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Non-alcoholic fatty liver disease 
Non-alcoholic fatty liver disease (NAFLD) covers a range of liver disorders, from simple 
steatosis to more severe liver phenotypes characterized by the presence of liver 
inflammation, ballooning and fibrosis. The disease occurs in people who drink little or no 
alcohol. Obesity is the major risk factors for NAFLD, and NAFLD is therefore considered 
the hepatic manifestation of the metabolic syndrome. All forms of NAFLD are highly 
correlated with insulin resistance (IR) 1 and type 2 diabetes (T2D) 2. In addition to being a 
target of the metabolic syndrome, the fatty liver actively affects the pathogenesis of this 
condition, for example by overproducing glucose and triglycerides. Therefore, the liver is 
considered as a key determinant of metabolic abnormalities. 

As a result of the current global obesity epidemic, NAFLD has become the leading 
cause of chronic liver disease worldwide. It is expected that NAFLD will become the 
leading cause of liver-related morbidity and mortality within 20 years 3. Cirrhosis and 
hepatocellular carcinoma, the end stages of this disorder, are among the leading causes 
of liver transplantation 4. It is therefore important to understand the mechanisms involved 
in NAFLD etiology as well as the progression towards more severe liver conditions. 

Non-alcoholic fatty liver (liver steatosis)
The first and the most benign NAFLD condition is non-alcoholic fatty liver (NAFL), or simple 
steatosis. NAFL is usually asymptomatic, and most patients have normal plasma levels 
of liver transaminase enzymes 5, meaning that these patients do not have liver damage. 
NAFL is characterized by simple steatosis that occurs when fat accumulates in the liver 
in the form of lipid triglyceride (TG) droplets (Figure 1). TG accumulation is mainly stored 
in hepatocytes, which are the main parenchymal cells in the liver and make up to 70-
85% of the liver’s mass. Steatosis in more than 5% of hepatocytes is required for diagnosis 
of NAFL 6. The grading of steatosis was proposed in 2005 7 and ranges from 0-3: 0 for 
steatosis <5%, 1 for steatosis between 5%-33%, 2 for steatosis between 33%-66% and 3 for 
steatosis >66%. Hepatocellular steatosis may be present in two forms: macrovesicular and 
microvesicular. In macrovesicular steatosis, a single large fat droplet or a few smaller fat 
droplets occupy the cytoplasm of hepatocytes, positioning the nucleus to the periphery. 
In microvesicular steatosis, the cytoplasm of hepatocytes is filled with small lipid droplets, 
and the nucleus is located in the center of the cell. A shift from micro- to macrovesicular 
steatosis has been linked to disease progression (see discussion below). Furthermore, 
lipids can be also accumulated in the lysosomes and cytoplasm of liver macrophages, and 
the location of lipid droplets has also associated with disease progression 8 (also discussed 
below). 
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Non-alcoholic steatohepatitis 
About 10-20% of the patients with steatosis will further develop non-alcoholic 
steatohepatitis (NASH), a more severe condition characterized by presence of inflammation 
and hepatocellular injury, with or without fibrosis 9 (Figure 1). Lobular inflammation 
is usually mild and characterized by presence of lobular inflammatory cell infiltrates 
(lymphocytes, neutrophils, eosinophils and Kupffer cells (KCs)). Among other liver cell 
types, KCs, the liver macrophage population, natural killer (NK) cells, NK T cells, T cells, 
sinusoidal endothelial cells (SECs) and hepatic stellate cells (HSCs) all play pro-inflammatory 
roles. Scattered lobular microgranulomas (sinusoidal KC aggregates) and lipogranulomas 
(consisting of fat droplets and admixtures of inflammatory cells and collagen) are also 
often observed in NASH. Beside lobular inflammation, NASH is characterized in some 
cases by presence of portal inflammation. If present, portal inflammation is usually mild 
and consists mainly of lymphocytes. Chronic portal inflammation has been associated 
with the amount and location of steatosis, ballooning and advanced fibrosis 10,11. 
Therefore, chronic portal inflammation in untreated NAFLD could be considered a marker 
of advanced disease. Hepatocellular injury is also represented by ballooning, apoptosis 
and lytic necrosis. Ballooning is characterized by enlargement of hepatocytes (>30 µm in 
size), which may be a result of alteration in the intermediate filament cytoskeleton, fluid 
retention, the amount and conformation of intracellular organelles or other cytoplasmic 
components, or a combination of these factors 12. However, the pathophysiology of this 
change is not fully understood. In addition, it has been shown that patients with NASH 
are highly predisposed to develop fibrosis and cirrhosis (Figure 1), but also hepatocellular 
carcinoma, cardiovascular diseases (CVD) and diabetes 13–15. Based on this evidence, 
it is clear that there is an urgent need for NAFL and NASH to be diagnosed as early as 
possible and properly treated. However, treatment options are still limited and there 
are no approved pharmacological therapies for NAFLD. The main reason for this is that 
the natural history and mechanisms of disease progression are not fully understood. 
Moreover, it is also not completely clear how the fatty liver can progress towards the more 
severe NASH condition. Thus, more research needs to be focused on understanding the 
mechanism behind NAFLD progression.  

NAFLD progression and mechanisms
In steatotic NAFL, TG formation and accumulation is the result of an imbalance between 
lipid storage and removal that results in excess free fatty acids (FFA) circulating in the 
body 17. These excess FFA mainly originate from the diet (15%), de novo lipogenesis (25%) 
and adipose tissue (60%) 18. Furthermore, FFA in the liver have three destinations. They 
are either re-esterified to TG and stored as lipid droplets, oxidized in the mitochondria 
via β-oxidation pathway to produce energy and ketone bodies, or combined with 
apolipoproteins and secreted as an essential compound for very-low density lipoproteins 
(VLDL). As a result, β-oxidation 19,20 and assembly and secretion of VLDL 21 are increased 
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in NAFL. When these compensatory processes are insufficient to keep up with the influx, 
NAFL may progress to NASH (as discussed below) 20,21. However, animal studies have 
demonstrated that changes in dynamic lipid fluxes, rather than static TG accumulation, 
determine whether simple steatosis will progress to NASH. Hepatic TG accumulation is 
not pathological and has been shown to protect the liver and hepatocytes from toxic 
molecules such as FFAs 22. As a proof for the protective effect of the lipid droplets, it has 
been shown that hepatic inactivation of DGAT2, an enzyme catalyzing TG synthesis, 
reduces hepatic TG content but increases hepatic inflammation and ballooning 22. There 
are also several examples of animal models with so-called ‘healthy fatty liver’ 23,24, which 
highlights the importance of properly functioning hepatic lipid droplet metabolism 25. 
Therefore, unknown factors and mechanisms may affect healthy fatty livers and trigger 
development to the more severe liver condition NASH. 

Figure 1. Non-alcoholic fatty liver disease (NAFLD) covers a range of liver disorders. 

In healthy liver, hepatocytes contain a nucleus in the center of the cell and evenly distributed small 
droplets of fat in the cytoplasm. Non-alcoholic fatty liver (NAFL) is characterized by presence of 
steatosis, a process when hepatocytes accumulate excess fat forming big droplets in the cytoplasm. 
The fat can come from the diet, be made in the liver or be released by insulin-resistant fatty (adipose) 
tissue. Non-alcoholic steatohepatitis (NASH) develops when accumulated fat causes stress and 
injury to hepatocytes. This injury may lead to cell death, causing inflammation and activation of 
Kupffer cells. Collagen fibers replace dead cells which lead to development of fibrosis. Until this 
stage, the disease progression may be reversible. Over the years, dead hepatocytes are degraded 
and scar tissue accumulates, which impairs liver function. This condition is known as cirrhosis, it is 
irreversible and it increases the risk of liver cancer. Adapted from 16.
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Currently, it is also unclear at which sites inflammatory processes are initiated. The first 
hypothesis related to NASH development - the two-hit hypothesis - proposed that 
hepatic TG accumulation sensitizes the liver to second insults, such as lipotoxicity and 
oxidative stress, resulting in NASH 26. However, as TG accumulation is mainly a protective 
mechanism, lipotoxicity is probably caused by non-TG lipid molecules (such as free 
cholesterol, saturated and polyunsaturated fatty acids) and by sucrose and fructose 27. 
Lipid molecules have the potential to kill hepatocytes by directly or indirectly activating 
c-Jun N-terminal kinase (JNK) and the mitochondrial/lysosomal cell death pathway and 
to stimulate pro-inflammatory signaling via NF-κB and JNK/activator protein 1 (AP-1) 28. In 
general, saturated long chain fatty acids (such as palmitic and stearic acids) are more toxic 
than mono-unsaturated FFA 29,30. There are also data that indicate the effects of palmitic 
acid may be exerted via formation of lysophosphatidylcholine, via reactive oxygen species 
(ROS) or via endoplasmic reticulum stress 27.

Other possible mechanisms may relate to the shift from microsteatosis to macrosteatosis, 
which is marked by an increase in hepatic lipid droplet size. This increase can be driven by 
reduced phosphatidylcholine (PC) content 31 or by changes in lipid droplet coat proteins 
32,33. Total hepatic PC content is reduced in both NAFL and NASH 34. Changes at the lipid 
droplet surface can also increase lipid droplet size. Perilipin 1 (PLIN1), an adipose-enriched 
protein and master regulator of lipolysis, is also expressed in human NAFLD livers 35, and 
its presence may distinguish chronic from acute steatosis 36. Interestingly, the PNPLA3 
I148M mutant (but not wild type PNPLA3) accumulates hepatic lipid droplets, and this 
accumulation is associated with increased lipid droplet size and reduced rates of hepatic 
lipolysis 37. Together these changes may sufficiently disrupt hepatic fatty acid metabolism 
to drive lipotoxicity and, in turn, NASH. 

Changes in mitochondrial function may be another important mechanism driving the shift 
from NAFL to NASH. Several reports indicate that mitochondrial respiration is elevated 
in NAFL patients 19,20. However, in humans with NASH, respiration may be uncoupled 
from ATP production, causing significant increases in ROS 20. Importantly, elevated ROS 
production is associated with an increase in detoxification and antioxidant capacity in 
NAFL, but not NASH, indicating that mechanisms to cope with excess ROS generation 
may be insufficient in NASH 20. Local hepatic ROS production then induces KC activation 
through peroxidized lipids.

Moreover, in recent years, studies have shown that pathophysiological changes in other 
organs (such as adipose tissue, muscle, intestine or immune system) have been identified 
as triggers and promoters of NAFLD progression 38, making NAFLD a systemic metabolic 
disorder. Finally, although so far applied mostly in cross-sectional studies, the application 
of high-throughput methods to clinical samples, including liver biopsies and plasma 
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samples, is providing the first glimpse into the molecular natural history of NAFL and 
NASH in humans. From this perspective, identifying the molecular pathways that affect 
NAFLD progression is crucial for developing better treatment options for this chronic liver 
disease. 

Genetic and molecular factors in NAFLD development and progression
In addition to the strong effect of environmental factors on NAFLD development, a number 
of studies have shown that NAFLD is a heritable trait. Evidence from population-based-, 
familial-aggregation- and twin-studies has provided in-depth knowledge of NAFLD or 
NAFLD-related outcomes, with heritability estimates ranging from 20 to 70% depending 
on the study design, ethnicity and methodology.

The role of genetic variation in NAFLD has been studied extensively in the last decade, 
including classical candidate gene association studies 39, novel genome-wide association 
studies (GWAS) 40–43 and exome-wide association studies 44. A number of genetic studies 
have identified single-nucleotide polymorphisms (SNPs) associated with NAFLD 
45, reporting associations with hepatic fat measurements, histological assessments 
and less specific parameters such as plasma liver enzyme levels. For example, three 
missense variants in three different loci showed association with NAFLD severity and 
progression: rs738409 in the PNPLA3 (phospholipase domain–containing protein) locus 
40,46, rs58542926 in the TM6SF2 (transmembrane 6 superfamily member 2) locus 44 and 
rs780094 in the GCKR (glucokinase regulatory protein) locus 47,48. Reported common 
variants in the pathogenesis of NAFLD are considered as the major contributors to the 
disease risk, yet they explain only ~10% of NAFLD heritability 49. To address the so-called 
“missing heritability”, future studies need to explore the role of rare variants, structural 
variation, and gene-by-gene and gene-by-environment interactions in the biology of the 
disease. In addition, analysis of expression quantitative trait loci (eQTL) between disease-
associated SNPs and gene expression will contribute to a better understanding of the 
disease mechanisms. From this perspective, studies on non-coding genes in parallel with 
coding genes are essential.

Changes in gene expression patterns may help us better understand the molecular 
changes occurring in human liver during NAFLD progression. It has been shown that gene 
expression signatures can discriminate between liver samples from ‘healthy’ individuals 
and those from individuals with different NAFLD degrees 50. Although current studies 
mainly use microarrays on cross-sectional liver biopsies, they have provided the first 
insights into the molecular pathophysiology of NAFL and NASH. A recent systematic 
meta-analysis of published human gene expression studies on samples from NAFLD 
patients taken during liver biopsies and bariatric surgery reported that 218 genes 
showed high confidence of association with at least one histological aspect of NAFLD 



General Inroduction

1

|   15   

progression 51. More focused studies have highlighted links between hepatic lipid 
metabolism and NAFLD. For instance, it was found that the hepatic expression levels of 
PPAR-α (peroxisome proliferator–activated receptor alpha) were reduced with increased 
NASH severity 52. Moreover, PPAR-α expression was normalized in patients whose liver 
histology improved upon intervention, as was expression of many of the metabolic target 
genes of PPAR-α. Another study reported numerous changes in the expression levels of 
genes involved in cholesterol metabolism, including increased SREBP-2 maturation, HMG 
CoA reductase (HMGCR) expression and decreased phosphorylation of HMGCR in NAFLD 
samples 53. Effects on PPAR-α and the low-density lipoprotein receptor, through SREBP2, 
together with the genetic identification of TM6SF2, are starting to provide insights into 
the molecular links between NAFLD and CVD. With the on-going advances in next-
generation sequencing analysis, more high quality, deep sequenced data is expected to 
be generated, therefore investigating the unknown function of the non-coding genome 
in parallel with the coding genome will be of high importance. 

The non-coding genome
The completion of the Human Genome Project in 2003 led to the launch of several 
major projects, including the international HapMap Project to identify genetic variants 
and haplotypes in the human genome 54, the 1000 Genomes Project to characterize the 
frequency of genetic variants in human populations 55, the ENCODE project to identify 
functional elements in the human genome 56,57, and the ROADMAP project to assess 
epigenetic alternation of DNA sequences 58. All these projects have yielded unprecedented 
information about the human genome. For instance, exon regions of protein coding genes 
are known make up less than 2% of the human genome. Most of the human genome 
(98%) is thus non-coding but contains many regulatory elements, including enhancers, 
silencers, insulators and locus-control regions. The non-coding regulatory regions of the 
human genome have been found to be enriched for DNase I hypersensitive sites, histone 
modification regions, DNA methylation regions and transcription factor binding sites 59,60.

In addition to delineating the presence of non-coding regulatory regions, studies in 
the past decade have shown that the human genome is pervasively transcribed 61. The 
development of high-throughput technologies, such as next-generation sequencing, 
has allowed an in-depth examination of the non-coding genome with high resolution 
and scale. These studies have revealed that the majority of the non-coding genome is 
detectably transcribed under some conditions 62. The ENCODE project reported that the 
non-coding transcripts account for ~80% of the genome (Figure 2). Non-coding RNA 
(ncRNA) genes are transcribed into RNA molecules but are not capable of being translated 
into proteins. Their classification varies depending on their size and function. According 
to their size, they are classified into two major classes: small ncRNAs, which are shorter 
than 200 nt and include miRNAs, piRNA and other noncoding transcripts and long ncRNA 
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(lncRNAs), which range in size from 200 nt to 100 kb 63. Moreover, the studies have shown 
that the number of non-coding genes increases with the organism’s complexity while the 
number of protein-coding genes remains approximately the same. Therefore, it is likely 
that the majority of non-coding genes play a role in physiology and diseases in highly 
complex organisms such as humans.  

The importance of non-coding regions in health and disease has been demonstrated 
by GWAS, which have highlighted that the vast majority (~93%) of reported genetic 
variants lie in non-coding regions and are enriched for regulatory regions like ncRNAs, 
enhancers and DNase I hypersensitive sites. These non-coding variants are also enriched 
for eQTL effects and affect the expression of both protein-coding genes and ncRNAs 64. 
Linking non-coding variants to functional consequences can yield insights into disease 
mechanisms. Two examples of this are: 1) a candidate causal SNP that was predicted to 
alter RNUX transcription factor binding in regulatory regions relevant to breast cancer, 
thereby affecting expression of its downstream genes 65 and 2) GWAS variants linked to 
atherosclerosis-related phenotypes that were associated with a lower expression of lncRNA 
ANRIL, the knock-down of which leads to reduced cell growth, possibly via CDKN2A/B 
regulation 66. These examples highlight the importance of studying and understanding 
the role of the non-coding genome in physiology and disease.

Long ncRNAs
In recent years, more than 80% of the human genome has been observed to be transcribed, 
generating thousands of ncRNAs 62, of which lncRNAs represent the largest group 69 
(Figure 2). LncRNAs are a subclass of functional ncRNAs that are over 200 nucleotides in 
size and lack an open reading frame, and therefore do not code proteins 70,71. LncRNAs 
may share some characteristics with mRNAs. For instance, lncRNAs are transcribed by RNA 
polymerase II and are 5′ capped, equipped with a 3′ polyA (polyadenylate) tail and consist 
of multiple exons. Furthermore, 98% of lncRNAs are spliced and ~25% have at least two 
different isoforms 62,70. In comparison with protein-coding genes, lncRNAs have longer, but 
fewer, exons 70. LncRNA promoter regions show conservation between vertebrates similar 
to that of promoters of protein-coding genes, but lncRNA exons are less well conserved 
70,72. Numerous studies have emphasized the context- and cell-type-specific expression 
of lncRNAs, highlighting their biological role in specific cellular pathways and processes.

Since an initial study in 2009 72, thousands of lncRNAs have been identified using 
genome-wide approaches in the mouse and human genomes. Using next-generation 
RNA sequencing technology, scientists have been able to characterize exon–intron 
structure and abundance of lncRNAs 73,74. Moreover, a combination of RNA sequencing 
and chromatin signature assessment resulted in generation of a human lincRNA (long 
intergenic non-coding RNAs) catalog that contains more than 8000 lincRNAs expressed 
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Figure 2. Non-coding RNAs and their mechanism of action. 

More than 80% of the human genome is being transcribed, mainly generating non-coding 
RNAs (ncRNAs). Long non-coding RNAs (lncRNAs) regulate gene expression and other cellular 
processes by multiple mechanisms. They can guide chromatin modifying complexes (CMC) to the 
correct chromatin location in order to control transcription. Furthermore, lncRNAs can inhibit or 
facilitate the recruitment of RNA polymerase II (RNAPII), transcription factors (TF), transcriptional 
repressors (TxRs) and/or other co-regulators/ inhibitors to the gene promoter, therefore regulating 
gene transcription. Another way of regulating gene expression is by transcriptional interference. 
These mechanisms are more relevant for lncRNAs expressed in the nucleus, and they may work 
in cis and trans. Moreover, cytoplasmic lncRNAs can form complexes with RNA binding proteins 
(RBP) and govern cytoplasmic events. Therefore, cytoplasmic lncRNAs mainly work in trans. They 
can play a role in regulating mRNA translation, mRNA expression by regulating mRNA stability 
and regulate cellular signaling pathways. Enhancer RNAs (eRNAs) can interact with chromosomal 
looping factors (CLFs) and RBPs to positively influence enhancer–promoter looping and gene 
transcription; eRNAs bind transcription factors (TFs) to help ‘trap’ them at enhancers; and eRNAs 
act as a ‘decoys’ or ‘repellents’ to inhibit transcriptional repressors (TxRs).  Trans  roles could be 
achieved by eRNA translocation to distant sites and target gene(s) outside the transcriptionally 
associated territory. Adapted from 67,68.
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across 24 different human cell types and tissues 75. To date, 16,066 human lncRNAs have 
been annotated by GENCODE, and the coverage and accuracy of the human and mouse 
gene sets continues to improve in the current GENCODE phase. Furthermore, the number 
of identified lncRNAs continues to grow. However, the function and biological significance 
of the majority of lncRNAs remain unknown. Thus, the main focus of future studies should 
be on building a functional understanding of the role of these lncRNAs.

Initially, lncRNAs were thought to be junk or transcriptional noise since they are not 
well conserved across species and their expression levels were relatively low compared 
with mRNAs. It is indeed possible that some of this transcripts are transcriptional noise, 
e.g. being transcribed from bi-directional promoters 76,77. However, increasing evidence 
shows that many lncRNAs are transcribed into functional RNAs and may regulate gene 
expression via diverse biological mechanisms (such as epigenetic regulation, chromatin 
remodeling and gene transcription) and play a role in cellular transport, metabolic 
processes and chromosome dynamics 78. Several studies have shown that lncRNAs play 
important roles in numerous physiological processes by regulating gene expression and 
modulating protein function through a variety of mechanisms 79. Dysregulation of lncRNAs 
has also been shown to contribute to the progression of many diseases, including liver 
disease 80. Individual lncRNAs associated to metabolic disorders and liver diseases have 
been identified in mice and humans. For instance, lncLSTR, a liver-enriched lncRNA, was 
identified to be a putative regulator of plasma triglyceride levels in mice, but no human 
orthologue was found 81. An antisense lncRNA to apolipoprotein A1, APOA1-AS, has been 
shown to negatively regulate the expression of APOA1, a major component of high-
density lipoprotein 82. The lncRNAs Meg3 and MALAT-1 may be involved in hepatocellular 
carcinoma through regulation of gene expression and alternative splicing, respectively 
83,84. Although over 1,000 lncRNAs have been reported to be associated with NAFLD, their 
roles in the disease remain largely unknown 85. Moreover, their potential as non-invasive 
biomarkers also remains largely unexplored, as ncRNAs can form stable secondary 
structures that can be detected in circulating exosomes 80,86.

Enhancer RNAs
Increasing evidence has suggested that many functional enhancers can be transcribed 
and generate non-coding enhancer RNAs (eRNAs) 62,87 (Figure 2). 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 88. Several 
studies have directly confirmed the presence of non-polyadenylated ncRNAs arising from 
enhancer regions 88,89. Compared to non-eRNA-producing enhancers, eRNA enhancers 
are transcribed in response to various stimulation events, have a higher affinity for 
binding to co-activators, have higher chromatin accessibility, have a higher enrichment of 
active histone marks such as H3K27ac, are protected from repressive marks such as DNA 
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methylation and are highly correlated with the formation of enhancer-promoter loops 
90–95. These traits suggest that the production of eRNAs from enhancer regions may be 
a hallmark of active enhancers. Few models which underline the function of enhancer 
transcription have been proposed (Figure 2). Furthermore, tools such as global run-on 
sequencing (GRO-seq) and cap analysis of gene expression (CAGE) have identified up 
to 65,000 eRNAs in the human transcriptome 87,96. 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. Their role in NAFLD and NASH has not been assessed until now, and 
therefore remains unknown.

LncRNA mechanism of action 
LncRNAs may influence many processes in the cell by acting near their site of transcription 
in cis, or leave their site of transcription and act in different parts of the cell in trans. 
LncRNAs can bind to DNA, RNA and proteins to act in diverse ways within the cell. 
Several mechanisms of action have been described and some are illustrated in Figure 2. 
A number of lncRNAs have been shown to regulate chromatin and to mediate epigenetic 
modification by recruiting chromatin-remodeling complex to a specific chromatin locus. 
Other groups of lncRNAs may regulate gene expression on the transcriptional level, 
for example by interacting with transcription factors or other regulators. Because they 
can identify complementary sequences, lncRNAs may exhibit specific interactions with 
RNAs and proteins and regulate post-transcriptional processing of mRNAs like capping, 
splicing, editing, transport, translation, degradation and stability at various control sites 
97. What follows below are some examples of cis- and trans-acting lncRNAs for which the 
mechanism of action has been established.

For cis-acting lncRNAs, studies have indicated several potential mechanisms through 
which a lncRNA locus (via the RNA molecule, the act of transcription and/or splicing or 
DNA regulatory elements) can locally regulate chromatin or gene expression 98. One 
mechanism is when a lncRNA transcript itself regulates the expression of neighboring 
genes by recruiting regulatory factors to the locus and/or modulating their function. A 
well-established example of a cis-acting lncRNA that plays a role in repressing chromatin 
is the X-inactive specific transcript Xist. This lncRNA is involved in X-chromosome 
inactivation (Xi). Xist spreads across the entire Xi and initiates a series of events that 
results in re-localization of the chromosome to the nuclear periphery, deposition of 
repressive chromatin marks and eventual transcriptional silencing of almost the entire 
chromosome 99,100. Multiple strands of evidence have documented that Xist interacts with 
SMART/histone deacetylase 1 (HDAC1)-associated repressor protein (SHARP, also known 
as SPEN), and therefore recruits this repressive protein to the Xi chromosome, resulting 
in X chromosome histone deacetylation 100. Furthermore, lncRNAs can regulate nearby 
genes via indirect cis-mediated mechanisms of action, where the act of transcription from 



20   |   Chapter 1

a lncRNA locus is responsible for local gene regulation but not the lncRNA transcript itself. 
This is the case with the lncRNA Airn (antisense Igfr2 RNA noncoding) in regulation of the 
mammalian-imprinted Igf2r gene. This antisense lncRNA overlaps the Igfr2 gene body and 
promoter and silences the paternal allele. Airn-mediated silencing of Igf2r is caused by 
transcriptional interference, where the act of transcription of Airn reduces the recruitment 
of RNAPII to the Igf2r promoter 101. However, the Airn RNA molecule may be responsible 
for silencing other genes in the Igf2r cluster (Slc22a2 and Slc22a3) 101,102, suggesting that 
one lncRNA may regulate different genes via different mechanisms.

In addition to lncRNAs that act in cis, there are an increasing number of examples of 
lncRNAs that act in trans. These lncRNAs may affect various processes throughout the cell. 
For example, the lncRNA HOTAIR acts as a scaffold to selectively target the PRC2 complex 
to silence the transcription of HOXD locus by adding of H3K27-methylation (H3K27-
me3) marks 103. Furthermore, some lncRNAs regulate transcription by affecting nuclear 
architecture, RNA processing and other steps in gene expression. In this way the lncRNA 
MALAT1 acts as a linker or scaffold to facilitate the positioning of nuclear speckles at active 
gene loci. MALAT1 interacts with splicing factors and regulates alternative splicing of pre-
mRNAs by controlling the functional levels of splicing factors 104. Another lncRNA with a 
similar function is nuclear enriched abundant transcript 1 (NEAT1), which interacts with 
several paraspeckle proteins and associates with actively transcribed gene loci 105. Trans-
acting lncRNAs may also function by modulating the activity or abundance of the proteins 
or RNAs to which they directly bind. These regulatory lncRNAs require stoichiometric 
interaction with their target molecules. One example of this is the lncRNA NORAD (ncRNA 
activated by DNA damage) that functions as a molecular decoy and is a major regulator 
of the RNA-binding proteins PUMILIO1 (PUM1) and PUMILIO2 (PUM2) in human cells 106. It 
has been suggested that NORAD has the capacity to sequester a significant fraction of the 
total cellular pool of PUM1 and PUM2 that is available to interact with target transcripts. 
In this way, lncRNAs can regulate mRNA transcripts that are targets of lncRNA-bound 
RNA-binding proteins. LncRNAs can also regulate the abundance or activity of other 
RNAs to which they bind through base-pairing interactions. Prominent among this class 
are ncRNAs that regulate microRNA activity, a category of transcripts termed competing 
endogenous RNAs. These examples confirm that many ncRNAs are functional and play 
crucial roles in the cell.

Aim and outline of the thesis
The aim of this thesis is to understand the role of non-coding RNA (ncRNA) candidates 
(with the focus on long non-coding RNAs (lncRNAs) and enhancer RNAs (eRNAs)) in non-
alcoholic fatty liver disease (NAFLD) and in its advanced form, non-alcoholic steatohepatitis 
(NASH). For this purpose, we use next generation sequencing technologies (microarray and 
RNA-sequencing) in human liver biopsies to detect potential candidates and functional 
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genomic approaches in human cell lines to further characterize selected candidate genes. 
We then follow-up our findings with in vitro and in vivo functional studies.

Genome-wide association studies (GWAS) are yielding more comprehensive knowledge 
of the mechanisms that underlie disease risk in the general population. So far, GWAS 
have yielded some 755 single nucleotide polymorphisms (SNPs) encompassing 366 
independent loci that may help decipher the molecular basis of cardiometabolic diseases. 
Since many disease SNPs are located in non-coding regions, attention is now focused 
on linking genetic SNP variation to effects on gene expression levels. In chapter 2, we 
provide an overview of the independent loci currently associated with cardiometabolic 
SNPs and discuss how far the genetics of cardiometabolic disease has come and how 
we can move forward using genomic methods to help prioritize candidate genes and 
functional variants.

The involvement of lncRNAs in NAFLD and NASH is largely unexplored. Two studies have 
shown that many lncRNAs are associated with different NAFLD phenotypes in human 
subjects, but their functional involvement and mechanisms of action remain unknown. 
In chapters 3, 4 and 5, we report on using next-generation sequencing analysis to detect 
and characterize lncRNAs associated with NAFLD and NASH phenotypes, then combine 
our results with functional approaches to understand the role of selected candidates. 

In chapter 3, we report the discovery of lnc18q22.2 (LIVAR), a liver-specific lncRNA involved 
in cell viability, that has elevated expression in the liver of NASH patients. The involvement 
of lncRNAs in NASH is first identified by association analyses between lncRNA expression 
levels and detailed histological analysis of NASH phenotypes in human liver samples. 
We then investigate its downstream effect by silencing it in four hepatocyte cell lines. 
The discovery of lnc18q22.2 may provide new insights into the regulation of hepatocyte 
viability in NASH.

The natural development of NAFLD is still poorly understood, with the consequence 
that treatment options are still very limited. Abnormal patterns of gene expression and 
transcriptional regulation seen in human liver biopsies have provided some insight 
into the molecular mechanisms involved in the etiology of liver diseases. To gain more 
insight into the involvement of ncRNAs in NAFLD and NASH, in chapter 4 we report the 
expression levels of 19,894 protein-coding and 11,843 lncRNA genes in the livers of 60 
obese individuals with different degrees of NAFLD. The analysis reveals 854 lncRNAs 
associated to NASH grade and lobular inflammation. One candidate antisense lncRNA, 
HNF4A-AS1, was strongly suppressed in human livers depending on the degree of NASH, 
in livers of mice with diet-induced NAFLD/NASH, and in an in vitro model for NASH. HNF4A-
AS1was strongly down-regulated in HepG2 cells upon TNFα exposure, and knock-down 
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studies revealed that it may regulate the transcription factor HNF4A and its downstream 
pathways.

NAFLD is a complex disease which develops as a result of fat accumulation in the liver 
(simple fatty liver) followed by liver inflammation. In chapter 5, we characterize the role 
of lncRNAs in NASH in relation to fat accumulation and inflammation using a functional 
genomics approach. We generate cellular models to mimic two different stages of NASH 
progression. We stimulate human hepatocytes with free fatty acids to mimic steatosis, then 
follow this with stimulation of tumor necrosis factor alpha (TNFα) to mimic inflammation. 
This data identifies a lncRNA in TNFα/NF-kB signaling pathway, which we call lncTNF, 
that shows 20-fold upregulation upon TNFα stimulation and is positively correlated with 
lobular inflammation in human livers.

Many functional enhancers can be transcribed to generate non-coding eRNAs that 
are highly tissue- and context-specific. In chapter 6, we report the expression level of 
65,683 intergenic enhancers in liver biopsies from 60 individuals. We further assess their 
association with NAFLD and NASH and investigate whether these enhancers could control 
the genes in their vicinity. We also examine whether the genetic variants associated to 
liver and cardiometabolic traits co-localize, or are in close proximity with, these enhancers 
and if these variants affect the abundance of predicted eRNAs. These findings confirm the 
importance of transcriptional enhancers in liver physiology and provide new insights into 
gene regulatory patterns in the liver.

Finally, in chapter 7, we summarize and discuss the most relevant findings of the previous 
chapters and provide suggestions and directions for further research in the field.
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t Cardiometabolic diseases represent a common complex disorder with 
a strong genetic component. Currently, genome-wide association 
studies have yielded some 755 single nucleotide polymorphisms (SNPs) 
encompassing 366 independent loci that may help decipher the molecular 
basis of cardiometabolic diseases. Going from a disease SNP to the 
underlying disease mechanisms is a huge challenge as the associated SNPs 
rarely disrupt protein function. Since many disease SNPs are located in non-
coding regions, attention is now focused on linking genetic SNP variation 
to effects on gene expression levels. By integrating genetic information 
with large-scale gene expression data and data from epigenetic roadmaps 
revealing gene regulatory regions, we expect to be able to identify candidate 
disease genes and the regulatory potential of disease SNPs.
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Genetics of complex disease
Cardiometabolic diseases have become one of the most common conditions of this 
century, affecting more than one billion people worldwide. In particular, a Western 
lifestyle, characterized by obesity, leads to an increased susceptibility to diabetes and 
cardiovascular diseases (CVD), so a better insight into the molecular and genetic etiology 
of these diseases is urgently needed. Until recently, gene discovery mainly relied on the 
identification of non-synonymous mutations showing Mendelian segregation patterns 1–3. 
Well-known examples include the LDLR, ABCA1 and PCSK9 gene loci, but many other genes 
have been found 4,5. These discoveries depend on mutations in candidate genes showing 
severe phenotypic effects segregating in families. However, such mutations remain 
relatively rare, and cannot explain the differences in the susceptibility to cardiometabolic 
diseases seen in the general population. Genome-wide association studies (GWAS, see 
Glossary) are yielding more comprehensive knowledge of the mechanisms underlying 
cardiometabolic risk in the general population. GWAS are unbiased and do not make use 
of a priori knowledge of established pathways and mechanisms. Although it is likely that 
GWAS will identify the established CVD genes (thereby validating this approach), such 
studies are equally capable of finding many loci that not yet been linked to CVD. This 
review will show how far the genetics of cardiometabolic disease has come, and how 
we can move forward using genomic methods to help prioritize candidate genes and 
functional variants.

BOX 1. The Genetic Basis of the GWAS Approach
Genome-wide association studies (GWAS) are based on the concept that genetic variation 
shows considerable linkage disequilibrium (LD) (Figure I). This implies that a given SNP is 
tightly correlated to a large number of other SNPs. Such an LD region usually encompasses 
a small genomic region harboring anything from 0 to 10 or more genes, as well as many 
functional and regulatory units such as enhancers 67. GWAS is based on testing a single 
SNP from regions of LD (so-called tag SNPs) to mark the regions in the genome showing 
disease association. However, such associations cannot distinguish ‘causal’ SNPs from the 
‘bystander’ SNPs to which they are closely correlated. The HapMap consortium 7 paved the 
way for large-scale GWAS by mapping the LD landscape and developing a genome-wide 
set of tag SNPs. This has greatly simplified the detection of associations with common 
diseases, as only a subset of the millions of SNPs in the human genome need to be tested. 
Typically, a GWAS analysis involves some 500K–1000K SNPs, thereby interrogating more 
than 80% of all the common variants known in the human genome 67. Both common and 
low-frequency SNPs that are not genotyped directly can be inferred by the process of 
imputation, which requires adequate reference genomes, such as those obtained through 
the 1000 Genomes Project and the Genome of the Netherlands 68–70. It is, however, still 
difficult to identify the disease-predisposing genes and underlying molecular mechanisms, 
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because GWAS identify a series of SNPs associated with the disease, while LD makes it 
difficult to pinpoint the functional candidate genetic variant.

Linkage disequilibrium block 

Gene-1 Gene-2 Gene-3 Gene-4 

Not linked to the 
other LD block 

SNPs A/G A/G T/C A/G A/G T/C G/C A/T A/G T/C 

Haplotypes 

A T A G C G T G C 

A T A A T G A A T 

G C G G C C T A T 

A T A G C G T G C 

A T A G C G T A T 

Tag SNP Tag SNP Tag SNP 

BOX 1 Figure. Concept of linkage disequilibrium and tag SNPs

Combinations of SNPs within linkage disequilibrium (LD) blocks that are found in a chromosome 
and transmitted together define haplotypes. In this figure, a LD block consisting of nine SNPs is part 
of five frequent haplotypes. Genotyping of three tag SNPs reveals all the haplotypes. Thus, the use 
of tag SNPs enables efficient GWAS analysis.

Breakthroughs that led to the golden age of GWAS
Before the development of GWAS in 2007, associations between single candidate genes 
and diseases were difficult to identify and often plagued with the winner’s curse. Many 
initial associations could not be repeated in later studies and showed gradually evaporating 
effect sizes during replication studies 6. With the completion of the human genome 
sequence, two further breakthroughs laid the basis for the success of the GWAS approach 
(Box 1). One was the completion of the HapMap project 7, which yielded the information 
to define the tag SNPs (Box 1) that formed the basis of the technological breakthrough 
leading to the development of SNP array platforms (e.g. Affymetrix, Illumina). With this 
technology in place, a large-scale application became available to test the hypothesis that 
common variants explain the phenotypic variation seen in complex traits, such as CVD 8. 
The Wellcome Trust Case Control Consortium (WTCCC) was established to launch such an 
effort and they analyzed seven common traits using information from 17,000 subjects 9. 
Their results represented the second major breakthrough. Compared to today’s standards, 
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the yield was modest, since only 24 SNPs were detected across all diseases (p < 5x10-7). But 
their study marked a turning point as it demonstrated that robust associations between 
genetic loci and traits could be found, that the “common variant hypothesis” was true, and 
that the approach was worth scaling up. Despite the relatively low effect sizes, most of the 
loci were indeed replicated in later studies, and in some cases the WTCCC study was able 
to replicate previous findings.

Some scientists may be disappointed with the small effect sizes observed: even when 
multiple associated SNPs were combined and more of the phenotype was explained 3,10, 
the variants did not provide sufficient statistical power to better predict the occurrence 
of disease. While the use of these loci for predictive testing is still not feasible, the genetic 
findings have already led to novel insights into disease etiology. For example, TCF7L2, a 
gene with relatively large effect sizes associated with type 2 diabetes (T2D), was initially 
predicted to play a role in beta cells in humans, but subsequent knock-out experiments 
in mice showed that it is involved in controlling metabolic genes in the liver 11. Whereas 
TCF7L2 was remarkable in showing a relative strong effect size, most GWAS loci have 
(much) weaker effects. Therefore, a good inventory and subsequent prioritization of the 
loci for functional analysis is urgently needed.

Identification of cardiometabolic disease SNPs
Here, we provide an overview of the independent loci currently associated with obesity 
(based on body mass index (BMI), waist-to-hip ratio (WHR), obesity (case/control)), 
plasma lipids (low density lipoprotein (LDL), high density lipoprotein (HDL), very low 
density lipoprotein (VLDL), intermediate density lipoprotein (IDL), triglycerides (TG), total 
cholesterol (TC)), diabetes-related traits (type 2 diabetes (T2D), glucose (GLU), insulin 
(INS), homeostatic model assessment IR (HOMA-IR), homeostatic model assessment 
beta (HOMA-B)), and CVD (coronary artery disease (CAD), coronary heart disease (CHD), 
myocardial infarction (MI), ischemic stroke (IS), carotid intima-media thickness (CIMT), 
atherosclerotic plaques). These phenotypes are interrelated, thus we should expect 
individual disease SNPs to be associated with more than one phenotype. SNPs are 
considered to be associated when p < 5x10-8, which is the threshold for genome-wide 
significance. This p-value is very strict, but we should keep in mind that the number of 
phenotypes and SNPs being investigated is large, requiring robust thresholds to avoid 
chance findings. Furthermore, reports of genetic associations are generally not accepted 
for publication in high-ranking journals until they can show appropriate validation in 
independent replication studies.

Recent studies for obesity 12,13, plasma lipids 14, diabetes 15 and CVD 16 typically studied 
patient cohorts of some 100,000 individuals or more. Moreover, the number of SNPs tested 
was between 300,000 and one million per individual (and > 2.5 million after imputation). 
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Some of these studies made use of the Metabochip 17, a custom genotyping array of 
approximately 200,000 SNPs which allows for fine mapping and analysis of the GWAS loci 
associated with metabolic and CVD traits. The Metabochip harbors a set of common SNPs 
marking the haplotypes, as well as a very large set of rare variants. Such an array will help 
identify causal variants, or narrow down the number of potential causal variants, from a 
pool of loci associated with the trait of interest.

The gene map for cardiometabolic disease
For this review we gathered cardiometabolic disease SNPs from the Catalog of Published 
Genome-Wide Association studiesi, and supplemented these with the results from some 
recent studies that were not yet included in the catalog. Our information compiled 
data from 125 manuscripts and we obtained 755 unique SNPs encompassing 366 
independent loci (see Figure 1, Supplementary Table 1 and Supplementary Table 2 for 
details). When plotting the 366 loci to the 22 autosomes and the X-chromosome (Figure 
2; for an extended map for all chromosomes  see Supplementary Figure 1), we observed 
a considerable overlap between the loci associated with obesity, plasma lipids, diabetes-
related traits and CVD (Supplementary Figure 1). Some 60 loci harbor SNPs that are linked 
to two or more of the major phenotypes (Figure 3A). Another 38 loci are associated with 
CVD, but without showing association to these risk factors. If we can exclude that these 
38 loci are associated with other established risk factors, such as inflammation or blood 
pressure, then the 38 loci may represent important opportunities to identify entirely novel 
risk factors. Conversely, many loci are associated with obesity, diabetes and/or lipid risk 
factors for CVD, but are not associated directly with CVD. In these cases, the associations 
may not be sufficiently strong. This phenomenon has been observed for diabetes-related 
trait SNPs, showing only moderate effects on CVD risk that often remain unnoticed 18. It 
may also be necessary to develop other computational methods that take the genetic 
complexity of CVD into account.

DEPICT pathway analysis (see ‘Network-based gene prioritization’ section for details) has 
identified 27 genes (loci) as shared between two or more traits. Some of the well-known 
pleiotropic genes detected by DEPICT include both coding and non-coding genes, for 
example, PCSK9 and APOB (lipids and CHD), ANRIL (T2D and CHD), RPGRIP1 (obesity, lipids 
and T2D) (Supplementary Figure 1). Thus, SNPs can indeed exert pleiotropic effects. Li et 
al. used a systematic approach to detect 15 pleiotropic associations between lipids and 
glucose traits 19. Furthermore, loci containing 56 genes and associated with CAD, BMI, 
blood pressure, lipids and T2D were found to be pleiotropic 20. Loci showing pleiotropic 
effects are challenging to interpret, as the question arises whether it is a true pleiotropic 
effect, caused by the same gene through a single mechanism, or whether there are 
actually independent genes acting on different phenotypes but located in the same loci. 
One of the most complex loci associated with T2D and CAD is located on chromosome 
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9p21.3 (reviewed by 21), as it contains a long non-coding RNA ANRIL (antisense non- 
coding RNA in the inhibitor of CDK4 (INK4) locus). It lies next to the protein-coding tumor 
suppressor genes CDKN2A and CDKN2B, which have been functionally implicated in CVD 
and metabolic disease. Novel chromatin conformation capture (3C) technologies 22 that 
detect short- and long-range interactions in the vicinity of the associated locus will help 
to further untangle such a region, and may detect even more distant disease-candidate 
genes that might help explain the association.

Selection of GWAS studies reported in 
GWAS catalog  by July 2015 for metabolic 

diseases/traits: BMI, WHR, Obesity 
(case/control), HDL, LDL, VLDL, IDL, TC, 
TG, GLU, INS, HOMA-IR,  HOMA-B, T2D, 

CAD/CHD, MI, IS, CIMT, plaque 

Missing 
studies in the 
catalog [12, 
13, 15, 17] 

2,040 SNPs  
selected from 

125 papers  

Filtering SNPs on: 
Population (Caucasians only) 

GWAS significant threshold (p < 5x10-8) 
→ 940 remaining SNPs 

Grouping SNPs into 4 major phenotypes: 
285 SNPs for obesity (BMI, WHR, Obesity case/control),  
287 SNPs for lipids (LDL, HDL, VLDL, IDL, TC, TG),  
122 SNPs for T2D (GLU, INS, HOMA-IR,  HOMA-B, T2D) and  
86 SNPs for CHD (CAD/CHD, MI, IS, CIMT, plaque) 

Merging all SNPs → list of 755 
unique SNPs and 366 loci 

Running DEPICT 
per trait 

Merging DEPICT genes and  
blood eQTL data in list of 755 SNPs 

Figure 1. Workflow and selection of SNPs to annotate the gene map for cardiometabolic 
disease.

Initially, some 2,040 SNPs were selected from 20 phenotypes. By limiting the search to SNPs from 
Caucasian cohorts with a GWAS threshold of p < 5x10-8 for association, and by excluding redundant 
SNPs (i.e. SNPs associated with the same trait from different studies), we obtained 940 SNPs 
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(Supplementary Table 1). Of these, 160 SNPs showed association with more than one trait. Overall, 
285 SNPs were associated with obesity, 122 with diabetes-related traits, 287 with lipid levels, and 
86 with CVD. Finally we had 755 unique SNPs. All SNPs were grouped in 500 kb loci based on their 
position, to define 366 independent loci. DEPICT analyses were run per trait and the results merged 
with blood eQTL data to yield the list of 755 unique SNPs (Supplementary Table 2).

GWAS, genome wide association studies; SNP, single nucleotide polymorphism; BMI, 
body mass index; WHR, weight hip ratio; LDL, low density lipoprotein; HDL, high density 
lipoprotein; VLDL, very low density lipoprotein; IDL, intermediate density lipoprotein; 
TC, total cholesterol; TG, triglycerides; GLU, glucose; INS, insulin; HOMA-IR, homeostatic 
model assessment (insulin resistance); HOMA-B, homeostatic model assessment (beta cell 
function); T2D, type 2 diabetes; CAD, coronary artery disease; CHD, coronary heart disease; 
MI, myocardial infarction; IS, ischemic stroke; CIMT, carotid intima media thickness.

Identification of disease-predisposing genes from GWAS loci
One strategy to identify the disease-predisposing genes at risk loci is to carry out large-
scale DNA sequence analysis. The idea behind is that loci harboring common variation 
associated with diseases could unmask the disease-predisposing genes, as these would 
harbor more rare variants with relatively strong effects. A good example is the ABCA1 gene 
for Tangier disease, for which mutations have been found in affected families. This  is a 
recessive trait characterized by extremely low HDL levels 23. However, rare nonsynonymous 
variants in ABCA1 have also been identified for total cholesterol serum levels 24. Similarly, 
other genes in the lipoprotein metabolism pathway show both severe and mild mutations 
1, and the latter could only be identified by GWAS. Unfortunately, large-scale sequencing 
of the GWAS loci for cardiometabolic disease did not lead to identification of large 
numbers of novel genes, nor to mutations with strong effect sizes in the established 
disease-predisposing genes. This is also true for other diseases 25. Strikingly, whole 
genome sequencing in 9,793 early-onset MI cases did identify rare mutations, but only 
in LDLR and APOAV  26. Another study that embarked on whole genome sequencing in 
families expected to have monogenic inheritance failed to identify mutations in 32 out of 
41 pedigrees because the large number of rare variants that were identified precluded a 
good interpretation of the data 27. The main issue here probably had a statistical nature. 
The detection of rare variants is often limited by the sample sizes, which often lack 
sufficient statistical power to implicate the variants on the basis of association evidence. 
DNA variants that are very rare (e.g. seen in a single person) need to be aggregated with 
other rare variants from the same gene in order to be tested for an association with a 
phenotype. Furthermore, distinguishing functional from neutral missense mutations will 
help improve the statistical power issues.

In addition, the functional annotation of GWAS SNPs using methods to detect DNAse 
hypersensitivity sites in the genome can provide information on the regulatory potential 
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of variants and has revealed that more than 93% of disease SNPs overlap with gene 
regulatory regions 28. These observations suggest it is well worth exploring whether 
disease SNPs act by affecting gene expression rather than by disrupting protein function.

A locus linked to all 
four phenotypes 

A locus linked to 
three phenotypes 

Figure 2. Loci associated with cardiometabolic disease at chromosome 6.

The physical locations of independent loci associated to cardiometabolic traits are represented by 
circles, with each major phenotype given in a different color . This figure shows a locus on the HLA 
region to be associated with all four major phenotypes. The region encompasses many immune 
genes such as HLA-C, HLA-B, MICA, MICB. Cis-eQTL mapping identified MICB as a candidate casual 
gene in this region (Supplementary Table 2) and trans-eQTL mapping identified TMEM154 as a trans-
affected gene. An extended figure with similar annotation of loci on all chromosomes is shown in 
Supplementary Figure 1. Only loci with p values of < 5.0×10−8 are plotted. Genes predicted by eQTL 
(italic) or DEPICT (bold), or both (italic and bold) are shown as potential candidate genes in the 
associated loci; the color of the genes corresponds to the phenotype color. However, the names of 
the genes shown do not necessarily represent the disease-predisposing genes.

Expression quantitative trait loci mapping for prioritizing candidate 
disease genes
Disease SNPs are often associated with altered gene expression levels (expression 
quantitative trait loci (eQTLs), i.e. these are loci that contribute to variation in the 
expression levels of mRNAs. Such eQTLs can be detected by testing the association 
between a risk allele and the mRNA level of transcripts on a population scale. eQTLs 
are either in cis (cis-eQTL), where the disease SNP is located near the affected gene (e.g. 
within 1 Mb), or in trans (trans-eQTL), where the SNP is located far away from the affected 
gene (e.g. more than 5 Mb, or even on a completely different chromosome than the SNP). 
Previous eQTL studies have shown that around 50% of the disease-associated SNPs affect 
levels of expression of nearby genes in blood 12,29,30. Identification of eQTLs for CVD SNPs 
has already been pivotal to the discovery of Sortilin1 31, a protein involved in cholesterol 
homeostasis. Of the 755 cardiometabolic SNPs, 40% affect expression levels of genes 
located within a 250 kb region of the SNPs  based on the blood eQTL browser 32, and 
thereby yielded a list of potential disease-predisposing genes (see Supplementary Table 
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2). This number may even be an underestimation as eQTLs are frequently tissue-specific in 
their effect 33. Besides, levels of gene expression may also depend on context and might 
only be detected after induction or at a specific developmental stage 34–36. Most eQTLs 
have been defined in easily obtainable blood leukocytes, but there is a need for more 
exhaustive analyses in a wide variety of tissues. This is currently being addressed by the 
Genotype-Tissue Expression (GTEx) project 37.

The power of eQTL mapping is that it can also detect disease-predisposing genes located 
outside regions of linkage disequilibrium. For example, eQTL mapping of the FTO locus 
(associated with obesity) identified IRX3 as a disease-predisposing gene 38. A considerable 
amount of data had been collected to prove the role of FTO in obesity – given that the risk 
SNP was mapped in the FTO gene itself – but eQTL mapping in brain tissue showed the 
profound effects of the risk SNP on the level of expression of IRX3, which is a gene located 
1 Mb away. This suggests a long-range interaction between the risk SNP and IRX3 38. After 
deleting IRX3 in a rodent model, the body weight of Irx3-deficient mice dropped by 25-
30%, providing functional evidence for IRX3 as the obesity-predisposing gene in the FTO 
locus 38.

In addition to mapping cis-eQTLs, identifying trans-eQTLs will help reveal downstream 
pathways affected by the disease-associated SNPs. In a locus on 11q12.2, associated with 
metabolic syndrome 39, levels of human metabolites 40, T2D 41, cardiac conduction and 
rhythm disorder 42, TMEM258, FADS1 and FADS2 were identified as disease-predisposing 
genes in cis, but were also significantly associated with the expression of LDLR in trans 32,43. 
LDLR encodes the LDL receptor and contains common variants that are also associated 
with lipid levels 10, highlighting the well-established role of lipid metabolism pathways 
in cardiometabolic diseases. After systematically extracting trans-eQTLs for all 755 
cardiometabolic disease-SNPs using the blood eQTL browser 32, nearly 15% of the SNPs 
were found to affect gene expression in trans (Supplementary Table 2). Interestingly, a 
locus on chromosome 12q24.12, associated with lipid traits and CHD, affects the expression 
levels of SH2B3 and ALDH2 in cis, while the expression level of STAT1 is affected in trans 
(Supplementary Table 2). In addition, the locus on chromosome 16p11.2, associated with 
obesity-related traits, also affects STAT1 expression in trans (Supplementary Table 2). STAT1 
encodes the ‘Signal transducer and activator of transcription 1’ protein, which is a regulator 
of type 1 interferon signaling. These SNPs are associated with three different phenotypes 
and the convergence of their regulatory effects on the innate immune signaling strongly 
suggests they play a critical role in the inflammatory component in cardiometabolic 
diseases. Therefore, identifying such trans-eQTLs can provide new biological insights into 
common pathways involved in the pathogenesis of cardiometabolic diseases. 
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One of the limitations of early eQTL studies is that they were based on microarrays and thus 
only contained protein-coding genes, while completely ignoring 65% of the annotated 
human genome transcribed into non-coding RNAs (ncRNAs) 44. It has become clear that 
ncRNAs (both microRNA and long non-coding RNAs) are involved in many biological 
processes, mainly as regulators of gene expression. It has been shown that some of the 
cardiometabolic disease-associated SNPs physically overlap with long non-coding RNAs 
45,46 and that other disease-associated SNPs, including CHD and T2D SNPs, can also affect 
the expression of long non-coding RNAs 47. The large reduction in sequencing costs 
means RNA-seq is now quickly replacing microarrays as a way to assess genome-wide 
transcription abundance. Sequence data offer a number of advantages over microarray 
data: first, RNA-seq provides quantification of the global transcriptome at a high resolution. 
Second, it also captures efficiently all the transcripts, including the less abundant long 
non-coding RNAs. Third, RNA-sequencing allows for allele-specific and transcript-isoform-
specific expression analyses, which can then be correlated to genetic variants 48 to identify 
disease SNPs that affect allele-specific 49 or transcript-isoform-specific expressions 50. The 
number of publicly available RNA-seq samples is now increasing exponentially, which 
means that future eQTL studies should be able to employ this rich resource to study the 
effects of disease SNPs in the tissues relevant to a particular disease and to aid translation 
of disease associations to function.

Importantly, genetic data can be linked to human metabolite profiles, leading to the 
discovery of metabolic quantitative trait loci (mQTLs); the most comprehensive study to 
date reported 145 mQTLs 40. Of these, 14 loci overlap with the genetic map we present 
here (ABO, ANGPTL3, APOA5, CETP, FUT2, GCKR, LACTB, LIPC, LIPG, NAT2, PDXDC1, SH2B3, 
SPTLC3 and FAD genes), providing new information on potential mechanisms. Integrating 
the eQTLs and mQTLs is expected to greatly facilitate further gene discovery.

Network-based approaches to prioritizing disease genes in GWAS loci
Current eQTL studies are mainly using expression data from hematological samples, 
whereas tissues more relevant to cardiometabolic disorders, such as arterial smooth 
muscle cells, vascular smooth muscle cells (SMCs), or foam cells, have not yet been queried 
to identify eQTLs. Indeed, studies have shown that SMCs transdifferentiate to foam cells, 
suggesting that they are more likely to be the critical cell type in human atherosclerotic 
lesions than macrophages 51. Notably, key metabolic tissues, such as liver, muscle, adipose 
tissue, beta-cells, as well as brain, also need to be included in eQTL analyses. It should 
be evident that current eQTL studies are as yet unable to prioritize disease-predisposing 
genes that are affected only in certain cell types, or only in a certain (tissue) context. Given 
that no significant eQTL effect in blood 52 can be found for nearly 60% of cardiometabolic 
disease-associated SNPs, we need more annotation strategies. Such tools are being 
developed based on the potential functional relevance of the genes located in GWAS-
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associated loci 53. The general approach for such gene prioritization methods has been to 
systematically search for commonalities in functional annotations between genes from 
different associated loci, derived either from text mining 54 or based on protein-protein 
interaction evidence 55. These methods have helped prioritize new disease-predisposing 
genes and pathways, especially for immune-mediated diseases 56,57. However, at present, 
these methods still suffer from the incomplete annotation of genes and pathways, and the 
results are skewed towards well-studied genes. The co-expression based method “DEPICT” 
58 (see section on “Gene map for cardiometabolic disease”), which uses the large amount 
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Figure 3. Shared loci reveal central role of lipid metabolism in cardiometabolic diseases.

(A) Loci that overlap with at least two major phenotypes are shown as a heatmap (connected to 
Supplementary Table 2). The y-axis shows the chromosomal locations of the shared loci and the 
x-axis is labeled with the phenotypes. Colored boxes are the shared loci (red for obesity, blue for 
lipid traits, yellow for T2D-related traits, and green for CVD). (B) A circos plot shows the affected 
pathways that are common to at least three different phenotypes. The REACTOME pathways were 
extracted from DEPICT pathway enrichment analysis. Only pathways that were common to three or 
more phenotypes are shown. Lipid metabolic pathways are in blue to show that those make up the 
majority of the pathways commonly affected in cardiometabolic disease. (C) A model to describe 
the central role of lipid traits and the relationship between different phenotypes. The bold arrows 
indicate strong connections and the dotted arrow indicates a weaker connection.  
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of publicly available gene expression data and predicts functional connections between 
genes, can help prioritize disease-predisposing genes in an unbiased manner. Applying 
DEPICT to our data helped prioritize genes for 617 out of 755 cardiometabolic SNPs (354 
with a significant nominal p value) (Supplementary Table 2), including the 300 SNPs that 
failed in the eQTL analysis. Identifying the correct disease-predisposing gene in every 
locus is important, since these genes will serve as core gene sets to reveal inter-connected 
biological networks. For example, by performing pathway enrichment analysis using 
genes prioritized by DEPICT for each of the four phenotypic groups (specified in Figure 
1), we saw a significant enrichment for genes belonging to lipid metabolic pathways that 
were common to at least three different phenotypes (Figure 3B). Thus, one could think of 
a model where there is a strong connection between lipid traits with obesity, diabetes-
related traits, and CVD, although the genetic connection between diabetes-related traits 
and CVD is much weaker (Figure 3C). It was not surprising to find lipid metabolism as a key 
pathway that connects these four major phenotypes, since lipid trait-associated loci are 
the most commonly shared regions between cardiometabolic phenotypes, whereas there 
is less overlap between loci associated with diabetes-related traits and CVD (Figure 3A).

Identifying such patterns helps to pinpoint critical mediators influenced by disease-
associated variation. With the assumption that SNP effects on gene expression mediate 
phenotype variation, it was interesting that a recent study by the Framingham Heart 
Study integrated eQTLs from more than 5,000 individuals with extensive phenotype 
data, including blood lipid levels, glucose levels, metabolites and BMI. This enabled 
the investigators to identify critical functional networks involved in CVD 59. Their study 
provided important insights, but took genes prioritized by eQTLs from only 40% of the 
loci. It would probably be more informative if we can apply computation-based gene 
prioritization as a complementary method to eQTLs, to pinpoint potentially disease-
predisposing genes in most of the disease loci, and then to perform systems genetics 
analysis to integrate the multi-dimensional datasets.

Concluding remarks and future perspectives
Genetic studies have gained an enormous momentum, of which we have only seen the 
beginning so far. Combining epidemiological findings with genetic data led to the design 
of Mendelian randomization studies (see Glossary), which were instrumental in changing 
the concept that raised HDL levels protect against CVD 60. Missing heritability still remains 
an issue, and there are other questions (see Outstanding Questions box). However, the 
delineation of shared phenotypes  enabled by GWAS is of great interest, such as the recent 
insight into the relation between height and CAD 61. Other remarkable findings using 
large-scale sequencing include the identification of inactivating mutations in the NPC1L1 
gene that  protect against CHD because they help reduce plasma LDL levels 62. In general, 
whole exome- and whole genome sequencing are useful for identifying mutations in 
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genes that have already been implicated in CVD. However, we need to perform gene 
expression analyses to understand the mechanisms behind the associations identified in 
GWAS studies, as more than 90% of SNPs are expected to have a regulatory role. In this 
respect, it is important to study a wide range of cell types, as now being facilitated by GTEx 
37. Notably, for the FTO locus, the major breakthroughs came when it was discovered that 
a brain-eQTL for IRX3 causes obesity 38, and with the more recent finding that both IRX3 
and the nearby IRX5 regulate adipocyte thermogenesis to control obesity 63. In addition, 
gene annotation tools such as DEPICT can be instrumental in further narrowing down the 
number of candidate genes, as shown by Ghosh et al. 64. Lastly, once potential disease-
causing candidate genes have been defined, robust evidence for their role in CVD is 
needed. This can be achieved using rodent models that can be efficiently manipulated 
with CRISPR/CAS9 technology to obtain cell type-specific knock-outs as well as specific 
gene mutations 65. CRISPR/CAS9 also allows studies in human cells and in the extremely 
promising organs-on-chips 66. Such studies, coupled to analysis methods aimed at 
understanding the regulome, will provide exciting insights into the regulatory circuits 
perturbed by genetic disease variation and may well lead on to new therapeutic options 
for CVD.

Glossary
Chromatin conformation capture (3C): a technique used to study three-dimensional 
structures of chromatin that occur in living cells due to DNA-DNA interaction between 
different chromosomal regions. It involves formaldehyde cross linking of cells followed 
by chromatin isolation and digestion with a restriction enzyme. The fragments are then 
ligated into rings and the crosslinks are reversed. The abundance of these recombinant 
fragments indicates the interaction frequency and specificity of the two ligated regions.

Epigenetics: The study of heritable changes in phenotype caused by external factors, 
other than DNA sequence variation. Research in the field of epigenetics is now uncovering 
changes in many human diseases, including metabolic diseases. DNA methylation, 
histone modification and ncRNA-mediated gene regulation are currently being described 
as epigenetic regulators.

Expression quantitative trait loci (eQTL): a genetic variant (e.g. SNP) associated with 
the expression levels of genes. eQTLs that are linked to the expression levels of nearby 
genes are referred to as cis-eQTLs and those that are linked to genes that lie further away 
are called trans-eQTLs.

Genome-wide association study (GWAS): is an assessment of thousands of common 
genetic variants (SNPs) in different individuals to test if any genetic variant is associated 
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with a particular phenotype. GWAS mainly uses SNPs as genetic markers to test associations 
between SNPs and phenotypes, such as seen in human complex diseases.

Mendelian randomization: is a genetic study design that takes advantage of the 
randomization of genetic information to examine the causal relationship between a 
modifiable exposure and an outcome.

Metabochip: is a custom-made genotyping array designed to test some 200,000 SNPs of 
interest in order to finely map metabolic traits and CVD-associated loci.

Metabolic quantitative trait loci (mQTL): a genetic variant (e.g. SNP) associated with the 
levels of metabolites.

Non-coding RNAs (ncRNAs): RNA transcripts that does not encode a protein, but have 
function control on various levels of gene expression in physiology and development, 
including chromatin architecture/epigenetic memory, transcription, RNA splicing, editing, 
translation and turnover.

REGULOME: refers to a whole set of regulatory components in a cell. Those components 
can be regulatory elements, genes, mRNAs, proteins, and metabolites. The description 
includes the interplay of regulatory effects between these components, and their 
dependence on variables such as subcellular localization, tissue, developmental stage, 
and pathological state.

RNA-sequencing (RNA-seq): is a high-throughput next generation sequencing 
technology that has revolutionized how we map and quantify the global transcriptome. 
In general, total RNA or fractionated RNA is used to make a cDNA library with adaptors 
attached to ends. The molecules are then sequenced from one end (single-end 
sequencing) or both ends (pair-end sequencing) in a high-throughput manner to obtain 
short sequence reads.

Single nucleotide polymorphism (SNP): is a single nucleotide change in a DNA sequence 
of the human genome in a given genomic position that  is common within a population. 
SNPs with a frequency of more than 1% in a population are typically used for GWAS.

Systems genetics: is a new area that investigates cell function and disease from a 
systems-level perspective. Using recently developed technologies, this approach can 
comprehensively dissect the genetic architecture of complex traits and quantify how genes 
interact to shape phenotypes by using natural variation or experimental perturbations as 
a basis for understanding the links between genotypes and phenotypes.
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Trends
1. The majority of SNPs associated with cardiometabolic diseases affect gene expression 

levels.
2. There is considerable overlap between the genetic loci associated with the different 

cardiometabolic phenotypes, with the genes that control lipoprotein metabolism 
playing a central role.

3. Network-based gene prioritization together with eQTL mapping is an effective 
approach to identify candidate disease-predisposing genes.

4. Systems genetic approaches that integrate multi-layer data are powerful post-GWAS 
strategies.

Outstanding Questions
1. How can we make use of genetic knowledge to promote personalized healthcare? 

In particular, generating both genotype information and blood-transcriptomics can 
provide an unprecedented dataset for each individual.

2. What novel algorithms do we need to develop to enable a more thorough analysis 
of the effect of complex genotypes? In particular, current analysis strategies do not 
take into account how combinations of genetic variation can either lead to reduced 
effects (and a milder phenotype) or synergistic effects (a more severe phenotype). 
This phenomenon is also called “epistatic interaction”.

3. Why has most of the genetic burden still not been identified? Will exploring 
the epigenetic modifications in the context of cardiometabolic diseases, and 
understanding the epistatic interactions help explain the missing heritability?

4. What proportion of the genetic variation influence long non-coding RNAs (ncRNAs)? 
Although this layer of information has only recently been recognized, it has already 
led to many new insights and we would like to know how far the ncRNAs contribute 
to the coordinated regulation of cardiometabolic genes.

Resources
ihttps://www.genome.gov/26525384, consulted on 12 May 2015
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Supplementary Figure 1. Loci associated with cardiometabolic disease in all chromosomes.

An extended figure with a similar annotation of loci as shown in Figure 2.

Supplementary tables associated with this article can be found online at 
doi:10.1016/j.tem.2015.10.004.
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t Hepatocyte apoptosis in non-alcoholic steatohepatitis (NASH) can lead to 
fibrosis and cirrhosis, which permanently damage the liver. Understanding 
the regulation of hepatocyte apoptosis is therefore important to identify 
therapeutic targets that may prevent the progression of NASH to fibrosis. 
Recently, increasing evidence has shown that lncRNAs are involved in 
various biological processes and that their dysregulation underlies a number 
of complex human diseases. By performing gene expression profiling of 
4,383 lncRNAs in 82 liver samples from individuals with NASH (n=48), simple 
steatosis but no NASH (n=11) and healthy controls (n=23), we discovered 
a liver-specific lncRNA (RP11-484N16.1) on chromosome 18 that showed 
significantly elevated expression in the liver tissue of NASH patients. This 
lncRNA, which we named lnc18q22.2 based on its chromosomal location, 
correlated with NASH grade (r=0.51, P=8.11x10-7), lobular inflammation 
(r=0.49, P=2.35x10-6) and non-alcoholic fatty liver disease activity score 
(r=0.48, P=4.69x10-6). The association of lnc18q22.2 to liver steatosis and 
steatohepatitis was replicated in 44 independent liver biopsies (r=0.47, 
P=0.0013). We provided a genetic structure of lnc18q22.2 showing an 
extended exon 2 in liver. Knockdown of lnc18q22.2 in four different 
hepatocyte cell lines resulted in severe phenotypes ranging from reduced 
cell growth to lethality. This observation was consistent with pathway 
analyses of genes co-expressed with lnc18q22.2 in human liver or affected 
by lnc18q22.2 knockdown. Conclusion: we identified a lncRNA that can play 
an important regulatory role in liver function and provide new insights into 
the regulation of hepatocyte viability in NASH.

Keywords: lncRNA, non-alcoholic fatty liver disease, transcriptomics, cell 
death 
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Introduction
Non-alcoholic fatty liver disease (NAFLD) is a spectrum of conditions ranging from 
hepatocellular steatosis through steatohepatitis to fibrosis and irreversible cirrhosis. It is 
currently the most prevalent chronic liver disease and highly associated with metabolic 
syndrome and obesity.(1) Non-alcoholic steatohepatitis (NASH) is the progressive form of 
NAFLD. The major features of NASH include not only a fatty liver and inflammation but 
also hepatocyte apoptosis.(2) NASH can be severe and can lead to fibrosis and cirrhosis, 
which permanently damage and scar the liver, disrupting hepatic function.(3) Preventing 
NASH from progressing to fibrosis and cirrhosis is therefore crucial. However, treatment 
options remain limited and are restricted to lifestyle improvement and body weight 
control.(4) Understanding the regulation of hepatocyte apoptosis will contribute to the 
identification of molecular targets that prevent NASH progression.

Transcriptome analysis has been used to identify molecular mechanisms involved in 
NAFLD and NASH.(5,6) Previously, we profiled genome-wide transcripts in multiple tissue 
types from a Dutch obesity cohort using microarray to identify novel protein-coding genes 
in NASH patients, including tissue-specific adipokines(7) and the cholesteryl ester transfer 
protein.(8) In recent years, with the advance of RNA-seq technology, a large proportion of 
the human genome has been found to produce functional RNA molecules rather than 
encoding proteins, and these functional RNAs are known as non-coding RNAs. Non-
coding RNAs are classified into different groups that include microRNAs, small interfering 
RNAs, piwi-interacting RNAs and the largest group, long non-coding RNAs (lncRNAs). A 
lncRNA is defined as a non-coding transcript longer than 200 nucleotides with an exon-
intron structure.(9) To date, more than 15,000 lncRNAs have been annotated in the human 
genome.

Increasing evidence has shown that lncRNAs play important roles in numerous 
physiological processes by regulating gene expression and modulating protein function 
through a variety of mechanisms.(10) Dysregulation of lncRNAs has also been shown to 
contribute to the progression of many diseases, including liver disease.(11) Individual 
lncRNAs associated to metabolic disorders and liver diseases have been identified in mice 
and humans. For instance, lncLSTR, a liver-enriched lncRNA, was identified as a putative 
regulator of plasma triglyceride levels in mice, but no human orthologue was found.(12) 
An antisense lncRNA to apolipoprotein A1 (APOA1-AS) has been shown to negatively 
regulate the expression of APOA1, a major component of high-density lipoprotein.(13) The 
lncRNAs Meg3 and MALAT-1 may be involved in hepatocellular carcinoma by regulating 
gene expression and alternative splicing, respectively.(14,15) Although over 1,000 lncRNAs 
have been reported to be associated with NAFLD, their role in this disease remains largely 
unknown.(16) Moreover, their potential as non-invasive biomarkers is largely unexplored, as 
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non-coding RNAs can form stable secondary structures that can be detected in circulating 
exosomes.(11,17) 

In this study, we report the discovery of lnc18q22.2, a liver-specific lncRNA (RP11-
484N16.1) involved in cell viability with elevated expression in the liver of NASH patients. 
An overview of this study is presented in Figure 1. The involvement of lncRNAs in NASH 
was first identified by association analyses between the expression levels of 4,383 lncRNAs 
and detailed histological analysis of NASH phenotypes in 82 liver samples. The expression 
of lnc18q22.2 was significantly elevated in NASH patients, a finding that we replicated in 
an independent dataset. We then assessed lnc18q22.2’s structure, abundance and cellular 
location. Further, we investigated its downstream effect by silencing it in four hepatocyte 
cell lines (hepatocellular carcinoma derived HepG2, Huh7 and Hep3B cell lines and the 
non-tumorous cell line immortalized human hepatocytes [IHH]) and two non-hepatocyte 
cell lines as controls (HEK293T and HeLa). This lnc18q22.2 knockdown resulted in 
negative regulation of cell viability in hepatocytes. Finally, the underlying processes were 
assessed by pathway analysis of co-expressed genes and of genes affected by lnc18q22.2 
knockdown using RNA-seq.

Figure 1. Overview of the current study. Abbreviations: PHH, primary human hepatocytes, 
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Materials and methods
Liver biopsies and NASH phenotypes
Our study cohort consisted of liver biopsies from 82 severely obese Dutch individuals with 
a body mass index (BMI) between 30 and 73 who underwent elective bariatric surgery in 
the Department of General Surgery, Maastricht University Medical Center. The collection 
and processing of liver biopsies are described in details in the online methods. Exclusion 
criteria for this cohort were individuals with acute or chronic inflammatory disease (e.g. 
autoimmune disease), with degenerative disease, who reported alcohol consumption of 
>10 g/day, or who used anti-inflammatory drugs. NASH phenotypes were analyzed by 
an experienced pathologist who was blinded to the clinical and biochemical parameters. 
NASH staging and grading was performed according to the Brunt scoring system. (18) 
Moreover, each individual was scored for seven different histological parameters of liver 
pathology: steatosis, fibrosis, inflammation (lobular inflammation, large lipogranulomas, 
portal inflammation), liver cell injury (ballooning) and glycogenated nuclei according 
to the scoring system described by Kleiner (19) (Supporting Table S1). The NAFLD activity 
score (NAS) was calculated according to the Kleiner scoring system. Circulating levels of 
the liver enzymes aspartate-amino transferase and alanine-amino transferase were also 
measured and used for the analysis. The study was approved by the Medical Ethics Board 
of the Maastricht University Medical Center, in line with the ethical guidelines of the 1975 
Declaration of Helsinki. Informed consent was obtained in writing from each participant.

Microarray data generation and lncRNA probe mapping
RNA was isolated and profiled as described previously.(20) The average RNA integrity 
number for RNA quality was 7.6, with a range of 5.7 – 9.3. Whole-transcriptome expression 
profiling was performed on 82 liver samples using Illumina Human HT12 Bead Chips 
(Illumina, San Diego, CA, USA). (20) Although not designed for lncRNA quantification, this 
platform contains probes for transcripts with unknown function and without significant 
coding potential. In order to identify which probes cover lncRNA genes, two human lncRNA 
annotation databases were used: GENCODE version 19 (July 2013; 13,870 annotated 
lncRNAs; http://www.gencodegenes.org/stats/archive.html#a19) and the Human Body 
Map catalog (>8,000 annotated long intergenic non-coding RNAs, a subclass of lncRNAs; 
http://www.broadinstitute.org/genome_bio/human_lincrnas/?q=home). LncRNAs were 
quantified using probes that mapped to one or both database annotations and did 
not overlap with protein-coding genes or other lncRNAs. The final list of probes used to 
determine lncRNA expression contained 4,468 probes covering 4,383 lncRNAs. Data were 
log2 transformed, quantile normalized and corrected for batch effects.(20)

Correlation of lncRNA expression profiles with NASH phenotypes
To determine the correlations between lncRNA expression and NASH phenotypes, 
Spearman’s rank correlation coefficients were determined between lncRNA expression 
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values and the values of the measured traits, including NASH phenotypes. For these probe-
level correlations, permutation testing was performed to estimate the false discovery rate 
(FDR)-corrected P-values. To correct for age, gender and BMI, a linear model was run for 
all lncRNAs and their top significant phenotype associations. For these genome-wide 
correlations, we made use of the FDR-corrected P-value. 

Replication of the associations for microarray probes
In order to replicate our findings, we downloaded a dataset from the Gene Expression 
Omnibus (accession number GSE33814).(21) The dataset consisted of 44 human liver tissue 
samples obtained from patients with alcoholic and non-alcoholic steatohepatitis (normal 
[n=13], steatosis [n=19], and steatohepatitis [n=12]) obtained from patients undergoing 
liver surgery for hepatocellular carcinoma, malignancies/metastatic diseases, or benign 
tumors of the liver and from organs dedicated to transplantation. However, the cohort 
contained both alcoholic and non-alcoholic steatohepatitis. There was no individual 
phenotype information available and we could not compute analysis for ASH and NASH 
patients separately. Healthy, non-tumorous liver tissue with no detectable pathological 
changes was removed from patients undergoing surgical resection of liver metastases 
as control tissue. Whole genome expression microarray SentrixH Human-6 v3 expression 
bead chips (Illumina) were used, which encompass probes for 48,804 genes including 
lncRNAs. These data were log2-transformed and quantile normalized. To test whether 
lnc18q22.2 associated with liver cancer, we compared liver expression of lncRNA between 
73 HCC patients and 85 healthy control samples, downloaded from the Sequence Read 
Archive [SRA]- http://www.ncbi.nlm.nih.gov/sra/. As a positive control, we also checked 
two established cancer lncRNAs (MALAT1(15) and HULC(22)), both showing significant 
associations with HCC (MALAT: P=3.00 x 10-10 and HULC: P=3.64 x 10-5) (Supporting Figure 
S6). Moreover, no aetiology information of HCC patients  was available.

Liver-specific expression and structure of lnc18q22.2
To assess the expression level and transcript structure of lnc18q22.2 in the liver, we first 
compared its predicted structure as annotated in the GENCODE and Human Body Map 
databases. In addition, we extracted RNA-seq data on 30 tissue and 67 cell types through 
the Sequence Read Archive [SRA] - http://www.ncbi.nlm.nih.gov/sra/, including 63 liver 
samples and 34 HepG2 cell line samples.(23) Expression values in these samples were 
normalized with the Trimmed Mean of M-values method using the R package “edgeR”(24) 
The average of the normalized expression values per tissue or cell line was used. The RNA-
seq read distribution showed a liver-specific structure for lnc18q22.2 and confirmed the 
liver-specificity of its expression. Further, several RT-PCR and quantitative RT-PCR (qRT-
PCR) experiments were performed to validate the expression and structure of lnc18q22.2 
and its cellular location, as described in detail in the online methods. In brief, to evaluate 
the potential of lnc18q22.2 as a non-invasive biomarker, we measured the abundance 
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of lnc18q22.2 in 8 plasma samples and 1,141 whole blood samples. We validated the 
transcript structure of lnc18q22.2 using qPCR, followed by Sanger sequencing. We 
performed qRT-PCR to validate the association of lnc18q22.2 in 33 randomly selected liver 
samples, including normal (n=8), NAFLD (n=8) and NASH (n=17) samples. We tested the 
expression of lnc18q22.2 in five hepatocyte cell lines (hepatocellular carcinoma [HCC]-
derived HepG2 [ATCC, HB-8065], Hep3B [ATCC, HB-8064], Huh7 [JCRB Cell Bank, JCRB0403]; 
the non-tumorous cell line IHH(25) and in RNA isolated from 3 different batches of human 
primary hepatocytes (HPH) [Tebu-Bio, Heerhugowaard, The Netherlands]. Moreover, the 
log2 ratio of cytoplasmic and nuclear fractions of lnc18q22.2 was estimated in HepG2 cell 
line.

Lnc18q22.2 co-expression network analysis
To predict a function for lnc18q22.2, we performed guilt-by-association analysis using 
data from 37,776 genes on the Illumina microarray. We assessed whether lnc18q22.2 
expression correlated with the expression of genes in cis (within 5 Mb distance) and in 
trans (genome-wide) using Spearman’s correlation test. A FDR of 0.05 was used to correct 
for multiple testing.(26) All significant correlations (FDR <0.05) were analyzed for pathway 
analysis using the DAVID database (https://david.ncifcrf.gov).(27) 

Lnc18q22.2 knockdown, cell survival counts and western blotting
To knockdown lnc18q22.2, we designed two short hairpin RNA (shRNA) cassettes for 
cloning into the lenti-viral pLKO TRC vector. The cassettes were specifically designed 
using the full lnc18q22.2 sequence and targeted only lnc18q22.2 and not the overlapping 
transcript. For this purpose, we used the siRNA selection program (http://sirna.wi.mit.edu/) 
and designed two shRNAs and one mock shRNAs (see Online Methods). Upon annealing 
of the oligos, the shRNAs were cloned into the pLKO TRC vector and lentiviral particles 
were produced as described previously.(28)

Cell survival counts. Cells (HepG2, Hep3B, Huh7, IHH, HEK293T and HeLa) were seeded in 
triplicate into 12 well plates for counting surviving cells and transduced with lentiviral 
particles as described above. Surviving cells were counted after 3, 6 and 9 days of 
puromycin selection.

The effect of lnc18q22.2 knockdown on apoptosis (western blot). The cleavage of Poly(ADP-
ribose) polymerase 1 (PARP-1) was assessed by western blotting as an indicator of 
apoptosis. Total cell lysates were extracted from cells treated with virus particles 
expressing shRNA1, shRNA2 or control shRNAs. Protein concentration was determined 
by BCA assay (Pierce, Rockford, IL, USA) and proteins were separated by 8% SDS-PAGE 
and then transferred to PVDF membranes. The membranes were probed with cleaved 
PARP-1 antibody (1:1000) (Cell Signaling Technology) detecting both full size (116 kDa) 
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and cleaved PARP protein fragment (89 kDa). Anti-beta actin antibody (1:1000) was used 
as a control. Membranes were incubated overnight at 4°C, followed by 1 hour incubation 
with HRP-labeled secondary antibody. The Femto kit (Thermo Fisher Scientific) was used 
for detection and the signal was quantified using the ChemiDoc XRS gel documentation 
system (Bio-Rad Laboratories, Hercules, USA). Experiments were performed in triplicate 
for all three time points (1, 2 and 3 days after virus transduction). The results were similar 
at all time points, therefore only the results from day 3 are presented.

The effect of lnc18q22.2 knockdown on apoptosis and necrosis (nuclear staining). IHH and 
Huh7 cells were incubated in virus media for 48 h and analyzed for necrosis and apoptosis. 
Sytox green staining (Invitrogen, S7020) was used to detect necrotic nuclei (1:40000 
dilution, for 15 min)(29) and acridine orange staining (Sigma, A8097) was used to detect 
apoptotic nuclei (1:4000 dilution, for 15 min). (30) Fluorescent nuclei were visualized using 
an EVOSTM FL Cell Imaging System (Advanced Microscopy Group, Bothell, WA). Pictures 
were taken at three time points (1–3 days after virus transduction), in triplicate.

RNA-seq of lnc18q22.2 knockdown cell lines. HepG2 and Hep3B were seeded into six well 
plates (200,000 cells per well) and incubated with lentivirus particles for 48 h once 80% 
confluency was reached. Green fluorescent protein (an in-house generated plasmid similar 
to pRRLSIN.cPPT.PGK-GFP.WPRE from Addgene) was used to monitor the transduction 
efficiency in all cell lines. After the virus-particle-containing medium was removed (after 
48 hours), fresh complete culture medium was added for 24 hours. After 72 hours, Hep3B 
and HepG2 cells were treated with puromycin (1 µg/ml) for 3 and 4 days, respectively, to 
produce stable cell lines, followed by RNA isolation. All experiments were performed in 
duplicate. Twelve samples in total were selected for RNA sequencing, including 6 samples 
per cell line (HepG2, Hep3B): knockdown shRNA1, knockdown shRNA2 and control mock 
shRNA, each in duplicate. RNA was isolated using Qiazol reagent (Qiagen, Germantown, 
MD, USA) and purified using the RNeasy Mini Kit (Qiagen). RNA concentration was measured 
by spectrophotometry and cDNA was reverse transcribed for qRT-PCR. Before RNA-seq 
libraries were prepared, qRT-PCR was performed to confirm lnc18q22.2 knockdown and 
the quality of the isolated RNA was measured on a bioanalyzer (PerkinElmer LabchipGX, 
PerkinElmer, Waltham, MA, USA). Sample preparation was done using standard Illumina 
TruSeq mRNA-SamplePrep, and paired-end sequencing was performed on the Illumina 
HiSeq2500 sequencer. On average, ~18 million reads were produced per sample. All RNA-
seq reads were aligned to the human genome (hg19) using STAR(31) and rlog normalized 
using the R package “DESeq2”.(32) The same package was used to analyze differentially 
expressed genes between the two knockdown groups versus control. Differentially 
expressed genes with a FDR <0.01 were selected for pathway enrichment analysis. The 
DAVID database was also used for this purpose.(27)
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Results
Lnc18q22.2: a lncRNA associated with NASH
Whole genome gene expression oligonucleotide arrays have played a crucial role in 
quantitatively determining the levels of gene expression. Even though most of the 
currently available commercial microarrays are designed to capture all known protein-
coding transcripts, they also include subsets of probes that capture transcripts of unknown 
function. To identify lncRNAs associated with NASH, we took advantage of microarray-
based expression data of 82 liver samples and mapped 4,468 microarray probes to 4,383 
lncRNAs located in intergenic regions, hereafter referred to as the in-house microarray 
data (Figure 1). Spearman’s rank correlation revealed three lncRNA probes that correlated 
with NASH-related phenotypes at a FDR of ≤0.05 (Supporting Table S2). The strongest 
association was detected for lncRNA RP11-484N16.1 on chromosome 18, which correlated 
with NASH grade (r=0.51, P=8.11x10-7), lobular inflammation (r=0.49, P=2.35x10-6) and NAS 
score (r=0.48, P=4.69x10-6) (Figure 2). RP11-484N16.1 expression also showed a nominally 
significant association with fibrosis (r=0.35, P=0.0018) (Supporting Figure S1A). The other 
two lncRNAs detected were MAPKAPK5-AS1 and RP4-763G1.2 (Supporting Table S2 and 
Supporting Figure S1B-C). After correcting for age, sex and BMI, only RP11-484N16.1 was 
significantly associated to NASH (Supporting Table S2). We then named it, lnc18q22.2 
based on its physical position. Interestingly, lnc18q22.2 was significantly associated with 
liver steatosis and steatohepatitis (including alcoholic and non-alcoholic  steatohepatitis) 
in 44 independent liver biopsies (r=0.47, P=0.0013) (Supporting Figure S2), but not with 
hepatocellular carcinoma (P=0.12) (Supporting Figure S6).

Specific expression and transcript structure of lnc18q22.2 in liver and hepatocyte 
cell lines
Lnc18q22.2 was previously annotated to chromosome region 18q22.2 and does not overlap 
with any established protein-coding genes except one putative transcript for the putative 
protein-coding gene RP11-4104.1 (Figure 3A). The closest known protein-coding gene is 
the suppressor of cytokine signaling 6 (SOCS6), which is some 5 kb upstream (Supporting 
figure S3). Lnc18q22.2 contains two exons and annotations of the second exon are not 
consistent across different databases. The GENECODE database indicates a length of 287 
bp for this second exon whereas the liver tissue panel of the Human Body Map database 
annotation is longer, 537 bp, and fully overlaps with the microarray probe of lnc18q22.2 
(Figure 3A). We therefore further delineated the transcript structure of lnc18q22.2 in liver 
samples and validated the association of lnc18q22.2 with NASH. First, RNA-seq data from 
2,432 samples from 30 different tissues and 67 different cell lines were extracted from 
the SRA, hereafter referred to as public SRA-seq data. The average intensity of SRA-seq 
reads from 63 liver samples confirmed the extended exon 2 seen in the Human Body Map 
database (Figure 3A). Thus, the total length of the lncRNA transcript was estimated to be 
633 bp. Second, RT-PCR experiments were performed to validate the transcript structure 
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of lnc18q22.2 (Figure 3A). The PCR products showed the expected length (Figure 3B) and 
were validated by Sanger sequencing. Moreover, the expression level of lnc18q22.2 and 
its association with NASH were validated in 33 random samples by qRT-PCR. The relative 
expression of lnc18q22.2 assessed by qRT-PCR was positively correlated with the intensity 
level of the microarray probe (r=0.74, P=8.50x10-7) (Supporting Figure S4A), NASH grade 
(r=0.65, P=4.55x10-5), NAS score (r=0.58, P=8.64x10-4), and lobular inflammation (r=0.62, 
P=1.38x10-4) (Supporting Figure S4B).

Liver-specific expression of lnc18q22.2 had already been suggested in the Human Body 
Map catalog in 2011.(33) Comparing the average expression level of lnc18q22.2 across 30 

Figure 2. Association of lnc18q22.2 expression with different degrees of NASH. 

Y-axis represents normalized probe expression of lnc18q22.2 from microarray data of 82 severly 
obese individuals. X-axes represent severity of the disease represented by different parameters: 
NASH grade, NAS score and lobular inflammation. Spearman’s rank correlation analyses are reported 
at FDR<0.05 significance.  
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different tissues and 67 different cell lines (public SRA-seq data) confirmed that lnc18q22.2 
is predominantly expressed in liver tissue and in the HCC cell line HepG2 (Figure 3C). 
Lnc18q22.2 was not detected in whole blood (n=1141) or plasma samples of four healthy 
volunteers and four NASH patients (Supporting Table S4). The liver-specific expression of 
lnc18q22.2 was further confirmed by qRT-PCR analysis in five hepatocyte cell lines (HCC-
derived Huh7, Hep3B, and HepG2 cells, non-tumorous IHH cells and primary human 
hepatocytes) and two non-hepatocyte cell lines (HEK293T and HeLa). Lnc18q22.2 was 
expressed in all hepatocytes, especially HepG2, IHH and PHH. No expression was detected 
in HEK293T cells and very low expression was found in HeLa cells (Figure 3D). Moreover, 
fractionation experiments showed that lnc18q22.2 was mainly present in the cytoplasm 
(Figure 3E).

To evaluate the protein-coding potential of lnc18q22.2, we used the Coding Potential 
Calculator tool (http://cpc.cbi.pku.edu.cn/)(34) and the Coding Potential Assignment Tool 
(http://lilab.research.bcm.edu/cpat/index.php).(35) Both tools did not detect an open 
reading frame (ORF) for both the novel and annotated sequence of lnc18q22.2.

Taken together, these results have validated the association of lnc18q22.2 with NASH 
and revealed its novel transcript structure, high expression in liver tissue, subcellular 
localization in the cytoplasm and lack of coding potential.

Lnc18q22.2 is crucial for growth and viability of hepatocytes
To further elucidate the function of lnc18q22.2, two different shRNA cassettes were used 
to silence its expression in four different hepatocyte cell lines (HepG2, Hep3B, Huh7, and 
IHH) (Figure 4A). Both shRNAs significantly down-regulated the expression of lnc18q22.2 in 
all four hepatocyte cell lines, with shRNA1 showing a stronger effect than shRNA2 (Figure 
4A). Notably, the silencing of lnc18q22.2 expression resulted in reduced growth in HepG2 
and IHH cells (only shRNA1) and promoted cell death in Huh7 (both shRNA1 and shRNA2) 
and Hep3B cells (only shRNA1) (Figure 4B). Huh7 cells died within 2–4 days of shRNA1-
mediated knockdown and within 4–6 days of shRNA2-mediated knockdown, whereas 
Hep3B cells died 6–8 days after shRNA1-mediated knockdown. HepG2 and IHH cells did 
not die, but cell growth in the shRNA1 knockdown was markedly reduced compared 
to controls. Furthermore, shRNA1 seemed to be more efficient in down-regulating 
the expression of lnc18q22.2 than shRNA2 (Figure 4A). The downstream phenotype in 
shRNA1-mediated knockdown is consistently more severe than that in shRNA2.

To exclude any potential off-target effects of both shRNAs, we stably expressed both 
shRNAs in two control cell lines (HEK293T and HeLa cells) in which lnc18q22.2 was not 
expressed or showed a very low level of expression (Figure 3D). No differences in cell 
viability and cell growth were seen in the HEK293T and HeLa cells (Figure 4B).
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Figure 3. Lnc18q22.2 transcript structure, abundance and cellular location. 

(A) lnc18q22.2 maps to chromosome 18q22.2 and contains two exons. Compared to the GENCODE 
annotation, the liver panel of Human Body Map suggested an elongated exon 2, which is shown in 
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To further characterize the cell death phenotype, we assessed cell viability in lnc18q22.2 
knockdown in Huh7 cells (both shRNAs) and IHH cells (shRNA1). Cleavage of full size PARP-
1 is a hallmark of apoptosis. We observed a significant reduction of full size (intact) PARP-1 
(Figure 5A) and a significant increase in necrotic nuclei as visualized by using Sytox green 
staining (Figure 5B). But knockdown did not increase the number of apoptotic nuclei as 
visualized by Acridine orange staining (Supporting Figure 6). 

Lnc18q22.2 involvement in essential biological processes in hepatocytes
To gain more insight into the potential role of lnc18q22.2 in hepatocyte cell viability, we 
performed various pathway analyses on genes co-expressed with lnc18q22.2 based on 
the in-house microarray data and using the RNA-seq data from the lnc18q22.2 knockdown 
cell lines.

First, we examined whether lnc18q22.2 affects nearby protein-coding genes (i.e., the 
cis-regulatory effect) by testing the correlation between lnc18q22.2 expression and the 
expression of genes residing within 5 Mb, using the microarray data of the NASH cohort 
and the RNAseq data of 63 liver samples and 34 HepG2 cell lines from the public SRA-
seq data (Supporting Table S3). Analysis of the microarray data did not reveal any genes 
correlated with lnc18q22.2 within 5 Mb. However, the putative protein-coding genes 
RP11-4104.1 and SOCS6 were associated with lnc18q22.2 expression in the public-seq data 
(Supporting Table S3, Supporting Figure S3). The function of RP11-4104.1 is unknown. 
Depletion of SOCS6 has previously been linked to suppression of programed cell death 
and apoptosis.(36) However, we observed the opposite in our cellular models. The protein-
coding genes nearby could not explain the observed effect of lnc18q22.2 on cell viability.

the white box. The average intensity of RNA-seq reads of 64 liver samples from the SRA database 
is plotted on this region, which confirms the extended exon 2. The physical locations of microarray 
probe, (q)RT-PCR primers for structure and expression validation and two shRNAs for lnc18q22.2 
depletion are indicated. (B) Experimental validation of lnc18q22.2 gene structure using qRT-PCR 
and RT-PCR. Product 1 corresponds to qRT-PCR product. Products 2 and 3 correspond to RT-PCR 
products and were sequenced to validate the larger exon 2. S1= Sample1, S2 = Sample2, Blank = Non-
template control. (C) The average expression of lnc18q22.2 in 30 different tissues and 67 different 
cell lines (SRA dataset). (D) Validation of lnc18q22.2 expression in three hepatocellular carcinoma 
derived cells lines (HepG2, Hep3B and Huh7), two non-tumorous cell lines (IHH [immortalized 
human hepatocytes] and PHH [primary human hepatocytes]) and two non-hepatocytes cell lines 
(HEK293T and HeLa) by qRT-PCR. Y-axis represents lnc18q22.2 expression relative to beta-actin, 
GAPDH and HPRT (mean ± SEM). (E) Cellular localization of lnc18q22.2 by fractionating the HepG2 
cells into cytoplasmic and nuclear fractions and performing qRT-PCR. To validate the isolation of 
the nuclear and cytoplasmic fractions, the enrichment of nuclear (MALAT, NEAT) and cytoplasmic 
(DANCR, OIPS-AS) abundance was analyzed by qRT-PCR. The Log2 ratio between the cytoplasmic 
and nuclear fraction are shown on the Y axis; mean ± SEM. 18S and U3 were used for normalization 
of cytoplasmic and nuclear fractions, respectively. Abbreviation: PHH, primary human hepatocytes; 
S1/S2, samples 1 and 2.
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Figure 4. Silencing of lnc18q22.2 expression in vitro and phenotypic characteristics of the 
cells. 

(A) qRT-PCR of lnc18q22.2 expression after shRNA-mediated knockdown in three hepatocellular 
carcinoma cell lines (HepG2, Hep3B and Huh7) and one non-tumorous cell line, IHH. Values are 
shown with shRNA mock mediated lnc18q22.2 expression set to 1; mean ± SEM. (B) Cell proliferation 
after shRNA-mediated depletion of lnc18q22.2. Cell counts on surviving cells were obtained after 
3 (time point 1), 6 (time point 2) and 9 days (time point 3) of puromycin selection. At baseline (0), 
200,000 cells were seeded per well for all cells. 
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Figure 5. Characterization of the cell death phenotype in Huh7 and IHH.

 (A) The effect of lnc18q22.2 knockdown on apoptosis. The western plots of protein PARP-1 (the 
marker for apoptosis) in lnc18q22.2 known-down are shown for Huh7 and IHH cell lines (day 3 after 
viral transduction). The size of intact PARP-1 (Full PARP) is at 116 kDa and the size of the cleaved 
PARP-1 products (Cleaved PARP) is at 89 kDa. The reduction of full PARP-1 protein of three replicates 
is quantified and presented in the bar plot (mean ± SEM). Positive control for apoptosis was cells 
treated with cisplatin (10 μg/ml media for 24h and 48h in IHH and Huh7, respectively). Negative 
control was cells in normal media without any treatment. (B) The effect of lnc18q22.2 knockdown 
on necrosis. Cell nuclei were stained for presence of necrosis using Sytox green on day 3 after viral 
transduction and then fluorescent microscopy pictures were taken. Cell nuclei stained in green 
represent necrotic cells. Positive control for necrosis were cells treated with H2O2 (5 μM for 2h and 5h 
in Huh7 and IHH, respectively). Negative control was cells in normal media without any treatment. 
Size bar = 400µm.

At the genome-wide level, 1,985 genes were significantly co-expressed with lnc18q22.2 at 
FDR<0.05 level in the in-house microarray data (Figure 6A, Supporting Table S5). Among 
these, 984 positively co-expressed genes were enriched for the wound healing pathway 
and the regulation of apoptosis and cell death pathways, whereas 1,001 negatively co-
expressed genes were enriched for the oxidation reduction pathway (Figure 6A).
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We further performed RNA-seq experiments to profile gene expression in Hep3B and Hep2G 
cells after knockdown of lnc18q22.2; unfortunately, not enough cells could be harvested 
from the Huh7 knockdown experiment for RNA-seq analysis. From the genes within the 
5 Mb region, SOCS6 was down-regulated in both the HepG2 (log2 fold change=-0.41, 
FDR=5.09x10-5) and Hep3B shRNA1 (log2 fold change=-0.51, FDR=1.47x10-3) knockdown 
but not in the shRNA2 knockdown. No effect was observed for the putative protein-
coding gene RP11-4104.1. At genome-wide scale, we confined the pathway analysis 
to genes that were significantly affected at FDR 0.01 level. In HepG2 cells, 4,045 genes 
were affected by shRNA1, 3,209 genes were affected by shRNA2 and 1,821 genes were 
affected by both shRNAs (Figure 6B). Out of the genes affected by both shRNAs, 1,625 
genes (89.2%) showed the same direction of regulation (Supporting Table S6). In Hep3B 
cells, 4,976 genes were differentially expressed in shRNA1 and 3,766 genes in shRNA2 at 
FDR 0.01, with 1,724 of the 2,063 shared genes (83.5%) affected in the same direction 
in both shRNAs (Figure 6B, Supporting Table S7). Pathway analyses were performed on 
the 1,625 regulated genes in HepG2 cells and the 1,724 regulated genes in Hep3B cells 
that were consistently affected by shRNA1 and shRNA2. The down-regulated genes in the 
knockdown (i.e. those positively regulated by lnc18q22.2) were consistently enriched for 
the pathways of cell death, apoptosis (enriched in anti-apoptotic genes) and translation 
elongation. The up-regulated genes in knockdown (i.e. those negatively regulated by 
lnc18q22.2) were mostly enriched for the oxidation reduction pathway (Figure 6B). These 
results are in line with our co-expression analysis of the microarray data (Figure 6A). The 
same pathways were enriched in the 201 up-regulated and the 278 down-regulated 
genes in HepG2 and Hep3B cells (Figure 6C, Supporting Table S8 and S9). These genes 
were most enriched in the translation elongation pathway (FDR=6x10-16) (Figure 6C). 
These results indicate that lnc18q22.2 may be directly or indirectly involved in numerous 
essential biological processes in hepatocytes, including oxidation reduction, translation 
elongation, and regulation of cell death.

Discussion
In recent years, several lncRNAs have been described to play a functional role in the 
pathogenesis of different liver diseases.(11) These lncRNAs can serve as biomarkers for 
use in disease diagnosis, in disease prognosis or in therapeutic response, and they may 
also represent direct targets for therapeutic intervention.(37,38) In the current study, we 
identified lnc18q22.2 as a novel liver-specific lncRNA with elevated expression in the 
liver of NASH patients. Silencing the expression of lnc18q22.2 resulted in either a lethal 
phenotype or decreased cell viability in four hepatocyte cell lines. Pathway analysis 
indicated that lnc18q22.2 might be involved in mRNA translation, cell death, apoptosis 
and oxidative reduction. Elevated lnc18q22.2 expression was also observed in patients 
with steatohepatitis in a mixed patient cohort of both ASH and NASH, but not in HCC 
patients. However, such analysis was performed in publically available datasets (with small 
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Figure 6. GO pathway enrichment analysis. 



70   |   Chapter 3

sample size and/or without detailed phenotypic information), thus we cannot support 
or rule out the role of lnc18q22.2 in ASH, NASH- associated HCC or other liver diseases. 
This needs to be further investigated. Moreover, our data do not support the potential of 
lnc18q22.2 as a non-invasive biomarker for NASH, as it was undetectable in circulation, 
neither in NASH patients nor in whole blood samples.

Our data show that genes negatively regulated by lnc18q22.2 are enriched in the 
process of oxidation reduction. This is consistent with the observation that NAFLD is 
often accompanied by increased oxidative stress. Reactive oxygen species (ROS) attack 
cellular macromolecules such as DNA, lipids and proteins and have been detected in the 
liver of NAFLD patients and animal models of NAFLD. (39,40) The expression of lnc18q22.2 
was elevated in NASH patients, indicating a putative suppression effect on the genes 
involved in redox reactions. Additionally, the genes positively regulated by lnc18q22.2 
were enriched with pathways in translational elongation. Our data show that lnc18q22.2 
is predominantly present in the cytoplasm of HepG2 cells. Cytoplasmic lncRNAs have 
been described that facilitate mRNA decay, stabilize mRNAs, and promote or inhibit 
the translation of target mRNAs through extended base-pairing.(41–43) It is possible that 
lnc18q22.2 regulates the translation of target mRNAs, but this hypothesis needs further 
experimental validation.

One of the most enriched pathways we observed is the regulation of cell death and 
apoptosis, which is consistent with the observed cell viability phenotype after lnc18q22.2 
knockdown. Hepatocyte apoptosis is a major feature in NASH. To execute both intrinsic 
(by activating death receptors) and extrinsic apoptosis (by intracellular stress inducers), 
liver cells depend heavily on mitochondrial outer membrane permeabilization and its 
regulation by Bcl-2 proteins.(44–46) Several anti-apoptotic genes(47) were down-regulated 
after lnc18q22.2 knockdown, including MCL1, BCL2L1, BCL2L2, BFAR, CARD10, IGFIR and 
MKL. In line with it, we observed a significant reduction of intact PARP-1 and a significant 
increase in the number of necrotic nuclei after lnc18q22.2 knockdown. However, we did 
not detect the appearance of cleaved PARP-1 and/or an increase in apoptotic nuclei. 
These results pointed to a necrosis-like phenotype although we cannot exclude that 

(A) Genome-wide co-expression analysis from the human microarray data detected potential 
downstream genes and molecular processes associated to lnc18q22.2. Genes were split in two 
groups: those positively correlated with lnc18q22.2 and those negatively correlated with lnc18q22.2. 
All co-expressed genes were significant at FDR<0.05. (B) Gene enrichment analysis on differentially 
expressed genes from RNA-seq in HepG2 and Hep3B cells after lnc18q22.2 depletion. Per cell line, 
the Venn diagram shows the number of shared genes affected by both shRNA1 and shRNA2. The pie 
chart indicates the total number of genes affected in the same direction. The pathway analysis was 
then confined to the genes that were negatively regulated or positively regulated by lnc18q22.2, 
respectively. All GO biological processes at FDR<0.05 are shown. (C) The pathway analysis for the 
upregulated and downregulated genes shared in both HepG2 and Hep3B cells. All pathways were 
significant at FDR<0.05.
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this necrosis was preceded by apoptosis. Similarly, the network analysis showed that 
the increased expression of lnc18q22.2 in NASH livers was co-expressed with the genes 
involved in the negative regulation of apoptosis. In contrast, cell death and fibrosis are 
increased in NASH patients. Our results suggest that elevated lnc18q22.2 expression 
might be a protective mechanism against liver damage by inhibiting apoptosis of liver 
cells.(48) However, the lnc18q22.2 ‘s role in NASH development still needs to be studied in 
vivo and the primary targets of lnc18q22.2 remain unclear. We do not yet know whether 
lnc18q22.2 affects cell viability directly or through other pathways such as redox and fatty 
acid metabolic processes or through translation of target and apoptotic genes. In this 
study, we performed a cross-sectional transcriptome analysis. To further understand the 
role of lnc18q22.2 in NASH progression, a longitudinal study should be performed.

In conclusion, our study has identified a liver-specific lncRNA, lnc18q22.2, with elevated 
expression in the liver of NASH patients. Lnc18q22.2 played a crucial role in hepatocyte 
viability and is likely to play a regulatory role by inhibiting hepatocyte apoptosis and 
necrosis. The pathway analysis in lnc18q22.2 knockdown cells implicated several biological 
mechanisms that are also involved in NASH. However, these potential mechanisms need 
to be studied and validated in vivo. 
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Supporting information
Online Methods:
Liver biospies collection and processing
Liver wedge biopsies were removed immediately after the abdomen was opened and 
before the intestines or liver were  manipulated. Fragments 0.5 × 0.5 cm in size were 
dissected from liver tissue. For RNA extraction, fragments were cut into smaller pieces, 
snap-frozen in liquid nitrogen, and stored at −80°C.For cryosectioning, tissue fragments 
of similar size were immersed in Tissue-Tek optimal cutting temperature compound 
(Sakura Finetek Europe, Zoeterwoude, the Netherlands) and then mounted onto a piece 
of cork for freezing in pre-chilled isopentane on dry ice. After cryoembedding, samples 
were stored at −80°C. For formalin fixation, tissue fragments were immersed in formalin 
solution overnight at 4°C and then dehydrated through a graded ethanol series before 
paraffin embedding. 

Liver-specific expression of lnc18q22.2 from public dataset
To assess expression of lnc18q22.2 in a wide-range of tissue types and cell lines, we used 
1,262 raw human RNAseq datasets from different tissue types and cell lines. This dataset 
was described in our previous paper (1). In brief, we downloaded all raw sequencing data 
from 9,527 public human RNAseq runs. The RNAseq reads were mapped to human genome. 
After quality check, a total of 1,262 high-quality RNAseq datasets, with an average of 22 
million reads per sample, were included for further analysis that cover 30 tissue types and 
67 cell types. Gene expression levels were quantified using HTSeq-count 0.5.4.

Lnc18q22.2 abundance in plasma and whole blood
To evaluate the potential of lnc18q22.2 as a non-invasive biomarker, we measured the 
abundance of lnc18q22.2 in plasma and whole blood. For plasma collection, whole 
blood from four healthy volunteers and four NASH patients (BMI>40; NAS score >7) was 
collected in EDTA tubes and centrifuged at 1,200 g for 10 min at 4°C to gather the blood 
cells. Supernatants were transferred to microcentrifuge tubes and centrifuged at 12,000 
g for 10 min at 4°C to remove cellular components. Plasma was then carefully collected, 
and total RNA was extracted from 500 µl plasma using the mirVana PARIS Kit (Foster City, 
CA, USA) according to the manufacturer’s instructions. We used two lncRNAs (MALAT1 and 
NEAT) known to be present in plasma as positive controls of circulating non-coding RNA 
biomarkers. To evaluate the abundance of lnc18q22.2 in whole blood, RNA sequencing 
data from 1,141 whole blood samples was downloaded through the SRA. The total 
number of reads aligned to lnc18q22.2 region was assessed.

Validating the transcript structure of lnc18q22.2
 To assess the transcript structure of lnc18q22.2 in the liver, RT-PCR was run on HepG2 
samples using two additional primers, PCR2_FOR (TGCCAGCTGTCAATGAACCTA) and 
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PCR3_FOR (TATGAGTGGCTACCTGCCTC), paired with the qPCR1_REV primer described 
below. PCR products were Sanger sequenced at GATC-Biotech (https://www.gatc-biotech.
com/en/home.html) to confirm the presence of the longer exon 2 where the initial 
microarray probe was located.

Validating the association of expression
To validate the correlation results from the microarray analysis, we performed a validation 
experiment measuring lnc18q22.2 expression using qRT-PCR in 33 randomly selected liver 
samples from the discovery cohort, including normal (n=8), NAFLD (n=8) and NASH (n=17) 
samples. Measurements were performed in triplicate, and a standard curve was used to 
compare absolute transcript quantities. Lnc18q22.2 primers for qRT-PCR were designed 
based on Human Body Map and GENCODE annotations using the Primer 3 program 
(http://biotools.umassmed.edu/bioapps/primer3_www.cgi). Primers were obtained from 
Biolegio (Nijmegen, the Netherlands) with the following sequences in the 5’ to 3’ direction: 
qPCR1_FOR (GGAGGCTGTTGACAGGCAATG), qPCR1_REV (GACTGCAACTTAAGCTATCTGG). 
We measured the expression of lnc18q22.2 relative to the housekeeping gene beta actin 
using the primers described before.(2) Expression was then correlated to the intensity of 
the corresponding microarray probe and to the NASH phenotype.

Validating hepatocyte-specific expression of lnc18q22.2 
We tested the expression of lnc18q22.2 in five hepatocyte cell lines (hepatocellular 
carcinoma [HCC]-derived HepG2 [ATCC, HB-8065], Hep3B [ATCC, HB-8064], Huh7 [JCRB 
Cell Bank, JCRB0403]; the non-tumorous cell line IHH (3) and in RNAs isolated from 3 
different batches of primary human hepatocytes (PHH) [Tebu-Bio, Heerhugowaard, The 
Netherlands]. For comparison, two additional control cell lines (HeLa [ATCC, CCL-2] and 
Hek293T [ATCC, CRL-3216]) were analyzed. We measured lnc18q22.2 expression in these 
cells using qRT-PCR with the previously described primers (qPCR_FOR and qPCR_REV). 
Cells were cultured in a humidified incubator with 95% CO2 at 37°C. The cells were grown 
in Dulbecco’s Modified Eagle Medium (Gibco BRL, Grand Island, NY, USA) supplemented 
with 10% fetal bovine serum (FBS, Gibco BRL), 100 U/ml penicillin, and 100 mg/ml 
streptomycin (Gibco BRL). IHH cells were cultured in complete Williams’ medium E (2 
mmol/L glutamine, 20 mU/ml insulin, 50 nmol/L dexamethasone, 100 U/ml penicillin and 
100 mg/ml streptomycin) supplemented with 10% FBS. 

Determination of the cellular localization of lnc18q22.2 
Nuclear and cytoplasmic fractions were separated from HepG2 cells by adding 200 µL lysis 
buffer (140 mM NaCl, 1.5 mM MgCl2, 10 mM Tris-HCl pH 8.0, 1 mM DTT, and 0.5% Nonidet 
P-40) to pellets of ∼4 million cells, followed by 5 min incubation on ice and centrifugation 
at 1000 g for 3 min at 4°C. (4) The supernatant was collected as the cytoplasmic fraction. 
The pellet containing the nuclei was washed twice with lysis buffer. 1 ml TriPure reagent 
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(Roche) was added to the cytoplasmic fraction (∼200 µL), nuclear pellet, and total cell 
pellet, and RNA was isolated as described before. Nuclear genes were normalized to U3 
RNA and cytoplasmic genes were normalized to 18S RNA. As controls for the fractionation, 
we used known nuclear and cytoplasmic lncRNAs: MALAT1 and NEAT for the nuclear 
fraction and DANCR and OIP5-AS for the cytoplasmic fraction (primer sequences were 
taken from (4)). The log2 ratio of cytoplasmic and nuclear fractions were calculated and 
plotted for each gene.

Design of shRNAs
To knockdown lnc18q22.2, we designed two short hairpin RNA (shRNA) cassettes for 
cloning into the lenti-viral pLKO TRC vector. The cassettes were specifically designed 
using the full lnc18q22.2 sequence and targeted only lnc18q22.2 and not the overlapping 
transcript. For this purpose, we used the siRNA selection program (http://sirna.wi.mit.
edu/). Cassette 1 was created by annealing of shRNA1_FOR: 

CCGGAGGTCGTGGTGAGAAGCAAATCTCGAGATTTGCTTCTCACCACGACCTTTTTTG; 
and shRNA1_REV: 
AATTCAAAAAAGGTCGTGGTGAGAAGCAAATCTCGAGATTTGCTTCTCACCACGACCT. 
Cassette 2 was created by annealing of shRNA2_FOR: 
CCGGGACAGGCAATGATTTCTGTAACTCGAGTTACAGAAATCATTGCCTGTCTTTTTG; 
and shRNA2_REV: 
AATTCAAAAAGACAGGCAATGATTTCTGTAACTCGAGTTACAGAAATCATTGCCTGTC. 
A mock shRNA hairpin was created based on oligos shRNA_mock_FOR : 
CCGGTTCTCCGAACGTGTCACGTGTCTCGAGACACGTGACACGTTCGGAGAATTTTTG; 
and shRNA_mock_REV: 
AATTCAAAAATTCTCCGAACGTGTCACGTGTCTCGAGACACGTGACACGTTCGGAGAA.
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Supporting figures:

Figure S1. lncRNAs from the microarray data of 82 severely obese individuals correlate with 
different NASH phenotypes. 

(A) lnc18q22.2 correlated with the grade of fibrosis  (r = 0.35, P = 0.0018). (B) lncRNA MAPKAPK5-
AS1 correlated with  NASH grade (r = 0.51, P = 8.11x10-7). (C) lncRNA RP4-763G1.2 was correlated 
with NAS score (r = -0.48, P = 5.80x10-6) and ASAT (r = -0.49, P = 5.08x10-6). Correlations in B and C 
were significant at FDR<0.05, but not significant after correction for age, gender and BMI. Y-axis 
represents normalized probe expression for lncRNAs; X-axis represents severity of the disease 
indicated by different measures of disease severity. ASAT = aspartate transaminase.  

A.

B.                                                                                         C.
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Figure S2. Replication of the correlation between lnc18q22.2 and NASH phenotypes. 

Expression data of 44 liver biopsies (normal n = 13; steatosis n = 19; steatohepatitis n = 12) from 
patients with alcoholic and non-alcoholic steatohepatitis was extracted from the GSE33814 study. 
Lnc18q22.2 expression was consistently positively correlated with steatosis and steatohepatitis (r = 
0.47, P = 0.0013)

Figure S3. Overlapping and nearby genes in the locus of lnc18q22.2. 

Lnc18q22.2 locates at chromosome region 18q22.2, overlapping with a putative protein coding 
gene (PPCG) RP11-4104.1 and a putative process transcript (PPT), but without any established 
protein-coding function. The closest coding gene, SOCS6, is also shown.
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Figure S4. Validation of lnc18q22.2 microarray expression using qRT-PCR in subset of 33 
human liver samples. 

(A) Positive correlation between the relative expression of lnc18q22.2 and the expression level 
of the lnc18q22.2 microarray probe (r = 0.74, P = 8.50x10-7) in randomly selected 33 liver samples 
from the discovery cohort. Y-axis represents lnc18q22.2 probe expression (normalized data); X-axis 
represents lnc18q22.2 relative expression measured by qRT-PCR using β-actin for normalization. 
(B) Spearman’s rank correlation between lnc18q22.2 relative expression measured by qRT-PCR and 
NASH phenotypes in subset of 33 liver samples. Correlations with NASH grade (r = 0.65, P = 4.55x10-

5), NAS score (r = 0.58, P = 8.64x10-4) and lobular inflammation (r = 0.62, P = 1.38x10-4) are presented.

A. 

B.
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Figure S5. Expression of lnc18q22.2 and control lncRNAs in HCC. 

(A) No significant difference between the expression of lnc18q22.2 in healthy and HCC samples 
was observed (P = 0.12); (B) Significant difference was observed for known cancer overexpressed 
lncRNAs MALAT (P = 3.00 x 10-10) and HULC (P = 3.64 x 10-5). Student T-test was used to assess the 
significant difference in expression.

A.                                                    

B.
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Figure S6. Characterization of the cell death phenotype in Huh7 and IHH. 

Cells were transduced with virus media, fluorescent microscopy pictures were taken after Acridine 
Orange nuclear staining in three time points (day 1-3 after virus transduction). Cell nuclei stained in 
light green represent apoptotic cells (white arrows). Size bar = 400µm. 
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t Non-alcoholic fatty liver disease (NAFLD), which encompasses a spectrum 
from simple steatosis progressing to steatohepatitis (NASH) and cirrhosis 
and eventually hepatocellular carcinoma, is a chronic liver disease with a 
rapidly growing incidence. The mechanisms underlying the progression 
from relatively benign steatosis to steatohepatitis are still poorly understood, 
and treatment options are therefore limited. Emerging evidence suggests an 
important role of long non-coding RNAs (lncRNAs) in NASH development. 
We aimed to identify lncRNAs relevant in the etiology of NASH by performing 
a deep RNA-seq experiment on 60 human liver biopsies obtained from 
obese individuals without NAFLD and NASH (controls, n = 16), with NAFLD 
but no NASH (n = 8) and with varying degrees of NASH (n = 36). Our analysis 
revealed 854 lncRNA candidates associated to different NASH phenotypes 
(FDR<0.1). Importantly, 18 of these lncRNAs were differentially expressed in 
HepG2 cells after exposure to free fatty acids (FFA) and TNFα. We identified 
HNF4A-AS1 as a potential candidate in NASH progression. This lncRNA was 
down-regulated in human livers depending on the degree of NASH and in 
HepG2 cells upon exposure to FFA and TNFα. HNF4A-AS1 expression was 
also strongly reduced in the livers of mice fed a high fat/high cholesterol 
diet for 12 weeks, correlating with NASH scores. This study establishes that 
specific lncRNAs may play important roles in NASH development, providing 
potential therapeutic options.   
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Introduction
Non-alcoholic fatty liver disease (NAFLD), the main hepatic manifestation of metabolic 
syndrome, is currently the most common chronic liver disease, particularly in Western 
societies. NAFLD covers a broad spectrum of liver conditions from triglyceride and 
cholesterylester accumulation within hepatocytes (steatosis) to the presence of 
inflammation and hepatocellular injury (steatohepatitis), with or without fibrosis 1. About 
10-20% of individuals with steatosis will show progression to steatohepatitis, and a fraction 
of them will further progress to fibrosis, cirrhosis and hepatocellular carcinoma (HCC) 2–4. 
However, the natural development of NAFLD is still poorly understood, and treatment 
options are therefore still limited. 

Abnormal patterns of gene expression and transcriptional regulation observed in human 
liver biopsies have provided some insight into the molecular mechanisms involved in 
the etiologies of liver diseases, including NAFLD, and may help to identify candidate 
biomarkers and drug targets. For instance, plasma apolipoprotein F (APOF) concentration 
has been suggested as a biomarker for fibrosis in patients with hepatitis C 5. A recent 
meta-analysis of human hepatic gene expression signatures of NAFLD revealed APOF, 
PZP, FCN2 and CYP2C19 as genes encoding potential biomarkers for NAFLD progression 
6. Glypican-3 (GPC3), a gene coding for heparin sulfate proteoglycan, has been reported 
to be elevated in the serum and liver of HCC patients, and targeting GPC3 may offer new 
immunotherapeutic options for HCC treatment 7. 

In recent years, accumulating evidence has shown that long non-coding RNAs (lncRNAs), 
encoded by the largest group of non-coding genes, play important roles in controlling 
liver metabolism and disease development 8. For example, liver-specific knockdown of a 
lncRNA named lncLSTR (Liver-specific triglyceride regulator) was shown to reduce plasma 
triglyceride levels in mice 9. Another lncRNA, SRA (steroid RNA activator), reduces fatty 
acid β-oxidation and plays a role in promoting hepatic steatosis 10. Liver glucokinase 
repressor lncRNA (lncLGR) has been shown to suppress glucokinase transcription and 
promote glycogen storage in fasted mice 11. Systematic lncRNA studies in human livers 
are limited; previous studies were mostly based on microarrays data that profile only a 
limited number of lncRNAs 12,13. A recent study reported deep RNA-seq on 142 human liver 
biopsies and identified several lncRNA candidates associated with NAFLD progression 14. 
However, the expression patterns of lncRNAs in the various grades of human NAFLD and 
their mechanistic roles in disease progression have remained unexplored. 

In this study, we profiled the expression levels of 19,894 protein coding and 11,843 lncRNA 
genes in the livers of 60 obese individuals with different degrees of NAFLD using Ribo-
Zero RNA sequencing technology. The analysis revealed 854 lncRNAs associated to NASH 
grade and lobular inflammation, which indicated their potential involvement in lipid 



88   |   Chapter 4

metabolism or inflammatory pathways. These analyses also showed that lncRNAs and 
mRNAs of protein-coding genes are co-expressed, and hence may act together. Finally, 
we found that expression of the antisense lncRNA HNF4A-AS1 was strongly suppressed in 
human livers, depending on the degree of NASH, as well as in the livers of mice with diet-
induced NAFLD/NASH and in an in vitro model of NASH. This lncRNA was strongly down-
regulated in HepG2 cells upon TNFα exposure and knock-down studies revealed that 
HNF4A-AS1 may regulate the transcription factor HNF4A and its downstream pathways. 

Results
Transcriptome profiles of human livers show relationships between gene expressi-
on patterns and NASH phenotypes 
The workflow and design of this study are presented in Figure 1. RiboZero-based RNA 
sequencing yielded expression profiles of 50,475 genes, including 19,894 protein 
coding genes and 11,843 lncRNAs (Supplementary Figure 1A). Consistent with previous 
observations, the expression levels of lncRNAs were generally lower than those of 
protein-coding genes (Supplementary Figure 1B). Principal component analysis of liver 
transcriptome profiles from 60 severely obese individuals showed that samples clustered 
according to NAFLD severity (Supplementary Figure 2A) without showing any batch 
effects (Supplementary Figure 2B).

To identify genes with a potential role in progression to steatosis and NASH, we assessed 
the correlation between the expression levels of 50,475 genes and 17 NASH-related 
phenotypes scored within the Kleiner classification system 16. These analyses yielded 6,930 
correlations at FDR<0.1: 1,460 with lncRNAs and 5,470 with protein-coding and other 
genes, with 508 correlations remaining at FDR<0.05 (Figure 2A, Supplementary Table 1). 
Out of 17 NASH phenotypes, most of the liver-expressed genes showed correlation with 
lobular inflammation (26% of all correlations), NASH grade (22%), NAS score (10%), NAFLD 
status (6%), Kleiner score for steatosis (5%) and acidophilic bodies (5%) (Supplemental 
Figure 3). The significant correlations corresponded to 3,960 unique genes, including 
854 lncRNAs and 3,106 protein-coding and other genes (Supplementary Table 1). The 
expression pattern of all significantly associated genes is presented as a heatmap (Figure 
2A). 

Many genes previously found to be associated with NASH (mainly protein-coding genes) 
were also found in our dataset. For example, the top associated gene from our dataset, 
RUNX1 (runt related transcription factor 1), showed a positive correlation with NASH grade 
(r = 0.66, FDR = 5.6x10-3) and was previously shown to be upregulated in animal models 
of NASH 20. The gene PPARA (peroxisome proliferator-activated receptor alpha), which 
encodes the fatty-acid-activated nuclear receptor PPARα that activates the β-oxidation 
machinery, was downregulated in NASH livers (r = -0.46, FDR = 7.0x10-2). The oxidative 
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Figure 1. RNA sequencing workflow and analysis scheme

stress gene SOD2 (superoxide dismutase 2), which catalyzes the conversion of superoxide 
byproducts of oxidative phosphorylation to hydrogen peroxide and oxygen, was found 
to be positively associated with NASH (r = 0.48, FDR = 5,7x10-2). In the same direction, 
genes encoding inflammation-related molecules like TNFα and IL18 and inflammatory 
related receptors such as the TLR4 receptor showed high expression in livers of NASH 
patients compared to the controls (Supplementary Table 1, Supplementary Figure 4A). 
Furthermore, our deep RNAseq dataset revealed several novel genes associated with 
NASH. For example, PAGE4 (P antigen family member 4) showed upregulation in NASH 
livers (r = 0.62, FDR = 1.4x10-2) and has previously been associated with liver metastasis 
of colorectal cancer 21. Another interesting gene, CSNK1A1L (Casein Kinase 1 Alpha 1 Like), 
was positively associated with NASH grade (r = 0.59, FDR = 2.0x10-2). Although its function 
is not established, previous studies have suggested its involvement in the Wnt signaling 
pathway 22 (Supplementary Table 1, Supplementary Figure 4B). 
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Pathway-enrichment analysis of NASH-associated genes revealed several disease-related 
pathways. Negatively associated genes were enriched in oxidation-reduction pathways, 
fatty-acid β-oxidation processes and various metabolic pathways (Figure 2B). Positively 
associated genes were enriched in inflammatory response pathways, signal transduction, 
response to lipopolysaccharides and apoptotic processes, among the most significant 
pathways (Figure 2C and Supplementary Table 2).  

Identification of lncRNAs correlated with NASH phenotypes
In addition to protein-coding genes, we detected 1,460 correlations between lncRNAs 
and NASH phenotypes, including 854 unique lncRNAs genes, at FDR<0.1 (Supplementary 
Table 1). This table includes 103 correlations at FDR<0.05. Out of the 854 lncRNAs, 
637 lncRNAs (corresponding to 1,074 correlations) showed positive and 217 lncRNAs 
(corresponding to 386 correlations) showed negative association with NASH phenotypes 
(Supplementary Figure 5A). Among the top associated lncRNAs, we found DIO3OS, a 
lncRNA showing negative association with NASH phenotypes (NAS score: r = -0.56; FDR 
= 2.8x10-2; Supplementary Figure 5B). This lncRNA was previously characterized and 
reported to have a role in maintaining the expression of the overlapping protein coding 
gene DIO3 (type 3 deiodinase) 23. DIO3 is an enzyme that inactivates thyroid hormones 
and has been associated to drug-induced hepatotoxicity in the liver 24. Another lncRNA, 
RP11-248E9.6, that showed positive association with NASH (r = 0.51; FDR = 4,5x10-2, 
Supplementary Figure 5B), has previously been reported to be upregulated in livers with 
NAFLD compared to controls 13. However, most of our NASH-associated lncRNAs have not 
been linked to any phenotype and are of unknown function. 

In vitro validation study
As NASH is a disease with steatotic and inflammatory components, we also investigated 
if the NASH-associated lncRNAs responded to FFA or TNFα stimuli in HepG2 cells 
representing an in vitro model of NASH. In this validation RNAseq dataset, 18 NASH-
associated lncRNAs were found to respond to FFA and TNFα treatment, showing the same 
direction of dysregulation as in the human dataset (discussed in chapter 5). The average 
liver expression levels of the 18 lncRNAs are presented in Supplementary Figure 6. These 
results, in combination with previous findings, suggest a potential role for lncRNAs in 
NASH-associated pathways including inflammatory processes in the liver.

HNF4A and HNF4A-AS1 show association with NASH
Out of all the associated genes identified, the HNF4A locus appears to be particularly 
interesting in the context of this work. HNF4A regulates the transcription of several genes 
involved in the progression of NAFLD towards NASH and is the central gene in the network 
of NASH genes connected to metabolic diseases 25. Whereas HNF4A showed a suggestive 
association with NASH phenotypes (the strongest correlation was with pigmented 
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Figure 2. Genes correlated with NASH phenotypes. 
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macrophages, r = -0.36, FDR = 0.13; Supplementary Figure 7A and B), its anti-sense 
lncRNA, HNF4A-AS1, was significantly negatively associated with NASH grade (r = -0.48, 
FDR = 5.8x10-2) and lobular inflammation (r = -0.42, FDR = 9.2x10-2) (Figure 3A), which 
is a component of NASH grade phenotype. Moreover, we found a positive correlation 
between HNF4A and HNF4A-AS1 expression levels (r = 0.59, P = 1.5x10-6). 

HNF4A-AS1 shows association with inflammatory pathways
To identify the downstream genes and pathways that HNF4A-AS1 might regulate, we 
ran a “guilt by association” analysis and found that 6,112 genes were co-expressed with 
HNF4A-AS1 in the liver (Supplementary Table 3). These genes were enriched in several 
pathways, with inflammatory response, signal transduction, apoptosis and regulation of 
NF-κB signaling among the top significant pathways (Figure 3B). This is in line with our 
observation that HNF4A-AS1 was down-regulated upon FFA and TNFα exposure in HepG2 
cells (log2FC = -0.50, Padj = 3.3x10-5 at 5h) (Figure 3C). Altogether, these observations 
suggest a potential role of HNF4A-AS1 in NASH, and we hypothesize that this lncRNA may 
regulate HNF4A function.

HNF4A-AS1: chromosomal location, structure and expression
HNF4A-AS1 is an antisense lncRNA located on chromosome 20. It overlaps with the intronic 
region of the HNF4A gene but has an opposite transcription direction (Supplementary 
Figure 8). Although their genomic locations overlap, there is no overlapping exon between 
HNF4A and HNF4A-AS1. We further assessed HNF4A-AS1 structure, cellular location and 
expression levels in different tissues and cell lines. Different from the structural annotation 
given in GENCODE, our RNAseq data from both liver biopsies and HepG2 cells revealed an 
additional exon (Supplementary Figure 8A and B). The existence of this exon was confirmed 
by data from the Human Body Map Catalog (Supplementary Figure 9). Exon-exon junction 
analysis revealed that the un-annotated exon comes from the negative strand and is 
linked to the antisense transcript HNF4A-AS1 (Supplementary Figure 9A). Moreover, this 
data showed that HNF4A-AS1 has more than two transcript isoforms (Supplementary 
Figure 9B and C). PCR analysis confirmed the presence of the two annotated isoforms, as 
well as un-annotated isoforms: transcript 1 without exon 2 and isoforms containing exons 
1 and/or 2 and 3 from transcript 1 with exon 2 from transcript 2 (Supplementary Figure 
10). Furthermore, among the different cell types from the ENA database, HNF4A-AS1 
had highest expression in HepG2 cells (Supplementary Figure 11A). In line with this, the 
HNF4A-AS1 lncRNA showed liver-specific expression when we compared its expression 

A. Gene expression heatmap of NASH-associated genes (n=3,960) at FDR<0.1. Each row represents 
normalized expression of a single gene (residuals after correcting for age, age2 and gender). Each 
column represent one liver sample. Lobular inflammation, NASH grade and NAFLD status (1=normal, 
2=NAFLD and 3=NASH) are presented on the top bars. B. Bar plot representing pathway-enrichment 
analysis on genes negatively associated with NASH. C. Bar plot representing pathway-enrichment 
analysis on genes positively associated with NASH. Enriched P-values are presented on the X-axis, 
pathways on the Y-axis. GO term, Gene Ontology term.
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among 20 different tissues (Supplementary Figure 11B). Liver-specific expression was also 
observed in the GTEx dataset 26.

Next, we compared the expression level of HNF4A-AS1 between different cell lines (five 
hepatocyte and two non-hepatocyte cell lines). HNF4A-AS1 showed different expression 
levels in different hepatocyte lines, but was not expressed in the non-hepatocyte cells 
(Supplementary Figure 11C). Furthermore, we found that this lncRNA is enriched in the 
cytoplasmic fraction of the cells (Supplementary Figure 11D).

HNF4A-AS1 is conserved in mice and downregulated in a diet-induced mouse mo-
del of NASH
HNF4A is highly conserved among species 27. At the HNF4A region of the murine genome, 
an antisense lncRNA is present that overlaps with the first intron of HNF4A, named 
HNF4Aos1 (Figure 4A). Interestingly, mouse HNF4Aos1 shows a high degree of sequence 
similarity with human HNF4A-AS1, indicating that this is the mouse homolog of HNF4A-

Figure 3. HNF4A-AS1 association with NASH in human livers and response to stimulation in 
HepG2 cells. 

A. Boxplot representing the correlation between HNF4A-AS1 expression (Y-axis) and NASH grade 
(X-axis). B. Bar plot representing the pathway-enrichment analysis of genes co-expressed with 
HNF4A-AS1 from the human liver dataset. C. Expression of HNF4A-AS1 (Y-axis) in HepG2 cells upon 
stimulation with TNFα (blue boxplots), FFA (green boxplots) and the control (red boxplot). Time in 
hours upon stimulation of corresponding stimuli is shown on the Y-axis. 
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AS1. An almost identical sequence is present at the 5’ end of the transcripts, in line 
with previous observations that conserved regions of lncRNAs are usually enriched at 
promoter and 1st exon regions 28. Next, we aimed to evaluate if HNF4Aos1 is dysregulated 
in an established diet-induced mouse model of NASH in which C57Bl6J mice are fed a 
HFC diet for 12 and 24 weeks. Interestingly, we observed here that hepatic expression of 
HNF4Aos1 was down-regulated 2-fold after 12 weeks on a HFC diet and down-regulated 
up to 10-fold after 24 weeks (One way ANOVA, P = 5.5x10-6) (Figure 4B). We also observed 
that these mice had pronounced liver inflammation and NASH activity score was highly 
correlated with HNF4Aos1 expression (r = -0.84, P = 3.78x10-6) but lower correlation with 
lobular inflammation (r = -0.39, P = 8.60x10-2; Figure 4C). In addition, the overlapping gene 
Hnf4a showed an up to 2-fold suppression of its expression in the 24-week HFC group 
(One way ANOVA, P = 1.9x10-4) (Supplementary Figure 12A) and a correlation with the 
NAFLD activity score (r = -0.80, P = 2.05x10-5) that was slightly lower compared to the 
antisense gene HNF4Aos1 but showed stronger correlation with lobular inflammation (r = 
-0.48, P = 3.22x10-2; Supplementary Fig. 12B). These results are in line with the results from 
both our human liver and in vitro HepG2 datasets.

Figure 4. HNF4Aos1 association with liver inflammation upon diet-induced NAFLD in mice. 

A. Chromosomal location of mouse HNF4Aos1 and HNF4A. Annotated transcript isoforms and 
location of primers used for qRT-PCR are represented. B. Relative expression of HNF4Aos1 (Y-axis) in 
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livers from mice fed chow diet for 12 week and mice fed high fat high cholesterol chow (HFC) diet for 
12 or 24 weeks (X-axis). C. Boxplots representing the correlation between the relative expression of 
HNF4Aos1 (Y-axis) and NAFLD activity score or lobular inflammation (X-axis). Lobular inflammation 
score is based on the number of inflammatory foci per five random fields at 200x magnification. All 
values per group are shown as mean ± SEM. Statistical significance was determined versus control 
group (12 weeks chow diet).

HNF4A-AS1 may regulate HNF4A expression and its downstream pathways 
To understand the function of HNF4A-AS1, we performed knock-down experiments of 
both HNF4A-AS1 and HNF4A in HepG2 cells using shRNAs. Two shRNAs were designed per 
gene, and each shRNA was designed to cover different exonic regions (Figure 5A). We first 
confirmed the suppressive effects of the shRNAs on their target genes (Figure 5B ). Next, we 
found that a 40-50% reduction of HNF4A expression led to a 70-80% reduction of HNF4A-
AS1 expression (Figure 5B). Conversely, we also observed that an 85% reduction of HNFA-
AS1 resulted in a 60-75% reduction in the expression of HNF4A (Figure 5B). Furthermore, 
many HNF4A downstream genes also showed 20-80% down-regulation in HNF4A-AS1 
knock-down cells. These down-regulated genes included the apolipoproteins APOC3, 
APOA5 and APOE; the glycolysis gene PKLR (pyruvate kinase, liver); the inflammatory gene 
MST1 (macrophage stimulating protein 1) and the coagulation factor F7 gene (Figure 
5C). However, no differences were observed in HNF4A protein levels (Figure 5D). A time-
course experiment in which cells were treated with TNFα for several periods of time (0h-
5h in intervals of 30 min) showed that HNF4A-AS1 expression was reduced by 30% at 1h 
(Supplementary Figure 13A), whereas HNF4A reduction by 30% was evident 30 min later at 
1.5h (Supplementary Figure 13B). In addition, downregulation of HNF4A-AS1 approached 
60% at 2.5 hours, whereas HNF4A was reduced by no more than 30% (Supplementary 
Figure 13A and B, respectively). Overall, these results suggest that HNF4A-AS1 and HNF4A 
may co-function in hepatocytes, particularly during NASH progression.  

Discussion
LncRNAs have been studied extensively in the last decade, particularly in the context of 
disease development. Because of their cell- and tissue-specific expression patterns under 
various conditions, lncRNAs have been suggested to play key regulatory roles inside cells, 
controlling chromatin states as well as epigenetic and post-transcriptional regulation of 
genes. In this study we detected lncRNA candidates involved in progression of NAFLD 
towards the inflammatory side of the spectrum by performing deep RNA sequencing 
of human liver samples and correlation analysis between lncRNA expression and NASH 
phenotypes. We detected 854 lncRNAs associated with NASH, 18 of which were validated 
in a cellular model of NASH. One specific lncRNA, HNF4A-AS1, showed the same direction 
of dysregulation in human and murine NASH. We propose that this lncRNA plays a role in 
the inflammatory component of NASH development.
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LncRNAs control several important aspects of liver function and have been reported to 
play significant roles in the pathophysiology of human liver injury and disease 29. It has 
been found that a set of lncRNAs is induced in response to inflammation and can regulate 

Figure 5. Effects of HNF4A-AS1 knockdown in HepG2 cells. 

A. Chromosomal location of human HNF4A-AS1 and HNF4A genes. Location of shRNAs (red bars) 
and primers (black arrows) used in the experiments are represented. B. Bar plots representing 
relative expression of HNF4A-AS1 (left) and HNF4A (right) genes on the Y-axis in HepG2 knockdown 
cells using four different shRNAs and one mock shRNA (X-axis). C. Bar plots representing relative 
expression of six HNF4A downstream target genes (Y-axis) in HepG2 cells knocked down with two 
shRNAs targeting HNF4A-AS1 and mock shRNA (X-axis). In all experiments, B-actin gene expression 
was used as control. Three replicates were included per condition. All values per group are shown as 
mean ± SEM. D. Western blot on HNF4A protein levels in HepG2 cells upon knock down of HNF4A-
AS1 with two shRNAs. Mock shRNA was used as control. Values represent mean of three replicates ± 
SEM, * = P≤0.05, ** = P<0.01.       
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inflammatory responses 30. Of the NASH-associated genes that we detected in the current 
study, several protein coding genes and lncRNAs were previously reported to have a role in 
inflammation. For example, lncRNA RP11-875O11.1, previously shown to be upregulated 
in PBMCs from patients with systemic lupus erythematosus 31, showed upregulation both 
in our human NASH samples and FFA/TNFα-exposed HepG2 cells. In addition, thymic 
expression levels of lncRNA AJ006998.2 were associated with an autoimmune disease risk 
SNP 32. Furthermore, lncRNA RP1-239B22.5 have been identified as candidate biomarker 
for myocardial infarction by analyzing microarray data from blood samples 33. RP11-91K9.1 
was upregulated upon stimulation with pro-inflammatory cytokines IL1α and platelet-
derived growth factor in smooth muscle cells 34, which is in line with our data showing 
upregulation of RP11-91K9.1 upon TNFα stimulation (chapter 5). In addition to these 
lncRNAs, our list of NASH-associated lncRNA candidates contains several lncRNAs for 
which the functions remain to be deciphered in functional experiments. Our results will 
therefore help to define the potential role of lncRNAs in NASH-associated inflammatory 
processes, and some of the lncRNA candidates may not be restricted to liver inflammation 
but to inflammation in general.

For further functional studies, we selected a lncRNA located in the intron of hepatocyte 
nuclear factor 4A (HNF4A): HNF4A-AS1. The functions of this lncRNA had not been 
reported so far. We found that HNF4A-AS1 is downregulated during NASH progression 
in both human and mouse livers. In HepG2 cells, downregulation was observed upon 
stimulation with the inflammatory cytokines TNFα and IL1β. Knock-down of this lncRNA 
had marked effects on HNF4A expression and on its downstream genes, supporting the 
idea that HNF4A-AS1 may regulate HNF4A and its downstream processes. Many studies 
have linked HNF4A function to liver inflammation. HNF4α represents a central regulator of 
gene transcription in hepatocytes during the acute-phase response (APR), by controlling 
the synthesis of many acute-phase proteins. A study performed in HepG2 cells revealed 
that the induction of an APR by the combined action of IL-1β, TNF-α and IL-6 reduced 
the expression of HNF4α-dependent APR genes by inhibiting its interaction with the 
coactivator Peroxisome proliferator-activated receptor-gamma coactivator-1 35. HNF4α 
has also shown sensitivity to the NF-κB pathway, a crucial signaling pathway that dictates 
cellular inflammatory responses. For example, it has been reported that exposure of 
HepG2 cells to TNF-α inhibits apolipoprotein C3 expression through its influence on NF-
κB, which targets HNF4α DNA binding affinity and transactivation activity 36. Control of 
HNF4α activity by cytokines could also be at the level of its interactions with the cofactors 
necessary to promote its optimal transcriptional activity. HNF4A-AS1 may be involved in 
some of these processes taking place in the cytoplasm, for example by regulating post-
transcriptional processes of HNF4A molecule. This is consistent with the results of our 
time-course experiments, which revealed that TNFα-induced HNF4A-AS1 downregulation 
preceded downregulation of HNF4A. However, we have not yet assessed the direct 
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interaction between HNF4A-AS1 and HNF4A and cannot establish a causal role of HNF4A-
AS1 down-regulation in NASH development at this stage. Future functional studies are 
required to substantiate our hypothesis. Furthermore, the discrepancy between protein- 
and mRNA-levels of the HNF4A gene after lncRNA down-regulation may be due to the 
fact that there are many processes between transcription and translation. Protein stability 
is also a major factor here: the half-life of different proteins can vary from minutes to 
days, whereas the degradation rate of mRNA would fall within a much smaller range 37. 
Therefore, more detailed analysis need to be performed.

In conclusion, this study reports on known and novel lncRNAs with a potential role 
in NAFLD and NASH development and progression. As research in this area moves 
forward, new causal mechanisms involving functional roles of lncRNAs are likely to be 
defined. Increasing our understanding of the lncRNAs functioning in the regulation of 
hepatocellular processes will provide novel targets for new therapeutic strategies for 
NASH and other metabolic liver diseases. 

Materials and methods

MORE cohort 
The study design of the MORE cohort was previously reported 15. In short, liver biopsies 
were taken from 92 individuals before undergoing bariatric surgery. For the current study, 
we selected 60 MORE subjects for whom a liver biopsy was available from the following 
three groups: 16 normal samples, 8 samples with NAFLD but not NASH and 36 samples 
with different degrees of NASH. Each individual was scored for seventeen histological 
parameters of liver pathology: steatosis, fibrosis, inflammation (lobular inflammation, large 
lipogranulomas, portal inflammation and microgranulomas), liver cell injury (ballooning, 
pigmented macrophages, acidophil bodies, megamitochondria and glycogenated nuclei) 
according to the scoring system described by Kleiner 16. Circulating levels of the liver 
enzymes aspartate-amino transferase and alanine-amino transferase were also measured 
and used for the analysis. The NAFLD activity score (NAS), NASH stage and NASH grade 
were calculated according to the Kleiner scoring system. Finally, samples were classified 
as normal, NAFLD or NASH samples, a category we named NAFLD status. 

RNA sequencing and data processing
Total RNA was extracted from frozen liver biopsies using the RNeasy Mini Kit (Qiagen, 
Hilden, Germany) and RNA quality was assessed on an Agilent 2100 Bioanalyzer system 
(Agilent Technology, Santa Clara, CA, USA). The average RNA integrity number (RIN) was 8. 
cDNA libraries were prepared from total RNA using SureSelectXT RNA Target Enrichment 
for Illumina Multiplexed Sequencing (Agilent Technologies), and subjected to 100-bp 
paired-end sequencing on an Illumina HiSeq2500 Platform (Illumina, San Diego, CA, USA). 
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Sequence reads from each sample were aligned to the reference human genome (UCSC 
hg19) in TopHat2 version 2.0.13. Reads aligned in TopHat were then assembled into a set 
of expressed transcripts and Rlog normalized using the DEseq2 package in R 17. Expression 
data was then corrected for age, age2 and gender (linear model, residuals calculated). To 
compare expression between genes, the data was additionally corrected for gene length. 
Principle component analysis was calculated in R. 

Correlation and pathway analysis 
Corrected gene expression data was correlated with NASH phenotypes using the 
Spearman correlation test and corrected for multiple testing (False Discovery Rate (FDR) 
q-values). The genes were considered significantly associated with NASH phenotypes at 
FDR q-value < 0.1. The same approach was used for calculating the co-expressed genes for 
HNF4A-AS1 (“guilt by association” approach), where we assessed whether the expression 
of HNF4A-AS1 correlates with the expression of the genes in cis (within 5 Mb distance) 
and in trans (genome-wide) at FDR<0.05. All significant correlations were analyzed for 
pathway analysis using the DAVID database (https://david.ncifcrf.gov).

Cell culture and stimulation experiments 
HepG2 cells (ATCC, Manassas, VA, USA) were kept at 37°C and 5% CO2. The cells were cultured 
in Dulbecco’s Modified Eagle’s Medium (DMEM) containing Glutamax, supplemented with 
1% (v/v) Penicillin Streptomycin (PS) and 10% (v/v) Fetal Calf Serum (FCS). Before their 
use in experiments, HepG2 cells were cultured in 6-wells plate in DMEM until ~60-70% 
confluent. When confluent, the cells were starved for 24 hours with starvation medium 
(DMEM+Glutamax and 1% PS, without 10% FCS). After 24 hours, cells were exposed for 24 
hours to media containing a combination of oleic acid and palmitic acid in a ratio of 2:1 
(FFA concentration of 10mM in 10% BSA, diluted 10 times in DMEM containing Glutamax 
and 1% PS, to final FFA concentration of 1mM) or 10% BSA medium (diluted 10 times 
in DMEM containing Glutamax and 1% PS). BSA medium was used as a control because 
FFAs are conjugated to BSA. After 24 hours, the media were aspirated and either refreshed 
or changed with FFA+TNFα (1mM FFA and 10ng/ml TNFα) medium. RNA was isolated at 
different time points, 0 minutes (only stimulated with FFA or BSA for 24h), 30 minutes, 3 
hours and 5 hours (BSA, FFA and FFA+TNF), using the TRIzol reagent.

HNF4A-AS1 and HNF4A knockdown
To knock down HNF4A-AS1 and HNF4A, we designed two short hairpin RNA (shRNA) 
cassettes for cloning into the lenti-viral pLKO TRC vector. The cassettes were specifically 
designed using the full HNF4A-AS1 and HNF4A sequences without overlapping with each 
other. For this purpose, we used the siRNA selection program (http://sirna.wi.mit.edu/) 
and designed four shRNAs (two for HNF4A-AS1 and two for HNF4A) and one mock shRNA 
(table 1). Cassettes were created by annealing of forward and reverse shRNA primer pairs. 
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Upon annealing of the oligos, the shRNAs were cloned into the pLKO TRC vector, and 
lentiviral particles were produced as described previously. 

Mouse model and liver histology
C57BL/6J mice were housed individually and fed ad libitum with either standard rodent 
chow diet (RMH-B, AB Diets, the Netherlands) or, starting at 8 weeks of age, a high-fat, 
high-cholesterol (HFC) diet (45% calories from butter fat) containing 0.2% cholesterol 
(SAFE Diets) for a period of 20 weeks. Prior to sacrifice, all animals were fasted for 4 hours. 
Liver tissues were snap-frozen in liquid nitrogen. The animal studies were conducted 
with the approval of Institutional Animal Care and Use Committee of the University of 
Groningen (Groningen, the Netherlands).

Liver histological analysis was performed as described previously 18. Briefly, snap-frozen 
liver sections were stained (H&R, ORO staining) and scored blindly by an experienced 
pathologist using an established scoring system for determining level and type of 
steatosis, as well as grade of lobular inflammation 16. Total RNA from the liver was isolated 
using the TRIzol reagent and subsequent cDNA was prepared with following quantitative 
real-time PCR (qRT-PCR). Primer sequences of all analyzed genes are shown in table 1.

Gene expression analysis
After RNA isolation, RNA quantity and quality were measured on an Agilent 2100 
Bioanalyzer (Agilent Technologies). cDNA was generated using the Transcriptor Universal 
cDNA Master kit (Roche, Bazel, Switzerland) according to the manufacturer’s instructions. 
Transcripts were quantified by SYBR green fluorescence (Applied Biosystems, Foster City, 
CA, USA) using 7300 Real-Time PCR system (Applied Biosystems). Relative expression was 
quantified using beta actin as an internal reference. Primer sequences of all analyzed 
genes are shown in table 1. Results are expressed as a mean ± SEM. Statistical analysis was 
performed in R using the unpaired Student’s t test. Results with P<0.05 were considered 
significant: *P<0.05; **P<0.001.

Determination of the cellular localization of HNF4A-AS1
Nuclear and cytoplasmic fractions were separated from HepG2 cells by adding 200 µL lysis 
buffer (140 mM NaCl, 1.5 mM MgCl2, 10 mM Tris-HCl pH 8.0, 1 mM DTT and 0.5% Nonidet 
P-40) to pellets of ∼4 million cells, followed by 5 min incubation on ice and centrifugation 
at 1000 g for 3 min at 4°C. The supernatant was collected as the cytoplasmic fraction. 
The pellet containing the nuclei was washed twice with lysis buffer. 1 ml TriPure reagent 
(Roche) was added to the cytoplasmic fraction (∼200 µL), nuclear pellet and total cell 
pellet. RNA was isolated as described before. Nuclear genes were normalized to U3 RNA. 
Cytoplasmic genes were normalized to 18S RNA. As controls for the fractionation, we used 
known nuclear and cytoplasmic lncRNAs: MALAT1 and NEAT for the nuclear fraction and 
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DANCR and OIP5-AS for the cytoplasmic fraction (primer sequences were taken from 19 

and shown in chapter 5/Table 1). The log2 ratio of cytoplasmic and nuclear fractions were 
calculated and plotted for each gene.
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Table 1. Primer names and primer sequences.

Primer Name 5’-3’ primer sequence

HNF4AAS_T2_FOR1 (qTR-PCR) GCTGGGCGTGTACTATAGATG

HNF4AAS_T2_REV (qRT-PCR) AGGGCTTGGGTTAGAGCTACA

HNF4AAS_T2_REV1 TGGGGAGATGAGATGAGGGA

HNF4AAS_T1_FOR1 CAACCACTGACCAAACTCCAG

HNF4AAS_T1_REV1 GAATCCTTGACCTGGTATCTGC

HNF4AAS_T1_REV2 CTGCTCACATCTCGTTACCTC

HNF4AAS_T1_REV3 TACCTATAGTACACGCCCAGC

HNF4AAS_T1_FOR2 CAACGGCAGATACCAGGTAAC

HNF4AAS_T1_REV4 CACGATCTTGGCTCACTATCTC

HNF4A_FOR ACTCCTGCAGATTTAGCCGG

HNF4A_REV GCATTTCTTGAGCCTGCAGT

APOC3_FOR GTGCAGGAGTCCCAGGTG

APOC3_REV AGTAGTCTTTCAGGGAACTGAAGC

APOA5_FOR GCCTTGAGCAAGACCTCAAC

APOA5_REV CCATCGTGTAGGGCTTCAGT

APOE_FOR GGTCGCTTTTGGGATTACCT

APOE_REV TTCCTCCAGTTCCGATTTGT

Bactin_human_FOR AGCCTCGCCTTTGCCGA

Bactin_human_REV GCGCGGCGATATCATCATC

mouse_HNF4aos_FOR GAGCACGTGTGTCCATTTGG

mouse_HNF4aos_REV GCCTTCATTTCTTGTCTGCG

mouse_HNF4A_FOR AAACACTACGGAGCCTCGAG

mouse_HNF4A_REV TCTACCACACATTGTCGGCT

shRNA1_HNF4Aas1_FOR CCGGTCTCAGCCACTACCCTATTAGCTCGAGCTAATAGGGTAGTGGCTG

AGATTTTTG

shRNA1_HNF4Aas1_REV AATTCAAAAATCTCAGCCACTACCCTATTAGCTCGAGCTAATAGGGTAG

TGGCTGAGA

shRNA2_HNF4Aas1_FOR CCGGGGGAAGCAAGTATAGATATGACTCGAGTCATATCTATACTTGCTT

CCCTTTTTG

shRNA2_HNF4Aas1_REV AATTCAAAAAGGGAAGCAAGTATAGATATGACTCGAGTCATATCTATAC

TTGCTTCCC

shRNA1_HNF4A_F CCGGCGTGGTGGACAAAGACAAGAGCTCGAGCTCTTGTCTTTGTCCAC

CACGTTTTTG

shRNA1_HNF4A_R AATTCAAAAACGTGGTGGACAAAGACAAGAGCTCGAGCTCTTGTCTTT

GTCCACCACG

shRNA2_HNF4A_F CCGGGCCTACCTCAAAGCCATCATCCTCGAGGATGATGGCTTTGAGGTA

GGCTTTTTG
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shRNA2_HNF4A_R AATTCAAAAAGCCTACCTCAAAGCCATCATCCTCGAGGATGATGGCTTT

GAGGTAGGC

shRNA_mock_FOR CCGGTTCTCCGAACGTGTCACGTGTCTCGAGACACGTGACACGTTCGG

AGAATTTTTG

shRNA_mock_REV AATTCAAAAATTCTCCGAACGTGTCACGTGTCTCGAGACACGTGACAC

GTTCGGAGAA
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Supplementary Figures

Supplementary Figure 1. Number of NASH-associated genes and their expression.

 A. RiboZero-based RNA sequencing yielded expression profiles of 50,475 genes, including 11,843 
long non-coding RNAs (lncRNAs), 19,894 protein coding genes, 11,522 pseudogenes and 6,726 small 
non-coding RNAs (sncRNAs). The percentage of different lncRNA categories is shown on the right. 
B. Rlog gene expression corrected for gene length (X-axis) among four different gene categories.
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Supplementary Figure 2. Principle component (PC) plot of NASH-associated genes. 

A. PC1 (Y-axis) and PC2 (X-axis) of liver transcriptome profiles from 60 severely obese individuals 
labeled based on NASH grade. B. PC1 (Y-axis) and PC2 (X-axis) of liver transcriptome profiles from 60 
severely obese individuals labeled according to batch of analysis.

Supplementary Figure 3. Number of correlations between genes and NASH phenotype. 

Number of significant correlations (FDR<0.1) is presented on Y-axis and 17 NASH phenotypes on 
X-axis. LncRNAs are represented in dark grey bars and all other gene categories (including protein 
coding genes) are shown in light grey bars.
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Supplementary Figure 4. Correlation between known and novel NAFLD genes and NASH 
grade in our data. 

A. Boxplots representing expression levels of RUNX1 (runt related transcription factor), PPARA 
(peroxisome proliferator-activated receptor alpha), SOD2 (superoxide dismutase 2) and inflammatory 
genes/ cytokines including TNFA, TLR4, IL18 on Y-axis with NASH grade shown on X-axis. B. Novel 
genes were detected to be associated with NASH: PAGE4 (P antigen family member 4) and CSNK1A1L 
(Casein Kinase 1 Alpha 1 Like) expression levels are presented on Y-axis and NASH grade on X-axis.
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Supplementary Figure 5. Correlation between lncRNAs and NASH phenotypes. 

A. Heatmap representing expression levels of 854 NASH-associated lncRNAs (Y-axis) across 60 
individuals (Y-axis). Different levels of lobular inflammation, NASH grade and disease status (normal, 
NAFLD or livers with NASH) are presented on the top bars. B. Boxplots representing the correlation 
between lncRNA genes DIO3OS and RP11-248E9.6 gene expression (Y-axis) and NASH grade on 
X-axis. 
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Supplementary Figure 6. Average liver expression levels of 18 lncRNAs associated with NASH 

and responding to TNFα and FFA treatment. 

Fragment per kilobase per million (FPKM) is presented on the Y-axis for each lncRNA (X-axis).

Supplementary Figure 7. HNF4A association with NASH. 

A. Correlation plot representing Spearman correlation coefficient values between HNF4A expression 
and NASH phenotypes. B. Boxplot representing the correlation between HNF4A expression (Y-axis) 
and pigmented macrophages (X-axis). 
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Supplementary Figure 8. Chromosomal location and exon structure of HNF4A-AS1 gene. 

A. Read distribution across exons from the liver data and B. from HepG2 data. The un-annotated 
region that revealed an extra exon is shown in both figures. Reads distribution is presented on the 
Y-axis and base pair position of chromosome 20 on X-axis.
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Supplementary Figure 9. Gene structure of HNF4A-AS1. 

A. Screenshot of IGV program representing the HNF4A locus from the Human body map data (RNA-
seq data). Liver coverage, exon-exon junctions and reads are represented in horizontal order (top to 
bottom). Exon-exon junctions from HNF4A (sense strand) are in red and from HNF4A-AS1 (antisense 
strand) are in blue. B. Sashimi plot (IGV) representing the number of exon-exon junctions between 
exons from Human body map (in red) aligned using reads from our data (in blue). C. Zoom in the 
HNF4A-AS1 region from B.
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Supplementary Figure 10. PCR analysis of the HNF4A-AS1 locus. 

The location of all forward and reverse primers are shown in the map (top) and results from the PCR 
analysis on electrophoresis gel (bottom).
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Supplementary Figure 11. Cell and tissue specific expression of HNF4A-AS1. 

A. Gene expression (Rlog normalized) of HNF4A-AS1 (Y-axis) across 57 different cell lines from the 
ENA dataset (X-axis). B. Expression (Rlog normalized) of HNF4A-AS1 (Y-axis) across 30 different 
tissues from the ENA dataset (X-axis). C. qRT-PCR representing HNF4A-AS1 expression relative to 
B-actin (Y-axis) in different hepatocyte cell lines (HepG2, Hep3B, Huh7, IHH: immortalized human 
hepatocytes, PHH: primary human hepatocytes) and non-hepatocyte cell lines (Hek293T and Hela). 
D. Ratio of cytoplasmic vs. nuclear expression measured by qRT-PCR (Y-axis) of HNF4A-AS1 and other 
control genes in HepG2 cells (X-axis).
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Supplementary Figure 12. HNF4A gene expression in mouse model for NASH and association 
with NASH phenotypes. 

A. Relative expression of HNF4A (Y-axis) in livers from mice fed chow diet for 12 weeks and mice fed 
HFC diet for 12 and 24 weeks (X-axis). B. Boxplots representing the correlation between the relative 
expression of HNF4A (Y-axis) and NAFLD activity score or lobular inflammation (X-axis) in mouse 
livers.
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Supplementary Figure 13. Time course of HNF4A and HNF4A-AS1 expression upon TNFα 
stimulation in HepG2 cells. 

A. Relative expression of HNF4A-AS1 (B-actin as control gene) is presented on the Y-axis and time 
after TNFα stimulation is presented on the X-axis. B.  Relative expression of HNF4A (B-actin as control 
gene) is presented on the Y-axis and time after TNF-α addition in the media is presented on the 
X-axis. qRT-PCR experiment.
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t Long non-coding RNAs (lncRNAs) have emerged as a class of regulatory 
entities for liver diseases but their role is largely unknown. The current study 
uses a functional genomics approach to identify the contribution of lncRNAs 
to the progression of nonalcoholic steatohepatitis (NASH). We generated an 
in vitro model to mimic different stages of NASH, by exposing HepG2 cells to 
free fatty acids (FFA) to mimic steatosis, followed by stimulation with tumor 
necrosis factor alpha (TNFα) to mimic inflammation. We also conducted RNA-
seq profiling in 60 human liver samples with various degrees of steatosis and 
inflammation and identified 4,367 genes that showed significant response 
to stimulation including 109 lncRNAs. Expression of 730 coding genes and 
18 lncRNAs were significantly associated with human NASH phenotypes at 
FDR<0.1, with a consistent effect direction. Notably, one novel intergenic 
lncRNA, referred to as lncTNF, showed a 20-fold up-regulation upon TNFα 
stimulation and was also positively correlated with lobular inflammation in 
human liver samples. lncTNF silencing in HepG2 cells resulted in reduced 
NF-kβ activity and lower expression of the NF-κB target genes A20 and IKBA, 
suggesting that lncTNF is involved in the NF-kB signaling pathway. This may 
open up new avenues to prevent NASH progression.
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Introduction
Non-alcoholic fatty liver disease (NAFLD) is a complex disease that develops as a result 
of fat accumulation in the liver (simple fatty liver) followed by liver inflammation (non-
alcoholic steatohepatitis - NASH) 1. During the fat accumulation processes, lipid molecules 
in the form of triglycerides accumulate in the hepatocytes, leading to liver steatosis 2,3. 
While the accumulation of triglycerides may be a protective mechanism in the liver, 
other toxic lipid molecules such as free fatty acids (FFA) may cause hepatocyte injury 
(lipotoxicity) 4,5. This process, probably in combination with other inflammatory processes 
outside the liver (e.g. via adipose tissue, gut microbiota), plays a central role in recruitment 
of innate immunity 6–9. The liver inflammation is further induced by various mediators 
including endotoxins, adipokines, cytokines and chemokines (e.g. tumor necrosis factor 
alpha - TNFα) 10. These molecules are secreted by different cells in the liver, including 
hepatocytes and immune cells such as neutrophils, macrophages, natural killer cells 
and lymphocytes 11. Furthermore, the secreted inflammatory mediators will activate 
downstream pro-inflammatory signaling pathways, including the nuclear-factor-kappa 
B (NF-kB) signaling pathway, that plays a role in NASH progression 12. NF-kB is a central 
pathway in inflammation and plays an important role in innate and adaptive immunity, 
inflammation, apoptosis and aging. 

In recent years functional genomics has become a powerful tool for understanding 
complex cellular processes by studying gene expression patterns in various conditions. 
This approach often involves high-throughput methods such as RNA-sequencing 
technology, a technique which allows scientists to detect a large proportion of functional 
RNA molecules known as long non-coding RNAs (lncRNAs) 13,14. Recently, we detected a 
liver specific lncRNA - LIVAR -  which is important for hepatocyte viability and protective 
during NASH development 15. In addition, many other lncRNAs have been linked to liver 
metabolism and liver disease 16. LncRNAs may play an important role in fat accumulation 
and liver inflammation during NASH progression, and studying non-coding and coding 
genes in parallel may lead to better understanding of underlying cellular processes. 

While much is understood about the relationship between steatosis and metabolic 
factors (e.g. over-nutrition, insulin resistance, hyperglycemia and metabolic syndrome), 
less is known about the mechanisms underlying the recruitment of immune cells and 
initiation of inflammatory response in the development of NAFLD. To identify genes 
and pathways involved in NAFLD, we generated a cellular model for NAFLD and NASH 
by stimulating human hepatocytes with FFA to mimic steatosis and with TNFα to mimic 
inflammation, then performed an RNA sequencing experiment to detect differentially 
expressed (DE) genes between these conditions at three time points. We also assessed 
whether hepatic expression of these genes and non-coding RNAs was also associated 
with NASH phenotypes by conducting RNA-seq profiling in 60 liver samples with various 
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degree of steatosis and inflammation. Our study provides a list of 4,367 genes that were 
differential expressed in stimulated hepatocytes, 763 of which were also associated with 
NASH phenotype. Furthermore, our study identified a novel lncRNA involved in the TNFα/
NF-kB signaling pathway, named lncTNF.

Results

Identification of protein-coding genes and lncRNAs response to stimulation
RNAseq profiling was conducted in HepG2 cells in 7 stimulated conditions and 4 control 
conditions: FFA stimulation (0, 30m, 3h and 5h), FFA+TNFa stimulation (30m, 3h and 5h) 
and BSA control condition (0, 30m, 3h and 5h) (Figure 1). There were three biological 
replicates at each condition. In this way, we profiled expression of 24,701 protein-
coding genes and 6,799 lncRNA transcripts in 33 samples from 11 conditions. Principal-
component analyses (PCAs) across all samples showed that HepG2 cells at different 
conditions exerted very distinct transcriptomes (Supplementary Figure 1B). Separate PCA 
analyses on 24,701 protein-coding genes and 6,799 lncRNAs showed consistently similar 
patterns (Supplementary Figure 1C and D, respectively). DE analysis was conducted 
between different conditions: 1) between FFA and BSA conditions to identify genes that 
responded to FFA stimulation, suggesting biological processes during fat accumulation; 
2) between FFA and FFA+TNFa conditions to identify genes that responded to TNFa 
stimulation, suggesting biological processes in liver inflammation; and 3) between 
FFA+TNFa and BSA controls to identify the accumulated effect of FFA and TNFa on gene 
expression.  This analysis identified 4,367 DE genes (4,258 mRNAs and 109 lncRNAs) at 
FDR<0.1 (Figure 2A and B, Supplementary Table 1), with most genes being specific to 
a certain condition while some shared between different conditions. For instance, 990 
mRNAs and 34 lncRNAs were only differentially expressed in FFA stimulation, while 807 
mRNAs and 27 lncRNAs were differential expressed in only the FFA+TNFa stimulation 
(Figure 2B). Notably, genes differentially expressed with FFA stimulation were mostly 
shared with other conditions, which was in line with the experimental setting that FFA 
stimulation is an initial step. Furthermore, Gene Ontology (GO) term analyses of regulated 
genes in each condition reveal that these regulated RNA transcriptomes clearly reflect the 
condition- specific metabolic responses. As shown in Figure 2C (Supplementary Table 2), 
TNFα DE genes were enriched in translational and transcription pathways, NF-κB signaling, 
Wnt signaling and liver development. FFA DE genes were enriched in oxidation-reduction 
processes, cell proliferation and lipid metabolism pathways. The combination of TNFa and 
FFA together showed enrichment of genes involved in cholesterol biosynthesis, ER stress, 
liver development and apoptosis. These results suggest that upon hepatocyte stimulation 
with FFA and TNFα, both protein-coding genes and lncRNAs may drive the underlying 
pathophysiological pathways described above. 
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Figure 1. Study overview: Stimulation of HepG2 hepatocytes with free fatty acids (FFA) to mimic 

liver steatosis and tumor necrosis factor alpha (TNFa) to mimic liver inflammation in NASH. BSA 

(Bovine Serum Albumin). 

Association of DE genes with NASH 
To determine which of the DE genes in the stimulated hepatocyte may have a role in 
NAFLD and NASH development, we conducted the RNAseq experiments in 60 human 
liver samples with different degrees of NASH. For this purpose, the expression values 
of 4,367 DE genes, that showed significant response in stimulated hepatocytes, were 
extracted from the human liver RNAseq dataset and correlated with NASH phenotypes. 
Spearman correlation analysis revealed that 763 of the hepatocyte DE genes showed 
association with NASH phenotypes at FDR<0.1 (Supplementary Table 3), with same effect 
directions in both datasets. This gene set includes 730 protein-coding genes, 18 lncRNAs, 
while other 15 being pseudogenes or processed transcripts. Some of the identified genes 
have been previously linked to NAFLD. For instance, we observed that genes involved in 
lipid and FFA metabolism such as APOC1, APOA2, PPARA and FADS2 were downregulated 
in both HepG2-stimulated data and in NAFLD livers (Supplementary Figure 2A-D). PPARA 
also plays a role in liver inflammation. Many other inflammatory genes including IL8, 
CCL20, TNFAIP3(A20) and TNFAIP8 were upregulated in both datasets (Supplementary 
Figure 2E-H). Furthermore, SOD2, a gene that protects cells from superoxide radicals, was 
upregulated upon FFA and TNFα stimulation (Supplementary Figure 2I), as well as in NASH 
livers. All these genes are known to play a role in NAFLD development 17–19. These results 
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show that DE genes that responded to TNFa and FFA stimulation in HepG2 cells may be 
involved in NAFLD and NASH and that the disease progression may be related to FFA- and 
TNFα-induced pathways.

Outside the established role of protein-coding genes, knowledge of the involvement 
of lncRNAs in NAFLD progression in the liver is limited. Our study identified 18 lncRNAs 
that showed consistent expression patterns in hepatocyte and human liver datasets 
(Supplementary Table 3). These lncRNAs mainly showed response to TNFα stimulation in 
hepatocytes (Supplementary Figure 3) and were associated with inflammation-related 
liver phenotypes (Figure 3A). 

lncTNF, a novel lncRNA involved in liver inflammation
An intergenic lncRNA located on chromosome 3 (q26.32), annotated as RP11-91KP.1, 
showed the strongest response to TNFα stimulation. This lncRNA was positively associated 
to lobular inflammation (r=0.58; P=9.7x10-7) in human liver samples (Figure 3B). The 
baseline expression of this lncRNA in hepatocytes was low but showed 20-fold increase 
upon TNFα stimulation after 3 hours (Figure 3C). Therefore, we named this lncRNA as 
lncTNF, that may play a role in liver inflammation. To further study the potential pathways 
in which lncTNF might be involved, we conducted pathways analysis on genes that co-
expressed with lncTNF. The RNAseq-data in the HepG2-stimulated dataset revealed 
15,381 genes co-expressed with lncTNF at FDR 0.05 (Supplementary Table 4). These 
genes were enriched in following pathways: protein polyubiquitination (FDR=1.50x10-2), 
positive regulation of apoptotic processes (FDR=1.60x10-2) and transcription processes 
(FDR=4.30x10-2) (Figure 3D). The RNA-seq data in human liver samples revealed 3,973 
genes co-expressed with lncTNF at FDR 0.05, which were enriched in inflammatory 
pathways (FDR=9.10x10-5), transcription processes (FDR=2.50x10-4) and negative 
regulation of apoptosis (FDR=1,40x10-2) (Figure 4D; Supplementary Table 5). All together, 
these results suggest that lncTNF may be involved in liver inflammation by regulating 
protein degradation, transcription processes, apoptosis and protein modification.

When comparing across different tissue types from public datasets, lncTNF showed 
highest expression in the liver and lower expression in breast, kidney, pancreas and 
parathyroid gland (Supplementary Figure 4A). In the same public dataset, we observed 
low expression of lncTNF in HepG2 cells (which is in line with our non-stimulated HepG2 
cells) and high expression in epithelial cell lines derived from mammary gland and 
pancreas (Supplementary Figure 4B). Next, lncTNF has two possible isoforms annotated 
in GENCODE. However, our RNAseq data supported the presence of the 2nd transcript 
isoform but very likely with a longer exon 3 (Figure 4A). We further conducted a qRT-PCR-
based analysis to confirm the response lncTNF upon TNFα stimulation. We assessed its 
expression every 30 minutes after stimulation. The data showed that lncTNF up-regulation 
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Figure 2. Differentially expressed genes upon FFA and TNFa stimulation. 

A. Heatmap of differentially expressed (DE) genes in each condition at FDR<0.1. Fold change of 
gene expression Z-scores is presented. B. Number and Venn diagrams of DE genes at FDR<0.1 in 
each condition for coding (left) and non-coding genes (right). C. Pathway analysis for DE coding 
genes including GO terms and FDR value for each condition. 
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started at 1.5 hours and reached up to a 25-fold increase at 2 hours (Supplementary Figure 
5A). This response was specific to hepatocytes, as the expression of lncTNF either did not 
show response in HEK293T (Supplementary Figure 5B) or only modest response in THP1 
cells (Supplementary Figure 5B). Interestingly, we noticed that lncTNF also responded 
to pro-inflammatory stimuli - specifically interleukin 1β (IL1β) - in a similar fashion 
(Supplementary Figure 5C). Both TNFα and IL1β activate the NF-κB pathway, suggesting a 
role for lncTNF in liver inflammation through NF-κB signaling. 

LncTNF is activated by NF-κB
To assess if the expression of lncTNF is activated by the nuclear factor NF-κB, we transduced 
HepG2 cells with adenovirus containing IκBα dominant negative construct (Ad5IκB). IκBα 
inhibits NF-κB by masking the nuclear localization signals of NF-κB proteins and keeping 
them in inactive state in the cytoplasm. TNFα-stimulation increased the expression of 
lncTNF but cells transduced with Ad5IκB blunted the TNF-induced expression of lncTNF 
(p=0.0006 at 2h and p=0.01 at 3h upon TNFα stimulation; Figure 4B). This suggests that 
the expression of lncTNF is controlled by NF-κB. In addition, we identified a putative NF-
κB binding site in the vicinity of the lncTNF promoter, indicating that the expression of 
lncTNF is directly regulated by NF-κB.

To investigate the role of lncTNF in inflammation, we stably silenced the expression of 
lncTNF using the pLKO-TRC lentiviral system and two shRNAs targeting different regions 
of lncTNF (Figure 4A). In non-stimulated and TNFα-stimulated cells, the expression of 
lncRNA was reduced by 30-50% upon shRNA expression (Figure 4C). We assessed the 
effect of lncTNF on global NF-kB activity, using a reporter assay to measure NF-kB activity 
in lncTNF-KD cells and control cells. The cells were transfected with NF-κB-reporter 
vector, as described in the materials and method section, and stimulated with TNFα. The 
activity of NF-kB (as measured by luciferase/renilla ratio) in lncTNF-KD cells was lower 
compared to the control cells, showing border-line significance at 12h (p=0.05) upon 
TNFα stimulation (Figure 4D). Next, we determined the expression of several NF-κB target 
genes and observed that the expression levels of TNFAIP3 (A20) and NFKBIA (IKBA) were 
reduced in lncTNF-silenced cells but was not statistically significant (Figure 4E). This was 
observed when cells were stimulated with TNFa but not in the control condition (non-
stimulated cells). However, the protein levels were not changed (Figure 4F). Furthermore, 
lncTNF expression was much higher in the cytoplasm compared to the nucleus of HepG2 
cells (Supplementary Figure 6). Altogether, these results suggest that lncTNF may act 
in the cytoplasm to control activity of NF-kB, however higher efficiency of knock-out 
experiments would be needed. 
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Figure 3. lncTNF expression in FFA- and TNFα-exposed HepG2 cells, and its correlation with 
NASH phenotypes in human livers. 

A. Correlation plot representing the correlation coefficients (Spearman) between 18 NASH-
associated lncRNAs that showed the same direction of dysregulation in the HepG2 model of NASH. 
Positive correlations are shown in yellow and negative correlations in blue. lncTNF, corresponding 
to RP11-91KP.1, is marked with a red arrow. Rows represent genes and columns represent NASH 
phenotypes. B. Correlation between normalized lncTNF expression (Y-axis) and NASH grade (X-axis) 
in human liver samples. C. Normalized lncTNF expression (Y-axis) in HepG2 cells upon exposure to 
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free fatty acids (FFA, green line), tumor necrosis factor alpha (TNFα, blue line) or control conditions 
(BSA: Bovine Serum Albumin, red line). Mean values for three replicates are presented. X-axis 
represents exposure time in hours. D. Gene ontology (GO) terms (Y-axis) and FDR corrected p-value 
(X-axis) as defined by DAVID. Genes co-expressed with lncTNF at FDR<0.05 were used as input for 
this analysis. Results from the HepG2 stimulated data are presented on the upper bar plot and from 
the human liver data on the lower bar plot.

Figure 4. LncTNF structure and function. 

A. Chromosomal location of lncTNF and read distribution based on the RNA sequencing in control 
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Discussion 
Hepatocytes are the most abundant liver cell type and are important in NASH 
development. NASH phenotypes like steatosis and ballooning occur in the hepatocytes 
20–22. In addition, many stress signals (e.g. lipotoxicity, oxidative stress, ER stress and 
inflammation) can affect hepatocyte function 21,23–27. In our study, we used the human 
hepatocyte cell line HepG2 as a model for NASH and stimulated it with FFA to mimic 
steatosis and with TNFα to mimic inflammatory processes in the liver. This allowed us to 
detect genes involved in different pathways, including redox processes, lipid metabolism, 
ER stress and NF-kB signaling. These processes have been shown to have important role in 
NAFLD pathogenesis 28, confirming the validity of our data. Furthermore, we detected 18 
lncRNAs with unknown function showing differential expression between the stimulated 
cells in different conditions, but also in the livers of NASH patients.

One of the most promising lncRNA candidates, RP11-91K9.1 (lncTNF), was shown to 
be upregulated after stimulation with the pro-inflammatory cytokines TNFα and IL1β. 
Furthermore, lncTNF positively correlated with inflammation in the livers of NASH patients. 
In line with our data, another study reported lncTNF upregulated upon stimulation with 
pro-inflammatory cytokines IL1α and platelet-derived growth factor (PDGF) in smooth 
muscle cells 29. Both TNFα and IL1β cytokines can activate the NF-κB signaling pathway, 
one of the main signaling pathways linked to liver inflammation 12,30. Prompt activation 
of NF-κB is critical for host defense against various classes of pathogens. After activation, 
NF-κB activates the expression of a set of genes, involved in different processes, such as  
proliferation, survival and differentiation of cells, as well as factors such as proinflammatory 
cytokines that control immune and inflammatory responses 31. Our data indicate that 
lncTNF is also an NF-κB target gene, as seen in the strong inhibition of lncTNF expression 
after overexpressing IkBa-SD. Near the transcription start site (TSS) of lncTNF, there are 
transcription factor binding sites (TFBS) for NF-kB suggesting direct regulation by NF-kB. 
However, the locus also consists of other TFBS for transcription factors that are NF-κB target 

(BSA treated, all time points) and TNFa stimulated cells (all time points). qPCR primers are located in 
exon 1 (forward primer) and exon 2 (reverse primer). shRNAs used for knock-down experiments are 
located in exon 1 (shRNA1) and exon 2 (shRNA2). B. Gene expression of lncTNF relative to the Bactin 
(Y-axis) measured by qPCR in HepG2 cells transduced with adenovirus containing IκBα dominant 
negative construct (Ad5IκB; IkBa-DN) and cells transfected with Cre adenovirus used as control 
(X-axis). Three time points were analyzed (0h or no stimulation, 3h and 5h of TNFa stimulation). C. 
Gene expression of lncTNF relative to Bactin (Y-axis) upon lncTNF knock down using two different 
shRNAs (shRNA1 and 2) and three time points (X-axis). As control, scrambled shRNA sequence was 
used (mock). D. The activity of NF-kB measured by luciferase/renilla ratio (Y-axis) in lncTNF-KD cells 
(shRNA1) compared to mock control cells (X-axis). Transfected cells were stimulated with TNFα for 6, 
12 and 24h or not stimulated at 0h. E. Gene expression level of A20 and IKBA relative to Bactin (Y-axis) 
in lncTNF-KD cells and mock control cells upon 3h TNFα stimulation. Western blots are represented 
from the same time points for A10 and IkBa proteins and Bactin as control. Values represent mean 
of three replicates ± SEM, * = P≤0.05, ** = P<0.01.  
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genes: c-Jun, CEBPB, p300, FOXA1 and FOXA2. The closest one is CEBPB (-9nt from TSS), a 
transcription factor that regulate genes involved in immune and inflammatory responses, 
and has a promitotic effect on many cell types such as hepatocytes and adipocytes 32. 
Therefore, the expression of lncTNF may be directly and/or indirectly regulated by NF-κB 
transcription factor.

NF-κB activation occurs in the cell cytoplasm. Canonical activation of NF-κB by TNFa 
occurs via recruitment of protein complexes that mediate signal-specific activation of IKK 
33. Upon activation, IKK phosphorylates IκB proteins (IκBα, IκBβ and IκBε) which triggers 
their K48-linked polyubiquitination and subsequent degradation by the proteasome. The 
three IκB proteins are regulated by different NF-κB mechanisms and IκBα is degraded 
most rapidly in response to inflammatory stimuli compared to other IκB proteins 34. These 
events allow translocation of NF-κB into the nucleus and activation of NF-κB target genes. 
In this way, genes that encode IκBα and A20 are being activated. After protein synthesis, 
IκBα binds to nuclear NF-κB complexes and inhibits their function by translocating NF-κB 
back into the cytosol 35. The ubiquitin-editing enzyme A20 also down-regulates NF-κB thus 
constitutes an additional negative feedback loop 36. A20 removes polyubiquitinin chains 
from RIP1 (one of the protein complexes that mediate signal-specific activation of IKK ) 
and IKKγ, which leads to destabilization of the IKK-activation complex. This process shuts 
down the inflammatory response. lncTNF knock down resulted in lower NF-kB activity 
and slight down-regulation of A20 and IκBα gene levels but not protein levels. The reason 
for this may be that the knockdown efficiency levels are modest (30-50% reduction), and/
or the proteins are stable for longer period 37. Based on our data, one hypothesis could be 
that lncTNF regulates polyubiquitination processes, a pathway that was also suggested by 
our pathway analysis, thereby regulating the inflammatory NF-κB response. However this 
hypothesis need further functional validation.

In summary, we presented a functional genomics approach that systematically compared 
HepG2 stimulation experiments to mimic NASH progression and the human liver samples 
with different degree of NASH. We reported 763 genes from which 18 are lncRNAs that 
are likely contributing to NASH progression. In particular, one lncRNA, lncTNF may have 
an important role in NF-kB signaling and regulate inflammation in hepatocytes and liver. 
Currently treatments options for NASH are limited and the mechanisms of progression of 
NAFLD into NASH are not completely understood. The discovery of lncRNAs associated 
with NASH can thus lead to a better understanding of NASH progression, and these 
lncRNAs may represent be possible targets or biomarkers for treatment of NASH. 
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Materials and Methods

Cell culture and stimulations experiment
HepG2 (ATCC) cells were kept at 37°C and 5% CO2. The cells were cultured in Dulbecco’s 
Modified Eagle’s Medium (DMEM) containing Glutamax, supplemented with 1% (v/v) 
Penicillin Streptomycin (PS) and 10% (v/v) Fetal Calf Serum (FCS). Before stimulation, 
HepG2 cells were cultured in a 6-well plate in DMEM until ~60-70% confluent. When 
confluent, the cells were starved for 24 hours with starvation medium (DMEM+Glutamax 
and 1% PS, without 10% FCS). After 24 hours, cells were stimulated for 24 hours with media 
containing a combination of oleic acid and palmitic acid in a ratio of 2:1 (FFA concentration 
of 10mM in 10% BSA, diluted 10 times in DMEM containing Glutamax and 1% PS, to final 
FFA concentration of 1mM) or 10% BSA medium (diluted 10 times in DMEM containing 
Glutamax and 1% PS). BSA medium was used as a control, because FFAs are first bound to 
the BSA to increase the uptake of FFAs in the cells. After 24 hours, the media were aspirated 
and either refreshed or changed with FFA+TNFα (1 mM FFA and 5 ng/ml TNFα) medium. 
RNA was isolated at different time points, 0 minutes (only stimulated with FFA or BSA for 
24h), 30 minutes, 3 hours and 5 hours (BSA, FFA and FFA+TNFα). In total we generated 33 
samples: 11 conditions with triplicates per condition. Before performing RNA sequencing, 
FFA stimulation was confirmed by performing Oil Red O staining (as described below) on 
HepG2 cells in an extra 6-well plate. TNFα stimulation was confirmed by qRT-PCR analysis 
assessing the gene expression of two well-established NF-κB downstream genes - A20 
and IκBα (Supplementary Figure 7A and B).

Oil Red O staining
Lipid droplets were stained with Oil Red O, according to the manufacturer’s instructions 
(Biovision, Lipid (Oil Red O) Staining Kit). Nuclei were stained with haematoxylin. HepG2 
cells were cultured in 6-well plates. When confluent, the cells were starved for 24 hours by 
adding serum free media in order to eliminate the effect of lipids from the serum. After 
starvation, cells were cultured in either FFA or BSA medium for 24 hours. Next, the cells 
were washed twice with PBS, followed by fixation in 4% formaldehyde for at least 1 hour. 
The cells were than washed twice with dH2O. After washing, 60% isopropanol was added 
for 5 minutes. Isopropanol was then aspirated, and cells were incubated 10-15 minutes in 
ORO solution while shaking the plate gently. Cells were than washed 5 times with dH2O to 
remove the excess ORO solution. After washing cells were stained with haematoxylin for 
30 seconds and washed thoroughly 5 times with dH2O to remove excess haematoxylin. 
Presence of lipid droplets was confirmed by light microscopy (Supplementary Figure 7C 
and D), followed by Oil Red O extraction from the lipid droplets using 100% isopropanol. 
Optical density was measured by ELISA plate reader at 500 nm (Supplementary Figure 7E).
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RNA sequencing and data processing
RNA was isolated using the Trizol method: 1 ml of Trizol was directly added to the cells 
in the 6-wells plates and RNA was isolated according to the standard protocol. RNA 
concentration was measured with Nanodrop 1000 and RNA quality with LabChip GX. 
Average RNA integrity number (RIN) was 8. Sample preparation (n=33) was done using the 
BiooScientific Nextflex kit, and paired-end sequencing was performed on the NextSeq500 
sequencer. On average, ~20 million reads (40 million pairs) were produced per sample 
(Supplementary Figure 1A). All RNA-seq reads were aligned to the human genome (hg19) 
using STAR 38 and Rlog normalized using the R package “DESeq2” 39. Principal component 
plots on all samples and conditions are presented in Supplementary Figure 1B-D. The 
DESeq2 package was also used to analyze DE genes in the conditions versus controls. 
We performed the following DE analysis: FFA vs BSA, FFA+TNFα vs BSA and FFA+TNFα vs 
FFA. DE genes were considered significant at FDR <0.1 and intersected with the human 
liver data as described below. The significantly DE genes at False Discovery Rate (FDR) 
<0.1 were used for pathway enrichment analysis using the DAVID database 40. Spearman’s 
rank correlation coefficients were used to calculate the co-expressed genes (“guilt by 
association” approach). The analyses were performed in R version 3.4.1.

RNA sequencing from liver samples
Liver biopsies from morbidly obese individuals (n=60; 16 normal samples, 9 with NAFLD 
but no NASH and 35 samples with different degrees of NASH) were taken before they 
underwent bariatric surgery 41,42. Total RNA was extracted from frozen liver biopsy samples 
using RNeasy Mini Kit (Qiagen, Hilden, Germany), and RNA quality was assessed on an 
Agilent 2100 Bioanalyzer system (Agilent Technology, Santa Clara, CA, USA). The average 
RIN was 7. cDNA libraries were prepared from total RNA, using SureSelectXT RNA Target 
Enrichment for Illumina Multiplexed Sequencing (Agilent Technologies), and were 
subjected to 100-bp paired-end sequencing on an Illumina HiSeq2500 Platform (Illumina, 
San Diego, CA, USA). Sequence reads from each sample were aligned to the reference 
human genome (UCSC hg19) in TopHat2 version 2.0.13 43. Reads aligned in TopHat2 were 
then assembled into a set of expressed transcripts and Rlog normalized using the DEseq2 
package in R 39. Expression data was than corrected for age, age2 and gender. Corrected 
gene expression data was correlated with NASH phenotypes using the Spearman 
correlation test and corrected for multiple testing (FDR q-values). The same approach was 
used to calculate the co-expressed genes (“guilt by association” approach). The analyses 
were performed in R version 3.4.1.

Correlation of lncRNA expression profiles with NASH phenotypes
The data was corrected for age, age2 and gender using a linear model that was run for 
all expressed genes. To determine the correlations between gene expression (n=763 DE 
genes from the hepatocyte data) and NASH phenotypes, Spearman’s rank correlation 
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coefficients were determined between gene expression values and the values of the 
measured traits, including NASH phenotypes. For these correlations, permutation testing 
was performed to estimate the FDR-corrected P-values. The same approach was used to 
calculate the co-expressed genes (the “guilt by association” approach). For these genome-
wide correlations, we made use of the FDR-corrected P-value. 

Recombinant adenovirus Ad5IκB and viral infection
The recombinant replication-deficient adenovirus Ad5IκB was generated as described 
previously 44. It encodes hemagglutinin-tagged dominant negative human IκB (IκBα 
S32A/S36A) under the control of CMV promoter. As control, Cre vector was used, which 
is under control of the CMV promoter as well as the IκBa vector. Ad5IkB was grown in 
HEK293 cells and purified by double cesium gradient and titered as described previously 
44. HepG2 were grown in 6-well culture plates in DMEM supplemented with 10% FBS and 
1% P/S. At 70% confluency, HepG2 cells were infected with Ad5IkB at a multiplicity of 
infection of 50. After 48h, virus-containing media was replaced with fresh media (controls) 
or media supplemented with TNFa (5 ng/ml) for 3 and 5h. All conditions were run in 
triplicates. After the indicated time intervals, cells were washed with ice-cold PBS, and 
RNA was isolated using the Tri-reagent as described below. cDNA was generated using 
cDNA Master kit (Roche) according to the manufacturer’s instructions. Quantitative real-
time PCR was used to measure the expression level of lncTNF. As a control gene, we used 
A20 gene expression (Supplementary Figure 8). Bactin was used as a housekeeping gene. 
All primer sequences are shown in table 1.

lncTNF knockdown
To knockdown lncTNF, we designed three short hairpin RNA (shRNA) cassettes for cloning 
into the lenti-viral pLKO TRC vector. The cassettes were specifically designed using the 
annotated lncTNF sequence. For this purpose, we used the siRNA selection program 
(http://sirna.wi.mit.edu/) and designed two shRNAs and one mock shRNAs. Cassette 1 was 
created by annealing of shRNA1_FOR: 

CCGGTTGCCAGAGTCTAGGAGTTAACTCGAGTTAACTCCTAGACTCTGGCAATTTTTG; 
and shRNA1_REV: 
AATTCAAAAATTGCCAGAGTCTAGGAGTTAACTCGAGTTAACTCCTAGACTCTGGCAA. 
Cassette 2 was created by annealing of shRNA2_FOR: 
CCGGGAGCGTCATCCATTAATGCTTCTCGAGAAGCATTAATGGATGACGCTCTTTTTG; 
and shRNA2_REV: 
AATTCAAAAAGAGCGTCATCCATTAATGCTTCTCGAGAAGCATTAATGGATGACGCTC. 
A mock shRNA hairpin was created based on oligos shRNA_mock_FOR : 
CCGGTTCTCCGAACGTGTCACGTGTCTCGAGACACGTGACACGTTCGGAGAATTTTTG; 
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and shRNA_mock_REV: 
AATTCAAAAATTCTCCGAACGTGTCACGTGTCTCGAGACACGTGACACGTTCGGAGAA. 

Upon annealing of the oligos, the shRNAs were cloned into the pLKO TRC vector and 
lentiviral particles were produced as described previously 45. Briefly, at 70% confluency, 
Hek293T cells were transfected (using PAI) with the vector containing lncRNA oligos 
together with the packaging vectors for lentiviral generation. After 48 hours, virus media 
was collected and filtered to remove cell debris. The media was used to transduce target 
cells (HepG2). At 70% confluency, HepG2 cells were transduced with virus media (in 6-well 
plates using 3 wells per virus media). GFP-transduced cells were used as a control for the 
transduction. After 48h, the media was changed with fresh DMEM medium without virus. 
The next day, puromycin selection was started (1 mg/ml medium) for up to 7 days when 
stable cells were generated.

Cytoplasmic/nuclear fractionation
Subcellular fractionation was performed as previously described 15. Briefly, full T75 flasks 
of HepG2 cells were harvested by trypsinization and centrifuged at 1000 x g for 5 minutes. 
Cell pellet was resuspended in 300µl of lysis buffer (140 mM NaCl, 1.5mM MgCl2, 10mM 
Tris-HCl pH8.0, 1mM DTT, 0.5% Nonidet P-40). Cells were incubated on ice for 5 minutes, 
followed by centrifugation for 5 minutes at 4°C and 1000 x g. The supernatant was 
collected in 2ml Eppendorf tubes as the cytoplasmic fraction. Another 200µl of lysis buffer 
was added to the remaining pellet, followed by centrifugation for 5 minutes at 4°C and 
1000 x g. Supernatant was transferred to the cytoplasmic fraction. The nuclear fraction 
was washed once more with 200µl of lysis buffer, followed by centrifugation for 5 minutes 
at 4°C and 1000 x g. The supernatant was discarded and the remaining pellet was used as 
nuclear fraction. RNA was isolated and samples were used for qPCR analysis.

RNA isolation, cDNA generation and qRT-PCR experiments
RNA was isolated using TRIzol reagent as described previously 15. Isopropanol- precipitated 
and ethanol (70%) – washed RNA pellets were dissolved in RNase/DNase free water. 
cDNA was generated from 1mg of RNA using the Transcriptor Universal cDNA Master kit 
(Roche) according to the manufacturer’s instructions. Gene expression was analyzed by 
quantitative real-time PCR (qRT-PCR) in an end volume of 10µl, with 5µl SYBR Green, 2µl 
cDNA template (20 ng), 2µl RNAse/DNase free water (MQ) and 0.5µl 6µM forward and 
reverse primers. The following program was used: 50°C/2 min; 95°C/10 min; 40 cycles with 
95°C/15 sec and 60°C /1 min. The plate was run on QuantStudio 7 Flex Real-Time PCR 
System (Applied Biosystems/ ThermoFisher Scientific) and the data was analyzed using 
standard curve method on QuantStudio Real-Time PCR software. Primer sequences are 
shown in table 1. Results are expressed as a mean ± SEM. Statistical analysis was performed 
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in R using the unpaired Student’s t test. Results with P<0.05 were considered significant: 
*P<0.05; **P<0.001.

Western Blot
The protein levels of A20 and IkBa were assessed by western blotting. Total cell lysates 
were extracted from cells treated with virus particles expressing shRNA1, shRNA2 or 
control (mock) shRNAs. Protein concentration was determined by Bradford assay (Bio-
Rad Laboratories, Hercules, USA) and proteins were separated by 10% SDS-PAGE and 
then transferred to PVDF membranes. The membranes were probed with A20 antibody 
of 89 kDa (1:1000) (Cell Signaling Technology) and IkBa antibody of 39 kDa (1:1000) (Cell 
Signaling Technology). Anti-beta actin antibody (1:1000) was used as a control (42 kDA, 
Cell Signaling Technology). Membranes were incubated overnight at 4°C, followed by 
1 hour incubation with HRP-labeled secondary antibody. The Femto kit (Thermo Fisher 
Scientific) was used for detection and the signal was quantified using the ChemiDoc 
XRS gel documentation system (Bio-Rad Laboratories). Experiments were performed in 
triplicate for all time points (3 and 5 hours of TNFα stimulation). The results were similar at 
all time points, therefore only the results at 3h TNFa stimulation are presented.

Dual luciferase reporter assay for measurement of NF-κB activity
The dual luciferase assay was used to explore the activity of NF-kB transcription factor 
in HepG2 cells expressing shRNA1/ shRNA2/ mock vector, upon TNFa stimulation. For 
these purpose, we used a κB-responsive luciferase reporter plasmid containing two 
canonical κB sites46. Renilla luciferase pRL-SV40 vector was used to normalize and reduce 
differences in transfection efficiencies and subsequent variations in these experiments. 
Cells were seeded in 6-well plates in triplicate for each condition. After attachment, at 
60-70% confluency, cells were co-transfected with 1900 ng of the 2κB-luc construct, 50 ng 
pRL-SV40/Renilla vector and 50 ng empty vector using Lipofectamine 3000 (Invitrogen, 
Carlsbad, CA). Transfection was performed according to the manufacturer’s protocol, 
using 7,5 ml Lipofectamine 3000 reagent. TNFa (10 ng/mL) was added into the wells of 
the stimulation group 48 h later. After incubation of 6, 12 and 24h with cell culture media 
containing TNFa, the cells were lysed in passive lysis buffer (Promega, Wisconsin, USA). 
Firefly and Renilla luciferase signals were measured by the Dual-Luciferase® Reporter 
Assay System (Promega) in Synergy H4 Hybrid Microplate Reader (BioTek, Winooski, USA). 
Relative luciferase activity (Luc), calculated by the ratio of Firefly and Renilla luciferase 
signals, was used to monitor NF-kB activity in lncTNF knock-down cells vs controls.
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Table 1. qRT-PCR primer names and primer sequences.

Primer Name 5’-3’ primer sequence

Bactin Forward AGCCTCGCCTTTGCCGA

Bactin Reverse GCGCGGCGATATCATCATC

RP11-91K9.1 (lncTNF) Forward CCCTGTGTGCTGGGATTAAA

RP11-91K9.1 (lncTNF) Reverse TCCATATCAAGTGCATCAAGAA

A20 Forward CACTGTGTTTCATCGAGTACAG

A20 Reverse GCAGTATCCTTCAAACATGGTG

IKBA Forward CTGGGCCAGCTGACACTAG

IKBA Reverse AGTCATCATAGGGCAGCTCG

U3 snoRNA Forward AACCCCGAGGAAGAGAGGTA

U3 snoRNA Reverse CACTCCCCAATACGGAGAGA

DANCR Forward CGTCTCTTACGTCTGCGGAA

DANCR Reverse TGGCTTGTGCCTGTAGTTGT

MALAT Forward GTGCTACACAGAAGTGGATTC

MALAT Reverse CCTCAGTCCTAGCTTCATCA

NEAT Forward CCTCCCTTTAACTTATCCATTCAC

NEAT Reverse TCTCTTCCTCCACCATTACCA

DANCR Forward AGGAGTTCGTCTCTTACGTCT

DANCR Reverse TGAAATACCAGCAACAGGACA

OIP5-AS1 Forward TGCGAAGAGACCACCAAA

OIP5-AS1 Reverse AGACAACATAGAGACACTTGCC
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Supplementary material

Supplementary Figure 1. RNA sequencing reads distribution and PC analysis. 

A. Distribution of total number of mapped sequencing reads from all 33 samples. B. Principal 
component analysis (PC1 on X-axis and PC2 on Y-axis) on all expressed genes; C. on lncNAs alone 
and D. on protein coding gene alone.
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Supplementary Figure 2. Normalized expression levels of known NASH dis-regulated genes 
in the HepG2 dataset. 

X-axis represents normalized gene expression level for the indicated gene and Y-axis represents 
duration (in hours) for the stimulation/ treatment condition of HepG2 cells: BSA in red, FFA in green 
and FFA+TNFα in blue.
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Supplementary Figure 3. 

18 lncRNAs which showed consistent expression patterns in challenged HepG2 cells and in human 
liver datasets. A heatmap representing the fold change of each lncRNA gene (Y-axis) relative to the 
BSA (control) or FFA treatment conditions (X-axis). 

Supplementary Figure 4. Exprssion levels of lncTNF in publicly available RNAseq datasets 
(European Nucleotide Archive). 

A. Normalized expression levels of lncTNF (Y-axis) across 30 different tissues (X-axis). B. Normalized 
expression levels of lncTNF (Y-axis) across 66 different cell lines (X-axis).
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Supplementary Figure 4. Exprssion levels of lncTNF in publicly available RNAseq datasets 
(European Nucleotide Archive). 

A. Normalized expression levels of lncTNF (Y-axis) across 30 different tissues (X-axis). B. Normalized 
expression levels of lncTNF (Y-axis) across 66 different cell lines (X-axis).
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Supplementary Figure 5. qRT-PCR expression of lncTNF upon different cytokine treatments 
and among different cell lines. 

A. Expression of lncTNF relative to B-actin (Y-axis) in HepG2 cells untreated (0h) or treated with TNFα 
for 30min-5h time intervals (X-axis). B. Expression of lncTNF relative to B-actin in HepG2, Hek293T 
and THP1 cells in untreated (0h) or TNFα treated (5h) cells. C. Expression of lncTNF relative to B-actin 
in HepG2 cells untreated (0h) or treated with IL1β for 3 and 5h.
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Supplementary Figure 6. Cellular localization of lncTNF in HepG2 cells.

The localization was assessed by measuring nuclear/ cellular expression ratio of lncTNF. DANCER 
and OIPS-AS1 were used as controls for lncRNAs expresssed in the cytoplasm, whereas MALAT1 and 
NEAT1 as controls for lncRNAs expressed in the nucleus.
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Supplementary Figure 7. Induction of inflammation and steatosis in HepG2 cells. 

A. qRT-PCR analysis assessing gene expression of A20 and B. IKBA genes to confirm successful TNFα 
treatment. C. D. Microscopy images to confirm induction of cellular steatosis by performing Oil Red 
O staining on HepG2 cells (BSA treated cells in C and FFA treated cells in D). Upper figures represent 
20x magnification and lower 40x magnification. E. Oil Red O extraction from lipid droplets of BSA 
(control) and FFA treated cells, measured by OD assessment on ELISA plate reader at 500 nm.
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Supplementary Figure 8. qRT-PCR measurement of A20 gene expression relative to B-actin 
gene (Y-axis) in HepG2 cells treated with Cre adenovirus (Ctrl) and Ad5IκB (IκBα-DN) 
adenovirus media (X-axis). 

Upon 48h transduction, cells were treated with TNFα for 0h, 2h or 3h as indicated on the X-axis.  
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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.



152   |   Chapter 6

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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Long non-coding RNAs (lncRNAs) are emerging as important players in biological 
processes in human physiology and disease 1. However, we have limited knowledge 
regarding the involvement of lncRNAs in the development of obesity, type 2 diabetes 
(T2D), and related comorbidities such as nonalcoholic fatty liver disease (NAFLD). NAFLD 
is a complex disease and the molecular mechanism behind the disease progression is not 
well understood. The first and the most benign NAFLD condition is non-alcoholic fatty 
liver (NAFL), or simple steatosis. However, 10-20% of the patients with steatosis will further 
develop non-alcoholic steatohepatitis (NASH), a more severe condition characterized by 
presence of inflammation and hepatocellular injury, which may lead to fibrosis, cirrhosis 
and hepatocellular carcinoma.

In recent years, several studies have identified well-defined mechanisms by which specific 
lncRNAs contribute to the development of NASH fibrosis 2, highlighting their importance 
in disease progression. Based on this evidence, it is clear that a deeper understanding 
of the molecular mechanisms by which lncRNAs contribute to hepatic steatosis, 
inflammation and fibrosis are needed. Furthermore, it is known that the expression of 
lncRNAs is context-specific. It is therefore important to detect the specific cell types in 
which lncRNAs function as well as the stage of disease progression at which disease-
related lncRNAs become dysregulated. 

This thesis aims to address these questions by combing transcriptome profiling in a 
patient cohort, functional genomics of an in vitro model to mimic disease progression and 
follow-up functional studies using various molecular techniques. The research described 
in this thesis highlights the importance of non-coding RNAs in NASH. Firstly, using high-
throughput technology, we show that lncRNAs, similar to protein-coding genes, show 
differential expression between livers of NAFLD patients and normal controls. Secondly, 
we employ functional genomic approaches in human cell lines to further characterize 
selected candidate genes. Going beyond associations, we report that specific lncRNAs 
may drive and regulate key processes in the liver such as hepatocyte apoptosis and 
inflammation. Furthermore, we show that enhancer RNAs (eRNAs) are expressed in the 
liver and show 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. The 
findings reported in this thesis, together with results from future studies on non-coding 
RNAs and current knowledge of coding genes, should increase our understanding of 
NASH pathogenesis and development, ultimately leading towards better therapeutic 
treatment for NAFL and NASH patients.
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Disease variants and the non-coding genome
Over the last two decades it has been shown that ~98% of the human genome is non-
coding and contains many regulatory elements 3,4. These regions can control mRNA 
levels of protein-coding genes in different ways. The importance of non-coding regions is 
highlighted by genome-wide association studies (GWAS) showing that the vast majority 
(~93%) of reported genetic variants lie in non-coding regions and are enriched for 
regulatory elements such as non-coding RNAs, enhancers, transcription factor binding 
sites and DNase I hypersensitive sites. One of the most prominent research directions 
has been the discovery of genetic variants that can explain variations in gene expression 
levels, which are known as expression quantitative trait loci (eQTLs). These studies have 
offered new promise for understanding the basic processes of gene regulation and for 
interpretation of GWAS. 

Consistent with other disease-associated SNPs, the majority of SNPs associated with 
cardiometabolic diseases affect gene expression levels. Of the 775 cardiometabolic SNPs 
(encompassing 366 independent loci) that we gathered from the Catalog of Published 
Genome-Wide Association studies (https://www.ebi.ac.uk/gwas/), 40% affect expression 
levels of genes located within a 250 kb region of the SNP, based on the blood eQTL 
browser 5, and thereby yielded a list of potential disease-predisposing genes (Chapter 2). 
However, additional analyses are required because eQTLs are frequently tissue-specific in 
their effect, context-dependent and may only be detected after induction or at a specific 
developmental stage 6,7. For example, eQTL tissue-specificity was addressed by Genotype-
Tissue Expression (GTEx) project 7,8. Here, genome-wide analysis in 44 tissues showed 
that eQTLs are significantly enriched for trait associations in relevant pathogenic tissues 
and explain a substantial proportion of the heritability (40–80%) 8. Furthermore, using 
DEPICT pathway analysis 9, we found that 27 genes (loci) are shared between two or more 
traits, showing considerable overlap between the genetic loci associated with different 
cardiometabolic phenotypes, with genes that control lipoprotein metabolism playing a 
central role (Chapter 2). Therefore, we propose a model where there is a strong connection 
between lipid traits and obesity, diabetes-related traits and cardiovascular disease, 
although the genetic connection between diabetes-related traits and cardiovascular 
disease is much weaker. Identifying such patterns helps to pinpoint critical mediators 
influenced by disease-associated variation. 

LncRNAs may contribute to NAFLD progression
Little is known about the role of lncRNAs in the development and progression of NAFLD, 
although growing evidence suggests that these molecules contribute to many of the 
pathophysiological mechanisms underlying the disease. In chapters 3, 4 and 5, we 
identified many lncRNAs associated with different NASH phenotypes and showed that 
some of these lncRNAs may be important players in the disease progression. Several 
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functional studies have been performed to reveal the involvement of lncRNAs in 
controlling hepatocyte viability, liver inflammation and regulation of HNF4A. 

In chapter 3, we identified a novel liver-specific lncRNA, which we named lnc18q22.2 
(HGNC name LIVAR – Liver Cell Viability Associated lncRNA), that showed elevated 
expression in the livers of NASH patients. lnc18q22.2 silencing affects hepatocyte viability 
and, based on our transcriptomic data and cell viability experiments, we hypothesized 
that this lncRNA inhibits hepatocyte apoptosis and necrosis and therefore has a protective 
role in hepatocytes. Hepatocyte cell death by apoptosis (programmed cell death) and/
or necrosis (non-programmed cell death) is increased in patients with NAFLD and in 
experimental models of steatohepatitis. The two fundamental pathways of apoptosis, 
the extrinsic (death receptor-mediated) and intrinsic (organelle-initiated) pathways, are 
involved in NASH 10. Free fatty acids (FFA) induce lipoapoptosis in hepatocytes by activating 
lysosomal pathway of cell death and sensitizing cells to cytokine toxicity 11. Furthermore, 
FFA can stimulate the intrinsic apoptosis pathway via JNK, leading to mitochondrial 
permeabilization, cytochrome c release and caspase activation 12. Inflammatory cytokines 
from visceral adipose tissue or enteric sources further sensitize the liver to oxidative stress 
and cellular injury. For example, TNFα can exacerbate NAFLD by inducing mitochondrial 
reactive oxygen species, by activating stress-related kinases that inhibit insulin signaling 
and promote gluconeogenesis, by suppressing anti-lipogenic effect to compound 
steatosis and by attenuating the anti-inflammatory effects of adiponectin and PPAR-γ 13. 
Other types of programmed cell death, such as necroptosis and pyroptosis, may also play 
a role in NAFLD 14. Notably, there is also crosstalk and/or overlap between the different cell 
death pathways 15. However, we still don’t know in which of these pathways lnc18q22.2 
plays a role. Therefore, the potential mechanism of action needs to be further studied.

Using deep RNA-sequencing in human liver biopsies, we have detected 854 lncRNAs 
associated with NASH (chapter 4). One liver-specific lncRNA, HNF4A-AS1, showed the same 
direction of dysregulation in human and murine NASH. We propose that HNF4A-AS1 plays 
a role in the inflammatory component of NASH development. Knock-down of HNF4A-AS1 
showed an effect on HNF4A expression and on its downstream genes, supporting the idea 
that this lncRNA may regulate HNF4A and its downstream processes. Many studies have 
linked HNF4A function to liver inflammation. HNF4-α represents a central regulator of 
gene transcription in hepatocytes during the acute-phase response 16. HNF4-α has also 
shown sensitivity to the NF-κB pathway, a crucial signaling pathway that dictates cellular 
inflammatory responses 17. Further studies are crucial to confirm the direct link between 
HNF4A-AS1 and HNF4A. 

In chapter 5, we reported 18 lncRNA candidates with unknown function showing 
differential expression between FFA- and TNFα- stimulated HepG2 cells and in the livers 
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of NASH patients. One lncRNA, RP11-91K9.1 (lncTNF), was 20-fold upregulated after 
stimulation with the pro-inflammatory cytokines TNFa and IL1b. Based on our functional 
experiments, this lncRNA may play important role in NF-κB signaling and may regulate 
inflammation in hepatocytes and liver during NASH development. NF-κB is one of the main 
signaling pathways linked to liver inflammation 18,19. Prompt activation of NF-κB is critical 
for host defense against various classes of pathogens. After activation, NF-κB activates 
the expression of a set of genes involved in different processes such as proliferation, 
survival and differentiation of cells, as well as factors such as proinflammatory cytokines 
that control immune and inflammatory responses 20. The precise role and mechanism of 
lncTNF is still not known and should be addressed in future studies.

The liver is comprised of four basic cell types: hepatocytes (parenchymal cells), hepatic 
stellate cells (HSCs), Kupffer cells (stellate macrophages) and sinusoidal endothelial cells. 
The focus of this thesis is on understanding lncRNA function in hepatocytes, as they are 
the most abundant cell type in the liver, comprising approximately 80% of the liver’s mass 
and performing the majority of hepatic functions, including those related to metabolism, 
synthesis, detoxification and storage. Moreover, excessive FFA are stored in hepatocytes, 
where they promote lipid toxicity, which causes ballooning and degeneration and eventual 
leads to cell injury and death. Hepatocyte damage stimulates an inflammatory response, 
activating macrophages and hepatic stellate cells 21. Hepatocytes injury also contributes 
to the initiation and progression of fibrosis through complex processes involving nearby 
cells 22. Although the studies described in this thesis are focused on hepatocytes, many 
of the lncRNAs that we detected in the liver may be functional in other liver cell types, 
therefore further investigation in this direction will be essential to better understand 
lncRNA function in NAFLD. 

More recently, a number of different inflammatory mediators released from adipose tissue 
and the liver/gut axis have been implicated in NASH pathogenesis. Thus, a ‘multiple hits’ 
hypothesis involving organ-organ interactions in NASH is also feasible 23. In this model, 
NASH pathogenesis is initiated by triggering of excessive oxidative stress by lipotoxic 
metabolites. This, in turn, drives hepatocyte death, inflammation and fibrosis. Additional 
pathogenic factors from other organs, such as gut-derived endotoxins resulting from 
increased gut permeability and gut dysbiosis and adipokines secreted from adipose tissue, 
are all considered crucial to NASH pathogenesis 24,25. It is therefore essential to consider 
studying lncRNAs in response to various stimuli involved in NASH, which will complement 
the knowledge of FFA- and TNFα- associated lncRNAs described in this thesis. 

Enhancer RNAs are associated with NAFLD
Many functional enhancers can be transcribed to generate non-coding enhancer RNAs 
(eRNAs) that are highly tissue- and context-specific. In chapter 6, we assess the association 
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between eRNA expression levels and NAFLD phenotypes and investigate whether these 
enhancers could control the genes in their vicinity. Many inflammatory genes showed 
co-expression with nearby predicted eRNAs, suggesting that they might be under the 
control of nearby enhancers. We also examine whether the genetic variants associated to 
liver and cardiometabolic traits co-localize, or are in close proximity with, these enhancers 
and if these variants affect the abundance of predicted eRNAs. However, 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 that are 
transcribed due to open chromatin. Therefore, all expressed eRNAs in this study represent 
predicted eRNAs through transcription. Further functional study is 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 in illustrating the mechanism of 
eRNAs. 

Future perspectives to study lncRNA function
The research in this thesis revealed that non-coding RNAs are involved in many pathways 
in the liver and may control several different elements of the liver function. We have 
shown that selected lncRNA candidates play a role in maintaining cellular viability and 
inflammatory pathways and that eRNAs may be involved in regulating genes for liver 
diseases and may mediate genetic susceptibility to complex diseases. However, to gain 
a more complete picture of the role of lncRNAs in liver disease, several challenges and 
bottlenecks need to be overcome. Moreover, moving from identifying associations and 
understanding mechanisms to clinical translation requires several essential steps, which 
I discuss below. 

Cellular localization of lncRNAs
To reveal lncRNA function, one starting point can be analyzing lncRNA localization both 
on the tissue- and subcellular-level. Techniques such as fluorescent in situ hybridization 
(FISH) 26 can provide important insights into the cell types that are important for their 
function and in which subcellular compartment they act. Another strategy may be to 
employ cell fractionation, a process that separates the nuclear and cytoplasmic fractions, 
followed by qRT-PCR to detect enrichment of RNA molecules of interest. The second 
approach was used this thesis to detect cellular localization of lncRNAs (chapter 3, 4 
and 5). We found the three selected lncRNA candidates to be enriched in the cytoplasm, 
therefore one hypothesis may be that these lncRNAs are responsible for regulating post-
transcriptional processes such as mRNA stability/ turnover and translational control. 
However, if a lncRNA is found in the cytoplasm, the first thing to check is whether it is 
associated with ribosomes and may be translated 27–29. Studies have reported ribosome 
profiling analysis to assess to what extent ncRNAs are translated into small proteins or 
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peptides 30. Ribosome profiling uses high-throughput sequencing to provide a global 
measurement of RNAs that are associated with ribosomes within cells to monitor RNA 
translation. However, this technique does not necessarily distinguish between RNAs that 
are truly translated and those that are just bound to ribosomes. In addition, most of the 
peptides translated from lncRNAs are likely to be highly unstable and nonfunctional 
30. Therefore, it remains to be discovered which lncRNAs are truly non-coding, and this 
requires development of novel techniques. It will also be interesting to uncover whether 
these concepts are general or cell-specific, and if translated lncRNAs are regulated in a 
pathophysiological manner.

Cytoplasmic lncRNAs can bind to mRNAs, leading to the recruitment of RNA-binding 
proteins (RBPs) that promote decay, RBPs that suppress translation, or factors that initiate 
translation. These processes may also be mediated via lncRNA-mRNA complexes that 
prevent microRNAs from binding to their target mRNAs 31. Therefore, to understanding 
the mechanism of action of lncRNAs, it is important to identify their interacting molecules. 
In the past few years, several methods have been proposed to detect such interactions 
between lncRNAs and proteins or nucleic acids. These include RNA-protein (crosslinking 
immunoprecipitation, CLIP) 32, RNA–RNA (crosslinking analysis of synthetic hybrids, 
CLASH) 33 or RNA-DNA (CHART 34,35 and ChIRP 36) interaction assays. However, due to 
the nature of the RNA molecule, many of these assays can detect non-specific binding, 
therefore including appropriate controls is essential 37.  

Manipulating lncRNA expression levels
To understand the functional roles of lncRNAs in the cell, scientists have applied similar 
strategies to those used to understand mRNA of protein coding genes, including gene 
modification, overexpression, knockdown or knockout strategies. 

RNA interference (RNAi) is one widely used method for gene silencing. In RNAi, expression 
of a target gene is silenced by selective inactivation of its corresponding RNA molecule 
by double-stranded RNA (dsRNA) 38,39. By using small interfering RNAs (siRNAs) or short 
hairpin RNAs (shRNAs), the silencing mechanism is established via post-transcriptional 
degradation of a target RNA molecule. shRNAs have several advantages over siRNAs, 
including that their mechanism of action is significantly more efficient as they use the 
miRNA pathway and that they can be continuously synthetized by the host cell and, 
therefore, their effect should last much longer 40,41. In this thesis, we used shRNA-mediated 
gene silencing to downregulate gene expression of selected lncRNA candidates: LIVAR 
(chapter 3), HNF4A-AS (chapter 4) and lncTNF (chapter 5). All three lncRNAs showed 
enrichment in the cytoplasm, showing that an RNAi strategy was suitable here as this 
method is useful to study trans-acting cytoplasmic lncRNAs. However, we had to take into 
consideration that RNAi-based gene silencing acts post-transcriptionally, and therefore 
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does not block the act of transcription. This may be important for lncRNAs, which may 
produce their effects via the mechanism of transcription. 

The discovery of short palindromic repeats (CRISPR)-associated protein 9 (Cas9) system 
has shepherded in a new era in targeted genome editing. Targeting of Cas9 to a region of 
interest results in a blunt double-stranded DNA break, which is subsequently repaired by 
small deletions or insertions 42. While these small changes are sufficient to disrupt protein-
coding gene function, they may not necessarily lead to functional loss of a given non-
coding gene because they lack an open reading frame 43. Therefore, several adaptations 
of this tool include deletion of the full-length lncRNA locus or its promoter sequence, 
mutation of putative functional domains (if known), or targeted interruption between the 
promoter and the RNA sequence. However, such large deletions may result in removal 
of regulatory regions, thus they may introduce many changes that are irrelevant to the 
function of the lncRNA under study. For example, promoter deletion may disrupt the 
expression level of protein-coding transcripts with which lncRNAs share a bidirectional 
promoter. Additionally, many lncRNAs initiate within enhancers 44, and in these cases 
disruption of the lncRNA promoter could cause unintended changes in gene expression. 
In addition, many regulatory regions are found through the gene body, so deletion of a 
lncRNA genomic locus will not cleanly separate out the role of the lncRNA from the role of 
other functional elements locating within the overlapping DNA region. These examples 
clearly highlight the importance of minimizing the removal/reorganization of regulatory 
factor binding sites or other regulatory elements within the DNA and of controlling for the 
addition of novel binding sites. 

To overcome these issues, scientists have developed a CRISPR interference (CRISPRi) 
system that enables recruitment of transcriptional activation or repression domains to 
defined sites within the genome to modulate transcription 45,46. One application of CRISPRi 
technology allows transcriptional repression of any gene via targeted recruitment of the 
nuclease-dead dCas9-KRAB repressor fusion protein to the transcription start site (TSS) 
by a single guide RNA (sgRNA) 46. This technique is highly precise as it acts only within 
a small window (1 kb) around the targeted TSS, and dCas9 confines only 23 base pairs 
of the targeted DNA strand 47,48. CRISPRi catalyzes repressive chromatin modification 
H3K9me3, which is highly specific with few or no off-target effects 46,49–51. Finally, these 
methods can be used to design CRISPRi libraries targeting thousands of lncRNA loci to 
screen for functional lncRNAs. The CRISPRi Non-Coding Library (CRiNCL) was designed 
in this way; it is a systematic screening approach that targets 16,401 lncRNA genes, each 
with 10 sgRNAs per TSS, followed by a pooled screening to identify lncRNA genes that 
modify robust cell growth in seven human cell lines 52. Therefore, one direction for further 
studies examining the NASH-associated lncRNAs reported in this thesis (chapter 4) and 
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FFA- and TNFα- associated lncRNAs in HepG2 cells (chapter 5) may include such a high-
throughput CRISPRi-based approach to screen for functional lncRNAs.

Clinical implication of lncRNAs in the liver
Abnormal expression of lncRNAs in the liver may affect many downstream genes and 
related signaling pathways, ultimately leading to disease. Therefore, manipulating 
the expression levels of these lncRNAs may be an important clinical tool. Furthermore, 
lncRNAs have cell- or tissue-specific expression, which means they harbor great potential 
as therapeutic targets. Oligonucleotide-based therapeutics have been proposed for post-
transcriptional targeting of any RNA of interest 53,54. These nucleic acid-based drugs (e.g. 
siRNAs, antisense oligonucleotides (ASO)) can target any unique region of the human 
transcriptome and, importantly, provide the ability to target the ‘undruggable’ portions of 
the genome. Although many questions and challenges remain to be addressed, nucleic 
acid therapeutics have been quite successful and lncRNA-targeted therapy has already 
been proposed in cancer. In this way, upregulated lncRNAs can be directly targeted by 
their specific siRNAs or ASO 55,56. For example, targeting of MALAT1 by siRNAs in human 
prostate cancer cell lines resulted in inhibition of cell growth, invasion and migration, 
and induced cell-cycle arrest 57. Furthermore, using genome editing methods such as 
CRISPR/Cas9, it is possible to achieve transcriptional silencing of lncRNA-expressing 
loci using CRISPRi 52. Targeted vector-based delivery has been proposed as a new 
approach to lncRNA-based therapy. In this way, introduction of tumor suppressor MEG3 
into hepatocellular carcinoma tumors effectively induced apoptosis in hepatocellular 
carcinoma cells 58. Although lncRNAs present important candidate therapeutic targets in 
cancer and other pathologies, more studies are required to better understand the biology 
of lncRNAs and lncRNA-targeting drugs. In this direction, the lncRNAs detected in this 
thesis may be a potential target for further treatment developments in NAFLD. Therefore, 
understanding lncRNA mechanisms of action and further functional studies on preclinical 
models will greatly promote the development of lncRNA-based diagnosis and therapy for 
various disorders including NAFLD.

In summary, the findings reported in this thesis extend our current knowledge and 
understanding of the molecular mechanisms of NAFLD by showing that non-coding RNAs 
may control several important biological functions. As a consequence, non-coding RNA 
deregulation can have a severe impact on cellular behavior, and thereby lead to disease. 
As research in this area moves forward, new causal mechanisms involving functional 
roles of non-coding RNAs are likely to be defined. Novel concepts related to lncRNAs and 
liver physiology have been successfully integrated into the drug development process 
to develop effective therapies. Continued efforts are still needed to further expand the 
current knowledge in order to develop lncRNA-based therapeutics for the treatment of 
chronic liver diseases. 
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Summary

Non-alcoholic fatty liver disease (NAFLD) encompasses a range of liver disorders, from 
simple deposition of fat in the liver (hepatic steatosis) to more severe phenotypes 
characterized by the presence of inflammation, ballooning and fibrosis (non-alcoholic 
steatohepatitis or NASH). Obesity is the major risk factor for NAFLD and, driven by the 
global obesity epidemic, NAFLD has become the leading cause of chronic liver disease 
worldwide. Notably, NAFLD progression to NASH is reversible up to a certain point, 
currently mainly via lifestyle interventions. However, 10-20% of NASH patients will 
progress further towards cirrhosis and hepatocellular carcinoma (HCC) which, in view of 
their increasing prevalence, will become frequent indications for liver transplantation.  It is 
therefore important to understand the mechanisms involved in NAFLD etiology, in order 
to prevent its development as well as its progression towards more severe conditions. 

The completion of the Human Genome Project in 2003 and the advance of high-
throughput sequencing technologies have led to a revolution in biomedical research. 
It has been estimated that protein-coding genes represent less than 2% of the human 
genome, while more than 98% of human genome is now considered as the non-coding 
genome. Interestingly, a large part of non-coding genome is found to be transcribed 
into non-coding RNAs (ncRNAs) that can participate in a number of critical biological 
processes, such as chromatin remodeling, gene transcription and protein transport and 
trafficking, thus implicating ncRNAs in a wide range of complex human diseases. However, 
the involvement of ncRNAs in the liver and in NAFLD development and progression is 
not well understood. In this thesis we aim to understand the role of ncRNAs in NAFLD 
by combining transcriptome profiling in a patient cohort, functional genomics in in vitro 
models to mimic disease progression, and follow-up functional studies using various 
molecular techniques. This research highlights the importance of ncRNAs in NASH. 

Firstly, the importance of the non-coding genome in complex diseases and traits has 
been revealed by genome-wide association studies (GWAS). Obesity is not only the risk 
factor for NAFLD, it is also associated with an increased susceptibility to type 2 diabetes 
(T2D) and cardiovascular diseases (CVD). In chapter 2, we provide an overview of the 755 
single nucleotide polymorphisms (SNPs), encompassing 366 independent loci, that have 
been associated to various cardiometabolic phenotypes, including obesity, T2D, CVD and 
NAFLD. By prioritizing candidate genes and performing pathway enrichment analysis, we 
show that there is a strong connection of lipid traits with obesity, diabetes-related traits 
and CVD, since lipid-trait-associated loci are the most commonly shared regions between 
cardiometabolic phenotypes. Furthermore, more than 90% of cardiometabolic SNPs are 
located in non-coding regions and are expected to have regulatory roles. Therefore, we 
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need to link genetic SNP variation to effects on gene expression levels to understand the 
mechanisms behind the associations identified in GWAS studies.

 In recent years, regulatory roles of ncRNAs in various diseases have been emerging. In 
particular, a number of studies have revealed that long non-coding RNAs (lncRNAs) can be 
involved in liver diseases. However, the involvement of lncRNAs in NAFLD and NASH was 
largely unexplored. In chapters 3, 4 and 5, we conducted various transcriptome analyses 
in liver biopsies from an obese cohort and in vitro cell models that mimic progression 
of NASH in order to detect and characterize lncRNAs associated with NAFLD and NASH 
phenotypes. We further conducted in vivo and in vitro functional analyses to understand 
the role of selected candidates. 

Hepatocyte apoptosis is a major feature of NASH that can lead to fibrosis and cirrhosis, 
which permanently damage and scar the liver, thereby disrupting essential hepatic 
functions. Preventing NASH from progressing to fibrosis and cirrhosis is therefore 
crucial and understanding the regulation of hepatocyte apoptosis will contribute to 
the identification of molecular targets that prevent NASH progression. In chapter 3, we 
report the discovery of lnc18q22.2 (Liver cell Viability Associated lncRNA - LIVAR), a liver-
specific lncRNA involved in cell viability that shows elevated expression in the liver of 
NASH patients. Silencing the expression of LIVAR resulted in either a lethal phenotype or 
decreased cell viability in four hepatocyte cell lines. Pathway analysis of LIVAR downstream 
genes indicated that LIVAR might be involved in mRNA translation, cell death, apoptosis 
and oxidative reduction. These results show that LIVAR plays a crucial role in hepatocyte 
viability and is likely to play a regulatory role by inhibiting hepatocyte apoptosis and 
necrosis. The discovery of LIVAR may provide new insights into the regulation of hepatocyte 
viability in NASH. 

Liver inflammation is a key feature when benign steatosis has progressed to steatohepatitis. 
However, the underlying mechanisms are still poorly understood, which severely limits 
treatment options. In chapter 4, we performed RNA sequencing on the livers of 60 
obese individuals with different degrees of NAFLD and report the expression levels of 
19,894 protein-coding and 11,843 lncRNA genes. The correlation analysis between gene 
expression levels and NAFLD phenotypes revealed 854 lncRNAs that showed association 
to NAFLD phenotypes, mainly to NASH grade and lobular inflammation. Co-expression 
analysis of lncRNAs and mRNAs of protein-coding genes suggested downstream effects 
of lncRNAs. Finally, we identified an antisense lncRNA at the locus of the HNF4A gene 
(HNF4A-AS1) that was strongly suppressed in human livers depending on the degree of 
NASH. In line with our observation in human samples, the mouse HNF4A-AS1 homolog 
lncRNA also showed down-regulation in the livers of mice with diet-induced NAFLD/
NASH. In vitro experiments in HepG2 cells showed that HNF4A-AS1 was strongly down-
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regulated upon TNFα exposure and knock-down studies revealed that HNF4A-AS1 may 
regulate the transcription factor HNF4A and its downstream pathways. 

Our human obese cohort with varying degrees of NASH can only identify proteins and 
non-coding RNAs associated to various NASH phenotypes. It remains a challenge to 
characterize their role in the progression of NASH. Therefore, in chapter 5, we used the 
human hepatocyte cell line HepG2 as a model for NAFL and NASH, which were exposed 
to free fatty acids to induce cellular steatosis. This was followed by stimulation with tumor 
necrosis factor alpha (TNFα) to mimic an inflammatory condition. Hepatocytes are the 
most abundant liver cell type and are strongly affected during NASH development. NASH 
phenotypes like steatosis and ballooning occur in the hepatocytes. In addition, many stress 
signals (e.g., lipotoxicity, oxidative stress, endoplasmic reticulum stress and inflammation) 
can affect hepatocyte function. We conducted whole genome RNA-sequencing upon 
stimulation at four time points and identified 4,367 genes showing significant response 
to stimulation, with 109 being lncRNAs. For 18 lncRNAs, the hepatic expression was also 
significantly associated to NASH phenotypes in our 60 obese individuals. Moreover, our 
data identified a lncRNA in the TNFα/NF-κB signaling pathway, which we named lncTNF 
(RP11-91K9.1). lncTNF showed 20-fold upregulation upon TNFα stimulation and was 
positively correlated with lobular inflammation in human livers. TNFα is a cytokine that 
can activate the NF-κB signaling pathway, one of the main signaling pathways linked to 
liver inflammation. lncTNF silencing in hepatocytes resulted in lower NF-κB activity and 
subsequent downregulation of A20 and IKBA, suggesting involvement in NF-κB activation 
pathways. Additional studies are needed to further validate these findings. 

In addition to lncRNAs, increasing evidence shows that enhancers can be also transcribed 
to generate non-coding enhancer RNAs (eRNAs). Enhancers are among the most important 
gene regulators in the cell. It has been shown that activation of enhancers and their 
transcribed eRNAs is highly tissue- and context-specific. However, the role of eRNAs in the 
liver and in NAFLD is not known. In chapter 6, we report 1,490 intergenic enhancers that 
are abundantly expressed in liver biopsies from 60 individuals. Among these, 289 eRNAs 
showed association with NAFLD and co-expression with nearby genes. These genes were 
enriched in disease-related pathways, including inflammatory pathways and response 
to lipopolysaccharide, suggesting potential involvement of enhancers in regulation 
of underlying genes and pathways. 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. 
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In conclusion, our studies have highlighted regulatory role of non-coding RNAs in NAFLD 
progression and we have characterized potential functions of several lncRNAs in liver 
viability, liver inflammation and hepatic function. Further functional studies are needed 
to better understand the mechanism of action of the ncRNAs described in this thesis. 
Altogether, the findings reported in this thesis, together with future studies on ncRNAs, in 
combination with the current knowledge on coding genes will increase our understanding 
of NASH pathogenesis and development. This will ultimately lead the way towards better 
therapeutic treatment for NAFLD and NASH patients. 
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Samenvatting

Niet-alcoholische leververvetting (“non-alcoholic fatty liver disease” of NAFLD) omvat 
een verzameling van leveraandoeningen, variërend van simpele leververvetting (niet-
alcoholische leververvetting ofwel NAFL) tot de meer ernstige vorm die gekarakteriseerd 
wordt door leverontsteking (niet-alcoholische leverontsteking ofwel NASH), die 
uiteindelijk kan leiden tot leverfibrose, cirrose en leverkanker. Overgewicht en obesitas 
zijn de grootste risico factoren voor het onstaan van NAFLD en door de huidige obesitas 
epidemie is NAFLD de meest voorkomende chronische leverziekte wereldwijd geworden. 
Leververvetting bij NAFLD patiënten is tot een zeker punt omkeerbaar, hetgeen in de 
meeste gevallen worden bereikt middels levensstijl interventies. Echter, bij 10-20% 
van de NASH-patiënten ontwikkelt de ziekte zich verder tot cirrose en hepatocellulaire 
carcinoma (HCC), in de naaste toekomst waarschijnlijk de meest voorkomende indicaties 
voor levertransplantatie. Vandaar dat het van belang is om de mechanismen te begrijpen 
die betrokken zijn bij het ontstaan van NAFLDen de progressie ervan naar ernstigere 
leveraandoeningen.

De voltooiing van het Human Genome Project in 2003 en de ontwikkeling van high-
throughput sequencing technologieën hebben geleid tot een revolutie in biomedische 
onderzoek. Er wordt geschat dat eiwit-coderende genen minder dan 2% van het 
menselijke genoom vertegenwoordigen, terwijl meer dan 98% van het menselijk 
genoom wordt gezien als niet-coderend. Interessant is dat een groot gedeelte van dit 
niet-coderende genoom vertaalt kan worden in niet-coderende RNA’s (ncRNA’s). Deze 
ncRNA’s blijken betrokken te zijn bij verschillende belangrijke biologische processen, 
zoals chromatine remodelering, regulatie van gen expressie en eiwit transport. Hierdoor 
is het dus goed mogelijk dat ncRNA’s betrokken zijn in verschillende ziekte processen. 
Echter, de betrokkenheid van ncRNA’s in de progressie van NAFLD is nog onduidelijk. 
In dit proefschrift proberen we de rol van ncRNA’s in NAFLD te begrijpen door het 
combineren van transcriptoom-analyse van een patiënten cohort, functionele genetica 
en in vitro ziektemodellen. Dit onderzoek heeft het belang van ncRNAs in de chronische 
leverziekte NAFLD aangetoond.

Allereerst hebben genome-wide associatiion studies  (GBAS) aanwijzingen opgeleverd 
voor het belang  van het niet-coderende genoom bij  complexe aandoeningen en 
eigenschappen. Obesitas is  een risicofactor voor NAFLD maar  is  ook  geassocieerd met 
diabetes type 2 (T2D) en hart- en vaatziekten. In hoofdstuk 2 geven we een overzicht van de 
755 single-nucleotide polymorphisms (SNPs), gelegen op 366 verschillende loci, die zijn 
geassocieerd met cardiometabole fenotypes waaronder obesitas, T2D, hart- en vaatziekten 
en NAFLD.  Door middel van het  prioriteren van kandidaat genen en het uitvoeren 
van  pathway enrichment  analyses tonen we aan dat bepaalde SNPs vaker voorkomen 
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in lipidtrait-geassocieerde loci. Hieruit concluderen we dat er een sterke connectie bestaat 
tussen lipid traits  en obesitas, diabetes en hart- en vaatziekten. Bovendien zijn meer dan 
90% van de cardiometabole SNPs gelegen in niet-coderende regionen van het genoom 
die naar verwachting een regulerende functie hebben.  Daarom moeten we, om  de 
mechanismen achter de gevonden GWAS associaties te verklaren, genetische SNP variatie 
vertalen naar effecten op gen expressie.

In de afgelopen jaren is aangetoond dat ncRNAs  bijdragen aanverschillende aandoeningen. 
Uit verschillende studies is gebleken dat met name lange niet-coderende RNAs (lncRNAs) 
betrokken te zijn in het ontstaan van leverziekten. Echter, de rol van lncRNAs in NAFLD 
en NASH is  nog onduidelijk.  In  hoofdstuk 3, 4 en 5  hebben we lncRNAs  ontdekt en 
gekarakteriseerd die betrokken zijn bij NAFLD en NASH. In deze studies hebben we 
gebruikt gemaakt van gekweekte cellen die de progressie van NAFLD naar NASH 
nabootsen en van verschillende transcriptie analyses in lever biopten van patiënten met 
zeer ernstig overgewicht. Om de rol van deze lncRNAs verder te begrijpen hebben we in 
vivo en in vitro functionele analyses uitgevoerd. 

Apoptose van hepatocyten is een belangrijk kenmerk van NASH en kan bijdragen aan 
het ontstaan van leverfibrose en uiteindelijk levercirrose. Fibrose en cirrose kunnen de 
lever permanent beschadigen waardoor essentiele leverfuncties worden verstoord en het 
is daarom van cruciaal belang om de ontwikkeling tot fibrose en cirrose te voorkomen. 
Daarnaast is het ook belangrijk om te begrijpen hoe apoptose in hepatocyten is gereguleerd, 
omdat dit mogelijk nieuwe therapeutische targets kan opleveren die de ontwikkeling van 
NASH kunnen voorkomen. In hoofdstuk 3 rapporteren we de ontdekking van lnc18q22.2 
(Lever cel Levensvatbaarheid Geassocieerde lncRNA - LIVAR), een lever-specifieke IncRNA 
betrokken bij de levensvatbaarheid van cellen. Expressie van IncRNA is verhoogd in de 
lever van patiënten met NASH. Uitschakelen van de expressie van LIVAR leidt tot een 
afname in de levensvatbaarheid van vier verschillende levercellijnen. Gen expressie 
analyses suggereert dat LIVAR een rol speelt in mRNA translatie, celdood, apoptose en 
oxidatieve reductie. Samenvattend laten deze resultaten zien dat LIVAR waarschijnlijk 
een cruciale rol speelt in het remmen van apoptose en necrose in hepatocyten. De 
ontdekking van LIVAR kan mogelijk bijdragen aan nieuwe inzichten in de regulatie van de 
levensvatbaarheid van levercellen tijdens de ontwikkeling van NASH.

Leverontsteking is een belangrijk kenmerk van de overgang van steatose naar 
steatohepatitis. De onderliggende mechanismen hiervan zijn echter nog steeds 
onduidelijk, hetgeen de diagnose en behandelingsmogelijkheden ernstig beperkt. 
In hoofdstuk 4 beschrijven hoe we RNA-sequencing hebben toegepast op de levers van 
60 personen met zeer ernstige overgewicht en met verschillende gradaties van NAFLD. In 
deze studie rapporteren we de expressieniveaus van 19.894 eiwit coderende en 11.843 



192   |   Samenvatting

lncRNA genen. De correlatieanalyse tussen de genexpressieniveaus en NAFLD fenotypes 
onthulde 854 lncRNA’s die associatie tonen met verschillende NAFLD fenotypes, 
voornamelijk met NASH en lobulaire ontsteking. Co-expressie analyse van lncRNA’s 
en mRNA’s van eiwit-coderende genen suggereerden “stroomafwaartse” effecten van 
de lncRNA’s. Ten slotte identificeerden we een antisense lncRNA gelokaliseerd in het 
HNF4A  gen (HNF4A-AS1). De expressie van dit lncRNA is zeer verlaagd in NASH en de 
mate van verlaging is gecorreleerd aan de ernst van NASH. In overeenstemming met deze 
waarneming in humane levermonsters vertoonde het muizen  HNF4A-AS1  homoloog 
lncRNA ook verminderde expressie in de levers van muizen met via het dieet-geïnduceerde 
NAFLD/NASH.  In vitro experimenten in HepG2 cellen toonden aan dat HNF4A-AS1  sterk 
neerwaarts werd gereguleerd na blootstelling aan TNFα en uit knock-down-studies bleek 
dat  HNF4A-AS1  mogelijk de transcriptiefactor HNF4A en daardoor de door deze factor 
gecontroleerde genen kan reguleren.

Met behulp vanns obesitas-cohort met daarin personen met verschillende stadia van 
NASH, kunnen we alleen eiwitten en (non-coding RNAs) identificeren die geassocieerd 
zijn met diverse NASH-fenotypen. Het blijft een uitdaging om hun rol in de progressie van 
NASH vast te stellen en nader te karakteriseren. Daarom hebben we in hoofdstuk 5 de 
menselijke levercellijn HepG2 als een model voor NAFLD en NASH gebruikt. Deze cellen 
werden blootgesteld aan vrije vetzuren om leververvetting te induceren. Vervolgens 
werd de tumor necrose factor-alfa (TNFα) gebruikt om ontsteking te simuleren. 
Hepatocyten zijn het meest voorkomende levercel type en belangrijk in de ontwikkeling 
van NASH. Fenotypen van NASH zoals steatose en ‘ballooning’, vinden in de hepatocyten 
plaats. Bovendien kunnen veel stress-signalen (bijvoorbeeld lipotoxiciteit, oxidatieve 
stress, stress van het endoplasmatisch reticulum en ontsteking) het functioneren van 
hepatocyten beïnvloeden. We hebben whole genome RNA-sequencing gedaan op vier 
verschillende tijdspunten tijdens inductie van steatose met en zonder TNFα en hebben 
daarin 4,367 genen geïdentificeerd die significant reageerden op debehandeling, hiervan 
waren 109 lncRNAs. Voor 18 lncRNAs, was de lever expressie ook significant geassocieerd 
met NASH fenotypes in onze 60 zwaarlijvige proefpersonen. Een van deze lncRNAs bleek 
een rol tespelen in de TNFα/NF-κB signaalroute, en daarom hebben we deze lncRNA 
lncTNF (RP11-91K9.1) genoemd. lncTNF liet een twintigvoudig hogere transcriptie zien na 
TNFα stimulatie en was positief gecorreleerd aan lobulaire ontsteking in menselijke levers. 
TNFα is een cytokine die de NF-κB signaalroute, een van de belangrijkste signaalroutes 
tijdens ontstekingsreacties, kan activeren. Onderdrukking van lncTNF transcriptie in 
hepatocyten resulteert in een lagere NF-κB activiteit, wat vervolgens resulteerde in een 
lagere transcriptie van A20 en IKBA. Dit suggereert dat lncTNF mogelijk betrokken is in de 
activatie route van NF-kB. Aanvullende studies zijn nodig om deze bevindingen verder te 
valideren.
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Groeiend bewijs laat zien dat, behalve lncRNA’s, ook enhancer regios vertaalt kunnen 
worden in RNA moleculen, ook wel niet-coderend enhancer RNA (eRNA) genoemd. 
Enhancers behoren tot belangrijke regio’s in het genoom die de transcriptie van genen 
reguleren. Het is aangetoond dat de activatie van enhancers en hun afgeschreven RNA’s 
(eRNA’s) sterk weefsel- en context-specifiek is. Het is echter onbekend wat de rol van eRNA’s 
in de lever en in het ontstaan van NAFLD is. In hoofdstuk 6 rapporteren we over 1.490 
enhancers die zich tussen genen bevinden die tot expressie kwamen in leverbiopten van 
60 personen met overgewicht. Hieronder waren 289 eRNA’s die geassocieerd waren met 
NAFLD en die co-expressie met naburige genen lieten zien. Deze genen waren verrijkt in 
ziekte-gerelateerde metabole processen, waaronder processen in ontstekingsreacties en 
werking van lipopolysacchariden. Verder werden de expressie van deze eRNA’s beïnvloed 
door genetische varianten die geassocieerd zijn met cardiometabole- en leverfuncties, 
waaronder 119 kwantitatieve expressie-eigenschap effecten met een FDR<0.05. De 
expressie van enhancers zou zo een belangrijk effect op de regulatie van cellulaire 
processen kunnen hebben, wat hen een potentieel belangrijk doel voor ziektepreventie 
en behandeling maakt.

De bevindingen in dit proefschrift, dragen sterk bij aan onze kennis van de ontwikkeling 
van NAFLD en NASH in de menselijke lever. Verdere functionele studies zijn nodig om de 
mechanismen te achterhalen hoe deze ncRNA’s aangrijpen op verschillende biologische 
processen. Deze kennis zal hopelijk leiden tot nieuwe therapeutische aangrijpingspunten 
om patiënten met NAFLD en NASH te behandelen.
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