicating that existing T2DM-derived polygenic scores
have limited predictive utility for identifying prediabetes in this South Indian population. The phenotype
distribution was predominantly characterised by IFG, with 201 of 269 prediabetes cases exhibiting
isolated IFG, compared with 21 cases of isolated IGT and 47 cases with combined IFG and IGT. This
distribution may have favoured the detection of genetic variants influencing fasting glucose regulation,
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hepatic glucose metabolism, early β-cell dysfunction, and circadian regulation, consistent with the
observed association at the MTNR1B locus. In contrast, isolated IGT is more closely related to
postprandial glucose regulation and peripheral insulin resistance, whereas combined IFG and IGT
represents a more advanced metabolic disturbance. Because the numbers within each subtype were
insufficient for adequately powered subgroup analyses, these mechanistic interpretations remain
speculative. Future studies with larger cohorts should investigate IFG, isolated IGT, combined IFG + IGT,
and continuous glycaemic traits separately to better define the genetic architecture underlying the
progression from normoglycaemia to overt diabetes.

Indian diabetes is also aetiologically heterogeneous. WellGen analyses identified different polygenic
profiles among insulin-deficient, obesity-related and other T2DM subgroups. Prediabetes is likely at least
as heterogeneous. A single score may therefore average across beta-cell, adiposity, hepatic-lipid and
insulin-resistance pathways. Larger studies should compare pathway-partitioned scores and test
whether genetic components interact with fasting glucose, 2-hour glucose, insulin, waist circumference
or reproductive history 16.

The MTNR1B result is biologically coherent. Prior work in Indian Asians identified genome-wide-
significant fasting-glucose associations near MTNR1B and showed association with T2DM. Experimental
and human studies indicate that increased melatonin signalling can impair insulin secretion, providing a
plausible connection to fasting dysglycaemia. The risk direction at rs10830963-G in Kerala agrees with
this evidence. Concordance of direction is more informative here than the point estimate, which is likely
inflated by small sample size and selection of the strongest observed regional signal 23,24. The local
haplotype results provide additional support for correlated variation across the MTNR1B region. Risk
haplotypes were enriched among prediabetes cases, whereas alternative haplotypes were more frequent
among controls. However, these analyses were selected after inspection of the GWAS results.
Independent replication and conditional analyses are needed to determine whether the haplotype
associations contain information beyond the lead variants.

The polygenic risk score result should be interpreted against better-resourced Indian studies.
Pemmasani and colleagues used imputed genotypes, South Asian DIAMANTE weights and LDpred2,
reporting AUC 0.795 in development and 0.778 in an Indian test dataset. Our area of 0.583 is lower for
several expected reasons: the outcome was prediabetes rather than T2DM ; PGS000125 contains only
80 unweighted loci; 10 loci were unavailable; clinical covariates were absent; and the score was not
developed for this population. The contrast shows that score architecture, imputation, ancestry
matching and phenotype alignment matter more than the label “PRS” 15. From a clinical perspective,
genetic risk assessment is likely to be most valuable during the prediabetic stage, when progression to
overt diabetes remains preventable through lifestyle modification and targeted interventions. Although
the predictive performance of the present exploratory PRS was modest and is not suitable for clinical
implementation, the observed association suggests that inherited genetic susceptibility is already
detectable before the onset of overt T2DM. Future studies integrating ancestry-specific polygenic scores
with established clinical risk factors, including body mass index, family history, fasting plasma glucose,
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and lifestyle characteristics, may substantially improve risk stratification and help identify individuals
who would benefit most from early preventive interventions.

Li and colleagues used five pathway-partitioned polygenic scores to cluster participants with
prediabetes and related those clusters and lifestyle scores to incident T2DM in two prospective cohorts.
That framework is useful for organizing future Kerala studies, but it cannot be reproduced from the
present cross-sectional dataset. A comparable analysis would require substantially larger subtype
samples, multiple validated pathway scores, standardized lifestyle measurements, and prospective
diabetes follow-up 25.

The comparative analysis of the MTNR1B locus on chromosome 11 confirms that G is the risk-
associated minor allele. Evaluating the minor allele frequency (MAF) of rs10830963 across global
population reference panels places Northern Kerala females (MAF = 0.30) squarely within the broader
South Asian range. This frequency is comparable to American populations (0.32) and substantially
higher than African populations (0.20). These population-level variations highlight the distinct genetic
architecture underlying glycemic susceptibility in South Asian lineages, consistent with findings from
large-scale South Asian and Indian-Asian genome-wide association studies26,27.

The validity of these genetic findings is grounded in a rigorous analytical framework. By applying strict
sample and variant-level quality control, pruning for linkage disequilibrium, and adjusting for four genetic
principal components, we achieved an ideal genomic inflation factor (λGC = 1.011), confirming that the
observed signals are free from test-statistic inflation or major population stratification. The study further
emphasizes transparency through repeated ten-fold cross-validation, bootstrap confidence intervals,
complete-case evaluations, and sensitivity analyses regarding palindromic variant orientations.This
study has strengths. It examines an underrepresented regional population, applies sample and variant
quality control, controls the GWAS for genetic principal components, uses a transparent catalogued
score and reports uncertainty, internal validation and sensitivity analyses. It also connects a regional
signal with established Indian-Asian MTNR1B evidence rather than claiming a novel locus.

Conclusion
This study represents the first genome-wide genetic investigation of prediabetes in women from Kerala,
South India. The genome-wide association analysis identified a suggestive cluster of variants within the
MTNR1B locus, consistent with the established role of this gene in glycaemic regulation and early
dysglycaemia. In addition, an exploratory polygenic risk score based on 70 established T2DM-associated
loci was significantly associated with prediabetes, although its discriminatory performance remained
modest, indicating that currently available T2DM-derived polygenic scores have limited predictive utility
for identifying prediabetes in this population. Collectively, these findings provide new insights into the
genetic architecture of prediabetes in an understudied South Indian population and highlight the
potential of integrating genome-wide association analysis with polygenic risk assessment to investigate
genetic susceptibility during the earliest stages of dysglycaemia. Future studies incorporating larger
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cohorts, refined prediabetes subphenotypes, imputed genome-wide data, ancestry-specific polygenic
scores, relevant clinical risk factors, and external prospective validation will be essential to determine
whether the observed MTNR1B association and polygenic risk can be translated into improved early risk
stratification and prevention of progression to T2DM.
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Figure 1

Participant recruitment and sample selection. Flow chart showing multistage screening, eligibility
assessment, and classification of participants into prediabetic and normoglycaemic groups, with the
final study sample of 540 women included for analysis.
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Figure 2

PCA scatter plots of the first three principal components for 471 individuals coloured by phenotype
(normal vs prediabetes).
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Figure 3

Manhattan plot of GWAS (prediabetes vs normal).
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Figure 4

Regional association plot of the MTNR1B locus on chromosome 11 (chr11:92.5–93.3 Mb) showing the
cluster of suggestive SNPs around rs10830963 / rs11020124.

Figure 5

Exploratory PGS000125 performance in 540 archived participants. (A) Score distributions by phenotype.
(B) Receiver operating characteristic curve.
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Figure 6

Dose–response and robustness of the exploratory polygenic score. (A) Observed prediabetes proportion
across score quartiles. These are sample proportions, not prospective risks. (B) Odds ratios and 95%
confidence intervals across sensitivity analyses.
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