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Abstract 1 

Dupuytren’s disease is the common inherited tissue-specific fibrotic disorder. It’s characterized 2 

by progressive and irreversible fibroblastic proliferation affecting the palmar fascia of the hand, 3 

with an onset typically in the sixth decade of life. Although genome-wide association studies 4 

(GWAS) have identified 24 genomic regions associated with Dupuytren’s risk, the biological 5 

mechanisms driving signal at these regions remain elusive. We identify potential biological 6 

mechanisms for Dupuytren’s disease by integrating the most recent, largest GWAS (������ �7 

3,871, �������	� � 4,686) with eQTLs (47 tissue panels from five consortia, total � � 3,975) to 8 

perform a transcriptome-wide association study (TWAS). We identify 43 tissue-specific gene 9 

associations with Dupuytren’s risk, one of which resides at least 0.5 Mb away from the 24 risk 10 

regions previously identified. We also estimate the genome-wide genetic correlation between 11 

Dupuytren’s disease and 45 complex traits and find significant genetic correlations between 12 

Dupuytren’s disease and body mass index (�̂
 � �0.20, � � 1.6 � 10��), type II diabetes 13 

(�̂
 � �0.18, � � 1.7 � 10�), triglycerides (�̂
 � �0.14, � � 3.5 � 10�), and high-density 14 

lipoprotein (�̂
 � 0.13, � � 4.1 � 10�), which suggests a shared genetic etiology. We further 15 

refine the genome-wide genetic correlation signal to identify 8 regions significantly negatively 16 

correlated with BMI and 3 regions significantly correlated (1 positively and 2 negatively 17 

correlated) with HDL; none of these regions contained the novel gene association identified by 18 

TWAS. Our results are consistent with previous epidemiological findings which show that lower 19 

BMI increases risk for Dupuytren’s disease. These 12 novel risk regions provide new insight into 20 

the biological mechanisms of Dupuytren’s disease and serve as a starting point for functional 21 

validation.  22 
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Introduction 23 

Dupuytren’s disease (DD [MIM: 126900]) is a common and disabling connective tissue disorder 24 

affecting 5-25% of individuals of European ancestry, characterized by progressive and 25 

irreversible fibroblastic proliferation affecting the palmar fascia of the hand1,2. DD initially 26 

manifests as nodules in the palm of the hand, resulting in contraction and ultimately flexion 27 

contractures of the digits in a proportion of individuals affected with DD. Recent twin studies 28 

estimate the heritability (i.e., proportion of phenotypic variation explained by genetics) of DD to 29 

be ~80%3. The largest previous genome-wide association study (GWAS) of DD in individuals of 30 

European ancestry identified 26 genome-wide significant single-nucleotide polymorphism (SNP) 31 

associations in 24 independent risk regions4, and estimated the proportion of phenotypic variance 32 

attributable to additive effects of common variants (i.e., SNP-heritability) to be 0.534,5. The vast 33 

majority (23 of 24) of DD associations lie in non-coding genomic regions with only one located 34 

in an intron4, thus the biological implications of these associations are not immediately clear. 35 

Investigations into the mechanisms behind the strongest GWAS association, rs16879765 36 

(����� � 7.2 � 10��), located in the intron of EPDR1, revealed an effect on expression and 37 

protein secretion of the nearby gene SFRP44 but implicated EPDR1 functionally6. Overall, the 38 

regulatory mechanisms driving signal at the GWAS associations on DD remains unknown. 39 

In this study, we aimed to explore genetic mechanisms at known risk regions for DD, 40 

identify complex traits with possible shared genetic etiologies, and find novel risk regions for 41 

DD. Recently, transcriptome-wide association studies7,8 (TWAS) have emerged as a way to 42 

identify associations between gene expression and a trait. We performed a multi-tissue TWAS by 43 

combining a recent DD GWAS4 with expression quantitative trait loci9–14 (eQTL), integrating 44 

gene expression from five consortia in 43 unique tissues, to test for association between 45 
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expression and DD in 15,198 genes. We identified 43 associations between tissue-specific gene 46 

expression and DD, including one novel risk region on chromosome 17. Next, we aimed to 47 

understand the genetic relationship between DD and 45 other complex phenotypes by identifying 48 

traits that have genetic correlation (i.e., the similarity in genetic effects across two traits) 49 

providing etiological insights and plausible causal relationships to investigate15–18. We performed 50 

genetic correlation analyses through cross-trait linkage disequilibrium (LD) score regression15 51 

(LDSC), and find that body mass index (BMI), type II diabetes (T2D), triglycerides (TG), and 52 

high-density lipoprotein (HDL) levels are significantly genetically correlated with DD. 53 

Additionally, we sought to further refine and understand these relationships with DD and BMI, 54 

T2D, TG, and HDL by exploring local regions with enrichments of genetic correlation using ρ-55 

HESS16, and found 8 risk regions significantly correlated with BMI and 3 risk regions 56 

significantly correlated with HDL. Finally, we aimed to identify a tissue or cell type to prioritize 57 

when studying DD. 58 

Materials and Methods 59 

DD GWAS summary statistics 60 

Results from a GWAS of DD in UK Europeans (3,871 cases and 4,686 controls) were previously 61 

reported4. This GWAS summary data contained association statistics for 7,218,238 SNPs, with 62 

6,991,033 SNPs that were imputed from individuals of European ancestry in the Haplotype 63 

Reference Consortium19. We excluded multi-allelic SNPs, SNPs with ambiguous alleles (e.g., A 64 

to T or C to G), and SNPs without an rsID defined by dbSNP144, resulting in 6,126,071 SNPs 65 

for downstream analyses. 66 
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We used PLINK20 to compute independent risk regions (at least one SNP with ����� �67 

5 � 10��) in the DD GWAS data by clumping SNPs into regions based on LD and distance, 68 

using �2 thresholds of 0.3 and 0.25 for between-block LD and within-block LD, respectively. 69 

This resulted in 24 independent risk regions. 70 

TWAS reference panels and details 71 

To find novel risk genes and biologically meaningful associations, we performed a TWAS to test 72 

genes expression levels for association with DD. We used FUSION7 software (see Web 73 

Resources) along with prepackaged gene expression weights. Briefly, TWAS identifies candidate 74 

risk genes for DD by integrating results from GWAS and reference panels of gene expression 75 

measurements from eQTL studies to associate cis-regulated expression with DD, while 76 

accounting for LD. Weights for gene expression were from the Genotype-Tissue Expression 77 

Project9 v6 (GTEx; 43 tissues, � � 449), the Metabolic Syndrome in Men study10 (METSIM; 78 

adipose, � � 563), the Young Finns Study11,12 (YFS; blood, � � 1,264), the CommonMind 79 

Consortium13 (CMC; dorsolateral prefrontal cortex, � � 452), and the Netherlands Twin 80 

Registry14 (NTR; blood, � � 1,247) reference panels. This totaled to 47 different reference 81 

tissue panels that represent 43 unique tissues (see Supplementary Table 1). Description of quality 82 

control procedures for these expression data have been previously described7,21. 83 

For each reference gene expression panel, FUSION estimates the strength of association 84 

between predicted expression of a gene and DD (�����) as a function of the vector of GWAS 85 

summary Z-scores at a given cis-region (�����) and the LD-adjusted weights vector learned 86 

from the gene expression data. A p-value (�����) is obtained using a two-tailed test under 87 

��0,1�. This process was repeated for each reference tissue panel and gene, resulting in 98,147 88 
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tissue-specific gene models involving 15,189 genes (see Supplementary Table 1). We assessed 89 

significance with the family-wise error rate threshold at ����� �
�.��

��,��
. 90 

Genome-wide genetic correlation with cross-trait LDSC 91 

We estimate genome-wide genetic correlation between DD and 45 complex traits to identify 92 

shared genetic risk for DD with other complex traits. To this end, we used cross-trait LDSC15, a 93 

method for estimating genome-wide genetic correlation between two traits that requires only 94 

GWAS summary statistics and reference panel LD (European ancestry from the 1000 Genomes 95 

(1000G) Project22). We defined the genetic correlation (�̂
) between DD and another trait as 96 

significant if it passed the Bonferroni-corrected threshold of ��1,�2 �
�.��

�
. 97 

Local genetic correlation and putative causality using ρ-HESS 98 

For each of the traits with significant genome-wide genetic correlation with DD, we run ρ-99 

HESS16 to estimate the local genetic correlation between each trait and DD within 1702 100 

approximately independent regions genome-wide23. For reference LD, we used European 101 

ancestry from the 1000G Project22. The local genetic correlation (�̂
,	���	) between two traits at a 102 

given region was defined as significant if it passed the threshold of ���
��� �
�.��

����
. 103 

We also aimed to find evidence for putative causal relationships between DD and other 104 

genetically correlated traits. We used the implementation in ρ-HESS based on a previously 105 

described method18 to prioritize putative causal models between pairs of complex traits. 106 

Essentially, for two complex traits, the local genetic correlation is evaluated at regions harboring 107 

genome-wide significant GWAS signals specific to each trait. The local genetic correlation for 108 

all trait 1 specific regions are summed (�̂�1,��
����) and the local genetic correlation for all trait 2 109 
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specific regions are summed (�̂�2,��
����). Confidence intervals are determined by 1.96 times 110 

jackknife standard error on each side; significance is determined if the confidence intervals do 111 

not overlap. The intuition behind this test is that if trait 1 causally influences trait 2 then trait 1 112 

specific regions would have strong genetic correlation with trait 2 but trait 2 specific regions 113 

would not have strong genetic correlation with trait 1. Thus, we can leverage the difference in 114 

correlations for trait-specific signal at these regions to see if the correlations are consistent with a 115 

suggestive causal model16,18. 116 

Tissue and cell type prioritization 117 

To identify tissues and/or cell types that are biologically relevant to DD, we used stratified LD 118 

score regression to estimate the enrichment of DD SNP-heritability in 205 publicly available 119 

specifically expressed gene (SEG) annotations, each of which represents a set of genes that are 120 

specifically expressed in a single tissue or cell type (LDSC-SEG)24. Briefly, the 205 annotations 121 

were originally created from two datasets: RNA-seq gene expression measurements in 53 human 122 

tissues from GTEx v6p9 (average of 161 samples per tissue), and a microarray gene expression 123 

dataset comprised of 152 tissues and cell types from either human, mouse, or rat (the “Franke 124 

Lab” dataset)25,26. For each set of specifically expressed genes, an annotation was created by 125 

adding 100-kb windows upstream and downstream from the transcribed region of each gene. In 126 

addition, we tested for enrichment of DD SNP-heritability in a set of 489 publicly available 127 

tissue- or cell type-specific chromatin annotations24. 396 of these annotations were originally 128 

created from five activating histone marks (H3K27ac, H3K4me3, H3K4me1, H3K9ac, and 129 

H3K36me3) and DNase I hypersensitivity (DHS) regions that were present in a subset of 88 130 

tissues and cell types in the Roadmap Epigenomics Consortium27. An additional 93 annotations 131 

were created from a set of four activating histone marks (H3K27ac, H3K4me3, H3K4me1, and 132 
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H3K36me3) in 27 tissues from EN-TEx28 that were also present in GTEx. Details on the 133 

construction of both the SEG annotations and chromatin-based annotations can be found in the 134 

original study24. Each annotation was tested individually for enrichment of DD SNP-heritability 135 

on top of the baseline-LD model29 by assessing whether the expected additional per-SNP 136 

heritability contribution due to the annotation is significantly nonzero (FDR < 0.1). 137 

We also employed the web application FUMA30 in the aim of finding tissues or cell types 138 

with differentially expressed genes relevant to DD. FUMA maps GWAS results to create a gene 139 

set in three ways: (1) physical proximity on the genome, (2) eQTL associations, and (3) 140 

chromatin interaction. We used the gene property analyses (implemented from MAGMA31) and 141 

differentially expressed gene (DEG) analysis to prioritize different tissues or cell types. For the 142 

gene property analysis, FUMA tests if expression of the GWAS gene set in a single tissue or cell 143 

type is statistically different than the average expression of the GWAS gene set across all tissues 144 

or cell types. We perform this gene property analysis in 53 GTEx9 tissues (���,� �
�.��

��
) as well 145 

as in 5115 study-defined cell types (���,�� �
�.��

����
) using single cell RNA-seq data from 28 146 

studies32–58 as described on the FUMA website (see Web Resources). For the DEG analysis, 147 

FUMA defines differentially expressed genes in each tissue by performing a two-sided t-test for 148 

that one tissue against all other tissues. Each of the 53 GTEx9 tissues is tested for up-regulation, 149 

down-regulation, and both-sided DEG sets. We removed tissues where DEG sets had less than 150 

30 genes to avoid underpowered correlations; significance was defined by Bonferroni correction 151 

for the number of tests (� !� �
�.��

���
). 152 
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Results 153 

TWAS identifies 18 risk genes for DD 154 

To explore putative biological mechanisms at known DD risk regions, we performed a multi-155 

tissue TWAS to identify genes (specifically, cis-regulated gene expression), associated with DD 156 

(see Materials and Methods). Briefly, TWAS identifies candidate risk genes for DD by 157 

integrating results from GWAS and reference panels of gene expression measurements from 158 

eQTL studies to associate cis-regulated expression with DD, while accounting for LD. We used 159 

tissue reference panels from GTEx9, METSIM10, YFS11,12, CMC13, and NTR14 resulting in 47 160 

different reference tissue panels with a combined sample size of 3,975 (see Materials and 161 

Methods; Supplementary Table 1). Using these reference panels, we tested 98,147 tissue-specific 162 

gene models and found 43 significant tissue-specific gene-trait associations at a Bonferroni-163 

corrected threshold of ����� �
�.��

��,��
 (Table 1, Supplementary Table 2). GWAS SNP 164 

association strength and TWAS tissue-specific gene model association strength can be seen in 165 

Figure 1. These 43 significant models were composed of 18 genes among 23 tissue panels–7 166 

genes were significant in multiple tissues (Table 1). 36 of the 43 significant tissue-specific gene 167 

models were within 0.5Mb of any of the previously identified 24 risk regions. 168 

One region of interest is on chromosome 7, where EPDR1 was found to be significant in 169 

10 different tissue panels (most significant in lung tissue, ����� � 6.4 � 10
�31). This region has 170 

been previously investigated because of its strong association signal (Odds Ratio 1.93 and 171 

����� � 7.2 � 10��) with DD4. The variant with the strongest association in this region, 172 

rs16879765, is in an intron of EPDR1. Although decreased secretion of the nearby WNT-agonist 173 

SFRP4 was correlated with the high risk genotype4, genetic and functional evidence point toward 174 
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EPDR1 being the disease-relevant gene for this region, which has been functionally validated as 175 

contributing to myofibroblast contractility6. All three transcripts of EPDR1 are found in affected 176 

DD tissue and knockdown of EPDR1 attenuates contractility in fibroblast-populated collagen 177 

lattice assays6. 178 

TWAS identifies novel risk region on chromosome 17 179 

To identify possible novel risk regions from TWAS associations, we aimed to see if any tissue-180 

specific gene models were independent of established GWAS associations. After grouping 181 

association signal into 1Mb regions, we found 13 regions with only significant GWAS SNP(s), 1 182 

region with only significant TWAS model(s), and 11 regions with both significant GWAS 183 

SNP(s) and TWAS model(s). Here we define a region identified through TWAS to be novel if 184 

(1) the strongest DD associated SNP in the gene’s region is not genome-wide significant (i.e., 185 

����� � 5 � 10��) and (2) that the TSS of the TWAS-gene is not within 0.5Mb of the 186 

previously known 24 risk regions. With these constraints, we identified one novel risk region for 187 

DD (Figure 2). To ensure our result was robust to long-range LD, we expanded our window 188 

criteria to include 1Mb and 2Mb and found no change. We found a single tissue-specific gene 189 

model, TMEM106A (����� � 1.2 � 10��; GTEx breast mammary tissue), was significantly 190 

associated with DD risk at this region (Figure 2). To determine that the TMEM106A association 191 

was robust to possible LD confounding, we performed a permutation test using GWAS summary 192 

statistics and found similar results  (�"��# � 8.91 � 10��). There were 12 tissue panels that 193 

expression for TMEM106A was modeled from (Supplementary Table 3). 194 
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Estimates of SNP-heritability in DD are higher than previously proposed 195 

We obtained a SNP-heritability estimate of 0.67 (s.e. = 0.08), using LDSC59. We also used 196 

Heritability Estimator from Summary Statistics (HESS), a previously described method using 197 

similar framework as ρ-HESS that estimates local SNP-heritability, and found the total SNP-198 

heritability to be 0.532 (s.e. = 0.282), similar to the previous estimate of 0.533 using GCTA4,5. 199 

Because HESS is optimized for GWAS with sample sizes greater than 50,000 (contributing the 200 

large standard error), we included the LDSC regression estimate of SNP-heritability when 201 

running HESS to obtain more stable estimates of local SNP-heritability59,60. 202 

Genetic correlation suggests shared genetic etiology with DD 203 

To identify traits that have a shared genetic etiology with DD, we used cross-trait LDSC15 which 204 

estimates the genetic correlation between two traits using GWAS summary statistics (see 205 

Materials and Methods). Results for the genetic correlation test between DD and 45 other traits 206 

(average sample size 132,115) can be found in Table 2. These 45 traits include a variety of 207 

anthropometric, immune, hematological, neurological, and cardiovascular related traits and 208 

disorders. Four traits were found to have significant genetic correlation with DD (��1,�2 �
�.��

�
, 209 

identical results correcting for a FDR < 0.1): body mass index (BMI), �̂
 � �0.196; high density 210 

lipoprotein (HDL), �̂
 � 0.133; triglycerides (TG), �̂
 � �0.139; and type II diabetes (T2D), 211 

�̂
 � �0.182 (Table 2). These results are compatible with previous observational studies2,61,62. 212 

Notably, the negative genetic correlation between BMI and DD is consistent with a previous 213 

epidemiological investigation showing that the risk of DD was inversely proportional to BMI, 214 

after correcting for age, race, and sex in 14,844 patients diagnosed with DD63. 215 
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Local genetic correlation analysis yields 11 regions to further study 216 

Having found evidence for BMI, HDL, TG, and T2D sharing genetic factors with DD at a 217 

genome-wide scale, we next aimed to locate possible shared genomic regions. We did this by 218 

running ρ-HESS16 to estimate the local genetic correlation between DD and each of the four 219 

traits in 1702 approximately independent LD blocks23 (see Materials and Methods). The 220 

genome-wide genetic correlation results from cross-trait LDSC and ρ-HESS are fairly consistent 221 

(Pearson’s r = 0.94; Supplementary Table 4); differences may have resulted from using 222 

metabochip array64 GWAS statistics with LDSC (HDL and TG), which is discouraged for cross-223 

trait LDSC15, as well as smaller sample size in the DD GWAS adding noise to estimates from ρ-224 

HESS16,60. We found eight regions significantly genetically correlated (���
��� �
�.��

����
) between 225 

DD and BMI, three regions between DD and HDL, and no regions between DD and TG or 226 

between DD and T2D (Table 3). Of these 11 regions, three contained a genome-wide significant 227 

association in the DD GWAS4. Only one of the 11 regions contained significant tissue-specific 228 

gene models from TWAS; the 10 models for EPDR1 were within the DD and HDL genetically 229 

correlated 7:37555184-38966703 region (Supplemental Table 2, Table 3). 230 

Genetic correlation patterns of BMI/TG and DD consistent with putative causality 231 

To further elucidate the relationships of these traits with DD, we used ρ-HESS16 to test for 232 

evidence of putative causality through GWAS estimated genetic effects for BMI, HDL, TG, and 233 

T2D acting on DD or vice versa (see Materials and Methods). Both BMI and TG showed 234 

suggestive patterns that would be consistent with a putative causal relationship with DD, while 235 

HDL and T2D did not (Figure 3, Supplemental Figure 1). For example, when considering BMI 236 

and DD, the correlation at 399 BMI-specific regions (-0.27, s.e. = 0.044) is seemingly stronger 237 
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than the correlation at 19 DD-specific regions (-0.03, s.e. = 0.15), indicating that regions that 238 

increase BMI tend to decrease risk of DD; this is consistent with a model where BMI genetic 239 

effects decrease risk of DD (Figure 3). The same is true for TG and DD; the correlation at 65 240 

TG-specific regions (-0.3, s.e. = 0.08) is seemingly stronger than the correlation at 22 DD-241 

specific regions (0.018, s.e. = 0.2; Figure 3). Both of these results are not significant (assessed by 242 

overlap of confidence intervals, �̂�$,��
���� � 1.96 �s.e.); this is most likely because of the 243 

relatively reduced sample size in the DD GWAS study. Nonetheless, there is evidence of a 244 

putative causal relationship with BMI affecting TG16,18 and results from TG and DD may be 245 

from a mediated causal relationship of BMI affecting TG, which in turn affects DD (Figure 3). 246 

DD most relevant tissue or cell type unidentifiable with current data 247 

Finally, we aimed to identify relevant tissues or cell types for DD. First, we used S-LDSC65 to 248 

estimate the enrichment of SNP-heritability of DD (controlling for the baseline-LD model29) in 249 

two sets of publicly available annotations24: annotations representing specifically expressed 250 

genes (SEG) in 205 tissues or cell types9,25,26 and 489 annotations representing 6 chromatin 251 

features (DHS and 5 histone marks) in 91 tissues or cell types27,28. Among the 205 SEG 252 

annotations, synovial membrane tissue was the most enriched for DD SNP-heritability on top of 253 

the baseline-LD model, but none of the 205 annotations were statistically significant (FDR < 0.1; 254 

Supplementary Table 5). Among the 489 chromatin annotations, we found that esophageal-255 

mucosa tissue was the most enriched for DD SNP-heritability, however none of 489 annotations 256 

were statistically significant (FDR < 0.1; Supplementary Table 6). Next, we prioritized tissues 257 

and cell types using FUMA30, a platform to visualize and interpret GWAS summary statistics 258 

(see Materials and Methods). After using FUMA to create a gene set from the GWAS statistics, 259 

we first performed a gene property analysis (which tests if gene expression in a single tissue or 260 
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cell type is statistically different than the average gene expression across all tissues or cell types) 261 

in 53 tissue types9. Although none of the 53 tissues showed a significant effect (���,� �
�.��

��
), the 262 

effect was strongest in cell transformed fibroblasts (Supplementary Table 7). We then assessed 263 

whether the GWAS gene set was enriched in any of the differentially expressed gene (DEG) sets 264 

for tissues. The up-regulated DEG sets for tibial artery and aorta tissues both demonstrated 265 

significant (� !� � 5.5 � 10�� and 7.8 � 10��, respectively) overlap with the GWAS gene set 266 

(Supplementary Table 8). We also performed a gene property analysis using cell type specific 267 

expression data for 5115 study-defined cell types from 28 scRNA-seq studies32–58. While none of 268 

the single cell types were significant (���,�� �
�.��

����
), stromal cells and muscle cells were among 269 

the top five results (Supplementary Table 9). As a final analysis, we averaged the �2-statistic 270 

(�����
2) for the 43 significant TWAS models within each tissue to determine which tissue had 271 

the most enrichment of TWAS signal. We found adipose subcutaneous tissue was most enriched 272 

among the 23 tissues with significant TWAS models (Supplementary Figure 2). Because of the 273 

lack of consistency between methods and lack of statistical significance in many methods, we are 274 

lead to believe that likely the relevant tissue or cell type is not represented in current datasets. 275 

Discussion 276 

In this work, we aimed to better understand the genetic architecture of DD, find plausible 277 

biological mechanisms at known risk regions for DD, understand the relationship between DD 278 

and a variety of other traits, and identify possible novel risk regions through local genetic 279 

correlation with other traits or genetic-mediated gene expression effects. We highlight that the 280 

estimated SNP-heritability of DD (0.53-0.67) is relatively close to estimates of heritability from 281 

twin studies (0.8). We also note that the strong concentration of DD GWAS signal in a handful 282 
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of genomic regions is more consistent with an oligogenic architecture than a polygenic one, 283 

suggesting that further functional studies could be particularly fruitful as compared to more 284 

polygenic traits and diseases. We also identify a negative genetic correlation between DD and 285 

BMI, supporting a previous epidemiological study that observationally showed a negative 286 

correlation between the traits63; understanding the relationship between DD and BMI as well as 287 

that between DD and TG could shed light on shared biologically important pathways. Finally, we 288 

identify one novel risk region from TWAS, and identify 11 regions with significant local genetic 289 

correlation between DD and BMI or HDL. Overall, our findings highlight the need for more 290 

investigation into these regions as a first step. 291 

Additionally, we note a few caveats in our results. First, though the sample size of 8,557 292 

for the DD GWAS is the largest yet, it is possible that additional GWAS regions remain 293 

undiscovered due to the limit in power and this also would further reduce power to fully detect 294 

associations and relationships with other traits. Second, while the patterns of genetic correlation 295 

between BMI and DD as well as TG and DD are somewhat consistent with causal relationships, 296 

true causality between these traits cannot be determined without functional experimentation. 297 

Third, we emphasize that TWAS may not detect the true mechanism of disease if the gene 298 

expression is not mediated through genetics or if disease-relevant tissue is not well-represented 299 

in available gene expression reference panels. This may be further illustrated by the fact we were 300 

unable to identify a specific tissue or cell type to prioritize for further study in DD. This could 301 

also be due to the small sample size of the DD GWAS, the cell-type specificity of enhancer 302 

elements, or again the publication bias away from musculoskeletal connective tissues, leading to 303 

a gap in the available datasets. 304 
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Future work should be taken in multiple directions. First, we provide additional evidence 305 

that EPDR1 may contribute to the pathogenesis of DD; further work should be dedicated to 306 

functionally validate and understand this gene in connection with DD, as it may represent an 307 

attractive therapeutic target. Second, there is strong evidence for a relationship between BMI/TG 308 

and DD–elucidating the mechanism may lead to interesting observations with implications for 309 

the treatment of both traits. Third, additional GWAS, with larger sample sizes and in additional 310 

populations, will uncover more of the contribution of genetic variation to DD. And fourth, given 311 

the putative oligogenic architecture of DD, and that our tissue and cell type analyses lacked 312 

consistent results, it might also be rewarding to generate more functional -omics data, such as 313 

reference gene expression panels or chromatin accessibility data in the palmar fascia tissue. 314 

These resources would offer valuable insight into the underlying mechanisms of DD and 315 

opportunity to explore therapeutic avenues. 316 
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FIGURE TITLES AND LEGENDS 616 

Figure 1: DD TWAS and GWAS associations. Shown here are Manhattan plots for TWAS 617 
associations (top) and GWAS associations (bottom). For TWAS associations, each point 618 
corresponds to an association test between tissue-specific predicted gene expression and DD, 619 
with the orange line representing the threshold for significance in log-scale (����� � 5.09 �620 
10��). The most significant tissue-specific gene model for each peak is labeled by gene. For 621 
GWAS associations, each point corresponds to an association test between a SNP and DD, with 622 
the orange line representing the traditional genome-wide significance threshold in log-scale 623 
(����� � 5 � 10��). 624 
 625 
Figure 2: Novel risk region identified on chromosome 17. Shown here is the novel risk region 626 
identified through TWAS; the grey points are GWAS SNPs association strength and the blue 627 
points are the GWAS SNPs association strength conditioned on the TMEM106A expression 628 
model (green, significant in GTEx breast mammary tissue). This tissue-specific model was still 629 
significant under 1,347 permutations (�"��# � 8.9 � 10��). 630 
 631 
Figure 3: Tentative evidence for putative causality with DD. Here we show the genetic 632 
correlation for three different pairs of traits (DD/BMI, left; DD/TG, center; and BMI/TG, right) 633 
between four groupings of SNPs: (1) GWAS-significant SNPs specific to trait 1, (2) GWAS-634 
significant SNPs specific to trait 2, (3) GWAS-significant SNPs for both trait 1 and trait 2, and 635 
(4) all non-significant SNPs shared between studies. In the left plot, since GWAS-significant 636 
SNPs specific to BMI have more enrichment of genetic correlation compared to those specific to 637 
DD, we can putatively interpret that BMI SNPs are driving the shared genetic etiology. The same 638 
can be said for the middle plot with TG. On the right, for completeness, we show the same 639 
correlation for BMI and TG, which was significant. Error bars are defined by the genetic 640 
correlation ± 1.96 times the s.e. for each grouping of SNPs.  641 
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TABLES 642 

Table 1: 43 significant tissue-specific gene expression models from TWAS. These are the 43 643 
significant (����� � 0.05/98,147) tissue-specific gene models across 18 genes. 644 

Gene Chr TSS TES 
Best 

GWAS 
SNP 

����� Reference Tissue Panel cis-��
	 	
��� 

PJA2 5 108,670,409 108,745,675 rs414724 -6.4 GTEx.Nerve_Tibial 0.09 1.1E-07 

CTD-
2587M2.1 

5 108,572,821 108,662,070 rs414724 -6.4 METSIM.ADIPOSE.RNASEQ 0.18 3.3E-10 

MAN2A1 5 109,025,066 109,205,326 rs414724 -6.4 GTEx.Nerve_Tibial 0.07 2.4E-08 

SDK1 7 3,341,079 4,308,631 rs10264803 -6.0 

GTEx.Cells_Transformed_fibro
blasts 

0.17 3.3E-09 

GTEx.Esophagus_Muscularis 0.08 6.4E-08 

EPDR1 7 37,960,162 37,991,542 rs17171240 14.7 

GTEx.Lung 0.15 6.4E-31 

GTEx.Adipose_Subcutaneous 0.12 5.1E-23 

GTEx.Pancreas 0.19 4.6E-18 

GTEx.Esophagus_Muscularis 0.35 6.6E-14 

YFS.BLOOD.RNAARR 0.18 1.4E-13 

GTEx.Nerve_Tibial 0.30 5.0E-09 

GTEx.Artery_Tibial 0.27 1.5E-08 

GTEx.Thyroid 0.19 5.4E-08 

GTEx.Cells_Transformed_fibro
blasts 

0.21 1.9E-07 

CMC.BRAIN.RNASEQ 0.24 3.1E-07 

TRGC2 7 38,279,181 38,289,173 rs17171240 14.7 GTEx.Prostate 0.37 1.4E-12 

SULF1 8 70,378,858 70,573,147 rs542288 11.8 GTEx.Artery_Aorta 0.27 4.0E-25 

RSPO2 8 108,911,543 109,095,913 rs612265 -9.3 CMC.BRAIN.RNASEQ 0.12 1.2E-08 

EIF3E 8 109,213,971 109,260,959 rs612265 -9.3 

CMC.BRAIN.RNASEQ 0.07 7.6E-21 

YFS.BLOOD.RNAARR 0.01 1.4E-15 

GTEx.Brain_Cerebellum 0.16 1.8E-11 

EMC2 8 109,455,852 109,499,136 rs612265 -9.3 

GTEx.Muscle_Skeletal 0.05 8.9E-12 

GTEx.Esophagus_Gastroesopha
geal_Junction 

0.09 1.3E-09 

GTEx.Brain_Cerebellum 0.29 1.6E-08 

MRPL52 14 23,299,091 23,304,246 rs1042704 7.3 YFS.BLOOD.RNAARR 0.44 1.1E-07 

NEDD4 15 56,119,116 56,285,944 rs8032158 5.2 GTEx.Artery_Tibial 0.18 2.6E-07 

BCAR1 16 75,262,927 75,301,951 rs977987 5.9 
GTEx.Artery_Aorta 0.18 2.8E-07 

GTEx.Esophagus_Mucosa 0.16 3.6E-07 
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CFDP1 16 75,327,607 75,467,387 rs977987 5.9 YFS.BLOOD.RNAARR 0.21 5.6E-08 

TMEM170A 16 75,480,922 75,498,584 rs977987 5.9 

GTEx.Cells_EBV-
transformed_lymphocytes 

0.13 1.4E-09 

GTEx.Skin_Sun_Exposed_Low
er_leg 

0.14 2.7E-08 

GTEx.Skin_Not_Sun_Exposed_
Suprapubic 

0.09 3.9E-08 

TMEM106A 17 41,363,845 41,372,057 rs4793248 4.1 GTEx.Breast_Mammary_Tissue 0.12 1.2E-07 

ATXN10 22 46,067,677 46,241,187 rs34088184 13.8 GTEx.Cells_Transformed_fibro
blasts 0.17 1.7E-07 

LINC00899 22 46,435,786 46,440,748 rs34088184 13.8 

GTEx.Adipose_Subcutaneous 0.17 2.8E-32 

GTEx.Muscle_Skeletal 0.24 1.6E-26 

GTEx.Cells_Transformed_fibro
blasts 

0.18 1.9E-26 

GTEx.Artery_Tibial 0.30 5.6E-23 

GTEx.Esophagus_Muscularis 0.36 2.3E-15 

GTEx.Lung 0.21 5.7E-15 

GTEx.Adrenal_Gland 0.68 9.2E-15 

GTEx.Artery_Coronary 0.56 1.6E-09 

GTEx.Nerve_Tibial 0.35 3.4E-08 

 645 
Table 2: Genetic correlation results between DD and 45 other traits. We have grouped 646 
related traits under the “Type” column. The four traits that were significantly (��1,�2  �  0.05/647 
45) correlated with DD are shown in italics. 648 

Type Trait Sample Size SNP-�
�
	 (s.e.) 

�̂� (s.e.) 	
�,
	 

Skeletal Traits 

Birth Weight66 153781 0.1 (0.007) -0.051 (0.05) 3.0E-01 

Height67 253288 0.34 (0.017) 0.063 (0.03) 7.3E-02 

Body Mass Index68 336107 0.25 (0.009) -0.196 (0.04) 1.6E-06 

Childhood Body Mass Index69 35668 0.25 (0.024) 0.005 (0.06) 9.3E-01 

Heel Bone Material Density68 194398 0.28 (0.025) 0.057 (0.05) 2.1E-01 

Blood and 
Diabetes Traits 

Fasting Glucose70 46186 0.08 (0.014) 0.011 (0.09) 9.0E-01 

Fasting Insulin70 46186 0.06 (0.01) -0.092 (0.09) 2.9E-01 

Type II Diabetes68 336473 0.04 (0.003) -0.182 (0.05) 1.7E-04 

Hemoglobin71 135367 0.09 (0.013) 0.131 (0.08) 1.1E-01 

Hemoglobin A1C72 46368 0.06 (0.011) -0.101 (0.09) 2.8E-01 

Packed Cell Volume71 135367 0.08 (0.014) 0.171 (0.09) 5.2E-02 

Mean Cell Hemoglobin71 135367 0.22 (0.026) -0.014 (0.04) 7.4E-01 

Mean Cell Hemoglobin Concentration71 172433 0.03 (0.011) -0.047 (0.11) 6.8E-01 

Mean Corpuscular Volume71 172433 0.24 (0.025) -0.001 (0.04) 9.8E-01 
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Red Blood Cell Count71 35604 0.13 (0.019) 0.139 (0.08) 6.8E-02 

Platelet Count73 66867 0.11 (0.011) -0.117 (0.06) 4.1E-02 

Renal Traits 

Chronic Kidney Disease74,75 117165 0.02 (0.006) -0.13 (0.12) 2.7E-01 

Urine Albumin-to-Creatinine Ratio74 51886 0.04 (0.009) 0.07 (0.11) 5.3E-01 

Microalbuminuria74 51886 0.01 (0.008) 0.04 (0.17) 8.2E-01 

Cardiovascular 
Traits 

Resting Heart Rate76 134251 0.14 (0.012) 0.045 (0.05) 3.5E-01 

Coronary Artery Disease77 184305 0.07 (0.005) -0.098 (0.05) 6.9E-02 

Triglycerides78 188577 0.26 (0.057) -0.139 (0.04) 3.5E-04 

High Density Lipoprotein78 188577 0.24 (0.036) 0.133 (0.04) 4.1E-04 

Low Density Lipoprotein78 188577 0.2 (0.048) -0.043 (0.04) 2.8E-01 

Total Cholesterol78 188577 0.21 (0.046) -0.033 (0.04) 3.9E-01 

Autoimmune 
Traits 

Crohn's Disease79 27726 0.38 (0.047) 0.009 (0.07) 9.0E-01 

Inflammatory Bowel Disease79 34694 0.32 (0.035) 0.021 (0.07) 7.7E-01 

Ulcerative Colitis79 28738 0.22 (0.032) 0.073 (0.08) 3.5E-01 

Rheumatoid Arthritis80 58284 0.15 (0.028) 0.124 (0.05) 2.1E-02 

Neurological 
Traits 

Anxiety Case-Control81 18000 0.07 (0.03) 0.082 (0.17) 6.3E-01 

Major Depressive Disorder82 18759 0.15 (0.03) 0.012 (0.11) 9.2E-01 

Bipolar Disorder83 16731 0.45 (0.042) 0.101 (0.08) 2.0E-01 

Schizophrenia84 150064 0.45 (0.018) 0.064 (0.04) 1.2E-01 

Neuroticism85 170911 0.09 (0.006) -0.067 (0.05) 2.1E-01 

Eye Traits 

Glaucoma68 108817 0.04 (0.005) 0.06 (0.08) 4.6E-01 

Myopia68 335700 0.03 (0.002) 0.039 (0.06) 5.4E-01 

Intraocular Pressure86 29578 0.13 (0.021) 0.061 (0.09) 4.7E-01 

Cup Area86 22489 0.28 (0.037) 0.098 (0.06) 9.9E-02 

Disc Area86 22504 0.3 (0.072) 0.035 (0.06) 5.9E-01 

Vertical Cup-Disc Ratio86 23899 0.33 (0.045) 0.099 (0.05) 6.1E-02 

Other Traits 

Subjective Well-being85 298420 0.03 (0.002) 0.07 (0.06) 2.7E-01 

Asthma68 83529 0.07 (0.01) 0.116 (0.07) 1.1E-01 

Breast Cancer87 228951 0.13 (0.011) 0.076 (0.04) 7.3E-02 

Hand Grip Strength (left)68 335821 0.1 (0.004) -0.005 (0.04) 9.1E-01 

Hand Grip Strength (right)68 335842 0.1 (0.004) 0.003 (0.04) 9.3E-01 

 649 
Table 3: Regions with significant genetic correlation between DD and other traits. This 650 
table lists the eight regions demonstrating significant genetic correlation between DD and BMI, 651 
and the three regions demonstrating significant correlation between DD and HDL; significance 652 
was assessed at a Bonferroni-corrected threshold of ���
���  �  0.05/1702 for each trait. Also 653 
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included is the number of SNPs within each region (“# SNPs”) as well as the minimum GWAS 654 
association p-value for either BMI or HDL (“Min. Trait �����”) and DD (“Min. DD �����”). 655 
All other regions demonstrated no significant genetic correlation between DD and any trait 656 
tested. 657 

Trait Chr Start End # SNPs 
Min. Trait 
	���� 

Min. DD 
	���� 

�̂�,��� s.e. 	������ 

BMI 1 21736588 23086883 2566 9.6E-05 1.8E-12 -0.00082 0.00017 1.6E-06 

BMI 1 189904130 191868930 3313 4.7E-14 5.0E-05 -0.00093 0.0002 2.3E-06 

BMI 2 209941529 212379518 1668 1.2E-10 0.00129 -0.00099 0.00023 1.3E-05 

BMI 3 49316972 51832015 1872 9.4E-40 0.00230 -0.00146 0.00027 5.6E-08 

BMI 3 51832015 54081390 2225 2.6E-10 0.00061 -0.00105 0.00022 2.3E-06 

BMI 4 43965045 45189157 2525 9.6E-33 9.2E-05 -0.00101 0.00023 1.5E-05 

BMI 4 45189157 47411896 2781 3.2E-12 0.00026 -0.00079 0.00018 1.2E-05 

BMI 6 28917608 29737971 60 5.3E-09 0.01434 0.00041 9.00E-05 1.6E-05 

HDL 7 37555184 38966703 1221 0.00018 3.4E-49 -0.00131 0.00031 2.0E-05 

HDL 9 1079707 1916877 1143 0.00018 2.8E-15 0.00142 0.0003 1.5E-06 

HDL 12 39227169 40816185 1246 0.01077 0.00019 0.00116 0.00027 1.5E-05 

 658 
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