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Abstract
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Obesity increases the risk of developing comorbidities such as cardiovascular and metabolic
diseases. However, not all obese individuals develop comorbidities, and those that do not
are referred to as “metabolically healthy obesity” individuals. These contrast with lean
individuals that display the metabolic profile of unhealthy obese individuals and are classified
as “metabolically obese normal weight” individuals. The mechanisms underlying the variability
in susceptibility to metabolic diseases are not fully understood and suggest the presence of
biological and genetic components. This project aims to identify and characterize causal genes
in loci identified by genome-wide association studies (GWAS) that are associated with higher
adiposity and lower risk of comorbidities, or vice versa.

In Study I, I integrated results from several bioinformatic approaches to prioritize candidate
genes in loci identified in a genome-wide cross-phenotype meta-analysis of adiposity and
cardiometabolic trait pairs. I prioritized 61 candidate genes in 42 of the 62 identifies loci, of
which 39 genes were located in 25 novel loci.

In Study II, I developed an experimental pipeline and validated 10-day old zebrafish larvae
as a model system for image and CRISPR/Cas9-based characterization of candidate genes for
obesity. I examined the effect of overfeeding and the effect of CRISPR/Cas9-induced mutations
in 15 zebrafish orthologues of 12 established human obesity genes and of 16 human genes with
an anticipated role in food intake. I show that 10 days is too early to see an effect of the genetic
perturbation on lipid accumulation in adipocytes, but that such experiments can be used to see
an effect on other cardiometabolic traits.

In Study III, I described a framework to functionally characterize candidate genes in
CRISPR/Cas9 founders by targeting the housekeeping kita gene in both mutagenized larvae for
a candidate gene and sibling controls. By targeting both cases and controls at kita, the framework
ensures that both groups undergo micro-injections, DNA editing, and DNA repair, and that any
differences in phenotype can be attributed to mutations in the candidate gene.

In Study IV, I applied the approach developed in Study III to examine the effect of mutations
in five genes prioritized in Study I and in five additional genes for their effect on adiposity
and cardiometabolic traits in crispants. I show that while 10 days is too early to see an effect
on adiposity, effects on the cardiometabolic traits the genes were anticipated to affect can be
observed.
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So long, and thanks for all the fish 
Douglas Adams  
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Introduction 

The genetics and biology of obesity 

The prevalence of obesity  
The prevalence of obesity raised dramatically in the past decades, reaching the 
level of a global epidemic. The World Health Organization (WHO) has esti-
mated that the rate of obesity nearly tripled since 1975, among all ethnicities 
and in men as well as in women. The last data from NCD Risk Factor Colla-
boration reports that in 2016, 1.9 billion individuals (39% of the world’s adult 
population) were overweight and 671 million adults (12% of the world’s po-
pulation) were obese. While the obesity rate stabilized in high-income coun-
tries, it is increasing in low- and middle-income countries and it is estimated 
that 1 billion individuals (20% of the world’s adult population) will be obese 
by 2025 1.  

Obesity is a chronic and progressive condition that is defined as a positive 
energy balance that leads to an abnormal or excessive accumulation of body 
fat with possible impairments to the individual’s health 2. The excess of body 
fat represents a medical problem on its own, as well as a risk factor for the 
development of other non-communicable diseases, such as cardiovascular dis-
eases (CVD) 3, dyslipidemia 4, type 2 diabetes (T2D) 5, and some types of 
cancer (e.g., meningioma, adenocarcinoma of the esophagus, cancer of the 
thyroid, stomach, pancreas, kidney - reviewed in ref 6.  

For practical purposes, obesity is defined as an excess of body mass rather 
than an excess of body fat. A standard method to classify an individual as 
overweight or obese is by assessing the individual’s body mass index (BMI), 
which corresponds to body mass (kg) divided by height (m) squared. In adults, 
WHO defines obesity as BMI greater or equal to 30 kg/m2 7. BMI is a mea-
surement that is reproducible, easy to acquire, and widely accepted since it is 
closely associated with body fat percentage 8, disease risk 3,9, and mortality 
7,10. However, BMI does not distinguish between fat mass and fat-free mass 
and does not distinguish between central abdominal and subcutaneous fat 
mass. So, while it is a useful metric at a population level, it is an imprecise 
way to describe adiposity at an individual level. Several studies have shown a 
strong correlation between BMI and other anthropometric measurements of 
obesity, such as body fat percentage 11, waist circumference (WC), and waist-
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to-hip ratio (WHR), which are indirect measures of abdominal or central adi-
posity. 

The pathophysiological mechanism of obesity  
The mechanisms leading from excess body fat to the development of meta-
bolic abnormalities are complex and not yet fully elucidated. There is substan-
tial evidence that visceral fat accumulation is a predictor of insulin resistance 
and may be the cause of “metabolic syndrome” (or syndrome X). Despite the 
lack of a general agreement on a formal definition, the general opinion por-
trays metabolic syndrome as a condition associated with elevated glucose 
level or insulin resistance, increased triglycerides, low high-density lipopro-
tein (HDL) cholesterol level, and arterial hypertension, that together promote 
the development of diabetes and cardiovascular disease (reviewed in ref 12).  

The preferred site of storage of fat is the adipose tissue. When adipocyte 
hypertrophy and hyperplasia can no longer support the requirements for lipid 
storage, adipocytes start leaking free fatty acids (FFAs) and cytokines into the 
circulation (reviewed in ref 13). Harmful lipid species then accumulate in ec-
topic tissues (e.g., liver, pancreas, skeletal muscle, and endothelial cells) and 
cause local inflammation, which contributes to the development of endothelial 
dysfunction 14,15, non-alcoholic fatty liver disease (reviewed in ref 16) and in-
sulin resistance 17,18 (reviewed in ref 19). In addition to FFAs and cytokines, 
altered secretion of other adipokines (such as adiponectin) or lipokines also 
contribute to metabolic impairments in the tissues, such as the liver or the 
pancreas (reviewed in ref 20,21 ). 

Insulin resistance leads to hyperinsulinemia (i.e., the higher concentration 
of circulating insulin), which creates a vicious cycle that increases the insulin 
resistance in the adipocytes by increasing the flux of FFAs both into and out 
of the adipose tissue (reviewed in ref 16). First, hyperinsulinemia activates li-
poprotein lipase at the surface of adipocytes, which hydrolyses triglycerides 
to release FFAs. Next, the elevated levels of FFAs increase the synthesis of 
fatty-acid-binding proteins, which bring the newly released FFAs from the 
lipoproteins into the fat cells for deposition. The increased flux of FFAs into 
the cell demands more synthesis of triglycerides, leading to endoplasmic re-
ticulum stress, increased levels of diacylglycerides and ceramides, and ace-
leration of insulin resistance. Several organs can be affected by inflammatory 
events resulting from excess body fat. 

Obesity-related comorbidities  
Obesity is associated with a higher risk of developing metabolic and cardio-
vascular complications (reviewed in 22). The hormonal imbalance and excess 
body fat have been linked to certain types of cancer (e.g., colon and rectum, 
liver, kidney, pancreas – reviewed in 6), inflammation, hyperinsulinemia, 
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insulin resistance, T2D 5, hypertension and cardiovascular diseases 3. The me-
tabolic complications are often attributed to systemic processes - e.g. meta-
bolic inflammation 23 (reviewed in ref 24) - or cellular pathologies like mito-
chondrial dysfunction (reviewed in ref 25) and lipotoxicity (reviewed in ref 26), 
leading to stress of the endoplasmic reticulum (reviewed in ref 27,28). 
 

Obesity and Cardiovascular diseases  
Excess body fat leads to several metabolic changes and physiological adapta-
tions. Obesity is also a major risk factor for CVD, such as coronary heart di-
sease, myocardial infarction, and stroke 29. Moreover, the total blood volume, 
as well as the cardiac output, are higher in obese individuals (reviewed in ref 
30), resulting in a higher risk of myocardial infarction, angina, and heart failure 
31,32, and more extracellular deposition of fat in the epicardium 33, which is a 
risk factor for atherosclerosis (reviewed in ref 34). 

The link between CVD and obesity has been shown in numerous studies. 
Analysis of 97 prospective cohort studies with 1.8 million participants found 
that the strong association between obesity and the increased risk of coronary 
heart disease was mediated by blood pressure (BP), glucose, and cholesterol 
35. The three metabolic mediators explained 52% (38%-68%) of the adverse 
effect of BMI on coronary heart disease 36. Mendelian randomization studies 
found evidence for a causal role of adiposity in CVD. A Mendelian randomi-
zation study that included 24 traits in up to 198,502 individuals with the fat 
mass- and obesity-associated gene (FTO) genotype as an instrumental varia-
ble, confirmed the causal effect of higher adiposity on hypertension and 
dyslipidemia 37. A follow-up study found evidence of a causal effect of higher 
adiposity on higher blood pressure, fasting levels of insulin, C-reactive pro-
tein, interleukin-6 and triglycerides, and presumably lower HDL cholesterol 
38. The study also demonstrated a causal effect of higher BMI on higher risk 
of heart failure.  
 

Obesity and Type 2 Diabetes  
Type 2 diabetes is a chronic disorder characterized by high blood glucose le-
vels, insulin resistance, and low levels of circulating insulin (reviewed in ref 
39). Studies have shown that about 60–90% of patients with T2D are obese 
(reviewed in ref 40)  and that obesity accelerates insulin resistance and the on-
set of T2D (reviewed in ref 41). 

In the Framingham Heart Study, over 4500 individuals free from diabetes 
were followed for four decades (1970-2000), starting from an average age of 
45.3 years. The incidence of diabetes was highest among obese individuals, 
and affected men more than women 42. These findings were in line with evi-
dence collected from the Nurses’ Health Study 43 and from the Health Profes-
sional Follow-up Study 44. In the Nurses’ Health Study, during 12 years of 
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follow-up, the relative risk of diabetes in 43,581 women was 11.2-fold higher 
in women with a BMI of 29.9 versus the 10th percentile (BMI = 20.1). Con-
trolling for BMI, the 90th percentile of waist-to-hip ratio (WHR > 0.86) com-
pared to the 10th percentile (WHR < 0.70) had a 3.1 higher risk of developing 
diabetes 43. The diabetes incidence in men was also higher in individuals with 
a higher BMI: individuals with a BMI of ≥ 35 kg/m2, compared with men with 
a BMI < 23.0 kg/m2, had a multivariate risk ratio of 42.1) 44. Moreover, the 
risk of diabetes is reduced by over 50% among individuals who lost weight 45. 
Further evidence that supported the direct causal effect of BMI on T2D risk 
was provided by Mendelian randomization studies 37,46. A Mendelian rando-
mization study using the genetic score of 14 BMI-associated SNPs performed 
on eight population-based cohorts of European ancestry individuals 
(n=34,538) showed that for a 1 kg/m2 higher BMI, the odds of T2D increased 
1.27-fold 46. 
 

The “obesity paradox”  
A subset of the adult population, despite being affected by obesity, does not 
seem to develop the adverse cardiometabolic complications (reviewed in ref 
47) that typically accompany obesity. This has been termed ‘metabolically 
healthy obesity’ (MHO). A large meta-analysis of eight studies included data 
from 61,386 individuals with a healthy or unhealthy metabolic status, inclu-
ding data on all-cause mortality and/or cardiovascular events. The study 
showed that metabolically healthy obese individuals are not at increased risk 
of all-cause mortality and/or cardiovascular events (RR=1.19, 0.98–1.38) du-
ring an average of 11 years of follow-up, compared to metabolically healthy 
people in the normal weight range. A higher risk for all-cause mortality or 
cardiovascular events was also observed in normal-weight individuals with an 
unhealthy metabolic profile. Nevertheless, a higher risk was observed in the 
metabolically healthy obese population when only studies with more than 10 
years of follow-up were considered, indicating that MHO may be a transient 
phenomenon (reviewed in ref 48) MHO is estimated to affect 15-45% of the 
obese population 49, is more prevalent among women than men 50,51, and de-
creases with age (reviewed in ref 52). 

The MHO subset of the population contrasts with the 6-30% of individuals 
who have a normal body mass and adiposity but are still metabolically un-
healthy (‘metabolically obese normal weight’- MONW) 49. Even in individu-
als with a normal BMI, the distribution of body fat seems to make a difference 
in metabolic health. Abdominal obesity is associated with developing CVD, 
insulin resistance, and T2D; and even with all-cause mortality. In contrast, 
gluteo-femoral obesity shows protective associations (reviewed in ref 53). 
Comparing metabolically healthy individuals with a normal body mass to me-
tabolically unhealthy normal-weight subjects, the latter population was more 
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insulin resistant, had more liver fat, visceral obesity, and a larger carotid in-
tima-media thickness, which is a strong predictor for cardiovascular disease 
incidence (reviewed in 54). The concept of MHO was first introduced by Jean 
Vague 55, who observed that the predisposition to diabetes and atherosclerosis 
varies greatly within obese individuals. To this day, there is no standard defi-
nition of MHO, but in most studies, it is defined as obese adults (BMI ≥ 30 
kg/m2) with no prescription for glucose-lowering treatment and with less than 
two of the five components of the metabolic syndrome, i.e.: 1) high serum 
levels of triglycerides (≥1.7 mmol/l or ≥150 mg/dl); 2) high systolic (≥130 
mmHg) and diastolic (≥85 mmHg) blood pressure; 3) low HDL cholesterol 
plasma concentration (<1.0 (<40 mg/dl) in men) or <1.3 mmol/l (<50 mg/dl) 
in women); 4) high fasting blood glucose (≥5.6 mmol/l (≥100 mg/dl); and 5) 
a large waist circumference (reviewed in 56). 

It has been suggested that MHO is a transient condition, with 30-50% of 
MHO individuals, after developing a deterioration in peripheral insulin sensi-
tivity and an increase in fasting blood glucose, turning into metabolically un-
healthy obese (MUO) individuals in a time frame of 4-20 years 57,58. 

Studies have investigated modifications in adipose tissue biology and se-
veral differences have emerged between metabolically healthy and unhealthy 
obesity. First of all, adipose tissue distribution differs between the two popu-
lations: individuals with MUO have more visceral adipose tissue compared 
with those with MHO 49. Moreover, people with MUO also have more intra-
hepatic triglycerides than individuals with MHO 59. Lipogenic genes in adi-
pose tissue have been shown to be more highly expressed in MHO 60,61, and 
the same applies to the expression of genes involved in preadipocyte prolife-
ration and differentiation 62. Furthermore, plasma adiponectin concentrations 
- the principal peptide secreted by adipose tissue – are higher in individuals 
with MHO than in those with MUO 63, in whom the expression is suppressed 
by hyperinsulinemia 64. While these two extreme subsets of the population 
have been studied, the mechanisms responsible for preserved metabolic health 
in people with MHO remain unknown. 
 

The biology of obesity: the leptin-melanocortin pathway 
Obesity is generally branched into monogenic obesity and polygenic obesity. 
Monogenic obesity is caused by rare chromosomal aberrations or loss-of-
function mutations in a single gene, that are inherited in a Mendelian pattern 
and carry strong effect sizes. Monogenic obesity gives rise to severe, early-
onset obesity. Polygenic obesity is the combined effect of multiple common 
(minor allele frequency – MAF >1%) polymorphisms, each with a small effect 
size 65. Even though they have been considered two separate branches, there 
is no biological reason why variants that affect function or expression of a 
gene should fall into one of the two groups. As a matter of fact, genes in both 
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groups seem to act through the same neural pathways that control food intake 
and the pathogenic effect of mutations in genes with a large impact on obesity 
can be influenced by low-impact common variants 66.  

The first understanding of the genes that play a role in obesity came from 
studies of monogenic obesity. The study of monogenic obesity has provided 
considerable insights into the biology of obesity and the role of the hypotha-
lamus in the regulation of energy metabolism.   

Most of the molecular components and mechanisms underlying monogenic 
obesity insights are limited to the leptin/melanocortin pathway (Figure 1) in 
the central nervous system, with mutations in the leptin (LEP) gene being the 
first to be described. Apart from leptin, several other forms of monogenic obe-
sity have been identified that affect body mass regulation, stability of energy 
intake, energy expenditure, and adipogenesis (reviewed in ref 68), accounting 
for less than 5% of all severe forms of obesity. Mutations in the leptin and 
leptin receptor (LEPR) genes result in hyperphagia. Alterations in 
proopiomelanocortin (POMC) and melanocortin 4 receptor (MC4R) genes are 
associated with alterations in food intake and energy metabolism. Also, vari-
ants in pre-proconvertase 1 (PCSK1) impact energy metabolism, while muta-
tions in brain-derived neurotrophic factor (BDNF) create damage in multiple 
processes related to stress response, mood disorders, hyperactivity, and eating 
behavior.  

While studies on monogenic obesity provided valuable insights into the 
mechanisms and biology underlying food intake regulation and obesity, it ac-
counts for less than 5% of all severe forms of obesity. The identification of 
the genes involved in the common forms of polygenic obesity proved to be a 
more arduous task.  
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Figure 1. Leptin/melanocortin pathway. The leptin/melanocortin system integrates 
signals from the periphery in the hypothalamus to critically regulate whole-body e-
nergy homeostasis. The information about peripheral energy storage is conveyed to a 
specific network of neurons located in the hypothalamus by hormones, like leptin se-
creted by adipose tissue. In the brain, leptin binds specific receptors (LEPR) in two 
different populations of neurons in the arcuate nucleus: the orexigenic AgRP/NPY 
expressing neurons, and the anorexigenic POMC-expressing genes. Both populations 
have projections to the paraventricular nucleus, where neurons expressing MC4R are 
located. When leptin binds to receptors on the POMC-expressing neurons, POMC is 
cleaved by PC1, and the product α-MSH is released and activates MC4R, producing 
a satiety signal and decreasing food intake. The downstream roles of Sim1, BDNF, 
and TKRB are yet to be elucidated. α-MSH competes with AgRP for the activation of 
MC4R, and the binding of AgRP to MC4R leads to increased food intake. AgRP, 
agouti-related protein; LEPR, leptin receptor; NPY, neuropeptide Y; POMC, 
proopiomelanocortin; MC4R, melanocortin 4 receptor; α-MSH, alpha-melanocyte 
stimulating hormone; PC1, pre-proconvertase 1; Sim1, Single-minded homolog of 
drosophila; BDNF, brain-derived neurotrophic factor; Tkrb, Tropomyosin receptor 
kinase B; AR, arcuate nucleus; PVN, paraventricular nucleus. (Figure created with 
BioRender.com and adapted from SMART Servier Medical Art, reproduced with per-
mission, licensed under a Creative Commons Attribution 3.0 unported license; 
adapted from 67). 
 

The genetic contribution to susceptibility to obesity 
Obesity is a multifactorial condition that results from the contribution of - and 
interaction between - genetic makeup and environmental factors. Behavioral 
factors and exposure to an obesogenic environment are considered primarily 
responsible for the increase in obesity prevalence 7. However, studies have 
shown that genetic factors account for a substantial proportion of the interin-
dividual variation in BMI (reviewed in ref 69). 

Several strategies have been employed to identify genes that influence su-
sceptibility to obesity, depending on the technologies and resources available.  

Descriptive epidemiology. Epidemiological studies of families and migrants 
provided the first efforts in investigating the genetic contribution to the su-
sceptibility of obesity. Data from twin studies suggested that individuals with 
a family history of obesity are at 1-1.5 higher risk of developing obesity. 
Moreover, the familial risk increases with increasing degree of relatedness to 
the proband 70. In a large meta-analysis that included 31 studies and data from 
more than 140,000 twin pairs, genetic factors accounted for 75% (h2 = 0.75) 
of the interindividual variation in BMI, leaving only 25% to be explained by 
environmental factors.  
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BMI heritability estimates from 25 family studies that included almost 
43,000 individuals, suggested a lower heritability of BMI (h2 = 0.46), suggest-
ing that the true heritability value lies between 40% and 70% 71. 

Epidemiological studies of migrants also provided evidence of a genetic 
contribution to the susceptibility to obesity, by comparing the risk of disease 
in individuals in the country of origin and individuals of the same population 
in the country where they have migrated. A classic example of this is the 
American Pima Indians living in central and southern Arizona (U.S.) and 
Mexico. In Arizona, Pima Indians have double the prevalence of obesity 
(70%) compared to American residents of European descent (33%), despite 
sharing the same obesogenic environment. Pima Indians living in Mexico and 
leading a traditional lifestyle presented favorable phenotypes (e.g., lower BMI 
and lower plasma total cholesterol levels) compared with the Pima Indians 
living in Arizona. This suggests a genetic susceptibility to obesity in Pima 
Indians 72. 

The heritability of obesity is widely accepted to be between 46%-75% but 
may vary by population (twin studies showing higher heritability than family 
studies) and age (e.g., genetic factors playing a stronger role in younger indi-
viduals 73. 

Candidate gene studies reflect a hypothesis-driven approach where, based on 
the understanding of the biology and physiology underlying a disease, one 
evaluates the associations of variants in candidate genes with obesity-related 
traits. In a candidate gene study, a gene can be a functional or a positional 
candidate. Functional candidates are genes thought to be involved in the re-
gulation of energy balance, based on animal model studies or human physio-
logy. Genes are positional candidates if they occupy regions in the genome 
that have been connected to obesity phenotypes by genome-wide linkage as-
sociations.  

Candidate gene studies are typically structured as case-control or cross-
sectional studies: once the candidate gene is selected, variants within the gene 
are tested for association with obesity traits (i.e., obesity prevalence, BMI, or 
other body composition traits) at a population level. 

There are several types of genetic variants: single nucleotide polymor-
phisms (SNPs), small insertions/deletions (indels), copy number variants 
(CNV), and microsatellites. SNPs are the most common, accounting for over 
90% of the genetic variation in the human genome. The results for associations 
with obesity are reported as odd ratios (case-control) or relative risk (cross-
sectional).  

Some of the limitations of candidate gene studies performed before 2005 
were the low statistical power due to a typically small sample size (n<1000) 
in combination with the small effect size we now know to expect for common 
variants. Other limiting factors of earlier candidate gene studies were incom-
plete coverage of common variants across the gene due to the low number of 
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variants tested and a poor understanding of the underlying biology. Therefore, 
the likelihood of identifying a common causative variant among small popu-
lations was low. An additional weakness of candidate gene studies is that it is 
limited to protein-coding regions, and the possible role of neighboring genes 
and introns on protein expression is neglected. Nonetheless, many candidate 
gene studies were performed and hundreds of genes were studied as candi-
dates. Reproducible associations have been reported for only a few of these 
candidate genes (e.g., MC4R 74, PCSK1 75, BDNF 76, PPARG 77, ADRB3 78, 
CNR1 79). 
 
The genome-wide linkage approach traditionally involved the genotyping of 
polymorphic markers, positioned across the whole genome at 1-10 cM inter-
vals, and tested whether certain chromosomal regions co-segregated with a 
trait or disease across generations. Linkage studies were designed to identify 
chromosomal regions shared by the affected family members more often than 
expected by chance. However, due to the low resolution and limited number 
of affected families and family members, the genome-wide linkage approach 
identified broad intervals that usually covered very many genes. Moreover, 
the statistical significance was generally not strong and results proved difficult 
to replicate. After the first genome-wide linkage study was performed on Pima 
Indians, hundreds of loci were reported to be of interest. However, a meta-
analysis of 37 genome-wide linkage scans that included over 31,000 indivi-
duals from over 10,000 families could not unequivocally pinpoint any specific 
loci for obesity or BMI 73. 
 
Genome-wide association studies (GWAS) are hypothesis-generating ana-
lyses in which associations between obesity-related traits and millions of 
SNPs across the whole genome are examined simultaneously. GWAS relies 
on previous efforts of the Human Genome Project 80, which sequenced the 
human genome, and of the International HapMap Consortium 81 and 1000-
Genomes project 82, which developed reference panels for imputation. GWAS 
is based on the principle that loci that are physically close in a chromosome 
are more likely to inherit together and are therefore in stronger linkage dise-
quilibrium (LD). The genomic size of the LD blocks represents the number of 
genetic markers required to tag a haplotype.  

In the early days, GWAS typically had a two-stage design: a discovery 
stage and a replication stage. In the first stage, millions of common (MAF 
≥1%) SNPs are tested for association with the trait or disease of interest. In 
the second stage, the SNPs showing promising results were taken forward for 
replication in independent samples. By researchers collaborating and combi-
ning data using meta-analyses, GWAS – for the first time - had the advantage 
of screening large samples at high resolution, without relying on familial re-
latedness. The study of common obesity benefitted from the continuous incre-
ment of the sample size that improved the statistical power to detect more and 
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more loci. The first GWAS on obesity traits included around 5000 individuals 
and was able to identify only the common (MAF=40-45%) variant in the FTO 
locus with its fairly large effect on BMI 83–85. In contrast, in the most recent 
effort by the GIANT (Genomic Investigation of Anthropometric Traits) con-
sortium, data from 700,000 individuals, allowed researchers to detect over 750 
independent low-frequency (MAF≥1.6%) loci with increasingly small effect 
sizes 86. 
 

GWAS on BMI 
The first breakthrough in the genetics of common obesity was in 2007 when 
three independent studies reported the association signal within the first intron 
of the FTO gene to be associated with obesity and BMI 83–85. The first wave 
of GWAS was followed by four additional waves, made possible by interna-
tional collaborations that merged into the GIANT consortium. The collabora-
tive efforts facilitated an increase in sample size and statistical power, thus 
allowing the identification of more common variants with effect sizes smaller 
than those of the FTO variants.  

In 2008, variants in the MC4R locus were identified and variants in the FTO 
locus were confirmed 87. In a third study, a meta-analysis of 15 GWAS for 
BMI in individuals of European ancestry (n=32,387) identified 35 signifi-
cantly associated SNPs. In addition to FTO and MC4R, six new loci were con-
firmed in the replication stage (n>59,000). These six loci were located in or 
near genes encoding genes that were highly expressed or known to act in the 
central nervous system (e.g., TMEM18, KCTD15, GNPDA2, SH2B1, MTCH2 
and NEGR1) 88. Simultaneously, another meta-analysis performed by de-
CODE Genetics included four GWAS for BMI and identified seven novel loci 
associated with BMI 89. In the fourth study in 2010, the GIANT consortium 
meta-analyzed results from 46 GWAS for BMI, comprising data from over 
124,000 individuals in the discovery stage. Forty-two significant SNPs were 
taken forward for replication in a set of over 126,000 individuals. The study 
confirmed associations for 14 established loci and additionally identified 18 
novel BMI-associated loci 90. 

The most recent and largest meta-analysis of BMI was performed on data 
from over 700,000 individuals of European ancestry and identified over 940 
SNPs, of which 751 were novel 86. 

The majority of GWAS for obesity-related traits were performed in popu-
lations of European ethnicity. This represents a limitation because variants 
with a high frequency in one population might be fixed in another. An example 
is the CREBRF signal, first identified in Samoan populations 91, and the 
ADCY3 signal, first identified in the Greenlandic population 92, but rare or 
undetected in other populations. In light of the differential genetic architecture 
between populations, studies included individuals of different ethnicities 93–96. 
In 2015, a meta-analysis of 82 GWAS on BMI using data from genome-wide 
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arrays and Metabochip included over 339,000 individuals. Analysis of Euro-
pean ancestry led to the identification of 77 loci associated with BMI, while 
the inclusion of non-European individuals yielded 10 extra loci 93. Subsequent 
GWAS in populations of other ancestries were performed, and despite the 
smaller sample sizes, several previously unanticipated loci have been identi-
fied. A study performed in rural Uganda on over 14,000 individuals identified 
two novel loci associated with BMI (PLD5/SDCCAG8 and TAS2R) 94. A study 
performed by the African Ancestry Anthropometry Genetics Consortium 
(AAAGC) on over 52,895 individuals identified three novel (IRX4/IRX2, 
INTS10/LPL, and MLC1) loci associated with BMI 95. Other loci have been 
first discovered in individuals of other ancestries, such as 112 novel loci iden-
tified in the Japanese population 96. The Population Architecture using Ge-
nomics and Epidemiology (PAGE) study meta-analyzed 26 clinical and be-
havioral phenotypes in 49,839 non-European individuals identified 27 novel 
loci and replicated 1,444 signals across several traits 97. 

GWAS on extreme obesity 
Performing GWAS on individuals with extreme phenotypes has the advantage 
to test in a population with more variants that predispose to obesity, and/or 
that carry variants with larger effects, resulting in improved power to identify 
novel association signals. The first study performed by comparing the geno-
type of 487 extremely obese individuals and 442 healthy lean controls con-
firmed the association in the FTO locus 98. A further increase in the sample 
size (1,380 cases and 1,416 controls) allowed the identification of 38 signifi-
cant SNPs that were taken further for replication in a set of >14,000 indivi-
duals. The study confirmed associations for the FTO and MC4R loci, and iden-
tified three additional risk loci in NPC1 (endosomal/lysosomal Niemann-Pick 
C1 gene), near MAF (MAF bZip transcription factor) and near PTER (phos-
photriesterase-related gene) 99. In 2012, a study meta-analyzed results from 14 
GWAS with data from 5,530 obese cases and 8,318 lean controls, identifying 
eight signals, of which two (OLFM4 and HOXB5) persisted after the inclusion 
of two extreme childhood obesity cohorts (2,214 cases and 2,674 controls) 100. 

Considering that the impact of variants on adiposity begins in childhood, 
several studies have focused on childhood BMI. In 2010, a meta-analysis of 
two GWAS with data from 2,258 children and adolescents, identified 44 as-
sociation signals that were followed up in the replication stage (n=3,141). 
Apart from confirming the signals in FTO, MC4R, and TMEM18, two addi-
tional loci were identified in SDCCAG8 and TNKS/MSRA 101. A meta-analysis 
of 20 GWAS totaling 35,668 children of European ancestry yielded 15 loci 
that replicated (11,873 children), of which 12 were previously identified to be 
associated with adult BMI, and three were novel (ELP3, RAB27B, and 
ADAM23) 102. A meta-analysis of 30 studies consisting of obese individuals 
(n>13,000) and lean controls (n>15,000) of European, African, North/South 
American, and East Asian ancestry, yielded 18 previously identified BMI- or 
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obesity-associated loci and one novel locus in METTL15. While the associa-
tion only persisted in the European ancestry subgroup, the direction of effect 
was consistent in the other ethnicities 103. A recent study integrated DNA-level 
GWAS data with mRNA level expression data in a transcriptome-wide asso-
ciation study (TWAS) with the aim to investigate the genetic architecture of 
childhood BMI. The study identified 15 candidate genes, of which 12 genes 
have functional relevance and three genes (FAM150B, KNOP1, and LMBR1L) 
were novel candidate genes for childhood BMI 104. Out of the 15 candidate 
genes, 7 genes (ADCY3 90,93, FAIM2 90,93,100, FTO 90,93,100, NCOA1 90,93, 
TFAP2B 90,93, DNAJC27 105, and EFR3B 105) were also associated with BMI in 
adulthood.  
 
GWAS on waist-to-hip ratio with and without adjusting for BMI 
For a given BMI, body fat distribution can vary substantially and adipose tissue 
location (upper vs. lower body fat deposition), can substantially modify the risk 
of comorbidities, such as type 2 diabetes and coronary heart disease 106.  

Besides focusing on overall adiposity alone, the GIANT consortium and 
others have also performed GWAS focusing on body fat distribution in Euro-
pean 107–113 and African 114 ancestry. A meta-analysis of 16 GWAS on 
38,580 individuals with European ancestry, identified 26 SNPs in the disco-
very stage, of which two novel loci (TFAP2B, MSRA) were strongly associ-
ated with central adiposity in the replication stage (n=70,689), and one (LY-
PLAL1) was strongly associated with WHR independently of BMI 107. The 
LYPLAL1 locus was strongly associated with the subcutaneous and visceral 
adipose tissue ratio (a metric of the propensity to store fat viscerally as com-
pared to subcutaneously) in the overall sample and in women (n= 5,560) and 
men (n= 4,997) separately. In the sex-specific analyses, the THNSL2 locus 
was significantly associated with visceral adipose tissue in women but not 
men.  

An effort by the CHARGE (Cohorts for Heart and Aging Research in Ge-
nomic Epidemiology) consortium performed on eight cohort studies that to-
taled 31,373 individuals of European descent confirmed the role of FTO and 
MC4R and identified one novel locus associated with waist circumference in 
NRXN3. This association was confirmed in the replication stage by combi-
ning with data from 38,641 individuals from the GIANT consortium 108. A 
large-scale meta-analysis of 32 GWAS studies for WHR comprising over 
77,000 participants identified 14 SNPs, 12 of which reached significance in 
women and three in men. Of the loci also associated with BMI, only FTO 
remained significant for WHR in the replication stage 109. The four SNPs that 
reached genome-wide significance were then confirmed by a subsequent 
meta-analysis of 51 studies including data from 100,605 individuals of Euro-
pean ancestry 110. A further increase in sample size (n=224,459), allowed the 
identification of 49 loci (33 new) associated with WHR adjusted for BMI 
(WHRadjBMI), 20 of which showed significant sexual dimorphism, with 19 
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showing a stronger effect in women 111. The sex-specific associations with 
WHRadjBMI were further investigated in a meta-analysis of 94 studies that 
took forward 348 SNPs in an additional 137,052 individuals. Seven novel loci 
reached genome-wide significance and displayed sex-specific effects, of 
which three had not previously been associated with anthropometric traits 
(near MAP3K1, HSD17B4, PPARG), all of which were genome-wide signi-
ficant in women only 112. A meta-analysis of 114 studies (up to 320,485 in-
dividuals of European descent) tested the association of up to ~2.8M SNPs 
with BMI and WHRadjBMI in four strata (men ≤50y, men >50y, women 
≤50y, women >50y). For WHRadjBMI, 44 loci (27 previously established for 
main effects, 17 novel) showed sex-specific effects: 28 loci showed larger ef-
fects in women than in men, five showed larger effects in men than in women, 
and 11 showed opposite effects between sexes 113. 

Meta-analysis on data from African ethnicity individuals for WC, WHR, 
and WHRadjBMI was performed in data from up to 33,591 and 27,350 indi-
viduals, respectively. A total of 25 SNPs were followed up in the replication 
stage, resulting in two suggestive loci associated with fat distribution in Afri-
can populations, in addition to confirming six loci previously identified in Eu-
ropean populations 114. 

Enrichment analysis maps genes to specific tissues providing insights into 
the potential biological mechanisms of the genes located in the GWAS loci. 
The BMI-associated genes appear to be strongly enriched in the brain, identi-
fying it as a key element for the regulation of body weight, accordingly also 
to observations in humans and mice. The brain, specifically the hypothalamus, 
pituitary gland, hippocampus, and limbic system, is the region that regulates 
food intake, is related to addiction and reward, and is involved in learning and 
cognition 93,105. The enrichment of WHRadjBMI-associated genes exhibits en-
richment mainly in adipose tissue, and additionally in liver, blood, and skeletal 
muscle. The tissue enrichment suggests that WHRadjBMI-associated genes 
play a role in body fat regulation, such as adiponectin signaling, insulin sen-
sitivity and regulation of glucose levels, skeletal growth, and development 
109,111.  

GWAS on body fat percentage 
Although BMI is a measurement of overall adiposity, it does not directly in-
clude body fat levels, therefore does not recognize between lean and fat tis-
sues. BMI is strongly correlated with body fat percentage (BF%), which pro-
vides a more refined measurement of adiposity 115 and that can identify loci 
more linked to adiposity. A meta-analysis of 15 GWAS that included over 
39,000 individuals with European and Indian ancestry identified three body 
fat percentage loci (in FTO, near SPRY2, and near IRS1- Insulin Receptor Sub-
strate 1) 116. The study found that the major allele of the variant near IRS1 was 
associated with lower IRS1 expression, and lower BF%, with a more pro-
nounced effect in men than in women, without an effect on BMI or WHR. 
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While the variant had a protective effect against adiposity; however, it seemed 
to increase the risk of diseases, such as increased risk of CVD 117, increased 
risk of T2D 118, and poorer lipid profile 119. The inclusion of CT data showed 
that the BF% lowering allele was associated with less fat deposition in subcu-
taneous adipose tissue without affecting fat deposition in visceral adipose tis-
sue. The abnormality in fat storage leads to ectopic fat deposition, which in 
turn, increases insulin resistance, lowers adiponectin levels, and worsens the 
lipid profile, increasing the risk for T2D and CVD.  

The study suggests that the inclusion of more refined phenotypes might 
further increase the understanding of the biology of adiposity. Subsequent 
studies performed on up to 100,716 individuals 105 and up to 362,499 120 indi-
viduals have identified 12 and 98 loci respectively. As previously shown by 
Kilpeläinen et al. 116, the effect of the BF%-associated variants is gender de-
pendent and is differentially associated with the risk for other cardiometabolic 
traits, providing insights on the link between adiposity and cardiometabolic 
diseases.  

When GWAS is not enough to understand the biology of obesity 
As mentioned, GWASs have successfully mapped hundreds of loci associated 
with obesity traits. However, they have also raised many questions. The over 
700 loci identified explain only 6% of heritability in BMI 86, and the majority 
of the genetic variation remains unexplained.  

In most cases, the GWAS signal is located in non-coding sequence or in 
loci with multiple genes. Identifying the causal gene(s) is difficult. Even if 
such loci play a role in gene expression regulation, it is unclear which genes 
they regulate, which of those are causal, and via which cell types and tissues 
those causal genes act. Moreover, a plethora of bioinformatic tools is now 
available to pinpoint candidate genes, but approaches make use of different 
databases and often provide discordant results, hindering the translation of 
GWAS findings into clinical interventions. 

Distilling the genetics of common obesity is a challenge that cannot be 
solved by implementing a single approach. The FTO locus, which has been 
referred to as the obesity-associated gene, represents an excellent example of 
the complexity of the problem. Several sources of evidence suggested FTO to 
play a role in obesity, however, the link between the intronic SNPs and FTO 
activity remained elusive. Studies on murine models reported that Fto defi-
ciency resulted in a lean phenotype 121, whereas Fto overexpression is asso-
ciated with increased body weight 122, attributing a role for Fto in amino acid 
metabolism 123. In 2014, two independent studies pointed to two genes neigh-
boring FTO: iroquois homeobox 3 (IRX3) and RPGR-interacting protein-1 
like (RPGRIP1L). The first intron of the FTO gene contains a binding site for 
the transcription factor cut-like homeobox 1 (CUX1), which regulates the ex-
pression of RPGRIP1L. RPGRIP1L encodes the basal body of the primary 
cilia, known to be involved in obesity through Bardet-Biedl syndrome, mo-
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dulating the leptin receptor localization within neurons 124. Knockdown of the 
IRX3 orthologue in zebrafish (e.g., irx3a) interfered with pancreatic develop-
ment by reducing the number of beta-cells and suggesting a role of IRX3 in 
both obesity and T2D 125. Functional follow-up studies in mice that are hete-
rozygous for a null allele of Rpgrip1l reported an increase in adiposity and 
food intake 126. The intronic region in FTO also includes an enhancer sequence 
that directly binds the transcription factor ARID5B (AT-rich interactive do-
main 5B) that regulates IRX3 and IRX5 expression. Alterations in IRX3/5 ex-
pression influence both adipose tissue, via changes in browning of white adi-
pose tissue 127, and the hypothalamus, via altered food intake and energy ex-
penditure. Irx3-deficient mice exhibited reduction of body weight and in-
creased metabolic rate with browning of white adipose tissue, without changes 
in physical activity or appetite 128. 

Translating GWAS signals into discoveries 
With the increasing number of GWAS, over 1100 independent loci associated 
with obesity traits have been identified 49,86,129. However, translating GWAS 
signals into biological insights is far from being trivial and several are the 
obstacles. Those studies fail to pinpoint which variant(s) in the locus is cau-
sing the association and which gene(s) is affected by the causal variant con-
tributing to the manifestation of the phenotypes 49. The problem rises since 
many coinherited variants are in LD and therefore non-causal variants reach 
significant threshold only because of the strong association with the causal 
variant, and several tools are available for fine-mapping, that is the prioritiza-
tion of the set of variants more likely to be causal, such as CAVIAR 130 and 
FINEMAP 131.  

Despite fine-mapping has identified hundreds of genetic variants associated 
with complex metabolic traits, pinpointing candidate genes remains a chal-
lenge because 1) the variant might be located several Mb away from the clo-
sest gene; 2) because the closest gene is not always the culprit, as the prime 
example involving the FTO locus 124,125; and 3) because each GWAS signal 
might harbor several candidate genes. Only 5-10% of diseases-associated va-
riants are attributed to variation in coding sequence and bioinformatic tools, 
such as ANNOVAR 132 and The Ensembl Variant Effect Predictor (VEP) 
133, can be implemented to speculate the effect of the variant on the gene. 
Most association signals map to non-protein-coding regions enriched in tran-
scriptional regulatory elements, suggesting that GWAS-identified loci might 
alter the expression of one or more genes. Given the complexity of the ge-
nome, it is difficult to assign the transcriptional regulatory regions to the target 
gene(s), making it necessary to resort to experimental models. One approach 
to resolve target genes of genetic variants is based on differences in expression 
(mRNA) levels of one or more genes in specific tissues by expression 
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quantitative trait loci (eQTLs). The approach suggests that the causal variant 
is likely located in a transcriptional regulatory region that regulates the ex-
pression of genes in disease-relevant tissues, as the enrichment of obesity-re-
lated genes (measured as BMI) in the brain and of adiposity-related genes 
(measured as WHR) in the adipose tissue 93. Several open-access portals can 
be employed for the functional assessment of variants, such as Genotype-Tis-
sue Enrichment (GTEx) 134, the Encyclopedia of DNA elements (ENCODE) 
135, and the RoadMap Epigenome projects. The main motivation for perfor-
ming a GWAS is to translate the identified association into biological insights, 
and bioinformatic tools, such as DEPICT 136, provide information on regula-
tory pathways, tissues, and cell types through which putative genes are anti-
cipated to influence metabolic phenotypes for complex diseases.  

The identification of the candidate genes is perhaps the most crucial part of 
the interpretation of GWAS signals. Several computational methods have 
been developed to prioritize candidate genes, with each method integrating 
several resources (e.g., protein-protein interaction, gene ontology, pathway in-
formation, and eQTLs). Some approaches, such as ENDEAVOUR 137, pre-
dict candidate genes based on the hypothesis that putative genes play a role in 
the same molecular pathways as other genes already known to participate in 
the disease of interest. Other approaches, such as functional mapping and an-
notation platform (FUMA 138) prioritize genes based on positional mapping, 
eQTLs, and chromatin interaction. While no one tool performs better, usually 
a combination of several methods that are based on different depositories are 
used to select the more promising genes. 

The integration of an increasing number of omics data, the upscaling in 
molecular technology, and the continuous development of bioinformatic tools 
combine known data to predict candidate genes. As predictions, genes should 
be functionally studied, for example in animal models, in order to qualify as 
possible therapeutic targets. 

Investigating obesity and obesity-related comorbidities 
in animal models 
The great majority of loci's causative genes have yet to be functionally de-
fined, and related tissues, cell types, and processes remain unknown. Despite 
the number of genetic variants that have been uncovered, clinical insights have 
been rather restricted so far. Historically, perturbing candidate genes in cul-
tured cells or animal models was employed to identify the biological conse-
quences of genetic correlations for human disorders. Both model systems can 
provide useful information. Although 2D and 3D cell cultures aid in through-
put, they lack the intricacy of a living organism. Murine models, on the other 
hand, are frequently inefficient for studying the function of hundreds of 
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candidate genes. In vivo model systems are required to fully functionally ex-
amine a large number of genes for their significance in human disease. The 
zebrafish is a fascinating choice because of its various characteristics. 

Animal models used for translational research on obesity  
The regulation of energy expenditure and consumption involves many organs 
(e.g., brain, adipose tissue, intestines, skeletal muscle). Therefore, the use of 
animal models is essential to better understand the role of genes in the deve-
lopment and progression of obesity.  

Several animal models are considered in biomedical research, and while 
the choice was originally mostly based on similarity in physiology with hu-
mans, today experiments are scrutinized to make sure the benefit of the antic-
ipated outcome outweighs the harm done to the animal. 

The first widely used animal model for metabolic research was the dog, 
with pioneering studies by Frederick Banting and Charles Best leading to the 
discovery of insulin (Nobel Prize in 1923) 139. Dogs were subsequently re-
placed by pigs (reviewed in 140 ), and smaller animals, such as rodents 141–148 
reviewed in 149,150, and later also by non-mammalian organisms 151, such as 
fish (reviewed in 152) and fruit flies (reviewed in 153), supporting the 3R (i.e., 
Replacement, Reduction, and Refinement) guidelines 154. 

The identification of spontaneous mutations in several genes causing obe-
sity in mice and rodents has provided insights into the hypothalamic control 
system that can lead to obesity. A deletion in the agouty gene in the Lethal 
Yellow Mutant Mouse (Ay) 141,142 resulted in mature-onset obesity (8-12 weeks 
of age), T2D, hyperleptinemia, increased linear growth, higher tumor suscep-
tibility, and infertility 143. Studies of the Ay/a mice led to the discovery of the 
melanocortin pathway and the importance of α-MSH. Subsequently, a strain 
of obese mice with mutations in the obese (lepob) gene 144 was identified. The 
lepob/lepob mice gained weight throughout their lives and exhibited persistent 
hyperphagia. A second strain with a point mutation in the Diabetes (leprdb) 
gene, resulted in mice that manifested obesity and T2D 145,146. A similar phe-
notype of early-onset obesity associated with hyperphagia and insulin re-
sistance was also observed in the Zucker Fatty Rat 147,148, which exhibited a 
mutation in the (fa) gene 150. Combined, the Obesity (lepob/lepob) and Diabetes 
(leprdb/leprdb) mice and the Zucker Fatty Rat (leprfa/leprfa) led to the discovery 
of leptin and its signaling pathway. Other experiments to evaluate the effects 
of genes and environment by inducing obesity with diet (reviewed in ref 155).  

While the murine model represents an established tool for obesity research, 
it is not suitable for the large-scale mutagenesis and phenotypic screening re-
quired to study the role of the large number of candidate genes in GWAS-
identified loci (i.e., at the moment of writing, 2091 genes have been associated 
with obesity 156). Limitations of murine model systems include the difficulty 
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in genome editing at embryonic stages, the slow development and life cycle, 
and relatively high maintenance costs.  

Translational impact of zebrafish in modeling obesity  
In recent decades, the zebrafish (Danio rerio) has emerged as a prominent 
model system to study complex human diseases, as it has a high degree of 
genetic and physiological conservation to humans. Zebrafish have several ad-
vantages as a research animal model, including easy maintenance in large 
numbers and a relative short generation time (from fertilized egg to adulthood 
requiring 3 months). It is fecund and each pair is able to generate hundreds of 
embryos weekly. Their external development affords easy access for embry-
onic and genetic manipulations 157,158. Another principal strength of the 
zebrafish is the optical transparency of embryos and larvae. This makes 
zebrafish amenable to intravital imaging of cellular processes 159–161, and by 
employing lipophilic dyes, the development of adipocytes (Sudanophilus dye, 
Oil Red O, Sudan, Nile Red, and Lipid Green) 162 and the mobilization of fatty 
acids (BODIPY) 163 can be visualized in vivo. Additionally, zebrafish have an 
orthologue of 70% of human genes, or 84% of human genes associated with 
diseases 164. Its genetic and physiological similarity with mammals, combined 
with the development of genome editing techniques, automated systems for 
high-resolution image acquisition and data collection tools, makes zebrafish a 
model system suitable for high-throughput genetic screening 165. 

Zebrafish as a model system to study human complex diseases 

Modeling human obesity in zebrafish 
Zebrafish possess the key organs that are important for the regulation of e-
nergy homeostasis and metabolism in mammals, and have orthologues of 
genes regulating appetite, insulin, and lipid storage. This makes them suited 
as a model in which to study metabolic (dys)function 151,166. 

Zebrafish accumulate excess of lipids only in visceral, intramuscular, and 
subcutaneous white adipose tissue (i.e., not in brown adipose tissue) 167, with 
the energy storage function of adipose tissue being conserved between fish 
and mammals 168–172. Adipogenesis begins in the visceral cavity at 8 days post 
fertilization (dfp). The first adipocytes are visible in the pancreatic area star-
ting from 12 dpf (or when the larvae are about 4.3 mm long) 162,170. Similarly 
to mammals, adipocytes in zebrafish accumulate neutral lipids in multiple cy-
toplasmic small lipid droplets, that later converge into single large lipid drop-
lets 162,170. 

Zebrafish adipose tissue responds to nutritional manipulation. In the larval 
stage, normally fed zebrafish display adipogenesis at 8 dpf; in contrast, adipo-
genesis is only visible at day 15 if larvae are starved. Juvenile zebrafish (28 
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dpf) starved for four days display adipocytes with reduced size, while fish 
starved for 7 days at 35 dpf reduce their body mass, lipid contents, and length. 
Lipids depots that are completely depleted upon fasting can be restored within 
4 days after refeeding 162. 

 
Diet induced obesity. Obesity can be induced in zebrafish by feeding on a 
high-fat diet or by over-nutrition. In studies in early stages of development, 
obesity has been induced using a high-fat diet (e.g., heavy whipping cream 151 
or chicken egg yolk solution 173), starting at 5 dpf. Although white adipose 
tissue is not visible yet, obesity progression can be quantified by an increased 
number of stationary lipids in the vasculature and by quantifying whole-body 
levels of triglycerides 151,173. In adult zebrafish, over-nutrition and/or high-fat 
diet are used to induce obesity and different diets induce different metabolic 
phenotypes 174. Overfeeding with Artemia for 8 weeks in zebrafish of 3.5 
months of age resulted in zebrafish displaying obese phenotypes, like higher 
BMI, triglycerides levels, and hepatosteatosis 175. Administering a high-fat 
diet, e.g. corn oil or lard 176 or crude vegetable oil 177, increased body fat ac-
cumulation two-fold and resulted in additional metabolic alterations, such as 
cardiac changes 177, fatty liver and glucose intolerance 174. 
 
Histological staining and comparative transcriptome analysis have provided 
evidence of the high homology between zebrafish and mammalian models 162. 
In particular, zebrafish adipocytes express genes associated with adipocyte 
differentiation (e.g., fatty acid–binding protein 11a, fabp11a; peroxisome pro-
liferator activated receptor gamma, pparg) 162,178,179, adipocyte lipolysis (e.g., 
lipoprotein lipase, lpl) 180,181, and adipocyte endocrine function (e.g., leptin, 
lep) 182. Similar to mammals, zebrafish pparg mRNA is expressed in adipo-
cytes and liver 182, and is detectable already in 15 day-old larvae 162. Zebrafish 
pparg expression is regulated by compounds known to modulate mRNA le-
vels in mammals 179, suggesting a conserved role between the species. There 
are two orthologues of Fabp4a in zebrafish, namely fabp11a and fabp11b. 
While fabp11a is expressed in preadipocytes (in the larvae stage) and adipo-
cytes in adult specimens; fabp11b is expressed in the retina 162. Moreover, the 
levels of lpl mRNA in zebrafish are detectable already at 8 dpf in adipocytes 
and the protein function is conserved with the mammalian counterpart 180,181. 
Not all lipid metabolism genes are highly conserved in zebrafish. Zebrafish 
leptin has only 19% amino acid sequence similarity with the human sequence. 
Moreover, the hormone is not expressed in adipose tissue and adult zebrafish 
lacking a functional leptin receptor do not exhibit hyperphagia or increased 
adiposity 182. 
 
Genetic manipulation. Obesity has been characterized in zebrafish models by 
modifying the expression of genes that reflect human obesity. While trans-
genic and mutant zebrafish lines display increased adiposity in adults; as 
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larvae, obesity progression is detected as presence of fatty liver. Studies in 
zebrafish larvae targeted genes involved in lipid metabolism (e.g., cdipt 183, 
gfpt1 184) and were characterized by a small sample size.  

Overexpression of the AgRP receptors, which generate the Ay phenotype in 
mice 141,142, results in adult zebrafish with characteristics of obesity, like ele-
vated weight gain, linear growth, triglyceride levels, and more adipocyte ac-
cumulation 167. Mutations in MC4R are by far the most common cause of mon-
ogenic obesity and hyperphagia in humans. The effects of mc4r deficiency in 
zebrafish were observed in post-juvenile stages (2.5 months post fertilization). 
mc4r-/- adult zebrafish ate more 185 had a higher body mass and body fat per-
centage, and had impaired glucose tolerance 186. Not all genes with a relevant 
role in human obesity show conserved effects in zebrafish. Previous studies 
on the role of leptin and lepr in zebrafish showed inconsistent results, either 
supporting a role for leptin in body mass regulation 185, or by finding an effect 
on higher beta-cell number and insulin expression but not on adiposity and 
food intake 182,187. While the effect of lepr on beta-cell mass was only observed 
in lepr-/- zebrafish larvae; higher food intake and adiposity were only evident 
in adult lepr-/- zebrafish. Moreover, haploinsufficiency for BDNF leads to hy-
perphagia and childhood-onset obesity in humans. In zebrafish, intraperitone-
ally administering bdnf increased food intake, suggesting a role in the opposite 
direction from what is observed in mammals 188. 

Modeling obesity-associated comorbidities in zebrafish 
Zebrafish and mammals are morphologically comparable, as the zebrafish 
pancreas has similar morphogenesis and cellular architecture as the mamma-
lian pancreas 189. The cellular organization in zebrafish resembles the mouse 
islets 190,191 possessing insulin-secreting beta-cells 192–194 and similar signaling 
pathways and mechanisms 195. Moreover, several pathways for body mass 
control and energy balance present in mammals are conserved in zebrafish, 
such as insulin-like signaling and secretion, or the developing of diabetes-like 
states when exposed to genetic or environmental perturbations (i.e., dietary 
interventions and drug treatment). Zebrafish also express genes that regulate 
gluconeogenesis and lipolysis (e.g., insulin and insulin-like growth factor I 
(IGF-I)-like signaling proteins 196; pancreatic and duodenal homeobox 
1 (pdx1) 197; microsomal triglyceride transfer protein (MTP) 198; and the FA 
transport protein (slc27a) and acyl-CoA synthetase (acsl) genes - reviewed in 
199), already at 4dpf. 
 
Several ways have been explored to induce hyperglycemia in zebrafish. Ex-
posure of zebrafish to a glucose solution (2%, 201; 4%, 202) for 4 weeks resulted 
in elevated levels of fasting blood glucose in the treated adults compared to 
the controls. The same methodology applied on larvae (from 3 hours post fer-
tilization to 5 days) resulted in 28% mortality rate and a condition that mi-
micked the fetal condition in gestational diabetes 203. Immersion of adult fish 
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in 110 mM glucose solution for 14 days resulted in elevated glucose levels. 
Immersion of larvae (from 3 to 6 dpf) in 130 mM glucose resulted in hyper-
glycemia and retinopathic symptoms 204. 
 
Thanks to its fully sequenced genome, nowadays, the studies of obesity and 
related diseases in zebrafish can benefit from advances in genetic manipula-
tion techniques. Zebrafish with CRISPR/Cas9-induced mutagenesis of lepr 
and lepa had altered glucose homeostasis, with more beta-cells and higher 
levels of insulin mRNA in larvae and adult fish 182. Those diabetic features 
were also observed upon knockout and knockdown of pdx1 in zebrafish 205, in 
addition to retinopathic symptoms 206. 
 
The high similarity in the pathology of T2D between zebrafish and mammals 
is also evident in the response to exposure to drugs commonly used to treat 
diabetes. Both incubation in metformin and glimepiride ameliorated hypergly-
cemia in fish with high blood glucose levels and impaired glucose tolerance 
207. 
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Aims 

General aim 
My Ph.D. project aims to validate zebrafish as an in vivo model system using 
image and CRISPR-Cas9-based technologies for systematic and large-scale 
characterization of genes with known and potential roles in adiposity and other 
cardiometabolic traits.  

The project intends to connect medical research and healthcare by identi-
fying and characterizing the role of putatively causal genes to uncover new 
insights into disease mechanisms that uncouple obesity from its normal car-
diovascular risk and to propose potential targets for novel therapeutic inter-
ventions.  
 
The specific aims were: 

 
• To identify candidate genes in loci associated with higher adiposity 

and lower cardiometabolic risk, or vice versa, by pairwise meta-ana-
lysis of genome-wide associated studies for obesity and cardiometa-
bolic complication (Study I). 

• To develop and validate a model system for obesity in 10-day old 
zebrafish larvae by targeting zebrafish orthologues of established hu-
man genes associated with obesity and implicated in food intake 
(Study II). 

• To develop and validate a framework in which candidate genes can 
be characterized in crispants (Study III). 

• To functionally characterize promising and novel candidate genes pri-
oritized in Study I to identify new physiological pathways that uncou-
ple adiposity and cardiometabolic risk (Study IV). 



 

 36 

Study summaries 

Study I 
Genome-wide discovery of genetic loci that uncouple excess adiposity from its 
comorbidities. 
 
In Study I, we performed pairwise cross-phenotype meta-analysis from sum-
mary statistics of 11 GWA studies. The 24 pairwise association included one 
of three adiposity traits (i.e., BMI, body fat percentage, and WHR) and one of 
eight cardiometabolic traits (i.e., HDL-c, LDL-c, triglycerides, fasting glu-
cose, fasting insulin, systolic blood pressure, coronary artery diseases – CAD 
- and T2D). We identified 62 independent loci for which the allele associated 
with higher adiposity was also associated with a favorable cardiometabolic 
profile. Gene-sets and tissue enrichment analysis using DEPICT have identi-
fied adipose tissue and adipocytes as the most enriched tissues, followed by 
liver, pancreas, and arteries. We then evaluated whether the 62 loci overlapped 
with regulatory elements in human adipocytes. The lead SNPs and the proxy 
SNPs (in LD with r2>0.80), compared to control SNPs, were more often asso-
ciated with differential gene expression (eQTLs) and were located in or in 
proximity to (<50 kb) open chromatin regions (DNase I hypersensitive sites) 
during adipocyte differentiation. 

Each allele harbors several genes and I proceeded in prioritizing candidate 
genes across the 62 loci by integrating results from several complementary 
approaches. We used the result from the enrichment analysis during in vitro 
adipocyte differentiation. We also used DEPICT to identify enriched path-
ways, tissues, and candidate genes. Ingenuity pathway analysis (IPA) pro-
vided the number of enriched pathways for each gene. We extracted infor-
mation on eQTLs and chromatin-chromatin interaction in relevant tissues 
from FUMA. Output from Endeavour and ToppGene were used to pinpoint 
and rank genes within ±1Mb of the lead SNPs, based on similarity with seed 
genes. The Human Gene Connectome (HGC) was used to rank the list of can-
didate genes by calculating biological distances to core genes. I integrated the 
results from all approaches in a scoring system that led to the prioritization of 
61 candidate genes in 42 of the 62 loci. Of these 61 candidate genes, 39 were 
located in 25 of the 37 novel loci, and 22 were located in 17 of the 25 previ-
ously reported loci. 
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Study II 
Characterizing obesity-susceptibility genes using CRISPR/Cas9, in vivo im-
aging and deep learning. 
 
Hundreds of loci have been robustly associated with obesity-related traits, and 
yet, the candidate genes remain to be functionally characterized. In Study II, 
I aimed to validate zebrafish larvae as a model system for systematic, large-
scale, in vivo characterization of candidate genes for obesity and related me-
tabolic traits. I 1) performed a dietary intervention to evaluate the effect of 
overfeeding for modeling obesity in zebrafish; 2) performed a genetic inter-
vention of 15 zebrafish orthologues of 12 human genes with established role 
in obesity in F1 generation; 3) evaluated the combined effect of all genes tar-
geted simultaneously in the same multiplex in a genetic burden score; 4) phe-
notypically characterized two of the 15 zebrafish genes directly in founder 
fish; 5) characterized orthologues of 16 human candidate genes for a role in 
food intake. 

Overfeeding zebrafish larvae on standard dry food from day 5 to day 9 re-
sulted in larvae with more lipid accumulation in adipocytes (beta±SE 
1.43±0.39 SD units). 

I then used CRISPR-Cas9 to generate two multiplexed mutant lines in 
which I targeted eight (arid5b, mc4r, lepr, negr1, pcsk1, pomca, pomcb, 
sec16b) and seven (irs1, irs2a, irs2b, sim1a, sim1b, sh2b1, bdnf) zebrafish 
orthologues of human genes. A total of 2x768 F1 larvae were phenotypically 
characterized at day 10 post-fertilization for 14 traits. Among the 15 charac-
terized genes, I observed effects in the anticipated direction – based on previ-
ous findings in humans and mice - for mutations in four genes, i.e., pcsk1, 
sec16b, sh2b1, and irs2b. For negr1 and bdnf we observe results that are op-
posite of what I expected. The genetic burden score for the Multiplex 1 (score 
1) is associated with less lipid accumulation in adipocytes (-0.17±0.08). While 
the genetic burden score generated for the Multiplex 2 (score 2) is associated 
with higher whole-body levels of glucose (0.07±0.03). The multiplexed F1 
screen only yielded an adequate mutant allele frequency for five of the twelve 
human genes (i.e., MC4R, NEGR1, PCSK1, SEC16B, SH2B1), limiting our 
ability to draw firm conclusions about the role of some of the genes we stu-
died. Evaluating the effect of CRISPR/Cas9-induced mutations straight in the 
founders results in a higher statistical power to detect phenotypic effects.  

At 8 dpf, genetic effects of food intake can already be detected in founder 
fish, with effects in anticipated direction for mutations in three genes (i.e., 
agrp, ghsr, and irs2a-b). Effects of mutations in orthologues of LEPR and 
POMC are consistent with previous observations in fish and inconsistent with 
what is observed in mammals.  

Taken together, the study describes several scalable approaches that can be 
applied to investigate the role of obesity-associated genes in zebrafish. 



 

 38 

Genes known to act through the leptin-melanocortin pathway (e.g., LEP, 
LEPR, POMC, MC4R, PCSK1, SIM1) provided results in F1 screen that are 
inconsistent with observation in humans and mammalian models, suggest that 
the pathway might not be fully conserved between the two species.  
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Study III 
Kita crispants for systematic image-based genetic screens of complex traits in 
zebrafish larvae. 
 
In Study III, I examined if sparse/Kit receptor tyrosine kinase- a (kita) can be 
used as a control gene that can be efficiently targeted in both cases and con-
trols to functionally characterize candidate genes for complex diseases in 
zebrafish larvae at F0. Larvae with targeted kita (T1) had 3.5-fold less pigment 
in the tail. We identified a second duplex gRNA (T2) for kita that prevented 
pigment development with similar efficiency. Targeting cases with one duplex 
gRNAs and controls with the other fulfills a dual purpose: 1) it facilitates the 
discrimination of cases and controls, since only amplifying the two target sites 
is required; 2) it ensures that any phenotypic effect between cases and controls 
is solely due to the candidate gene targeted, since all animals are micro-in-
jected and undergo DNA editing and DNA repair. 

I show that both duplex gRNAs (T1 and T2) for kita are free from off-target 
activity that could otherwise result in undesirable and unanticipated mutations 
and phenotypic abnormalities. 

I then tested whether targeting kita using either duplex gRNA affects car-
diometabolic traits. Across four backgrounds, mutations in kita (compared to 
injections with denaturated Cas9) resulted in smaller larvae with smaller pan-
creatic beta-cells and more macrophages in the vessel wall. We cannot con-
clude with certainty if these effects are direct effects of mutations in kita, or 
whether they are induced by an immune response due to micro-injection of 
duplex gRNA and Cas9 protein, DNA damage, and/or DNA repair. I next 
tested whether cardiometabolic traits were differentially affected by 
CRISPR/Cas9-induced mutations in kita at T2 vs. T1. Mutations with kita-T2 
resulted in shorter larvae (β=-0.34±0.16 SD units; n=176) with a smaller liver 
(β=-0.51±0.21 SD units; n=115) and with less macrophages and neutrophils 
colocalization in the liver (β= -1.20±0.57 SD units; n=28) (Figure 4). Taken 
together, we do not observe strong evidence for effects of CRISPR/Cas9-in-
duced effects of mutations in kita on cardiometabolic traits at 10 dpf. 

To further examine the suitability of kita as a control gene for genetic 
screens in complex diseases, we co-injected two duplex gRNAs, targeting kita 
along with a cardiometabolic candidate gene with a single orthologue in 
zebrafish (gpam). Targeting larvae with one (controls) or three (cases) duplex 
gRNA did not affect CRISPR efficiency. Genotyping at kita target sites (T1 
and T2), or at another candidate gene, yields concordant classification of the 
larvae into cases and controls. Moreover, we show that 97.7% of larvae that 
are highly affected at kita are also highly affected in the candidate gene, 
demonstrating that genotyping at kita is sufficient to draw conclusions about 
the mutagenesis rate at the targeted gene. I did not observe major differences 
in targeting cases with kita-T1 vs kita-T2. 
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I next tested whether the dosage of Cas9 and gRNA have any effect on 
cardiometabolic traits. I observe higher mortality for micro-injection of >3 
doses of Cas9.  

In conclusion, I describe a scalable method that is based on generating un-
pigmented larvae with biallelic disruption of kita in >84% of micro-injected 
individuals and that improves image quality. 
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Study IV 
Characterizing candidate genes in GWAS-identified loci that may uncouple 
excess adiposity from its comorbidities. 
 
In Study IV, I functionally characterized candidate gene identified in Study I. 
In a first effort, I designed single gRNAs to target 39 zebrafish orthologues of 
28 human genes in multiplex; however, four genes resulted in larvae that did 
not survive to adulthood; six genes did not produce viable F1 larvae; for 14 
genes either a suitable single gRNA was not identified or the injection resulted 
in high mortality before 5dpf; and 15 genes were phenotypically characterized 
but yielded mainly wildtypes. 

Therefore, I developed and subsequently applied the framework developed 
in Study III and screened the orthologues of a single human gene per time. To 
examine whether the ten prioritized genes (i.e., ALDH2, CREBBP, HOXC6, 
JAZF1, PIK3R1, MEF2D, SEMA3F, EMILIN2, MST1, and GPRC5B) exert an 
effect on metabolic traits, I combined biochemistry and in vivo image-based 
techniques to acquire information for a total of 24 cardiometabolic traits at 
single larva level across the two backgrounds. 

At day 10 post-fertilization, mutations in orthologues of three human genes 
resulted in effects on GWAS anticipated phenotypes. First, mutations 
in orthologues of SEMA3F resulted in more lipid deposition in adipocytes without 
effects on other cardiometabolic outcomes. Secondly, mutations 
in jazf1a and jaf1b resulted in lower whole-body levels of LDL-C and glucose. 
Thirdly, perturbations in GPRC5B resulted in lower whole-body levels of total 
cholesterol and in smaller dorsal and lateral body areas normalized for length.  

Perturbing the zebrafish orthologues of the human genes ALDH2, 
HOXC6, CREBBP, PIK3R1, and EMILIN2 affected unanticipated traits in 
zebrafish larvae. Mutations in the orthologues of ALDH2 and HOXC6 resulted in 
larvae with fewer beta-cells; mutations in orthologues of CREBBP resulted in lar-
vae with lower whole-body levels of triglycerides. Mutations in PIK3R1 resulted 
in shorter larvae with fewer beta-cells and lower whole-body triglycerides and 
total cholesterol levels. Mutations in emilin2a and emilin2b resulted in larvae with 
fewer neutrophils in the vessel wall. For the two remaining genes we characterized 
(MST1 and MEF2D), we did not observe effects on adiposity or cardiometabolic 
traits.  

In conclusion, herein we show that out of the 10 genes screened, for seven 
genes, we observed effects of perturbation on cardiometabolic traits in ab-
sence of an effect on adiposity, of which the traits were expected based on 
GWAS results for two genes. For these genes, effects on adiposity may occur 
at a later stage, secondary to or even independent of the cardiometabolic trait. 
If so, these genes may represent examples of genes that uncouple adiposity 
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and cardiometabolic traits. Future research in later stages of development will 
be needed to validate or disprove the effect of adiposity perturbation on these 
genes. 
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Conclusions and future perspectives 

The insights gained in the genetics of obesity have benefited from technolo-
gical developments. In the past decades, the continuous advancement in high-
throughput, genome-wide and sequencing technologies has allowed break-
throughs in genetic research, with GWAS providing a significant contribution.  

In Study I, I illustrated how summary statistics from 11 GWASs can be 
employed to identify associations of variants that uncouple adiposity and car-
diometabolic trait pairs. We identified 62 loci for which the adiposity-increas-
ing alleles are associated with a favorable cardiometabolic profile. I prioritized 
61 genes using a combination of several bioinformatic tools, and the genes 
were anticipated to be involved in several pathways such as fat distribution, 
glucose metabolism, adipocytes differentiation.  

Identifying the genetic underpinnings of diseases is a major challenge and 
to date, there is no standard procedure that allow to identify causal genes from 
the GWAS-identified loci. Each computational method relies on several 
sources of evidence to promote a gene as candidate, which is only a prediction 
and require experimental validation. The speed at which the association data 
is generated is not matched by ways in which the information can be experi-
mentally translated. Therefore, I present a framework in zebrafish larvae that 
combines image acquisition, deep learning and CRISPR/Cas9-based screens 
as a suitable model to bridge the gap between GWAS and gene discovery.  

In Study II and Study IV, I show how zebrafish larvae can be used to iden-
tify the effects of mutations in genes on several metabolic traits. However, I 
also report that for the majority of the genes, 10 dpf is too early to detect an 
effect on adipocytes. To further explore their potential role in adiposity, one 
could test whether there is a difference in the expression of adipogenic marker 
genes (e.g., fabp4, pparg, cebpa, lpl, adipoq) between cases and controls lar-
vae. Moreover, it would be interesting to identify the tissues in which the 
genes are expressed. While the tissue-specific characterization might help to 
further explain the phenotypic differences observed between zebrafish and 
mammalians (as in the case of Study II), it might also help further characteri-
zation of genes for which the role is yet to be elucidated (as in the case of 
Study IV).  

To further validate the framework described in Study III, one could evalu-
ate whether the level of the mRNA corresponds with the gene(s) targeted in 
the mutagenized crispants are reduced or whether the function of the protein 
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encoded is compromised. Moreover, one could apply the strategy for drug 
screens as well to demonstrate the versatility of the framework. 
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