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Abstract
Hyperinsulinemia is a complex and heterogeneous phenotype that characterizes molecular alterations
that precede the development of type 2 diabetes (T2D). It results from a complex combination of
molecular processes, including insulin secretion and insulin sensitivity, that differ between individuals. To
better understand the physiology of hyperinsulinemia and ultimately T2D, we implemented a genetic
approach grouping fasting insulin (FI)-associated genetic variants based on their molecular and
phenotypic similarities. We identified seven distinctive genetic clusters representing different physiologic
mechanisms leading to rising FI levels, ranging from clusters of variants with effects on increased FI, but
without increased risk of T2D (non-diabetogenic hyperinsulinemia), to clusters of variants that increase FI
and T2D risk with demonstrated strong effects on body fat distribution, liver, lipid, and inflammatory
processes (diabetogenic hyperinsulinemia). We generated cluster-specific polygenic scores in 1,104,258
individuals from five multi-ancestry cohorts to show that the clusters differed in associations with
cardiometabolic traits. Among clusters characterized by non-diabetogenic hyperinsulinemia, there was
both increased and decreased risk of coronary artery disease despite the non-increased risk of T2D.
Similarly, the clusters characterized by diabetogenic hyperinsulinemia were associated with an increased
risk of T2D, yet had differing risks of cardiovascular conditions, including coronary artery disease,
myocardial infarction, and stroke. The strongest cluster-T2D associations were observed with the same
direction of effect in non-Hispanic Black, Hispanic, non-Hispanic White, and non-Hispanic East Asian
populations. These genetic clusters provide important insights into granular metabolic processes
underlying the physiology of hyperinsulinemia, notably highlighting specific processes that decouple
increasing FI levels from T2D and cardiovascular risk. Our findings suggest that increasing FI levels are
not invariably associated with adverse cardiometabolic outcomes.

Introduction
Alterations in insulin secretion and sensitivity arise many years before the development of type 2 diabetes
(T2D).1–3 An accessible trait to characterize molecular alterations that precede the development of T2D is
fasting insulin (FI), a biomarker with prognostic variability between individuals and populations.4

Elevated FI levels can herald defects in mechanisms of insulin secretion and sensitivity and thus inform
T2D pathophysiology and coronary artery disease (CAD) risk.5,6 Even though genetic approaches have
been helpful in detecting T2D subtypes representing distinctive pathways of deficiency of insulin
production and increased insulin resistance,7,8 little is known about the specific molecular processes
underlying FI levels and their deleterious mechanisms.

The dynamic, overlapping, and molecular complexity underlying insulin sensitivity and resistance limits
our knowledge about the impact of these processes in the development of T2D.6,9 A better understanding
of the physiological mechanisms could advance our pathophysiological understanding of T2D and its
early stages, which is likely to be transformed into more targeted therapeutic and preventive strategies.
While previous studies have aimed at clustering T2D genetic variants7,8, these approaches often provide
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limited insights into the molecular mechanisms underlying glycemic regulation as people with T2D often
present with other metabolic alterations due to disease or treatment. To date, genome-wide association
studies (GWAS) have identified hundreds of variants associated with fasting serum insulin levels 10–14,
but very few have been functionally characterized. This is because it is clinically complex to separate
functional mechanisms of insulin production and insulin action in experimental studies. Therefore, one
approach to identifying molecular consequences of identified FI-associated GWAS variants are in silico
bioinformatic analyses.

Expanding upon previous knowledge regarding the clustering of T2D loci, we undertook a genetic
approach to cluster FI-related variants based on their association with body composition, inflammatory,
and lipid traits in individuals without diabetes from five ancestry groups to elucidate the mechanisms
that underlie the variation in insulin resistance and insulin secretion and their impact on cardiometabolic
outcomes.

Research Design and Methods

Study design:
Figure 1 summarizes our study approach and the implemented analyses. To generate FI clusters, we
gathered association summary statistics for FI and related metabolic traits for FI-associated variants to
identify clusters of genetic variants for increased FI sharing similar physiological and clinical
characteristics. We used this information to generate partitioned polygenic scores (pPS) for the different
clusters among 1,104,258 multi-ancestry individuals from five studies to investigate the association
between processes underlying increased FI levels and cardiometabolic outcomes. A brief description of
each contributing cohort is provided in Supplementary Table 1. Analysis of the UK Biobank was
conducted under application #42614. Data analysis was approved by the Mass General Brigham
Institutional Review Board (Boston, MA).

Identification of clusters underlying increased fasting
insulin levels
First, we leveraged association summary statistics to identify genetic variants previously associated with
increased FI in individuals who did not have diabetes of European descent populations.10–14

(Supplementary Table 2). Then we obtained association summary statistics for the identified FI-
associated genetic variants for traits that influence FI-levels, including association results from glycemic,
anthropometric, body composition, inflammation, lipids, hormones, and liver function available in the
Accelerating Medicines Partnership Common Metabolic Diseases Knowledge Portal15 or UK Biobank.16

To group genomic regions associated with FI into clusters of genetic variants with molecular and clinical
similarities, we used a Bayesian non-negative matrix factorization (bNMF) clustering approach. The
bNMF algorithm factorizes the inputs into two matrices with an optimal rank K, corresponding to the
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association matrix of variants and traits to the number of clusters.8 The most highly associated traits
determined the main features for each cluster.8 The input for the bNMF approach was a set of 230
distinct genetic variants associated with FI (p < 5E-5) (Supplementary Table 3) and 43 traits with
correlation |r|<0.85 between the Z-scores of each trait in the SNP-trait matrix (Supplementary Table 4).
This selection of non-completely overlapping traits is critical to ensure that each phenotype provides
additional information and contributes to the generation of the matrix.

The trait effect sizes were aligned to the FI risk-increasing allele, which was determined using the Lagou
10 (FI) and Chen (FIadjBMI) GWAS 11. The cut-off value to define the variants and traits that characterize
each cluster was 0.84. This was determined by the optimal threshold to define the beginning of the long
tail of the distribution of clusters’ weights across all clusters. The bNMF algorithm was implemented in R,
and the maximum posterior solution at the most probable number of clusters was selected for
downstream analysis.

Generation of partitioned polygenic scores:
We generated pPS representing genetic susceptibility to different pathophysiological processes
underlying FI levels. pPS were calculated for each study participant in each cohort by summing the
weights of the gene variants derived from the bNMF clustering algorithm, as has been described before
(Supplementary Table 5–6).7,8,17 To generate pPS, we used directly genotyped variants or imputed
variants. If a genetic variant was unavailable or ambiguous, we used available proxies based on r2 ≥ 0.8.
To prevent unintentional allele swapping, the frequencies of the alleles used in developing the clusters for
hyperinsulinemia were compared with European ancestry individuals from the Mass General Brigham
Biobank (MGBB). The genotyping information and imputation methods from the different studies
included in our study are described in Supplementary Table 1. The median and distribution of the pPS
were comparable across included studies.

Outcome ascertainment:
The primary outcomes were T2D, CAD, myocardial infarction (MI), stroke, ischemic stroke (ISTR),
hypertension (HTN), chronic kidney disease (CKD), and estimated glomerular filtration rate (eGFR). The
rationale for investigating these outcomes was because of the association of FI levels with metabolic,
renal, and cardiovascular conditions. Outcome definitions were generally consistent across studies, and
the study-specific definitions can be found in Supplementary Table 1.

Secondary outcomes included diabetes complications defined as neuropathy, retinopathy, kidney disease
occurring in individuals with diabetes, and insulin use. Outcome definitions can also be found in
Supplementary Table 1.

Association between partitioned polygenic scores and
cardiometabolic outcomes:
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We elaborated and circulated a harmonized statistical analysis plan with a standardized definition of
pPS, statistical models, covariates, and outcome definitions. In each cohort, we used multivariable
regression models to estimate effect sizes and the odds of primary outcomes for each pPS. We
computed pPS on a continuous scale and presented estimates for 10 unit increase in polygenic scores.
Models were adjusted for age, sex, and the 10 principal components (PCs) of genetic ancestry. For
analyses conducted in UK Biobank, only PCs that reached the nominal significance threshold for
association in the null model were included. In a secondary analysis, in all cohorts, we categorized
individuals according to the distribution of pPS and conducted association analyses comparing
individuals in the top 10th distribution of each pPS against the rest. Because the median and distribution
of the polygenic scores across the cohorts were consistent, we used the MGBB cohort to standardize the
cutoff point to define high genetic risk among the five cohorts.

For multi-ancestry cohorts, we conducted subgroup analyses stratified by race/ethnicity. To ensure
accurate race/ethnic classification of participants, we employed a combination of self-reported
race/ethnicity and genetic-derived continental ancestry approaches. We first classified individuals with
their self-reported race/ethnicity and then cross-referenced this information with their genetic PCs to
verify the accuracy of the classification. Individuals who did not match their self-reported race/ethnicity
with their genetic PCs were excluded from the specific ancestry group. The MVP study used the
Harmonized Ancestry and Race Ethnicity (HARE) algorithm18. We also conducted subgroup analyses
stratified by T2D status.

Outcome-specific study-level regression coefficients were combined by inverse-variance weighted fixed
effects meta-analysis. The R package “meta” version 4.18-2 was used to combine estimates of effect and
produce an overall association test. We used the  statistic to assess between-study heterogeneity. We
considered a two-sided α level of 0.0008 based on a Bonferroni adjustment for performing 56 tests,
including eight outcomes and seven genetic clusters. Statistical analyses were carried out using R
software, versions 3.5.1 and 4.1.1.

Results
Using extant association summary statistics, we identified seven distinctive genetic clusters with defined
genetic and trait similarities. The loci and traits defining each cluster are described in Supplementary
Table 5 and Fig. 2. We classified the seven genetic clusters based on their association with T2D (which
was not an input in the clustering). While all genetic clusters were defined by alleles increasing FI levels,
three clusters were associated with non-elevated T2D risk (non-diabetogenic) and four with increased
T2D risk as well as strong effects on body fat distribution, liver, lipid, and inflammatory processes
(diabetogenic hyperinsulinemia).

Among the three clusters characterized by non-diabetogenic hyperinsulinemia, the first is a subset of
genomic regions associated with increasing FI with concomitant effects on lower glycemic traits (fasting
glucose, 2h glucose, or A1c). Genetic variants in this cluster denoted processes underlying increased FI

I
2
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levels with preserved beta-cell function, and CELF1 and TCF7L2 were among the eight top-weighted loci,
which we refer to as “preserved insulin secretion” cluster. The second non-diabetogenic hyperinsulinemia
cluster was a subgroup of increasing FI genetic variants with overlapping effects on increased corrected
insulin response and decreased 2h glucose, denoting a putative pathway of increased insulin secretion
(referred to as “elevated insulin secretion cluster”), this cluster has GRB10 and REEP3 as the 28 top-
weighted loci. A third cluster of genetic variants associated with increased FI levels with subtle effects on
glucose homeostasis involves a subset of genetic variants associated with increased levels of proinsulin,
C-reactive protein, and gamma glutamine transferase (GGT) with HNF1A and ARAP1 among the six top-
weighted loci. This cluster recapitulates a beta cell under stress, which we call “stressed beta-cell cluster”
(Fig. 2).

We also identified four different mechanisms underlying impaired insulin sensitivity and increased risk of
T2D, or diabetogenic hyperinsulinemia. First, we identified a subgroup of variants in which the FI-
increasing alleles were associated with increased waist circumference, body fat percentage, and
subcutaneous adipose tissue (SAT). This suggests evidence of a cluster characterized by increased FI
driven by generalized adiposity with FTO among the top-weighted 19 loci. Second, we identified a visceral
adiposity-mediated insulin resistance cluster with a strong confluence of genetic variants for increased FI
with increased visceral adipose tissue (VAT), visceral to subcutaneous adipose tissue ratio, and lower
corrected insulin response. In this cluster, the 25 top-weighted loci included the MYO1A, BMP2, and
ARL15 genes. Third, a distinct subset was characterized by increasing FI genetic variants concomitantly
associated with increased fat distribution in central compartments and a detrimental circulating and
hepatic lipid deposition, which we called the “insulin resistance-lipodystrophy cluster”. The top 37 highly
weighted loci in included PPARG, IRS1, LYPLAL1, and DNAH10 genes. Finally, we identified a subgroup of
genetic variants with a concomitant effect on insulin sensitivity and alterations in liver metabolism and
inflammation, which could correspond to hepatic insulin-resistance processes, which we called the
“hepatic-insulin resistance cluster”. FI-increasing alleles converging in this cluster are associated with
lower circulating triglycerides, albumin, and C-reactive protein, and GCKR was among the four top-
weighted loci. (Fig. 2).

Associations between partitioned polygenic scores, T2D,
and cardiometabolic outcomes
We constructed pPS denoting genetic susceptibility to these seven distinct mechanisms underlying FI
levels among 1,104,258 individuals from five studies. The pPS showed similar distributions across
cohorts and populations (Supplementary Table 7).

Our combined analyses showed that the clusters defined by non-diabetogenic hyperinsulinemia were
associated with non-increased risks of T2D, yet differing risks of CAD (Fig. 3 Supplementary Table 8). For
example, in all individuals (with and without T2D), each 10-unit increase in the pPS of the genetic cluster
characterized by preserved insulin secretion was associated with lower odds of T2D (OR 0.72, P < 10− 300),
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CAD (OR 0.96, P < 10− 6), MI (OR 0.95, P < 10− 5). The lower T2D odds was also observed for the elevated
insulin secretion cluster (OR 0.93, P < 10− 16), but this cluster, unlike the previous one, was associated with
increased odds of CAD (OR 1.04, P < 10− 7), and HTN (OR 1.03, P < 10− 8). No associations with metabolic
outcomes were observed for the stressed beta-cell cluster.

The pPS for the four genetic clusters underlying processes of diabetogenic hyperinsulinemia were all
generally associated with an increased risk of T2D, with estimated effect sizes ranging from 1.22 (P < 10− 

300) for the insulin resistance-lipodystrophy cluster to 1.09 (P < 10 − 40) for the hepatic insulin-resistance
cluster (Fig. 3, Supplementary Table 8). However, directions of associations differed for metabolic
outcomes, including CAD, MI, stroke, and eGFR. For example, the insulin resistance-lipodystrophy cluster
was also associated with lower eGFR, increased odds for CKD, and most cardiovascular outcomes
considered in this study, including CAD, MI, and stroke, while the hepatic insulin resistance cluster was
associated with lower odds for CAD, MI, and lower eGFR (Fig. 3).

Further, we investigated the extent to which these associations were consistent when individuals were
categorized as having extreme genetic risk (> 90th percentile of a pPRS) for these processes. These
analyses were overall consistent with our primary results (Supplementary Table 9), supporting the notion
that the mechanisms by which these processes cause hyperinsulinemia have different impacts on
cardiometabolic conditions.

In ancestry-specific analyses (Supplementary Table 10), we found that the associations between FI-pPS
and T2D susceptibility had the same direction of effect among Hispanic individuals, although with
considerable differences in effect sizes compared to European ancestry individuals for five out of the
seven genetic clusters. Analyses restricted to non-Hispanic Black participants had the same direction of
effect as European-ancestry individuals for three of the cluster pPS: Preserved Insulin Secretion Cluster,
Insulin Resistance-Lipodystrophy Cluster, and Elevated Insulin Secretion Cluster. Only two out of the
seven FI-pPS associations, Preserved Insulin Secretion Cluster, and Insulin Resistance-Lipodystrophy
Cluster were replicated among South Asian ancestry individuals, and none was observed in East Asian
ancestry participants.

In a subgroup analysis to evaluate complications in individuals with T2D (n = 208,268), we observed that
the preserved insulin secretion cluster was associated with lower odds of diabetic neuropathy (OR, 0.70,
P < 10− 5) diabetic retinopathy (OR 0.86 P < 10− 18), and insulin use (OR 0.93, P < 10− 7) (Fig. 3,
Supplementary Table 8). These results expanded our previous observation showing that the preserved
insulin secretion cluster was associated with lower odds of T2D. Among the genetic clusters defined by
elevated FI levels with deeper metabolic alterations, we found that insulin resistance-lipodystrophy and
adiposity-mediated insulin resistance genetic clusters exhibited the largest number of associations with
T2D complications (Fig. 3, Supplementary Table 8) including MI, diabetic retinopathy, CKD, ISTR, and
insulin use. Interestingly in individuals without T2D, (n = 895,990), we observed that the lipodystrophy (P 
< 10 − 17), adiposity (P < 10 − 8), and elevated insulin secretion (P < 10 − 9) genetic clusters maintained
their associations with increased CAD and MI risk (OR 1.06, P < 10 − 12) (Fig. 3, Supplementary Table 8).
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Discussion
We identified seven distinctive genetic clusters representing different molecular processes for FI levels,
ranging from clusters of variants with effects on increased FI, and non-increased glycemia (non-
diabetogenic hyperinsulinemia), to clusters of variants that increased FI and T2D risk with demonstrated
strong effects on body fat distribution, liver, lipid, and inflammatory processes (diabetogenic
hyperinsulinemia). In addition, our findings provide important insights into granular metabolic processes
that decouple increasing FI levels from cardiovascular conditions. Clusters characterized by non-
diabetogenic hyperinsulinemia were associated with non-increased risks of T2D, and both increased and
decreased risks of cardiovascular conditions. In contrast, diabetogenic hyperinsulinemia clusters were
associated with an increased risk of T2D and at the same time different risks for cardiovascular
conditions, including CAD, MI, and stroke.

This work expands upon previous studies from Udler et al 7,8. regarding the clustering of T2D loci, adding
a more granular analysis of the mechanisms underlying T2D and cardiometabolic risk. Our results
support the notion that insulin resistance associated with increased fat distribution in central
compartments is a key contributing factor. Both the traits and genetic loci comprising the diabetogenic
hyperinsulinemia clusters reflect this adverse metabolic physiology. The top loci in the insulin resistance
mediated by visceral adiposity cluster MYO1A, BMP2, and ARL5 have been previously described for their
association with lower BMI and their role in the partitioning of energy storage into visceral and
subcutaneous adipose tissue depots19,20. The insulin resistance mediated by reduced subcutaneous
adipose tissue cluster relates to a “lipodystrophy-like” phenotype previously described by Yaghootkar 21,
Lotta22 and Udler 7. The weighted loci in this cluster (N = 37 loci) are lipodystrophy and adiposity-related
variants (PPARG, IRS1, LYPLAL1, and DNAH10). Some of these variants lie in or near genes implicated in
monogenic forms of lipodystrophy. Moreover, the insulin resistance mediated by the adiposity cluster
appears to represent a mechanism of insulin resistance concomitant with increments in body fat. Top-
weighted loci are well known for their association with BMI (FTO, GNPDA2, and BCDIN3D)23–25. In
addition, our findings suggest that excessive visceral adiposity and ectopic fat strongly contribute to
cardiovascular risk 26. Consistent with an adverse impact of excessive visceral adiposity and ectopic fat,
the diabetogenic hyperinsulinemia clusters accurately captured the heightened risk of cardiovascular
outcomes such as HTN, CAD, MI, ISTR, stroke, and CKD, associations that remained consistent regardless
of the presence of T2D.

The non-diabetogenic hyperinsulinemia clusters associated with non-increased T2D risk exhibited
characteristics indicative of preserved insulin production. These mechanisms in the preserved beta-
insulin secretion cluster can partially be mediated by ADCY5 which has been implicated in the regulation
of insulin secretion from human islets 27. This cluster appears to capture the opposite alleles as those in
the T2D beta-cell cluster described by Udler et al.7 A possible explanation is that in our study, the effect
allele in ADCY5 has been associated with higher expression levels and higher levels of insulin secretion
and reduced T2D risk compared to the reference allele found in Udler et al7. The increments in insulin
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production might be interpreted as variants that enhance or preserve beta-cell function (ADCY5)
potentially leading to lower blood glucose levels and thus lower cardiometabolic risk or it can also be
explained by an early compensatory mechanism when glycemia is normal or slightly elevated 2,28,29.

We identified two clusters where the association with T2D was decoupled from CAD risk, one
diabetogenic and one non-diabetogenic cluster. The hepatic-insulin resistance cluster was the only
diabetogenic cluster that exhibited evidence of decreased cardiovascular risk. Top weighted loci in this
cluster have been connected to fatty liver disease (GCKR)30 and hepatic glycogen storage (RP11-
10A14.4/PPP1R3B) 31–33, and the top-weighted trait was decreased serum triglyceride levels, suggesting
that the cluster association with reduced CAD risk might be explained by loci impacting hepatic storage
of triglycerides and/or glycogen. This cluster correlates with the liver lipid cluster previously identified by
Udler et al.7, and is consistent with the finding by Di Corpo et. al17 that adjusting for serum triglycerides in
a regression model partially attenuated the associations with CAD.

The second instance of decoupled associations between T2D and CAD involved a non-diabetogenic
cluster that was characterized by elevated insulin secretion. In individual-level data analyses, this cluster
was significantly associated with reduced T2D risk but increased CAD risk. The underlying mechanisms
related to these associations remain unclear and warrant further investigation.

This study exhibits several strengths; first, the large-scale GWAS provided the necessary data to establish
FI clusters for various pertinent outcomes. It utilized a substantial dataset (comprising over a million
individuals) from diverse ancestries to assess both the correlation between these clusters and prevalent
disease states and their ability to distinguish between diabetes and non-diabetes. The study also has
some limitations; we acknowledge some overlap in the GWAS discovery studies and the multi-ancestry
cohort outcome studies. This inclusion may introduce overfitting in our models; however, we assessed the
meta-analysis association analysis with and without the FHS cohort and did not observe significant
differences in our results. Another limitation is that SNPs and traits GWAS summary statistics utilized in
the bNMF algorithm represent studies conducted in individuals of European ancestry only. To further
enhance our understanding of the behavior of these clusters across diverse populations, future research
should encompass multi-ancestry GWAS results.

Our clustering approach offers valuable insights to decouple hyperinsulinemia from T2D and
cardiovascular conditions, presenting a novel avenue for studying precision medicine strategies. The
outcomes of this study can aid in identifying groups that require targeted therapeutic approaches, or
exploring pathways aimed at preventing disease onset. This represents a significant stride towards
genetically informed patient prevention and management of T2D, which is crucial given the limitations of
current therapeutic approaches in addressing disease heterogeneity and predicting future disease
trajectories.

Conclusion



Page 11/19

Through the examination of a key intermediate trait, FI, we gained detailed insights into the heterogeneity
of T2D and cardiovascular conditions. Our findings challenge the assumption that increasing FI levels
always correlates with unfavorable outcomes. By clustering FI-related loci and traits, we identified seven
genetic clusters of FI that have both increasing and decreasing effects on CAD risk which are not always
aligned with T2D risk. Further research is required to investigate the potential clinical and therapeutic
implications of these distinct clusters.
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Figures

Figure 1

Study design and main results. This figure was created with Biorender.com.
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Figure 2

Seven potential mechanisms for hyperinsulinemia; Each cluster is represented by a set of loci and a set
of traits; The loci and traits represented in the plots are the top-weighted for better visualization; clusters
might have more variants and traits. Loci with a number after the period “. xx" represents that there was
more than one SNP at that locus. The bars represent the weights with which they contribute to each
cluster; In the case of traits, the color of the bars represents the direction of the effect that was found in
each cluster, red for the positive association and blue for the negative association. VAT, Visceral Adipose
Tissue; SAT, Subcutaneous Adipose Tissue; 2hrG, Glucose at 2 hours after an Oral Glucose Tolerance
Test; LEP, Leptin; HDL, High-density Lipoprotein; LVEDV, Left Ventricular end-diastolic volume; WHR, Waist
hip ratio; PATadjHtWt: Pericardial Adipose Tissue adjusted by Hight to Weight ratio; HOMAB, Homeostasis
Model Assessment of β-cell function; HIPC, Hip circumference; BFP, Body Fat percentage; VATSAT,
VAT:SAT ratio; PI, Proinsulin; CIR, Corrected Insulin Response; FG, Fasting Glucose; HBA1C, Hemoglobin
A1C; LDL, Low-density Lipoprotein. Purple lines distinguished non-diabetogenic hyperinsulinemia
clusters; increased fasting insulin, reduced glycemia, and preserved insulin secretion. Yellow lines
distinguish clusters of diabetogenic hyperinsulinemia; increased fasting insulin due to a strong effect on
body fat distribution, liver, lipid, and inflammatory processes.
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Figure 3

The plot shows meta-analysis results from five cohorts UKBB, MVP, ASPREE, MGBB, and FHS. Subgroup
results are differentiated by colors, green (non-T2D), blue (T2D). IR: Insulin resistance, IS insulin secretion.
Panel A. shows T2D, type 2 diabetes associations with fasting insulin genetic clusters. Panel B shows
associations of fasting insulin clusters with cardiometabolic outcomes; HTN, Hypertension; CAD,
Coronary artery disease; MI, Myocardial Infarction; ISTR, Ischemic Stroke; CKD, Chronic Kidney Disease.
Panel C shows associations of fasting insulin genetic clusters with T2D-exclusive outcomes; DR, Diabetic
Retinopathy; Diabetic Neuropathy; INS, insulin use. Fasting-insulin genetic lusters show distinctive
patterns of association with cardiometabolic outcomes, ranging from protective mechanisms to high-risk
associations.
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