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CHAPTER  7 

DISSECTING THE ROLE OF GLUCOSE HOMEOSTASIS THROUGH 
MEASURES OF β-CELL FUNCTION AND INSULIN RESISTANCE IN 

SUSCEPTIBILITY TO MAJOR DEPRESSIVE DISORDER 

This chapter is based on: 
Iryna O. Fedko, Jouke-Jan Hottenga, Yuri Milaneschi, Reedik Mägi, Meike Bartels, 
Gonneke Willemsen, Meta-Analyses of Glucose and Insulin-related traits Consortium 
(MAGIC) Investigators, B.W.J.H. Penninx, Dorret I. Boomsma and Inga Prokopenko. 
Dissecting the role of glucose homeostasis through measures of beta-cell function and 
insulin resistance in susceptibility to Major Depressive Disorder (as to be submitted).
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Abstract
Co-morbidity between type 2 Diabetes (T2D) and Major Depressive Disorder (MDD) 
is consistently observed, with epidemiological studies suggesting a bi-directional 
relationship between T2D and MDD. Glycaemic traits are the biomarkers of T2D and 
insulin resistance and have been associated with depression. The aim of this study was 
to evaluate the shared genetic effects on glycaemic trait and MDD risk. We employed 
Polygenic Risk Score (PRS) approach to predict MDD status in two Dutch cohorts (N 
cases = 1,687, N controls = 2,847), Netherlands Twin Register (NTR) and Netherlands 
Study of Depression and Anxiety (NESDA), using Fasting Insulin, Fasting Glucose, 
Homeostatic Model Assessment Insulin Resistance (HOMA-IR) and β-cell function 
(HOMA-B) PRS profiles, adjusted and not adjusted for BMI. Finally, we used LD score 
regression to estimate the overall genetic correlation between four fasting glycaemic 
traits, MDD, Depressive Symptoms and Neuroticism as MDD predictive factors. Results 
of PRS analyses indicated that glycaemic traits did not significantly predict MDD status 
(OR ≈ 1). This finding was confirmed by results of LD score regression, as we did not 
find a significant genetic correlation between T2D/FI/FG/HOMA-B/HOMA-IR and MDD, 
Depressive Symptoms and Neuroticism. Our results suggest that fasting glycaemic traits 
and MDD and its symptoms have distinct genetic aetiology. Comorbidity between T2D 
and MDD may be influenced by other than genetic shared external risk factors.
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Introduction
Both, type 2 diabetes (T2D) and major depressive disorder (MDD) are complex diseases 
with high prevalence and an ever increasing burden on the society [31]. T2D and 
MDD are also co-morbid disorders [205]. Patients with T2D have higher prevalence 
of MDD than non-diabetic individuals (17.6% and 9.8% respectively) [206]. Although 
comorbidity between T2D and MDD is consistently reported, the pathophysiological 
relationships between them remain unclear and controversial [207]. Studies suggested 
that the bidirectional relationship between these two disorders involves a range of 
biological processes, such as hypothalamic-pituitary-adrenal axis (HPA) dysregulation, 
inflammatory response system, reduced neuroplasticity and metabolic abnormalities 
[208, 209]. Fasting glucose (FG) and fasting insulin (FI) levels are indicators of body 
glucose homeostasis and can be considered for the definition of Metabolic Syndrome or 
T2D. FG and FI levels are also used for defining homeostasis model assessment of β-cell 
function and insulin resistance traits (HOMA-B and HOMA-IR). Glycaemic trait variability 
in non-diabetic individuals is associated with risk of T2D, but has also been linked to MDD 
as compared to non-affected controls [210]. Previous research detected associations 
between insulin resistance and depression [30]. Genetic studies have identified over 
70 loci associated with glycaemic traits and over 80 with T2D risk, and have also 
demonstrated that the overlap between T2D and glycemic trait loci is incomplete and 
the magnitude of effects in shared loci differ [180]. 
 The main aim of this study was to investigate whether FG, FI, HOMA-B and 
HOMA-IR traits have a shared genetic background and are associated with MDD. In 
addition, we explored the genetic association of glycaemic traits with MDD subtypes 
identified according to direction of change (decreased vs. increased) in the symptoms 
of appetite and weight, which have previously been shown to have partially distinct, 
neuro-functional patterns [211] and polygenic signatures [212]. To evaluate the 
shared genetic component, we performed Polygenic Risk Score (PRS) profiling [213], 
using summary statistics from the Meta-Analysis of Glucose and Insulin-related traits 
Consortium (MAGIC) and the Psychiatric Genetic Consortium (PGC) to predict MDD 
in two population-based cohorts, the Netherlands Twin Registry (NTR) [43] and the 
Netherlands Study of Depression and Anxiety (NESDA) [214], with and without taking 
BMI into account. In addition, we applied LD score regression [28] to the summary 
statistics mentioned above and those based on the large Neuroticism and Depressive 
Symptoms meta-analysis from the Social Science Genetic Association Consortium (SSGA) 
and the DIAGRAM T2D consortium. 

Methods
Discovery datasets
FI and FG summary statistics were available from the latest HapMap-based genome-wide 
association study (GWAS) meta-analysis of the MAGIC consortium (N ≈ 64K/88K for FI/
FG, respectively) [215]. As required by the PRS approach, the meta-analyses have been 



128

performed with NTR and NESDA cohorts excluded, compared to the respective primary 
study. Summary statistics from MDD GWAS mega-analysis (N cases ≈ 8K and N controls 
≈ 8K) [216] were available from the PGC, and have been used previously, excluding NTR 
and NESDA as well [212]. In addition to checking the overall genetic correlation between 
glycaemic traits and MDD, summary statistics for proxy phenotypes, namely Depressive 
Symptoms (N ≈ 161K) and Neuroticism (N ≈ 171K), were downloaded from the Social 
Science Genetic Association Consortium website, which were reported in a recent paper 
by Okbay et al (2016) [168]. We used the GWAS meta-analysis summary statistics for 
T2D (N cases ≈ 12K and N controls ≈ 57K) in Europeans from the DIAGRAM consortium 
[197] web-site to estimate the genetic correlation with MDD, Depressive Symptoms and 
Neuroticism.

Target dataset.
The target dataset comprised of two Dutch population based cohorts, NTR and NESDA. 
NTR is the Netherlands Twin Register, which is an ongoing longitudinal study of health, 
personality and lifestyle of Dutch twins and their families [217]. NESDA is an longitudinal 
cohort study with participants recruited from general population, general practice and 
mental care organizations [214].
 MDD cases were provided by NESDA (n = 1,687, mean age = 42.3, mean BMI 
= 25.8, women = 68.3%, nT2D = 95). Controls were mostly provided by NTR (n = 2,505, 
mean age = 37,3, mean BMI = 24.2, women = 61.8%) and partly by NESDA (n = 342, 
mean age = 43.3, mean BMI = 25.3, women = 59.1%, nT2D = 15). We excluded individuals 
with T1D and possible T2D (N = 121 and N = 9 in NTR and NESDA, respectively). If there 
were individuals with clearly defined T2D, but not T1D, they were left in the analysis. In 
NESDA DSM-IV lifetime diagnosis of MDD was assessed using the Composite Interview 
Diagnostic Instrument (CIDI) [218]. Assessment took place at baseline and/or one or 
more of the biannual follow-up interviews. MDD cases were stratified based on the 
direction of change of the symptoms of appetite and weight as previously described 
[212]: decreased appetite/weight (n = 645, mean age = 41.5, women = 61.5%) and 
increased appetite/weight (n = 424, mean age = 42.9, women = 68.5%). Fasting Glucose 
was available in both NTR (n = 3,813, mean age = 37.5, mean BMI = 24.4 (nBMI = 3,790), 
women = 65.7%) and NESDA (n = 2,240, mean age = 42.4, mean BMI = 25.7, women = 
65.8%). Fasting Insulin was available in NTR only (n = 3,737, mean age = 37.5, mean BMI 
= 24.4, women = 65.9%). From both datasets we selected individuals genotyped on the 
same platform (Affymetrix 600), which were imputed to 1000 Genome project Phase 1 
v3 Mixed reference set using Michigan Imputation Server (see URLs). 

Statistical Analysis
Polygenic Risk Score
SNPs previously reported in the literature to be associated with T2D and related traits, 
namely FG, FI, T2D, lipids, waist-to-hip ratio or with their overlap [180, 195, 204, 219, 
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220], were collected and collapsed into one SNP set. Because multiple SNPs were 
reported per locus, we applied the following criteria to select one independent SNP per 
locus. First, we selected the SNPs which were confirmed as significant at the threshold 
of p-value < 0.05 in the current MAGIC FI and FG meta-analyses and also have reported 
effect size in MDD mega-analysis. If summary statistics were missing in MDD dataset for 
a selected SNP, we chose a proxy SNP with LD > 0.8 with selected SNP (30 SNPs) using the 
SNP Annotation and Proxy Search (SNAP) [221]. Second, SNPs with the lowest p-value in 
discovery dataset and with imputation r² > 0.8 in target dataset were selected per locus. 
Third, if a glycaemic SNP was reported previously in literature for association with FI, FG 
or T2D, it was preferred over others. Finally, if application of these criteria did not result 
in one SNP per locus, then the selection was performed randomly. SNPs selected using the 
literature review were weighted by MDD effect sizes and formed a MDD SNP set (N = 134).
 The other SNP sets were computed using FI/FG/HOMA-B/HOMA-IR summary 
statistics by clumping SNPs in the target dataset around index variants with p-values 
0.00001, 0.001, 0.01, and 1 using Plink 1.9 [179] command (--clump-p1 option with default 
r² threshold 0.50 and 250kb window) across all SNPs, independent of prior knowledge of 
association with glycaemic traits, T2D, lipids or waist-to-hip ratio. HOMA-IR and HOMA-B 
summary statistics were calculated using GWIS, a method [222] recently developed by 
Nieuwboer et al. 2016 [38], and reported by Fedko et al. (2016) [223] (in preparation). 
Here, the ‘in silico’ GWAS can be performed and summary statistics of HOMA-B/-IR, 
which are the functions of FI and FG phenotypes [193], can be approximated from FI and 
FG summary statistics.

 The PRS was calculated for each individual in the target sample (NTR and 
NESDA), by summing up alleles in each of PRS SNP sets, weighted by their effect sizes 
from the summary statistics of the discovery sample (FI, FG, HOMA-B, HOMA-IR, MDD) 
using Plink1.9 [179] software. 

Prediction of FI and FG
We used the generated PRS profiles to perform a Generalized Estimating Equations (GEE) 
linear regression to predict levels of FG and FI in NTR and FG in NESDA. Sex, age, cohort 
(for FG), T2D status and Dutch population PCs [23] were used as covariates. PRS for 
all SNP sets were standardized. We included all available subjects from target samples 
in the analysis and corrected for relatedness using a sandwich correction of standard 
errors, which increases power, while correcting for inflation of statistics [224]. 

Prediction of MDD
We computed phenotypic correlation between FG and MDD, adjusted and not adjusted 
for BMI, in combined NTR/NESDA dataset, selecting unrelated individuals (1 person 
per family) controlling for age, sex, T2D status, cohort and Dutch population structure. 
FI measure was only present for NTR MDD controls and did not allow for comparison 
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between MDD cases and controls. With GEE logistic regression, we tested whether PRS 
constructed from the various SNPs sets of FG, FI, HOMA-IR, HOMA-B and MDD summary 
statistics can predict MDD status in NTR and NESDA cohorts. We standardized PRSs and 
included age, sex, T2D status and Dutch population PCs as covariates. In all analyses we 
included all available subjects from the target dataset and corrected for relatedness, as 
described above. In addition, we alternated between correcting for BMI or not, because 
obesity as assessed by BMI may partly explain the co-morbidity between T2D and MDD. 
Level of significance was set to 0.05/4 = 0.0125 to adjust for multiple testing (4 SNP sets 
per each glycaemic trait).
 Finally, we performed the evaluation of the whole-genome shared variability 
using the method of LD score regression (LDSR) [28] and compared the LDSR analysis 
outcomes to the PRS estimates for their ability to help inferences about relationships 
between glycaemic and mood trait variability. 

Results
PRS profiles clearly predicted the FI in the NTR and FG in the NTR and NESDA datasets, 
confirming the validity of selected SNP sets (Supplementary Material Table 1). However, 
we did not find a statistically significant phenotypic correlation between FG and MDD 
(r = -0.026, p-value = 0.143, N = 3,142 and r = -0.018, p-value = 0.305, N= 3,154 for 
adjusted/not adjusted for BMI, respectively). None of the glyceamic SNP sets, whether 
selected based on prior knowledge of association with T2D related traits and weighted 
by MDD effect sizes, or based on all SNPs clumped around four association significance 
thresholds using FI/FG/HOMA-B/HOMA-IR summary statistics, predicted the MDD 
status in NTR and NESDA (Figure 1, Table 1). Any adjustment for BMI did not have a large 
effect on the estimates. Results obtained from the analysis of MDD with increased and 
decreased appetite symptoms were non-significant (Figure 2, Table 2). 
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Table 1. Results of Polygenic Risk prediction of MDD from various subsets of SNPs with 
and without adjustment for BMI

No BMI adjustment With BMI adjustment
SNP set OR 95% CI OR 95% CI
Glycaemic SNPs MDD weights 1.02 (0.97, 1.07) 1.02 (0.97, 1.07)

Fasting Glucose SNP sets
FG SNPs p-value < 0.00001 1.00 (0.95, 1.05) 1.00 (0.95, 1.05)

FG SNPs p-value < 0.001 1.01 (0.96, 1.06) 1.00 (0.95, 1.05)
FG SNPs p-value < 0.01 1.01 (0.96, 1.06) 1.00 (0.95, 1.05)
FG SNPs p-value < 1 1.00 (0.95, 1.05) 0.99 (0.94, 1.04)

Fasting Insulin SNP sets
FI SNPs p-value < 0.00001 1.02 (0.97, 1.08) 1.02 (0.97, 1.07)
FI SNPs p-value < 0.001 1.00 (0.95, 1.05) 0.99 (0.94, 1.04)
FI SNPs p-value < 0.01 1.01 (0.96, 1.06) 0.99 (0.95, 1.04)
FI SNPs p-value < 1 1.00 (0.95, 1.05) 0.99 (0.94, 1.04)

HOMA-B SNP sets
HOMA-B SNPs p-value < 0.00001 0.96 (0.92, 1.01) 0.96 (0.91, 1.01)
HOMA-B SNPs p-value < 0.001 0.99 (0.94, 1.04) 0.98 (0.93, 1.03)
HOMA-B SNPs p-value < 0.01 0.98 (0.93, 1.03) 0.97 (0.93, 1.02)
HOMA-B SNPs p-value < 1 0.99 (0.94, 1.04) 0.98 (0.93, 1.03)

HOMA-IR SNP sets
HOMA-IR SNPs p-value < 0.00001 1.01 (0.96, 1.07) 1.01 (0.96, 1.06)
HOMA-IR SNPs p-value < 0.001 1.01 (0.96, 1.06) 0.99 (0.94, 1.04)
HOMA-IR SNPs p-value < 0.01 1.01 (0.96, 1.06) 1.00 (0.95, 1.05)
HOMA-IR SNPs p-value < 1 0.99 (0.94, 1.05) 0.98 (0.93, 1.04)
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Figure 1. Results of Polygenic Risk prediction of MDD from various subsets of SNPs with 
and without adjustment for BMI
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Table 2. Results of Polygenic Risk prediction of MDD with symptoms of increased and 
decreased appetite/weight from various subsets of SNPs

Decreased BMI Increased BMI

SNP set OR 95% CI OR 95% CI
Glycaemic SNPs MDD weights 1.02 (0.93, 1.11) 1.06 (0.95, 1.18)

Fasting Glucose SNP sets

FG SNPs p-value < 0.00001 1.02 (0.94, 1.11) 0.97 (0.87, 1.08)
FG SNPs p-value < 0.001 1.03 (0.94, 1.12) 0.98 (0.87, 1.09)
FG SNPs p-value < 0.01 1.00 (0.92, 1.08) 1.04 (0.93, 1.15)
FG SNPs p-value < 1 0.99 (0.91, 1.08) 1.04 (0.94, 1.15)

Fasting Insulin SNP sets

FI SNPs p-value < 0.00001 1.04 (0.96, 1.13) 1.00 (0.90, 1.11)
FI SNPs p-value < 0.001 0.98 (0.90, 1.07) 1.03 (0.92, 1.15)
FI SNPs p-value < 0.01 0.99 (0.91, 1.08) 1.04 (0.93, 1.15)
FI SNPs p-value < 1 1.02 (0.94, 1.11) 0.99 (0.89, 1.10)

HOMA-B SNP sets

HOMA-B SNPs p-value < 0.00001 0.92 (0.84, 1.00) 0.95 (0.86, 1.06)
HOMA-B SNPs p-value < 0.001 0.93 (0.86, 1.01) 0.97 (0.87, 1.08)
HOMA-B SNPs p-value < 0.01 0.96 (0.88, 1.05) 0.94 (0.84, 1.04)
HOMA-B SNPs p-value < 1 1.03 (0.95, 1.12) 0.93 (0,84, 1.03)

HOMA-IR SNP sets

HOMA-IR SNPs p-value < 0.00001 1.02 (0.93, 1.11) 0.97 (0.87, 1.08)
HOMA-IR SNPs p-value < 0.001 1.00 (0.92, 1.08) 0.95 (0.86, 1.06)
HOMA-IR SNPs p-value < 0.01 1.00 (0.92, 1.08) 1.03 (0.92, 1.14)
HOMA-IR SNPs p-value < 1 1.02 (0.94, 1.11) 0.96 (0.87, 1.06)
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Figure 2. Results of Polygenic Risk prediction of MDD with symptoms of increased and 
decreased appetite/weight from various subsets of SNPs

Results of the LD score regression showed no significant genetic correlations between FI/
FG/HOMA-IR/HOMA-B/T2D and MDD (Table 3). A small, however, non-significant (after 
correction for multiple testing) genetic correlation was detected between FI/HOMA-IR 
and Depressive Symptoms (rg = 0.17/0.16 respectively, p-value = 0.02 for both traits); 
and between FI/HOMA-IR and Neuroticism (rg = 0.11, p-value = 0.08/0.07 respectively).

Table 3. LDScore regression results of genetic correlation (rg) between mood and 
glycaemic traits.

MDD
Depressive 
Symptoms

Neuroticism

SNP-h² = 0.15 (0.03) SNP-h² = 0.05 (0.005) SNP-h2²= 0.09 (0.008)
SNP-h² rg (SE, p-value) rg (SE, p-value) rg (SE, p-value)

FI 0.06 (0.01) -0.07 (0.11, 0.5) 0.17 (0.07, 0.02) 0.11 (0.06, 0.08)
FG 0.09 (0.02) 0.07 (0.09, 0.41) 0.04 (0.05, 0.44) 0.02 (0.04, 0.64)
HOMA-B 0.05 (0.01) -0.11 (0.10, 0.27) 0.12 (0.07, 0.07) 0.09 (0.06, 0.14)
HOMA-IR 0.06 (0.01) -0.05 (0.11, 0.66) 0.16 (0.07, 0.02) 0.11 (0.06, 0.07)
T2D 0.09 (0.01) 0.01 (0.10, 0.89) 0.06 (0.07, 0.35) -0.04 (0.06, 0.45)

Note: SNP-h² denotes the SNP-heritability
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Discussion
Following various independent reports from epidemiological studies on the bidirectional 
relationships between T2D and MDD [208, 209] accompanied by evidence supporting 
the role of insulin resistance [30] in association with both T2D and MDD, we explored 
whether the risk variants of glycaemic traits such as FI, FG, HOMA-IR, HOMA-B share 
genetic risk factors with MDD. In addition, we explored the shared genetic aetiology with 
phenotypes known to be proxies to MDD, such as Depressive Symptoms and Neuroticism. 
None of the PRS SNP sets crossed the threshold of significance for association with MDD 
after correction for multiple testing. 
 To our knowledge there are only a few studies that explored the shared 
aetiology between glycaemic traits and MDD based on SNPs. Bulik-Sullivan et al. (2015) 
detected non-significant genetic correlations between T2D, FG and MDD [198] as well as 
Lubke et al (2012) between FG and MDD [40] and Samaan et al (2014) between impaired 
fasting glucose/impaired glucose tolerance/T2D/dysglycemia and MDD [207]. For T2D 
and Neuroticism, the recent paper by Gale et al (2016) [225] reported the non-significant 
genetic correlation in the UK biobank sample size of 108,038 individuals after correction 
for multiple testing. The only study that detected genetic correlation between MDD and 
T2D to date, was the recent study in Swedish and Danish twins [226]. Twin-based genetic 
correlations were reported to be significant in Swedish women (rg = 0.23) and Danish 
twins, irrespective of sex (rg = 0.25 in men and rg = 0.18 in women). Authors also reported 
qualitative sex differences in the comorbidity of T2D and MDD, i.e. different genetic risk 
factors can operate in men and women [226].
 When SNP-heritability (SNP-h2) of Fasting Glucose and BMI was partitioned 
across specific cell type groups [227], the FG SNP-h2 was significantly enriched with 
adrenal or pancreas cell type groups, whereas BMI SNP-h2 was significantly enriched 
with cell type group of Central Nervous System (CNS), suggesting BMI as the potential 
mediator of the relationship between Insulin Resistance and T2D with MDD in 
epidemiological studies. Negligible enrichment of CNS cell type group in Fasting Glucose 
SNP-heritability may explain the non-significant genetic correlation between T2D and 
MDD and their related traits in current and few previous genetic studies. In a study of 
Danish and Swedish twins, genetic correlation has been reported between T2D and 
MDD cases and controls and could be due to elevated BMI in T2D cases. In contrast, in 
our study we corrected for T2D status. Because T2D correlates with BMI as well as FI/FG/
HOMA-B/HOMA-IR [198, 223], we therefore possibly corrected for some variation due 
to BMI.
 BMI is a biomarker of T2D and also has been associated with MDD [228]. In our 
study BMI did not change the results of MDD prediction for any of the PRS profiles. This is 
probably because most of the sample comprised of a non-diabetic population. Therefore 
most of the sample has a BMI, fasting insulin, fasting glucose levels and metabolism 
processes in the normal range. A recent report suggested that introducing a high-fat 
diet leads to T1D/T2D in mice through apoptosis of β-cells [229]. Unhealthy diets have 
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been reported to be a risk factor for depression [230], whereas a healthy diet in turn 
was associated with reduced risk of depressive symptoms in both T2D and non-diabetic 
individuals [231]. Another possibility could be that, for instance, depression behavioral 
consequences, which include also poor diet, reduced physical activity, increased alcohol 
consumption and smoking may determine an increased risk for the development of 
diabetes-related alterations. 
 No phenotypic correlation was observed in our study between FG and combined 
MDD sample, although previous work in other samples has indicated a relation between 
T2D and MDD [226]. Previous studies started from a sample of T2D patients, whereas 
we combined a MDD patient cohort (NESDA) and a population based cohort (NTR). 
Previous NESDA studies also did not observe a phenotypic correlation between FG and 
MDD and its subtypes (atypical/melancholic, which roughly corresponds to MDD with 
increased and decreased appetite/weight symptoms) [40, 232]. However, the current 
study was motivated by the evidence for association between Insulin Resistance and 
MDD [30]. FI/FG/HOMA-IR/HOMA-B loci differ in their effect on pathophysiology of T2D 
[199] and so it could be in pathopysiology of MDD. A recent study in the prospective 
cohort in the United States (US) reported somatic-vegetative depressive symptoms as 
a predictor of deteriorating insulin resistance and therefore risk of T2D development 
in adults aged 50-70 through increasing BMI [233]. Thus PRS profiles constructed using 
summary statistics from largest up to date MAGIC meta-analysis could have pinpointed 
the biological pathways not detected previously. 
 In conclusion, our results suggest that glycaemic traits, namely Fasting Glucose, 
Fasting Insulin, indices of Insulin resistance (HOMA-IR) and β-cell function (HOMA-B) 
have distinct genetic aetiology with MDD and its symptoms. Comorbidity between 
T2D and MDD may be influenced by other shared environmental risk factors, such as 
diet, smoking or other demographic and socio-economic factors, suggesting possible 
intervention and warrants further research [234].

URLs: Michigan Imputation Server: https://imputationserver.sph.umich.edu/index.html
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Supplementary Material.
Supplementary Table 1. Results of Polygenic Risk prediction of Insulin from various 
subsets of SNPs

Fasting Insulin Fasting Glucose
Beta SE P-value Beta SE P-value

Glycaemic SNPs with MDD 
weights

-0.10 0.09 0.31 1.3×10⁻⁰³ 0.01 0.88

Fasting Glucose SNP sets
FG SNPs p-value < 0.00001 0.09 0.09 0.37 0.09 0.01 1.3×10⁻²⁷
FG SNPs p-value < 0.001 0.06 0.10 0.53 0.08 0.01 3.3×10⁻²³
FG SNPs p-value < 0.01 0.02 0.10 0.82 0.07 0.01 1.5×10⁻¹⁸
FG SNPs p-value < 1 0.08 0.10 0.39 0.06 0.01 4.4×10⁻¹²

Fasting Insulin SNP sets
FI SNPs p-value < 0.00001 0.21 0.11 0.05 0.01 0.01 0.24
FI SNPs p-value < 0.001 0.27 0.12 0.02 -5.9×10⁻⁰⁴ 0.01 0.94
FI SNPs p-value < 0.01 0.29 0.12 0.01 2.6×10⁻⁰³ 0.01 0.76
FI SNPs p-value < 1 0.50 0.11 5.5×10⁻⁰⁶ 0.02 0.01 0.04

HOMA-B SNP sets
HOMA-B SNPs p-value < 0.00001 0.11 0.11 0.34 -0.06 0.01 1.8×10⁻¹³
HOMA-B SNPs p-value < 0.001 0.22 0.11 0.04 -0.05 0.01 1.2×10⁻¹⁰
HOMA-B SNPs p-value < 0.01 0.30 0.13 0.02 -0.04 0.01 9.3×10⁻⁰⁷
HOMA-B SNPs p-value < 1 0.50 0.11 4.7×10⁻⁰⁶ -0.02 0.01 0.05

HOMA-IR SNP sets
HOMA-IR SNPs p-value < 0.00001 0.30 0.11 0.01 0.03 0.01 2.2×10⁻⁰⁵
HOMA-IR SNPs p-value < 0.001 0.43 0.13 8.3×10⁻⁰⁴ 0.02 0.01 0.01
HOMA-IR SNPs p-value < 0.01 0.51 0.12 1.5×10⁻⁰⁵ 0.03 0.01 1.1×10⁻⁰³
HOMA-IR SNPs p-value < 1 0.58 0.11 1.2×10⁻⁰⁷ 0.03 0.01 1.7×10⁻⁰³
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