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t The control of cellular processes is highly dependent on gene regulation, and 
enhancers are one of the most important gene regulators in the cell. Many 
functional enhancers can be transcribed to generate non-coding enhancer 
RNAs (eRNAs) that are highly tissue- and context-specific. By performing a 
genome-wide eRNA (enhancer prediction through eRNA activity) association 
to liver disease state, gene expression and genetic makeup, we characterized 
expression of 1,490 abundantly expressed intergenic enhancers in liver. 
Among these, 289 eRNAs showed association with non-alcoholic fatty liver 
disease and co-expression with nearby genes. These genes were enriched in 
disease-related pathways, including inflammatory pathways and response 
to lipopolysaccharide. Moreover, eRNAs were affected by genetic variants 
associated with cardiometabolic and liver traits, including 119 expression 
quantitative trait effects at FDR<0.05. The expression of enhancers may thus 
have an important biological impact on regulation of cellular processes, 
making them a potential target for disease prevention and treatment. 

Keywords: eRNA, enhancers, transcriptomics, non-alcoholic fatty liver 
disease
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Introduction
Enhancers are a class of DNA regulatory elements that can control cell-type-specific and 
state-specific activation of gene expression in the cell 1. As DNA regulatory elements, 
enhancers are DNA regions characterized by a number of features including: 1) 
hypersensitivity to DNase treatment, 2) higher levels of histone H3 lysine 4 monomethylation 
marks (H3K4me1) compared to trimethylation (H3K4me3) marks, 3) presence of histone 
acetylation, and 4) presence of sequences with a high affinity for binding of co-activators 
and transcription factors 2–4. Active enhancers interacting with various co-activators and 
transcription factors can activate nearby genes (cis-regulation, which is more common) 
or genes located further away (trans-regulation) 5,6. Enhancer gene activation is also 
highly specific to cell type and state 7. Although annotation by epigenomic features has 
identified a large number of enhancers, epigenomic features appear insufficient to allow 
the differentiation of functional enhancers from non-functional enhancers and do not 
explain the molecular mechanism underlying the enhancer activity. 

Increasing evidence has suggested that many functional enhancers can be transcribed 
and generate non-coding enhancer RNAs (eRNAs) 7,8. Other evidence has confirmed the 
binding of RNA polymerase II (RNAPII) to a large proportion of intergenic enhancers, which 
results in transcription and production of intergenic eRNAs 9. Several studies have directly 
confirmed the presence of non-polyadenylated non-coding RNAs arising from enhancer 
regions 9,10. In comparison to non-eRNA-producing enhancers, eRNA enhancers 1) are 
transcribed in response to various stimulation events, 2) have a higher affinity for binding 
to co-activators, 3) have higher chromatin accessibility, 4) have a higher enrichment of 
active histone marks such as H3K27ac, 5) are protected from repressive marks such as DNA 
methylation, and 6) are highly correlated with the formation of enhancer-promoter loops 
11–16. These traits suggest that the production of eRNA from enhancer regions may be a 
hallmark of active enhancers. Furthermore, tools such as global run-on sequencing (GRO-
seq) and cap analysis of gene expression (CAGE) have now identified nearly 65,000 eRNAs 
in the human transcriptome 7,17. The abundance of eRNAs may open up a new avenue for 
the study of enhancer activity and of their role in gene regulation and human disease.

Despite this evidence, the abundance of eRNAs and their functional links to disease, 
genetics and gene expression regulation in liver, non-alcoholic fatty liver disease (NAFLD) 
and non-alcoholic steatohepatitis (NASH) have not been systematically investigated. The 
liver is a complex organ that plays a central role in all metabolic processes in the human 
body, which makes understanding its regulatory mechanisms essential for deciphering 
underlying metabolic processes during homeostasis and disease. Therefore, assessing the 
influence of enhancers from liver disease cohorts will shed light on both the mechanisms 
of liver disease and how enhancers work.
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Here we show that Ribo-zero RNA-seq technology is a powerful approach that retains 
not only mRNAs with Poly(A) tails but also non-coding RNAs without Poly(A). Using this 
technology, we were able to profile the whole transcriptome in liver biopsies from 60 
individuals, including the expression level of 65,683 intergenic enhancers. We then assessed 
their association with NAFLD and NASH and investigated whether these enhancers could 
control the genes in their vicinity, which would explain the underlying mechanisms of 
gene regulation and disease etiology. We also examined whether the genetic variants 
associated to liver and cardiometabolic traits co-localize with or are in close proximity 
(250 kb) to these enhancers and if these variants affect the abundance of predicted eRNAs 
(expression quantitative trait locus (eQTL) analysis of eRNAs). Our findings confirm the 
importance of transcriptional enhancers in liver physiology and provide new insights into 
gene regulatory patterns in the liver.

Results
Characterizing enhancer expression in the liver
Ribo-zero RNA reads from 60 liver samples with different degrees of NASH were mapped 
to 19,894 protein-coding genes, 18,569 non-coding RNAs, 11,522 pseudogenes and 
65,683 intergenic liver enhancers including 1,060 eRNAs annotated by the Epigenomics 
Roadmap (known-eRNAs) 18 (Figure 1A and B). Principal component analysis showed no 
batch effects in this dataset (Supplemental Figure 1A) and that expression patterns based 
on whole transcriptome or only on intergenic enhancers could differentiate samples 
with different NASH severity (Supplemental Figure 1B). We first compared the average 
expression level of the 1,060 known-eRNAs to the level of other enhancers. Our data show 
the expression levels of known-eRNAs were significantly higher than other enhancers 
(Wilcoxon-test P < 2.2x10-16; Figure 1B), which supports the concept of transcriptional 
enhancers and the quality of our estimated eRNAs. It also supports the ability of Ribo-Zero 
RNA-seq technology to retain eRNAs derived from enhancers. We further observed that 
the expression distribution of other enhancers showed a long tail toward the region of 
higher expression, which identified some novel eRNAs with expression levels comparable 
to those of known-eRNAs (Figure 1B). To identify novel eRNAs and focus on the most 
abundantly expressed enhancers, we confined our study to enhancers with, on average, 
at least 20 reads across all samples (Figure 1A and B). In all, 1,490 enhancers (2%) were 
considered to be highly transcribed, including 221 known-eRNAs and 1,269 novel eRNAs 
(Figure 1B, Supplemental Table 1). 

Genome-wide eRNAs associate with NASH and show co-expression with genes in a 
5MB window
To gain insight into the biological relevance of eRNAs, we performed association analysis 
between the expression levels of 1,490 eRNAs and NASH grade, which is a measure of 
disease severity. Spearman’s rank correlation tests revealed 289 eRNAs (34 known and 255 
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novel) that correlated with NASH grade at a False Discovery Rate (FDR)<0.05 (Supplemental 
Table 2). A heatmap of all eRNAs associated with NASH grade is shown in Figure 2A. These 
results suggest that enhancers show differential expression in the livers of NASH patients 
and the abundance of eRNAs may play important role in disease processes. 

To reveal potential mechanisms and (long-range) cis-regulation of the 289 NASH-
associated eRNAs, we performed a co-expression analysis to examine whether predicted 
eRNAs affect nearby protein-coding and non-coding genes (cis-regulatory effects) within 
a 5 MB window. In total, 13,797 genes were mapped within this window, and we identified 
a total of 3,596 significant associations at FDR<0.05 level that involved 287 (99.3%) NASH-
associated eRNAs and 2,016 unique genes (15%) (Supplemental Table 3). Looking at 

Figure 1. Study design and enhancer expression. 

A. Analysis scheme of the current study. B. Frequency (Y-axis) of normalized read counts (rlog 
normalization) for intergenic enhancers (n = 65,683). Red line represents known transcribed 
enhancers. Grey line represents known non-transcribed enhancers as defined by the Epigenomics 
Roadmap. Gray area represents the selected eRNAs with expression levels >20 read counts, which 
correspond to 2.5 rlog normalized read counts (X-axis). Non-transcribed enhancers passing the 
threshold of 20 reads (2.5 rlog normalized counts) are marked as novel eRNAs. C. Number and 
percentage of selected transcribed enhancers for correlation analysis (n = 1,490), including both 
known and novel intergenic eRNAs.
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association direction, 2,351 associations (65.4%) were positive and 1,245 (34.6%) negative. 
Our data also show that intergenic eRNAs are likely to have pleiotropic and cis effects on 
multiple genes, with each affecting around 12 genes on average. Moreover, some genes 
may also be regulated by multiple eRNAs, as 625 unique genes (31% of 2,016) were co-
expressed with multiple eRNAs. When looking at the distance between eRNAs and co-
expressed genes and at association strength, we found that 41.4% of the co-expressed 
genes were located within 0.5 MB upstream or downstream of the predicted eRNAs 
(Figure 2B) and showed stronger association. The number of significant correlations drops 
in each 0.5 MB from enhancer midpoint (Figure 2B). We also found that the eRNAs were 
equally distributed upstream (51.8%) and downstream (48.2%) of co-expressed genes. We 
then conducted pathway analysis on the 2,016 co-expressed genes and found they were 
enriched for several biological processes known to play an important role in NASH: the 
top enriched process was the inflammatory response (FDR = 4.52x10-3) and other enriched 
pathways include ethanol oxidation (FDR = 0.05) and response to lipopolysaccharides 
(FDR = 0.06) (Supplemental Table 4).

At the gene level, we can illustrate several examples of eRNAs associated with genes 
involved in response to inflammation and lipopolysaccharides (Supplemental Figure 2). 
We found five adjacent eRNAs in a region on chromosome 9q21.13 that correlate with 
13 genes (Figure 3A, Supplemental Figure 3). All the genes in this locus showed high co-
expression with each other, suggesting involvement in similar pathways (Figure 3B), and 
two, transmembrane protein 2 (TMEM2) and annexin A1 (ANXA1), are associated with 
inflammation. TMEM2 has been linked to inflammation based on its interferon-mediated 
antiviral function via activation of the JAK STAT signaling pathway 19. In mice, Anxa1 has 
been reported to exert a protective effect during NASH by controlling hepatic chronic 
inflammation and by modulation of galectin-3 and IL-10, a mechanism that leads to a 
reduced macrophage M1 response and therefore reduced inflammation 20. We found 
that the expression levels of these two genes correlate positively with the expression 
of five enhancers (Figure 3A and C), and that TMEM2 and ANXA1 were upregulated in 
NASH livers from our data (Figure 3D). Similar results were observed between eRNAs 
and other inflammatory-associated genes including adenosine A2a receptor (ADORA2A; 
Supplemental Figure 4) and one of the NF-κB subunit RELB (Supplemental Figure 5). These 
results suggest that a given eRNA can affect target genes in different directions, probably 
by different mechanisms. Furthermore, multiple enhancers may be responsible for fine-
tuning the expression level of a single gene, demonstrating the complexity of enhancer 
regulatory mechanisms.
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Figure 2. Associations between eRNAs, their 5MB genes and NASH. 

A. Heatmap of 289 NASH-associated eRNAs. Each row presents normalized expression of each 
enhancer among 60 samples (columns). B. Distribution of absolute estimate values (Spearman’s 
correlation coefficient) of significantly associated 5MB genes relative to enhancer midpoint (Left 
Y-axis) and number of significant correlations at FDR<0.05 (Right Y-axis). The red line represents the 
number of correlations in each 0.5MB block from the enhancer midpoint. The X-axis represents the 
±2.5MB region around the enhancer midpoint from where gene midpoints were plotted. 
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Figure 3. TMEM2 and ANXA1 association to eRNAs, NASH and co-expression with genes in the 

locus. 

A. Chromosomal location of five adjacent eRNAs (red) and 13 genes in the locus (gray). Each line 
represents positive or negative correlations between each gene and all five eRNAs. B. Co-expression 
plot showing correlation coefficient estimates between genes in the TMEM2/ANXA1 locus. C. 
Correlation plot between normalized expression levels of the TMEM2 gene (left) and the ANXA1 
gene (right) on the Y-axis and the top associated eRNA (from five associated eRNAs) on the X-axis. D. 
Boxplot presenting the normalized expression of the TMEM2 gene (left) and the ANXA1 gene (right) 
on Y-axis among samples with different NASH grade (X-axis). Each dot represents one sample.

Cardiometabolic SNPs are enriched in regulatory regions
It has been widely observed that genetic variants associated with complex diseases are 
enriched in regulatory regions, and eQTL analysis has proven to be a powerful approach for 
understanding the downstream effect of these disease-associated loci 21–23. We therefore 
decided to test whether the disease-associated SNPs would affect the abundance of 
eRNAs. To do this, we first mapped 1,490 liver intergenic enhancer regions (eRNAs >20 
reads) to a 250kb window around 15,535 cardiometabolic SNPs (lead SNPs and their 
proxies with R2>0.8) 24. This allowed us to map 9,516 enhancer-SNP pairs, including 310 
unique enhancers and 2,923 unique SNPs. Notably, we identified that 23 SNPs co-localize 
within 18 unique eRNAs. 

We then performed eQTL analysis on all 9,516 enhancer-SNP pairs and detected 119 
eQTLs (66 SNPs and 7 unique eRNAs) at FDR<0.05 (Supplemental Table 5). Two eQTL 
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SNPs co-localized within enhancers: rs2330635 on chromosome 22 and rs58175211on 
chromosome 10. The top associated eQTL SNP, rs2330635, which co-localizes with an 
intergenic predicted eRNA, was located on chromosome 22 (Figure 4). Previous studies 
have found that intergenic SNP rs2330635 is a proxy of a lead SNP, rs2739330 (located 
in intron of non-coding gene AP000350.8), associated to liver enzyme levels of gamma-
glutamyl transferase and the expression of many genes in the liver 25. One of the top affected 
genes is MIF, a lymphokine involved in cell-mediated immunity, immunoregulation and 
inflammation. Our study found rs2330635 not only co-localized with an eRNA but also 
affected its expression (P = 1.38x10-7, FDR = 1.4x10-5) (Figure 4A) and that of nearby genes 
(Figure 4B). Expression of this eRNA was also highly correlated with MIF gene expression (r 
= 0.72, P = 5.00x10-25) and with that of other genes in the locus (Figure 4C and D). 

Figure 4. Association between cardiometabolic SNP and eRNA expression. 

A. SNP rs2330635 (proxy for liver-associated SNP rs2739330) shows eQTL-effects on the overlapping 
eRNA in 60 liver samples. X-axis represents the genotype. Y-axis represents normalized eRNA 
expression. B. eQTL effect of rs2330635 on nearby genes (X-axis) represented by the SNP effect 
size (Y-axis). C. Spearman correlation coefficient (Y-axis) of the correlation between the intergenic 
eRNA and nearby genes (X-axis). D. Schematic representation of the correlation-based effect of the 
intergenic eRNA (co-localizing with SNP rs2330635) on nearby genes.
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Next, we found a SNP on chromosome 10, rs58175211, that co-localizes with an intergenic 
eRNA and affects the expression of this eRNA (P = 3.61x10-4; FDR = 0.03) (Supplemental 
Table S5) and of the nearby gene GPAM (P = 2.00x10-5), a mitochondrial enzyme involved 
in the synthesis of glycerolipids that regulates lipid metabolism in the cells 26. Furthermore, 
the expression of this eRNA negatively correlated with the expression of the GPAM gene 
(r = -0.29; P = 0.02). rs58175211 is a proxy of a lead SNP, rs2255141, previously associated 
with cholesterol levels 27,28 and the lead SNP is an intron variant located in GPAM gene. Our 
study may thus support a regulatory mechanism in which disease SNPs can affect eRNA 
expression, thus disturbing their activity on target gene expression.  

Discussion
Our study identified 1,490 intergenic enhancers that are abundantly expressed in the liver, 
including 1,269 novel eRNAs. Of these, 289 intergenic eRNAs in the liver were associated 
with NASH and showed co-expression with genes in a 5Mb window. Many inflammatory 
genes showed co-expression with nearby predicted eRNAs, suggesting that they might be 
under the control of nearby enhancers. Inflammation is one of the main drivers of NAFLD 
progression. The accumulation of the lipid molecules may cause lipotoxicity in the liver 
and may be involved in recruitment of innate immunity by activating Toll-like receptors, 
Kupffer cells, lymphocytes and neutrophils 29. This may, in turn, lead to activation of pro-
inflammatory signaling pathways in NASH, including the activation of nuclear factor-
kappa B (NF-κB) pathway 30, and then to secretion of various chemokines and cytokines 
leading to cell death and apoptosis. In addition, the gut microbiota has been also linked 
with NASH development; gut microbiota composition and increased gut permeability 
may induce systemic inflammatory responses and affect the adipose tissue and liver 
31,32. These pathways are also enriched in our data, suggesting potential involvement of 
enhancers in regulation of underlying genes and pathways.

While it is not completely clear how eRNAs are transcribed and how their regulation 
is controlled, several models have been proposed 33. Some studies have shown that, 
upon stimulation, certain enhancers are transcribed into eRNAs before activation of 
gene promoters 11,34–37. This suggests that the transcriptional machinery will first bind to 
enhancers, a process that activates the enhancer by producing eRNAs from the region, 
and this then leads to activation of the gene promoter. The interaction between enhancers 
and promoters is mediated by formation of enhancer-promoter loops 16,38–40. However, the 
complete picture of the underlying mechanism is not yet clear. Our study only reports 
associations between eRNAs and liver disease, expression of nearby genes and genetic 
variants. We cannot illustrate any causality, nor can we distinguish whether eRNAs are 
functional products of enhancers directly involved in gene regulation or byproducts of 
enhancer activity transcribed due to open chromatin. Therefore, all expressed eRNAs in 
this study represent eRNAs predicted through transcription. Further functional study is 
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therefore warranted, e.g. CRISPR-based knock-down and/or shRNA-mediated knock-
down on the RNA levels of enhancers. As enhancer activity is known to be highly cell-
type-specific and context-dependent, single-cell analysis would be more powerful for 
illustrating the mechanism of eRNAs. 

Most of the eRNAs are non-polyadenylated transcripts, showing higher instability 8. We 
have used Ribo-zero RNAseq to capture eRNAs. But we also acknowledge that our study 
also missed a large proportion, 65.5%, of known-eRNAs previously identified in HepG2 
by ENCODE 41. This may be due to the fact that we confined our analysis to only the most 
abundantly expressed eRNAs, thereby missing eRNAs with low expression. However, the 
expression of eRNAs is likely tissue- and context-dependent, which means that some of 
the eRNA identified in HepG2 cell lines may not be expressed in liver biopsies. In the end, 
we identified 289 eRNAs associated to NASH that need to be validated in an independent 
dataset. We also observed both positive and negative associations, however the enhancers 
were, up to now, mainly known to stimulate gene transcription. A recent study has 
shown that intragenic enhancers interfere with and attenuate gene transcription during 
elongation 42, and this mechanism may explain the negative correlations we observed 
between genes and predicted intergenic eRNAs, but this awaits further functional 
validation.   

We further identified 119 genetic associations between eRNAs with cardiometabolic SNPs, 
including two SNPs co-localizing with two eRNAs and affecting the expression level of 
both the eRNA and nearby genes. This is important because many of the SNPs associated 
with complex diseases or traits are located in non-coding regions of the genome and thus 
cannot be directly linked to genes. Even after we expanded the analysis to SNPs in the 
same haplotype blocks using linkage disequilibrium calculation and fine-mapping, the 
newly identified risk-associated SNPs were also located in non-coding regions. Mapping 
disease SNPs and their proxies to regulatory regions, such as enhancers, may explain 
these associations. 

In conclusion, we have presented the first genome-wide association study associating liver-
predicted eRNAs to liver disease, the transcriptome and genetics. We have generated a list 
of transcribed eRNAs in the human liver for samples from normal controls, from patients 
with steatosis and from patients with NASH. Our study provides evidence that eRNAs may 
not only be involved in the regulation of genes for liver diseases but may also mediate 
genetic susceptibility to complex diseases. A better understanding of the mechanisms 
underlying enhancer activation and transcription, and of enhancer-promoter interaction, 
will lead to a better understanding of gene regulation, cellular processes, homeostasis 
and disease progression.
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Methods
NASH study cohort 
Our study cohort consisted of patients with different degrees of NAFLD and NASH and 
healthy obese controls. In total the cohort included 60 severely obese Dutch individuals 
(body mass index between 30 and 73) who underwent elective bariatric surgery in the 
Department of General Surgery, Maastricht University Medical Center, the Netherlands. 
The collection and processing of the liver biopsies have been described previously 43. 
Each individual was scored for several different histological liver parameters, and a NASH 
grading score (according to the Brunt scoring system 44) was used for this analysis. Briefly, 
NASH grade (necroinflammatory grade) is a combination of features of hepatocellular 
steatosis, ballooning and inflammation. Based on these features, samples with NAFLD and 
NASH can be categorized in three groups: mild (1), moderate (2) and severe (3).

Liver RNA isolation and RNA sequencing
RNA from the liver biopsies was isolated using the RNeasy Mini Kit (Qiagen, Germantown, 
MD, USA). RNA concentration was measured by NanoDrop 2000 spectrophotometer 
(Thermo Scientific, USA) and the quality of the isolated RNA was measured on a bioanalyzer 
(PerkinElmer LabchipGX, PerkinElmer, Waltham, MA, USA). The average RNA integrity 
number was 7. Samples were prepared (selecting both poly-A and non poly-A transcripts, 
and depleting rRNA transcripts) using the Illumina TruSeq Stranded Total RNA Sample 
Prep Kit with Ribo-Zero Gold (Illumina, San Diego, CA, USA), and paired-end sequencing 
was performed on the Illumina HiSeq2500 sequencer. Sixty samples were sequenced in 
two batches: 40 in batch 1 and 20 in batch 2. On average, ~35 million reads were produced 
per sample (Supplemental Figure 6A) and ~29 million reads were uniquely mapped to the 
genome (Supplemental Figure 6B). RNA-seq reads were aligned to the human genome 
(hg19) using STAR 45. Quality control analysis on sequenced reads was performed per 
sample, including distribution of GC percentage, normalized position vs. coverage and 
insert (base pair length between adaptors) size distribution. 

Expression levels of enhancers and genes
Predicted regulatory regions were downloaded from the Epigenomics Roadmap Project 
for liver (E066) 18, which used a chromatin state model based on imputed data for 12 
epigenetic marks across 127 reference epigenomes. In total, 782,784 regulatory regions 
in the liver were annotated by the Epigenomics Roadmap Project, of which 251,914 were 
annotated as enhancers. Among these enhancers, 65,683 overlap with intergenic regions, 
148,061 with introns and 38,170 with exons of genes. To avoid overestimation of enhancer 
expression, we first removed all exonic enhancers because many reads in the exons were 
coming from the expressed gene (including coding, non-coding and retained intron 
genes). Second, we removed intronic enhancers because many reads may be the result 
of splicing of the overlapping genes and the presence of non-processed transcripts. Thus, 
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this study focused on the 65,683 intergenic enhancers. Our analysis scheme is represented 
in Figure 1A. Next, we generated an expression table containing the reads that aligned 
to all 65,683 enhancers across all 60 samples from our liver dataset. The expression level 
per enhancer was determined using the HTSeq package 46. Enhancers with more than 
20 reads of average expression across all samples were considered to be transcribed, a 
threshold chosen because most of the background expression noise was observed to 
be around 10 reads. Expression levels were further Rlog normalized using the DEseq2 
package in R 47 and corrected for age, age2 and gender. In addition, data was corrected 
for enhancer length when comparing expression between known and novel enhancers 
(eRNAs). Expression levels of 49,985 protein-coding genes, long non-coding RNAs and 
pseudogenes were identified in the same way.

Correlation between transcribed enhancers and NASH grade
To identify eRNAs whose expression levels show correlation with NASH, Spearman’s rank 
correlation coefficients were determined between normalized eRNA expression values 
and NASH grade phenotype. To control FDR, a multiple tests correction was performed 
to estimate the FDR-corrected P-values using q package (Q-value). All analyses were 
performed in R.

Co-expression between NASH enhancers and their 5MB genes
For eRNAs whose expression was associated with NASH, we further assessed whether 
these eRNAs could regulate genes in their vicinity. Considering that enhancers could have 
a long-range cis-effect, we chose a 5MB window around the mid-point of the enhancers and 
selected all genes whose mid-point (based on the gene start and end position) mapped to 
the enhancer’s 5MB window. Next, we correlated eRNA levels with the expression of genes 
within this window using Spearman’s correlation test. The Q-value was used to correct for 
multiple testing. All significant correlations (Q<0.05) were analyzed for pathway analysis 
using the DAVID database (https://david.ncifcrf.gov) 48.

Cardiometabolic SNPs, NASH-cohort genotyping and imputation 
Cardiometabolic SNPs were extracted from the GWAS catalog as described previously 24. 
Here, we extracted all GWAS SNPs currently associated with obesity (based on body mass 
index, waist-to-hip ratio, obesity (case/control)), plasma lipids (low density lipoproteins, 
high-density lipoproteins, very low density lipoproteins, intermediate-density lipoproteins, 
triglycerides, total cholesterol), diabetes-related traits (T2D, glucose, insulin, homeostatic 
model assessment IR, homeostatic model assessment β), and CVD (coronary artery disease, 
coronary heart disease, myocardial infarction, ischemic stroke, carotid intima-media 
thickness, atherosclerotic plaques). SNPs were considered to be significantly associated 
with these traits when P < 5x10-8, the threshold for genome-wide significance, and this 
SNP list was supplemented with liver-associated SNPs for the purpose of this study. Patient 
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genotyping and imputation was performed as described previously 49. In brief, DNA from 
all samples was genotyped using intensive genotyping platform Illumina HumanOmni1-
Quad BeadChips, and the program IMPUTE v2 was used to impute the genotypes. The 
reference panel for imputation was the CEU population from HapMap release 22. Directly 
genotyped SNPs were coded as 0, 1 or 2, while imputed SNP dosage values were called at 
a 0.95 confidence level, ranging between 0 and 2. In this way we obtained the genotype 
of the same set of 1,140,419 SNPs for all samples. Furthermore, we mapped SNPs that 
co-localize in NASH-associated enhancers and ran eQTL analysis between enhancer-SNP 
pairs. For this purpose, the expression datasets (enhancers and genes) were additionally 
corrected for NASH grade (in addition to gender, age and age2). For each enhancer-SNP 
pair, we used Spearman correlation to detect association between SNPs and the enhancer 
expression levels. We calculated the Spearman correlation coefficient and corresponding 
P values and subsequently transformed this into a Z-score. To correct for multiple testing, 
we controlled the FDR at 0.05. 
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Supplementary Figures 

Supplemental Figure 1. Principal Component (PC) analysis. 

A. PC1 (Y-axis) and PC2 (X-axis) using the Rlog normalized data expression datasets. Samples are 
colored based on the sequencing batch: 40 samples were in batch 1 and 20 in batch 2. B. PC1 (Y-axis) 
and PC2 (X-axis) using the Rlog normalized data expression datasets. Samples are colored based on 
their NASH grade severity: 0 for controls and 1-3 for NAFLD and NASH samples.
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Supplemental Figure 2. Correlation plot showing correlation coefficient estimates between 
genes (rows) and predicted enhancers (columns). 

These genes were annotated as genes involved in inflammation and response to lipopolysaccharides 
(LPS). Positive correlation estimates are shown in blue and negative in red.
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Supplemental Figure 3. Correlation plot between 13 genes in TMEM2/ANXA1 locus (columns) 

on chromosome 9 and five adjacent eRNAs (rows).

 Spearman correlation estimates are plotted. Positive correlation estimates are shown in blue and 
negative in red.
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Supplemental Figure 4. eRNAs and genes in the ADORA2A locus. 

A. Correlation plot showing the significant correlation estimates between four eRNAs (rows) and 26 
genes (columns). The order of the genes is based on their chromosomal position. Four enhancers 
are mapped between ADORA2A-AS1 and UPB1 genes. B. Box plot presenting normalized ADORA2A 
gene expression (Y-axis), and NASH-grade on X-axis (R = 0.29, Pvalue = 0.03). C. Co-expression plot 
between all 26 genes in the locus.
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Supplemental Figure 5. RELB association with predicted eRNAs, NASH and nearby genes. 

A. Correlation plot showing correlation coefficient estimates between two predicted eRNAs (rows) 
and 35 genes (columns) including RELB gene. B. Boxplot presenting the expression of RELB gene 
(X-axis) among samples with different NASH grade (Y-axis). Each dot represents one sample. C. Co-
expression plot showing correlation coefficient estimates between genes in RELB locus.

Supplemental Figure 6. RNA sequencing reads distribution from 60 liver samples. 

A. Distribution plot of input reads (Y-axis) and their frequency (X-axis). B. Distribution plot of 
uniquely mapped reads (Y-axis) and their frequency (X-axis).
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