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DNA methylation correlation networks in overweight and normal-weight 

adolescents reveal differential coordination 

Nathalie Bringeland 

Populärvetenskaplig sammanfattning 

Denna studie visar att olika DNA-metyleringsmönster finns hos överviktiga barn jämfört med 

normalviktiga barn. Detta tyder på att DNA-metylering kan vara en bidragande faktor vid 

utvecklingen av fetma. Fetma är en sjukdom där överflödigt fett lagras i kroppen. Det beräknas att 

cirka 1,4 miljarder vuxna (2010) och 42 miljoner barn (2008) har fetma. Förutom att personer med 

fetma går upp i vikt så kan sjukdomen medföra ett flertal andra hälsoproblem som insulinresistens, 

kardiovaskulära sjukdomar och diabetes. Sjukdomen drabbar alla socioekonomiska klasser, åldrar 

och kön. Det är vetenskapligt bevisat att 50-90% av sjukdomsutvecklingen beror på genetiska 

faktorer. Denna rapport fokuserar däremot på ett mer outforskat område, epigenetiken bakom 

fetma. Epigentik är en grupp olika mekanismer som kan påverka genuttryck och den specifika 

epigenetiska mekanism som studerats i rapporten är DNA-metylering. 

DNA-metylering har tidigare kopplats till andra sjukdomar såsom schizofreni och cancer. Kartläggning 

av DNA-metylering hos överviktiga skulle innebära ett stort genomslag eftersom detta skulle 

potentiellt kunna leda till framtida preventiva metoder för att förebygga fetma i ett tidigt skede. För 

att finna skillnader i metyleringen har flera gennätverk skapats och analyserats med statistiska 

metoder och bioinformatiska verktyg. I dessa nätverk går det att visuellt se skillnader i DNA-

metylering. 

Examensarbete 30 hp 

Civilingenjörsprogrammet inom Bioinformatik 

Uppsala universitet, Juni 2013 
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Abstract 
Multiple health issues are associated with obesity and numerous factors are causative of the disease. 

The role of genetic factors is well established, as is the knowledge that dietary and sedentary 

behavior promotes weight gain. Although there is strong suspicion towards the role of epigenetics as 

a driving force toward disease, this field remains l in the context of obesity. DNA methylation 

correlation networks were profiled from blood samples of 69 adolescents of two distinct weight-

classes; obese (n=35) and normal-weight (n=34). The network analysis revealed major differences in 

the organization of the networks where the network of the obese had less modularity compared to 

normal-weight. This is manifested by more and smaller clusters in the obese, pertaining to genes of 

related functions and pathways, than the network of the normal-weight. Consequently, this suggests 

that biological pathways have a lower order of coordination between each other in means of DNA 

methylation in obese than normal-weight. Analysis of highly connected genes, hubs, in the two 

networks suggests that the difference in coordination between biological pathways may be derived 

by changes of the methylation pattern of these hubs; highly connected genes in one network had an 

intriguingly low connectivity in the other. In conclusion, the results suggest differential regulation of 

transcription through changes in the coordination of DNA methylation in overweight and normal 

weighted individuals. The findings of this study are a major step towards understanding the role of 

DNA methylation in obesity and provide potential biomarkers for diagnosing and predicting obesity. 
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Abbreviations and terms 

ATP6V1E2 - ATPase, H+ transporting, lysosomal 31kDa, V1 subunit E2 

CCIN - Calicin 

CIAS1 - Cryopyrin 

Cortisol - A steroid hormone produced in the adrenal gland which becomes elevated upon stress and 

upon reduced levels of glucocorticoids in the blood 

CpG-site - A region on the DNA strand where cytosine and guanine nucleotides are positioned next to 

each other and which is prone to DNA methylation 

CpG-island - A genomic regions with high abundance of CpG-sites. CpG-islands are often positioned 

close to promoter regions 

CSF3R - Colony stimulating factor 3 receptor (granulocyte) 

Cytoscape - An open source platform for constructing, analyzing and visualizing complex networks 

ENTPD1 - Ectonucleoside triphosphate diphosphohydrolase 1 

Epigenome - Epigenetic patterns on histones and DNA that pertain to each cell-type in a mammal i.e. 

each cell-type has its own epigenome 

FCGR3B - Fc fragment of IgG, low affinity IIIb, receptor (CD16b) 

FKBP9L - FK506 binding protein 9-like 

FOLR3 - Folate receptor 3 (gamma) 

FYB - FYN binding protein 

GATAD2B - GATA zinc finger domain containing protein 2B 

GNAS - Guanine nucleotide-binding protein G(s) subunit alpha isoforms XLas 

GO - Gene Ontology 

HIPK3 - Homeodomain interacting protein kinase 3 

IFNGR2 - Interferon-Gamma receptor 2 

MCL - Markov CLustering algorithm 

Methylome - Methylation pattern on DNA that pertains to a specific cell-type in a mammal i.e. each 

cell-type has its own methylome. 

MZ twins - Monozygotic twins which are twins born from the same fertilized egg forming a 

monozygote (one fertilized egg) which becomes two embryos 

NW - Normal weight 

OW - Overweight 

PCA - Principal Component Analysis   

PIGO - Phosphatidylinositol glycan anchor biosynthesis, class O 

PLAGL1 - Pleiomorphic adenoma gene-like 1  

POR - P450 (cytochrome) oxidoreductase 

QC - Quality control  

R - An open source language and environment for analyzing data sets, performing statistical 

computing and graphical display.  

SEPT9 - Septin 9 

SFTPD - Pulmonary surfactant-associated protein D 

SLC45A1 - Solute carrier family 45, member 1 
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1. Introduction
Obesity is a complex disease known to be highly influenced by inheritance1,2. It may also be affected 

by environmental and life-style factors3–6 as well as by epigenetic variations7–9. Obesity is often 

accompanied by other health issues such as insulin resistance10, type 2 diabetes11, cardiovascular 

disease10,12 and inflammation12. These health issues are increasingly often seen in children revealing 

the severity that obesity is gaining12. The contribution of epigenetics to obesity has been suspected, 

but is still an obscure field in need of more research. It would be a major breakthrough to map 

epigenetic factors causative of obesity as this would introduce a new field of preventative methods 

for controlling obesity. This paper aims to compare methylomes obtained from blood samples of 

normal-weight and overweight adolescents with the expectation to find differences which are 

directly related to weight-class. 

Epigenetic mechanisms regulate cellular environment ensuring a healthy state of cells13,14. If this 

balance is disrupted, epigenetics may instead contribute to the development of a disease. Cancer is 

the most studied example of when DNA methylation, one type of epigenetic regulatory mechanism, 

is aberrant. DNA-hypermethylation is often observed, and seems to play a role in the development or 

the prolongation of cancer15,16. Other examples that reveal association with abnormal methylation 

are schizophrenia and bipolar disorder17. The role of DNA methylation in relation to obesity has 

however not yet been established; most studies concentrate on gene expression rather than DNA 

methylation. However, differentially methylated sites in normal-weight and overweight individuals 

have been found in association with obesity, suggesting that DNA methylation does matter in the 

course of obesity development2.  

There are several ways of investigating differences in genetic material between two groups. One 

common way is to use gene expression networks to show inherited predisposition to obesity. Such 

networks reveal differential expression of genes highlighting, for example, genes that are more highly 

expressed in obese individuals but not in normal-weight individuals18. Insight about methylation 

patterns may be found in the same way. This thesis presents such an analysis, but instead of gene 

expression, methylation levels are used in order to compare methylomes of the two weight-

categories; overweight and normal-weight. Networks were constructed based on methylation data 

to visualize, and allow analysis of, regulation of DNA methylation in overweight and compare it to 

that of normal-weight adolescents. 

To my knowledge, no study has ever established the role that DNA methylation may play in the 

development of obesity in humans through the use of network analysis. My objective was to 

characterize and examine differences in the obese and normal-weight DNA methylation correlation 

networks. In the context of networks, I also aimed to establish new analytical methods for analysis of 

methylation data in the lab. Methylation network construction has not been used by the lab 

previously and so my project also serves as an introduction of network methodology to the lab. The 

hypothesis is that methylation patterns are different in normal-weight and obese adolescents, and 

that network representation of the data would reveal these differences and increase the biological 

understanding in this matter. 

This master thesis also aims to fulfill the requirements to obtain a Master of Science within the 

Bioinformatics Engineering Program at Uppsala University. The project was carried out at the Dept. 

of Neuroscience, unit of Functional Pharmacology at Uppsala University under Professor Helgi 
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Schiöth. My supervisor was Dr. Markus Sällman Almén from the Dept. of Neuroscience, unit of 

Functional Pharmacology and my scientific examiner was Dr. Per Wahlberg at the Dept. of Medical 

Sciences, unit of Molecular Medicine, both at Uppsala university. 

2. Background

2.1 DNA methylation 
Epigenetics is the study of stable, heritable, yet reversible regulation of gene expression and of the 

extent of environmental influence on these regulatory mechanisms9,14,19. DNA methylation, covalent 

histone modifications and miRNA:s act in concert to control epigenetics, without altering the DNA 

sequence itself9,19. In mammals, the most well studied type of epigenetic modification is DNA 

methylation of the fifth carbon of a cytosine (C) nucleotide in DNA, which becomes covalently 

bonded with a methyl group (5-meC)20,21. This occurs in 60-90% of CpG dinucleotides of the 

genome21. CpG-islands*,  which are enriched for CpG-sites, tend to be in close proximity to gene 

promoter regions9,22. Generally, these regions are unmethylated in transcriptionally active and 

normal cells, while methylated CpG-islands are more likely to correlate with reduced levels of gene 

expression13,16. In mammals, much of the epigenome† is configured during early developmental 

stages and in the course of cell differentiation21. Nevertheless, the epigenome is dynamic, or 

reversible, and prone to become influenced by the environment over time creating a ‘personalized 

epigenomic signature’7. A common way of exemplifying this is by comparing phenotypes of 

monozygotic (MZ) twins who have identical genotypes yet, as MZ twins grow older, it is evidenced 

that epigenetic patterns become increasingly different23. The phenotypic differences that arise in 

genotypically identical MZ twins reveal the degree of impact which the environment has on 

epigenetics over time. 

DNA methylation plays an important role in the control and the suppression of transposon and 

recombination activities21,24. There are two hypotheses as to how methylation affects gene 

expression. First, covalently bonded methyl groups lead to repression of gene expression by 

introducing steric hindrance. This makes DNA sequence less available to transcription factors9,16. 

Second, methyl groups may also attract methyl-binding proteins and chromatin modifiers which 

affect gene transcription16. Unmethylated CpG-sites, free of steric hindrance, have enhanced gene 

expression. Ultimately, methylation does not change the genomic sequence itself. Instead, methyl 

groups bound to the sequence affect transcription of proteins by altering the transcription start site. 

Methylation is thus highly relevant in the prospect of normal cell function, as well as it is to disease 

development. Recall the MZ twin example, where methylation shows change with age and to vary 

with environmental influences creating phenotypic variation despite identical genotypes5,23. This 

finding leads to thinking that epigenetics could enlighten us in the field of disease susceptibility and 

development. There are studies that associate aberrant methylation with progress of psychosis17, 

aging5, cancer development16 and obesity2,7,8. Schizophrenia and bipolar disorder for example, have 

been found to be associated with aberrant methylation patterns in the frontal cortex17. Another 

example is that caloric restriction extends lifetime and modifies expression of several genes through 

DNA methylation and histone modification5. Carcinogenesis is stimulated by abnormal methylation 

*
CpG-islands make up 2% of the genome

16
 

†
Epigenome refers to the cell-type specific epigenetic patterns. Therefore, the epigenome is different in 

different types of cells.  
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patterns which cause altered chromatin structure at promoter regions. Also atypical down- and up-

regulation of gene expression is causative of hypermethylation which in turn triggers cancer16. All of 

these mentioned cases reveal correlation between a disease and differential methylation patterns. 

As for obesity, methylation of CLOCK-genes which are genes involved in the circadian rhythmicity, 

seem to correspond with body mass index (BMI) and body adiposity8. However, there is little insight 

as to how methylation explains obesity. 

2.2 Obesity: its causes and its effects 
Obesity is a serious and chronic condition in humans characterized by excessive weight gain due to 

energy imbalance which causes an abnormally large fat deposition in the body25 and swelling of 

adipose cells4. Obesity is a complex disease meaning that it affects various tissues and organs. It is 

often accompanied by other health issues, and is not only caused by one mutation in one gene. It is 

widely documented that genetics plays a major role in obesity1,2,18. Twins who grow up separately 

show that heritability stands for merely 50-90% of disease contribution, however, the environment is 

responsible to a greater extent than earlier belived1. Epigenetics is an area of growing interest 

however, the scope of epigenetic causes of obesity still remains a weak spot. There are indications, 

however, that methylation is of significance in the development of obesity2,4,7. Furthermore, obesity 

forms a complicated comorbidity with insulin resistance, type 2 diabetes and cardiovascular 

disease10–12; and these are just a few examples of accompanying health issues. Apart from genetic 

and epigenetic predisposition, malnutrition, circadian rhythm and motionless life-style factors, there 

are other health risks such as obesity induced inflammation, hypoxia, oxidative stress, 

hyperglycemia, psychological stress and hormonal imbalance6.  

Why is it important to study obesity? Because obesity is a worldwide recognized problem that strikes 

people from all socio-economic classes, genders and ages. Even more alarming is that 42 million 

children below the age of five were clinically diagnosed as obese in 2010, and the number of adults in 

2008 was 1.4 billion26. Identifying common epigenetic changes in obese individuals could potentially 

help to understand the biological background and the disease mechanisms. Further, this is important 

due to its potential predictive power to discover susceptibility to obesity and its comorbidities. This 

way people in the risk-zone could take early precautions and future treatments could become more 

efficient and be made personalized.  

2.3 DNA methylation measurement 
To obtain a measurement of methylation levels one has to go through a series of laboratory steps. 

First DNA is bisulfite converted, second microarrays are used to interrogate the bisulfite treated DNA, 

third methylation patterns are detected and finally translated into data ready to be analyzed. 

2.3.1 Bisulfite conversion 

Bisulfite conversion is a well-established method to distinguish between methylated and non-

methylated cytosines in DNA20. Unmethylated C:s are converted into uracils (U) and after PCR 

reaction read as thymine (T), while 5-meC:s (methylated cytosines) remain untransformed22 (Figure 

1). The protocol used for treating DNA is explained under Materials and Methods.  
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2.3.2 Detection of methylation pattern 

Methylation microarrays are used to measure DNA methylation levels of CpG-sites in bisulfite 

converted samples. Illumina’s HumanMethylation27 BeadChipInfinium Assay (Ilumina 27k) allows for 

27 578 CpG loci to be interrogated simultaneously in a single reaction per sample. At each locus 

there are two beads; one for methylated and one for unmethylated nucleotide detection (Illumina). 

After hybridization, fluorescent intensity at each locus is read from the sequence where methylated 

C and unmethylated T alleles have their respective intensities. From the intensities the relative 

methylation level β may be calculated by, 

β-values = 
                           

                                        

for each CpG-site27. The β-values range between 0 (unmethylated) and 1 (methylated). 

2.4 Methodological background 

2.4.1 Network theory and geometric parameters 

Current microarray technology generates astounding amounts of data, which creates a need for tools 

that allow integration of large data, analysis and visualization. Biological network analysis aids the 

understanding of the complex relationships present in biological data. More importantly, network 

theory provides with statistical and geometrical support to gain insight on biological relationships 

which might otherwise be complex to analyze. A methylation (or gene) network is often 

characterized by its nodes which portray genes, and its edges which depict connections between 

genes. These connections could represent interactions, co-regulation, biological similarity or, as is the 

case here, correlation between gene methylation levels. Sometimes many nodes form modules, or 

clusters, which are collections of highly correlated genes suggesting they co-regulate, participate in 

the same biological pathway or simply that they share the same functions28,29. Then there is the 

Figure 1. Bisulfite conversion. Unmethylated cytosines convert to 
uracil nucleotides when subject to bisulfite treatment, while 
methylated cytosines remain methylated.
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concept of hubs which are highly connected genes. Due to the high connectivity, hubs are often of 

central importance in biological networks and are easily found29.  

In this study, methylation networks are the basis of the analysis. The nodes represent genes which 

have varying methylation degrees. Edges are based on correlation strengths calculated from 

methylation β-values and connect nodes if they are correlated. Thus, the methylation networks show 

how genes are regulated together in the methylome. Edges may be weighted, for example by making 

edge length proportional to how strongly correlated two nodes are, or unweighted showing no 

correlation strength. Furthermore, geometric parameters are used to aid in the interpretation of 

biological networks and to give support to biological meaning. Some helpful geometric parameters 

are outlined here below; 

Clustering coefficient shows the degree of module formation in a network. 

Node degree is a measure for the number of edges which are linked to a certain node. Self-loops are 

not included to the degree in this study. 

Neighborhood connectivity is the average connectivity of all the neighbors of a certain node. 

Network density is defined by the level of correlation between genes in a network, or sub-network, 

and is usually used to compare networks holding data of different states‡.  

These concepts are helpful in finding geometrically interesting properties of a network which could 

reveal biologically interesting characteristics. For instance, clusters may reveal significant biological 

pathways, high connectivity between clusters could potentially mean dependence of two pathways, 

and hubs potentially uncover a significant gene involved in, for example, development of a disease. 

Apart from allowing identification of biological interactions, geometric parameters give statistical 

support to networks.  

2.4.2 Markov CLustering 

Markov CLustering (MCL) is a clustering algorithm that I used in this study to identify clusters of 

genes, i.e. genes which potentially co-regulate or form biological pathways30. To find clusters, MCL 

uses a bootstrapping algorithm and takes into account geometric parameters and degree of similarity 

between nodes. MCL is applicable to protein studies, for example to identify gene families based on 

sequence identity. Or as in this case, to find clusters of genes with geometrical similarities. There are 

different protocols and settings for using MCL depending on the type of analysis to be done. There 

are two important parameters to carefully consider; inflation and granularity. It is the inflation value 

that controls the granularity and thus tunes allowance of gene membership in the clusters. In other 

words, it sets the tradeoff between specificity and sensitivity. A finer granularity makes the cluster 

membership stricter whereas a coarser granularity is more liberate.  

2.4.3 Gene Ontology 

Gene Ontology (GO) is a standardization of gene function. There are three main categories; biological 

processes, cellular components and molecular functions. The aim of the GO Consortium is to use a 

controlled vocabulary (ontology) to standardize gene product description and to facilitate gene 

‡
For clarification, states here means for example male and female, or brain tissue and liver tissue, or NW and 

OW. 
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information search31. GO terms have been used throughout this paper, specifically biological 

processes have been thoroughly studied. 

3. Materials and methods
Laboratory work such as sample collection and DNA methylation profiling was not part of my project 

and was prepared in advance. Blood samples were retrieved from the Greek Healthy Growth study32 

of 729 schoolchildren of ages 9-13. In short, my way of conduct was to perform quality control and 

normalization of the provided data, statistical analysis and validation, to construct networks, find 

clusters and identify their enriched functions and finally to calculate geometrical parameters to 

support biological conclusions of the biological networks. 

3.1 DNA samples 
DNA was extracted from peripheral blood samples from 72 Greek adolescents consisting of 24 males 

and 48 females of which 36 are normal-weight (NW) with BMI:s 14.77-19.92, 36 are overweight (OW) 

with BMI:s 23.96-34.17, whereof 30 and above are classified as obese (Ob). 3 subjects were classified 

as outliers during the preprocessing steps which are described below leaving 69 individuals for 

further analysis.  

3.2 DNA methylation profiling 
Genomic DNA was prepared from peripheral blood which was purified, isolated and bisulfite 

converted to finally measure methylation levels. We used genome-wide Illumina Infinium 

HumanMethylation27 BeadChip array (Illumina) to measure methylation levels. Illumina covers 

27 578 CpG-sites covering 14 475 genes. 

DNA was bisulfite converted with EZ DNA Methylation-Gold™ Kit (Zymo Research) according to the 

manufacturer’s protocol. Briefly, 500ng of DNA was mixed with conversion reagent, i.e. sodium 

bisulfite, then denatured at 98°C for 10min, and finally followed by incubation at 64°C for 2.5h. After 

incubation, the bisulfite converted DNA was in-column desulfonated and purified. 200ng of bisulfite 

converted DNA was then amplified with PCR and prepared for hybridization to the BeadArray. 

Methylation status§ was detected by single-base primer extension. Fluorescence interrogated C and T 

nucleotide signals were read from the BeadArrays with Illumina iScan scanner. Illumina’s software 

GenomeStudio 2009.2 was used to calculate relative methylation levels (β-values) of all CpG-sites. 

3.3 Data preprocessing 
Data and statistical analysis was performed with the statistical and data mining software R33. For 

preprocessing, the R package methylumi34 from Bioconductor35 was used. Methylumi is specifically 

adapted to Illumina methylation data and provides functions to import, analyze, normalize, do 

background checks, perform quality control (QC) and visualize high-throughput methylation data.  

Probes located to sex-chromosomes (n=1092) were removed from the dataset. Quality control of the 

data was done by using an in-house script of R:s IMA function IMA.methy450PP. This script removes 

CpG-sites and samples with missing β-values or with detection p-value lower than 0.05. It also 

§
Methylation status is information about whether unmethylated cytosines (C) are converted into thymines (T) 

or remain methylated cytosines on each base locus on interrogated CpG-sites. 
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removes CpG-sites where less than 75% of samples, and CpG samples where less than 75% of sites, 

have a detection p-value smaller less than 10-5. 

Thereafter, PCA analysis was conducted on the β-values for each individual with R:s plot function 

with principal components 1 and 2. Detection p-values were thereafter calculated and visualized in a 

bar plot. R:s Methylumi package was used to perform a hybridization QC plot was used for quality 

control. The PCA, p-value bar plot and the QC analysis were altogether used to determine outliers. To 

make up for inconsistencies between arrays, R:s limma function normalizeBetweenArrays was used 

to perform quantile normalization**.  

3.4 Correlation of methylation data 

3.4.1 Calculation of correlations 

The standard deviation (SD) was calculated for each probe over all 69 individuals; both OW and NW. 

A local script was run and with a threshold of SD > 0.02, the ~10 000 probes with the highest 

standard deviations were selected. Pearson correlation coefficient matrices for each NW and OW 

were computed with β-values from probes with SD > 0.02. Differentiation of positive and negative 

correlation was disregarded. Thus, the correlation values were recalculated to adjacencies by taking 

the absolute value of each of the correlation values in the correlation matrices, yielding equally sized 

adjacency matrices (adj=abs(cor)). 

3.4.2 Statistical validation of correlations 

A permutation test was performed with a local R-script to validate the correlations of the NW data 

set and the OW data set. Here below is an illustration of how permutation tests work. 

Original y Permutation orders Permuted y:s 
A 3 2 4 c b d 
B 5 1 1 becomes e a a 
C 2 3 5 b c e 
D 4 5 3 d e c 
E 1 4 2 a d b 

One common way to see whether the original result y is uniquely ordered is to, for each permuted y, 

calculate the ratio of variables getting the original position and the total number of permutations. 

The new positions are decided by the permutation order matrix which creates a matrix of permuted 

y-vectors. From this information p-values may be calculated with the following formula36; 

        
   

   

b = number of times the real adjacency value is less than the permuted adjacency value 

m = number of permutations 

The final stage is to compare the p-values from the permuted vectors with the original p-values. 

A permutation test is a non-parametric randomization test which randomly permutes the N sample 

labels from the correlation values m number of times. The permutation test was done on the NW 

and OW adjacency matrices separately, each of size 10 356 x 10 356 and with m=100 000 

**
 Quantile normalization is common when working with microarrays and normalizes the distribution across 

samples, equalizing both the average and variance between samples. 
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permutations. The result of each run is a matrix which keeps the count of the number of times that 

an adjacency value is randomized into its same original value. To interpret this information these 

values were recalculated into p-values37. 

3.5 Clustering analysis 
On average, two probes in Illumina’s HumanMethylation27 BeadChip Array target one gene. In order 

to make the data easier to understand, probe names were replaced with their corresponding gene 

with the help of a local Perl script, prior to the clustering analysis. Thus, on average each gene 

obtained two p-value measurements, one for each probe. For comparative reasons, two new 

datasets with common genes between NW and OW were computed in R; NW-intersection set and 

OW-intersection set. In MCL, the intersection sets of 1107 NW genes and 1216 OW genes were used 

to find clusters with adjacencies above 0.8. MCL analysis was performed using MCL:s manual as a 

guide30. First, the adjacency matrices were reformatted with a local R-script into the standard input 

format for MCL (abc-file). –stream-mirror was used with mcxload. Next, mcl was run with inflation 

values –I 1.4, 2, 2.5, 2.8, 3, 3.1, 3.4, 3.9, 4 and 6 for both NW and OW. The clm-info function was used 

on inflation output files to choose the result with the wanted granularity. The table generated by clm 

info gives geometrical, or topological, information. From this information the chosen inflation value 

was I = 3.0 for both OW and NW. The balance between efficiency, mass fraction and the number of 

clusters was considered of good size. The output from MCL is a list of clusters and the genes that 

belong to each cluster for each of the intersection datasets.  

3.6 Gene ontology enrichment 
The R-package, clusterProfiler38, was used to identify clusters enriched in GO-functions. 

compareCluster with the function parameter set to enrichGO lists biological processes (or molecular 

function or cellular component) in clusters if they are found to be significantly enriched. The ontology 

parameter was set to BP (biological process), organism human, p-and q-value (false positive 

tolerance) cutoffs were set to their default value (0.05). The REViGO39 web-server was used to pick 

the most significant biological processes found with clusterProfiler and to exclude redundant 

processes. Parameters used were allowed similarity = small (0.5), and input associated with p-values 

(p-values calculated by clusterProfiler). The database and semantic similarity measure was left on 

default and dispensable GO terms were hidden.  

3.7 Network visualization 
Cytoscape (v. 2.8.3)40 was used to visualize the interaction between genes and clusters. Four 

networks were created; two gene interaction networks for NW-intersect, OW-intersect and two 

cluster networks for NW-intersect and OW-intersect. The gene networks have non-weighted edges, 

and layout for both NW and OW was Group Attribute Layout grouped by their own clusters. Node 

colors were set to Discrete Mapping where in OW the genes belonging to the thirteen largest clusters 

were colored in different colors. To see the gene arrangement in the NW network of those genes 

belonging to the thirteen largest OW clusters, the same genes were colored with the same color code 

in NW. As for the cluster networks, each node represents one cluster. Edges were weighted based on 

the number of connections to other clusters (nodes) i.e. edge length was made proportional to the 

connection strength. Node colors in these networks correspond to similarity between NW and OW 

clusters (explained below).  
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4. Results

4.1 Outlier identification 
332 probes did not pass the QC, leaving 26 154 for further analysis. To identify outliers in our dataset 

I used unsupervised PCA, detection p-values visualized in a bar plot and methylumi’s hybridization QC 

plot on β-values of 26 154 probes and of 72 individuals in order to uncover the variation in the 

dataset. The PCA plot shows that individuals 1260010 and 1160019 are potential outliers as they 

clearly deviate from the majority of data points (Figure 2). The detection p-values (Figure 3) confirm 

that 1260010 and 1160019 are outliers, and the QC graph (Figure 4) shows that 4060015 is a 

potential outlier. Apart from 1260010 and 4060015 showing decreased hybridization in the QC-plot, 

these individuals were not classified as outliers since those samples did not show abnormal values in 

neither the PCA nor the detection p-values. The PCA, detection p-value and QC plot jointly show 

abnormal behavior for individuals 1260010, 1160019 and 4060015 and were removed based on our 

analysis, leaving 69 samples for continued analysis.  

4.2 Correlation of methylation data 
An SD > 0.2 was used to choose the 10 356 most variable probes. Upon creation of the correlation 

matrices and in order to confirm the pair-wise gene connections, a permutation test was conducted. 

Using 10 356 x 10 356 correlation values and 100 000 permutations, the test obtained a significance 

level of 10-4 (Figure 5). A cutoff value at adjacency = 0.8 was introduced where data size was yet 

again reduced and more strongly correlated genes were explicitly chosen. 1107 genes from NW and 

1216 from OW genes showed to have adjacencies of 0.8 or stronger.  

Figure 2. PCA-plot of the non-normalized data of 72 individuals. The colors pertain to the 
various weight-categories as described by the shapes (letters N, O, b and U) denoting 
normal-weight, overweight, obese and underweight. The two potential outliers visible 
here are individuals 1260010 and 3180004. 
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Figure 3. Detection p-values. The bar plot shows two individuals with a considerable higher detection p-value 

average than the rest. These individuals with ID:s   1260010 and 1160019 therefore confirmed the outliers found 
through the PCA. 

Figure 4. QC plot of hybridization of probe data. The QC plot was created with R:s package, methylumi. One 

new outlier was identified showing no hybridization  to probes during the experimental stages of the analysis. 
Sample 1260010 has already been classified as outlier showing evidence here for faulty hybridization as does 
individual 3120021. Sample 3120021 does not show abnormal values on any of the two other quality analyses. 
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4.3 Cluster analysis 
I used the correlation coefficients from above to search for interactions in the datasets. The 

intersection between 1107 NW genes and 1216 OW genes (adjacency > 0.80) yielded 491 shared 

genes. MCL found that 454 genes in NW formed 35 clusters and 446 genes in OW constituted 41 

clusters. NW1 is the largest cluster in the NW cluster set (n=119) and OW1 the largest for OW (n=30). 

For the clustering analysis I focused on clusters of four genes or more, hereon referred to as 

“substantial clusters”. Clusters with less than four genes, “small clusters”, are also taken into 

consideration but they are looked at en masse instead of analyzed singularly. In Figure 6 substantial 

and small clusters are depicted accordingly. Comparison of NW and OW clusters reveals that, for the 

three largest clusters in NW (NW1, NW2 and NW3) numerous smaller clusters in OW correspond to 

one cluster in NW. For instance, NW1 (n=119) corresponds to a total of 77 genes in OW distributed 

over 4 substantial clusters (OW4, OW6, OW7 and OW18) and small clusters (ntot=32). More than 80% 

of genes in all of the substantial OW clusters are shared with NW1. NW2 comprises of 48 genes and 

is equivalent to 3 substantial clusters (OW9, OW15, OW16) having 18 genes in total and small 

clusters have a total of 9 genes. The three substantial OW clusters (OW9, OW15 and OW16) have 

above 80% of their genes similar to NW2, however, this is not true for the small clusters (<80% 

similarity). NW3 (n=15) resembles substantial clusters OW24 and OW14. OW14, unlike OW24, it 

shares more than 80% of its genes with NW3. 

It is apparent that NW consists of clusters more numerous in genes and of genes which are more 

tightly clustered. There is a tendency for the large NW clusters to have equivalents in OW which are 

more numerous and smaller in terms of number of genes. Substantial clusters NW5 (>80% similarity), 

NW15, and NW6 are equivalent to the second largest cluster in OW, OW2 which has 22 genes. NW6, 

NW4 (>80% similarity), NW9 and a group of small clusters are together equivalent to OW1 (n=30). 

Note that NW6 is shared between OW2 and OW1. 

NW8 shares genes with both OW11 and OW3. OW3 seems to be equivalent to NW8, NW10 and small 

clusters. One small cluster, NW30 (>80%), and a substantial cluster NW20 correspond to OW5. OW8 

is equivalent to 2 small clusters in NW, NW25 an NW28. The remaining clusters are paired and 

correspond to each other. Sharing more than 80% similarity are NW17 and OW20, NW11 and OW19. 

Sharing less than 80% similarity are clusters NW18 and OW12, NW13 and OW10, and NW7 and 

OW17, all of which are substantial clusters.  

Figure 5. Permutation test. This graph of significance level was obtained after computing 
100 000 permutations on matrices (10 356x10 356). Curves converge toward 1 showing a 
distribution with a higher significance than expected by chance. A cutoff value was chosen 
where the significance level reaches 10-4. 
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 Figure 6. Map of equivalent clusters in NW and OW. This cluster map shows shared genes between NW and OW clusters 
revealing equivalent clusters. Intersection sets of OW and NW were used. The total number of genes in the cluster is 
written below the cluster name inside the circles which represent clusters. The connecting lines show that more than 80% 
of the genes in the encircled cluster are shared with the connected cluster. The dotted lines mean that less than 80% of 
genes are common between the connected clusters. The larger sized circles named “Smaller clusters” show a group of 
clusters each comprising of less than five genes. Small cluster genes are listed beside the cluster. Clusters having merely 
one gene in common were excluded. Each group of interconnections has its own color-scheme consistent with the cluster 
networks (Figure 9). The clusters were calculated with the Markov CLuster algorithm (MCL). 
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4.4 Gene ontology enrichment 

4.4.1 Functional annotation of clusters 

The summarized, non-redundant GO function results obtained from the Web server REViGO39 are 

described in detail in tables 2a and b (Appendix), for OW and NW respectively, where all enriched 

functions are outlined cluster wise and in order of decreasing significance. During the GO enrichment 

analysis, clusters in NW were found to be significantly enriched in NF-κβ induction (NW9), inositol 

derivative biosynthesis processes (NW5 and NW8), response to hypoxia (NW8), viral interaction 

processes (NW9) and inflammatory response (NW1), (cytokine) interferon-gamma production (NW2), 

NK T cell differentiation (NW5), T-helper 1 type immune response (NW9) which are all immune 

system processes and/or responses to stimuli. Other significantly enriched functions are enrichment 

of phagocytosis (NW1), calcium ion transport into cytosol (NW2), endomembrane system 

organization (NW5), hepatocyte differentiation (NW5), mitotic cell cycle processes (NW5, NW8), 

lysogeny (NW8), cell differentiation (NW10), cell proliferation (NW8), leukocyte cell proliferation 

(NW2), genetic imprinting (NW10) and anatomical structure development (NW10). Table 3 

(Appendix) summarizes and generalizes functions listed in tables 2a and b; this in order to get an 

overview of functions. 

Clusters in OW were significantly enriched in genetic imprinting processes (OW7), nitrogen 

compound metabolic/catabolic processes (OW7, OW9, OW12, OW18), cytokine metabolic process 

(OW7), cell cycle process (OW13), DNA recombination (OW12), (stem) cell proliferation (OW9, 

OW12), oxidative demethylation (OW12), defense response (OW9, OW18), response to hormone 

stimulus (OW7), steroid (cholesterol) biosynthetic process (OW7), interleukin-6 biosynthetic process 

(OW7), pancreatic A cell development (OW8), symbiosis, encompassing mutualism through 

parasitism (OW9), regulation of phagocytosis (OW10), cell cycle processes (OW12, OW13), regulation 

of transcription by galactose (OW13), estrous cycle phase (OW13) and chronic inflammatory 

response (OW13).  

4.4.2 Comparison of enrichment in equivalent clusters 

Functional examination of equivalent clusters (Figure 6) was done on clusters which are significantly 

enriched based on R:s package clusterProfiler. Focus lies on functions which might be related to 

obesity and on similarities between NW and OW clusters. For more functional details refer to Table 

2a and b. 

Results revealed that common for NW2 and OW9 are various processes of response to stimulus. 

NW2 (n=11) and OW9 (n=3) are involved in defense response and OW9 regulates cell proliferation 

(n=1) while NW2 proliferates leukocytes (n=4). Both clusters are associated with cytokine production 

(nNW2=5, nOW9=3) and in immune response (nOW9=6) where NW2 is specifically involved in lymphocyte 

activation (n=20). OW9 is purely involved in signal complex assembly (n=1) and response to nutrient 

(n=1) which both fall under response to stimuli. Both clusters are involved in biological regulation but 

in different areas (nNW2=33, nOW9=2). 

The largest cluster rearrangement between NW and OW is that of NW1 with its equivalents OW4, 

OW6, OW7, OW18 and ten small clusters. NW1, OW7 and OW18 were found to be functionally 

enriched. Similarities found between NW1 and OW7 were aldehyde catabolic/metabolic functions. 

OW7 is distinctively involved in metabolic processes and transport processes. Genes involved in 

regulation of biological quality is abundant especially in NW1 (n=36); OW7 regulates catalytic activity 
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(n=3) and hormone levels (n=1), while OW18 is not enriched in these functions. Clusters show to 

respond to different stimulus. NW1 mostly involves chronic inflammatory response (n=3). OW7, on 

the other hand, responds to stimulus from hormones (n=1) and is involved in the cell surface 

receptor signaling pathway (n=1). OW18 is involved in response to external stimulus (n=3) and 

defense response (n=4). Moreover, results indicate that the genes of NW1 are involved in immune 

response and cell activation which is not seen at all at significantly enriched levels in OW7 nor OW18. 

Analysis of the most complex cluster interaction involving NW5, NW15, NW6, OW2, NW4, NW9 and 

OW1 (Figure 6) where NW5, NW6 and NW9 are significantly enriched, revealed that NW5 is involved 

in 7 metabolic processes, amongst them is inositol biosynthetic process (n=1). NW6 is enriched in 

two functions, one is cofactor metabolic process (n=2), and as NW5, NW6 is involved in pigment 

metabolic process (n=2). NW5 is involved in cellular processes; one example is mitotic cell cycle 

processes (n=2). While not all functions are the same between NW5 and NW9, both are enriched in 

response to stimulus processes and immune system processes. Both take part of biotic stimulus 

(nNW5=2, nNW9=1) while only NW5 involves response to inorganic substance (n=1), NK T cell 

differentiation (n=1), antigen processing and presentation (n=1) and NW9 responds to stress (n=3), 

and is involved in NIK/NF-κβ cascade (n=2) and in adaptive immune response (n=1). NW9 further 

engages in entry into host cell (n=1) and viral reproductive processes (n=1) while NW5 in liver 

development (n=1). 

In the cluster group of NW8, OW11, NW10, OW3 and small clusters only two were enriched; NW8 

and NW10. Results uncover that they both engage in metabolic activities. While NW10 is involved in 

genetic imprinting (n=1), NW8 metabolizes/catabolizes lipoprotein (n=1), histone mRNA (n=2) and 

lipids (n=4). Both clusters are involved in cellular processes; some examples of NW8 are mitotic cell 

cycle process, chromosome segregation and regulation of cell proliferation. NW10 aggregates 

leukocytes and is involved in cell proliferation. Both NW8 and NW10 act to regulate catabolic activity 

(nNW8=2, nNW10=3), engage in response to hormone stimulus (nNW8=1) and cell surface receptor 

signaling pathway (nNW10=3). Only NW8 involves in lymphocyte differentiation (n=1), neuron 

apoptosis (n=2) and cell aging (n=1) while only NW10 engages in cell differentiation (n=2).  

OW8 is enriched in excretion (n=2) and pancreatic A cell development (n=1). NW25 and NW28 are 

not significantly enriched. OW10 is enriched in cytokine production (n=1), acute inflammatory 

response to antigenic stimulus (n=1), phagocytosis (n=1) and two types of metabolic process. The 

counterpart (NW13) of OW10 is not significantly enriched. OW12 is enriched while NW18 is not. 

OW12 engages in three different metabolic processes, two of them being oxidative demethylation 

(n=1) and drug catabolic process (n=1). OW14 is enriched in DNA replication initiation (n=1), 

neuromuscular synaptic transmission (n=1) and cell differentiation (n=1). Neither NW3 nor OW24 are 

significantly enriched. OW13 is not included in the cluster equivalence map because it only shares 

one gene with cluster NW20. However, OW13 is significantly enriched in cell cycle processes (n=2), 

regulation of transcription of galactose (n=1) and is also involved in the estrous cycle phase (n=1).  

4.4.3 Network interpretation 

Microarray data has been transformed from probe β-values to gene adjacency values and then finally 

loaded into Cytoscape. Cytoscape reads the data and interprets it as pair-wise methylation 

correlation strengths (adjacency) constructing a large network of all the pair-wise interactions. 

Where modules exist, genes are bound more tightly together in the network as shown in figure 7 
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(OW) and figure 8 (NW). Each cluster is shown as a ring of nodes. In the OW network (figure 7) the 13 

largest clusters are further accentuated by a color, one for each cluster. Genes in NW (figure 8) 

pertaining to the 13 largest clusters in OW, have the same color scheme. Note that there are NW has 

a major cluster significantly larger than the largest cluster in OW. Furthermore, there are 41 clusters 

in OW (figure 7) compared to 35 in NW (figure 8). 

The NW gene network has three larger independent components which are not connected to each 

other. There are two large and independent components in the OW gene network. For NW, the 

largest component (n=151) has clustering coefficient 0.386, an average number of neighbors of 5.113 

and a network density of 0.034. The second to largest component (n=147) has a clustering coefficient 

of 0.715, an average number of neighbors of 49.401 and the network density is 0.338. Lastly, for the 

smaller component (n=51) the clustering coefficient is 0.731, the average number of neighbors is 

22.314, and network density is 0.446. In the first component (n=285) in OW the clustering coefficient 

is 0.494, the average number of neighbors is 9.228, and the network density of size 0.032. The 

second and smaller component (n=43), has a clustering coefficient of 0.348, an average number of 

neighbors of 4.0, and the network density is 0.095. 

Figure 7. Network of overweight methylation correlation. Network visualizing 446 OW genes obtained from the intersection 
set between OW and NW. Genes form 41 clusters and are represented as circles. Two large independent sub-networks are 
seen. The clusters are colored according to the thirteen largest clusters in OW. The network in Figure 7 is colored according to 
this network in order to show how the genes belonging to the 13 largest OW clusters, are distributed in the NW network. 
Network was drawn in Cytoscape (v. 2.8.3). 
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Figure 8. Network of normal-weight methylation correlation between genes. Network of NW constructed from the 446 genes which are 
shared between OW and NW. Nodes represent genes and connections are correlation strengths above 0.80. Layout is chosen so that the 
35 clusters form rings. Three independent sub-networks, or components, are visible in the network. Coloring reveals the distribution of 
OW clusters. Colors reveals the distribution of OW clusters. Colors thus pertain to the clusters in network of OW (Figure 8) which are 
colored cluster wise. Network was drawn in Cytoscape (v. 2.8.3). 

Two additionally informative cluster networks were created to show the relationship between 

clusters; one for OW (Figure 9, top) and one for NW (Figure 9, bottom). Clusters consisting of at least 

four genes were used to create the weighted cluster networks. The cluster network for NW has 

twenty nodes (representing clusters, not genes!) and shows four independent modules i.e. the 

modules are not connected to each other. Four modules are also created in the weighted cluster 

network out of the twenty-six nodes in OW. For both networks the maximum number of connected 

component is four and average number of neighbors is 2.615 in OW and 2.400 in NW.  

Topological evaluation revealed hubs, i.e. highly connected genes, in the networks. In NW and OW 

node degrees varied between 1 and 125 and between 1 and 39 respectively. The ten genes with 

highest node degree in NW are FYB, CCIN, SFTPD, GATAD2B, IFNGR2, POR, SEPT9, ATP6V1E2, HIPK3, 

FOLR3 and in OW PIGO, GNAS, SLC45A1, CIAS1, FCGR3B, HIPK3, PLAGL1, ENTPD1, CSF3R and FKBP9L, 

ranked in order of decreasing node degree. These hubs are summarized in more detail in Table1 and 

tables 4a (NW) and b (OW) in Appendix. 
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Figure 9. Two weighted networks of cluster correlation. The top network shows the cluster network of OW. The network includes 
26 clusters larger than four genes in size, purely based on genes which are shared between OW and NW. The bottom network 
depicts the interactions between the 20 NW clusters (n>4). The edges are weighted based on the amount of connections to other 
clusters. The higher the number of connections to other clusters the higher the weight and the shorter the bond. The network was 
drawn in Cytoscape (v. 2.8.3). The cluster colors match those of clusters in Figure 6 but not those of Figure 7 and 8. 
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NW Hubs in NW HUBS in OW OW 

NW1 

CCIN (106) 
CIAS1 (95) 
ENTPD1 (34) 
HIPK3 (97) 
GATAD2B (103) 
SLC45A1 (84) 
POR (99) 
FOLR3 (97) 
CSF3R (88) 
ATP6V1E1 (97) 
SFTPD (105) 

IFNGR2* (101) 
SEPT9* (98) 
FCGR3B* (94) 
FYB* (125) 

CCIN (14) 
CIAS1 (35) 
ENTPD1 (31) 

OW4 

HIPK3 (34) 
GATAD2B (9) 

OW6 

SLC45A1 (36) 
POR (12) 
FOLR3 (13) 

OW7 

CSF3R (30) 
ATP6V1E2 (27) 
SFTPD (27) 

OW22 
OW26 
OW28 

NW6 PIGO (12) PIGO (39) 
FKBP9L (30) 

OW1 

NW9 FKBP9L (16) 

NW10 GNAS (15) GNAS (38) 
PLAGL1* (31) 

OW3 

Table 1. Hub distribution in NW with respect to OW.  

This table describes in which clusters each hub resides. The ten most 
significant hubs of NW are shown in bold letters to the left of the table 
in the green cells, and the ten most significant hubs in OW are shown in 
bold on the right half of the table (in blue). The genes which are not in 
bold are genes which are not significant to that particular group (NW or 
OW), but are shown for comparative purposes. The asterisk symbolizes 
hubs which do not exist in the opposing group. For example IFNGR2 is a 
significant hub in the NW network but does not exist in the OW 
network. A singleton (C6of106) is a gene which is not clustered i.e. is not 
part of a pathway but is a gene which exists in both OW and NW. The 
numbers in brackets denote the degree value i.e. the connectivity 
measure. The highest connectivity is 125 and 39 in NW and OW 
respectively. Note that HIPK3 is the only gene that is a significant hub in 
both OW and NW networks.  
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5. Discussion 
In this paper I have created abstract representations of biological systems related to obesity in 

adolescents (Figures 6, 7, 8 and 9). It can be difficult to take in and to decipher all the information in 

a network and especially that of networks based on thousands of individual gene connections like 

those presented here. I identified the network modularity as one of the most distinct characteristics 

which uncovered astounding differences between normal-weight and overweight networks. 

Concentrating the discussion around modularity, i.e. cluster formation, makes the network easier to 

understand and it facilitates the interpretation of biological relationships. Modules of functionally 

related genes seem to have a higher order of synchronization in NW as they are organized into larger 

clusters compared to OW. Hub distribution, or distribution of highly connected genes, is another 

essential difference and reveals that central hubs in NW are not regulatory significant in OW. The 

difference in cluster structure and hub distribution between overweight and normal-weight 

methylomes suggests that there is a relationship between methylation patterns and obesity.  

5.1 Modularity is stronger in NW 
Module arrangement comparison reveals that methylation patterns are different in OW and NW and 

that co-regulatory mechanisms work differently in obese compared to normal-weight individuals. 

Modularity in the NW and OW networks is strong. This is especially true for NW (clustering 

coefficient = 0.506) where clusters are generally much larger in gene count, 119 genes in the largest 

NW cluster and 30 in OW. Modularity in OW is below that of NW (cluster coefficient = 0.401) and has 

17.14%  
  

  
  more clusters than NW. The tight co-regulation in NW is further confirmed by the short 

edges connecting NW nodes as seen in Figure 9. The high methylation connection strength between 

cluster genes in NW implies that coordination of transcription is stronger in NW clusters. Interesting 

to note is how NW1 and NW2, the largest clusters found in NW, are split into numerous smaller 

clusters in OW (Figure 6) meaning that genes are regulated together in each NW1 and NW2, but that 

the co-regulation arrangement of the same genes is dispersed in OW individuals. For instance, NW1 

splits into four large clusters OW4, OW6, OW7 and OW18, and into ten additional small clusters. 

Thus, the pathway which NW1 is involved in is broken up in OW individuals.  

Functionally enriched clusters OW7 and OW18 show more specific and differential functional 

involvement than their equivalent NW1 that has a wider spectrum of function. An example of this is 

NW1 that is highly enriched in various types of response to stimulus. OW7 on the other hand, 

concentrates on hormonal response and cell surface receptor signaling pathway while OW18 is 

devoted to response to external stimuli (Table 3). Moreover, NW1 has a rather high enrichment in 

metabolic processes as does OW7 whereas OW18 is involved in merely one metabolic process. 

OW18 has instead retained genes related to locomotion which OW7 is not enriched in. However, 

figure 9 reveals numerous connections between OW clusters 4, 7 and 32 indicating that there 

persists some degree of collaboration between these clusters in overweight individuals. OW41 co-

regulates with the aforementioned clusters, however through cluster OW10 which does not have 

genes in common with NW1 (Figure 6). Nevertheless, genes in cluster NW1 are hence regulated with 

respect to each other at a much higher level than is the case for corresponding clusters in OW. The 

same is true for NW2 which is split into five clusters in OW.  

Although the general trend is that clusters in NW are larger than their counterparts in OW, there are 

complexes of clusters where the opposite is true. One such complex consists of clusters OW1 and 
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OW2 that together correspond to five large and two small clusters in NW. In this complex NW6 is the 

linking cluster sharing genes with both OW1 and OW2 (Figure 6). Another such complex is formed by 

the large clusters OW3, OW11, NW8 and NW10 and three small clusters. Note that figure 9 shows 

connectivity between OW1 and OW2, yet it is the lowest degree of connectivity between clusters 

judging by the long bond between OW1 and 2. Even though NW clusters analogous to OW1 and OW2 

show independent regulation (figure 9), the data shows indirect connectivity between counterparts 

NW9 and NW5, and between NW4 and NW6, thus revealing traces of coordination in normal-weight 

individuals. It is not surprising to witness different levels of co-regulation when comparing OW and 

NW. Epigenetic molecules are known to alter the availability of transcription start sites on the DNA 

and thereby alter gene expression as a consequence. Thus, it can be speculated that the deviant 

regulation coordination in OW is a result of aberrant methylation patterns which contribute to 

pathology of obesity and its comorbidities. 

5.2 Hubs are significantly different in OW and NW 
An intriguing discovery was made with respect to the hub distribution in the different networks. One 

single cluster, NW1, holds all of the ten most central hubs (Table 1). These hub genes are scattered 

throughout the corresponding OW clusters (Table 1) (refer to Table 4a and b for more detailed 

information about the hub genes’ functions). Judging by the strong coordination in NW1, genes in 

NW1 most likely form a large pathway, or a pathway of pathways, in which coordination of these ten 

hub genes is essential for normal function. This large pathway is evidently distorted in overweight 

individuals and has lost coordination of methylation across many genes and thus also regulation of 

the large pathway. Perhaps the reason is due to loss of co-regulation between significant hubs. Hubs 

are as mentioned, of critical importance to a network design and may indicate critical function due to 

their high connectivity. Even though hubs may not always be of biological significance28, I will 

demonstrate that some of the hubs do indeed seem to play a critical role in differentiation of 

overweight and normal-weight methylomes.  

The hub GNAS has a degree of 38/39 in OW3, and is a hub of rank 2 (i.e. the second most highly 

connected hub in OW). GNAS:s neighborhood connectivity†† in OW is 10.92 while in NW it is almost 

half the value (neighborhood connectivity = 6.7) suggesting that GNAS has a key role in OW but not 

in NW. Lack of methylation of GNAS in exon A/B has a cascading effect which in the end causes 

Cushing’s syndrome. This syndrome is a hormonal disease which emerges when an individual is 

exposed to high levels of cortisol for an extended time41. GNAS may be important in obesity etiology 

as epigenetic and/or genetic defects of the gene lead to hormonal and steroidal resistance. This may 

in turn cause obesity and insulin resistance42. Cushing’s syndrome has many common symptoms and 

characteristics with Metabolic syndrome (MetS)42. To illustrate similarities of Cusher’s syndrome and 

MetS, patients with Cushing’s syndrome tend to suffer from trunkal obesity, hypertension, 

abdominal striae and insulin resistance41,42. Point mutations in GNAS cause abnormal expression of G 

Protein-Coupled Receptors (GPCR) which may change the control of cortisol secretion and which 

when elevated trigger Cushing’s syndrome41,43. MetS is associated with heightened cortisol levels, 

insulin resistance and increased secretion of steroid hormones (glucocorticoids) in liver and adipose 

tissue42.  

                                                           
††

 Neighborhood connectivity is the average number of connectivity of all neighbors of GNAS 
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GNAS resides in cluster OW3 which shares genes with NW8, NW10 and other small clusters. NW8 is, 

among other functions, involved in response to hypoxia which is known to be a consequence of 

inflammation6 and which in turn is a response to obesity12. NW8 is also enriched in the response 

mechanism of corticosterone, a steroid hormone that is involved in control of energy balance42. An 

interesting function in NW10 is the activation of adenylatecyclase activity by the dopamine receptor 

signaling pathway (Table 2) and this is also the cluster which holds GNAS in the NW network (Table 

1). This type of activation is relevant for various reasons; dopamine is what controls our eating 

behavior by CNS stimulation44 and also adenylatecyclase activates cyclic adenosine monophosphate 

(cAMP) production which in turn stimulates secretion of insulin45. Thus, when this pathway 

malfunctions it may contribute to obesity. There are many factors supporting the biological 

significance of GNAS as a hub and which intriguingly enough is a hub that is highly relevant to 

obesity. Moreover, sibling clusters to OW3 show enrichment in biological functions which counteract 

the effects of mutated GNAS, and functions which OW3 did not reveal enrichment in.  

HIPK3 is another hub which exists in both NW and OW networks and has a rank 10 (degree 97/125) 

in NW and a rank 5 (degree 34/39) in OW. HIPK3 codes for a kinase known to participate in a cAMP 

dependent pathway46. This process affects regulation of biosynthesis of steroids in steroidogenic 

tissues46. cAMP is involved in immune suppression of proinflammatory cytokines47 and acts as a 

mediator of hormonal signals to intracellular components46. Proinflammatory cytokines have a major 

role in obesity since they promote inflammation and obese individuals are in a constant inflamed 

state4,6,12. In NW1 HIPK3 is part of a large regulatory conjunction while in OW6, HIPK3 is 

independently regulated from other hub genes, however along with GATAD2B. This implies that the 

intense coordination of HIPK3 with the other nine found hubs is important for the adequate 

functioning of HIPK3. Moreover, it presents the possibility that the independence of HIPK3 in 

overweight individuals means an alteration in immunosuppression of proinflammatory cytokines and 

thus an adaption to, or a cause of, an obese state.  

The difference in hubs and hub connectivity between OW and NW indicates that modified hub co-

regulation may be a cause of decreased cluster coordination of methylation in OW and of the 

preserved coordination in NW. Following this track of thought, it may be suggested that these hubs 

play a major role in differentiating coordination of transcription regulation in normal-weight and 

overweight adolescents. It can also be speculated that these differences are consequences that are 

caused at a much higher level than mere methylation regulation. These differences may be caused by 

higher level factors typical to obese adolescents such as obesity induced inflammation, increased 

body fat, insulin resistance and abnormal hormone composition which are controlled in normal-

weight individuals.  

5.3 Conclusions 
I have characterized the DNA methylation interaction networks for overweight and normal-weight 

adolescents. I have shown that there is a difference in DNA methylation coordination specifically 

referring to module rearrangement, or differential pathway coordination, in obese children 

compared to normal-weight children. OW clusters are more functionally specialized as a direct 

consequence of their split arrangement and their smaller sizes. An explanation could be that co-

regulatory activities are much more strictly supervised in normal-weight individuals. The entire 

biological system becomes distorted by the biochemical imbalance in obese persons, leading to 

depressed coordination of methylation between genes of different biological pathways. 
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Furthermore, results suggest that hubs have different roles in obese and normal-weight biological 

pathways. Hubs and genes in the same pathway, like GNAS or HIPK3, elucidate the complexity of 

obesity. They do this by partly illustrating clear differentiation of methylation co-regulation between 

OW and NW, and partly by showing the complex series of interactions which when defect contribute 

to obesity.  

Complex diseases like obesity include a range of comorbidities and therefore also affect various types 

of tissues11. This knowledge agrees with results obtained here which reveal that several biological 

functions become affected in obese individuals and which also indicate that these functions 

contribute to pathogenesis of obesity. In overweight individuals it could be speculated that comorbid 

factors to obesity, such as inflammation, may interrupt normal epigenetic regulation of cells. Some 

genes which are down-regulated in normal-weight adolescents show evidence of being up-regulated 

in overweight children, and vice versa in a few cases. Some genes show equivalent connectivity 

degrees, regardless of weight-category (HIPK3), yet they show tendencies of being differentially 

methylated, or regulated, depending on weight-class. Thus, the results presented also support that 

epigenetic modification is environmentally directed, agreeing with the findings in MZ twin studies 

that claim that phenotypes become increasingly personalized over time due to epigenetic differences 

despite identical genotype5,23.  

Whether epigenetic differences arise during embryogenesis or become modified with age or due to 

environmental factors, a difference in methylation regulation between normal-weight and 

overweight individuals has been evidenced in this study. It is a major step on the way having found 

differential methylation and regulatory patterns between overweight and normal-weight 

adolescents. Differential DNA methylation in obese versus normal-weight adolescents seems 

promising for finding potential epigenetic biomarkers for prediction and diagnostic purposes and 

continued research in this field is therefore encouraged. 

6. Limitations 
Methylation is tissue specific and each cell type has its own methylome. Restricting sample data to 

blood cells becomes a limitation because methylomes in white blood cells (leukocytes and 

lymphocytes) may only reveal patterns unique to blood cells. Blood samples are the easiest cell types 

to retrieve in humans; it is cheap, quick and accessible. For this study blood still is informative 

because immune defense cells, glucose and metabolic nutrients are transported via blood. 

Concentrations of molecules or cells closely associated with obesity exposes blood cells to 

conforming environmental constraints. Remember that methylation is known to be environmentally 

affected. Thus, studying blood methylomes might still be informative.  

Illumina 27k Assay interrogates roughly about 27 000 CpG-sites. This does not cover the entire 

genome and causes the array to be biased especially targeting cancer genes since this is one of the 

largest areas of research. Moreover, probe design in Illumina 27k may at some occasions cause 

problems. Recall that the array is designed so that probes hybridize to bisulfite converted DNA. Some 

probes are non-specific and hybridize to non-target sites which may result in false 

discovery48.However, a mere 6-10% of Illumina 27k probes are non-specific making Illumina 27k array 

“excellent for the majority of experimental protocols”48.It is yet important to keep in mind of wrong-

target hybridization as some projects might be sensitive to this kind of technical weakness. 
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Other limitations to the analysis affected the validation test. Optimally, a significance level of 10-8‡‡ 

(Bonferroni correction) should have been obtained. The validation test yielded a significance level  

10-4. From the convergence pattern in the graph (Figure 6) both NW and OW:s estimated p-values 

converge towards 1 but none does actually reach 1. Each permutation test took about 7 days to run, 

so recalculating validation values was not an option. Nevertheless, we can still safely say that the 

network has not been created by pure random chance. As expected, probes in proximity to the same 

gene do correlate with each other, which create self-loops in the studied gene network (not shown). 

If the two intersection networks (Figures 7 and 8) are compared, then it is evident that modules are 

rather preserved in OW and NW which also aids in the network validation. Moreover, several of the 

identified modules are enriched in biologically related genes, which is strong evidence that the 

correlations and the network represent significant co-regulation. 

7. Perspectives 
This project could grow endlessly with the many more analyses one could add. However to improve 

the quality, or to add more validity to the study, more permutations could be done doing the 

permutation test with the aim of reaching a significance level of 10-8. The permutation test was based 

on a local R script and there are most likely faster scripts based on other programming languages 

(such as java or C) or more efficient algorithms with improved run time.  

To compare and confirm results obtained here a potential idea is to detect methylation by 

sequencing of bisulfite converted DNA and compare with the results obtained by array hybridization 

for a number of sites, which would provide a technical validation. Gene expression profiles could be 

compared to the regulation profiles, based on the same individuals, gaining more insight as to how 

methylation and gene expression are related.  

Increasingly popular is to study biological pathways instead of single gene interactions. The lack of 

knowledge around obesity and its epigenetic relation makes it difficult to study methylation patterns 

in obesity in light of biological pathways because this area is still too obscure. Presume that there is 

sufficient knowledge; the KEGG database may be used to create networks on these pathways. Then 

instead of nodes being genes, nodes would represent pathways. This is said to be more informative 

than single gene interactions49. Specific for this study it would be interesting to compare how 

pathways interact in overweight individuals in comparison to normal-weight individuals.  

Additionally, EB-coexpress50 is an R-package which identifies differential gene expression. EB-

coexpress automates discovery of genes which have different methylation (or expression) levels in a 

network. To confirm modules, WGCNA51 is a handy and popular R-package for finding modules. 

WGCNA would thus be a good complement to MCL and the use of WGCNA would increase the 

validity of the study even further.  
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10. Appendix 
Table 2a. GO enrichment of NW. This table shows the biological functions in NW clusters which are significantly enriched. 
The number of genes involved (# Genes) in each function is also shown along with the significance level denoted by the 
negative logarithmic (base 10) p-value and the corresponding GOID. Below each cluster name the number of genes 
making up that particular cluster is shown in italic. The functions are sorted by decreasing level of significance. 

Cluster Functions # Genes Log10 p-value GOID 

NW1 immune system process  33 8.3528 GO:0002376 

119 genes immune response  25 8.0819 GO:0006955 

 
response to stress  41 6.6892 GO:0006950 

 
response to other organism  14 5.0175 GO:0051707 

 
response to biotic stimulus  14 4.7469 GO:0009607 

 
response to stimulus  66 4.5003 GO:0050896 

 
regulation of biological quality  31 4.224 GO:0065008 

 
positive regulation of smooth muscle cell migration  3 4.0107 GO:0014911 

 
potassium ion export  2 3.8869 GO:0071435 

 
negative regulation of peptidase activity  6 3.7758 GO:0010466 

 
chronic inflammatory response  3 3.7456 GO:0002544 

 
phagocytosis  5 3.6985 GO:0006909 

 
cell activation  14 3.6419 GO:0001775 

 
multi-organism process  17 3.5839 GO:0051704 

 
positive regulation of biological process  36 3.472 GO:0048518 

 
aldehyde catabolic process  2 3.3678 GO:0046185 

     NW2 lymphocyte activation  20 19.7005 GO:0046649 

48 genes immune system process  29 17.8778 GO:0002376 

 
cell activation  21 16.7747 GO:0001775 

 
cell surface receptor signaling pathway  23 9.0255 GO:0007166 

 
response to stimulus  38 8.5351 GO:0050896 

 
positive regulation of response to stimulus  15 7.668 GO:0048584 

 
interferon-gamma production  5 6.3841 GO:0032609 

 
signaling  28 6.3593 GO:0023052 

 
cell communication  28 6.1252 GO:0007154 

 
regulation of response to stimulus  18 5.5181 GO:0048583 

 
cytokine production  7 4.3469 GO:0001816 

 
regulation of cell killing  3 3.9214 GO:0031341 

 
positive regulation of biological process  19 3.6777 GO:0048518 

 
defense response  10 3.4652 GO:0006952 

 
peptidyl-tyrosine dephosphorylation  3 3.3036 GO:0035335 

 
cell killing  3 3.1199 GO:0001906 

 
calcium ion transport into cytosol  3 3.0114 GO:0060402 

 
leukocyte proliferation  4 2.9739 GO:0070661 

 
regulation of cell death  10 2.9697 GO:0010941 
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biological regulation  33 2.7899 GO:0065007 

 
multicellular organismal process  24 2.7831 GO:0032501 

 
positive regulation of hematopoietic stem cell migration  1 2.5735 GO:2000473 

 
death  11 2.4997 GO:0016265 

 
sequestering of metal ion  2 2.3137 GO:0051238 

 
defense response to tumor cell  1 2.2731 GO:0002357 

 
hematopoietic stem cell migration  1 2.2731 GO:0035701 

 
regulation of cell communication  9 2.1869 GO:0010646 

 
developmental process  19 2.1678 GO:0032502 

 
immunoglobulin biosynthetic process  1 2.0976 GO:0002378 

 
maintenance of location  3 2.0275 GO:0051235 

     NW5 dibenzo-p-dioxin catabolic process  1 3.2134 GO:0019341 

11 genes inositol biosynthetic process  1 3.2134 GO:0006021 

 
AMP phosphorylation  1 3.2134 GO:0006756 

 
antigen processing and presentation of exogenous antigen  2 2.9585 GO:0019884 

 
endomembrane system organization  1 2.9125 GO:0010256 

 
nucleoside monophosphate phosphorylation  1 2.9125 GO:0046940 

 
synaptic vesicle membrane organization  1 2.9125 GO:0048499 

 
response to iron(III) ion  1 2.7365 GO:0010041 

 

antigen processing and presentation of lipid antigen via MHC class 
Ib  1 2.7365 GO:0048003 

 
eye pigment biosynthetic process  1 2.6117 GO:0006726 

 
response to nematode  1 2.6117 GO:0009624 

 
9-cis-retinoic acid biosynthetic process  1 2.6117 GO:0042904 

 
S phase of mitotic cell cycle  2 2.5502 GO:0000084 

 
maternal process involved in parturition  1 2.5149 GO:0060137 

 
coumarin metabolic process  1 2.5149 GO:0009804 

 
selenocysteine incorporation  1 2.4358 GO:0001514 

 
sequestering of zinc ion  1 2.4358 GO:0032119 

 
NK T cell differentiation  1 2.4358 GO:0001865 

 
AMP metabolic process  1 2.369 GO:0046033 

 
nucleotide phosphorylation  1 2.3112 GO:0046939 

 
hydrogen peroxide biosynthetic process  1 2.2601 GO:0050665 

 
hepatocyte differentiation  1 2.2601 GO:0070365 

     NW6 pigment metabolic process  2 3.3594 GO:0042440 

10 genes siderophore biosynthetic process  1 3.2548 GO:0019290 

 
siderophore metabolic process  1 3.2548 GO:0009237 

     NW8 regulation of mitotic metaphase/anaphase transition  2 4.1 GO:0030071 

6 genes protein localization to chromosome, centromeric region  1 2.9996 GO:0071459 

 
neuron apoptosis 2 2.9435 GO:0051402 

 
lipoprotein catabolic process  1 2.8748 GO:0042159 

 
pre-B cell differentiation  1 2.7779 GO:0002329 
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response to hypoxia  2 2.7252 GO:0001666 

 
DNA damage induced protein phosphorylation  1 2.6988 GO:0006975 

 
response to oxygen levels  2 2.6647 GO:0070482 

 
cellular response to gamma radiation  1 2.6319 GO:0071480 

 

positive regulation of DNA damage response, signal transduction 
by p53 class mediator  1 2.4772 GO:0043517 

 
replicative senescence  1 2.4772 GO:0090399 

 
histone mRNA catabolic process  1 2.4772 GO:0071044 

 
phosphatidylinositol-3-phosphate biosynthetic process  1 2.4358 GO:0036092 

 
lipid metabolic process  3 2.4285 GO:0006629 

 
centromere complex assembly  1 2.3981 GO:0034508 

 
regulation of cell communication  3 2.2022 GO:0010646 

 
response to corticosterone stimulus  1 2.1162 GO:0051412 

 
histone mRNA metabolic process  1 2.0801 GO:0008334 

 
regulation of chromosome segregation  1 2.0801 GO:0051983 

 
negative regulation of cell proliferation  2 2.0116 GO:0008285 

 
regulation of lipid kinase activity  1 2.0013 GO:0043550 

     NW9 uncoating of virus  1 3.4766 GO:0019061 

6 genes formate metabolic process  1 3.1757 GO:0015942 

 
detection of diacyl bacterial lipopeptide 1 3.1757 GO:0042496 

 
positive regulation of interleukin-6 biosynthetic process  1 2.6988 GO:0045410 

 
folic acid-containing compound biosynthetic process  1 2.574 GO:0009396 

 
provirus integration  1 2.574 GO:0019047 

 
lysogeny  1 2.574 GO:0030069 

 
response to wounding  3 2.4542 GO:0009611 

 
activation of NF-kappaB-inducing kinase activity  1 2.2472 GO:0007250 

 
DNA integration  1 2.199 GO:0015074 

 
protein peptidyl-prolyl isomerization  1 2.199 GO:0000413 

 
entry into host cell  1 2.199 GO:0030260 

 
NIK/NF-kappaB cascade  1 2.1162 GO:0038061 

 
detection of biotic stimulus  1 2.1162 GO:0009595 

 
T-helper 1 type immune response  1 2.0159 GO:0042088 

     NW10 bone development  2 3.6911 GO:0060348 

5 genes post-embryonic body morphogenesis  1 3.5558 GO:0040032 

 
osteoblast differentiation  2 3.3391 GO:0001649 

 
negative regulation of alkaline phosphatase activity  1 3.2548 GO:0010693 

 
leukocyte aggregation  1 2.7779 GO:0070486 

 

activation of adenylatecyclase activity by dopamine receptor 
signaling pathway  1 2.711 GO:0007191 

 
ossification  2 2.7037 GO:0001503 

 
semaphorin-plexin signaling pathway  1 2.4103 GO:0071526 

 
GTP metabolic process  2 2.3808 GO:0046039 

 
regulation of nucleotide metabolic process  2 2.3695 GO:0006140 
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genetic imprinting  1 2.2779 GO:0071514 

 
dopamine receptor signaling pathway  1 2.1767 GO:0007212 

 
trabecula morphogenesis  1 2.159 GO:0061383 

 
embryonic hindlimb morphogenesis  1 2.159 GO:0035116 

 
anatomical structure maturation  1 2.0522 GO:0071695 

 
body morphogenesis  1 2.0259 GO:0010171 

 

Table 2b. GO enrichment of OW. This table shows the biological functions in OW clusters which are significantly 
enriched. The number of genes involved (# Genes) in each function is also shown along with the significance level 
denoted by the negative logarithmic (base 10) p-value and the corresponding GOID. Below each cluster name the 
number of genes making up that particular cluster is shown in italic. The functions are sorted by decreasing level of 
significance. 

Cluster Function # Genes Log10 p-value GOID 

OW7 aldehyde catabolic process  2 5.6526 GO:0046185 

9 genes cellular aldehyde metabolic process  2 3.8814 GO:0006081 

 
oxalic acid secretion  1 3.3005 GO:0046724 

 
glycine biosynthetic process, by transamination of glyoxylate 1 3.3005 GO:0019265 

 
nitrate catabolic process  1 3.3005 GO:0043602 

 
nitric oxide catabolic process  1 3.3005 GO:0046210 

 
alanine catabolic process  1 3.3005 GO:0006524 

 
regulation of growth plate cartilage chondrocyte proliferation  1 2.9996 GO:0003420 

 
cellular organohalogen metabolic process  2 2.9996 GO:0090345 

 
cellular organofluorine metabolic process  2 2.9996 GO:0090346 

 
nitrate metabolic process  1 2.8236 GO:0042126 

 
regulation of membrane repolarization  1 2.8236 GO:0060306 

 
potassium ion export  1 2.8236 GO:0071435 

 
pyruvate family amino acid metabolic process  1 2.8236 GO:0009078 

 
organic substance transport  3 2.8026 GO:0071702 

 
positive regulation of cholesterol biosynthetic process  1 2.6988 GO:0045542 

 
pyruvate biosynthetic process  1 2.6988 GO:0042866 

 
negative regulation of lipase activity  1 2.3471 GO:0060192 

 
betaine metabolic process  1 2.3471 GO:0006577 

 
carnitine metabolic process  1 2.3471 GO:0009437 

 
response to follicle-stimulating hormone stimulus  1 2.3014 GO:0032354 

 
positive regulation of hormone metabolic process  1 2.2601 GO:0032352 

 
phenylpropanoid metabolic process  1 2.1557 GO:0009698 

 
regulation of gene expression by genetic imprinting  1 2.1557 GO:0006349 

 
protein targeting to peroxisome  1 2.1258 GO:0006625 

 
interleukin-6 biosynthetic process  1 2.0979 GO:0042226 

 
positive regulation of monooxygenase activity  1 2.0979 GO:0032770 

 
positive regulation of smoothened signaling pathway  1 2.0979 GO:0045880 

 
cofactor transport  1 2.0716 GO:0051181 

 
genetic imprinting  1 2.0235 GO:0071514 

 
vitamin transport  1 2.0014 GO:0051180 
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OW8 excretion  2 3.3684 GO:0007588 

9 genes pancreatic A cell development  1 3.3005 GO:0003322 

 

 

    OW9 immune response  6 6.1069 GO:0006955 

8 genes regulation of interferon-gamma production  3 5.8481 GO:0032649 

 
immune system process  6 4.8527 GO:0002376 

 
cytokine production  3 3.3798 GO:0001816 

 
induction of apoptosis  3 3.2848 GO:0006917 

 
cell activation  3 2.5412 GO:0001775 

 
death  4 2.4586 GO:0016265 

 
signal complex assembly  1 2.4492 GO:0007172 

 
negative regulation of nitric oxide biosynthetic process  1 2.3981 GO:0045019 

 
response to nutrient  2 2.3703 GO:0007584 

 
positive regulation of membrane potential  1 2.3525 GO:0045838 

 
regulation of mitochondrial membrane permeability  1 2.3525 GO:0046902 

 
response to stimulus  7 2.287 GO:0050896 

 
growth involved in symbiotic interaction  1 2.1768 GO:0044110 

 
negative regulation of lipid catabolic process  1 2.1488 GO:0050995 

 

regulation of symbiosis, encompassing mutualism through 
parasitism  1 2.0979 GO:0043903 

 
regulation of response to stimulus  4 2.0702 GO:0048583 

 
defense response  3 2.0652 GO:0006952 

 
negative regulation of fibroblast proliferation  1 2.0523 GO:0048147 

     OW10 positive regulation of type IIa hypersensitivity  1 3.1087 GO:0001798 

7 genes Mo-molybdopterin cofactor biosynthetic process  1 2.565 GO:0006777 

 
positive regulation vascular endothelial growth factor production  1 2.2067 GO:0010575 

 
regulation of protein processing  1 2.0889 GO:0070613 

 
positive regulation of phagocytosis  1 2.0688 GO:0050766 

     OW12 negative regulation of DNA recombination at telomere  1 3.4766 GO:0048239 

6 genes alkaloid catabolic process  1 2.9996 GO:0009822 

 
protein localization to chromosome, telomeric region  1 2.6988 GO:0070198 

 
alkaloid metabolic process  1 2.5229 GO:0009820 

 
oxidative demethylation  1 2.4772 GO:0070989 

 
stem cell proliferation  1 2.4358 GO:0072089 

 
drug catabolic process  1 2.4358 GO:0042737 

     OW13 regulation of chromosome organization  2 3.5378 GO:0033044 

6 genes regulation of transcription by galactose 1 3.4766 GO:0000409 

 
negative regulation of cell cycle process  2 3.4164 GO:0010948 

 
estrous cycle phase  1 2.574 GO:0060206 
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OW14 positive regulation of DNA-dependent DNA replication initiation  1 3.5558 GO:0032298 

5 genes satellite cell differentiation  1 3.2548 GO:0014816 

 
regulation of muscle filament sliding  1 3.0788 GO:0032971 

 
neuromuscular synaptic transmission  1 2.3524 GO:0007274 

     OW18 chemotaxis  3 3.5311 GO:0006935 

5 genes RNA catabolic process 2 2.898 GO:0006401 

 
defense response  3 2.7565 GO:0006952 

 
locomotion  3 2.6558 GO:0040011 

 
response to external stimulus  3 2.5639 GO:0009605 

 
response to bacterium  2 2.5404 GO:0009617 

 
chronic inflammatory response  1 2.3261 GO:0002544 
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Table 3. Biological function enrichment comparison between OW and NW. This table summarizes biological GO functions to fourteen more general function categories. The main categories are metabolic 
process, localization, cellular process, biological regulation, multi-organism process, response to stimulus, immune system process, locomotion, establishment of localization, signaling, cell killing, death, 
developmental process and reproduction. The main categories are capitalized and the sub-functions are listed below in italic. Functions aligned to the right denote sub-functions to the function stated 
directly before (a sub-sub-function). Each column pertains to a cluster and the numbers show how many genes belong to a specific function (see Figure 2). Cells containing multiple numbers separated by a 
plus sign, distinguishes several functions which have been generalized to the same function. Some of the functions overlap sub-functions which means that some functions are accounted for twice or more, 
at a more general and a more specific level, and might therefore seem overly represented in some of the clusters.  

CLUSTERS OW7 OW8 OW9 OW10 OW12 OW13 OW14 OW18 NW1 NW2 NW5 NW6 NW8 NW9 NW10 

FUNCTION                

Metabolic process                

regulation of peptidase activity         6       
aldehyde catabolic/metabolic process 2+2        2       
immunoglobulin biosynthetic process          1      
peptidyl-tyrosine dephosphorylation          3      
inositol biosyntheitic process           1     
nucleotide metabolic process           1+1+1+1    2+2 

pigment metabolic process           1 2    
vitamin metabolic process           1     
coumarin metabolic process           1     
selenocysteine incorporation           1     
hydrogen peroxide biosynthetic process           1     
cofactor metabolic process    1        1+1    
lipoprotein catabolic process             1   
histone mRNA catabolic/metabolic process             1+1   
lipid catabolic/metabolic process   1          1+3   
carboxylic acid metabolic process 1             1  
coenzyme metabolic process              1  
DNA-integration              1  
cellular protein modification process              1  
genetic imprinting 1+1              1 

cellular amino acid metabolic process 1+1+1+1               
nitrogen compound catabolic/metabolic process 1+1+1+1+

1 
 1  1+1   2        

cellular organohalogen metabolic process 1+1               
steroid metabolic process 1               
pyruvate metabolic process                
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CLUSTERS OW7 OW8 OW9 OW10 OW12 OW13 OW14 OW18 NW1 NW2 NW5 NW6 NW8 NW9 NW10 

cytokine metabolic process 1               
protein metabolic process    1            
drug catabolic process     1           
demethylation     1           
DNA-replication intitiation       1         

Localization                

protein localization to chromosome     1        1   

                

Cellular process                

cell activation   3      14 21      

cell surface receptor signaling pathway          23      

cell communication          28+9   3   

cellular membrane organization           1+1     

cell cycle process      2          

mitotic cell cycle           2  2   

cellular component organization      2       1   

chromosome segregation             1   

leukocyte aggregation               1 

DNA recombination     1           

cell proliferation               1 

leukocyte proliferation          4      

regulation of cell proliferation   1          2   

stem cell proliferation     1           

                

Biological regulation                

biological regulation          33      
regulation of biological process          19      
regulation of biological quality         36       
maintenance of location          2+3 1     

regulation of membrane potential 1  1             

regulation of mitochondrial membrane 
permeability 

  1             

regulation of catalytic activity 1+2            1+1  3 
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CLUSTERS OW7 OW8 OW9 OW10 OW12 OW13 OW14 OW18 NW1 NW2 NW5 NW6 NW8 NW9 NW10 

regulation of hormone levels 1               

                

Multi-organism process                

multi-organism process         17       

excretion  2              

cytokine production   3 1      7    1  

interferon gamma production   3       5      

multicellular organism process          24      

symbiosis, encompassing mutualism  
through parasitism 

  1+1           1  

ossification               2 

                

Response to stimulus                

response to stimulus   4+7      66 38+15+18      

response to stress         41     3  

chronic inflammatory response        1 3       

response to DNA damage stimulus             1+1   

response to biotic stimulus         14     1  

response to other organism         14  1     

response to external stimulus        3        

cellular response to xenobiotic stimulus           1     

defense response   3     3  1+10      

response to inorganic substance           1     

response to abiotic stimulus             2+2+1   

response to hormone stimulus 1            1   

response to molecule of bacterial origin        2      1  

NIK/NF-kappaB cascade              1+1  

cell surface receptor signaling pathway 1              1+1+1 

signal complex assembly   1             

response to nutrient   1             

regulation of transcription of galactose      1          
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-CLUSTERS OW7 OW8 OW9 OW10 OW12 OW13 OW14 OW18 NW1 NW2 NW5 NW6 NW8 NW9 NW10 

Immune system process                

immune system process   6      33 29      

immune response   6      25       

lymphocyte activation          20      

NK T cell differentiation (is a lymphocyteactivation)           1     

lymphocyte differentiation             1   

acute inflammatory response to antigenic stimulus    1            

antigen processing and presentation           1+2     

adaptive immune response              1  

                

Locomotion                

locomotion        3        

smooth muscle cell migration         3       

hematopoietic stem cell migration          1+1      

entry into host cell              1  

chemotaxis        3        

                

Establishment of localization                

transport                

pottassium ion transport 1        2       

phagocytosis    1     5       

calcium ion transport into cytosol          3      

oxalic acid secretion 1               

organic substance transport 3               

protein targeting peroxisome 1               

cofactor transport 1               

vitamin transport 1               

regulation of muscle filament sliding       1         

                

Signaling                

signaling          28      

neuromuscular synaptic transmission       1         
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CLUSTERS OW7 OW8 OW9 OW10 OW12 OW13 OW14 OW18 NW1 NW2 NW5 NW6 NW8 NW9 NW10 

Cell killing                

cell killing          3+3      

                

Death                

death   4       10+11      

neuron apoptosis             2   

induction of apoptosis   3             

                

Developmental process                

developmental process          19      
liver development           1     
cell aging             1   
anatomical structure development 1 1              
cell differentiation       1        2 

Reproduction                

viral reproductive process              1  

estrous cycle phase      1          
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Table 4a. The ten highest ranked hubs in NW and their respective biological functions.  The hubs are ordered in 
decreasing degree of connectivity. A short summary of the functions is listed on the right hand side of the table.   

  

Hub Degree Protein name Functions 

FYB 125 FYN binding protein Involvement in inflammatory response52 
When mutated it can cause IL-1 driven 
autoinflammatory disorder53 

CCIN 106 Calicin Is the basic protein of the mammalian sperm 
head cytoskeleton54 

SFTPD 105 Pulmonary surfactant-
associated protein D 

When mutated it can cause respiratory distress 
syndrome and bronchopulmonary dysplasia in 
infant born prematurely resulting in morbidity, 
mortality, and low-birth rate55 

GATAD2B 103 GATA zinc finger domain-
containing protein 2B 

Is involved in transcriptional repressor activity56 

IFNGR2 101 Interferon-Gamma 
receptor 2 

Mutation causes abnormal susceptibility to 
mycobacterial infection57 
Is a part of the interferon gamma receptor58 

POR 99 P450 (cytochrome) 
oxidoreductase 

Resides in the endoplasmic reticuluum59 
Electron donor to enzymes, including enzymes 
involved in hepatic drug metabolism and 
steroidogenic enzymes. Dependent on thyroid 
hormone60 

SEPT9 98 Septin 9 Protein involved in cytokinesis, apoptosis, 
membrane dynamics among others. When 
mutated involved in neoplasia61.  
Involved in breast cancer 

FOLR3 97 Folate receptor 3 (gamma) Involved in both healthy and cancer cell 
formation. Expressed by hematopoietic, 
placenta, leukemia and lymphoma cells62 

ATP6V1E2 97 ATPase, H+ transporting, 

lysosomal 31kDa, V1 

subunit E2 

This gene is a mutated version of H+ATPase that 
disrupts normal maintenance of luminal 
acidification (vital for storage and maturation of 
sperms). Causes development of recessive distal 
renal tubular acidosis (dRTA) and irreversible 
hearing impairments63 

HIPK3 97 Homodomain interacting 
protein kinase 3 

Is a kinase involved in a cyclic 
Adenosinemonophosphatase (cAMP) pathway 
and is thus involved in regulation of 
inflammatory molecules. It is a DNA-binding 
transcription factor that regulates steroid levels 
and also apoptosis.46 
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Table 4b. The ten highest ranked hubs in OW and their respective biological functions.  The hubs are ordered in 
decreasing degree of connectivity. A short summary of the functions is listed on the right hand side of the table.  

Hub Degree Protein name Functions 

PIGO 39 Phosphatidylinositol 
glycan anchor 
biosynthesis, class O 

It is a cell surface protein attached with a 
glycosyl-phosphatidylinositol (GPI). It is 
presumably acts as a mediator for some insulin 
activity.64 When mutated it elevated serum 
alkaline phosphatase blood levels and causes 
hyperphosphatasia with mental retardation 2 
(HPMRS2)65 

GNAS 38 Guanine nucleotide-
binding protein G(s) 
subunit alpha isoforms 
XLas 

It codes for a G-protein which is involved in 
transmembrane signaling, it is also a modulator 
of transmembrane activity66. Paternally 
inherited mutation on GNAS may result in PTH 
(pseudohypoparathyroidism) resistance or 
Cusher’s syndrome (very few cases)41. 
Maternally inherited mutations cause defects in 
imprinting 67 

SLC45A1 36 Solute carrier family 45, 
member 1 

When mutated causes acute albinism68 

CIAS1 35 Cryopyrin Encodes for pyrin-like protein and regulates 
inflammation and apoptosis. When function is 
distorted causes spontaneous inflammasome 
activation (cryopyrin –associated periodic 
syndromes)53,69. 
 

FCGR3B 34 Fc fragment of IgG, low 
affinity IIIb, receptor 
(CD16b) 

Has affinity for intravenous molecules such as 
IgG. This protein is used for treatment of 
Kawasaki disease.60 

PLAGL1 31 Pleiomorphic adenoma 
gene-like 1 

Seems to be involved in transient neonatal 
diabetes mellitus (TNDM) which includes severe 
insulin deficiency at birth. This type of diabetes 
is not permanent. 70 

ENTPD1 31 Ectonucleoside 
triphosphate 
diphosphohydrolase 1 

Modulates immune response by regulating 
adenine nucleotide level71. It is also involved in 
prevention of platelet aggregation by 
hydrolyzing ATP and ADP. 

CSF3R 30 Colony stimulating factor 
3 receptor (granulocyte) 

This gene codes for cytokines which are involved 
in growth, differentiation, and functional 
enhancement of granulocytes and 
macrophages. 72 

FKBP9L 30 FK506 binding protein 9-
like 

pseudogene 

 

 




