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ABSTRACT 
The incidence and prevalence of obesity and type 2 diabetes is reaching epidemic proportions 
worldwide and insulin resistance, the pathophysiological link between the two conditions is 
consequently the focus of intense research. Although it is well-established that insulin 
resistance is associated with obesity, up to 1/3 of the obese subjects display insulin 
sensitivities comparable with non-obese individuals. Those subjects, known as insulin 
sensitive obese (ISO), show a different ectopic fat deposition, compared to insulin resistant 
obese (IRO), that can play a protective role in the metabolic consequences of obesity. In fact, 
ISOs are characterized by a favourable inflammatory profile that leads to a decreased 
cardiovascular risk. 
The association between obesity and insulin resistance is a cause-and-effect relationship in 
which weight loss/gain correlates with increasing/decreasing insulin sensitivity.  
The execution of biological processes requires a precise and well-orchestrated set of steps 
and depends on the proper spatial and temporal expression of genes. 
As a result, dysregulation of gene expression can lead to diseases. Over the last decades, 
advances in experimental and computational technologies have facilitated genomics 
research. The overall aim of this thesis is to study gene regulatory events in human 
subcutaneous adipose tissue of obese and lean subjects. 
 
In Paper I we investigated human subcutaneous adipose tissue insulin response gene 
expression by 5’ Cap-mRNA sequencing (CAGE) in 17 non-obese, 21 insulin sensitive obese 
and 30 insulin-resistant obese. We showed that insulin sensitive and insulin resistant obese 
share a similar transcriptional response to insulin, which differ from the NO insulin response. 
By identifying 231 genes altered upon hyperinsulinemia in the three groups, we were able to 
demonstrate that the acute transcriptional insulin response is mainly driven by obesity per se, 
challenging the notion of healthy obese adipose tissue. 
 
In Paper II, we used a unique loss-of-function model in human multipotent adipose-derived 
stem cells (hMADS) to characterize the transcriptional and epigenetic changes of the 
coregulator GPS2 in response to depletion during adipocyte differentiation. We show that 
loss of GPS2 results in reprogramming of cellular processes related to adipocyte 
differentiation and that GPS2-depleted adipocytes are associated with hypertrophy, 
triglyceride and phospholipid accumulation, and sphingomyelin depletion. Furthermore, 
adipocyte hypertrophy results from increased expression of ATP-Binding Cassette Subfamily 
G Member 1 (ABCG1), which mediates sphingomyelin efflux from adipocytes and 
modulates lipoprotein lipase (LPL) activity. Cellular findings obtained by gene expression 
analysis were validated using an obese cohort in which GPS2 is downregulated in diabetic 
individuals and negatively correlates with ABCG1 expression. 
 
In Paper III by characterizing the insulin transcriptional response by CAGE in 23 non-obese 
(NO), 23 obese (OB), and 23 post-obese (POB) women, we aimed to determine the extent of 
restoration of the insulin response after weight loss. We identified a common set of genes 
present in all three groups and characterized by genes related to lipid and cholesterol 
biosynthesis. An additional set of obesity-attenuated genes was identified that was related to 



tissue remodelling and protein translation and that was selectively regulated in the two lean 
states (NO and POB) and an additional, post obesity-enriched set of genes associated with 
genes involved in one-carbon metabolism. Overall, by identifying these three groups of 
genes, we have shown that human WAT exhibits a selective insulin response in obesity, with 
most genes normalizing after weight loss. 
 
In Paper IV by using CAGE data from Paper III, combined with chromatin conformation 
sequencing data (HiC) and promoter region centered HiC (PCHiC), we investigated how 
gene regulatory elements are involved in human subcutaneous adipose tissue insulin response 
in obese and in restored insulin response after weight-loss. We identified 21,632 enhancer 
candidates in human sWAT and 155,000 possible interactions between enhancers and genes 
in general and specifically 101 interactions between 130 enhancers and 47 insulin responding 
genes. With our analysis, we identified several enhancer-promoter interactions involved in 
hWAT insulin response, including well-known insulin responding genes such as AACS, 
LDLR and PDK4. 
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1 INTRODUCTION 

1.1 BIOLOGY OF HUMAN SUBCUTANEOUS ADIPOSE TISSUE  

1.1.1 Adipose tissue and its development 
 
Adipose tissue is a connective tissue mainly composed of adipocytes and it can be of two 
types: white adipose tissue (WAT) and brown adipose tissue (BAT). While the main function 
of BAT is to generate body heat, WAT is mainly used for energy storage.  
WAT has a high level of plasticity and its expansion can occur by two distinct mechanisms: 
hyperplasia, which is characterised by  an increased number of adipocytes or hypertrophy, 
which results in  an increase of adipocyte size [1] (Figure 1). 
 

 
Figure 1: Mechanism of adipose tissue remodelling. 

 
WAT can be found in two different locations: visceral adipose tissue, which is located in the 
intra-abdominal cavity surrounding internal organs and subcutaneous adipose tissue, present 
in the epidermis located in the upper and lower part of the body [2]. 
WAT development begins in utero, in the peripartum period and throughout life [3]. 
Adipocytes are differentiated from undifferentiated preadipocytes via a transcriptional 
cascade. This process involves two phases: determination, in which a mesenchymal stem 
cell limits itself to the adipocyte lineage forming a preadipocyte, without any morphological 
changes. This phase is followed by differentiation, during which specified preadipocytes 
undergo growth arrest, accumulate lipids and form functional, insulin-responsive mature 
adipocytes [4] (Figure 2).  
Adipogenesis is a tightly regulated cellular differentiation process in which transcription 
factors like peroxisome proliferator-activated receptor γ (PPARγ) and CCAAT/enhancer-
binding proteins (C/EBPs) have a crucial role [5]. 
 

 
Figure 2: Overview of molecular mechanisms of adipogenesis. 
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1.1.2 Hormone insulin and its role in adipose tissue 
 
Insulin is the main anabolic hormone produced by the β-cell of the pancreatic islet of 
Lagerhans. Insulin has a plethora of effects on lipid, carbohydrate and amino acid metabolism 
as well as mRNA transcription and translation. The main actions of insulin are summarized 
below: 
 
Lipid Metabolism 

• Stimulates the synthesis of fatty acid with the formation and storage of triglycerides 
in tissues. 

• Decreases lipolysis in adipose tissue and hence the levels of fatty acid in plasma [6]. 
 
Carbohydrate Metabolism 

• Increases glucose uptake into adipose tissue and muscle through glucose transporter 
proteins [7]. 

• Stimulates glycogen synthesis and decreases glycogen breakdown in muscle and 
liver. 

• Promotes an increase in glycolysis in adipose tissue and muscle [8]. 
 
Protein Metabolism 

• Increases the rate of protein synthesis in adipose tissue as well as in muscle, liver and 
other tissues. 

• Increases the rate of transport of some amino acids into tissues [9]. 
 
In addition, there are effects on transcription of specific mRNA as well as translation of 
mRNA into proteins [10]. 

1.1.3 Mechanism of insulin resistance 
 
Insulin reduces blood glucose levels by inducing glucose uptake in insulin sensitive tissues. 
In insulin resistance, normal levels of insulin are not able to control blood glucose levels [11] 
which results in decreased glucose uptake and increased gluconeogenesis. The ensuing rise 
in plasma glucose leads to higher insulin levels to compensate for the attenuated response.  
Normal or near-normal blood glucose levels are maintained as long as the pancreatic β-cells 
are able to compensate and produce sufficient amounts of insulin. A strong indication of 
insulin resistance is high insulin levels with relatively stable plasma glucose levels. However, 
when pancreatic β-cells’ function starts to fail, this results in hyperglycaemia, which 
ultimately leads to the onset of type 2 diabetes [12].  
Moreover, insulin resistance is closely associated with excess adipose tissue mass as well as 
other metabolic and cardiovascular abnormalities that defines the metabolic syndrome (e.g. 
dyslipidaemia, hypertension, atherosclerosis) [13-15]. 

1.1.4 Methods to measure insulin response 
 
It is important to quantify insulin sensitivity for epidemiological studies and clinical 
investigations. Direct and indirect methods are nowadays used for this purpose. Some of 
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these methods rely on steady-state analysis of glucose and insulin, whereas others employ 
dynamic testing [16]. Each of these methods has distinct advantages and limitations, 
depending on the nature of the studies. 
 
Hyperinsulinemic euglycemic clamp 
Hyperinsulinemic euglycemic clamp [17, 18] is the gold standard method to measure insulin 
sensitivity. After overnight fasting, insulin is intravenously infused at a constant rate for two 
hours. As the insulin infusion causes a reduction of blood glucose levels, a concomitant 
infusion of glucose is given. Glucose levels are measured frequently (every 5 minutes) and 
the glucose infusion rate is chosen in order to keep plasma glucose concentrations within the 
euglycemic range. Under steady-state conditions, the glucose infusion rate equals the glucose 
taken up by peripheral tissues (primarily skeletal muscle). Thus, in insulin-sensitive subjects, 
a high glucose infusion rate is required while, in insulin-resistant subjects a much lower 
amount is required [19]. Insulin sensitivity is normalized to body size, either per surface area 
[20], body weight [21] or per unit of free fat mass [22]. The main advantage of using the 
hyperinsulinemic euglycemic clamp to determine insulin sensitivity is that it provides a direct 
measure of whole-body glucose disposal under steady state conditions. The main limitations 
are 1) it is time consuming, 2) it is expensive and 3) it requires an experienced operator. 
 
Alternative methods to measure insulin sensitivity 
Indirect methods such as oral glucose tolerance test (OGTT) are less invasive than clamp and 
are widely used to diagnose glucose intolerance and type 2 diabetes. However, this test 
primarily reflects the efficiency of the body to dispose of glucose after food intake [23].  
One of the most used indirect methods to measure insulin sensitivity is Homeostasis Model 
Assessment (HOMA) [24, 25]. This method models the interaction between glucose and 
insulin dynamics in order to predict fasting steady-state glucose concentrations for a wide 
range of possible combinations of insulin sensitivity and β-cell function. Different insulin 
sensitivity indices have been developed using data derived from dynamic tests including 
Stumvoll index [26], Avignon index [27], and Belfiore index [28]. Those indices use specific 
sampling protocols for glucose and insulin during the oral glucose tolerance test. They 
incorporate both hepatic and peripheral insulin sensitivities and are a reasonable choice in 
epidemiologic studies with a large cohort [29]. 

1.1.5 Obesity and its comorbidities 
 
Obesity is considered the 21st century epidemic [30]. It is the disproportion of body weight 
for height with an excess of adipose tissue accumulation usually associated with the 
development of type 2 diabetes mellitus (T2D), cardiovascular disease and some types of 
cancer [31].  
In 2016, the World Health Organization (WHO) estimated that more than 1.9 billion people 
worldwide are overweight, out of which 650 million are obese [32]. Obesity derives from a 
low physical activity, e.g. sedentary lifestyle, and the overconsumption of high calorie food 
above the needs of an individual [31]. However, obesity aetiology is more complex and 
derives from an interplay between environmental, psychosocial and genetic factors which 
affect the fat deposition at different physiological levels [33, 34].  
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The most widely used formula to measure the relation between height and weight of an 
individual is the Quetelet's index, commonly known as Body Mass Index (BMI). BMI is 
defined as the ratio of body weight (kilograms) and square root of the height (meters) [35-
37].  
According to the WHO, BMI quantifies the amount of tissue mass in a specific individual 
and classifies that person as underweight, normal weight, overweight and obese. In detail, a 
BMI<18.5 kg/m2 is underweight, a normal range is 18.5-25 kg/m2, whereas a BMI of 25-30 
kg/m2 is classified as overweight. Adults with BMI of 30-40 kg/m2 are considered obese and 
a BMI>40 kg/m2 is a sever obesity. Even though BMI does not discriminate between adipose 
and muscle tissue and does not assess the regional adiposity [38], it is still largely used in 
large population studies as a guide in treatment selection. 

1.1.6 Type of obesity 
 
One of the major difficulties in studying obesity and fat-related metabolic complications lies 
in the heterogeneity of individuals. The way fat is distributed in different areas of adipose 
tissue can lead to different types of obesity: subcutaneous obesity, in which the hip and thigh 
areas have an excess of subcutaneous fat (gynoid obesity, which is more common in women 
and leads to a pear-shaped body) [39]. On the other hand, visceral obesity is characterized by 
fat being concentrated mainly in the abdominal region (android obesity, resulting in an apple-
like body shape). Visceral obesity is more common in men and tends to be more harmful to 
health, especially in terms of cardiovascular risk [40, 41]. In addition to regional fat 
distribution, adipocyte morphology also contributes to the definition of obesity-associated 
metabolic abnormalities.  

1.1.7 Dysregulated insulin response in obesity 
 
The stronger relationship between subcutaneous adipose tissue and insulin resistance can be 
related to the larger subcutaneous adipose tissue mass. In fact, the total subcutaneous 
abdominal adipose mass is approximately five times more than the intraperitoneal fat mass 
[42-44]. The association between obesity and insulin resistance is a cause-and-effect 
relationship in which weight loss/gain correlates with increasing/decreasing insulin 
sensitivity. Moreover, the increased adipose mass is a good predisposition of dysregulation 
of insulin sensitivity correlated mechanisms including endocrine, inflammatory and neural 
mechanisms. 
 
Endocrine mechanism 
Increased concentrations of fatty acids (FAs) are observed in obese subjects and are 
associated with insulin resistance [45, 46]. The increase in fatty acid concentrations is mainly 
due to increased FAs release associated with the expansion of fat mass through adipocyte 
hypertrophy and, to lesser extent, cell proliferation [47-49]. Increased intracellular FAs might 
result in competition with glucose for substrate oxidation in insulin responsive cells [50]. It 
has also been proposed that increased release of FAs results in an increase of intracellular 
content of fatty acid metabolites such as DAG, fatty acyl-CoA, which activate different 
protein kinase like PKC and JNK, respectively. These kinases can then impair insulin 
signalling by increasing the inhibitory serine phosphorylation of IRS [51, 52]. Adipocytes 
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also secrete metabolically active proteins [53]. One of those proteins is leptin. The leptin 
mRNA expression is determined by adipocyte size and anatomical location. In addition, 
obesity, glucose and insulin administration increase the levels of leptin circulation, whereas 
fasting and exercise reduce leptin levels [54, 55]. Adiponectin is specifically expressed in 
differentiated adipocytes and high levels of it circulate in the bloodstream [56, 57]. 
Adiponectin concentrations are reduced in obese and insulin resistant subjects [58] while are 
increased in lean subjects [59]. Moreover, liver adiponectin has different metabolic effects. 
It enhances insulin sensitivity, increases FA oxidation and reduces glucose release [60]. 
Resistin, an adipocyte-secreted protein, has both hormonal properties and is an important link 
between obesity and insulin resistance [61]. However, the role of resistin in human insulin 
resistance is still controversial, while in mice resistin is only expressed in white adipose tissue 
[62]. 
 
Inflammatory mechanism 
Another important role in the pathogenesis of obesity and insulin resistance is conducted by 
systemic chronic inflammation. Obesity is characterized by the presence of macrophages in 
the form of crownlike structure accumulation in white adipose tissue [63]. Adipose tissue 
macrophages contribute to the production of several adipokines previously discussed. 
Increased release of interleukin 6 (IL-6) and tumor necrosis factor alpha (TNFα) and 
additional products of macrophages and other adipose tissue cells might also have a role in 
the development of insulin resistance [64, 65]. IL-6 is a cytokine that is closely associated 
with obesity and insulin resistance [66]. TNFα was the first cytokine playing a major role in 
the pathogenesis of obesity and insulin resistance [67]. Additional studies highlight that the 
macrophages are the major sources of TNFα in adipose tissue [68]. IL-6 and TNFα stimulate 
specific kinases resulting in up-regulation of potential mediators of inflammation that can 
lead to insulin resistance [69]. Retinol-binding protein 4 (RBP4) is one of the most recent 
adipokines that emerged as involved in obesity-induced insulin resistance. Although the 
mechanism is not fully clear, the expression of RBP4 is enhanced in adipose tissue and has 
been proposed that it might contribute to insulin resistance by impairing insulin-stimulated 
glucose uptake and elevating hepatic glucose production [70]. It has been shown that the 
inhibition of adipose tissue macrophage recruitment in obesity ameliorates the insulin 
response [71]. Another class of inflammatory mediators contributing to insulin and obesity 
are the suppressor of cytokine signalling (SOCS) proteins, which constitute a negative 
feedback pathway in cytokine signalling. At least three members of the SOCS family 
(SOCS1, SOCS3 and SOCS6) are implicated in the cytokine inhibition of insulin signalling 
[72, 73]. 
 
Neural mechanism 
The brain plays a key role in glucose homeostasis. Evidence highlights that the brain 
processes the information derived from adipose tissue signals such as insulin and leptin, 
which circulate in proportion to body mass fat and integrates this input with signals derived 
from nutrients such as FAs [74]. To promote homeostasis of both energy stores and fuel 
metabolism, the brain sends signals to control feeding behaviour and substrate metabolism. 
In addition, the central nervous system is also critical to circadian rhythms [75, 76]. The 
circadian rhythm and energy metabolism are tightly integrated with and synchronized to the 
environment. It is also known that sleep and circadian rhythm disturbances are novel risk 
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factors for obesity and its related comorbidities [77]. This is supported by a study in which 
workers with alternating shift work had a higher risk for developing obesity, diabetes and 
cardiovascular diseases compared with their day shift counterparts [78, 79]. 

1.1.8 Healthy obese 
 
Metabolically healthy obese (MHO) subjects represent around 10-45% of the adult obese 
population [80-83]. The criteria used to classify MHO is the absence of insulin resistance 
[84]. MHO or insulin sensitive obese (ISO), are characterized by the absence of at least some 
risk factors for degenerative disease that accompany typical adult obesity. One of these risks 
is the development of cardiovascular diseases that in ISO is not significantly greater than in 
metabolically healthy non-obese subjects [85, 86]. ISO can be produced by genetic 
predisposition, lifestyle factors or a combination of both. Visceral adipose tissue is a 
fundamental obstacle to metabolic health. In fact, ISO individuals have lower visceral 
adipose tissue content compared with insulin resistant obese (IRO). In detail, ISO exhibits 
54% less fat accumulation in the liver than in IRO [87]. Moreover, ISO showed a lower fatty 
liver index compared to IRO. Therefore, the ectopic fat deposition plays a role in the 
metabolic consequences of obesity. For this reason, reduced ectopic fat deposition is a 
protective feature of ISO [88]. The relative amount of body fat and its relative distribution 
between visceral and peripheral sites, and not BMI per se, are important factors in 
determining the fate of the metabolic profile. ISO individuals are characterized by lower 
fasting plasma concentration of insulin and higher plasma concentration of anti-inflammatory 
cytokines [89]. Thus, ISO shows a more favourable inflammatory profile [90]. The 
favourable inflammatory profile could be the major factor in the decreased cardiovascular 
risk in ISO. Finally, whether some individuals carry genetic predisposition to ISO, it is still 
not well established. It is also unclear if the association of ISO with favourable metabolic 
conditions is a permanent state. In addition, it is known that ISO individuals that underwent 
bariatric surgery can receive additional metabolic benefit [91]. 

1.1.9 Obesity prevention and intervention 
 
Obesity prevention should focus on maintaining weight loss or at least reduce weight gain. 
Current approaches span from low-risk treatments, such as life-style intervention, dietary 
changes and exercise, to more complex treatments, such as medication and surgery in specific 
cases [92]. Behavioural modification as well as diets for management of body weight 
improve overall nutritional quality and help to reduce weight [93, 94]. Physical activity has 
additional health effects independent of weight loss, since it lowers the risk of developing 
T2D and cardiovascular disease. 
Use of bariatric surgery has become increasingly adopted as a treatment option for severe 
obesity. There are different interventions that result in varying degrees of weight loss and 
each has its own risks and benefits. One of these is the Roux-en-Y gastric bypass, also known 
as bariatric surgery, in which the upper part of the stomach is reduced. This intervention leads 
to a reduced amount of food that can be eaten and, consequently, absorbed [95]. The 
outcomes of the bariatric surgery have shown favourable results. Mortality due to myocardial 
infarction in men or cancer in women is reduced. Additionally, many other comorbidities like 
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insulin resistance and T2D are improved within six days of the surgery, before any detectable 
weight loss has occurred [96].  

1.2 REGULATION OF GENE ACTIVITY 
 
For all organisms, it is fundamental to maintain the proper control of gene expression. Even 
if much is known about the role of regulatory elements on individual genes, little is known 
about how they globally interact to maintain the correct regulation throughout the genome. 
Genes are close to each other and they can have multiple differential regulated transcripts. 
Moreover, within the nucleus, chromatin is three-dimensionally arranged such that genes and 
regulatory elements that are far apart on the chromosome, or on different chromosomes, 
become juxtaposed [97]. Given the complexity of genomic organization, it is important to 
understand how gene regulatory elements act over large distances and how they are able to 
target a specific gene ignoring other nearby promoters. 

1.2.1 Genome organization 
 
The human genome is composed of approximately 3 billion base pairs of DNA. In order to 
be able to pack inside the nucleus, the double-stranded DNA is wrapped around histones 
forming nucleosomes. The nucleosomes pack together into 22 autosomal chromosomes pairs 
and two pairs of sex chromosomes, which determine whether an individual is male or female 
[98].  
The genome is organized within the nucleus based on two principles [99-101]. First, 
chromosomal regions with similar properties, either biochemical or functional, cluster 
together to form distinct compartments inside the nucleus. Second, interphase chromosomes 
are partitioned into Topologically Associated Domains (TADs), i.e. genomic regions with 
high level of chromatin interactions and fewer contacts with neighbouring regions [102]. All 
together, these two types of genome organization are intrinsically associated with gene 
expression [103]. 

1.2.2 Chromatin compartments 
 
Chromatin compartments are spatially separated regions within the nucleus with distinct and 
specific biochemical and functional properties. 

1.2.2.1 Heterochromatin and euchromatin 
 
The most prominent subdivision of nuclear compartments is between heterochromatin and 
euchromatin, which are based on visible differences in chromatin compaction [103]. 
Heterochromatin refers to transcriptionally inactive and or repressed genomic regions and 
are associated with a specific set of proteins and histone modifications, such as H3K27me3 
and H3K9me3 and H3K9me2 [104]. 
Euchromatin regions are characterised by a high density of active genes and enhancer regions 
and by a large number of histone modifications, e.g. H3K4me1 and H3K27ac.  
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1.2.2.2 AB compartments 
 
Euchromatin and heterochromatin subdivision is also visible with chromosomal contact maps 
generated by chromosome conformation capture technologies, e.g. HiC. With these maps, it 
is possible to identify two major classes of self-associating compartments: A and B 
compartments. These compartments are multi-Mb scale and are associated with either open 
and expression-active chromatin (A compartments) or closed and expression inactive 
chromatin (B compartments) [105]. Compartments present high GC-content, are enriched in 
genes and contain histone marks specific for active transcription (H3K36me3) and DNase 
hypersensitive sites. In contrast, B compartments are characterized by the presence of histone 
marks specific for gene silencing and a low presence of genes [105]. With high-resolution 
HiC maps, A/B compartments can be further classified into five subcompartments A1-A2, 
B1-B2-B3, which are associated with specific patterns of histone modifications and 
functional properties [106]. 

1.2.2.3 Topologically Associated Domains (TADs) 
 
Topologically associated domains (TADs) are self-interacting genomic regions, in which 
genomic segments have higher frequency of interactions within them than with neighbouring 
regions [102]. The definition of TADs is primarily related to HiC and the related mapping 
technologies, but they are also confirmed by imaging [107] (Figure 3). In humans [106], 
TADs have a median size of 800 Kbp and are well conserved between different cell types 
and mammal species (50-70% of TAD boundaries are shared between human and mouse 
ESCs [108]), in particular with synthetic regions [109]. TADs are often nested structures 
composed of sub-TADs and even sub-sub-TADs, which makes it difficult to unequivocally 
identify their borders. 
TADs can influence the transcription by at least three mechanisms. First, TADs act as 
insulation of a promoter from the action of an enhancer that is located in a different TAD 
region [110]. Second, the confinement of the enhancers and promoters within a TAD region 
might help to effectively reduce the search space to find each other [111]. Last, TAD 
boundaries might act as barriers to control the spread of heterochromatin in the neighbouring 
euchromatin regions and vice versa [112]. 
 

 
Figure 3: HiC contact map of 4 Mb-window of human chromosome 19. Each pixel represents an interaction between two 
genomic loci. Color intensity represents the log contact frequency interactions between each pair of loci; the darker the 
color, the more frequent the interactions. Triangular areas represent the regions in the genome where chromatin interactions 
occur. TADs are designated with black triangles. 
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1.2.3 Regulatory elements 

1.2.3.1 Promoter 
 
The promoter region is composed of the core and proximal region. The core promoter is the 
region that directs the transcription initiation and it contains the transcription starting site 
(TSS) [113]. In addition to the core promoter, human genes also contain a proximal promoter 
element. It is immediately upstream from the core promoter and comprises binding sites for 
specific transcription factors. Since the transcription factor expression is cell-specific, 
proximal promoters along with distal regulatory elements determine the expression of the 
target gene [114]. 

1.2.3.2 Distal elements: Enhancers 
 
The transcriptional regulation of the genes not only depends on promoters and nearby cis-
regulatory elements. There are also other regulatory elements, distal regulatory elements, 
which are far away from the regulated gene. 
The first enhancer was identified using a functional assay where a 72 bp-long region upstream 
of an early gene promoter within the simian SV40 DNA tumor virus genome was found to 
be capable to enhance the transcription of a linked β-globin gene promoter 200-fold in 
transfected HeLa-cells [115]. Thus, enhancers were originally described as remote elements 
that increase the transcription of an associated gene. However, their identification is still 
challenging. One of the reasons is that they are scattered across 98% of the human genome 
that does not encode for proteins, resulting in a large search area.  
Recent observations highlight similarities between enhancers and promoters. RNAPII binds 
and initiates transcription at active enhancers. More recently, it has become clear that some 
enhancers initiate RNAPII in opposing directions from the promoter and transcribe enhancer-
template noncoding RNA (eRNA), although, in many cases, with a lower transcription rate 
[116]. The eRNAs can be a robust indicator of enhancer activities but they can also alter the 
transcriptional programs by activating promoters, binding to other enhancers or facilitating 
the adoption of an open chromatin structure [117]. 

1.2.3.3 Features and methods used for gene regulatory elements identification 
 
Many types of features and methods have been used to predict the enhancers. Before the 
advent of high-throughput sequencing data, enhancers were identified using evolutionary 
conservation and sequence motifs. Evolutionary conservation is a sign of functionality. 
However, some functionally conserved enhancers do not have high sequence conservation 
[118]. This could indicate that the conservation itself is not a sufficient prerequisite for 
enhancer identification. Later on, with the development of the ChIP-seq technique, there was 
the possibility to measure the genome-wide DNA affinity of transcription factors [119]. 
Compared to the previous sequence motif method, ChIP-seq allows the identification of 
TFBS directly in the context of interest. For this reason, ChIP-seq is also used to predict 
enhancers in a context-specific manner [120]. However, some of these binding sites can 
correspond not only to enhancers. In addition, there is a limited number of TFs with ChIP-
seq data available, making the identification of enhancers not fully reliable. ChIP-seq 
experiments were also used to study different histone modifications at the whole genome 
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scale. Some histone marks are highly correlated with the presence of enhancers. Indeed, 
H3K4me1 marks both poised and active enhancers and H3K27ac marks for active enhancers 
[121]. These histone marks provide a way to distinguish between enhancers and other 
regulatory elements and they represent a cost-effective set of features in identifying context-
specific enhancers. An alternative method is chromatin accessibility as measured by DNase 
I hypersensitivity using DNase-seq [122]. The data derived from this technology indicate 
genomic regions with high accessibility of chromatin, where DNA sequences are depleted of 
nucleosomes, which is indicative of functional activity of that region. Active enhancers were 
found to coincide with DNase hypersensitive sites (DHS), but not all the accessible sites 
correspond to enhancers. Recently, it has been shown that active enhancers produce short 
noncoding eRNA in a bidirectional way [123]. Based on this assumption, CAGE technology 
has been used to identify 43,011 enhancer candidates with bidirectional transcriptional 
patterns in the human genome [124] (Figure 4). 
 

 

Figure 4: CAGE bidirectional and bimodal of one human enhancer on chromosome 7. X-axis corresponds to the genomic 
position and Y-axis is the mean CAGE tag count expression. The figure also shows is a schematic representation of 
bidirectional CAGE enhancers. Purple reverse and green forward strands. 

1.2.3.4 Other cis-regulatory elements 
 
Silencers are sequence-specific regions that repress the transcription of a target gene. They 
typically share most of the properties ascribed to enhancers. They function independently of 
their orientation and distance from the promoter and are binding sites for negative 
transcription factors, such as repressors [125]. A different class of distal regulatory elements 
is the insulators, also known as boundary elements. Their main function is to block genes 
from being affected by the transcriptional activity of neighboring genes. Insulators have been 
shown to possess two main properties: 1) blocking enhancers (enhancer-blocking insulator) 
and/or 2) preventing the spread of the repressive chromatin heterochromatin-barrier activity) 
[126]. Regulatory elements may be clustered to create a locus control region (LCR). LCR are 
groups of regulatory elements involved in the regulation of an entire locus or gene cluster 
[127]. LCR are typically composed of multiple cis-regulatory elements, including enhancers, 
silencers and insulators. These elements are then bound by transcription factors, co-
activators, repressors, and each of the components affects the gene expression. 

1.2.4 Role of transcription factors in gene expression 
 
Transcription factors (TFs) are proteins that bind to DNA sequences and thereby regulate 
transcription. These proteins can promote or block the recruitment of RNA polymerase to 
specific genes, making genes active or inactive. Transcription factors are essential for 
regulating gene expression [114]. Transcription factors can bind one or more sequence sites, 
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transcription factor binding sites (TFBSs), which are short DNA sequences of 5-20 bp long 
[128]. Regulation of transcription occurs through the interplay between transcription factors 
and their binding sites in DNA sequences. Therefore, the identification of TFBSs is an 
important step to understand the transcription regulation mechanism [129, 130]. In addition, 
when TFs bind to target DNA sequences, they recruit many transcriptional coregulators 
(coactivators and corepressors). Transcriptional coregulators do not bind directly to DNA but 
regulate gene transcription through different mechanisms [131]. The balance between 
coactivators and corepressors serves to fine-tune the transcription of target genes. However, 
it is still unknown why certain TFs bind to similar DNA sequences but exert different 
functions in vivo, and why certain TFs can bind different DNA sequences [132].  

1.2.5 Role of enhancers in gene expression 
 
Enhancers typically regulate the transcription of genes independently of their orientation and 
at various distances; in fact, enhancers can be found either up- or downstream of genes but 
also within introns. Enhancers do not necessarily act on the respective closest gene but they 
can regulate other genes located more distantly along a chromosome. In addition, individual 
enhancers have been found to regulate multiple genes. On the other hand, it has been shown 
that multiple enhancers may work in concert to confer higher expression of one gene. Indeed, 
the number of highly redundant enhancers close to the TSS increased with the maximal 
expression of TSS, implying that these enhancers are redundant in terms of transcription 
patterns but additive in terms of expression strength [114]. Finally, the enhancer activity can 
be restricted to a particular cell type or tissue, to a specific time point, or to a certain 
physiological, pathological or environmental condition [133]. 

1.2.5.1 Methods for enhancer target prediction 
 
The identification of the enhancer target(s) is not straightforward. The first method uses the 
closest promoter as the target for the enhancer. However, different studies have shown that 
only a small fraction of enhancers recognize the nearest promoter as their target, and one 
enhancer can regulate multiple promoters [121]. 
Another method extracts all the promoters belonging to a certain distance from the enhancer, 
for example 500Kb, as target genes, and then uses the correlation of expression between 
enhancer and promoter to identify the most likely target [124]. However, these methods rely 
on thresholds chosen as cut-off. Current studies on the enhancer-promoter interaction are 
built on chromosome conformation capture (3C) technique and its modified versions such as 
Hi-C and chromatin interaction analysis by paired-end tag sequencing (ChIA-PET) [134]. 
Recent studies have established that each regulatory element, including enhancers and 
promoters, are involved in multiple long-range interactions with many other regions [126]. 
However, it has also been noted that results from those techniques do not always fully agree 
with findings using microscopy. The discrepancies can be technical, derived from a different 
statistical model, or biological, as a result of a dynamic activity of looping formation at 
different temporal windows [135]. A clear understanding of enhancer-promoter interactions 
requires further advances in both experimental and statistical methods. 
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1.2.6 Mutations in coding and non-coding genome 
 
Many diseases are caused by an interaction of multiple genes and variants residing therein 
that may affect disease susceptibility and progression. One way to understand such diseases 
is to categorize the single-bases differences among different subjects, known as single 
nucleotide polymorphisms (SNPs). SNPs are the most common sequence variants, occurring 
roughly every 1000bp in the human genome and can occur in both coding and noncoding 
regions. 
Mutations in coding areas do not always alter the amino acid sequence and do not create 
alternative transcripts, while mutations in noncoding regions modulate the gene expression, 
including changing the levels of gene expression, modifying regulatory pathways and 
producing other changes that can influence the chromatin state [136]. Genome-wide 
association studies, thanks to the advance of the sequencing technologies and the capability 
of SNP arrays to genotyping hundreds of thousands of SNPs simultaneously, allow the 
identification of population specific genotypes with a particular disease. In September 2018, 
the GWAS catalogue contained more than 70,000 unique SNPs and only a small fraction of 
those are present in coding regions [137]. These SNPs usually change the protein sequence 
encoded by the host gene. The remaining SNPs are present in the noncoding region of the 
genome and most of them (~7,000) are located at least 10Kb from the nearest TSS. Thus, 
they might correspond to distal regulatory mutations that influence the cis-regulatory 
mechanism. 80% of the variations in expression are due to SNPs in the noncoding region 
[136]. 

1.3 APPROACHES TO STUDY GENE REGULATION 

1.3.1 Assays for genome-wide chromatin accessibility 
 
Chromatin accessibility approaches measure directly the effect of chromatin structure 
modifications on gene transcription. In addition, chromatin accessibility assays do not require 
antibodies that might introduce potential bias. 

1.3.1.1 DNase-sequencing 
 
Open chromatin has been identified by the hypersensitivity of the genomic sites to nuclease 
treatment with MNase and the endonuclease Deoxyribonuclease I (DNase I), which cuts 
DNA in a desultory manner. Eukaryotic chromosomal DNA is tightly packed into a 
regulatory repeating chain of nucleosomes. These nucleosomes will block DNase I from 
easily nicking the DNA, directing the DNase I cleavage to more accessible nucleosome-free 
regions [138]. 
The combination of DNase I digestion with high-throughput sequencing (DNase-seq), allows 
genome-wide identification of DNase cleavage sites at nucleotide level. Based on this, 
DNase-seq can be used for different purposes, such as the identification of nucleosome 
position [139], the investigation of regulatory quantitative trait loci specific for expression 
variation [140] and the recognition of genomic regions that show rotational nucleosome 
stability [141].   
Currently, two are the most widely used protocols: the ‘end-capture’ protocol [142] and the 
‘double-hit’ protocol [143], which are both successfully applied for DHS detection in the 
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Encyclopedia of DNA Elements (ENCODE) project [104]. The two protocols share most of 
the steps, excluding the library preparation step, leading to different fragment sizes. 
Nowadays, the ‘double-hit’ protocol is preferred, since it results in the generation of longer 
reads and cleaner data [138]. 

1.3.1.2 ATAC-Sequencing 
 
Assay of transposase accessible chromatin sequencing (ATAC-seq) is the most recent 
method to study chromatin accessibility. It is based on the ability of the genetically 
engineered hyperactive Tn5 transposase to fragment DNA leaving a staggered nick of 9 bp, 
which are then ligated with high-throughput sequencing adapters [144]. Subsequently, 
paired-end sequencing is performed in order to facilitate higher unique alignment rates of 
these open regions [145]. The ATAC-seq library preparation protocol does not include 
fragment size selection and, for this reason, it can also identify the positions of nucleosomes 
using fragments representing nucleosome monomers and multi-mers [146]. 

1.3.2 Chromatin Conformation Capture 
 
Besides direct visualisation using imaging tools, 3D genome organisation can be studied 
using pairwise contact frequencies in the genome. C-technologies chemically fix the nucleus 
in order to preserve the 3D chromatin conformation, followed by DNA fragmentation and 
religation. The two fragments should be spatially close enough in order to be ligated, in a 
process called proximity ligation [105, 147]. The frequency of ligation can be assayed with 
different methods, including direct DNA sequencing, in order to assess the spatial proximity 
between pairs of loci [105]. 
Next-generation sequencing techniques can be combined with C-technologies, resulting in a 
large number of tools that map genomic organization with various coverage and resolutions 
[148]. 

1.3.2.1 HiC 
 
HiC is a combination of the earliest version of the C-technology, 3C, and the next-generation 
DNA sequencing, which unbiasedly measures all the possible interactions across the genome 
[105]. The major difference with 3C is the biotin labelling of the DNA ends for the 
subsequent enrichment of proximity ligation products. HiC resolution is dependent on 
sequencing depth. For instance, to achieve 10Kb resolution, would require at least 2 billion 
reads [105]. 

1.3.2.2 Capture HiC 
 
When genome-wide identification of contacting pairs for tens or more of selected loci is 
desired, alternative strategies are needed to enrich all ligation junctions with at least one end 
falling into a preselected pool. Capture HiC combines oligonucleotide capture technology 
(OCT), 3C and high-throughput sequencing and enables to study cis interactions at hundreds 
of selected loci at high resolution in a single assay [149]. The Hi-C library is subject to 
targeted capture through hybridization to DNA oligo pools to enrich proximity ligation 
products corresponding to specific regions. To reveal spatial contacts specific for these 
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selected regions, the DNA is sequenced and subsequently analysed. This technique was used 
to successfully identify chromatin interactions in human and mouse promoters in different 
cell types [149, 150]. 

1.3.3 Gene expression measurements by sequencing methods 

1.3.3.1 RNA-Sequencing 
 
In deep-sequencing technology, an RNA population is converted to a library of cDNA 
fragments with adaptors attached to one or both ends. Each molecule with or without 
amplification is then high-throughput sequenced to obtain a short read from single or pair-
ends. Reads are typically 30-400 bp, depending on the sequencing mode and the technology 
used. One of the advantages of RNA-seq is that it is not limited in detecting only transcripts 
already known, but it can reveal novel transcripts.  
RNA-seq has a very low background signal because DNA sequences can be unambiguously 
mapped to unique regions of the genome. Moreover, RNA-seq does not have an upper limit 
for quantification, which correlates with the number of sequences obtained. Consequently, 
RNA-seq has a large dynamic range of gene expression over which transcripts can be 
detected. Finally, RNA-seq requires a small amount of RNA samples [151, 152]. 

1.3.3.2 Cap Analysis Gene Expression (CAGE) 
 
Cap analysis of gene expression (CAGE) is a 5′ end sequence technology that allows the 
global determination of transcript starting sites (TSS) in the genome and their expression 
levels. The mapping of TSS at nucleotide resolution is a necessary step to fully define RNA 
products and identify adjacent promoter regions that regulate the expression of each 
transcript. Using the cap-trapper method, full-length cDNA is extracted from cells or tissue, 
and the single strand cDNA is biotinylated on the cap structure. After the second cDNA 
strand is synthesized, 20nt or 27nt, depending on the restriction enzyme used, are cut from 
the 5’ end to make the CAGE tag. Subsequently, a linker is attached on the 3’ end of the tag 
sequence to amplify it and then the tags can be directly sequenced [153]. CAGE allows gene 
expression profiling and provides the identification of cell, tissue and condition specific TSS. 
In addition, this technology is able to identify regulatory elements, such as enhancers. 

1.3.4 Transcription Factor binding 

1.3.4.1 ChIP-Sequencing 
 
Chromatin immunoprecipitation followed by sequencing (ChIP-seq) is one of the key 
technologies in the epigenomic studies. Using this method, an antibody for a specific DNA-
binding protein or histone modification can be used to identify enriched loci in the genome 
[154-156]. The ENCODE Consortium has carried out hundreds of ChIP-seq experiments, 
developing a set of working standards [157]. In a basic ChIP experiment, the DNA-binding 
protein is crosslinked to DNA in vivo by treating cells with formaldehyde leading to 
chromatin shearing by sonication into small fragments, usually of 200-600bp. Using a 
specific antibody for the protein of interest, the DNA-protein complex is 
immunoprecipitated. Subsequently, the crosslinking is reversed and the released DNA is 
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assayed in order to determine the sequence bound by the protein of interest [155]. One of the 
advantages of ChIP-seq compared to ChIP-chip is the quality of the data generated, including 
high resolution, less noise and higher genome coverage. The latter has given the opportunity 
to identify and examine a substantial fraction of repetitive regions. In addition, the increased 
specificity and sensitivity for transcription factor binding sites led to the identification of new 
motifs and their targets. Finally, the identification of histone modification enables a better 
understanding of epigenetic mechanisms in different organisms and diseases [155]. 
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2 METHODS 

2.1 PERFORMING CAGE SEQUENCING 

2.1.1 Study design consideration 
 
Study design is paramount in any research field. Starting from the scientific question to test 
the hypothesis, there is a large need to plan and develop a relevant study design, which can 
fit the experimental goals. When we design a CAGE experiment, as well as an RNA-seq one, 
we need to take different aspects into account: 

• Library preparation. 
• Sequencing depth: it refers to the desired number of sequenced reads for a given 

sample. In order to have a more precise quantification of transcripts, the samples need 
to be sequenced deeply. Optimal sequencing depth depends on the aims of the 
experiment and on the complexity of the target transcriptome. 

• Number of replicates: it is one of the key points of the study design and it depends on 
the biological question that we want to address. Technical replicates are usually used 
to check biases in the library preparation. On the other hand, biological replicates are 
often used if an inference on a population has to be done, with three biological 
replicates being the minimum for any inferential analysis. 

2.1.2 Library preparation and sequencing 
 
Typical CAGE libraries are prepared as previously described [158], with an input of 1,000 
ng total RNA. A barcode is assigned to each CAGE library prior to sequencing, libraries are 
prepared in a random order to avoid systematic errors [158], and sequenced using Illumina 
Hi-Seq 2500 or 2000.  

2.1.3 Data processing 
 
Once sequencing is complete, raw sequence data (FASTQ files) must undergo several 
analysis steps. The exact methods vary depending on the experiment but generally include: 

• CAGE reads extraction from raw reads:  the obtained raw reads after base calling 
contain linkers and adapters in addition to CAGE tags. For this reason, there is need 
to remove them prior to mapping on the desired genome. Simple methods, e.g. regular 
expression, or tools, such as fastx_clipper [159] are used.  

• Mapping of CAGE reads: Using mapping programs like Bowtie [160] or BWA [161] 
it is possible to map the CAGE tags on the desired reference genome. These programs 
calculate the mapping quality that can be used to enrich for correct mappings. The 
resulting mapping files are in SAM format and are converted first to BAM files and 
then to BED files using samtools [162].  

• Generating a CAGE tag start site (CTSS): The CTSS is a genomic positions list where 
CAGE tags start alongside the number of reads found (Figure 5). 

• Generating CAGE tag clusters (TCs): In order to aggregate CTSS positions into 
CAGE clusters, programs like paraclu [163] can be used (Figure 5).  
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• Assign expression to clusters: BEDtools [164] is used to intersect the CTSS with the 
boundaries, TCs, defined by paraclu, to obtain raw counts for each cluster (Figure 5).  

• Assign gene annotation to clusters: BEDtools [164] is used to intersect the identified 
clusters with known gene coordinates. 

• Normalizing CAGE expression data: Since raw read counts are affected by factors, 
there is a need to normalise them. Tags per million normalization is the most 
frequently applied method for CAGE data, in which raw tag counts are divided by the 
total number of mapped tags in the library and multiplied by 1 million. 

• Data inspection using genome browser: Processed CAGE CTSS can be uploaded to 
the University of California Santa Cruz (UCSC) Genome Browser [165] or on Zenbu 
[166], for visual inspection. 

 

 

Figure 5: Schematic representation of CAGE TC generation 
 

2.2 ENHANCER PREDICTION 
 
Using CAGE, enhancer activity can be detected through the presence of balanced 
bidirectional capped transcripts, enabling the identification of enhancers [124]. 
Starting from the obtained forward and reverse CTSS (Figure 6: Step 1), we first generate 
CAGE TCs supported by at least two CAGE tags in at least one sample. Non-overlapping 
CAGE TCs are retained (Figure 6: Step 2). 
Subsequently, we identify divergent TC pairs separated by at most 400 bp (Figure 6: Step 3) 
and merge all the pairs containing the same TC (Figure 6: Step 4). 
Midpoint position is then extracted from each bidirectional pair between the rightmost 
reverse strand TC and leftmost forward strand TC (Figure 6: Step 5). Furthermore, each 
bidirectional region is further associated with one (left) 200 bp region for reverse strand 
transcription and one right for forward strand transcription immediately flanking the center 
position, in a divergent manner. The merged bidirectional pairs are further required to be 
bidirectionally transcribed (CAGE tags supporting both windows flanking the center) (Step 
6, Figure 6). 
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Figure 6: Identification of bidirectionally transcribed loci 

 
The expression of each enhancer in each sample is quantified as the normalized sum of the 
strand-specific sums of the CAGE tags in these windows. The normalized expression values 
from both windows are used to calculate a directionality score (D) for each enhancer over the 
aggregated normalized expression values of the reverse strand (R) and the forward strand 
expression values (F) for all samples. 
 

𝐷 =
𝐹 − 𝑅
𝐹 + 𝑅 

 
D ranges between -1 and 1 and specifies the bias in expression of the reverse and forward 
strand, respectively (D=0 means 50% reverse and 50% forward strand expression, while 
abs(D) close to 1 indicates unidirectional transcription). Each bidirectional locus is assigned 
one expression value for each sample by summing the normalized expression of the two 
flanking windows.  
Bidirectional loci are filtered to have low non-promoter directionality scores (abs(D) <0.8) 
and are far from TSSs and exons of protein and noncoding genes. 

2.3 DIFFERENTIAL EXPRESSION ANALYSIS 
 
Differential expression analysis allows for the identification of quantitative changes in gene 
expression between experimental groups. A gene is said to be differentially expressed if a 
difference or change in expression between two experimental conditions is statistically 
significant. Several statistical methods have been developed for the analysis of differential 
gene expression, and statistical distributions are used to approximate the pattern of 
differential gene expression. The Poisson distribution and the negative binomial distribution 
are the most commonly used models. The main advantage of the Poisson distribution is its 
simplicity, and it has only one parameter, but it is subject to the constraint that the variance 
of the model is equal to the mean. However, the Poisson assumption does not account for the 
biological variability of the data [167]. Biological replicates are more variable than technical 
replicates [168]. Ignoring this problem in datasets with biological replicates leads to false 
positive rates because the sampling error is underestimated [169]. The negative binomial 
distribution has two parameters, the mean and the variance, which allows modelling of more 
general mean-variance relationships. The negative binomial distribution, which requires an 
additional dispersion parameter to be estimated, is often used to account for biological 
variability in the data [169]. 
There are different methods for differential expression analysis such as edgeR [170] and 
DESeq2 [171] based on negative binomial distributions. In particular, edgeR implements 
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several statistical methodologies based on the negative binomial distributions, including 
empirical Bayes estimation, exact tests, generalized linear models and quasi-likelihood tests. 
EdegR can be applied to differential signal analysis of different types of genomic data that 
produce read counts, including CAGE, RNA-seq, ATAC-seq and ChIP-seq [170]. 

2.4 BIOLOGICAL INTERPRETATION OF GENE EXPRESSION ANALYSIS 
 
Many methods have been developed to give biological insight and interpreting gene 
expression data. 

2.4.1 Overrepresentation analysis 
 
Over-representation analysis (ORA) or enrichment is a statistical method that determines 
whether genes from pre-defined sets, e.g. genes belonging to a specific pathway, are present 
more than would be expected (over-represented) in a subset of data, e.g. a set of differentially 
expressed genes [172]. One of the main advantages of using ORA is that it does not require 
a particular sample size, since the only input is the set of genes of interest [173]. 

2.4.2 Gene set enrichment analysis 
 
Gene set enrichment analysis uses predefined gene sets that have been grouped based on their 
involvement in the same biological pathway. Enrichment is usually based on these 
differentially expressed genes, and this approach identifies genes where the difference is 
large but does not uncover a situation where the difference is small but is detected in a 
coordinated manner in a set of related genes. 
Gene Set Enrichment Analysis (GSEA) directly addresses this limitation. All genes can be 
used in GSEA and it is possible to detect situations where all genes in a predefined set change 
in a small but coordinated way [174]. Since it is likely that many relevant phenotypic 
differences are manifested by small but consistent changes in a set of genes. In GSEA, genes 
are first ranked. Subsequently, given a predefined set of gene S, e.g. genes belonging to the 
same biological pathway, GSEA determines whether the members of S are randomly 
distributed throughout the ranked gene list (L) or are found at the top or bottom. 
There are three key elements of the GSEA method: 

• Calculation of an Enrichment Score: The enrichment score (ES) indicates the extent 
to which a set S is overrepresented at the top or bottom of the ranking list L, and 
corresponds to a weighted Kolmogorov-Smirnov-like statistic [174, 175]. 

• Estimation of Significance Level of ES: The p-value of ES is calculated using a 
permutation test. Specifically, the gene labels of gene list L are permuted and the ES 
of the gene set is recalculated for the permuted data, resulting in a null distribution 
for the ES. The p-value of the observed ES is then calculated relative to this null 
distribution [174, 175]. 

• Adjustment for Multiple Hypothesis Testing: Adjust for multiple hypothesis testing 
when a large number of gene sets are analysed simultaneously. The enrichment values 
for each set are normalized and a false discovery rate is calculated [174, 175]. 
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2.5 CHROMATIN CONFORMATION CAPTURE DATA PROCESSING AND 
ANALYSIS 

2.5.1 Chromatin conformation capture data alignment and filtering 
 
HiC and PCHiC data processing starts from the FASTQ file of paired-end sequencing. The 
paired-end sequencing reads are aligned independently, since they are expected to map 
independently to unrelated regions on the genome. The alignment tools used are usually 
bowtie [160] or BWA [161]. However, alignment of Hi-C reads can be difficult if the read 
spans the ligation junction and, thus, two parts of the read itself are at different genomic 
positions. These are also referred to as "chimeric reads" and their alignment requires specific 
strategies to try to map different parts of the read, which is expected to yield a higher 
proportion of mappable reads, especially when the reads are longer [176]. Several variants 
of chimeric reads are now implemented in many pipelines, including Juicer [177], HiCUP 
[178] and TADbit [179]. Subsequently, aligned reads are then filtered to remove spurious 
signals due to experimental artefacts. These filtering steps include the removal of reads with 
low alignment quality or PCR artefacts. In addition, filtering of read pairs is based on the 
distance of the aligned reads to the downstream restriction site, which is used to assess 
whether the read pair is compatible with the expected size of the sequenced fragment from 
the ligation product [180-182]. Moreover, read pairs can be filtered if they are mapped on the 
same fragment, due to lack of ligation or self-ligation events, or if their alignment and 
distance in the mapping positions are consistent with an undigested chromatin fragment [180-
182]. 

2.5.2 HiC contact matrix generation and normalization 
 
The mapped read counts are usually summarized at the level of genomic bins, a continuous 
partitioning of the genome in intervals of fixed size. The rationale behind this approach is 
that genomic bins help to achieve a more robust and less noisy signal in the estimation of 
contact frequencies, at the expense of resolution. The mapped read counts are usually 
summarized at the level of genomic bins, a continuous subdivision of the genome into 
intervals of fixed size. Thus, this approach allows for the identification of contact frequency 
with a more robust and less noisy signal [182]. The final step of HiC data processing is the 
normalisation. There are two different strategies to normalise HiC data:  

• Explicit method: it is based on a set of explicitly known biases associated with HiC 
reads or high-throughput experiments. These include fragment length, GC content 
and mappability. Correction factors are calculated for each of the biases considered 
and their combination, and then applied to the read counts per genomic bin [183]. 

• Implicit or matrix-balancing method: it assumes that each genomic locus should have 
an equal interaction signal, which, measured by Hi-C for each genomic locus, should 
give the same total amount. These methods include iterative correction and 
eigenvector decomposition (ICE) normalization [184] and Knight-Ruiz matrix-
balancing approach [185]. 
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2.5.3 TAD callers 
 
Initially, TADs were first identified by visual inspection of the interaction maps and, 
subsequently, different TAD-caller algorithms were designed. However, the definition of 
TADs is still evolving and, for this reason, their computational identification is not 
straightforward. Several methods have been proposed in the last few years. The first method 
to call TAD is based on a one-dimension score. The Directionality Index (DI) calculates the 
degree of upstream and downstream interaction biases for each bin and is segmented with a 
Hidden Markov Model (HMM) to derive TADs [102]. Instead, the insulation score quantifies 
the interactions that run across each genomic bin and allows boundaries to be defined by 
identifying local minima [186]. These methods identify only one level of TADs, but the 
higher resolution available in more recent datasets highlights the existence of a hierarchical 
structure of TADs within other TADs. Many tools now explicitly take this into account with 
multiscale analysis approaches, such as Armatus [187], Arrowhead [106, 177], TADtree 
[188], TADTools [189]. 

2.5.4 PCHiC interaction 
 
After raw data PCHiC mapping and filtering, different methods can be used to annotate 
promoter interacting regions (PIRs). Capture Hi-C Analysis of Genomic Organisation 
(CHiCAGO) is a publicly available pipeline for a robust interaction calling in Capture-C data. 
[190]. CHiCAGO relies on the construction of a data-driven background model consisting of 
a distance-dependent "Brownian" component and a random "technical noise" component. 
PIRs are identified by comparing the number of promoter-ligated reads in each genomic bin 
to the number expected according to the generated model [191]. The final CHiCAGO score 
is assigned to each pair of promoter-genomic bin by reweighting the generated p-values in a 
procedure that specifically takes into account that a greater number of tests are performed in 
promoter-distal genomic regions where an increasingly smaller number of interactions are 
expected. Bins with CHiCAGO scores ≥ 5 are considered PIRs [190]. The Brownian 
component of the background model in CHiCAGO accounts, at least in part, for differences 
in local chromatin packing within the nuclei of different cell types, as well as for potential 
differences in the fixation process. Thus, the detection of PIRs in CHiCAGO is robust to 
variations in the shape of the scaling plot profiles in different experiments [190]. 
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3 RESEARCH AIMS 
 
The overall aim of this thesis is to investigate the role of gene regulation in human 
subcutaneous white adipose tissue in both obese and post-obese subjects compared with non-
obese subjects. 
 
The specific aims are: 
 
Paper I 

• To investigate how gene expression profile in human subcutaneous adipose tissue of 
ISO and IRO individuals responds to insulin stimulations (hyperinsulinemia). 

 
Paper II 

• To identify which pathways are under the regulation of GPS2 during in vitro 
differentiation of human adipocytes. 

 
Paper III 

• To explore how insulin resistance is normalized by weight loss. 
 
Paper IV 

• To identify active enhancers as well as global enhancer-promoter interactions in 
human white adipose tissue. 
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4 RESULTS 

4.1 PAPER I: THE ADIPOSE TRANSCRIPTIONAL RESPONSE TO INSULIN IS 
DETERMINED BY OBESITY, NOT INSULIN SENSITIVITY 

 
Insulin resistance is associated with obesity, but, up to one third of obese individuals exhibit 
a metabolically healthy phenotype with insulin sensitivity comparable to non-obese 
individuals. The mechanism by which insulin regulates gene expression is not fully 
understood. Recent studies conducted in two of the major insulin target tissues, skeletal 
muscle and adipose tissue, highlight that the hormone insulin affects the expression of a large 
number of genes involved in specific signalling pathways that are altered in obesity. We 
examined gene expression in adipose tissue under fasting and hyperinsulinemic conditions 
in 17 non-obese (NO), 30 insulin resistant (IRO), and 21 insulin sensitive (ISO) obese 
individuals using CAGE. 
 
Altered gene expression profiles in all subjects after two hours of insulin stimulation 
In the entire cohort, the 2-hour hyperinsulinemic euglycemic clamp resulted in a pronounced 
change in gene expression. In particular, 786 CAGE tag clusters corresponding to 493 
uniquely annotated genes were altered during the clamp. Moreover, most genes were up-
regulated (641 of 786 tag clusters; 82%) and associated with insulin signalling, e.g. 
PPP1R3B, PPP1R3C, PIK3R, and IRS2. In addition, we validated using qPCR in the NO 
group three of the identified insulin-responsive genes, confirming the results obtained with 
CAGE. 
 
Gene expression profiles of NO, ISO and IRO at fasting as well as at hyperinsulinemic 
states 
There are several ways to examine the differences between the three groups of subjects. If 
we consider not only the three groups but also the insulin responses, the biggest difference is 
between the NO group and the two obese groups. However, when we focus on the actual 
insulin response, the changes between fasting and hyperinsulinemia, we identified a large 
number of genes altered upon hyperinsulinemia in both ISO and IRO, 295 and 246, 
respectively. In contrast, the NO group has only 2 annotated genes that respond to insulin. 
As also confirmed by Principal Component Analysis (PCA), ISO and IRO are similar in both 
fasting and hyperinsulinemic states and differ from the NO group in both states. 
 
Differences in insulin-induced transcriptional response in obese subjects 
The main difference between the lean subject and the two obese subjects appears to be obesity 
per se. To investigate possible differences in insulin-induced transcriptional response 
between ISO and IRO, we performed a multiple regression analysis of insulin responding 
genes in ISO and IRO in relation to individual insulin sensitivity and other possible 
influencing factors. This shows that insulin sensitivity and obesity (M-value and BMI) can 
explain the differences in gene expression upon hyperinsulinemia. Comparing the two obese 
groups at the gene level, 231 genes were identified that are altered upon hyperinsulinemia 
and are involved in metabolic functions, insulin signalling/resistance, MAPK signalling, 
circadian rhythm, and cancer. Interestingly, almost half of the insulin responding genes (108 
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in total), are present in both groups. To gain a further insight into the differences and 
similarities between the two obese groups, a GO analysis was performed in terms of 
biological processes. The common genes belonged to biological pathways related to lipid 
metabolism and cell differentiation. The ISO-specific genes are involved in phosphorylation 
processes, while the IRO-specific genes are related to fat cell differentiation and response to 
cellular endogenous/exogenous stimuli. 

4.2 PAPER II: LOSS OF G PROTEIN PATHWAY SUPPRESSOR 2 IN HUMAN 
ADIPOCYTES TRIGGERS LIPID REMODELING THROUGH 
UPREGULATION OF ATP BINDING CASSETTE SUBFAMILY G MEMBER 1 

 
Obesity is a pathological condition characterized by the accumulation of fat and the 
expansion of adipose deposits in response to high caloric intake. Adipose tissue plasticity 
plays a critical role in metabolic homeostasis and in the ability of adipocytes to properly store 
lipids, thereby protecting other tissues such as muscle and liver from lipotoxicity. 
Adipogenesis is the process by which fibroblastic progenitor cells confine their fate to the 
adipogenic lineage, accumulate nutrients, and become mature adipocytes filled with 
triglycerides. Moreover, adipogenesis is a tightly regulated process that plays a critical role 
in adipose tissue remodelling. Thus, deregulation of adipogenesis in response to overeating 
may lead to the development of obesity. Several studies have elucidated the role of TFs in 
adipogenesis. However, little is known about the role of coregulators in the transduction of 
regulatory signals in epigenome changes and transcriptional responses. In this study, we 
combined transcriptome (RNA-seq), epigenome (ChIP-seq), cistrome and lipidome 
techniques to investigate the role of the coregulator GPS2 in human adipocyte differentiation. 
 
Preadipocyte depletion of GPS2 increases transcription of adipocyte commitment genes 
To investigate the role of GPS2 in human adipogenesis, we used a human multipotent 
adipose-derived stem cell (hMADS) model. We depleted GPS2 in hMADS preadipocytes 
using RNA interference and followed the effects of the depletion through the entire 
differentiation into mature adipocytes. Interestingly, depletion of GPS2 did not affect mRNA 
levels of other subunits of the corepressor complex. We first examined the effects of GPS2 
depletion in preadipocytes. Transcriptome analysis revealed that loss of GPS2 increased 
transcription of genes involved in BMP signalling and inflammatory responses, such as 
BMP4. Of note, transcriptome changes correlated positively with epigenome changes, with 
H3K27ac levels being higher in upregulated shGPS2 genes and lower in downregulated 
shGPS2 genes. In addition, chromatin occupancy analysis of GPS2 revealed an enrichment 
of DNA-binding sites for AP-1 and members of the C/EBPs family, two transcription factor 
families involved in the regulation of adipocyte differentiation and inflammation that may be 
repressed by GPS2 in human preadipocytes. 
 
Depletion of GPS2 increases the expression of genes involved in lipid metabolism 
To further explore the changes caused by GPS2 depletion in fully differentiated adipocytes, 
the transcriptome, epigenome, and cistrome of lipid-filled adipocytes were examined. At the 
transcriptome level, depletion of GPS2 leads to increased expression of adipocyte marker 
genes, including PPARG, CEBPA, and FABP4. In addition, genes upregulated in shGPS2 
showed enrichment for several metabolic processes, such as fatty acid and steroid metabolic 
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processes. As previously highlighted, the epigenome changes after depletion of GPS2 
correlate positively with the transcriptome changes. In addition, chromatin occupancy by 
cistrome analysis revealed enrichment for several binding sites, including C/EBPɑ, PPARɣ, 
and TWIST1, suggesting that these transcription factors are potential targets of GPS2 in 
differentiated adipocytes. 
 
GPS2 depletion leads adipocytes hypertrophy and changes in phospholipid 
accumulation 
To investigate how GPS2 depletion affects the phenotype of mature adipocytes, we stained 
neutral lipids with Oil Red O and BODIPY. Of interest, GPS2 depletion increased 
triglyceride accumulation, adipocyte size, lipid droplet content per cell and percentage of 
differentiated cells. We then examined the composition of the lipidome and found that loss 
of GPS2 led to a depletion of sphingomyelin and enrichment of phosphatidylcholine (PC) 
and phosphatidylethanolamine (PE), which are important lipids for membrane remodelling. 
The phospholipid phenotype was also confirmed by transcriptome analysis. We found that 
depletion of GPS2 increased the expression of genes encoding enzymes involved in the 
synthesis of PC and PE, whereas it decreased the expression of genes encoding enzymes 
involved in the synthesis of sphingolipids. 
 
GPS2 regulates ABCG1 and modulates LPL activity 
Recent studies have shown that sphingomyelin depletion is modulated by the ATP-binding 
cassette transporter (ABCG1) and that it plays a critical role in lipid homeostasis. Therefore, 
we investigated how depletion of GPS2 affects the expression and activity of ABCG1 in 
hMADS cells. RNA-seq analysis revealed that ABCG1 is one of the most upregulated genes 
in GPS2-depleted adipocytes, which was also confirmed by increased levels of H3K27ac at 
the ABCG1 promoter and enhancer regions. Moreover, these altered regulatory regions were 
co-occupied by GPS2, C/EBPɑ and PPARɣ. Interestingly, we found that the enhanced 
expression of ABCG1 was not only observed upon depletion of GPS2 in preadipocytes, but 
also upon depletion of GPS2 in mature adipocytes. To further explore the mechanism by 
which depletion of GPS2 increases triglyceride accumulation, we examined the effect of 
GPS2 depletion on LPL at the transcriptomic and epigenomic levels. We found increased 
LPL mRNA in depleted GPS2 cells and increased H3K27ac levels of H3K27ac of the LPL 
locus, and these altered regulatory regions were co-occupied by GPS2, C/EBPa, and PPARg. 
In addition, we observed increased intracellular and extracellular LPL activity after removal 
of GPS2. 
 
GPS2 correlates with type 2 diabetes and ABCG1 
To determine the clinical relevance of our in vitro findings to human disease, we examined 
the transcriptome of omental adipose tissue from 14 obese patients with and without type 2 
diabetes. We observed a marked difference in gene expression patterns between the two 
groups. As previously reported, we found lower mRNA levels of GPS2 in obese diabetics 
compared to non-diabetics. We then compared the transcriptomes of diabetic and non-
diabetic patients and found that more than 3,500 genes were significantly regulated by the 
presence of diabetes in the obese patients. Thus, we compared the up-regulated genes in 
diabetic and non-diabetic patients and the up-regulated genes in shGPS2 and shGFP hMADS 
cells. We identified 165 common genes belonging to inflammatory pathways and lipid 
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synthesis and metabolism. We also found that the most up-regulated genes were increased in 
GPS2-depleted adipocytes in diabetic patients, e.g. ABCG1. Moreover, ABCG1 expression 
inversely correlated with GPS2 expression, independent of diabetic status. Thus, we conclude 
that the expression and function of GPS2 correlates with obese diabetic status and that GPS2 
may regulate the expression of metabolic genes, including ABCG1, involved in triglyceride 
storage and lipid remodelling in human adipocytes. 

4.3 PAPER III: HUMAN WHITE ADIPOSE TISSUE DISPLAYS SELECTIVE 
INSULIN RESISTANCE IN THE OBESE STATE 

 
The prevalence of overweight and obesity is increasing worldwide, along with associated 
cardiometabolic complications such as insulin resistance, T2D, and atherosclerotic vascular 
disease. Although this is largely dependent on the influence of various factors, it is now 
known that decreased insulin sensitivity in adipocytes is an early event in the development 
of insulin resistance. Interventions to reduce weight through caloric restriction or gastric 
bypass surgery have been shown to improve insulin sensitivity and reduce the risk of 
developing T2D. However, it remains unclear whether the level of insulin sensitivity in post-
obese individuals is restored in line with phenotypically healthy individuals. We determined 
the transcriptional response to insulin in vivo in 23 non-obese (NO) and 23 obese women 
before (OB) and two years after weight-loss with bariatric surgery (POB). 
 
Distinct transcriptional responses induced by insulin in OB and Non-obese states 
To determine whether insulin responses were restored in POB subjects, we performed CAGE 
on 138 biopsies of OB, POB, and NO in both fasting and hyperinsulinemic states. We then 
compared insulin responses at the transcriptional level in each group independently. We 
observed a significant insulin response in the three groups, which was reflected in 274 genes 
that changed in hyperinsulinemia. The three groups differed significantly in the number of 
insulin responding genes, but the vast majority were upregulated. Principal component 
analysis of insulin responding transcripts showed a general similarity between NO and POB 
and a marked difference from the group OB. To understand the extent to which insulin 
responses are controlled by the same or different genes, we identified three main groups of 
genes:  
a) a common core group of 57 genes that were regulated in all three groups. These genes 
showed a distinct insulin response and included insulin target genes, e.g. PNPLA3, LDLR.  
b) obesity-attenuated group (78 genes), which were present in NO and POB and absent in 
OB. These genes represent the attenuated insulin response in the obese insulin resistant 
individuals but normalized in the post- obese insulin sensitive individuals. 
c) 102 POB-enriched genes altered only upon hyperinsulinemia in the POB group. This group 
of genes showed an overall lower insulin response compared to the common and obesity-
attenuated genes. 
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Insulin selectively control distinct transcriptional regulators and pathways, which are 
present or lost in OB 
To classify the observed gene responses into pathways and determine their putative upstream 
regulators, we identified overrepresented gene sets and transcription factor (TF)-binding 
motifs based on insulin-responsive tag clusters. From these, we identified:  
a) common activities, e.g. PPARɣ, LXRs and SREBP, associated with pathways related to 
lipid and cholesterol biosynthesis. The most important feature of the common class is the 
ability of insulin to induce the expression of genes involved in fatty acid biosynthesis, 
cholesterol and cholesterol transport. The vast majority of altered genes are known targets of 
SREBPs, PPARɣ and LXRs. 
b) obesity-attenuated factors, e.g. androgen receptor and CEBPɑ, associated with kinase 
activity and angiogenesis, TGFβ signalling pathways, and ribosomal protein subunits. For 
the latter pathway, we identified 63 genes encoding small and large ribonucleoproteins 
(RNPs), which encode the structural subunits of ribosomes. We additionally performed a 
separate TFBS analysis of these genes and identified TFs belonging to the ETS family that 
have been shown to regulate RNP expression. 
c) POB-enriched activities, e.g. EBF1, associated with pathways involved in chromatin 
remodelling and one carbon metabolism. We identified several genes encoding enzymes 
involved in various reactions of one carbon metabolism, and two of the enriched TFs, EBF1 
and ESR1, have been shown to regulate one carbon metabolism. 

4.4 PAPER IV: ENHANCERS FACILITATE ACUTE INSULIN RESPONSE IN 
HUMAN WHITE ADIPOSE TISSUE 

 
We have previously demonstrated an impaired transcriptomic insulin response in WAT in 
obese insulin resistant subjects and identified a set of genes that displayed an insulin response 
only after weight loss. However, little is known about the role of regulatory elements in 
insulin response, such as enhancers, and whether they are associated with single nucleotide 
polymorphisms (SNPs). To identify active enhancers in human white adipose tissue, we used 
our previously published CAGE sequencing data. In addition, we performed chromatin 
conformational sequencing (HiC) and promoter capture HiC (PCHiC) in a non-obese and an 
obese individual to identify physical interactions with enhancers. 
 
Enhancer identification in white adipose tissue 
To explore the insulin-induced regulatory landscape, we identified a comprehensive set of 
21,632 enhancers using CAGE. Of these, 8,460 were strongly expressed in human white 
adipose tissue (robust enhancers). Both sets of enhancers exhibit overall conservation 
compared to random non-genic regions. In addition, 60% of robust enhancers are confirmed 
by at least one histone mark related to enhancers, and 30% are located in an open chromatin 
region. 
 
Enhancers regulate genes and their role in insulin response 
To investigate how enhancers can associate with their gene promoter over long genomic 
distances, we collected subcutaneous adipose tissue at fasting state from one NO and one OB 
individual. We performed chromatin conformation capture sequencing (HiC), which enabled 
the identification of more than 9,000 TADs. In addition, we performed PCHiC and identified 
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approximately 240,000 cis-interactions per condition. 52% of the identified interactions fell 
within a TAD region. We also identified specific chromatin contacts between enhancers and 
target genes (6,926 NO and 8,641 OB). 
In our previous study, we identified promoters that were altered upon hyperinsulinemia in 
three groups (OB, POB and NO). Based on the results obtained, we identified 49 and 15 
promoters in NO and OB, respectively, that had at least one significant interaction with a 
CAGE enhancer. 
 
Insulin-responding genes regulated by one or more enhancers 
To explore the role of regulatory elements in the insulin response, we examined the 
interactions of known genes that respond to insulin. AACS is an enzyme involved in lipid 
synthesis in adipocytes and is particularly abundant in white adipose tissue. We previously 
found that the AACS promoter responds to insulin in all three groups (OB, POB and NO) 
and interacts significantly with two different robust enhancers in NO and OB. Moreover, the 
expression of the promoter correlates positively with the expression of the identified 
enhancers, supporting the idea that AACS expression may be regulated by different 
enhancers in adipose tissue. 
The LDL receptor is an example of a promoter regulated by multiple enhancers. LDLR is an 
essential component of cholesterol biosynthesis and its promoter shows significant 
interaction with 3 enhancers at NO and with 2 enhancers at OB. 
BHLHE41 is a gene involved in circadian rhythm, the central clock machinery, which in turn 
also affects insulin sensitivity. BHLHE41 shows a significant interaction with a downstream 
enhancer. Interestingly, the expression of the identified enhancer correlates positively with 
BHLHE41 expression in lean subjects. 
PDK4 is involved in the insulin signalling cascade that maintains normal blood glucose 
levels. We previously showed that the PDK4 promoter responds to insulin in all three groups, 
and we found a significant interaction with a particular enhancer in both NO and OB. The 
latter has three annotated SNPs, two of which are associated with obesity and one with 
myocardial infarction. The expression of the identified enhancer correlates positively with 
the PDK4 promoter only in the NO individuals. 
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5 DISCUSSION AND PERSPECTIVES 

5.1 HOW THE COHORT SELECTION CAN INFLUENCE GENE EXPRESSION 
STUDIES 

 
After formulating the research question, we want to answer, a crucial step in any study is to 
select an appropriate cohort of patients for the analysis. It is important to invest considerable 
time in cohort selection to avoid potential bias or missing data upfront that may lead to 
inconsistent analysis.  
The first step is to find out which patients should be included in the study and whether there 
are some confounding factors that may affect the downstream analysis, e.g. menopause. 
Selecting patients in a permissive way may result in a large cohort with more biological 
variance but at the expense of the accuracy of the results. On the other hand, overly specific 
characterization of patients may allow for a more accurate study, but at the expense of cohort 
size and generalizability of study results. For this reason, deciding which criteria to use for 
patient selection could help to accurately define the final cohort of the study. 
In addition to identifying the patients to be included in the study, another important and 
difficult step is to enrol a control group of subjects. Ideally, this group should be 
phenotypically similar to the patient group but should not have the disease of interest (e.g., 
lean individuals). In general, the control group should be the same size as the case group in 
order to maximize the power of the study. In addition, it may be of interest to select some 
key factors that are consistent between the two groups in the study (e.g., POB and NO, 
matched for BMI and age) to control for the effect of a particular treatment (e.g., weight-
loss). 
Cohort selection is a very important task involving both clinical considerations and data-
driven considerations. Close collaboration between clinicians and data scientists is an 
essential component of cohort selection and subsequent study outcome. 

5.2 DIFFERENCES IN INSULIN RESPONSE BETWEEN SWAT AND VISCERAL 
ADIPOSE TISSUE 

 
Visceral adipose tissue is considered one of the major contributors of metabolic risk. 
However, only a small proportion of the total body fat is located in the abdominal cavity, 
challenging the notion that visceral adipose tissue is a sole determinant of peripheral insulin 
sensitivity [192]. 
Although a comparison between sWAT and VAT would provide important insights into 
differences in insulin response, it is difficult to obtain biopsies of visceral fat during clamp 
for ethical reasons. Moreover, studies on visceral fact will require intraoperative fat biopsies 
during a general anesthesia, directly altering the insulin response.  

5.3 INSULIN RESPONSE DIFFERS BETWEEN SWAT AND OTHER TISSUES 
 
The effect of insulin can vary according to the physiological function of the tissues and 
organs. The most important tissues defined as insulin dependent are skeletal muscle and 
adipose tissue. However, gene expression response during fasting and hyperinsulinemia may 
differ between these two tissues. 
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An important finding could be to obtain biopsies of sWAT and skeletal muscle from the same 
subjects during fasting and after two hours of hyperinsulinemia. The results could help 
identify a pool of genes that are coordinately altered in both tissues, which would allow a 
better understanding of the role of the insulin response in gene expression. 

5.4 INFLUENCE OF GENDER IN SWAT INSULIN RESPONSE 
 
Differences have been demonstrated between women and men in the prevalence of obesity, 
fat deposition, genetic determination of metabolic-related genes, and health consequences of 
obesity.  
Body fat is distributed differently in men and women. Men have a higher percentage of 
visceral adipose tissue, while women have more peripheral subcutaneous fat. This in turn 
could lead to a greater decrease in insulin response in men than in women. 
In study I, we recruited only nine male subjects, and we did not detect a significant difference 
in insulin response after excluding them from our analysis. To avoid gender-bias results, we 
focused only on the insulin response of females in studies III and IV. However, a more 
gender-balanced cohort might help to highlight the differences in insulin response in 
hyperinsulinemia between men and women before and after weight-loss. 

5.5 INSULIN TRANSCRIPTIONAL RESPONSE INFLUENCED BY DIFFERENT 
WEIGHT-LOSS STRATEGIES 

 
Bariatric surgery is associated with a decrease of obesity-related comorbidities compared 
with nonsurgical weight loss strategies. Notably, insulin levels normalise after only a few 
days following bariatric surgery. This effect could be due to several factors, such as a change 
in dietary habits away from high-calorie foods that would promote lower energy intake. On 
the other hand, a low-calorie diet leads to a decrease of insulin resistance, but it takes longer 
for the effects on insulin response to become apparent.  
Considering the final outcome of both strategies, i.e., weight loss and restoration of insulin 
response, there are no clear differences in transcriptional insulin response in 
hyperinsulinemia. A gene expression comparison between these two types of weight loss 
interventions would help to understand the long-term effects of different weight loss 
strategies on the insulin response. 

5.6 SHORT TIME OF HYPERINSULINEMIC EUGLYCEMIC CLAMP 
 
Different methods have been used to measure the insulin response in different tissues and 
hyperinsulinemic euglycemic clamp is a gold standard method. Different periods of 
hyperinsulinemia have been used in different studies. However, in our studies, in order to 
measure the direct effect of insulin on the transcription, we chose a 2h clamp, since longer 
duration could lead to secondary effects on gene expression. Moreover, since the insulin 
response was considered in a time frame of up to two hours, we assumed that any changes in 
gene regulation and chromatin rearrangements might take longer than that. 
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5.7 CHROMATIN ORGANIZATION IN SWAT  
 
Understanding the mechanisms underlying chromosome folding in cell nuclei is essential for 
determining genome structure and associated functions. Techniques for detecting 
chromosome conformation have revealed genome organization in many species and in 
various cell types and tissues.  
Human diseases can lead to changes in genome architecture, which, in turn, can alter gene 
expression. The ability to study genome architecture in conjunction with gene expression 
may provide insights into gene regulation of a particular tissue and/or disease. 
Gene regulation in sWAT is nowadays extensively studied, but little is known about 
chromosome folding. In addition, differences in genome organization are known in obese 
compared to lean individuals.  
To our knowledge, our study on the role of gene regulation in human sWAT is the first to 
use two global HiC datasets and two capture HiC datasets enriched with gene promoters 
(PCHiC). This led to novel insights into the role of enhancers in the regulation of insulin-
responding genes. The generation of additional chromosome conformation data from sWAT 
could contribute to the understanding of 3D chromatin organization in relation to changes in 
gene expression as well as reprogramming of enhancer activity in obesity. 
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6 CONCLUSIONS 
 
The studies included in this thesis focus on the role of gene regulation in human subcutaneous 
adipose tissue with particular emphasis on obesity. We used various sequencing methods as 
well as in vitro models to investigate how gene regulatory events may influence obesity and 
how they are restored after weight loss. Below we summarise the major findings from each 
paper: 
 
Paper I 
 

• We determined human subcutaneous adipose tissue gene expression in non-obese and 
in insulin-sensitive and insulin-resistant obese subjects. 

• We assessed that 2-hour acute induced hyperinsulinemia leads to a direct significant 
transcriptional response, avoiding a secondary effect on gene transcription. 

• The transcriptional response in obese subjects differs from non-obese subjects and 
does not depend on insulin sensitivity. 

• Insulin sensitive and insulin resistant obese exhibit a small and quantitative difference 
in gene expression, supporting the conclusion that ISO and IRO display a strong 
similarity at least at short-term insulin response. 

 
In summary, insulin sensitive obese individuals have similar sWAT gene expression in 
response to insulin as insulin resistant obese individuals. Comparing the obese subjects with 
the subjects from NO group, it can be concluded that the main difference in the short-term 
insulin response is obesity per se. In addition, there is a small difference between the two 
obese groups in the insulin-induced transcriptional response that is related to specific 
biological pathways such as phosphorylation processes, cellular stimuli, and fat cell 
differentiation. 
 
Paper II 
 

• GPS2 depletion in hMADS cells leads to cellular reprogramming processes related to 
adipocyte differentiation. 

• Loss of GPS2 increases the expression of several genes, including BMP4, an 
important trigger for adipogenic commitment. In addition, the depletion of GPS2 
leads to the upregulation of the expression of ABCG1 and LPL in mature adipocytes 
which, in turn, contribute to adipocyte hypertrophy and lipidome remodelling. 

• We found that, in omental adipose tissue of obese subjects, GPS2 and ABCG1 levels 
inversely correlate with T2D. 

 
In summary, we have identified a previously unknown role of the corepressor complex 
subunit GPS2 in the regulation of signalling pathways controlling human adipocyte 
differentiation and hypertrophy. Specifically, in the early stages of differentiation, depletion 
of GPS2 leads to commitment of fibroblast-like progenitor cells to the adipogenic lineage. In 
the late stages of adipocyte differentiation, loss of GPS2 leads to adipocyte hypertrophy and 
lipidome remodelling. 
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Paper III 
 

• We determined human subcutaneous adipose tissue transcriptional response in 23 
women with obesity and two years after bariatric surgery as well as in 23 non-obese 
subjects. 

• We classified the effect to insulin into three expression responses: a common set of 
genes, present in the three conditions, encoding for lipid and cholesterol biosynthesis 
enzymes; an obesity-attenuated set of genes, which are linked to tissue remodelling 
and were only altered upon hyperinsulinemia in the two non-obese states and post 
obese-enriched genes encoding for proteins involved in one carbon metabolism. 

 
In summary, our results suggest that the insulin-induced transcriptional response in humans 
WAT is selective and can be divided into at least three distinct patterns in obese subjects 
before and after two years of weight loss and in non-obese subjects.  
 
Paper IV 
 

• Using CAGE, we identified 21,632 bidirectional active enhancers in human 
subcutaneous adipose tissue. The identified enhancers are overall confirmed by at 
least one of the two histone marks related to enhancers and are in an open chromatin 
region. 

• We identify a small set of enhancers presenting at least one SNP in their region 
associated with T2D, HDL cholesterol and BMI. 

• We performed global chromatin gene expression in one NO and one OB allowing the 
identification of more than 9,000 TADs. 

• We additionally performed promoter capture HiC (PCHiC) from our previously 
identified promoter regions. In this way, we identified approximately 240,000 cis-
interactions, 52% of which were involving one of the previously identified enhancers. 

• We examined enhancers that may be involved in interaction with insulin responding 
genes and their promoters. Among these, AACS, LDLR and BHLHE1 show different 
enhancers regulating their promoters. Interestingly, PDK4 is thought to be regulated 
by an enhancer that has three SNPs in its region. 

 
In summary, we identified enhancers from 138 human subcutaneous adipose tissue samples 
and this dataset comprises the most comprehensive expression and eRNA profiling of human 
fat tissue to date. Moreover, we applied HiC and PCHiC to fat tissue samples to identify 
genomic regions in close proximity as well as specific interactions with gene promoters. The 
two HiC and PCHiC generated datasets are the first chromatin capture from human adipose 
tissue.
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