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Obesity and type 2 diabetes (T2D) are complex diseases that are major public health 

concerns. Genetic variation contributes substantially to risk of developing obesity and T2D.  Many 

previous studies on genetic factors influencing obesity (as measured by body mass index, or BMI) 

and T2D have focused on the effects of insulin resistance and glucose homeostasis in the pancreas 

and adipose tissue. A recent study demonstrated that genetic loci associated with BMI are enriched 

near genes expressed in the brain, but the effects of specific BMI variants on brain function is 

unknown. Furthermore, despite being a key regulator of energy intake as well as glucose 



 

 x 

homeostasis, the brain has not been a focus in the molecular genetics of T2D risk. In this work, we 

aimed to determine the effects of BMI and T2D variants on regulatory processes in the brain 

through computational analyses integrating genetic association data and brain epigenome data. We 

determined the enrichment of enhancers in various regions of the brain for BMI and T2D risk 

signals, identified BMI and T2D risk signals affecting gene expression in the brain, predicted the 

allelic effects of variants based on brain chromatin features, and prioritized specific BMI and T2D 

variants likely affecting brain regulation. These data together suggest that variants associated with 

BMI and T2D risk are broadly enriched for effects on regulatory processes in the brain. Together 

with pancreatic and adipose tissue, the brain should be considered when studying the molecular 

mechanisms of genetic variants affecting obesity and diabetes pathogenesis.  
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INTRODUCTION 
 
1.1 Obesity and type 2 diabetes 

In the United States, more than 1 in 3 adults (36.5%) suffer from obesity, a disease that is 

characterized by excess body fat from the excess of energy intake over expenditure, and is usually 

measured by body mass index (BMI) greater than 301. Obesity predisposes to many health 

conditions, including type 2 diabetes (T2D). The two complex diseases have been genetically 

associated, despite differences in etiology2. In addition, diabetes affects about 30.3 million 

Americans (9.4%), where T2D accounts for the majority of diabetes cases (93%)3. Type 2 diabetes 

is characterized by the gradual dysfunction of pancreatic beta cells caused by insulin resistance 

which leads to blood hyperglycemia4. Diabetics have a 50% higher mortality rate than non-

diabetics, as T2D can lead to complications such as cardiovascular disease and stroke3. The 

prevalence of diabetes has tripled in the last 20 years, and understanding the genetic basis and 

heritability of T2D and obesity in disease-relevant tissues can identify novel therapeutic avenues 

to help alleviate the widespread public health concern5.  

 

1.2 Brain regulation of glucose homeostasis 

Studies on the molecular mechanisms of obesity and T2D in the past have mainly focused 

on the effects of insulin resistance on tissues such as the pancreas, liver, skeletal muscle, and 

adipose tissue6. In humans, glucose levels are maintained by insulin-dependent and insulin-

independent mechanisms7. Individuals with T2D are not able to maintain glucose homeostasis due 

to dysfunction of pancreatic islet beta-cells that are responsible for producing insulin, and will 

gradually develop insulin resistance in peripheral tissues7.   
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Although the brain is a key regulator of insulin and glucose across many organs, the brain 

has not been largely studied in the context of genetic effects particularly on T2D8. Many studies 

have shown that mice have two insulin genes, where Ins1 is only expressed in pancreatic islets and 

Ins2 is expressed more broadly and is more similar to the human INS gene9,10.  In addition, 

expression of Ins2 and INS is found in multiple regions of both rodent and human postnatal brain, 

most prominently in the hippocampus11. Another study on insulin resistant in the human brain 

demonstrated that insulin modulates cerebrocortical activity in lean individuals, but insulin levels 

were significantly reduced in obese individuals; this resistance effect was found in people with a 

polymorphism at insulin receptor substrate-1 (IRS1), a T2D risk locus12. Another study used a rat 

model for diabetes to learn the effects of the brain in glucose homeostasis. They found that the 

hypothalamic insulin-PI3K signaling is impaired and inhibiting the signaling pathway leads to a 

glucose-lowering effect of insulin13. In addition, insulin signaling in the hypothalamus and those 

altering pancreatic hormone secretion has also been shown to be disrupted by a fatty diet, 

indicating that too much food intake may contribute to diabetes14. The molecular basis of glucose 

homeostasis in obesity and T2D are currently being studied with cellular and animal brain models, 

but learning the risk polymorphisms and how they affect brain regulatory processes through 

genetic analyses can provide more confidence for where in the genome scientists should target.   

 

1.3 Genetic studies of BMI and T2D  

While obesity and T2D are mainly influenced by environmental factors, such as sedentary 

lifestyle and increased food consumption, not all individuals experiencing these conditions result 

in these diseases, suggesting that genetics and epigenetics may play a role 2,4. For example, studies 

on identical twins and immediate relatives have shown that there is genetic contribution to the 
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development of T2D4,15. More recently, genome-wide association studies (GWASs) and meta-

analyses, including fine-mapping analyses and trans-ancestry analyses, have identified over a 

hundred genetic loci influencing BMI and T2D, with several loci overlapping both traits16–19. Many 

genetic studies of BMI have shown  enrichment of variants in active enhancers in not only adipose 

tissue, but also in various regions of the brain and other immune-related tissues; however the 

specific brain region(s) most involved in regulation of obesity have not been identified19,20. 

GWASs are used to determine trait-associated regions on the genomic scale, but in some 

cases, the causal single nucleotide polymorphism (SNP), or variant, at a risk locus may be missed, 

and instead another variant may be identified as the most strongly associated21.  To compensate 

for this problem of linkage disequilibrium (LD), fine-mapping analyses genotype more samples to 

identify the subset of highly associated variants likely causal for a disease signal21. Genetic 

analyses across different ethnicities are often performed to further improve statistical power to 

fine-map disease signals by leveraging differences in LD across populations. For instance, while 

most GWASs have been done in European populations, a recent study identified 112 new loci for 

BMI in the Japanese population20. Data from trans-ethnic studies can then be combined through 

meta-analysis. 

Moreover, novel disease-risk loci and variants from these analyses must be compared to 

reference population catalogs that can serve as models for genetic variation in the global human 

population. In particular, the 1000 Genomes Project, which has genotyped thousands of individuals 

from African, American, East Asian, European, and South Asian populations with whole-genome 

sequencing, is used in this project as a reference for single nucleotide variants with frequencies of 

at least 1% in the population22.  
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Over the past decade, GWASs have given insight to the genetic architectures of BMI and 

T2D; however, known loci for these traits still only explain a fraction of total genetic heritability 

23. For example, only about 20% of the estimated genetic risk of T2D is driven by the identified 

>100 loci24,25. The remaining heritability of T2D is unlikely to be explained by large effect 

variants, suggesting that these traits are extremely polygenic and involve many additional hundreds 

of loci16. Despite having small effects, each BMI and T2D risk locus has a biological function 

which can inform on the underlying mechanisms and genes involved in disease.  Association 

studies of BMI and T2D have shown that most risk variants map to non-coding regions of the 

genome, suggesting that gene regulation is an important contributor to these traits23.  

 

1.4 Mapping the human epigenome 

 Non-genetic, chemical changes to the genome, like histone modifications and chromatin 

accessibility, are considered epigenetic26. The primary role of eukaryotic chromatin is  to tightly 

package DNA with histone proteins, forming nucleosomes27. The positioning of nucleosomes 

affects the availability of binding sites for transcription factors, thus regulating gene expression28.   

Many histone modifications are involved in the control of transcription24. As the cost of high-

throughput sequencing has declined over the years, sequenced-based molecular assays of cells and 

tissues have become increasingly popular for studying gene regulation. The Encyclopedia of DNA 

Elements (ENCODE) project is a database of various sequence data that reveal information about 

functional elements of the human genome29. Because epigenome information varies across the 

organism, these sequencing-based assays are done in a variety of tissues, including the human 

pancreas, hippocampus, and dorsolateral prefrontal cortex29. The NIH Roadmap Epigenomics 
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Project has mapped epigenetic marks in 111 human tissues and cell types, and the data can be 

found in the ENCODE database29. 

The data used in the present study include chromatin immunoprecipitation sequencing 

(ChIP-seq) and RNA sequencing (RNA-seq) performed on human brain tissue. ChIP-seq identifies 

DNA at locations bound by specific proteins, such as transcription factors30. Histone modifications 

can also be ChIP-sequenced by targeting histone acetylation and methylation marks to study 

activating or repressing effects on gene regulation31. The information can be processed using a 

multivariate Hidden Markov Model (HMM) to reveal chromatin states on the genome in various 

tissues, which is then used to associate variants to functional annotations32. The NIH Roadmap 

Epigenomics project utilizes the ChromHMM model, which was trained on 40 epigenomes with 

ChIP-seq data corresponding to H3K4me3 (promoters), H3K4me1 (enhancers), H3K36me3 

(active transcribed region), H3K27me3 (repressors), H3K9me3 (repressors), and H3K27ac 

(enhancers), to determine a total of 18 chromatin states29,32. Additionally, RNA-seq measures the 

genome-wide accumulated RNA transcripts in the sample, which is then used to determine levels 

of gene expression in certain cells and tissues33. Unlike the traditional use of gene expression 

microarrays, RNA-seq provides more accurate quantification of transcript levels, and this is useful 

for mapping variants to quantitative trait loci34.  Another common technique for learning about 

chromatin is assay for transposase-accessible chromatin using sequencing (ATAC-seq), which 

captures open chromatin (nucleosome-free) sites and reveals regions of the genome that 

correspond to regulatory elements35. Thus, ATAC-seq is a useful tool for studying transcriptional 

activity and thereby control of gene expression.   
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1.5 Analytical approaches and validation studies for identifying risk variants  

By integrating BMI and T2D genetic data and epigenome data, disease-risk variants 

potentially influencing regulatory processes in specific cell types and tissues can be identified. To 

prioritize the potential regulatory effects of these risk variants, their disease-risk loci can be 

mapped to identify variants overlapping epigenome annotations in each cell type. More recent 

approaches such as deep learning modeling can also be utilized to predict variant effects on cell 

type chromatin features directly.  

Correlating genotyped samples to molecular phenotypes such as gene expression is used 

to identify genetic variants that influence the phenotype, called quantitative trait loci (QTL). The 

most common type is expression quantitative trait locus (eQTL), which maps variants to a locus 

that contributes to genetic variation in gene expression levels36,37. The GTEx project performed 

eQTL mapping with RNA-seq for expression data in a large variety of human tissues, including 

13 brain tissues38. While many eQTLs are shared across tissues and near transcription start sites, 

other eQTLs are specific to certain tissues; this data is useful for studying the role of gene 

regulation in disease, since most risk loci are in non-coding regions37,39. Furthermore, the 

association of variants for two traits, such as disease-risk and gene expression, are dependent on 

each other because of linkage disequilibrium, which is the association of disease phenotype and 

marker genotype due to proximity of their loci40. Approaches such as a Bayesian method for 

colocalization between two traits can determine whether the association signals of both traits are 

consistent with a shared causal variant; variants at the same genomic location with similar 

association statistics are said to be colocalized41. Associating molecular traits, such as gene 

expression, with genetic variants is useful for learning the underlying mechanism of the disease. 
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Another tool for determining the effects of disease-risk variants is by learning features of 

sequence around these variants. The large amount of complicated BMI and T2D genetic data and 

epigenome data is particularly well suited for this application. Deep learning is a machine learning 

method that learns from hierarchical layers of information and is modeled as a neural network, 

where connections are transmitted through nodes, creating input and output layers of 

information42.  In this project, the algorithm framework, DeepSEA, is used to train a neural 

network to learn histone modification effects from brain ChIP-seq data to determine if a variant is 

affecting transcriptional activation43. Along with the functional epigenome annotations for 

enhancers from the hidden Markov models, predictions from DeepSEA can help prioritize BMI 

and T2D risk variants that may be affecting gene regulation in the brain32. 

In general, multiple approaches and lines of evidence need to be considered to prioritize 

candidate SNPs at a disease locus for molecular experiments. Before utilizing genome editing in 

cellular models and animal models to characterize the effects of variants on obesity and T2D risk, 

the SNPs must be tested for their effects in regulatory processes in specific cells. The functionality 

of the highly causal candidate variants at risk loci can be validated through, for example, (a) gene 

reporter assays to show if variants have differential activity on gene regulation and (b) gel shift 

assays, also known as electrophoretic mobility shift assays (EMSAs), to show which proteins may 

be differentially binding. The reporter assay allows for detection of promoter, enhancer, or 

repressor activation near the gene of interest, while EMSAs reveal sequence-specific transcription 

factor binding44,45.  
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MATERIALS AND METHODS 
 

2.1 Type 2 diabetes fine mapping 

We combined fine mapping credible sets for 107 known T2D signals from European 

ancestry association studies from the Metabochip17, GoT2D16, and DIAGRAM46 consortia. We 

resolved redundant data for signals published in multiple studies by prioritizing Metabochip data 

over GoT2D and DIAGRAM data. For GoT2D and DIAGRAM credible sets, we extracted effect 

estimates and standard errors from the summary statistics and calculated Bayes factors47 for each 

variant. In total, our combined credible set for T2D contained information for 70,975 unique 

variants. 

 

2.2 Trans-ancestry BMI fine mapping 

We obtained summary statistics for BMI from a published study of BMI in a Japanese 

cohort  (N=158,284) imputed into 1000 Genomes20 and from the UK BioBank (N=336,107). We 

first calculated the relatedness matrix between the two studies with mean allele frequency 

differences. We next used MANTRA48 to conduct trans-ancestry meta-analysis (combined 

N=494,391) of the two datasets. We then used published index variants at 163 loci20 and defined 

the credible set window as all variants within a 1 Mb window centered on the index variant. We 

defined 100% and 99% credible sets for each locus as previously described24. In total, our trans-

ancestry 100% and 99% credible sets for BMI contained 673,418 and 15,824 unique variants, 

respectively. The 100% credible set was used for colocalization analysis, while the 99% credible 

set was used for enrichment analyses.  
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2.3 Functional annotation data and enrichment analyses 

To determine enrichment of regulatory elements in the brain for BMI and T2D signals, we 

integrated trans-ancestry BMI and European ancestry T2D fine-mapping data with brain 

epigenome data. Epigenome annotation data (ChromHMM 18-state model) for angular gyrus, 

anterior caudate, cingulate gyrus, dorsolateral prefrontal cortex, hippocampus middle, inferior 

temporal lobe, and substantia nigra, as well as pancreatic islets, were collected from the Roadmap 

Epigenomics Project29,49. To determine if the regulatory annotations differed across the brain, 

Jaccard similarity indexes were calculated for each brain element with “bedtools jaccard”50. Next, 

we used fGWAS to test for enrichment of active regulatory elements (EnhA1, EnhA2, EnhG1, 

EnhG2, TssA, TssFlnk, TssFlnkD, TssFlnkU annotations) in the brain for BMI and T2D signals51. 

Each brain annotation was fit to the BMI or T2D model individually, and a second joint model for 

each trait was built by combining multiple annotations. We also performed conditional analyses 

on the combined model to determine how many annotations improved the model. To determine if 

the brain annotations were enriched relative to pancreatic islets, another combined fGWAS model 

was built with the addition of islet annotation data. Posterior probabilities of association (PPA) for 

BMI and T2D risk were computed from the combined fGWAS brain and pancreatic islet model. 

To determine if T2D variants also had an effect on BMI, fasting glucose level, and fasting insulin 

level, association values were collected from published GWASs for these traits and compared to 

our T2D fine-mapping data19,52. 

To further identify chromatin state annotations that are enriched for BMI and T2D signals, 

we applied stratified LD-score regression on genome-wide BMI and T2D association data from 

European populations53. Stratified LD-score (SLDSC) regression is a multiple regression, where 

the chi-squared statistics for a trait are regressed on LD-scores computed using variants from each 
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of a set of functional annotations. The estimated parameters quantify the relative contribution of 

each annotation to the total heritability. For EnhA1, EnhA2, EnhG1, EnhG2, TssA, TssFlnk, 

TssFlnkD, TssFlnkU annotations in each brain tissue, we computed LD-scores of HapMap3 

variants using 1000 Genomes Project SNPs as a reference panel. For each of these 56 annotations, 

we applied SLDSC to a model including one brain annotation and 24 annotations from the included 

“full baseline” model, and reported the z-score of the brain annotation coefficient. 

 

2.4 Colocalization analyses of disease risk loci and eQTLs 

To determine variants associated with both disease-risk and gene expression, we applied 

Bayesian colocalization tests to trans-ancestry BMI or European ancestry T2D fine-mapping data 

and brain expression quantitative trait loci (eQTL) data41. The tissue-specific SNP gene 

associations for 11 brain tissues (amygdala, anterior cingulate cortex (BA24), caudate, cerebellar 

hemisphere, cerebellum, cortex, frontal cortex (BA9), hippocampus, hypothalamus, nucleus 

accumbens, putamen, spinal cord cervical (c-1), and substantia nigra) for cis-eQTL analysis were 

collected from the GTEx project. The Bayesian method for colocalization between two traits 

determines whether the association signals of the traits are consistent with a common causal 

variant. The Bayes factors for all the variants for each trait were used to compute the posterior 

probability that there is an association with only trait one (PP1), association with only trait two 

(PP2), association between the two traits but at different variants (PP3), and association between 

the two traits with a shared causal variant (PP4). The threshold of PP4 > 0.50 was used to determine 

if a variant was associated with both disease-risk and gene expression. As this is the probability 

for the hypothesis of interest, PP4 will be referred to as posterior probability (PP) henceforth. 
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2.5 Deep learning of brain chromatin features 

We used DeepSEA to train a convolutional neural network to learn chromatin feature 

effects from brain ChIP-seq data (6 histone marks over 8 brain tissues, 50 features in total)43. The 

published brain ChIP-seq data included H3K27ac, H3K27me3, H3K36me3, H3K4me1, 

H3K4me3, and H3K9me3 for angular gyrus, caudate nucleus, cingulate gyrus, fetal brain female, 

hippocampus middle, middle frontal lobe, substantia nigra, and temporal lobe29. We called peaks 

with MACS2, using the “--broad" flag for broad histone marks, H3K27me3 and H3K36me3; 

otherwise the default parameters were used for narrow peaks54.  

The input data was processed into a label matrix and a sequence matrix, as outlined by the 

authors of DeepSEA. The label matrix covered 1,018,562,200 bp of sequences, about 32% of the 

whole genome, and the sequence matrix used UCSC hg19 assembly as the reference genome55. 

The training, testing, and validation sets were randomly split 88%, 10%, and 2%, respectively. The 

testing set was excluded from training. All hyperparameters for the model were selected on the 

basis of log likelihood based on the validation set. To evaluate the performance of the trained 

model, we computed ROC curves for each chromatin feature with the testing set. The empirical 

cumulative distribution functions of predicted effects for 300,000 random variants from 1000 

Genomes Project were used to calculate the E-value, the significance metric, for each variant for 

each chromatin feature. The E-value is the product of the relative and absolute differences between 

chromatin feature probability for the sequence carrying the reference allele and the alternative 

allele.  

To predict the effects of BMI or T2D risk variants, we inputted de novo sequence 

information of the variant of interest to the trained DeepSEA model. The chromatin feature 

probability absolute difference, calculated as,   
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𝑑𝑖𝑓𝑓 = 	𝑝'() − 𝑝+,- 

where 𝑝'()  is the chromatin feature probability for the sequence carrying the alternative allele and 

𝑝+,- , is the chromatin feature probability for the sequence carrying the reference allele, was used 

to determine if the predicted effect is at the reference or alternative allele. The threshold of E-value 

< 0.10 was used to determine if a variant has a significant DeepSEA effect. 

 

2.6 Disrupted motifs analysis 

To identify motifs that were potentially disrupted by risk variants, we compiled a 

comprehensive set of position frequency matrices (PFM) from JASPAR56 and ENCODE57 motif 

databases. We then used fimo58 to scan for motifs in a 30 bp window centered on the risk variants. 

For fimo, we used the default parameters for p-value threshold (1x10-4) and a background GC 

content of 40.9% based on hg1955. We further identified variants that were predicted to disrupt 

each motif.  We calculated the entropy score for a variant position in the motif by using the PFMs.  

For each base at a given position bp and the frequency of the base at that position f, we calculated 

the entropy as: 

𝐸𝑛𝑡𝑟𝑜𝑝𝑦 = 	∑ 𝑓(𝑏𝑝) ×	log< 𝑓(𝑏𝑝)=> . 

A motif was considered disrupted if a variant fell in a conserved position (Entropy<1.0).  

 

2.7 Selection of T2D variants for functional study 

A variant was selected for in vitro assays if (a) variant has probability to be causal for T2D 

(PPA with brain enrichment > 0.01), (b) variant is associated with gene expression in the brain 

(PP4 > 0.05), (c) variant is at a brain enhancer(s), (d) variant has DeepSEA allelic predictions for 
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enhancer activation in the brain, and (e) variant has in silico transcription factor binding 

predictions. 
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RESULTS 
 
3.1. Enrichment analyses of BMI and T2D association in brain regulatory elements 

We sought to determine if active regulatory elements in brain tissues were enriched for 

BMI and T2D signals. First, to determine the extent to which regulatory annotations differ across 

the 7 brain tissues in ChromHMM 18-state data, Jaccard similarity indexes were calculated for 

each brain regulatory element. Most elements differ across brain regions (Jaccard index < 0.50) 

except for active transcription start sites (TSS), which had Jaccard statistics between 0.50 and 0.60 

(Figure S1).  

We then determined the genome-wide enrichment of variants in brain regulatory 

annotations on T2D and BMI.  We used fGWAS to integrate ChromHMM 18-state brain data with 

BMI and T2D genome-wide association data. For T2D, we also included pancreatic islet 

annotations in enrichment analyses as previous studies have shown many T2D loci affect islet 

function.  There was enrichment of active TSSs across various areas of the brain for BMI genome-

wide (Figure S2) and enrichment of both promoters and enhancers in multiple areas of the brain 

for T2D genome-wide (Figure S3). We further applied stratified LD-score regression on BMI and 

T2D genome-wide association data and found enrichment of functional annotations, specifically 

active and genic enhancers for BMI signals and genic enhancers for T2D signals (Figure S4). 

We next determined the enrichment of variants in brain regulatory annotations using 

detailed fine-mapping data of known BMI and T2D signals.  With both the fine-mapping BMI and 

T2D data, we observed enrichment of enhancer and promoter elements in the brain (Figure 1A, 

2A). When considering annotations jointly in the BMI model, we observed enrichment of active 

enhancers in the dorsolateral prefrontal cortex and active TSSs in the cingulate gyrus (Figure 1B). 

For T2D, the joint annotations model showed enrichment of active enhancers in the dorsolateral 



 

 15 

prefrontal cortex, angular gyrus, hippocampus middle, and anterior caudate, as well as active 

enhancers and TSSs in pancreatic islets (Figure 2B).  We used these brain enrichments to re-

weight the causal evidence of variants across 163 BMI and 107 T2D signals, and from this re-

weighted evidence calculated posterior causal probabilities (PPA) for each variant.     

We then identified specific T2D/BMI signals with likely causal variants in brain regulatory 

elements.  We calculated the cumulative PPA of variants at each signal in elements for each brain 

regions.  Across 163 BMI signals, 39 have at least 10% cumulative PPA (Figure 3).  The PPA 

value for BMI of the leading variants of 16 loci improved >1% when integrated with functional 

brain annotation data (Figure 4).  The PPA of rs4790841 near nonsense mediated MRNA decay 

factor (SMG6) increased 43.2% and the PPA of rs4867732 near cytoplasmic polyadenylation 

element binding protein 4 (CPEB4) increased 21.4% (Figure 4).  Across 107 T2D signals, 69 loci 

have at least 10% cumulative PPA in the brain and/or pancreatic islets, including breast cancer 

anti-estrogen resistance protein 1 (BCAR1) and pleckstrin homology domain containing A1 

(PLEKHA1) where variants in active enhancers have >50% cumulative PPA for 6 and 7 brain 

regions, respectively (Figure 5, Table 1). The PPA values for T2D of the top variant at 37 loci 

improved >1% with the brain and pancreatic islet enrichments (Figure 7). After excluding the loci 

with strong pancreatic enrichments (and thus likely to affect islet function), 41 loci have at least 

10% cumulative PPA for T2D in the brain (Figure 6), where the PPA values for T2D of the leading 

variants for 32 loci increased >1% when integrated with only functional brain annotation data 

(Figure 7).  

Among the set of T2D loci with likely causal variants in brain elements, we determined 

which were associated with BMI/obesity or other T2D-relevant endophenotypes.  We collected p-

values of the top variant at each of the 41 brain loci for T2D, BMI, fasting glucose level, and 
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fasting insulin level from the respective published GWAS data for these traits. Among these 41 

T2D loci, only 6 were associated with BMI (ADCY5, CENTD2, NRXN3, APOE, JAZF1, 

KCNJ11) while 4 additional loci were associated with fasting glycemia (ADCY5, CENTD2, GCK, 

PROX1, KCNQ1, ZBED3) (Figure 8). 

 

3.2 Colocalization between BMI and T2D risk loci and various eQTLs in the brain  

We next sought to determine if BMI and T2D signals with causal variants in brain 

regulatory elements were further associated with gene expression level in the brain.  We applied 

Bayesian colocalization tests to determine colocalization between BMI and T2D fine-mapping 

data and gene expression data of 13 different brain tissues from the GTEx project38. The 

colocalization tests yielded 42 BMI and gene expression quantitative trait locus (eQTL) 

associations across 20 genes and 28 T2D and eQTL associations across 11 different genes, where 

the cutoff for posterior probability (PP) for shared association between the two traits was >50% 

(Table 2, 3).  

The gene with the strongest colocalization between BMI and expression was RNA binding 

motif protein 6 (RBM6) at rs62262093 for 11 brain regions, where the posterior probabilities of 

colocalization for BMI and RBM6 expression in the brain ranged from 64.4% to 98.9% (Table 2). 

Other associations between BMI and gene expression in the brain include adenylate cyclase 3 

(ADCY3) in the putamen  (PP = 83.5%) and frontal cortex (PP = 64.0%) colocalized at rs6749422, 

and regulator of MON1-CCZ1 (RMC1/C18orf8) in frontal cortex (PP = 94.7%), cerebellum 

(90.3%), amygdala (PP = 78.2%), and caudate (PP = 61.8%) colocalized at rs1367083. 

The gene with the strongest colocalization between T2D risk and expression was 

hydroxysteroid 17-beta dehydrogenase 12 (HSD17B12), which was associated with gene 
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expression across all 13 brain regions. The posterior probabilities for T2D and HSD17B12 

expression in these regions ranged from 64.8% to 97.7% (Table 3). Other associations between 

T2D risk and gene expression include gastric inhibitory polypeptide receptor (GIPR) in cortex (PP 

= 97.0%) and cerebellum (PP = 76.1%) colocalized at rs2238689, protein regulatory of cytokinesis 

1 (PRC1) in nucleus accumbens (PP = 83.0%) and in cortex (PP = 58.1%) colocalized at 

rs3803563, BCAR1 in caudate (PP = 66.2%), anterior cingulate cortex (BA24) (PP = 61.4%), and 

putamen (PP = 56.5%) colocalized at rs8056814 (Figure 9), and PLEKHA1 in hippocampus (PP 

= 54.2%) and cerebellar hemisphere (PP = 52.0%) colocalized at rs4311997 (Figure 10), as well 

as other variants near PLEKHA1 (Table 3). 

 

3.3 Deep learning of histone markers in the brain   

We next sought to determine the allelic effects of BMI and T2D variants on brain 

regulatory element activity.  To predict the effects of BMI and T2D risk variants on chromatin 

features, DeepSEA43 was used to train a convoluted neural network to learn ChIP-seq data for 

histone modifications in the brain. The model was trained on data for 50 chromatin features (6 

histone marks over 8 brain tissues). The area under the ROC curves on the testing set were between 

0.605 and 0.995 (Figure 11). Of the 15,468 BMI fine-mapped variants, DeepSEA predicted allelic 

effects for an average of 480 variants for H3K27ac, 316 variants for H3K4me1, 441 variants for 

H3K4me3, and 411 variants for H3K9ac per brain region (Figure 12). In addition, of the 68,254 

T2D fine-mapped variants, DeepSEA made predictions for an average of 3873 variants for 

H3K27ac, 3203 variants for H3K4me1, 3737 variants for H3K4me3, and 3520 variants for 

H3K9ac per brain region (Figure 13). rs8056814 near BCAR1 and rs4311997 near PLEKHA1 were 

predicted to have active transcriptional effect on the alternative allele (Figure 14). 
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3.4 Prioritizing of candidate T2D risk variants for functional study 

We prioritized specific T2D variants affecting brain regulation for further molecular 

validation.  In addition to the functional annotations for enhancers from the ChromHMM model 

and eQTL mapping from the colocalization tests, predictions from DeepSEA helped prioritize T2D 

risk variants that may be directly affecting gene regulation in the brain (Table 4). From this 

prioritized list of T2D candidate variants, we further predicted whether they disrupted transcription 

factor binding motifs.  

The variant rs8056814 near BCAR1 overlaps active enhancers in angular gyrus, anterior 

caudate, cingulate gyrus, hippocampus middle, inferior temporal lobe, substantia nigra, and 

pancreatic islets, is associated with both T2D risk and gene expression of BCAR1 in three brain 

regions, has DeepSEA prediction for alternative allele affecting transcriptional activation, and has 

disrupted motif predictions for multiple transcription factors including ARNT, CLOCK, FOXN1, 

HES5, DBD, HES7, HEY1, HEY2, MAX, SEF1, and ZBTB14.   

rs2421016 near PLEKHA1 overlaps active enhancers in all 7 brain regions and TSS in 

pancreatic islets and has disrupted motif predictions for EGR1, EGR2, EGR3, and EGR4. 

rs4311997 at the same locus is in an enhancer specific to only anterior caudate, and has a disrupted 

motif prediction for SP100. DeepSEA predicted the alternative allele as the effect allele for 

transcriptional activation for both variants. This locus is also associated with T2D risk and gene 

expression of PLEKHA1 in hippocampus and cerebellar hemisphere. 

rs113144510 near HNF1A also overlaps active enhancers in all 7 brain regions, is not at 

any pancreatic islet regulatory elements, and has disrupted motif prediction of NR5A1. HNF1A 

locus is associated with both T2D risk and gene expression of HNF1A in the cerebellum.  
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DISCUSSION 
 

In this study, we tested whether genetic variants influencing BMI and T2D risk affect 

chromatin and gene regulation in the brain.  Using a Bayesian model of T2D genetic data and brain 

and pancreatic islet epigenome data, we observed enrichment of active regulatory elements in 

many regions of the brain for BMI signals, as well as for T2D signals, independent of regulatory 

elements active in pancreatic islets. The combined models showed substantial enrichment of 

variants in enhancers that regulate expression in dorsolateral prefrontal cortex, anterior caudate, 

cingulate gyrus, and hippocampus, suggesting that these variants may play a role in BMI/T2D risk 

in these regions of the brain. Previous studies have found that BMI and T2D associated variants 

from the >100 known loci preferentially overlap regulatory elements in specific cell types such as 

pancreatic islets and adipocytes 24,59,60.  While it has been previously shown that BMI variants 

overlap brain regulatory elements, our results demonstrate that T2D variants are also enriched in 

brain regulatory elements and that many of these loci are also associated with fasting glycemia. 

Next, we determined whether BMI and T2D associated variants affected gene expression 

levels in the brain. The colocalization tests yielded 42 BMI and gene expression associations across 

20 different genes and 28 T2D risk and gene expression associations across 11 different genes. As 

expected given the established role of the brain in BMI, we observed more associations with BMI 

than T2D. The deep neural network model trained on histone modification sequence data in the 

brain predicted significant allelic effects for 3,567 T2D risk variants on average for each chromatin 

feature. These results suggest that our candidate variants for BMI/T2D risk are also associated 

with transcriptional activation and gene expression in the brain, and that altered brain activity of 

the genes affected by these variants might contribute to the mechanistic basis of T2D. 
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ADCY3 is a known locus associated with both obesity and T2D risk19,46. Our results show 

ADCY3 is also associated with gene expression in putamen and frontal cortex. rs6749422 has a 

PPA value for BMI of 0.84 and overlaps active enhancers at anterior caudate, cingulate gyrus, and 

dorsolateral prefrontal cortex. A recent study showed that loss-of-function mutations in ADCY3 

negatively affect cyclic AMP production, impairing G-protein-coupled receptor mechanisms in 

the leptin–melanocortin pathway in the hypothalamus, and thus promoting obesity61.   

One T2D locus of interest was BCAR1, where rs8056814 was colocalized for T2D risk and 

BCAR1 expression in anterior cingulate cortex, caudate, and putamen. This variant also has a high 

posterior probability of being causal for T2D risk and overlaps several brain regulatory regions. 

From the deep neural network model trained on sequence data for histone modification markers, 

rs8056814 had prediction for enhancer activity in the alternative allele.  BCAR1 is a substrate for 

Src family kinase involved in many cellular events including proliferation and apoptosis, and 

overexpression of BCAR1 contributes to anti-estrogen resistance on breast cancer cells62. A 

previous study has found that individuals carrying risk alleles near BCAR1 had decreased insulin 

release, and suggested that the T2D risk may be through impairment of islet beta cell function63. 

Our results suggest that this may be a new, previously unknown role of BCAR1 activity in the brain 

in the context of T2D.  

Another locus with multiple candidate T2D risk variants was PLEKHA1, where the variants 

were also associated with gene expression in hippocampus and cerebellar hemisphere. The 

cumulative PPA values for variants at active enhancer elements in the PLEKHA1 region were 

>50% in all 7 brain regions. The deep learning model predicted transcriptional activation allelic 

effects for 4 variants near PLEKHA1. The gene encodes for PLEKHA1 protein, which is localized 

to the plasma membrane, and is thus also an eQTL in whole blood46. Besides T2D, the PLEKHA1 
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gene is prominently associated with age-related macular degeneration, where the retina becomes 

damaged, leading to vision loss64.  The loss or impairment of movement is usually caused by the 

dysfunction of oligodendrocytes and loss of myelin sheaths in the central nervous system65. A 

study demonstrated that PLEKHA1 was expressed in differentiating oligodendrocyte progenitor 

cells, and knocking down PLEKHA1 improved oligodendrocyte differentiation and production of 

myelin, implying that PLEKHA1 is a down-regulator of oligodendrocytes66.  

To validate that our candidate BMI/T2D risk variants affect regulatory processes in the 

brain, molecular functional studies must be performed. Our in silico predictions can be tested with 

luciferase reporter assays to determine the allelic effects and electrophoretic mobility shift assays 

(EMSAs) to determine which proteins may be differentially binding to the effect allele. Since most 

of our candidate variants are predicted to have an effect across many brain regions, neural 

progenitor cells (NPCs) that express pan-neuronal genes67 can be used for the initial studies to 

show the activity of BMI/T2D variants in neuronal specific cells. However, most of our 

computational analyses used adult T2D-relevant tissues, so the proper model should involve 

differentiated neuronal cells and other cell types.  

As a next step, we plan to determine the specific cell-types that are affecting T2D risk in 

disease-relevant regions of the brain. For instance, recently single-nucleus ATAC-seq assays have 

identified 20 different cell types in the mouse forebrain68. Performing more single cell assays on 

human brain tissues of interest can provide insight on which cell populations to target for studying 

obesity and T2D. Moreover, other methods such as genome editing on cell and animal models are 

needed to further characterize the effects of variants for T2D risk. Studying the neural mechanisms 

involving the specific-cell types and transcription factors affecting BMI and T2D pathogenesis 
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and regulation, in additional to mechanisms involving adipocytes and pancreatic islets, will guide 

researchers towards identifying novel therapeutic and disease prevention strategies.   

The material in this thesis is currently being prepared for submission for publication of 

the material. Vien, WT; Chiou, J; Aylward, AJ; Okino, M; Gaulton, KJ. “Diabetes risk variants 

affect chromatin and gene regulation in the human brain”. I was the primary researcher and 

author of this material.  
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FIGURES 

 
Figure 1. Enrichment of enhancers and promoters in different brain regions for BMI 
signals. 
Trans-ancestry BMI fine-mapping data (99% credible set) and functional brain epigenome data 
were integrated with fGWAS. The BMI model is fit to each brain annotation individually (top) 
and the second model is built by combining multiple annotations (bottom). The plots show the 
maximum likelihood estimates and the 95% confidence intervals of the enrichment parameters 
for each annotation, in order of how much each annotation improved the likelihood of the 
model(s). In parentheses for annotations in the joint model is the number of annotations that 
improve the model from conditional analysis. (EnhA1, active enhancers 1; EnhA2, active 
enhancers 2; EnhG1, genic enhancers 1; EnhG2, genic enhancers 2; TssA, active transcription 
start site; TssFlnk, TssFlnkD, TssFlnkU, flanking transcription start site, downstream, upstream) 
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Figure 2. Enrichment of enhancers and promoters in different brain regions for T2D 
signals, relative to pancreatic islets. 
T2D fine-mapping data and functional brain and pancreatic islet epigenome data were integrated 
with fGWAS. The T2D model is fit to each brain and islet annotation individually (top) and the 
second model is built by combining multiple annotations (bottom). The plots show the maximum 
likelihood estimates and the 95% confidence intervals of the enrichment parameters for each 
annotation, in order of how much each annotation improved the likelihood of the model(s). In 
parentheses for annotations in the joint model is the number of annotations that improve the 
model from conditional analysis. (EnhA1, active enhancers 1; EnhA2, active enhancers 2; 
EnhG1, genic enhancers 1; EnhG2, genic enhancers 2; TssA, active transcription start site; 
TssFlnk, TssFlnkD, TssFlnkU, flanking transcription start site, downstream, upstream) 
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Figure 3. Posterior probabilities of association (PPA) for BMI were computed from the 
combined fGWAS brain model. 
39 loci have >10% cumulative PPA for BMI with at least one brain annotation. 
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Figure 4. Comparison of PPA for BMI of the top variant of each locus with and without 
enrichment information from fGWAS analysis. 
without enrichment (x-axis) and with brain enrichment (y-axis). The PPA value for BMI of the 
leading variants of 16 loci improved >1% when integrated with functional brain annotation data. 
The PPA of rs4790841 near nonsense mediated MRNA decay factor (SMG6) increased 43.2% 
and the PPA of rs4867732 near cytoplasmic polyadenylation element binding protein 4 (CPEB4) 
increased 21.4%.   
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Figure 5. Posterior probabilities of association (PPA) for T2D were computed from the 
combined fGWAS brain and pancreatic islet model. 
69 loci have >10% accumulated PPA for T2D with at least one brain annotation. 
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Figure 6. Posterior probabilities of association (PPA) for T2D were computed from the 
combined fGWAS brain model. 
41 loci have >10% accumulated PPA for T2D with at least one brain annotation. 
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Figure 7. Comparison of PPA for T2D of the top variant of each locus with and without 
enrichment information from fGWAS analysis. 
Top: without enrichment (x-axis) and with brain enrichment (y-axis); bottom: with brain (x-axis) 
and with addition of pancreatic islet (y-axis) enrichment. The PPA value for T2D of the leading 
variants for 32 loci increased >1% when integrated with functional brain annotation data, while 
20 leading variants increased >1% when integrated with both functional brain and pancreatic 
islet annotation data.   
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Figure 8. Association of T2D risk loci with variants in brain regulatory elements with 
fasting glucose, fasting insulin, and BMI. 
30 of the 41 loci with PPA >10% accumulated for T2D with at least one brain annotation. The 
top variant at each of the 30 loci has -log10(p-value) < 2 for fasting glucose, fasting insulin, and 
BMI.  Subsets of T2D loci are associated with BMI (e.g. NRXN3) while others are associated 
with glucose levels (e.g. GCK) and not BMI. 
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Figure 9. Colocalization between T2D and BCAR1 gene expression in the human brain at 
shared variant rs8056814. 
The plot shows the association signals (y-axis; BF, Bayes factor) for T2D risk (purple) and 
expression in anterior cingulate cortex (blue; BA2, Brodmann area 24), caudate (green), and 
putamen (red) of the brain for each variant at the BCAR1 locus (x-axis). The shared variant 
between T2D and gene expression in those three areas of the brain is rs8056814 (orange) at 
genomic position 75252327 on chromosome 16 near BCAR1.  

rs8056814 



 

 32 

 
Figure 10. Colocalization between T2D and PLEKHA1 gene expression in the human brain 
at shared variant rs4311997. 
The plot shows the association signals (y-axis; BF, Bayes factor) for T2D risk (purple) and 
expression in hippocampus (blue), and cerebellar hemisphere (green)of the brain for each variant 
at the PLEKHA1 locus (x-axis). The shared variant between T2D and gene expression in those 
three areas of the brain is rs4311997 (orange) at genomic position 124179299 on chromosome 10 
near PLEKHA1.   

rs4311997 
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Figure 11. DeepSEA performance on the test dataset left out of training was between 
60.5% and 99.5% accuracy for each chromatin feature. 
The convoluted neural network was trained on data from 50 ChIP-seq assays correlating to both 
active and repressive histone markers across 8 different brain tissues. 
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Figure 12. BMI variants with predicted effects (chromatin probability difference >|0.001| 
and E-value >0.10. 
Of 15,468 BMI variants, DeepSEA made predictions for an average of 480 variants for 
H3K27ac, 316 variants for H3K4me1, 441 variants for H3K4me3, and 411 variants for H3K9ac 
per brain region. 
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Figure 13. T2D variants with predicted effects (chromatin probability difference >|0.001| 
and E-value >0.10. 
Of 68,254 T2D variants, DeepSEA made predictions for an average of 3873 variants for 
H3K27ac, 3203 variants for H3K4me1, 3737 variants for H3K4me3, and 3520 variants for 
H3K9ac per brain region 
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Figure 14. DeepSEA predicts the allelic effects of T2D risk variants on histone 
modifications in the brain. 
The plot includes variants with posterior probability > 0.01 to be causal for T2D (x-axis; 
chromosome: locus: reference SNP identification number) and shows the predicted histone 
markers (y-axis) effects for each variant. The red color corresponds to higher probability for the 
variant carrying the alternative allele for that histone marker, and the blue color corresponds to 
higher probability for the variant carrying the reference allele. The starred values are considered 
significant values based on the empirical distribution of running the trained model on 100,000 
random variants. 
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Figure 15. Candidate T2D risk variants and their brain annotations. 
The variants shown here were prioritized with (a) enrichment analyses on functional annotations, 
(b) T2D risk and brain gene expression colocalization tests, and (c) predictions of brain histone 
markers allelic effects. Several variants, like rs8056814 and rs72802395 near BCAR1, have 
annotations for enhancers and transcription start sites across various areas of the brain, while 
other variants, like rs80019595 near HNF1A which only overlaps enhancers in the hippocampus, 
are specific to one brain annotation. The functional annotations are based off of chromatin 
immunoprecipitation of histone markers in human brain tissues and single-nucleus analysis of 
accessible chromatin in mouse forebrain. (EnhA1, active enhancers 1; EnhA2, active enhancers 
2; EnhG1, genic enhancers 1; EnhG2, genic enhancers 2; TssA, active transcription start site; 
TssFlnk, TssFlnkD, TssFlnkU, flanking transcription start site, downstream, upstream) 
 

  



 

 38 

TABLES 
 
Table 1. Cumulative PPA for T2D of BCAR1 and PLEKHA1 loci that are enriched for 
active enhancers in different brain regions. 
Locus Brain region (regulatory element) Cumulative PPA for T2D 
BCAR1 Angular gyrus (EnhA2) 0.5446654794 
 Anterior caudate (EnhA2) 0.5447744999 
 Caudate nucleus (EnhA1) 0.5599113158 
 Dorsolateral prefrontal cortex (TssFlnk) 0.5446470637 
 Hippocampus (EnhA2) 0.5446475444 
 Inferior temporal lobe (EnhA1) 0.5598202537 
 Pancreatic islet (EnhA2) 0.602738449 
 Substantia nigra (EnhA1) 0.5592605506 
PLEKHA1 Angular gyrus (EnhA2) 0.6456088851  

Anterior caudate (EnhA2) 0.6146043423  
Caudate nucleus (EnhA1) 0.5480257327  
Dorsolateral prefrontal cortex (EnhA2) 0.6680523736  
Hippocampus middle (EnhA1) 0.5363408342  
Inferior temporal lobe (EnhA2) 0.7331566202  
Substantia nigra (EnhA2) 0.5990532849 

 
  



 

 39 

Table 2. Association between BMI  and expression quantitative trait loci (eQTLs) across 13 
brain tissues and 20 different genes. 
Bayesian colocalization tests were performed on BMI genetic data and RNA-seq data for 13 
different brain tissues. There are 41 associations between BMI and gene expression in the brain 
that are colocalized a shared variant. The cutoff was 50% posterior probability for association of 
the two traits. 

Gene Brain tissue(s) Highest posterior 
probability 

RBM6 Frontal cortex, putamen, spinal cord (c-1), caudate, substantia 
nigra, hypothalamus, cerebellar hemisphere, hippocampus, 
nucleus accumbens (9) 

0.98868 

MTIF3 Nucleus accumbens, putamen (2) 0.98391 
KCNK3 Frontal cortex, cortex (2) 0.96769 
GGNBP2 Caudate, nucleus accumbens, hippocampus, cortex, frontal 

cortex, amygdala (6) 
0.96012 

C18orf8 Frontal cortex (1) 0.94674 
GAPVD1 Cerebellum, cerebellar hemisphere (2) 0.88401 
TRIM66 Caudate, putamen, amygdala, substantia nigra (4) 0.85332 
POC5 Substantia nigra (1) 0.85282 
ADCY3 Putamen, frontal cortex (2) 0.83509 
ZBTB10 Frontal cortex, cortex (2) 0.77357 
STK39 Putamen, nucleus accumbens (2)  0.72521 
ETV5 Substantia nigra (1) 0.71369 
MTCH2 Cerebellar hemisphere (1) 0.63668 
RIT1 Caudate (1) 0.63296 
SKAP1 Hypothalamus (1) 0.60337 
NUCKS1 Frontal cortex (1) 0.58962 
MAP2K5 Caudate (1) 0.56547 
LMOD1 Substantia nigra (1) 0.55274 
STK39 Nucleus accumbens (1) 0.548 
LSM14A Anterior cingulate cortex (1) 0.50078 
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Table 3. Association between T2D and expression quantitative trait loci (eQTLs) across 13 
brain tissues and 11 different genes. 
Bayesian colocalization tests were performed on T2D genetic data and RNA-seq data for 13 
different brain tissues. There are 28 associations between T2D and gene expression in the brain 
that are colocalized a shared variant. HSD17B12 gene expression in all 13 brain tissues have a 
shared variant with T2D risk. The cutoff was 50% posterior probability for association of the two 
traits. 

Gene Brain tissue(s) Highest posterior 
probability 

HSD17B12 Anterior cingulate cortex, hypothalamus, cortex, amygdala, 
cerebellum, caudate, substania nigra, spinal cord (c-1), 
putamen, frontal cortex, nucleus accumbens, cerebellar 
hemisphere, hippocampus (13) 

0.97708 

GIPR Cortex, cerebellum (2) 0.96965 
PRC1 Nucleus accumbens, cortex(2) 0.82978 
ZBED3 Spinal cord cervical (1) 0.70643 
HNF1A Cerebellum (1) 0.70005 
BCAR1 Caudate, anterior cingulate cortex, putamen (3) 0.66189 
CDKAL1 Frontal cortex (1) 0.63598 
ZZEF1 Cortex (1) 0.60827 
GLIS3 Frontal cortex (1) 0.56004 
PLEKHA1 Hippocampus, cerebellar hemisphere (2) 0.54185 
CENPW Putamen (1) 0.5049 
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Table 4. Top candidate T2D risk variants in brain regulatory elements. 
Table shows summary of top candidate variants sorted by posterior probability of association 
(PPA) for T2D risk. The variants shown here were prioritized with (a) enrichment analyses on 
functional annotations, (b) T2D risk and brain gene expression colocalization tests, and (c) 
predictions of brain histone markers allelic effects. The PPA for each T2D with no enrichment 
are from GoT2D and DIAGRAM consortia and the PPAs with enrichment were computed from 
the Bayesian statistical enrichment analysis (fGWAS) of combining brain and pancreatic islet 
annotations for different chromatin states. (chr, chromosome; rsid, reference SNP identification 
number, ln(BF), natural log Bayes Factor). 

CHR POSITION RSID LOCUS LN(BF) PPA (NO 
ENRICHMENT) 

PPA 
(BRAIN 
AND 
ISLETS) 

PPA 
(BRAIN) 

DISRUPTED MOTIF 
PREDICTIONS 

10 124167512 rs2421016 PLEKHA1 21.597 0.036 0.534 0.180 EGR1, EGR2, 
EGR3, EGR4 

16 75252327 rs8056814 BCAR1 14.306 0.150 0.545 0.154 ARNT, CLOCK, 
FOXN1, HES5, 
DBD, HES7, 
HEY1, HEY2, 
MAX, SEF1, 
ZBTB14 

10 124179299 rs4311997 PLEKHA1 22.182 0.064 0.036 0.075 SP100 
12 121261196 rs113144510 HNF1A -0.203 6.39E-07 0.020 0.052 NR5A1 
12 121273991 rs76426208 HNF1A -0.081 7.21E-07 0.018 0.048 

 

10 124165615 rs6585827 PLEKHA1 22.182 0.064 0.021 0.039 
 

12 121197628 rs111940133 HNF1A -0.142 6.79E-07 0.007 0.033 
 

10 124149917 rs10788284 PLEKHA1 21.597 0.036 0.022 0.022 
 

10 124192430 rs10510110 PLEKHA1 21.597 0.036 0.022 0.022 
 

15 91502849 rs8038661 PRC1 14.209 0.004 0.013 0.016 
 

17 4045440 rs1377807 ZZEF1 8.396 0.014 0.081 0.014 AP3 
17 3992712 rs12940782 ZZEF1 6.711 0.003 0.012 0.010 FOXA, HMX3 
19 46148903 rs35816837 GIPR 4.427 0.009 0.046 0.008 DNAJC21, EGR1, 

GLI2, GLIS1, 
GLIS2, GLIS3, 
KLF11, KLF5, 
MZF1, OVOL2, 
PRDM4, SP1, SP2, 
SP4, SPZ1, VDR, 
ZBTB7A, ZIC3, 
ZNF219, ZNF281, 
ZNF740, Zfp740 

16 75286484 rs72802395 BCAR1 10.710 0.004 0.014 0.008 
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SUPPLEMENTAL FIGURES 

 

 
Supplemental Figure 1. Jaccard similarity analyses show that most enhancers and 
promoters across brain tissues are different (Jaccard index < 0.50) except active TSS 
(a) Active enhancer 1 (b) Active enhancer 2 (c) Genic enhancer 1 (d) Genic enhancer 2 (e) 
Active transcription start site (TSS) (f) Flanking TSS (g) Flanking TSS upstream (h) Flanking 
TSS downstream  
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Supplemental Figure 2. Enrichment of promoters in various areas of the brain for BMI 
signals genome-wide. 
Genome-wide BMI data and functional brain and pancreatic islet epigenome data were integrated 
with fGWAS. The T2D risk variants model is fit to each brain annotation individually. (EnhA1, 
active enhancers 1; EnhA2, active enhancers 2; EnhG1, genic enhancers 1; EnhG2, genic 
enhancers 2; TssA, active transcription start site; TssFlnk, TssFlnkD, TssFlnkU, flanking 
transcription start site, downstream, upstream) 
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Supplemental Figure 3. Enrichment of enhancers and promoters in various areas of the 
brain for T2D signals genome-wide, relative to pancreatic islets. 
Genome-wide T2D data and functional brain and pancreatic islet epigenome data were integrated 
with fGWAS. The T2D risk variants model is fit to each brain and islet annotation individually. 
(EnhA1, active enhancers 1; EnhA2, active enhancers 2; EnhG1, genic enhancers 1; EnhG2, 
genic enhancers 2; TssA, active transcription start site; TssFlnk, TssFlnkD, TssFlnkU, flanking 
transcription start site, downstream, upstream) 
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Supplemental Figure 4. Stratified LD-score regression identifies functional annotations 
enriched for T2D signals genome-wide. 
Z-scores (y-axis) for the LD-score regression coefficients for each annotation for each brain 
region (x-axis) were computed. (EnhA1, active enhancers 1; EnhA2, active enhancers 2; EnhG1, 
genic enhancers 1; EnhG2, genic enhancers 2; TssA, active transcription start site; TssFlnk, 
TssFlnkD, TssFlnkU, flanking transcription start site, downstream, upstream, respectively) 
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