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Abstract  

Type 2 diabetes (T2D) and its hallmarks insulin resistance, impaired insulin secretion, and 

hyperglycaemia affect over 400 million persons worldwide and are associated with raised 

cardiovascular risk, but their causal role has been difficult to dissect due to overlap between risk 

factors. We used Mendelian randomization analysis, which utilises genetic polymorphisms 

associated with a risk factor, to assess causal effects of T2D, insulin resistance, insulin secretion, 

and fasting glucose on mortality, ischaemic stroke, and coronary artery disease (CAD) risk in 

120,091 adults in the UK Biobank and in the CARDIoGRAMplusC4D consortium (63,746 cases 

of CAD and 130,681 controls). We found evidence for a causal effect of T2D on raised CAD 

risk (odds ratio (OR) per doubling in the odds of T2D, 1.07, 95% confidence interval (CI) 1.05 – 

1.09, P = 1.2 x 10-9) and for a causal effect of impaired insulin secretion on the risk of CAD (OR 

per SD-unit decrease, 1.14, 95% CI 1.06 – 1.22, P = 0.002). The genetic score for insulin 

resistance was associated with increased coronary artery disease risk; however, sensitivity 

analysis indicated that the instrument might not be appropriate to use for robust causal inference 

testing. Our results support previous reports of a causal role of T2D and impaired insulin 

secretion in coronary artery disease and point to a complex relationship between variants 

affecting insulin resistance and cardiovascular outcomes. 
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The worldwide number of individuals affected by type 2 diabetes mellitus (T2D) exceeds 415 

million and is projected to increase to 642 million by 20401. Type 2 diabetes and its hallmarks 

insulin resistance (IR), raised fasting glucose (FG) and impaired insulin secretion are major risk 

factors for cardiovascular diseases on a global scale2-4 and at least a quarter of U.S. adults are at 

elevated cardiovascular risk due to IR and associated metabolic disturbances5. In observational 

studies, T2D, fasting hyperglycaemia and IR are associated with increased risk of micro- and 

macrovascular events6-12, but the underlying pathophysiology is incompletely understood since 

persons with adverse glycaemic traits commonly share other cardiovascular risk factors, 

including hypertension, obesity and dyslipidaemia13. Evidence from randomized clinical trials 

with several years of follow-up has shown conflicting results with regard to intensive glucose-

lowering therapy compared to standard care in T2D. Several studies14-16 found no benefit for 

cardiovascular disease risk with intensive therapy, although another trial17 and a recent meta-

analysis18 found a small but significant reduction in cardiovascular risk. Recently approved 

treatments for T2D have shown some positive effects on cardiovascular outcomes. For instance, 

compared to T2D patients treated with placebo, the glucagon-like peptide-1 analogue liraglutide 

reduced major cardiovascular events (14.9% vs. 13.0% in the placebo and treatment group, 

respectively) and cardiovascular mortality (6.0% vs. 4.7%) over a median of 3.8 years19. While 

the sodium glucose cotransporter-2 inhibitor empagliflozin reduced cardiovascular mortality and 

hospitalisation for heart failure in persons with T2D and cardiovascular risk factors20, no benefit 

was found from two other drugs in the same class21. In clinical trials involving non-diabetic 

persons with impaired glucose tolerance or impaired FG, the normalisation of raised FG with 

either a short-acting insulin secretagogue22 or insulin treatment16 did not reduce in the incidence 

of cardiovascular events.  

A shortcoming of many clinical trials is limited follow-up time and low power for hard clinical 

endpoints. Mendelian randomization (MR) analysis uses common genetic polymorphisms to 

assess causality between associated variables in epidemiological designs where the 

implementation of randomized controlled trials may be difficult23. Since genetic effects act over 

the entire lifespan, MR analysis can provide valuable evidence regarding the long-term 

consequences physiologic traits. If allelic variants (usually single nucleotide polymorphisms, 

SNPs) are associated with a risk factor, they can be used as instrumental variables to explore the 
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causal effect on an outcome. Because of the “quasi-randomization” to genetically determined 

trait characteristics at conception, confounding from environmental factors and reverse causation 

can largely be excluded given three main assumptions. For valid causal inference in MR studies, 

genetic instruments are required, (i) to be robustly related to the exposure; (ii) to be independent 

of confounders; and (iii), to act on the outcome only through the exposure24. Lack of assessment 

of the third assumption is a common limitation in MR studies, since these potential pleiotropic 

effects have been difficult to assess, mainly because the underlying causal genes are unknown 

for the majority of variants. Recent methodological advances, including MR-Egger25, sensitivity 

plots26 and two-sample summary-data MR27 enable more powerful study designs and better ways 

of assessing assumptions. Moreover, the use of genomics to dissect complex traits is increasingly 

made possible through the sharing of summary results from large genome-wide association 

studies (GWAS)28. 

Previous MR studies have provided evidence in line with a causal effect of T2D3 and 

hyperinsulinaemia29 on cardiovascular disease. Mendelian randomization studies for the effect of 

raised FG on coronary artery disease (CAD) have shown inconsistent results3,30,31. Although the 

association between IR-increasing alleles and CAD risk has been demonstrated4,32, no formal 

MR study with exploration of pleiotropic effects on cardiovascular events has been reported for 

either IR or impaired insulin secretion. 

We aimed to assess causal effects of T2D-associated glycaemic traits on cardiovascular risk and 

mortality in 120,091 adults in the UK Biobank and in CARDIoGRAMplusC4D, the largest meta-

analysis of GWASs for CAD (including 63,746 cases and 130,681 controls). To this end, we 

employed a comprehensive set of MR techniques that leverage the largest available genetic 

studies for glycaemic traits and recently proposed sensitivity methods to decrease the risk of 

pleiotropy in a two-sample MR design.  

  



 5 

Results 

The study included 120,091 European adults aged 37 – 73 years (mean 63.8 ± 7.9 years, 52.7% 

female) recruited from the general population into the UK Biobank study, as well as summary-

level statistics for CAD risk from 63,746 cases and 130,681 controls in 

CARDIoGRAMplusC4D33. Cohort characteristics are shown in Table 1. During 6.9 years of 

follow-up in the UK Biobank, 3,718 (3.1%) deaths due to any cause were recorded. We 

combined prevalent and incident cases of hospitalisation for each, CAD (7,179 cases), and 

ischaemic stroke (1,269 cases). To estimate causal effects, we constructed composite genetic 

instruments based on common SNPs (allele frequency > 5%) associated with T2D, FG, IR and 

insulin secretion in the largest available GWASs in the DIAGRAM and MAGIC consortia. 

When genetic variants act on an outcome through variables other than the risk factor of interest 

(pleiotropy), causal estimates in MR analysis can be biased. To minimise bias from pleiotropy, 

we excluded SNPs predominantly associated with obesity, blood pressure, or plasma lipids from 

the instrumental variables (Fig. 1). Characteristics of genetic instruments are detailed in 

Supplementary Table 1 (boxplots used to determine cut-offs for pleiotropic associations are 

provided in Suppl. Fig. 1 and Suppl. Fig. 2). For insulin secretion (18 SNPs) and IR (10 SNPs), 

we used previously validated genetic risk scores that had been constructed to minimise 

pleiotropy34 and selected 51 SNPs for T2D and 18 SNPs for FG after removal of any overlapping 

SNPs (by rs-id) between FG, IR and insulin secretion. 

Type 2 diabetes increases coronary artery disease risk 

We detected evidence for a causal effect of T2D on CAD risk in robust penalised inverse 

variance-weighted instrumental variable analysis (hereafter referred to as the inverse variance-

weighted method). Using the UK Biobank study, we estimated that T2D increased CAD risk 

(odds ratio (OR) per doubling in the odds of T2D; OR 1.08, 95% confidence interval (CI) 1.03 – 

1.13, P = 8.4 x 10-4; Fig. 2, Suppl. Table 2). This effect was replicated in 

CARDIoGRAMplusC4D, where the estimated causal effect per doubling in the odds of T2D was 

OR 1.07 (95% CI 1.05 – 1.09, P = 1.2 x 10-9, Fig. 2, Suppl. Table 2). In both samples, MR-

Egger regression showed no evidence of bias from directional pleiotropy (P-value for the 

intercept, P = 0.174 in the UK Biobank, and P = 0.679 in CARDIoGRAMplusC4D). Causal 
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estimates in Egger regression were consistent in magnitude and direction with inverse variance-

weighted estimates, but failed to reach significance (Suppl. Fig. 3, Suppl. Table 2). 

Insulin resistance-raising alleles increase coronary artery disease risk, but the magnitude of 

genetic effects on insulin resistance is inversely related to coronary artery disease risk 

In inverse variance-weighted instrumental variable analysis, we estimated a causal effect of IR 

on CAD risk of OR 1.18 (95% CI 1.07 – 1.31, P = 0.007; Fig. 2, Suppl. Table 2) per SD 

increase in log-HOMA-IR – a measure that estimates IR from fasting plasma glucose and 

insulin. However, bias from directional pleiotropy was evident in Egger regression (P-value for 

the intercept, P = 0.011) and the effect on CAD tended to decrease with instrument strength 

(Suppl. Fig. 4), with non-significant MR-Egger estimates in the opposite direction (Suppl. Fig. 

3). This pattern was replicated in CARDIoGRAMplusC4D where an increased risk of CAD due 

to IR in inverse variance-weighted analysis (OR 1.29, 95% CI 1.13 – 1.48, P = 0.004) was 

abolished in Egger regression (Suppl. Fig. 3, Suppl. Table 2). Scatter plots of genetic 

associations with IR and CAD risk in the UK Biobank and CARDIoGRAMplusC4D (Suppl. 

Fig. 4) indicated an inverse relationship: the larger the genetic effect on IR, the smaller its 

association with raised CAD risk. Previous studies have shown an association between IR-

increasing alleles and lower adiposity32,34, and genetically determined adiposity is a causal risk 

factor for CAD35. We therefore explored the association of risk alleles with IR and body mass 

index (BMI) in the UK Biobank. Insulin resistance-increasing alleles were associated with 

reduced BMI (P = 5 x 10-4). As shown in Supplementary Figure 5, alleles with larger effects on 

IR were associated with the lowest BMI. 

Impaired insulin secretion increases coronary artery disease risk 

In CARDIoGRAMplusC4D, we found evidence for an effect of impaired insulin secretion on 

CAD risk (OR per SD decrease in corrected insulin response, 1.14, 95% CI 1.06 – 1.22, P = 

0.002). The effect estimate was similar but not significant in the UK Biobank sample with 

approximately 10-fold fewer cases (OR 1.09, 95% CI 0.95 – 1.26, P = 0.233). MR-Egger did not 

indicate evidence of directional pleiotropy. 

Nominal association of fasting glycaemia variants with coronary artery disease 
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We found a nominally significant effect of hyperglycaemia on CAD risk in 

CARDIoGRAMplusC4D (OR per mmol/l increase, 1.36, 95% CI 1.07 – 1.72, P = 0.023) and the 

UK Biobank (OR 1.38, 95% CI 1.07 – 1.78, P = 0.025), which was not significant after adjusting 

for multiple testing. MR-Egger did not indicate evidence of directional pleiotropy (P-value for 

the intercept, P = 0.094 in CARDIoGRAMplusC4D, and P = 0.720 in the UK Biobank).   
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Discussion 

In two large independent studies using a genetic instrument for T2D that excluded variants with 

evidence of primary effects on plasma lipids, adiposity and blood pressure, we found evidence 

for a causal effect of T2D on CAD risk. We confirmed the previously demonstrated 

association4,29,32 of common IR-increasing genetic polymorphisms with CAD risk; however, 

sensitivity analysis indicated that the instrument might not be appropriate for MR analysis in this 

context. There was evidence of a causal effect of impaired insulin secretion on raised CAD risk. 

Type 2 diabetes 

We confirmed previous observational6,7 and MR studies3,30 supporting a causal role of T2D in 

CAD development. The UK Biobank sample was not used in previous MR efforts, while two 

previous studies3,30 have used CARDIoGRAMplusC4D data, albeit with different analytical 

approaches. In the present study, we carefully excluded genetic loci likely to affect 

cardiovascular outcomes through pleiotropy and implemented sensitivity analyses for violations 

of MR assumptions. This is important because individuals with T2D commonly share competing 

cardiovascular risk factors, including dyslipidaemia and adiposity2, and numerous studies have 

demonstrated substantial overlap between genetic loci associated with T2D36, adiposity35,37 or 

plasma lipids38, and cardiovascular risk. The causal effect of T2D is likely to involve more than 

the adverse consequences of hyperglycaemia, because randomized clinical trials that compared 

intensive with less intensive plasma glucose lowering failed to find clear benefit for 

cardiovascular risk14-17. The independent effect of T2D on CAD in our study reinforces 

prevention and treatment efforts targeting T2D regardless of comorbid risk factors. 

Insulin resistance 

As demonstrated earlier4,29,32, we found that IR-increasing alleles were associated with raised 

CAD risk in both, the CARDIoGRAMplusC4D and the UK Biobank data. However, although in 

both samples the IR-increasing alleles in general were associated with higher risk of CAD, we 

observed a paradoxical pattern, in that alleles associated with the lowest increase in IR were 

associated with the highest risk of CAD. Yaghootkar et al.32,39 studied the 10 SNPs we used as 

instruments for IR in the UK Biobank and other samples, and found IR-decreasing alleles to be 



 9 

associated with higher BMI but lower risk of T2D, hypertension and heart disease. The authors32 

suggested that this paradoxical association could be partly explained by the deposition of adipose 

tissue in different body parts. Together with earlier findings showing that these IR-decreasing 

(“favourable adiposity”) alleles are associated with raised subcutaneous-to-visceral adipose 

tissue ratio39, as well as higher gynoid and leg fat mass34, the study32 supports the hypothesis of 

impaired adipose tissue expandability as the link between common IR and cardiometabolic 

disease. A recent study4 that expanded the risk variant number for IR to 53 SNPs, together with 

previous genetic evidence40,41, further supports the notion of a lipodystrophy-like mechanism 

with preferential deposition of fat in ectopic sites as a contributor to cardiovascular risk in IR. 

The results of our study do not contradict this hypothesis as we confirmed the association 

between IR-increasing alleles, raised CAD risk and decreased adiposity (Suppl. Fig. 4 and 5). 

Our findings of tentative evidence for a proportional decrease in elevated CAD risk with 

increasing genetic effect on IR highlights the complexity of creating a non-pleiotropic score to 

use in MR studies for the effect of IR on cardiovascular disease. We further speculate that our 

results may be modified by sex. For instance, the included variant in the IRS1 locus has been 

reported to affect the interaction between IR, carbohydrate and fat intake in a sex-specific 

manner42. We were unable to test for gender-specific effects due to lack of power in the UK 

Biobank and lack of available summary statistics in CARDIoGRAMplusC4D. As the total 

number of SNPs in the score was low, a few influential pleiotropic SNPs could have biased the 

estimates. Moreover, for the MR-Egger method to produce reliable results, the InSIDE 

assumption needs to be fulfilled, which implies that the strength of genetic instruments should be 

unrelated to the strength of pleiotropic effects. This assumption cannot currently be tested; 

however, we did observe an inverse association with BMI. In summary, our sensitivity analyses 

highlight a complex relationship between IR variants with CAD, which renders the interpretation 

of the causal estimates difficult. Future MR studies should assess the interaction between sex and 

causal effects, and aim to derive stronger genetic instruments.  

Impaired insulin secretion 

We found evidence that impaired insulin secretion caused an increase in CAD risk. Impaired 

insulin secretion may cause postprandial hyperglycaemia and constitutes an important risk factor 

for developing T2D34. Some observational studies have pointed to an independent association 
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between measures of impaired insulin secretion with cardiovascular outcomes in non-diabetic 

individuals43, and a clinical study of acarbose44 for the reduction of postprandial hyperglycaemia 

in persons with impaired FG has shown benefits for cardiovascular risk. To our knowledge, we 

are the first to study in large samples the association of genetic variants for impaired postprandial 

beta-cell secretory function, as quantified by the corrected insulin response measured 30 minutes 

after an oral glucose challenge45, with cardiovascular disease. The composite genetic instrument 

for insulin secretion has previously been validated34 and we did not find evidence of pleiotropy 

in sensitivity analysis. However, six out of 18 genetic variants for insulin secretion were located 

in loci in or near genes that overlapped with the instrument used for T2D (SNPs in or near 

TCF7L2, MTNR1B, SLC30A8, DGKB, CDKN2A/B, and the CDKAL1 locus that was also 

included in the FG score), posing some challenges in attributing the raised CAD risk to isolated 

impairment in beta-cell function. Postprandial hyperglycaemia and subsequent T2D are likely to 

play a role. We detected the causal effect in the CARDIoGRAMplusC4D study and only non-

significant associations in the same direction after adjusting for pleiotropy in Egger regression 

and in the UK Biobank sample with over ten times fewer cases of CAD.  

Fasting glucose 

In line with previous genetic studies for FG3,30, we found a nominally significant (P < 0.05) 

effect of hyperglycaemia on CAD risk that did not, however, persist after adjusting for multiple 

testing. When additional data from the UK Biobank becomes available, more precise estimation 

will be possible. Observational studies found an association between elevated FG and raised 

cardiovascular risk in persons with46 and without47 T2D, but genetic studies have yielded mixed 

results3,30,31. A meta-analysis of 53 observational studies in over 1.6 million persons found an 

increased risk of CAD, stroke, and mortality in impaired FG or impaired glucose tolerance 

compared to normoglycaemia48. Yet, randomized clinical trails with up to six years of follow-up 

failed to find an effect of normalising FG levels on the incidence of cardiovascular events in non-

diabetic individuals16,22. In spite of lifelong hyperglycaemia, individuals with inactivating 

mutations in GCK do not have an increased risk of macrovascular disease, in contrast to persons 

with young-onset T2D49. This suggests possible compensatory mechanisms that develop over the 

lifespan of individuals born with a monogenic predisposition to hyperglycaemia. A similar 

mechanism in hyperglycaemia due to common, small-effect polymorphisms may be 
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hypothesised, but further evidence to explain the association between FG and cardiovascular 

disease in observational designs is needed. The question of whether reducing fasting 

hyperglycaemia in person without diabetes mellitus to normal levels has beneficial effect for 

cardiovascular complications remains open. 

Strengths and limitations 

Strengths include our use of genetic instruments robustly validated in separate, large studies, and 

a two-sample MR design – a method that may limit assessment of some assumptions, but has 

advantages over single-sample MR, including increased power and independent risk and 

outcome association testing27. Further strengths of our study include the recruitment from the 

general population in the UK Biobank and careful sensitivity analysis. We account for possible 

population stratification by restricting to European ancestry and adjusting for genetic principle 

components. Our sample size is large with excellent case ascertainment, updated register linkage 

and high-quality genotyping in the UK Biobank. Several limitations apply to our study. We were 

underpowered to detect effects for outcomes other than CAD. Generalizability to other 

ethnicities and age groups is limited since we studied middle-aged Europeans. Lack of power did 

not allow us to stratify analyses by sex. We could not measure IR, FG, or insulin secretion in the 

UK Biobank or CARDIoGRAMplusC4D, and used data from the largest GWAS for IR that used 

a surrogate measure (HOMA-IR) rather than “gold standard” methods, like the euglycaemic 

clamp method, to quantify IR. Although we tried to limit bias in causal analysis by excluding 

SNPs with presumed pleiotropic effects and implementing MR-Egger, the shared genetic 

architecture between cardiometabolic traits and consequent cardiovascular risk renders the 

selection of strong genetic instruments for individual traits difficult. MR-Egger estimates may be 

biased due to associations between instrument strength and pleiotropic effects.  

Conclusion 

By combining data from large genetic resources, our study provides further evidence that, 1) 

variants associated with type 2 diabetes are associated with coronary artery disease, consistent 

with a causal effect of type 2 diabetes; 2) variants associated with increased insulin resistance 

and reduced peripheral fat are associated with coronary artery disease, but the interplay between 
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shared genetic contributions to insulin resistance and adiposity with cardiovascular risk requires 

further study; and 3) impaired insulin secretion is likely to be causally related to coronary artery 

disease risk.  



 13 

Methods 

Genetic instrument selection. We collected summary data from the largest publicly available 

GWAS of T2D (DIAGRAMv3, n = 34,840 cases and 114,981 controls)50, FG (MAGIC, n = 

133,010)51, IR (MAGIC, n = 46,186; measured by HOMA-IR)52 and insulin secretion (MAGIC, 

n = 5,318, measured by the corrected insulin response index)45. To construct a genetic risk score 

for T2D (Fig. 1), we selected 121 SNPs with GWAS-significant association with log-OR of T2D 

in DIAGRAM or previous meta-analyses50 and calculated pairwise linkage disequilibrium in the 

1000 Genomes Pilot 1 CEU reference population with SNAP 

(http://archive.broadinstitute.org/mpg/snap/ldsearchpw.php). We retained for each locus the SNP 

with the lowest P-value for variants in linkage disequilibrium r2 ≥ 0.05, resulting in 76 

independent signals, two of which were excluded as they had been previously reported but were 

not included in DIAGRAM. Five additional SNPs were excluded, as they were not significantly 

associated with T2D in DIAGRAM. We selected 33 independent GWAS-significant SNPs for 

FG from the largest GWAS in MAGIC51. 

To minimise bias from pleiotropy, we used summary GWAS data for plasma lipids (low-density 

lipoprotein-cholesterol, high-density lipoprotein-cholesterol, triglycerides, and total cholesterol) 

from the Global Lipids Genetics Consortium53, for BMI and waist-hip ratio (WHR) from the 

GIANT consortium37, and estimated variant associations with systolic and diastolic blood 

pressure in the UK Biobank in linear regression models (all scaled to SD-unit). As illustrated in 

Figure 1, we excluded SNPs from the T2D and FG scores that were associated at P < 10-4 with 

any of the aforementioned traits and whose effect size ratio with T2D or FG met cut-off levels 

determined empirically based on the distribution (β(trait) / log-OR(T2D) > 0.1 for T2D; and 

β(trait) / β(FG) > 0.667 for FG; Suppl. Fig. 1 and Suppl. Fig. 2,). We determined the cut-offs 

empirically so that, on average across all pleiotropic traits, SNPs above the 90th percentile of the 

effect ratio distribution were captured. We also excluded SNPs from the FG score that 

overlapped by rs-id with any of the other glycaemic traits.  

For IR and insulin secretion, we used genetic risk scores previously validated by Scott et al.34 

with euglycaemic-hyperinsulinaemic clamp and oral glucose tolerance test-based measures in up 

to n = 18,565 non-diabetic individuals. Scott et al.34 selected 10 SNPs with GWAS-significant 
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association with fasting insulin and nominal associations (P < 0.05) with reduced high-density 

lipoprotein-cholesterol and higher triglyceride levels as hallmarks of common IR. Variants in 

TCF7L2 and FTO were excluded due to their strong associations with insulin secretion and 

adiposity, respectively. Twenty-one SNPs were selected for insulin secretion based on their 

GWAS-significant association with T2D or glycaemic traits, and that were also associated with 

lower insulin secretion as identified in a review of the literature by Scott et al.34, who then 

validated the genetic risk score in separate samples with the insulinogenic index. We used 18 

SNPs as instruments for insulin secretion (excluding unavailable SNPs for which no proxies in 

linkage disequilibrium r2 ≥ 0.8 could be identified; rs2237895 and rs1800574 not available in 

MAGIC, and rs4502156 not available in the UK Biobank). Alleles for insulin secretion were 

aligned for negative associations with corrected insulin response in MAGIC; i.e. risk allele 

associations were expressed as SD-unit decrease in corrected insulin response to reflect impaired 

insulin secretion. Overlap between the instruments by location of the nearest gene included five 

loci for T2D and insulin secretion (TCF7L2, MTNR1B, SLC30A8, DGKB, and CDKN2A/B), one 

locus for T2D, FG, and insulin secretion (CDKAL1), and one locus for FG and T2D (IGF2BP2). 

Study samples. The non-for-profit UK Biobank study (http://www.ukbiobank.ac.uk/) recruited 

between 2006 and 2010 over 500,000 persons aged 37 – 73 years from across the UK to undergo 

detailed medical and test centre assessments. We used data from 120,091 genotyped participants 

of British decent (self-identified “white British”). Other ethnic groups were excluded as currently 

available genotypes render analyses in these groups underpowered. Genotyping in the UK 

Biobank was performed on either the Affymetrix UK BiLEVE Axiom Array (n = 41,202) or the 

Affymetrix UK Biobank Axiom Array (n = 78,889) and carried out by Affymetrix Research 

Services Laboratory (Santa Clara, CA, USA). Quality control included removal of SNPs with a 

minor allele frequency < 1%, that were multi-allelic, had > 1.5% missing data or were in Hardy-

Weinberg disequilibrium (P < 10-6). Genotypes were imputed to > 73 million SNPs using the 

1000 Genomes and UK10K reference panels and retained if imputation quality exceeded 0.9. 

Samples were excluded if they had at least one related sample and if genetic and reported sex did 

not match. Details are available here http://www.ukbiobank.ac.uk/wp-

content/uploads/2014/04/UKBiobank_genotyping_QC_documentation-web.pdf. 
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To replicate associations for CAD, we obtained summary-level data from the 

CARDIoGRAMplusC4D Metabochip study33 that included n = 63,746 cases and n = 130,681 

controls (http://www.cardiogramplusc4d.org/data-downloads/). The study genotyped ~200,000 

SNPs in loci previously associated with cardiometabolic traits on the Metabochip array. 

Summary-level data from for SNPs not included on the Metabochip were obtained from the 

CARDIoGRAM 1000 Genomes-based GWAS, the next largest study for CAD risk (n = 60,801 

cases and n = 123,504 controls)54. 

Outcome definitions. In the UK Biobank sample, we studied health outcomes identified through 

register linkage up to 31 January 2016 (England and Wales) or 30 November 2015 (Scotland; 

censoring dates differ by register and region and are detailed here 

https://biobank.ctsu.ox.ac.uk/crystal/exinfo.cgi?src=Data_providers_and_dates). The UK 

Biobank obtained mortality data through linkage to the UK national death registries 

(http://biobank.ctsu.ox.ac.uk/crystal/refer.cgi?id=115559) and hospital data through linkage to 

the Hospital Episode Statistics for England (89%), the Scottish Morbidity Record (7%), and the 

Patient Episode Database for Wales (4%; 

http://biobank.ctsu.ox.ac.uk/showcase/refer.cgi?id=146641). Non-fatal CAD in the UK Biobank 

was defined as hospitalisation for ICD-10 categories I20-I25 or ICD-9 categories 410-414. 

Ischaemic stroke was defined as hospitalisation for ICD-10 categories I63-I65 or ICD-9 

categories 433-435. BMI was calculated as body weight in kg divided height in m2, and blood 

pressure was measured by an automatic device (OMRON Healthcare Europe, Hoofdorp, 

Netherlands). Case definition for CAD in the multi-cohort CARDIoGRAMplusC4D study 

followed standard clinical criteria as previously described33,54 and included either non-fatal 

events (e.g., in the ADVANCE, AMC-PAS and EGCUT cohorts) or combinations of fatal and 

non-fatal events (e.g., in the DILGOM, GoDARTS and MORGAM-FIN cohorts). 

Statistical analysis. Cox proportional hazards regression was used for all-cause mortality after 

baseline assessment in 2006 to 2010 with censoring at the last available complete follow-up date 

(dependent on region, see above) or death. Logistic regression was used for other binary 

outcomes as we combined prevalent and incident cases to assess lifetime risk of “ever diagnosis” 

until death or end of follow-up. Analyses in the UK Biobank were adjusted for sex, age, 

genotyping array, study centre and the first 10 genetic principle components. 



 16 

CARDIoGRAMplusC4D carried out meta-analysis of logistic regression results for risk of CAD 

and adjusted for age, sex and study-specific covariates33. Analyses in the present study were 

carried out in R version 3.2.4 and UNIX/LINUX; genotypes were extracted using QCTOOL v1.4 

(http://www.well.ox.ac.uk/~gav/qctool/). We adopted an alpha level of P < 0.05 / 4 = 0.0125, as 

for each glycaemic trait, we tested four models (three outcomes plus replication in 

CARDIoGRAMplusC4D). Instrumental variable analysis was carried out with the 

MendelianRandomization27 and gtx packages55, plots were generated with ggplot2 and metafor in 

R. Analysis script used in the present study are available here https://github.com/chrnowak/.  

Instrumental variable analysis. We used the penalized robust inverse variance-weighted method 

implemented in the MendelianRandomization package to obtain causal estimates. Penalized 

inverse variance-weighted MR is based on the combined ratios of the regression coefficients for 

the genetic-outcome associations (from the UK Biobank and CARDIoGRAMplusC4D sample) 

and the genetic-risk factor associations (from DIAGRAMv3 for T2D, and from MAGIC for IR, 

insulin secretion, and FG) and down-weights the influence of outlying variants, which is 

appropriate for genetic instruments that combine small numbers of SNPs with presumed 

heterogeneity (although the method’s authors caution against using it as a stand-alone test56). 

Standard errors of causal estimates were calculated with the delta method35. Effects were scaled 

as per-risk-allele change in log-OR (or log-HR for mortality).  

Sensitivity analysis. Mendelian randomization requires that genetic instruments affect the 

outcome only through the risk factor and are not associated with confounders in the risk factor-

outcome path. Inverse variance-weighted MR can yield biased results if significant directional 

(unbalanced) pleiotropy exists. Vertical pleiotropy, whereby a genetic variant acts through a 

causal chain of mutually dependent variables (for instance IRS1 → IR → ectopic liver fat 

accumulation → CAD), does not invalidate MR assumptions. In contrast, horizontal pleiotropy, 

whereby the instrument affects the outcome through multiple independent risk factors, poses 

challenges (e.g., IR-increasing alleles are also associated with impaired peripheral adipose tissue 

expansion, which has been linked to raised CAD risk4). MR-Egger regression has been proposed 

as a sensitivity method to identify and eliminate bias from directional pleiotropy25. In brief, MR-

Egger allows an intercept different from zero, which indicates directional pleiotropy. MR-Egger 

estimates can be more robust to violations of some MR assumptions; however, they lack 
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precision and rely on the InSIDE (Instrument Strength Independent of Direct Effect) assumption. 

The InSIDE assumption requires the independence of an observed quality (instrument strength 

and SNP-risk factor association) from an unobserved quality (pleiotropic effects). The InSIDE 

assumption may be violated when, for instance, genetic instruments for IR affect lipid uptake in 

peripheral tissues (as recently suggested32) with effect sizes proportional to their effect on IR. 

The InSIDE assumption cannot readily be tested unless data on all possible pleiotropy-inducing 

variables are available57.  

Ethical approval. This research has been conducted using the UK Biobank Resource 

(www.ukbiobank.ac.uk) under Application Number 13721. The study used de-identified data 

released by the UK Biobank and indexed by random identifiers that are generated separately for 

each application. The UK Biobank has established an independent Ethics and Governance 

Council that oversees the UK Biobank’s adherence to the Ethics and Governance Framework, 

which sets out the UK Biobank’s standards and safeguards for scientifically and ethically 

approved research (http://www.ukbiobank.ac.uk/ethics/). 

 

  



 18 

Acknowledgements 

This research has been conducted using the UK Biobank Resource (www.ukbiobank.ac.uk) 

under Application Number 13721. The computations were performed on resources provided by 

SNIC through the Uppsala Multidisciplinary Centre for Advanced Computational Science 

(UPPMAX) under project b2015332. This study was supported by grants from the National 

Institutes of Health (1R01DK106236-01A1 and 1R01HL135313-01), Knut och Alice 

Wallenberg Foundation (2013.0126), the Swedish Heart-Lung Foundation (20140422), and the 

Göran Gustafsson Foundation. Data on coronary artery disease / myocardial infarction have been 

contributed by CARDIoGRAMplusC4D investigators and have been downloaded from 

www.CARDIOGRAMPLUSC4D.ORG. Data on plasma lipids levels were contributed by the 

Global Lipids Genetics Consortium and were downloaded from 

http://csg.sph.umich.edu/abecasis/public/lipids2013/. Data on genetic associations with T2D 

were contributed from the DIAGRAM consortium and downloaded from http://diagram-

consortium.org/. Data on fasting glucose, corrected insulin response, and HOMA-IR were 

contributed from the MAGIC consortium and downloaded from 

https://www.magicinvestigators.org/. Data on BMI were contributed from the GIANT 

consortium and downloaded from 

http://portals.broadinstitute.org/collaboration/giant/index.php/GIANT_consortium_data_files. 

We thank Dr. Stefan Gustafsson, Ph.D., from the Medical Sciences Department, Uppsala 

University, for downloading data from the UK Biobank and for management of computational 

resources. 

  



 19 

Author Contributions 

E.I., T.F. and C.N. conceived and designed the study. C.N. undertook and T.F. supervised the 

analyses. C.N. wrote the first draft of the manuscript. E.I., T.F., and J.S. provided important 

comments to the manuscript. 

Competing financial interests 

Erik Ingelsson is an advisor and consultant for Precision Wellness, Inc., and advisor for Cellink 

for work unrelated to the present study. The authors report that no other competing interests 

exist. 



 20 

Figure 1. Flowchart for the selection of genetic instruments for T2D and FG.  
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Figure 2. Causal estimates for glycaemic traits on mortality, ischaemic stroke, and CAD. 

Instrumental variable analysis (inverse variance-weighted method) based on genetic associations 

with the outcome in n = 120,091 persons in the UK Biobank or CARDIoGRAMplusC4D (n = 

60,801 cases and n = 123,504 controls), and genetic associations with glycaemic traits in 

DIAGRAM (n = 34,840 type 2 diabetic and n = 114,981 control persons) and MAGIC (n = 

133,010, fasting glucose; n = 46,186, insulin resistance; n = 5,318, insulin secretion). Hazard 

ratio (HR) for mortality, odds ratio (OR) for all other outcomes scaled as per doubling in the 

odds of T2D, mmol/l (FG), SD-unit in log-HOMA-IR (IR) and SD-unit decrease in corrected 

insulin response (insulin secretion). Brackets denote 95% confidence intervals.  
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Table 1. Sample characteristics of the 120,091 participants in the UK Biobank included in the 

present study. Mean (SD) or numbers (%). 

 

Characteristics  

 Age, years 63.8 (7.9) 

 Female gender 63,246 (52.7%) 

 Body mass index, kg/m2 27.5 (4.8) 

 Waist circumference, cm 90.8 (13.6) 

 Hip circumference, cm 103.6 (9.3) 

 Body fat percentage 31.4 (8.5) 

 Systolic blood pressure, mmHg 140 (20) 

 Diastolic blood pressure, mmHg 82 (11) 

 Type 2 diabetes, no. 7,105 (5.9%) 

 Outcome events  

  Follow-up time, years 6.93 (1.00) 

  Death, no. 3,718 (3.1%) 

  Coronary artery disease, no. 7,179 (6.0%) 

  Ischaemic stroke, no. 1,269 (1.1%) 

  Coronary artery disease 

(CARDIoGRAMplusC4D), no. 

60,801 (33.0%) 
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Supplementary Figure 1. Boxplots for the ratio between genetic associations with 

pleiotropic traits (SD-unit) and genetic associations with T2D (log-OR). Red lines indicate 

the empirical cut-off at β(trait) / log-OR(T2D) > 0.1 (in absolute values), variants above which 

were excluded if their association with the trait had a P-value < 10-4. 
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Supplementary Figure 2. Boxplots for the ratio between genetic associations with FG (SD-

unit) and genetic associations with pleiotropic traits (SD-unit). Red lines indicate the 

empirical cut-off at β(trait) / β(FG) > 0.667 (in absolute values), variants above which were 

excluded if their association with the trait had a P-value < 10-4. 
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Supplementary Figure 3. MR-Egger estimates for glycaemic traits on mortality, ischaemic 

stroke, and CAD. Instrumental variable analysis (Egger regression method) based on genetic 

associations with the outcome in n = 120,091 persons in the UK Biobank or 

CARDIoGRAMplusC4D (n = 60,801 cases and n = 123,504 controls), and genetic associations 

with glycaemic traits in DIAGRAM (n = 34,840 type 2 diabetic and n = 114,981 control persons) 

and MAGIC (n = 133,010, fasting glucose; n = 46,186, insulin resistance; n = 5,318, insulin 

secretion). Hazard ratio (HR) for mortality, odds ratio (OR) for all other outcomes scaled per 

doubling in the odds of T2D, mmol/l (FG), SD-unit in log-HOMA-IR (IR) and SD-unit decrease 

in corrected insulin response (insulin secretion). Brackets denote 95% confidence intervals. 

 



 26 

Supplementary Figure 4. Genetic associations of IR risk alleles with CAD and IR in 

CARDIoGRAMplusC4D (left panel) and the UK Biobank sample (right panel). Regression 

lines represent causal estimates in inverse variance-weighted MR (blue) and MR-Egger (red); 

crosshairs indicate 95% CIs, units are log-OR for CAD and SD-unit for log-HOMA-IR. 
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Supplementary Figure 5. Genetic associations of IR risk alleles with IR and BMI in the UK 

Biobank sample. Crosshairs indicate 95% CIs, SD-units for BMI and log-HOMA-IR. 
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Supplementary Table 1. Characteristics and trait associations of genetic instruments. 

Estimated associations with glycaemic traits were obtained from summary data in the largest 

available GWAS in DIAGRAM (n = 34,840 type 2 diabetic and n = 114,981 control persons) 

and MAGIC (n = 133,010, fasting glucose; n = 46,186, insulin resistance; n = 5,318, insulin 

secretion). Reasons for exclusion of genetic instrument are explained in the text and include 

pleiotropic associations with BMI, waist-hip ratio, systolic blood pressure, diastolic blood 

pressure, or lipid fractions, as well as overlap with other glycaemic traits (by rs-id) for FG. 
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Trait Excluded rs-id Position	(Hg18) Chr Nearest	Gene EA non-EA EAF Unit Effect	Size SE P-value Reason	for	exclusion
T2D rs10203174 43,543,534 2 THADA C T 0.89 log(OR) 0.131 0.018 9.50E-12
T2D rs10278336 44,211,888 7 GCK	 A G 0.50 log(OR) 0.068 0.015 6.40E-06
T2D excluded rs10401969 19,268,718 19 CILP2 C T 0.08 log(OR) 0.122 0.018 7.00E-09 pleiotropy:	LDL-C,	TG-	TC
T2D excluded rs10758593 4,282,083 9 GLIS3 A G 0.42 log(OR) 0.058 0.010 2.60E-07 pleiotropy:	SBP
T2D rs10811661 22,124,094 9 CDKN2A/B T C 0.82 log(OR) 0.166 0.013 3.70E-27
T2D rs10830963 92,348,358 11 MTNR1B G C 0.31 log(OR) 0.095 0.014 5.30E-13
T2D rs10842994 27,856,417 12 KLHDC5 C T 0.80 log(OR) 0.095 0.019 6.10E-10
T2D rs10923931 120,319,482 1 NOTCH2 T G 0.12 log(OR) 0.077 0.019 1.30E-05
T2D rs11063069 4,244,634 12 CCND2 G A 0.21 log(OR) 0.077 0.014 3.30E-07
T2D rs1111875 94,452,862 10 HHEX/IDE C T 0.58 log(OR) 0.104 0.009 2.00E-19
T2D rs11257655 12,347,900 10 CDC123/CAMK1D T C 0.23 log(OR) 0.068 0.015 2.10E-06
T2D rs11634397 78,219,277 15 ZFAND6 G A 0.64 log(OR) 0.049 0.015 1.40E-04
T2D rs11651052 33,176,494 17 HNF1B	(TCF2) A G 0.44 log(OR) 0.095 0.014 2.00E-11
T2D rs11717195 124,565,088 3 ADCY5 T C 0.77 log(OR) 0.104 0.014 6.50E-14
T2D excluded rs11873305 60,381,959 18 A C 0.96 log(OR) 0.166 0.031 3.80E-07 pleiotropy:	BMI,	WHR
T2D rs12242953 70,535,348 10 VPS26A G A 0.93 log(OR) 0.068 0.024 3.90E-03
T2D rs12427353 119,911,284 12 HNF1A	(TCF1) G C 0.79 log(OR) 0.077 0.014 6.50E-08
T2D rs12497268 64,065,403 3 PSMD6 G C 0.80 log(OR) 0.030 0.010 2.10E-02
T2D rs12571751 80,612,637 10 ZMIZ1 A G 0.52 log(OR) 0.077 0.014 1.00E-10
T2D rs12899811 89,345,080 15 PRC1 G A 0.31 log(OR) 0.077 0.014 6.30E-09
T2D excluded rs12970134 56,035,730 18 MC4R A G 0.27 log(OR) 0.077 0.014 1.20E-08 pleiotropy:	HDL-C,	BMI,	WHR
T2D excluded rs13233731 130,088,229 7 KLF14 G A 0.51 log(OR) 0.049 0.015 2.30E-04 pleiotropy:	HDL-C,	TG
T2D excluded rs13389219 165,237,122 2 GRB14 C T 0.60 log(OR) 0.068 0.010 1.00E-08 pleiotropy:	LDL-C,	HDL-C,	TG,	TC,	BMI,	WHR
T2D rs1359790 79,615,157 13 SPRY2 G A 0.72 log(OR) 0.077 0.014 1.40E-08
T2D rs1496653 23,429,794 3 UBE2E2 A G 0.75 log(OR) 0.086 0.014 3.60E-09
T2D excluded rs1552224 72,110,746 11 ARAP1	(CENTD2) A C 0.81 log(OR) 0.104 0.019 1.80E-10 pleiotropy:	BMI
T2D rs163184 2,803,645 11 KCNQ1 G T 0.50 log(OR) 0.086 0.014 1.20E-11
T2D excluded rs16927668 8,359,533 9 PTPRD T C 0.24 log(OR) 0.039 0.015 2.80E-03 pleiotropy:	WHR
T2D rs17168486 14,864,807 7 DGKB T C 0.19 log(OR) 0.104 0.019 5.90E-11
T2D rs17301514 188,096,103 3 ST64GAL1 A G 0.13 log(OR) 0.049 0.020 1.40E-02
T2D rs17791513 81,095,410 9 TLE4 A G 0.91 log(OR) 0.113 0.023 2.80E-07
T2D rs17867832 126,784,073 7 GCC1 T G 0.91 log(OR) 0.086 0.029 1.90E-03
T2D excluded rs1801282 12,368,125 3 PPARG C G 0.86 log(OR) 0.122 0.018 1.10E-12 pleiotropy:	BMI
T2D rs2028299 88,175,261 15 C A 0.27 log(OR) 0.039 0.020 4.40E-02
T2D rs2075423 212,221,342 1 PROX1 G T 0.62 log(OR) 0.068 0.010 8.10E-09
T2D rs2261181 64,498,585 12 HMGA2 T C 0.10 log(OR) 0.122 0.023 1.20E-09
T2D rs231361 2,648,076 11 A G 0.29 log(OR) 0.086 0.014 1.20E-09
T2D rs2334499 1,653,425 11 DUSP8 T C 0.43 log(OR) 0.039 0.010 1.20E-03
T2D rs243088 60,422,249 2 BCL11A T A 0.45 log(OR) 0.068 0.015 1.80E-08
T2D rs2447090 2,245,724 17 SRR A G 0.62 log(OR) 0.039 0.015 3.80E-03
T2D rs2796441 83,498,768 9 TLE1 G A 0.57 log(OR) 0.068 0.010 5.40E-09
T2D excluded rs2943640 226,801,829 2 IRS1 C A 0.63 log(OR) 0.095 0.014 2.70E-14 pleiotropy:	HDL-C,	TG,	BMI
T2D rs3734621 39,412,189 6 KCNK16 C A 0.03 log(OR) 0.068 0.035 6.60E-02
T2D rs3802177 118,254,206 8 SLC30A8 G A 0.66 log(OR) 0.131 0.014 1.30E-21
T2D rs4299828 38,285,645 6 ZFAND3 A G 0.79 log(OR) 0.039 0.015 1.10E-02
T2D rs4402960 186,994,381 3 IGF2BP2 T G 0.33 log(OR) 0.122 0.014 2.40E-23
T2D rs4458523 6,340,887 4 WFS1 G T 0.57 log(OR) 0.095 0.014 2.00E-15
T2D rs4502156 60,170,447 15 C2CD4A T C 0.52 log(OR) 0.058 0.015 2.30E-06
T2D excluded rs459193 55,842,508 5 ANKRD55 G A 0.70 log(OR) 0.077 0.014 6.00E-09 pleiotropy:	HDL-C,	TG,	WHR
T2D rs4812829 42,422,681 20 HNF4A A G 0.19 log(OR) 0.058 0.015 1.50E-04
T2D rs516946 41,638,405 8 ANK1 C T 0.76 log(OR) 0.086 0.014 2.50E-10
T2D excluded rs5215 17,365,206 11 KCNJ11 C T 0.41 log(OR) 0.068 0.010 8.50E-10 pleiotropy:	BMI
T2D excluded rs6795735 64,680,405 3 ADAMTS9 C T 0.59 log(OR) 0.077 0.010 7.40E-11 pleiotropy:	WHR
T2D rs6819243 1,283,245 4 MAEA T C 0.96 log(OR) 0.068 0.029 3.00E-02
T2D rs6878122 76,463,067 5 ZBED3 G A 0.28 log(OR) 0.095 0.014 5.00E-11
T2D rs6960043 15,019,385 7 C T 0.47 log(OR) 0.058 0.010 3.40E-07
T2D rs7177055 75,619,817 15 HMG20A A G 0.68 log(OR) 0.077 0.014 4.60E-09
T2D rs7202877 73,804,746 16 BCAR1 T G 0.89 log(OR) 0.113 0.023 3.50E-08
T2D rs7593730 160,879,700 2 C T 0.55 log(OR) 0.104 0.024 1.50E-06
T2D rs7756992 20,787,688 6 CDKAL1 G A 0.29 log(OR) 0.157 0.013 7.00E-35
T2D excluded rs780094 27,594,741 2 GCKR C T 0.61 log(OR) 0.058 0.010 5.40E-07 pleiotropy:	LDL-C,	TG-	TC
T2D rs7845219 96,006,678 8 TP53INP1 T C 0.52 log(OR) 0.058 0.015 4.60E-06
T2D rs7903146 114,748,339 10 TCF7L2 T C 0.27 log(OR) 0.329 0.015 1.20E-139
T2D rs7955901 69,719,560 12 TSPAN8/LGR5 C T 0.45 log(OR) 0.068 0.010 6.50E-09
T2D excluded rs8108269 50,850,353 19 GIPR G T 0.31 log(OR) 0.068 0.015 4.40E-07 pleiotropy:	HDL-C,	TC
T2D excluded rs8182584 38,601,550 19 PEPD T G 0.38 log(OR) 0.039 0.015 2.20E-03 pleiotropy:	HDL-C,	TG
T2D excluded rs849135 28,162,938 7 JAZF1 G A 0.52 log(OR) 0.104 0.014 3.10E-17 pleiotropy:	BMI
T2D rs944801 22,041,670 9 C G 0.53 log(OR) 0.077 0.014 2.40E-09
T2D excluded rs9936385 52,376,670 16 FTO C T 0.41 log(OR) 0.122 0.014 2.60E-23 pleiotropy:	HDL-C,	TG,	BMI,	WHR
FG rs10747083 131,551,691 12 P2RX2 A G 0.66 mmol/l 0.013 0.002 7.57E-09
FG excluded rs10811661 22,124,094 9 CDKN2B T C 0.82 mmol/l 0.024 0.003 5.65E-18 overlap	T2D,	FG,	IS
FG rs10814916 4,283,150 9 . C A 0.51 mmol/l 0.016 0.002 2.26E-13
FG excluded rs10830963 92,348,358 11 MTNR1B G C 0.29 mmol/l 0.078 0.002 5.01E-215 overlap	T2D,	FG,	IS
FG rs10885122 113,032,083 10 . G T 0.88 mmol/l 0.027 0.003 6.32E-17
FG rs11039182 47,303,299 11 MADD T C 0.73 mmol/l 0.023 0.002 4.82E-22
FG rs11195502 113,029,657 10 ADRA2A C T 0.91 mmol/l 0.032 0.004 1.97E-18
FG rs11558471 118,254,914 8 . A G 0.68 mmol/l 0.029 0.002 7.80E-37
FG excluded rs11603334 72,110,633 11 ARAP1 G A 0.83 mmol/l 0.019 0.003 1.12E-11 overlap	IS,	FG
FG excluded rs11607883 45,796,285 11 CRY2 G A 0.48 mmol/l 0.021 0.002 6.32E-24 pleiotropy:	HDL-C
FG rs11619319 27,385,599 13 PDX1 G A 0.23 mmol/l 0.020 0.002 1.33E-15
FG excluded rs11708067 124,548,468 3 ADCY5 A G 0.79 mmol/l 0.023 0.003 1.30E-18 pleiotropy:	TC
FG rs11715915 49,430,334 3 AMT C T 0.68 mmol/l 0.012 0.002 4.90E-08
FG excluded rs1280 172,195,984 3 SLC2A2 T C 0.86 mmol/l 0.026 0.003 8.56E-18 pleiotropy:	TG
FG rs16913693 108,918,079 9 IKBKAP T G 0.97 mmol/l 0.043 0.007 3.51E-11
FG excluded rs174576 61,360,086 11 . C A 0.65 mmol/l 0.020 0.002 1.18E-18 LDL-C,	HDL-C,	TG,	TC
FG excluded rs2191349 15,030,834 7 DGKB/TMEM195 T G 0.53 mmol/l 0.029 0.002 1.27E-42 overlap	IS,	FG
FG excluded rs2302593 50,888,474 19 GIPR C G 0.50 mmol/l 0.014 0.002 9.26E-10 pleiotropy:	BMI
FG rs2908289 44,190,467 7 . A G 0.16 mmol/l 0.057 0.003 4.00E-88
FG rs3783347 99,909,014 14 WARS G T 0.79 mmol/l 0.017 0.003 1.32E-10
FG rs3829109 138,376,587 9 DNLZ G A 0.71 mmol/l 0.017 0.003 1.13E-10
FG excluded rs4502156 60,170,447 15 VPS13C/C2CD4A T C 0.55 mmol/l 0.022 0.002 1.38E-25 overlap	T2D,	FG
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FG excluded rs4869272 95,565,204 5 PCSK1 T C 0.69 mmol/l 0.018 0.002 1.02E-15 pleiotropy:	BMI
FG excluded rs560887 169,471,394 2 G6PC2 C T 0.70 mmol/l 0.071 0.002 4.23E-178 overlap	IS,	FG
FG rs576674 32,452,302 13 KL G A 0.15 mmol/l 0.017 0.003 2.26E-08
FG rs6072275 39,177,319 20 TOP1 A G 0.16 mmol/l 0.016 0.003 1.66E-08
FG rs6113722 22,505,099 20 FOXA2 G A 0.96 mmol/l 0.035 0.005 2.49E-11
FG rs6943153 50,759,073 7 GRB10 T C 0.34 mmol/l 0.015 0.002 1.63E-12
FG rs7651090 186,996,086 3 IGF2BP2 G A 0.31 mmol/l 0.013 0.002 1.75E-08
FG excluded rs780094 27,594,741 2 GCKR C T 0.61 mmol/l 0.027 0.002 2.58E-37 overlap	T2D,	FG
FG excluded rs7903146 114,748,339 10 . T C 0.28 mmol/l 0.022 0.002 2.71E-20 overlap	T2D,	FG,	IS
FG rs9368222 20,794,975 6 CDKAL1 A C 0.28 mmol/l 0.014 0.002 1.00E-09
FG excluded rs983309 9,215,142 8 PPP1R3B T G 0.12 mmol/l 0.026 0.003 6.29E-15 pleiotropy:	LDL-C,	HDL-C,	TC
IR rs4846565 217,788,727 1 LYPLAL1 G A 0.31 log(HOMA-IR) 0.016 0.004 2.45E-04
IR rs10195252 165,221,337 2 GRB14 T C 0.44 log(HOMA-IR) 0.013 0.004 1.85E-03
IR rs2943645 226,807,424 2 IRS1 T C 0.37 log(HOMA-IR) 0.009 0.004 2.75E-02
IR rs17036328 12,365,484 3 PPARG T C 0.10 log(HOMA-IR) 0.017 0.006 2.71E-03
IR rs3822072 89,960,292 4 FAM13A1 A G 0.46 log(HOMA-IR) 0.008 0.004 4.28E-02
IR rs6822892 157,954,125 4 PDGFC A G 0.35 log(HOMA-IR) 0.011 0.004 1.05E-02
IR rs4865796 53,308,421 5 ARL15 A G 0.29 log(HOMA-IR) 0.010 0.004 1.92E-02
IR rs459193 55,842,508 5 ANKRD55/MAP3K1 G A 0.22 log(HOMA-IR) 0.011 0.005 1.05E-02
IR rs2745353 127,494,628 6 RSPO3 T C 0.45 log(HOMA-IR) 0.012 0.004 3.18E-03
IR rs731839 38,590,905 19 PEPD G A 0.34 log(HOMA-IR) 0.011 0.004 1.37E-02
IS rs560887 169,471,394 2 G6PC2 T C 0.33 CIR,	SD-unit 0.026 0.022 2.39E-01
IS rs10946398 20,769,013 6 CDKAL1 C A 0.34 CIR,	SD-unit -0.110 0.021 3.19E-07
IS rs950994 155,662,711 6 TFB1M G A 0.30 CIR,	SD-unit 0.018 0.024 4.42E-01
IS rs2191349 15,030,834 7 DGKB T G 0.47 CIR,	SD-unit -0.018 0.019 3.40E-01
IS rs4607517 44,202,193 7 GCK G A 0.20 CIR,	SD-unit -0.069 0.031 2.48E-02
IS rs13266634 118,253,964 8 SLC30A8 T C 0.24 CIR,	SD-unit -0.078 0.023 6.78E-04
IS rs10811661 22,124,094 9 CDKN2A/B T C 0.20 CIR,	SD-unit -0.067 0.027 1.32E-02
IS rs12686676 101,672,314 9 NR4A3 A G 0.33 CIR,	SD-unit -0.016 0.020 4.22E-01
IS rs12779790 12,368,016 10 CDC123 G A 0.23 CIR,	SD-unit -0.066 0.026 1.24E-02
IS rs5015480 94,455,539 10 HHEX C T 0.42 CIR,	SD-unit -0.093 0.020 4.78E-06
IS rs7903146 114,748,339 10 TCF7L2 T C 0.28 CIR,	SD-unit -0.071 0.023 2.32E-03
IS rs5219 17,366,148 11 KCNJ11 T C 0.40 CIR,	SD-unit -0.046 0.020 2.45E-02
IS rs11605924 45,829,667 11 CRY2 A C 0.46 CIR,	SD-unit -0.056 0.020 4.90E-03
IS rs174550 61,328,054 11 FADS1 T C 0.37 CIR,	SD-unit -0.060 0.021 3.59E-03
IS rs11603334 72,110,633 11 CENTD2 A G 0.13 CIR,	SD-unit -0.044 0.027 1.01E-01
IS rs10830963 92,348,358 11 MTNR1B G C 0.30 CIR,	SD-unit -0.180 0.023 1.26E-14
IS rs7957197 119,945,069 12 HNF1A A T 0.15 CIR,	SD-unit -0.063 0.025 1.31E-02
IS rs11672660 50,872,024 19 GIPR C T 0.17 CIR,	SD-unit -0.051 0.032 1.04E-01
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Supplementary Table 2. Causal estimates for the effect of glycaemic traits on mortality and 

cardiovascular disease risk in the UK Biobank (or CARDIoGRAMplusC4D). 

 
Inverse variance-weighted 

causal estimate 

MR-Egger causal 

estimate 

 
HR or OR 

(95% CI)1 P-value 
HR or OR 

(95% CI) 
P-value 

Type 2 diabetes2 

Mortality 0.99 (0.95, 1.04) 0.831 0.99 (0.89, 1.11) 0.920 

Ischaemic Stroke 1.08 (1.00, 1.15) 0.061 1.05 (0.86, 1.28) 0.615 

Coronary artery disease 1.08 (1.03, 1.13) 8.4x10-4 1.03 (0.89, 1.19) 0.685 

Coronary artery disease 

(CARDIoGRAMplusC4D) 
1.07 (1.05, 1.09) 1.2x10-9 1.06 (0.99, 1.14) 0.074 

     

Insulin resistance3 

Mortality 1.07 (0.93, 1.22) 0.374 1.05 (0.53, 2.06) 0.897 

Ischaemic Stroke 0.94 (0.75, 1.17) 0.530 0.89 (0.31, 2.55) 0.829 

Coronary artery disease 1.18 (1.07, 1.31) 0.007 0.72 (0.45, 1.14) 0.164 

Coronary artery disease 

(CARDIoGRAMplusC4D) 
1.29 (1.13, 1.48) 0.004 0.68 (0.25, 1.89) 0.464 

     

Insulin secretion4 

Mortality 0.87 (0.74, 1.03) 0.061 1.03 (0.76, 1.40) 0.851 

Ischaemic Stroke 0.83 (0.62, 1.12) 0.238 0.81 (0.46, 1.43) 0.466 

Coronary artery disease 1.09 (0.95, 1.26) 0.233 0.95 (0.73, 1.24) 0.730 

Coronary artery disease 

(CARDIoGRAMplusC4D) 
1.14 (1.06, 1.22) 0.002 1.10 (0.91, 1.32) 0.311 

     

Fasting glucose5     

Mortality 0.88 (0.63, 1.21) 0.403 0.91 (0.44, 1.84) 0.789 

Ischaemic Stroke 0.84 (0.48, 1.45) 0.472 0.90 (0.27, 3.02) 0.866 
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Coronary artery disease 1.38 (1.07, 1.78) 0.025 1.26 (0.71, 2.23) 0.435 

Coronary artery disease 

(CARDIoGRAMplusC4D) 
1.36 (1.07, 1.72) 0.023 0.79 (0.37, 1.67) 0.532 

CI – confidence interval, HR – hazard ratio, OR – odds ratio 

1 – HR for all-cause mortality, OR for all other outcomes  

2 – per doubling in the odds of T2D 

3 – per SD-unit increase in log-homeostasis model assessment insulin resistance (HOMA-IR) 

4 – per SD-unit decrease in corrected insulin response  

5 – per mmol / l increase in fasting glucose 
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