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Although genome-wide association studies (GWAS) have demonstrated the importance 

of the pancreas in diabetes risk, mechanistic insight remains challenging in part due to the non-

coding nature of risk variants and the lack of cell type-resolved regulatory annotations. Beta cells 

within pancreatic islets are central to both forms of diabetes and are destroyed by autoimmune 

mechanisms in T1D or dysfunctional due to insulin resistance in T2D. However, the relevance of 

beta cell states or other pancreatic cell types to diabetes is relatively unknown. Here I present two 
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studies, both of which use single cell chromatin accessibility to annotate cell type-specific genetic 

risk mechanisms of diabetes. In the first study, I use snATAC-seq of pancreatic islets to show that 

endocrine cell types are heterogenous at the gene regulation level, and beta cell states are 

differently enriched for T2D risk. I highlight a causal T2D variant (rs231361) at the KCNQ1 locus 

that was predicted to have state-specific effects on regulatory function, was located in a beta cell 

enhancer co-accessible with INS, and affected expression levels of INS in embryonic stem cell-

derived beta cells. In the second study, I generate the largest-to-date GWAS of T1D in 520k 

samples to enable comprehensive fine mapping of T1D risk signals. I show that pancreatic 

exocrine cells are causal contributors of T1D through integration of fine mapping with a snATAC-

seq reference map of pancreatic and immune cell types. I highlight a likely-causal T1D risk variant 

(rs7795896) at the CFTR locus that mapped within a ductal-specific enhancer co-accessible with 

the CFTR promoter, had allele-specific effects on enhancer activity and transcription factor 

binding in ductal cell models, and was associated with decreased CFTR expression in ductal 

cells. These two studies highlight the power of integrating comprehensive GWAS fine mapping 

with single cell epigenomics to understand how pancreatic cell types contribute to diabetes risk.
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Chapter 1: Introduction 

 

1.1 Diabetes is a complex disease 

Diabetes is a disease that affects over 400 million individuals worldwide. There are two major 

forms of diabetes: type 1 diabetes (T1D), characterized by autoimmune destruction of the insulin-

producing beta cells in pancreatic islets1, and type 2 diabetes (T2D), characterized by insulin 

resistance in peripheral tissues and gradual beta cell dysfunction2. Both forms of diabetes are 

complex diseases caused by a combination of environmental and genetic risk factors. 

 

1.2 Genetics of diabetes 

Genome-wide association studies (GWAS) of T2D have identified >400 independent risk 

signals mapping to 243 genomic loci3, most of which have small effects on T2D risk. GWAS of 

T1D have identified >60 risk signals including the major histocompatibility complex (MHC) locus4, 

the largest component of T1D risk. Genetic variants at these risk signals predominately map to 

non-coding regions and are often in high linkage disequilibrium (LD) with each other, making it 

challenging to pinpoint the causal variant. Bayesian fine mapping approaches5 can assign causal 

probabilities to risk variants; however, they require well-powered GWAS with comprehensive 

variant coverage. Current genetic studies for T1D6–8 are inadequate for fine mapping because 

they are not genome-wide or do not have sufficient variant coverage. 

 

1.3 Diabetes-relevant cell types 

Previous fine mapping studies have demonstrated that T2D risk variants are enriched within 

active enhancers of pancreatic islets9–12. Like many other autoimmune diseases, T1D risk variants 

are enriched within active enhancers for lymphoid cells7. In addition, a handful of T1D risk signals 
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have been suggested to affect beta cells within pancreatic islets through mechanisms such as 

fragility13. To date, studies integrating genetic fine mapping with epigenomic annotations have 

largely relied on bulk tissue annotations. With the advent of new technologies such as single 

nucleus ATAC-seq (snATAC-seq)14,15, component cell types within a tissue can now be assayed 

for active regulatory elements. These assays, when combined with genetic fine mapping, have 

the potential to reveal disease-relevant cell types and cell type-specific mechanisms of risk 

variants. However, they have not been widely applied to study disease-relevant human tissues 

such as the pancreas. In this dissertation, I apply snATAC-seq assays to the pancreas to 

systemically study cell type-specific mechanisms of diabetes. 
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Chapter 2: Single cell chromatin accessibility identifies 

pancreatic islet cell type- and state-specific regulatory 

programs of diabetes risk 

 

2.1 Abstract 

Single nucleus ATAC-seq (snATAC-seq) creates new opportunities to dissect cell type-

specific mechanisms of complex diseases. As pancreatic islets are central to type 2 diabetes 

(T2D), we profiled 15,298 islet cells using combinatorial barcoding snATAC-seq and identified 12 

clusters, including multiple alpha, beta and delta cell states. We cataloged 228,873 accessible 

chromatin sites and identified transcription factors underlying lineage- and state-specific 

regulation. We observed state-specific enrichment of fasting glucose and T2D GWAS for beta 

cells as well as enrichment for other endocrine cell types. At T2D signals localized to islet 

accessible chromatin, we prioritized variants with predicted regulatory function and co-

accessibility with target genes. A causal T2D variant rs231361 at the KCNQ1 locus had predicted 

effects on a beta cell enhancer co-accessible with INS, and genome editing in embryonic stem 

cell-derived beta cells affected INS levels. Together our findings demonstrate the power of single 

cell epigenomics for interpreting complex disease genetics.   
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2.2 Introduction 

Gene regulatory programs are largely orchestrated by cis-regulatory elements that direct 

the expression of genes in response to specific developmental and environmental cues. Genetic 

variants associated with complex disease are highly enriched within putative cis-regulatory 

elements1. The activity of regulatory elements is often restricted to specific cell types and/or cell 

states, limiting the ability of ATAC-seq and other “ensemble” (or “bulk”) epigenomic technologies 

to map regulatory elements in individual cell types within disease-relevant tissues. To overcome 

this limitation, new approaches to obtain ATAC-seq profiles from single nuclei allow for the 

disaggregation of open chromatin from heterogenous samples into component cell types and 

subtypes2–4. These developments create opportunities to dissect the molecular mechanisms that 

underlie genetic risk of disease. However, to date snATAC-seq data from disease-relevant human 

tissues are limited5–8. 

Type 2 diabetes (T2D) is a multifactorial disease with a highly polygenic inheritance9. 

Pancreatic islets are central to genetic risk of T2D, as evidenced by shared association between 

T2D risk and quantitative measures of islet function10–13 and enrichment of T2D risk variants in 

islet regulatory sites14–18. Islets are comprised of multiple endocrine cell types with distinct 

functions19–21 and are heterogeneous22–24 in gene expression and other molecular signatures 

which likely reflect different functional cell states22,25,26. Heterogeneity in the epigenome of islet 

cell types has not been described, however, which is necessary to understand islet regulation and 

interpret the molecular mechanisms of non-coding T2D risk variants. In this study, we map 

accessible chromatin profiles of individual islet cells using snATAC-seq, define the regulatory 

programs of islet cell types and cell states, describe their relationship to T2D risk and fasting 

glycemia, and predict the molecular mechanisms of T2D risk variants.  
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2.3 Results 

2.3.1 Islet snATAC-seq reveals 12 distinct cell clusters 

We performed snATAC-seq on human pancreatic islets from three donors using a 

combinatorial barcoding snATAC-seq approach optimized for use on tissues2,4 (Table 2.1). To 

confirm library quality, we first analyzed the data as ensemble ATAC-seq by aggregating all high-

quality mapped reads irrespective of barcode. Ensemble snATAC-seq from all three samples 

showed the expected insert size distribution (Figure S2.1a), strong enrichment of signal at 

transcription start sites (TSS) (Figure S2.1b), and high concordance of signal with published islet 

ATAC-seq data14,27–29 (Figure S2.1c).  

To obtain high-quality single cell profiles, we first filtered out barcodes with less than 500 

reads (Figure S2.1d), resulting in a total of 18,544 cells across the three samples. We then 

clustered accessible chromatin profiles from these cells, making key modifications to previous 

approaches4 (see Figure S2.2). After filtering out cells with aberrant quality metrics, we retained 

15,298 cells which mapped to 12 clusters (Figure 2.1a). To determine the cell type represented 

by each cluster, we examined chromatin accessibility at the promoter region of the cognate 

hormone genes for endocrine cells and known marker genes for non-endocrine cell types. We 

identified clusters representing beta (INS-IGF2/insulin), alpha (GCG/glucagon), delta 

(SST/somatostatin), gamma (PPY/pancreatic polypeptide), ductal (CFTR), acinar (REG1A), 

immune (NCF2)30, stellate (PDGFRB)30, and endothelial (CD93)31 cells (Figure 2.1b-c). We 

defined a broader set of marker genes for each cluster by identifying promoters with accessibility 

most specific to each cluster. We observed highly specific correlations between marker genes 

defining cell types in snATAC-seq and islet scRNA-seq23 (Figure 2.1d, Figure S2.3a-e).  

To characterize regulatory programs in each cell type, we aggregated reads for cells within 

each cluster and identified accessible chromatin sites for the cluster using MACS232. In total, we 

identified 228,873 accessible chromatin sites merged across the 12 clusters. We next used 



9 
 

chromVAR33 to identify TF motifs from JASPAR34 enriched within accessible chromatin of each 

cell. Analysis of motif enrichments averaged across cells for each cell type revealed cell type-

specific patterns of motif enrichment (Figure 2.1e, Table 2.2). For example, we observed 

enrichment of PDX1 in beta and delta cells35, MAF in alpha and beta cells36–38, IRF in immune 

cells39 and ETS in endothelial cells40 (Figure 2.1e). Hierarchical clustering of cell types based on 

motif enrichment revealed that regulatory programs of beta and delta cells were closely related 

as were alpha and gamma cells (Figure 2.1f), consistent with single cell expression data30,41,42.  

Motifs highly enriched in delta cell chromatin relative to beta cells included SCRT (SCRT1 -

log10(FDR)=86.49) and ELF TFs (ELF5 -log10(FDR)=79.41), and motifs enriched in gamma cell 

chromatin relative to alpha cells included HOX (Hoxa9 -log10(FDR)=20.92) and IRF TFs (IRF1 -

log10(FDR)=20.22) (Figure 2.1h,g, Figure S2.4). 

2.3.2 Heterogeneity in islet endocrine cell regulatory programs 

A major strength of single cell approaches is the ability to reveal heterogeneity within a 

cell type. Indeed, our initial clustering showed that alpha, beta and delta cells segregated into 

sub-clusters. We identified gene promoters with variable accessibility between sub-clusters (see 

Methods). Notably, INS had amongst the most variable promoter accessibility between beta cell 

sub-clusters (INS-IGF2 beta OR=4.74, two-sided Fisher’s exact p=1.78×10-40), and therefore for 

clarity we renamed the clusters INShigh and INSlow beta cells, respectively (Figure 2.1b,c; Figure 

2.2a). Similarly, GCG promoter accessibility was variable between alpha cell sub-clusters (GCG 

alpha OR=3.67, p=3.45×10-22), which we renamed GCGhigh and GCGlow alpha cells, and SST 

promoter accessibility was variable between delta cell sub-clusters (SST delta OR=1.86 p=0.02), 

which we renamed SSThigh and SSTlow delta cells (Figure 2.1b-c; Figure 2.2a).  

We found significant overlap in the genes that distinguish hormone-high from hormone-

low alpha, beta and delta cells by gene set enrichment analysis (GSEA) (Figure 2.2b). Genes 

with increased promoter accessibility in hormone-high states were enriched for hormone secretion 
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and glucose response; in contrast, genes with increased promoter accessibility for hormone-low 

states were enriched for stress-induced signaling response (Figure 2.2a,c). We also observed 

enriched TF motifs that distinguished different states (Figure 2.2d, Table 2.3). For example, RFX 

family motifs were enriched in hormone-high but not in hormone-low states (Rfx1 mean 

enrichment INShigh=0.36, INSlow=-0.95, p=0; GCGhigh=0.52, GCGlow=-1.16, p=7.3×10-260; 

SSThigh=0.76, SSTlow=-1.24, p=3.9×10-58) (Figure 2.2d). In contrast, FOS/JUN family motifs were 

prominently enriched in hormone-low but not hormone-high states (FOS::JUN mean enrichment 

INShigh=-1.78, INSlow=3.90, p=0; GCGhigh=-2.86, GCGlow=5.50, p=0; SSThigh=-0.21, SSTlow=7.62, 

p=1.1×10-121) (Figure 2d). These data reveal epigenomic differences between endocrine cell 

states among genes involved in hormone production and stress-induced signaling responses and 

point to an underlying commonality in regulatory networks that govern state-specific functions of 

endocrine cell types. 

We next sought to determine whether the observed heterogeneity in the epigenome of 

endocrine cells correlated with heterogeneity in islet gene expression and function. We first 

compared our states to beta cell sub-clusters from a previous scRNA-seq study23. Genes with 

increased promoter accessibility in hormone-low cells were enriched in a beta cell sub-cluster (β-

sub.4) associated with ER stress and protein folding and low INS expression, whereas genes with 

increased promoter accessibility in hormone-high cells were enriched in the other beta cell sub-

clusters (β-sub.1-3) (Figure 2.2b). We further found enrichment of genes with differential 

promoter accessibility among gene sets preferentially expressed in beta cell sub-clusters from a 

recent scRNA-seq meta-analysis43 (Figure 2.2b). Finally, we found significant overlap in genes 

with differential promoter accessibility between states and genes that correlate with 

electrophysiological measures of beta cell function from a recent Patch-seq study44 (Figure 2.2b). 

These results thus provide a link between epigenomic heterogeneity in endocrine cells and 

heterogeneity in gene expression and electrophysiological function. 
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To explore potential gradations among endocrine cells as a continuum rather than as 

binary states23,45, we used Cicero8 to order cells from each cell type along trajectories based on 

chromatin accessibility. We observed cells on a gradient between hormone-high and hormone-

low states (Figure 2.2e, Figure S2.5a-c). These trajectories allowed us to examine gene 

promoter accessibility and TF motif enrichment as a function of pseudo-state (Figure 2.2e, Figure 

S2.5d). Consistent with binary sub-clusters, lineage-specifying genes and TF family motif 

enrichments such as RFX and NFAT decreased along the trajectory from hormone-high to -low 

cells, whereas motif enrichment in TF families such as FOS/JUN increased (Figure 2.2e). 

Structurally-related TFs often have similar motifs, and thus to assign motifs to specific TFs we 

correlated promoter-accessibility of TFs within the structural subfamily with motif enrichments 

across the state trajectory. Motif enrichment for the FOS/JUN family correlated with the promoter 

accessibility of FOSL1, FOSL2 and JUN (Figure 2.2f), supporting a role for these specific TFs in 

hormone-low cell regulation.  

2.3.3 Islet cell type enrichment for diabetes and glycemia GWAS 

Genetic variants influencing diabetes and fasting glucose level are enriched in pancreatic 

islet regulatory elements14,17,18,46. Using our islet cell type- and state-resolved accessible 

chromatin profiles, we determined the enrichment of variants associated with diabetes9,47 and 

related quantitative phenotypes11,12,48–51 as well as other complex traits52–59. We first determined 

the enrichment of variants in accessible chromatin sites for each cell type and state using stratified 

LD score regression60–62. We observed significant enrichment (FDR<0.1) of fasting glucose (FG) 

level association in INShigh beta cells and T2D association for both INShigh and INSlow beta cell 

states (FG INShigh Z=3.58 FDR=0.013; T2D INShigh Z=4.41 FDR=0.001, INSlow Z=4.19 

FDR=0.002) (Figure 2.3a). We also observed more nominal evidence for enrichment of T2D 

association for GCGlow alpha cells and both delta cell states, as well as multiple glycemic traits for 

endocrine cells (Figure 2.3a).   
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In these analyses, we observed differences in enrichments between INShigh and INSlow 

beta cells for fasting glucose (Figure 2.3a). To further resolve the heterogeneity of genetic 

association enrichment, we tested enrichment of T2D and fasting glucose as well as several 

negative control traits within single cell profiles (Figure 2.3b, Figure S2.6a). We observed marked 

heterogeneity among beta cells for fasting glucose-associated variants, where INShigh cells had 

significantly stronger enrichment (INShigh median Z=2.58, INSlow median Z=0.68, p=1.19×10-225) 

(Figure 2.3b). We further calculated the average enrichment for cells binned across ‘pseudostate’ 

(see Figure 2.2e), which revealed decreasing enrichment from INShigh to INSlow beta cells (Figure 

2.3b). In contrast, for T2D we observed consistent enrichment across INShigh and INSlow beta cells 

(INShigh median Z=0.93, INSlow median Z=0.91, p=0.44) (Figure 2.3b). As many variants affecting 

fasting glucose also affect T2D12,13,63, we grouped T2D loci associated with fasting glucose 

(‘T2D/FG’ loci) and tested these loci for enrichment of INShigh and INSlow beta cell sites using 

fgwas64. We observed strong enrichment of T2D/FG loci for INShigh beta cells only (INShigh beta 

ln(enrichment)=4.54, INSlow beta ln(enrichment)=-25.7), suggesting that T2D loci affecting 

glucose levels have state-specific effects (Figure 2.3c). For example, at the ADCY5 locus 

associated with both fasting glucose and T2D, variant rs11708067:A>G (PPA=0.79) overlapped 

a site specific to INShigh beta cells (Figure 2.3d).  

Outside of beta cells we also observed evidence for enrichment of T2D association for 

variants in chromatin sites for other endocrine cell states including GCGlow alpha cells and SSThigh 

and SSTlow delta cells (Figure 2.3a). In order to understand the potential role of these cell states 

in T2D risk, we performed additional enrichment analysis at known T2D risk loci using fgwas64. 

We tested alpha, delta and gamma sites not overlapping beta cell sites for enrichment at fine-

mapped T2D loci from DIAMANTE. Here we again observed enrichment of T2D association for 

GCGlow alpha cells (ln(enrichment)=1.75) as well as SSThigh and SSTlow delta cells 

(ln(enrichment)=0.86, 1.30) (Figure 2.3e). In further support of the likely role of these cell types 
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in T2D, several fine-mapped risk variants overlapped sites specific to these cell types; for 

example, rs1111875:C>T (PPA=0.16) mapped in a delta cell-specific site at the HHEX locus 

(Figure 2.3f). 

Given our ability to map both complex trait and TF motif enrichments to single cells, we 

reasoned that joint analysis could provide insight into TFs regulating trait-relevant chromatin. We 

correlated single cell fasting glucose and T2D enrichment z-scores with TF motif enrichments 

from chromVAR33. Across all 15.3k cells, we observed positive correlation between fasting 

glucose and T2D enrichment and motifs for beta cell TFs such as PDX (Figure 2.3g, Figure 

S2.6b). Across the 7.6k beta cells only, we observed strongest positive correlation between 

fasting glucose and motifs in TF families enriched for INShigh beta cells such as bHLH (NEUROD1 

ρ=0.21, p=9.43×10-78) and RFX (Rfx1 ρ=0.21, p=8.83×10-74) (Figure 2.3g). For T2D, strongest 

positive correlations included motifs for TF families such as RFX (Rfx1 ρ=0.052, p=3.72×10-9), 

NFAT (NFATC2 ρ=0.047, p=4.69×10-5), and MEF2 (MEF2A ρ=0.062, p=6.99×10-8) (Figure 

S2.6b). We further determined whether TF motifs preferentially harbored associated variants 

directly. For fasting glucose, we identified strongest enrichment for INShigh state-specific TF motifs, 

most notably RFX (RFX2 p=1.3×10-10) and NEUROD (p=0.049). For T2D, we observed 

enrichment for TF motifs positively correlated with T2D association including RFX (Rfx1 p=4.0×10-

15), NFAT (NFATC2 p=2.2×10-4), and MEF2 (MEF2D p=1.9×10-3) (Figure S2.6c). These motifs 

remained significantly enriched for T2D when considering only variants predicted to disrupt the 

motif (Rfx1 p=1.1×10-9, NFATC2 p=2.2×10-4, MEF2D p=7.7×10-5).   

Together these results provide state-resolved insight into the role of beta cells and their 

TFs in both T2D risk and fasting glucose level and implicate other endocrine cell types in T2D 

risk. 
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2.3.4 Predictions of variant effects on islet cell type chromatin 

Predicting the effects of non-coding genetic variants on regulatory activity remains a major 

challenge, in large part because the sequence vocabularies that encode regulatory function differ 

between cell types and states. We therefore used deltaSVM65 to predict the effects of genetic 

variants from the Haplotype Reference Consortium panel66 on chromatin accessibility in each 

endocrine cell type and cell state. We identified 432,072 variants genome-wide with predicted 

allelic effects (FDR<0.1), encompassing between 115k-161k variants (7.8%-10.9% of tested 

variants) per cell type or state (Figure 2.4a).  

To validate that our predictions captured true allelic effects on islet chromatin accessibility, 

we first compared alpha and beta cell predictions to direct measurements of allelic effects on 

chromatin accessibility. We found significant correlations between predicted allelic effects and 

allelic imbalance estimates for all alpha and beta cell states (GCGhigh Spearman ρ=0.255, 

p=1.20×10-34, GCGlow ρ=0.214, p=2.35×10-7, INShigh ρ=0.275, p=1.03×10-34, INSlow ρ=0.334, 

p=4.73×10-38) (Figure 2.4b). We further validated five likely causal T2D variants predicted to 

affect beta cell chromatin which had directionally consistent effects on enhancer activity using 

gene reporter assays in the MIN6 beta cell line (Figure 2.4c). We also compared predictions to 

islet chromatin accessibility quantitative trait loci (caQTLs)28, and observed significant enrichment 

of caQTLs among variants with predicted effects in alpha or beta cells (observed=38.4%, 

expected=19.7%, two-sided Fisher’s exact p=2.78×10-97) (Figure 2.4d). When sub-dividing 

predictions based on shared, cell type-specific or state-specific effects we observed significant 

enrichment of caQTLs only among shared effect variants (Figure 2.4d).  

We further characterized genetic variants predicted to have cell type- and state-dependent 

effects on islet chromatin. Variants with state-specific effects tended to disrupt motifs for TF 

families such as NEUROD and RFX for hormone-high states (-log10(p)=59.0, 24.5) (Figure 2.4e). 

Similarly, variants with alpha or beta cell-specific effects tended to disrupt motifs for lineage-
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defining TF families including GATA for alpha cells (-log10(p)=21.6), and NKX6 and PDX1 for beta 

cells (-log10(p)=11.2, 10.3) (Figure 2.4e). To assign motifs to specific TFs, we examined promoter-

accessibility of TFs within the structural TF subfamily67. Among GATA subfamily members only 

GATA6 had high promoter accessibility in alpha cells (GCGhigh=1.00, GCGlow=0.96, INShigh=0.22, 

INSlow=0.14), suggesting that GATA6 binding is likely disrupted in alpha cells. Similarly, among 

RFX family members RFX6 had promoter accessibility in hormone-high state cells (GCGhigh=0.92, 

GCGlow=0.70, INShigh=0.93, INSlow=0.80) (Figure 2.4e).  

We evaluated whether our predictions could prioritize lower frequency (defined as minor 

allele frequency MAF<0.05) functional variants involved in T2D risk. We observed enrichment of 

genome-wide significant T2D associations among lower frequency variants with predicted effects 

in any endocrine cell type compared to background (Figure 2.4f). When considering each cell 

type, we observed enrichment of T2D association among variants with predicted effects in beta 

and delta cells, even at sub-genome-wide significant p-values (Figure 2.4f). For example, at the 

IGF2BP3 locus, rs78840640:C>G (MAF=0.02) had allelic effects on beta cell chromatin (INShigh 

beta FDR=1.15×10-4; INSlow beta FDR=6.93×10-3), and fine-mapping supported a causal role in 

T2D (PPA=0.33) (Figure 2.4g). This variant affected enhancer activity in gene reporter assays 

where the alternate (and T2D risk) allele G had reduced activity (Figure 2.4c). These results 

reveal that cell type-specific chromatin can provide accurate functional predictions of lower 

frequency variants. 

2.3.5 Co-accessibility links regulatory variants to target genes 

Defining the genes affected by regulatory element activity remains a major challenge, as 

enhancers can regulate gene activity over large, non-adjacent distances68. A number of 

approaches have been developed to link regulatory elements to target genes69,70, but are not 

typically cell type-resolved27,71. Recently, a new approach was developed to link regulatory 

elements at cell type resolution based on co-accessibility across single cells8. We thus leveraged 
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single cell accessible chromatin profiles to define co-accessibility between accessible chromatin 

sites in alpha, beta and delta cells.  

To calibrate the extent to which co-accessibility reflected physical interactions between 

regulatory elements, we performed a distance-matched comparison between co-accessible sites 

stratified by co-accessibility threshold and chromatin loops identified from Hi-C and promoter 

capture Hi-C (pcHi-C) in primary islets27,71. We observed strong enrichment for sites with co-

accessibility scores >0.05 for islet chromatin loops compared to non-co-accessible sites (Figure 

2.5a, Figure S2.7a-e). We therefore used this threshold (0.05) to define co-accessible sites. 

Among co-accessible sites were 47,871 (alpha), 46,036 (beta) and 42,234 (delta) distal sites co-

accessible with a gene promoter (Figure S2.7f-g), and the majority (71.9%) were cell type-

specific (Figure S2.8a-c). For example, the PDX1 promoter was co-accessible with 31 sites in 

beta and 39 sites in delta cells, including sites that directly coincided with islet pcHi-C, only 7 of 

which were in alpha cells (Figure 2.5b).  

Distal sites with co-accessibility links to gene promoters harbored risk variants for T2D at 

many loci. At the KCNQ1 locus, an islet chromatin site located in intron 3 of KCNQ1 had beta cell-

specific co-accessibility with the INS promoter over 500 kb distal and harbored a causal T2D 

variant rs231361:G>A (PPA=1) (Figure 2.5c). The site containing rs231361 was more accessible 

in INShigh compared to INSlow beta cells, and rs231361 was predicted to have state-specific effects 

on beta cell chromatin accessibility (INShigh beta FDR=0.060; INSlow beta FDR=0.40). 

Furthermore, rs231361 disrupted an RFX motif, which itself was enriched in INShigh beta cells 

(Figure 2.5c). Published 4C data from the EndoC-βH1 human beta cell line72 revealed physical 

proximity between this site and the INS promoter (Figure S2.9), but there was not similar evidence 

in Hi-C or other 3C-based data from EndoC-βH1 and primary islets27,71,73. 

Although we observed physical proximity between rs231361 and the INS promoter in beta 

cells, the absence of a canonical chromatin loop necessitated further validation. We therefore 
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deleted a 2.6 kb region flanking the site in hESCs by CRISPR/Cas9-mediated genome editing in 

three bi-allelic clones (KCNQ1∆Enh) (Figure 2.5c, Figure S2.10a,b), and differentiated KCNQ1∆Enh 

clones and unedited control clones into beta cells using a modified version of an established 

protocol74. Analysis of cultures at the beta cell stage revealed similar numbers of INS+/NKX6-1+ 

cells in KCNQ1∆Enh and control clones (47.1±13.4% vs 56.5±7.6%) (Figure S2.10c), suggesting 

that the enhancer deletion had no effect on beta cell differentiation. We determined effects of the 

enhancer deletion on expression of all genes within 2 Mb of the enhancer and observed a 

significant decrease in the expression of INS (p=3.02×10-4; FDR=0.066) and CDKN1C 

(p=1.96×10-4; FDR=0.059) in KCNQ1∆Enh compared to control cells, and not for other genes (all 

P>.05) (Figure 2.5d). Analysis of INS protein levels by immunofluorescence staining, flow 

cytometry, and ELISA further revealed reduced INS protein abundance in KCNQ1∆Enh beta cells 

(Figure 2.5e-g).  

To next determine whether rs231261 itself had distal effects on INS regulation in beta 

cells, we used targeted base editing to generate hESC lines that were homozygous for either the 

major allele G (KCNQ1G/G, two clones) or the minor (and T2D risk) allele A (KCNQ1A/A, three 

clones) (Figure S2.10d-f). We then differentiated the KCNQ1A/A and KCNQ1G/G clones into beta 

cells using the same protocol as for KCNQ1∆Enh with additional modifications. We determined 

effects of the variant alleles on expression of the two genes INS and CDKN1C with significant 

changes in the enhancer deletion (in Figure 2.5d) using qPCR. We observed a significant 

difference in INS expression between alleles (p=0.022), as well as evidence for a difference in 

CDKN1C expression although this was not significant (p>0.05) (Figure 2.5h). Analysis of insulin 

protein levels by flow cytometry and ELISA revealed significant differences in insulin abundance 

between variant alleles (Figure 2.5i,j).  
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2.4 Discussion 

Over 400 known risk signals for T2D have been identified, yet only a handful have been 

characterized molecularly16,17,27,75–81. Our findings provide a roadmap demonstrating how single 

cell accessible chromatin derived from disease-relevant primary tissue can be utilized to define 

cell types, cell states, cis regulatory elements and genes involved in the genetic basis of T2D and 

other complex disease.  

The KCNQ1 locus has a complex contribution to T2D involving at least 10 independent 

signals9. Among these was causal T2D variant rs231361, where genome editing in hESC beta 

cell models revealed effects on insulin transcript and protein levels. Chromatin conformation from 

4C in EndoC-H1 cells72 revealed physical proximity between the enhancer and INS promoter, 

although we did not find corresponding evidence for an interaction in other 3C-based data from 

EndoC-H1 cells73, hESC beta cells or primary islets27,71. Thus, while our results support a 

possible cis-regulatory effect of rs231361 on INS expression, we cannot currently rule out that 

the observed effects instead occur in trans, secondary to other effects. We anticipate that future 

studies to resolve phase between variant alleles and INS allelic expression in heterozygous 

samples will further clarify the nature of these effects. 

Single cell accessible chromatin uncovered heterogeneity in the regulatory programs of 

endocrine cell types, pointing to TFs that likely drive cell state-specific functions. Integrating single 

cell heterogeneity with large-scale genetic association data revealed that genetic variants 

modulating fasting glucose levels likely act through the high insulin-producing beta cell state, 

whereas genetic risk of T2D is mediated through effects on both the high insulin-producing state 

and other functional beta cell state(s) likely related to stress and signaling responses. Moreover, 

given similar heterogeneity in the epigenomes of alpha and delta cells, our results reveal that 

endocrine cell regulation involves both lineage-specific programs as well as an additional layer of 

state-specific programs common across endocrine cell types. Our results also implicate these 
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other endocrine cell types in genetic risk of T2D independent of beta cells, most prominently delta 

cells.  

Previous studies have characterized heterogeneity in beta cell physiological function, cell 

surface markers, and gene expression22,44,82–84. We found that heterogeneity in the beta cell 

epigenome mapped to cellular states related to insulin production and stress-related signaling 

response and was tightly linked to heterogeneity in beta cell gene expression23 and 

electrophysiology44. However, there is often not perfect correspondence between sub-clusters 

identified by different techniques and/or studies, and we anticipate that using multi-omic methods 

will help to further clarify these differences. Regardless of the technology used, heterogeneity 

defined from single cell data is by nature dependent on computational clustering or ordering. 

Separating true heterogeneity from other sub-structure therefore ultimately requires experimental 

validation, for example by profiling cell populations sorted using sub-type markers. As the sub-

clusters described in our study have not been linked directly to functional differences, experiments 

will be necessary to determine the relationship between epigenomic heterogeneity and cellular 

function. Furthermore, while we observed heterogeneity in endocrine cells from cryopreserved 

tissue in addition to purified islets, determining the true extent and nature of heterogeneity in vivo 

will require more extensive studies across a broader range of samples and conditions. 

In summary, we present the most detailed characterization of islet cell type and state 

regulatory programs to date. When combined with genetic fine-mapping and whole genome 

sequencing, as well as additional cell type-specific data in islets85, this resource will greatly 

enhance efforts to define molecular mechanisms of T2D risk. More broadly, our study provides a 

framework for using single cell chromatin from disease-relevant tissues to interpret the genetic 

mechanisms of complex disease.  
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2.5 Methods 

2.5.1 Islet processing and nuclei isolation 

We obtained islet preparations for three donors from the Integrated Islet Distribution 

Program (Table 2.1). Islet preparations were further enriched using zinc-dithizone staining 

followed by hand picking. For experiments performed with whole pancreas tissue, a 

cryopreserved tissue sample was obtained from the Network for Pancreatic Organ Donors with 

Diabetes (nPOD) biorepository. Studies were given exempt status by the Institutional Review 

Board (IRB) of the University of California San Diego. 

2.5.2 Generation of snATAC-seq libraries 

Combinatorial barcoding single nucleus ATAC-seq was performed as described 

previously2,4 with several modifications. Libraries were quantified using a Qubit fluorimeter (Life 

technologies) and the nucleosomal pattern was verified using a Tapestation (High Sensitivity 

D1000, Agilent). Libraries were sequenced on a HiSeq 2500 sequencer (Illumina) using custom 

sequencing primers, 25% spike-in library and following read lengths: 50+43+40+50 

(Read1+Index1+Index2+Read2).  

Droplet-based single cell ATAC-seq libraries were generated using the Chromium Chip E 

Single Cell ATAC kit (10x Genomics, 1000086) and indexes (Chromium i7 Multiplex Kit N, Set A, 

10x Genomics, 1000084) following manufacturer instructions. Final libraries were quantified using 

a Qubit fluorimeter (Life Technologies) and the nucleosomal pattern was verified using a 

Tapestation (High Sensitivity D1000, Agilent). Libraries were sequenced on a NextSeq 500 and 

HiSeq 4000 sequencer (Illumina) with following read lengths: 50+8+16+50 

(Read1+Index1+Index2+Read2).  

2.5.3 Raw data processing and quality control 

For each read, we first appended the cell barcode metadata to the read name. The cell 

barcode consisted of four pieces (P7, I7, I5, P5) which were derived from the index read files. We 
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first corrected for sequencing errors by calculating the Levenshtein distance between each of the 

four pieces and a whitelist of possible sequences. If the piece did not perfectly match a whitelisted 

sequence, we took the best matching sequence if it was within 2 edits and the next matching 

sequence was at least 2 additional edits away. If none of these conditions were met, we discarded 

the read from further analyses.  

2.5.4 Cluster analysis for snATAC-seq 

We split the genome into 5kb windows and removed windows overlapping blacklisted 

regions (v2) from ENCODE86,87. For each experiment, we created a sparse m x n matrix containing 

read depth for m cells passing read depth thresholds at n windows. Using scanpy88 

(v.1.4.4.post1), we extracted highly variable windows using mean read depth and normalized 

dispersion (‘min_mean=0.01, min_disp=0.25’). After normalization to uniform read depth and log-

transformation, for each experiment, we regressed out the log-transformed read depth within 

highly variable windows for each cell. We then performed PCA and extracted the top 50 principal 

components. We used Harmony24 to correct the principal components and remove batch effects 

across experiments, using donor-of-origin as a covariate. We used Harmony-corrected 

components to calculate the nearest 30 neighbors using the cosine metric, which were 

subsequently used for UMAP dimensionality reduction (‘min_dist=0.3’) and Leiden clustering89 

(‘resolution=1.5’).  

We performed iterative clustering to identify and remove cells with abnormal features prior 

to the final clustering results. After removing these cells, we ended up with 15,298 cells mapping 

to 12 clusters. We used chromatin accessibility at windows overlapping promoters for marker 

hormones to assign cell types for the endocrine islet cell types and chromatin accessibility at 

windows around marker genes from scRNA-seq to assign cluster labels for non-endocrine islet 

clusters.  
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2.5.5 Comparison to bulk and sorted islet ATAC-seq 

We processed sequence data of bulk islet ATAC-seq14,27–29 and bulk pancreas from 

ENCODE86. We calculated the Spearman correlation between normalized read coverages and 

used hierarchical clustering to assess similarity between bulk islet samples. To check peak call 

overlap between aggregated snATAC-seq and bulk ATAC-seq, we split peaks based into 

promoter proximal (±500 bp from TSS) and distal peaks based on promoter overlap. For each 

cluster, we calculated the percentage of aggregate peaks that overlapped merged autosomal bulk 

peaks and individual sample-level autosomal bulk peaks. We processed raw sequence data of 

ATAC-seq from flow-sorted pancreatic cells from two prior studies90,91. We calculated Spearman 

correlations between read coverages and used hierarchical clustering to assess similarity 

between sorted and snATAC-seq samples. 

2.5.6 Identifying marker peaks of chromatin accessibility 

To identify peaks for each cell type, we aggregated reads for all cells within a cluster. We 

shifted reads aligning to the positive strand +4bp and reads aligning to the negative strand -5bp, 

extended reads to 200 bp, and centered the reads. We used MACS232 to call peaks for each 

cluster (‘--nomodel --keep-dup all’). We removed peaks that overlapped the ENCODE blacklist 

v286,87. We then used bedtools92 (v.2.26.0) to merge peaks from clusters and create a set of 

merged peaks. We generated a sparse m x n matrix containing binary overlap between m peaks 

in the merged set of islet regulatory peaks and n cells. We calculated t-statistics of peak specificity 

for each cluster using linear regression models. For each peak and each cluster, we used binary 

encoding of read overlap with the peak as the outcome and whether a cell was in the cluster as 

the predictor, and included the log read depth of each cell as a covariate in the model. 

2.5.7 Matching islet snATAC-seq with scRNA-seq clusters 

 To verify that clusters definitions and labels from single cell chromatin accessibility data 

matched those from single cell expression data, we obtained published scRNA-seq data from 12 
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non-diabetic islet donors23. Because cluster definitions for all cell types were not available, we re-

analyzed the data and performed clustering analyses. We used the Spearman correlation 

between t-statistics from islet snATAC-seq and islet scRNA-seq data to verify cluster labels. 

2.5.8 Single cell motif enrichment 

We used chromVAR33 (v.1.5.0) to estimate TF motif enrichment z-scores for each cell. 

First, we constructed a merged peak by cell sparse binary matrix as the input for chromVAR. We 

corrected for GC bias based on hg19 (BSgenome.Hsapiens.UCSC.hg19) using the ‘addGCBias’ 

function. For TF motifs within the non-redundant JASPAR 2018 CORE vertebrate set, we 

calculated bias-corrected deviation z-scores for each cell. Across all cell types, we selected 

variable TF motifs (N=141) with variability>1.2. For each cell type, we then computed the average 

TF motif enrichment z-score across single cells, collapsing values for cell types with more than 

one state. We compared motif enrichment z-scores between single cells using Benjamini-

Hochberg corrected p-values (FDR<0.01) from 2 sample T-tests. 

2.5.9 Ordering alpha, beta, and delta cells along a pseudo-state trajectory  

We used Cicero8 (v.1.3.3 with Monocle 3) to order alpha, beta, and delta cells along 

separate trajectories. Starting from the merged peak by cell sparse binary matrix, we extracted 

beta cells and filtered out peaks that were not present in beta cells. We then preprocessed the 

data with latent semantic indexing (LSI) and continued onto dimensionality reduction, cell 

clustering, and trajectory graph learning using default parameters. We then chose the root state 

(i.e. the start of the trajectory) based on the highest average INS promoter accessibility. We 

repeated the same procedure for beta and delta cells, instead choosing the root state based on 

GCG or SST promoter accessibility respectively. 

2.5.10 Comparison of endocrine cell states 

To identify TF motifs variable between cell states, we performed one-sided Student’s T-

test on motif z-scores between cells in each state. We adjusted p-values with the Benjamini-
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Hochberg procedure and defined motifs with FDR<0.05 and absolute difference in z-score>0.5 

as differential. To analyze differential promoter accessibility between cell states, we performed 

two-sided Fisher’s exact tests between hormone-high and hormone-low states for each promoter 

against the null hypothesis that the promoter had similar accessibility across states. We used the 

Benjamini-Hochberg adjusted p-values (FDR<0.01 for alpha or beta cells and FDR<0.1 for delta 

cells) to identify gene promoters with differential accessibility across states. Differentially-

accessible promoters were used to perform GO term enrichment on biological processes (2018 

version) using Enrichr93 (v.1.0). We filtered for terms that contained <150 genes. 

We collected gene sets from Xin et al.23, Mawla & Huising43, and Camunas-Soler et al44 

(details in Supplementary Note). For each gene list, we performed gene set enrichment analysis94 

(GSEA) using log2 odds ratios from previous Fisher’s exact tests. We also performed GSEA using 

significantly differential promoters (from Figure 2.2a) as the gene sets to assess whether cell 

states showed concordant differences across cell types. 

2.5.11 GWAS enrichment genome-wide with aggregate peak annotations 

We used stratified LD score regression60–62 (v.1.0.1) to calculate enrichment for GWAS 

traits. We obtained GWAS summary statistics for quantitative traits11,12,48–51, diabetes9,47, and 

control traits52–59. To create custom LD score files, we annotated variants using peaks for each 

cluster as a binary annotation. In addition to the annotations included in the baseline-LD model 

v2.2, we included LD scores estimated from merged peaks across all clusters as the background. 

For each trait, we used stratified LD score regression to estimate the enrichment z-scores of each 

annotation relative to background. We computed one-sided p-values for enrichment based on the 

z-scores and corrected for multiple tests using the Benjamini-Hochberg procedure. 
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2.5.12 GWAS enrichment with single cell annotations 

We determined genetic enrichment of accessible chromatin profiles in individual cells for 

fasting glucose level12, T2D10, and control traits major depressive disorder56 and systemic lupus 

erythematosus54 GWAS using polyTest95. 

To identify TFs correlated with trait enrichments, we regressed out log read depth, fraction 

of reads in peaks, and fraction of promoters used from the single cell enrichments. We calculated 

the Spearman correlation between the residuals of fasting glucose or T2D enrichment z-scores 

and motif enrichment z-scores using all cells or only beta cells. We used Bonferroni correction to 

correct p-values for multiple tests. To identify motifs directly enriched for T2D or FG association 

in beta cells, we identified all variants mapping in a beta cell site and using fimo96 predicted 

instances of each motif in JASPAR34 using sequence surrounding each allele. We considered 

variants disrupting motifs where there was a motif prediction for only one allele. We tested for 

enrichment of variants in a predicted motif or disrupting the motif for T2D or FG using polyTest95.  

2.5.13 GWAS enrichment at known T2D loci using aggregate peak annotations 

We identified primary T2D risk signals10 where the highest causal probability variant was 

associated with fasting glucose level12 at genome-wide significance. We annotated variants at 

each signal with INShigh and INSlow beta cell sites and tested for enrichment using fgwas64 (v0.3.6) 

71 (‘-fine’). For alpha, delta and gamma cells, we retained sites that did not overlap a beta cell site 

and annotated variants at all T2D risk signals9. To exclude the possibility that enrichments could 

be driven by other relevant tissues, we annotated variants in liver and adipose ATAC-seq from 

ENCODE86. We tested for enrichment using fgwas64 (‘-fine’) including other tissue annotations in 

the model. We considered annotations with positive enrichment estimates enriched for T2D risk.  
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2.5.14 Predicting genetic variant effects on chromatin accessibility 

We used deltaSVM65 to predict the effects of non-coding variants on chromatin 

accessibility in each cell type and cell state. From variant z-scores we calculated p-values and 

FDR and considered variants significant at FDR<0.1.  

2.5.15 Luciferase gene reporter assays 

We cloned sequences containing reference alleles in the forward orientation upstream of 

the minimal promoter of firefly luciferase vector pGL4.23 (Promega) using KpnI and SacI 

restriction sites. For rs34584161:A>G, we cloned the alternative allele in the same manner as the 

reference alleles. For other variants, we introduced the alternative alleles via site-directed 

mutagenesis (SDM) using the NEB Q5 Site-Directed Mutagenesis kit (New England Biolabs). We 

normalized Firefly activity to Renilla activity and compared it to empty vector, and normalized 

results were expressed as fold change compared to control per allele. We used a two-sided 

Student’s T-test to compare the two alleles. 

2.5.16 Mapping allelic imbalance within clusters 

We extracted genomic DNA either from spare islet nuclei (donors 1 and 2), or acinar cells 

(donor 3). We used the DNeasy Blood & Tissue Kits (Qiagen) according to manufacturer’s 

protocol for purification of total DNA and performed genotyping on the Infinium Omni2.5-8 v1.4 

array (Illumina). Additional details provided in Supplementary Note. Using cluster assignments for 

each cell, we split mapped reads for each donor into cluster-specific reads. We used WASP97 

(v.0.3.0) to correct for reference mapping bias at heterozygous variants. We then used a two-

sided binomial test to assess imbalance assuming a null hypothesis where both alleles were 

equally likely to be observed. For each variant, we combined imbalance z-scores across donors 

using Stouffer’s z-score method with sequencing depth as a weight for each sample.  
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2.5.17 Grouping of predicted effect variants and enrichment for islet caQTLs 

We categorized variants with predicted effects on alpha or beta cells based on effects 

across cell type and states: “alpha” (n=8,552), “beta” (n=11,650), “hormone-high” (n=12,874), and 

“hormone-low” (n=10,808), and “shared” (n=27,140). We also determined the concordance in the 

direction of effect for variants across cell states. For the set of variants with significant effects in 

each state, we calculated the fraction of variants where the effect allele had predicted effect in 

other states. We determined significance using a two-sided binomial test assuming an expected 

fraction of 50%. We assessed enrichment of predicted effect variants in alpha or beta cell states 

for islet caQTLs28 compared to any caQTL in alpha or beta cell sites using two-sided Fisher’s 

exact tests. We stratified variants with predicted effects by category and assessed enrichment of 

caQTLs with predicted effects within each category with two-sided Fisher’s exact tests. 

2.5.18 TF motif enrichment within predicted effect variant categories 

For each cell- or state-resolved category of variants with predicted effects, we extracted 

29bp sequences (± 14bp around variant) corresponding to the higher or lower predicted effect 

allele. We used AME96 in MEME (v.4.12.0) to predict motif enrichment, using position weight 

matrices from JASPAR 201834. We used sequences from the higher or lower effect alleles as the 

test or background set respectively. We used TFClass (http://tfclass.bioinf.med.uni-

goettingen.de/) to group motifs by family. To determine TFs most likely driving the enrichment, 

we checked normalized promoter accessibility within family members in alpha or beta cells. 

2.5.19 Enrichment of predicted variants for lower frequency variants 

We obtained summary statistics of T2D9 and performed LD pruning. We identified variants 

that had significant effects in any endocrine cell type, as well as for each cell type for either state.  

We created a background set of variants without significant effects in any endocrine cell type 

(FDR>0.1). We created thresholds based on T2D association p-values (5×10-8, 1×10-7, 1×10-6, 

1×10-5, 1×10-4, 1×10-3). For each threshold, we calculated fold enrichment of predicted effect 
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variants as compared to the background and determined significance using two-sided binomial 

tests. 

2.5.20 Single cell chromatin co-accessibility 

We used Cicero8 to calculate co-accessibility for pairs of peaks for alpha, beta, and delta 

cells. As in the trajectory analysis, we started from the merged peak by cell sparse binary matrix, 

extracted beta cells, and filtered out peaks that were not present in beta cells. We used 

‘make_cicero_cds’ to aggregate cells based on 50 nearest neighbors. We then used Cicero to 

calculate co-accessibility using a window size of 1 Mb and a distance constraint of 500 kb. We 

repeated the same procedure for alpha and delta cells. We used co-accessibility>0.05 to define 

pairs of peaks as co-accessible. 

2.5.21 Enrichment of islet Hi-C and pcHi-C loops in co-accessible peaks 

We obtained islet promoter capture Hi-C (pcHi-C) and merged Hi-C loops27,71. For both 

datasets, we used coordinates for anchors directly from the loop calls. To compare co-

accessibility with pcHi-C or Hi-C, we used direct overlap of peaks with anchors. For binned 

thresholds of co-accessibility in 0.05 increments, we calculated distance-matched odds ratios for 

alpha, beta or delta cell co-accessible peaks containing pcHi-C or Hi-C loops versus non-co-

accessible peaks (co-accessibility<0). We used two-sided Fisher’s exact tests to assess 

significance.  

2.5.22 Hi-C library construction and data analysis 

We performed in situ Hi-C as previously described using MboI on two batches of hESC-

derived beta cells using the differentiation protocol described below cultured in high glucose 

(20mM mg/mL) or low glucose (5mM mg/mL). Hi-C libraries were sequenced to read counts of 

1,509,428,732 and 1,918,698,012, respectively. We analyzed Hi-C using Juicer98 with default 

settings and visualized with HiGlass99. Unless otherwise indicated, interaction frequencies were 

normalized using iterative matrix balancing. We generated virtual 4C tracks by extracting 
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normalized interaction frequencies from an anchor bin of interest from the contact matrix. We 

performed Aggregate Peak Analysis (APA) using juicer tools with settings “-u -r 10000”. 

2.5.23 Annotating fine-mapped diabetes risk variants 

We annotated risk signals in compiled fine-mapping data for T2D. For each signal, we 

identified variants that were in the 99% credible set with PPA>0.01. We intersected these 

candidate variants with sites for each islet cell type and cell state, and then identified variants with 

predicted effects on the overlapping cell types/states. We annotated variants based on overlap 

with sites co-accessible to gene promoters. For target genes linked to diabetes risk variants we 

determined enriched gene sets using GSEA94.  

2.5.24 Analysis of INS promoter 4C data 

We downloaded and re-analyzed published 4C of the INS promoter for EndoC-βH172 with 

4C-ker100. We created a reduced genome using 25bp flanking sequences of BglII cutting sites. 

For the 3 replicates, we aligned reads to this reduced genome using bowtie2101 (v.2.2.9; ‘-N 0 -5 

20’). We extracted counts for each fragment after removing self-ligated and undigested fragments 

and input bedGraph files to R.4Cker. We generated normalized counts and called high interaction 

regions using ‘nearBaitAnalysis’ (‘k=10’). 

2.5.25 CRISPR/Cas9-mediated genome editing in human embryonic stem cells 

H1 hESCs (WA01; purchased from WiCell; NIH registration number: 0043) were seeded 

onto Matrigel®-coated six-well plates at a density of 50,000 cells/cm2 and maintained in mTeSR1 

media (StemCell Technologies) for 3-4 days with media changed daily. sgRNA oligos and 

genotyping primers are listed in Table 2.4. hESC research was approved by the University of 

California, San Diego, Institutional Review Board and Embryonic Stem Cell Research Oversight 

Committee.  
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2.5.26 Pancreatic differentiation of hESC clones 

KCNQ1 enhancer-deleted hESC lines were differentiated in a suspension-based format 

using rotational culture with modifications to a published protocol74 KCNQ1 base-edited hESC 

lines were differentiated in a suspension-based format using rotational culture with modifications 

to a published protocol102. Details on modifications are provided in the Supplementary Note. For 

the experimental analysis of clones, we performed flow cytometry, immunofluorescence staining, 

mRNA sequencing, quantitative PCR, and insulin content measurement. 
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2.6 Figures 

 

Figure 2.1. Pancreatic islet cell type accessible chromatin defined using snATAC-seq. 

(a) Clustering of accessible chromatin profiles from 15,298 pancreatic islet cells identifies 12 
distinct clusters plotted on UMAP coordinates. The number of cells for each cluster is listed in 
parenthesis next to the cluster label. (b) Promoter accessibility in a 1 kb window around the TSS 
for selected marker genes. (c) Aggregate read density (counts per 1×105) at hormone marker 
genes: GCG (alpha), INS-IGF2 (beta), SST (delta), and PPY (gamma). (d) Spearman correlation 
between t-statistics of cluster-specific genes based on promoter accessibility (snATAC-seq) and 
gene expression (scRNA-seq). (e) Row-normalized chromVAR motif enrichment z-scores for 141 
TF sequence motifs with variable enrichment across clusters (left). Cell types with multiple 
clusters are collapsed into a single cluster (e.g. beta 1 + beta 2 into beta). Enrichment z-scores 
for FOXA1 and PDX1 motifs for each cell projected onto UMAP coordinates (right). (f) Pearson 
correlation of TF motif enrichment z-scores between endocrine and exocrine cell types (g) FDR-
corrected p-values from two-sided two sample T-tests of differential chromVAR motif enrichment 
comparison between delta and beta cells for 366 TF motifs. (h) Enrichment z-scores for SCRT1 
and MAFB motifs in 7,598 beta and 710 delta cells projected onto UMAP coordinates (top) and 
shown as violin distributions (bottom; lines represent median and quartiles).  



32 
 

 

 



33 
 

Figure 2.2. Heterogeneity in endocrine cell accessible chromatin and regulatory 
programs. 

(a) Gene promoters with significantly differential chromatin accessibility between sub-clusters of 
alpha cells (left), beta cells (middle), and delta cells (right). (b) Enrichment of gene sets using 
ranked gene lists from the differential promoter analyses. Panels include genes with differential 
promoter accessibility between hormone-high or hormone-low states (first subpanel from left); 
genes expressed in beta cell sub-clusters from islet scRNA-seq (second and third subpanels); 
genes positively and negatively correlated with exocytosis from islet Patch-seq (fourth subpanel). 
(c) Enrichment of gene ontology terms related to glucose response, hormone secretion, stress 
response, and cell cycle among genes with differential promoter accessibility between endocrine 
cell states. (d) Row-normalized motif enrichments for 215 TF motifs with variable enrichment 
across endocrine cell states. Single cell motif enrichment z-scores for a representative RFX 
(RFX3) and FOS/JUN (FOS::JUN) motif are projected onto UMAP coordinates (right), and violin 
plots below show motif enrichment distribution within endocrine cell states (lines represent median 
and quartiles). (e) Ordering of alpha, beta and delta cells across pseudostate trajectories using 
high GCG/INS-IGF2/SST promoter accessibility as the reference point. Across each trajectory, 
the percentage of cells in the hormone-high state and the binary cluster call of individual cells are 
shown above the heatmaps, which show row-normalized motif enrichment for variable motifs 
between cell states. (f) Promoter accessibility for genes in the FOS/JUN motif family across 
pseudostate trajectories. Genes with matching promoter accessibility and motif enrichment 
patterns (ρ>0.5) are bolded.   
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Figure 2.3. Enrichment of islet accessible chromatin for diabetes and fasting glycemia. 

(a) Stratified LD score regression enrichment z-scores for diabetes-related quantitative 
endophenotypes (top), type 1 and 2 diabetes (middle), and control traits (bottom) for islet cell 
types. **FDR<0.01 *FDR<0.1. (b) Single cell enrichment z-scores for fasting glucose level (FG) 
and T2D projected onto UMAP coordinates (left), enrichment per cell type (middle panels), and 
beta cell enrichment split into 10 trajectory bins (right). Boxplot center line, limits, and whiskers 
represent median, quartiles, and 1.5 interquartile range respectively. (c) Enrichment (estimate ± 
95% CI by fgwas) of variants at loci associated with both T2D and FG (T2D/FG) within beta cell 
accessible chromatin. (d) Candidate causal T2D variant rs11708067 overlaps an enhancer active 
in INShigh beta cells at the ADCY5 locus, consistent with beta cell enrichment patterns for T2D/FG 
loci. (e) Enrichment (estimate ± 95% CI by fgwas) of variants at T2D loci in accessible chromatin 
for non-beta endocrine cells after removing beta accessible chromatin. (f) Candidate causal T2D 
variant rs1111875 overlaps a delta cell-specific site at the HHEX locus. (g) Correlation between 
single cell FG and TF motif enrichments across all 14.2k cells (left) and 7.2k beta cells (right). 
Across all cells, FG has positive correlations with beta-enriched TF families such as PDX, NKX6 
and PAX. Within beta cells, FG has positive correlations with INShigh beta-enriched TF families 
such as RFX, MAF/NRL, and FOXA. (h) Enrichment (effect±SE) of FG-associated variants 
directly overlapping sequence motifs for those either positively or negatively correlated with FG 
in beta cells. 
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Figure 2.4. Genetic variants with islet cell type- and state-specific effects on chromatin 
accessibility. 

(a) Percentage of HRC variants in any endocrine cell type peak (n=1,411,387 variants) that had 
significant deltaSVM effects (FDR<0.1) for the reference (ref.) or alternative (alt.) allele. (b) 
Spearman correlation between deltaSVM Z-score and chromatin accessibility allelic imbalance Z-
scores for variants with predicted effects in alpha and beta states. (c) Relative luciferase reporter 
activity (mean ± 95% CI; n=3 replicates) for five T2D variants with predicted beta cell effects. The 
allele with predicted effect is circled. p-values by two-sided Student’s T-tests. (d) Enrichment of 
islet caQTLs for variants with predicted effects in alpha and beta cells (left) and stratified based 
on shared, cell type- and state-specific effects (right). p-values by two-sided Fisher’s exact test, 
ns, not significant. (e) Examples of variants with predicted effects in alpha and beta cells (left). TF 
motif families enriched in sequences surrounding the effect allele relative to the non-effect allele 
(middle). Promoter accessibility patterns for genes in enriched TF motif families (right). Genes 
with matching promoter accessibility and TF motif enrichment patterns are highlighted. (f) 
Enrichment (estimate ± 95% CI) of low frequency and rare variants with predicted effects on islet 
chromatin at different T2D association thresholds. p-values by two-sided binomial test. (g) Low-
frequency T2D variant rs78840640 at the IGF2BP3 locus with high causal probability (PPA=0.33) 
has predicted effects in beta cells,  
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Figure 2.5. Chromatin co-accessibility links diabetes risk variants to target genes. 

(a) Distance-matched odds that co-accessible sites in beta cells overlap islet pcHi-C interactions 
at different threshold bins. (b) Single cell co-accessibility and islet pcHi-C interactions at the PDX1 
promoter. (c) Enhancer harboring T2D variant rs231361 shows distal beta cell co-accessibility to 
the INS promoter and other non-promoter sites. The enhancer is accessible in INShigh but not 
INSlow beta and has decreasing accessibility across the beta cell trajectory. rs231361 disrupts an 
RFX motif and has predicted effects in INShigh beta. *FDR<0.1. CRISPR/Cas9 deletion of a 2.6kb 
region (highlighted, ∆Enh) around the enhancer. (d) Expression (transcripts per million, 
TPM±SEM) of genes within 2Mb of the enhancer in beta cell stage cultures for ∆Enh (n=6; 3 
clones × 2 differentiations) and control (n=2; 1 clone × 2 differentiations), p-values from DESeq2, 
ns not significant. (e) Representative immunofluorescence staining for INS (green), NKX6-1 (red), 
and DAPI (blue) in beta cell stage cultures for ∆Enh (n=3 independent experiments) and control 
(n=3 experiments) (f) Quantification of INS median fluorescence intensity (MFI) and (g) INS 
content in beta cell stage cultures for ∆Enh (n=9; 3 clones × 3 differentiations) and control (n=6; 
2 clones × 3 differentiations). (h) Relative expression of INS and CDKN1C, (i) Quantification of 
INS MFI, and (j) INS content in beta cell stage cultures for KCNQ1A/A (n=9; 3 clones × 3 
differentiations) and KCNQ1G/G (n=6; 2 clones × 3 differentiations). Data shown are mean±SEM, 
p-values by two-sided Student’s T-test, ns, not significant. 
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2.7 Supplementary Figures 

 

Figure S2.1. Quality control metrics and aggregate comparison to bulk islet ATAC. 

(a) Insert size distribution for aggregate reads from each snATAC-seq experiment. (b) Aggregated 
read coverage from each snATAC-seq experiment in a ±2 kb window around individual promoters 
(top) and averaged across all promoters (bottom). (c) Spearman correlation between normalized 
read coverage within a merged set of peaks from 3 aggregated islet snATAC-seq, 42 bulk islet 
ATAC-seq, and 4 bulk pancreas ATAC-seq datasets. Names of samples are from the original 
sources of the data. (d) Binned log10 read depth distribution for each experiment. 
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Figure S2.2. Flowchart of the snATAC-seq data processing pipeline. 

(a) Flowchart summarizing key steps of the snATAC-seq processing pipeline, including the 
various steps where cells were filtered out. Samples were first processed individually. All samples 
were then combined using a batch correction method. Clusters corresponding to cells from low 
quality cells, including those with low read depth in highly variable windows and low fraction of 
reads in peaks were then removed. After re-clustering, iterative subclustering of the main clusters 
at high resolution was used to identify and remove doublet subclusters. The final clusters are not 
driven by potential confounders such as donor of origin. Boxplot center lines, limits, and whiskers 
represent median, quartiles, and 1.5 IQR respectively. 

  



43 
 

 

Figure S2.3. Analysis of islet single cell gene expression data. 

(a) log10 transformed read depth or (b) total number of genes expressed compared with number 
of marker genes expressed per cell from scRNA-seq data. Boxplot center lines, limits, and 
whiskers represent median, quartiles, and 1.5 IQR respectively. Cells expressing more than one 
marker gene (defined by mixture models) were marked as doublets and filtered out. (c) Clusters 
of islet cells from single cell RNA-seq data plotted on UMAP coordinates. quies. stellate, quiescent 
stellate. activ. stellate, activated stellate. (d) Selected marker gene log2(expression) for each 
cluster plotted on UMAP coordinates. (e) Row-normalized t-statistics of marker gene specificity 
showing the most specific genes (t-statistic>20) for each cluster. 
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Figure S2.4. Comparison of motif enrichment between alpha and gamma cells. 

Differential enrichment of motifs between alpha cell open chromatin regions and gamma cell open 
chromatin regions as measured by a 2-sided T-test, with FDR calculated by the Benjamini-
Hochberg procedure. Examples are highlighted of motifs enriched in alpha cells and gamma cells, 
respectively (MAFG, HOXA9). UMAP plots show enrichment z-scores for the indicated motifs in 
alpha and gamma cells. Violin plots below show the distribution of enrichment z-scores across 
alpha or gamma cells, where the lines represent median and quartiles.  
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Figure S2.5. Differentially accessible promoters across pseudo-states. 

(a) Pseudo-state (trajectory) values for alpha cells plotted on UMAP coordinates (left) and 
percentage of cells with GCG promoter accessibility decreases across 10 bins along the alpha 
(α) cell trajectory (right). (b) Pseudo-state (trajectory) values for beta (β) cells plotted on UMAP 
coordinates (left) and percentage of cells with INS promoter accessibility decreases across 10 
bins along the beta cell trajectory (right). (c) Pseudo-state (trajectory) values for delta (δ) cells 
plotted on UMAP coordinates (left) and percentage of cells with SST promoter accessibility 
decreases across 10 bins along the beta cell trajectory (right). (d) Heatmaps showing promoters 
with dynamic accessibility across trajectories for alpha (top), beta (middle) and delta (bottom) cell 
trajectories. Gene promoters are clustered into 4 groups for each trajectory with k-medoids 
clustering. Enriched gene ontology for each k-mediod cluster (left) and selected genes present in 
at least one enriched gene ontology. 
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Figure S2.6. Single cell GWAS enrichment and correlation with TF motifs. 

(a) Single cell GWAS enrichment z-scores for Major depressive disorder and Systemic lupus 
erythematosus projected onto UMAP coordinates (left panels), z-score enrichment distribution 
per cell type and state (middle panels) and z-score enrichment distribution split into 10 bins based 
on beta cell trajectory values (right panels). Boxplot center lines, limits, and whiskers represent 
median, quartiles, and 1.5 IQR respectively. (b) Correlation between single cell GWAS enrichment 
z-scores for Type 2 Diabetes and chromVAR TF motif enrichment z-scores across either all cells 
(left) or beta cells (right). Inset scatterplots highlight the top correlated motifs in either direction. 
(c) Variants mapping directly in sequence motifs positively correlated with T2D risk in beta cells 
are enriched for T2D association, whereas variants mapping in motifs negatively correlated with 
T2D risk in beta cells show no such enrichment. 
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Figure S2.7. Single cell co-accessibility analyses in islet cell types. 

(a) Distance-matched odds that delta cell co-accessibility links overlap islet pcHi-C chromatin 
loops at different co-accessibility threshold bins in 0.05 intervals demonstrate that co-accessible 
links are enriched for chromatin interactions. (b) Same analysis as in (a) but with alpha cell co-
accessibility. (c) Same analysis as in (a) but with beta cell co-accessibility and Hi-C loops. (d) 
Same analysis as in (a) but with delta cell co-accessibility and Hi-C loops. (e) Same analysis as 
in (a) but with alpha cell co-accessibility and Hi-C loops. (f) Number of distal sites linked to each 
promoter peak for alpha, beta, and delta cells. (g) Number of promoters linked to each distal site 
for alpha, beta, and delta cells. 
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Figure S2.8. Cell type-specific and shared co-accessible sites. 

(a) An example of co-accessibility anchored at the promoter for the delta cell identity TF HHEX. 
Co-accessibility for beta, delta, and alpha cells are shown compared to high-confidence pcHi-C 
loops from ensemble islets. Genome browser plots scale: 0-10. (b) An example of co-accessibility 
anchored at the promoter for the alpha cell identity TF ARX. (c) An example of shared co-
accessibility anchored at the promoter for the shared islet identity TF NEUROD1. 
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Figure S2.9. 3D chromatin interactions at the T2D-associated KCNQ1 locus. 

Top panels show Hi-C contact matrices from hESC-derived beta cells, visualized at 25 kb 
resolution. Region shown is chr11:500,00-4,500,000, hg19. Black arrows indicate putative 
interaction point of INS TSS and KCNQ1 enhancer. Genome browser plot below shows a zoomed 
view of chr11:1,750,000-3,250,000. Data from 4C-seq anchored on the INS promoter in EndoC-
βH1 cells (Jian & Felsenfeld 2018) is shown, as analyzed with the 4C-ker package. Normalized 
read counts are shown in black from 3 biological replicates. Significant interactions from INS 
promoter are shown as arcs below read counts tracks. Interactions calls are from data pooled 
across 3 replicates are shown here. The region containing the KCNQ1 enhancer was called as a 
significant interaction region with INS promotor independently in each 4C replicate. Virtual 4C 
plots in green show log(normalized Hi-C interaction frequency) from INS promoter. 
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Figure S2.10. Genome editing of the KCNQ1 locus in hESCs. 

(a) Schematic of the workflow and (b) Sanger sequencing for KCNQ1 enhancer deletion in three 
independent hESC clones. (c) Representative figures of flow cytometry analysis for NKX6-1 and 
INS comparing control and KCNQ1ΔEnh cells (left). Quantification of the percentage of NKX6-
1+/INS+ cells in beta cell stage cultures from control (n=6; 2 clones × 3 differentiations) and 
KCNQ1∆Enh (n=9; 3 clones × 3 differentiations) cells (right). ns, not significant by two-sided 
Student’s T-test without adjustment for multiple comparisons. (d) Schematic of the workflow and 
(e) Sanger sequencing for two independent KCNQ1G/G clones and three KCNQ1A/A clones. (f) 
Representative figures of flow cytometry analysis for NKX6-1 and INS comparing KCNQ1G/G and 
KCNQ1A/A clones (left). of the percentage of NKX6-1+/INS+ cells in beta cell stage cultures from 
KCNQ1G/G (n=6; 2 clones × 3 differentiations) and KCNQ1A/A (n=9; 3 clones × 3 differentiations) 
cells (right). ns, not significant by two-sided Student’s T-test without adjustment for multiple 
comparisons. Error bars represent SEM. 
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2.8 Tables 

Table 2.1. Characteristics of donor samples used for snATAC-seq assays. 

Name ID 

Ag
e  

(y) 
Se
x Race 

BM
I 

Blood 
gluco

se 
(mg/dl

) 

Diabet
es 

status 

Caus
e of 
deat

h 
Viabili
ty (%) 

Purity  
(% 

Post 
cultur

e) 

snATAC 
assay 
type 

Duplica
te read 

% 

Total 
unique 
reads 

Mitochond
rial read % 

TSS 
read 
overl
ap % 

TSS 
enrichm

ent 

Islet 1 

(UNOS
) 

AFC22
08 32 M 

Caucasi
an 

32.
3 164.4 

Non-
diabeti

c 
Anox

ia 95 80 

combinato
rial 

barcoding 77.25% 
48,273,18

8 0.01% 
36.90

% 36.72 

Islet 2 

(UNOS
) 

AFEA3
31 45 M 

African 
America

n 
29.
3 155.4 

Non-
diabeti

c 
Strok

e 95 90 

combinato
rial 

barcoding 29.80% 
35,851,00

0 0.02% 
37.90

% 38.98 

Islet 3 

(UNOS
) 

AFEP0
22 62 M 

African 
America

n 
36.
1 178.4 

Non-
diabeti

c 
Anox

ia 95 90 

combinato
rial 

barcoding 45.87% 
54,268,19

2 2.15% 
37.90

% 38.24 

Pancrea
s 1 

(nPOD) 
6004 33 M 

Caucasi
an 

30.
9 N/A 

Non-
diabeti

c N/A N/A N/A 

combinato
rial 

barcoding 75.28% 
20,090,16

8 5.78% 
30.90

% 44.89 

Pancrea
s 1 

(nPOD) 
6004 33 M 

Caucasi
an 

30.
9 N/A 

Non-
diabeti

c N/A N/A N/A 10X 37.37% 
228,259,2

58 1.66% 
35.10

% 42.21 
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Table 2.2. Sequence motifs with variable enrichment across cell types. 

Motif beta delta alpha gamma immune stellate endothelial ductal acinar 

LHX6 0.87 1.00 0.12 0.36 0.32 0.00 0.15 0.37 0.08 
NOTO 0.91 1.00 0.14 0.32 0.36 0.00 0.17 0.29 0.11 
PAX4 0.94 1.00 0.10 0.31 0.36 0.00 0.20 0.31 0.03 
Lhx8 0.94 1.00 0.10 0.31 0.36 0.00 0.20 0.31 0.03 
DLX6 0.98 1.00 0.21 0.46 0.43 0.07 0.29 0.41 0.00 
PDX1 0.97 1.00 0.16 0.41 0.49 0.12 0.23 0.38 0.00 
GSX1 0.92 1.00 0.14 0.35 0.38 0.03 0.22 0.47 0.00 
EMX1 0.87 1.00 0.19 0.42 0.38 0.00 0.17 0.49 0.04 
EMX2 0.98 1.00 0.21 0.46 0.37 0.00 0.23 0.49 0.09 
GBX1 0.93 1.00 0.17 0.41 0.38 0.00 0.32 0.44 0.12 
GBX2 0.93 1.00 0.30 0.52 0.38 0.01 0.38 0.24 0.00 
LHX2 0.98 1.00 0.16 0.39 0.36 0.00 0.29 0.34 0.12 
LBX1 0.98 1.00 0.22 0.37 0.41 0.00 0.34 0.35 0.15 
Alx4 0.80 1.00 0.27 0.36 0.37 0.00 0.16 0.40 0.13 
POU6F2 0.97 1.00 0.21 0.44 0.34 0.00 0.16 0.50 0.25 
mix-a 0.81 1.00 0.30 0.50 0.38 0.00 0.17 0.53 0.27 
Alx1 0.79 1.00 0.25 0.46 0.35 0.00 0.16 0.49 0.21 
VAX1 0.86 1.00 0.25 0.49 0.47 0.02 0.33 0.45 0.00 
VAX2 0.86 1.00 0.25 0.49 0.47 0.02 0.33 0.45 0.00 
Hoxd3 0.85 1.00 0.32 0.49 0.42 0.00 0.32 0.52 0.12 
NKX6-1 0.87 1.00 0.26 0.47 0.43 0.00 0.33 0.45 0.09 
NKX6-2 0.87 1.00 0.26 0.47 0.43 0.00 0.33 0.45 0.09 
HOXA2 0.92 1.00 0.37 0.47 0.48 0.00 0.24 0.51 0.23 
MEOX1 0.91 1.00 0.35 0.51 0.47 0.00 0.37 0.47 0.16 
EVX2 0.99 1.00 0.36 0.48 0.53 0.00 0.37 0.48 0.20 
Rfx1 0.78 0.93 1.00 0.97 0.61 0.00 0.35 0.13 0.23 
RFX5 0.77 0.89 0.84 1.00 0.60 0.00 0.38 0.11 0.24 
RFX3 0.74 0.87 0.83 1.00 0.55 0.00 0.41 0.03 0.23 
RFX2 0.76 0.90 0.84 1.00 0.55 0.02 0.38 0.00 0.27 
RFX4 0.77 0.93 0.88 1.00 0.56 0.00 0.35 0.01 0.26 
Tcf12 1.00 0.80 0.71 0.71 0.40 0.18 0.00 0.05 0.25 
TAL1::TCF3 1.00 0.96 0.95 0.71 0.69 0.27 0.38 0.00 0.32 
NEUROD1 1.00 0.91 0.83 0.70 0.59 0.01 0.17 0.01 0.00 
Tcf21 1.00 0.99 0.94 0.82 0.62 0.15 0.28 0.00 0.00 
FOXP3 0.99 0.58 1.00 1.00 0.66 0.00 0.59 0.75 0.99 
FOXO6 0.99 0.58 1.00 1.00 0.66 0.00 0.59 0.75 0.99 
FOXO4 0.99 0.58 1.00 1.00 0.66 0.00 0.59 0.75 0.99 
FOXD2 0.99 0.58 1.00 1.00 0.66 0.00 0.59 0.75 0.99 
FOXI1 0.99 0.58 1.00 1.00 0.66 0.00 0.59 0.75 0.99 
FOXL1 0.99 0.58 1.00 1.00 0.66 0.00 0.59 0.75 0.99 
ZEB1 1.00 0.99 1.00 0.99 0.80 0.00 0.46 0.96 1.00 
TCF4 0.95 0.95 1.00 0.94 0.77 0.00 0.43 0.85 0.96 
TCF3 0.95 0.97 1.00 0.97 0.76 0.00 0.47 0.85 0.95 
SNAI2 0.95 0.99 1.00 0.97 0.79 0.00 0.46 0.82 0.93 
ID4 0.98 0.98 1.00 0.96 0.79 0.00 0.45 0.84 0.95 
Ascl2 1.00 0.87 0.77 0.77 0.58 0.00 0.15 0.31 0.36 
ASCL1 1.00 0.90 0.82 0.88 0.60 0.00 0.13 0.46 0.63 
Myod1 1.00 0.92 0.86 0.86 0.61 0.00 0.19 0.47 0.60 
Foxa2 0.82 0.60 1.00 0.97 0.51 0.00 0.35 0.56 0.67 
FOXA1 0.82 0.65 1.00 0.97 0.64 0.00 0.38 0.56 0.72 
FOXC2 0.77 0.37 1.00 0.93 0.40 0.00 0.44 0.53 0.84 
FOXB1 0.68 0.48 1.00 0.85 0.57 0.00 0.40 0.44 0.67 
FOXC1 0.68 0.36 1.00 0.86 0.48 0.00 0.30 0.36 0.64 
NFYB 0.02 0.20 0.20 0.00 0.27 1.00 1.00 0.39 0.64 
NFYA 0.00 0.19 0.26 0.05 0.37 0.83 1.00 0.31 0.55 
ETV6 0.00 0.18 0.15 0.25 0.53 0.58 1.00 0.47 0.40 
ETV2 0.00 0.15 0.12 0.24 0.31 0.51 1.00 0.35 0.29 
ELK4 0.00 0.11 0.10 0.19 0.34 0.69 1.00 0.35 0.32 
ERG 0.00 0.08 0.07 0.14 0.27 0.58 1.00 0.24 0.25 
ETS1 0.00 0.09 0.07 0.15 0.26 0.63 1.00 0.26 0.26 
JUNB(var.2) 0.00 0.18 0.01 0.06 0.02 0.81 0.79 0.29 1.00 
Creb5 0.00 0.18 0.02 0.05 0.07 1.00 0.77 0.28 0.90 
FOSL2::JUNB(var.2) 0.01 0.19 0.00 0.02 0.10 1.00 0.76 0.42 0.95 
JUN::JUNB(var.2) 0.04 0.20 0.02 0.00 0.15 1.00 0.79 0.45 0.95 
FOSB::JUNB(var.2) 0.05 0.19 0.00 0.04 0.12 0.95 0.74 0.38 1.00 
FOSL1::JUN(var.2) 0.04 0.19 0.00 0.02 0.13 0.99 0.69 0.35 1.00 
ATF7 0.00 0.18 0.02 0.00 0.13 1.00 0.73 0.36 1.00 
FOSB::JUN 0.04 0.17 0.00 0.03 0.11 1.00 0.68 0.43 0.94 
JDP2(var.2) 0.03 0.16 0.00 0.02 0.07 1.00 0.68 0.34 0.93 
BATF3 0.11 0.20 0.12 0.00 0.22 1.00 0.75 0.51 0.77 
FOSL1::JUND(var.2) 0.07 0.18 0.00 0.00 0.15 1.00 0.71 0.42 0.71 
CREB1 0.14 0.22 0.08 0.00 0.18 1.00 0.53 0.47 0.87 
FOS::JUN(var.2) 0.07 0.26 0.00 0.05 0.18 1.00 0.66 0.53 0.93 
FOSL2::JUN(var.2) 0.12 0.23 0.00 0.05 0.13 1.00 0.69 0.42 0.92 
FOSL2::JUND(var.2) 0.07 0.20 0.00 0.00 0.11 1.00 0.61 0.43 0.90 
RELA 0.00 0.05 0.21 0.13 0.21 0.55 0.51 1.00 0.85 
REL 0.00 0.03 0.21 0.10 0.22 0.53 0.55 1.00 0.80 
CEBPA 0.10 0.04 0.08 0.08 0.57 1.00 0.00 0.65 0.64 
JUN 0.20 0.25 0.01 0.00 0.20 1.00 0.35 0.61 0.81 
JUND(var.2) 0.16 0.23 0.02 0.00 0.16 1.00 0.46 0.65 0.98 
Nfe2l2 0.36 0.42 0.15 0.00 0.33 1.00 0.42 0.54 0.52 
Bach1::Mafk 0.38 0.41 0.17 0.00 0.35 1.00 0.45 0.54 0.47 
BACH2 0.35 0.41 0.15 0.00 0.33 1.00 0.47 0.53 0.46 
MAF::NFE2 0.36 0.40 0.15 0.00 0.34 1.00 0.44 0.52 0.47 
BATF::JUN 0.28 0.41 0.08 0.00 0.29 1.00 0.54 0.53 0.46 
FOS 0.30 0.44 0.10 0.00 0.28 1.00 0.51 0.55 0.48 
FOSL1::JUND 0.29 0.44 0.09 0.00 0.29 1.00 0.52 0.54 0.49 
JUN(var.2) 0.30 0.45 0.09 0.00 0.29 1.00 0.56 0.55 0.49 
JDP2 0.30 0.47 0.08 0.00 0.29 1.00 0.56 0.57 0.50 
FOSL1::JUNB 0.31 0.45 0.09 0.00 0.30 1.00 0.51 0.55 0.51 
FOSB::JUNB 0.31 0.47 0.09 0.00 0.30 1.00 0.52 0.56 0.51 
FOSL2::JUND 0.31 0.46 0.09 0.00 0.30 1.00 0.52 0.56 0.51 
FOS::JUNB 0.31 0.46 0.09 0.00 0.30 1.00 0.52 0.56 0.53 
FOSL2::JUNB 0.30 0.46 0.09 0.00 0.29 1.00 0.53 0.56 0.52 
NFE2 0.32 0.46 0.09 0.00 0.31 1.00 0.54 0.56 0.51 
FOSL1 0.32 0.45 0.11 0.00 0.31 1.00 0.52 0.57 0.50 
JUNB 0.31 0.45 0.09 0.00 0.29 1.00 0.53 0.57 0.49 
FOSL2 0.31 0.45 0.09 0.00 0.29 1.00 0.52 0.57 0.50 
JUND 0.31 0.46 0.10 0.00 0.29 1.00 0.52 0.58 0.50 
FOS::JUN 0.30 0.46 0.09 0.00 0.30 1.00 0.53 0.56 0.50 
JUN::JUNB 0.31 0.45 0.09 0.00 0.30 1.00 0.54 0.56 0.51 
FOS::JUND 0.31 0.46 0.09 0.00 0.29 1.00 0.52 0.57 0.51 
FOSL1::JUN 0.31 0.46 0.09 0.00 0.29 1.00 0.52 0.57 0.51 
FOSL2::JUN 0.31 0.46 0.09 0.00 0.29 1.00 0.53 0.57 0.52 
PBX3 0.22 0.39 0.34 0.00 0.28 1.00 0.36 0.80 0.51 
MAFG::NFE2L1 0.23 0.31 0.13 0.00 0.32 1.00 0.29 0.38 0.42 
ATF4 0.26 0.26 0.11 0.00 0.35 1.00 0.26 0.50 0.67 
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Table 2.2. Sequence motifs with variable enrichment across cell types, continued. 

Motif beta delta alpha gamma immune stellate endothelial ductal acinar 

NRL 0.74 0.19 1.00 0.00 0.79 0.43 0.41 0.28 0.21 
Mafb 0.79 0.23 1.00 0.00 0.82 0.67 0.47 0.29 0.33 
MAFG 0.80 0.41 1.00 0.00 0.81 0.66 0.50 0.49 0.40 
MEF2B 0.66 0.35 0.54 0.65 0.52 1.00 0.75 0.00 0.20 
MAFK 0.66 0.49 0.65 0.00 0.62 1.00 0.53 0.56 0.53 
MAFF 0.63 0.47 0.62 0.00 0.61 1.00 0.49 0.57 0.55 
NR4A1 0.11 0.00 0.51 0.06 0.45 1.00 0.39 0.17 0.49 
USF1 0.44 0.35 0.35 0.00 0.60 1.00 0.63 0.33 0.89 
MITF 0.28 0.25 0.20 0.00 0.48 1.00 0.58 0.25 0.62 
HNF1B 0.28 0.58 0.73 0.75 0.31 0.00 0.18 1.00 0.80 
HNF1A 0.26 0.54 0.71 0.71 0.31 0.00 0.17 1.00 0.76 
HNF4G 0.00 0.26 0.72 0.77 0.20 0.08 0.03 0.69 1.00 
Hnf4a 0.00 0.30 0.70 0.85 0.20 0.07 0.06 0.78 1.00 
CTCF 0.22 0.26 0.67 0.98 0.67 0.00 0.56 0.46 1.00 
GATA1::TAL1 0.19 0.53 1.00 0.87 0.47 0.00 0.47 0.80 0.82 
GATA3 0.00 0.25 0.89 0.74 0.35 0.01 0.31 0.92 1.00 
GATA5 0.02 0.24 0.83 0.75 0.33 0.00 0.37 0.92 1.00 
GATA6 0.03 0.28 0.96 0.83 0.43 0.00 0.34 0.98 1.00 
GATA2 0.04 0.27 0.91 0.78 0.39 0.00 0.32 0.98 1.00 
Gata4 0.10 0.34 0.98 0.87 0.43 0.00 0.35 1.00 0.96 
Gata1 0.02 0.25 1.00 0.86 0.44 0.00 0.33 0.99 0.91 
STAT3 0.00 0.02 0.49 0.68 0.51 1.00 0.56 0.79 0.88 
STAT1 0.00 0.09 0.31 0.57 0.49 0.91 0.78 0.67 1.00 
Stat4 0.00 0.03 0.34 0.51 0.49 0.75 0.80 0.67 1.00 
ELF4 0.00 0.24 0.23 0.38 0.52 0.53 1.00 0.69 0.71 
ELF1 0.00 0.21 0.23 0.34 0.40 0.55 1.00 0.63 0.67 
ELF5 0.00 0.40 0.34 0.59 0.66 0.36 0.96 1.00 0.90 
ELF3 0.00 0.35 0.33 0.52 0.59 0.43 1.00 0.98 0.89 
EHF 0.00 0.33 0.32 0.53 0.59 0.45 1.00 0.95 0.90 
IRF8 0.00 0.45 0.51 0.92 1.00 0.67 0.51 0.71 0.92 
IRF4 0.00 0.50 0.47 0.74 1.00 0.60 0.38 0.68 0.94 
SPI1 0.00 0.15 0.07 0.26 1.00 0.24 0.67 0.43 0.35 
SPIC 0.00 0.27 0.13 0.43 1.00 0.48 0.98 0.63 0.51 
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Table 2.3. Sequence motifs differentially enriched across endocrine cell states. 

Motif GCGhigh alpha INShigh beta SSThigh delta GCGlow alpha INSlow beta SSTlow delta 

NR2F1 0.44 0.35 0.00 1.00 0.48 0.41 
MEF2C 0.21 0.35 0.00 1.00 0.67 0.37 
MEF2A 0.21 0.29 0.00 1.00 0.61 0.35 
MEF2B 0.21 0.33 0.00 1.00 0.65 0.42 
MEF2D 0.22 0.30 0.00 1.00 0.61 0.41 
TFEC 0.09 0.04 0.00 1.00 0.49 0.62 
MITF 0.00 0.02 0.02 1.00 0.53 0.64 
USF1 0.05 0.07 0.00 1.00 0.57 0.64 
NRF1 0.00 0.02 0.03 1.00 0.37 0.49 
TFEB 0.14 0.06 0.00 1.00 0.45 0.56 
TFE3 0.12 0.10 0.00 1.00 0.51 0.52 
USF2 0.06 0.05 0.00 1.00 0.47 0.53 
CREB3 0.27 0.22 0.00 1.00 0.37 0.71 
RARA 0.28 0.17 0.00 1.00 0.44 0.55 
Srebf1(var.2) 0.23 0.11 0.00 1.00 0.48 0.51 
SREBF2(var.2) 0.19 0.06 0.00 1.00 0.47 0.48 
KLF16 0.24 0.00 0.26 1.00 0.40 0.61 
SP3 0.32 0.00 0.15 1.00 0.38 0.66 
NFYA 0.38 0.00 0.24 1.00 0.30 0.70 
NFYB 0.27 0.00 0.21 1.00 0.33 0.76 
Atf1 0.11 0.00 0.03 1.00 0.20 0.48 
Crem 0.12 0.00 0.03 1.00 0.18 0.54 
Atf3 0.24 0.00 0.03 1.00 0.21 0.64 
Klf1 0.33 0.00 0.00 1.00 0.29 0.65 
Klf12 0.28 0.03 0.00 1.00 0.26 0.62 
KLF13 0.36 0.00 0.14 1.00 0.22 0.57 
SP4 0.25 0.00 0.09 1.00 0.34 0.55 
KLF14 0.32 0.00 0.10 1.00 0.31 0.55 
SP8 0.28 0.00 0.11 1.00 0.28 0.55 
PBX2 0.67 0.00 0.07 1.00 0.44 0.41 
HEY2 0.24 0.05 0.00 1.00 0.30 0.27 
MAX 0.26 0.01 0.00 1.00 0.25 0.19 
MYC 0.31 0.16 0.00 1.00 0.31 0.11 
HEY1 0.34 0.13 0.00 1.00 0.31 0.27 
ZNF384 0.33 0.15 0.00 1.00 0.35 0.32 
Arnt 0.33 0.05 0.00 1.00 0.25 0.25 
Id2 0.36 0.14 0.00 1.00 0.25 0.22 
Hes1 0.30 0.04 0.00 1.00 0.27 0.46 
Nr2f6(var.2) 0.38 0.02 0.00 1.00 0.26 0.50 
Rarg 0.36 0.07 0.00 1.00 0.33 0.50 
Creb3l2 0.27 0.10 0.00 1.00 0.36 0.35 
MLX 0.22 0.05 0.00 1.00 0.29 0.39 
BHLHE40 0.38 0.02 0.00 1.00 0.22 0.37 
Arntl 0.31 0.03 0.00 1.00 0.24 0.39 
BHLHE41 0.31 0.04 0.00 1.00 0.25 0.41 
MLXIPL 0.28 0.06 0.00 1.00 0.27 0.36 
Tcfl5 0.28 0.03 0.00 1.00 0.21 0.36 
DUX4 0.00 0.33 0.53 0.84 0.77 1.00 
DUXA 0.00 0.57 0.64 0.63 0.84 1.00 
ATF4 0.03 0.00 0.10 0.74 0.88 1.00 
Bach1::Mafk 0.00 0.19 0.19 0.76 0.71 1.00 
MAF::NFE2 0.00 0.16 0.18 0.77 0.70 1.00 
BACH2 0.00 0.15 0.20 0.78 0.68 1.00 
Nfe2l2 0.00 0.14 0.19 0.76 0.68 1.00 
FOS::JUND 0.00 0.11 0.26 0.79 0.65 1.00 
FOSL2 0.00 0.11 0.26 0.78 0.65 1.00 
JUN(var.2) 0.00 0.11 0.25 0.77 0.64 1.00 
JUNB 0.00 0.11 0.26 0.77 0.64 1.00 
FOSL1 0.00 0.11 0.25 0.78 0.65 1.00 
FOS 0.00 0.10 0.25 0.78 0.64 1.00 
JUND 0.00 0.11 0.25 0.78 0.64 1.00 
Pax2 0.00 0.11 0.29 0.82 0.64 1.00 
JUN::JUNB 0.00 0.10 0.25 0.82 0.66 1.00 
NFE2 0.00 0.12 0.25 0.80 0.67 1.00 
BATF::JUN 0.00 0.10 0.23 0.79 0.64 1.00 
FOSB::JUNB 0.00 0.11 0.26 0.80 0.65 1.00 
FOS::JUN 0.00 0.10 0.25 0.80 0.64 1.00 
FOSL1::JUN 0.00 0.11 0.25 0.79 0.65 1.00 
FOS::JUNB 0.00 0.11 0.25 0.80 0.65 1.00 
FOSL2::JUN 0.00 0.11 0.25 0.80 0.65 1.00 
FOSL1::JUND 0.00 0.09 0.24 0.80 0.64 1.00 
FOSL1::JUNB 0.00 0.10 0.24 0.80 0.64 1.00 
FOSL2::JUND 0.00 0.10 0.25 0.81 0.65 1.00 
FOSL2::JUNB 0.00 0.10 0.25 0.81 0.64 1.00 
JDP2 0.00 0.10 0.25 0.80 0.64 1.00 
KLF4 0.06 0.00 0.05 0.68 0.36 1.00 
PPARG 0.00 0.07 0.23 0.51 0.49 1.00 
PBX3 0.24 0.00 0.15 1.00 0.64 0.95 
EGR2 0.12 0.00 0.09 0.82 0.46 1.00 
TBX1 0.21 0.00 0.11 0.86 0.40 1.00 
ZNF24 0.21 0.00 0.23 0.82 0.41 1.00 
EGR3 0.18 0.00 0.21 0.89 0.52 1.00 
MGA 0.17 0.00 0.18 0.93 0.43 1.00 
TBX15 0.17 0.00 0.18 0.93 0.43 1.00 
FOSB::JUNB(var.2) 0.00 0.05 0.12 1.00 0.43 0.88 
FOSL2::JUND(var.2) 0.00 0.06 0.12 1.00 0.46 0.88 
CREB1 0.00 0.06 0.08 1.00 0.45 0.84 
FOSB::JUN 0.00 0.04 0.09 1.00 0.43 0.87 
FOSL1::JUN(var.2) 0.00 0.03 0.10 1.00 0.41 0.87 
JUNB(var.2) 0.00 0.01 0.10 1.00 0.34 0.82 
ATF7 0.01 0.00 0.08 1.00 0.34 0.81 
Creb5 0.00 0.00 0.08 1.00 0.33 0.82 
JUN::JUNB(var.2) 0.00 0.01 0.09 1.00 0.39 0.87 
FOSL2::JUNB(var.2) 0.00 0.00 0.10 1.00 0.38 0.83 
JDP2(var.2) 0.00 0.02 0.08 1.00 0.41 0.83 
BATF3 0.00 0.00 0.03 1.00 0.35 0.73 
HSF2 0.02 0.09 0.00 1.00 0.44 0.78 
EGR4 0.15 0.11 0.00 0.86 0.56 1.00 
HSF1 0.17 0.18 0.00 1.00 0.52 0.79 
HSF4 0.12 0.06 0.00 1.00 0.44 0.88 
XBP1 0.15 0.19 0.00 1.00 0.42 0.93 
FOS::JUN(var.2) 0.00 0.05 0.19 1.00 0.48 0.94 
FOSL2::JUN(var.2) 0.00 0.11 0.17 1.00 0.52 0.93 
SREBF1 0.05 0.10 0.00 1.00 0.54 0.93 
JUND(var.2) 0.00 0.09 0.11 1.00 0.58 0.93 
FOSL1::JUND(var.2) 0.00 0.03 0.11 1.00 0.50 0.92 
SREBF2 0.05 0.00 0.09 1.00 0.55 0.97 
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Table 2.3. Sequence motifs differentially enriched across endocrine cell states, continued. 

Motif GCGhigh alpha INShigh beta SSThigh delta GCGlow alpha INSlow beta SSTlow delta 

JUN 0.00 0.13 0.18 1.00 0.72 1.00 
MAFG::NFE2L1 0.00 0.06 0.13 0.87 0.60 1.00 
TEAD1 0.57 0.00 0.21 1.00 0.56 0.88 
TEAD4 0.54 0.00 0.19 1.00 0.53 0.85 
TEAD2 0.49 0.00 0.21 1.00 0.58 0.88 
TEAD3 0.48 0.00 0.17 1.00 0.64 0.90 
ESR1 0.34 0.36 0.00 1.00 0.79 0.90 
MAFF 0.49 0.48 0.00 1.00 0.77 1.00 
MAFK 0.51 0.50 0.00 1.00 0.74 0.98 
EHF 0.94 0.00 1.00 0.38 0.10 0.61 
ELF3 0.90 0.00 1.00 0.27 0.09 0.52 
ELF5 0.82 0.00 1.00 0.32 0.14 0.53 
IRF9 0.74 0.04 1.00 0.15 0.00 0.16 
IRF4 0.84 0.10 1.00 0.26 0.00 0.31 
IRF8 0.95 0.12 1.00 0.23 0.00 0.22 
CTCF 1.00 0.61 0.61 0.59 0.03 0.00 
Bhlha15 1.00 0.41 0.69 0.34 0.00 0.21 
NEUROD2 1.00 0.46 0.60 0.41 0.00 0.24 
BHLHE22 1.00 0.36 0.53 0.39 0.00 0.20 
BHLHE23 1.00 0.37 0.53 0.40 0.00 0.21 
Atoh1 1.00 0.38 0.56 0.39 0.00 0.18 
OLIG1 1.00 0.39 0.56 0.37 0.00 0.20 
OLIG2 1.00 0.36 0.44 0.39 0.00 0.24 
OLIG3 1.00 0.34 0.50 0.44 0.00 0.29 
HNF1A 1.00 0.00 0.77 0.87 0.27 0.41 
HNF1B 1.00 0.00 0.82 0.79 0.25 0.43 
Gata1 1.00 0.00 0.27 0.58 0.03 0.16 
GATA2 1.00 0.02 0.29 0.54 0.00 0.17 
Gata4 1.00 0.00 0.30 0.55 0.01 0.17 
GATA5 1.00 0.01 0.31 0.54 0.00 0.15 
GATA3 1.00 0.00 0.30 0.55 0.01 0.19 
GATA6 1.00 0.00 0.28 0.57 0.01 0.18 
GATA1::TAL1 1.00 0.08 0.45 0.48 0.00 0.33 
Hnf4a 1.00 0.00 0.53 0.66 0.05 0.19 
HNF4G 1.00 0.00 0.48 0.67 0.07 0.11 
FOXP2 0.81 0.86 0.48 0.51 1.00 0.00 
Foxo1 0.93 1.00 0.58 0.63 0.99 0.00 
FOXK1 1.00 0.91 0.45 0.69 0.96 0.00 
FOXP1 1.00 0.88 0.50 0.68 0.98 0.00 
FOXP3 1.00 0.90 0.49 0.67 0.96 0.00 
FOXO6 1.00 0.90 0.49 0.67 0.96 0.00 
FOXO4 1.00 0.90 0.49 0.67 0.96 0.00 
FOXL1 1.00 0.90 0.49 0.67 0.96 0.00 
FOXD2 1.00 0.90 0.49 0.67 0.96 0.00 
FOXI1 1.00 0.90 0.49 0.67 0.96 0.00 
NRL 1.00 0.88 0.13 0.35 0.34 0.00 
Mafb 1.00 0.89 0.00 0.55 0.41 0.06 
MAFG 1.00 0.81 0.00 0.66 0.46 0.27 
FOXA1 1.00 0.72 0.61 0.42 0.56 0.00 
Foxa2 1.00 0.74 0.59 0.46 0.61 0.00 
FOXC2 1.00 0.69 0.43 0.65 0.71 0.00 
FOXB1 1.00 0.58 0.41 0.64 0.47 0.00 
FOXC1 1.00 0.64 0.41 0.65 0.56 0.00 
Alx1 0.00 0.68 1.00 0.41 0.76 0.91 
Hoxa9 0.00 0.64 1.00 0.44 0.83 0.96 
GSX1 0.00 0.90 1.00 0.32 0.82 0.86 
Lhx8 0.00 0.93 1.00 0.33 0.85 0.86 
PAX4 0.00 0.93 1.00 0.33 0.85 0.86 
EMX1 0.00 0.85 1.00 0.30 0.78 0.89 
GSX2 0.00 0.79 1.00 0.38 0.79 0.87 
NHLH1 0.70 1.00 0.93 0.00 0.57 0.28 
Myod1 0.75 1.00 0.91 0.00 0.54 0.25 
ZBTB18 0.75 1.00 0.93 0.00 0.58 0.25 
TFAP4 0.74 1.00 0.80 0.00 0.53 0.19 
ASCL1 0.70 1.00 0.89 0.00 0.50 0.24 
NEUROD1 0.72 1.00 0.88 0.00 0.47 0.26 
Myog 0.66 1.00 0.87 0.00 0.55 0.25 
TWIST1 0.68 1.00 0.88 0.00 0.56 0.19 
Ascl2 0.68 1.00 0.88 0.00 0.52 0.22 
Tcf12 0.69 1.00 0.86 0.00 0.52 0.19 
NKX2-3 0.74 1.00 0.89 0.03 0.40 0.00 
MYF6 0.77 0.84 1.00 0.00 0.38 0.23 
MSC 0.85 0.95 1.00 0.00 0.45 0.15 
Tcf21 0.83 0.98 1.00 0.00 0.44 0.18 
TAL1::TCF3 0.81 1.00 0.93 0.00 0.40 0.20 
ZEB1 0.91 1.00 0.92 0.00 0.37 0.16 
ID4 0.99 0.87 1.00 0.00 0.40 0.01 
NEUROG2 1.00 0.88 0.86 0.00 0.26 0.25 
NFATC1 0.89 1.00 0.76 0.32 0.53 0.00 
NFATC3 0.88 1.00 0.76 0.28 0.46 0.00 
MTF1 0.94 1.00 0.82 0.42 0.46 0.00 
NFAT5 1.00 0.95 0.75 0.34 0.48 0.00 
NFIC 0.46 1.00 0.53 0.00 0.69 0.19 
NFATC2 0.82 1.00 0.58 0.20 0.56 0.00 
Nkx2-5(var.2) 0.81 1.00 0.38 0.00 0.50 0.08 
FIGLA 0.51 0.45 1.00 0.00 0.13 0.16 
ISL2 0.26 0.51 1.00 0.00 0.26 0.38 
Nkx3-1 0.42 0.44 1.00 0.00 0.12 0.31 
NKX3-2 0.38 0.52 1.00 0.00 0.20 0.35 
SPIB 0.59 0.45 1.00 0.00 0.52 0.46 
EWSR1-FLI1 0.62 0.78 1.00 0.00 0.62 0.27 
SOX10 0.50 0.68 1.00 0.00 0.56 0.34 
Bcl6 1.00 0.54 0.67 0.00 0.53 0.22 
Stat5a::Stat5b 1.00 0.65 0.58 0.00 0.41 0.26 
STAT1 1.00 0.62 0.71 0.00 0.26 0.28 
TCF4 1.00 0.64 0.68 0.11 0.20 0.00 
STAT3 1.00 0.67 0.72 0.00 0.27 0.08 
Stat4 1.00 0.63 0.68 0.00 0.26 0.14 
STAT1::STAT2 0.70 0.32 1.00 0.00 0.27 0.05 
IRF2 0.84 0.34 1.00 0.09 0.15 0.00 
IRF3 0.81 0.19 1.00 0.10 0.10 0.00 
RFX5 0.72 0.82 1.00 0.08 0.16 0.00 
RFX4 0.70 0.77 1.00 0.16 0.10 0.00 
RFX2 0.69 0.79 1.00 0.13 0.14 0.00 
RFX3 0.71 0.79 1.00 0.13 0.14 0.00 
Rfx1 0.88 0.80 1.00 0.04 0.14 0.00 
SNAI2 0.91 0.63 1.00 0.00 0.22 0.03 
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Table 2.4. Primer sequences. 

Description Sequence 

rs7482891  
construct primer left AGAGGTCTGAGGAGCCCTTG 
construct primer right TAGACCCTGCAGAGCCACAG   
rs34584161  
construct primer left AAGCTGACAGACAGAGGGTCA 
construct primer right GGGCTTCATAAACATCAGCA   
rs17712208  
construct primer left AAGCCCACCTTCGTAAACAT 
construct primer right TGAAGTAGCTCCCAGTGAAGG   
rs78840640  
construct primer left CACAATGAAGCCATGTCCTTT 
construct primer right TCAGCTTTCTATTTTGGGGAAA   
rs4679370  
construct primer left TCAATGTCTACCTCAAAATTCTTTGT 
construct primer right CACTGCAGCCTTAAACTCCTG   
rs7482891  
SDM primer left ACTGGTGCCCgCTCCCCGCGT 
SDM primer right CCCAGGGCACAGACGTGCTG   
rs17712208  
SDM primer left  GGAGCTATGGaTAATTATTGACTG 
SDM primer right  ATTAACGATCCAGTCAGC   
rs78840640  
SDM primer left  ATCAGATTTGgTGAGAAAGAAGAAC 
SDM primer right GCCCATCAATTCTGAGCATG   
rs4679370  
SDM primer left  ATCAGTAAGCcCCTAAAGCCTG 
SDM primer right  TAACTTGAGGCAATGGTG   
Deletion  
sgRNA oligos:  
KCNQ1_sgRNA1-s: ACTGTCGGGCCCATCTGCCA 
KCNQ1_sgRNA1-as:  TGGTTGGATCTGTTGCGGGG   
Genotyping primers:  
Span-F: AGTGGGGCCATGAACAATAA 
Span-R: GCCTGAGTTTCCGTGACTGT   
Base editing  
sgRNA oligos:  
KCNQ1_base 
editing_sgRNA1-s: CACCGTGCCTAGAGACAAGCTACCA 
KCNQ1_base 
editing_sgRNA1-as:  aaacTGGTAGCTTGTCTCTAGGCAC   

ssODN: 
ACCCTGCACATGACGGGCGAGGGAAGAGGACCATGGTAACTTGTCTCTAGGCAACCCATAGGTGCCCAATGGAGAGATAATCTCAAATATGGTAGCAGAGTTCAGACT
CAGTGGCTTTCAGATGGTT   

Genotyping primers:  
Span-F: ATGTGCCTAGAGGCCTGAGA 
Span-R:  TGAGGGACCTACCAAGGATG   
qPCR  
hu-TBP-F: ATTAAGGGAGGGAGTGGCAC 
hu-TBP-R: GCTTTGCTTCCCTTTCCCAA 
hu-INS-F: AAGAGGCCATCAAGCAGATCA 
hu-INS-R: CAGGAGGCGCATCCACA 
hu-CDKN1C-F: AGATCAGCGCCTGAGAAGTCGT 
hu-CDKN1C-R: TCGGGGCTCTTTGGGCTCTAAA 
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2.9 Data and Code Availability 

Raw sequencing data have been deposited into the NCBI Gene Expression Omnibus 

(GEO) with accession numbers GSE160472, GSE160473, and GSE163610. Processed data files 

and annotations for snATAC-seq are available through the Diabetes Epigenome Atlas 

(https://www.diabetesepigenome.org/). All other data are either contained within the article or 

available upon request to the corresponding author.  

Code for processing and clustering the snATAC-seq datasets is available at: 

https://github.com/kjgaulton/pipelines/tree/master/islet_snATAC_pipeline.  
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Chapter 3: Cell type-specific genetic mechanisms of type 1 

diabetes risk 

 

3.1 Abstract 

Genetic risk variants identified in genome-wide association studies (GWAS) of complex 

disease are primarily non-coding, and translating risk variants into mechanistic insight requires 

detailed gene regulatory maps in disease-relevant cell types. Here, we combined a GWAS of type 

1 diabetes (T1D) in 520,580 samples with candidate cis-regulatory elements (cCREs) in pancreas 

and peripheral blood mononuclear cell types defined using single nucleus ATAC-seq (snATAC-

seq) of 131,554 nuclei. T1D risk variants were enriched in cCREs active in T-cells and additional 

cell types including acinar and ductal cells of the exocrine pancreas. Risk variants at multiple T1D 

signals overlapped exocrine-specific cCREs linked to genes with exocrine-specific expression. At 

the CFTR locus, T1D risk variant rs7795896 mapped in a ductal-specific cCRE which regulated 

CFTR, and the risk allele reduced ductal cell transcription factor binding, enhancer activity and 

CFTR expression. These findings support a role for the exocrine pancreas in T1D pathogenesis 

and highlight the power of large-scale GWAS and single cell epigenomics in understanding the 

cellular origins of complex disease.  
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3.2 Introduction 

Type 1 diabetes (T1D) is a complex autoimmune disease characterized by the loss of 

insulin-producing pancreatic beta cells1, where the triggers of autoimmunity and disease onset 

remain poorly understood. T1D has a strong genetic component, most prominently at the major 

histocompatibility complex (MHC) locus, but also from 59 additional risk loci2–4. T1D risk variants 

are largely non-coding, and intersection of risk variants with epigenomic data has identified 

enrichment within lymphoid enhancers2. However, due to limited sample sizes, incomplete variant 

coverage, and limited cell type resolution of existing epigenomic maps, the causal variants and 

cellular mechanisms of action of T1D risk loci are largely unresolved. 

3.3 Results 

3.3.1 Comprehensive discovery and fine mapping of T1D risk signals 

We performed a GWAS of 18,942 T1D cases and 501,638 controls of European ancestry 

from 9 cohorts (Table 3.1). After applying uniform quality-control (Figure S3.1), we imputed 

genotypes into the TOPMed r2 panel and tested for T1D association5. Through meta-analysis, 

we combined association results for 61,947,369 variants and observed 81 loci reaching genome-

wide significance (P<5×10-8), including 48 of 59 known loci and 33 previously unreported loci 

(Figure 3.1a, Figure S3.2, Table 3.2). At 92 total loci (59 known and 33 novel), we discovered 

44 independent signals using FINEMAP, of which 36 were previously unreported (Figure S3.3, 

Table 3.2). Nearly a third (32%; 29/92) of loci contained more than one signal; for example, the 

PTPN2 and BCL11A loci each had three signals (Figure 3.1b, Figure 3.1c).  

We next fine-mapped causal variants for 136 T1D signals including 92 main and 44 

independent signals (Figure 3.1c). We used FINEMAP to obtain the posterior probability of 

association (PPA) for tested variants and define 99% credible sets for each signal. (Table 3.3). 

Compared to a previous study6, fine-mapping resolution was improved based on credible set size 

and maximum posterior probability (Figure 3.1d, Figure S3.4). The median credible set size was 
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31 variants, where nearly a quarter (24%; 32/136) contained 5 or fewer variants, and 28% 

(38/136) contained a single variant with >0.50 PPA (Figure 1c). Credible sets at 15% (21/136) of 

signals contained a nonsynonymous variant with PPA>0.01, including novel loci AIRE 

p.Arg471Cys (PPA=0.99), BATF3 p.Val11Ile (PPA=0.078), PRF1 p.Ala91Val (PPA=0.28), and 

INPP5B p.Gly250Cys (PPA=0.055) (Table 3.4).  

The TOPMed r2 panel enables more accurate imputation of rare variants. We identified 

four novel variants with minor allele frequency (MAF)<0.005 and large effects on T1D (Figure 

S3.5a). Among these, rs541856133 (MAF=0.0015, OR=3.01, 95% CI=2.33-3.89) mapped directly 

upstream of CEL, a gene implicated as causal for maturity-onset diabetes of the young (MODY8)7. 

We also identified a novel protein-coding protective variant at IFIH1 (p.Asn160Asp, rs75671397, 

MAF=0.002, OR=0.35, 95% CI=0.22-0.55) independent of known signals in this gene. Two 

additional non-coding risk variants mapped to SH2B3 (rs570074821, MAF=0.0019, OR=1.89, 

95% CI=1.37-2.61) and CAMK4 (rs72663304, MAF=0.0013, OR=2.54, 95% CI=1.72-3.76) 

(Figure S3.5b).  

We characterized genetic correlations between T1D and other complex traits and 

diseases with LD score regression. In line with previous reports2,8, T1D had significant 

(FDR<0.10) positive correlations with autoimmune diseases such as rheumatoid arthritis (rg=0.44, 

FDR=7.52×10-5) and systemic lupus erythematosus (rg=0.35, FDR=5.05×10-7), and negative 

correlation with ulcerative colitis (rg=-0.18, FDR=1.95×10-3) (Figure S3.6). We also observed 

significant positive correlations with metabolic traits such as fasting insulin level (rg=0.18, 

FDR=4.04×10-3), coronary artery disease (rg=0.12, FDR=1.23×10-2), and type 2 diabetes (rg=0.10, 

FDR=1.95×10-3). These results demonstrate relationships between genetic effects on T1D and 

autoimmune and metabolic disease.  
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3.3.2 Defining cell type-specific cis-regulatory programs in T1D-relevant tissues 

The majority of T1D risk likely affects gene regulation2. To annotate T1D risk variants, we 

generated an accessible chromatin reference map using snATAC-seq of peripheral blood and 

pancreas from non-diabetic donors (Table 3.5). We used a modified pipeline9 to group chromatin 

accessibility profiles from 131,554 cells into 28 clusters (Figure 3.2a, Figure S3.7) and assigned 

cell type identities using chromatin accessibility at known marker genes (Table 3.6). For example, 

chromatin accessibility at C1QB marked pancreas tissue-resident macrophages, REG1A marked 

acinar cells, and CFTR marked ductal cells (Figure 3.2b). We also observed patterns of chromatin 

accessibility at marker genes for distinct cell sub-types, such as FOXP3 for regulatory T-cells 

(Figure 3.2b). To relate cell type-resolved accessible chromatin to gene expression, we created 

a single cell RNA-seq (scRNA-seq) reference map in peripheral blood and pancreas. We 

assigned cell type identities for 90,495 cells in 29 clusters, which largely identified similar cell 

types and proportions as snATAC-seq (Figure S3.8).  

To characterize cis-regulatory programs, we aggregated reads from cells within each 

snATAC-seq cluster and identified accessible chromatin peaks representing cCREs. There were 

448,142 cCREs across all 28 clusters and an average of 77,812 cCREs per cluster. We also 

aggregated reads from cells within each snRNA-seq cluster to derive normalized expression 

(transcripts per million, TPM). To delineate regulatory programs specifying each cell type, we 

identified 25,436 cCREs with accessibility patterns most specific to each cluster (Figure 3.2c). 

Genes within 100 kb of cell type-specific cCREs had more cell type-specific expression relative 

to other cCREs (Figure S3.9). Cell type-specific cCREs were also strongly enriched for GO terms 

representing highly specialized cellular processes (Figure 3.2c).  

We defined transcriptional regulators of cCRE activity by assessing transcription factor 

(TF) motif enrichment using chromVAR. Enriched TF motifs included those with lineage, cell type, 

and cell state specificity (Figure 3.2d). As TFs within subfamilies often have similar motifs, we 
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grouped TFs into subfamilies to identify TFs with matching cell type expression and motif 

enrichment patterns (Table 3.7). For example, FOXA subfamily TFs FOXA2 and FOXA3 were 

specifically expressed in pancreatic endocrine and exocrine cells, HNF1 subfamily TF HNF1B 

was specifically expressed in ductal cells, and ROR subfamily TF RORC was specifically 

expressed in memory CD8+ T-cells (Figure 3.2d, Table 3.7). 

As the target genes of cCRE activity are largely unknown, we identified cell type-resolved 

co-accessibility links between distal (non-promoter) cCREs and putative target gene promoters 

using Cicero. Across all cell types, we observed a total of 1,028,428 links (co-accessibility>0.05) 

between distal cCREs and gene promoters. Co-accessible links were often cell type-specific; for 

example, multiple distal cCREs were co-accessible with the AQP1 promoter in ductal cells and 

the CEL promoter in acinar cells (Figure 3.2e). In nearly every cell type, target genes co-

accessible with distal cCREs were more likely to be expressed in the cell type compared to 

matched non-co-accessible genes (Figure S3.10).  

3.3.3 Annotating T1D risk variants with cell type-specific regulatory programs 

We determined enrichment of variants associated with T1D and other complex traits and 

diseases for cell type cCREs using stratified LD score regression. For T1D, the most significant 

enrichment was in T cell cCREs (naïve T Z=5.57, FDR=2.26×10-5; memory CD8+ T Z=4.80, 

FDR=4.67×10-4; activated CD4+ T Z=4.62, FDR=6.74×10-4; cytotoxic CD8+ T Z=4.49 

FDR=1.09×10-3; regulatory T Z=3.26, FDR=7.23×10-3) and adaptive NK cells (Z=3.50, 

FDR=9.93×10-3) (Figure 3.3a). Notably, we did not observe enrichment in pancreatic resident 

immune cells (CD8+ T Z=0.65, FDR=1.0; macrophage Z=-0.56, FDR=1.0). Other immune-related 

diseases were primarily enriched within lymphocyte cCREs, while type 2 diabetes and glycemic 

traits were enriched in pancreatic endocrine, acinar, and ductal cCREs (Figure 3.3a). These 

results demonstrate that T1D variants are broadly enriched for T cell cCREs and highlight other 

traits enriched for pancreatic and immune cell cCREs.  
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Despite the strong enrichment of T1D-associated variants in T-cells, many T1D signals 

did not overlap a T-cell cCRE suggesting that additional cell types contribute to T1D risk. To 

identify additional disease-relevant cell types, we used an orthogonal approach to test for 

enrichment of T1D variants within the subset of cell type-specific cCREs with fgwas. As expected, 

T1D-associated variants were enriched in cCREs specific to T-cells and beta cells (activated 

CD4+ T ln(enrich)=4.25, 95% CI=1.11-5.43; cytotoxic CD8+ T ln(enrich)=4.04, 95% CI=0.20-

5.20); INShigh beta cells (ln(enrich)=3.58, 95% CI=0.95-4.84) (Figure 3.3b). Interestingly, T1D 

variants were also enriched in cCREs specific to plasmacytoid dendritic (pDC) (ln(enrich)=4.00, 

95% CI=1.96-5.10), classical monocytes (ln(enrich)=3.78, 95% CI=2.23-4.74), acinar 

(ln(enrich)=3.35, 95% CI=1.59-4.46) and ductal cells (ln(enrich)=3.28, 95% CI=0.18-4.69) (Figure 

3.3b).  

Given insight into key T1D-relevant cell types, we next annotated T1D signals in cCREs 

for these cell types. Over 75% (103/136) of T1D signals contained at least one variant (PPA>0.01) 

overlapping a cCRE, and at 65% (67/103) of these signals the cCRE was co-accessible with a 

gene promoter. Variants with high probabilities (PPA>0.50) were significantly more likely to map 

in a cCRE compared to other credible set variants (OR=3.9, 95% CI 1.9-7.8, P=1.9×10-4), and 

these cCREs were more likely to be co-accessible with a promoter (OR=6.1, 95% CI 1.3-55.9, 

P=7.1×10-3). For each signal, we calculated the cumulative posterior probability (cPPA) of credible 

set variants overlapping distal cCREs in each disease-enriched cell type. Numerous T1D signals 

had high cPPA in T cell cCREs and not in other disease-relevant cell types (Figure 3.3c). We 

also observed T1D signals with high cPPA in acinar and ductal (exocrine), beta cell, monocyte 

and pDC cCREs, several of which were highly cell type-specific (Figure 3.3c). For each signal, 

we further annotated genes within 1 Mb expressed in the same cell type and co-accessible with 

cCREs (Figure 3.3c).  
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Multiple T1D signals had high cPPA specifically in pancreatic exocrine cells and were 

linked to genes with exocrine-specific expression. At the GP2 locus, three variants accounted for 

0.951 PPA and mapped in an acinar-specific cCRE co-accessible with the promoter of GP2, which 

had acinar-specific expression (Figure 3.3c,d). Similarly, rs72802342 at the BCAR1 locus 

(PPA=0.30) mapped in an acinar-specific cCRE co-accessible with the promoters of CTRB1 and 

CTRB2, both of which had acinar-specific expression (Figure 3.3c,e). Other signals such as CEL 

had similar exocrine-specific profiles (Figure S3.11a-c). Exocrine cCREs at T1D loci were also 

largely specific relative to stimulated immune cell and islet accessible chromatin (Table 3.8). 

3.3.4 Risk variant at novel T1D locus has pancreatic ductal cell-specific effects on CFTR  

The CFTR locus contained a fine-mapped variant rs7795896 (PPA=0.63) in a distal cCRE 

specific to ductal cells and co-accessible with the CFTR promoter in addition to other genes 

(Figure 3.4a). Recessive mutations in CFTR cause cystic fibrosis (CF), which is often comorbid 

with exocrine pancreas insufficiency and CF-related diabetes (CFRD)10. Furthermore, carriers of 

CFTR mutations often develop chronic pancreatitis11. As CFTR has not been previously 

implicated in T1D, we sought to validate the mechanism of this locus. The T1D risk allele of 

rs7795896 significantly reduced enhancer activity (594bp sequence P=1.15×10-2, Figure 3.4b; 

180bp sequence P=3.35×10-2, Figure S3.12a) and reduced protein binding (bound fraction 

rs7795896-C=0.007, rs7795896-T=0.081; Figure 3.4c, Figure S3.12b) in Capan-1 cells. The 

variant mapped in a sequence motif for the ductal TF HNF1B, albeit in a position predicted to 

have minimal impact, and overlapped a HNF1B ChIP-seq site previously identified in ductal cells12 

(Figure S3.12c). 

To determine whether the enhancer harboring rs7795896 regulated CFTR in ductal cells, 

we used CRISPR interference (CRISPRi) to inactivate enhancer activity (CFTREnh) in Capan-1 

cells (Table 3.9). As positive and negative controls, we inactivated the CFTR promoter (CFTRProm) 

and used a non-targeting guide RNA, respectively. Quantitative PCR revealed a significant 
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reduction in CFTR expression after enhancer inactivation (ANCOVA P=9.10×10-5), whereas 

expression of other genes at the locus was unchanged (Figure 3.4d, Figure S3.12d). We 

determined whether risk variants affected CFTR expression using pancreas eQTL data from 

GTEx13. Out of 13 genes tested for association, only CFTR had evidence for an eQTL (P=4.31×10-

4), and this eQTL was colocalized with the T1D signal (PPshared=91.8%) (Figure 3.4e). We 

identified four candidate variants with evidence for driving the shared signal using eCAVIAR 

(CLPP>0.01), and only rs7795896 mapped in a cCRE. The T1D risk allele of rs7795896 was 

associated with decreased CFTR expression, consistent with effects on enhancer activity and TF 

binding. To evaluate whether the CFTR eQTL in pancreas was driven by ductal cells, we re-

calculated eQTL associations including estimated cell type proportion as an interaction term, and 

only ductal cells had significant association (P=2.37×10-4) (Figure 3.4f-g, Figure S3.12e).  

As CFTR has been implicated in pancreatic cancer14 and pancreatitis15, we asked whether 

rs7795896 was associated with these phenotypes in UK biobank and FinnGen. The T1D risk 

allele was associated with increased risk of pancreatitis (chronic pancreatitis OR=1.15, 

P=3.18×10-3; acute pancreatitis OR=1.07, P=1.15×10-2) and other pancreatic diseases (OR=1.13, 

P=4.72×10-5) (Figure 3.4h). In contrast, rs7795896 was not associated with other autoimmune 

diseases (all P>0.05). T1D signals associated with increased risk of pancreatic disease had 

significantly higher cPPA in exocrine cCREs compared to other signals (two-sided Student’s t-

test P=0.027) and no difference for T cell cCREs (P=0.36). Together, our findings support a model 

in which variants regulating CFTR and other genes in the exocrine pancreas increase risk of T1D 

and pancreatic diseases (Figure 3.4i). 

3.4 Discussion 

High-resolution mapping of both genetic variants influencing T1D risk and cell type-

specific cis-regulatory programs in T1D-relevant tissues enabled new insight into disease 

mechanisms. Risk variants at multiple novel loci mapped to genes with specialized function in 
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exocrine cells. While our results support variants in exocrine cCREs mediating T1D risk, fine-

mapping has not resolved a single variant at most loci. Risk variants in exocrine-specific cCREs 

may also function in other cell types in the context of development, environmental changes, or 

disease progression. Continued fine-mapping in trans-ethnic cohorts with systematic evaluation 

of variant function across a breadth of conditions in relevant cell types will help clarify risk 

mechanisms. Furthermore, while we linked cCREs to putative target genes using co-accessibility, 

these links represent correlations that require both sites to vary in their accessibility. Future 

studies will benefit from linking changes in chromatin to gene expression directly through single 

cell multi-omics. 

Observational studies have reported exocrine pancreas abnormalities at T1D onset16, but 

it was unknown whether this was causing disease17. Genomic studies have also identified 

changes in exocrine cell proportions in T1D18. Exocrine pancreas abnormalities in T1D have been 

considered secondary to other disease processes, such as beta cell loss causing reduced 

insulinotropic effects on exocrine cells or viral infection leading to exocrine inflammation. In 

contrast, our findings provide evidence that exocrine cells intrinsically contribute to T1D 

pathogenesis.  Reduced CFTR leads to CFRD via intra-islet inflammation and immune infiltration, 

and immune infiltration in the exocrine pancreas has been suggested to contribute to T1D19–21. 

Other implicated genes encode proteins secreted from acinar cells linked to risk of pancreatic 

disease22–24, and may contribute to an inflammatory state. We therefore hypothesize a causal role 

for pancreatic exocrine gene regulation in T1D, which may provide novel avenues for therapeutic 

discovery. 

3.5 Methods 

3.5.1 Genotype quality control and imputation 

We compiled individual-level genotype data and summary statistics of 18,942 T1D cases 

and 501,638 controls of European ancestry from public sources (Table 3.1), where T1D case 
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cohorts were matched to population control cohorts based on genotyping array (Affymetrix, 

Illumina Infinium, Illumina Omni, and Immunochip) and country of origin where possible (US, 

British, and Ireland). For the GENIE-UK cohort, because we were unable to find a matched 

country of origin control cohort, we used individuals of British ancestry (defined by individuals 

within 1.5 interquartile range of CEU/GBR subpopulations on the first 4 PCs from PCA with 

European 1000 Genomes Project samples) from the University of Michigan Health and 

Retirement study (HRS). For non-UK Biobank cohorts, we first applied individual and variant 

exclusion lists (where available) to remove low quality, duplicate, or non-European ancestry 

samples and failed genotype calls for each cohort. For control cohorts, we also used phenotype 

files (where available) to remove individuals with type 2 diabetes or autoimmune diseases.  

We then applied a uniform processing pipeline and used PLINK25 (version 1.90b6.7) to 

remove variants based on (i) low frequency (MAF<1%), (ii) missing genotypes (missing>5%), (iii) 

violation of Hardy-Weinberg equilibrium (HWE P<1×10-5
 in control cohorts and HWE P<1×10-10 in 

case cohorts), (iv) difference in allele frequency >0.2 compared to the Haplotype Reference 

Consortium r1.1 reference panel26, and (v) allele ambiguity defined as AT/GC variants with 

MAF>40%35. We further removed individuals based on (i) missing genotypes (missing>5%), (ii) 

sex mismatch with phenotype records (homchrX>0.2 for females and homchrX<0.8 for males), (iii) 

cryptic relatedness through identity-by-descent (IBD>0.2), and (iv) non-European ancestry 

through PCA with 1000 Genomes Project27 (>3 interquartile range from 25th and 75th percentiles 

of European 1KGP samples on the first 4 PCs) (Figure S3.1). Lists of independent variants for 

IBD and PCA calculations were generated using PLINK (‘--indep 50 5 2’). For the affected sib-

pair (ASP) cohort genotyped on the Immunochip, we retained only one T1D sample from each 

family selected at random. For the GRID case and 1958 Birth control cohorts genotyped on the 

Immunochip, a portion of the cases overlapped the T1DGC or 1958 Birth cohorts genotyped on 

a genome-wide array. We thus used sample IDs from the phenotype files to remove these 
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samples from the GRID and 1958 Birth cohorts and verified that no samples were duplicated 

between the Immunochip and genome-wide array datasets by checking IBD. We combined data 

for matched case and control cohorts based on genotyping array and country of origin for 

imputation. We used the TOPMed Imputation Server28 to impute genotypes into the TOPMed r2 

panel5 and removed variants based on low imputation quality (R2<0.3). Following imputation, we 

implemented post-imputation filters to remove variants based on potential genotyping or 

imputation artifacts based on empirical R2
 (genotyped variants with empirical R2<0.5 and all 

imputed variants in at least low linkage disequilibrium; LD, r2>0.3).  

For the UK Biobank cohort, we downloaded imputed genotype data from the UK Biobank 

v3 release which were imputed using a combination of the HRC and UK10K + 1000 Genomes 

reference panels. We removed individuals who had withdrawn participation from the UK biobank. 

We used phenotype data to remove individuals of non-European descent. To resolve duplicate 

samples represented in both the UK biobank and other cohorts on different genotyping arrays, 

we calculated IBD between samples in the UK biobank and cohorts of UK origin, removing 

duplicated samples from the UK biobank (IBD>0.9). Following these filters, we then used a 

combination of ICD10 codes to define 1,445 T1D cases (T1D diagnosis, insulin treatment within 

a year of diagnosis, no T2D diagnosis). We defined controls as 362,050 individuals without 

diabetes (no T1D, T2D, or gestational diabetes diagnosis) or other autoimmune diseases 

(systemic lupus erythematosus, rheumatoid arthritis, juvenile arthritis, Sjögren syndrome, 

alopecia areata, multiple sclerosis, autoimmune thyroiditis, vitiligo, celiac disease, primary biliary 

cirrhosis, psoriasis, or ulcerative colitis). We removed variants with low imputation quality 

(R2<0.3). 

For the FinnGen cohort, we downloaded GWAS summary statistics for type 1 diabetes 

(T1D_STRICT) from FinnGen freeze 3 (http://r3.finngen.fi/). This phenotype definition excluded 

individuals with type 2 diabetes from both cases and controls. 
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3.5.2 Association testing and meta-analysis 

We tested variants with MAF>1×10-5
 for association to T1D with firth bias reduced logistic 

regression using EPACTS (https://genome.sph.umich.edu/wiki/EPACTS) for non-UK Biobank 

cohorts or SAIGE29 (version 0.38) for the UK Biobank, using genotype dosages adjusted for sex 

and the first four ancestry PCs. For the UK Biobank we used SAIGE as it is designed to run on 

biobank-scale cohorts and with highly imbalanced ratios of cases vs controls. For FinnGen, we 

used association results from the freeze 3 release that were generated using SAIGE. Prior to 

meta-analysis, we used liftOver to convert GRCh37/hg19 into GRCh38/hg38 coordinates for the 

UK biobank. We then combined association results across matched cohorts through inverse-

variance weighted meta-analysis. We used liftOver to convert GRCh38/hg38 back into 

GRCh37/hg19 coordinates for the meta-analysis. We removed variants that were unable to be 

converted, were duplicated after coordinate conversion, or were located on different 

chromosomes after conversion. In total, our association data contained summary statistics for 

61,947,369 variants. To evaluate the extent to which genomic inflation was driven by the 

polygenic nature of T1D or population stratification, we used LD score regression30 to compare 

the LDSC intercept to lambda genomic control (GC). We observed an intercept of 1.07 (SE=0.03) 

compared to a lambda GC of 1.20, suggesting that the majority of the observed inflation was 

driven by polygenicity rather than population stratification.  

3.5.3 Stochastic search and fine mapping of independent signals 

We identified 59 loci (excluding the MHC locus) with T1D risk variants reported in previous 

genetic studies of T1D2–4,31, and considered a locus in our study known if the most associated 

variant mapped within 500 kb of a previously reported T1D variant. We defined 33 novel loci 

where a variant reached genome-wide significance (P<5×10-8), and both mapped at least 500 kb 

away and was not in LD (r2<0.01) with a previously reported T1D variant. At 92 (59 known and 33 
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novel) loci, we defined the ‘index’ variant as the variant with strongest T1D association at the 

locus.  

For all 92 loci, we used a 1 Mb window around the index variant as the region for fine-

mapping using FINEMAP32 (version 1.4). For each region, we first filtered for variants with 

MAF>0.0005 and constructed pairwise LD matrices with PLINK25 ( ‘--r --square --keep-allele-

order’) using the TOPMed2-imputed cohorts with genome-wide coverage (DCCT-EDIC, GENIE-

ROI, GENIE-UK, GoKinD, T1DGC, WTCCC1-T1D and their respective control cohorts). We then 

applied FINEMAP using these matrices to conduct shotgun stochastic search and Bayesian fine-

mapping using the default prior (‘--sss --n-causal-snps 10 --prob-cred-set 0.99 --prior-std 0.05’). 

We selected the number of independent signals (causal variants) for each region based on the 

configuration with the highest FINEMAP posterior probability and used 99% credible sets from 

the FINEMAP output for the resulting signals. We calculated the effective sample size for all 

credible set variants, and no credible set variant with PPA>0.01 had <50% of the maximum 

effective sample size. We compared fine-mapping results to a previous fine-mapping dataset6. At 

56 signals in common to both studies, we calculated the number of variants in the 99% credible 

set and the probability of the most likely causal variant.  

3.5.4 GWAS correlation analyses 

We used LD score regression30,33 (version 1.0.1) to estimate genome-wide genetic 

correlations between T1D and immune diseases34–42, other diseases43–53, and non-disease 

traits54–72, using European subsets of GWAS where applicable. For acute pancreatitis, chronic 

pancreatitis, and pancreatic cancer, we used inverse variance weighted meta-analysis to combine 

SAIGE analysis results from the UK biobank29 (PheCodes 577.1, 577.2, and 157) and FinnGen 

r3 (K11_ACUTPANC, K11_CHRONPANC, C3_PANCREAS_EXALLC). We used pre-computed 

European 1000 Genomes LD scores to calculate correlation estimates (rg) and standard errors. 

We then corrected p-values for multiple tests using FDR correction and considered FDR<0.1 as 
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significant. We also performed genetic correlation analyses using a version of the T1D meta-

analysis excluding the Immunochip cohorts and observed highly similar results.  

3.5.5 Generation of snATAC-seq libraries 

Combinatorial indexing single cell ATAC-seq (snATAC-seq/sci-ATAC-seq). snATAC-seq 

was performed as described previously9,73,74 with several modifications as described below. For 

the islet samples, approximately 3,000 islet equivalents (IEQ, roughly 1,000 cells each) were 

resuspended in 1 mL nuclei permeabilization buffer (10mM Tris-HCL (pH 7.5), 10mM NaCl, 3mM 

MgCl2, 0.1% Tween-20 (Sigma), 0.1% IGEPAL-CA630 (Sigma) and 0.01% Digitonin (Promega) 

in water) and homogenized using 1mL glass dounce homogenizer with a tight-fitting pestle for 15 

strokes. Homogenized islets were incubated for 10 min at 4°C and filtered with 30 µm filter 

(CellTrics). For the pancreas samples, frozen tissue was pulverized with a mortar and pestle while 

frozen and immersed in liquid nitrogen. Approximately 22 mg of pulverized tissue was then 

transferred to an Eppendorf tube and resuspended in 1 mL of cold permeabilization buffer for 10 

minutes on a rotator at 4°C. Permeabilized sample was filtered with a 30µm filter (CellTrics), and 

the filter was washed with 300 µL of permeabilization buffer to increase nuclei recovery. 

Once permeabilized and filtered, nuclei were pelleted with a swinging bucket centrifuge 

(500×g, 5 min, 4°C; 5920R, Eppendorf) and resuspended in 500 µL high salt tagmentation buffer 

(36.3 mM Tris-acetate (pH = 7.8), 72.6 mM potassium-acetate, 11 mM Mg-acetate, 17.6% DMF) 

and counted using a hemocytometer. Concentration was adjusted to 4500 nuclei/9 µL, and 4,500 

nuclei were dispensed into each well of a 96-well plate. Glycerol was added to the leftover nuclei 

suspension for a final concentration of 25 % and nuclei were stored at -80°C. For tagmentation, 

1 µL barcoded Tn5 transposomes were added using a BenchSmart™ 96 (Mettler Toledo), mixed 

five times and incubated for 60 min at 37°C with shaking (500 rpm). To inhibit the Tn5 reaction, 

10 µL of 40 mM EDTA were added to each well with a BenchSmart™ 96 (Mettler Toledo) and the 

plate was incubated at 37°C for 15 min with shaking (500 rpm). Next, 20 µL 2 x sort buffer (2 % 
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BSA, 2 mM EDTA in PBS) were added using a BenchSmart™ 96 (Mettler Toledo). All wells were 

combined into a FACS tube and stained with 3 µM Draq7 (Cell Signaling). Using a SH800 (Sony), 

20 nuclei were sorted per well into eight 96-well plates (total of 768 wells) containing 10.5 µL EB 

(25 pmol primer i7, 25 pmol primer i5, 200 ng BSA (Sigma)). Preparation of sort plates and all 

downstream pipetting steps were performed on a Biomek i7 Automated Workstation (Beckman 

Coulter). After addition of 1 µL 0.2% SDS, samples were incubated at 55°C for 7 min with shaking 

(500 rpm). We added 1 µL 12.5% Triton-X to each well to quench the SDS and 12.5 µL NEBNext 

High-Fidelity 2× PCR Master Mix (NEB). Samples were PCR-amplified (72°C 5 min, 98°C 30 s, 

(98°C 10 s, 63°C 30 s, 72°C 60 s) × 12 cycles, held at 12°C). After PCR, all wells were combined. 

Libraries were purified according to the MinElute PCR Purification Kit manual (Qiagen) using a 

vacuum manifold (QIAvac 24 plus, Qiagen) and size selection was performed with SPRI Beads 

(Beckmann Coulter, 0.55x and 1.5x). Libraries were purified one more time with SPRI Beads 

(Beckmann Coulter, 1.5x). Libraries were quantified using a Qubit fluorimeter (Life technologies) 

and the nucleosomal pattern was verified using a TapeStation (High Sensitivity D1000, Agilent). 

The library was sequenced on a HiSeq2500 sequencer (Illumina) using custom sequencing 

primers, 25% spike-in library and following read lengths: 50+43+40+50 

(Read1+Index1+Index2+Read2).  

Droplet-based 10x single cell ATAC-seq (scATAC-seq). 10x scATAC-seq protocol from 

10x Genomics was followed: Chromium SingleCell ATAC ReagentKits UserGuide (CG000209, 

Rev A). Cryopreserved PBMC samples were thawed in 37°C water bath for 2 min and followed 

‘PBMC thawing protocol’ in the UserGuide. After thawing cells, the pellets were resuspended 

again in 1 mL chilled PBS (with 0.04% PBS) and filtered with 50 μm CellTrics (04-0042-2317, 

Sysmex). The cells were centrifuged (300×g, 5 min, 4°C) and permeabilized with 100 μl of chilled 

lysis buffer (10 mM Tris-HCl pH 7.4, 10 mM NaCl, 3 mM MgCl2, 0.1% Tween-20, 0.1% IGEPAL-

CA630, 0.01% digitonin and 1% BSA). The samples were incubated on ice for 3 min and 
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resuspended with 1mL chilled wash buffer (10 mM Tris-HCl pH 7.4, 10 mM NaCl, 3 mM MgCl2, 

0.1% Tween-20 and 1% BSA). After centrifugation (500×g, 5 min, 4°C), the pellets were 

resuspended in 100 µL of chilled Nuclei buffer (2000153, 10x Genomics). The nuclei 

concentration was adjusted between 3,000 to 7,000 per μl and 15,300 nuclei which targets 10,000 

nuclei was used for the experiment. For pancreas tissue (pulverized as described above), 

approximately 31.7 mg of pulverized tissue was transferred to a LoBind tube (Eppendorf) and 

resuspended in 1 mL of cold permeabilization buffer (10mM Tris-HCL (pH 7.5), 10mM NaCl, 3mM 

MgCl2, 0.1% Tween-20 (Sigma), 0.1% IGEPAL-CA630 (Sigma), 0.01% Digitonin (Promega) and 

1% BSA (Proliant 7500804) in water) for 10 min on a rotator at 4°C. Permeabilized nuclei were 

filtered with 30 µm filter (CellTrics). Filtered nuclei were pelleted with a swinging bucket centrifuge 

(500×g, 5 min, 4°C; 5920R, Eppendorf) and resuspended in 1 mL Wash buffer (10mM Tris-HCL 

(pH 7.5), 10mM NaCl, 3mM MgCl2, 0.1% Tween-20, and 1% BSA (Proliant 7500804) in molecular 

biology-grade water). Nuclei wash was repeated once. Next, washed nuclei were resuspended in 

30 µL of 1X Nuclei Buffer (10X Genomics). Nuclei were counted using a hemocytometer, and 

finally the nuclei concentration was adjusted to 3,000 nuclei/µL. 15,360 nuclei were used as input 

for tagmentation. 

Nuclei were diluted to 5 μl with 1X Nuclei buffer (10x Genomics) and, mixed with ATAC 

buffer (10x Genomics) and ATAC enzyme (10x Genomics) for tagmentation (60 min, 37°C). 

Single cell ATAC-seq libraries were generated using the (Chromium Chip E Single Cell ATAC kit 

(10x Genomics, 1000086) and indexes (Chromium i7 Multiplex Kit N, Set A, 10x Genomics, 

1000084) following manufacturer instructions. Final libraries were quantified using a Qubit 

fluorimeter (Life technologies) and the nucleosomal pattern was verified using a TapeStation 

(High Sensitivity D1000, Agilent). Libraries were sequenced on a NextSeq 500 and HiSeq 4000 

sequencer (Illumina) with following read lengths: 50+8+16+50 (Read1+Index1+Index2+Read2). 
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3.5.6 Single cell chromatin accessibility data processing 

Prior to read alignment, we used trim_galore (version 0.4.4) to remove adapter sequences 

from reads using default parameters. We aligned reads to the hg19 reference genome using bwa 

mem75 (version 0.7.17-r1188; ‘-M -C’) and removed low mapping quality (MAPQ<30), secondary, 

unmapped, and mitochondrial reads using samtools76 (version 1.10). To remove duplicate 

sequences on a per-barcode level, we used the MarkDuplicates tool from picard 

(‘BARCODE_TAG’). For each tissue and snATAC-seq technology, we used log-transformed read 

depth distributions from each experiment to determine a threshold separating real cell barcodes 

from background noise. We used >500 total reads for combinatorial barcoding snATAC-seq and 

>2,300-4,000 total reads, as well as >0.3 fraction of reads in peaks for 10x snATAC-seq 

experiments (Figure S3.7a). 

3.5.7 Single cell chromatin accessibility clustering 

We identified snATAC-seq clusters using a previously described pipeline with a few 

modifications9. For each experiment, we first constructed a counts matrix consisting of read 

counts in 5 kb windows for each cell. Using scanpy77 (version 1.4.4.post1), we normalized cells 

to a uniform read depth and log-transformed counts. We extracted highly variable (hv) windows 

(‘min_mean=0.01, min_disp=0.25’) and regressed out the total log-transformed read depth within 

hv windows (usable counts). We then merged datasets from the same tissue and performed PCA 

to extract the top 50 PCs. We used Harmony78 (version 1.0) to correct the PCs for batch effects 

across experiments, using categorical covariates including donor-of-origin, biological sex, and 

snATAC-seq assay technology. We used the corrected components to construct a 30 nearest 

neighbor graph using the cosine metric, which we used for UMAP dimensionality reduction 

(‘min_dist=0.3’) and clustering with the Leiden algorithm79 (‘resolution=1.5’).  

Prior to combining cells across all tissues, we performed iterative clustering to identify and 

remove cells with low fraction of reads in peaks (using preliminary peaks called from data in bulk) 
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or low usable counts (islets: 948, pancreas: 2,588, PBMCs: 5,268 cells removed in total). Next, 

after removing low-quality cells and repeating the previous clustering steps, we sub-clustered the 

resulting main clusters at high resolution (‘resolution=3.0’) to identify sub-clusters containing 

potential doublets (islets: 886, pancreas: 4,495, PBMCs: 5,844 cells removed in total). We noted 

that these sub-clusters tended to have higher average usable counts, promoter usage, and 

accessibility at more than one marker gene promoter. After removing 20,029 low-quality or 

potential doublet cells, we performed a final round of clustering using experiments from all tissues, 

including tissue-of-origin as another covariate. We further removed 672 cells mapping to 

improbable cluster assignments (islet or pancreatic cells in PBMC clusters or vice versa). After all 

filters, we ended up with 131,554 cells mapping to 28 distinct clusters with consistent 

representation across samples from the same tissue (Figure S3.7b). We cataloged known marker 

genes for each cell type using a combination of literature search and PanglaoDB80 (Table 3.6) 

and assessed gene accessibility (sum of read counts across each gene body) to assign labels to 

each cluster.  

3.5.8 Single cell gene expression clustering 

We compiled publicly available scRNA-seq datasets of peripheral blood (10x Genomics; 

v1 Chemistry – 3k, 6k, and 33k; v2 Chemistry – 4k and 8k, v3 Chemistry – 5k and 10k, v3.1 

Chemistry – 5k, 10k single indexed, and 10k dual indexed) and pancreatic islets81. We re-

processed each dataset using Cell Ranger (version 4.0.0) with the GRCh37 reference genome 

and removed cells with <500 genes expressed (non-zero counts). We extracted hv genes for 

PBMCs and pancreatic islets separately and merged both lists to obtain a single set of hv genes. 

For each sample, we used count matrices as input for scanpy77 (version 1.4.4.post1), normalized 

counts for each cell to uniform read depth, log-transformed the normalized counts, and regressed 

out the log total counts for hv genes. We then merged all datasets and extracted the top 100 PCs 

using PCA. We used Harmony78 (version 1.0) to correct PCs for covariates including the 
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experiment, donor, tissue, and biological sex. We constructed a 30 nearest neighbor graph using 

the cosine metric, performed UMAP dimensionality reduction (‘min_dist=0.3’), and clustered with 

the Leiden algorithm79 (‘resolution=1.25’). We performed iterative clustering to remove 10,014 low 

quality and 5,286 potential doublet cells, leaving 90,495 cells for the cell type-resolved expression 

reference map. We used a combination of literature search and PanglaoDB80 (Table 3.6) to assign 

labels to each cluster. For each cell type, we normalized aggregated reads from individual cells 

to derive TPM for each gene. 

3.5.9 Comparing single cell chromatin accessibility and gene expression clusters 

To compare cell types from snATAC-seq and scRNA-seq, we first derived gene 

expression t-statistics for each gene using linear regression models of log-transformed read count 

as a function of cluster assignment, donor-of-origin, and log sequencing depth, treating cells as 

individual data points. For each gene, we also derived chromatin accessibility t-statistics for 

promoter cCREs (see 3.5.11 Defining cell type-specific cCREs). For each scRNA-seq cluster, we 

extracted the top 100 most specific genes based on the gene expression t-statistic. Using a 

merged list of the most specific genes across all clusters, we compared gene expression and 

promoter accessibility t-statistics using Pearson correlation. 

3.5.10 Cataloging cell type-resolved cCREs 

We identified chromatin accessibility peaks with MACS282 (version 2.1.2) by calling peaks 

on aggregated reads from each cluster. In brief, we extracted reads from all cells within a given 

cluster, shifted reads aligned to the positive strand by +4 bp and reads aligned to the negative 

strand by -5 bp, and centered the reads. We then used MACS2 to call peaks (‘--nomodel --keep-

dup-all’) and removed peaks overlapping ENCODE blacklisted regions83,84. We then merged 

peaks from all 28 clusters with bedtools85 (version 2.26.0) to create a consistent set of 448,142 

cCREs for subsequent analyses.  
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To compare accessible chromatin profiles from snATAC-seq to those from bulk ATAC-seq 

on FACS purified cell types, we reprocessed published ATAC-seq data from sorted pancreatic86 

and unstimulated immune cells87. We created pseudobulk profiles from the snATAC-seq data for 

each donor and cluster, retaining those that contained information from >50 cells. We then 

extracted read counts in the 448,142 cCREs for all sorted and pseudobulk profiles. We used PCA 

to extract the top 20 principal components and used UMAP for dimensionality reduction and 

visualization (‘min_dist=0.5, n_neighbors=80’). 

3.5.11 Defining cell type-specific cCREs 

To identify cCREs with accessibility levels most specific to each cluster, we used logistic 

regression models for each cCRE treating each cell as an individual data point. We performed 

separate regressions for each cluster, with binary cluster assignment and the covariates donor-

of-origin and the log usable count as predictors and binary accessibility of the peak as the 

outcome, to calculate chromatin accessibility (CA) t-statistics. For a given cluster, we defined 

cCREs with activity most specific to that cluster by taking the top 1000 cCREs with the highest 

CA t-statistics, after first filtering out cCREs which also had high CA t-statistics for other clusters 

(cCRE cell type CA t-statistics>90th percentile in >2 other cell types). The cCREs were all 

significant after Bonferroni correction for the number of peaks (P<1.1×10-7) except for pancreatic 

CD8+ T (n=428 after correction), regulatory T (n=347) and memory CD8+ T (n=175). We then 

used GREAT88 (version 3) to annotate gene ontology terms enriched in each set of cell type-

specific cCREs compared to a background of all cCREs. 

To assess whether cell type-specific cCREs tended to be close in proximity to genes with 

cell type-specific expression, we defined 100 kb windows around the midpoint of each cell type-

specific cCRE and annotated genes with overlapping TSS. For each cell type that had a 

corresponding cluster in scRNA-seq, we compared whether genes around cell type-specific 

cCREs for that cell type had higher gene expression specificity scores than the rest of the cell 
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type-specific cCREs using two-sided Welch’s t-tests. We collapsed cell type-specific cCREs for 

cell types with more than one state in snATAC-seq but only one state in scRNA-seq.  

3.5.12 Single cell motif enrichment 

We estimated TF motif enrichment z-scores for each cell using chromVAR89 (version 

1.5.0) by following the steps outlined in the user manual. First, we constructed a sparse binary 

matrix encoding read overlap with merged peaks for each cell. For each merged peak, we 

estimated the GC content bias to obtain a set of matched background peaks. To ensure a motif 

enrichment value for each cell, we did not apply any additional filters based on total reads or the 

fraction of reads in peaks. Next, using 580 TF motifs within the JASPAR 2018 CORE vertebrate 

(non-redundant) set90, we computed GC bias-corrected enrichment z-scores (chromVAR 

deviation scores) for each cell. For each cell type, we considered a TF motif enriched if the 

average z-score across cells was greater than 2. We used the TFClass database91 

(http://tfclass.bioinf.med.uni-goettingen.de/) to group enriched TF motifs into structural sub-

families. We determined the expression of all TFs within the subfamily in each cell type identified 

in scRNA-seq and considered TFs expressed in a cell type with TPM>1. 

3.5.13 Single cell co-accessibility 

We used Cicero92 (version 1.3.3) to calculate co-accessibility scores between pairs of 

peaks for each cluster. As in the single cell motif enrichment analysis, we started from a sparse 

binary matrix. For each cluster, we only retained merged peaks that overlapped peaks from the 

cluster. Within each cluster, we aggregated cells based on the 50 nearest neighbors and used 

cicero to calculate co-accessibility scores, using a 1 Mb window size and a distance constraint of 

500 kb. We then defined promoters as ±500 bp from the TSS of protein coding transcripts from 

GENCODE v1993 to annotate co-accessibility links between gene promoters and distal cCREs 

(non-promoter cCREs).  
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To assess whether genes with co-accessible links between the promoter and distal cCREs 

(co-accessible genes; co-accessibility score>0.05) were expressed more often than non-co-

accessible genes (co-accessibility score<0) within each cell type, we separated co-accessible 

links into bins based on the distance between the gene promoter and distal cCRE. Within each 

bin, we then compared the fraction of genes expressed in the cell type (TPM>1 from scRNA-seq) 

between co-accessible and non-co-accessible genes using 2-sided Fisher’s exact tests. We 

collapsed co-accessible links for cell types with more than one state in snATAC-seq but only one 

state in scRNA-seq (alpha, beta, and delta cells). No comparison was made for pancreatic CD8+ 

T-cells, which did not have a corresponding cluster in scRNA-seq. 

3.5.14 GWAS enrichment analyses 

We used LD score regression30,94,95 (version 1.0.1) to calculate genome-wide enrichment 

z-scores for 32 diseases and traits including T1D. We obtained GWAS summary statistics for 

autoimmune and inflammatory diseases (immune-related)34–42, other diseases43–51, and 

quantitative endophenotypes54–63, and where necessary, we filled in variant IDs and alleles. Using 

‘munge_sumstats.py’, we converted summary statistics to the LD score regression standard 

format. For each cluster, we considered overlap with chromatin accessibility peaks as a binary 

annotation for variants. Then, we computed annotation-specific LD scores by following the 

instructions for creating partitioned LD scores. We estimated enrichment coefficient z-scores for 

each annotation relative to the background annotations in the baseline-LD model (version 2.2). 

Using the enrichment z-scores, we computed two-sided p-values to assess significance and 

corrected for multiple tests using the Benjamini-Hochberg procedure. We also calculated GWAS 

enrichment z-scores for T1D using a version of the meta-analysis excluding the Immunochip 

cohorts and observed highly similar enrichment results.  

From the full GWAS summary statistics, we first extracted variants with MAF>0.05 and 

calculated approximate Bayes factors96 for each variant, assuming prior variance in allelic effects 
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= 0.04. We then used fgwas97 (version 0.3.6) to estimate T1D enrichment for common variants 

(MAF>0.05) within cell type-specific cCREs using an average window size of 1 Mb also including 

annotations for coding exons, 3’/5’UTR regions and 1 kb upstream of the transcription start site 

(TSS) from GENCODE in each model. We considered cell type annotations enriched where 

ln(95% CI lower bound) >0 and depleted where ln(95% CI upper bound) <0.  

3.5.15 Annotating cell type mechanisms of variants at fine mapped signals 

We compared the proportion of credible set variants with PPA>0.50 overlapping a cCRE 

compared to other credible set variants using a Chi-square test. Among credible set variants in 

cCREs, we further compared the proportion of credible set variants with PPA>0.50 in a cCRE co-

accessible with a gene promoter compared to other credible set variants using a two-sided 

Fisher’s exact test.  

For each T1D signal, we calculated the cumulative posterior probability of all credible set 

variants overlapping cCREs active in T-cells, monocytes, plasmacytoid dendritic cells, beta cells, 

acinar cells and ductal cells. For each signal overlapping cCREs, we annotated genes within 1 

Mb of the index variant that were (i) expressed in the same cell type(s) (TPM>1 from scRNA-seq) 

and (ii) co-accessible with a cCRE harboring a credible set variant with PPA>0.01. 

3.5.16 Luciferase reporter assays 

We tested for allelic differences in enhancer activity at rs7795896 using multiple 

constructs. First, we cloned a 180 bp sequence of human DNA (Coriell) containing the reference 

or alternate allele into the luciferase reporter vector pGL4.23 (Promega) in the forward direction 

using the restriction enzymes SacI and KpnI. Second, we cloned a larger 594 bp sequence of 

human DNA (Coriell) containing the rs7795896 reference allele corresponding to the coordinates 

of the ductal-specific cCRE into pGL4.23 in the forward direction using the restriction enzymes 

SacI and KpnI. We introduced the alternate allele via SDM using the NEB Q5 Site Directed 

Mutagenesis kit (New England Biolabs) on 1ng plasmid containing the reference allele and 
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primers designed using the NEBaseChanger v.1.2.8 software. Sequence identity for all plasmids 

was confirmed with Sanger sequencing using the RV3 primer. Cloning primers were designed 

using Primer3 version 0.4.0. Primer sequences for cloning and SDM are listed in Table 3.9. 

We grew Capan-1 cells (ATCC), a model for ductal cells98, to approximately 70% 

confluency according to ATCC culture recommendations in 6-well or 24-well plates and fed 

complete growth media the day before transfection. For the 180bp construct, 2500 ng 

experimental or empty (pGL4.23) vector was co-transfected with 50 ng pRL-SV40 per sample 

using Lipofectamine 3000 (Invitrogen) into Capan-1 cells grown in a 6-well plate. For the 594 bp 

construct, 500 ng experimental or empty vector was co-transfected with 10 ng pRL-TK per sample 

using Lipofectamine 3000 (Invitrogen) into Capan-1 cells grown in a 24-well plate. For all 

experiments, 48 hours post-transfection samples were assayed using the Dual-Glo Luciferase 

Assay System (Promega). We normalized Firefly:Renilla ratios with respect to the empty vector 

and used two-sided Student’s T-tests to compare luciferase activity between the two alleles. 

3.5.17 Electrophoretic mobility shift assay 

We ordered double-stranded 5’ biotinylated and corresponding unlabeled (cold) 

oligonucleotides of 16 bp centered on rs7795896 with the reference and alternate alleles from 

Integrated DNA Technologies. Oligo sequences are listed in Supplementary Table 11. We 

performed EMSA using the LightShift Chemiluminescent EMSA kit (Thermo Fisher) according to 

manufacturer’s instructions with the following adjustments: 100 fmol of biotinylated duplex probe 

per reaction, and 20 pmol of the same-allele non-biotinylated duplex “cold” probe in competition 

reactions (200× molar excess of the biotin probe). We used the NE-PER Nuclear Protein and 

Cytoplasmic Extraction Reagents (Thermo Fisher) kit to extract nuclear protein from Capan-1 

cells and used 2uL of nuclear extract per binding reaction, corresponding to approximately 5-15ug 

of nuclear protein per reaction. We quantified bound and free probe (unbound) band intensity 

using ImageJ (v.1.53) and calculated the ratio of bound to unbound intensity. We then averaged 

bound ratios for replicates of each allele and compared ratios between alleles. 
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3.5.18 CRISPR inactivation of enhancer element 

We maintained HEK293T cells in DMEM containing 100 units/mL penicillin and 100 

mg/mL streptomycin sulfate supplemented with 10% fetal bovine serum. To generate CRISPRi 

lentiviral expression vectors, we designed guide RNA sequences to target the enhancer 

containing rs7795896 or the CFTR promoter. These guide RNAs, as well as a non-targeting 

control guide RNA, were placed downstream of the human U6 promoter in the pLV hU6-sgRNA 

hUbC-dCas9-KRAB-T2a-Puro backbone (Addgene, plasmid #71236). Targeting guide RNAs 

were designed using Benchling and selected to maximize both on-target binding99 and guide 

specificity100. The non-targeting control guide RNA was selected from a previously validated 

genome-wide library101. Guide RNA sequences and targeted regions are listed in Table 3.9. 

Higher scores indicate greater on-target binding and specificity. 

We generated high-titer lentiviral supernatants by co-transfection of the resulting plasmid 

and lentiviral packaging constructs into HEK293T cells. Specifically, we co-transfected CRISPRi 

vectors with the pCMV-R8.74 (Addgene, #22036) and pMD2.G (Addgene, #12259) expression 

plasmids into HEK293T cells using a 1mg/ml PEI solution (Polysciences). We collected lentiviral 

supernatants at 48 and 72 hours after transfection and concentrated lentiviruses by 

ultracentrifugation for 120 min at 19,500 rpm using a Beckman SW28 ultracentrifuge rotor at 4°C. 

Lentiviral titers were subsequently determined using a qPCR Lentivirus Titer Kit (Abm Bio), and 

aliquots were stored at -80°C.  

We obtained Capan-1 pancreatic ductal adenocarcinoma cell lines from ATCC and 

cultured using Iscove’s Modified Dulbecco’s Media with 20% fetal bovine serum, 100 units/mL 

penicillin, and 100 mg/mL streptomycin sulfate. 24 hours prior to transduction, we passaged cells 

into a 12-well plate at a density of 100,000 cells per well. The following day, we added fresh 

medium containing 8µg/mL polybrene and concentrated CRISPRi lentivirus at an MOI of 40 to 

each well. For each condition (1 non-targeting guide RNA, 3 enhancer-targeting guide RNAs, and 
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1 promoter-targeting guide RNA) we transduced 3 wells for a total of 15 wells. We additionally 

included 3 wells of mock-transduced cells without lentivirus. We incubated the cells at 37°C for 

30 minutes and then spun them in a centrifuge for 1 hour at 30°C at 950×g. 6 hours later, we 

replaced viral medium with fresh base culture medium for cell recovery. After 48 hours, we 

replaced medium daily with the addition of 1µg/mL puromycin for an additional 72 hours, at which 

point all mock-transduced cells were killed. We reduced the concentration of puromycin to 0.5 

µg/mL and cultured cells with daily medium changes for an additional week before passaging 

each cell line into a 48-well plate at a density of approximately 100,000 cells per well. The 

following morning, we harvested cells from each condition and isolated RNA using the RNeasy® 

Micro Kit (Qiagen) according to the manufacturer’s instructions.  

For qRT-PCR, we performed cDNA synthesis using the iScript™ cDNA Synthesis Kit (Bio-

Rad) and 250 ng of isolated RNA per reaction. We performed qRT-PCR reactions in triplicate with 

5 ng of template cDNA per reaction using a CFX96™ Real-Time PCR Detection System and the 

iQ™ SYBR® Green Supermix (Bio-Rad). We used PCR of the TATA binding protein (TBP) coding 

sequence as an internal control, quantified relative expression via double delta CT analysis, and 

compared relative expression using ANCOVA (enhancer inactivation versus non-targeting 

control, enhancer sgRNA as a covariate) or a 2-sided Student’s t-test (promoter inactivation 

versus non-targeting control). Genes with CT values greater than 34 were considered as not 

expressed. We also evaluated changes in expression of the puromycin resistance gene and the 

dCAS9 gene as additional controls. For eukaryotic genes, each primer pair was designed to span 

an exon-exon junction. Primers used for qPCR are listed in Table 3.9. 

3.5.19 Colocalization and deconvolution of the pancreas CFTR eQTL  

We obtained GTEx v713 eQTL summary statistics for pancreas tissue from 220 samples 

and used effect size (beta) and standard error estimates from the regression model for CFTR 

expression to calculate approximate Bayes factors96 for each variant, assuming prior variance in 
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allelic effects = 0.04. We considered all variants in a 500 kb window around the T1D index variant 

at CFTR (rs7795896) tested in both the GWAS and eQTL datasets and used coloc102 (version 

4.0.4) to calculate the probability that the variants driving T1D and eQTL signals were shared, 

using prior probabilities PPT1D=1×10-4, PPeQTL=1×10-4, and PPshared=1×10-5. We considered the 

T1D and CFTR eQTL signals colocalized based on the probability that they were shared (PPshared) 

>0.9. We applied eCAVIAR103 (version 2.2) using variants in a 500 kb window tested for both T1D 

and eQTL association using LD calculated from EUR samples in 1000 Genomes27 and considered 

variants with CLPP>0.01 to be candidate causal variants for a shared signal. 

We used MuSiC104 (version 0.1.1) to estimate the proportions of major pancreatic cell 

types (acinar, duct, stellate, alpha, beta, delta, gamma) in each GTEx v7 pancreas sample . As 

input, we used raw count matrices from scRNA-seq of pancreatic cell types with labels from the 

gene expression reference map and GTEx v7 pancreas samples. For each cell type, we used the 

proportion as an interaction term and constructed linear models of TMM-normalized CFTR 

expression as a function of the interaction between genotype dosage and cell type proportion, 

accounting for covariates used by GTEx including sex, sequencing platform, 3 genotype PCs, 

and 28 inferred PCs from the expression data. From the original 30 inferred PCs, we excluded 

inferred PCs 2 and 3 because they were highly correlated with acinar cell proportion (Spearman’s 

ρ>0.7). No remaining PCs were highly correlated (Spearman’s ρ<0.3) with the proportions of other 

cell types.  

3.5.20 Phenotype associations at T1D signals 

We tested association of the T1D index variant at CFTR (rs7795896) for pancreatic and 

autoimmune disease phenotypes. For acute pancreatitis, chronic pancreatitis, and pancreatic 

cancer, we used inverse variance weighted meta-analysis to combine SAIGE analysis results 

from the UK biobank29 (PheCodes 577.1, 577.2, and 157) and FinnGen (K11_ACUTPANC, 

K11_CHRONPANC, C3_PANCREAS_EXALLC). As mutations that cause cystic fibrosis (CF) 
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map to this locus, which are risk factors for pancreatitis and pancreatic cancer, we determined 

the impact of the most common CF mutation F508del/rs199826652 on the association results for 

rs7795896. For T1D, we tested for association of rs7795896 conditional on F508del/rs199826652 

in all cohorts except for FinnGen and observed no evidence for a difference in T1D association. 

For pancreatitis and pancreatic cancer, we identified F508del/rs199826652 carriers in UK 

Biobank and repeated the association analysis for these phenotypes in UK biobank data after 

removing these individuals and observed no evidence of a change in the effect of rs7795896.  

We identified T1D signals where the risk allele had at least nominal association (P<0.05) 

with increased risk of acute pancreatitis, chronic pancreatitis, or pancreatic cancer. We then 

tested whether these T1D signals had a difference in cPPA in exocrine cell cCREs or T cell cCREs 

compared to other T1D signals using a two-sided Student’s T-test.  
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3.6 Figures 

Figure 3.1. Genome-wide association and fine mapping identifies novel signals for T1D 
risk.  

(a) Genome-wide T1D association (two-sided -log10 transformed p-values from logistic regression 
meta-analysis, unadjusted for multiple comparisons). Novel loci are colored (±250 kb of the index 
variant) and labeled based on the nearest gene. Dotted line indicates genome-wide significance 
(P=5×10-8). (b) Bayes factors (natural log-transformed) for independent association signals at the 
known PTPN2 locus (left) and the novel BCL11A locus (right). Variants are colored based on 
linkage disequilibrium (r2) with the index variant for each signal. (c) Breakdown of 136 T1D risk 
signals, including 92 main signals (59 known and 33 novel), and 44 independent signals (38 at 
known and 6 at novel loci). (d) Number of signals per locus (top), 99% credible set variants from 
fine mapping (middle), and variants with posterior probability of association (PPA) at various 
thresholds (bottom). 
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Figure 3.2. Reference map of 131,554 single cell chromatin accessibility profiles from T1D-
relevant tissues. 

(a) Leiden clustering of single cell accessible chromatin profiles from 131,554 cells. Cells are 
plotted on the first two UMAP components, clusters are grouped into categories of cell types, and 
the number of cells per cluster are in parentheses. (b) Relative gene accessibility (column-
normalized chromatin accessibility reads in gene bodies) showing examples of marker genes 
used to identify cluster labels. Aggregated chromatin accessibility profiles in a 50 kb window 
around selected marker genes (bottom). (c) Relative accessibility (row-normalized) for 25,436 
cCREs most specific to each cluster (left), and enriched gene ontology terms for cCREs specific 
to activated stellate, pancreatic macrophages, ductal, and acinar cells (right). (d) Single cell motif 
enrichment z-scores (left) and expression of motif subfamily members (right) for examples of TFs 
with lineage-, cell type-, or cell state-specific motif enrichment and expression. TFs with matching 
motif enrichment and expression are highlighted. (e) Co-accessibility between AQP1 and cCREs 
in ductal cells (left) and CEL and cCREs in acinar cells (right). 
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Figure 3.3. Cell type-specific enrichment and mechanisms of T1D risk variants. 

(a) Stratified LD score regression coefficient z-scores for autoimmune and inflammatory diseases 
(top), other diseases (middle), and non-disease quantitative endophenotypes (bottom) for cCREs 
active in immune and pancreatic cell types. ***FDR<0.001 **FDR<0.01 *FDR<0.1. (b) T1D 
enrichment within cell type-specific cCREs. Labeled cell types have positive enrichment and 95% 
CI lower bound >0. Data are natural log enrichment ± 95% CI from fgwas. (c) T1D signals with 
highest cumulative PPA (cPPA) in cCREs for disease-enriched cell types (>0.20 cPPA for T-cells 
and monocytes, >0.10 cPPA for other groups), and >0.01 cPPA away from the next closest group 
(top). Column-normalized expression for genes with TPM>1 in the highlighted cell type(s) and 
within ±500 kb of the index variant. Genes co-accessible with cCREs containing risk variants are 
annotated in rectangles (bottom). (d) The GP2 locus contains three variants in a distal cCRE co-
accessible with the GP2 promoter in acinar cells which account for the majority of the causal 
probability (cPPA=0.98). Chromatin accessibility at both the distal cCRE and the GP2 promoter 
is highly specific to acinar cells. (e) Variant rs72802342 at the CTRB1/2/BCAR1 locus overlaps a 
distal cCRE co-accessible with the CTRB2 and CTRB1 promoters in acinar cells. Chromatin 
accessibility at the CTRB1 and CTRB2 promoters is highly specific to acinar cells. Variants 
contained in the 99% credible set are circled in black. 
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Figure 3.4. Fine-mapped T1D variant regulates CFTR in pancreatic ductal cells. 

(a) Variant rs7795896 at the CFTR locus mapped in a cCRE co-accessible with CFTR and other 
genes. Zoomed-in view shows the cCRE is ductal-specific. (b) Relative luciferase units (RLU) for 
reporter containing 594 bp sequence surrounding rs7795896 in Capan-1 (n=6; 2 batches × 3 
transfections). P-value by ANCOVA with batch as a covariate. (c) Electrophoretic mobility shift 
assay with nuclear extract from Capan-1 using probes for rs7795896 alleles, with or without 200× 
unlabeled competitor probe (200× comp.). Quantification of the bound fraction (specific binding / 
free probe) averaged across three technical replicates for each allele. (b) Expression of genes 
co-accessible with the distal cCRE in CRISPR-inactivated enhancer (Enh; n=9, 3 sgRNAs × 3 
biological replicates) compared to non-targeting control (Ctrl; n=3 biological replicates) in Capan-
1. Data are mean ± 95% CI. P-values by two-sided ANCOVA with batch as a covariate; ns, not 
significant. (e) Bayesian colocalization of T1D signal and CFTR pancreas eQTL. Variants in the 
T1D credible set are circled. (f) Expression of pancreatic cell type marker genes from scRNA-seq. 
(g) Two-sided cell type deconvolution p-values (-log10 transformed; from linear regression 
interaction between dosage and cell type proportion) of the CFTR pancreas eQTL. (h) rs7795896 
GWAS association for T1D (from full meta-analysis), pancreatic disease, and autoimmune 
disease. Points and lines represent odds ratio estimates and 95% CI. Two-sided p-values from 
GWAS meta-analysis are unadjusted for multiple comparisons. (i) Variants regulating genes with 
specialized exocrine pancreas function influence T1D risk, and we hypothesize these effects are 
mediated through inflammation and immune infiltration. 
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3.7 Supplementary Figures 

 

 

Figure S3.1. Flowchart of quality control steps for genotype imputation. 

Flowchart (left) showing the steps of cohort-level, merged cohort, and post-imputation QC steps 

taken to filter out potential low quality variants and samples for non-biobank (non-UK biobank and 

non-FinnGen) samples. Example plots (right) showing sample level QC steps for the T1DGC 

cohorts. Samples with ambiguous sex (dotted red and blue lines marks thresholds for females 

and males respectively), relatedness with another sample (dotted line marks threshold for 

relatedness), and non-European ancestry outliers (cyan points) are filtered out. 
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Figure S3.2. Locus plots of novel T1D loci. 

Locus plots showing T1D GWAS meta-analysis association p-values for all variants in a ±500 kb 
window around the index variant for 33 genome-wide significant novel T1D loci. Variants are 
colored based on linkage disequilibrium with the index variant. 
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Figure S3.2. Locus plots of novel T1D loci, continued. 
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Figure S3.2. Locus plots of novel T1D loci, continued. 
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Figure S3.2. Locus plots of novel T1D loci, continued. 
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Figure S3.2. Locus plots of novel T1D loci, continued. 
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Figure S3.3. Locus plots of independent T1D signals. 

Locus plots showing independent association signals for loci where FINEMAP identified more 
than one causal variant. Log-transformed Bayes factors from FINEMAP are plotted for each 
variant. Variants in a ±500 kb window around the search region are colored by linkage 
disequilibrium (r2) with the most probable variant from fine mapping (blue for known loci and red 
for novel loci) and are circled if they are included in the 99% credible set for each signal. 
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Figure S3.3. Locus plots of independent T1D signals, continued. 
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Figure S3.3. Locus plots of independent T1D signals, continued. 

  



124 
 

 

Figure S3.3. Locus plots of independent T1D signals, continued. 
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Figure S3.3. Locus plots of independent T1D signals, continued. 
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Figure S3.3. Locus plots of independent T1D signals, continued. 
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Figure S3.3. Locus plots of independent T1D signals, continued. 
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Figure S3.3. Locus plots of independent T1D signals, continued. 
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Figure S3.3. Locus plots of independent T1D signals, continued. 
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Figure S3.4. Comparison of fine mapping resolution with a previous study.  

(a) Comparison of the number of variants in the 99% credible set or (b) posterior probability of 
association (PPA) of the top variant for 56 main T1D risk signals in common between the current 
study and Aylward et al., 2018, which were imputed using the TOPMed r2 and HRC r1.1 reference 
panels respectively. Lower numbers of 99% credible set variants and higher PPA of top variants 
generally indicate higher fine mapping resolution. 
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Figure S3.5. Rare variants with large effects on T1D risk. 

(a) The relationship between minor allele frequency and T1D odds ratios (OR) for index variants 
at 136 T1D signals. Signals with common index variants and large effect size estimates (PTPN22 
1:114377568:A:G and INS 11:2182224:A:T) or rare index variants (MAF<0.005) are labeled. 
Points and lines represent estimates for OR and 95% CI respectively. (b) Comparison of OR 
across cohorts for rare variants. Missing values indicate that the variant was not tested in the 
cohort. 
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Figure S3.6. Type 1 diabetes genetic correlations.  

Genetic correlations between T1D and other traits, including immune-related diseases (left), other 
diseases (middle), and non-disease traits (right), adj.=adjusted, circ.=circumference. Points 
represent genetic correlation estimates and lines represent 95% confidence intervals. Colors 
indicate significance: red indicates that the correlation is significant after FDR correction 
(FDR<0.1), black indicates that the correlation is nominally significant (P<0.05) but not significant 
after FDR correction, and grey indicates that the correlation is not significant. 
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Figure S3.7. snATAC-seq quality control metrics and comparison to sorted datasets. 

(a) Kernel density of the number of unique reads (log-transformed) compared to the fraction of 
reads in bulk peaks per cell. Thresholds for unique reads range between 500-4000 as indicated 
on each plot, and an additional threshold of fraction of reads in peaks > 0.3 was set for datasets 
generated using 10x Genomics technology. (b) Proportion of cell types within each experiment 
for cells passing QC. (c) Comparison of pseudobulk snATAC-seq profiles (within donor, at least 
50 cells) to FACS purified ATAC-seq for major pancreatic or unstimulated immune cell types using 
PCA+ UMAP dimensionality reduction on read counts within 448,142 merged cREs from 
snATAC-seq clusters. 
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Figure S3.8. Single cell RNA-seq reference map of PBMCs and pancreatic islets. 

(a) Clustering of 90,495 expression profiles from single cell RNA-seq experiments of peripheral 

blood mononuclear cells and pancreatic islets from published studies. Cells are plotted on the first 

two UMAP components and colored based on cluster assignment. The number of cells in each 

cluster is shown next to its corresponding label. HSC, hematopoietic stem cell. γδ T, gamma delta 

T. pDC, plasmacytoid dendritic. (b) Relative gene expression (average expression for all cells 

within a cluster and scaled from 0-100 across clusters) showing examples of marker genes used 

to assign cluster labels. (c) Pearson correlation coefficient between gene expression and 

promoter accessibility specificity scores using a list containing the top 100 most specific genes 

for each scRNA-seq cluster found in snATAC-seq. 
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Figure S3.9. Cell type-specific cCREs are in proximity to genes with cell type-specific 
expression. 

Gene expression specificity scores (t-statistics from linear regression models) for genes within 

100 kb windows around cell type-specific cCREs for each cell type, as compared to cell type-

specific cCREs for other cell types. Boxplot center line, limits, and whiskers represent median, 

quartiles, and 1.5 IQR, respectively. Outlier points (>1.5 IQR) are not shown for clarity of scale. 

ns, not significant by 2-sided Welch’s t-test. 
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Figure S3.10. Co-accessible genes are expressed more often than non-co-accessible 
genes within the same cell type. 

Distance-matched comparisons of the fraction of expressed genes (scRNA-seq pseudobulk 

TPM>1) between those with co-accessible links to distal regulatory elements (coacc.) and those 

without co-accessible links (no coacc.), defined by co-accessibility<0, show that genes with co-

accessible links are generally enriched for expressed genes (2-sided P-values, Fisher’s exact 

test). 
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Figure S3.11. Fine mapped variants in acinar regulatory elements. 

(a) The RNLS (10:90051035:G:T) signal contains two variants (rs7068821, PPA=0.448; 

rs60888743, PPA=0.389) located in an acinar-specific intronic peak within RNLS. (b) The COBL 

(7:51018492:GT:G) signal contains three variants (rs917072, PPA=0.036; rs1016432, 

PPA=0.039; rs1016431, PPA=0.035) located in an acinar-specific distal peak 63 kb downstream 

of COBL. (c) The CEL (9:135936325:C:T) signal contains a single fine mapped rare variant 

(rs541856133, PPA=1.0) in an acinar-specific broad region of chromatin accessibility directly 

upstream of the CEL promoter (left). CEL has acinar-specific gene expression (right). 
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Figure S3.12. rs7795896 has allelic effects on ductal enhancer activity. 

(a) Luciferase reporter assay in Capan-1 cells transfected with pGL4.23 minimal promoter 

plasmids containing rs7795896. Relative luciferase units (RLU) represent Firefly:Renilla ratios 

normalized to the empty pGL4.23 vector. p-value by two-tailed Student’s t-test. (b) Full gels for 

electrophoretic mobility shift assay (EMSA) with nuclear extract from Capan-1 cells, using probes 

containing the T allele (left) or the C allele (right) of rs7795896. (c) rs7795896 overlaps histone 

marks of active enhancers but not promoters in pancreatic ductal adenocarcinoma cell lines 

(Capan-1, Capan-2, and CFPAC-1). rs7795896 overlaps a ChIP-seq peak for HNF1B in CFPAC-

1 cells and a predicted HNF1B motif. (d) Relative expression for genes around rs7795896 with 

non-zero expression and the puromycin resistance and dCas9 genes. Ctrl n=3 biological 

replicates; Enh n=9, 3 sgRNAs × 3 biological replicates; Prom n=3 biological replicates. ns, not 

significant by two-tailed Student’s t-test (Prom vs Ctrl) or ANCOVA with sgRNA as a covariate 

(Enh vs Ctrl). (e) Proportions of selected pancreatic cell types estimated by MuSiC for 220 bulk 

pancreas RNA-seq samples from the GTEx v7 release using single cell expression profiles.  
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3.8 Tables 

Table 3.1. Matched ancestry T1D case and control cohorts. 

Cohort 
N  

(cases) N (controls) 
N  

(total) % female 
Ancestry 
(country) Genotyping array Data accession 

T1DGC 3,955 0 3,955 46.57% UK 
Illumina HumanHap 
550 phs000180.v3.p2  

1958 Birth Cohort (WTCCC 2) 0 2,694 2,694 48.44% UK Illumina Human 1.2M EGAD00000000022  

UK National Blood Service 
(WTCCC 2) 0 2,494 2,494 50.56% UK Illumina Human 1.2M EGAD00000000024  

GENIE (ROI) 455 0 455 52.09% Ireland Illumina Omni1 phs000389.v1.p1  

Collaborative Study of Genes, 
Nutrients and Metabolites 
(CSGNM) 0 2,317 2,317 58.74% Ireland Illumina Omni1 phs000789.v1.p1  

GENIE (UK) 1,242 0 1,242 48.07% UK Illumina Omni1 phs000389.v1.p1  

Health and Retirement Study 
(HRS) 22 5,393 5,415 57.65% USA* Illumina Omni2.5 phs000428.v2.p2  

GoKinD 1,682 0 1,682 53.92% USA Affymetrix 500K phs000018.v2.p1  

NIMH Schizophrenia Controls 0 1,361 1,361 54.08% USA Affymetrix 6.0 phs000021.v3.p2  

DCCT-EDIC 1,288 0 1,288 46.82% USA 
Illumina HumanHap 
550 phs000086.v3.p1  

Neurodevelopmental Genomics 0 1,317 1,317 47.30% USA 
Illumina HumanHap 
550 phs000607.v3.p2  

eMERGE Network 0 4,275 4,275 55.46% USA Illumina Human 660W phs000360.v3.p1  

T1D (WTCCC 1) 1,918 0 1,918 49.22% UK Affymetrix 500K EGAD00000000008  

1958 Birth Cohort (WTCCC 1) 0 90 90 60.00% UK Affymetrix 500K EGAD00000000001  

UK National Blood Service 
(WTCCC 1) 0 158 158 54.43% UK Affymetrix 500K EGAD00000000002  

Bipolar Disorder (WTCCC 1) 0 1,857 1,857 62.63% UK Affymetrix 500K EGAD00000000003  

T1DGC (ASP) 2,663 0 2,663 48.37% UK 
Illumina Infinium 
ImmunoArray phs000911.v1.p1  

T1DGC (UKGRID) 2,853 0 2,853 51.88% UK 
Illumina Infinium 
ImmunoArray phs000911.v1.p1  

1958 Birth Cohort (Immunochip) 0 4,008 4,008 50.50% UK 
Illumina Infinium 
ImmunoArray EGAD00010000248  

UK Biobank 1,445 362,050 363,495 54.73% UK 
Affymetrix UK 
Biobank Axiom https://www.ukbiobank.ac.uk/ 

FinnGen (freeze 3) - Type 1 
diabetes, strict 1,419 113,624 115,043 - Finland 

ThermoFisher Axiom 
custom https://www.finngen.fi/en 

 

  

https://www.ncbi.nlm.nih.gov/projects/gap/cgi-bin/study.cgi?study_id=phs000180.v3.p2
https://www.ebi.ac.uk/ega/datasets/EGAD00000000022
https://www.ebi.ac.uk/ega/datasets/EGAD00000000024
https://www.ncbi.nlm.nih.gov/projects/gap/cgi-bin/study.cgi?study_id=phs000389.v1.p1
https://www.ncbi.nlm.nih.gov/projects/gap/cgi-bin/study.cgi?study_id=phs000789.v1.p1
https://www.ncbi.nlm.nih.gov/projects/gap/cgi-bin/study.cgi?study_id=phs000389.v1.p1
https://www.ncbi.nlm.nih.gov/projects/gap/cgi-bin/study.cgi?study_id=phs000428.v2.p2
https://www.ncbi.nlm.nih.gov/projects/gap/cgi-bin/study.cgi?study_id=phs000018.v2.p1
https://www.ncbi.nlm.nih.gov/projects/gap/cgi-bin/study.cgi?study_id=phs000021.v3.p2
https://www.ncbi.nlm.nih.gov/projects/gap/cgi-bin/study.cgi?study_id=phs000086.v3.p1
https://www.ncbi.nlm.nih.gov/projects/gap/cgi-bin/study.cgi?study_id=phs000607.v3.p2
https://www.ncbi.nlm.nih.gov/projects/gap/cgi-bin/study.cgi?study_id=phs000360.v3.p1
https://www.ebi.ac.uk/ega/datasets/EGAD00000000008
https://www.ebi.ac.uk/ega/datasets/EGAD00000000001
https://www.ebi.ac.uk/ega/datasets/EGAD00000000002
https://www.ebi.ac.uk/ega/datasets/EGAD00000000003
https://www.ncbi.nlm.nih.gov/projects/gap/cgi-bin/study.cgi?study_id=phs000911.v1.p1
https://www.ncbi.nlm.nih.gov/projects/gap/cgi-bin/study.cgi?study_id=phs000911.v1.p1
https://www.ebi.ac.uk/ega/datasets/EGAD00010000248
https://www.ukbiobank.ac.uk/
https://www.finngen.fi/en
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Table 3.2. Index variants for 33 novel T1D risk loci. 

Marker Chrom. Position (hg19) Position (hg38) 

Allele 

Locus name Alt. AF Beta SE P-value Ref. Alt. 

rs10751776 1 25296743 24970252 A C RUNX3 0.5099 0.0781 0.0141 2.67E-08 
rs574384 1 36087661 35622060 C A PSMB2 0.8947 -0.1336 0.0239 2.20E-08 
rs12742756 1 38347417 37881745 A G INPP5B 0.4282 -0.0831 0.0151 3.54E-08 
rs855330 1 64113889 63648218 T C PGM1 0.2594 0.1112 0.0169 4.89E-11 
rs1493696 1 120505532 119962909 G A NOTCH2 0.1323 0.1283 0.0223 8.45E-09 
rs570794153 1 198598389 198629259 G GA PTPRC 0.1397 -0.1454 0.0220 3.89E-11 
rs12128789 1 212852832 212679490 T C BATF3 0.1318 0.1270 0.0215 3.73E-09 
rs1881146 2 12634794 12494668 A T 2p24 0.3105 -0.0952 0.0174 4.57E-08 
rs12464462 2 60636416 60409281 A G BCL11A 0.4104 -0.0880 0.0143 8.61E-10 
rs13018977 2 242278007 241338592 T A SEPT2 0.2246 0.1003 0.0179 2.01E-08 
rs12644686 4 185302902 184381748 C G IRF2 0.1938 -0.1077 0.0193 2.44E-08 
rs114378220 5 110566360 111230662 C T CAMK4 0.0703 0.1779 0.0304 5.11E-09 
rs766751473 5 131766763 132431071 TGTGATACCCCAA T IRF1 0.4039 0.0802 0.0141 1.31E-08 
rs1050979 6 410417 410417 A G IRF4 0.5151 0.1062 0.0141 5.65E-14 
rs7805218 7 20378801 20339178 G A ITGB8 0.3077 0.0954 0.0166 8.67E-09 
rs7795896 7 117086613 117446559 C T CFTR 0.6916 -0.1354 0.0164 1.58E-16 
rs1947178 8 59872177 58959618 A G TOX 0.7919 -0.1033 0.0171 1.67E-09 
rs13259300 8 120082941 119070702 A C COLEC10 0.5983 -0.0922 0.0147 3.28E-10 
rs3802214 8 141616183 140606084 T C AGO2 0.7988 -0.1066 0.0192 2.96E-08 
rs541856133 9 135936325 133060938 C T CEL 0.0015 1.1022 0.1311 4.08E-17 
rs537544 10 8108382 8066419 C T GATA3 0.6156 -0.0864 0.0150 8.77E-09 
rs78325861 10 72378489 70618733 C G PRF1 0.0390 -0.2821 0.0422 2.31E-11 
rs140215710 11 2903060 2881830 G A CDKN1C 0.0103 0.4126 0.0753 4.19E-08 
rs7936434 11 76293805 76582761 G C EMSY 0.4643 0.0769 0.0140 3.58E-08 
rs607703 11 128604174 128734279 C T FLI1 0.4844 0.0920 0.0143 1.17E-10 
rs7301381 12 9123932 8971336 T C KLRG1 0.4637 -0.0936 0.0143 5.25E-11 
rs238265 13 42930659 42356523 T G AKAP11 0.6952 -0.0908 0.0152 2.08E-09 
rs4238595 16 20343091 20331769 T C GP2 0.6805 -0.1121 0.0167 1.93E-11 
rs8046043 16 80284024 80250127 G C 16q23 0.3916 -0.0846 0.0152 2.49E-08 
rs61759532 17 7240391 7337072 C T NEURL4 0.2346 0.1184 0.0186 1.91E-10 
rs11651753 17 46029089 47951723 C T PRR15L 0.4198 -0.0869 0.0142 9.96E-10 
rs57209021 17 66164918 68168777 C T 17q24 0.2256 0.1007 0.0183 3.73E-08 
rs74203920 21 45714294 44294411 C T AIRE 0.0198 0.3139 0.0557 1.77E-08 
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Table 3.3. Most probable variants for 136 fine mapped T1D risk signals. 

Marker Chrom. 
Position 
(hg19) 

Position 
(hg38) 

Allele 

Signal name 
Alt. 
AF PPA 

Previous studies 

Ref. Alt. Index (r2) PMID 

rs10751776 1 25296743 24970252 A C RUNX3 (1:25296743:A:C) 0.5099 0.0406   
rs574384 1 36087661 35622060 C A PSMB2 (1:36087661:C:A) 0.8947 0.1953   
rs12742756 1 38347417 37881745 A G INPP5B (1:38347417:A:G) 0.4282 0.0705   
rs855330 1 64113889 63648218 T C PGM1 (1:64113889:T:C) 0.2594 0.1612   
rs150709401 1 114135880 113593258 A G PTPN22 (1:114135880:A:G) 0.0096 0.2576   

rs2476601 1 114377568 113834946 A G PTPN22 (1:114377568:A:G) 0.8860 0.9820 
rs2476601 
(1.00) 25751624 

rs1493696 1 120505532 119962909 G A NOTCH2 (1:120505532:G:A) 0.1323 0.0467   

rs10801128 1 192515849 192546719 A G RGS1 (1:192515849:A:G) 0.7174 0.1116 
rs2816316 
(0.50) 19430480 

rs570794153 1 198598389 198629259 G GA PTPRC (1:198598389:G:GA) 0.1397 0.8525   

rs10920052 1 200820610 200851482 C A CAMSAP2 (1:200820610:C:A) 0.2202 0.2400 
rs6691977 
(0.94) 25751624 

rs58579536 1 206746125 206572797 A G IL10 (1:206746125:A:G) 0.1318 0.5692   
rs77599401 1 206849509 206676164 G A IL10 (1:206849509:G:A) 0.0102 0.0273   

rs3024493 1 206943968 206770623 C A IL10 (1:206943968:C:A) 0.1543 0.5250 
rs3024505 
(1.00) 25751624 

rs12128789 1 212852832 212679490 T C BATF3 (1:212852832:T:C) 0.1318 0.3463   
rs1881146 2 12634794 12494668 A T 2p24 (2:12634794:A:T) 0.3105 0.3425   

rs55893453 2 25139367 24916498 A G ADCY3 (2:25139367:A:G) 0.2018 0.1268 
rs478222 
(0.13) 21980299 

rs77146844 2 60146784 59919649 C G BCL11A (2:60146784:C:G) 0.0373 0.8602   
rs13034691 2 60216169 59989034 A G BCL11A (2:60216169:A:G) 0.1004 0.0811   
rs12464462 2 60636416 60409281 A G BCL11A (2:60636416:A:G) 0.4104 0.0996   

rs4490209 2 100766711 100150249 C G AFF3 (2:100766711:C:G) 0.3599 0.0569 
rs9653442 
(0.40) 17554260 

rs567088138 2 112020548 111262971 G A ACOXL (2:112020548:G:A) 0.0098 0.5189 
rs4849135 
(0) 25751624 

rs2111485 2 163110536 162254026 A G IFIH1 (2:163110536:A:G) 0.6042 0.9076 
rs2111485 
(1.00) 25751624 

rs35667974 2 163124637 162268127 T C IFIH1 (2:163124637:T:C) 0.0208 0.9784 
rs35667974 
(1.00) 25751624 

rs35337543 2 163136505 162279995 C G IFIH1 (2:163136505:C:G) 0.0119 0.5204 
rs72871627 
(1.00) 25751624 

rs75671397 2 163139399 162282889 A C IFIH1 (2:163139399:A:C) 0.0020 0.4749   
rs10931480 2 191954047 191089321 G A STAT4 (2:191954047:G:A) 0.8372 0.3805   

rs7423529 2 192003031 191138305 T C STAT4 (2:192003031:T:C) 0.6187 0.0849 
rs7574865 
(0.08) 21980299 

rs143829908 2 204520098 203655375 T C CTLA4 (2:204520098:T:C) 0.0141 0.4778   
rs231389 2 204634730 203770007 C T CTLA4 (2:204634730:C:T) 0.7786 0.5200   
rs78847176 2 204725944 203861221 C T CTLA4 (2:204725944:C:T) 0.0072 0.7462   

rs231725 2 204740675 203875952 G A CTLA4 (2:204740675:G:A) 0.3611 0.3416 
rs3087243 
(0.40) 25751624 

rs13018977 2 242278007 241338592 T A SEPT2 (2:242278007:T:A) 0.2246 0.1535   

rs28607988 3 45913338 45871846 A C CCR5 (3:45913338:A:C) 0.0829 0.1036 
rs113010081 
(0.01) 25751624 

rs7668577 4 26123319 26121697 A C RBPJ (4:26123319:A:C) 0.3117 0.0953 
rs10517086 
(0.94) 19430480 

4:123235016:TTA:T 4 123235016 122313861 TTA T IL2 (4:123235016:TTA:T) 0.0742 0.0362   

rs77516441 4 123243594 122322439 A ATC IL2 (4:123243594:A:ATC) 0.6117 0.0765 
rs4505848 
(0.84) 19430480 

rs2611211 4 166575439 165654287 C T CPE (4:166575439:C:T) 0.8237 0.0722 
rs2611215 
(1.00) 25751624 

rs12644686 4 185302902 184381748 C G IRF2 (4:185302902:C:G) 0.1938 0.5525   

rs2303137 5 35895725 35895623 A T IL7R (5:35895725:A:T) 0.4419 0.0659 
rs11954020 
(0.37) 25751624 

rs114378220 5 110566360 111230662 C T CAMK4 (5:110566360:C:T) 0.0703 0.9690   
rs72663304 5 110926439 111590742 A C CAMK4 (5:110926439:A:C) 0.0013 0.0533   
rs766751473 5 131766763 132431071 TGTGATACCCCAA T IRF1 (5:131766763:TGTGATACCCCAA:T) 0.4039 0.0892   
rs1050979 6 410417 410417 A G IRF4 (6:410417:A:G) 0.5151 0.3473   
rs60649859 6 90854533 90144814 A T BACH2 (6:90854533:A:T) 0.0561 0.1359   

rs6908626 6 91005743 90296024 G T BACH2 (6:91005743:G:T) 0.1656 0.8210 
rs72928038 
(0.99) 25751624 

6:126690257:AT:A 6 126690257 126369111 AT A CENPW (6:126690257:AT:A) 0.4439 0.1533 
rs1538171 
(0.98) 25751624 

rs142761146 6 138004508 137683371 T A TNFAIP3 (6:138004508:T:A) 0.1700 0.4266 
rs10499194 
(0.60) 21980299 

rs4548024 6 138165744 137844607 T C TNFAIP3 (6:138165744:T:C) 0.2336 0.9702   

rs182429 6 159469574 159048542 A G TAGAP (6:159469574:A:G) 0.5693 0.1303 
rs1738074 
(1.00) 21980299 

rs11756073 6 170363580 170048356 G A 6q27 (6:170363580:G:A) 0.1679 0.0389 
rs924043 
(0.60) 21980299 

rs7805218 7 20378801 20339178 G A ITGB8 (7:20378801:G:A) 0.3077 0.0730   

rs17323934 7 26904330 26864711 C G SKAP2 (7:26904330:C:G) 0.2231 0.0738 
rs7804356 
(0.95) 19430480 

rs876039 7 50308811 50269215 G C IKZF1 (7:50308811:G:C) 0.3125 0.1065   

rs7809377 7 50442726 50375028 G A IKZF1 (7:50442726:G:A) 0.1157 0.1109 
rs62447205 
(0.32) 25751624 

rs34414436 7 51018492 50950795 GT G COBL (7:51018492:GT:G) 0.9592 0.0817 
rs10277986 
(0.86) 25751624 

rs7795896 7 117086613 117446559 C T CFTR (7:117086613:C:T) 0.6916 0.6287   
rs1947178 8 59872177 58959618 A G TOX (8:59872177:A:G) 0.7919 0.5298   
rs13259300 8 120082941 119070702 A C COLEC10 (8:120082941:A:C) 0.5983 0.1982   
rs3802214 8 141616183 140606084 T C AGO2 (8:141616183:T:C) 0.7988 0.1426   

rs1574285 9 4283137 4283137 G T GLIS3 (9:4283137:G:T) 0.5911 0.2140 
rs6476839 
(0.95) 25751624 

rs541856133 9 135936325 133060938 C T CEL (9:135936325:C:T) 0.0015 1.0000   
rs6602398 10 6082953 6040990 G T IL2RA (10:6082953:G:T) 0.3102 0.5468   

rs61839660 10 6094697 6052734 C T IL2RA (10:6094697:C:T) 0.0851 0.7793 
rs61839660 
(1.00) 25751624 

rs706778 10 6098949 6056986 C T IL2RA (10:6098949:C:T) 0.4302 0.6141 
rs10795791 
(0.92) 25751624 

rs41295159 10 6148535 6106572 C G IL2RA (10:6148535:C:G) 0.0090 0.3950 
rs41295121 
(0.95) 25751624 

rs77710246 10 6166282 6124319 T G IL2RA (10:6166282:T:G) 0.0416 0.8068   
rs947474 10 6390450 6348488 G A IL2RA (10:6390450:G:A) 0.8164 0.8791   

rs11596750 10 6471816 6429854 T C PRKCQ (10:6471816:T:C) 0.7093 0.2436 
rs11258747 
(0.71) 21980299 

rs537544 10 8108382 8066419 C T GATA3 (10:8108382:C:T) 0.6156 0.2562   
rs58763752 10 32965617 32676689 A G NRP1 (10:32965617:A:G) 0.1019 0.0206   

rs11009222 10 33374735 33085807 A G NRP1 (10:33374735:A:G) 0.1951 0.1288 
rs722988 
(0.30) 25371288 

rs78325861 10 72378489 70618733 C G PRF1 (10:72378489:C:G) 0.0390 0.3697   

rs7068821 10 90051035 88291278 G T RNLS (10:90051035:G:T) 0.2511 0.4483 
rs12416116 
(0.82) 25751624 

rs7948458 11 2172830 2151600 A C INS (11:2172830:A:C) 0.8083 0.2868   
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Table 3.3. Most probable variants for 136 fine mapped T1D risk signals, continued. 

Marker Chrom. Position (hg19) Position (hg38) 
Allele  

Alt. AF PPA 
Previous studies 

Ref. Alt. Signal name Index (r2) PMID 

rs689 11 2182224 2160994 A T INS (11:2182224:A:T) 0.7306 0.8613 rs689 (1.00) 25751624 

rs10770143 11 2195267 2174037 C T INS (11:2195267:C:T) 0.6232 0.3048 
rs72853903 
(0.67) 25751624 

rs140215710 11 2903060 2881830 G A CDKN1C (11:2903060:G:A) 0.0103 0.9874   

rs663743 11 64107735 64340263 G A BAD (11:64107735:G:A) 0.3490 0.4887 
rs694739 
(0.83) 25371288 

rs7936434 11 76293805 76582761 G C EMSY (11:76293805:G:C) 0.4643 0.1645   
rs55836957 11 128168631 128298736 C A FLI1 (11:128168631:C:A) 0.2253 0.1309   
rs607703 11 128604174 128734279 C T FLI1 (11:128604174:C:T) 0.4844 0.4068   
rs7301381 12 9123932 8971336 T C KLRG1 (12:9123932:T:C) 0.4637 0.0254   

rs35954981 12 9878144 9725548 TA T CD69 (12:9878144:TA:T) 0.5060 0.0477 
rs917911 
(0.48) 25751624 

rs12232003 12 53593632 53199848 T C ITGB7 (12:53593632:T:C) 0.0879 0.1685 
rs11170466 
(0.66) 25371288 

rs1701704 12 56412487 56018703 T G IKZF4 (12:56412487:T:G) 0.3394 0.3525 
rs2292239 
(0.88) 19430480 

rs71459332 12 56418678 56024894 C T IKZF4 (12:56418678:C:T) 0.0708 0.6281   
rs78865465 12 56434146 56040362 G A IKZF4 (12:56434146:G:A) 0.0589 0.3509   

rs3809113 12 57848708 57454925 C G CYP27B1 (12:57848708:C:G) 0.6878 0.0168 
rs10877012 
(0.07) 21980299 

rs3184504 12 111884608 111446804 T C SH2B3 (12:111884608:T:C) 0.5329 0.4242 
rs653178 
(1.00) 25751624 

rs570074821 12 111926961 111489157 A G SH2B3 (12:111926961:A:G) 0.0019 0.2420   
rs238265 13 42930659 42356523 T G AKAP11 (13:42930659:T:G) 0.6952 0.1942   

rs9573641 13 76303932 75729796 T C LMO7 (13:76303932:T:C) 0.4486 0.1167 
rs539514 
(0.70) 21980299 

rs9517712 13 100079833 99427579 T C GPR183 (13:100079833:T:C) 0.7410 0.8330 
rs9585056 
(0.98) 25751624 

rs2104047 14 68754417 68287700 T C RAD51B (14:68754417:T:C) 0.7083 0.1810 
rs911263 
(1.00) 25751624 

rs17106304 14 69260511 68793794 C G ZFP36L1 (14:69260511:C:G) 0.6560 0.4150 
rs1465788 
(0.75) 19430480 

rs1350275 14 98489306 98022969 T G 14q32 (14:98489306:T:G) 0.6984 0.0420 
rs1456988 
(0.97) 25751624 

rs56994090 14 101306447 100840110 T C DLK1 (14:101306447:T:C) 0.4311 0.9988 
rs56994090 
(1.00) 25751624 

rs3783355 14 101308958 100842621 G A DLK1 (14:101308958:G:A) 0.2406 0.5634   

rs35134214 15 38865321 38573120 CTG C RASGRP1 (15:38865321:CTG:C) 0.1954 0.0728 
rs72727394 
(0.89) 25751624 

rs34593439 15 79234957 78942615 G A CTSH (15:79234957:G:A) 0.1082 0.3294 
rs34593439 
(1.00) 25751624 

rs12927355 16 11194771 11100914 C T DEXI (16:11194771:C:T) 0.3162 0.3532 
rs12927355 
(1.00) 25751624 

rs66718203 16 11428643 11334786 C G DEXI (16:11428643:C:G) 0.1740 0.0507 
rs193778 
(0.07) 25751624 

rs4238595 16 20343091 20331769 T C GP2 (16:20343091:T:C) 0.6805 0.4521   
rs34835 16 28499291 28487970 A G IL27 (16:28499291:A:G) 0.4299 0.3799   

rs231972 16 28538336 28527015 A C IL27 (16:28538336:A:C) 0.1180 0.2249 
rs151234 
(0.83) 25751624 

rs7187776 16 28857645 28846324 A G IL27 (16:28857645:A:G) 0.4090 0.1714   

rs55993634 16 75236763 75202865 C G CTRB2 (16:75236763:C:G) 0.0849 0.3716 
rs8056814 
(0.87) 25751624 

rs8046043 16 80284024 80250127 G C 16q23 (16:80284024:G:C) 0.3916 0.8014   

rs9891059 17 4300706 4397411 T G UBE2G1 (17:4300706:T:G) 0.1659 0.1207 
rs9906760 
(0.30) 25371288 

rs61759532 17 7240391 7337072 C T NEURL4 (17:7240391:C:T) 0.2346 0.3785   
rs62062613 17 7642035 7738717 C T NEURL4 (17:7642035:C:T) 0.1200 0.1339   

rs56750287 17 38062944 39906691 A C GSDMB (17:38062944:A:C) 0.1652 0.0774 
rs12453507 
(0.84) 25751624 

rs112401631 17 38764524 40608272 T A CCR7 (17:38764524:T:A) 0.0191 0.2938 
rs757411 
(0.01) 25751624 

rs35327136 17 43487574 45410208 C A MAPT (17:43487574:C:A) 0.1555 0.0142 
rs1052553 
(0.69) 25751624 

rs11651753 17 46029089 47951723 C T PRR15L (17:46029089:C:T) 0.4198 0.4572   
rs57209021 17 66164918 68168777 C T 17q24 (17:66164918:C:T) 0.2256 0.4710   

rs80262450 18 12818922 12818923 G A PTPN2 (18:12818922:G:A) 0.1214 0.5460 
rs1893217 
(0.66) 25751624 

rs2542162 18 12820900 12820901 C T PTPN2 (18:12820900:C:T) 0.4078 0.1309 
rs12971201 
(1.00) 25751624 

rs62097857 18 12857758 12857759 G A PTPN2 (18:12857758:G:A) 0.0388 0.5908   

rs1808094 18 67526026 69858790 T C CD226 (18:67526026:T:C) 0.5239 0.3313 
rs1615504 
(1.00) 25751624 

rs34536443 19 10463118 10352442 G C TYK2 (19:10463118:G:C) 0.0427 1.0000 
rs34536443 
(1.00) 25751624 

rs12720356 19 10469975 10359299 A C TYK2 (19:10469975:A:C) 0.0936 0.9653 
rs12720356 
(1.00) 25751624 

rs60652743 19 47205707 46702450 A G PRKD2 (19:47205707:A:G) 0.1657 0.4358 
rs402072 
(0.98) 25751624 

rs71353922 19 47211296 46708039 G T PRKD2 (19:47211296:G:T) 0.0853 0.1878   

rs601338 19 49206674 48703417 G A FUT2 (19:49206674:G:A) 0.4788 0.3078 
rs516246 
(1.00) 25751624 

rs6043405 20 1615544 1634898 T C SIRPG (20:1615544:T:C) 0.6608 0.2560 
rs6043409 
(0.98) 25751624 

rs2250268 20 1657741 1677095 G A SIRPG (20:1657741:G:A) 0.8301 0.2658   
rs12483582 21 43817769 42397660 G A UBASH3A (21:43817769:G:A) 0.4139 0.9714   

rs9981624 21 43825722 42405613 G C UBASH3A (21:43825722:G:C) 0.3291 0.6382 
rs11203202 
(1.00) 25751624 

rs1893592 21 43855067 42434957 A C UBASH3A (21:43855067:A:C) 0.3036 0.9627   
rs1055311 21 45709568 44289685 C T AIRE (21:45709568:C:T) 0.2968 0.0778   
rs74203920 21 45714294 44294411 C T AIRE (21:45714294:C:T) 0.0198 0.9901   
rs2074204 22 30403996 30008007 C T HORMAD2 (22:30403996:C:T) 0.2634 0.2376   

rs4820827 22 30477589 30081600 T C HORMAD2 (22:30477589:T:C) 0.6209 0.1346 
rs4820830 
(1.00) 25751624 

rs228963 22 37535948 37139908 A G C1QTNF6 (22:37535948:A:G) 0.4388 0.2645   

rs229527 22 37581485 37185445 C A C1QTNF6 (22:37581485:C:A) 0.4164 0.4042 
rs229533 
(0.97) 25751624 
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Table 3.4. Fine mapped variants mapping in protein coding regions. 

Marker Chrom. Position Signal name PPA Gene Mutation type Mutation PolyPhen SIFT 

rs34536443 19 10463117 TYK2 (19:10463118:G:C) 1.0000 TYK2 missense P1104A probably damaging deleterious 
rs74203920 21 45714293 AIRE (21:45714294:C:T) 0.9901 AIRE missense R471C possibly damaging deleterious 
rs2476601 1 114377567 PTPN22 (1:114377568:A:G) 0.9820 PTPN22 missense R620W benign tolerated 
rs35667974 2 163124636 IFIH1 (2:163124637:T:C) 0.9784 IFIH1 missense I923V probably damaging tolerated 
rs12720356 19 10469974 TYK2 (19:10469975:A:C) 0.9653 TYK2 missense I684S possibly damaging deleterious 
rs74162075 2 163167418 IFIH1 (2:163139399:A:C) 0.4348 IFIH1 missense N160D probably damaging deleterious 
rs3184504 12 111884607 SH2B3 (12:111884608:T:C) 0.4242 SH2B3 missense W262R benign tolerated 
rs229527 22 37581484 C1QTNF6 (22:37581485:C:A) 0.4042 C1QTNF6 missense G21V benign tolerated low confidence 
rs601338 19 49206673 FUT2 (19:49206674:G:A) 0.3078 FUT2 stop gained - - - 
rs35947132 10 72360386 PRF1 (10:72378489:C:G) 0.2779 PRF1 missense A91V probably damaging deleterious 
rs6043409 20 1616205 SIRPG (20:1615544:T:C) 0.2095 SIRPG missense V263A benign tolerated 
rs681343 19 49206461 FUT2 (19:49206674:G:A) 0.1811 FUT2 stop gained - - - 
rs2289702 15 79237292 CTSH (15:79234957:G:A) 0.1751 CTSH missense G11R probably damaging deleterious low confidence 
rs3842753 11 2181059 INS (11:2182224:A:T) 0.1387 INS missense H77P benign tolerated 
rs1990760 2 163124050 IFIH1 (2:163110536:A:G) 0.0907 IFIH1 missense A946T benign tolerated 
rs2202683 1 212873073 BATF3 (1:212852832:T:C) 0.0782 BATF3 missense V11I benign tolerated low confidence 
rs34655914 1 38397340 INPP5B (1:38347417:A:G) 0.0650 INPP5B missense S259L benign tolerated 
rs35267671 1 38397368 INPP5B (1:38347417:A:G) 0.0547 INPP5B missense G250C probably damaging deleterious 
rs1050152 5 131676319 IRF1 (5:131766763:TGTGATACCCCAA:T) 0.0501 SLC22A4 missense L503F benign tolerated 
rs11557467 17 38028633 GSDMB (17:38062944:A:C) 0.0314 ZPBP2 missense S173I benign tolerated 
rs763361 18 67531641 CD226 (18:67526026:T:C) 0.0239 CD226 missense S307G benign tolerated 
rs10797300 16 28607195 IL27 (16:28538336:A:C) 0.0200 SULT1A2 missense P19R probably damaging deleterious 
rs1445898 5 35910528 IL7R (5:35895725:A:T) 0.0168 CAPSL missense R85Q benign tolerated 
rs2305479 17 38062216 GSDMB (17:38062944:A:C) 0.0147 GSDMB missense G304R probably damaging deleterious 
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Table 3.5. Metadata for snATAC-seq experiments. 

Exp. ID 
Dono
r ID Sex 

A
ge 

B
MI Race Tissue type 

Tiss
ue 
stat
us 

Tissue 
source Technology 

Dupli
cate 

reads 
(%) 

Mito
. 

read
s 

(%) 

Rea
ds 
in  

pea
ks 
(%) 

Final 
read 
count 

# 
cell
s 

(po
st 

QC) 

nPOD-6282 6282 
Mal
e 14 

41
.9 Caucasian Whole pancreas 

Froz
en 

JDRF 
nPOD Combinatorial barcoding 

75.84
% 

5.70
% 

49.7
2% 

29,962,
338 

6,18
3 

nPOD-6251-
1 6251 

Fem
ale 33 

29
.5 Caucasian Whole pancreas 

Froz
en 

JDRF 
nPOD Combinatorial barcoding 

76.31
% 

4.74
% 

58.1
1% 

29,892,
458 

4,91
6 

nPOD-6251-
2 6251 

Fem
ale 33 

29
.5 Caucasian Whole pancreas 

Froz
en 

JDRF 
nPOD Combinatorial barcoding 

70.68
% 

3.59
% 

62.1
7% 

33,973,
568 

5,54
5 

nPOD-6004-
1 6004 

Mal
e 33 

30
.9 Caucasian Whole pancreas 

Froz
en 

JDRF 
nPOD Combinatorial barcoding 

71.96
% 

17.8
4% 

55.7
7% 

19,779,
400 

4,68
8 

nPOD-6004-
2 6004 

Mal
e 33 

30
.9 Caucasian Whole pancreas 

Froz
en 

JDRF 
nPOD 

10x Chromium Single Cell 
ATAC (v1.0) 

40.39
% 

1.64
% 

33.1
3% 

226,83
7,754 

6,34
2 

nPOD-6007 6007 
Mal
e 9 20 

African 
American Whole pancreas 

Froz
en 

JDRF 
nPOD Combinatorial barcoding 

71.58
% 

11.5
9% 

51.3
3% 

35,464,
636 

6,43
0 

IIDP-
AFC2208-1 

AFC2
208 

Mal
e 32 

32
.3 Caucasian 

Purified pancreatic 
islets 

Fres
h IIDP Combinatorial barcoding 

77.33
% 

1.00
% 

67.9
9% 

52,164,
796 

5,58
2 

IIDP-
AFC2208-2 

AFC2
208 

Mal
e 32 

32
.3 Caucasian 

Purified pancreatic 
islets 

Froz
en IIDP Combinatorial barcoding 

13.31
% 

1.61
% 

42.3
1% 

36,216,
124 

4,18
6 

IIDP-
AFEA331 

AFEA
331 

Mal
e 45 

29
.3 

African 
American 

Purified pancreatic 
islets 

Fres
h IIDP Combinatorial barcoding 

29.83
% 

1.47
% 

71.5
7% 

37,904,
450 

4,51
5 

IIDP-
AFEP022 

AFEP
022 

Mal
e 62 

36
.1 

African 
American 

Purified pancreatic 
islets 

Fres
h IIDP Combinatorial barcoding 

45.92
% 

8.87
% 

73.1
1% 

57,423,
960 

6,03
1 

IIDP-
AEHU156 

AEHU
156 

Mal
e 37 

29
.5 Caucasian 

Purified pancreatic 
islets 

Froz
en IIDP Combinatorial barcoding 

47.57
% 

6.66
% 

44.8
3% 

72,522,
452 

10,5
30 

HemaCare-
D205220 

D205
220 

Mal
e 47 - Caucasian 

Peripheral blood 
mononuclear cells 

Froz
en 

HemaC
are 

10x Chromium Single Cell 
ATAC (v1.0) 

28.44
% 

0.77
% 

44.8
5% 

214,37
6,844 

8,44
9 

HemaCare-
D105 D105 

Mal
e 46 - Caucasian 

Peripheral blood 
mononuclear cells 

Froz
en 

HemaC
are 

10x Chromium Single Cell 
ATAC (v1.0) 

34.23
% 

0.29
% 

46.0
7% 

204,44
7,412 

6,30
8 

HemaCare-
D147558 

D147
558 

Mal
e 53 - Caucasian 

Peripheral blood 
mononuclear cells 

Froz
en 

HemaC
are 

10x Chromium Single Cell 
ATAC (v1.0) 

38.43
% 

0.33
% 

44.8
2% 

149,15
1,488 

6,13
6 

HemaCare-
D270271 

D270
271 

Mal
e 45 - Caucasian 

Peripheral blood 
mononuclear cells 

Froz
en 

HemaC
are 

10x Chromium Single Cell 
ATAC (v1.0) 

53.51
% 

0.38
% 

52.6
8% 

105,52
3,078 

4,66
0 

HemaCare-
D182364 

D182
364 

Mal
e 48 - Caucasian 

Peripheral blood 
mononuclear cells 

Froz
en 

HemaC
are 

10x Chromium Single Cell 
ATAC (v1.0) 

40.98
% 

0.16
% 

36.4
9% 

144,47
2,996 

3,94
2 

HemaCare-
D273097 

D273
097 

Fem
ale 54 - Caucasian 

Peripheral blood 
mononuclear cells 

Froz
en 

HemaC
are 

10x Chromium Single Cell 
ATAC (v1.0) 

30.18
% 

0.32
% 

38.5
5% 

154,63
4,340 

5,32
3 

10x-5k-1 10x_1 
Mal
e - - - 

Peripheral blood 
mononuclear cells - - 

10x Chromium Single Cell 
ATAC (v1.0) 

52.34
% 

0.24
% 

54.3
2% 

189,56
0,042 

3,57
7 

10x-10k-1 10x_1 
Mal
e - - - 

Peripheral blood 
mononuclear cells - - 

10x Chromium Single Cell 
ATAC (v1.0) 

43.07
% 

0.16
% 

42.4
6% 

381,66
5,308 

6,34
8 

10x-5k-2 10x_2 
Mal
e - - - 

Peripheral blood 
mononuclear cells - - 

10x Chromium Single Cell 
ATAC (v1.0) 

42.23
% 

0.16
% 

51.7
3% 

118,20
6,092 

3,37
4 

10x-5k-3 10x_2 
Mal
e - - - 

Peripheral blood 
mononuclear cells - - 

10x Chromium Single Cell 
ATAC (Next GEM v1.1) 

53.03
% 

0.14
% 

59.6
0% 

182,46
2,524 

4,18
4 

10x-10k-2 10x_2 
Mal
e - - - 

Peripheral blood 
mononuclear cells - - 

10x Chromium Single Cell 
ATAC (v1.0) 

42.87
% 

0.12
% 

50.0
0% 

238,62
7,438 

6,27
1 

10x-10k-3 10x_2 
Mal
e - - - 

Peripheral blood 
mononuclear cells - - 

10x Chromium Single Cell 
ATAC (Next GEM v1.1) 

46.76
% 

0.16
% 

52.0
3% 

380,31
1,842 

8,03
4 
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Table 3.6. Marker genes used for cell type identification. 

Cell type 
Abbre
v. 

Marker 
genes 

Ident
ified 
mod
ality 

Refer
ences 
(PMID
) Additional marker genes Additional notes 

hematopoeti
c stem cell HSC CD34 

scRN
A-
seq 

24497
003  

https://panglaodb.se/markers.html?cell_type=%27
Hematopoietic%20stem%20cells%27  CD34 is listed as a marker gene for hematopoetic stem cells on PanglaoDB. 

megakaryoc
yte MKC 

GATA1, 
PPBP both 

16166
640  

https://panglaodb.se/markers.html?cell_type=%27
Megakaryocytes%27 

GATA1 and PPBP are listed as a marker genes for megakaryocytes and platelets, 
respectively, on PanglaoDB. 

plasmacytoid 
dendritic pDC PTCRA both 

18854
153  

https://panglaodb.se/markers.html?cell_type=%27
Plasmacytoid%20dendritic%20cells%27 PTCRA is listed as a marker gene for plasmacytoid dendritic on PanglaoDB. 

pancreatic 
macrophage 

panc. 
MΦ C1QB both 

29167
450  

https://panglaodb.se/markers.html?cell_type=%27
Macrophages%27 

C1QB encodes part of the complement protein C1q which is primarly expressed in 
macrophages. 

classical 
monocyte cMono 

FCAR, 
CD14 both 

21937
986  

https://panglaodb.se/markers.html?cell_type=%27
Monocytes%27 

FCAR (CD89) encodes the Fc fragment of the IgA receptor which is a cell surface 
marker for myeloid lineage cells. 

non-classical 
monocyte 

ncMon
o 

HES4, 
FCGR3B both 

21653
326  

https://panglaodb.se/markers.html?cell_type=%27
Monocytes%27 

HES4 has higher expression in non-classical monocytes than classical monocytes 
in the Human Protein Atlas. 

conventional 
dendritic cDC 

TLR3, 
CD1C both 

20561
711  

https://panglaodb.se/markers.html?cell_type=%27
Dendritic%20cells%27  

CD1C is a cell surface marker for sorting conventional dendritic cells. CD1C and 
TLR3 are listed as marker genes for dendritic cells on PanglaoDB. 

endothelial 
endoth
el. CLDN5 both 

22038
628  

https://panglaodb.se/markers.html?cell_type=%27
Endothelial%20cells%27 CLDN5 is involved in the regulation of endothelial cell motility. 

quiescent 
stellate 

qui. 
stell. RGS5 both 

27667
365  

https://panglaodb.se/markers.html?cell_type=%27
Pancreatic%20stellate%20cells%27  RGS5 is listed as a marker gene for stellate cells on PanglaoDB. 

activated 
stellate 

act. 
stell. COL6A3 both  

https://panglaodb.se/markers.html?cell_type=%27
Pancreatic%20stellate%20cells%27 COL6A3 is listed as a marker gene for stellate cells on PanglaoDB. 

schwann 
schwa
nn CDH19 

scRN
A-
seq 

28512
649  

https://panglaodb.se/markers.html?cell_type=%27
Peri-islet%20Schwann%20cells%27 CDH19 is a marker of schwann cell precursors. 

ductal ductal CFTR both 
27667

365  

https://panglaodb.se/markers.html?cell_type=%27
Ductal%20cells%27 CFTR encodes a chloride channel and is the gene affected in cystic fibrosis. 

acinar acinar REG1A both  

https://panglaodb.se/markers.html?cell_type=%27
Acinar%20cells%27 REG1A is listed as a marker gene for acinar cells on PanglaoDB. 

GCGhigh 
alpha 

GCGhi 
alpha 

GCG 

both 
(state
s in 
snAT
AC-
seq) 

27667
365  

https://panglaodb.se/markers.html?cell_type=%27
Alpha%20cells%27 GCG is the hallmark hormone produced by alpha cells. 

GCGlow 
alpha 

GCGlo 
alpha 

INShigh beta 
INShi 
beta 

INS 

both 
(state
s in 
snAT
AC-
seq) 

27667
365  

https://panglaodb.se/markers.html?cell_type=%27
Beta%20cells%27  INS is the hallmark hormone produced by beta cells. INSlow beta 

INSlo 
beta 

SSThigh delta 
SSThi 
delta 

SST 

both 
(state
s in 
snAT
AC-
seq) 

27667
365  

https://panglaodb.se/markers.html?cell_type=%27
Delta%20cells%27 SST is the hallmark hormone produced by delta cells. SSTlow delta 

SSTlo 
delta 

gamma 
gamm
a PPY both 

27667
365  

https://panglaodb.se/markers.html?cell_type=%27
Gamma%20(PP)%20cells%27 PPY is the hallmark hormone produced by gamma (PP) cells. 

naive 
CD4/CD8 T 

naïve 
T 

CD3D, 
CD4, 
CD8B 

both 
(split 
into 
CD4 
and 
CD8 
in 
scRN
A-
seq)  

https://panglaodb.se/markers.html?cell_type=%27
T%20cells%27  

Naïve T cells are typically characterized by lack of markers for other mature T cell 
types. 

activated 
CD4 T 

act. 
CD4 CD4 both  

https://panglaodb.se/markers.html?cell_type=%27
T%20helper%20cells%27  GATA1 is listed as a marker gene for megakaryocytes on PanglaoDB. 

regulatory T 
reg. 
CD4 

CD4, 
FOXP3 both 

25683
611  

https://panglaodb.se/markers.html?cell_type=%27
T%20regulatory%20cells%27 FOXP3 is a master regulator of regulatory T cell development and function. 

memory CD8 
T 

mem. 
CD8 

CD8B, 
KLRB1 both 

26220
166   GATA1 is listed as a marker gene for megakaryocytes on PanglaoDB. 

cytotoxic 
CD8 T 

cyto. 
CD8 

CD8B, 
IFNG both 

11698
428   IFNG is a cytokine secreted by cytotoxic T cells. 

pancreatic 
CD8 T 

panc. 
CD8 

CD8B, 
CD69 

snAT
AC-
seq 

30952
804   CD69 is a marker for tissue resident CD8 T cells. 

cytotoxic NK 
cyto. 
NK 

IFNG, 
GZMB both 

12355
441  

https://panglaodb.se/markers.html?cell_type=%27
NK%20cells%27  IFNG and GZMB are listed as marker genes for NK cells on PanglaoDB. 

adaptive NK 
adap. 
NK XCL1 both 

29429
633  

https://panglaodb.se/markers.html?cell_type=%27
NK%20cells%27  XCL1 is listed as a marker gene for NK cells on PanglaoDB. 

naïve B 
naïve 
B TCL1A both 

11607
815  

https://panglaodb.se/markers.html?cell_type=%27
B%20cells%20naive%27 TCL1A is listed as a marker gene for naïve B cells on PanglaoDB. 

memory B 
mem. 
B CD80 both 

24880
458  

https://panglaodb.se/markers.html?cell_type=%27
B%20cells%20memory%27 

CD80 (aka B7-1) is a cell surface marker for memory B cells and is listed as a 
marker gene for memory B cells on PanglaoDB. 

plasma B 
plasm
a B 

TNFRSF1
7 

scRN
A-
seq 

14707
116  

https://panglaodb.se/markers.html?cell_type=%27
Plasma%20cells%27  

TNFRSF17 (aka BCMA) is essential for plasma cell survival and is listed as a 
marker gene for plasma cells on PanglaoDB. 
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Table 3.7. Transcription factors enriched for each cell type. 

Cell type Motif subfamily Enriched TF motifs (chromVAR z-score>2) Expressed subfamily TFs (TPM>1) 

acinar ASC Ascl2 ASCL2 
acinar ER-like ESRRB, Esrra, Esrrg ESRRA 
acinar FOXA Foxa2, FOXA1 FOXA2, FOXA3 
acinar FOXC FOXC2, FOXC1 FOXC1 
acinar HLH only ID4 ID2, ID3, ID4 
acinar MESP MSC MESP1, MSC 
acinar NF-1 NFIC, NFIA, NFIX NFIC 
acinar NR2F NR2F2 NR2F2, NR2F6 
acinar TWIST FIGLA PTF1A 

cytotoxic CD8 T TBrain-related EOMES, TBX21, TBR1 EOMES, TBX21 
cytotoxic CD8 T ETS-like ETS1 ETS1, ETS2, ETV2, GABPA, FLI1, ETV3, ERF 
cytotoxic CD8 T Runt-related RUNX1, RUNX3, RUNX2 RUNX3 

activated stellate ASC Ascl2 ASCL2 
activated stellate ATF3-like JDP2 ATF3 
activated stellate ATF4-related ATF4 ATF4, ATF5 
activated stellate CEBP CEBPA, CEBPB, CEBPE, CEBPG, CEBPD CEBPB, CEBPG, CEBPD, DDIT3 
activated stellate E2F E2F6 E2F4, E2F6 
activated stellate EGR EGR3 EGR1, EGR2, EGR3, EGR4 
activated stellate ETS-like EWSR1-FLI1 ETS2, ETV2, FEV, ERF 
activated stellate Fos FOS, FOSL2, FOSL1 FOS, FOSB, FOSL1, FOSL2 
activated stellate TWIST TWIST1 HAND2 
activated stellate HSF HSF2, HSF1, HSF4 HSF1, HSF2, HSF4 
activated stellate Jun JUN(var.2), JUND, JUNB, JUN JUN 
activated stellate Large MAF Mafb MAF, MAFB 
activated stellate Small MAF MAFF, MAFK MAFF, MAFG, MAFK 
activated stellate MESP Tcf21 MESP1, MSC, TCF21 
activated stellate More than 3 adjacent zinc fingers MZF1 MZF1 
activated stellate NFAT-related NFATC2, NFAT5, NFATC1, NFATC3 NFATC4 
activated stellate NFE2 NFE2, BACH2, Nfe2l2 NFE2L1, NFE2L2 
activated stellate NF-1 NFIC, NFIA NFIC 
activated stellate NR3C NR3C2, NR3C1, Ar NR3C1 
activated stellate NR4A NR4A1 NR4A1, NR4A2 
activated stellate NFkappaB p65-like RELB RELA, RELB 
activated stellate STAT STAT3, STAT1, Stat4, Stat6 STAT1, STAT2, STAT3, STAT6 
activated stellate TEF1-related TEAD3, TEAD4, TEAD1, TEAD2 TEAD2, TEAD3, TEAD4 
activated stellate AP4 TFAP4 TFAP4 

adaptive NK ELK-like ELK4 ELK1, ELK3, ELK4 
adaptive NK TBrain-related TBR1, TBX21, EOMES EOMES, TBX21 
adaptive NK ETS-like ETS1, ERG, FLI1, ERF, Gabpa ETS1, ETS2, ETV2, GABPA, FLI1, ETV3, ERF 
adaptive NK IRF IRF9 IRF1, IRF2, IRF3, IRF5, IRF7, IRF8, IRF9 
adaptive NK Runt-related RUNX1, RUNX3, RUNX2 RUNX3 
adaptive NK TBX6-related MGA TBX6 

classical monocyte ATF4-related ATF4 ATF4, ATF5 
classical monocyte CEBP CEBPA, CEBPE, CEBPB, CEBPG, CEBPD CEBPA, CEBPB, CEBPG, CEBPD, CEBPE, DDIT3 
classical monocyte ETV6-like ETV6 ETV6, ETV7 
classical monocyte Fos FOSL2, FOSL1, FOS FOS, FOSB, FOSL1, FOSL2 
classical monocyte Jun JUNB, JUN(var.2), JUND JUN, NFE2, ATF2 
classical monocyte NFE2 Nfe2l2, BACH2 NFE2, NFE2L1, NFE2L2, NFE2L3, BACH1 
classical monocyte SPI-like SPI1, SPIC, SPIB SPI1 

conventional dendritic ETV6-like ETV6 ETV6 
conventional dendritic IRF IRF1 IRF1, IRF2, IRF3, IRF4, IRF5, IRF7, IRF8, IRF9 
conventional dendritic SPI-like SPI1, SPIC, SPIB SPI1, SPIB 

cytotoxic NK TBrain-related EOMES, TBX21, TBR1 EOMES, TBX21 
cytotoxic NK ETS-like ETS1 ETS1, ETS2, ETV2, GABPA, FLI1, ETV3, ERF 
cytotoxic NK Runt-related RUNX1, RUNX3, RUNX2 RUNX3 

ductal ER-like ESRRB, Esrra, Esrrg ESRRA 
ductal FOXA Foxa2, FOXA1 FOXA2, FOXA3 
ductal FOXC FOXC2, FOXC1 FOXC1 
ductal GATA double GATA2, Gata4, GATA6, Gata1 GATA6 
ductal HNF1-like HNF1B, HNF1A HNF1B 
ductal NFAT-related NFATC2 NFATC4 
ductal NF-1 NFIC, NFIA, NFIX NFIC 
ductal NR5A Nr5a2 NR5A2 
ductal ONECUT ONECUT1, ONECUT2, ONECUT3 ONECUT2 
ductal Group E SOX10 SOX8, SOX9 
ductal TEF1-related TEAD3, TEAD4, TEAD2, TEAD1 TEAD2, TEAD3 

endothelial Fos FOSL2, FOS, FOSL1 FOS, FOSB, FOSL1, FOSL2 
endothelial Jun JUN(var.2), JUND, JUNB JUN, ATF2 
endothelial NFAT-related NFATC2 NFATC4 
endothelial Group G SOX15 SOX15 
endothelial Group B Sox2, Sox3 SOX2 
endothelial Group E SOX9 SOX8, SOX9 
endothelial STAT Stat4, STAT1, STAT3 STAT2, STAT3, STAT5A, STAT5B, STAT6 

gamma ARID3 Arid3a, Arid3b ARID3A 
gamma ARX Arx ARX 
gamma ASC Ascl2, ASCL1 ASCL2 
gamma E2F E2F4, E2F6 E2F4 
gamma EGR EGR1, EGR2, EGR3 EGR1, EGR3, EGR4 
gamma ETS-like EWSR1-FLI1 ETV2, FEV, ERF 
gamma Fos FOS, FOSL2, FOSL1 FOS, FOSB 
gamma FOXA Foxa2, FOXA1 FOXA2, FOXA3 
gamma FOXJ Foxj3, Foxj2 FOXJ1 
gamma HINFP-like HINFP HINFP 
gamma HOX2 HOXB2, HOXA2 HOXB2 
gamma ISL ISL2 ISL1 
gamma Jun JUN(var.2), JUND, JUNB JUN 
gamma Large MAF NRL MAF, MAFB 
gamma Small MAF MAFF, MAFK MAFG 
gamma MEIS MEIS1, MEIS2, MEIS3 MEIS2, MEIS3 
gamma MESP MSC, Tcf21 MESP1 
gamma MNX MNX1 MNX1 
gamma More than 3 adjacent zinc fingers MZF1(var.2) MZF1 
gamma Neurogenin-ATO NEUROD1, NEUROG2 NEUROD1, ATOH7 
gamma NFE2 NFE2, BACH2 NFE2L1 
gamma NF-1 NFIC NFIC 
gamma NK2.2 NKX2-8 NKX2-2 
gamma NK6 NKX6-2, NKX6-1 NKX6-1 
gamma RFX Rfx1, RFX5, RFX3, RFX2, RFX4 RFX6 
gamma Group C SOX4, Sox11 SOX4, SOX12 
gamma Group A SRY SRY 
gamma STAT STAT3, STAT1, Stat4 STAT3 
gamma AP4 TFAP4 TFAP4 
gamma DP1 TFDP1 TFDP1 
gamma ZNF24-like ZNF24 ZNF24, GLI4, ZKSCAN1 

GCGhi alpha ARID3 Arid3a, Arid3b ARID3A 
GCGhi alpha ARID5 Arid5a ARID5A 
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Table 3.7. Transcription factors enriched for each cell type, continued. 

Cell type Motif subfamily Enriched TF motifs (chromVAR z-score>2) Expressed subfamily TFs (TPM>1) 

GCGhi alpha ASC Ascl2, ASCL1 ASCL1, ASCL2 
GCGhi alpha Fos FOS, FOSL1, FOSL2 FOS, FOSB 
GCGhi alpha FOXA Foxa2, FOXA1 FOXA2, FOXA3 
GCGhi alpha FOXJ Foxj3, Foxj2 FOXJ1 
GCGhi alpha FOXP FOXP3, FOXP1, FOXP2 FOXP4 
GCGhi alpha FOXQ Foxq1 FOXQ1 
GCGhi alpha GATA double Gata4, Gata1, GATA6 GATA6 
GCGhi alpha HNF1-like HNF1B, HNF1A HNF1A 
GCGhi alpha HOX2 HOXB2 HOXB2 
GCGhi alpha ISL ISL2 ISL1 
GCGhi alpha Jun JUND, JUN(var.2), JUNB JUN 
GCGhi alpha Large MAF NRL, Mafb MAF, MAFB 
GCGhi alpha Small MAF MAFF, MAFK, MAFG MAFG, MAFK 
GCGhi alpha MESP MSC, Tcf21 MESP1 
GCGhi alpha MNX MNX1 MNX1 
GCGhi alpha Neurogenin-ATO NEUROD1, NEUROG2 NEUROD1, ATOH7 
GCGhi alpha NFAT-related NFATC2, NFAT5, NFATC3, NFATC1 NFATC4 
GCGhi alpha NFE2 BACH2, NFE2 NFE2L1, NFE2L2 
GCGhi alpha NK6 NKX6-2 NKX6-1 
GCGhi alpha RFX Rfx1, RFX3, RFX5, RFX2, RFX4 RFX5, RFX6 
GCGhi alpha AP4 TFAP4 TFAP4 

GCGlo alpha ARID3 Arid3a, Arid3b ARID3A 
GCGlo alpha E2F E2F4 E2F4, E2F6 
GCGlo alpha Fos FOS, FOSL2, FOSL1 FOS, FOSB 
GCGlo alpha FOXA Foxa2, FOXA1 FOXA2, FOXA3 
GCGlo alpha FOXJ Foxj3, Foxj2 FOXJ1 
GCGlo alpha FOXP FOXP3, FOXP1, FOXP2 FOXP4 
GCGlo alpha HINFP-like HINFP HINFP 
GCGlo alpha HNF1-like HNF1B, HNF1A HNF1A 
GCGlo alpha HOX2 HOXB2 HOXB2 
GCGlo alpha Jun JUND, JUNB, JUN(var.2) JUN 
GCGlo alpha Large MAF NRL, Mafb MAF, MAFB 
GCGlo alpha Small MAF MAFF, MAFK, MAFG MAFG, MAFK 
GCGlo alpha MNX MNX1 MNX1 
GCGlo alpha NFAT-related NFATC2, NFAT5 NFATC4 
GCGlo alpha NFE2 NFE2, BACH2, Nfe2l2 NFE2L1, NFE2L2 
GCGlo alpha NK6 NKX6-2 NKX6-1 
GCGlo alpha RFX Rfx1 RFX5, RFX6 
GCGlo alpha ZNF24-like ZNF24 ZNF24, GLI4, ZNF232, ZKSCAN1 

INShi beta ARID5 Arid5a ARID5A 
INShi beta ASC Ascl2, ASCL1 ASCL1, ASCL2 
INShi beta Fos FOS, FOSL2, FOSL1 FOS 
INShi beta FOXA Foxa2, FOXA1 FOXA2, FOXA3 
INShi beta FOXJ Foxj3, Foxj2 FOXJ1 
INShi beta FOXP FOXP3, FOXP2, FOXP1 FOXP4 
INShi beta HOX2 HOXB2, HOXA2 HOXB2 
INShi beta ISL ISL2 ISL1 
INShi beta Jun JUND, JUN(var.2), JUNB JUN 
INShi beta Large MAF NRL, Mafb MAFA, MAFB 
INShi beta Small MAF MAFF, MAFK, MAFG MAFG 
INShi beta MESP MSC, Tcf21 MESP1 
INShi beta MNX MNX1 MNX1 
INShi beta Neurogenin-ATO NEUROD1, NEUROG2 NEUROD1, ATOH7, OLIG1, OLIG3 
INShi beta NFE2 BACH2, NFE2, Nfe2l2 NFE2L1, NFE2L2 
INShi beta NK6 NKX6-2, NKX6-1 NKX6-1, NKX6-2 
INShi beta PAX4-like PAX4 PAX6 
INShi beta PDX PDX1 PDX1 
INShi beta RFX Rfx1, RFX5, RFX3, RFX2, RFX4 RFX5, RFX6 
INShi beta AP4 TFAP4 TFAP4 

INSlo beta ARID5 Arid5a ARID5A 
INSlo beta ASC Ascl2, ASCL1 ASCL1, ASCL2 
INSlo beta E2F E2F4 E2F4, E2F6 
INSlo beta Fos FOS, FOSL2, FOSL1 FOS 
INSlo beta FOXA Foxa2, FOXA1 FOXA2, FOXA3 
INSlo beta FOXJ Foxj3, Foxj2 FOXJ1 
INSlo beta FOXP FOXP3, FOXP1, FOXP2 FOXP4 
INSlo beta HOX2 HOXB2, HOXA2 HOXB2 
INSlo beta ISL ISL2 ISL1 
INSlo beta Jun JUND, JUNB, JUN(var.2) JUN 
INSlo beta Large MAF NRL, Mafb MAFA, MAFB 
INSlo beta Small MAF MAFF, MAFK, MAFG MAFG 
INSlo beta MESP MSC, Tcf21 MESP1 
INSlo beta MNX MNX1 MNX1 
INSlo beta Neurogenin-ATO NEUROD1 NEUROD1, ATOH7, OLIG1, OLIG3 
INSlo beta NFE2 NFE2, BACH2, Nfe2l2 NFE2L1, NFE2L2 
INSlo beta NK6 NKX6-2, NKX6-1 NKX6-1, NKX6-2 
INSlo beta PAX4-like PAX4 PAX6 
INSlo beta PDX PDX1 PDX1 
INSlo beta RFX Rfx1, RFX3, RFX5, RFX2, RFX4 RFX5, RFX6 
INSlo beta AP4 TFAP4 TFAP4 
INSlo beta ZNF24-like ZNF24 ZNF24, GLI4, ZKSCAN1 

megakaryocyte CEBP CEBPA CEBPA, CEBPB, CEBPG, CEBPD, CEBPE, DDIT3 
megakaryocyte GATA double GATA6, GATA2, Gata4, GATA3, GATA5, Gata1 GATA1, GATA2, GATA3 

memory B HLH only ID4 ID2, ID3 
memory B IRF IRF1, IRF9, IRF4, IRF8, IRF3, IRF2 IRF1, IRF2, IRF3, IRF4, IRF5, IRF7, IRF8, IRF9 
memory B NFkappaB p50-like NFKB2, NFKB1 NFKB1, NFKB2 
memory B POU2 POU2F2, Pou2f3, POU2F1 POU2F2 
memory B POU3 POU3F4, POU3F2, POU3F1, POU3F3 POU3F1 
memory B POU5 POU5F1B, POU5F1 POU5F2 
memory B Snail-like SNAI2 SNAI1, SNAI3 
memory B SPI-like SPI1, SPIC SPI1, SPIB 
memory B E2A TCF3, TCF4 TCF3, TCF4 
memory B ZEB ZEB1 ZEB2 

naive B HLH only ID4 ID2, ID3 
naive B IRF IRF1 IRF1, IRF2, IRF3, IRF4, IRF5, IRF7, IRF8, IRF9 
naive B NFkappaB p50-like NFKB2, NFKB1 NFKB1, NFKB2 
naive B POU2 POU2F2, Pou2f3, POU2F1 POU2F2 
naive B POU3 POU3F4 POU3F1 
naive B POU5 POU5F1B, POU5F1 POU5F2 
naive B Snail-like SNAI2 SNAI1, SNAI3 
naive B SPI-like SPI1, SPIC SPI1, SPIB 
naive B E2A TCF3, TCF4 TCF3, TCF4 

naive T CTCF-like CTCF CTCF 

memory CD8 T CTCF-like CTCF CTCF 
memory CD8 T ELK-like ELK4 ELK1, ELK3, ELK4 
memory CD8 T TBrain-related TBX21, TBR1, EOMES EOMES, TBX21 
memory CD8 T ETS-like ETS1, ERG, FLI1 ETS1, ETS2, ETV2, GABPA, FLI1, ETV3, ERF 
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Table 3.7. Transcription factors enriched for each cell type, continued. 

Cell type Motif subfamily Enriched TF motifs (chromVAR z-score>2) Expressed subfamily TFs (TPM>1) 

memory CD8 T ROR RORC, RORB, RORA(var.2) RORA, RORC 
memory CD8 T Runt-related RUNX1, RUNX3, RUNX2 RUNX3 

nonclassical monocyte CEBP CEBPA, CEBPG, CEBPE, CEBPB CEBPA, CEBPB, CEBPG, CEBPD, DDIT3 
nonclassical monocyte ETV6-like ETV6 ETV7 
nonclassical monocyte SPI-like SPI1, SPIC, SPIB SPI1 

pancreatic macrophage SPI-like SPI1, SPIC SPI1 

plasmacytoid dendritic ASC ASCL1, Ascl2 ASCL2 
plasmacytoid dendritic ETV6-like ETV6 ETV6 
plasmacytoid dendritic HLH only ID4 ID2, ID3 
plasmacytoid dendritic IRF IRF1, IRF3, IRF9, IRF8, IRF4, IRF2, IRF5, IRF7 IRF1, IRF2, IRF3, IRF4, IRF5, IRF7, IRF8, IRF9 
plasmacytoid dendritic MESP Tcf21, MSC MSC 
plasmacytoid dendritic More than 3 adjacent zinc fingers ZNF263, MZF1 MZF1 
plasmacytoid dendritic Factors with multiple dispersed zinc fingers RREB1 REST 
plasmacytoid dendritic Runt-related RUNX1, RUNX3, RUNX2 RUNX2, RUNX3 
plasmacytoid dendritic Snail-like SNAI2, SCRT1 SNAI1, SNAI3 
plasmacytoid dendritic SPI-like SPI1, SPIC, SPIB SPI1, SPIB 
plasmacytoid dendritic TAL-HEN NHLH1 TAL2, LYL1 
plasmacytoid dendritic E2A Tcf12, TCF4, TCF3 TCF3, TCF4 
plasmacytoid dendritic AP4 TFAP4 TFAP4 
plasmacytoid dendritic ZEB ZEB1 ZEB2 

quiescent stellate ATF3-like JDP2 ATF3 
quiescent stellate CEBP CEBPA CEBPB, CEBPG, CEBPD, DDIT3 
quiescent stellate Fos FOS, FOSL2, FOSL1 FOS, FOSB, FOSL1, FOSL2 
quiescent stellate Jun JUN(var.2), JUND, JUNB JUN, ATF2 
quiescent stellate NFAT-related NFATC2, NFAT5, NFATC1, NFATC3 NFATC4 
quiescent stellate NFE2 NFE2, BACH2, Nfe2l2 NFE2L1, NFE2L2 
quiescent stellate M RBPJ RBPJ 
quiescent stellate STAT STAT3, STAT1, Stat4 STAT2, STAT3, STAT6 
quiescent stellate TEF1-related TEAD3, TEAD4, TEAD2, TEAD1 TEAD2, TEAD3 

SSThi delta ASC Ascl2, ASCL1 ASCL1, ASCL2 
SSThi delta Fos FOS, FOSL2, FOSL1 FOS, FOSB 
SSThi delta FOXA Foxa2, FOXA1 FOXA2, FOXA3 
SSThi delta FOXJ Foxj3, Foxj2 FOXJ1 
SSThi delta HOX2 HOXB2, HOXA2 HOXB2 
SSThi delta ISL ISL2 ISL1 
SSThi delta Jun JUND, JUN(var.2), JUNB JUN 
SSThi delta Small MAF MAFF, MAFK MAFG 
SSThi delta MESP MSC, Tcf21 MESP1 
SSThi delta Neurogenin-ATO NEUROD1 NEUROD1 
SSThi delta NFE2 NFE2, BACH2 NFE2L1 
SSThi delta NK6 NKX6-2, NKX6-1 NKX6-1, NKX6-3 
SSThi delta PAX4-like PAX4 PAX4, PAX6 
SSThi delta PDX PDX1 PDX1 
SSThi delta RFX Rfx1, RFX3, RFX5, RFX2, RFX4 RFX5, RFX6 
SSThi delta AP4 TFAP4 TFAP4 

SSTlo delta ASC Ascl2, ASCL1 ASCL1, ASCL2 
SSTlo delta E2F E2F4, E2F6 E2F4, E2F6 
SSTlo delta EGR EGR3, EGR2, EGR1 EGR1, EGR3, EGR4 
SSTlo delta Fos FOSL2, FOS, FOSL1 FOS, FOSB 
SSTlo delta FOXA Foxa2, FOXA1 FOXA2, FOXA3 
SSTlo delta FOXJ Foxj3, Foxj2 FOXJ1 
SSTlo delta HOX2 HOXB2, HOXA2 HOXB2 
SSTlo delta ISL ISL2 ISL1 
SSTlo delta Jun JUND, JUNB, JUN(var.2), JUND(var.2) JUN 
SSTlo delta Large MAF Mafb, NRL MAFB 
SSTlo delta Small MAF MAFF, MAFK, MAFG MAFG 
SSTlo delta MESP MSC, Tcf21 MESP1 
SSTlo delta Neurogenin-ATO NEUROD1, NEUROG2 NEUROD1 
SSTlo delta NFE2 NFE2, BACH2, Nfe2l2 NFE2L1 
SSTlo delta NK6 NKX6-2, NKX6-1 NKX6-1, NKX6-3 
SSTlo delta PAX4-like PAX4 PAX4, PAX6 
SSTlo delta PDX PDX1 PDX1 
SSTlo delta RFX Rfx1, RFX3, RFX5, RFX2, RFX4 RFX5, RFX6 
SSTlo delta Group C SOX4, Sox11 SOX4, SOX12 
SSTlo delta Group E SOX10 SOX9 
SSTlo delta AP4 TFAP4 TFAP4 
SSTlo delta DP1 TFDP1 TFDP1 
SSTlo delta ZNF24-like ZNF24 ZNF24, GLI4, ZKSCAN1 
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Table 3.8. Annotation of pancreatic exocrine signals with accessible chromatin of 
stimulated immune and islet cells. 

Marker Chrom Position Signal name PPA Exocrine Stimulated immune Stimulated islets 

rs10489869 1 192515778 RGS1 (1:192515849:A:G) 0.101 acinar 

CD8pos T-S, Central memory CD8pos T-S, Effector memory CD8pos T-
S, Gamma delta T-S, Mature NK-S, Memory Teffs-S, Memory Tregs-S, 
Naive Teffs-S, Regulatory T-S, Th1 precursors-S, Th2 precursors-S  

rs10801128 1 192515849 RGS1 (1:192515849:A:G) 0.112 acinar 

CD8pos T-S, Central memory CD8pos T-S, Effector CD4pos T-S, 
Effector memory CD8pos T-S, Gamma delta T-S, Memory Teffs-S, 
Memory Tregs-S, Naive Teffs-S, Regulatory T-S, Th17 precursors-S, 
Th1 precursors-S, Th2 precursors-S  

rs1016431 7 51020336 COBL (7:51018492:GT:G) 0.035 acinar, ductal  islets-S 
rs1016432 7 51020410 COBL (7:51018492:GT:G) 0.039 acinar, ductal  islets-S 
rs917072 7 51020808 COBL (7:51018492:GT:G) 0.036 acinar   
rs7795896 7 117086613 CFTR (7:117086613:C:T) 0.629 ductal   
rs7068821 10 90051035 RNLS (10:90051035:G:T) 0.448 acinar   
rs60888743 10 90051317 RNLS (10:90051035:G:T) 0.390 acinar   
rs4238595 16 20343091 GP2 (16:20343091:T:C) 0.452 acinar, ductal   
rs8062123 16 20343953 GP2 (16:20343091:T:C) 0.269 acinar   
rs8060932 16 20344077 GP2 (16:20343091:T:C) 0.244 acinar   
rs72802342 16 75234872 CTRB2 (16:75236763:C:G) 0.259 acinar, ductal   

rs8056814 16 75252327 CTRB2 (16:75236763:C:G) 0.301 acinar 

Bulk B-S, CD8pos T-S, Central memory CD8pos T-S, Effector CD4pos 
T-S, Effector memory CD8pos T-S, Follicular T Helper-S, Mem B-S, 
Memory Teffs-S, Memory Tregs-S, Naive B-S, Naive CD8 T-S, Naive 
Teffs-S, Regulatory T-S, Th17 precursors-S, Th1 precursors-S, Th2 
precursors-S  
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Table 3.9. Sequences for primers, oligonucleotides, and guide RNAs.  

Luciferase reporter assay primers    
Experiment Direction Primer sequence    

Cloning 180 bp 
Forward TAGCGGTACCTAATGGGAAATCATGCCAACC    
Reverse AATAGAGCTCATGTGTGTGTGCTGGGATGT    

Cloning 594 bp 
Forward TAAGCAGGTACCTGGGTAGAAATTGGAAACACAA    
Reverse TGCTTAGAGCTCTTCCAACTCTTCATTCCTGGTT    

rs7795896 SDM 
Forward AGATGTAACTtATTAACATTAGAAAAAATAC    
Reverse AATTGTTCCTCTTTTTTTTTCAAATAG                

Electrophoretic mobility shift assay oligonucleotides    
Variant Allele Oligo sequence    

rs7795896  
C (5’ biotin)CAATTAGATGTAACTCATTAACATTAGAAAAA    
T (5’ biotin)CAATTAGATGTAACTTATTAACATTAGAAAAA                 

CRISPR guide RNAs (sgRNAs)    

sgRNA name sgRNA sequence Targeted region (hg19) 
On-target 

score 
Specificity 

score 

rs7795896 enhancer guide 1 GTAGTTGGCTTCCTCAGTAAG chr7:117086829-117086849 63.3 61.5 
rs7795896 enhancer guide 2 GAACAGTATGATTTACGTAA chr7:117086506-117086525 57.1 77.4 
rs7795896 enhancer guide 3 GAATGTACTATAAAATGTCT chr7:117086190-117086209 59.5 41.6 
CFTR promoter GCGCCCGAGAGACCATGCAG chr7:117120135-117120154 71.9 43.1 
Non-targeting control GTGACGTGCACCGCGGTGTG N/A N/A N/A             
qPCR primers      
Gene Direction Primer sequence    
CFTR Forward AGGAGGAACGCTCTATCG    
CFTR Reverse GCAGACGCCTGTAACAAC    
CAPZA2 Forward CCGAATGGAGTCTGCACTGT    
CAPZA2 Reverse ACCTCCAACGACCATTCCAAA    
ST7 Forward TCAATCCTCATGTGCCAAAA    
ST7 Reverse TTCCCACGTACAATGCAAAA    
CTTNBP2 Forward AAGAGCGTGGCAAGAACAAG    
CTTNBP2 Reverse TGGGCCTCCTCTATGACTTTG    
NAA38 Forward ACATCAACCGAACTGTTGCC    
NAA38 Reverse CCAAATCAAGCGCAGAATCTGT    
ASZ1 Forward GAAAGCAATGACCATCGGAGA    
ASZ1 Reverse GGGGAGTCCATCCATACTGAAA    
WNT2 Forward CCGAGGTCAACTCTTCATGGT    
WNT2 Reverse CCTGGCACATTATCGCACAT    
TBP Forward TGTGCACAGGAGCCAAGAGT    
TBP Reverse ATTTTCTTGCTGCCAGTCTGG    
Puromycin resistance Forward GGGTCACCGAGCTGCAAGAA    
Puromycin resistance Reverse GCCTTCCATCTGTTGCTGCG    
dCas9 Forward GAGTTGACGCCAAAGCAATC    
dCas9 Reverse TACCAAACAGGCCGTTCTTC    
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3.9 Data and Code Availability 

Full summary statistics for the T1D GWAS have been deposited into the NHGRI-EBI 

GWAS catalog with study accession number GCST90012879. Sequencing data for snATAC-seq 

have been deposited into the NCBI Gene Expression Omnibus (GEO) with accession number 

GSE163160. Processed data files for snATAC-seq will be available through the Diabetes 

Epigenome Atlas (https://www.diabetesepigenome.org/). 

Code used for processing snATAC-seq datasets and clustering cells is available at 

https://github.com/kjgaulton/pipelines/tree/master/T1D_snATAC_pipeline. 
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