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1 Abstract

Though Type 2 diabetes (T2D) is a global health threat, the underlying molecular mechanism of disease
etiology remains incompletely known. Manifestation of systemic insulin resistance is often noticed in a
late state and the lack of effective treatments results into missing reversion of disease progress.

The liver is the body’s most important organ for the maintenance of blood glucose, therefore a disruption
of hepatic metabolic pathways is likely causal for the hyperglycemic state in insulin resistance and T2D.
We suppose that this observed hepatic insulin resistance is mediated by epigenetic alterations, which
mirror influences of modern sedentary lifestyle and high fat and high sugar nutrition. The aim of this thesis
is to identify novel target genes and the underlying epigenetic regulatory mechanisms which contribute
to metabolic liver diseases in humans.

Dysregulated hepatic gene expression of pathways involved in hepatic lipid and glucose metabolism was
identified by TaqgMan and SYBR green qPCR. Site specific DNA methylation was analyzed by bisulfite
pyrosequencing in liver biopsies of 101 human obese T2D and non-diabetic (ND) subjects with different
stages of Non-alcoholic fatty liver disease (NAFLD) and carefully evaluated by respective regression
models. Functionality of altered methylation sites was estimated by Luciferase reporter gene assay and
electrophoretic mobility shift assay. Moreover, a systematic approach by microarray analysis was used
for the characterization of aberrant miRNA expression in diverse T2D related metabolic traits. Therefore
a smaller subset cohort of 40 liver biopsies, matched for age, gender, and BMI, was chosen as discovery
cohort and candidate miRNAs were validated by qPCR in the whole cohort. Potentially repressed
target genes were identified by in silico binding site analysis and validated by mimic transfection in cell
culture and subsequent gene expression measurement by qPCR. For a comprehensive evaluation, also
the induction of miRNA expression by insulin stimulation and the concentration in human serum was
examined.

We described for the first time a decrease of human hepatic TH signaling in T2D and NAFLD which
is mediated by reduced THRB expression. Moreover, we identified GALNT18 as novel gene involved
in age and obesity driven T2D manifestation, which is likely regulated by intragenic DNA methylation.
Methylation markers within ABCG1 and SREBF'1 emerged from blood-based epigenome-wide methyla-
tion studies and hence generated methylation scores could not be reproduced as significantly altered in
human liver. These results prove a missing functionality of these methylation sites in T2D manifestation.
Increased hepatic hsa-miR-~182-5p expression was identified as an regulatory mechanism for repression of
FOXO1 and LRP6 leading to enhanced de movo lipogenesis in T2D and NAFLD. We were also able to
reproduce an association of altered liver-specific hsa-miR-122-5p expression to aberrant glycemic traits
(blood glucose and HbAlc level) as well as for liver fibrosis and steatosis state in T2D. Moreover, hepatic
hsa-miR-223-3p expression correlated with lipid traits in an age dependent manner. Repression of possible
target genes involved in hepatic lipid metabolism could not be validated by correlation analysis for both
lastly mentioned miRNAs.

Finally, a complex regulatory network of IRS2 repression mediated by SREBF1 and Spl motif hyperme-
thylation and hepatic hsa-let-7e-5p overexpression emerged as proposed mechanism for the phenotype of
selective insulin resistance. Thereby CpG methylation is influenced by a genome-wide associated SNP
rs4547213 for T2D. Moreover, hepatic hsa-let-7e-5p expression is induced by acute hyperinsulinemia in
cell culture. This network was used to generate and evaluate different hepatic and blood-based models

by robust machine learning approaches as translation into clinical application.



2 Zusammenfassung

Die weltweite Priavalenz von Typ 2 Diabetes (T2D) hat in den vergangenen Jahren drastisch zugenom-
men und betrifft nicht nur Industrielander, sondern zunehmend auch Entwicklungslander. Eine Vorstufe
von T2D stellt die Insulinresistenz dar, die durch einen permanenten hyperglykadmischen und hyperin-
sulindmischen Zustand des Organismus gekennzeichnet ist. Im Verlauf der Erkrankung kann die In-
sulinsekretion des Pankreas den steigenden Bedarf an Insulin nicht weiter kompensieren, weshalb es zur
schlussendlichen Manifestierung des T2D kommt. Die genaue molekulare Ursache fiir den Beginn der
Insulinresistenz ist weitgehend unbekannt. Genetische Faktoren erkldren nur einen marginalen Teil der
zunehmenden Haufigkeit von T2D, wohingegen Umwelteinfliisse, wie durch ungesunde Ernédhrung verur-
sachtes Ubergewicht oder eine moderne, bewegungsarme Lebensweise mit wenig Sport, stark mit dem
vermehrten Auftreten von T2D verbunden sind. Diese Einfliisse spiegeln sich in der fehlerhaften Regu-
lation von Genen in Zucker- und Fettstoffwechselwegen wider, welche durch epigenetische Mechanismen,
wie DNA-Methylierung und Repression durch micro RNAs (miRNAs), verursacht werden.

Da besonders die Leber fiir die allgemeine Energiehomeostase verantwortlich ist, wird vermutet, dass eine
hepatische Insulinresistenz mitunter urséchlich ist fiir die Entwicklung von T2D. Diese Arbeit beschéftigt
sich daher mit der Identifikation von Schliisselgenen und dessen epigenetische Regulation, die in T2D
verandert ist.

Hierzu wurde die DNA-Methylierung an CpG-Oligonucleotiden und Genexpression spezifischer Gene von
101 Leberbiopsien adiposer Individuen mit verschiedenen Stadien der Leberverfettung, Insulinresistenz
oder Erkrankung an T2D, gemessen. Da durch Leberverfettung und -fibrose assoziierte Erkrankungen,
auch als Non-alcoholic fatty liver disease (NAFLD) bezeichnet, stark mit der hepatischen Insulinresistenz
verbunden sind, wurden ebenso die, durch Schulddriisenhormonen aktivierten, hepatische Signalwege
des Lipidmetabolismus untersucht. Dabei wurde zum ersten Mal im humanen System eine Repression
der THRB-Expression als mogliche Ursache der hepatischen Resistenz gegeniiber Schilddriisenhormonen
identifiziert.

Signifikante Unterschiede in der Methylierung wurden hinsichtlich eines regulatorischen Effekts durch
verschiedene Reporter- und Bindungsassays analysiert. GALNT18 wurde hierbei als neues Gen in der
T2D Manifestation identifiziert. Blutstudien-basierte Methylierungsmarker fiir T2D und Ubergewicht
sind hingegen in der Leber nicht verandert.

In einer kleineren Subkohorte aus 20 Typ 2-diabetischen und 20 nicht-diabetischen Individuen wurde das
hepatische miRNA-Expressionsprofil untersucht und mit verschiedenen T2D assoziierten Blutparametern
korreliert. Die miRNA hsa-miR-182-5p zeigte dabei eine starke hepatische Uberexpression in der gesamten
Kohorte, was die Repression zweier Gene, FOX0O1 und LRPG6, verursacht und so zu einer Verstarkten
de novo Lipogenese fithrt. Die miRNAs hsa-miR~122-5p und hsa-miR-223-3p zeigten Assoziationen mit
Blutparametern, jedoch konnte kein Zielgen hierfiir identifiziert werden.

Selektive Insulinresistenz der Leber, die vor allem durch anhaltende Gluconeogenese und gleichzeitiger Li-
pogenese gekennzeichnet ist, wird unter anderem durch eine fehlerhafte Regulation der IRS2-Expression
ausgelost. Als regulatorische Ursache dieser Repression wurde ein humanes Modell generiert, welches
eine Kombination aus intergenischer Hypermethylierung zweier Bindungsmotive fiir die Transkriptions-
faktoren Spl und SREBF1, Beeinflussung dieser Methylierung durch einen benachbarten T2D assoziierten
Polymorphismus, und Hyperinsulindmie induzierter hepatischer Uberexpression der miRNA hsa-let-7e-5p
beschreibt.

Schlussendlich wurden diese hepatischen regulatorischen Mechanismen der selektiven Insulinresistenz und
entprechend validierte, reprasentierende Parameter im Blut genutzt, um Klassifikations- und Vorher-

sagesysteme fiir T2D zu ergénzen und zu beurteilen.



3 Introduction

3.1 Type 2 diabetes - A modern pandemic

The number of patients diagnosed with diabetes rises continually and world-wide. This tendency is shown
by a drastic increase of patients with diabetes from 1980 (108 million) to 2014 (422 million) (Roglic and
Organization, 2016). This rise is not limited to the industrialized world, but affects also low- and middle
income countries (Whiting et al., 2011). The majority of all cases represents as Type 2 diabetes (T2D)
(Tamayo et al., 2016). In contrast to Type 1 diabetes (T1D), which has mostly a childhood or juvenile
onset and is characterized by deficient insulin production, T2D manifests mostly during adulthood due
to the inability of the body to response to insulin action and the inadequate response of pancreatic beta
cells to compensate for the higher demands on insulin.

Health cost estimates from Germany show that about 10 % of healthcare expenses are used for T2D
treatment costs with an upward tendency (Jacobs et al., 2017). Besides the cost factor, T2D as a disease
itself is a strong psychological burden for patients and family members. T2D is incurable and effectiveness
of common anti-diabetic treatments to control body glucose vary for each individual. Patients have to
monitor their blood glucose and insulin levels closely to avoid hyper- or hypoglycemia and -insulinaemia
which limits life quality. Carelessness could be fatal leading to coma and death. In 2016, the Word
Health Organization (WHO) states diabetes as the seventh leading cause of death with about 3.7 million
preventable incidences.

T2D is a chronic disease and characterized by progressive hepatic and systemic insulin resistance (IR),
decreased ability to produce endogenous insulin and sustained hyperglycemia and hypertriglyceridemia.
Comorbidities like hepatic fat accumulation, increased blood pressure and cardiovascular diseases might
emerge as interplay from additional risk factors like aging and obesity. Especially obesity and excess
visceral fat accumulation is a key driver of metabolic dysfunction and tightly linked to T2D. Furthermore,
T2D is a leading cause for blindness due to diabetic retinopathy, neuropathy, lower limb amputation and
kidney failure (Roglic and Organization, 2016).

A high fat and high sugar diet together with low exercise levels is leading to obesity. This excess in energy
uptake is stored as lipids in adipose tissue or fat depots of other organs, like liver or pancreas, damaging
and hindering other organs in their functionality (Liu et al., 2010; Singh et al., 2017). Besides obesity,
age is a major risk factor for T2D based on the senescence of cells within metabolic organs (especially
pancreatic beta cells) (Gong and Muzumdar, 2012; Palmer et al., 2015; Helman et al., 2016).

A genetic component, indicated by a history of family members suffering from T2D, is a strong risk factor
to develop IR and T2D. Therefore these factors besides lifestyle habits are mostly used to ”predict” one
individual’s risk to manifest T2D. Nevertheless, this rise in prevalence cannot be explained solely by
genetic inheritability and predisposition. It is rather assumed that environmental influences regarding
a sedentary and unhealthy lifestyle with less exercise, exposure to toxins (smoking) and high fat/high
sugar nourishment are the driving factors initiating the vicious cycle towards IR. To date, the underlying
molecular mechanisms of IR and T2D are not completely understood but hepatic dysregulated glucose and
lipid metabolic pathways contribute as key driver (Loria et al., 2013). Lifestyle interventions including
a change in diet, increased physical activity and weight loss result into more effective T2D prevention
strategies than medication.

It is mandatory to understand how modern lifestyle influences the manifestation of IR, disease progres-
sion towards T2D and the inheritability between generations to improve life quality of patients and to

counteract this modern pandemic.



3.2 The hepatic paradox of selective insulin resistance

The liver is the body’s most important organ to maintain normal glucose homeostasis during fasting and
feeding. During hunger periods, blood glucose levels are maintained for whole body energy homeostasis by
secretion of hepatic glucose due to gluconeogenesis or degradation of glycogen. Other lipid metabolizing
organs are also able to maintain tissue energy homeostasis by hepatic ketone bodies. Moreover, the liver
is able to store excess glucose as glycogen. Also free fatty acids can be metabolized by hepatic synthesis
of triacylglycerols, phospholipids or cholesterol, which are stored as lipid droplets or secreted as very low
density lipoprotein (VLDL) and high density lipoprotein (HDL).

Since a dysregulation of hepatic glucose or lipid metabolism leads towards an imbalance in energy
homeostasis and the hallmark markers of T2D, hyperglycemia and hypertriglyceridemia, these key path-
ways of the physiological and (known) pathological state should be mentioned.

3.2.1 The physiological state

In normal metabolism, an increase in blood glucose results into enhanced secretion of insulin by pancre-
atic beta cells. Insulin responsive tissues (liver, adipose tissue, skeletal muscle) increase glucose uptake
by specific transporters. In liver, insulin activates upon binding to the insulin receptor (INSR) a signal
cascade via Insulin Receptor Substrate 1 (IRS1), IRS2 and Protein Kinase B (known as PKB or AKT).
This cascades results into a decrease of hepatic glucose production by phosphorylation and cytoplasmatic
retention of Forkhead Box proteins (like FOXO1). Without phosphorylation, these FOXO transcription
factors translocate to the nucleus and enhance for example the expression of genes involved in gluconeo-
genesis. As an overall result, the liver maintains low blood glucose levels by storage of excess glucose
as glycogen by insulin induced inhibition of Glycogen Synthase Kinase 3 Beta (GSK38) and subsequent
activation of the Glycogen Synthase (GYS).

Also the hepatic conversion of glucose into lipids is tightly regulated by insulin. Insulin stimulates the
activation of Sterol Regulatory Element Binding Transcription Factor (SREBP-1c¢) and transcription of
its gene SREBF, which is a key transcription factor for enzymes involved in fatty acid and triglyceride
biosynthesis. As a result of this activated de novo lipogenesis, VLDL lipids are synthesized and either
secreted into the blood stream to be stored in adipose tissue or in hepatic lipid droplets. Hepatic
cholesterol storage is degraded either for fatty acid [-oxidation for extra hepatic energy gain during

fasting periods, synthesis of ketone bodies or used for the synthesis of bile acids.

3.2.2 Pathological state in Type 2 diabetes and liver steatosis manifestation

IR is a pathogenic state where the liver is not physiologically responding to elevated serum insulin
concentrations during feeding periods. A total hepatic insulin resistance caused by a complete block
of downstream signaling would rather lead to increased gluconeogenesis and simultaneously decreased
lipogenesis. Instead, the phenotype of selective insulin resistance is observed which is characterized by
persistent hepatic lipogenesis besides sustained gluconeogenesis (Brown and Goldstein, 2008; Samuel and
Shulman, 2012).

Careful analysis of two directly linked downstream molecular switches, Irs1 and Irs2, in respective knock-
out mice propose a potential mechanism behind this contradictory metabolic dysregulation, which depend
on the state (fasting or fed) and the zonation of the liver (Figure 3.1). This mechanism proposed sustained
gluconeogenesis in the hepatic periportal (PP) zone by impaired Irs2 signaling causing activation of
respective enzymes and pathways. In the perivenous (PV) zone, prolonged Irsl expression compensated
for decreased Irs2 and thereby maintains hepatic lipogenesis (Kubota et al., 2016). This is in accordance to
the observation of decreased IRS2 and unchanged IRS! expression in liver samples of human overweight
subjects with NAFLD (Honma et al., 2018). In contrast, also enhanced de novo lipogenesis induced by

increased IRS2 expression besides unchanged IRS1 levels was observed in liver samples of obese subjects



with progressive hepatic steatosis and inflammation (Rametta et al., 2013). These inconsistent results
indicate a high dynamic in overall disease progression and manifestation. Further studies in mice propose
an additional small scale time dependency on which protein is needed to transmit insulin signaling. Irs2
mediated signaling is active in both zones during fasting periods with low plasma glucose levels and Irsl
is mostly active after feeding in the PV zone (Kubota et al., 2008). Hence, the mechanisms which lead

to selective insulin resistance remain unclear.

Obesity and
sustained hyperinsulinaemia

\

PV zone

Selective insulin resistance:
IRS2 constantly repressed in PP zone Maintained insulin

Gluconeogenesis activated signalling from IRS1
Lipogenesis activated *
Lipogenesis
* Adapted from Kubota et al. 2016

Sustained hyperglycemia
Causing hyperinsulinaemia

Figure 3.1: Mode of selective insulin resistance based on the expression of IRS2. Lasting
IRS1 expression and repression of RS2 in the periportal (PP) and perivenous (PV) zone causing
sustained gluconeogenesis and lipogenesis, leading to enduring hyperglycemia and hyperinsulinaemia.
Figure adapted from (Kubota et al., 2016).

As already mentioned, sustained hepatic (de novo) lipogenesis results into obesity and fatty liver. In-
creased adipose tissue lipolysis and enrichment in serum free fatty acids have an reinforcing function
on hepatic fat accumulation. Fatty acid overdose lead to lipotoxicity and inflammation by sustained
oxidation for fatty acid disposal or formation of triglycerides to store fat as lipid droplets. Associated
diseases are called non-alcoholic fatty liver diseases (NAFLD) and contain different stages of progression
and severity. Simple steatosis and reinforcing hepatic inflammation lead to non-alcoholic seatohepatitis
(NASH), which is a precursor to cirrhosis due to increased tissue fibrosis. Persistent inflammation and
fibrosis is leading to hepatocellular cancer (HCC). NAFLD also worsens insulin resistance by inflamma-
tory responses to lipid accumulation and fibrosis which compromises hepatic metabolism. It is unclear
which mechanism initiated this cycle of lipid accumulation and insulin resistance though both hepatic
diseases are closely linked to each other. A recent meta analysis for NAFLD of approximately 8.5 million
subjects in scientific literature revealed a global prevalence of 25 %, whereby at least 50 % was further
associated to obesity and 25 % to T2D (Younossi et al., 2016).



A lack of hepatic thyroid hormone (TH) signaling was previously identified as contributor to the patho-
genesis of hepatic lipid accumulation and NAFLD (Pagadala et al., 2012). Hypothyroidism is also asso-
ciated with increased serum triglycerides and cholesterol levels and might be an important risk factor in
metabolic syndrome (Sinha et al., 2018).

In the physiological state, TH stimulate adipose lipolysis and the release of free fatty acid, which are used
by the liver for the synthesis of cholesterol or metabolized by [-oxidation. Hepatic de novo lipogenesis is
stimulated by TH and subsequent transcriptional activation of respective key enzymes (for example FASN
encoding Fatty Acid Synthase or ACACA encoding Acetyl-CoA Carboxylase Beta). Furthermore, TH
signaling induces Low Density Lipoprotein Receptor (LDLR) and Cytochrome P450 Family 7 Subfamily
A Member 1 (CYP7A1) expression, which results into cholesterol clearance by conversion of LDL into
bile acids (Ness, 1991).

The underlying mechanism of an apparent hepatic TH resistance which results into enhanced hepatic lipid
accumulation is not well understood. The coherence between TH, obesity and fat accumulation emerged
from human observational studies where active TH analoga resulted into improvement of obesity and
hypercholesterolemia (Krotkiewski, 2000). Additionally, the functionality of TH receptor /3 in respective
knock out mice is evaluated regarding an increased hepatic lipid accumulation upon disruption of THRB
gene (Araki et al., 2009). Thus a contribution of hepatic TH signaling to selective hepatic insulin resistance
besides NAFLD is feasible.

3.3 The deadlock of genome-wide association studies in deciphering a cause
of Type 2 diabetes

High throughput sequencing tools enabled the era of genome-wide association studies (GWASSs) to find
possible genetic predispositions and causes for a number of complex (non-Mendelian inherited) diseases.
In 2007, the first T2D related GWAS was performed identifying the single nucleotide polymorphism
(SNP) rs7903146 within Transcription Factor 7 Like 2 (TCF7L2), which is one of the most prominent
risk loci (Sladek et al., 2007). Since then, several GWAS identified additional 152 other loci in about 120
genes (Prasad and Groop, 2015). Altogether, these variants explain only a small proportion (less than
20 %) of the disease inheritability.

Association results from GWAS depend strongly on sample size. Therefore a recent large meta-study
including almost 900.000 individuals from 32 GWASs with European descent revealed about 243 loci
which were associated with a predisposition to T2D (Mahajan et al., 2018). Statistical analysis identified
51 signals with a causal relationship to T2D and within those markers, 43 SNPs which might contribute
to actual gene regulation. A validation of these statistical results by functional experiments or how these
alterations affect which tissue dependent metabolic pathway is still missing.

Besides studies for the association to the incidence of T2D, also GWAS regarding common risk factors
(obesity and age) or metabolic traits (fasting plasma glucose or insulin secretion) were performed (Spe-
liotes et al., 2010; Andersson et al., 2013; Hong et al., 2014). These results are mostly descriptive and
rely solely on statistical significance. Further evaluation whether these markers are associated to T2D
manifestation is performed by calculation of GWAS based genetic risk scores and cohort follow-up studies
(Lango et al., 2008; Meigs et al., 2008; van Hoek et al., 2008; Lin et al., 2009; Andersson et al., 2013).
Hence, addition of genetic scores to common risk factors only slightly improves risk group stratification
(Lango et al., 2008; van Hoek et al., 2008).

GWAS represent a suitable tool for large-scale data mining regarding disease associated biomarkers.
Unfortunately, in the field of causal T2D research, they lack for meaningful statements due to the missing
proof of function. Another limiting factor of GWAS is the diversity within populations, so these results
may apply only for one ethnic cohort. Also most T2D GWAS neglect the interplay between environment

and genetics or between several alterations.



3.4 Epigenetic - A fresh breeze in explaining the manifestation of complex
diseases

In general, the field of epigenetic is defined as the totality of all non-genetic modifications which influence

gene expression. The occurrence of epigenetic regulation on the genome is intuitive since it is mandatory

to allow the transcription of only a cell type specific set of genes for development of different cell and

tissue types within one organism.

EPIGENETICS

genome
Reading Writing (transcription) Execute (translation)
chromatin density DNA methylation noncoding RNA (ncRNA)
caused due to histone patterns expression

code

Figure 3.2: Layers of epigenetic regulation. Epigenetic mechanisms act on different layers includ-
ing chromatin remodelling which inhibits reading of genes, DNA methylation which inhibits binding of
transcription factors to the DNA and noncoding RNAs (especially micro RNAs) which mostly inhibit
translation of genes to proteins.

Three distinct methods of epigenetic regulation are known, which act on different transcriptional layers
(see Figure 3.2): The first layer is about changes in chromatin density which allows or represses transcrip-
tion (reading). Diverse modifications of specific histone protein residues, most commonly methylation,
acetlylation, phosphorylation and ubiquitinylation, are responsible for either a dense or a loose wrapping
of DNA around histones. These modifications are often referred as histone code to state the DNA den-
sity. The second layer contains covalent attachment of methyl groups to DNA bases, most commonly on
Cytosine of CpG oligonucleotides. The underlying mechanism are explained later in detail. Since DNA
methylation allows or represses transcription factor binding among others, this mechanism regulates the
writing process of genes into messenger (m)RNA. The last layer of epigenetic regulation interferes with
the translation of mRNA into proteins by binding of noncoding (nc)RNAs. These ncRNAs are most
commonly short-interfering (si)RNAs (viral origin) or micro (mi)RNAs (endogenously transcribed). The
processing of miRNAs and their function in translational interference will also be explained later.

The methods of this thesis will include only the analysis of transcriptional regulation by DNA methylation
and translational interference by miRNA. Both mechanisms are highly side- and gene-specific. Changes
can easily be quantified in small amounts of tissue. The scarce accessibility of human liver tissue is a
limiting factor which makes it impractical to perform studies for the discovery of chromatin structure

changes in T2D.

3.4.1 DNA methylation in physiology

DNA methylation is the covalent attachment of a methyl group to a nucleotide base which occurs almost
exclusively on Cytosines of CpG oligonucleotides. Also methylation in the context of CpT, CpGA or CpC
is described but in a way less pronounced manner. This non-CpG methylation is mostly observed in DNA

of pluripotent stem cells, neuronal and glia cells or in oocytes and therefore might have a neglectable



impact on metabolic diseases (Jang et al., 2017).

The human genome contains CpG island (CGI) within or distal to gene promoters, which are character-
ized by a high abundance of CpG oligonucleotides (> 50 %) across a stretch of 1000 bp. These CGI are
mostly unmethylated in the physiological state. Only a small tissue specific proportion is hypermeth-
lated leading to silenced gene expression. CGI hypermethylation of especially tumor suppressor genes is
commonly associated to cancer (Esteller, 2002). In contrast to promoter hypomethylation, gene bodies
are hyper- or fully methylated which correlates in a non-linear manner with enhanced gene expression
(Jjingo et al., 2012). This intragenic methylation occurs on single CpG sites or within intragenic CGlIs,
which regulate promoters for alternative transcripts (Maunakea et al., 2010). An influence of gene-body
methylation on splicing or transcriptional elongation is also reported (Shayevitch et al., 2018; Veloso et al.,
2014). Lastly, intergenic DNA methylation occurs on long distance regulatory elements which allows or
prevents the binding of transcriptional enhancer and repressor proteins. Binding of transcription factors
is not neccesscarily abolished upon methylation of CpG sites within the recognition motif. Methylation
sensitivity or even a higher affinity to methylated DNA is strongly dependent on the transcription factor
and presence of respective methyl-CpG-binding domains (MBDs) (Schiibeler, 2015).

Though the attachment of a methyl group is a covalent bond, methylation and demethylation is a highly
dynamic progress and changes during the differentiation of tissue types and development of organisms.
Hypermethylation occurs to silence genes in the context of genomic imprinting, as well to form Barr
bodies (X chromosomal inactivation in females). Also repetitive sequences which mostly originate from
viral genomes are highly methylated to silence possible damage. During embryonic development, the
parental imprint is completely deleted to achieve toti- and pluripotency and restored again by an unknown
mechanism. Also parental alterations of methylation are inherited throughout generations.

Only a small proportion of the genome is differentially methylated since most CpG sites are within
unmethylated CGI. These deferentially methylated regions (DMR) are highly tissue, cell and disease
specific and occur on transcriptional start sited (TSS), enhancer elements or transcription factor binding
motifs (Kitamura et al., 2007).

It is not clear, how timing and estabishment of methylation patterns on DNA is regulated. Nevertheless,
methylation and demethylation is an active progress performed by DNA-methyltransferases (DMNTs)
or ten-eleven translocation (TET) enzymes (Chen and Riggs, 2011). There are two types of DMNTs.
DMNT1 has a high affinity to hemi-methylated DNA and copies the parental methylation pattern during
DNA replication. DMNT3 (DMNT3a and b) appears to establish de novo DNA methylation by using a
third cofactor (DMNT3L) without catalytic function. It is hypothesized that either non-coding RNAs or
DNA binding transcription factors recruit DNA-methyltransferases. It is also controversially discussed
whether the establishment DNA methylation patterns is a cause of protein binding or a mechanism to
protect against gene activation by transcription factors (Schiibeler, 2015). The more consensual mecha-
nism how DNA methylation inhibits transcription factor binding is visualized in Fig 3.3. Demethylation
can occur by modification through TET enzymes or by basepair excision repair of the DNA by unknown
mechanisms (Chen and Riggs, 2011; He et al., 2011).

DNA methylation is known to interact with other layers of epigenetic regulation. DMNTSs can recruit
enzymes needed for histone modification to completely silence genes by tightening the chromatin structure
(Cedar and Bergman, 2009). Furthermore, methylation of promoters of miRNA genes inhibit miRNA
expression (Pheiffer et al., 2016). On the other hand, some miRNAs can bind to DMNT or TET mRNA
and inhibit translation of those enzymes (Wang et al., 2012).

Measurement of DNA methylation represents only a snap shot of the actual situation. Several methods
exist which work on a global or site specific level and which achieve different resolutions and valid
differences in DNA methylation. The following explanation will give a short description of three commonly
used techniques. All these methods have in common that they work with bisulfite treated DNA, where

unmethylated cytosines are converted into uracil and methylated cytosines remain.



Whole genome bisulfite sequencing (WGBS) based on Flow cells sequences the whole genome on a low
resolution level by a low average coverage of 5 to 10 reads per CpG site (Ziller et al., 2015). This enabled
the detection of DMRs instead of single CpGs sites. Besides a low resolution, DNA library preparation
and subsequent sequencing is expensive. Furthermore, data collection and analysis is time consuming and
has enormous memory requirements. The advantage of independence of assay design has to be evaluated
against sequencing costs and low coverage.

High throughput methods based on microarrays, as seen for GWAS, are also commonly used in larger
Epigenome-wide association studies (EWAS). Probe selection relies solely on assay design by manufacturer
and is rather optimized for analysis of aberrant promoter methylation in cancer. A revised version of these
arrays include more probes (approximately 850.000 instead of 450.000 probes) with a higher coverage of
predicted regulatory elements (Moran et al., 2015). Nevertheless, only single CpG sites are analyzed
which might only point towards a neighboring effect causing site. This method needs also a complex
measurement preparation, technical equipment and data analysis which causes high costs. Measurements
for data collection relies on probe hybridization which might be biased due to polymorphisms within a
CpG site itself or within the probe.

Due to the low coverage and concomitant low resolution, aberrant DNA methylation of candidate CpG
sites have to be validated by more sensitive methods. For this purpose, bisulfite pyrosequencing represents
the gold standard for the site-specific quantification of DNA methylation. This method is exclusively
used within this thesis and therefore will be explained in more detail in the methods section. It offers
a high resolution which is limited by the machine precision. Careful assay validation is further used to
estimate probable measurement bias which could have been introduced by upstream applications (DNA
extraction, assay design, amplification bias by polymerase efficiency). Since bisulfite pyrosequencing
is CpG site specific and limited to only few bases (mostly up to 100 bp), it is not applicable for whole
genome data mining. Nonetheless, a global comparison between 18 different laboratories revealed bisulfite

pyrosequencing as method with most consistent results (The BLUEPRINT Consortium et al., 2016).

\_/ @ methylated Cytosin

unmethylated Cytosin

Figure 3.3: DNA methylation abolishes binding of transcription factors (TF) to DNA
motifs. Physiological DNA methylation occurs on regions within gene promoters with high density
of CpG oligonculeotides, called CpG island (CGI), or transcriptional regulatory sequences (for example
enhancer elements). These covalent modifications are highly dynamic and can abolish or facilitate
binding of transciption factors. CpG oligonucleotides within gene bodies are mostly methylated.

3.4.2 Epigenome-wide association studies to elucidate the mechanisms of Type 2 diabetes

manifestation

Advanced technology enabled the era of EWAS in the context of complex diseases. Since non-genetic
risk factors like aging, weight gain, unhealthy food, a sedentary lifestyle and intrauterine inheritance of
parental DNA methylation patterns contribute more to the increasing prevalence of T2D, EWAS gained
particular interest for diabetes associated glycemic traits, obesity and lipid traits. Different human

studies on genome-wide changes in methylation were performed in DNA of blood leukocytes, skeletal



muscle, pancreas, adipose tissue and liver (see Table 1 for a detailed summary). Thereby two recurring
methylation markers, ABCG1 ¢g06500161 and SREBF1 cgl11024682, emerge from blood-based EWAS.
Human liver, adipose tissue, pancreas or skeletal muscle specific studies are mostly in a small scale case-
control design and mirror only a snap shot of the actual methylation pattern. Also methylation studies
on monocygotic twin discordant for T2D exist in a tissue-specific manner. However, blood-based human
studies offer the possibility of a follow-up analysis and offer a longitudinal study design. Blood drawing is
also a safe method which enables the collection of a large sample size and to increased statistical power.
As a result, most of these studies rely on small impact changes which become only apparent due to the
number of cases. These high throughput studies also lack any mechanistic information or reliable high
resolution validation. Furthermore, tissue specificity of DNA methylation patterns lead to the urgent
need for careful evaluation of blood-based candidate CpG site in the respective relevant tissue. Lastly,
DNA methylation is also dependent of the ethnicity, so further cross validation between populations are
needed.

The identification of biomarkers or the calculation of DNA methylation-based risk scores for T2D pre-
diction are two common approaches to translate EWAS results into a clinical application (Willmer et al.,
2018). But to the present day, these approaches preform rarely better than disease process prediction by

blood parameters.
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Table 1: Summary of recent metabolic Epigenome-wide studies.

indicated in bold.

Two most mentioned genes ABCG1 and SREBF1 are

Autor Top Candidates/Marker Significance Data Comments

Ahrens, 2016 PC, ACLY, PLCGI1, IGF1, IGFBP2, PRKCE FDR < 0.05 n = 63 liver biopsies, n = 23 postbariatric liver biopsies ~NAFLD, effect of bariatric surgery
Akinyemiju, 2018 IGF2BP1, ABCG1 p < E-07 HyperGen n = 614, buffy coat SNP information

Braun, 2017 DHCR24, CPT1A, ABCG1, SREBF1 p < 1.08E-07 nl = 725 discovery, n2 = 760 replication (Rotterdam),

Campanella, 2018

Chambers, 2015

Dayeh, 2014
Dayeh, 2016

Dekkers, 2016

Demerath, 2015

Dhana, 2018

Dick, 2014

Hedman, 2017
Hidalgo, 2014
Kirchner, 2016
Kriebel, 2016
Kulkarni, 2015

Lindholm, 2014
Nilsson, 2014

Nilsson, 2015

ABCG1

ABCG1, PHOSPHO1, SOCS3, SREBF1,
TXNIP

1649 CpG sites

ABCG1, PHOSPHO1, SOCS3, SREBF1I1,

TXNIP (Only these with T2D)
CPT1A, SREBF1, ABCG1

HIF3A, CPT1A, ABCGI,
KDM2B, PBX1, BBS2

LGALS3BP,

BRDT, PSMDI1, IFI44L, MAP1A, MAP3KS5;
ABCG1 and SREBF1 replicated

HIF3A

ABCG1, APOB
ABCG1

binding motifs of ATF
ABCG1

TXNIP, ABCG1

binding motifs of MRF, MEF2 and ETS
PPARG, KCNQ1, TCF7L2, IRS1

GRB10, ABCC3, MOGAT1, PRDM16, H19

p < 9.07E-08 -
3.27E-18
p < E-17

FDR
FDR < 0.018

p < E-07

p <
replication
E-08

FDR = 0.05

1.08E-07,
p <

p < 1.08E-07

p < 1L.1E-7

FDR < 0.10

p < 9.2E-5 - 0.047
FDR < 0.05 and P
< E-22

FDR < 0.05

FDR

FDR < 0.05

blood
nl = 1941, n2 = 358, blood

n = 13535 Indian Asians, n = 7066 FEuropeans
(LOLIPOP), blood

n = 34 (ND) and n = 15 (T2D), pancreatic islet cells
N = 258 (Botnia), blood

n = 3296 (Netherlands biobank), blood profile, mi-
croarray

nl = 2097 African-American (ARIC), n2 = 2377
(Framingham Heart Study), n3 = 991 (medication),
blood and n = 648 women (MuTHER cohort), blood
Rotterdam n = 1450 and ARIC n = 2097 replication
(African Americans), blood

European origin: Cardiogenics consortiom nl =
479 discovery, n2 = 339 first replication (MARTHA
study), n3 = 1789 second replication (KORA study),
blood; n = 635 (MuTHER study), adipose tissue

nl = 2306 discovery, n2 = 2025 replication, blood
Discovery nl = 544, replication n2 = 293, blood

n = 34 liver biopsies

n = 533 (KORA F4 cohort), blood

n = 850 Mexican-American, blood

n = 23, skeletal muscle
nl = 120, n2 = 56, n3 = 40, n4d = 28, adipose tissue

n = 95 liver biopsies

Obesity and colorectal cancer

Score based on 5 markers, longitudinal
with 8 year follow-up

T2D, further validation

Replication of markers from other
study

Mendelian randomization for cause-
consequence

Obesity

BMI and waist circumference

Influence of a SNP on methylation, sig-

nificant in blood and adipose tissue

Cardiovascular, lipid traits
HOMA-IR, SNP information

T2D

Glucose metabolism and obesity

T2D, HOMA-IR and fasting blood glu-
cose; SNP information

before and after training

T2D, Twin-study (n4, n3) and case-
control (nl1, n2)

T2D



¢l

Nitert, 2012

Orozco, 2018

Pfeiffer, 2015

Ribel-Madsen, 2012

Sayols-Baixeras, 2016

Truong, 2017

Volkmar, 2012

Wahl, 2016

Walaszczyk, 2017

LOLIPOP ..

MAPKI1, MYO18B, HOXC6, PRKAB1

24 genes, also FASN, SLC1A4, CPEB4
ABCG1, MIR133B/SREBF1, TNIP1

PPARGCI1A (muscle), HNF4A (adipose)

SREBF1, SREBF2, PHOSPHO1l, SYN-
GAP1, ABCG1, CPT1A, MYLIP, TXNIP,
SLC7A1l

ABCG1, PHGDH

276 CpG sites

187 CpG sites (including SREBF1 and
ABCG1)
ABCG1, LOXL2, TXNIP, SLCI1AS5,
SREBF1

The London Life Sciences Prospective Population; ARIC ..

p < E-08
p < 1.1IE-07

p < 0.05 (Westfall-
Young resampling

adjustment)
°

p < 8.4E-6 discov-
ery, p < 0.0091
replication

?

p < E-07

p < 0.00009

n = 28 with and without family histroy, n = 18 twins,
skeletal muscle

n = 201 (METSIM cohort), adipose tissue

nl = 1776 (KORA F4 study) discovery, n2 = 499
(KORA F3 study) and n3 = 472 (inCHIANTI study),
blood; n = 634 (MuTHER study), adipose tissue

n = 22, skeletal muscle; n = 10, adipose tissue

nl = 645 (REGICOR), n2 = 2542 (Framingham Off-
spring ), n3 = 98 (GOLDN) for gene expression in
blood

nl = 199 (5 french Canadian families), n2 = 324
French (MARTHA), blood

n = 16 pancreatic islet cells; replication in n = 24,
blood

n = 5387 discovery and n = 4874 replication, blood;
different settings for tissue specific; n3 = 6 data base
entries of blood, liver, muscle, pancreas, subcutaneous
fat, omentum and spleen for cross-tissue

15 EWAS from blood, adipose and liver, replication in
100/100 T2D/ND

T2D, heritariy and Twin-study

Different traits, Biomarker
Blood lipids

T2D, Twin-study

Cardiovascular, lipid traits

Also SNP — Methylation context

T2D, methylation from pancreas not
reproducable in blood DNA

Meta Study for obesity, generation of
risk score for T2D, Mendelian random-
ization for cause-consequence, SNP in-
formation

Only blood was replicated, other tissue

specific not

The Atherosclerosis Risk in Communities; MuTHER .. Multiple Tissue Human Expression Resource; MARTHA ..

MARseille THrombosis Association; KORA - Kooperative Gesundheitsforschung in der Region Augsburg; METSIM .. The Metabolic Syndrome in Men; REGICOR. .. Registre Gironi del COR;

GOLDN .. Genomics of post-prandial lipidomic phenotypes in the Genetics of Lipid lowering Drugs and Diet Network



3.4.3 Small molecules, huge potential - MicroRNAs

MicroRNAs (miRNAs) are 21-22 nt oligonucleotides which are transcribed as Pri-miRNA in a single or
polycistronic transcript (Bartel, 2004). Genes for miRNA transcription are located both intragenic within
introns of mRNA transcribing genes or intergenic. Resulting pri-miRNAs are small double stranded
oligonucleotides which form a step loop structure. Further processing by Drosha and Pasha in the
nucleus generates a pre-miRNA which is subsequently exported to the cytosol and cleaved by Dicer into
to a miRNA-duplex. This mature double stranded miRNA complex contains a guide and a passenger
strand (mostly referred as miR*). The guide strand is incorporated into different Argonaute (AGO)
proteins (dependent of the downstream function) to form the RNA-induced silencing complex (RISC).
Guide strand selection is performed by a largely unknown mechanism including a contribution of several
proteins (AGO, Dicer, TRBP (trans-activation response RNA-binding protein), PACT (protein activator
of dsRNA-dependent protein kinase) and Xrn-1/2) (Meijer et al., 2014). Candiate miRNA selection was
used to be restricted to the guide strand reasoned by complex stability and binding energy calculation.
However, for some passenger strands also a mechanistic function is reported (Mah et al., 2010).

The formed RISC is guided by miRNA strand complementary to the target mRNA-3’ untranslated
region (3’UTR). In dependency of the match between miRNA and mRNA and the bound AGO, either
site specific cleavage, enhanced degradation of mRNA or inhibition of translation is achieved (Gu and
Kay, 2010).

Target prediction is a highly artificial method based on bioinformatic algorithms. Recent development
figured out, that solely a 6-8 nucleotides long seed sequence contributes most to efficient target mRNA
identification (Bartel, 2004, 2009). Since the length of the 3’'UTR is highly tissue specific and varies
because of mRNA isoforms and different poly-A signals, most algorithms predict unequal sets of target
genes in dependency of the used transcriptomic data. Some databases integrate additional information
regarding laboratory results and target site mutation analysis, as well sequence conservation across species
to filter an overflow of feasible target sites. This is only possible due to the rising interest in miRNA
and the increasing collection of in wvitro validated targets. Moreover, the diversity of miRNA-mRNA

interaction mode is complicating in in silico target prediction.

8mer site @ ORF NNNNNNNA =——————Poly(A)
NNNNNNNNNNNNNNNNNNNNNN-5° miRNA
Tmer-Al site @ ORF NNNNNNA ——Poly(A)

NNNNNNNNNNNNNNNNNNNNNN-5" miRNA

7mer-m8 site @-h_ NNNNNNN = Poly(A)
NNNNNNNNNNNNNNNNNNNNNN-5" miRNA
6mer site @ T ORF T NNNNNN = Poly(A)

NNNNNNNNNNNNNNNNNNNNNN-5° miRNA

NNNNNN .. miRNA seed sequence

Figure 3.4: Four canonical modes of miRNA-mRNA matches. Each specific side change is
indicated as red nucleotides in the target mRNA sequence. The miRNA seed is indicated as dark
red sequence within the 5’ end of the guide strand or as blue nucleotides within the 3’'UTR. of the
target mRNA. Furthermore, a mRNA cap (CAP), the open reading frame (ORF) and the poly-A-tail
(Poly(A)) is indicated for orientation on the mRNA.

Four types of these miRNA-mRNA matching modes are known (see Figure 3.4) (Peterson et al., 2014):
A perfect base pair match between nucleotides 2-8 of the miRNA seed sequence and an A across the
first nucleotide of the miRNA is called an 8mer. The 7mer binding mode can be distinguished by either

complementary binding of the nucleotides 2-7 of the miRNA seed sequence and an A across the first
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nucleotide of the miRNA (7mer-A1) or solely a perfect match between nucleotides 2-8 of the miRNA seed
(7Tmer-m8). Lastly, a complementary match of 6 nucleotides of the seed sequence to its target is referred
as a 6mer. A computational approach in comparing miRNA seed sequences revealed that most seeds are
located from nucleotide 2 within the 5’ end of the mature miRNA strand. This is not neccesscarily the
rule for every miRNA related repression.

Since the first functional description, various implications of miRNAs especially in cancer were discov-
ered (more than 30,000 entries for miRNAs in human cancer at PubMed). In a human T2D context,
aberrant miRNA expression is best described in serum, plasma or leukocyte samples (He et al., 2017).
Used high throughput methods to measure aberrant expression are based in microarrays or specific deep
sequencing techniques. Interestingly, all candidate miRNA have a small or no overlap between those
studies which mirrors again the complexity of T2D and the ethnicity specific gene regulation. The Sub-
sequent detection of target genes is more elaborate and include either overexpression experiments in cell
culture, co-transfections with reporter plasmids containing the 3’UTR of interest, mutation analysis or
cross linking of RISC and DNA to extract bound mRNA species by antibody pull down assays. This is
often missing for large-scale identified miRNA. Also the opposite direction is observed by identification
of miRNAs emerged from mouse models or cell culture experiments whose expression is not evaluated in
human tissue.

Only few human hepatic high throughput studies regarding miRNA expression in metabolic context were
performed. Most information about miRNA expression changes in T2D or NAFLD was achieved by
collection of liver from rodent disease models (Szabo and Bala, 2013). Nevertheless, some studies in
human liver cover HCC development or disease progression in NAFLD. How miRNA contribute to the
parthenogenesis of IR in humans is rather unknown due to a lack of systematic characterization.

Of all reported metabolically involved miRNAs, miR-122 is the most abundant hepatic miRNA (accounts
for 70 % of total hepatic miRNAs) and urgently needed for maintenance of healthy liver homeostasis
(Filipowicz and Grosshans, 2011; Esau et al., 2006; Wen and Friedman, 2012). However, this miRNA
is also the most characterized hepatic miRNA in cancer, hepatitis C virus infection, fibrosis, steatosis
and inflammation. Circulating miR-122 levels are associated with obesity or NAFLD, therefore possible
metabolic target genes were particularly analyzed concerning hepatic lipid metabolism (Cermelli et al.,
2011; Miyaaki et al., 2014). To date, silencing this miRNA by complementary binding of small oligonul-
ceotides represents a potential therapeutic target (Kriitzfeldt et al., 2005). One antagomir, known as
Miravirsen, is already successfully used for experimental treatment of Hepatitis C Virus infection (Gebert
et al., 2014). Thus it is mandatory to identify and carefully characterize new miRNA which contribute
to metabolic disease manifestation and might not act as a compensatory or protective mechanism. Fur-
thermore, secreted miRNA might also act as potential circulating biomarker which can be assessed an

monitored to counteract disease progression.

3.5 Motivation and aims

Premise

Every seventh death worldwide is due to T2D and respective comorbidities. Moreover, the increasing
global prevalence of obesity and T2D will be one of the mayor challenges for each country’s health care
system. T2D is characterized by persistent hyperglycaemia, hyperinsulinemia and finally the inability
of the pancreas to produce sufficient insulin. Since the liver is responsive for the maintenance of overall
glucose homeostasis, pathological changes in hepatic glucose and lipid metabolism induced by insufficient
insulin signaling are key drivers for the development of systemic insulin resistance and subsequent T2D
manifestation.

Studies in liver samples of mice and human subjects with NAFLD already describe the persistent ac-

tivation of genes involved in gluconeogenesis besides sustained lipogenesis in metabolic liver diseases,
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which is referred as selective insulin resistance. However, the underlying molecular mechanism of disease
etiology remains largely unclear which causes a lack of effective long-term therapies and missing reversion
of insulin resistance. Large blood-based (epi-)genome wide studies provide approaches of disease onset
and progress prediction to prevent T2D manifestation but lack in mechanistic analysis or validation in

metabolically active tissue.

Hypothesis

T2D inheritability is only marginally explained by genomic alterations which indicates a significant con-
tribution of lifestyle habits, obesity and malnutrition to disease onset. These environmental factors are
mirrored by epigenetic mechanisms like DNA methylation and changes in miRNA expression, which in-

terfere with physiological hepatic gene expression.

Objective

We aim to identify novel T2D target genes and respective epigenetic regulatory mechanisms, which in-
cludes alterations in DNA methylation and miRNA expression. Hepatic insulin resistance and NAFLD
are closely connected to each other, therefore also fatty liver associated pathways including hepatic TH
signaling are carefully elucidated. Human liver biopsies, collected during bariatric surgery, of 101 obese
diabetic or non-diabetic subjects are analyzed regarding obesity-independent site specific DNA methyla-
tion, hepatic gene- and miRNA expression. Significant changes in DNA methylation are comprehensively
analyzed regarding a regulatory function by reporter gene or electrophoretic mobility shift assay. A sys-
tematic approach for the characterization of hepatic miRNA expression in T2D and NAFLD is performed
in a smaller subcohort of 20 diabetic and 20 non-diabetic subjects matched for age, gender and BMI, by
microarray measurement and respective regression models for metabolic traits. An emerging candidate
miRNA is evaluated in the complete cohort and its function is characterized regarding potentially re-
pressed candidate genes. Lastly, the potential use of alterations as biomarker for disease stratification or
T2D prediction is evaluated in human liver and in serum by usage of validated surrogate markers. Espe-
cially two recurring blood-based methylation markers for T2D and obesity within ABCG1 and SREBF1

are evaluated in human liver.
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4 Subjects, Materials and Methods

4.1 Subjects

All liver wedge biopsies were obtained in a standardized fashion from segment III during bariatric surgery
of obese subjects at University Hospital Eppendorf (UKE, Hamburg) in order to establish a tissue bank for
metabolic disorders. Blood was drawn prior surgery and prepared serum was frozen at -80 °C. Biopsies
were taken in fasted state of the subjects. All participants signed informed consent. The study was
approved by the local ethics committee ” Ethik Komission der Arztekammer Hamburg” (PV4889, 2015).

4.1.1 Subject stratification for type 2 diabetes and fatty liver

Subjects of this cohort were stratified into subjects with type 2 diabetes (T2D) or non-diabetic (ND)
subjects by clinical examination. Therefore an acute treatment of subjects with anti diabetic medication
(e.g. Metformin, insulin) was used as indicator for T2D. Since a glycemic index of hemoglobin (HbAlc)
> 6.5 % or a fasting blood glucose value of > 126 mg/dL are official criteria stated in the American
Diabetes Association (ADA), these factors were additionally considered by respective regression analysis
(American Diabetes Association, 2018).

As this was no direct recruitment for a study, the cohort is only matched for BMI (Figure 4.1A) and not
for age and gender (Figure 4.1B and C). In mean, T2D subjects are 14 years older. Gender proportion
also shows a slightly more balanced cohort for T2D subjects (T2D: 61 % femals, 39 % males; ND: 81 %

females, 19 % males). Further analysis will use age, gender and BMI as confounding factors.
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Figure 4.1: Distribution of confounding factors whithin type 2 diabetic (T2D) and non-
diabetic (ND) subjects. This cohort is matched for BMI (A), nevertheless subjects with T2D are
significantly older (B). The cohort contains more female ND subjects (C). The median NAS score
(score for strength of liver steatosis and fibrosis) is higher in T2D subjects (D).

Besides official stratification criteria from the ADA and medical examination (diagnosis by UKE), the
HOMA-IR (Homeostatic Model Assessment for Insulin Resistance) was calculated as estimate for in-
sulin resistance (IR)(Matthews et al., 1985). The HOMA-IR was calculated by (fasting glucose mg/dL
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serum insulin mU/L)/405. A cut-off of 2.5 was applied for IR. As seen in Figure 4.2A some subjects
are currently not diagnosed for T2D manifestation though they show an increased insulin resistance. A
stratification for HOMA-IR was additionally applied for further analysis.

NAFLD activity score (NAS) was determined according to the current recommendations by two expert
pathologists (Brunt et al., 2011). As the cohort differed also significantly for mean NAS (Figure 4.1D),
the distribution of the score among T2D and ND subjects revealed more ND subjects with no hepatic
steatosis or fibrosis (Figure 4.2B). Additional calculation of a respective score (Sterling et al., 2006)
reveals a higher Fib-4 in subjects with T2D (Figure 4.2C). This score is based on age, blood levels of
AST (aspartate aminotransferase), blood levels of ALT (alanine transaminase) and platelet count. No
subject reaches the threshold of 3.25, which would result into a specificity of 97 % for hepatic fibrosis, and
only few subjects reach a threshold of 1.45 which shows 90 % sensitivity. Nevertheless, NAS and Fib-4
score correlate positively (p = 0.0059, Figure 4.2D). Expression of Apolipoprotein F' (APOF) which is
reported to be a suitable inflammation marker is not altered between both subgroups (Figure 4.2E). As
already indicated by NAS distribution and difference in mean, expression of Cytochrome P450 Family 2
Subfamily C Member 19 (CYP2C19) which is reported to be a marker for NAS is decreased in subjects
with T2D (Figure 4.2F).
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Figure 4.2: Distribution of different scores and markers after stratification for type 2
diabetic (T2D) and non-diabetic (ND) subjects. Most subjects with high HbAlc show also
insulin resistance (indicated by HOMA-IR > 2.5) and are also diagnosed by medical examination as
type 2 diabetic (T2D, A). Distribution of NAS score among both groups (B). Fib-4 score is increased
in subjects with T2D, but no subject reaches indicated limits (C)(Sterling et al., 2006). NAS score
correlated with Fib-4 score (D). Hepatic expression of APOF is not altered, indicating the same level
of inflammation among both groups (E) (Ryaboshapkina and Hammar, 2017). Hepatic expression of
CYP2C19 is decreased in subjects with T2D, confirming distribution of NAS score (F) (Ryaboshap-
kina and Hammar, 2017).
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4.1.2 Clinical parameters

All clinical parameters except serum insulin and serum C-peptide were measured prior surgery by the
Institut fiir Klinische Chemie und Laboratoriumsmedizin, Zentrum fiir Diagnostik, Universitatsklinikum
Eppendorf, Hamburg, Germany according to the DIN EN ISO 15189:2014 certification. Glucose, choles-
terol, HDL cholesterol, triglycerides, AST and ALT were determined using photometric assays, HbAlc
was quantified using capillary electrophoresis or turbidimetric inhibition assays, folic acid, vitamin B12
and TSH were measured using luminescent oxygen channeling immunoassays (LOCI), cortisol concentra-
tions were quantified by electrochemiluminescence. LDL cholesterol was calculated by total cholesterol
— (triglycerides/5) — HDL cholesterol. Serum insulin and C-peptide concentrations were measured by
Enzyme-linked Immunosorbent Assays (ELISAs, see section 4.2.8) in duplicates according to manufac-
turer’s protocol.

Fasting glucose, insulin and HbAlc are significantly increased in subjects with T2D (Figure 4.3A - C).
The concentration of serum C-peptide, which is the connecting chain of pro insulin and cleaved off during
insulin processing, does not differ between both subgroups. C-peptide concentrations are used to estimate
the secretion efficiency of pancreatic beta cells whereby a decreased value indicates progressive damage
of beta cells. Nevertheless, all subjects present values within normal range (230 - 1000 pmol/L, Figure
4.3D).
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Figure 4.3: Glycemic traits whithin type 2 diabetic (T2D) and non-diabetic (ND) subjects.
Blood glucose (A), serum insulin (B) and the glycemic index of hemoglobin (HbAle, C) are elevated
in subjects with T2D. Insulin secretion and processing indicated by C-peptide (D) is not significantly
altered between both groups.

Whole cholesterol, LDL and HDL cholesterol are not significantly altered between both subgroups (Figure
4.4A - C). Serum triglycerides are significantly elevated in subjects with T2D (higher than normal range)
which is a common feature of metabolic diseases. No subject reaches a value beyond 1000 mg/dL,
therefore no pancreatitis induced T2D is observed (Sjoberg and Kidd, 1989; Kota et al., 2012).
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Figure 4.4: Distribution of blood lipids whithin type 2 diabetic (T2D) and non-diabetic
(ND) subjects. The cohort is matched for cholesterol (A), LDL (B) and HDL (C) concentrations.
Subjects with T2D have a higher amount of serum triglycerides (D).

Blood levels of liver enzymes AST and ALT are significantly elevated in subjects with T2D (Figure
4.5A - B) indicating a stronger hepatocellular damage in T2D. C reactive protein (CRP) is elevated
(mean > 5 mg/L) but not significantly altered between both groups which further proves the same
level of inflammation in T2D and ND liver as already measured by APOF expression (Figure 4.5C).
The thyroid-stimulating hormone (TSH) is slightly elevated in ND subjects (Figure 4.5D). Cortisol is
a hormone which is secreted in a diurnal rhythm by the adrenal cortex and responsible for an increase
in blood glucose. Cortisol levels are significantly elevated in T2D leading further to hyperglycemia and
increase in insulin secretion (Figure 4.5E). Though a deficiency of vitamin B12 is reported as side effect of
T2D medication, concentrations between both subgroups are not altered (Figure 4.5E) (Liu et al., 2006;
Akinlade et al., 2015). Folic acid is needed for DNA methylation since the folic acid to folat metabolic
pathway produces its substrate SAM (S-adenosyl methionine) using vitamin B12 as co-factor (Crider
et al., 2012). A higher folic acid level is reported to have a favorable disease course (Zhao et al., 2018).
Folic acid concentrations are also significantly elevated in T2D which might be induced by supplements
(Figure 4.5G).

All in all, alterations in TSH, cortisol, vitamin B12 or folic acid might also be explained by additional
medication and supplements. In conlucion, further regression analysis focuses on glycaemic traits (glu-
cose, insulin and HbAlc) and triglycerides as major lipid trait. AST and ALT serve as a marker for

hepatocellular damage.
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Figure 4.5: Distribution of different enzymes, hormones and vitamins whithin type 2
diabetic (T2D) and non-diabetic (ND) subjects. Blood levels of liver enzymes AST (aspartate
aminotransferase, A) and ALT (alanine aminotransferase, B) are significantly altered between both
groups. Inflammation marker CRP is not changed (C). The thyroid stimulating hormone (TSH) is
altered between both groups (D). Cortisol is significantly altered between both groups (E). Vitamin
B12 is not altered (F). Folic acid is significantly increased in subjects with T2D (G).
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4.2 Materials

4.2.1 Equipment

Table 2: List of equipment

Name

Manufacturer

Bead Ruptor 24

Blotting chamber

Cell culture clean bench Misc advanced
Centrifuge 5430R

Centrifuge MC 6

ChemiDoc Touch Imager
Fixed-angle rotor

Gene Amp PCR system 9700
GeneChip Fluidics Station 450
GeneChip Hybridization Oven 645
GeneChip Scanner 3000

Incubator with CO9 Hera cell 150
Light microscope Axiovert 40 CFL
Microplate reader CLARIOstar Plus
Magnetic stirrer MOD 205
Mastercycler Nexus Gradient
Mastercycler Nexus X2 eco
Multifuge 35A Heraeus

Multipette E3

Perfectblue gelsystem mini L,S
Pipettes

Pipettus Akku

Powerpack basic power supply
PyroMark Q48
”Quenzy” and cartridges
QuantStudio 5 Real-Time PCR System
Quantus Fluorometer

Rotor A-2-MTP

Scales Kern PCB 1000-1
ThermoMixer C

Vortex mixer orbit

Vortex mixer 7-2020

Upright gel chamber Minigel-Twin
Water bath Grant OLS 200

Autoprep  pyrosequencer

Omni International, Kennesaw, US
Bio-Rad, Hercules, US

Thermo Fisher Scientific, Waltham, US
Eppendorf, Hamburg, DE

Sarstedt, Niimbrecht, DE

Bio-Rad, Hercules, US

Eppendorf, Hamburg, DE

Applied Biosystems, Foster City, US
Applied Biosystems, Foster City, US
Applied Biosystems, Foster City, US
Applied Biosystems, Foster City, US
Thermo Fisher Scientific, Waltham, US
Zeiss, Jena, DE

BMG Labtech, Ortenberg, DE
VWR, Radnor, US

Eppendorf, Hamburg, DE
Eppendorf, Hamburg, DE

Fisher Scientific, Schwerte, DE
Eppendorf, Hamburg, DE

VWR, Radnor, US

Eppendorf, Hamburg, DE
Hirschmann, Neckartenzlingen, DE
Bio-Rad, Hercules, US

Qiagen, Venlo, NL

Applied Biosystems, Foster City, US
Promega, Madison, US

Eppendorf, Hamburg, DE

KERN & SOHN GmbH, Balingen, DE
Eppendorf, Hamburg, DE

Fisher Scientific, Schwerte, DE

neoLab Migge, Heidelberg, DE
Biometra, Analytik Jena AG, Jena, DE
Grant Instruments, Cambridge, UK
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4.2.2 Consumable

Table 3: List of consumables

Name

Manufacturer

Biodyne B nylon membranes

Biosphere Filter Tip 10 neutral

Cell culture plate, 6 well, 12 well, 96 well
Cell lifter

Combitips advanced PCR. clean
Combitips Plus Biopur

Cryo tubes 2 mL

Falcon tubes, 15 mL, 50 mL

Felt-tip pen

Filter paper, extra thick

Filtertips, 0-1000 uL

Filtropur V25 250 mL, 0.2 ym

Foam pads

Gelloader pipette tips, 200 uL

GeneChip miRNA Array 4.0

MicroAmp clear adhesive film
MicroAmp Fast 96-Well Reaction Plate
Membrane filter, 0.1 pL

Multiply Strip 0.2 mL

Novex 6 % DNA Retardation Gels, 12 wells
Optical 96-Well Clear Reaction Plates
PCR cover chain

PCR tubes, 0.5 mL

Petri dish w/ cams

Pipettes, serological, 5 mL, 10 mL, 25 mL
Pipette tips, 20 pL

Plating spatula

Pleated filter

Precellys ceramic beads

PyroMark Q48 absorber stripes

PyroMark Q48 discs

PyroMark Q48 magnetic beads

Reaction tube, 1.5 mL, 2 mL, 5 mL

SafeSeal reaction tube, 1.5 mL

Screw cap micro tubes, 2 mL

Tissue culture flask T-75, polystyrene for adher-

ent cells

Life Technologies, Carlsbad, US
Sarstedt, Niimbrecht, DE

Sarstedt, Niimbrecht, DE

Sarstedt, Niimbrecht, DE
Eppendorf, Hamburg, DE
Eppendorf, Hamburg, DE

Sarstedt, Niimbrecht, DE

Sarstedt, Niimbrecht, DE

Sarstedt, Niimbrecht, DE

Bio-Rad, Hercules, US

Nerbe plus, Winsen, DE

Sarstedt, Niimbrecht, DE

Bio-Rad, Hercules, US

Sarstedt, Niimbrecht, DE
(Affymetrix) Applied Biosystems, Foster City, US
Applied Biosystems, Foster City, US
Applied Biosystems, Foster City, US
Merck Millipore, Darmstadt, DE
Sarstedt, NiimbrechDE

Life Technologies, Carlsbad, US
Applied Biosystems, Foster City, US
Sarstedt, Niimbrecht, DE

Promega, Madison, US

Sarstedt, Niimbrecht, DE

Sarstedt, Niimbrecht, DE

Sarstedt, Niimbrecht, DE

Sarstedt, Niimbrecht, DE
Whatman, GE Healthcare
peqlab/VWR Life Science Competence Center,
Erlangen, DE

Qiagen, Venlo, NL

Qiagen, Venlo, NL

Qiagen, Venlo, NL

Sarstedt, Niimbrecht, DE

Sarstedt, Niimbrecht, DE

Sarstedt, Niimbrecht, DE

Sarstedt, Niimbrecht, DE
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4.2.3 Chemicals

Table 4: List of chemicals

Name

Manufacturer

Agarose Broad Range

Boric acid

Bovine Serum Albumin (BSA), 7.5 %
Chloroform

D (+) Glucose, 99.5 %

Diethyl pyrocarbonate (DEPC)

DEPC treated water

Dimethyl sulfoxide (DMSO)
Ethylenediaminetetraacetic acid (EDTA) solu-
tion 0.5 M, pH 8.0

Ethanol 70 %, denatured

Ethanol 99.8 %, denatured

Ethanol 99.8 %, pure

Fetal Bovine Serum (FBS), heat-inactivated One
Shot

GeneRuler 100 bp Ladder

High-performance
(HPLC) grade clean water, sterile

Insulin aspart NovoRapid

liquid chromatography

Isopropanol, pure

LightShift Poly dI-dC

Lipofectamin 2000

Lipofectamin 3000

Loading buffer, 6x
Penicillin/Streptomycin

Proteinase inhibitor cocktail
Pyrophosphatase, inorganic (0.1 U/uL)
QIAzol Lysis Reagent

RNase Inhibitor, 2000 U

Sodium pyruvate, 100 mM

SYBR Safe DNA gel stain

Trizma Base, 2-Amino-2-(hydroxymethyl)-1,3-
propanediol

Trypan Blue Solution, 0.4 %

Carl Roth, Karlsruhe, DE

Sigma Aldrich, St. Louis, US

Life Technologies, Carlsbad, US
Carl Roth, Karlsruhe, DE

Carl Roth, Karlsruhe, DE

Carl Roth, Karlsruhe, DE

Life Technologies, Carlsbad, US
AppliChem GmbH, Darmstadt, DE
AppliChem GmbH, Darmstadt, DE

Carl Roth, Karlsruhe, DE
Carl Roth, Karlsruhe, DE
Carl Roth, Karlsruhe, DE
Life Technologies, Carlsbad, US

Life Technologies, Carlsbad, US
Biochrom, Berlin, DE

Novo Nordisk, Bagsvaerd, DK
Fisher BioReagents, Thermo Fisher Scientific,
Waltham, US

Life Technologies, Carlsbad, US
Life Technologies, Carlsbad, US
Life Technologies, Carlsbad, US
Life Technologies, Carlsbad, US
Life Technologies, Carlsbad, US
Merck Millipore, Darmstadt,DE
Life Technologies, Carlsbad, US
Quiagen, Venlo, NL

Life Technologies, Carlsbad, US
biowest, Nuaillé, FR
Invitrogen, Carlsbad, US

Sigma Aldrich, St. Louis, US

Sigma Aldrich, St. Louis, US

4.2.4 Solutions, media and buffers

Table 5: List of solutions, media and buffer

Name Ingredients

Manufacturer and usage

Dulbecco’s Modified
Medium (DMEM)

Eagle

w/o glucose, sodium, HEPES
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Dulbecco’s  Modified  Eagle
Medium (DMEM) high glucose
(45 g/L)

Dulbecco’s  Modified  Eagle

Medium (DMEM) low glucose
(1.5 g/L) for HepG2 cultivation

Dulbecco’s Phosphate-Buffered
Saline (DPBS)
Fast Media Amp Agar solid

medium

Fast Media Zeo Agar solid
medium
Fast Media Amp (Lysogency

Broth) LB liquid medium

Fast Media Zeo (Terrific Broth)

TB liquid medium

Freezing medium

Opti-MEM

S.0.C. medium

TAE buffer

TBE buffer

TrypLE Express

GlutaMAX Supplement

Mixture of DMEM high glu-
cose and w/o glucose, 10 %
(v/v) FBS, 200 mM glutamine, 1
mM sodium pyruvate, 1 % peni-
cillin/streptomycin

w/o calcium, magnesium

200 mL

1 pouch in water, w/

ampicillin
200 mL

1 pouch in water, w/

Zeocin
200 mL

1 pouch in water, w/

ampicillin

1 pouch in 200 mL water, w/

Zeocin

DMEM low glucose medium +
DMSO 20 % (v/v)

S.0.B.
medium with glucose supple-

(super optimal broth)

ment: 2 % tryptone, 0.5 % yeast
extract, 10 mM NaCl, 2.5 mM
KCl, 10 mM MgCl 2, 10 mM
MgSO,, 20 mM glucose.

242 g tris (Trisma baze), 57.1 mL
acetic acid, 100 mL 0.5 M EDTA
(pH 8) ad 1000 mL water for 50X
TAE, dilute 1:50 for 1X TAE

54 g tris (Trizma base), 27.5 g
boric acid, 20 mL EDTA (0.5 M,
pH 8) ad 1000 mL water for 5X
TBE, dilute 1:10 for 0.5X TBE
Trypsin, EDTA

Life Technologies, Carlsbad, US.

Basic cell culture medium

Self-diluted. For maintenance of
HepG2 cells

Life Technologies, Carlsbad, US.
Basic cell culture buffer
InvivoGen, San Diego, US. Selec-
tion of bacteria containing plas-
mids with ampicillin resistance
InvivoGen, San Diego, US. Selec-
tion of bacteria containing plas-
mids with Zeocin resistance

US.

Growth of bacteria containing

InvivoGen, San Diego,
plasmids with ampicillin resis-
tance

US.

Growth of bacteria containing

InvivoGen, San Diego,
plasmids with Zeocin resistance

Self-diluted. For freezing of cells.

Life Technologies, Carlsbad, US.
Reduced serum media for trans-
fection

Invitrogen, Carlsbad, US. For fi-
nal step in bacteria transforma-

tion

Self-diluted. For agarose gel elec-

trophoresis

Self-diluted. For electrophoretic
mobility shift assay gel elec-
trophoresis

Life Technologies, Carlsbad, US.
Basic cell culture enzyme for pas-

saging of cells
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4.2.5 Enzymes and master mixes

Table 6: List of enzymes and master mixes

Name

Manufacturer

Fast start advanced Master Mix for TagMan Thermo Fisher Scientifc Inc., Waltham, US
Fast Start Universal SYBR green Master Rox Roche, Basel, CH

GoTaq G2 Green Master Mix

Promega, Madison, US

High Capacity cDNA reverse transciptase Kit Life Technologies, Carlsbad, US

Phusion Hotstart IT Mastermix (Pfu)
PyroMark PCR Kit

gScript miRNA ¢cDNA Synthesis Set
RNase A

RNase Free DNAse

SuperScript VILO Mastermix

SssI CpG Methyltransferase

Thermo Fisher Scientifc Inc., Waltham, US
Qiagen, Venlo, NL

Quantabio, Beverly, US

Qiagen, Venlo, NL

Qiagen, Venlo, NL

Life Technologies, Carlsbad, US

New England Biolabs, Ipswich, US

TagMan advanced miRNA ¢cDNA Synthesis Kit  Life Technologies, Carlsbad, US

4.2.6 Kits

Name

Table 7: List of kits

Manufacturer and usage

B-Galactosidase Enzyme Assay System

BCA Protein Assay Kit

Chemiluminescence Nucleic Acid De-

tection Kit

Dual Luciferase Reporter Assay System

EpiTect Fast DNA Bisulfite Kit

FlashTag Biotin HSR RNA Labeling

Kit
GeneChip Hybridization Control Kit

GeneChip Hybridization, Wash, and
Stain Kit

Promega, Madison, US. Photometric assay for normaliza-
tion of Luciferase signal due to conversion of ONPG (o-
nitrophenyl-3-D-galactopyranoside) by S-galactosidase. A
plasmid coding for this enzyme is co-transfected during Lu-
ciferase assay. The substrate is added to the cell lysate.
Life Technologies, Carlsbad, US. Photometric assay to de-
termine protein concentration in a suspension. A serial
dilution of BSA suspension is used as standard.

Life Technologies, Carlsbad, US. For detection of biotiny-
lated nucleic acids on blotting membranes by chemilumi-
nescence.

Promega, Madison, US. Luminescence assay for gene ex-
pression measurement with Firefly and Renilla luciferase.
Qiagen, Venlo, NL. Bisulfite conversion of DNA. Unmethy-
lated C will be converted into T, allowing a quantification
of DNA methylation.

Applied Biosystems, Foster City, US. Reagents for prepa-
ration and hybridization of RNA on microarray.

Applied Biosystems, Foster City, US. Control oligonu-
cleotides for hybridization, washing and staining procedures
of microarray based gene measurement.

Applied Biosystems, Foster City, US. Ingredients for dilu-
tion of hybridization cocktails, staining solutions and wash-

ing buffers needed during microarray preparation.
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LightShift Chemiluminescence EMSA
Kit

miRNeasy Mini Kit

miRNeasy Serum/Plasma Advanced
Kit
miRNeasy Serum/Plasma spike-in con-
trol
NE-PER Nuclear and Cytoplasmatic

Extraction Reagents

PyroMark advanced
Reagents

Qiagen Plasmid Midi Kit

Q48

CpG

QIAmp DNA Mini Kit

QIAprep spin Miniprep Kit

QuantiFluor ONE dsDNA System

Quick Ligation Kit

TagMan endogenous control plate

Wizard SV Gel and PCR clean up Sys-

tem

Life Technologies, Carlsbad, US. Contains buffer reagents
for electrophoretic mobility shift assay, control oligonu-
cleotides and control protein suspensions. Works together
with the Chemiluminescence Nucleic Acid Detection Kit.
Qiagen, Venlo, NL. Extraction of whole cell RNA from
mammalian cells.

Qiagen, Venlo, NL. Extraction of whole RNA from serum
and plasma.

Qiagen, Venlo, NL. Spike-in miRNA from Caenorhabditis
elegans.

Thermo Fisher Scientific Inc., Waltham, US. Extraction of
cytoplasmatic and nuclear protein fractions from cells or
mammal tissue.

Qiagen, Venlo, NL. Contains buffer solutions, nucleic acids
and enzymes for pyrosequencing.

Qiagen, Venlo, NL. Extraction of plasmid DNA from 50 mL
over-night bacteria culture.

Qiagen, Venlo, NL. Extraction of genomic DNA from mam-
mal tissue.

Qiagen, Venlo, NL. Extraction of plasmid DNA from 5 mL
over-night bacteria culture.

Promega, Madison, US. Photometric concentration mea-
surement, of DNA.

New England Biolabs, Ipswich, US. Contains buffer and
ligase for ligation of inserts into vectors.

Life Technologies, Carlsbad, US. Pre-pipetted plate con-
taining three times 31 candidate housekeeping genes in du-
plicates.

Promega, Madison, US. Column-based system for clean up

of PCR products from reaction solution or agarose gel.
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4.2.7 Antibodies

Table 8: List of antibodies

Name Manufacturer and description

SREBF1 Thermo Fisher Scientifc Inc., Waltham, US Unconjugated polyclonal
IgG antibody from rabbit against hamster, human, mouse and rat
SREBF1. Immunogen against a region within 700 to 800 of human
SREBF1.

SP1 Thermo Fisher Scientifc Inc., Waltham, US Unconjugated polyclonal
IgG antibody from rabbit against human and mouse SP1. Immuno-
gen against a region within amino acids 18 to 303 of human SP1.

Stabilized Streptavidin- Thermo Fisher Scientifc Inc., Waltham, US Part of the chemilumines-

Horseradish Peroxidase cence nucleic acid detection module. Detection of biotinylated DNA

Conjugate (HRP)

by chemiluminescence.

4.2.8 Enzyme-linked Immunosorbent Assays (ELISAs)

Name

Table 9: List of ELISAs

Manufacturer

Human Adiponectin

Human/Canine/Porcine Insulin Quantikine ELISA Kit
Human C-Peptide Quantikine ELISA Kit

BioVendor, Brno, CZ

R&D Systems, Inc, Minneapolis, US
R&D Systems, Inc, Minneapolis, US

4.2.9 Primers, oligonucleotides and TagMan assays

All primers and oligonculeotides were purchased as custom DNA oligos from Integrated DNA Technologies

(IDT), Coralville, US.

Table 10: List of genomic primers with sequence and annealing temperature (T,,)

Name Sequence T,
hGALgenSpl1SREBP Luci_F ATT AAG CTT GAG CCA ACC CAT GAA TAG GA 56
hGALgen1633_Luci_f ATT AAG CTT AAG TGA CTC ACC CAG GAT GG -
hGALgen1633_Luci_r AAT CCA TGG AGC CAC TCC AGA TAG GCT GA 59 °C
hABCG1_SNP_f Biotin - AGT GTT TTC CAG GGC ATC TAT 61 °C
hABCG1_SNP_r TAA ATT ATG CCC AAA GGA ACT AG
hABCG1_SNP_s TTA TGC CCA AAG GAA C
hIRS2_genors4547213_F1 GGG CAG TCA TGG GTG AGG 55 °C
hIRS2_genors4547213_R1 Biotin - GGG AAG AGC GTG CAC CTA C
hIRS2_genors4547213_S1 TGG CCA CTG AGA TGA

Table 11: List of bisulfite primers with sequence and annealing temperature (T,,)
Name Sequence T,
hABCGI1bis_f GGT TAG GAG TTT AAA AGG TTG AGT A 56 °C
hABCG1bis_r ATC CCC AAA ACC TAA AAC CAC CTC AAT AA
hABCG1bis_s AAA TTA TGT TTA AAGGAA T
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hGALDbis1633_f ATG GTA TTT GAG TTT ATA ATT TAG GGA TAG 56 °C
hGALDis1633_r Biotin - CT ATA CAA CTT TCC TTC ACT ATA TAC AC
hGALDbis1633_s23 GAT AGA ATT TAT ATT ATT ATT GTA AAA

TRS2_cg12195446_ GTA GGG TAG TTA TGG GTG AGG 56 °C
r4547213_CpG5_f

TRS2_¢g12195446_ Biotin - TCC CCA ACA AAA TTT AAA TAC CTC TA
r4547213_CpG5H_r

TRS2_¢cg12195446_ GGG TGG TTA TTG AGA T

r4547213_CpG5_s

TRS2_CpG6_reverse_f Biotin - GGG GTT AAG AGG AAG TTT TTG AGT AGA 54 °C
IRS2_cpG6_reverse_r CAC CAC CTC CTA ACC AAT CT

IRS2_cpG6_reverse_s GGA AGG GAG TTT TTT TAT TT TTA A

hTP53INP1bis_f GTT TGA AGG TAG AGA GGT TAG TAG 56 °C
hTP53INP1bis_r Biotin - CCC ACT ATC TCA CTC TCT TAT CAC

hTP53INP1bis_s GTA GAG AGG TTA GTA GG

hSREBF1bis_{/s TTT TTT TTG AAG GTA GAT GTA GG 56 °C
hSREBF1bis_r Biotin - AAA ACA AAT AAA AAA CTC CCT CTT C

Table 12: List of genomic primers for mRNA qPCR with sequence.

annealing temperature (T,) of 60 °C.

Name

Sequence

All primers worked with an

APOF_gPCR_f1
APOF _gqPCR.r1

GCA GAA CAG GAT CAG GAA GC
GCA TGT CTG GAG CAG AGT AC

HsCASC3_cDNA _f
HsCASC3_cDNA_r

ACC TCG GAA AGG GCT CTT CTT
ACC TCG GAA AGG GCT CTT CTT

hsaCDKN1B_qPCR._f
hsaCDKN1B_qPCR_r

AAC GTG CGA GTG TCT AAC GG
CCC TCT AGG GGT TTG TGA TTC T

CYP2C19_qPCR {1
CYP2C19_gqPCR.r1

CAG GAT TGT AAG CAC CCC C
TCC CGG GAA ATA ATC AAT GAT AG

HsDIO1_¢cDNA _f
HsDIO1_¢cDNA_r

GTC GTG GGT AAA GTG CTT CTG
GTT CCG CTT GAC TCT GTC TGG

HsDIO2_cDNA _f
HsDIO2_¢cDNA _r

TCC AGT GTG GTG CAT GTC TC
CTG GCT CGT GAA AGG AGG TC

HsDIO3_cDNA _f
HsDIO3_cDNA r

CTC TCC CTA CAT CAT CCC ACA
TGA CAT AGA GAC GCT CGA AGTA

hsaINSR_qPCR_f1
hsaINSR_qPCR_r1

AAA ACG AGG CCC GAA GAT TTC
GAG CCC ATA GAC CCG GAA G

hSLC10A1_qPCR_f
hSLC10A1_gqPCR_r

AAG GAC AAG GTG CCC TAT AAA GG
TTG AGG ACG ATC CCT ATG GTG

HsSLC16A2_cDNA _f
HsSLC16A2_cDNA _r

CCA CGC CTA CGG TAG AGA C
CAG AGT TAT GGA TGC CGA AGA TG

hSLCO1C1_qPCR._f
hSLCO1C1_gPCR_r

GGA GTT GGA ACA CTG CTC ATT
CTT GAC TCT AGG AGA CAC GGA

hTHRA_qPCR_f
hTHRA_qPCR_r

AGG TCA CCA GAT GGA AAG CG
AGT GAT AAC CAG TTG CCT TGT C

HsTHRB_cDNA _f

TGG GAC AAA CCG AAG CAC TG
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HsTHRB2_cDNA_r TGG CTC TTC CTA TGT AGG CAG

Table 13: List of genomic primers for miRNA qPCR with sequence. All primers workt with an
annealing temperature (T,) of 60 °C.

Name Sequence
universal_primer_r GCA TAG ACC TGA ATG GCG GTA
hsa_let_7e_5p_F2 GCA GTG AGG TAG GAG GTT G

CAC CGG GTG TAA ATC AGC TTG
TGG CTC AGT TCA GCA GGA ACA
GCT TTG GCA ATG GTA GAA CTC A

cel_ miR_39_3p_qPCR
hsa_miR_24_3p_qPCR
hsa_miR_182 5p_qPCR

Table 14: List of genomic oligonucleotide sequences for Luciferase assay or EMSA. The SNP (G/A)
is indicated as thick G.

Name Sequence
IRS2 CpG1/SNP TGA CGG GAT
IRS2 CpG1-CpG3 TGA CGG GAT CGG GGG CGG CTT C

TGA CGG GAT CGG GGG CGG CTT CTG CCG CAG
ACC CGG GAA TTC ACG TGG TC

IRS2 EMSA ACG GGA TCG GGG GCG GCT TCT GCC GCA GAC
CCG GGA ATT CAC GTG GTC

IRS2 CpG1/SNP_CpG6

Table 15: List of TagMan assays. All TagMan assays were purchased from Applied Biosystems, Foster

City, US.

ID Gene/miRNA Dye

Hs00153715_m1 ACACB FAM
Hs00201226_m1 CASC3 VIC

Hs00765553_m1 CCND1 FAM
Hs00167982_m1 CYP7A1 FAM
Hs04260088_m1 ELOVL6 FAM
Hs01005622_m1 FASN FAM
Hs00231106_m1 FOXO1 FAM
Hs00289325_m1 GALNTI18 FAM
Hs99999905_m1 GAPDH VIC

Hs00275843_s1 IRS2 FAM
Hs01092524_m1 LDLR FAM
Hs00233945_m1 LRP6 FAM
Hs00545399_m1 PCSK9 FAM
Hs01102345_m1 RPL37A1 VIC

Hs01682761_m1 SCD FAM
477935_mir hsa-miR-182-5p FAM
477992 _mir hsa-miR-24-3p FAM
477887 _mir hsa-miR-126-3p FAM
478056 _mir hsa-miR-361-5p FAM
478579 _mir hsa-let-7e-5p FAM
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477855 _mir hsa-miR-122-5p FAM
477983 _mir hsa-miR-223-3p FAM

4.2.10 Mimics

Table 16: List of miRNA mimics. All mimics were purchased from Ambion, Life Technologies, Carls-

bad, US.

ID Mature miRNA

PM12369 hsa-miR-182-5p

PM12304 hsa-let-7e-5p / mmu-let-7e-5p

4.2.11 Vectors and plasmids

Table 17: List of vectors

Name

Manufacturer and usage

pCpGL-CMV-FLuc

pRL-SV40

pSV-3-Galactosidase control vector

Gift from (Klug and Rehli, 2006). The backbone of this
vector is free of any CpG oligonucleotides and encodes a
Firefly Luciferase gene which is under control of a CMV
promoter. Respective sequences of interest can be inserted
5" of the CMV promoter by Ncol and HindIII digestion
and subsequent ligation.

Promega, Madison, US. This plasmid encondes a Renilla
Luciferase which is under control of a SV40 promoter. It
serves as signal normalisation during co-transfection with a
Firefly Luciferase containing plasmid.

Promega, Madison, US. This plasmid encondes the gene
for B galactosidase expression which is under control of a
SV40 early promoter and enhancer. It serves for signal nor-
malisation during co-transfection with a Firefly Luciferase

containing plasmid.

Table 18: List of plasmids

Name

Contents

pCpGL-CMV-RLuc-IRS2-CpG1
pCpGL-CMV-RLuc-IRS2-SNP
pCpGL-CMV-RLuc-IRS2-CpG1-CpG3
pCpGL-CMV_RLuc-IRS2-CpG1_CpG6

pCpGL-CMV_RLuc-IRS2-SNP_CpG6

Vector pCpGL-CMV-RLuc with insert IRS2 intron 1 CpG1
Vector pCpGL-CMV-RLuc with insert /RS2 intron 1 SNP
Vector pCpGL-CMV-RLuc with insert IRS2 intron 1 CpG1
until CpG3

Vector pCpGL-CMV-RLuc with insert IRS2 intron 1 CpG1
until CpG6

Vector pCpGL-CMV-RLuc with insert /RS2 intron 1 SNP
instead of CpG1, until CpG6

pCpGL-CMV _RLuc-GALNT18-
CpG1_CpG3

Vector pCpGL-CMV-RLuc with insert GALNT18 intron 3
CpG1 until CpG3
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pCpGL-CMV _RLuc-GALNT18-
GCbox_CpG1_CpG3

Vector pCpGL-CMV-RLuc with insert GALNT18 intron
3 CpGl1 until CpG3 with additional GC box motifs and
CpG-1

4.2.12 Bacteria

One Shot PIR1 chemically competent Escherichia coli bacteria were purchased from Life Technologies,
Carlsbad, US. These FE.coli bacteria are suitable for cloning of plasmids containing the R6K-gamma origin

for plasmid replication.

4.2.13 HepG2 cells

HepG2 cells were freshly purchased from American Type Culture Collection (ATCC HB-8065). They
originate from a liver hepatocellular carcinoma of a 15 years old male patient Caucasian ethnicity. In cell

culture they exhibit an epithelial morphology.

4.2.14 Hardware

Statistics, models and assay designs were performed on Toshiba Satellite Pro A30-C-11G (Intel Core i5-
6200U 2.3 GHz, 16 GB RAM, "Ploetze” ) and later on Dell XPS 8930 Performance (Intel Core i7-8750H

2.2 GHz, 16 GB RAM, "Ploetze2”).

4.2.15 Software

Table 19: List of software

Name

Manufacturer

Version

Eclipse

GraphPad Prism, statistic and visual-

Eclipse Foundation, Inc, Ottawa, CA

GraphPad Software Inc, San Diego, US

Photon Re-
lease (4.8.0)
v7.05

ization
imageJ, image processing National Institutes of Health, Bethesda, US v1.51j
LibreOffice The Document Foundation, Berlin, DE v6.2.0
MATLAB, statistic and modeling The MathWorks, Natick, US R2016a -
R2018b
Office 365 Microsoft Corporation, Redmond, US 2016 - 2018
PyroMark Q48 Autoprep Qiagen, Venlo, NL v2.4.2
PyroMark Assay Design Qiagen, Venlo, NL v2.0.1.15
QuantStudio Desktop qPCR Applied Biosystems, Foster City, US v1.3.1
RStudio, statistic and modeling RStudio, Inc, Boston, US v1.1.456
Serial Cloner, molecular biology SerialBasics v2.6.1
Transcriptome Analysis Console, mi- Applied Biosystems, Invitrogen, Foster City, v4.0.0.25
croarray analysis US
Unipro UGENE, molceular biology (Okonechnikov et al., 2012) and NCIT v1.27.0

UNIPRO, LLC, Novosibirsk, RU
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4.3 Methods
4.3.1 DNA extraction from liver tissue

Genomic DNA was extracted from approximately 25 mg snap-frozen liver using the QIAmp DNA Mini
Kit as indicated by manufacturer with minor changes. Frozen tissue was transferred into 2 mL screw
cap micro tubes with five to six ceramic beads and stored on ice until homogenization in 80 uL ice cold
DPBS. Homogenization was performed by Bead Rupter 24 for two times 20 sec shaking. Afterwards, 180
uL tissue lysis (ALT) buffer and 20 pL proteinase K included in the extraction kit was added and the
suspension was incubated for at least 15 min to 60 min at 56 °C. Homogenized and digested liver lysate
was stored for a maximum of 2 months at room temperature prior final DNA extraction.

DNA extraction was performed as indicated by manufacturer. Therefore 200 uL lysate was used. After
every washing step, the flow through and collection tube was discarded. DNA was eluted in 200 uL. AE
water included in the extraction kit.

Finally DNA concentrations were determined by QuantiFluor ONE dsDNA System as indicated by man-
ufacturer. Therefore 1 pL of the DNA eluate was used in 199 uL fluorescent double-stranded (ds)
DNA-binding dye solution and measured by a Quantus fluorometer. DNA was stored at -20 °C until

further use.

4.3.2 Bisulfite conversion of genomic DNA

The EpiTect Fast DNA Bisulfite Kit was used for bisulfite conversion. T'wo distinct steps were performed:
A conversion of DNA causing unmethylated C to be changes into U (which will be recognized as T later
during bisPCR) and a column based clean-up system.

For the conversion step, 20 uL. DNA eluate was used (which varies between 100 and 2000 ng input DNA)
in 140 pL bisulfite conversion reaction as indicated by manufacturer. The EpiTect Fast DNA Bisulfite Kit
includes besides a bisulfite treatment solution also a DNA protect solution which reduces strong damages
on the DNA which might cause a bias in downstream bisulfite PCR (bisPCR). After preparation, the
reaction was denatured for 5 min at 95 °C, followed by a first incubation for 30 min at 60 °C, a second
denaturation step for 5 min at 95 °C and a final incubation for 10 min at 60 °C. All reactions were stored
at 4 °C until clean-up.

For clean-up, the complete reaction was transferred to respective buffers from the kit and cleaned by
columns. In a final step, bisulfite converted DNA (bisDNA) was eluted in 20 pL EB buffer. BisDNA was
stored at -20 °C until further use.

4.3.3 Bisulfite polymerase chain reaction (bisPCR)

For bisulfite polymerase chain reaction (bisPCR), specific primers were designed by PyroMark Assay
Design software. Most importantly one has to avoid primers which contain themselves a possible CpG
oligonucleotide side to reduce the chance of PCR bias inclusion. A complete set contained three primers
(forward, reverse and a sequencing) whereby the forward (reverse assay on reverse DNA strand) or reverse
primer (normal assay on forward DNA strand) was biotinylated at the 5" end. In a final step of primer
design, the binding probability and specificity of the primers to the region of interest were checked and
optimized. The conversion of every unmethylated C to a T results in a strong reduction of sequence
variability causing a loss in specificity.

After primer design and ordering at IDT, primers were diluted to a 10 uM working dilution and stored
at 4 °C for short time or -20 °C for long time. BisPCR was performed using reagents from the PyroMark
PCR kit. The master mix includes a blend from different polymerases and is optimized for bisulfite
treated DNA containing long homopolymers of one base. Each 25 uL reaction contained 12.5 uL. master

mix, 2.5 uL loading dye CoralLoad, 0.5 uL of each forward and reverse primer, 8 yL nuclease-free water
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and 1 pL bisDNA. Afterwards the reaction was incubated for 15 min at 95 °C in a initial denaturation
step and for 40 to 45 times denatured for 30 sec at 94 °C, incubated for 30 sec for primer annealing at
their respective temperature (see Table 11) and incubated for 30 sec at 72 °C for polymerase elongation.
A final elongation step was included for 10 min at 72 °C.

Afterwards 5 to 6 uL bisPCR product was separated by agarose gel electrophoresis using 1 % agarose gel
in 1xXTAE buffer and SYBR save gel stain as dsDNA intercalator. An empty reaction containing water

instead of bisDNA served as control for contamination.

4.3.4 Genomic polymerase chain reaction (gPCR)

Two different systems were used for genomic PCR. For complex GC-rich sequences, a Pfu polymerase
(Phusion Hotstart IT) was used. Smaller sequenced with a low melting temperature were amplified by a
Taq polymerase (GoTaq G2).

For a 20 ul. Pfu gPCR reaction, 10 pL 2X master mix, containing polymerase, buffer and dNTPs, was
mixed at room temperature with 1 ul. 10 M forward and reverse primer, 10 - 15 ng gDNA and respective
amount nuclease-free water. Afterwards the reaction was transferred into a thermocycler and initially
denatured for 2 min at 95 °C. The following steps were performed for 35 cycles: Denatured for 15 sec
at 95 °C, incubated 15 sec at respective annealing temperature of the used primer and the sequence was
elongated for 15 sec (15-30 sec/kb) at 72 °C. In a final elongation step, the reaction was incubated for 5
min at 72 °C. To check for primer specificity and product amplification, 1 - 2 uL. PCR product was mixed
with 4 - 5 uL 6X loading buffer and separated by 1 % agarose gel electrophoresis in 1X TAE buffer.
For a 25 ul. Tag gPCR reaction, 12.5 uL 2X master mix, containing polymerase, buffer, dNTPs and load-
ing dye, was mixed on ice with 0.5 yL. 10 uM forward and reverse primer, 10 - 15 ng gDNA and respective
amount nuclease-free water. For following steps, the reaction was transferred into a thermocycler. An
initial denaturation was performed for 5 min at 95 °C. For 35 cycles, the reaction was denatured for 15
sec at 95 °C, incubated for 15 sec at the respective annealing temperature of the primer and the sequence
elongated for 30 - 60 sec (60 sec/kb) at 72 °C. In a final elongation step, the reaction was incubated for
5 min at 72 °C. To check for primer specificity and product amplification, 5 - 6 uL. PCR product was
separated by 1 % agarose gel electrophoresis in 1X TAE buffer.

Genomic PCR was performed for sequencing of polymorphism or generation of inserts for vector ligation.

4.3.5 Bisulfite pyrosequencing

During bisulfite pyrosequencing, the nucleotides ATP, TTP, CTP and GTP were dispensed in a known
order and incorporated complementary to a biotinylated template strand as elongation of a sequencing
primer. Each addition of a nucleotide is measured by conversion of free pyrophosphatate (PPi) by an
enzyme (5’-phosphosulpfate, APS) to ATP. This product serves as a substrate of the conversion of luciferin
to oxyluciferin which will result into a measurable light signal.

Due to the low costs, high sensitivity and resulting high resolution, bisulfite pyrosequencing is the gold
standard of DNA methylation measurement. Also detection of polymorphisms (genotyping) or de novo
sequencing is possible with this technique. A limiting factor of this method is the site specific measurement
which allows only small gPCR or bisPCR products to be sequenced. Therefore it is not suitable for high
throughput whole genome DNA methylation measurement.

The PyroMark Q48 Autoprep pyrosequencer cleans the PCR product automatically from complementary,
unbiotinylated DNA strand, not incorporated oligonucleotides and remaining polymerases. Accordingly,
all reagents included in the PyroMark Q48 advanced CpG Kit were used. Additionally equipment is
needed (disc, absorber stripe) which can be purchased from Qiagen.

For pyrosequencing, 10 uL. PCR product was used. 3 pL of a suspension containing magnetic beads

which are conjugated with streptavidin were added to the PCR product resulting in a strong non-covalent
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binding between biotinylated DNA strand and beads which will enable automatic cleaning of the PCR
product from nucleotides, primers and proteins by centrifugation.

Assay preparation and evaluation of each run can be created and visualized by PyroMark Q48 Autoprep
software. DNA methylation is calculated in %. The accuracy of DNA methylation measurement is about
+/- 1 %. Furthermore, each assay was evaluated by sequencing fully, hemi or non methylated control
DNA.

4.3.6 Whole cell RNA extraction from liver tissue

Whole cell RNA, including miRNA and mRNA, was extracted from approximately 25 mg snap-frozen
liver using the miRNeasy Mini Kit as indicated by manufacturer. Therefore frozen tissue was transferred
into a 2 mL screw cap micro tube with five to six ceramic beads and stored on ice until homogenization
in 700 pL QIAzol lysis reagent. Homogenization was performed by Bead Rupter 24 for two times 20
sec shaking. The lysates were stored at -80 °C until further extraction. All instruments and tools were
previously cleaned with RNase degrading solutions.

For RNA extraction, lysates were thawed at 37 °C and 140 pL cholorform was added. All reactions
were shaken for 15 sec and incubated at room temperature for 2 - 3 min. A separation of two phases
(organic phenol phase and an aqueous chloroform phase containing RNA) was achieved by centrifugation
for 15 min at 4 °C. Afterwards, the RNA was precipitated by mixing 375 uL absolute ethanol to 250
1L aqueous phase. Clean-up of the RNA was performed by columns as indicated by manufacturer. An
optional DNase digestion was performed by adding 80 uL. DNase dilution to the columns and incubation
for 15 min at room temperature.

RNA was eluated in 50 pL nuclease-free water and further diluted to achieve concentrations between 500
and 1000 ng/uL. Concentration of the RNA dilutions was measured photometrically. The quality of the
RNA was estimated by a 260 nm/280 nm absorbance ratio. This ratio indicates the purity of a RNA
solution, since RNA absorbs at 280 nm and contaminants like proteins or phenol at 260 nm. All RNA
dilutions which were used for further experiments exhibit an absorbance ratio > 2.1.

4.3.7 Whole RNA extraction from serum

The miRNeasy Serum/Plasma Advanced Kit was used to extract RNA molecules from 200 pyL human
serum originating from proteins and extracellular vesicles. A spike-in miRNA (miRNeasy Serum/Plasma
spike-in control cel-miR-39-3p from Caenorhabditis elegans) was added after lysis in fixed amounts (5.6 *
10® copies/uL) for normalization of downstream concentration measurements.

All extraction steps were performed as indicated by manufacturer. Serum miRNA were eluted in 25 pL
nuclease-free water. A second elution step was applied using the first eluate as input to concentrate the
final amount of extracted miRNA. All miRNA dilutions were stored at -80 °C until further use.

4.3.8 Synthesis of mRNA-cDNA for hepatic gene expression measurement

RNA is an unstable molecule which cannot be amplified by PCR. Therefore RNA has to be reverse
transcribed into complementary or copy (¢)DNA. All subsequent steps were performed on ice to avoid
mRNA degradation and all instruments and tools were previously cleaned with RNase degrading solutions.
For ¢cDNA synthesis, 2 ug RNA was used in a 20 pL reaction and reverse transcribed by SuperScript
VILO master mix with reverse transcriptase (RT). Therefore 14 pL RNA dilution was mixed with 4
pL 5X Vilo mix and 2 puLb RT. Moreover, the synthesis included a no enzyme and no template control.
Afterwards the reaction was incubated for 10 min at 25 °C, 60 min at 42 °C (cDNA synthesis) and the
RT inactivated for 5 min at 85 °C.

The ¢cDNA stock solution was diluted 1:40 to a final concentration of 2.5 ng/uL for subsequent gene

expression measurement by quantitative real time (q)PCR.
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4.3.9 Synthesis of miRNA-cDNA for hepatic gene expression measurement and concen-

tration measurement of serum miRNASs

Two systems were used for the synthesis of miRNA-cDNA based on the specificity of used assays or
primers and the abundance of the transcript of interest.

For highly abundant hepatic miRNAs or cell culture experiments, a TagMan based assay was used
to measure miRNA expression. The respective cDNA synthesis kit (TagMan advanced miRNA ¢cDNA
Synthesis Kit) needed as input 10 ng of whole cell RNA. All subsequent steps of cDNA synthesis were
performed as indicated by manufacturer. These steps include a poly-A-tail ligation on the 5’ end and an
adaptor ligation on the 3’ end of the miRNA. In a final step, miRNA-cDNA is amplified to increase the
amount of cDNA. The amplified reaction (miR-Amp) was diluted 1:10 for downstream measurements.
In the TagMan qPCR reaction, respective TagMan assays will include a forward primer recognizing the
adaptor sequence, a miRNA specific reverse primer overlapping with the poly-A-tail and a TagMan probe
binding specifically the miRNA region.

For measurement of low abundant hepatic and serum miRNAs, cDNA synthesis was performed using
the gqScript miRNA Synthesis Set with an input of either 1 ug hepatic whole cell RNA or 5 uL serum
eluate which corresponds to 40 pL serum input. The synthesis includes addition of a poly-A-tail by a
poly-A-polymerase followed by ¢cDNA synthesis using poly-A-specific primers which add a sequence for
universal primer recognition. The miRNA-cDNA stock solution was diluted 1:30 for SYBR green qPCR.
Stock miRNA-cDNA and dilutions were stored at -20 °C until further use.

Both synthesis included a no reverse transcriptase and no template control.

4.3.10 Microarray measurement of whole cell non-coding (nc)RNA

Measurement of low molecular weight (LMW) RNA by GeneChip miRNA 4.0 Array analysis represents
a fast and efficient high-throughput method to detect approximately 2.500 mature human miRNA, 2.000
human pre-miRNAs and 2.000 human small nucleolar (sno)RNA or small Cajal body-specific (sca)RNA
at once.

The complete cohort was divided into a discovery cohort of about 20 T2D and 20 ND subjects, which
differed significantly in HbAlc, HOMA-IR, blood glucose and NAS (Figure 4.6A-D) but were matched
for age, BMI, gender and blood lipids (Figure 4.6E-F). 500 ng whole cell RNA was used as input as
recommended by manufacturer.

All subsequent steps of probe preparation, hybridization, staining and washing was performed in coop-
eration with the Institute of Experimental and Clinical Pharmacology, University Hospital Schleswig-
Holstein, Campus Kiel, DE, supervised by Prof. Dr. Cascorbi.

Probe preparation was performed by the FlashTag Biotin HSR RNA Labeling kit. Therefore, 500 ng
RNA was first used for a 3’ poly-A tailing reaction. In a second step, the poly-A-tail was used for adapter
ligation of biotin-labeled 3DNA dendrimer, which was afterwards detected by streptavidin conjugated
PE during array measurement. Control Oligo B2 from the GeneChip Hybridization Control kit was used
besides the RNA probes. Other quality control assays were not performed during array preparation. After
18 h incubation at 48 °C and 60 RPM, the hybridization cocktail was discarded. Subsequent washing
and staining was performed automatically by the Fluidics Station 450 using the respective protocol

(FS450.0003). Scanning was performed by GeneChip Scanner 3000 within 48 h after array preparation.
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Figure 4.6: Phenotypic characterization of the discovery cohort (n = 40) used for miRNA
microarray analysis. The T2D (n = 20) and ND (n = 20) subjects differ significantly in HbAlc
(A), insulin resistance (B), blood glucose (C) and liver fibrosis and steatosis (D). Both subgroups were
matches for age (E), BMI (F), gender (G) and cholesterol (H).

4.3.11 TagMan quantitative real time (q)PCR

Quantitative real time (q)PCR is a technique to estimate gene expression by measuring the amount of
mRNA-cDNA or miRNA-cDNA within a sample. Since it uses a revere transcription (RT) step of mRNA
into cDNA prior measurement, this method is also referred as RT-qPCR. For normalization by relative
quantification, a housekeeping gene or spike-in control is needed. Candidate housekeeping genes can be
validated by pre-pipetted endogenous control plates or by literature research and qPCR validation.
TagMan qPCR needs besides a forward and a reverse primer for target amplification also an intern
probe, which is 5’ conjugated with a fluorescent dye (mostly FAM or VIC) and 3’ conjugated with a
nonfluorescent quencher which inhibits an initial fluorescent signal. During the elongation phase of the
PCR, the polymerase reaches and cuts the probe which releases the dye and allows a fluorescent signal
without quenching. The amount of fluorescence accumulates every amplification cycle until a threshold
above background signal is reached. The respective cycle is referred as Ct value. TagMan assays are
validated by manufacturer, therefore they do not need further experimental validation.

For measurement of hepatic mRNA expression, 10 uL reactions containing 10 ng mRNA-cDNA, 0.5 uL
20X TagMan assay, 5 uL. TagMan advanced master mix and respective nuclease-free water were measured
in duplicates. The PCR protocol included an initial denaturation step for 20 sec at 95 °C followed for
40 cycles by denaturation at 95 °C for 1 sec and an annealing/elongation step at 60 °C for 20 sec. All
qPCR reactions included a no template control.

Hepatic miRNA expression was measured by using 4 uL 1:10 dilution of the miR-Amp reaction which
is included during miRNA-cDNA synthesis. 20X TagMan assay, master mix and nuclease-free water
was added as described before. The PCR protocol included an initial denaturation step for 20 sec at
95 °C followed for 40 cycles by denaturation at 95 °C for 3 sec and an annealing/elongation step at 60
°C for 30 sec. Measurement of hepatic hsa-miR-182-5p was not reliable by TaqgMan assay, therefore a
SYBR green approach was used for all low abundant miRNAs which used more input whole cell RNA for
miRNA-cDNA synthesis (see sections 4.3.9 and 4.3.12). Candidate housekeeping genes hsa-miR-24-3p,
hsa-miR-126-3p and hsa-miR-361-5p were expected to be highly expressed, therefore TagMan assays were

a reliable system for validation.
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4.3.12 SYBR green quantitative real time (q)PCR

In comparison to TagMan qPCR, SYBR green qPCR needs only a forward and reverse primer for am-
plification of a certain cDNA fragment. Each elongation step results in a double stranded DNA product
which is needed for intercalation of the fluorescent dye SYBR green. Thereby the amount of fluorescent
signal is proportional to the amount of double stranded DNA product. The Ct value states the cycle
where the fluorescent signal reaches a value above background similar to TagMan qPCR. Since SYBR
green qPCR uses custom made primer pairs, a standard curve is needed to elucidate the efficiency and
specificity of the primers. An efficiency of 2 is desired, meaning a doubling of each PCR product in
every amplification cycle. An efficiency above or below 2 indicates a by-product (missing specificity) or
insufficient annealing which might be caused by a false annealing temperature. Efficiencies above 1.85
and below 2.15 were considered sufficient.

Each 10 uL SYBR green reaction contained 200 nM forward and reverse primer, 5 uL. SYBR green master
mix, 10 ng mRNA-cDNA and respective nuclease-free water. For miRNA measurement, a universal primer
recognizing a DNA tag which was ligated during cDNA synthesis was used instead of a reverse primer.
Approximately 4 uL hepatic miRNA-cDNA or serum miRNA-cDNA of a 1:30 stock dilution was used
as qPCR input, which corresponds to either 6.7 ng hepatic whole cell RNA or 267 nL serum. All qPCR
reactions contained also a no template control. The PCR protocol included an initial denaturation step
for 10 min at 95 °C followed for 40 cycles by denaturation at 95 °C for 15 sec and an annealing/elongation
step at 60 °C for 60 sec. Finally, a melt curve analysis of the amplified DNA product was included to

ensure specificity during primer annealing and product elongation.

4.3.13 Restriction digestion and ligation of plasmid DNA

Inserts for vector ligation were either generated by genomic PCR (gPCR) or dimerization of single
stranded oligonucleotides bought from IDT. Inserts have to include a recognition motif for restriction
enzymes Ncol (5’ end) and HindIII (3’ end) followed by three additional bases for effective digestion.
For gPCR, see section 4.3.4.

Dimerization of single stranded oligonucleotides was performed by mixing 100 uM forward and reverse
complement oligonucleotides and incubation for 5 min at 95 °C and gradually decreasing temperature
(-1 °C/min).

Restriction digestion was performed by using 500 - 1000 ng DNA in 50 pL reactions containing 5 uL
2X buffer, 1 uL of both enzymes and nuclease-free water. Each reaction was incubated for 80 min at 37
°C and the enzymes were heat inactivated for 20 min at 80 °C. Reactions were cleaned from salt and
proteins by Millipore membrane filters.

Ligation was performed by a QuickLigation Kit in 20 uL reactions on ice. Each reaction contained 50 ng
digested vector and respective amounts of insert to yield a 1:3 ratio of vector to insert. After mixing by
pipetting, the reaction was incubated for 10 min at room temperature. Until further use, each ligation

reaction was stored at -20 °C.

4.3.14 Transformation and cloning

Chemically competent Escherichia coli bacteria One Shot PIR1 (50 uL aliquots) were thawed on ice and
5 pL ligation reaction was added. Cells were incubated for 30 min on ice and a heat shock was performed
for 30 sec at 42 °C. After a short cooling on ice, 250 L. SOC medium was added and bacteria suspensions
were incubated for 60 min at 37 °C and 300 rpm.

For selection, transformed bacteria were spread on agar plate containing a selective antibiotic. Therefore
only bacteria containing a vector with a gene for respective antibiotics resistance will survive and form

colonies.
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After an over night incubation at 37 °C, colonies can be picked with a pipette tip and transferred into
liquid media to grow over night cultures for plasmid extractions. Alternatively, a colony PCR can be
performed by dilution of a small sample of the bacteria colony in 15 yL. TE buffer and heating of the
suspension for 5 min at 96 °C. Afterwards, the suspension was centrifuged for 10 min at 18.000 g and 2

L of the supernatant was used in a PCR reaction.

4.3.15 Mini and Midi plasmid preparation

Mini and midi plasmid preparations were performed to extract plasmid DNA from different sizes of over-
night bacterial cultures. Therefore bacteria in either 5 mL (mini) or 50 mL (midi) antibiotics containing
liquid broth were incubated gently shaking at 37 °C. Afterwards, bacteria were pelletized by centrifugation
for 15 min at 4 °C and 6.000 g. Bacteria were stored at -20 °C until further extraction by respective
plasmid extraction kits. Subsequent steps were performed as indicated by manufacturer.

Plasmids from mini preparations were eluted in 20 uL elution buffer (buffer EB) and ready to used for
sequencing or luciferase assays. For midi preparations, DNA was eluted in 3 mL elution buffer (buffer
QF). After isopropanol precipitation of the DNA and washing in 70 % ethanol, plasmids from midi
preparations were suspended in 120 yL. TE buffer and ready to use for further applications.

To ensure a correct sequence for donwstream analysis, plasmids were sequenced at Eurofins GATC (for-
merly GATC Biotech), Kéln, DE.

4.3.16 Cultivation of HepG2 cells

Thawing of HepG2 cells was performed by transferring cells from one cyrotube into 9 mL. DMEM low
glucose medium with 10 % FBS. Cells were centrifuges for 7 min at 125 g and old medium was discarded.
The cell pellet was resolved in 10 mL fresh DMEM low glucose medium with 10 % FBS and the cell
suspension was transferred into T-75 tissue culture flask.

Twice a week, cells were subcultivated 1:10 at 80-90 % confluence by incubation for 5 - 10 min with
trypsin until cell detachment and dilution in DMEM low glucose medium supplemented with 10 % FBS

and 1 % penicillin/streptomycin.

4.3.17 In vitro DNA methylation and methylation sensitive Luciferase reportergene assay

Plamid DNA and double stranded oligonucleotides were in vitro methylated as indicated by manufacturer.
Either 1 pg plasmid DNA or 100 uM oligonucleotide were incubated in a 20 pL reaction with 320 pM
S-Adenosyl methionine (SAM), 2 uL NEB 2 buffer, 1 puL SssI methylase (4 U) and respective nuclease-
free water at 37 °C for 4 h. Afterwards, the methylase was heat-inactivated by incubation at 65 °C for
20 min. Reactions were cleaned from salt and proteins by Millipore membrane filters.

HepG2 cells were plated in DMEM low glucose medium without antibiotics one day prior transfection
at 200.000 cells/mL to reach a confluency between 50 and 80 % after 24 h. Lipofectamin and DNA
solutions were prepared in serum-free Opti-MEM using 0.2 pL Lipofectamin 3000 per reaction (50 - 100
ng pCpGL-CMV-FLuc encoding plasmid containig CpG of interest co-transfected with respectively 5 -
10 ng pRL-SV40 or 500 ng pSV-p-Galactosidase control vector for transfection normalization). A final
volume of 10 pL Lipofectamin-DNA mixture per 96-well was transfected as triplicates.

Cells were lysed in 50 uL 1X Passive Lysis Buffer (PLB, included in Dual Luciferase Reporter Assay
System) and frozen for at least 30 min at -80 °C. Lysates were stored at -20 °C until luciferase activity
measurement by Dual Luciferase Reporter Assay System. Therefore 20 puLi of each lysate was used with
50 puL Luciferase Assay Reagent IT (LAR II). The Fierfly Luciferase signal was measured for 12 sec
and quenched for 3 sec by addition of 50 pL freshly prepared Stop&Glo solution if normalization was

performed by Renilla luciferase signal. Renilla luciferase activity was measured subsequently to Firefly
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signal quenching for 12 sec. Division of mean Firefly luciferase signal by mean Renilla luciferase signal
was used for signal normalization.

If the CpG containing sequence of interest interfered with pSV40-RLuc activity due to promoter trans-
activation or the Firefly Luciferase signal was too low due to the sequence of interest, a (-galactosidase
enzyme based normalization assay system was applied as indicates by manufacturer. Therefore 20 uL cell
lysate was used and completed with 30 uL. 1X PLB to a final volume of 50 pL. After 30 min incubation
of the cell lysate with B-galactosidase substrate at 37 °C, the color reaction was stopped by addition
of 150 pL sodium carbonate and measured photometrically. A standard curve with fixed amounts of
[-galactosidase enzyme served as reference. Division of mean Firefly luciferase signal by amount of

B-galactosidase was used for statistical tests.

4.3.18 Nuclear extract preparation and electrophoretic mobility shif assay (EMSA)

HepG2 cells of one T-75 tissue culture flask, which is equivalent to 50 pL packed cell volume, were used for
extraction of proteins. Nuclear extract was generated by NE-PER Nuclear and Cytoplasmatic extraction
reagents as indicated by manufacturer and each buffer was supplemented 1:1000 with proteinase inhibitor.
The cytoplasmatic fraction was discarded. Nuclear extracts were stored at -80 °C for three months or
subsequently used for electrophoretic mobility shift assays (EMSA).

Protein concentrations were determined photometrically by BCA Protein Assay Kit. For Each EMSA
binding reaction with nuclear extract, at least 6.5 ug nuclear protein was used.

Oligonucleotides were dimerized as described in section 4.3.13 and optional methylated or mock methy-
lated as described in section 4.3.17.

Each 20 pL binding reaction contained 2 pL 10X binding buffer from the LightShift Chemiluminescence
EMSA Kit (10 mM Tris, 50 mM KCl, 1 mM DTT), 1 ng/uL Poly dI dC, 10 uM ZnSOy, 0.2 ug BSA, 50
fmol biotinylated double stranded oligonucleotide and respective nuclease-free water. Optional binding
reactions contained 6.5 ug nuclear extract or unbiotinylated oligonucleotides (methylated or unmethy-
lated) as serial dilution. For specific protein detection, nuclear extract was prior addition to binding
reaction also incubated with a respective antibody on ice for 1 h.

Each binding reaction was incubated for at least 30 min on ice. 4 uL. 6X loading dye was added prior
gel loading. Electrophoresis was performed on a 6% DNA retardation gel in 0.5X TBE buffer at 80 -
100 V for 1.5 h (dependent of oligonucleotide size). Afterwards, oligonucleotides were transferred from
the DNA retardation gel to a nylon membrane at 100 V for 1 h in 0.5X TBE. Since DNA is negatively
charged due to its phosphate backbone, the nylon membrane has to be on the plus side of the transfer
sandwich.

The membrane could be dried and stored at room temperature after transfer. Detection of biotinylated
oligonucleotides was performed by the Chemilumineschence Nucleic Acid Detection Kit as indicated by
manufacturer. Stabilized streptavidin conjugated horseradish peroxidase binds to the biotinylation of the
oligonucleotides. After addition of its substrate peroxide with a luminol /enhancer solution, a light signal
(luminescence) can be detected indicating the position on the membrane. Though this method is not
as sensitive as radioactivity based shift assay, it is sufficient to detect protein biding, changes of protein

binding due to antibody incubation and specificity due to competitive unlabeled oligonucleotide binding.

4.3.19 Transfection of miRNA mimics and subsequent analysis

Cell culture experiments were performed to identify and validate possible targets of miRNAs. There-
fore, precursor mimics were reverse transfected into HepG2 cells. Precursor mimics are double stranded
oligonucleotides similar to endogenous pre-miRNAs. Chemical alterations ensure a correct processing

and strand selection for assembly of the RNA-induced silencing complex (RISC).
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Reverse transfection was performed by addition of a Lipofectamin 3000 and miRNA precursor mimic
mixture subsequently to plating of cells. For each condition, two 6-wells with 2 mL HepG2 cell suspensions
(number of cells equivalent to a confluence of 60 % 24 h after plating) were transfected with 200 uL of a
Lipofectamin and mimic dilution in Opti-MEM.

Besides a precursor mimic, negative control transfected cells were used for normalization. Several condi-
tions (24 h or 48 h treatment, as well 50 nM and 10 nM concentrations of mimics and negative controls
#1 and #2) were tested. A final mimic concentration of 10 nM in 2.2 mL HepG2 low glucose cultivation
medium and an incubation for 48 h showed optimal results. Negative control 1 (nc #1) transfection
showed most stable and reproducible results.

Cells were once washed with ice-cold DPBS and lysed in 700 pL QIAzol. Whole cell RNA was extracted
as described for liver tissue. Synthesis of miRNA-cDNA was performed by TagMan advanced miRNA
c¢DNA Sythesis kit as described for highly abundant hepatic miRNA using 10 ng whole cell RNA. For the
synthesis of mRNA-cDNA, the High Capacity cDNA reverse transcriptase kit supplemented with RNase
inhibitor was used with an input of 500 ng whole cell RNA. Reverse transcriptase master mix was prepared
as indicated by manufacturer. The cDNA stock solution was diluted 1:10 for a final concentration of 2.5
ng/uL to use in qPCR.

4.3.20 Insulin treatment of HepG2 cells

The treatment of HepG2 cells with high concentrations of insulin under hypergylcemia was used to
generate an established hepatic-like in vitro cell model of insulin resistance (Huang et al., 2015; Teng
et al., 2018).

Therefore HepG2 cells were plated at 200.000 cells/mL in a 6-well plate with HepG2 cultivation medium.
After 24 h, medium was discarded and replaced with high glucose (4.5 g/L) medium supplemented with
0.5 % BSA and different concentrations (100 nM and 500 nM) of insulin. HepG2 cells in low glucose (1.5
g/L) medium supplemented with 0.5 % BSA served as control treatment.

Cells were harvested with a cell scraper in ice-cold DPBS 24 h after treatment. Cell pellets were generated
by centrifugation for 10 min at 4 °C and 12.700 rpm and stored at -80 °C until further usage.

RNA was isolated as described for HepG2 cells. Synthesis of miRNA-cDNA and miRNA expression
analysis was performed as described for mimic transfection by using the TagMan advanced miRNA
cDNA synthesis kit with an input of 10 ng whole cell RNA and TagMan based qPCR.

4.3.21 Basic statistics

Pearson correlation was performed for continuous variables and Spearman correlation for ordinal (gender,
NAS) variables. These correlations indicated also whether a measurement was biased by age, gender or
BMI and if these factors should be included in further regression models. Correlations were not corrected
for multiple testing since each parameter was assessed by a different analysis system.

A relationship between DNA methylation and metabolic traits was calculated by linear regression models
using optional age, gender and BMI as confounding factors (which is referred as adjusted or corrected p
value). Unbiased DNA methylation was also analyzed non-parametrically by Mann-Whitney test.

For statistical gene expression analysis, a linear delta Ct value (ACt) was used by calculation of the
difference between Ctiarget gene = Cthouskeeeping gene- Linear regression models including further cofactors
were calculated to estimate a correlation between gene expression and metabolic traits.

Since the cohort was neither matched for age nor gender, corrected p values including also BMI (referred as
p.) were always calculated to access an unbiased correlation between explanatory variables and response
as described before (Pourhoseingholi et al., 2012).

DNA methylation was plotted as non-parametric box plots indicating besides a mean methylation value

also the statistical distribution. A fold change difference was used by calculation of a respective 2~A4Ct
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value and plotted for the comparison between ND and T2D subjects. These values are shown as mean
fold change +/- SEM. For plotting of correlations between metabolic traits and gene expression, minu-
mum/maxmimum normalized ACt values were plotted which does not change any statistical analysis.
Each hepatic expression analysis was considered independent from each other (difference in time point,
assay and plate), therefore p values are not corrected for multiple testing. Results of expression analysis
from mimic transfections or microarray analysis were corrected for multiple testing by controlling the
false discovery rate (FDR).

4.3.22 Allelic association

In the first attempt it was verified that the population is in Hardy-Weinberg equilibrium (alleles were
not influenced by allelic drift or mutations within the cohort) by a chi squared test. Hardy-Weinberg
equilibrium was assumed for a x? > 3.841 (one degree of freedom) with an a = 0.05. For testing of
association between an allele and incidence of T2D, also a chi squared test was performed as described
before. Also logistic regression models were tested using the genotype, age, gender and BMI as cofactor
to the state of T2D.

4.3.23 Risk group classification by additive methylation risk score (addMRS)

A basic methylation risk score (MRS) was calculated by summing up standardized values (z) of DNA

(z —7)

methylation x: z = @) s MRS = %(2¢g) = 2c906500161 + Zcg11024682-

Student’s t-test was performed to analyze whether the mean MRS values differ significantly between T2D
and ND subjects. Effect sizes of MRS on other outcomes were calculated by linear regression, whereby a
change of MRS about 1 score equals a change of DNA methylation at one CpG site about one standard
deviation (o) if DNA methylation at the other position stays constant. The Area under the curve (AUC)
was calculated as goodness of the model. An AUC value above 0.5 indicates an improved classification

in comparison to random stratification.

4.3.24 Risk group classification by Random Decision Forest (RDF)

Random Decision Forest (RDF) was performed using the TreeBagger function in MATLAB version
R2016a-R2018b. Due to the small sample size, each decision tree was generated by a subset of ran-
domly picked data D (bootstrap approach) and tested against out-of-bag data of the whole ensemble D.
Each random decision forest (RDF) model contains 200 randomly generated decision trees b, containing
several combinations of genetic and epigenetic predictors (SNP genotype, DNA methylation at CpG sites
or let-Te expression and serum concentration) and confounding factors age, gender and BMI, that were
tested against other predictor sets. For each RDF model, the mean out-of-bag (OOB) error as goodness
of the model was calculated. At least 100 models were generated and tested to estimate the limits of

precision. No explicit tree depth was used.

4.3.25 Microarray statistics

Generated CEL data was imported into Transcriptome Analysis Console (TAC) 4.0 and pre-processed for
further analysis in MATLAB and R. Array data was normalized by Robust Multi-chip Analysis (RMA)
algorithm as indicated by manufacturer, which contains background adjustment, log2 transformation and
quantile normalization to increase the fold change ratios.

Linear and logistic regression models for continuous responses (metabolic traits like HbAlc, blood glucose
and serum triglycerides) or the incidence of T2D were generated using MATLAB. Therefore age, gender,
BMI and NAS were used as additional cofactors if not used as response variable. Only truly expressed

mature miRNAs (> 50 % of all samples had a detection above background) were considered for statistical
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analysis and generation of models. Since FDR adjustment of thereby generated p values resulted into
no significantly associated target gene, another approach was used as described in the results section. In
short, miRNAs with a detection threshold of log2 counts > 2 and an absolute log2 fold change difference
between T2D and ND subjects of > 1.5 were necessary to be considered as possible candidates. Both,
multiple associations to the incidence of T2D or other metabolic traits and missing associations to BMI
and age were sufficient to be declared as candidate gene for qPCR validation.

Log2 fold change of gene expression between ND and T2D subjects was assessed after calculation of mean

values by an adapted Tukey Biweight Algorithm (see section 10.2.1), which is more robust against outlier.
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5 Results

The following contents of this thesis covers two different epigenetic mechanisms which might lead to
altered hepatic gene expression in human metabolic diseases: Aberrant intragenic DNA methylation and
changed miRNA expression.

In a first approach, hepatic expression of metabolic key genes involved in insulin signaling and fatty acid
metabolism were identified. Besides insulin resistance and T2D, also alterations in intrahepatic thyroid
hormone (TH) signaling was further characterized regarding the manifestation of NAFLD.

Intragenic changes in hepatic DNA methylation was exploratory analyzed for a potential novel T2D target
gene which was previously associated to NAFLD in a different human liver cohort. Also recent blood
based EWAS and GWAS hits were exploratory analyzed regarding alterations in hepatic intragenic and
promoter methylation. In this context, also the suitability of large-scale blood based EWAS hits as tissue
and population specific biomarker was critically examined.

Changes in miRNA expression were systematically assessed by microarray measurement and subsequent
comprehensive target miRNA validation in the complete human liver cohort and respective cell culture
experiments. Moreover, a cooperative mechanism for selective insulin resistance containing genotype-
specific changes in DNA methylation and mRNA repression by miRNA overexpression was established
and validated by different methods. Lastly, a gene-specific and a tissue-specific approach was used by
careful selection of two candidate miRNAs and correlation analysis with metabolic traits or expression

of potential target genes.

5.1 Hepatic gene expression

Initially, potential hepatic housekeeping genes for qPCR normalization were carefully evaluated to avoid
a measurement bias. Afterwards, hepatic expression of metabolically relevant genes was assessed and
correlated with blood-based parameters to find suitable candidate genes for subsequent analysis regarding
aberrant epigenetic regulation in T2D. Also expression changes of genes contributing zo intrahepatic TH
signaling was comprehensively analyzed which is based on the known contribution of hypothyroidism to
NAFLD.

5.1.1 Hepatic housekeeping gene for qPCR normalization

Gene expression measurement by qPCR needs a stably expressed housekeeping gene for target normaliza-
tion. Commonly used genes like -actin (ACTB) or glyceraldehyde-3-phosphate (GAPDH) were shown
to be influenced by steatosis and cirrhosis which is also observed in liver samples of this cohort (Boujedidi
et al., 2012). Additionally, we are interested in a metabolic context, therefore genes directly involved
in glucose metabolism (Phosphoglycerate Kinase 1, PGK1) need to be rejected. Other selection criteria
include a low standard deviation between age, gender, disease state and a sufficient expression in liver.

31 potential housekeeping genes were tested (genes of TagMan Array Human Controls, Figure 5.1) using
10 ng hepatic cDNA from three T2D subjects (two females, young and old, one male, intermediate age)
and three ND subjects (two females, young and old, one male, young). Thermo Fisher cloud software, a Ct
value cut-off of > 30 and NormFinder algorithm (Andersen et al., 2004) state GAPDH, Ribosomal Protein
L37a (RPL37A) and Cancer Susceptibility Candidate Gene 3 Protein (CASCS3) as most stably expressed
genes. Additional TagMan qPCR validation of all three candidate genes in the complete cohort specifies

CASC8 as most suitable hepatic housekeeping gene for subsequent gene expression normalization.
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Figure 5.1: Snaphsot from Thermo Fisher cloud software. 31 potential housekeeping genes
were tested with TagMan Array Human Controls Plate, using cDNA from three T2D and three ND
subjects. CASCS8 (red box) remains as most suitable housekeeping gene due to its stable expression
within all conditions.

5.1.2 Hepatic gene expression for metabolically relevant genes

Epigenetic changes, which contribute to disease manifestation, result in aberrant gene expression. If
this is affecting genes with key functions in glucose or fatty acid metabolism, these epigenetic changes
modify the outcome of a certain metabolic trait (like blood glucose concentrations, serum triglyceride
concentration, the glycaemic index of hemoglobin or steatosis and fibrosis state of the liver).

In a first attempt it is necessary to identify possible target genes which are dysregulated in T2D and
at the same time correlate with a metabolic phenotype. Stratification of the cohort into subjects with
T2D (diagnosed by clincial examination and taking medication against T2D) and ND subjects reveals
a dysregultion of Acetyl-CoA Carboxylase Beta (ACACB), Forkhead Box O1 (FOXO1), LDL Receptor
Related Protein 6 (LRPG6) and Stearoyl-CoA Desaturase (SCD) in T2D (Figure 5.2A).

As indicated before, there is a significant difference in age and gender between T2D and ND subjects
(Figure 4.1B and C). Logistic regression analysis using additional factors will indicate whether gene
expression alone is associated to T2D or is influenced as well by age and gender due to the study design.
Also a remaining effect of BMI on gene expression has to be considered though the cohort is matched for
obese subjects in both subgroups. Expression of ACACB, FOXO1 and LRP6 is additionally influenced
by age (Page = 0.0005 for ACACB, page = 0.0011 for FOXO1 and page = 0.0142 for LRP6). Furthermore,
expression of IRS2 is significantly influenced by BMI (ppasr = 0.0477). After adjustment for respective
factors, only LRP6 remains significantly associated to T2D without bias. These results also indicate an
interacting effect between the expression of ACACB, FOXO1 and age as well between IRS2 and BMI
on T2D manifestation. SCD expression itself does not correlate with any confounding factor. Further
adjustment for age, gender and BMI results into a not significant association of gene expression on the
incidence of T2D.

Manifestation of T2D is a result of constant high blood glucose, unresponsiveness of target organs on
insulin action and the inability of pancreatic beta cells to produce sufficient insulin to counteract the hy-
perglycaemic state. Before diabetes manifestation, insulin responsive organs like liver and skeletal muscle
underlie an increasing unresponsiveness. One measurement for this insulin resistance is the HOMA-IR
(Homeostatic Model Assessment for Insulin Resistance). This score is used as an estimate to describe
the functionality of pancreatic insulin secretion by using fasting blood glucose and serum insulin val-
ues. Stratification by HOMA-IR (insulin resistance (IR) with HOMA-IR > 2.5) reveals further reduced
expression of ACACB, FOXO1, Insulin Receptor (INSR) and Cyclin Dependent Kinase Inhibitor 1B
(CDKN1B) in the state of insulin resistance (Figure 5.2B).

Besides ACACB and FOXO1, also CDKN1B (pgge = 0.0235) expression is influenced by age. INSR
expression is independent of any confounding factor. Further adjustment for age, gender and BMI leads
to a not significant association between INSR expression and T2D manifestation.

Expression of Cyclin D1 (CCND1), Cytochrome P450 Family 7 Subfamily A Member 1 (CYP7A1),
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GAPDH, Low Density Lipoprotein Receptor (LDLR) or Proprotein Convertase Subtilisin/Kexin Type 9
(PCSKDY) is not significantly altered in both subgroup comparisons.

Further analysis reveal a largely negative correlation between ACACB, LRP6 and FOXO1 expression
and metabolic traits or liver enzymes (Figure 5.2C). GALNT18 expression correlates with age and BMI,
but also with HbAlc and serum insulin. This gene was previously not significantly altered in T2D or IR.
Therefore GALNT18 is additionally considered for further epigenetic analysis.

There is a strong known association between the incidence of non-alcoholic fatty liver disease (NAFLD)
and T2D (Portillo-Sanchez et al., 2015; Hu et al., 2017) . Therefore all potential candidate genes are also
analyzed regarding a correlation between expression and the NAFLD activity score (NAS). GAPDH (p.
= 0.0430) and SCD (p. = 0.0087) expression correlates positively and expression of TRS2 (p. = 0.0136)
and LRP6 (p. = 0.0075) correlates negatively with NAS score. Correlation is independent of age, gender
or BMI for those genes. Expression of FOX0O1 (p = 0.0371, p. = 0.2972) and ACACB (p = 0.0371, p.
= 0.2042) correlates negatively with NAS but is additionally influenced by age as previously described
for T2D.

Using T2D as additional co factor, expression of IRS2 (pyas = 0.0286), LRP6 (pyas = 0.0283) and
SCD (pnas = 0.0269) remain significantly associated to solely NAS.

We focused on identification and characterization of possible epigenetic mechanisms which lead to the ob-
served changes in hepatic gene expression of ACACB, FOXO1, IRS2, LRP6, SCD, INSR and CDKN1B.
Moreover, associations of hepatic GALNT18 to insulin and HbAlc levels emphasize a this gene as po-

tential new target gene for T2D.
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Figure 5.2: Overview of hepatic gene expression changes in this cohort. Stratification of the
cohort into T2D und ND subjects results into significant repression of ACACB, FOXO1 and LRP6
and overexpression of SCD in T2D (A). Stratification into insulin resistant (IR) and sensitive subjects
results into significant repression of ACACB, FOXO1, INSR and CDKN1B in IR (B). A correlation
plot between gene expression ACt values, metabolic traits, enzymes and vitamins shows a strong
interaction within genes as well between gene expression and traits (C). Blue indicates a negative, red
a positive correlation. p. indicates a p value corrected for BMI, age and gender.
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5.1.3 Hepatic gene expression for thyroid hormone signaling related genes

Besides the association between NAFLD and T2D, thyroid hormone (TH) signaling is known to contribute
to the development and progress of NAFLD (Pagadala et al., 2012). The action of intracellular hepatic
TH signaling was to date not studied in clinical samples, though compounds targeting Thyroid Hormone
Receptor f (THRB) were shown to have beneficial effects on cholesterol levels (Sinha et al., 2018). To
elucidate whether the association of systemic hypothyroidism, hepatic TH signaling, T2D and fatty liver
is mediated by respective hormone transporter or intracellular receptors, hepatic expression of different

signaling related genes was measured.
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Figure 5.3: Hepatic gene expression changes in this cohort for thyroid signaling related
genes. Stratification of the cohort into T2D und ND subjects results into a significant change in
THRB expression with minor impact (A). Stratification into insulin resistant (IR, HOMA-IR > 2.5)
and sensitive subjects (HOMA-IR < 2.5) results not into significant differences in TH related gene
expression (B). THRB expression correlates uncorrected negatively with NAS score (C), HbAlc (D)
and serum triglycerides (E). Previous showed correlation between expression and age was erased due
to increase in sample size (F).
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Gene expression measurement is performed for specific TH transport proteins MCT8 (Monocarboxylate
Transporter 8, coded by SLC16A42), MCT10 (Monocarboxylate Transporter 10, coded by SLC16A10)
and OATP1C1 (organic anion transporting polypeptide 1cl, coded by SLCO1C1), as well for Type LII
and IIT Iodothyronine Deiodinases (DIO1, DIO2 and DIO3) and Thyroid Hormone Receptor a and 8
(THRA and THRB).

The establishment of qPCR primers for SYBRgreen qPCR needs an estimation of amplification efficiency
by generation and calculation of a standard cure based on a serial dilution of hepatic stock cDNA. Thereby
it is not possible to generate an adequate standard curve for DIO2, DIO3 and SLCO1C1. Ct values are
permuted approximately at 35 which results into a more than 10 fold lower expression in comparison to
other TH signaling related genes. Therefore these genes are regarded as not expressed and excluded for
further analysis.

Expression of DIO1 and SLC10A1 is not significantly (p = 0.1375 and p. = 0.1559 for DIO1, p = 0.6544
and p. = 0.5418 for SLC10A1) increased in T2D and IR (Figure 5.3A and B). Also a correlation analysis
between DIO1 and HbAlc (p = 0.0579) or SLC10A1 and HbAlc (p = 0.6733) as measurement of long-
term markers for T2D revealed no association. Expression of both genes is not affected by confounding
factors. Further regression analysis reveals that SLC16A2 and THRA expression is not altered in any
condition. Interestingly, only THRB expression is significantly altered between T2D and ND subjects
though the fold change difference is extremely small between T2D and ND subjects (about 0.99, Figure
5.3A). No TH signaling related gene is significantly altered after HOMA-IR classification of the cohort
into insulin resistant and sensitive subjects (Figure 5.3B).

Additionally, only THRB expression decreased with severity of NAFLD (Figure 5.3C), elevation of HbAlc
level (Figure 5.3D) and elevation of serum triglycerides (Figure 5.3E). A previously published relationship
between age and reduced THRB expression is diminished due to a slightly increased sample size (from n
= 82 to n = 89 subjects, Figure 5.3F). BMI (Table 20) and gender (p = 0.5141) are also not correlating
with THRB expression, therefore an uncorrected p value can be applied. Elevated blood glucose and
liver enzymes AST and ALT correlate with reduced THRB expression besides the already mentioned
association to NAS, HbAlc and serum triglycerides (effect sizes see Table 20). Allin all, THRB expression
remains the most interesting target gene for further investigation of hepatic lipid and glucose metabolism
by TH.

Table 20: Linear regression models of hepatic THRB expression. Bold values are considered
significant.

THRB 9] estimate p corrected estimate n

Glucose 0.01452 -45.44 0.10419 -27.50 84
Insulin 0.57820 -25.31 0.97840 -1.07 82
HOMA-IR 0.38887 -3.58 0.59204 -2.05 T
HbAlc 0.00463 -1.48 0.03070 -1.02 89
BMI 0.23448 -3.71 89
Age 0.07524 -6.43 89
Gender 0.51413 0.06 89
Cholesterol 0.30239 -12.81 0.47128 -8.97 82
Triglycerides 0.00244 -110.33 0.01490 -84.77 82
HDL 0.00333 10.82 0.00663 10.18 82
LDL 0.42812 -8.87 0.35077 -10.62 76
AST 0.00408 -22.11 0.00824 -20.99 84
ALT 0.00379 -17.78 0.00285 -17.98 84
TSH 0.70901 0.59 0.43624 1.27 79
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5.2 Hepatic DNA methylation

Though Polypeptide N-Acetylgalactosaminyltransferase 18 (GALNT18) expression is not significantly
altered between T2D and ND subjects, we observe a significant association between expression, HbAlc
and serum insulin levels. Intragenic GALNT18 methylation and expression was previously shown to be
altered in obese patients with NAFLD (Ahrens et al., 2013). Its function in metabolism remains unclear,
therefore we aimed to evaluate whether it is a suitable candidate gene for the manifestation of T2D and
whether aberrant DNA methylation is a plausible regulatory mechanism.

Tumor Protein P53 Inducible Nuclear Protein 1 (TP53INP1) was chosen as a candidate gene to examine
DNA methylation within promoter regions in diabetic liver. A previously performed meta analysis re-
vealed, that a T2D associated polymorphism is influencing TP53INP1 promoter methylation and thereby
affecting gene expression (Xue et al., 2018). We aimed to examine whether this might also affect liver

tissue.

5.2.1 Intragenic GALNT18 methylation

The CpG site cg16337763 within intron 3 of GALNT18 was reported to show an decreased methylation in
NAFLD (Ahrens et al., 2013). It is hardly possible to design suitable bisulfite PCR primers for replication
of this position, therefore we decided to measure reliable methylation of three 506 bp to 689 bp upstream
CpGs instead.

DNA methylation is best characterized for promoter regions and first exons due to its significance and
popularity in cancer research. Nevertheless, intragenic methylation, also known as gene body methylation,
was shown to follow a non-linear effect on gene expression (Jjingo et al., 2012). Some genes showing
hyper or hypo intragenic methylation were associated to extreme high or low mRNA expression. Thereby
intragenic promoters are not sufficient to explain this causality. Other approaches indicate a functionality
in splice site variation by DNA methylation and subsequent accessibility of recognition motifs. We assume
a similar functionality of intragenic DNA methylation affecting GALNT18 expression in T2D and fatty

liver disease.
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Figure 5.4: DNA methylation of GALNT18. DNA methylation within intron 3 of GALNT18 is
significantly altered between T2D and ND subjects, which becomes insignificant after correcting for
age, gender and BMI (A). DNA methylation at CpG2 correlates negatively with C peptide (B) and
NAS score (C).

DNA methylation at CpG1 to CpG3 is decreased in subjects with T2D (CpGl1 5.21 %, CpG2 5.58 %
and CpG3 4.28 % absolute difference, Figure 5.4A). Regression analysis revealed a strong association of
DNA methylation and aging (Table 21 for CpG2 and Table 28 in supplement), therefore after correction
for these confounding factors, the difference in methylation became insignificant. Nevertheless, DNA
methylation at all positions correlated significantly with serum C peptide concentrations (Figure 5.4B)
and NAS (Figure 5.4C) after ajustment for age, gender and BMI. Only CpG2 is shown as a representative
due to the largest difference in DNA methylation.
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In previous studies, GALNT18 was reported to be up-regulated in NAFLD. In this cohort there is no
significant change in expression (Figure 5.5A.) Moreover, GALNT18 expression is influenced by BMI
(Figure 5.5B) and age (Figure 5.5C). Additional regression analysis reveals a positive correlation between
gene expression and serum insulin concentration (Figure 5.5D) which also results into a significant re-
lationship between enhanced gene expression and insulin resistance indicated by a positive correlation
regarding HOMA-IR (Figure 5.5G). Unfortunately, gene expression is neither affected by HbAlc (Figure
5.5E) nor NAS (Figure 5.5F).

1.5 p=0.1542 § 1.0 5 1.0
2 p. = 0.6615 2 3
[ —_— <4 £
=
-~ o o o
I 1.0 —1— H H
b 2 2
05 0.5
2 5 3
© k-] °
05
S & &
z 5 s
s 3 p=0.02814 £
* ' 200 20 40 60 8 100 2 3 20 40 60 80
& ®
BMI [kg/m?] age [y]
5§10 o ® . § 1.0 P . 5 1.0 . p =0.3535
@ @ . a pe = 0.6795
4 . b . pe =0.2128 ]
£ * s ®  p=00397 £ ¢ o
x x L) 3 [
3 ) ¢ 3 3 . l
2 2 S o 2 .
b @ 05 o $o05
o o o : L]
° ° . ° °
Q Q ) ) o
a ¢ P, = 0.0049 3 o® *tae 8 L
g p=0.0158 £ g
E 13 E
S 0.04 . . T . ] S 0.0+ r r 1 2 0.04 » T r
0 200 400 600 800 1000 0 5 10 15 0 2 4 6

Insulin [pmol/L] HbA1c [%] NAS [score]

(7}

Normalized gene expression

& . p =0.0383
4 . Pe = 0.0174
(]
0.04—— . . . ,
0 20 40 6 8 100
HOMA-IR

Figure 5.5: Expression of GALNT18. Gene expression of GALNTIS8 is not significantly altered
between T2D and ND subjects (A). Expression correlated with BMI (B), age (C) and serum insulin
(D). Expression correlated without correction significantly with HbAlc (E). Correlation with NAS
score was not reproducible in this cohort (F). Gene expression is enhanced in insulin resistance,
indicated by a positive correlation between expression and HOMA-IR without influence of by any
confounding factor (G).
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sequences and transcription factor binding motifs included for both Luciferase assays (C).

Since both DNA methylation and gene expression is influenced by aging and DNA methylation correlates
with liver health status, we performed a Luciferase reporter gene assay on these positions to analyze
whether methylation in intron 3 might have an actual impact on gene expression. We used a plasmid
enconding a Firefly Luciferase gene under control of a CMV promoter without CpG sites and integrated
our CpG sites of interest downstream of the promoter. Cells were lysed 24 h after transfection and Lu-
ciferase signal was measured. The plasmid including solely CpG1 to CpG3 shows no change in Luciferase
signal in dependency of methylation (Figure 5.6A). Including a forth CpG site downstream of previous
measured CpG oligonucleotides, the effect changes drastically into complete erasement of the Luciferase
signal in unmethylated (0 % methylation) state (Figure 5.6B). In silco analysis of the nucleotide sequence
reveals a putative E box motif for CpG1 and an enrichment for possible Sp1l binding motifs surrounding
the forth CpG (namend CpG(-1), Figure 5.6C).

In summary, altered GALNT18 expression in NAFLD can not be reproduced in our liver cohort. More-
over, aging is strongly influencing both GALNT18 methylation and gene expression (see additionally
Table 28 in supplement and Table 21). DNA methylation at CpG2 is significantly affected by NAFLD
and overall liver health status without influence of confounding factors which is indicated by correlations
between methylation and NAS score, serum AST and serum ALT levels (Table 21). Gene expression is

elevated in insulin resistance without being affected by any confounding factor.

Table 21: Linear regression models of GALNT18 methylation at CpG2 and gene expres-
sion. CpG2 was previously shown to have the largest difference in percent DNA methylation. Bold
values are considered significant.

CpG2 P estimate p corrected estimate n

Glucose 0.07449 -1.46 0.92807 0.07 82
Insulin 0.12359 -3.33 0.76653 0.58 80
HOMA-IR 0.65830 -0.09 0.13165 0.28 75
C peptide 0.00023 -13.38 0.00506 -10.47 82
HbAlc 0.00207 -0.07 0.14617 -0.03 87
BMI 0.27048 -0.16 87
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Age 0.00135 -0.50 87
Gender 0.01881 0.01 87
cholesterol 0.42732 0.42 0.39564 0.49 80
triglycerides 0.00895 -4.24 0.20457 -2.09 80
HDL 0.01690 0.40 0.12586 0.28 80
LDL 0.07050 0.86 0.32093 0.51 74
AST 0.00035 -1.21 0.00082 -1.26 82
ALT 0.00000 -1.22 0.00002 -1.21 82
dCT P estimate p corrected estimate n
Glucose 0.15346 -25.08 0.62315 -8.41 87
Insulin 0.01576 93.63 0.00495 97.01 85
HOMA-IR 0.03829 7.59 0.01736 8.69 80
C peptide 0.15282 102.73 0.36317 63.24 87
HbAlc 0.03969 -0.97 0.21280 -0.53 92
BMI 0.02814 6.05 92
Age 0.03496 -6.80 92
Gender 0.78024 0.03 92
cholesterol 0.82587 -2.51 0.50248 8.16 85
triglycerides 0.44892 -25.77 0.75485 10.70 85
HDL 0.70036 -1.37 0.90801 -0.44 85
LDL 0.62689 -4.95 0.63981 -5.15 79
AST 0.38321 -6.27 0.77142 -2.30 87
ALT 0.43947 -4.43 0.73585 -2.03 87

5.2.2 Promoter TP53INP1 methylation

To check whether CGI shore methylation is altered in T2D manifestation, TP53INP1 promoter methy-
lation was analyzed neighboring two promising target CpG sites c¢g13393036 and cg20039814. (Kirchner
et al., 2016) indicated an up-regulation of TP53INP1 expression in ND and T2D subjects in comparison
to lean subjects. Thereby two CpG sites, ¢g20039814 and cgl18059933, were most affected by changes in
DNA methylation. Both sites are located in TP53INP1 CGI shore within 82 bp. Moreover, methyla-
tion at cgl13393036 is reported to be significantly influenced by polymorphism which is associated to the
incidence of T2D (Xue et al., 2018).

Gene expression regulation by promoter methylation of CGIs is a broadly described principle. It occurs
mostly during cell development and CGI hyper and hypo methylation is a feature of most cancer types.
In normal healthy cells, CGI are unmethylated resulting in active gene expression. Surrounding regions
of CGIs, called CGI shore (up to 2000 bp flanking a CGI from both sides) and shelves (beyond 2000 bp
flanking regions) are described to maintain a stable DNA methylation pattern themselves (Edgar et al.,
2014).

Bisulfite pyrosequencing of cgl13393036 and cg20039814 (CpG7 and CpG8, Figure 5.7) reveals a low
DNA methylation of TP53INP1 CGI shore with no significant difference between T2D and ND subjects.
Therefore aberrant promoter methylation was excluded as possible mechanism of hepatic TP53INP1

expression regulation in this cohort.
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Figure 5.7 DNA methylation for promoter of TP53INP1. DNA methylation is not altered
between T2D and ND subjects within promoter regions of candidate genes. CpG7 is known as
¢g13393036, CpG8 is known as ¢g20039814.

5.3 DNA methylation and genetics - Example for EWAS validation

High throughput methods for assessment genetic changes, which are associated to a specific phenotype,
are a common tool for large scale studies, which started first 2002 for myocardial infarction (Ozaki et al.,
2002). These genome-wide association studies (GWASs) are able to detect millions of single nucleotide
polymorphisms (SNPs) at once for one individual by microarray measurement. Recent GWAS were able
to detect 120 SNPs in association to T2D, still failing to explain most of the heritability of T2D (Prasad
and Groop, 2015).

Later on, high throughput measurement of the epigenome acquired greater importance, especially in
cancer research. These epigenome wide association studies (EWASs) are able to measure DNA methy-
lation of thousands of CpG oligonucleotides at once. Life style factors are mirrored by changes in DNA
methylation and appear to have a larger influence on T2D manifestation and also heritability. Therefore
EWAS are also considered for T2D, obesity and respective metabolic traits. Methylation changes of two
recurring sites which pass the criteria of association (respective p values) are Sterol Regulatory Element
Binding Transcription Factor 1 (SREBF1) c¢g11024682 and ATP Binding Cassette Subfamily G Member
1 (ABCG1) cg06500161. Due to its easy accessibility, methylation at both positions is mostly measured
in leukocytes DNA. These methylation patterns are tissue specific, therefore we are interested whether
these markers have a functional background in metabolically relevant tissue and also if they pass the

filter of association if the number of subjects is below large scale population based studies.

5.3.1 SREBF1 cgl1024682 methylation

The designed assay for measurement of cg11024682 contains three additional CpG sites. Nevertheless,
hepatic methylation is not altered between T2D and ND subjects at any position (differences of 0.14 %
CpGl, 0.94 % CpG2, 1.38 % CpG3 and 0.01 %, Figure 5.8A). Surprisingly, methylation at cgl11024682
correlates weakly with BMI (Figure 5.8B) after correction for age and gender although the cohort itself

consists only of obese subjects.
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Figure 5.8: Methylation of SREBF1 EWAS marker cg11024682. DNA methylation between
EWAS marker cg11024682 and surrounding CpG oligonucleotides is not altered between T2D and ND
subjects (A). A weak correlation between BMI and marker methylation is reproducible for this cohort

(B).

5.3.2 ABCG1 cg06500161 methylation interacting with rs9982016

Methylation of cg06500161 is inconclusively reported to be affected by a nearby SNP rs9982016 (A>T
MAF = 6.63 % on 1000 Genomes), therefore it is necessary to regard the genotype of each subject for a
careful evaluation (Hidalgo et al., 2014; Kulkarni et al., 2015; Wahl et al., 2016).

Hepatic methylation at cg06500161 was not altered between T2D and ND subjects (difference of 2.36 %,
Figure 5.9A). The used bisulfite pyrosequencing assay is unable to distinguish between CpG methylation
and polymorphism for CpGl1, therefore only individuals with an A/A genotype are considered for DNA
methylation measurement at CpG1, which shows a significant hypermethylation for T2D subjects (4.02
%, Figure 5.9A).

This cohort shows neither a significant impact of rs9982016 on methylation at cg06500161 (Figure 5.9B)
nor any influence on disease state. This is further confirmed by a chi squared test on the incidence of
T2D (one degree of freedom, x? < 3.841 with a = 0.05) after accounting for Hardy-Weinberg equilibrium
(polymorphism stays constant across populations). Differences within a genotype range from 2.5 % (A/A)
t0 2.9 % (A/T) and within the disease state from 5 % (T2D) to 4.7 % (ND). The minor allele T has a
more frequent abundance in subjects with T2D (MAF 6.92 %, Figure 5.9C).
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Figure 5.9: Methylation of ABCG1 EWAS marker cg06500161. DNA methylation differs
significantly for CpG1 (only n = 16 subjects with A/A genotype at the polymorphism rs9982016) but
not the marker cg06500161 itself (CpG2, A). Hepatic DNA methylation of CpG2 is not influenced
by the adjacent polymorphism rs9982016 (B). The minor allele T is more prominent in T2D subjects
which represents the proposed risk allele (C). Marker methylation does not correlate with BMI (D).

Linear regression analysis of marker methylation with BMI reveals constant methylation independent from
age, gender or genotype of the adjacent SNP (Figure 5.9D). Therefore a correlation between methylation
at ABCG1 cg06500161 and BMI is not reproducible in liver regardless of any confounding factor.

5.3.3 Clincial relevance: EWAS marker as biomarker

Both markers originate from different blood-based EWAS and were reproduced as lead candidate markers
for obesity (correlating with BMI) and incidence of T2D in a large meta analysis based on leukocyte DNA.
As indicated before, hepatic methylation is not altered between T2D and ND subjects and only hepatic
SREBF1 methylation correlates weakly with BMI.

T2D is a complex disease, thus a combination of both markers might have the power to stratify T2D and
ND subjects. Calculation of an additive score based on methylation (simply called additive methylation
risk score or addMRS) results not into a significant difference of mean values (Figure 5.10A). Nevertheless,
a Receiver Operating Characteristics (ROC) curve analysis for the addMRS reveals an Area Under Curve
(AUCQ) value of 0.5784 which holds stratification by addMRS results into a better outcome than coin flip
(Figure 5.10B).

Lastly, correlation between addMRS and BMI was not significant, regardless of correction for additional
confounder age and gender (Figure 5.10C).

In summary, blood-based EWAS marker might not have a functional background in metabolically relevant
tissue and therefore challenge the assumption, that blood is a suitable surrogate tissue for large EWAS on
T2D. The easy accessibility of blood in comparison to human liver biopsies remains a striking argument
but emphasizes the urgent need for marker validation in metabolically relevant tissue like liver, adipose

tissue or pancreas.
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Figure 5.10: Characterization of an additive methlyation risk score (addMRS) using EWAS
markers. The calculated addMRS does not significantly stratify both cohorts into T2D and ND
subjects (A). Nevertheless, stratification improves classification (AUC > 0.5, B). The addMRS does
not correlate significantly with BMI (C).

5.4 miRNA expression

Epigenetic regulation might also affect protein biosynthesis by degradation of mRNA or steric hindrance
of the ribosome. This translational repression is mediated by small 21-22 nt, oligonucleotides called micro
RNAs (miRNA) which are coded intra- or intergenic in the DNA.

The first miRNAs were identified 1993 in Caenorhabditis elegans (C.elegans) controlling cell development
(Lee et al., 1993; Rougvie, 2001). Since then, contribution to diverse cellular processes especially in disease
manifestation were discovered. These discoveries are particularly interesting because miRNAs are able to
regulate a broad field of target genes at the same time mirroring the complexity of disease manifestation.
Most dysregulated miRNAs emerge from mice and small human studies in the context of NAFLD, non
alcoholic steatohepatitis (NASH) or alcoholic steatohepatitis (ASH). We were interested whether aber-
rant miRNA expression correlating with different metabolic traits (blood glucose, serum triglycerides,
serum insulin, HbA1lc, serum adiponectin) contributes to the manifestation of T2D. Therefore non-coding
(nc)RNA microarray analysis was performed in 40 (20 T2D, 20 ND) subjects, matched for confounders
age, gender and BMI. Candidate miRNAs were later measured by qPCR in a cohort of 95 subjects for
further replication and validation.

Besides mature miRNAs, also pre-miRNAs (first maturation step of pri-miRNAs), small nucleolar
(sno)RNAs (CDBox and H/ACA Box) and small Cajal body-specific (sca)RNAs can be quantified by
microarray. Especially snoRNAs are known to have a function in metabolic stress (Michel et al., 2011).

These ncRNAs do not target specific genes, thus they are neglected for the moment.

5.4.1 Regression analysis for T2D associated miRNAs

Signal intensities which represent respective miRNA expression was assessed by microarray measurement.

No array failed quality and labeling control, thus all 40 samples were included for further data generation.
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Logistic regression analysis using the incidence of T2D as outcome, adjusted further for age, gender, BMI
and NAS score as confounding factors, revealed 37 possible mature miRNAs which are associated to T2D
(p < 0.05, Figure 5.11A). Hierarchical cluster analysis using euclidean distances is not differentiating
both subgroups perfectly into T2D (1) and ND (0) subjects (heatmap classification, see Figure 5.11A). A
principle component analysis (PCA) to reduce the dimensions of multi-dimensional expression data reveals
that based on all 37 mature miRNA, approximately 49.4 % of the variance between both subgroups is
explained (Figure 5.11B). Further filtering by setting the log2 count threshold to 2 results into 28 mature
miRNAs (Figure 5.11C, Table 34 in supplement) and approximately 52.9 % explained variance between
the subgroups. Both PCA failed to cluster T2D and ND subjects into two distinct groups which indicates

a high variability between the individuals within one subgroup.
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Figure 5.11: Overview after logistic regression of microarray log2 counts with disease
status. Heatmap of associated (p < 0.05) miRNAs und respective hierarchical clustering using
euclidean distances of subjects with T2D (1) and ND (0,A). Principle component analysis of miRNAs
which are associated (p < 0.05) to T2D (B) and which pass the filter of log2 count > 2 (C). Plotted
were scores for principal component (PC) 1 and PC2 which represent the largest (PC1) and second
largest (PC2) variance in the data with respective percentage explained variance.
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Figure 5.12: Detailed results of logistic regression of miRNA log2 counts from microarray
and disease state. Most associated signals originate from minor expressed hepatic miRNAs (A).
Most miRNAs are up-regulated in T2D. An absolute fold change cut-off (dashed lines) of 1.5 was
applicated (B). Hsa-miR-182-5p was chosen as candidate miRNA for qPCR validation (arrow, B).
Number of predicted target genes of hsa-miR-182-5p for serveral pathways (C). Predicted target
genes were taken from the NetAffx Analysis Center and respective miRNA target gene annotations
from the databases microcosm (also known as miRBase Targets) (Griffiths-Jones et al., 2007), MTI
(Guo et al., 2015) and miRecords (Xiao et al., 2009). Pathway enrichment was calculated by R using

the package KEGGprofile (Shilin Zhao, 2017).
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Since the p values from the logistic regression analysis failed to be controlled by FDR, a more strict filter
was applied regarding an absolute fold change expression difference (FC) of > 1.5 besides a minimum log2
count of 2. Generally more low expressed miRNAs appear to be altered in T2D (Figure 5.12A). Only 13
miRNAs have an absolute FC of > 1.5, but hsa-miR-182-5p (arrow, Figure 5.12B) is the most interesting
due to a drastic increase in subjects with T2D (FC of 2.6). Pathway analysis of possible target genes of
this miRNA by R using KEGGprofile (Shilin Zhao, 2017) reveals some of those genes participate directly
in metabolism and insulin signaling, but also in MAPK and p53 signaling which is responsive to insulin
and regulates hepatic insulin sensitivity (Figure 5.12C) (Lawan and Bennett, 2017; Geng et al., 2018).
Statistical analysis reveals only candidate target genes involved in MAPK signaling pathway (p = 0.0036,
Padj < 0.1), cell cycle (p = 0.0029, paq; < 0.1) and p53 signaling pathway (p = 0.0025, paq; < 0.1) are

significantly enriched.

5.4.2 Regression analysis for miRNAs associated with metabolic traits

To test whether some changes in miRNA expression are not directly associated to T2D but to related
metabolic traits, regression analysis was performed for blood glucose, serum triglycerides, serum insulin,
HbAlc, HOMA-IR and serum adiponectin. These models included besides log2 values of the miRNA
microarray also NAS, age, gender and BMI as confounding factors in response to a specific trait. Ad-
ditionally, miRNA associated to NAS, age and BMI were considered. A complete list of all miRNA
expression associations can be found in supplemental Table 34. Afterwards, the mean change in expres-
sion between T2D and ND subjects as FC was calculated. P values of regression models are not controlled
by FDR, therefore again a signal threshold of log2 > 2 and an absolute FC threshold of > 1.5 was applied
for further refinement (see Figure 5.13).

All in all, 15 miRNAs remained associated to blood glucose levels (Figure 5.13A), nine to serum triglyc-
erides (Figure 5.13B), three to age (Figure 5.13C), 13 to HbAlc (Figure 5.13D), eight to serum insulin
(Figure 5.13E), four to BMI (Figure 5.13F), eight to HOMA-IR (Figure 5.13G), one to serum adiponectin
(Figure 5.13H) and two to NAS (Figure 5.131).

Changes in expression of several identified miRNAs are not only associated to a single metabolic trait
(Figure 5.13J). A more accurate division reveals that most miRNAs which were previously shown to be
altered in T2D do not correlate with other traits (Figure 5.14). Since there was no direct correction
for multiple testing, some false positive hits are expected. Another criteria, multiple associations to
metabolic traits, reveals seven unique candidate miRNAs (Table 22) whose expression is altered in T2D
and at least one metabolic trait (Figure 5.14A and B) and not associated to age or BMI (Figure 5.14C).
Finally hsa-miR-182-5p proved to be a suitable candidate miRNA for qPCR validation due to its drastic

increase in T2D in contrast to ND subjects and its association to blood glucose and Hb1Ac levels.
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HbA1c HOMA-IR BMI

T2D

Figure 5.14: Detailed overview of overlapping miRINA associations between traits. Glucose
related traits (A), insulin related traits (B) and confounder (C) show overlapping miRNAs.

Table 22: List of overlapping miRNAs from Figure 5.14

miRNA Venn Trait 1 Trait 2 Trait 3
miR-182-5p A Glc HbAlc T2D
miR-330-3p A Gle HbAlc T2D
miR-138-1-3p A Gle HbAlc T2D
miR-7162-3p A Gle T2D
miR-24-2-5p A HbAlc T2D
miR-224-3p A HbAlc T2D
miR-1180-3p A HbAlc T2D
miR-3609 A HbAlc T2D
miR-7162-3p B Ins HOMA-IR T2D
miR-138-1-3p B HOMA-IR T2D
miR-3609 C Age T2D
miR-4485 C Age T2D

5.4.3 Hepatic qPCR housekeeping miRNA

Literature research was discordantly regarding a suitable hepatic housekeeping miRNA. Most commonly
used miRNA species showed at least in serum or adipose tissue a hint towards metabolic dysregulation.
Since miRNAs might enable tissue crosstalk, these metabolic effects might also change hepatic miRNA
expression. Literature proposed 23 possible housekeeping miRNA genes (Table 23). Three candidates
(hsa-miR-126-3p, hsa-miR-24-5p and hsa-miR-361-5p) were chosen for validation by qPCR based on scat-
tering between microarray subgroups and metabolic association (Figure 5.15). All three candidates are
measurable in the whole cohort (n = 95) by TagMan advanced qPCR. Thermo Fisher cloud candidate
endogenous control function and NormFinder algorithm states hsa-miR-24-3p as most suitable house-
keeping gene. Though the expression of almost all potential housekeeping miRNA genes show either
some association to a hepatic cancer phenotype (HCC, fibrosis) or lipid metabolism (NAFLD), all but
one miRNA expression did not show any association to any metabolic trait or the incidence of T2D in
this analyzed cohort. Hsa-miR-331-3p was significantly (p = 0.0256) associated to BMI but was excluded
by not reaching the FC threshold (FC 1.39, see Table 35 for BMI associated entries). Nevertheless, a

log2 value of 5 to 6 indicates low hepatic expression.
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is expressed

Table 23: Proposed housekeeping miRN As from literature and their metabolic association.
Key: T.. true, F.. false, is expr. ..

Transcript ID Mean is FC p Association (Literature)
log2 expr.

hsa-miR-939-5p 5.76 T 1.17 0.04 HBV (Huang et al., 2016)

hsa-miR-181b-5p | 8.66 T 1.19  0.43  Liver fibrosis (Kitano and Bloomston,
2016)

hsa-miR-199a-3p | 10.03 T 1.12  0.38 Fibrosis, HCV (Hayes and Chayama,
2016)

hsa-miR-199b-3p | 10.03 T 1.12  0.55 HCV (Hayes and Chayama, 2016)

hsa-miR-103a-3p | 12.8 T 1.2 0.41 NAFLD upregulated (Soronen et al.,
2016)

hsa-miR~24-3p 13.14 T 1.2 0.42 NAFLD (Ng et al., 2014)

hsa-miR-99a-5p 11.15 T -1.17 0.05 NAFLD upregulated (Tan et al.,
2014)

hsa-miR-191-5p 12.16 T 1.06  0.55  Methylation-sensitive regulation in
HCC (Elyakim et al., 2010)

hsa-miR-186-5p 0.87 F NAFLD downregulated (Leti et al.,
2015)

hsa-miR-15b-5p 8.14 T 1.12 044 HCC upregulated (Yang et al., 2016)

hsa-miR-451a 6.83 T 1.07  0.63 NAFLD downregulated (Hur et al.,
2015)

hsa-miR-361-5p 10.14 T 1.14  0.89 NAFLD upregulated (Zhang et al.,
2018b)

hsa-miR-423-5p 8.26 T 1.03 0.92 Upregulated in serum of obese men
(Ortega et al., 2015)

hsa-miR-320a 12.2 T 1.09 094 Dysregulated in serum of bypass pa-
tients, HCC (Lu et al., 2017; Lirun
et al., 2015)

hsa-miR-101-5p 3.04 T 1.06 0.87  Affected by weight loss in adipose tis-
sue (Kurylowicz et al., 2017)

hsa-miR-192-5p 12.05 T -1.02 0.33 NAFLD upregulated (Tan et al.,
2014)

hsa-miR-26b-5p 4.34 T 1.1 0.83 HCC (Ji et al., 2009)

hsa-miR-331-3p 5.44 T 14 0.33  Serum, NAFLD (Zarrinpar et al.,
2016)

hsa-miR-484 5.25 T -1.08 0.72 T2D pancreas downregulated
(Williams and Mitchell, 2012)

hsa-miR-345-5p 7.47 T 1.05 0.87 HCC (Hayes and Chayama, 2016)

hsa-miR-126-3p | 11.51 T 1.0l 0.78 HCC (Ghosh et al., 2016)

hsa-let-7g-5p 8.8 T 1.14  0.67 HCC (Gori et al., 2014)

hsa-miR-26a-5p 13.41 T 1.11  0.94 hepatic glucose and lipid metabolism

(Fu et al., 2015)
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Figure 5.15: Distribution of log2 counts for all three candidate miRNA housekeeping
genes. Hsa-hiRNA-24-5p shows the smallest scattering among all subgroups after stratification by
T2D (A) or NAS score (B).

5.4.4 miRNA gPCR validation for hsa-miR-182-5p

Hepatic miRNAs were extracted and reverse transcribed into miRNA-cDNA from 90 subjects. These
samples were used for the final validation of the candidate miRNA hsa-miR-182-5p identified in the
microarray discovery cohort of 40 subjects.

Gene expression measurement by qPCR reveals a significant up-regulation (FC > 1.5) of hepatic hsa-
miR~182-5p in subjects with T2D which is also independent of NAS (Figure 5.16A). Additionally, hepatic
miRNA expression correlates positively with HbAlc (Figure 5.16B) and NAS (Figure 5.16C). For other
blood parameters, miRNA expression correlates with serum insulin without further adjustment for con-
founding factors (Figure 5.16D), but with serum triglycerides (Figure 5.16E) and blood glucose after
correction (Figure 5.16F).

Additional regression analysis reveals an association between miRNA expression and age, HDL, AST
and ALT but not with BMI (see Table 24). Therefore expression is independent from obesity but re-
lies additionally on age. The interaction between aberrant hsa-miR-182-5p expression and metabolism
(changes in blood glucose, HbAlc, serum triglycerides, HDL, AST and ALT) are not age driven since
they remain significant (p < 0.05) after adjustment for age, BMI and gender. The interaction between
miRNA expression and serum insulin is influenced by aging.

The microarray results and its calculated associations to T2D, blood glucose and HbAlc are reproducible
for hsa-miR-182-5p. There are additional correlations between miRNA expression and lipid traits (NAS,
serum triglycerides, HDL) as well between expression and liver enzymes (AST and ALT). Due to the
multifaceted associations, hsa-miR-182-5p proved to be a metabolically involved miRNA and emerged as

potential key regulatory molecule for T2D and fatty liver.
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Figure 5.16: Validation of hsa-miR-182-5p by qPCR. Significant up-regulation of hsa-miR-182-
5p in subjects with T2D which stays significant after additional correction for NAS (pNAS corrected =
0.0280, A). Expression correlates positively with HbAlc (B) and NAS (C). Expession correlates with
insulin, which becomes insignificant after correction for age, gender and BMI (D). Expression corre-
lated with serum triglycerides (E) and glucose (F). P values (p.) are corrected for age, gender and

BMI.

Table 24: Linear regression models of hepatic hsa-miR-182-5p. Bold values are considered

Triglycerides [mg/dL]

Glucose [mg/dL]

significant.
hsa-miR-182-5p o) estimate p corrected estimate n
Glucose 0.00015 20.61 0.02212 12.44 85
Insulin 0.01901 32.10 0.58891 6.93 83
HOMA-IR 0.12557 1.87 0.82811 -0.26 78
HbAlc 0.00004 0.63 0.01168 0.38 90
BMI 0.74026 0.31 90
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Age 0.00036 3.84 90
Gender 0.23445 -0.37 90
Cholesterol 0.89624 -0.48 0.80759 -0.97 83
Triglycerides 0.00001 45.56 0.00135 34.47 83
HDL 0.00063 -3.77 0.00846 -3.16 83
LDL 0.04436 -6.56 0.14719 -5.16 77
AST 0.00039 7.90 0.00136 7.95 85
ALT 0.00013 6.71 0.00149 6.00 85

5.4.5 Transfection of hsa-miR-182-5p mimic for target gene validation

As described earlier, miRNA might bind to the 3-UTR of several distinct genes and therefore repress
different targets at the same time.

Potential metabolic target genes of hsa-miR-182-5p, ELOVL6, FASN, FOXO1, LRP6, SCD, and CDKN1B
were identified by data base research for experimentally validated miRNA-mRNA interactions or seed
sequence prediction tools (Karagkouni et al., 2018; Chou et al., 2018). Three genes (SCD, ELOVL6 and
FASN) participate in hepatic de novo lipogenesis and fatty acid metabolism which is reported to be
elevated in NAFLD. Moreover, FOXO1 is a transcription factor which activates the expression of key
enzymes of gluconeogenesis. FOX01 expression was also previously described in this thesis as altered in
T2D. A repression of these genes has a favorable course on T2D manifestation.

In contrary, LRP6 is known to play a crucial role in whole body lipid homeostasis by regulating LDLR-
mediated hepatic lipid uptake and to activate the Wnt/beta-catenin signaling pathway. A malfunction
of pathway regulation causes enhanced hepatic lipid accumulation by increased de novo lipogenesis and
triglyceride synthesis.

Lastly, a link between CDKN1B and hepatic insulin resistance is not reported, though it represents a
potential link between T2D, liver cirrhosis and cancer due to its contribution to cell cycle regulation.
Additional screening of the 3’'UTR of these six potential target genes was performed for the validation of

the presence of the respective seed sequence and for assessment of the possible binding mode (Table 25).

Table 25: 3-UTR screening of possible hsa-miR-182-5p target genes. Positions are relative
to start of 3’-UTR and calculated by a self-written java based unix shell tool (see 10.3.3).

Target Transcript 8mer 7mer_m8 Tmer_Al 6mer
ID Ensembl
ELOVL6 ELOVL6-201 at 656 bp false at 657 bp at 657 bp
FASN FASN-201 false false false at 365 bp
FOXO01 FOXO01-201 false false at 264 bp at 264 bp
at 2139 bp at 2139 bp
LRP6 LRP6-201 false 1787 bp false at 1788 bp
at 2331 bp
SCD SCD-201 false false false at 1185 bp
CDKN1B CDKN1B-201 false false false at 1290 bp

Transfection of 10 nM pri-miR-~182 mimic into HepG2 cells results into an approximately 450-fold increase
in mature miR-182-5p after 48 h incubation (Figure 5.17A). Subsequent expression measurement of
possible target genes by qPCR results into a significant decrease of FOXO1 (p = 0.0022, FDR q =
0.0131), LRP6 (p = 0.0241, FDR q = 0.0482), SCD (p = 0.0068, FDR g = 0.0204) and CDKNI1B
(p = 0.0022, FDR g = 0.0071) expression in mimic transfected HepG2 cells (Figure 5.17B). A control

transfection with scrambled oligonucleotides (negative control, nc#1) serves as reference.
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Figure 5.17: In vitro validation of predicted target genes. 10 nM Pri-miRNA-182-5p mimic
was transfected into HepG2 cells, which shows a large overexpression of miRNA-182-5p after 48 h
in comparison to cells transfected with negative control (nc#1, A). Overexpression of mimic caused
decreases expression of predicted target genes FOXO1, LRP6, SCD and CDKN1B (B). It was corrected
for multiple testing by controlling the FDR (q < 0.05 was assumed as significant which is indicated
by *).

5.4.6 Characterization of hsa-miR-182-5p target genes FOXO01, LRP6, CDKN1B and SCD

Correlation analysis between miRNA and putative target gene expression reveals a significantly negative
correlation between hsa-miR-182-5p and FOXO1 (r = -0.28, Figure 5.18A) as well for LRP6 (r = -0.38,
Figure 5.18B). CDKN1B and miRNA expression do not correlate with each other (p = 0.1081, r = -0.17)
though the correlation exhibits a negative trend. Also, both hepatic SCD and hsa-miR-182-5p expression
is up-regulated in T2D, therefore a degradation of SCD mRNA by this miRNA is unlikely. Additionally,
a correlation between SCD and miRNA expression is not significant (p = 0.0989, r = 0.3623).

A B

-
=]
1
L]
-
=
1
L]

p = 0.0003 .

hsa-miR-1825p expression
min/max normalized
=
on
hsa-miR-182-5p expression
min/max normalized
(5]

=
=
I ]

e
=
=9

1.0

0.0 0.5 0 0.0 0.5
FOXO1 expression LRPE expression
min/max normalized min/max normalized

Figure 5.18: Target genes of hsa-miR-182-5p. Hepatic hsa-miR-182-5p expression correlates
significantly with hepatic FOXO1 (A) and LRP6 (B) expression.

Further target gene characterization reveals a negative association of FOXOI expression and HbAlc
levels (Figure 5.19A) and blood glucose (Figure 5.19B) which is noticeable influenced by age (p. > 0.05).
Interestingly, FOXO1 expression correlates independently of age with blood cholesterol and LDL (Figure
5.19D-E).

CDKN1B expression correlates negatively with serum triglycerides (Figure 5.19E) which is also strongly

influenced by age. No other significant associations can be found (Table 30 in supplement).
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Finally LRP6 expression correlates negatively with HbAlc levels (5.19F), blood glucose (5.19G) and
serum insulin (5.19H). All associations except for blood glucose stay significant after adjustment for

confounding factors though LRP6 expression itself correlated with age. Additional regression models are

listed in supplemental Table 31.
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Figure 5.19: Target gene expression correlated with metabolic traits. FOXO1 expression
correlates negatively with HbAlc (A) and blood glucose (B), which becomes insignificant after cor-
rection for age, BMI and gender. FOXO1 is stably altered with increased blood lipids cholesterol (C)
and LDL (D). CDKNI1B correlates negatively with serum triglycerides which is also influenced by
confounding factors (E). LRP6 expression correlates negatively with HbAlc (F), blood glucose (G)
and serum insulin (H) after correction for age, BMI and gender.

Expression of potential target genes was further analyzed regarding NAS since miRNA expression is also
increasingly expressed with a higher degree of liver steatosis and fibrosis. Correlation analysis reveals no
changes for CDKN1B expression with different scores of NAS (Figure 5.20A) and an age driven negative
correlation for FOXO1 (Figure 5.20B). Expression of LRP6 is significantly reduced in higher degrees of
NAS (Figure 5.20C).

In summary, the most promising target gene of hsa-miR-182-5p remains LRP6 due to its apparent
alterations in expression for several metabolic traits and liver steatosis. On the one hand, expression
of LRP6 and hsa-miR-182-5p is significantly correlating, on the other hand LRP6 mRNA it is also

significantly reduced after overexpression of the miRNA in cell culture.
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Figure 5.20: Correlation analysis between expression of proposed target genes and grade
of NAFLD. CDKNI1B expression does not correlate with liver steatosis and fibrosis (NAS score, A),
FOXO1 expression correlates age-dependent with NAS (B). Only LRP6 expression is diminished with
increasing NAS independently of any confounding factor (C).

5.4.7 Clincial relevance: Application as biomarker and induction of hsa-miR-182-5p ex-

pression

It is interesting whether serum miRNA levels mirror hepatic miRNA expression since these molecules can
be secreted from the liver into the bloodstream and target other metabolically active tissues, like adipose
tissue, skeletal muscle or pancreas, as already shown for other miRNAs (Wang et al., 2013b). In addition,
serum is an easy accessible body fluid which enables a great potential for T2D biomarker identification

and application.
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Figure 5.21: Serum hsa-miR-182-5p expression and induction. Serum miRNA expression is
not significantly reduced in subjects with T2D (A). Due to its low expression, there is a large variance
indicated by error bars. Expression correlated independently of age, gender and BMI with serum
insulin (B). High levels of insulin and glucose in media is not inducing miR-182-5p expression in vitro

(©).

Serum hsa-miR-182-5p concentrations are low in both subgroups (mean FC in T2D 0.51 +/- 0.21 in
comparison to ND subjects with an error of +/- 0.55) and exhibit a large variability between all subjects
without influence of age, BMI or gender. Subgroup stratification reveal no significant difference between
T2D and ND serum miRNA concentrations (p = 0.9706, Figure 5.21A). There is also no correlation

between serum miRNA concentration and hepatic expression (p = 0.3284). Nevertheless, miRNA con-
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centrations appear to be decreased in subjects with high serum insulin concentrations (Figure 5.21B).
This reduction is mostly driven by the cohort design (p. > 0.05).

To elucidate whether miR-182-5p expression can be induced by insulin and high glucose (mirroring a
state of IR), HepG2 cells were treated for 24 h with different concentrations of insulin (100 nM or 500
nM) in high glucose (4.5 g/L) medium in comparison to cells without treatment in low glucose (1.5 g/L)
medium. HepG2 miRNA expression is not significantly altered between different concentrations (Figure
5.210).

Determination of serum hsa-miR~182-5p concentrations proved not to be a suitable T2D biomarker due
to the lack of association between serum miRNA concentrations to alterations in metabolic traits. The
missing induction of miRNA expression upon insulin treatment in cell culture indicate an increase in

hsa-miR-182-5p expression is not an acute process and might be a consequence of IR than a cause.

5.5 DNA methylation, genetics and miRINA expression in synergy regulating
IRS2 expression

Previous results depicted different mechanisms of epigenetic regulation. Covalent attachment of methyl
groups to a cytosine of CpG oligonucleotides may only effect one specific gene. In contrast, altered ex-
pression of miRNAs may consequently change expression of multiple target genes at the same time within
the same system. Additionally, a regulatory function of SNPs must be considered for both epigenetic
mechanisms. These permanent genetic changes may affect directly CpG sites by eliminating methylation
or adding new methylation sites (Aberg et al., 2018; Dayeh et al., 2013; Izzi et al., 2016) and SNPs may
also change 3-UTR recognition motifs for miRNA binding (Moszynska et al., 2017) or miRNA maturation
(Gong et al., 2012).

These described mechanisms may also act in an synergistic manner. The CpG-SNP ¢g12195446 /rs4547213
within intron 1 of TRS2 was recently associated to T2D (Mahajan et al., 2018). Moreover, observed
dysregulation of IRS2 and correlation with metabolic traits (see previous Figure 5.2) fits into the model
of selective IR. Finally, age associated hsa-let-7e-5p targeting IRS2 was deferentially expressed between
T2D and ND subjects of the miRNA microarray discovery cohort (see previous Figure 5.13).

These arguments constitute a careful characterization of IRS2 expression and regulation in T2D mani-

festation.

5.5.1 Hepatic IRS2 expression

Hepatic TRS2 expression correlates positively with BMI (p = 0.0171) and is not significantly altered
between T2D and ND subjects after correction for all confounding factors age, gender and BMI (Figure
5.22A). Since expression does not correlate with age (p = 0.4614) or gender (p = 0.3842), correction
solely for BMI results into a significant association between IRS2 expression and presence of T2D (p =
0.0421).

Further regression analysis reveals a significant negative correlation between IRS2 and NAS (Figure
5.22B), HbAlc (Figure 5.22C), AST (Figure 5.22D) and ALT (Figure 5.22E). Correlation between IRS2
expression and serum insulin fails to reach significance after correction for age, gender and BMI (Figure
5.22F). IRS2 proved to be a suitable candidate gene based on the correlation between gene expression
and NAS score, as well a correlation between expression and HbAlc. Though IRS2 expression also
correlates with BMI, an association to the presence of T2D remains unaffected by obesity. NAS score
is a representative for liver steatosis and fibrosis state, whereas high HbAlc values indicate a long-term
exposure to high blood glucose concentrations. Furthermore its expression correlates with liver enzymes

AST and ALT which represent a surrogate marker for overall liver health status.
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Figure 5.22: Hepatic IRS2 expression in dependency of liver health status. Absolute IRS2
expression is not significantly altered between T2D and ND subjects (A). Expression correlates neg-
atively with NAS score (B), HbAlc (C), AST (D) and ALT (E) after correction for age, gender and
BMI. Expression correlated with serum insulin, which becomes insignificant after correction for age,
gender and BMI (F).

5.5.2 DNA methylation of IRS2 intron 1

Bisulfite pyrosequencing of IRS2 intron 1 reveals two CpG oligonucleotides, namely CpG3 and CpG6, with
high variance, though surrounding CpGs appear to be completely methylated (Figure 5.23A). Position
1 represents the CpG-SNP ¢g12195446/rs454721 and shows variable methylation in dependency of the
genotype (full, hemi or no methylation).

CpG6 displays the highest variance, nevertheless CpG6 methylation correlates positively with RS2 ex-
pression (Figure 5.23B). Although CpG3 methylation correlates negatively with HbAlc values (Figure
5.23C) it fails to reach significance if mean values of T2D and ND subjects are compared (Figure 5.23D).
Methylation at CpG6 is significantly decreased (about 3.7 %) in T2D subjects (Figure 5.23E). In silico
analysis for transcription factor binding motifs within intron 1 of IRS2 was performed to elucidate a
possible coherence between methylation and expression. Thus two DNA regions with high similarity for
specificity protein 1 (Spl) and SREBF1 recognition motifs were found (transcription factor binding pro-
files from JASPAR see Figure 5.23F and location within intron 1 of IRS2 see Figure 5.23G). Interestingly,
CpG3 and CpG6 which display the highest variability between all subjects (CpG3 81.2 % +/- 5.2 % and
CpG6 77.8 % +/- 11.5 %) are located within these two motifs (CpG3 within Spl GC box and CpG6
within SREBF1 E box motif).

DNA methylation at any position is neither affected by age, gender or BMI. Therefore correction is

applied to correct for differences within both cohorts.
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Figure 5.23: DN A methylation pattern of IRS2 intron 1. DNA methylation is dynamic across
intron 1 (A). Methylation at CpG6 correlates positively with gene expression (B) and DNA methyla-
tion at CpG3 correlates negatively with HbAlc values (C). DNA methylation at CpG3 is not signifi-
cantly decreased in subjects with T2D (D), but about 3.7 % at CpG6 (E). Two recognition motifs of
Spl and SREBF1 (F) can be found at CpG3 (Spl GC box, G) and at CpG6 (SREBF1 E box, G)

5.5.3 Genetics of IRS2

As indicated before, the first analyzed position within intron 1 of IRS2 is the CpG-SNP c¢g12195446/
rs4547213. The polymorphism rs4547213 changes the guanine of a CpG oligonucleotide into an adenine
(G>A, minor allele frequency MAF(A) = 28.2 % on 1000 Genomes) and thereby erasing methylation
completely in homozygous carrier of the minor allele A. The MAF of the whole cohort is about 38.0 %
(MAF in T2D 30.0 % and MAF in ND 41.3 %).

After accounting for Hardy-Weinberg equilibrium, both a chi squared test and regression analysis reveal
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no association of the SNP to the incidence of T2D (x? < 3.841 with a = 0.05 and one degree of freedom).
The minor allele was more prominent in ND subjects presuming a protective effect (Figure 5.24A). Strat-
ification of all subjects into their respective genotypes reveals an association of genotype and methylation
at CpG3 (Figure 5.24B) and CpG6 (Figure 5.24C). Further regression analysis regarding additionally
rs4547213 as confounder still leads to significant associations between methylation at CpG3 and HbAlc
levels and serum insulin (Table 33 in supplement). Thereby increasing the effect size (estimate) on serum
insulin from 4.28 into 4.64 pmol/L per 1 % change in methylation. The effect size on HbAlc is not altered

by correction for the genotype.
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Figure 5.24: Influence of polymorphism rs4547213 on DNA methylation. The G allele of
rs4547213 is more common in T2D, indicating the G allele as risk allele (A). CpG3 methylation (GC
box motif of Spl) is significantly influenced by the genotype (B). CpG6 methylation (E box motif of
SREBF1) is significantly influenced by genotype and disease state (C).

5.5.4 Regulation of IRS2 expression by miRNA hsa-let-Te-5p

Hepatic hsa-let-7e-5p is up-regulated in T2D subjects of the microarray discovery cohort. Measurement
of expression by qPCR of this miRNA in the whole cohort revealed a 1.26 up-regulation in T2D subjects
after correction for age, gender and BMI (Figure 5.25A). Any association of miRNA expression and age
can not be reproduced (Table 32 in supplement).

IRS2 and hsa-let-Te-5p expression correlates significantly indicating a high miRNA occurrence and pre-
sumably concomitant repressed IRS2 expression (Figure 5.25B).

Hepatic hsa-let-7e-5p expression correlates with NAS (Figure 5.25C) but no other metabolic trait (Table
32 in supplement). A high miRNA expression is denoted by a high grade of liver steatosis and fibrosis.
Besides the ability to repress target genes within the same cell of expression, miRNA can be secreted
into the blood stream via exocytosis or other mechanisms (Sohel, 2016). As a consequence, circulating
extracellular miRNAs are considered as highly potential biomarkers (Kim, 2015; Santangelo et al., 2017).
Extraction of serum miRNAs and consequently qPCR measurement reveals no change in extracellular
hsa-let-7e-5p proportions between T2D and ND subjects but a positive correlation between hepatic and
serum miRNA amount (Figure 5.25D). Apparently serum miRNA concentration is not able to stratify
subjects into their respective disease groups but mirrors the hepatic hsa-let-7e-5p situation.

In summary, IRS2 is a suitable candidate gene whose expression pattern and correlations fit into T2D
manifestation. Aberrant expression might be induced by changes in DNA methylation of two CpG
oligonucleotides located within a Spl and SREBF1 recognition motif and additionally by overexpression
of hsa-let-7e-5p which targets IRS2 mRNA. These findings are summarized in Figure 5.26. Though
methylation at CpG5 appears to correlate with some traits, its hypermethylation ranging within 91 %
+/- 2 % causes physiological irrelevance.
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Figure 5.25: Hsa-let-7e-5p expression in liver and serum. Hepatic hsa-let-Te-5p expression is
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Hsa-let-7e-5p expression correlates positively with NAS score (C). Hsa-let-7e-5p expression in liver is
mirrored by serum expression (D).
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Figure 5.26: Correlation matrix for hepatic IRS2 expression, hepatic hsa-let-7e-5p expres-
sion and DN A methylation. Blue indicates a negative, red a positive correlation.
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5.5.5 Functional analysis of IRS2 expression modifying changes

IRS2 intron 1 is aberrantly methlyated between T2D and ND subjects but it remains unclear if this
methylation or the SNP itself has an effect on TRS2 expression and whether proposed transcription factors
bind to their predicted binding motifs. Therefore respective genomic parts containing either CpG1 or the
polymorphism were cloned into a plasmid containing a Luciferase reporter gene under control of a CMV
(cytomegalovirus) promoter. HepG2 cells were transfected in at least triplicates with respective plasmids
and lysed after 24 h of incubation. Luciferase signal was subsequently measured.

The SNP rs4547213 itself has no influence on Firefly Luciferase (FLuc) gene expression (Figure 5.27A)
but full methylation at CpG1 to CpG6 (IRS2 CpG1-6) or CpG2 to CpG6 (IRS2 SNP-CpG6) causes a
reduction of FLuc signal (Figure 5.27A). Dividing intron 1 for Luciferase plasmid cloning into three parts
(CpG1 only, CpG1 to CpG3 and CpG1 to CpG6 completely) revealed a significant repression of FLuc
signal for solely CpG1 and the complete sequence spanning CpG1l to CpG6 in methylated state (Figure
5.27B).

Previous methylation measurement indicated a lower expression of RS2 in hypomethylated state, which
is in contrast to Luciferase reporter gene assay results. Nevertheless, this particular region in intron 1
appears to have a regulatory function which is not fully mirrored by our used artificial systems.

An electrophoretic mobility shift assay (EMSA) was used to validate binding of Spl and SREBF1 to their
predicted recognition sequences. Therefore double stranded oligonucleotides spanning CpG1l to CpG6
were incubated with either nuclear extract from HepG2 cells or nuclear extract previously incubated
with specific antibodies against human Spl or SREBF1. Gel electrophoresis separates free biotinylated
oligonucleotides from protein-bound DNA which is shifted to the top due to its increased size. Additional
incubation with different excess of unlabeled oligonucleotides competes for protein binding and deletes a
visible shift indicating specificity of protein-DNA-interaction.

Incubation of 50 fmol biotinylated oligonucleotides with HepG2 nuclear extract leads to a shift (Figure
5.27C line 2) in comparison to free oligonucleotide (lane 1). Additional incubation of decreasing con-
centrations (12.5 pmol to 0.125 pmol) unlabeled oligonucleotides leads to a gradual extinction of this
shift (lanes 3-5 for methylated and lanes 6-8 for unmethylated oligonucleotides). Thereby favoring of
unmethylated DNA is only vaguely visible for 1.25 pmol excess (lanes 4 and 7).

Incubation of labeled DNA with nuclear extract and specific antibodies leads to a reduction of binding
affinity for Spl (lane 9) and strong increase of binding affinity for SREBF1 (lane 10). The change in
affinity after incubation with respective antibody serves as proof which protein is binding. Lane 11
represents a control for buffer ingredients which might cause a shift and remains negative.

As already indicated by Luciferase assay, the polymorphism does not change protein binding (Figure
5.27D). Lane 1 represents DNA containing SNP at position 1 to CpG6 instead of the CpG1l (lane 3 in
comparison) which was incubated with nuclear extract from HepG2 cells. Labeled DNA is shifted in the
same pattern for both oligonucleotides and binding is abolished by incubation with unlabeled DNA (lane
2).

Binding of hsa-let-7 family members on TRS2 mRNA was described previously (Zhu et al., 2011; Gao
et al., 2014; Frost and Olson, 2011). Therefore functional studies focused on the induction of hepatic hsa-
let-7e-5p. HepG2 cells were treated for 24 h with different concentrations of insulin (100 nM or 500 nM) in
high glucose (4.5 g/L) medium to mirror the state of IR. For comparison, cells without treatment (0 nM
insulin) were cultivated in low glucose medium for 24 h. Measurement of HepG2 let-Te-5p by qPCR reveals
more than 2.5 fold increase of miRNA expression independently of insulin concentration (Figure 5.27 E).
These results indicate a high acute responsiveness of hsa-let-7e-5p expression to increasing insulin levels.
Up-regulation of hepatic hsa-let-7e-5p might therefore be an early process before T2D manifestation.
Additional cell culture experiments with HepG2 cells failed due to the low expression (CT values around
35) of IRS2. Nevertheless, transfection of 10 nM hsa-let-7e-5p mimic into HepG2 cells and incubation for
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48 h indicates a repression of HepG2 IRS2 expression, though it is a questionable effect reasoned on the
already low expression (Figure 5.28). Other potential target genes (CCND1, FASN, FOX0O1, GAPDH
or SCD) are not affected.
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Figure 5.27: Mechanistical analysis of changes. A polymorphism and methylation dependent lu-
ciferase reporter gene assay revealed no direct influence of rs4547213 on gene expression (A). A methy-
lation sensitive Luciferase reporter gene assay revealed a significant influence of solely CpG1 and CpG1
to CpG6 on gene expression (B). Used luciferase constructs are indicated below. An electrophoretic
mobility shift assay (EMSA) revealed neither a differences on protein binding by methylated and un-
methylated oligos (C) nor by oligos containing the polymorphism (D). By antibody binding, Sp1l and
SREBF1 (arrows, C) are identified as bound proteins. Treatment of HepG2 cells for 24 h with insulin
and high glucose medium is able to iduce HepG2 hsa-let-7e-5p expression independently of insulin
concentration (E).
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Figure 5.28: Transfection of hsa-let-7e-5p mimic into HepG2 cells. Especially IRS2 expres-
sion in HepG2 cells is not sufficient for reliable measurements, indicated by high CT values > 35.
Nevertheless, fold change analysis implies a repression of IRS2 expression. Correction for multiple
testing is applied by controlling the FDR (q < 0.05).
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5.5.6 Clincial relevance: Synergy of genetics and miRNA as potential biomarker

Identification of molecular pathomechanisms in disease etiology might be useful for further development
of T2D treatments by targeting these identified pathways. Since an effective treatment is missing and
T2D remains incurable, prevention and intervention is the best strategy against the rising prevalence of
the world wide T2D occurrence.

One method of prevention is risk group stratification by biomarker analysis. Therefore reliable biomarkers
will be needed which are easy to access and cheap in measurement. We were interested whether our
identified regulatory mechanisms, DNA methylation of JRS2 intron 1 and hepatic hsa-let-7e-5p, might
act as potential new biomarker. Information about age, gender and BMI, which are called confounder,
were supplemented with information about genotype at rs4547213 and serum hsa-let-7e-5p ACT values.
This combination is called blood based because both values can be acquired by blood drawing. The
genotype is a suitable surrogate marker since DNA methylation at CpG3 is influenced by the genotype
and correlates with HbAlc levels which again is a marker for long time exposure of high blood glucose
levels. Also serum miRNA expression correlates with hepatic miRNA expression and in vitro experiments
indicate an induction of acute hepatic expression by high insulin and high glucose concentrations.

In a third setup, confounder and blood based markers were supplemented with additional hepatic DNA
methylation information of CpG3 and CpG6. This setup is not favorable due to the low accessibility of
hepatic DNA.
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Figure 5.29: Robust machine learning approaches to generate a biomarker. Random forest
classification revealed an improved classification (reduced out-of-bag error, OOB) of T2D and ND
subjects if using blood based markers serum hsa-let-Te-5p expression and genotype at rs4547213
besides confounding factors age, BMI and gender (A). Distribution and limits of OOB error for
different models: Only confounder (age, BMI and gender), in addition with blood based marker (serum
hsa-let-Te-5p expression and genotype at rs4547213) and in addition with hepatic DNA methylation
at CpG3 and CpG6 (B). Expample for a decision tree in random forest model generation (C). For all
models, information of n = 84 subjects was used.
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Robust machine learning approaches were used for biomarker development and validation. Linear regres-
sion models already exist for disease prediction (Fujita et al., 2012; Tabaei and Herman, 2002; Zou et al.,
2017), but we hypothesize a non-linear coherence which can be modeled by decision trees. Random deci-
sion forest (RDF) containing several decision trees works on small sample sizes with few predictor sets.
Bootstrapping approaches for training and test data division increases robustness of this classification
approach (Le Teuff et al., 2005).

For crossvalidation of each RDF, an out-of-bag (OOB) error was calculated (mean OOB error, see Figure
5.29A). At least 100 RDF's with b = 200 decision trees were generated. A confounder based classification
reaches a mean OOB error of 39.1 %. The mean OOB error decreased to 35.8 % after supplementation
of blood based information. Additional information on DNA methylation does not improve classification
(mean OOB error of 36.1 %). Equal distributions of the OOB error across all three predictor sets validate
the robustness of this method for the application of RDF in T2D prediction (Figure 5.29B). An example
decision tree is shown in Figure 5.29C. Each split point assigns a subjects into a respective branch by
different threshold values of predictors (for example age < 53.3 years) until either a certain depth (fixed
number of split points) is achieved or an explicit categorization of the subject into a group (1 for T2D,
0 for ND) is possible. For each subject, this is performed for b = 200 trees. Afterwards, majority voting
of 200 decisions determines the final category.

In summary, a robust machine learning approch by RDF was able to classify 64.2 % of the used cohort
(n = 84) correctly into subjects with T2D and ND subjects only by using blood based information on
epigenetic regulation. The inclusion of more validated predictors might further improve classification to

make this approach usable in clinical applications.

5.6 Target and tissue matched miRNA

Though a systematic approach by microarray analysis did not reveal any noticeable associations within
the discovery subgroup, two specific miRNA were further characterized in the whole liver cohort.

The first miRNA, hsa-miR-223-3p, was identified by data base research which revealed a binding motif
within the 3’UTR of GALNT18 and FOXO1 (target matched approach). As described before, this gene
emerges as an promising metabolically involved candidate gene with unknown function and regulatory
mechanism.

As a second candidate, hsa-miR-122-5p was analyzed in the full hepatic cohort. This miRNA is the
most prominent and abundant hepatic miRNA (tissue matched approach). Data base research revealed
two genes, INSR and ACACB, as potential target genes. Interestingly, expression of these genes was also
shown to be reduced in diseased liver of subjects within our cohort. Therefore we were interested whether

miRNA mediated repression is a the underlying regulatory mechanism.

5.6.1 Hepatic hsa-miR-223-3p expression correlates with blood lipids and increased age

dependently with blood glucose markers

Since GALNT18 methylation is not influencing its gene expression, also repression by miRNA should
be considered as additional regulatory mechanism. Seed analysis reveals hsa-miR-223-3p as possible
miRNA by targeting the 3’-UTR of GALNT18 as an 8mer (see section 10.3.3 for tool). This assumption
is supported by several database hits for hsa-miR-223-3p using NetAffx Analysis Center and miRCarta
(Backes et al., 2018).

Hepatic hsa-miR-223-3p expression was not significantly altered between T2D and ND subjects (p =
0.081 and p. = 0.064 after correction for age, n = 90) or in NAFLD progression (regression with NAS
score: p = 0.2412 and p. = 0.6838, n = 74) but is higher expressed in liver of older subjects (Table
26). Additionally, there is no correlation between hepatic GALNT18 and miRNA expression (Table 26).

However miRNA expression correlates significantly with serum triglycerides and HDL concentrations
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(Table 26). Further database research ascertain FOXO1 as another only by Luciferase assay validated
target (Wu et al., 2013). Correlation analysis reveals no relation between expression of both expressions.
Therefore hepatic hsa-miR-223-3p might have an age dependent metabolic function but its target gene
remains unclear at the moment. In wvitro validated or in silico predicted target genes are unlikely also in

vivo hepatic target genes.

Table 26: Linear regression models of hepatic hsa-miR-223-3p. Bold values are considered
significant.

hsa-miR-223-3p 9] estimate p corrected estimate n

Glucose 0.01048 15.12 0.08611 9.48 85
insulin 0.37155 12.05 0.37763 12.75 84
HOMA-IR 0.09286 2.23 0.15964 1.99 79
HbAlc 0.02439 0.37 0.21525 0.19 90
BMI 0.09765 1.63 90
Age 0.02751 2.54 90
Gender 0.46477 -0.20 90
Cholesterol 0.41202 -3.18 0.28279 -4.30 83
Triglycerides 0.00189 35.08 0.01116 28.01 83
HDL 0.00064 -3.99 0.00339 -3.55 83
LDL 0.08165 -6.30 0.14345 -5.69 T
AST 0.65265 1.11 0.86320 0.45 85
ALT 0.41518 1.58 0.54039 1.20 85
GALNT18 0.24302 0.04 0.22691 0.05 90
FOXO01 0.68752 0.08 0.17837 0.29 87

5.6.2 Hepatic hsa-miR-122-5p expression is decreased for blood glucose markers

The miRNA hsa-miR-122-5p represents the most abundant miRNA species in liver (Filipowicz and
Grosshans, 2011). Therapeutically, this miRNA is best known for the necessity of HCV replication
and respective antagomirs targeting hsa-miR-122-5p represent attractive pharmacological fields for drug
development (Luna et al., 2015; van der Ree et al., 2016). Physiologically, this miRNA contributes to
the regulation of hepatic lipid metabolism (Esau et al., 2006; Wen and Friedman, 2012). In the context
of T2D and insulin resistance, raised serum levels of this miRNA appear to predict the incidence of T2D
in humans (Willeit et al., 2017).

Additionally, two potential target genes with binding motifs of hsa-miR-122-5p within the 3'UTR have a
decreased hepatic expression in T2D (ACACB) or IR (ACACB and INSR, Figure 5.2). Characterization
of hepatic hsa-miR-122-5p might explain whether T2D manifests in dependency of miRNA expression
alterations by affecting those mentioned target genes.

Hepatic miR-122-5p expression is significantly repressed with increasing NAS (Figure 5.30A). Neverthe-
less, hepatic miR-122-5p expression varies strongly in diabetic liver (mean FC = 0.73 +/- 0.47), therefore
a comparison of its expression between T2D and ND subjects reveals a repression in T2D without sig-
nificance (Figure 5.30B). Further regression analysis reveals a significant repression of hepatic miRNA
expression with increasing blood glucose, HbAlc, AST and ALT (Figure 5.30C-F) independent of age,
gender or BMI (Table 27).

Though hepatic hsa-miR-~122-5p is not significantly reduced in T2D, its expression correlates negatively
with HbAlc. The potential target genes of this miRNA (INSR and ACACB) have also reduced expression
in diabetic liver, making hsa-miR-122-5p binding to either INSR or ACACB 3’-UTR not plausible. Also

correlation analysis between miRNA expression and potential target genes prove no significant association
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(Table 27). A reduction of ACACB expression as a cause of miR-~122-5p knock-down is in accordance to
previous studies (Esau et al., 2006).

All in all, alterations in liver-specific miR-122-5p correlating with liver health status and blood glucose
markers could be reproduced in this cohort although these alterations were in an opposite direction than
indicated from literature. Additionally, potential metabolic target genes of this miRNA which were also
altered in the diseased liver are excluded due to lack of significance (INSR) or an unplausible correlation
direction (ACACB).
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Figure 5.30: Characterization of hepatic hsa-miR-122-5p expression. miRNA expression is
repressed with increasing NAS (A) but is not deferentially expressed between T2D and ND subjects
(B) due to the high variance. Furthermore hepatic miRNA expression is repressed with increasing
blood glucose (C), HbAlc (D), AST (E) or ALT (F).

Table 27: Linear regression models of hepatic hsa-miR-122-5p. Bold values are considered
significant.

hsa-miR-122-5p 9] estimate p corrected estimate n

Glucose 0.01238 -19.91 0.02788 -15.58 84
Insulin 0.19444 -25.03 0.05925 -30.58 82
HOMA-IR 0.15828 -2.45 0.07290 -2.79 7
HbAlc 0.00082 -0.73 0.00143 -0.61 89
BMI 0.40610 -1.10 89
Age 0.20006 -1.97 89
Gender 0.73426 -0.07 89
Cholesterol 0.49593 -3.54 0.74069 -1.70 82
Triglycerides 0.43349 -12.20 0.70238 -5.50 82
HDL 0.70964 0.60 0.73649 0.53 82
LDL 0.92159 -0.44 0.96183 -0.22 76
AST 0.00437 -9.20 0.00706 -8.82 84
ALT 0.03462 -5.46 0.02088 -5.79 84
INSR 0.11939 -0.10 0.07003 -0.12 85
ACACB 0.06715 0.13 0.14946 0.10 86
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6 Discussion

It is hypothesized that key metabolic genes show aberrant expression in diabetic liver due to changes in
epigenetic regulation.

The identified potential underlying mechanism includes changes in DNA methylation within transcription
factor binding motifs and aberrant hepatic miRNA expression. DNA and whole cell RNA was extracted
from liver biopsies of 101 obese (BMI > 32) human subjects with different stages of NAFLD (indicated as
NAS score), insulin resistance and diagnosed T2D. Based on a known connection between TH an NAFLD,
respective genes contributing to hepatic signaling were additionally analyzed. Since liver biopsies were
taken only once, this is a cross-sectional snap shot of a hepatic dysregulation in T2D and NAFLD and
cannot answer a cause or consequence coherence. Nevertheless, the large sample size of human hepatic
tissue and the BMI optimized cohort allows a solid basis to identify molecular mechanisms of T2D
manifestation without a bias by obesity, which is an epigenetic key driver in metabolic diseases.

The link between metabolic tissue specific changes in DNA methylation and alterations in gene expression
in the manifestation of T2D is already described for pancreatic beta cells and skeletal muscle (Volkmar
et al., 2012; Nitert et al., 2012; Lindholm et al., 2014). Also epigenome-wide studies for adipose tissue
were performed (Nilsson et al., 2015). Three studies for hepatic alterations in DNA methylation and gene
expression were performed but only few target genes were identified (Ahrens et al., 2013; Nilsson et al.,
2015; Kirchner et al., 2016). However, changes in hepatic DNA methylation is still a plausible cause for
T2D manifestation. Two candidate methylation sites which emerged from such hepatic EWAS, promoter
methylation of TP53INP1 and intragenic methylation of GALNT18, were chosen for reproduction in this
large hepatic cohort. We were also the first to show a connection between hepatic GALNT18 methylation,
gene expression and glucose metabolism. Moreover, two most promising blood-based EWAS markers for
T2D and obesity, namely SREBF1 and ABCG1, were carefully evaluated in human metabolically active
tissue.

A second regulatory mechanism based on changes in miRNA expression pattern was further assumed.
Previously, most analysis regarding aberrant miRNA expression in T2D manifestation and progression
was performed either in human blood-based samples (serum, plasma or peripheral blood mononuclear
cells), human pancreatic islet cells and adipose tissue or in obese rodent liver (He et al., 2017; Li et al.,
2009; Trajkovski et al., 2011; Yang et al., 2016). This thesis describes the results of the first systematic
approach which identifies aberrant hepatic miRNA expression in humans independent of liver steatosis
and obesity leading towards T2D. Therefore hepatic miRNA expression from 40 samples was measured
by microarray and these results were correlated with metabolic traits (blood glucose, serum insulin,
serum triglycerides) or the incidence of T2D. The candidate miRNA hsa-miR-182-5p was identified by
several regression models and carefully characterized. Possible target genes were identified by computa-
tional methods and validated by cell culture experiments. Hepatic expression of these candidate target
genes, FOXO1, SCD, CDKN1B and LRP6 was further analyzed. Moreover, expression of the hepato-
specific miRNA hsa-miR-122-5p was analyzed regarding their contribution to the manifestation of T2D
or NAFLD. This miRNA also potentially targets the 3'UTR of ACACB and INSR, which are reduced
expressed in diseases liver. In a gene-specific approach, expression of hsa-miR-223-3p was measured and
analyzed regarding a possible repression of GALNT18 and FOXO1, which are two potential target genes
with recognition motifs for miRNA binding within their 3'UTR.

These regulatory mechanism can also act in synergy to target specific genes. We were able to show that a
combination of reduced DNA methylation which correlates with an adjacent genotype and overexpression
of hepatic hsa-let-7e-5p is responsible for IRS2 dysregulation. This might contribute to the phenotype
of selective insulin resistance in humans.

Lastly, the identification of underlying molecular mechanisms and key molecules in T2D represent possible

new target genes or pathways for drug development. Nevertheless, prevention of disease manifestation
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stays the most effective therapy against the increasing prevalence. Therefore a computational attempt
by using machine learning models was performed to translate our results into a clinical application.
These models include the generation of a predictive risk scoring system which is either based on linear
methylation risk scores emerged from EWAS markers or which is based on a non-linear model and robust

machine learning principles for the complex network of IRS2 regulation.

6.1 Thyroid hormone signaling in NAFLD and T2D

The action of intrahepatic TH signaling on hepatic cholesterol metabolism is not well characterized
in clinical human samples. Expression measurement of several genes encoding proteins of hepatic TH
signaling revealed a significant inverse correlation between hepatic THRB expression and NAS, HbAlc
and serum triglycerides. In addition, expression of two key enzymes of hepatic cholesterol clearance,
LDLR and CYP7A1, was not significantly altered within this cohort. This is the first time to prove
decreased THRB expression in human liver samples as main driver of hepatic TH resistance in NAFLD.
TH signaling itself is not directly associated to hepatic or systemic insulin resistance in humans (Bos
et al., 2017). Nevertheless, due to TH related control of cholesterol metabolism, there is a strong link
between TH signaling and NAFLD, and therefore also between TH and T2D (Pagadala et al., 2012;
Portillo-Sanchez et al., 2015). Hepatic TH signaling also regulates serum lipid clearance by induction of
hepatic LDLR and subsequent uptake of cholesterol. Afterwards, this cholesterol is converted to bile acids
by TH induced increased expression of CYP7A1, a key enzyme in bile acid synthesis (Ness, 1991; Ness
and Lopez, 1995). Nevertheless, blood lipids (total cholesterol, LDL and HDL) were not different between
T2D and ND subjects, therefore the observed missing alteration of LDLR and CYP7A1 expression in
T2D or NAFLD is an expected result for this cohort. Another mechanism of TH signaling was proposed
as cause for the altered lipid metabolism and different stages of liver steatosis and fibrosis. All levels of
hepatic TH action (transporter mediated uptake, conversion of TH, transcription factors) were analyzed
for a complete characterization.

SLCO1C1 (also OATP1C1) encodes a transporter protein (Solute carrier organic anion transporter family
member 1C1 or also organic anion transporting polypeptide 1C1) which mediates TH flux across the
blood-brain barrier (Roberts et al., 2008). Therefore no hepatic gene expression is detectable.

DIO2 encodes a protein called Iodothyronine Deiodinase 2 which catalyzes the conversion of the precursor
hormone T4 to the bioactive T3. Though DIO2 is ubiquitary expressed, mRNA levels are more prominent
in different regions of the brain (Guadano-Ferraz et al., 1997). DIO3 encodes a third type of deiodinases,
which inactivates T3 and T4 in fetal tissues (Richard et al., 1998; Peeters et al., 2003). This tissue and
time dependency might explain a missing traceability in adult liver.

Other studies observed by immunohistochemistry a decrease of DIO1 and increase of DIO3 in NAFLD
liver biopsies which results in a higher hepatic TH inactivation (Bohinc et al., 2014). As mentioned,
DIO3 was not measurable in the liver cohort of this thesis. On the contrary, DIO1 was not significantly
elevated in liver of T2D subjects. DIO1 catalysis the activation of pro hormone and inactivation of
T3 as previously described. A higher conversion of T4 to the bioactive T3 estimated by higher serum
T3/T4 ratios was also reported in the context of NAFLD (Bilgin and Pirgon, 2014). Hepatic DIO1
expression neither correlated significantly with HbAlc, TSH nor NAS. Also an age effect is diminishing
with increasing sample size. Nevertheless, a higher conversion rate was reported in obese children and a
smaller sample size already showed age-related repression of DIOI. Furthermore, studies in old rodents
support this aging effect (Silvestri et al., 2008; Visser et al., 2016).

THRA and THRB are nuclear receptors whereby THRB is the predominant hepatic isofrom (Vatner
et al., 2013; Sinha et al., 2018). THRpS is a TH activated transcription factor which co-localizes with
repressors on TH responsive elements on the DNA (Apriletti et al., 1998). Upon binding of T3, THRS co-
localizes with transcriptional activators and facilitates transcription of respective target genes. Targets
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of TH induced gene expression are involved in de novo lipogenesis, which synthesize free fatty acids
(FFA) from glucose for vLDL synthesis (Sinha et al., 2018). TH triggers additional adipose lypolysis
which releases FFA to fuel hepatic lipid synthesis and storage. Though de novo lipogenesis is activated,
hepatic triglyceride content decreases upon TH signaling due to increased lipid metabolism for energy
gain (Oppenheimer et al., 1991). This coherence between THRf activation and reduction of hepatic lipid
accumulation was the initial motivation to treat NAFLD patients with THRS agonists. After treatment
with an liver-specific agonist, hepatic steatosis was decreased at the expense of hepatic insulin sensitivity
(Vatner et al., 2013). The observed hepatic repression of THRB in this liver cohort is in accordance
to a reduced fatty acid metabolism and enhanced hepatic triglyceride content. Since there was only a
minor or no significant difference in gene expression between T2D and ND subjects, a negative correlation
between THRB expression and HbAlc might emerge as comorbidity from altered hepatic lipid content
due to NAFLD, which explains the discrepancy between the effects of THRB agonists on the impairment
hepatic insulin resistance.

Whether reduced transcription factor expression mirrors also a reduction of activated protein and down-
stream changes in key genes of lipogenesis and fatty acid metabolism needs to be elucidated. Since no
hypo- or hyperthyroidism was observed for any subject, decreased T3 action might indicate a hepatic

resistance to TH signaling.

6.2 Alterations of hepatic DNA methylation for pre selected genes

Recent studies on hepatic DNA methylation changes in metabolic diseases revealed alteration of methy-
lation and gene expression of two candiate genes, Tumor Protein P53 Inducible Nuclear Protein 1
(TP53INP1) and Polypeptide N-Acetylgalactosaminyltransferase 18 (GALNT18). Promoter methyla-
tion measurement of TP53INP1 was chosen due to previously observed changes of two promoter CpG
sites in T2D (CpG7 ¢g13393036 and CpG8 ¢g20039814), which could not be reproduced in this liver co-
hort. Intragenic DNA methylation was exploratory analyzed by measurement of three CpG sites within
GALNTI18 intron 3. Changes in GALNT18 methylation and expression were previously associated to
different stages of NAFLD and NAS. This is the first time to prove such methylation alterations of three
CpG sites within intron 3 of GALNT18 age- and gender dependent for T2D. These changes also mir-
ror the overall liver health status by inverse correlation with liver enzymes AST and ALT. Moreover,
GALNTI18 expression was shown to be inversely altered for HbAlc levels in an age- and BMI dependent
manner in our cohort. Subsequent functional analysis of DNA methylation on gene expression revealed a
possible contribution of a forth intragenic CpG site and three potential transcription factor binding sites
(Spl, SREBF1 and CEBPA). These results emphasize GALNT18 as interesting new target gene for T2D
manifestation.

Aberrant promoter methylation is an unlikely cause for dysregulation of genes involved in metabolism and
a more common observation in cancer. For an exploratory approach, nine CpG sites within the promoter
of TP53INP1 were chosen due to previous results on single sites within this sequence. Additionally,
TP53INP1 was 1.2 fold upregulated in a comparable cohort of liver samples of T2D obese subjects in
comparison to glucose tolerant lean subjects (Kirchner et al., 2016). Due to the low sample size of 11 to
13 subjects per group, these results were only exploratory hints for reproduction by missing significance.
Nevertheless, TP53INP1 is an interesting candidate gene based on the discovery of SNPs within the gene
associated to T2D (Voight et al., 2010; Xue et al., 2018). One of those polymorphisms (rs10097617, MAF
= 0.51, C>T) might also have a functional epigenetic background by influencing promoter methylation
at ¢g13393036 (Xue et al., 2018). Therefore it was proposed that CGI methylation is actually enhancing
TP53INP1 transcription by inhibiting of repressor protein binding to the promoter.

This discrepancy might originate from the difference in cohort design and sample size. The association

found in literature originates from more than 650.000 individuals (9 % T2D subjects) and all associations
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were calculated by summary-data-based Mendelian randomization analysis without validation by site
specific laboratory techniques. Nevertheless, the large sample size allows the identification of variants
with small impact on the incidence of T2D. The usability of large scale hits in the context of personalized
medicine will be discussed further.

Though the association between T2D and promoter methylation was not reproducible, this gene remains
an interesting metabolic target gene with implications in obesity and resulting low-grade inflammation
(Seillier et al., 2015). Knock-out mice lacking global Tp53inp! expression were more prone to high-fat
diet (HFD) induced obesity and insulin resistance based on chronic oxidative stress and a dysfuction in
mitophagy. Interestingly, this paper also found an increase of hepatic TP53INP1 expression in steatotic
human liver which was highly discussed upon the review progress to fit the mice model which indicates a
decrease of TP53INP1 expression as pathogenic driver. One explanation might be a protective response
to fat accumulation in obesity. More functional studies without being influenced by obesity would be
needed to elucidate the emerging discrepancy between mouse model and human expression data.
GALNT18 was previously described as novel metabolic target gene in liver steatosis in a large North
German cohort (Ahrens et al., 2013). In their study, including 45 subjects with different stages of
metabolic liver diseases (NAFLD and NASH) and 18 lean control subjects, GALNT18 expression was
observed to be increased in obese subjects, whereby methylation of ¢g16337763 (also located within intron
3) was decreased. Subjects with a NASH phenotype had even higher expression and lower methylation
in comparison to obese subjects with a healthy liver (Ahrens et al., 2013).

It was possible to reproduce a positive correlation between BMI and GALNT18 gene expression in our
cohort. Comparing obese T2D and obese ND subjects, gene expression was not altered. Also a negative
correlation between gene expression and HbAlc levels was age driven. The lower expression in T2D
subjects can be explained by the positive relationship between age and HbAlc within this cohort. In
contrast, DNA methylation within intron 1 of GALNT18 differed (> 4 %) between T2D and ND subjects
prior adjustment for age and correlated significantly with status of NAFLD. DNA methylation at all three
analyzed CpG sites was also influenced by age. A lack of influence of DNA methylation at these specific
positions on gene expression was validated in Luciferase reporter gene assay.

The first CpG was predicted to be located within an E box motif for SREBF1 binding. A drastic
effect of methylation by decreasing the Luciferase signal was observed after elongation of the analyzed
sequence. This new designed sequence setting contained several low consensus binding motifs for the
SREBF1 cofactor Spl and an additional CpG site within a high consensus Spl motif (Reed et al., 2008).
Therefore inclusion of this CpG site (CpG-1) downstream of CpG1l could be responsible for this effect.
Unfortunately it is not possible to design a suitable bisulfite assay to analyze the hepatic in vivo situation
due to the isolated position of CpG(-1) within diverse T-homo-polymers.

In silico analysis raveled an additional binding motif for CCAAT /enhancer-binding protein alpha 8-
16 nt downstream of the first measured CpG site (CEBPA, 5-ATTGCAAAA, JASPAR sequence logo
MAO0102.3). This transcription factor is known to be involved into activation gluconeogenic genes by
cooperation with FOXO1 and is predicted to interact with SREBF1 (Sekine et al., 2007; Bridges et al.,
2014). A hepatic Cebpa knock-out mouse was shown to have decreased hepatic lipogenesis caused by
decreased expression of Fasn and Scd (Matsusue et al., 2004). Whether intergenic binding of this tran-
scriptional enhancer also regulate GALNT18 and contributes to hepatic lipogenesis by activation of
GALNT18 needs to be elucidated. Interestingly, hypomethylation of respective recognition motifs is
associated to transcriptional activation by CEBPA (Rishi et al., 2010). This is in accordance our results
where hypomethylation is observed for lower expressed GALNT18 in type 2 diabetic liver.

The metabolic function of GALNT18 itself needs to be elucidated. The protein is a member of the UDP-
Nacetyl-a-D-galactosamine polypeptide N-acetylgalactosaminyltransferases Y-subfamily and expressed
in various tissues (Raman et al., 2012). Other family members are responsible for the synthesis of mucin-

type O-glycans. GALNTIS itself appears to have a catalytic and no transferase effect (Li et al., 2012).
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Due to the high similarity between murine and human protein (99 % of shared amino acids stated from
the Cancer Genome Anatomy Project from the National Cancer Institute, National Institute of Health),
the metabolic function of GALNT18 could be explored by generation and careful characterization of

respective knock-out mice.

6.3 Evaluation of blood-based EWAS markers in metabolically active tissue

Blood methylation at SREBF1 cgl11024682 and ABCG1 cg06500161 are highly associated to metabolic
traits, still a careful evaluation whether there might be a mechanistically involvement in the manifestation
of hepatic insulin resistant is still missing. To elucidate a hepatic function, methylation at both markers
was measured in our cohort with a carefully validated bisulfite pyrosequencing assay (Krause et al., 2019).
Though SREBF1 ¢g11024682 correlated weakly with BMI, no difference between T2D and ND subjects
was observed. Methylation at ABCG1 cg06500161 was not altered between T2D and ND subjects, nor
was the polymorphism rs99822016 associated to T2D or influencing hepatic methylation. Methylation at
both markers did not correlate with any serum parameter.

Epigenome wide association studies gain in importance to elucidate epigenetic mechanism in disease
manifestation for T2D (Volkmar et al., 2012; Hidalgo et al., 2014; Nilsson et al., 2014; Chambers et al.,
2015; Kulkarni et al., 2015; Nilsson et al., 2015; Kirchner et al., 2016; Kriebel et al., 2016; Wahl et al.,
2016; Sala et al., 2017; Volkov et al., 2017; Walaszczyk et al., 2018). These studies are also a common
tool for a diverse set of complex, non-Mendelian inherited diseases, like obesity, inflammation, psychi-
atric or cardiovascular diseases (Demerath et al., 2015; Liu et al., 2013b; Mill et al., 2008; Liu et al.,
2018; Nakatochi et al., 2017). One advantage is the easy extraction and stability of DNA methylation,
therefore it is more suitable for high throughout screening than miRNA exosome isolation and expression
measurement. Nevertheless, most studies use blood related DNA as input, though DNA methylation is
highly tissue dependent (Kitamura et al., 2007; Jones, 2012; Bernstein et al., 2007; Rakyan et al., 2011).
SREBF1 ¢g11024682 and ABCG1 cg06500161 are two recurring methylation sites, which emerged from
different blood based EWAS to elucidate possible markers for T2D and obesity. Besides the lack of
mechanistic studies, the suitability of single markers emerged from large-scale studies to estimate the
risk of T2D in the frame of personalized medicine is questionable due to their mostly low impact or
effect size. Additionally, whether or not a correlation between methylation of leukocyte DNA and DNA
from metabolically active tissue is significant or in the same direction depends strongly on the analyzed
population and sample size (Chambers et al., 2015; Wahl et al., 2016; Pfeiffer et al., 2015; Dayeh et al.,
2016; Krause et al., 2019).

Neither gene expression nor any mechanistic experiments were performed since no significant associations
regarding marker methylation were detected. However, both genes remain interesting metabolic targets
in liver.

SREBF1 is a known insulin-responsive key transcription factor in hepatic lipid metabolism (Kim et al.,
1998; Harris et al., 2007; Xu et al., 2013). Though gene expression is activated by insulin, it is not known
whether a proteolytic cleavage of the precursor protein is also regulated by an insulin-dependent manner.
Nevertheless, a cholesterol dependent mechanism for processing of SREBF1 in an inhibitory feedback
loop was already shown (Goldstein et al., 2002).

Interestingly, SREBF1c expression is significantly decreased in adipose tissue of obese human subjects
in comparison to lean subjects (Oberkofler et al., 2002). Adipose tissue SREBF1 mRNA increased
again calorie intake dependent in subjects which underwent bariatric surgery and experienced thereby
weight loss (Oberkofler et al., 2002). SREBF1c proved to be the main isoform of cholesterol and fatty
acid biosynthesis in adipose tissue and liver (Shimomura et al., 1997; Xu et al., 2013). Especially the
reversible diet and obesity dependent expression pattern of SREBF1 is a strong indicator for an epigenetic

mechanism for insulin responsive expression activation or repression.
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Besides DNA methylation, also SREBF1 mRNA degradation by miR-33 might be a potential mechanism
which was shown in mice (Horie et al., 2013). Knock-out of this miRNA causes enhanced SREBF'1
expression which results into liver steatosis and obesity which is in contrast to the human situation in
adipose tissue. Unfortunately miR-33 was not expressed in our human liver cohort and other studies in
hepatocarcinoma cell lines were unable to validate these mouse data (Goedeke et al., 2013). Interestingly,
hsa-miR-224-5 is reported to regulate SREBF1 expression (Kameswaran et al., 2014). This miRNA was
associated to NAS in our miRNA microarray discovery cohort and was more than 1.5 fold upregulated
in subjects with T2D though it was expressed only slightly above background signal.

Another mouse study revealed a more prominent effect of solely hepatic SREBF'1 overexpression on
systemic de movo lipogenesis by increasing also visceral adipose tissue mass independent of the diet
(Knebel et al., 2012). Therefore hepatic SREBF1 expression appears to have a higher weight on obesity
than the expression in adipose tissue itself.

The transmembrane transporter ABCG1 is a member of the ATB binding casette (ABC) superfamily
which regulates the efflux of cellular cholesterol to HDL in hepatocytes and macrophages (Kennedy
et al., 2005). At the same time, this transporter regulates and coordinates intracellular sterol localization
(Tarling and Edwards, 2011). Experiments in mice revealed a function in adipocyte triglyceride storage
and a specific inhibition of adipocyte Abcgl reversed weight gain (Frisdal et al., 2015). Interestingly, the
genotype of two SNPs (rs1378577 and rs1893590 in linkage disequilibrium) within the ABCG1 promoter is
influencing adipose tissue ABCG1 expression in obese subjects. The polymorphism rs1378577 changes an
AG genotype into a CG genotype whereby the AG genotype was associated to higher ABCG1 expression
and increased BMI (Frisdal et al., 2015). DNA methylation was not analyzed at this position.
Alterations in leukocyte methylation at cg06500161 was previously associated to serum HDL or triglyc-
erides (Pfeiffer et al., 2015; Dayeh et al., 2016). A respective EMSA for this position revealed a stronger
binding affinity to unmethylated DNA for unspecified proteins of a nuclear extract acquired from a mono-
cyte (THP1) cell line (Pfeiffer et al., 2015). There is no reported correlation between adipose tissue or
liver methylation and respective blood methylation for ABCG1 cg06500161. Nevertheless, significantly
elevated DNA methylation at this position is contradictory reported in adipose tissue of T2D subjects
(Dayeh et al., 2016; Krause et al., 2019).

EWAS still represent a good approach to find novel targets to predict T2D. Blood based markers might not
have a metabolically involvement but might sense changes in blood glucose and insulin levels. Respective
EWAS in liver are needed to elucidate the mechanisms of hepatic insulin resistance due to the tissue
specificity of DNA methylation. The accessibility of liver tissue remains a bottleneck to perform large
scale hepatic studies in humans. Furthermore, large scale studies often discover markers with low effect
sizes but small p values. Therefore a careful evaluation of these CpG sites by good quality bisulfite
pyrosequencing assays and other functional assays (for example Luciferase assays whether there is a

promoter regulatory effect or EMSA to detect protein binding) are needed.

6.4 Liver glucose and lipid metabolism is altered by aberrant hepatic miRNA

expression

Three approaches were chosen to find metabolically involved hepatic miRNA: The first approach was a
systematic attempt by high throughput microarray analysis with a smaller age, gender and BMI matched
discovery cohort of n = 20 T2D and n= 20 ND subjects. Afterwards, the emerged candidate miRNA
hsa-miR-182-5p was validated in the full cohort and its contribution to insulin resistance was extensively
characterized. In silico analysis and cell culture experiments revealed FOXOI and LRP6 as plausi-
ble target genes. This leads to the conclusion that hepatic overexpression of hsa-miR-182-5p reduced
gluconeogenesis but fuels hepatic steatosis by repression of LRP6 and sustained activation of the non-

canonical Wnt signaling pathway. The second attempt was a gene specific approach, whereby the miRNA
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hsa-miR-223-3p was chosen by in silico analysis of the 3’-UTR of GALNT18 and FOXO1 for further
characterization. In the last attempt, the liver specific hsa-miR-122-5p was characterized in the full co-
hort. This choice is reasoned by its known association to hepatic lipid metabolism, its potential to act as
serum biomarker for T2D and its ability to target the 3’-UTR of two genes, ACACB and INSR, which
were shown to have diminished mRNA in T2D or IR. These approaches and results will be discussed
further in the next three subsections.

Due to technical issues and a discrepancy in literature, the choice of a hepatic housekeeping miRNA
for expression normalization needs further discussion. Expression of established housekeeping genes was
evaluated by micorarray and three candiate miRNA were validated by subsequent TagMan qPCR. Hsa-
miR-24-3p represents the most stable expressed hepatic miRNA in NAFLD and T2D. Most publications
use ribosomal or other non-coding RNA for expression normalization. This is not compatible with Tag-
Man based miRNA-qPCR due to a specific miRNA-cDNA synthesis system. Nevertheless, the suitability
of non-coding RNA, like RNUS6, is argued in literature based on different chemical properties between
ribosomal and micro RNA (Benz et al., 2013; Chugh and Dittmer, 2012). These non-coding RNA species
might differ in extraction efficiency, cDNA synthesis and PCR amplification from miRNAs (Schwarzen-
bach et al., 2015). Also most potential housekeeping miRNA have a metabolic implication (listed in
Table 23) but none was reproducible in several cohorts or studies. The identification of a stably ex-
pressed miRNA is mandatory for correct data normalization. The measurements of this cohort represent

the first systematic analysis for the identification of hepatic housekeeping miRNAs.

6.4.1 Systematic approach by microarray analysis

Stratification only for T2D was not sufficient to identify adequate candidate miRNA which contribute to
disease manifestation. Though subjects of the discovery cohort were carefully chosen and matched for
diverse factors, a large variability within the results was observed in the PCA clustering of the microarray
signals. This variability was further confirmed by a lack of significance after correction for multiple
testing. T2D is a multi-factorial disease, therefore subgroup stratification was completed by addition of
linear regression analysis using different clinical parameters as response which are altered in T2D (serum
triglycerides, serum insulin, blood glucose, HbAlc). Preliminary exclusion criteria represent significant
associations to BMI or age. One candidate miRNA, hsa-miR-182-5p, was associated to the presence of
T2D, but also to changes of its hallmark markers blood glucose and HbAlc in the smaller microarray
discovery cohort. Though other miRNA also fit into this scheme, hsa-miR-182-5p remained the most
promising candidate due to a considerable overexpression in T2D and diverse potential target genes in
metabolically relevant pathways which dysregulation might contribute to hepatic insulin resistance.
Expression measurement in our full cohort revealed a more than 1.5 fold overexpression of hsa-miR-182-
5p in diabetic liver independent of NAS score. Expression correlated also with HbAlc and blood glucose
levels, which was already observed in our discovery cohort. Besides, miRNA expression correlated also
positively NAS, serum insulin, serum triglycerides and liver enzymes AST and ALT.

Another study of human liver biopsies from 30 subjects with liver steatosis and different fibrosis states
revealed an upregulation of miR-182-5p upon increase in fibrosis (Leti et al., 2015). The cohort was
matched for confounding factors and T2D, therefore a contribution of insulin resistance was not ana-
lyzed. The high abundance of hsa-miR-182-5p for inceasing NAS is reproducible in this cohort. Thereby
the functionality of this miRNA in hepatic insulin resistance and the significant correlations between
expression and alterations of related traits (HbAlc, serum triglycerides and glucose) was proven for the
first time. These observations in the human situation were further supported by studies from rodent liver.
Mice and rats with fatty liver showed in two independent studies increased hepatic miR-182 expression
(Dolganiuc et al., 2009; Nie et al., 2018).

Hsa-miR-182-5p is transcribed as a highly conserved polycistronic transcript including miR-183/96/182
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(Dambal et al., 2015). Besides small changes in pre-miRNA sequence, cluster structure and seed sequence
of the mature miRNA is conserved between human and mouse. Studies in murine liver indicate a tran-
scriptional regulation by SREBB2 which might be further conserved (Jeon et al., 2013). Interestingly
in our hepatic cohort, only enhanced abundance of hsa-miR-182-5p was associated to either T2D or any
metabolic trait and other cluster members were not expressed at all.

Overexpression of hsa-miR-182-5p is also observed in different types of cancer, like gliomal tumorgenesis,
myeloid leukemia or oral squamous cell carcinoma (Xue et al., 2016; Zhang et al., 2018a; Li et al., 2018).
In a hepatic context, S-catenin induced overexpression of the miR-183/96/182 cluster results into an
increased severity of HCC by reducing FOXO! expression (Leung et al., 2015).

In silico analysis of the 3'UTR of metabolic key genes and subsequent cell culture experiments revealed
LRP6, SCD, FOXO1 and CDKNIB as significantly repressed target genes after overexpression of hsa-
miR-182-5p. Therefore expression of these genes was analyzed in our complete cohort.

Expression of LRP6 correlated significantly with age but was independent of BMI or gender. After
considering the age dependency, decreased expression remained significantly associated to elevated HbA lc,
serum insulin, NAS and levels of the liver enzyme AST. In addition, gene expression correlated noticeable
with hsa-miR-182-5p expression. Screening of the 3’'UTR revealed two possible binding sites which are
recognized in different modes (a 7mer_A1l and a 6mer). To elucidate which recognition site is preferred
in miRNA binding, respective Luciferase Assays and motif mutations have to be performed (Jin et al.,
2013; Clément et al., 2015).

LRP6 is a transmembrane protein which co localized on the cellular membrane with a receptor called
Frizzled (FZD) and fulfills essential functions in hepatic Wnt/B-catenin signaling (Tamai et al., 2000;
Thompson and Monga, 2007). Loss of LRP6 leads towards the activation of the non-canonical Wnt
signaling pathway and enhanced hepatic de novo lipogenesis (Go, 2015). Several loss-of-function muta-
tions are known within LRP6, which cause hallmark phenotypes of metabolic syndrome, like T2D and
increased blood glucose, hypertension, coronary artery diseases, NAFLD or pathologically altered blood
lipids (Wang et al., 2018). Interestingly, even in mutation carriers an age effect was observed (Mani
et al., 2007). Repression of LRP6 by miRNA binding and reduced amount of protein might act equal to
reduced amount of functional protein.

Initially SCD was thought to be repressed by hsa-miR-182-5p overexpression which was here validated in
cell culture experiments. The in vivo situation is not mirroring this relationship. There still might be a
regulatory effect of this miRNA on SCD by stalling the ribosome and inhibiting protein translation instead
of mRNA degradation, which could partly explain the paradox between mRNA and protein content (Gu
and Kay, 2010). This mode of action was already observed for the miRNA let-7a (Nottrott et al., 2006).
A concrete validation of this assumption is not possible due to the limited access to liver tissue for
protein extraction. Respective studies have to be performed in murine liver after verification of sequence
homology between human and mouse. Since SCD is a key enzyme of hepatic de novo lipogenesis, which
is activated by the non-canonical Wnt signaling pathway, our observation of increased hepatic expression
might be a direct consequence of LRP6 repression. In conclusion, low LRP6 mRNA appears to have a
larger influence on SCD expression and enhanced de novo lipogenesis than repression by miRNA binding.
FOXO1 was identified as possible target gene of hsa-miR-182-5p, which was strongly indicated by prior
literature research. FoxO1 is member of the Forkhead transcription factor subfamily which is involved
in diverse pathways of metabolism, cellular proliferation, survival and differentiation (Accili and Arden,
2004). Hepatic FoxO1 appears to have a dual function: Enhanced protein abundance improves insulin
sensitivity via stimulation of Akt phosphorylation but causes decreased fatty acid oxidation leading to
enhanced liver steatosis (Matsumoto et al., 2006). This is in contrast to expression studies performed in
liver specific Irs1—/— / Irs2~/~ double knock out mice or hepatic Insr—/~ knock out mice which resemble a
simple murine model of T2D. An additional deletion of hepatic FOXO1 expression resulted into markedly

improvement of blood glucose and insulin and even reversion to healthy levels in those animals (Dong
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et al., 2008; O-Sullivan et al., 2015). This amelioration might be based on the missing activation of
enzymes involved in gluconeogenesis by FoxO1 and subsequent reduction of hepatic glucose production.
In our human liver cohort, reduced FOXOI1 mRNA is associated with elevated HbAlc and blood glucose.
Diet induced obese mice without mentioned knock out of key proteins of hepatic insulin signaling exhibit
a similar phenotype like this human cohort upon FOXO1 deletion (Zhang et al., 2012). The discrepancy
between murine T2D models and human T2D subjects after a reduction of FOXO1 expression might
originate from other developmental compensations after Irs! or Insr deletion. Indeed, FOXO1 gene ex-
pression is dependent of IRS2 mediated insulin stimulation. A decrease of IRS2 mRNA was also observed
in T2D which will be discussed later. Besides the missing activation of FOXOI transcription, hsa-miR-
182-5p binding might additionally act as a protective mechanism against sustained hyperglycemia which
is a consequence of continuously activated glyconeogenesis. Interestingly, a decrease of FOXO1 expression
results into elevated cholesterol synthesis which boosts a decline in liver steatosis. These observations are
in accordance to previous reports on a relationship between FoxO1 and NAFLD (Dong, 2017).

FoxO1 is indirectly involved in cell cycle regulation by enhancing CDKNIB expression (van der Horst
and Burgering, 2007). An observed repression of HepG2 CDKN1B by miRNA overexpression might be
the cause of enhanced FOXO1 mRNA degradation.

CDKN1B itself encodes a protein called p27, which is an inhibitor of the cyclin D1/CDK4 complex
which in turn regulates cell cycle progression (Ray et al., 2009). It has been observed that this cyclin
D1/CDK4 complex is also involved in in the regulation of glucose metabolism, hence the regulation of
its suppression represents a potential pathway for the development of hyperglycemia (Lee et al., 2014).
Cyclin D1/CDK4 is activated upon insulin stimulation to suppress hepatic glucose production. The
loss of hepatic insulin sensitivity would cause a loss of activation leading to sustained hepatic glucose
production and hyperglycemia. Diminished p27 caused by decreased CDKNIB expression is rather a
consequence of IR since repression is not mandatory. Further prove of the hypothesis that diminished
CDKN1B expression is not directly linked to disease manifestation is given by a lack of association to any
metabolic trait or a missing correlation between gene and miR-182-5p expression. A dysregulation of this
signaling axis would still make sense in the context of sustained hyperglycemia and IR leading to T2D.
Expression of another component, CCND1 encoding cyclin D1, was also measured in this thesis. Cyclin
D1 is not only involved in this cell cycle regulation but also in repression of diverse key enzymes initiating
lipogenic and gluconeogenic pathways (Nufiez et al., 2017). Unfortunately, hepatic CCND1 expression
was only associated to a gender and age related effect and did not correlate with any metabolic trait.
In summary, hsa-miR-182-5p was identified as candidate miRNA involved in metabolic dysregulation
by multiple associations to T2D, aberrant HbAlc and blood glucose. These associations besides others
(changes in serum insulin, serum triglycerides, HDL, AST, ALT and NAS) could be reproduced in a larger
cohort setup strengthen the theory of a metabolic implication. Two in silico and in vitro identified target
genes LRP6 and FOXO1 remain plausible. Repression of FOXO1 counteracts hepatic glucose production
at the expense of enhanced de novo lipogenesis by activation of the non-canonical Wnt pathway after
T2D manifestation. This assumption is further supported by a lack of acute expression induction after
insulin treatment and the observation in rodent liver where silencing of hsa-miR-182-5p after treatment
with an absorption inhibitor for cholesterol resulted in loss of glucose control (Sedgeman et al., 2018).
Considering this miRNA as a consequence of T2D manifestation, its application as a biomarker to predict
disease onset is not suitable.

Especially the regulation of transcription factors is not only driven by alterations in gene expression.
Therefore cell culture experiments after hsa-miR-182-5p overexpression regarding changes in protein

abundance and phosphorylation status across the insulin signaling axis are further required.

88



6.4.2 Target specific miRNA selection

The expression of hepatic hsa-miR-~223-3p correlates significantly with serum triglycerides and HDL after
adjustment for age, gender an BMI within the cohort. In literature, expression and cellular functions of
the miRNA hsa-miR-223-3p is mostly associated to hematopoietic cells (Johnnidis et al., 2008). Nev-
ertheless, a study of 83 human subjects revealed that serum hsa-miR-223-3p is decreased in overweight
and obese subjects (Kilic et al., 2015). Furthermore, this miRNA might be a key regulator of adipocyte
differentiation and inflammation (Sliwinska et al., 2017). Targeting FOXO! was described as one of
the possible mechanisms behind these associations. Hepatic miRNA expression correlated neither with
hepatic FOXO1 nor hepatic GALNT18 expression.

Interestingly, this miRNA is also reported to inhibit hepatic HDL uptake which was shown in a hepatocel-
lular model (Wang et al., 2013a). This is in accordance to a negative correlation between hepatic miRNA
expression and serum HDL concentrations which was observed within the cohort of this thesis. A reduc-
tion of hepatic scavenger receptor class B type I (SR-BI) mRNA was indicated, which was not further
analyzed in the context of this thesis. It would be interesting whether these in vitro experiments actually
mirror the hepatic in vivo situation. Nevertheless, there is a close relationship between systemic insulin
resistance and lowering of blood HDL concentrations (Fossati and Romon-Rousseaux, 1987; Rashid et al.,
2003). There might be an indirect and not obvious connection (for example a time dependency) between
hepatic miRNA expression and T2D manifestation. This hypothesis is supported by another study of
160 subjects which revealed an association of decreased plasma miR-223-3p concentrations on the early
onset of T2D manifestation (Zampetaki et al., 2010).

In vitro experiments with Oleate-Palmitate treated HepG2 cells, which resembles a cellular model of
NAFLD, revealed a desregulation of cellular hsa-miR-223-3p expression upon induction of cellular steato-
sis (Di Mauro et al., 2016). This relation could not be reproduced in the in vivo situation.

In summary, a key function of hsa-miR-223-3p in regulating hepatic cholesterol metabolism is implied
by these results though this might be independent of NAFLD progression and not directly dependent of
T2D. This regulatory mechanism is also independent of a reduction in hepatic GALNT18 and FOXO1
mRNA. The positive correlation between hepatic miRNA expression and age implies also a regulatory

mechanism of the aging liver.

6.4.3 Liver specific miRNA selection

Expression of the liver-specific hsa-miR-122-5p correlates negatively with NAS, fasting glucose, HbAlc,
AST and ALT after adjustment for age, gender and BMI within this cohort. This miRNA is highly
conserved across several species and accounts for more than 70 % of all hepatic miRNAs (Jopling, 2012;
Filipowicz and Grosshans, 2011). Though this miRNA is mainly associated with HCV infection and
disease progression, its physiological function is established in hepatic fatty acid and cholesterol synthesis
(Kriitzfeldt et al., 2005; Esau et al., 2006; Jopling et al., 2008; Luna et al., 2015).

Emerged from human studies regarding chronic hepatitis C, which is a part of disease progression during
HCV infection, serum levels of miR~122-5p were increased in subjects with NAFLD (n = 34) in comparison
to healthy subjects. Serum miRNA concentration also correlated positively with liver enzymes, lipids
and stage of fibrosis and inflammation (Cermelli et al., 2011). This is in accordance to studies on
murine liver, where a specific inhibition of this miRNA by antisense oligos results into an improvement
of liver steatosis in diet-induced obese mice (Esau et al., 2006). Furthermore, this in vivo study also
revealed a reduction of plasma cholesterol level as well a reduction of hepatic fatty acid and cholesterol
synthesis upon inhibition. Since ACACB also synthesises malonyl-CoA, which is a rate limiting step
in fatty acid synthesis, a connection between miR-122-5p and ACACB expression would represent an
additional plausible mechanism for these observations (Wakil and Abu-Elheiga, 2009). Nevertheless,
ACACB is known to rather regulate fatty acid oxidation than synthesis (Abu-Elheiga, 2001). It is even
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more controversial when considering the results of this thesis that hepatic insulin resistance and NAFLD
is reported to be associated to enhanced ACACB expression, as shown for a diet induced NAFLD rat
model (Savage, 2006).

Interestingly, total cholesterol does not correlate with alterations in hepatic miR-122-5p expression for this
thesis. This might be due to the obesity matched cohort and less variance within the blood lipids. Instead,
hepatic miRNA expression correlates negatively with blood glucose and HbAlc, which indicates reduced
miRNA expression contributes to a hepatic phenotype of T2D. Interestingly, hepatic miRNA expression
correlates also negatively with NAS, which is again in contrast to literature results from human serum
concentrations or studies in mice. A different study of human liver biopsies (n = 67) from various stages
of NASH revealed that serum miRNA concentrations might mirror the hepatic situation (Miyaaki et al.,
2014). Also an enhancement of expression upon severity of fibrosis and steatosis is reported in this
mentioned study. An interesting difference between the described human cohort and the liver cohort of
this thesis remains the overweight (BMI of 28.5 4/- 4.2) and not obese (50.5 +/- 9.1 for T2D and 53.3
+/- 11.1 for ND subjects) BMI as well the missing stratification for T2D. Therefore this miRNA might
have a general enhanced expression in obesity but is still altered in T2D within obese subjects.

In a prospective approach, increased serum miR-122-5p was able to predict metabolic syndrome and T2D
in a large human cohort (n = 810, 15 years follow-up) (Willeit et al., 2017). The BMI cohort was again
overweight (26 +/- 3.9) and not obese. A correlation between BMI and circulating miRNA was detected,
which was neither found in the previously mentioned nor hepatic cohort of this thesis.

All in all, our results are in contrast to previously published associations of hepatic and serum miR-122-5p
in humans which is elevated in T2D. The differences might emerge from the T2D focused cohort design
including only obese subjects of this thesis. Hepatic miRNA repression is consistently associated with
increasing glucose markers (blood glucose and HbAlc) and overall liver fibrosis and steatosis health status
(NAS, AST and ALT). Correlation analysis did not reveal any potential repression of INSR or ACACB
mRNA by miR-122-5p. In fact, both genes were also repressed in T2D or IR, therefore this result was

expected.

6.5 Synergistic regulation of insulin signaling pathways by DNA methyla-
tion and miRNA repression causes decreased hepatic TRS2 expression
in obese subjects with T2D

We were able to show that hepatic IRS2 expression is repressed in T2D and NAFLD by DNA hyper-
methylation and high serum insulin stimulated overexpression of hepatic hsa-let-Te-5p. In silco analysis
revealed a SREBF1 recognition motif (E box, CpG6) in proximity to a Spl recognition motif (GC box,
CpG3) within intron 1 of TRS2. A shift assay validated both candidate transcription factors by respective
antibody binding. DNA methylation within the E box motif of intron 1 is about 3.7 % reduced in T2D
subjects and correlates significantly with a decreased IRS2 gene expression. This principle influence of
methylation on gene expression was further validated by a Luciferase reporter gene assay.

Insulin receptor substrate (IRS) 1 and 2 are key molecular adapter for transmitting hepatic insulin
signaling after activation of the respective receptor by insulin. A liver specific knock-out of Irs2~/~ in
mice leads to a phenotype called selective insulin resistance, which is characterized by sustained lipogenesis
and gluconeogenesis in hyperglycemic state (Kubota et al., 2008). This manifests as increased insulin
resistance and hepatic fat accumulation. Interestingly, a knock-out of Irs! results into a milder insulin
resistance due to different distributions of both proteins between the PP and PV zone and additional
compensation via Irs2 upregulation in both zones (Kubota et al., 2016).

Regulation of TRS2 gene expression by Forkhead transcription factors which bind the insulin responsive
element (IRE) of the promoter is well described (Lu et al., 2012). A proximal sterol regulatory element
(SRE) leads to competitive binding between SREBF1 and FOXO transcription factors. Thereby SREBF1
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acts as a translational repressor (Ide et al., 2004). It is further known, that SREBF1 needs Spl or
Nuclear transcription factor Y (NFY) as cofactor for DNA binding (Reed et al., 2008). Binding of both
identified transcription factors SREBF1 and Spl is repressed by DNA methylation (Zhu et al., 2003;
Douet et al., 2007; Ehara et al., 2012). Also the measured difference in methylation of CpG6 is in the
same range as a previously reported difference of about 3 % within a CGI of IRS2 exon 1 (cg05514401)
described in subcutaneous adipose tissue of insulin resistant obese women concomitant with decreased
TRS2 gene expression (Arner et al., 2016). The E box methylation (CpG6) does not correlate with any
other metabolic trait, therefore decreased methylation appears to be a long-term mechanism for IRS2
repression. Interestingly, GC box (CpG3) methylation correlates positively with serum insulin levels and
negatively with HbAlc and AST though no significant difference in mean methylation values between
T2D and ND subjects is observed. GC box methylation appears to be a short to medium term mechanism
to enhance SREBF1 binding and RS2 repression.

The genotype at the neighboring SNP rs4547213 influences DNA methylation at both CpG sites. The
minor allele A has protective function by being associated with increased methylation within the GC
box. This protective function is in accordance to a previously published meta study of about 900.000
subjects European ancestry (p = 6.80E-07, effect size minor allele A E4 = 0.967) (Mahajan et al., 2018).
DNA methylation within the E box motif is also influenced by this polymorphism but in the opposite
manner. Luciferase reporter gene and shift assay reveal no functional association of the SNP itself to
gene expression nor protein binding. Its effect is solely transmitted by influencing DNA methylation.
IRS2 promoter activity is reduced by decreased DNA methylation causing enhanced binding of SREBF1
and Spl. This relationship between DNA methylation and promoter activity could not be reproduced
in vitro by the Luciferase reporter gene assay. It should be noted that the Luciferase assay uses a CMV
promoter in an artificial system and might not mirror the mechanism of competing transcription factor
binding, which was already shown for SREBF1 and FOXO1/3. Nevertheless, the Luciferase assay remains
a prove for a mechanistic effect of this sequence snippet.

Besides T2D, aberrant IRS2 expression is also found in the context liver fibrosis and steatosis (NAS).
A different study of liver biopsies of 51 non-diabetic obese subjects reveald a significant decrease in
IRS2 with concomitant increased expression of enzymes involved in gluconeogenesis (PEPCK, G6Pase)
in NAFLD livers (Honma et al., 2018). Controversially, another study of 71 non-diabetic obese subjects
stated an increase of RS2 expression with severity of NAFLD state caused by increased FOXO1 expres-
sion and activating FOXO protein phosphorylation (Rametta et al., 2013). Increased IRS2 activation
is thought to mediate insulin stimulation and persistent de novo lipogenesis leading to a worsening of
NAFLD. Expression of IRS2 appears to be dynamically regulated in dependency of the progression of
insulin resistance and NAFLD. This emphasizes an underlying epigenetic mechanism in RS2 regulation
and the dependency of the exposure time to hyperglycemia.

Liver-specific Irs1=/~, Irs2~/~ or double knock-out mice show distinct activation patterns of associated
signaling pathways in dependency of fasting or feeding of mice. TRS2 expression is mostly upregulated
during fasting conditions, leading to increased PI3K/AKT signaling, whereby IRS1 is dominantly active
during refeeding. The knockout of Irs2 leads to insulin resistance during fasting. Our human liver biopsies
were taken in a fasted state with IRS2 being a central regulatory molecule for insulin responsiveness.
Correlation analysis favors a transcriptional repression of IRS2 by the miRNA hsa-let-Te-5p as cofactor
for development of insulin resistance in NAFLD, since expression of both genes correlate with liver NAS
score (IRS2 is downregulated and hsa-let-7e-5p is upregulated with higher NAS) while displaying an
altered gene expression between T2D and ND subjects. Additionally, expression of TRS2 and hsa-let-7e-
5p correlate negatively with each other. Binding of this miRNA to the 3-UTR of IRS2 was previously
established (Zhu et al., 2011; Boudreau et al., 2014; Gao et al., 2014). Targeting IRS2 mRNA by let-7e
mimic transfection was not possible due to the low expression of IRS2 in HepG2 cells.
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Figure 6.1: Proposed mechanism of hepatic IRS2 expression in T2D and NAFLD. Long-
term exposure to hyperglycemia reduces DNA methylation within a SREBF1 recognition motif. A
bad blood glucose control results into high HbAlc which leads to additional de-methylation of a Spl
recognition motif, which enhances binding and the repressing effect of SREBF1 on IRS2 transcription.
The methylated CG genotype of a GWAS-SNP (CG>CA) leads to enhanced methylation of the Sp1l
recognition motif which has a protective effect by regional hypermethylation. Acute high levels of
serum insulin leads to expression of the hepatic miRNA hsa-let-7e, which binds to the 3-UTR and
degrades transcribed IRS2 mRNA. Altogether, reduced IRS2 expression leads to reduced signal trans-
mission, resulting into a decreased AKT activation and enhanced lipogenesis, favoring the progression
of NAFLD.

Treatment of HepG2 cells with high glucose and insulin concentrations was able to induce more than 2.5
fold miRNA expression independently of the used insulin concentration. Though hepatic hsa-let-7e-5p
expression appears to be highly responsive to serum insulin, no difference in serum miRNA concentra-
tion was found between T2D and ND subjects. Nevertheless, serum miRNA concentration correlated
significantly with hepatic miRNA expression, therefore considering let-7e-5p appears to be a promising
approach for biomarker development. Additionally, miRNAs can be secreted to the bloodstream to influ-
ence genes in other tissues and to act in a systemic way (Wang et al., 2013b). Other studies also indicate
a function of let-7e upregulation in disease progression of hepatocellular carcinoma (HCC) which is often
a consequence of NAFLD (Shi et al., 2017). Reducing hepatic hsa-let-7e-5p expression by antagonizing
molecules represents a potential therapeutic target for metabolic liver diseases.

The complex mechanism of DNA methylation, genotype and miRNA binding to regulate RS2 expression

is summarized in Figure 6.1.

6.6 Predictive risk scoring and disease stratification based on hepatic mark-

ers

Two attempts of supervised learning methods were used for the prediction of T2D development based
on different training assumptions. One assumption was about a linear correlation between predictors

and outcome, therefore a methylation risk score (MRS) and linear regression models were used. The
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other assumption was a non-linear relation between predictors and outcome, therefore a robust machine
learning approach called random decision forest (RDF) was used. Bot approaches are able to categorize
T2D and ND subjects into their respective subgroups but retain a high error rate.

The principle of a MRS is similar to genetic risk scores (GRS) or risk allele counting using genotype
information for T2D prediction (Meigs et al., 2008; van Hoek et al., 2008; Cornelis et al., 2009; De Jager
et al., 2009; Lin et al., 2009; Yarwood et al., 2015). Addition of small scale methylation changes might
strengthen the effect on an outcome like BMI or the incidence of T2D. Additionally, the calculation and
use of a MRS is already common practice to estimate lethality in prostate cancer (Ahmad et al., 2016).
Thereby we assumed a linear negative relationship between DNA methylation and obesity. To achieve
comparability with methylation results of other tissues (mostly with blood based EWAS), a standardized
hepatic methylation value was used for generation of a MRS.

Though the mean MRS values of T2D and ND subjects do not differ significantly and the regression
analysis concerning BMI as output variable is not significant, the MRS proofs to have a marginal better
sensitivity and specificity than coin flip (AUC > 0.5). The usage of truly associated tissue-specific methy-
lation markers as input might improve further stratification. Also markers are needed which work on the
individual and not on a whole population. Most proposed markers originate from large-scale population
based or meta studies and are rarely evaluated in metabolically active tissue as discussed before. In
comparison, most GRS in addition to common factors (age, gender, BMI) improve risk stratification by
increasing the AUC by only 0.01 (AUC in the range of 0.6 to 0.8) (van Hoek et al., 2008; Lin et al.,
2009). Other approaches calculate an odds ratio based on allele information which cannot be applied to
this cohort due to a missing follow-up.

A similar study regarding a blood based MRS for T2D prediction was performed previously by combina-
tion of CpG loci within ABCG1, SREBF1, SOCS3 (encoding Suppressor of cytokine signaling 3), TXNIP
(encoding Thioredoxin Interacting Protein) and PHOSPHO1 (encoding Phosphoethanolamine/Phospho-
choline Phosphatase) which is not resulting into future T2D prediction in n = 258 subjects (Dayeh et al.,
2016). Solely methylation at ABCG1 cg06500161 is associated to an 9 % increased risk for T2D (Dayeh
et al., 2016).

A bottleneck of this approach is the use of only one training data set and the lack of further validation.
Besides a training and testing cohort (discovery cohort), a second cohort (replication cohort) is needed to
validate each approach independently of training-induced bias. Due to the resulting low sample size it is
not possible to split this cohort into a meaningful training and testing subset. Therefore the MRS was only
characterized by linear regression analysis regarding a correlation between score and BMI. Furthermore,
the ROC analysis and the statistical test whether the mean scores differ between T2D and ND subjects
is only exploratory for this cohort. DNA methylation is also tissue specific and blood proved to be an
unfavorable surrogate tissue to mirror the hepatic situation. Liver tissue is rarely accessible which makes
it questionable if a hepatic MRS is an useful approach to predict T2D or obesity.

RDFs are used if a non-linear relationship between incidence of a phenotype and its predictive variables
is assumed. This is also called a non-parametric model. An example is the relationship between age and
T2D. High age is a know risk factor for T2D manifestation but younger people also develop T2D and are
more prone for disease manifestation if they are obese. On the other hand, obese subjects can be glucose
tolerant. So there is no linear rule between age, obesity and the incidence of T2D for one individual.
This interplay was assumed between hepatic DNA methylation of IRS2 intron 1 which was represented
by the SNP rs4547213 and hepatic hsa-let-Te-5p expression which was represented by serum hsa-let-7e-5p
expression. Both mechanisms, DNA methylation and 3’-UTR binding by miRNA, repress hepatic RS2
expression independently of each other.

RDF's were previously used in other fields to predict transplant rejection or the detection of Alzheimer’s
disease (Lebedev et al., 2014; Shaikhina et al., 2017). Other concepts on type 2 diabetes prediction and
subject stratification are mostly based on support vector machines (SVMs) (Chen et al., 2014; Han et al.,

93



2015; Wu et al., 2009; Barakat et al., 2010). Nevertheless, RDF are better in dealing with small sample
sizes and unbalanced distribution within the data, as well with data that contains more predictors than
observations (Liu et al., 2013a; Boulesteix et al., 2012).

The RDF also uses a bootstrapping approach (also called bagging), which is more robust against outlier
by choosing randomly predictor variables and training subsets (Breiman, 1996a; Le Teuff et al., 2005).
Due to its randomness this method reduces a training-induced bias for disease prediction of subjects which
were not included in model training. The out-of-bag error (OOB) is an estimate to measure the prediction
error and is often used to avoid validation of a RDF in an independent data subset of a replication cohort
(Breiman, 1996b). Nevertheless, the OOB error tends to overestimate the true prediction error when an
RDF is used on small data sets with low variance and a large number of predictors (Janitza and Hornung,
2018). This overestimation is especially important when comparing different sets of predictors, number of
trees or tree depth during RDF modeling and thereby choosing the best settings. Our generated models
RE not well balanced (large variance between the predictors) and only few (three to seven) predictors are
used. Therefore only the small sample subset (n = 84) and a small correlation between each predictor
set might affect the true prediction error.

The RDF which includes besides age, gender and BMI also blood based markers (genotype at IRS2 intron
1 rs4547213 and serum hsa-let-7e-5p expression) is the best prediction model with 35.8 % classification
error. In comparison, other RDF's are using only age, gender and BMI (OOB error 39.1 %) or additional
information on hepatic DNA methylation at RS2 intron 1 (OOB error 36.1 %). Although addition of
genotype information and miRNA expression improves significantly disease prediction, it is not reach
a specificity of > 90 % as other published methods used with SVMs. Nevertheless, these markers are
metabolically well evaluated and might change during disease progression by reflecting the actual health
state of the liver. Since this analysis is performed in a cross-sectional study, this hypothesis can not be
addressed.

Another algorithm for unsupervised learning should be mentioned, which was not used for T2D prediction
on any here generated data. Deep learning algorithms used in artificial neural networks (ANNs) proved
to reduce prediction error in T2D risk estimation (Rahimloo and Jafarian, 2016; Gholipour et al., 2018).
These models need large sets of input data for training, testing and validation.

Epigenetic marks are known to be inherited form both parents, as well as certain predisposition towards
glucose intolerance and obesity (Ravelli et al., 1998; Vaag et al., 2012; Tomar et al., 2015). Addition of
such epigenetic marks might further improve early risk estimation, despite genetic risk scores and the
early existence of several regression models based on blood parameters and the ongoing development
(Welborn et al., 1984; Abdul-Ghani et al., 2011; Gholipour et al., 2018; Tabaei and Herman, 2002).

6.7 Conclusion, limitations and advantages

Distinct putative regulatory mechanism were identified in human liver which cause altered expression
of specific genes in T2D. Whether these mechanism are causal to T2D manifestation, a consequence of
sustained exposure to hyperglycemia, a protective mechanism to counteract metabolic dysregulation or
even a driver of the parthenogenesis remains unclear for now. Nevertheless, it is mandatory to first
identify dysregulated pathways and its key genes in humans as especially the glucose metabolism can
vary greatly between mice and humans. This thesis represents a solid base for further research on T2D
development regarding the regulation of IRS2, LRP6 and FOXOI1 by miRNAs, as well concerning the
regulation of IRS2 and GALNT18 by DNA methylation (Figure 6.2). Besides these genes, also genes
involved in hepatic TH signaling were further analyzed regarding the progression of NAFLD.
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Figure 6.2: Summary of all analyzed genes and interaction between them. Besides their
interaction, also newly identified epigenetic regulatory mechanisms (DNA methylation CHj for IRS2
and miRNA repression for TRS2, FOXO1 and LRP6) are indicated. Red lines indicate genes whose
expression showed a metabolic association, grey lines indicate genes with were analyzed but did not
show any correlation to metabolic parameters. GALNT18 showed T2D and liver steatosis depen-
dent DNA methylation changes but its metabolic function remains unclear. For a detailed overview
regarding the proposed complex regulatory mechanism of IRS2 see Figure 6.1.

Some genes (namely ACACB, INSR, SCD and THRB) are dysregulated in T2D and/or NAFLD but its
mechanism remains unclear. An approach of miRNA regulation was not plausible for now.
Additionally, another important question was not addressed by this thesis. How is the change in miRNA
expression or introduction of aberrant DNA methylation itself regulated? Especially DNA methylation
regulation and function is highly discussed in literature (Robertson, 2005; He et al., 2011; Ziller et al.,
2013; Chen and Riggs, 2011).

An important limitation in human studies remain the influence of medications. Metformin is a commonly
prescribed anti-diabetic drug which was shown to increase hepatic insulin sensitivity (Tiikkainen et al.,
2004). Effects of Metformin on gene expression might act as confounding factor.

One superior strength of the setting of this thesis is the relatively large sample size of metabolically
relevant human tissue (instead of blood) and the species. Though the human and murine genome share
common genes, promoter, exon coding sequences and physiology, small differences with high impact on
metabolic functions are observed (Perlman, 2016). For example the whole sequence analysis of IRS2
intron 1 cannot be reproduced in a murine model due to a lack of motifs and polymorphisms. Also, as
proved and discussed within this thesis, the usage of easy to assess tissue or cells might not represent a
suitable surrogate marker to mimic hepatic alterations in T2D. Lastly, a liver cohort of morbidity obese

human subjects represents the best model to study manifestation of metabolic diseases independent of
BMI.
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7 Outlook

Due to ethical reasons, longitudinal approaches to study epigenome wide changes in human liver are not
possible. These longitudinal studies would include liver biopsies of healthy subjects which were taken
without medical indication. Instead, alterations of (gene and miRNA) expression and DNA methylation
patterns can be accessed in samples pre and post bariatric surgery.

One form of bariatric surgery, the Roux-en-Y gastric bypass, which is a drastic, irreversible reduction of
the stomach volume, proves to be an effective treatment against obesity which can cause also a sustained
reversion of T2D (Madsen et al., 2019). Significant effects of gastric bypass on hepatic DNA methylation
and gene expression was already shown for NAFLD related diseases and might be induced by a rapid
weight loss (Ahrens et al., 2013). Nevertheless, the molecular mechanism of T2D reversion remains
unclear and need to be elucidated to understand disease etiology further.

Also the discrepancy between ”good” responders and non-responders, who are subjects lacking long-term
weight loss and T2D reversion, cannot be explained to date. In regard to the irreversibly of this serious
interference, predictive markers whether this surgery would improve one’s metabolic health are urgently
needed. Blood based markers would be most suitable in order to depict such a prospective model. Recent
human studies identified several serum, plasma or exosomal miRNAs, which show alterations pre and
post bariatric surgery, which includes also liver-specific miR-122-5p (Lopez et al., 2017; Atkin et al., 2019;
Bae et al., 2019). Different questions need to be elucidated in future work: Are concentration changes
of these miRNAs are reproducible in larger cohorts and different ethnicities, from which tissue do they
originate and which tissues and metabolic pathways do they affect?

The obesity optimized cohort design, tissue collection (serum and liver) and a large sample size of
metabolic tissue biopsies facilitate a solid basis to address some of these pending issues for hepatic

alterations in future work.
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9 Supplemental Tables

Table 28: Linear regression models of GALNT18 methylation at CpG1 and CpG3.

CpG1 P estimate p corrected estimate n
Glucose 0.02098 -2.06 0.58717 -0.47 82
Insulin 0.01803 -5.54 0.38928 -1.79 80
HOMA-IR 0.07018 -0.38 0.78641 -0.05 75
C peptide 0.01545 -9.82 0.11856 -6.40 82
HbAlc 0.00050 -0.09 0.06205 -0.04 87
BMI 0.71319 -0.06 87
Age 0.00076 -0.58 87
Gender 0.01735 0.01 87
cholesterol 0.22796 0.70 0.16587 0.85 80
triglycerides 0.00463 -5.00 0.14567 -2.59 80
HDL 0.02809 0.41 0.15587 0.28 80
LDL 0.01900 1.25 0.12725 0.88 74
AST 0.00300 -1.11 0.00989 -1.07 82
ALT 0.00005 -1.18 0.00051 -1.08 82
CpG3 P estimate p corrected estimate n
Glucose 0.04305 -2.10 0.71256 -0.37 82
Insulin 0.05729 -5.27 0.67013 -1.03 80
HOMA-IR 0.28304 -0.27 0.58886 0.13 75
C peptide 0.00315 -13.79 0.03371 -9.90 82
HbAlc 0.00163 -0.09 0.09281 -0.05 87
BMI 0.58671 -0.10 87
Age 0.00274 -0.60 87
Gender 0.02446 0.02 87
cholesterol 0.23292 0.81 0.21226 0.89 80
triglycerides 0.04324 -4.22 0.50132 -1.39 80
HDL 0.06392 0.40 0.31423 0.23 80
LDL 0.04681 1.19 0.22123 0.78 74
AST 0.00167 -1.37 0.00469 -1.34 82
ALT 0.00005 -1.38 0.00042 -1.26 82

Table 29: Linear regression models of hepatic FOXO01 expression.

FOXO01 9] estimate p corrected estimate n
Glucose 0.02757 -25.28 0.47689 -7.82 82
Insulin 0.01939 -62.84 0.11845 -37.73 80
HOMA-IR 0.03066 -5.19 0.21245 -2.86 75
C peptide 0.26154 -56.08 0.54431 -29.71 82
HbAlc 0.00412 -0.91 0.15836 -0.43 87
BMI 0.70369 -0.74 87
Age 0.00115 -6.98 87
Gender 0.15476 0.21

Cholesterol 0.02035 17.14 0.00369 21.83 80
Triglycerides 0.38011 -19.92 0.58087 12.14 80
HDL 0.81498 -0.53 0.38743 -1.99 80
LDL 0.00421 18.55 0.01517 17.19 74
AST 0.30602 -4.84 0.62211 -2.50 82
ALT 0.13074 -5.50 0.36044 -3.47 82
miR-182-5p 0.01064 0.54 85
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Table 30: Linear regression models of hepatic CDKN1B expression.

CDKN1B 9] estimate p corrected estimate n
Glucose 0.42539 -10.12 0.58275 6.33 82
Insulin 0.09749 -49.40 0.77137 -7.59 80
HOMA-IR 0.24721 -3.16 0.80127 0.65 75
C peptide 0.20488 -69.13 0.58139 -29.51 82
HbAlc 0.56515 -0.20 0.39559 0.26 87
BMI 0.98213 0.05 87
Age 0.02347 -5.26 87
Gender 0.13443 0.21 87
Cholesterol 0.17669 10.80 0.14151 11.73 80
Triglycerides 0.04180 -49.82 0.29945 -24.12 80
HDL 0.07416 4.49 0.21371 3.12 80
LDL 0.09344 12.09 0.33360 7.15 74
AST 0.91773 -0.54 0.74589 1.75 82
ALT 0.55965 -2.34 0.97583 0.12 82
miR-182-5p 0.10977 0.37 85
Table 31: Linear regression models of hepatic LRP6 expression.
LRP6 o) estimate p corrected estimate n
Glucose 0.00339 -37.52 0.05410 -23.21 82
Insulin 0.02338 -73.14 0.02059 -64.64 80
HOMA-IR 0.11529 -4.58 0.18941 -3.54 75
C peptide 0.09546 -98.11 0.13285 -83.40 82
HbAlc 0.00003 -1.46 0.00081 -1.08 87
BMI 0.22907 -2.65 87
Age 0.01419 -5.99 87
Gender 0.64291 0.06 87
Cholesterol 0.31714 -8.75 0.56474 -5.08 80
Triglycerides 0.01341 -64.07 0.06911 -45.24 80
HDL 0.08888 4.56 0.09232 4.51 80
LDL 0.75893 2.35 0.83820 1.60 74
AST 0.00190 -16.18 0.00538 -15.38 82
ALT 0.04265 -8.31 0.05551 -8.03 82
miR-182-5p 0.00008 0.92 85

Table 32: Linear regression models of TRS2 methylation, IRS2 expression and hsa-let-7e-

5p expression.

CpG3 9] estimate p corrected estimate n
Glucose 0.27913 -1.41 0.38814 -0.98 93
Insulin 0.06188 4.81 0.04793 4.28 89
HOMA-IR 0.22271 0.32 0.23160 0.29 85
C peptide 0.32909 5.59 0.35267 4.96 92
HbAlc 0.03121 -0.08 0.04095 -0.06 97
BMI 0.98051 -0.01 97
Age 0.41996 -0.20 97
Gender 0.96408 0.05 97
cholesterol 0.49732 -0.58 0.56764 -0.47 91
triglycerides 0.87037 -0.41 0.90439 0.28 91
HDL 0.75673 -0.08 0.66263 -0.11 91
LDL 0.82680 -0.16 0.82003 -0.17 85
AST 0.00207 -1.57 0.00297 -1.52 93
ALT 0.10693 -0.67 0.10203 -0.66 93
CpG6 P estimate p corrected estimate n
Glucose 0.59045 -0.32 0.38818 -0.45 96
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Insulin 0.54548 -0.85 0.36254 -1.09 92
HOMA-IR 0.41641 -0.10 0.28817 -0.12 88
C peptide 0.39227 2.25 0.22158 3.01 95
HbAlc 0.41702 -0.01 0.20142 -0.02 100
BMI 0.39061 -0.08 100
Age 0.55329 0.07 100
Gender 0.88064 0.38 100
cholesterol 0.90926 0.04 0.80223 -0.09 94
triglycerides 0.31526 1.13 0.39058 0.89 94
HDL 0.79772 -0.03 0.65321 -0.05 94
LDL 0.66168 -0.14 0.50717 -0.22 88
AST 0.72036 -0.08 0.61476 -0.12 96
ALT 0.79293 -0.05 0.78052 -0.05 96
Hepatic IRS2 | p estimate p corrected estimate n
expression

Glucose 0.20644 -11.53 0.44620 -6.32 86
Insulin 0.04600 -44.51 0.05809 -36.88 84
HOMA-IR 0.08640 -3.49 0.09814 -3.07 79
C peptide 0.26625 -45.36 0.78085 -10.76 86
HbAlc 0.01782 -0.59 0.02521 -0.51 91
BMI 0.01714 -3.52 0.00 91
Age 0.46136 -1.27 0.00 91
Gender 0.38421 0.16 91
cholesterol 0.77623 -1.69 0.73346 -2.02 84
triglycerides 0.37414 -15.78 0.55775 -9.78 84
HDL 0.52941 -1.15 0.25398 -2.08 84
LDL 0.91322 0.58 0.92432 -0.51 78
AST 0.03320 -7.85 0.03552 -7.99 86
ALT 0.00679 -7.88 0.00433 -8.18 86
Hepatic hsa- | p estimate p corrected estimate n
let-7e-5p

expression

Glucose 0.44412 7.88 0.48941 6.43 81
Insulin 0.21018 -30.39 0.62322 -10.21 79
HOMA-IR 0.07172 -3.86 0.19158 -2.58 75
C peptide 0.94199 -3.24 0.47244 28.73 81
HbAlc 0.22218 0.35 0.20125 0.32 85
BMI 0.98098 0.04 0.00 85
Age 0.58356 1.10 0.00 85
Gender 0.17566 0.23 85
cholesterol 0.15985 9.19 0.38042 5.69 79
triglycerides 0.06427 36.62 0.05362 35.32 79
HDL 0.37439 -1.85 0.16737 -2.80 79
LDL 0.54959 3.39 0.82200 1.30 73
AST 0.39901 3.58 0.45724 3.23 81
ALT 0.35585 3.09 0.18634 4.34 81
Serum hsa- | p estimate p corrected estimate n
let-7e-5p

concentration

Glucose 0.46838 -2.44 0.80675 -0.75 80
Insulin 0.01955 -19.41 0.13337 -10.97 82
HOMA-IR 0.04346 -1.46 0.20393 -0.86 78
C peptide 0.35705 -14.85 0.77169 -4.48 84
HbAlc 0.32197 -0.10 0.66193 -0.04 84
BMI 0.94717 0.04 84
Age 0.31495 -0.70 84
Gender 0.06090 0.90 84
cholesterol 0.66888 -1.06 0.38541 -2.11 78
triglycerides 0.65503 -3.01 0.81385 1.51 78
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HDL 0.19209 0.93 0.51711 0.46 78

LDL 0.64763 -0.94 0.27962 -2.24 74
AST 0.98228 0.03 0.82049 0.35 80
ALT 0.81711 0.27 0.36486 1.03 80

Table 33: Linear regression models of IRS2 methylation at CpG3 in dependency of the
genotype at rs4547213

CpG3 p corrected estimate p corrected estimate n
CpG3 CpG3 GT GT
Glucose 0.44259 -0.91 0.83314 1.81 93
Insulin 0.03940 4.64 0.53520 10.20 89
HOMA-IR 0.20324 0.32 0.63056 0.84 85
C peptide 0.44301 4.27 0.63711 -19.59 92
HbAlc 0.04398 -0.06 0.82277 -0.05 97
cholesterol 0.61684 -0.43 0.87252 1.02 91
triglycerides 0.85416 -0.44 0.28910 -18.72 91
HDL 0.99150 0.00 0.14648 2.86 91
LDL 0.93418 -0.06 0.65842 2.48 85
AST 0.00610 -1.46 0.68063 1.56 93
ALT 0.12107 -0.66 0.95913 0.16 93

Table 34: Linear regression models of hepatic miRINA expression from microarray asso-
ciated to T2D. Only associations of truly expressed miRNA with an p < 0.05 and an log2 intensity
> 2 are considered. Linear regression models were adjusted for age, BMI, gender and NAS.

T2D Transcript P FC log2 log2

T2D ND
20500149 | hsa-miR-24-2-5p 0.0229 1.89 3.41 2.49
20500187 | hsa-miR-29b-1-5p 0.0342 1.61 2.94 2.25
20500394 | hsa-miR-197-5p 0.0485 1.25 6.06 5.74
20500450 | hsa-miR-182-5p 0.0447 2.60 4.50 3.12
20500490 | hsa-miR-224-3p 0.0234 1.89 6.01 5.09
20500777 | hsa-miR-138-1-3p 0.0242 2.01 3.22 2.22
20500780 | hsa-miR-149-5p 0.0491 1.35 4.58 4.15
20501209 | hsa-miR-365a-5p 0.0426 1.41 4.41 3.91
20501249 | hsa-miR-381-3p 0.0144 1.40 2.54 2.05
20501276 | hsa-miR-330-3p 0.0095 1.98 3.93 2.94
20503103 | hsa-miR-485-5p 0.0353 1.41 3.19 2.69
20504572 | hsa-miR-1301-3p 0.0259 1.38 5.21 4.74
20506712 | hsa-miR-1180-3p 0.0468 1.72 4.96 4.17
20509071 | hsa-miR-1825 0.0323 -1.56 2.14 2.78
20511549 | hsa-miR-2110 0.0389 1.27 5.24 4.90
20517680 | hsa-miR-4298 0.0081 1.29 7.50 7.13
20517816 | hsa-miR-3609 0.0158 2.16 5.83 4.72
20517824 | hsa-miR-3615 0.0175 1.46 4.37 3.83
20518432 | hsa-miR-3911 0.0428 1.57 4.71 4.06
20518879 | hsa-miR-4485 0.0377 -1.69 7.79 8.54
20518881 | hsa-miR-4487 0.0473 -1.47 3.41 3.98
20518935 | hsa-miR-4534 0.0149 1.25 5.18 4.86
20519425 | hsa-miR-4646-5p 0.0105 -1.65 3.90 4.62
20519467 | hsa-miR-4669 0.0344 1.49 5.30 4.72
20519518 | hsa-miR-4701-3p 0.0242 1.34 3.82 3.39
20526885 | hsa-miR-7162-3p 0.0493 2.05 3.29 2.26
20529139 | hsa-miR-7847-3p 0.0150 1.27 7.98 7.63
20529781 | hsa-miR-8071 0.0322 1.44 4.01 3.49
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Table 35: Linear regression models of hepatic miRINA expression from microarray asso-
ciated to metabolic traits. Only associations of truly expressed miRNA with an p < 0.05 and an
log2 intensity > 2 are considered. Linear regression models were adjusted for age, BMI and gender
(if not response value). FC .. Fold change difference between T2D and ND subjects; GLC .. blood
glucose; INS .. serum insulin; TRI .. serum triglycerides

AGE Transcript estimate ) FC log2 log2
T2D ND
20500119 | hsa-let-7d-5p -5.83 0.0476 1.31 11.81 11.43
20500121 | hsa-let-7e-5p -4.41 0.0286 1.84 11.11 10.23
20502235 | hsa-miR-18b-5p -3.39 0.0353 1.28 2.61 2.25
20503103 | hsa-miR-485-5p  -4.64 0.0435 1.41 3.19 2.69
20503877 | hsa-miR-501-5p  -3.82 0.0360 1.32 3.32 2.92
20504379 | hsa-miR-629-5p  -3.67 0.0263 1.44 4.16 3.63
20517680 | hsa-miR-4298 -8.11 0.0310 1.29 7.50 7.13
20517816 | hsa-miR-3609 -2.73 0.0204 2.16 5.83 4.72
20517948 | hsa-miR-3687 2.02 0.0499 1.46 7.01 6.46
20518879 | hsa-miR-4485 3.08 0.0286 -1.69 7.79 8.54
BMI Transcript estimate P FC log2 log2
T2D ND
20500164 | hsa-miR-31-5p -1.99 0.0492 1.73 4.26 3.47
20500722 | hsa-miR-27b-5p  -4.95 0.0322 1.25 5.47 5.15
20501249 | hsa-miR-381-3p  -5.00 0.0463 1.40 2.54 2.05
20501293 | hsa-miR-331-3p -3.63 0.0256 1.39 5.64 5.16
20503815 | hsa-miR-498 3.02 0.0476 2.24 3.76 2.59
20504559 | hsa-miR-1224- 3.26 0.0420 1.40 4.68 4.20
op
20518783 | hsa-miR-378e -3.21 0.0387 -1.35 3.51 3.95
20518788 | hsa-miR-378f -6.40 0.0412 -1.27 8.18 8.52
20518794 | hsa-miR-378g -5.83 0.0259 -1.35 5.87 6.31
20518800 | hsa-miR-4428 3.84 0.0461 1.33 3.14 2.73
20519417 | hsa-miR-4640- 4.24 0.0436 1.33 5.03 4.62
5p
20519429 | hsa-miR-4649- 5.61 0.0343 1.28 7.61 7.25
op
20521811 | hsa-miR-664b- -3.92 0.0423 -1.71 5.33 6.11
3p
20521825 | hsa-miR-5585- 3.71 0.0237 1.51 3.02 2.43
3p
20525684 | hsa-miR-6861- 4.39 0.0133 1.47 5.13 4.58
op
HbAlc Transcript estimate P FC log2 log2
T2D ND
20500149 | hsa-miR-24-2- 0.66 0.0276 1.89 3.41 2.49
op
20500150 | hsa-miR-25-5p 0.76 0.0274 1.47 4.25 3.69
20500188 | hsa-miR-29b-3p  0.61 0.0494 1.38 2.68 2.21
20500394 | hsa-miR-197-5p  1.38 0.0351 1.25 6.06 5.74
20500450 | hsa-miR-182-5p  0.47 0.0171 2.60 4.50 3.12
20500490 | hsa-miR-224-3p  0.80 0.0466 1.89 6.01 5.09
20500777 | hsa-miR-138-1-  0.75 0.0047 2.01 3.22 2.22
3p
20501177 | hsa-miR-99b-3p  0.89 0.0101 1.61 4.21 3.53
20501249 | hsa-miR-381-3p  1.20 0.0043 1.40 2.54 2.05
20501276 | hsa-miR-330-3p  0.93 0.0009 1.98 3.93 2.94
20503103 | hsa-miR-485-5p  1.35 0.0004 1.41 3.19 2.69
20503789 | hsa-miR-491-5p  1.12 0.0223 1.28 3.87 3.52
20504379 | hsa-miR-629-5p  0.82 0.0099 1.44 4.16 3.63
20504569 | hsa-miR-1271- 0.97 0.0313 1.29 5.26 4.90

op
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20504572 | hsa-miR-1301- 0.97 0.0203 1.38 5.21 4.74
3p

20506712 | hsa-miR-1180- 0.78 0.0438 1.72 4.96 4.17
3p

20517680 | hsa-miR-4298 1.95 0.0053 1.29 7.50 7.13

20517726 | hsa-miR-4269 0.67 0.0367 1.69 3.27 2.51

20517816 | hsa-miR-3609 0.56 0.0169 2.16 5.83 4.72

20519467 | hsa-miR-4669 1.12 0.0130 1.49 5.30 4.72

20521811 | hsa-miR-664b- -0.75 0.0325 -1.71 5.33 6.11
3p

20525659 | hsa-miR-6849- 0.90 0.0231 1.44 3.61 3.08
5p

20529139 | hsa-miR-7847- 1.88 0.0127 1.27 7.98 7.63
3p

GLC Transcript estimate P FC log2 log2

T2D ND

20500188 | hsa-miR-29b-3p  25.00 0.0219 1.38 2.68 2.21

20500450 | hsa-miR-182-5p  15.05 0.0235 2.60 4.50 3.12

20500469 | hsa-miR-212-3p  22.01 0.0292 1.65 3.51 2.79

20500555 | hsa-miR-200b- 23.22 0.0157 1.60 4.47 3.80
op

20500777 | hsa-miR-138-1-  27.05 0.0039 2.01 3.22 2.22
3p

20501249 | hsa-miR-381-3p  31.03 0.0440 1.40 2.54 2.05

20501276 | hsa-miR-330-3p  23.99 0.0188 1.98 3.93 2.94

20503103 | hsa-miR-485-5p  30.12 0.0340 1.41 3.19 2.69

20503815 | hsa-miR-498 21.84 0.0235 2.24 3.76 2.59

20504379 | hsa-miR-629-5p  25.49 0.0234 1.44 4.16 3.63

20506839 | hsa-miR-1247- 17.59 0.0199 1.64 5.01 4.29
3p

20515603 | hsa-miR-3175 -32.69 0.0277 -1.69 6.61 7.36

20515610 | hsa-miR~3180- 45.54 0.0159 1.32 7.13 6.73
3p

20517680 | hsa-miR-4298 51.36 0.0441 1.29 7.50 7.13

20517726 | hsa-miR-4269 23.41 0.0333 1.69 3.27 2.51

20517820 | hsa-miR-3613- -7.19 0.0312 -3.44 5.33 7.11
5p

20521811 | hsa-miR-664b- -37.56 0.0016 -1.71 5.33 6.11
3p

20521825 | hsa-miR-5585- 21.63 0.0430 1.51 3.02 2.43
3p

20525023 | hsa-miR-6511a-  25.80 0.0279 1.36 3.72 3.27
5p

20525539 | hsa-miR-6789- 49.97 0.0312 1.34 9.35 8.93
5p

20525659 | hsa-miR-6849- 32.83 0.0189 1.44 3.61 3.08
op

20525739 | hsa-miR-6889- 21.77 0.0485 1.58 4.23 3.57
5p

20526885 | hsa-miR-7162- 17.18 0.0431 2.05 3.29 2.26
3p

20529781 | hsa-miR-8071 29.29 0.0269 1.44 4.01 3.49

INS Transcript estimate P FC log2 log2

T2D ND

20500164 | hsa-miR-31-5p -19.47 0.0475 1.73 4.26 3.47

20501291 | hsa-miR-148b- 28.72 0.0228 1.72 3.84 3.05
3p

20501314 | hsa-miR-346 48.96 0.0001 2.26 3.83 2.66

20502235 | hsa-miR-18b-5p  44.58 0.0206 1.28 2.61 2.25
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20515603 | hsa-miR-3175 -53.08 0.0245 -1.69 6.61 7.36

20517835 | hsa-miR-3621 68.01 0.0386 1.26 8.44 8.10

20519463 | hsa-miR-4668- -34.52 0.0494 -1.34 7.01 7.44
op

20519474 | hsa-miR-4674 68.23 0.0357 1.30 8.84 8.46

20519615 | hsa-miR-371b- 21.31 0.0288 1.47 3.61 3.06
5p

20521825 | hsa-miR-5585- 38.16 0.0122 1.51 3.02 2.43
3p

20525509 | hsa-miR-6774- 31.27 0.0385 1.41 3.90 3.41
op

20525539 | hsa-miR-6789- 72.00 0.0293 1.34 9.35 8.93
5p

20525659 | hsa-miR-6849- 62.37 0.0022 1.44 3.61 3.08
op

20526885 | hsa-miR-7162- 30.80 0.0183 2.05 3.29 2.26
3p

20529568 | hsa-miR-7977 -32.75 0.0476 -1.29 7.43 7.80

20529774 | hsa-miR-8064 29.88 0.0417 1.41 3.19 2.70

20529783 | hsa-miR-8073 26.13 0.0474 1.43 4.29 3.78

HOMA | Transcript estimate P FC log2 log2

- IR T2D ND

20500777 | hsa-miR-138-1-  3.53 0.0232 2.01 3.22 2.22
3p

20501314 | hsa-miR-346 3.79 0.0005 2.26 3.83 2.66

20515603 | hsa-miR-3175 -4.46 0.0227 -1.69 6.61 7.36

20515610 | hsa-miR-3180- 5.16 0.0229 1.32 7.13 6.73
3p

20517821 | hsa-miR-3613- -3.04 0.0183 -1.42 6.81 7.32
3p

20517835 | hsa-miR-3621 6.90 0.0100 1.26 8.44 8.10

20519463 | hsa-miR-4668- -3.55 0.0134 -1.34 7.01 7.44
5p

20519474 | hsa-miR-4674 6.45 0.0157 1.30 8.84 8.46

20519615 | hsa-miR-371b- 1.98 0.0136 1.47 3.61 3.06
5p

20519663 | hsa-miR-4436b-  3.01 0.0279 1.41 4.39 3.89
5p

20521825 | hsa-miR-5585- 3.60 0.0038 1.51 3.02 2.43
3p

20525539 | hsa-miR-6789- 7.56 0.0047 1.34 9.35 8.93
5p

20525659 | hsa-miR-6849- 5.79 0.0005 1.44 3.61 3.08
5p

20526885 | hsa-miR-7162- 2.51 0.0208 2.05 3.29 2.26
3p

20529568 | hsa-miR-7977 -2.91 0.0332 -1.29 7.43 7.80

20529774 | hsa-miR-8064 2.76 0.0224 1.41 3.19 2.70

TRI Transcript estimate P FC log2 log2

T2D ND

20500142 | hsa-miR-21-3p 50.06 0.0489 1.50 2.61 2.02

20500164 | hsa-miR-31-5p 35.37 0.0054 1.73 4.26 3.47

20500780 | hsa-miR-149-5p  -53.93 0.0422 1.35 4.58 4.15

20504324 | hsa-miR-550a- 65.15 0.0158 1.39 3.78 3.31
op

20504559 | hsa-miR-1224- 50.96 0.0136 1.40 4.68 4.20
5p

20506839 | hsa-miR-1247- 38.97 0.0093 1.64 5.01 4.29

3p
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20515623

20517710
20517745
20518800
20518881
20518935
20519554
20521786
20521811

20523018
20525444

20525497

20525513

20525633

20525683
20525703

hsa-miR-3187-
3p
hsa-miR-4253
hsa-miR-4286
hsa-miR-4428
hsa-miR-4487
hsa-miR-4534
hsa-miR-4721
hsa-miR-5572
hsa-miR-664b-
3p
hsa-miR-6086
hsa-miR-6741-
op
hsa-miR-6768-
5p
hsa-miR-6776-
5p
hsa-miR-6780b-
op
hsa-miR-6860
hsa-miR-6871-
op

46.78

49.20
-28.25
66.25
63.83
100.16
42.73
55.06
-49.64

55.23
66.18

44.13

67.15

43.01

61.96
57.69

0.0304

0.0025
0.0242
0.0065
0.0201
0.0238
0.0380
0.0131
0.0446

0.0438
0.0314

0.0282

0.0136

0.0011

0.0370
0.0240

1.29

2.08
-1.44
1.33
-1.47
1.25
1.41
1.29
-1.71

1.47
1.28

1.95

1.28

2.01

1.25
1.32

4.06

3.93
6.31
3.14
3.41
5.18
4.23
5.03
5.33

4.69
4.86

4.69

4.88

4.13

4.89
3.25

3.69

2.87
6.84
2.73
3.98
4.86
3.74
4.66
6.11

4.13
4.50

3.73

4.52

3.12

4.57
2.85
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10 Appendix

10.1 Vector maps

Figure 10.1: Vector map of the basic pCpGL vector. This vector was used for the analysis
whether CpG methylation might affect upstream CMV promoter activation (not shown). The CMV
promoter itself was previously inserted into the basic vector using the PstI and HindIII restriction
sites. CpG containing sequences of interest were cloned downstream the CMV promoter within the

HindIII and Neol restriction enzymes recognition sites. This vector was a gift from (Klug and Rehli,
2006).

A B

Hindlll 414

SV40 Promoter
and Enhancer

pRL-SV40

pSV-p-Galactosidase
Vector
(6820bp)

EcoRI 370
BamHI 4151

Sall 4163
Pstl 4173

1883 BamHI

Vector
SV40 late (3,705bp)

poly(A)
1631 Xbal

SV40 Early
Enhancer/
Promoter

T7

Promoter Hindlll 420

Pstl 462

Csp451 700

Figure 10.2: Vector maps of control plasmids, co-transfected during Luciferase reporter
gene assay. Maps of the pSV-j-Galactosidase vector (A) and pRL-SV40 (B) originate from Promega,
Madison, US. Both plasmids served for normalization of Firefly luciferase signal by assessing the
transfection efficiency.
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10.2 MATLAB code
10.2.1 Tukey Biweight Algorithm

Adapted for MATLAB from Bioconductor’s sscore: S-Score Algorithm for Affymetrix Oligonucleotide

Microarrays:

function [ value | = tukeyBiweight( x,c,epsilon )
medianValue = median(x);
mad = median(abs(x — medianValue))xc + epsilon;
n = length(x);
difference = x — medianValue;
u = difference ./ mad;
uSquare = u.  2;
oneMinusUSquare = 1.—uSquare;
for i=1l:length(x)
if abs(u(i)) < 1
weightedSumNumer (i) = differenceerence (i) * oneMinusUSquare(i);
else
weightedSumNumer (i) = 0;
end
end
weightedSumNumer2 = sum(weightedSumNumer );
for i=1l:length(x)
if abs(u(i)) <1
weightedSumDenom (i) = oneMinusUSquare(i)"2;
else
weightedSumDenom (i) = 0;
end
end
weightedSumDenom2 = sum(weightedSumDenom );
if (weightedSumDenom2 "= 0)
value = medianValue 4+ weightedSumNumer2/weightedSumDenom?2;
else
value = 0;
end
end

Tuning values of ¢ = 5 and epsilon = 0.0001 (default value to avoid division by zero) were chosen. The
Tukey Biweight Algorithm was used to determine a robust average value of microarray expression which
is unaffected by outliers. Therefore the median of a data set was determined. All data points contributed
to the final average depending on the distance to the median value. In other words, data points with
larger distances to the median are weighted less for final mean calculation. Outliers are characterized by

a large distance and therefore contribute only marginally to the result.
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10.3 JAVA code
10.3.1 Class MIRNA

EE:
x Class to generate a miRNA bbject containing a miRNA core
* @author christin
*/
public class MIRNA({
private int length;
private String sequence;
private String full_seqence;
private String origSeq;

/%%
x Constructor of miRNA core
% @param seq String containing core miRNA
*/
public MIRNA( String seq){
this.sequence = translateUtoT (seq);
this.length = this.setLength ();

}
/%%

x Second constructor for full sequence of mRNA to extract seed which
*+ normally at position 2
x @param full_seq String with full miRNA sequence
x @param start_seed Int with start of 8 nt seed sequence
*
/
public MIRNA(String full_seq , int start_seed) {
this. full_seqence = full_seq;
String orig =
translateUtoT (full_seq .substring (start_seed —2, start_seed +6));
this.origSeq = orig;
this.sequence = reverseComplement (origSeq);
this.length = this.setLength ();

}

private String translateUtoT (String s) {
String result = ;
for(int i = 0; i < s.length(); i++) {
if(s.charAt(i) ="U") {
result += ;

}

else {
result += s.charAt(i);
}

}

return result ;

}

public String reverseComplement (String s) {
String result = ;
for (int 1 = s.length()—1; i >= 0; i—) {

if (s.charAt(i) = ) {
result += ;

}

if (s.charAt(i) = ) {
result += ;

}

if (s.charAt(i) = ) {
result += ;

}

if (s.charAt(i) = ) {
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result += ;
}
}
return result ;
}
public String getSeq(){
return this.sequence;
}
public String getFull() {
return this. full_seqence;
}
public int getLength(){
return this.length;
}
public int setLength (){
if (this.sequence.equals("")){
this.length = 0;
return 0;
}
this.length = this.sequence.length ();
return this.length;
}
}

10.3.2 Class MRNA

/%%
x Class to generate a mRNA Target sequence
* @author christin
*
«/
public class MRNA{
private int length;
private String sequence;

/%%
* Constructor of mRNA
* @param seq String with target sequence

*/

public MRNA(String seq){
this.sequence = seq;
this.length = seq.length ();

}

public String getSeq(){
return this.sequence;
}

public int getLength (){
return this.length;
}

public void setLength (){
this.length = this.sequence.length ();
}

public String getSeqAt(int i){
return this.sequence.substring (i,i+8);
}
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10.3.3 Class LocateSeed

/%%
x Class to find a seed sequence of miRNA in a target mRNA object
* @author christin
* Q@version 0.2
*
*/
public class LocateSeed{
/%%
x Tmer—m8: A perfect match from nucleotides 2—8 of the miRNA seed.
% @param miRNA
% @param target
% @return boolean
«/
public static boolean is7mer_m8(MIRNA miRNA, MRNA target) {
boolean flag = false;
for(int i = 0; i < target.getLength()—miRNA.getLength (); i++) {
String templ = target.getSeq().substring (i, i+miRNA.getLength()—1);
String temp2 = miRNA.getSeq ().substring (0,mRNA. getLength()—1);
if (templ.equals (temp2)) {
if (target.getSeq().charAt(i+miRNA. getLength()—1) != ) {
System.out.println (templ + +i);
flag = true;

}

return flag;

}

/%%
* Tmer—Al: A perfect match from nucleotides 2—7 of the miRNA seed in

x addition to an A across from the miRNA nucleotide 1.
* @param miRNA
* @param target
% @return boolean
*/
public static boolean is7mer_A1l(MIRNA miRNA, MRNA target) {
boolean flag = false;
for(int i = 1; i < target.getLength()—miRNA.getLength (); i++) {
String templ = target.getSeq ().substring(i,i+mRNA.getLength()—2);
String temp2 = miRNA.getSeq ().substring (1 ,mRNA. getLength()—1);
if (templ.equals(temp2)) {
if(target.getSeq().charAt(i+miRNA.getLength()—2) — ) {
flag = true;
System.out.println (templ + +i);
}
}
}
return flag;
}
/%%
x 8mer: A perfect match from nucleotides 2—8 of the miRNA seed in addition
* to an A across from the miRNA nucleotide 1.
% @param miRNA
* @param target
% @return boolean if sequence contains 8mer
*
/
public static boolean is8mer (MIRNA miRNA, MRNA target) {

boolean flag = false;
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61 for(int i = 1; i < target.getLength()—miRNA.getLength (); i++) {

62 String templ = target.getSeq ().substring(i,i+mRNA.getLength()—1);
63 String temp2 = miRNA. getSeq (). substring (0, ,mRNA. getLength()—1);
64 if (templ.equals(temp2)) {

65 if(target.getSeq().charAt(i+miRNA.getLength()—1) — ) {
66 System.out. println (templ + +i);

67 flag = true;

68 }

69 }

70 }

71 return flag;

72 }

73

74 AT

75 x 6mer: A perfect match between the miRNA seed and mRNA for six

76 * nucleotides .

77 * @param miRNA

78 * @param target

79 % @return boolean if sequence contains 6Gmer

80 */

81 public static boolean is6mer (MIRNA miRNA, MRNA target) {

82 boolean flag = false;

83 for(int i = 1; i < target.getLength()—miRNA.getLength (); i++) {

84 String templ = target.getSeq ().substring(i,i+miRNA.getLength()—2);
85 String temp2 = miRNA. getSeq ().substring (1 ,mRNA. getLength()—1);
86 if (templ.equals (temp2)) {

87 flag = true;

88 System.out . println (templ + +1i);

89 }

90 }

91 return flag;

92 }

93

94 /%

95 * Main method to start the programm

96 % @param args

97 */

98 public static void main (String[] args){

99 MIRNA miRNA = new MIRNA(args[0], Integer.parselnt(args[1]));

100 MRNA target = new MRNA(args[2]);

101

102 System.out. println ( + miRNA. getSeq ());
103 System.out.println (mRNA. getLength ());

104 System.out.println ( );

105 System.out. println ( + is8mer (miRNA, target));
106 System .out.println ( );

107 System.out.println ( + is6mer (mRNA, target));
108 System.out. println ( );

109 System.out.println ( + is7mer_m8 (miRNA, target));
110 System.out.println ( );

111 System.out. println ( + is7mer_A1l (miRNA, target));
112 }

113] }
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11 Abbreviations

ADA American Diabetes Association

addMRS additive MRS

ALD Alcoholic Liver Disease

ALT Alanine Aminotransferase

ARIC The Atherosclerosis Risk in Communities

AST Aspartate Aminotransferase

BMI Body mass index

bisPCR. bisulfite DNA PCR

bp base pair

cDNA copy DNA

CGI CpG island

CMYV Cytomegalovirus

CRP C-reactive protein

DMNT DNA-methyltransferases

DMR Differentially methylated region

DNA Deoxyribonucleic Acid

ELISA Enzyme-linked Immunosorbent Assay

EWAS Epigenome-wide association study

FLuc Firefly Luciferase

gDNA genomic, untreated DNA

GLC Glucose, blood glucose

GOLDN Genomics of post-prandial lipidomic phenotypes in the Genetics of Lipid lowering Drugs and
Diet Network

GWAS Genome-wide association study

HbA1lc Glycated hemoglobin, hemoglobin Alc

HCC hepatocellular cancer

HDL High-density lipoprotein

HOMA-IR Homeostatic Model Assessment for Insulin Resistance

INS Insulin, serum insulin

IR Insulin Resistance

KORA Kooperative Gesundheitsforschung in der Region Augsburg

LDL Low-density lipoprotein

LMW Low molecular weight

LOLIPOP The London Life Sciences Prospective Population

MARTHA MARseille THrombosis Association

METSIM The Metabolic Syndrome in Men

MBD Methyl-CpG-binding domain

miRNA micro RNA

mRNA messenger RNA

MRS Methylation Risk Score

MuTHER Multiple Tissue Human Expression Resource

n Sample size

ncRNA non-coding RNA

NAFLD Non-alcoholic fatty liver disease

NAS NAFLD Activity Score

NASH Non-alcoholic steatohepatitis

ND Non-diabetic

OOB out-of-bag

PCR Polymerase Chain Reaction

qPCR quantitative real time PCR

RDF Random Decision Forest

REGICOR Registre Gironi del COR

132



RISC RNA-induced silencing complex
RLuc Renilla Luciferase

RNA Ribonucleic acid

RT Reverse transcriptase, reverse transcription
SAM S-adenosyl Methionine

SNP Single nucleotide polymorphism
siRINA short-interfering RNA

T1D Type 1 diabetes

T2D Type 2 diabetes, Type 2 diabetic
TET ten-eleven translocation

TF Transcription factor

TH Thyroid hormone

TRI Tryglycerides, serum triglycerides
TSH Thyroid-stimulating Hormone

TSS Transcriptional start side

UTR Untranslated Region

WGBS Whole genome bisulfite sequencing

11.1 Gene names

ABCG1 ATP Binding Cassette Subfamily G Member 1

ACACB Acetyl-CoA Carboxylase Beta

APOF Apolipoprotein F

CASC3 CASC3 Exon Junction Complex Subunit, Cancer Susceptibility Candidate 3

CCND1 Cyclin D1

CDKN1B Cyclin Dependent Kinase Inhibitor 1B

CYP2C19 Cytochrome P450 Family 2 Subfamily C Member 19

CYP7A1 Cytochrome P450 Family 7 Subfamily A Member 1

DIO1, DIO2, DIO3 Iodothyronine Deiodinase 1, 2 and 3

ELOVL6 Elongation Of Very Long Chain Fatty Acids Protein 6

FASN Fatty Acid Synthase

FOXO1 Forkhead Box O1

GALNT18 Polypeptide N-Acetylgalactosaminyltransferase 18

GAPDH Glyceraldehyde-3-Phosphate Dehydrogenase

INSR Insulin Receptor

IRS1, TRS2 Insulin Receptor Substrate 1 and 2

LDLR Low Density Lipoprotein Receptor

LRP6 LDL Receptor Related Protein 6

PCSK9 Proprotein Convertase Subtilisin/Kexin Type 9

SCD Stearoyl-CoA Desaturase

SLC10A1 Solute Carrier Family 10 Member 1, encoding a Sodium/Bile Acid Cotransporter

SLC16A2 Solute Carrier Family 16 Member 2, encoding the TH transporther Monocarboxylate Trans-
porter 7

SLC16A10 Solute Carrier Family 16 Member 10, encdoing Aromatic Amino Acid Transporter 1

SLCO1C1 Solute Carrier Organic Anion Transporter Family Member 1C1, encoding a Thyroxine Trans-
porter

SREBF1 Sterol Regulatory Element Binding Transcription Factor 1

THRA, THRB Thyroid Hormone Receptor Alpha and Beta

TP53INP1 Tumor Protein P53 Inducible Nuclear Protein 1
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Distribution of different enzymes, hormones and vitamins whithin type 2 di-
abetic (T2D) and non-diabetic (ND) subjects. Blood levels of liver enzymes AST
(aspartate aminotransferase, A) and ALT (alanine aminotransferase, B) are significantly
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This was a triumph

I'm making a note here, HUGE SUCCESS

It’s hard to overstate my satisfaction

Aperture Science

We do what we must because we can

For the good of all of us

Except the ones who are dead

But there’s no sense crying over every mistake
You just keep on trying till you run out of cake
And the science gets done

And you make a neat gun

For the people who are still alive

I’'m not even angry

I’'m being so sincere right now

Even though you broke my heart and killed me
And tore me to pieces

And threw every piece into a fire

As they burned it hurt because

I was so happy for you

Now these points of data make a beautiful line
And we’re out of beta, we're releasing on time

So I'm GLaD I got burned, think of all the things we learned
For the people who are still alive

Go ahead and leave me

I think I prefer to stay inside

Maybe you’ll find someone else to help you
Maybe Black Mesa

That was a joke, haha, FAT CHANCE

It’s so delicious and moist

Look at me still talking when there’s science to do
When I look out there it makes me GLaD I’'m not you
I’ve experiments to run, there is research to be done
On the people who are still alive

And believe me I am still alive

I’'m doing science and I'm still alive

I feel fantastic and I'm still alive

While you're dying I’ll be still alive

And when you’re dead I'll be still alive

Still alive.

STILL ALIVE!

Still Alive (from the video game Portal), by Ellen McLain in 2007

Songwriter: Jonathan Coulton
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