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Study populations 
 
The Framingham Heart Study (FHS) Offspring cohort began in 1971 as a community-based, observational, 
prospective study of cardiovascular disease and its risk factors (1; 2). The Offspring cohort enrolled 5,124 
participants who were the children of the original FHS cohort and the spouses of these children. The Third 
Generation cohort enrolled the grandchildren of the original Framingham cohort, which included 4,095 men and 
women between the years 2002 and 2005 (3). The current analysis was limited to the 2,446 attendees of the 8th 
Offspring examination cycle (2005-2008) and 3,180 attendees of the 2nd Third Generation examination cycle 
(2008-2011) who also provided sufficient amounts of RNA from whole blood samples and who consented to have 
their data used for genomic research. We further excluded individuals who ever had type 2 diabetes—i.e., ever 
diagnosed with type 2 diabetes, currently taking type 2 diabetes medications, had fasting glucose levels ≥126 
mg/dl, 2 hour oral glucose tolerance test glucose levels ≥ 200mg/dl, or had glycated hemoglobin (HbA1c) levels 
≥6.5%. After these exclusions, 2,049 Offspring and 3,007 Third Generation participants remained for analysis. 
Informed consent was obtained from each participant and the study protocol was approved under Boston 
University Medical Center's IRB protocol (H-27984). 
 
The Rotterdam Study (RS) is a large prospective, population-based cohort study in the district of Rotterdam, the 
Netherlands, comprised of white men and women aged 45 years and over, as described previously (4). In total RS 
included three recruitment cohort comprising 3,932 subjects aged 45 years or over living in the well-defined 
Ommoord district of Rotterdam, the Netherlands. The current analysis was limited to the third cohort (recruitment 
began in 2006). Transcriptomic levels in whole blood were assessed in 881 subjects of RS, for whom plasma 
glucose and insulin levels were also measured. We excluded 42 samples with missing glucose or insulin levels, 2 
samples with missing cell counts, 9 non-white samples, and 37 samples without Body Mass Index (BMI) 
measurement. Additionally, we excluded 68 samples (8.6%) having type 2 diabetes (defined as having blood 
glucose levels ≥126 mg/dL).  Detailed methods for the gene expression assay have been described elsewhere (4; 
5). RS has been approved by the Medical Ethics Committee of the Erasmus MC and by the Ministry of Health, 
Welfare and Sport of the Netherlands, which implemented the Wet Bevolkingsonderzoek: ERGO (Population 
Studies Act: Rotterdam Study). All participants provided written informed consent to participate in the study and 
to obtain information from their treating physicians. 
 
The Invecchiare in Chianti (InCHIANTI) Study is a population-based, epidemiological study on 1,453 residents 
from Tuscany, Italy, whose goal is to identify risk factors that contribute to physical decline with aging (6). The 
participants were all of white European origin. Whole blood gene expression was assessed in 698 of the 900 
participants included in the 3rd follow-up visit (2007-2009). We analyzed fasting glucose levels that were 
available in 595 participants without diabetes, after excluding 103 (15%) participants who had type 2 diabetes, 
defined as having blood glucose ≥126mg/dL or a physician diagnosis of type 2 diabetes with dietary or drug 
treatment in the previous 2 weeks. Ethical approval was granted by the Instituto Nazionale Riposo e Cura Anziani 
institutional review board in Italy, and participants gave informed consent to participate.  
 
Gene expression microarray processing 
 
Whole blood samples in FHS were collected in PAXgene tubes. RNA amplification was conducted using the WT-
Ovation Pico RNA Amplification System (NuGEN, San Carlos, CA, USA). Global transcript levels were 
quantified using the Affymetrix Human ExonArray ST v1.0 (Affymetrix, Inc., Santa Clara, CA, USA). FHS 
transcript intensity data were processed using robust multi-array average (RMA) of background-adjusted, 
normalized, and log-transformed perfect-match values, as described previously (7; 8). Residuals were obtained by 
adjusting transcript levels for technical covariates that were found to influence transcript levels systematically. 
Technical covariates included mean expression and standard deviation across all probesets, negative control probe 
mean and standard deviation, positive control probe mean and standard deviation, mean relative log expression 
across all probesets, median absolute deviation mean across all probesets, mean expression across mismatched 
probe, the first principal component of the gene expression data (corresponding to laboratory batch), sex, age, and 
plate batch (as a random effect). (e.g., microarray batch, RNA isolation batch, predicted blood cell counts). 
Predicted blood cell counts—including white blood cells, platelets, lymphocytes, monocytes, eosinophils, and 
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basophils—were obtained using partial least squares regression trained on transcript levels and complete blood 
counts measured in 2,431 Third Generation samples. A partial least squares regression model was built using all 
17,873 gene-level transcripts on the training dataset consisting two thirds of 2,280 Third Generation samples 
having measured complete blood cell counts. The trained model was tested on the testing dataset, comprised of 
the remaining one third of the samples, achieving an estimated prediction accuracy (R2) were 0.61, 0.41, 0.25, 
0.83, 0.83, 0.81, 0.89, and 0.25, for white blood cell counts, red blood cell counts, platelet counts, neutrophil 
percent, lymphocyte percent, monocyte percent, eosinophil percent, and basophil percent, respectively. Models 
having fewer numbers of transcripts did not perform as well. The model was then used to predict blood fractions 
for all remaining samples, for which no blood cell fraction measures are available. The predicted fractions were 
then normalized such that the values stay within 0% to 100% range. To reduce potential bias due to differential 
measurement errors across Offspring versus Third Generation samples, we used the predicted blood cell counts as 
covariates even in participants with complete blood cell counts. In addition, familial relatedness was included as a 
random effect using mixed regression models in the kinship package in R. Samples of poor RNA quality (<5.0) 
and outlying all_probeset_rle_mean values (>0.7) results or outlying principal component values were removed. 
Further SNP-based identification methods, where 434 mutually independent (LD<0.7) cis-SNPs with the 
strongest variance explained (R2>0.7) and minimum allele frequency of between 0.48 and 0.50 were chosen as the 
sample “fingerprint” allowing potential identification of about 2434 (≈ 4.4 x 10130) samples, revealed 24 potentially 
mislabeled samples, 19 of which were re-identified to the correct sample, while the remaining 5 mislabeled 
samples were omitted from further analysis. In addition, we removed samples from 10 participants who withdrew 
their consent. The FHS transcriptomic data were deposited in dbGaP under the dataset name of "phe000002.v2" 
and dataset accession "phs000363.v7.p8." 
 
Whole-blood in RS was collected in PAXGene Tubes (Becton Dickinson) and total RNA was isolated using 
PAXGene Blood RNA kits (Qiagen). To ensure consistency of the RNA preparations, all RNA samples were 
analyzed using the Labchip GX (Calliper) according to the manufacturer’s instructions. Samples with an RNA 
Quality Score > 7 were amplified and labelled (Ambion TotalPrep RNA) and hybridized to the Illumina 
HumanHT12v4 Expression Beadchips, as described by the manufacturer’s protocol.  Transcript levels were 
measured using the Illumina HumanHT-12 v4 Expression BeadChip. The resulting data was quantile-normalized 
to the median distribution and subsequently log2-transformed. The probe and sample means were centered to 
zero. Genes were declared significantly expressed when the detection p-values calculated by GenomeStudio were 
p<0.05 in more than 10% of all discovery samples. A total number of 21,238 probes with a detection p-value of 
less than 0.05 in more than 10% of the probes were included. Processing of the RS-III RNA samples was 
performed at the Genetic Laboratory of Internal Medicine, Erasmus University Medical Center Rotterdam.  
Technical covariates included RNA amplification batch, RNA quality score, (RQS), fasting status, and complete 
blood counts. The RS expression dataset is available at GEO (Gene Expression Omnibus) public repository under 
the accession GSE 33828.  
 
Whole blood samples in InCHIANTI were collected in PAXgene tubes followed by RNA amplification using the 
Ambion TotalPrep RNA kit (Ambion), and quantification of transcript levels on the Illumina Human HT-12v3 
Beachip (Illumina), as described elsewhere (7). Probe intensities were corrected for local background effects, and 
outlier beads were removed. Detection P-values were computed using negative controls that were included on the 
array. After exclusions quantile normalization was conducted across arrays. Twelve InCHIANTI subjects were 
excluded because mean signal intensities across all probes with p≤0.01 were >3 standard deviations from the 
cohort mean; 698 individuals passed this criterion. Each probe was log2 transformed and inverse-normalized. 
Bioconductor annotation package “illuminaHumanv3.db” was used to annotate the eligible probes with Entrez 
IDs and Gene Symbols. Technical covariates included RNA hybridization batch, RNA amplification batch, and 
complete blood counts. The InChianti transcriptomic dataset is available at the GEO repository under the 
accession GSE48152.  
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Supplementary Table 1. Transcriptomic associations for fasting glucose levels in Framingham Heart Study 
and meta-analysis of Rotterdam Study III and InCHIANTI Study. Models were adjusted for age, age2, sex, 
family structure (in FHS only), blood counts, and technical batch variables. 
 

 
Supplementary Table 2. Transcriptomic associations for fasting glucose levels adjusted for BMI in 
Framingham Heart Study and meta-analysis of Rotterdam Study III and InCHIANTI Study. Models were 
adjusted for age, age2, sex, family structure (in FHS only), blood counts, and technical batch variables. 
 
 
Supplemental Table 3. Transcriptomic associations for fasting insulin levels in Framingham Heart Study 
and Rotterdam Study III. Models were adjusted for age, age2, sex, family structure (in FHS only), blood counts, 
and technical batch variables. 
 
Supplementary Table 4. Transcriptomic associations for fasting insulin levels adjusted for BMI in 
Framingham Heart Study and Rotterdam Study III. Models were adjusted for age, age2, sex, family structure 
(in FHS only), blood counts, and technical batch variables. 
 
Supplementary Table 5. Genetic associations for trans-eQTL (and their proxies) identified in our 
transcriptome-wide association study and fasting insulin levels in the MAGIC consortium. 
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Supplementary Figure 1. Plots of gene transcript levels across tissues in GTEx participants. Each plot 
presents a separate individual with RNA sequencing data conducted in whole blood (x-axis) and another 
tissue (y-axis).  
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Supplementary Figure 2. Plot of transcriptomic associations for fasting glucose and fasting insulin with and 
without adjustment for body mass index (BMI) in the Framingham Heart Study, Rotterdam Study III (for 
fasting insulin), and the meta-analysis of Rotterdam and InCHIANTI (for fasting glucose). 
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Supplementary Figure 3. Plot of transcriptomic associations for fasting glucose versus fasting insulin in the 
Framingham Heart Study and the Rotterdam Study III. 
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Supplementary Figure 4. Plots of IGF2BP2 transcript levels from GTEx RNA sequencing data comparing 
blood to visceral fat, kidney, liver, skeletal muscle, and pancreas expression in the same individual. Each 
data point represents a single individual. 
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Supplementary Figure 5. Plots of PLEK2 transcript levels from GTEx RNA sequencing data comparing 
blood to visceral fat, kidney, liver, skeletal muscle, and pancreas expression in the same individual. Each 
data point represents a single individual. 
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Supplementary Figure 6. Plots of RAB36 transcript levels from GTEx RNA sequencing data comparing 
blood to visceral fat, kidney, liver, skeletal muscle, and pancreas expression in the same individual. Each 
data point represents a single individual. 
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Supplementary Figure 7. Plots of gene set enrichment analysis (GSEA) enrichment -log(p-values) from 
discovery and replication transcriptomic results for fasting glucose and fasting insulin. Datapoints 
represent KEGG gene sets. Discovery results were conducted in data from the Framingham Heart Study. 
Replication results were conducted as a meta-analysis of data from the Rotterdam Study III and the 
InChianti Study. 
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