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Keep Ithaka always in your mind.
Arriving there is what you’re destined for.

But don’t hurry the journey at all.
Better if it lasts for years,

so you’re old by the time you reach the island,
wealthy with all you’ve gained on the way,

not expecting Ithaka to make you rich.

Ithaka gave you the marvelous journey.
Without her you wouldn’t have set out.

She has nothing left to give you now.

And if you find her poor, Ithaka won’t have fooled you.
Wise as you will have become, so full of experience,

you’ll have understood by then what these Ithakas mean.

“Ithaka” C. P. Cavafy, “The City” from C.P. Cavafy: Collected Poems. Translated by Edmund Keeley 
and Philip Sherrard. Translation Copyright © 1975, 1992 by Edmund Keeley and Philip Sherrard. 

Reproduced with permission of Princeton University Press.
Source: C.P. Cavafy: Collected Poems (Princeton University Press, 1975)

As you set out for Ithaka
hope your road is a long one,

full of adventure, full of discovery.
Laistrygonians, Cyclops,

angry Poseidon—don’t be afraid of them:
you’ll never find things like that on your way

as long as you keep your thoughts raised high,
as long as a rare excitement

stirs your spirit and your body.
Laistrygonians, Cyclops,

wild Poseidon—you won’t encounter them
unless you bring them along inside your soul,
unless your soul sets them up in front of you.

Hope your road is a long one.

May there be many summer mornings when,
with what pleasure, what joy,

you enter harbors you’re seeing for the first time;
may you stop at Phoenician trading stations

to buy fine things,
mother of pearl and coral, amber and ebony,

sensual perfume of every kind—
as many sensual perfumes as you can;

and may you visit many Egyptian cities
to learn and go on learning from their scholars.
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1
General introduction



and cardiometabolic diseases, we need to improve our understanding of the underlying 
mechanisms associated with obesity to IR. This way, we will improve our knowledge of 
the IR and T2DM pathogenesis, propose novel targets for precision-based strategies and 
determine whether these strategies are effective in the long-term in the prevention or 
treatment of obesity-associated health risks.

Insulin and insulin resistance
Insulin was the first peptide hormone to be discovered by Sir Frederick Banting, Charles 
Best and John Macleod at the University of Toronto in 1921 and James Collip subsequently 
purified it. Insulin is produced by the beta cells of the pancreatic islets and regulates the 
metabolism of carbohydrates, fats and protein by promoting the absorption of glucose 
from the circulation into metabolic organs such as adipose tissue, skeletal muscle, and 
liver. 

Insulin is activated in response to increased glucose levels (e.g. when food is consumed), 
but it may be increased or decreased in response to other stimuli, such as circulating free 
fatty acids (FFA),  amino acids or hormones (e.g. incretins and leptin) (20). Insulin plays 
an important role in nutrient partitioning within the body and the regulation of energy 
homeostasis (21). Beta cells respond to the increase in blood glucose levels by secreting 
insulin into the circulation. Blood glucose reduces, while insulin increases by increasing 
glucose uptake in peripheral tissues (e.g. skeletal muscle, subcutaneous adipose tissue) 
and suppressing the endogenous glucose production (EGP). Insulin promotes glucose 
uptake into the skeletal muscle (80-90%) while the liver greatly contributes to EGP (22). 
Finally, insulin promotes glucose uptake into the adipose tissue (10-20%) (22) and efficiently 
represses adipose tissue lipolysis (23). 

However sometimes, cells are resistant to the effects of insulin on glucose uptake, 
metabolism or storage, a pathological condition called IR. Whole-body IR is indicative 
of impaired tissue (e.g. adipose tissue, skeletal muscle, liver) insulin action. Insulin 
sensitivity therefore describes how sensitive the body is to the effects of insulin. In the 
course of everyday life, fluctuations in insulin sensitivity can occur and in fact, IR has been 
observed in certain life periods, such as puberty, pregnancy and aging (24). On the other 
hand, lifestyle factors (e.g. increased or decreased physical activity, eating habits) greatly 
modulate insulin sensitivity (24). 

IR plays an important role in hyperglycemia, dyslipidemia, and ectopic fat (lipid) 
accumulation, which together greatly contribute to type 2 diabetes (25, 26). In addition, 
IR may develop in different organs at a different rate or degree, resulting in substantial 
diversity in cardiometabolic risk among obese individuals. There is evidence reporting 
distinct metabolome (27) and lipidome (28) profiles associated with liver and muscle IR. 

Obesity epidemic and insulin resistance

The World Health Organization (WHO) defines obesity and overweight as abnormal or 
excessive fat accumulation, an energy imbalance, driven by increased intake of energy-
dense foods and decreased physical activity. Worldwide obesity (body mass index (BMI) 
≥ 30 kg/m2), has nearly tripled since 1975 and is expected to affect 1.12 billion persons by 
2030, while overweight (BMI  ≥ 25 kg/m2) is expected to reach 2.16 billion (1). Obesity is 
characterised as a major global health and socio-economic problem that has grown to 
epidemic proportions (2). The underlying causes of obesity are complicated, including 
genetic, biological, social and cultural reasons (3). Several scientists consider the epidemic 
phenomenon of obesity a result of social globalisation where overnutrition and the 
reduced physical activity is associated with the industrialisation of societies (4). 

Obesity and overweight have a great impact on health and well-being. Both obesity and 
overweight present several risks to health, as they are associated with insulin resistance 
(IR), which is a risk factor for the development of type 2 diabetes mellitus (T2DM) (5). 
Furthermore, IR is associated with metabolic and cardiovascular disorders, which may 
be independent risk factors for cardiovascular disease (CVD) (6). On top of that, obesity 
can greatly affect mental health, as obese persons commonly face social stigma (7). Taking 
all of these into consideration, obesity is officially recognised as a disease (8) and there 
is a significant amount of effort from the scientific community to find novel ways in 
combatting the obesity epidemic. On that note, there are several ways to address obesity, 
from nutritional interventions to surgery (9). 

Nutritional interventions, including personalised advice based on conventional 
recommendations for a healthy diet and physical activity that are aiming at weight loss, 
are effective short-term. Several studies have shown that weight loss (even a moderate 
one) reduces the incidence of T2DM and improves cardiometabolic risk profile (10-13). 
Unfortunately, maintaining that weight (and therefore not regaining it) can be extremely 
difficult, as several individuals do not respond or adhere to the nutritional interventions 
(14, 15). 

Thus, current interventions and therapies that are aiming to reverse obesity and related 
cardiometabolic complications are not effective for the majority of the overweight 
and obese individuals, which emphasises the need for more targeted strategies. In the 
prevention of obesity-related health risks, besides adipose tissue mass, adipose tissue 
function and distribution of body fat must be taken into account, as they are among the 
most important contributing factors determining the individual risk to develop obesity-
associated cardiometabolic diseases, IR and T2DM (16-19). It is therefore apparent, that 
in order to define more targeted prevention and treatment for patients with IR, T2DM 
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regulating processes such as insulin sensitivity and inflammation. In humans, the adipose 
tissue is located under the skin (SAT), around internal organs (visceral adipose tissue; VAT) 
and other areas (e.g. bone marrow, breast, intermuscular). 

During obesity, the SAT expands in response to an excessive caloric intake. SAT expansion 
occurs either via an increase in adipocyte numbers (hyperplasia) or via enlargement of 
the adipocyte size (hypertrophy). Hyperplasia usually associates with healthy adipose 
tissue expansion (adipogenesis), whereas hypertrophy usually associates with unhealthy 
adipose tissue expansion (16, 18). In fact, during an unhealthy expansion and impaired 
adipogenesis, the adipose tissue might become dysfunctional, resulting in inability to 
store the energy surplus. When the capacity of the SAT is reached, adipose tissue lipolysis 
is impaired (23), and adipose tissue IR results in increased circulating FFAs (38). This 
caloric overload results to ectopic fat deposition (e.g. in liver, skeletal muscle) and IR 
(lipotoxicity) (38). 

The skeletal muscle is an insulin-sensitive tissue, comprising a large percentage of the body 
mass (40%-50%). It is responsible for 30% of resting oxygen consumption and 80% of total 
body glucose uptake (39, 40). Skeletal muscle IR frequently describes the impaired insulin 
regulation of glucose homeostasis, which might contribute to the development of other 
metabolic abnormalities (22). Besides the increased lipid supply from the adipose tissue 
and liver, mitochondrial dysfunction might also lead to increased lipid accumulation 
(41). Furthermore, the liver is very important for energy storage and has a central role in 
glucose and lipid metabolism. During obesity, the excess of FFAs and inflammatory factors 
that is released from adipose tissue into the circulation, promotes ectopic fat in the liver 
(also known as “portal hypothesis”), which is associated with hepatic IR (42). 

Recently, Song et al. reported that there are adults discordant for measures of adipose 
tissue IR and whole-body IR, which in fact have unique metabolic features (29). Finally, 
there is growing evidence that shows that different tissues respond differently to 
nutritional and pharmacological interventions that aim to increase insulin sensitivity. 
For instance, in individuals with liver insulin, metformin and a low-fat, high complex 
carbohydrate diet might be a more effective treatment, whereas in individuals with muscle 
IR a Mediterranean or Palaeolithic diet may enhance muscle insulin sensitivity (30-32). 
Therefore, it is important to recognise the tissue-specific effects (and defects) of insulin, 
as this knowledge might enhance developments towards more precision-based strategies.

Obesity, insulin resistance and adipose tissue dysfunction
Besides increased adipose tissue mass, adipose tissue dysfunction and ectopic lipotoxicity 
greatly contribute to obesity-associated IR (16-18), which are characterised by reduced 
capacity of subcutaneous adipose tissue (SAT) to store the excess fat, ectopic fat deposition 
and adipocyte hypertrophy, and increased low-grade inflammation (16-18).  

In fact, low-grade inflammation is considered one of the hallmarks in the development 
of many metabolic disturbances in obesity (18), which is characterised by production and 
secretion of pro-inflammatory factors (e.g. cytokines, chemokines) by adipocytes and other 
immune cells (33). On that note, research performed by Xu et al. (34) and Weisberg et al. (35) 
showed that obesity and obesity-induced IR was associated with significant increase in the 
numbers of macrophages in adipose tissue, combined with changes in their location and 
inflammatory phenotype (36). In obese persons, monocytes infiltrate the adipose tissue 
and become adipose tissue macrophages. They surround dead adipocytes forming crown-
like structures, secreting pro-inflammatory cytokines, and affect adipocytes and other 
immune cells, thereby increasing local and systemic inflammation and promoting IR (37). 

It is apparent that the pathophysiology of IR is very complex, implicating many cellular 
mechanisms and there is no unifying mechanism linking IR to the associated metabolic 
defects. Research performed in the last decades has increased the understanding of how 
tissues communicate by secreting factors (e.g. proteins, lipids, metabolites, non-coding 
RNAs) and influencing the local functions of a tissue but also the biological processes 
in other tissues via the systemic circulation. Hence, gaining more knowledge into the 
interorgan crosstalk between adipose tissue, liver and skeletal muscle, is important for 
the regulation of whole-body energy homeostasis. Additionally, it could help to elucidate 
the complex systems contributing to obesity and IR. 

Ectopic fat deposition, organ crosstalk and insulin resistance 
Among the traditional roles of insulation and energy storage, the adipose tissue has 
very important roles in energy metabolism, and it is recognised as an endocrine organ, 
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Estimating cell-type composition computationally, using transcriptomics and DNA 
methylation data in the context of obesity and insulin resistance
Biological tissue samples are characterized by heterogeneous and varying cellular 
composition, e.g. with several cell types present in each samples. Bulk gene expression or 
RNA sequencing methods measure average behaviour and not changes in cell states, which 
makes it difficult to identify the precise gene expression levels for each cell. Particularly 
when identifying gene expression changes (e.g. in different conditions), changes in cell 
type composition might provide misleading and difficult to interpret results (48-50). 
Subsequently, apart from experimental methods (e.g. immunochemistry), the generation 
of computational deconvolution methods, provided with cell-type specific information 
from genomic profiles of mixture samples (48, 51, 52). 

Furthermore, an alternative data source for the estimation of cell-type composition is 
DNA methylation data. Briefly, epigenomics is the study of the epigenome, which is the 
complete set of epigenetic modifications in the genetic material of a cell. Two of the most 
known epigenetic modifications are DNA methylation and histone modification. DNA 
methylation regulates gene expression regulation and chromosomal stability (53). In 
fact, it is accepted that each cell-type has a different DNA-methylation pattern (epigenetic 
make-up), which can be used to identify specific cell types (54, 55). 

Besides changes in macrophage numbers, location and phenotype, studies performed 
in human and mouse have shown that accumulation of T-cells precedes macrophage 
accumulation in obese adipose tissue (61) and that numerous changes in their 
subpopulations are also linked to the development of obesity and IR in animal models 
(62). In this thesis, I have used transcriptomics to estimate cell-type composition in adipose 
tissue. Furthermore, I have used DNA methylation data to estimate cell-type composition 
in whole blood, to enable a cell-type independent transcriptome analysis. Defining cell 
subpopulations in these tissues can be beneficial when studying IR, diabetes and obesity. 

Transcriptomics data visualization and interpretation
The output of transcriptomics data analysis can be very complex and difficult to grasp. 
Therefore, several methods (e.g. graphs, pathways, videos, animations) can be used to 
illustrate this information in an intuitive way. For the purposes of this thesis, I have used 
pathway diagrams and networks, briefly introduced in the next paragraphs. 

A biological pathway is a schematic illustration of a series of events between molecules 
of a cell aiming to better understand a biological process that leads to a certain 
product or a change in the cell. They are widely used by researchers and are commonly 
drawn with pathway editors. These pathway editors are linked to online databases that 

Investigating insulin resistance in human obesity with 
transcriptomics data

The way we make clinical decisions has been transformed; from measuring a biological 
sample (e.g. blood sample from a patient) to measuring large amount of omics data 
(e.g. DNA, RNA, protein, metabolites) from different tissues and technologies. With 
this plethora of information at hand, analysing, and integrating this information in a 
meaningful way became a great challenge. In fact, the fields of bioinformatics and systems 
biology provided solutions in this great challenge with the use of omics technologies. In 
general, omics technologies refer to high-throughput biochemical assays that measure 
efficiently and concurrently molecules from a biological sample (43). The most commonly 
used technology is transcriptomics, due to its affordability, comprehensiveness and 
technical matureness. In this thesis, we used transcriptomics (microarrays and RNA 
sequencing) data, and in one chapter, we used DNA methylation data to estimate cell-type 
composition to enable a cell-type independent transcriptome analysis. 

Transcriptomics is the study of the transcriptome, which refers to the complete set of RNA 
transcripts that are produced by the genome, under certain conditions in an individual 
cell, tissue or organism. Transcriptomics refers to all types of transcripts (e.g. messenger 
RNAs (mRNAs)) and includes information on transcription, function, locations, trafficking 
and degradation of an organism. Present-day transcriptomics employ high-throughput 
technologies to analyse the expression of multiple transcripts in different physiological or 
pathological conditions. Some of the most commonly used technologies are microarrays 
and RNA sequencing, which aim to broaden our understanding of the relation between 
the transcriptome and the phenotype over different biological samples. 

In addition to analysis of the lipidome (28) or the metabolome (27), analysis of gene 
expression in adipose tissue may help elucidate the pathways and mechanisms that link 
adipose tissue function to IR, and identify distinct IR transcriptome profiles that may 
provide leads for more personalized prevention of cardiometabolic diseases. Previous 
studies have shown significant dysregulation in the SAT transcriptome in obesity and IR 
(44). For instance, Elbein et al. (45) found that SAT inflammatory and cell cycle–regulatory 
pathways were upregulated in individuals with whole-body IR compared to insulin 
sensitive BMI-matched individuals, while lipid metabolism pathways were downregulated. 
Furthermore, Soronen et al. (46) observed upregulation of inflammatory pathways and 
downregulation of mitochondrial respiratory and lipid metabolism pathways in obese 
women with whole-body IR. Finally, recent transcriptome analyses of abdominal SAT 
during weight loss in individuals from the Diet, Obesity, and Genes (DiOGenes) study 
highlighted the link between lipid metabolism pathways and glycemic improvement (47). 
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Thesis objectives and study design

It is becoming more apparent that sub-typing obese individuals based on IR phenotype or 
metabolic health may lead to a better understanding of the relationship between IR and 
cardiometabolic risk. This may give leads to optimize prevention and treatment towards 
precision-based strategies. The primary goal of this thesis was to investigate IR sub-
phenotypes in human obesity with transcriptomic data from the adipose tissue and whole 
blood. For the purposes of this thesis, we applied data driven computational approaches, 
such as differential gene expression analysis, biological pathway and network analysis. 

Thesis outline
Analysis of gene expression in SAT may help to elucidate the pathways and mechanisms 
that link adipose tissue function to adipose to tissue-specific insulin resistance. To obtain 
possible targets for personalized intervention and treatment strategies, we need more 
information on these distinct phenotypes. In Chapter 2, we study the SAT transcriptome of 
overweight and obese participants without diabetes from the DiOGenes study (60), a large 
European multicentre dietary intervention study. We analysed baseline RNA sequencing 
data in abdominal subcutaneous adipose tissue from 368 individuals and identified gene 
clusters that were associated with muscle or hepatic insulin resistance. Subsequently, we 
investigate whether we could confirm mechanisms suggested by subcutaneous adipose 
tissue transcriptome findings by performing complementary analyses on systemic 
inflammatory profiles in two independent human cohorts, namely, CODAM (Cohort on 
Diabetes and Atherosclerosis Maastricht) (61) and the Maastricht Study (62). In Chapter 
3, in the DiOGenes study, we investigate the presence and proportion of individuals who 
are discordant for IR in adipose tissue and in muscle and we characterize their clinical and 
metabolic features as well as their subcutaneous adipose tissue transcriptome.

Understanding the contribution of immune cells to adipose tissue dysfunction 
and plasticity, but also the interplay with adipocytes, adipokines, adipose tissue 
secreted cytokines and other non-adipose tissues, can offer insights on how to control 
immunometabolism in health and disease. In Chapter 4, we present an approach that 
assesses the contribution of macrophage frequencies to the overall SAT gene expression. 
We used the computational algorithm TissueDecoder (51) to infer the subcutaneous 
adipose tissue cell-type composition from publicly available, gene expression microarray 
datasets. Furthermore, we divided our samples based on their relative macrophage 
frequencies and set out to study the relation between inter-individual differences in 
relative macrophage frequencies and transcriptional differences in metabolic and 
inflammatory pathways within the SAT. However, differential gene expression analysis 
performed in a tissue such as whole blood does not always take into account the potential 
impact from the inter-individual differences in a cell-type profile. These differences 

provide important information regarding the pathway elements and their interactions. 
Furthermore, they enable integration and visualization of high-throughput biological 
data on a pathway. 

Network biology is based on well-defined principles of graph theory and network 
science, which are commonly used in the field of computer science. They became more 
extensively used when Barabási and Albert showed that certain network properties (scale-
free network properties) emerges in biological systems (e.g. metabolic networks, protein-
protein interaction networks) (56). Hence, network biology is the study and application 
of graph theory, aiming to integrate and visualize high-throughput biological, while a 
biological network refers to any network describing a biological system. For example, a 
pathway can be transformed to a network, allowing for data visualization and network 
analysis (57), or several pathways can be combined into a network, enabling gene-
pathway associations. Such networks can be integrated with regulatory interactions (e.g. 
microRNA, transcription factor and/or drug target interactions) (58), or with co-expression 
information for uncovering group of genes regulated or targeted together (59). 
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and systemic inflammation are 
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Introduction

Worldwide over 2.1 billion people were overweight or obese in 2013 (1). Overweight and 
obesity are major risk factors for type 2 diabetes (2,3). Adipose tissue dysfunction, rather 
than excess fat mass per se, is frequently associated with the progression towards skeletal 
muscle, liver and whole-body insulin resistance (IR) (4,5). 

Adipose tissue dysfunction is characterized by increased adipocyte size (hypertrophy) 
rather than increased adipocyte number (hyperplasia) (6) and this seems to be associated 
with impairments in adipose tissue lipid buffering capacity (7). In addition, expanded 
adipose tissue mass is accompanied by an increased production and secretion of pro-
inflammatory cytokines, chemokines and adipokines (8,9). Both systemic lipid overflow 
and low-grade inflammation are thought to contribute to the development of IR in 
skeletal muscle and liver (10). 

Whole-body IR reflects defective insulin action in major metabolic organs, such as 
skeletal muscle, liver, brain and adipose tissue, and has long been known to precede the 
development of cardiometabolic diseases (10). IR can develop simultaneously in multiple 
organs, but the severity may vary between organs. For instance, impaired fasting glucose 
and impaired glucose tolerance may represent distinct prediabetic phenotypes, which are 
characterized by more pronounced hepatic or muscle insulin resistance, respectively (11). 
In line, altered skeletal muscle fatty acid handling as well as more pronounced peripheral 
IR have been observed in impaired glucose tolerance as compared to impaired fasting 
glucose individuals (12,13). Moreover, the severity of IR at the tissue level may contribute to 
the differential response to lifestyle and pharmacological interventions. Indeed, physical 
activity has been shown to mainly target skeletal muscle insulin sensitivity (14), while 
metformin treatment might have more pronounced effects on hepatic insulin sensitivity 
(15). Moreover, a low-fat, high complex carbohydrate diet may result in a more pronounced 
increase in the disposition index in prediabetic individuals with hepatic IR, while a 
Mediterranean diet may have more beneficial effects in individuals with muscle IR (16).

Analysis of gene expression in subcutaneous adipose tissue (ScAT) may help to elucidate 
the pathways and mechanisms that link adipose tissue function to tissue-specific IR. 
Previous studies have shown significant dysregulation in the ScAT transcriptome in 
obesity and IR (17). For instance, Elbein et al. found that ScAT inflammatory and cell-cycle 
regulatory pathways were upregulated in individuals with whole-body IR compared 
to insulin-sensitive BMI-matched individuals, while lipid metabolism pathways were 
downregulated (18). In addition, Soronen et al. observed an upregulation of inflammatory 
and a downregulation of mitochondrial respiratory and lipid metabolism pathways 
in obese women with whole-body IR (19). In addition, recent DiOGenes transcriptome 

Abstract

Obesity-related insulin resistance (IR) may develop in multiple organs, representing 
different etiologies towards cardiometabolic diseases. We identified abdominal 
subcutaneous adipose tissue (ScAT) transcriptome profiles in relation to liver or muscle 
IR by means of RNA sequencing in overweight/obese participants of the DiOGenes cohort 
(n=368). Tissue-specific IR phenotypes were derived from a 5-point oral glucose tolerance 
test. Hepatic and muscle IR were characterized by distinct abdominal ScAT transcriptome 
profiles. Genes related to extracellular remodeling were upregulated in individuals with 
primarily hepatic IR, whilst genes related to inflammation were upregulated in individuals 
with primarily muscle IR. In line with this, in two independent cohorts, CODAM (n=325) 
and the Maastricht Study (n=685), an increased systemic low-grade inflammation profile 
was specifically related to muscle IR, but not to liver IR. We propose that increased ScAT 
inflammatory gene expression may translate into an increased systemic inflammatory 
profile, linking ScAT inflammation to the muscle IR phenotype. These distinct IR 
phenotypes may provide leads for more personalized prevention of cardiometabolic 
diseases. DiOGenes was registered at clinicaltrials.gov as NCT00390637.
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Materials and Methods

Study Design
DiOGenes is a multicenter, randomized, controlled dietary intervention study that 
involved 8 European countries. Briefly, 938 overweight or obese, nondiabetic adults [age 
18-65 years, BMI 27-45 kg/m2 and blood fasting glucose concentrations <6.1 mmol/L] were 
included. More details on this study have been described previously (21). For current 
analyses, baseline data were used of 368 participants for whom abdominal ScAT RNA 
sequencing and oral glucose tolerance test (OGTT) data were available. 

The Cohort on Diabetes and Atherosclerosis Maastricht (CODAM) is a prospective, 
observational study on, among others, the natural progression of IR and glucose tolerance. 
A total of 574 individuals (age >40 years) were included from a large population-based 
cohort as described in detail elsewhere (22). The Maastricht Study is a large population-
based cohort (age 40-75 years) that is enriched with type 2 diabetes participants which 
focuses on the etiology of type 2 diabetes, its classic complications and its emerging 
comorbidities (23). The analyses described here include baseline data of 325 (CODAM; 
BMI >25 kg/m2) and 685 (Maastricht Study; BMI >27 kg/m2) overweight/obese non-diabetic 
participants for whom data on OGTT and systemic low-grade inflammation were available.
Local ethics committees approved all three studies and all participants gave written 
informed consent. These studies were carried out in accordance with the principles of the 
Declaration of Helsinki.

Estimates of tissue-specific IR and classification of IR subgroups
DiOGenes participants underwent a 5-point OGTT at baseline. In short, after an overnight 
fast, venous blood was sampled at baseline and after a 75g flavored glucose load was 
ingested. Blood samples were taken at t=0, 30, 60, 90 and 120 minutes and plasma was 
stored at -80°C until analysis to determine glucose and insulin concentrations. CODAM 
participants underwent a 4-point OGTT with blood samples taken at t=0, 30, 60 and 120 
minutes. The Maastricht Study participants underwent a 7-point OGTT with blood samples 
taken at t=0, 15, 30, 45, 60, 90 and 120 minutes. Muscle insulin sensitivity and hepatic IR 
were estimated using the methods of Abdul-Ghani et al. (24).

The muscle insulin sensitivity index (MISI) was calculated according to the following 
formula: MISI= (dG/dt) / mean plasma insulin concentration during OGTT. Here, dG/dt is 
the rate of decay of plasma glucose concentration during the OGTT, calculated as the slope 
of the least square fit to the decline in plasma glucose concentration from peak to nadir 
(24). The decline in plasma glucose concentration in the second part of the OGTT primarily 
reflects glucose uptake by peripheral tissues, mainly skeletal muscle. This index has been 
developed and validated against measures of peripheral insulin sensitivity as assessed 

analyses of abdominal ScAT during weight loss highlighted the link between lipid 
metabolism pathways and glycemic improvement (20). 

Studies that focus on detailed characterization of tissue-specific IR phenotypes are scarce, 
and it is currently not known whether differential ScAT transcriptome profiles are related 
to either more pronounced muscle or hepatic IR. Identification and quantification 
of metabolic anomalies in different IR phenotypes may provide directions for more 
personalized lifestyle or pharmacological interventions in the prevention and control of 
cardiometabolic diseases. In this report, we studied the ScAT transcriptome of overweight 
and obese, nondiabetic participants, from the DiOGenes study (21), a large European multi-
center dietary intervention study. We analyzed baseline RNA sequencing (RNA-seq) data 
in abdominal ScAT from 368 individuals and identified gene clusters that were associated 
with muscle or hepatic IR. Subsequently, we investigated whether we could confirm 
mechanisms suggested by ScAT transcriptome findings by performing complementary 
analyses on systemic inflammatory profiles in two independent human cohorts, namely 
the CODAM study (22) and the Maastricht Study (23). 
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a negative binomial generalized linear model (A) with the tissue-specific IR phenotypes 
(muscle-IR, liver-IR and no-IR), study center, sex, BMI and waist-to-hip ratio as covariates. 
Due to a low number of men (n=12) in the muscle-IR group, we were not able to stratify our 
results for sex. The DESeq2 model internally corrects for library size; no additional data 
normalization was applied. The result tables were generated using the function results 
comparing the tissue-specific IR phenotypes (liver-IR vs no-IR and muscle-IR vs no-IR). 
Furthermore, the method fpkm was used from DESeq2 to calculate relative expression of 
transcripts. The transcript lengths were obtained, using the Biostrings R package. The 
GRange transcript lengths were added to the DESeq object with the rowRanges method. 
Then the fpkm method extracted the FPKM values.

In an additional analysis, including all participants, MISI and HIRI were simultaneously 
included as continuous independent variables in the model with gene expression as the 
dependent variable to assess their independent effects. To allow for direct comparison of 
the effect sizes, we additionally standardized beta coefficients by calculating their z-scores. 
Study center, sex, BMI and waist-to-hip ratio were included as other covariates in the model.

Gene ontology analysis
Gene ontology (GO) analysis was performed using GOrilla (27). Applied settings were 
i) organism: Homo Sapiens, ii) running mode: two unranked list of genes (target and 
background lists) iii) ontology: process and iv) p<0.05. All significant genes (nominal 
p<0.05) were included (Table S1 and S2), divided into up- and downregulated genes to 
provide direction for the involved biological processes and this gave four different set 
of results. For each result, based on Benjamini & Hochberg FDR p-values, the top five 
biological processes were selected. 

Pathway analysis 
Pathway analysis was performed with PathVisio 3.2.1. The curated human pathway 
collection was obtained from WikiPathways (version 20171116) (28), containing 344 
pathways. An overrepresentation analysis was performed with the RNA sequencing data 
set. The pathways were then ranked based on a standardized difference score (z-score). 
Pathways were considered significantly changed when i) Z-score >1.96, ii) permuted p<0.05 
and iii) the number of significantly different genes (nominal p<0.05) in the pathway is ≥3. 

Association with low grade inflammation score
In CODAM and Maastricht Study, linear regression analyses were performed with a low-
grade inflammation score as the independent variable and HIRI or MISI (continuous 
variables) as dependent variable, i.e. model 1. Skewed variables were loge-transformed. 
The low-grade inflammation score was calculated by averaging the Z-scores of eight 
inflammatory markers in CODAM (C-reactive protein (CRP), interleukin-6 (IL-6), 

during a hyperinsulinemic euglycemic clamp using a stable isotope glucose tracer (24). 

The hepatic IR index (HIRI) was calculated using the square root of the product of the area 
under curves (AUCs) for glucose and insulin during the first 30 minutes of the OGTT - i.e., 
SQRT (glucose0–30 [AUC in mg/d*h] * insulin0–30 [AUC in µU/mL*h]). This index has been 
developed and validated against the product of fasting plasma insulin and endogenous 
glucose production during a hyperinsulinemic euglycemic clamp using a stable isotope 
glucose tracer (24). 

DiOGenes, CODAM and Maastricht Study participants were each divided into four 
groups. This was based on the tertiles of the HIRI and MISI scores of each cohort (16). The 
lowest tertile of MISI represented individuals with muscle IR; the highest tertile of HIRI 
represented individuals with hepatic IR. Accordingly, participants were categorized in 
one of four groups: i) no-IR, ii) IR primarily in muscle (muscle-IR), iii) IR primarily in liver 
(liver-IR) and iv) IR in both muscle and liver (muscle/liver-IR). 

Adipose tissue biopsy, RNA preparation and RNA sequencing
In DiOGenes, abdominal ScAT needle biopsies were collected 6-8 cm lateral from the 
umbilicus under local anesthesia by needle biopsy and were snap-frozen in liquid nitrogen 
and stored at -80 °C until further analysis. Total RNA was extracted from abdominal ScAT 
needle biopsies as previously described (25). For each sample, the number of reads mapping 
onto 53,343 genes (GRCh37 assembly) was retrieved by using GenomicAlignments. Only 
reads with both ends mapping onto a single gene were considered. RNA expression data 
are available from the Gene Expression Omnibus under accession GSE95640 (20). 

Statistical analyses
Participants’ characteristics
In DiOGenes, CODAM and Maastricht Study descriptive variables with a skewed 
distribution were loge-transformed before further analyses. The phenotypic differences 
between tissue-specific IR groups were assessed using one-way ANOVA for continuous 
variables with Bonferroni post hoc tests, adjusted for sex, and χ2-test for categorical 
variables. The threshold for statistical significance was set at p<0.05.

Differential RNA expression analyses
In DiOGenes, after alignment and transcript abundance, estimation raw count data for 
53,343 genes and 368 samples was further analyzed in RStudio (version 3.2). Differential 
expression analysis was performed in the DESeq2 package (version 1.12.4) using default 
settings (26). Pre-filtering of genes with low counts was applied by removing genes with 
a total of 0 or 1 reads. The standard differential expression analysis steps are wrapped into 
a single function, DESeq (26). The differential expression analysis in DESeq2 implements 
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Results 

Characteristics of DiOGenes population
Table 2.1 shows the demographic and metabolic characteristics of the DiOGenes 
participants according to their tissue-specific IR phenotype. Compared to the no-IR group 
(68% women), participants with liver-IR were more often men (47% women, p=0.006) 
while participants with muscle-IR were more often women (82%, p=0.027). Comparison 
of other characteristics between groups were adjusted for sex. Muscle/liver-IR group had 
significantly greater waist circumference and waist-to-hip ratio than those with no-IR. 
The muscle/liver-IR group also showed significantly greater waist circumference, waist-
to-hip ratio and systolic blood pressure compared to the muscle-IR group. Plasma TAG 
concentrations were significantly higher in liver-IR and muscle/liver-IR groups than in 
those with no-IR. Cholesterol concentrations were highest in participants in the liver-IR 
group, while HDL-cholesterol was lowest in muscle/liver-IR group compared with no-
IR group. Concentrations of the inflammatory marker CRP were significantly higher in 
muscle/liver-IR groups than in those with no-IR. Insulin concentrations were significantly 
higher in all groups compared to no-IR. Previous studies have shown similar characteristics 
for the different tissue-specific IR groups (16). 

Table 2.1. Participants’ characteristics of DiOGenes
  No-IR 

(n = 186)
Muscle-IR 

(n = 69)
Liver-IR 
(n = 53)

Muscle/liver-IR 
(n = 60) p

Female sex (%) 68 82 47 61 < 0.001
Age (y) 42 ± 7 41 ± 6 42 ± 6 41 ± 6 0.684
BMI (kg/m2) 33.9 ± 4.6 35.0 ± 4.3 34.7 ± 4.8 35.7 ± 4.4* 0.029
Waist (cm) 104.9 ± 12.2 105.6 ± 11.5 111.3 ± 11.4 112.6 ± 14.1* 0.001
Waist-to-hip ratio 0.91 ± 0.09 0.90 ± 0.08 0.96 ± 0.08 0.96 ± 0.10*# 0.018
SBP (mmHg) 123 ± 15 123 ± 12 128 ± 14 130 ± 11* 0.004
DBP (mmHg) 76 ± 11 77 ± 10 80 ± 9 79 ± 11 0.340
Fat free mass (kg) 57.9 ± 13.7 56.3 ± 10.8 66.3 ± 13.9* 61.8 ± 10.8 0.019
Body fat (%) 39.1 ± 8.8 42.0 ± 6.3 36.3 ± 8.1 39.9 ± 8.0 0.153
TAG (mmol/L) 1.2 ± 0.5 1.4 ± 0.6 1.6 ± 0.7* 1.5 ± 0.6* < 0.001
Cholesterol (mmol/L) 4.8 ± 1.0 4.8 ± 0.9 5.2 ± 1.0 5.0 ± 0.9 0.096
HDL (mmol/L) 1.3 ± 0.3 1.2 ± 0.3 1.2 ± 0.2 1.1 ± 0.3* 0.003
LDL (mmol/L) 3.0 ± 0.9 2.9 ± 0.8 3.3 ± 0.8 3.2 ± 0.8 0.165
NEFA (μmol/L) 656 ± 309 739 ± 415 734 ± 474 657 ± 318 0.201
CRP (mg/L) 2.6 [1.3-5.1] 3.8 [2.3-5.9] 2.9 [1.3-5.0] 4.7 [2.4-7.1]* 0.004
Glucose (mmol/L) 5.0 ± 0.6 5.0 ± 0.6 5.3 ± 0.5 5.2 ± 0.7 0.036
Insulin (mU/L) 6.8 [4.9–9.8] 9.4 [7.5–14.0]* 12.4 [9.8–17.2]* 17.1 [12.1–23.5] *#§ < 0.001
MISI (AU) 0.07 [0.05–0.11] 0.02 [0.00–0.03]*§ 0.05 [0.04–0.08]*# 0.02 [0.01–0.02]*§ < 0.001
HIRI (AU) 26.0 ± 5.5 28.5 ± 5.0*§ 43.2 ± 8.7*# 46.8 ± 12.0*#§ < 0.001

Data are mean ± SD (normally distributed variables), median [interquartile range] (skewed variables) or 
proportion (%, categorical variables). p-values were obtained by Pearson Chi2 for sex, and by ANOVA adjusted 
for sex, for other variables. Skewed variables were loge-transformed before analysis. In addition, Bonferroni 
post hoc tests were performed. *p < 0.05 vs no-IR group; #p < 0.05 vs muscle-IR group; §p < 0.05 vs liver-IR 
group. HDL: high-density lipoprotein; LDL: low-density lipoprotein; NEFA: non-esterified fatty acids; CRP: 
C-reactive protein; HOMA-IR: homeostatic model for assessment of insulin resistance; MISI: muscle insulin 
sensitivity index; HIRI: hepatic insulin resistance index.

interleukin-8 (IL-8), serum amyloid A (SAA), soluble intercellular adhesion molecule 1 
(sICAM-1), tumor necrosis factor-α (TNF-α), ceruloplasmin and haptoglobin) and 6 markers 
in the Maastricht Study (CRP, IL-6, IL-8, SAA, sICAM-1, TNF-α). Averaging these markers of 
low-grade inflammation produces a robust estimate of the overall inflammatory state 
with minimization of random error (29). To allow for direct comparison of the effect 
sizes, we additionally standardized HIRI and MISI by calculating their Z-scores. In model 
2a, HIRI was included as a covariate in analyses on MISI, and vice versa, to assess the 
independent effects of tissue-specific IR and in model 2b, age, sex, BMI and waist-to-hip 
ratio were included as covariates. Finally, in model 3, the covariates of model 2a and 2b 
were combined. All data were analyzed using SPSS for Mac version 24.0 (SPSS, Chicago, IL, 
USA) and R statistical programming language (version 3.3.3).
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Table 2.2. Gene Ontology analyses of differentially expressed genes in liver-IR vs no-IR and muscle-IR 
vs no-IR comparisons in DiOGenes

Comparison GO Term Description FDR-p Enrich-
ment

# Genes  
(b / B)

Liver-IR  
vs no-IR 
↑ genes

GO:0043062 extracellular structure organization 1.30E-07 3.34 40 / 270
GO:0030198 extracellular matrix organization 2.31E-07 3.36 40 / 269
GO:0007059 chromosome segregation 2.07E-06 5.15 21 / 92
GO:0051276 chromosome organization 1.27E-04 2.52 41 / 367
GO:1903047 mitotic cell cycle process 1.46E-04 2.14 57 / 601

Liver-IR  
vs no-IR  
↓ genes

GO:0051252 regulation of RNA metabolic process 1.26E-11 1.61 233 / 3442
GO:0016070 RNA metabolic process 1.54E-11 1.66 215 / 3072
GO:0006355 regulation of transcription,  

DNA-templated
1.80E-11 1.62 222 / 3245

GO:2001141 regulation of RNA biosynthetic process 2.56E-11 1.61 222 / 3270
GO:1903506 regulation of nucleic acid-templated 

transcription
2.60E-11 1.62 222 / 3264

Muscle-IR vs 
no-IR
↑ genes

GO:1903047 mitotic cell cycle process 4.04E-14 2.36 111 / 601
GO:0002376 immune system process 4.73E-14 1.73 236 / 1747
GO:0019882 antigen processing and presentation 3.73E-12 3.68 48 / 167
GO:0022402 cell cycle process 5.00E-12 1.95 145 / 949
GO:0002478 antigen processing and presentation of 

exogenous peptide antigen
2.72E-11 3.91 41 / 134

Muscle-IR vs 
no-IR
↓ genes

GO:0032774 RNA biosynthetic process 1.29E-15 1.73 251 / 2349
GO:0044260 cellular macromolecule metabolic process 1.76E-15 1.36 518 / 6161
GO:0097659 nucleic acid-templated transcription 2.89E-15 1.74 234 / 2170
GO:0006351 transcription, DNA-templated 3.64E-15 1.74 234 / 2169
GO:0051252 regulation of RNA metabolic process 7.35E-15 1.54 328 / 3442

The top five most significant and biologically relevant Gene Ontology (GO): Biological processes are listed for 
the genes identified in Figure1A and 1B. FDR-p-values are presented for the GO analysis. Enrichment is defined 
as follows: (b/n) / (B/N). N - is total number of identified genes; B - is total number of genes associated with a 
specific GO term; n - is number of significant genes added to the GO analysis; b - is number of significant genes 
in a specific GO term. The number of genes (# Genes) represent the number of significant genes in a specific 
GO term (b) compared to the total number of genes associated with a specific GO term (B).

Inflammatory pathways are differentially regulated in muscle-IR vs no-IR
For the muscle-IR vs no-IR comparison, 3716 genes were differentially expressed (nominal 
p<0.05) with 1977 upregulated and 1739 downregulated genes (Figure 2.1 and Table S2). ScAT 
of muscle IR individuals was characterized by a higher expression of inflammatory genes. 
The GO terms with the highest enrichment with upregulated genes in ScAT was ‘mitotic 
cell cycle process’ (including genes related to cell division cycle and kinesins) (Table 2.2) 
and ‘immune system response’ (including genes related to several complement factors 
and chemokine) (Table 2.2 and S4). ‘Antigen processing and presentation’ was highly 
statistically significant as well (including genes related to proteasome degradation and 
lysosomal cathepsins) (Table 2.2 and S4). Like the GO enrichment analyses, WikiPathways-
related inflammatory pathways were predominant in the comparison of the muscle-IR 
vs no-IR group (pathways e.g. Microglia pathogen phagocytosis, IL-1 and megakaryocytes 
in obesity pathway and Complement activation pathway) (Figure 2.2 and 2.3, Table S8). In 
additional analyses where the adipose tissue gene expression was the dependent variable 

Extracellular structure organization is differentially regulated in liver-IR vs no-IR
We performed RNA sequencing on the abdominal ScAT to assess transcriptome differences 
in adipose tissue in individuals with liver-IR or muscle-IR. The no-IR group was used as 
reference and the analyses were adjusted for study center, sex, BMI and waist-to-hip ratio. 
To gain insight into the differentially expressed transcriptome in the tissue-specific IR 
phenotypes, Gene Ontology (GO) enrichment analyses were performed, focusing on 
biological processes. We identified 2416 genes differentially expressed in the liver-IR vs no-
IR comparison (nominal p<0.05) with in total 1221 upregulated and 1195 downregulated 
genes (Figure 2.1, Table S1). The GO classification with the strongest statistical significance 
in the upregulated genes was ‘extracellular structure organization’ (including genes 
related to collagens, integrins, laminins and thrombospondins (Table 2.2 and S5) and 
‘mitotic cell cycle process’ (including genes related to cell division cycle and kinesins) 
(Table 2.2 and S5). In additional analyses where the adipose tissue gene expression was the 
dependent variable and the continuous HIRI the independent variable, adjusted for study 
center, sex, BMI, waist-to-hip ratio, and MISI, similar significant associated genes (Table S9) 
and GO terms (Table S11) were found. 

Subsequently, a pathway enrichment analysis was included using the WikiPathways human 
collection of curated pathways. Eight significantly different pathways were overrepresented 
in the liver-IR vs no-IR groups with at least one gene with |fold change| >1.2 and nominal 
p<0.05 respectively (Table S7). Pathways related to extracellular matrix (ECM) organization 
(e.g. focal adhesion pathways) and mitotic cell cycle (e.g. cell cycle) were among the most 
significantly differing pathways in the liver-IR vs no-IR comparison (Figure 2.2 and 2.3). 

In both the liver-IR and muscle-IR versus no-IR comparison the GO classification with 
the highest enrichment in downregulated genes was ‘regulation RNA metabolic process’ 
(Table S3 and S4), which was accompanied by enrichment of upregulated genes in the 
‘mitotic cell cycle process’ (Table 2.2). These data might indicate gene-specific translational 
repression as a mean of controlling the mitotic proteome, which may complement post-
translational mechanisms for inactivating protein function (30).

A.
liver-IR vs no-IR muscle-IR vs no-IR

719 502 1475 883 1427312

B.
liver-IR vs no-IR muscle-IR vs no-IR

Figure 2.1. (A) Venn diagram of significantly upregulated genes (nominal p<0.05) in liver-IR vs 
no-IR and muscle-IR vs no-IR comparisons (B) Venn diagram of significantly downregulated genes 
(nominal p<0.05) in liver-IR vs no-IR and muscle-IR vs no-IR comparisons.
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Figure 2.3. Four large pathways from the WikiPathways human curated collection with comprehensive 
information on inflammation and ECM remodeling were selected and integrated into two networks. 
Visualizations were created for the two networks for both the liver-IR vs no-IR and muscle-IR vs no-
IR comparison: two diagrams representing ECM remodeling processes in the comparison between 
liver-IR vs no-IR (A) and muscle-IR vs no-IR (B); two diagrams representing inflammatory processes 
in the comparison between liver-IR vs no-IR (C) and muscle-IR vs no-IR (D). Only genes with |fold 
change| >1.1 and nominal p<0.05 for the liver-IR vs no-IR and/or muscle-IR vs no-IR comparison were 
included. Pathway nodes are visualized as rounded rectangles and genes as circles colored based on 
their fold change. Gradients of blue indicate downregulation, gradients of red indicate upregulation; 
the color white is used for unchanged genes. Significantly changed genes (nominal p<0.05) are 
visualized by a gray line around the circle representing the respective gene.

and the continuous MISI the independent variable, adjusted for study center, sex, BMI, 
waist-to-hip ratio, and HIRI, similar significantly associated genes (Table S10) and GO terms 
were found (Table S11). Thus, ScAT of muscle IR individuals is characterized by an increased 
expression of genes involved in chemotaxis, complement activation and immune cell 
function related to lysosomal (e.g. cathepsins) and ubiquitin-proteasomal degradation. 

Pathway Enrichment

muscle-IR vs no-IRliver-IR vs no-IR

Color Key

 

-4 -2 0 2 4

Figure 2.2. A heatmap representing the pathway enrichment analysis using the WikiPathways 
curated collection of human pathways. The pathways are ranked based on a standardized difference 
score (Z-score). Z-scores >0 are indicative of enrichment for significantly different genes, indicated 
by gradients of a blue color. Z-scores <0 are indicative of absence of enrichment for significantly 
different genes, indicated by a white color. Pathways were considered significantly different when i) 
Z-score >1.96, ii) permuted p<0.05 and iii) the number of significantly different genes (nominal p < 
0.05) in the pathway ≥3. 
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Table 2.3. Associations plasma low-grade inflammation with MISI and HIRI
CODAM 

BMI >25 kg/m2 
(N=325)

The Maastricht Study
BMI >27 kg/m2 

(N=685) 
LGI * LGI #

Model ß 95% CI p ß 95% CI p
MISI 1 -.180 -.291; -.073 <.001 -.183 -.257; -.109 <.001

2a -.107 -.205; -.011 .028 -.131 -.193; -.068 <.001
2b -.071 -.182; .039 .202 -.108 -.186; -.030 .007
3 -.051 -.153; .050 .317 -.091 -.159; -.024 .008

HIRI 1 .138 .031; .244 .012 .099 .024; .174 .010
2a .065 -.032; .165 .184 .000 -.064; .064 .995
2b .046 -.059; .150 .394 .031 -.045; .107 .418
3 .021 -.078; .120 .678 -.022 -.088; .043 .504

ß values are standardized regression coefficients and represent the change in MISI and HIRI according to 
the low-grade inflammation score (LGI). Model 1: crude associations. Model 2a: only mutually adjusted for 
HIRI or MISI, respectively. Model 2b: only adjusted for age, sex, BMI, waist-to-hip ratio. Model 3: model 2b 
+ adjustment for HIRI or MISI, respectively. * LGI score with 8 markers: IL-6, IL-8, TNFa, SAA, sICAM, CRP, 
Haptoglobin, Ceruloplasmin. # LGI score with 6 markers: IL-6, IL-8, TNFa, SAA, sICAM, CRP

Systemic low-grade inflammation is associated with muscle IR in CODAM and 
Maastricht Study
Following up on the transcriptome analyses, we hypothesized that an increased ScAT 
inflammatory gene expression, as observed in the muscle-IR group, may lead to the 
secretion of pro-inflammatory adipokines in the circulation. Subsequently, a systemic pro-
inflammatory profile may induce peripheral insulin sensitivity. As systemic inflammation 
markers were not available in DiOGenes, we studied the relationship between systemic 
inflammation and either muscle or liver IR in two independent cohorts, namely the 
CODAM and Maastricht Study (22,23). In these cohorts, data on systemic low-grade 
inflammation and tissue-specific IR are available for 325 and 685 overweight/obese non-
diabetic individuals, respectively (Table S12 and S13). In general, CODAM and Maastricht 
Study participants had similar risks profiles for cardiometabolic diseases as DiOGenes, but 
were less often women, slightly older and less obese (Table S14).

A combined score of several plasma markers of low-grade inflammation (which includes 
adipose tissue derived factors including, among others, IL-6, IL-8, TNFa, SAA, sICAM, CRP) 
was inversely associated with MISI in a linear regression analysis that was adjusted for HIRI 
(CODAM: standardized (std) ß: -0.107; p=0.028 and Maastricht Study: stdß: -0.131; p<0.001) 
(Table 2.3, model 2a). Notably, the low-grade inflammation score was not significantly 
associated with HIRI, in a linear regression analysis that was adjusted for MISI (CODAM: 
stdß: 0.065, p=0.184 and the Maastricht Study: stdß: 0.000, p=0.995) (Table 2.3, model 
2a). After additional adjustments for age, sex, BMI and waist-to-hip ratio, the association 
between low-grade inflammation and MISI was maintained (CODAM: stdß: -0.051, p=0.317 
and the Maastricht Study: stdß: -0.091, p=0.008) (Table 2.3, model 3). No significant sex 
interactions were observed for the associations between the low-grade inflammation 
score and MISI (pinteraction=0.639) or HIRI (pinteraction=0.982). Therefore, associations between 
low-grade inflammation and MISI/HIRI were assessed in men and women combined.

Finally, additional analyses in DiOGenes showed that in adipose tissue the RNA expression 
levels of 7 out of the 8 inflammatory genes that are included in the inflammation score 
were indeed higher in those with the muscle-IR compared to those with no-IR (Table S15). 
For three individual genes (IL-6, s-ICAM, Haptoglobin) these differences were statistically 
significant. Such consistent upregulation of the inflammatory marker genes was not 
observed in adipose tissue of those with liver-IR. 
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Although ScAT inflammation has been posed previously as a central factor in the 
development of IR, our data show for the first time that a ScAT inflammatory gene expression 
profile is most pronounced in the muscle-IR phenotype. Secretion media derived from 
ScAT explants of obese individuals have been show to impair insulin signaling in both 
human myotubes (44,45) and hepatocytes (44). Furthermore, intracellular organelles like 
inflammasomes and autophagosomes in ScAT have been recognized in organ crosstalk 
and insulin resistance, albeit in an indirect and yet incompletely understood ways (46). 
The fact that we only found a relationship between ScAT inflammatory gene expression 
and muscle IR, but not liver IR, might be related to a differential in vivo blood supply to 
both tissues. The liver may be more strongly affected by portal vein supply and factors 
derived from the visceral adipose tissue and the gut, while peripheral tissues like skeletal 
muscle might be more affected by the peripheral circulation. Indeed, as ScAT drains more 
systemically, this could affect skeletal muscle IR more than hepatic IR. 

We hypothesized that an increased ScAT inflammatory gene expression, as observed in 
the muscle-IR group, may lead to the secretion of pro-inflammatory adipokines in the 
circulation and a systemic pro-inflammatory profile inducing subsequently peripheral 
insulin sensitivity. In line with the adipose tissue transcriptome data, in two comparable 
cohorts, the CODAM and Maastricht Study, we showed that low-grade inflammation 
scores of plasma inflammatory markers, were inversely associated with muscle insulin 
sensitivity (MISI), while we did not observe an association between the systemic low-grade 
inflammation score and hepatic IR (HIRI). These data provide support for the hypothesis 
that the link between an inflammatory ScAT gene expression profile as found in DiOGenes, 
may translate into an increased systemic inflammatory profile, thereby explaining the 
link with peripheral insulin sensitivity.

In liver-IR individuals, increased ECM remodeling in the abdominal ScAT was a 
predominant phenotype in the present study. The upregulation of genes related to ECM 
organization in ScAT is in line with the previously reported increased accumulation 
of ECM components in dysfunctional adipose tissue in obesity, which may decrease 
ECM flexibility and reduce adipose tissue plasticity by triggering adipocyte necrosis 
(47). In general, abnormal collagen deposition is tightly associated with increased local 
inflammation, characterized by infiltration of macrophages and other immune cells (48). 
Nevertheless, we did not observe a significant upregulation of ScAT inflammatory genes in 
liver-IR individuals when compared to no-IR individuals. One explanation may be that our 
ScAT transcriptome data might reflect simultaneous processes related to ECM remodeling 
and fibrosis in the liver, which could in turn contribute to hepatic IR. Indeed, it has been 
shown that hepatic IR is also closely associated with an increased ECM remodeling and 
fibrosis in the liver (49).

Discussion

Here, we demonstrated distinct adipose tissue transcriptome profiles in tissue-specific 
IR. We show that an altered ECM gene expression profile in abdominal ScAT was present 
in overweight and obese individuals with pronounced hepatic IR. Furthermore, an 
inflammatory gene expression profile was particularly present in individuals with 
pronounced muscle IR and not with hepatic IR. We propose that an increased systemic 
inflammatory profile is a mechanism linking the increased expression of inflammatory 
genes in abdominal ScAT to muscle IR. In line, in two independent human cohorts, 
we show a relation between the combined score of plasma markers of low-grade 
inflammation and muscle IR, but not liver IR. Although the relationship between adipose 
tissue inflammation and insulin resistance has been posed previously (8), the findings 
in the present study extend these previous observations by indicating the tissue-specific 
nature of this relationship. 

Increased abdominal ScAT inflammation appeared to be a predominant phenotype in 
muscle-IR individuals. This was mainly determined by upregulation of genes involved 
in chemotaxis, complement activation and immune cell function related to lysosomes 
(e.g. cathepsins) and ubiquitin-proteasome. In recent years, several chemokines have 
been reported to be of importance in the etiology of obesity-associated inflammation 
and IR (31). Chemokines are crucial for the attraction of leukocytes from the circulation 
into tissues, including macrophages and T-cells. For instance, it is known that higher total 
leukocyte counts precede and predict the incident risk of type 2 diabetes (32). Additionally, 
overrepresentation of T-cell–recruiting and activating genes is of interest, given the recent 
implication of T-cell recruitment in obesity-related adipose tissue inflammation and IR in 
animal models (33) and humans (34) although T-cell infiltration in humans is much less 
characterized (35). 

Furthermore, the upregulation of lysosomal genes such as cathepsins, and genes in the 
ubiquitin-proteasome pathway by which many intracellular proteins are degraded, is in line 
with previous studies, and may point towards an increased removal of apoptotic adipocytes 
(36). Moreover, complement factors (e.g. C1Q) are known to enhance phagocytosis by 
linking apoptotic cells and phagocytes, and contribute to the rapid clearance of dead 
cells (37). Notably, cell death is associated with an increased immune cell infiltration 
(e.g. macrophages) and local tissue inflammation (38). Strong upregulation of ScAT C1Q 
is consistent with previous reports on ScAT gene expression in humans (19,39-42). C1Qa 
knockout mice were protected from high-fat diet-induced adipose tissue inflammation, 
systemic glucose intolerance and hepatic IR (43). In addition, obesity-related adipocyte 
death was slightly increased in C1Qa knockout mice, implying that a reduction in the 
efficacy of clearing dead adipocytes may reduce macrophage inflammatory activation (43). 
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Introduction

The adipose tissue is an endocrine and immunologically active organ, that combined 
with its insulative and dynamic energy storage functions affects the regulation of 
systemic energy and inflammatory homeostasis (1). It consists of two main components, 
a heterogeneous cellular population and an extracellular matrix (2). The most abundant 
cell type in adipose tissue is the adipocyte. Other cell types are also present including pre-
adipocytes, mesenchymal stem cells, fibroblasts, endothelial cells, and many immune 
cells, including adipose tissue macrophages (ATMs) (3). 

In adipose tissue, there are resident macrophages and monocyte-derived macrophages, 
which collectively are called adipose tissue macrophages (ATMs). In general, macrophages 
are phagocytes that preserve tissue homeostasis by finding and removing cell debris, 
pathogens, apoptotic or necrotic cells. ATMs are present in lean and obese adipose tissues, 
involved in the regulation of adipogenesis and angiogenesis (4). Macrophages in lean 
humans constitute around 5% of the cells in adipose tissue, whereas during obesity they 
constitute up to 50% of all adipose tissue cells (5). Chronic metabolic diseases promote 
macrophage infiltration often leading to adipose tissue inflammation (4-7), characterized 
by increased secretion of adipokines and cytokines into the systemic circulation, which 
may be associated with hepatic and peripheral insulin resistance (8). 

The area of immunometabolism aims to understand how changes in intracellular 
metabolic pathways in immune cells alter their function and, how immune cells employ 
tissue metabolism in adaptation to environmental changes. Understanding therefore 
the contribution of macrophages and other immune cells to adipose tissue dysfunction 
and plasticity, but also the interplay with adipocytes, adipokines, adipose tissue 
secreted cytokines and other non-adipose tissues, can offer insights on how to control 
immunometabolism in health and disease. Describing therefore adipose tissue cell-type 
composition is particularly important. In general, tissue cell-type composition can be 
estimated with common experimental methods (e.g. flow cytometry) or computational 
deconvolution (e.g. CIBERSORT (9)). Experimental methods can be costly and are often 
logistically impractical for large human cohort studies. Researchers can overcome these 
limitations by using computational methods to estimate cell type composition of complex 
tissues from their gene expression profiles (9). 

In this paper, our analysis assesses the contribution of macrophage frequencies to the 
overall SAT gene expression. We used the computational algorithm TissueDecoder (10) to 
infer the SAT cell-type composition from publicly available, gene expression microarray 
datasets. Furthermore, we divided our samples based on their relative macrophage 
frequencies and set out to study the relation between inter-individual differences in 

Abstract

Background
Macrophages play an important role in regulating adipose tissue function, while their 
frequencies in adipose tissue vary between individuals. Adipose tissue infiltration by high 
frequencies of macrophages has been linked to changes in adipokine levels and low-grade 
inflammation, frequently associated with the progression of obesity. The objective of this 
project was to assess the contribution of relative macrophage frequencies to the overall 
subcutaneous adipose tissue gene expression using publicly available datasets. 

Methods
Seven publicly available microarray gene expression datasets from human subcutaneous 
adipose tissue biopsies (n = 519) were used together with TissueDecoder to determine the 
adipose tissue cell type composition of each sample. We divided the subjects in four groups 
based on their relative macrophage frequencies. Differential gene expression analysis 
between the high and low relative macrophage frequencies groups was performed, 
adjusting for sex and study. Finally, biological processes were identified using pathway 
enrichment and network analysis.

Results
We observed lower frequencies of adipocytes and higher frequencies of adipose stem cells 
in individuals characterised by high macrophage frequencies. We additionally studied 
whether, within subcutaneous adipose tissue, inter-individual differences in the relative 
frequencies of macrophages were reflected in transcriptional differences in metabolic and 
inflammatory pathways. Adipose tissue of individuals with high macrophage frequencies 
had a higher expression of genes involved in complement activation, chemotaxis, focal 
adhesion and oxidative stress. Similarly, we observed a lower expression of genes involved 
in lipid metabolism, fatty acid synthesis and oxidation and mitochondrial respiration. 

Conclusion
We present an approach that combines publicly available subcutaneous adipose tissue gene 
expression datasets with a deconvolution algorithm to calculate subcutaneous adipose 
tissue cell-type composition. The results showed the expected increased inflammation 
gene expression profile accompanied by decreased gene expression in pathways related 
to lipid metabolism and mitochondrial respiration in subcutaneous adipose tissue in 
individuals characterised by high macrophage frequencies. This approach demonstrates 
the hidden strength of reusing publicly available data to gain cell-type specific insights 
into adipose tissue function.  
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Materials and Methods

Deconvolution of adipose tissue cell types by TissueDecoder 
The TissueDecoder (10) framework uses CIBERSORT (9) to estimate the cellular 
composition of adipose tissue samples from their whole tissue gene expression profiles. 
TissueDecoder provides a novel signature matrix (AT21) that includes highly relevant cell-
types for adipose tissue, based on publicly available data from the Affymetrix Human U1333 
Plus 2.0 microarray. Briefly, the AT21 reference dataset is generated using single cell-type 
gene expression data from 21 different cell types from 204 samples that were collected from 
publicly available datasets in the Gene Expression Omnibus (GEO) (11) and ArrayExpress 
(12) databases. The raw data (CEL files) were pre-processed with the Affymetrix Power 
Tools using the robust multi-array average normalization method as described in the 
original publication by Lenz et al. (10). CIBERSORT together with the AT21 matrix were 
used to deconvolute the 779 samples, thus determining the relative frequencies of 21 cell 
types. Additional information on the probe selection criteria can be found in the original 
publication (10). 

In our analysis, we initially included 616 human subcutaneous adipose tissue (SAT) 
samples from eight studies (GSE27916 (13), GSE20950 (14), GSE27657 (15), GSE41168 (16), 
GSE66159 (17), E-MTAB-1895 (18), GSE26637 (19), GSE27949 (20)), combined into one SAT 
dataset. As we wanted to adjust for sex in the linear regression models, samples without 
sex information were excluded, thus 583 samples and 7 studies remained in our analysis 
(GSE27949 was excluded, as 33 samples did not have sex information). Furthermore, 64 
samples from studies with multiple time points, e.g. samples after intervention, were 
excluded (54 samples from GSE41168 and 10 samples from GSE66159). Finally, 519 SAT 
samples and 7 studies remained.

Filtering on absolute expression level
The seven studies with the 529 SAT samples comprised 54,675 probes. Firstly, 11,953 
probes without gene identifiers were removed, thus 42,722 remained. The probes with 
the duplicated gene identifiers (19,622 probes) were summarised into one unique gene 
identifier (per duplicated probe) calculating the medians across samples. The probes with 
the highest median expression were kept resulting in 23,100 unique genes. Furthermore, 
the median expression of the Y chromosome genes in female subjects was defined as 
the gene expression detection threshold. Y chromosome genes are not expressed in 
female subjects and hence provide a measure of background noise. Genes with a median 
expression below the computed threshold (3.1 on a log2 scale) were removed. Finally, from 
23,100 unique genes, 4,056 genes were expressed below background level and therefore 
removed, resulting in 19,043 unique genes considered for downstream analysis. The probe 
identifiers were additionally mapped to the Homo sapiens GRCh38 assembly in Ensembl 

relative macrophage frequencies and transcriptional differences in metabolic and 
inflammatory pathways within the SAT.  
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as a process-gene network using the function cnetplot from clusterProfiler. The nodes in 
the networks represented genes and biological processes. They were connected by an edge 
when a gene was involved in the process. The networks were imported in Cytoscape (v3.8.0) 
(26) with the function createNetworkFromIgraph via the RCy3 (v2.6.3) (27). Only the relevant 
differentially expressed genes for the enriched processes were shown in the networks. The 
pie chart visualization for the process nodes showed how many genes were associated with 
the biological process in total and their overall expression patterns. The differential gene 
expression was visualised using a colour gradient for the node fill colour in the networks.   

Sensitivity analysis
We performed a sensitivity analysis excluding study GSE27916 (with 375 participants) 
to check whether the results we obtained were mainly driven by this dataset, as a large 
proportion of the samples were included in our SAT dataset. Likewise, we performed an 
additional sensitivity analysis excluding study E-MTAB-1895 (with 52 participants) which 
consisted of twins to evaluate if our results were driven by the non-independence of these 
participants. Differential gene expression and GO analysis was performed as described in 
the Methods section above.   

(21) through the BioMart (22) library in R (v3.6.3). 

Grouping subjects based on relative macrophage amount
The SAT dataset individuals were divided into 4 groups based on their relative adipose tissue 
macrophage frequencies. Individuals with no detectable frequencies of macrophages 
were defined as M0 group. The remaining subjects were divided into tertiles, defined as M1 
(% 0 to 1), M2 (% 1 to 2) and M3 (% 2 to 25). 

Statistical analysis
Participant characteristics
We assessed the differences in the cell-type frequencies between groups using a Wilcoxon 
rank sum test. Multiple testing correction was performed by applying the Benjamini and 
Hochberg method on the p-values, to control the false discovery rate (FDR). The threshold 
for statistical significance for nominal and FDR p-values was set at p<0.05.

Differential gene expression analysis
We focussed our analysis on the extremes (M3 vs M0). Differential gene expression analysis 
was implemented using limma (v3.42.2) (23). To assess the effect of adjusting for cell-type 
composition, two linear models were implemented for the differential gene expression 
analysis, i) adjusting for sex and study (model 1) and ii) additionally adjusting for 
differences in cell-type composition (20 cell types excluding macrophages). All significant 
genes (nominal p<0.05) were divided into up- (nominal p<0.05 & log2 fold change> 0.26) 
and downregulated (nominal p<0.05 & log2 fold change < -0.26).

Gene Ontology analysis
Gene Ontology (GO) analysis was performed using clusterProfiler (v3.14.3) (24). All 
upregulated and downregulated genes were included separately to provide direction 
for the involved biological processes. The organism Homo sapiens and the ontology 
biological process were used. The gene-mapping database was set to ‘ENSEMBL’. Finally, 
the over-representation results were simplified using the function simplify filtering on 
FDR-p<0.05 and similarity cut-off 0.7. 

Pathway analysis
Pathway analysis was performed with rWikiPathways (v1.6.1) (25). We used the curated 
human pathway collection (20200610). An overrepresentation analysis was performed 
with the microarray dataset. Pathways were significantly changed and considered for the 
analysis when FDR-p<0.05. 

Network analysis
The top 10 GO biological processes for the up- and downregulated genes were exported 
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dendritic cells, osteoblasts and pericardial adipocytes. Information on cell-type composition 
and differences (p-values) for the M1 and M2 group comparisons is provided in Table S2. 

M0 M3
A.

macrophages adipose stem cells B-cells

CD8T-cells monocytes plasmacytoid dendritic cells

platelets smooth muscle cells

B.
subcutaneous adipocytes CD4T-cells eosinophils

fibroblasts neutrophils NK-cells

C.
chondrocytes endothelial cells erythroblasts mesenchymal stromal

cells

myeloid dendritic cells osteoblasts pericardial adipocytes

Figure 4.1. Cell-type composition and differences between the M0 and M3 groups of the 21 cell-types 
estimated by TissueDecoder in the SAT dataset. Compared to the M0 group, individuals in M3 had higher 
relative frequencies of eight cell-types (A), lower relative frequencies of six cell-types (B) and for seven cell-
types there were no significant differences (C).

Results

Dataset characteristics 
The human SAT dataset was comprised of 519 samples and 7 studies, all publicly available. 
Briefly, study GSE20950 (14) contained expression data from BMI-matched obese cohort 
individuals that were either insulin sensitive or insulin resistant. Study GSE26637 (19) 
contained expression data from obese insulin sensitive and insulin resistant females. 
Study GSE27657 (15) expression data of individuals undergoing surgery in the thyroid 
region. Study GSE27916 (13) contained expression data from the Swedish Obese Subjects 
Sib-Pair offspring cohort. Furthermore, study GSE41168 (16) contained expression data 
from non-obese individuals with normal glucose tolerance. Study GSE66159 (17) contained 
expression data from overweight or obese females at moderately increased risk of breast 
cancer. Finally, the E-MTAB-1895 (18) contained expression data from young adult obesity-
discordant monozygotic twin pairs. 

Participant Characteristics 
The SAT dataset individuals were divided into 4 groups based on their relative adipose 
tissue macrophage frequencies. Individuals with no detectable frequencies of 
macrophages were defined as M0 group. The remaining subjects were divided into tertiles 
according to the percentage (frequency) of macrophages in the tissue, defined as M1 (% 
0 to 1), M2 (% 1 to 2) and M3 (% 2 to 25). Since the studies included in our analysis were 
publicly available, only a limited amount of phenotypic information was available. Briefly, 
in M0 there were 115 participants (82 women), in M1 were 135 participants (106 women), in 
M2 were 135 participants (94 women), in M3 were 134 participants (90 women) (Table S1). 
Thus, the groups did not differ with respect to female/male distribution, and in all groups, 
females were more prevalent. Additionally, from M0 to M3 group, based on the available 
characteristics, obesity and insulin resistance seems to worsen (Figure S1 and Figure S2). 
Detailed phenotypic participant characteristics are reported separately for each group 
and study in Table S1.

High macrophage frequencies are associated with higher adipose stem cell and lower 
subcutaneous adipocyte frequencies in SAT
We focused our analysis on the extremes (M3 vs M0). Compared to the M0 group, individuals 
in M3 had higher relative frequencies of eight cell-types, namely macrophages, adipose 
stem cells, B-cells, CD8T-cells, monocytes, plasmacytoid dendritic cells, platelets and 
smooth muscle cells (Figure 4.1A). Six cell-types had lower relative frequencies in the M3 
group compared to the M0 group. Those were the subcutaneous adipocytes, CD4T-cells, 
eosinophils, fibroblasts, neutrophils, and NK-cells (Figure 4.1B). Finally, for seven cell-types 
there were no significant differences between the M0 and M3 group (Figure 4.1C). Those 
were the chondrocytes, endothelial cells, erythroblasts, mesenchymal stromal cells, myeloid 
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Increased inflammatory SAT gene expression associated with high macrophage 
frequencies 
The top 10 enriched biological processes (FDR-p<0.05) for the upregulated genes were 
selected and combined into a network (Figure 4.3). The network illustrates a gene-process 
network in which the nodes represent upregulated genes and enriched processes, and they 
are connected by edges which show that the genes are directly involved in the biological 
process. The overall expression patterns are shown in the pie chart visualization of the 
process nodes. Only the 472 upregulated genes in the top 10 processes are added in the 
network visualization. In additional analyses, we performed a pathway overrepresentation 
analysis with all upregulated genes for the M3 vs M0 group comparison. The analysis 
identified 55 significantly changed pathways (FDR-p<0.05) (Table S9). Among those 
pathways were the “Human Complement System (WP2806)”, “Regulation of toll-like 
receptor signaling pathway (WP1449)”, “Chemokine Signaling Pathway (WP3929)”, “Type 
II interferon signaling (IFNG) (WP619)”, “Focal adhesion (WP4172)”, “Oxidative damage 
(WP3941)”, “AGE/RAGE pathway (WP2324)”, and “VEGFA-VEGFR2 Signaling Pathway 
(WP3888)”. SAT of individuals with high numbers of macrophages was characterized by 
higher expression of key genes involved in complement activation (e.g. C1QA, C1QB, and 
C1QC), chemotaxis (e.g. CCL2, CCL3, and CCL5) and adhesion molecules (e.g. ITGB2, VCAM1, 
and ICAM1); major histocompatibility complex (MHC) class I (e.g. HLA-A and HLA-B) and 
II (e.g. HLA-DPA1, HLA-DRB1 and HLA-DQA1). Furthermore, it was characterized by higher 
expression of genes involved in extracellular matrix (ECM) organization (e.g. collagens, 
metalloproteinase domain-containing protein (ADAMs), matrix metalloproteases 
(MMPs), and tissue inhibitor of metalloproteinases (TIMPs)), angiogenesis (e.g. VEGFB, 
SERPINE1, ANGPTL4) and oxidative stress (e.g. CYBB and CYBA). These data reveal activation 
of inflammatory pathways and an overrepresentation of inflammatory GO biological 
processes, indicating that high macrophage frequencies in the SAT associates with 
increased SAT inflammatory gene expression.

Dysfunctional lipid and glucose metabolism, mitochondrial respiration and BCAA 
catabolism associated with high macrophage frequencies in SAT
The top 10 enriched biological processes (FDR-p<0.05) for the downregulated genes were 
selected and combined into a network (Figure 4.4). The network illustrates a gene-process 
network in which the nodes represent downregulated genes and enriched processes, 
and they are connected by edges which show that the genes are directly involved in the 
biological process. The overall expression patterns are shown in the pie chart visualization 
of the process nodes. Only the 157 downregulated genes in the top 10 processes are 
added in the network visualization. Following the GO analysis, we performed pathway 
analysis. The analysis revealed 12 significantly changed pathways (Table S10). Among those 
pathways were, “Fatty Acid Biosynthesis (WP357)”, “Amino Acid metabolism (WP3925)” 
and “Adipogenesis (WP236)”. Key genes involved in lipid and glucose metabolism 

SAT transcriptome differences between groups with high and low macrophage 
frequencies
Next, we assessed the SAT transcriptome for the M3 vs M0 group comparison. The M0 
group was used as a reference. We identified 2,210 upregulated (nominal p<0.05 & log2 fold 
change>0.26) genes after adjusting for sex and study (model 1) and 842 after additionally 
adjusting for differences in cell-type composition (model 2) (Figure 4.2A & Table S3). We 
identified 1,057 downregulated (nominal p<0.05 & log2 fold change< -0.26) genes in model 
1 and 252 in model 2 (Figure 4.2B & Table S4). 

1460 750

92

832 225

27

model 1

model 2

A. B.

Figure 4.2. Venn diagram of the numbers of the upregulated (A) and downregulated (B) genes, for the M3 
vs M0 group comparison. Two models were used: adjusted for sex and (model 1) and additionally adjusted 
for differences in cell-type composition (model 2).

GO enrichment analysis between high and low M groups
To gain further insight into the differentially expressed SAT transcriptome after adjusting 
for sex and study (model 1) and additionally adjusting for cell-type composition differences 
(model 2), GO analysis was performed for the M3 vs M0 comparison for the upregulated 
and downregulated genes, separately, to provide direction of the biological processes. All 
2,210 upregulated and 1,057 downregulated genes from model 1 and all 842 upregulated and 
252 downregulated genes from model 2 were used. The analysis resulted in 252 significant 
biological processes for the upregulated genes (Table S5) and 85 for the downregulated 
genes (Table S6) for model 1 and in 248 significant biological processes for the upregulated 
genes (Table S7) and 46 for the downregulated genes (Table S8) for model 2. Additionally 
adjusting for differences in cell-type composition did not materially alter the results, 
therefore the analysis was continued with model 1 (adjusting for sex and study).  

76 77

4 4

MACROPHAGE FREQUENCIES TO SATCHAPTER 4



Sensitivity analysis
We performed a sensitivity analysis excluding study GSE27916 (with 375 participants) 
to check whether the results we obtained were mainly driven by this dataset, as a large 
proportion of the samples were included in our SAT dataset. Likewise, we performed an 
additional sensitivity analysis excluding study E-MTAB-1895 (with 52 participants) which 
consisted of twins to evaluate if our results were driven by the non-independence of these 
participants. Differential gene expression and GO analysis was performed. Exclusion of 
these datasets did not materially alter the results (Tables S11-S18).
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Figure 4.4. Dysfunctional lipid and glucose metabolism, mitochondrial respiration and BCAA catabolism 
associated with high macrophage frequencies in SAT. The gene-process network illustrates the top 10 GO 
biological processes enriched for downregulated genes for the M3 vs M0 group comparison. Downregulated 
gene nodes are visualized as hexagons and process nodes as circles. The edges in the network show the 
involvement of genes in biological processes to which they are connected to. The differential gene 
expression is visualized on the gene nodes using a colour gradient from blue (downregulated) over white 
(not changed) to red (upregulated).The overall distribution of gene expression changes for genes associated 
with a biological process is visualized using a pie chart divided into upregulated, downregulated and not 
significantly changed genes.

(glucose transporters e.g. SLC27A2 (also known as FATP2), IRS1 and IRS2, LPIN1), fatty acid 
metabolism (e.g. ACACA, FASN) and fatty acid oxidation (e.g. PPARA, PPARG), lipogenesis 
(e.g. ACLY, ELOVL6, FADS1, FADS2), adipogenesis (e.g. KLF15, FOXO1, IGF1, TWIST1) and 
angiogenesis (e.g. VEGFA, FGF2) were significantly downregulated in individuals with high 
macrophage frequencies. Furthermore, key genes involved in mitochondrial respiration 
(e.g. PPARG and PGC1A (also known as PPARGC1A), COX7C and COX14, NDUFA8, NDUFB5 
and NDUFS4, ATP11B and ATP8A2) were significantly downregulated in individuals with 
high macrophage frequencies. On the same direction, key genes involved in degradation 
of all BCAAs, namely isoleucine, leucine and valine (e.g. BCKDHB), and those specific to 
isoleucine (e.g. PCCA and PCCB), leucine (e.g. AUH) and valine (e.g. HIBADH and ALDH6A1) 
were significantly downregulated in the individuals with high macrophage frequencies. 
Collectively these data reveal a decreased lipid and glucose metabolism, mitochondrial 
respiration and BCAA catabolism associated with high macrophage frequencies in SAT. 
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Figure 4.3. Increased inflammation associated with high macrophage frequencies in SAT. The gene-
process network illustrates the top 10 GO biological processes enriched for upregulated genes for the M3 
vs M0 group comparison. Gene nodes are visualized as hexagons and process nodes as circles. The edges 
in the network show the involvement of genes in biological processes to which they are connected to. 
The differential gene expression is visualized on the gene nodes using a colour gradient from blue (down-
regulated) over white (not changed) to red (up-regulated).The overall distribution of gene expression 
changes for genes associated with a biological process is visualized using a pie chart divided into up-
regulated, down-regulated and not significantly changed genes.
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inflammatory processes (e.g. chemotaxis, complement activation), ECM remodelling, 
oxidative stress and angiogenesis. Macrophage amount but also change in their localization 
is associated with increased chemokine expression and increased inflammation in the 
adipose tissue (6, 37, 38), obesity (5, 7) and insulin resistance (39). Furthermore, increased 
expression of complement components has been previously associated with an increased 
inflammatory profile in SAT in obesity, suggesting complement involvement in the 
clearance of apoptotic debris in the adipose tissue (40). Next, upregulation of genes 
related to ECM organization in SAT has been associated with a reduced adipose tissue 
expansion capacity and dysfunctional adipose tissue in obesity (41, 42) and with hepatic 
insulin resistance (43). Alcala et al. suggested that oxidative stress plays an important role 
in ECM remodelling and therefore metabolic regulation in mice (44). On that note, van 
den Bossche et al. reported that oxidative stress promotes M1 macrophage polarisation 
(45), while a plethora of studies have corroborated that adipose tissue undergoes 
increased oxidative stress due to obesity induced by overnutrition (46, 47). Finally, the 
vascular endothelial growth factors (VEGFs) are key factors in angiogenesis and adipose 
tissue remodelling and VEGF has been reported to be a chemotactic for macrophages 
(48). In line with our results Lu et al. reports VEGFB upregulation was associated to VEGFA 
downregulation, as a compensatory mechanism that leads to brown-like white adipose 
tissue differentiation (49). Collectively, our data show that individuals characterised by 
high macrophage frequencies have higher expression of genes involved in inflammatory 
processes and ECM remodelling, suggesting increased SAT inflammation. 

Moreover, we observed lower expression in genes involved in lipid and glucose 
metabolism, mitochondrial respiration and BCAA catabolism in the individuals with 
high macrophage composition. Similar observations have been previously reported 
with obesity and/or insulin resistance (19, 50-53). Especially during hyperinsulinemic 
conditions, the lower expression of mitochondrial pathways is an important finding as 
it could reflect a regulatory defect, that potentially further advances the pathogenesis of 
insulin resistance (19). Nilsson et al. reported genes involved in adipose tissue lipogenesis 
strongly downregulated in the SAT from monozygotic twins discordant for type 2 diabetes 
(54). During the development of obesity and insulin resistance, the adipose tissue can reach 
a flexing point while adipocytes reduce their ability to synthesize additional fatty acids 
or triglycerols, resulting in decreased lipogenesis (55, 56). Furthermore, we found lower 
expression of genes involved in amino acid metabolism. Wiklund et al. reported lower SAT 
expression of genes related to BCCA catabolism and mitochondrial energy metabolism 
along with increased expression of genes involved in inflammatory processes in insulin 
resistant subjects (57). Collectively, our data show that individuals characterised by high 
macrophage frequencies have lower expression of genes involved in lipid metabolism and 
mitochondrial respiration, suggesting adipose tissue dysfunction and impaired adipocyte 
differentiation, enhanced by the increased SAT inflammation.

Discussion

Methodology and benefit of the analytic approach 
Our analysis demonstrated the substantial benefit of integrating publicly available 
datasets in combination with the algorithm TissueDecoder, in assessing the contribution 
of macrophage frequencies to the overall subcutaneous adipose tissue gene expression. 
TissueDecoder provides a signature matrix with cell-types relevant for obesity, type 2 
diabetes, insulin resistance and other metabolic abnormalities. We used the inferred cell-
type composition from SAT Affymetrix microarray data to identify individuals with high 
and low macrophage frequencies, as macrophage content in adipose tissue predicts the 
risk for metabolic disease. We showed the relative frequencies of adipocytes to be lower 
and the relative frequencies of adipose stem cells to be higher in individuals characterised 
by high macrophage frequencies. Notably, TissueDecoder estimates 20 more cell-types 
across three additional depots (omental, epicardial and pericardial adipose tissue). The 
proposed approach can therefore be used in a similar manner to define other groups of 
interest (e.g. subcutaneous adipocytes or adipose stem cells) in investigating adipose 
tissue metabolism.

Biological implications of our findings 
We observed lower frequencies of adipocytes and increased frequencies of adipose stem 
cells in the individuals with high macrophage frequencies compared to those with low. 
Failure of adipocyte differentiation has been associated with reduced expandability of 
adipose tissue, contributing to adipose tissue inflammation, systemic inflammation, 
lipid overflow, and insulin resistance (8, 28, 29), while low numbers of adipocytes may 
be associated with impaired metabolic health (30). In line, previous studies have showed 
that obese-derived adipose stem cells have decreased differentiation, migration and 
angiogenic capabilities (31, 32) attributed to differences in the anatomical distribution of 
adipose tissue (33) or decrease in adipose stem cells in obese humans (34, 35) and mice (35, 
36). Based on the available phenotypic data, obesity and insulin resistance status seems to 
worsen, in individuals characterised by high macrophage frequencies, lower percentage 
of adipocytes and higher percentage of adipose stem cells. Overall, our data suggest that 
those individuals are characterised by an impaired pre-adipocyte differentiation and 
a limited capacity for hyperplasia, which may contribute to adipose tissue dysfunction, 
insulin resistance and a generally unfavourable metabolic profile. 

We observed that adipose tissue of individuals characterised by high SAT macrophage 
frequencies, exhibited the expected increased inflammatory gene expression profile 
accompanied by decreased gene expression in pathways related to lipid metabolism, 
mitochondrial respiration and BCAA catabolism. In individuals characterised by 
high macrophage frequencies, we observed a higher expression of genes involved in 
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Employing gene expression to link adipose tissue 
dysfunction to insulin resistance 

Increased subcutaneous adipose tissue inflammation and adipose tissue dysfunction 
There is growing evidence showing that the severity of IR at the tissue level may play a 
role in the differential responses to lifestyle and pharmacological interventions that aim 
to increase insulin sensitivity (12-14). Adipose tissue dysfunction, rather than adiposity 
per se, is characterised by lipid overflow and low-grade inflammation and is frequently 
associated with the development of whole-body, adipose tissue, liver or skeletal muscle 
IR (7, 9-11, 15, 16). Recently, it was reported that adipose tissue IR and whole-body IR, as 
reflected by Homeostatic Model Assessment of Insulin Resistance (HOMA-IR), not always 
coincide (16), while previous studies have shown significant dysregulation in the SAT 
transcriptome in obesity and IR (17-20). Hence, analysis of gene expression in SAT may help 
to elucidate the pathways and mechanisms involved in adipose tissue dysfunction that are 
altered in insulin resistant individuals. 

In Chapters 2 and 3, we acquired more information on the phenotypes of distinct IR 
phenotypes in terms of clinical, metabolic and abdominal SAT gene expression profiles. 
We used cross-sectional data from the DioGenes study (21), a large cohort of overweight 
or obese non-diabetic individuals who are at risk for developing cardiometabolic diseases. 
The DioGenes study is a multi-centre, randomised, controlled dietary intervention study, 
which involves eight European countries (21). Furthermore, in Chapter 2 we additionally 
included the CODAM study, a prospective observational cohort that includes participants 
with an elevated risk of type 2 diabetes mellitus and cardiovascular disease (22), and the 
Maastricht Study, a large population-based cohort that is enriched with participants with 
type 2 diabetes and that focuses on the etiology of type 2 diabetes, its classic complications, 
and its emerging comorbidities (23). These cohorts provide great benefits as they are well 
characterised and may therefore provide insights into factors related to tissue-specific IR 
and cardiometabolic diseases.

In Chapter 2, we demonstrated distinct adipose tissue transcriptome profiles in tissue-
specific IR. We showed that an altered extracellular matrix (ECM) gene expression profile 
in SAT was present in overweight and obese individuals with pronounced hepatic IR. 
Furthermore, an inflammatory gene expression profile was particularly present in 
individuals with pronounced muscle IR. This was mainly reflected in an upregulation 
of genes involved in chemotaxis, complement activation and immune cell function 
related to lysosomes and ubiquitin-proteasome. We hypothesized that an increased 
SAT inflammatory gene expression, as observed in the muscle IR group, may lead to 
the secretion of pro-inflammatory adipokines in the circulation and a systemic pro-
inflammatory profile inducing subsequently peripheral IR. In line with this hypothesis, 

Obesity and overweight have a great impact on health and well-being. Obesity is even 
officially recognised as a disease (1). Both obesity and overweight present several risks 
to health, as they are associated with insulin resistance (IR), which is a risk factor for the 
development of type 2 diabetes and cardiovascular disease (2). A plethora of evidence 
suggests that adipose tissue mass and function and the distribution of body fat are the 
most important contributing factors, determining an individual’s risk to develop obesity-
associated IR, type 2 diabetes and cardiometabolic disease (3-11). 

Importantly, IR may develop separately in multiple organs and the severity may vary 
between organs. Sub-typing obese individuals based on their IR phenotype, may lead 
to a better understanding of the relationship between IR and type 2 diabetes and 
cardiometabolic risk. This may give leads to precision-based prevention and treatment 
strategies. 

The primary goal of this thesis was to investigate the adipose tissue and the whole 
blood transcriptome of IR phenotypes in human obesity. In Chapters 2 and 3, we have 
investigated abdominal subcutaneous adipose tissue (SAT) gene expression in individuals 
with more pronounced IR in either skeletal muscle or liver (Chapter 2) and in individuals 
discordant or concordant for adipose tissue and muscle IR (Chapter 3). In Chapter 4, we 
have investigated whether relative frequencies of macrophages in adipose tissue were 
reflected in transcriptional differences, using publicly available datasets. In Chapter 5, 
we used DNA methylation data to investigate the whole blood transcriptome of insulin 
resistant individuals independent of their white blood cell profile. In the final chapter 
(Chapter 6), I summarize and discuss the main findings of this thesis along with several 
methodological considerations. 
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diabetes and cardiovascular disease. Our findings could help identify functional subgroups 
of obese individuals with different risk profiles, which may represent a starting point for 
future research aimed at identifying novel, more effective precision-based prevention and 
treatment strategies of obesity and its complications. 

in two cohorts with similar characteristics, the CODAM and Maastricht Study, we showed 
that low-grade inflammation scores of plasma inflammatory markers, were inversely 
associated with muscle insulin sensitivity (MISI), after adjustment for sex and body 
composition, while we did not observe an association between the systemic low-grade 
inflammation score and hepatic IR (HIRI).

In Chapter 3, also in the DiOGenes study, we investigated the presence and proportion of 
individuals who are discordant for IR in their adipose tissue and their muscle (i.e. in whom 
the adipose tissue is resistant to insulin, while muscle is not, or vice versa). Furthermore, 
we characterized their clinical and metabolic features, as well as their SAT transcriptome. 
We found that 40% of the study participants were discordant for IR in adipose tissue and 
muscle. Moreover, we found that adipose tissue IR was characterized by an upregulation 
of inflammatory and ECM genes, and a worse metabolic and inflammatory profile as 
compared to adipose (insulin sensitivity) IS, regardless of concurrent presence of muscle 
IR. On the other hand, within individuals with a relative insulin sensitive adipose tissue 
and no major alterations in adipose tissue gene expression and systemic metabolic profile, 
a considerable group of individuals developed muscle IR. 

The reasons for these discordant phenotypes are not clear. Nevertheless, based on the 
available literature, there may be several explanations for these observations. Participants 
in the adipo-IS/muscle-IR compared to the adipo-IS/muscle-IS group, had slightly higher 
HIRI values, which might have contributed to muscle IR through several mechanisms 
including elevated BCAA (24) or lipid species (25) or a differential in vivo blood supply 
between muscle and liver tissues (Chapter 2). Moreover, intrinsic disturbances in the 
muscle (e.g. muscle or the mitochondrial oxidative capacity) (26-28), differences in muscle 
mass (29) or the genetic predisposition for mitochondrial abnormalities (e.g. in lean 
relatives of individuals with type 2 diabetes) (30-33) could potentially contribute to muscle 
IR, independent of adipose tissue function and insulin resistance. Finally, it remains to be 
elucidated how an increased SAT expression of ECM remodelling genes links to hepatic 
IR (Chapter 2). One explanation may be that our SAT transcriptome data might reflect 
simultaneous processes related to ECM remodelling and fibrosis in the liver, which could 
in turn contribute to hepatic IR. Indeed, it has been shown that hepatic IR is also closely 
associated with increased ECM remodelling and fibrosis in the liver (34).

Some limitations of Chapters 2 and 3 are that our data were cross-sectional, hindering 
causal inferences. Additionally, we did not have gene expression data for the skeletal 
muscle (Chapter 3) or visceral adipose tissue (Chapters 2 and 3). 

Collectively, the data presented in Chapters 2 and 3, open new exciting avenues showing 
distinct IR phenotypes in overweight and obese individuals in the development of type 2 
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resulting AT4 signature matrix is limited to four cell fractions, namely, adipocytes, stem/
stromal cells, monocytes/macrophages, and other leukocytes. In the paper of Lenz et al. 
only minimal differences were reported between the AT21 and AT4 signature matrices (40). 
As we were specifically interested in investigating the contribution of macrophages to SAT 
gene expression, we decided to use for our analysis in Chapter 4 the AT21 signature matrix 
and not the AT4, as the AT4 signature matrix groups macrophages and monocytes into 
one cell type. Finally, for studying adipose tissue inflammation, identifying signatures for 
macrophage subtypes could be of interest.

White blood cell profile and whole blood transcriptome in insulin resistance 
Blood transcriptomics data can be safely stored in biobanks and reanalysed if necessary 
with the latest technology (41), while access to blood is less invasive compared to obtaining 
biopsy samples from directly affected tissues. Notably, it has been shown that the changes 
in the expression levels of individual genes reflect alterations in the environment of whole 
blood or blood cells and may also reflect organ-specific changes (42).

In Chapter 5 therefore, we used the whole blood transcriptome as a means that reflects the 
peripheral blood environment along with obesity and IR related organ-specific changes. 
More specifically, we investigated the whole blood transcriptome of insulin resistant and 
insulin sensitive individuals, independent of white blood cell (WBC) profile. We used the 
computational algorithm EpiDISH (43) and the DNA methylation data of participants of 
the CODAM study to infer the WBC profile. We showed the relative amount of monocytes 
to be significantly greater in the insulin resistant compared to the insulin sensitive 
participants, indicating more pronounced monocytosis, which has also been described 
by others (44, 45).

Furthermore, the observed overrepresentation of monocytes suggests a relative 
underrepresentation of other cell types. We anticipated that the differences in WBC profile 
between insulin resistant and insulin sensitive individuals would drive overall whole 
blood gene expression, therefore we adjusted for this. As a matter of fact, the effect of inter-
person differences in cellular profile and its contribution to bulk tissue gene expression 
has been previously reported (46-48). Indeed, the GO analysis before adjustment 
was overrepresented by immunological pathways, which became less apparent after 
adjustment. More specifically, for the upregulated genes, several genes involved in immune 
response processes (e.g. IFIT1, IFI6, IRF7, IRF9, IL1RN) were not differentially expressed after we 
adjusted for WBC profile. Similarly, several downregulated genes involved in intracellular 
processes (e.g. PDZK1, UST, PTGDR and CHCHD7) were not differentially expressed after we 
adjusted for WBC profile. Interestingly, several of the up regulated (e.g. ADM2, FOXP1) and 
downregulated genes (e.g. CASS4, RHOQ) became differentially expressed after adjusting 
for WBC profile. 

Cellular composition, insulin resistance and adipose 
tissue dysfunction

Adipose tissue macrophage frequencies and altered abdominal subcutaneous 
adipose tissue gene expression
Obesity promotes low-grade chronic adipose tissue inflammation, and adipocytes 
and other immune cells produce and secrete pro-inflammatory factors (e.g. cytokines, 
chemokines) (35). Research has shown that obesity and obesity-related insulin resistance 
were associated with significant a higher number of macrophages in adipose tissue (36, 37) 
and changes in their inflammatory phenotype (38). In obese persons, monocytes circulate 
in the periphery, infiltrate the adipose tissue, become adipose tissue macrophages, and 
affect adipocytes and other immune cells, thereby greatly regulating adipose tissue 
function, increasing local and systemic inflammation and promoting IR (39).

In Chapter 4, using a publicly available collection of adipose tissue transcriptomics 
datasets and the bioinformatics tool TissueDecoder (40), we presented an approach 
to assess the contribution of macrophages to the overall subcutaneous adipose tissue 
gene expression. We used publicly available microarray gene expression datasets from 
human subcutaneous adipose tissue biopsies (n = 519) together with TissueDecoder to 
determine the adipose tissue cell type composition of each sample. As discussed in the 
previous paragraph, prior research has associated macrophage infiltration with increased 
adipose tissue inflammation in the context of obesity and IR. Inline, we also observed that 
adipose tissue of individuals with high macrophage frequencies has a higher expression 
of genes involved in complement activation, chemotaxis, focal adhesion and oxidative 
stress. For the same individuals, we observed a lower expression of genes involved in 
lipid metabolism, fatty acid synthesis and oxidation and mitochondrial respiration, 
which appears to correlate with the observation of a lower number of adipocytes. We 
hypothesised that increased macrophage and adipose stem cell frequencies and the 
decreased frequencies of adipocytes reflect adipose tissue inflammation and impaired 
pre-adipocyte differentiation, possibly reflective of a limited capacity for hyperplasia and 
adipose tissue dysfunction that contributes to an unfavourable metabolic profile. 

Importantly, the reference gene expression dataset used as the signature matrix for the 
deconvolution algorithm, used the baseline expression of isolated cell types that do not all 
come from adipose tissue, which is not optimal for our objective. Even though cell types 
in the AT21 signature matrix that do not usually occur in the adipose tissue were predicted 
with very low frequencies in our samples, a more context-specific signature matrix would 
have been preferred. Lenz et al. (40) have addressed this issue and have generated an 
alternative reference dataset containing solely cell types that were directly isolated from 
adipose tissue for evaluation and comparison to the results obtained using AT21. The 
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Methodological considerations

Measurements of insulin sensitivity
Phenotyping IR individuals requires methods that precisely measure and quantify insulin 
sensitivity and insulin action. The gold standard for assessing insulin sensitivity in vivo 
is the hyperinsulinemic-euglycemic clamp method (51). The one-step clamp method 
primarily quantifies peripheral insulin sensitivity (e.g., skeletal muscle), while the two-
step clamp method combined with a glucose tracer quantifies peripheral, hepatic and 
adipose tissue insulin sensitivity. 

While the hyperinsulinemic-euglycemic clamp is the gold standard method, it should 
be kept in mind that it is not physiological to increase plasma insulin concentrations for 
several hours. Furthermore, it is costly, invasive and time-consuming making it difficult 
to implement on a large scale. For practical yet valid reasons, such as reducing costs and 
the challenges (e.g. they are invasive) that come with clamp techniques (52-56), surrogate 
measures were developed to quantify insulin sensitivity, using fasting glucose and insulin 
concentrations or glucose and insulin curves after oral ingestion of a glucose load (oral 
glucose tolerance test, OGTT). 

In this thesis, in Chapter 5, we measured IR using the Homeostatic Model Assessment for 
Insulin Resistance (HOMA-IR) (57) broadly used as a measure of whole-body IR (22, 58), 
based on fasting glucose and insulin. In Chapter 3 we estimated the adipose tissue IR 
index (ATIRI) as the product of fasting insulin and FFA, which is a surrogate marker of IR 
of adipose tissue lipolysis (15, 16, 59-63). Furthermore, in Chapters 2 and 3 we additionally 
measured glucose and insulin with a 5-points OGTT and estimated tissue-specific IR. The 
muscle insulin sensitivity index (MISI) and hepatic insulin resistance index (HIRI) were 
estimated using the methods Abdul-Ghani et al. (64). MISI was calculated as the rate of 
decay of plasma glucose concentration during the OGTT, i.e. the slope of the least square 
fit to the decline in plasma glucose concentration from peak to nadir. The decline in 
plasma glucose concentration in the second part of the OGTT primarily reflects glucose 
uptake by peripheral tissues, mainly skeletal muscle. HIRI was calculated using the 
square root of the product of the areas under the curve for glucose and insulin during 
the first 30 min of the OGTT. HIRI and MISI have been developed and validated against 
the gold standard hyperinsulinemic-euglycemic clamp studies (64). The MISI and HIRI 
have been used in large cohort and intervention studies (12, 24, 25). Nevertheless, contrary 
to standardised clamp-derived insulin sensitivity measures, MISI and HIRI may to some 
extent be determined by other biological processes, such as the rate of glucose absorption 
as well as the incretin response (This thesis, Chapter 2).

We demonstrated a distinct blood transcriptome profile in insulin resistance, independent 
of WBC profile. We observed that the expression of interferon-stimulated genes (ISGs) 
(e.g. ISG15, OAS1 and RASD2) in the whole blood was higher in insulin resistant as compared 
to insulin sensitive individuals. Increased expression of type I interferon ISGs has been 
previously reported in PBMCs of human obese subjects (49) and type 2 diabetes subjects 
(50). We hypothesised that this interferon related signature might indicate increased 
systemic inflammation possibly due to an innate immune response and whole-body IR, 
and may suggest a role in the etiology of IR. We additionally observed a lower expression 
of genes involved in cellular differentiation (e.g. GATA2 and S100B) and reorganization of 
the actin cytoskeleton (e.g. LPAR1, RHOQ and LIMK1), in the whole blood of insulin resistant 
individuals. Taken together, we think that the systemic inflammation in combination with 
the downregulation of cellular differentiation and remodelling of actin cytoskeleton we 
observed in the whole blood of the insulin resistant individuals, may reflect obesity and/or 
insulin resistance related organ dysfunction, in organs like adipose tissue or gut. Finally, 
adjustment for WBC profile in the whole blood, as we did in our current differential gene 
expression analysis, adds a layer of information that would otherwise remain elusive and 
adds substantially to the biological interpretation of the data. 

A limitation of this study is that we do not have absolute numbers for the WBC subtypes. 
Absolute numbers of cell type amounts in a tissue are important for prognosis and 
diagnosis in clinical applications (43). Therefore, it would be interesting for future studies 
to investigate the differences in adjustment for relative or absolute differences in WBC 
profile on blood transcriptome analysis and subsequent biological interpretation in the 
context of obesity/insulin resistance.

Collectively in Chapters 4 and 5, we have shown the value of integrating publicly 
available datasets, while we highlighted the added value of knowing/determining cell 
type composition in the context of human obesity and IR, in SAT (Chapter 4) and whole 
blood (Chapter 5). In addition to identifying functional subgroups of obese individuals 
with different risk profiles, the contribution of macrophage frequencies and other cell-
types to organ/tissue dysfunction and plasticity can offer targets and biomarkers for novel 
precision-based prevention and treatment strategies of obesity and its complications.
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CODAM study (22); using the DNA methylation data instead of the transcriptomics data 
from CODAM to infer the WBC profile enables us to perform a differential gene expression 
analysis without the risk of introducing bias. 

The majority of the gene expression deconvolution methods depend on specialized 
knowledge of genes whose expression is cell type specific, called barcode genes (69). These 
barcode genes are commonly defined based on biological knowledge (e.g., known markers 
used for FACS or immunochemistry) or by determining differentially expressed genes 
after profiling functionally defined cell type subsets (either purified from human tissue 
or via in vitro differentiation)  (47, 68). Although these barcode genes are valuable when 
the cell types of interest are well characterised, they are not able to determine new cell 
states and new cell type specific gene expression profiles, or provide cell type phenotype 
information of a complex tissue (70). As an example in Chapter 4, identifying signatures 
for macrophage subtypes could be of interest for studying adipose tissue inflammation. 
Similarly, in Chapter 5, identifying signatures for monocyte subtypes could be of interest 
for studying systemic inflammation in the context of obesity/IR. Notably, the relevance 
of deconvolution methods that estimate cell type gene expression profiles has been 
examined (47, 68) and recently the potential use of single-cell reference profiles for in 
silico tissue dissection has emerged (69, 71-73). Limitations related to the computational 
deconvolution algorithms are thoroughly reviewed elsewhere (47, 66, 67, 74).

Reuse of publicly available data 
The “Big Data” revolution enabled the scientific community to recognise the advantages 
of open and reusable data, while data sharing and reuse are becoming an important part 
of research particularly in life sciences (75, 76). The scientific community has established 
guidelines to improve and facilitate data reusability, known as “FAIR data principles” 
(77). Sharing data improves statistical robustness while corroborates and reinforces 
study outcomes by re-analysis of existing datasets (78) and promotes the uncovering of 
novel findings via meta-analysis (79). In this way, data reuse is beneficial to the scientific 
community as it provides novel scientific discoveries, reduces costs but most importantly 
it enables a research community of accountability and reproducibility. Despite the 
benefits, data reuse is not yet globally used for various reasons (e.g., concerns for the 
quality and reliability of the data) (75, 76). Additional challenges, limitations and risks in 
data sharing and data management in regards to using and reusing publicly available data 
can be found elsewhere (75, 76).

In this thesis, for instance, one of the computational deconvolution algorithms that we 
used was TissueDecoder (Chapter 4) (40), whose development was realised solely from 
publicly available data reuse. In the scientific community, especially in departments 
that mainly use computational approaches, scientists might not have access, sufficient 

Surrogate measures are appropriate measures for large-scale clinical and epidemiological 
studies with a cross-sectional design, that compensate for the loss of accuracy compared 
to the clamp techniques, with increased power (e.g., large sample sizes), practicality, 
accessibility, cost efficiency, and by being more physiological. 

Correcting for cell-type composition 
Gene expression profiling is used to systematically characterise a tissue state, and to 
identify changes in gene expression across conditions. Biological tissue samples are 
characterized by heterogeneous and varying cellular composition. Particularly if a 
researcher is primarily interested in the identification of changes in expression of genes 
across conditions, concomitant changes in cell type composition can hamper data 
interpretation (47, 65, 66).

There are several experimental cell separation techniques. Initially, single cells were 
identified using technologies such as Fluorescence-Activated Cell Sorting (FACS) and 
immunohistochemistry. However, these techniques are limited in the parameters (e.g. cell 
markers) that can be measured (67). Recently, next-generation sequencing techniques, 
such as single-cell RNA sequencing, substantially improved the depth in which cells 
can be identified and analysed. Nevertheless, for the time being, their usage in clinical 
research dealing with large cohorts has been challenging, as these techniques are time-
consuming, expensive and require specialised wet-lab and bioinformatics resources. As 
an alternative to the experimental cell separation techniques, tissue cell type composition 
can be also estimated computationally. The generation of gene expression computational 
deconvolution methods (in silico deconvolution) for example, provided with predicted 
frequencies of several cell types from gene expression profiles of mixture samples (40, 47, 
68). 

In this thesis, we have used two reference-based computational deconvolution algorithms. 
In Chapter 4, we used TissueDecoder (40) to infer cell type composition from SAT Affymetrix 
microarray data to identify individuals with high and low macrophage frequencies. 
Importantly, TissueDecoder (40) estimates 20 more cell-types across three additional 
depots (omental, epicardial and pericardial adipose tissue). The approach we propose in 
Chapter 4, grouping individuals in high and low macrophage frequencies, can be used in a 
similar manner to define other groups of interest (e.g., high/low subcutaneous adipocytes 
or adipose stem cells frequencies) in investigating adipose tissue metabolism. In Chapter 
5, we used algorithm EpiDISH (43) and the CODAM DNA methylation from the CODAM 
study (22), as an alternative to transcriptomics inferred WBC profile or FACS. EpiDISH 
estimates cell type composition in whole blood using DNA methylation data and cell type 
specific DNase hypersensitive sites (43). As we have described earlier, we investigated the 
whole blood transcriptome of insulin resistant and insulin sensitive individuals from the 
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among genes, while there is insufficient information for several other regulatory factors 
(e.g., post-transcriptional modifiers, epigenetic factors and environmental triggers) 
(84). Furthermore, regarding methodological challenges, pathway analysis and other 
enrichment analyses (e.g. GO enrichment analysis), assume independence between genes, 
which is not the case for gene expression experiments (e.g. regulatory genes regulate the 
expression of other genes) (85). Despite these limitations, as long as there is growth in 
biological content, combined with improved technological and analysis methods, the 
usefulness of pathway and network analysis and trust in results will be improving. As an 
example, the latest WikiPathways update (86) reported a constant content growth since 
their last update in 2018 (87), with new pathways and revisions each year.

In the last few years, machine learning methods (e.g. deep learning) have gathered great 
interest in the scientific community in their promise to warrant a personalised approach 
to medicine, which offers refined diagnosis and prediction of discrete responses to therapy. 
One of their core advantages is their strong empirical classification performance and, 
thus prediction power. While machine learning methods hold a great promise in realising 
precision medicine, they were not used in this thesis. One of the main reasons why, was 
the need for interpretability (88). In this thesis, our goal was to characterise IR phenotypes 
and the mechanisms related to obesity and/or IR organ dysfunction and increase our 
understanding of the biology of obesity and related diseases. The black box concept of 
machine learning hinders the need to provide insights on the underlying mechanisms of 
a biological process (89) which can offer targets and biomarkers for novel precision-based 
prevention and treatment strategies in reversing the increasing prevalence of obesity 
and cardiometabolic diseases. Finally, a combination of both data-driven and knowledge-
driven approaches has been suggested in personalised treatment for chronic diseases (90) 
and could potentially provide novel precision-based prevention and treatment strategies. 

Towards precision-based prevention and treatment strategies
Interestingly, Wilkinson et al. recently argued that the current hype around personalised 
medicine must be contrasted with reality and suggested that a pragmatic approach 
to precision medicine is stratified medicine, for instance, identifying and predicting 
subgroups and their responses (91). Different subgroups might be of interest (e.g. 
dependent on the microbial composition), but in this thesis, we have emphasised the 
need for precision-based prevention and treatment strategies, which might depend on 
the IR phenotype of an individual, in order to optimise the response to dietary or other 
intervention, and to facilitate the maintenance of a healthy lifestyle, and consequently 
better cardiometabolic health. There is growing evidence showing that the severity of IR at 
the tissue level may play a role in the differential responses to lifestyle and pharmacological 
interventions that aim to increase insulin sensitivity (12-14) in the prevention and control 
of cardiometabolic diseases. Hence, more insight into various IR phenotypes and the 

funds, or as a matter of fact expertise to use a wet-lab experimental approach. In those 
circumstances, publicly available datasets can tackle these hurdles and enable researchers 
to develop valid and useful computational deconvolution algorithms to estimate cell type 
composition. On that note, depositing data generated with more expensive technologies 
such as RNA sequencing or single-cell mRNA sequencing, apart from minimising costs, 
will enable more accurate strategies for estimating cell type gene expression profiles and 
single-cell reference profiles for in silico tissue dissection. 

In Chapter 4, we have used publicly available SAT datasets, which have been downloaded 
from the public repository GEO (80, 81) which complies with the MIAME (Minimum 
Information About a Microarray Experiment) and MINSEQE (Minimum Information 
About a Next-generation Sequencing Experiment) guidelines which outline the minimum 
information that should be included when describing a microarray or sequencing study 
(e.g. meta-information). We observed that the adipose tissue of individuals with high 
macrophage frequencies had a higher expression of genes involved in complement 
activation, chemotaxis, focal adhesion and oxidative stress. Unfortunately, we did not 
have information on phenotypic measures, such as BMI and HOMA-IR, which would have 
helped elucidate whether the high macrophage frequencies were indeed associated with 
obesity or IR status, similar to prior research (38, 39). Characterisation of IR phenotypes, 
as well as characterisation of mechanisms related to the contribution of macrophage 
frequencies and other cell-types to adipose tissue dysfunction and plasticity, can offer 
targets and biomarkers for novel precision-based prevention and treatment strategies in 
reversing the increasing prevalence of obesity and cardiometabolic diseases. 

Employing Pathway, Gene Ontology and Network analysis 
Throughout this thesis, Gene Ontology (GO) enrichment, pathway and network analysis 
were used. Enrichment analysis methods are very popular in providing summarised 
information about functional characteristics of gene sets, while pathway analysis enabled 
us to visualise transcriptomics data on a pathway. Network analysis made it possible to 
integrate information either from pathway or enrichment analysis, and provided us 
with a powerful representation of complex biological processes. With these methods we 
identified and illustrated significantly changed processes and genes associated with IR 
and obesity. 

Notably, these analyses come with limitations and challenges that can be split up into two 
wide groups: (i) knowledge biases and (ii) methodological challenges. GO, pathway and 
network analysis depend on knowledge acquired from gene or pathway databases, which 
contribute useful information on how genes interact with each other. Alas, the knowledge 
we have on existing genes and biological pathways is limited (82, 83). For instance, current 
pathway diagrams are to a great extent deduced from transcriptional relationships 
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enable more accurate strategies for estimating cell type gene expression profiles 
and single-cell reference profiles for in silico tissue dissection.

·	 Further enabling a data reuse culture towards precision-based strategies. 
In Chapter 6, I have discussed the advantages and disadvantages of public data 
repositories and data reuse with the aim of advancing scientific knowledge and 
discovery. In order to achieve effective precision-based prevention and treatment 
strategies for obesity and related diseases, I believe we need to further re-enforce 
a well-characterised (sufficient meta-information) data depositing and reuse 
culture, which will enhance our understanding of the IR phenotypes and provide 
mechanistic insight into altered biological processes. Unfortunately, these 
data are not shared in a standardised and constructive manner. Furthermore, 
even though it is a pre-requirement for European grants to adhere to the FAIR 
principles, in practise, data deposited in public databases are of controversial 
quality and there is a great amount of missing meta-information. Finally, data 
generated with more expensive technologies, such as RNA or single-cell mRNA 
sequencing, in their majority, are not deposited in public databases. It is 
apparent that data privacy plays an important role in why certain information is 
not available, but considering the plethora of data generation compared to the 
data deposited, there is a clear imbalance. 

Conclusions

The present thesis investigated IR phenotypes in human obesity with transcriptomics data 
from the adipose tissue and the whole blood and has offered insights that may represent 
a starting point for future research aimed at identifying novel, more effective precision-
based prevention and treatment strategies of obesity and its complications. The main 
findings of this thesis are:

In Chapters 2 and 3 distinct transcriptome and metabolic/clinical profiles were revealed 
in non-diabetic overweight and obese individuals in relation to muscle, liver and adipose 
tissue IR. Muscle IR was associated with an increased inflammatory gene expression profile 
in SAT which may translate into an increased systemic inflammatory profile (Chapter 2). 
Hepatic IR on the other hand was associated with an increased expression of genes related 
to extracellular matrix remodelling in the SAT (Chapter 2). Furthermore, adipose tissue IR 
did not always coincide with muscle IR, and muscle IR could develop despite a relatively 
insulin sensitive adipose tissue (Chapter 3). 

In Chapters 4 and 5, we showed the benefit of reusing publicly available data while 
we highlight the added value of knowing/determining cell-type composition in the 

underlying biological mechanisms are needed. An important first step is to identify 
whether these phenotypes are indeed distinct. As we have demonstrated in this thesis, 
pathway and network analysis with transcriptomics data on the whole blood and adipose 
tissue can help determine whether IR phenotypes are distinct and elucidate the pathways 
and mechanisms that are altered in those individuals, which might, in turn, provide leads 
for novel precision-based prevention and treatment strategies. 

Precision-based strategies, either data-driven, knowledge-driven, or a combination of 
both, have the potential to change the conventional standards of care in human obesity. 
Nevertheless, even the most advanced precision-based strategies for obesity prevention 
and treatment are unlikely to be successful under conditions that are obesity-promoting; 
parallel efforts from governments, policymakers and food industry, for instance, are 
needed to make environments supportive of healthy eating and physical activity. Simply, 
making the healthy choice the easy choice. 

Suggestions for further research to increase our understanding of the biology of obesity 
and related diseases:

·	 Usefulness of stratification on IR subgroups. In Chapters 2 and 3, we showed 
distinct metabolic profiles associated with either adipose tissue, muscle or 
liver IR, using the surrogate insulin sensitivity indexes ATIRI, MISI and HIRI. 
These surrogate measures have a great potential in providing relatively easy 
methods to classify and identify IR subgroups. As we move towards precision-
based prevention and treatment strategies for obesity, modifications in diet 
and physical activity are very important, and their effectiveness might depend 
on individual or subgroup pathophysiological factors. Future studies should 
investigate whether the IR subgroups defined in Chapters 2 and 3 respond 
differentially to diet or other interventions in order to obtain effective precision-
based prevention and treatment strategies.

·	 Single-cell approaches to further elucidate IR phenotypes. In Chapters 4 and 
5, we highlight the added value of knowing/determining cell type composition 
in the context of human obesity and IR. Characterisation of IR phenotypes, as 
well as characterisation of mechanisms related to adipose tissue dysfunction and 
plasticity, can offer targets and biomarkers for novel precision-based prevention 
and treatment strategies for obesity and its complications. The computational 
deconvolution methods utilised in Chapters 4 and 5 cannot capture new cell-
type specific gene expression profiles, nor can they describe cell phenotype 
information of complex tissues (47, 68). Future studies, therefore, should 
enable single-cell mRNA sequencing for experimentally estimating cell type 
gene expression profiles and single-cell reference profiles in small cohorts. 
Furthermore, researchers should be stimulated to deposit their datasets to 
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The prevalence of overweight and obesity is increasing worldwide. Obesity is officially 
recognized as a disease with a great impact on health and well-being. Obesity is associated 
with insulin resistance (IR), which is a major risk factor for the development of type 2 
diabetes and cardiovascular disease. A plethora of evidence suggests that adipose tissue 
mass and function and the distribution of body fat are the most important contributing 
factors, determining an individual’s risk to develop obesity-associated IR, type 2 diabetes 
and cardiometabolic disease. Importantly, IR may develop separately in multiple organs 
and the severity may vary between organs. Sub-typing obese individuals based on their 
IR phenotype, may lead to a better understanding of the relationship between insulin 
resistance and type 2 diabetes and cardiometabolic risk. This may give leads to precision-
based prevention and treatment strategies. 

The primary goal of this thesis was to investigate IR phenotypes in human obesity with 
transcriptomic data from the adipose tissue and whole blood. For the purposes of this 
thesis, we applied data-driven computational approaches (e.g. differential gene expression 
analysis, biological pathway and network analysis). 

In Chapter 2, we investigated abdominal subcutaneous adipose tissue (SAT) gene 
expression and clinical profiles in individuals with more pronounced IR in skeletal 
muscle or liver. We demonstrated distinct adipose tissue transcriptome profiles in tissue-
specific IR. We showed that an altered ECM gene expression profile in SAT was present 
in overweight and obese individuals with pronounced hepatic IR. Furthermore, an 
upregulation of inflammatory gene expression was particularly present in individuals 
with pronounced muscle IR. We subsequently hypothesized that an increased SAT 
inflammatory gene expression, as observed in the muscle IR group, may lead to the secretion 
of pro-inflammatory adipokines in the circulation and a systemic pro-inflammatory 
profile inducing subsequently peripheral IR. In line with this hypothesis, in two cohorts 
with similar characteristics, the CODAM and Maastricht Study, we showed that low-grade 
inflammation scores of plasma inflammatory markers, were inversely associated with 
muscle insulin sensitivity (MISI), after adjustment for sex and body composition, while 
we did not observe an association between the systemic low-grade inflammation score 
and hepatic IR (HIRI). 

In Chapter 3, we investigated SAT gene expression, clinical and metabolic profiles of 
individuals who were discordant for IR in their adipose tissue and skeletal muscle. We 
found that 40% of the study participants were discordant for IR in adipose tissue and 
muscle. Furthermore, we found that adipose tissue IR was characterized by an upregulation 
of inflammatory and ECM genes, and a worse metabolic and inflammatory profile as 
compared to adipose insulin sensitive individuals, regardless of concurrent presence of 
muscle IR. On the other hand, within individuals with a relative insulin sensitive adipose 
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Collectively in Chapters 4 and 5, we have shown the additive value of integrating publicly 
available datasets in combination with the useful application of cell-type composition in 
SAT gene expression (Chapter 4) and whole blood transcriptome analysis of IR (Chapter 
5). In addition to identifying functional subgroups of obese individuals with different risk 
profiles, the contribution of macrophage frequencies and other cell types to organ/tissue 
dysfunction and plasticity, can offer targets and biomarkers for novel precision-based 
prevention and treatment strategies of obesity and its complications. 

In conclusion, the present thesis investigated IR phenotypes in human obesity with 
transcriptomics data from the adipose tissue and the whole blood, and have offered 
insights which may represent a starting point for future research aimed at identifying 
novel, more effective precision-based prevention and treatment strategies of obesity and 
its complications. Future research should investigate the usefulness of stratification on IR 
phenotypes, single-cell approaches to further elucidate IR phenotypes and finally enable 
a data reuse culture. Precision-based strategies, either data-driven, knowledge-driven, or a 
combination of both, have the potential to change the conventional standards of care in 
human obesity. Nevertheless, parallel efforts from governments, policy makers and food 
industry are needed to make environments less obesity-promoting and more supportive 
of healthy eating and physical activity. Simply, making the healthy choice the easy choice. 

tissue and no major alterations in adipose tissue gene expression and systemic metabolic 
profile, a considerable group of individuals did develop muscle IR.

The data presented in Chapter 2 and 3, open new exciting avenues showing distinct IR 
subgroups in overweight and obese individuals in the development of type 2 diabetes 
and cardiovascular disease. Our findings could help identify functional subgroups of 
obese individuals with different risk profiles, which may represent a starting point for 
future research aimed at identifying novel, more effective precision-based prevention and 
treatment strategies of obesity and its complications. 

In Chapter 4, using a publicly available collection of seven adipose tissue transcriptomics 
datasets and the bioinformatics tool TissueDecoder we presented an approach to assess 
the contribution of macrophages to the overall subcutaneous adipose tissue gene 
expression. We observed lower frequencies of adipocytes and higher frequencies of 
adipose stem cell in individuals characterised by high macrophage frequencies. Adipose 
tissue of individuals with high macrophage frequencies had a higher expression of genes 
involved in complement activation, chemotaxis, focal adhesion and oxidative stress. 
Similarly, we observed a lower expression of genes involved in lipid metabolism, fatty acid 
synthesis and oxidation and mitochondrial respiration. We hypothesized that increased 
macrophage and adipose stem cell percentage and the decreased percentage of adipocytes 
reflects adipose tissue inflammation and impaired pre-adipocyte differentiation, possibly 
reflective of a limited capacity for hyperplasia and adipose tissue dysfunction that 
contributes to an unfavourable metabolic profile. 

In Chapter 5, we presented an approach to investigate the whole blood transcriptome 
of insulin resistant and insulin sensitive individuals, independent of white blood cell 
(WBC) profile. We showed the relative amount of monocytes to be significantly greater in 
the insulin resistant compared to the insulin sensitive participants. We demonstrated a 
distinct blood transcriptome profile in insulin resistance, independent of WBC profile. We 
observed that, the expression of interferon-stimulated genes (ISGs) in the whole blood was 
higher in insulin resistant as compared to insulin sensitive individuals. We hypothesised 
that this interferon related signature might indicate increased systemic inflammation 
possibly due to an innate immune response and whole-body insulin resistance, which can 
be a cause or a consequence of IR. We additionally observed a lower expression of genes 
involved in cellular differentiation in the whole blood of insulin resistant individuals. 
Hence, we think that the systemic inflammation in combination with the downregulation 
of cellular differentiation and remodelling of actin cytoskeleton we observed in the whole 
blood of the insulin resistant individuals may reflect obesity and/or insulin resistance 
related organ dysfunction, such as adipose tissue or gut. 
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Cardiometabolic diseases are the number one cause of death globally. Among them, 
is cardiovascular disease (CVD) (e.g., heart attack, stroke, thrombosis) and diabetes 
mellitus (e.g., type 2 diabetes). Persons with type 2 diabetes have a two times higher 
chance to develop CVD, and it is the main cause of death in persons with type 2 diabetes 
(1). Cardiometabolic risk describes a person’s chance of having a cardiovascular event 
when one or more risk factors are present. Both obesity and overweight are associated 
with insulin resistance (IR), which is a risk factor for the development of type 2 diabetes 
and cardiovascular disease. On that note, a plethora of evidence indicates the importance 
of adipose tissue mass and function and body fat distribution as important factors 
determining an individual’s risk to develop obesity-associated cardiometabolic diseases, 
IR and type 2 diabetes.

The World Health Organization (WHO) defines obesity and overweight as “abnormal 
or excessive fat accumulation that presents a risk to health”, and it is recognised as a 
disease. A body mass index (BMI) over 25 is considered overweight, and over 30 is obese 
(2). Obesity is an epidemic, with over 4 million people dying each year because of being 
overweight or obese, based on the WHO. It is therefore understandable, that treating 
obesity is very important. In successfully treating obesity, the primary course of action is 
to reduce weight, as losing weight is associated with a considerable improvement in risk 
factors associated with obesity. There are several ways to address obesity, from nutritional 
interventions (e.g., healthier eating habits, diets) to bariatric surgery. In the Netherlands, 
bariatric surgery, even though an effective treatment, is the last resort in combating severe 
(BMI over 35) and morbid obesity (BMI over 40) (3). 

Nutritional interventions, on the other hand, are non-invasive strategies, which include 
personalised advice based on general guidelines for a healthy diet and physical activity. They 
are effective in the reduction of body weight or diabetes risk but are not effective in long-
term weight maintenance for the majority of overweight and obese persons. Furthermore, 
nutritional interventions might improve glucose metabolism, insulin sensitivity and 
obesity-related health risks despite moderate weight loss, and these effects might be driven 
by the differential response of a certain subgroup (e.g. based on IR phenotype) to a diet 
composition. There is growing evidence showing that the severity of IR at the tissue level 
may play a role in the differential responses to lifestyle and pharmacological interventions 
that aim to increase insulin sensitivity (4-6). Hence, the effectiveness of an intervention 
might depend on individual or subgroup pathophysiological factors. This emphasises the 
need of identifying functional subgroups of obese individuals with different risk profiles, 
which might lead to a better understanding of the relationship between IR and type 2 
diabetes and cardiometabolic risk. This may represent a starting point for future research 
aimed at identifying novel, more effective precision-based prevention and treatment 
strategies of obesity and its complications, contrary to the population-based strategies.  
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Throughout this thesis, we have used computational tools freely available and accessible 
to all the scientific community, which provide helpful insights for future research, 
warrant novel scientific discoveries, reduce costs but most importantly enable a research 
community of accountability and reproducibility. Furthermore, the computational 
approaches presented in this thesis hold great potential and have provided us with 
comprehensive and insightful information representing a starting point for future 
research aimed at identifying precision-based prevention and treatment strategies for 
obesity and its complications.

 As an example, for pathway analysis, we used PathVisio (8) and the human-curated 
collections from WikiPathways (9), a continuously evolving and growing open community, 
where researchers can create and curate biological pathways. For network analysis, we used 
Cytoscape (10), which is an open-source platform for visualizing complex networks and 
integrating these with any type of attribute data. Importantly, these tools are user friendly, 
well documented and do not necessarily require experience in programming, therefore 
they can be useful to scientists without a computational background. Additionally, these 
tools offered powerful data representation by illustrating complex biological information, 
in the context of obesity and IR, in an intuitive way, which might represent a starting 
point for future research aimed at identifying precision-based prevention and treatment 
strategies.

In Chapter 4, we highlight the benefit of publicly available data reuse, which provided 
helpful mechanistic insight in the context of human obesity and IR. In addition, we 
have illustrated how other researchers can benefit from our proposed approach. In this 
way, data sharing and reuse also offers a form of knowledge utilization, which can be 
beneficial to the scientific community. Furthermore, in Chapters 4 and 5, we used two 
computational algorithms TissueDecoder (11) and EpiDISH (12) to perform computational 
deconvolution as an alternative to wet-lab experimental approaches for estimating cell 
type composition. Similarly to other university departments and scientists that mainly 
use computational we did not have access, sufficient funds, or as a matter of fact expertise 
to use wet-lab experimental approaches. Nevertheless, the proposed approaches and 
tooling offered us the opportunity to highlight the added value of knowing/determining 
cell type composition in the context of human obesity and IR. In those circumstances, 
publicly available datasets and computational deconvolution can tackle these hurdles 
and enable researchers without access to wet-lab experimental approaches to develop 
valid and useful computational approaches and tools that provide comprehensive and 
insightful information, as we have demonstrated in this thesis. 

Relevance of our results towards precision-based prevention and treatment 
 strategies 
In this thesis, we have used network and pathway analysis with transcriptomics data 
as a means to help elucidate the pathways and mechanisms that are altered in human 
overweight and obese IR phenotypes. We have provided mechanistic insight that the 
IR phenotypes discussed in this thesis are distinct (Chapter 2 and 3), which could 
help identify functional subgroups of obese individuals with different risk profiles. 
Furthermore, surrogate insulin sensitivity indexes MISI, HIRI and ATIRI (Chapters 2 and 
3), are measures that have a great potential in providing relatively easy methods to classify 
and identify IR phenotypes. This is particularly important when suggesting nutritional 
intervention strategies for treating or preventing obesity-associated complications, as 
their effect on an individual might depend on the IR phenotype. In addition to identifying 
functional subgroups, we have highlighted the added value of knowing/determining cell 
type composition in the context of human obesity and IR (Chapters 4 and 5). 

Collectively, our results might represent a starting point for future research aimed 
at identifying novel, more effective precision-based prevention and treatment 
strategies of obesity and its complications, contrary to the population-based strategies. 
Notably, future research is needed to first demonstrate that the IR phenotypes respond 
differentially to diet composition or other interventions. Subsequently, the implications 
of our findings and the fact that these IR phenotypes may respond differentially to 
food products or pharmacological agents might be interesting for the nutritional and 
pharmaceutical industry as it may give leads for product development. Furthermore, the 
results presented in this thesis may also may be relevant for prevention and give leads for 
health professionals for guidelines on how to stimulate a healthier lifestyle that will offer 
a societal benefit in reversing the obesity epidemic. Finally, our results represent a form 
of knowledge utilization and might be of interest for health professionals and scientists. 
They have been presented in relevant scientific meetings for obesity and diabetes and have 
been (or will be) published in academic peer-reviewed journals. 

Enabling data sharing and reuse to enhance scientific research 
In the era of “Big Data”, with increasing costs for data generation, storage and computation, 
precision-based strategies come with high promises and the potential to be more effective 
with better understanding of individual factors that predict response. The “Big Data” 
revolution has enabled the scientific community to recognise the advantages of open and 
reusable data, while data sharing and reuse are becoming an important part of research, 
particularly in life sciences. On that note, the scientific community has established 
guidelines to improve and facilitate data reusability, known as “FAIR data principles” (7); 
sharing data has undeniable benefits, including minimising costs. 
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One of my favourite poems, which you can find in the first pages of this thesis is called 
“Ithaka” by Constantine Cavafy (Greek poet). “Ithaka” describes a long journey, the return 
of Odysseus to his homeland Ithaka (island on the Ionian Sea) after the end of the Trojan 
War. This poem symbolises the journey of every man through life and suggests that each 
person is looking for his own Ithaca, their personal supreme goal. However, in the end, 
it is not the goal but the journey that matters, because this journey makes us wise and 
gives people the richest good: experience, knowledge, and maturity. In a way that’s how I 
have experienced my PhD and its many challenges (e.g. punished by Zeus and Poseidon, 
captivated by the lotus-eaters and the Sirens, fought with a cyclops and had encounters 
with witches and monsters). In this journey, I was not alone; I had companions that either 
lifted or disheartened my spirits, and both in their way helped me to reach my own “Ithaka”.
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