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Abstract 

Multiple sclerosis is a common neurological disorder, characterized by increasing disability over time for the affected 

patient. The disease is considered an autoimmune disorder in which the immune system causes damage to nerves in 

the central nervous system through demyelination and inflammation. It is currently not understood what causes the 

disease, but both genetic susceptibility as well as environmental- and lifestyle factors are thought to contribute to 

disease development. 

In this project, data of known disease-associated risk factors were used to characterize the processes through which 

they may alter the risk of disease development. Modules for each risk factor was derived from experimental data, using 

the MODifieR disease-module inference algorithms.  Of the five different risk factors included, each module was 

analysed using the PASCAL tool and disease specific GWAS data to evaluate the relevance towards the disease. 

Based on the modules derived using the Clique Sum Permutation module inference method a consensus module 

comprising 126 genes was identified, which proved to be significantly enriched for disease associated SNPs (single 

nucleotide polymorphisms). Additionally, the risk-factor consensus module was compared to disease specific 

consensus genes previously obtained within the research group.  The comparison showed a significant overlap, which 

indicates that the methodology may provide means of examine the impact of risk-factors in the context of complex 

disease.  
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1 Introduction 
 

Despite the vast increase of knowledge in biomedicine and related fields of the last few decades, the nature of many 

complex diseases remains unexplained. As opposed to many infectious- and single-gene diseases, complex diseases are 

thought to derive from multiple factors that may interact and jointly contribute to disease development. For many 

complex diseases, typical risk factors include genetic components, infection history, lifestyle habits and/or 

environmental elements. Examples of relatively common complex diseases, which affect millions of individuals 

worldwide, include asthma, diabetes, cardiovascular diseases as well as psychiatric disorders such as bipolar disorder 

and schizophrenia. 

 

1.1 Disease modules 
The development of high-throughput biomolecular techniques has provided means for broad examination of biological 

processes at different levels. The relatively new concept of -omics (such as transcriptomics and lipidomics), in which 

biological components of the same type are collectively analysed, have provided insight in the cellular processes. While 

the comprehension of the human interactome (which accounts for how all the components within a cell interact with 

each other) still is incomplete, efforts have been made to combine multiple omics to gain deeper insights in how the 

cellular processes relate to each other. Of particular interest are insights of the more obscure processes that drives the 

development for complex disease. As true for many of the complex diseases, several risk factors have been identified 

but cannot account for the disease development alone.  

Various models to integrate multiple layered, large-scale biological data have been developed as the field of system 

biology has grown, in which mathematical and computational methods are used to study complex interactions in 

biological systems.  An upcoming, promising approach for disease inference is the concept of disease modules (DMs). 

The concept relies on the notion that biological systems are organized into smaller subsystems – modules – which may 

account for a specific set of cellular processes or have a key role for a certain function. In the context of complex diseases, 

which may often only have loosely associated risk factors, DMs may ideally account for the colligated factors that drive 

the disease development.  

Several methods (algorithms) of constructing DMs have been published, and different algorithms may take different 

types of input data and employ different strategies to identify the modules (Menche et al., 2015). 

 

1.2 Multiple sclerosis 
Multiple sclerosis (MS) is a complex disease that has been known and recognized for more than a century. The disease 

may develop at any age but have a typically onset during early adulthood, with a mean age of disease-onset of around 

30 years. The young age of onset and the chronic nature of the disease often infers long-term distress and extensive 

disability for the affected patient as the disease progress (Calliope et al., 2015). 

MS is considered an auto-immune disease in which immune cells infiltrates the central nervous system (CNS). As a 

demyelinating disease, the coating of myelin surrounding the nerve fibres are targeted and degraded by the immune 

system accompanied by elevated levels of inflammation in the CNS. The myelin sheets are crucial for the signal 

transduction capacity of the nerve. When the nerve-damage become extensive enough, the signalling function will be 

altered or lost. Depending on the location of the nerve damage in the CNS, the symptoms may vary widely, as the 

symptoms correlate with the nerves involved.  

Although, there are no means available to date to predict the disease course in advance, MS can be divided into different 

sub-types based on the clinical course of the disease. The distinction of the sub-types is based on variations of relapse-

remitting and/or progressive disease patterns.  

As stated previously, MS is a complex disease and many risk factors have been associated with the risk of developing 

the disease. Genetic factors are estimated to account for approximately 30% of the risk in MS development, which 

further underlines the significance of other (non-genetic) factors. The most influential genetic components with a high 

impact of the risk of MS development are HLA-genes. Carriers of the high-risk associated allele HLA‑DRB1*15:01 have 

an increased risk of MS. In contrast, carriers of the protective allele  HLA‑A*02 have a reduced risk. Thus, the risk of MS 

development may vary significantly between individuals carrying specific HLA haplotypes. Many environmental and 

lifestyle factors have been shown to interact with the HLA-genes, which might further modulate the risk. Apart from 
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HLA-genes, genome wide association studies (GWAS) have revealed single nucleotide polymorphisms (SNPs) in well 

over a hundred non-HLA genes which are associated to an increased risk of MS (Olsson et al., 2017).  

Epidemiological studies have shown that the overall distribution of MS have a latitudinal gradient, with increasing 

prevalence in correlation with increasing distance from the equator, with some regional exceptions (Koch-Henriksen 

and Sørensen 2010; Simpson et al., 2011). While not fully understood, this pattern has been proposed to be caused by 

differences in exposure of sunlight (ultraviolet radiation) and/or vitamin D levels (Simpson et al., 2011). As the body 

utilizes sunlight in endogenous vitamin D conversion, these two factors are seemingly interconnected. Consequently, 

vitamin D insufficiency (< 50 nM) and low sunlight exposure have been identified as risk factors (Olsson et al., 2017). 

The disease is not equally distributed between men and women, as roughly 3 times more women is affected by the 

disease than men (Bearoff et al., 2015).  

Multiple infectious agents have been investigated as possible contributing factors of MS development. Infection of the 

Epstein-Barr virus (EBV) have emerged as the most prominent infectious candidate linked to increased disease risk. 

EBV mediated infectious mononucleosis has been shown to increase the risk of MS up to more than three-fold 

(Sundqvist et al., 2012). 

Adolescent obesity has in recent years been attributed as a risk factor of MS development, for both females and males. 

The risk increases with any level of obesity but has been shown most significant with a body-mass index (BMI) 

exceeding 27 (at the age of 20 years). However, a high adult BMI at time of diagnosis does not influence the risk 

significantly (Olsson et al., 2017).  

Smoking have been attributed as a risk factor for MS development (Ghadirian et al., 2001), as well as passive smoking 

(Hedström et al., 2011). Use of oral tobacco have shown not to increase the risk, which may imply that non-specific 

irritation (caused to the lung tissue) is a risk factor. Additional support for this is that exposure of organic solvents 

(Olsson et al., 2017) is associated with an increased risk of MS. 

The importance of both genetic and non-genetic factors in the context of MS highlights the complexity of the disease 

and makes it an interesting target to study from a DM approach. 

 

1.3 Aims and objectives 
It is currently not understood if there are one or several mechanisms that lead to MS disease development, and no 

mechanism has yet been established. There is a need to find common denominators for the risk factors that are known. 

The main objective of the project is to establish an approach in which DMs are used to identify the pathogenic processes 

of a complex disease, in context of known risk factors. The main objective is achieved through the following steps: 

 
• Identify risk factors associated with an increased risk of disease development and acquire data of the isolated 

risk factor (separated from the disease). 

 

• Identify modules of multiple disease associated risk factors and assess the relevance in the context of disease 

and evaluate the obtained modules in the context of the disease.  

 

• Identify potential disease-risk enhancing elements associated with the risk factors based on the identified 

modules. 

 

• Evaluate the results of the modular interpretation of the risk factor with previous disease-specific results.  

 
Focusing on MS, modules for the disease and several of its well-known risk factors will be analysed for joint elements, 

which may explain a common route to the increased risk of disease associated with the risk factors. Disparities between 

modules, which may account for alternate mechanisms of increased risk of disease development, are also of interest. As 

it may shed light on how the environmental-lifestyle factors relate to each other – if multiple factors affect the same 

cellular processes – or if the factors are separated and exerts discrete actions. 
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1.4 Hypothesis 
Given the impact of non-genetic risk factors on the risk of MS disease development, the impact of these risk factors is 

likely mirrored in physiological and cellular processes. The somatic impact,  induced by the risk factors, increases the 

risk of disease development and is identifiable. By identifying the impact of risk factors, processes related to the 

pathogenesis could also be found. 

  

2 Materials and methods 
 

2.1 Experimental data  
The data chosen for the project was chosen based on known risk factors associated with MS disease development, 

without including any data for the disease itself. To be able to make valid biological inference when analysing multiple 

risk factors, all the experimental data acquired for the project is limited to one type of tissue only (peripheral whole 

blood). This strategy provides a basis for ‘comparing apples to apples’, and not ‘-apples to pears’, as gene expression and 

methylation patterns may differ significantly between different types of cells or tissues.  A drawback of the strategy is 

that no differences can be distinguished between the different subtypes of leukocytes which may have an important 

role in pathogenesis. Additionally, the limitation to only one type of tissue reduces the number of data sets available, 

meeting the criteria. 

The project relies fully on publicly available data from previously published studies and will focus on expression- and 

methylation profiling data from microarray assays. The included datasets are shown in table 1.  

 
Table 1. The included sets of experimental data and number of samples. 

Risk factor Tissue Dataset Type Control Trait 

Smoking Whole blood GSE23323 Expr. 22 22 

Smoking Whole blood GSE50660 Meth. 179 22 

Organic solvent exposure Whole blood GSE21862 Expr 48 30 

Epstein-Barr acute infection Whole blood GSE45918 Expr. 8 8 

Adolescence obesity Whole blood GSE25301 Meth. 7 7 

Shift-work Whole blood GSE31770 Meth. 10 10 

 

Each chosen data set is separately passed through the module inference pipeline to identify the differentially expressed 

or methylated genes and produce the risk factor-specific modules. Each module is then used for further analysis and 

evaluated in context of the disease. 
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2.2 Methodological overview  
The method used in the project comprises three main segments which together constitutes the processes of 

constructing, evaluating and interpreting the modules in the context of the disease.  

 
      Figure 1. Methodological overview 

  

1 Data acquisition and preparation 

 ● Gathering experimental data 

 ● Preparation and pre-processing of data 

   

2 Construction of disease-modules 

 ● MODifieR 

  ● Generating input-object (differential analysis) 

  ● The Clique Sum Permutation algorithm 

  ● Additional module-inference algorithms 

  ● Module output 

 ● Assessment of module fidelity 

   

3 Analysis of results 

 ● Module analysis  

 ● Method evaluation 

 

2.3 Data acquisition and preparation 

Most of the programming and data processing were carried out using the R programming language. R was also be used 

in order to directly gather the data to be analysed. For a submitted complete set of data, all experimental data, 

information and annotation is accessible through server query. However, submitters may sometimes not provide all the 

necessary information needed (such as proper annotation), in which case the information needed must be retrieved 

from other sources. Given the time constraints of the project, the used data was limited to the pre-processed data only, 

submitted to the repositories. 

The GEOquery R-package was used to download the series-data from the GEO (Gene Expression Omnibus) public 

repository. For each dataset, the expression or methylation matrix (containing the probe-values for each sample) was 

extracted and inspected for missing values. The distribution of the values was assessed to ensure that proper 

normalization had been performed by the submitter during the data pre-processing. 

Along with the expression-methylation matrix, a platform specific annotation table was prepared to enable mapping of 

probe-to-genes by the MODifieR software. The annotation table is specific to the platform used in the experiment and 

contains the probe names of the platform together with Entrez formatted annotation of the corresponding gene.   
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2.4 Construction of disease-modules 

The tool used for constructing DMs  in the project is called MODifieR (an acronym for ‘Module Identifier’), which  have 

been developed by the research group of Translational bioinformatics at the Linköping University in collaboration with 

researchers from the University of Skövde. The MODifieR tool is freely available under GNU GPL open source license 

and is mainly written-and run in the R programming language (it does utilize some extensions of Python 3). To date, 

the MODifieR tool contains eight different module constructing algorithms (Mika Gustafsson, 2017). 

Previous work done within the research group, of evaluating the different methods incorporated in MODifieR, have 

shown that the Clique Sum Permutation (CSP) algorithm, implemented in the MODifieR tool, performed best at 

constructing modules significantly enriched for GWAS genes. Thus, the CSP algorithm will be of particular focus in the 

project. Three additional methods are also included in the analysis procedure to make comparisons between the CSP 

and the other methods possible. 

Some disease-module inference methods implicate elements of randomness in the algorithms, the R feature of random 

seeds will be used to make sure the results are able to be easily replicated.  

 

2.4.1 Generating input-objects 

In order to utilize the algorithms in MODifieR for construction of disease-modules an input-object for each data set was 

first prepared. The input-objects was generated by the built-in function (create_input) which takes multiple types of 

input data, such as normalised expression matrices or listed differentially expressed genes (DEGs).  

The input objects used in the project was derived from microarray data exclusively. Normalised and quality-controlled 

matrix data, with inherent probe annotation, was passed as an argument to the input function. The associated 

annotation table was also passed as an argument to the function, which provided MODifieR with Entrez-formatted gene 

identifier mapped to each probe of the specific platform used in the experiment. To utilize the incorporated feature of 

differential analysis between the groups in the experimental data, annotation of the sample grouping was also provided 

as an argument to the function. 

MODifieR has an incorporated feature utilizing the linear models of limma to directly perform differential analysis when 

creating a MODifieR-input. The limma (acronym for ‘linear models for microarray data’) software was originally 

developed for statistical inference of microarray data, as the full name implies. It is now a commonly used tool for 

analysis of microarray- and RNA-sequencing data, as well as other areas in which linear models are applied. Multiple 

linear models are provided within the package, such as linear regression or analysis of variance (Ritchie et al., 2015). 

Given the experimental design provided with the sample data (usually as a contrast matrix), the limma software 

performs the inherit routines to fit a linear to the data (Phipson et al., 2016). 

If permitted, adjusted p-values were used for the differential analysis. If no genes were found to be significant at an 

adjusted p-value of 0.05. The non-adjusted p-values were used instead, to enable a basis of constructing modules (see 

table 3). 

With a successfully obtained input-object all the information required for module inference using the MODifieR 

algorithms is now available. 

 

2.4.2 The Clique Sum Permutation algorithm 

The Clique Sum Permutation (CSP) and Clique Sum Exact (CSE) algorithms available in MODifieR are clique-based 

inference methods for deriving disease-modules. The two methods are overall similar in design and both derive from 

the module inference method proposed by Fredrik Barrenäs and colleagues (Barrenäs et al. 2012). The CSP method was 

proposed by Gustafsson and colleagues as a method using an alternative scoring procedure (Gustafsson et al., 2014).    

The CSP and CSE methods rely on network data of known protein-protein interactions (PPIs), which must be provided 

in order to run the algorithms. While there are multiple resources from which PPI-data can be obtained, data from the 

STRING db (version 11.0) will be used in this project. The data of which the STRING  database is built is derived from 

experimentally determined protein-protein interactions (Szklarczyk et al., 2019).  

The data provided is used to generate the maximal number of ‘cliques’, which are clusters of interconnected genes, from 

the PPI network. As the generation of cliques is a computationally intensive process, a data base is built using the 

build_clique_db function. The function builds an SQlite database and the output .sqlite-file stores the cliques generated 
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for the set of genes in the PPI-network. The database only needs to be built once to give the Clique Sum methods access 

to the maximum number of cliques (for the particularly input PPI-network).  

The differentially expressed- or methylated genes in the MODifieR input object provides the basis for scoring the 

enrichment of each clique previously generated. Cliques that are not enriched for differentially expressed- or 

methylated genes are discarded. For the CSE method, the enrichment in each clique is calculated using a one-sided 

Fisher’s exact test. The CSP method calculates the sum of the negative log10 p-values all genes in each clique. Each clique 

and its associated clique-sum is then compared to a null distribution generated by randomly selected genes of the same 

clique size. The number of permutations (random cliques generated and iterated over) performed can be adjusted when 

running the method. 

From the cliques that have been assessed to be enriched for the significantly expressed or methylated genes, a module 

is constructed based on overlap between the components of the different cliques. Smaller cliques are ‘glued’ together if 

they have overlapping genes and forms a larger network of interconnected genes. The larger gene network (or module) 

may further be trimmed down to the most interconnected genes, forming a dense core network. 

 
 

 

 
Figure 2. Graphical representation of the Clique Sum algorithm. A clique-database is generated containing all possible cliques (left).  

Cliques are scored based on the significant genes (yellow) they contain. A module is then created by combining cliques at overlapping 

elements (top right). The module content can further be filtered to generate the network of most interconnected genes (bottom right).  

 

2.4.3 Additional module-inference algorithms 

Besides the CSP module inference method, a few other of the methods available in MODifieR will be included in the data 

analysis workflow. The additional methods will not be of focus for the evaluation of the risk-factors in the context of 

complex disease but are included for broadening and comparison towards the CSP method. The additional module 

inference methods include the CSE- (mentioned previously), DIAMOnD- and MCODE- and module inference tools. 

The implemented DIAMOnD (DIseAse MOdule Detection) method is called from the MODifieR R-package but runs in 

Python (version 3). The algorithm provides an option for including seed-genes when constructing modules, which was 

not available in the original publication (Ghianssian, Menche and Barabási, 2015). 

The DIAMOnD algorithm relies on results showing that identification of topological clusters (highly interconnected 

genes) does not significantly capture disease-networks. Instead, the algorithm is built emphasizing connectivity 

significance between genes, rather than density. The connectivity significance-measure is determined for all connected 

genes, by using randomly distributed seeds. All genes from the input data are ranked according to significant expression 

or methylation (lowest p-value), and the highest ranked genes are used as seed nodes. Modules are then derived from 

the network(s) built from the seed nodes (Ghassian, Menche and Barabási, 2015). 

The first version of the MCODE  algorithm was released as a command line program but has since then been used 

extensively as the adapted plugin for the Cytoscape tool (Bader and Hogue, 2003). Legacy command-line versions of the 

algorithm are still available, and an incorporated version is also available in MODifeR. 

MCODE generates cliques by calculating the vertex weights (which are genes in this case). The weight procedure 

vertices also account for the immediate neighbouring vertices, forming core-clusters. Thus, a highly scored vertex is 

densely embedded in a network. Given a specific threshold (the Vertex weight percentage parameter), a ‘molecular 

complex’ is predicted. In this process, vertices that passes the threshold forms a sub-set of the original network. 
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Components of the sub-set may contain both connected and unconnected vertices. These may be merged into one 

module or be viewed as independent modules. On this basis, the MCODE algorithm of MODifieR typically produces more 

than one module.   

 

2.4.4 Module output 

After a module have been constructed various downstream analysis can be made. In order to not have to reconstruct 

the module object, the MODifier-object can preferably be saved as an .rds-file which makes it easy to reload into R. The 

gene-network content may also be written to file using the print_super_module() function. This function is very useful, 

since it prints all Entrez gene identifier to a text file in the format accepted by the PASCAL algorithm. Multiple modules 

may be written into the same file. 

If multiple modules have been generated, the sizes and shared genes across the modules can easily be visualized using 

features of separate R-packages, such as Upset plots (‘UpSetR’) or Venn-diagrams (‘RVenn’). These tools provide 

convenient means of visualizing modules and how they relate to each other in quantitative terms. 

For interpretation of the content of each module, functional enrichment analysis may give insights in which processes 

the module genes are involved in. For this purpose, the KEGG and GO ontology tools will be used. Given a set of genes 

(such as a module), representation of genes related to certain pathways or processes may be identified. As the modules 

are derived from data of risk factors towards MS, pathways and processes related to the disease is of particular interest. 

 

2.5 Assessment of module fidelity 

Each module generated by the methods of MODifieR is evaluated based on its constituent gene network. Modules 

derived from the same set of differential genes may differ significantly, in size and gene content, depending on the 

particular method used. Differences between the modules generated by the different methods are expected, since the 

algorithms employ different strategies to construct the modules.  

To assess the quality of the disease modules in a non-subjective process, in the context of the disease in question, the 

PASCAL (Pathway Scoring Algorithm) tool is used. PASCAL is a Java-based tool developed to score a set of genes or 

pathways towards GWAS results, which is supplied as SNPs references and associated p-values (Lamparter et al., 2016). 

All modules in the project are scored towards MS-GWAS results, and the PASCAL output gives a measure of the 

enrichment of genes associated to MS development for each risk-factor associated module. As PASCAL provides means 

to orthogonally assess the fidelity of each module, in context of the disease, it was deemed as a highly suitable tool in 

order to evaluate the quality of the output of the module-inference methods. As PASCAL is written in Java it does not 

run directly within R. The program can however be called from R to process a previously written file with the PASCAL-

input, and the scripting for doing so is implemented in the analysis procedure. 

As there currently is no consensus regarding the precise pathways involved in the disease, evaluation of the modules 

through pathway annotation is likely to be more arbitrary than the use of PASCAL. However, the pathway enrichment 

analysis (GO, KEGG) are utilized as an aid for interpretation of the module gene content.  

 

2.6 Analysis of results 

The main objective of the analysis process is to establish if there is any conformity between the different modules of the 

risk factors, how they relate to the disease and evaluate if the use of disease-modules is a useful strategy to deduce 

pathogenic mechanisms based on risk-factors.  

 

2.6.1 Module analysis 

All modules produced from the risk-factor data sets are compared based on the gene network content. Overlapping 

genes between different modules may provide insight in similarities between risk-factors and how they may contribute 

to disease development. Pronounced non-overlap between modules may on the other hand infer that risk-factors 

contribute to disease through distinct mechanisms. All modules are also evaluated in the context of MS, and the modules 

based on datasets of risk-factors are compared to modules based on MS data. 
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For modules that have overlapping genes, a consensus module may be produced, based on the frequency of the most 

occurring genes across the modules.  

For some risk-factors, modules may have been derived from both differential gene expression and methylation. While 

separate comparison of these modules is  conducted, consensus modules may also be constructed to obtain a bi-layered 

risk-factor module.  

Helpful tools for comparisons of modular content are the visualization- and functional annotation tools mentioned 

previously, as well as the Cytoscape tool in which gene networks can be analysed and processed for visualization 

(Shannon et al., 2003). 

 

2.6.2 Method evaluation  
To evaluate the module-inference method, all modules are compared to the significantly expressed or methylated genes 

of the original data set. In theory, a module-inference method performing well would yield a gene network of higher 

relevance than significant genes alone, i.e. have a higher significance when evaluated with PASCAL (associated GWAS). 

This will be considered as parameter when evaluating the approach. 
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3 Implementation and results 
 

3.1 Differential analysis 
The pre-processed experimental data and the platform-specific annotation was retrieved and from the online 

repository Gene Expression Omnibus using GEOquery. The quality of each dataset was evaluated regarding presence of 

any statistical outliers, missing values and adherence of the data to the normal distribution. Datasets that passed the 

quality assessment were further used in the analysis. 

Datasets that passed the quality assessment included methylation data of the risk-factors Adolescence obesity 

(GSE25301), Shift-work (GSE31770) and Smoking (GSE50660), as well as gene expression data of Epstein-Barr acute 

infection (GSE45918), Organic solvent exposure (GSE21862) and Smoking (GSE23323). The number of samples in each 

group (control - trait) for each dataset are shown in the table below (table 1).  

For the datasets with two experimental groups all samples were included for the subsequent analysis. Two of the passed 

datasets had more than two experimental groups, in which the samples to be included for further analysis was filtered 

out from the original dataset.  

For the dataset of the Smoking risk-factor (GSE50660), only ‘never-smokers’ and ‘current smokers’ were used for 

analysis. The third experimental group ‘former smokers’ was excluded since its relevance as a risk factor for the 

development of MS is not fully established. The two groups that were included differed significantly in size (179 never- 

and  22 current smokers). To counteract the imbalance, the number of never-smokers were reduced by randomly 

including only a portion of the group. 

For the dataset of Organic solvent exposure (GSE21862), samples who were associated with a concentration of benzene 

blood levels of 5 ppm or above were included in the group of the experimental factor. Samples with an associated 

concentration of lower benzene levels were excluded in order to obtain a presumed high response of the experimental 

factor. 

 
Table 2. Included datasets and samples. The included sets of experimental data with associated factors and number of samples (individuals) 
for each group. All female (F), all male (M) or both sexes (B) in experimental groups, information unavailable (-).   
 

Dataset Sex Risk factor Risk trait group n Control group n 

GSE23323 - Smoking Smoker 22 Non-smoker 22 

GSE50660 B Smoking Smoker 36 Non-smoker 22 

GSE21862 B Organic solvent exposure Exposure 48 Non-exposure 30 

GSE45918 - Epstein-Barr viral infection Acute infection 8 Seronegative 8 

GSE25301 M Adolescence obesity Obese 7 Lean 7 

GSE31770 F Shift-work Night worker 10 Day worker 10 

 
 

Matrices were prepared for all datasets, containing the filtered samples and associated expression- or methylation 

probe values from the experimental data. For each experimental platform, an Entrez-formatted probe-annotation table 

was generated. 

Differential analysis was performed using the built-in MODifieR-function for creating a module input object. The 

expression- or methylation matrix was provided as input to the function, along with the associated annotation table and 

group indices of the samples. 

The output object of the create_input function served as input for the subsequent generation of the different modules 

to the dataset. Probes that showed to be significantly expressed/methylated between the groups were filtered out from 

the limma results table in the returned object. If more than one probe was identified as significant, the probes were 

merged into the parent gene. The number of significant genes for each dataset can be seen in table 3.  
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Table 3. Significantly identified genes. The table shows the number of genes for each dataset which was identified as differentially expressed 
or methylated. Adjusted or non-adjusted p-values were used as indicated, at a value of 0.05. 

Dataset Risk factor Used p-value Genes 

GSE21862 Organic solvent exposure Adjusted 2263 

GSE23323 Smoking Non-adjusted 609 

GSE25301 Adolescence obesity Non-adjusted 1002 

GSE31770 Shift work Adjusted 2952 

GSE45918 Infectious mononucleosis Adjusted 602 

GSE50660 Smoking Adjusted 1037 

 

 

 
The adjusted p-values implied with the corresponding linear model of the limma analysis were used for all datasets 

except GSE23323 and GSE25301 in which no significant genes were identified when using adjusted p-values. The 

absence of significantly expressed or methylated genes when using adjusted p-values for the expression dataset of 

Smoking (GSE23323) may possibly be attributed to heterogeneity in the experimental groups. Similarly, the small 

sample size of the Adolescence obesity (GSE25301) dataset may also have contributed to no significantly methylated 

genes using an adjusted p-value.  

 

 

Figure 3. Upset plot of intersecting genes of the differential analysis results. Graphical representation of common genes shared 

between the sets of differentially expressed or methylated genes. The bars (with associated value) represents the unique intersecting 

genes of the datasets (indicated by connected dots). 

 

Among the genes shared between datasets a particular locus stood out as it appeared differentially expressed and/or -

methylated in all risk factors except smoking. The differentially identified probes for these datasets are shown in table 
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4. This locus, comprising the closely adjacent genes EVI5, GFI1, RPL5 and DIPK1A, have been investigated for their 

association with MS disease development (Alcina et al., 2010). Further analysis indicates that involvement of the GFI1 

gene is likely to contribute to the increased disease risk, and that upstream regulatory elements located in intronic 

sequences of the EVI5 gene may play an important role of its regulation (D’Netto et al., 2009 and Martin et al., 2011).  

 
Table 4. Differentially identified probes of the EVI5 and GFI1 genes. The probe IDs are specific for the experimental platform used. 

Dataset Gene Probe-ID Status p-value 

GSE21862 EVI5 ILMN_1746314 Upregulated 0.02690064 

GSE25301 EVI5 cg00519208 Hypomethylated 0.00523167  

GSE31770 EVI5 cg00519208 Hypomethylated 0.02229987 

GSE21862 GFI1 ILMN_1690420 Upregulated 0.02690064 

GSE45918 GFI1 ILMN_1690420 Downregulated 0.004760184 

 

3.2 Module inference and PASCAL analysis 

For each of the prepared MODifieR input object, modules were generated by running the chosen module inference 

methods in MODifieR. See appendix I for the specific settings used for the module inference process.  

As the MCODE method produced several modules for each dataset, varying greatly in size and content, these modules 

were discarded at an early stage of the analysis. However, the Cytoscape implementation of the MCODE algorithm was 

later used for cluster-analysis of the consensus-module (see results section). 

The default parameters were used for the module inference of the methods (DIAMOnD, CSE, CSP). The number of 

permutations was kept at 10.000 for the CSP method, based on advice from members within the research group.    

At the timepoint at which the project is carried out, the DIAMOnD module inference method has a set module output 

size (200 genes). Adjustment of the module output size could probably improve the performance of this method, but 

since this method is not of focus in the project, it will not be extensively reviewed.  

Enrichment analysis for disease-associated SNPs was performed using the PASCAL tool, for each generated module as 

well as the sets of differentially identified genes for each risk-factor dataset. See appendix II for the specific settings 

used for the PASCAL analysis process. Data of disease associated SNPs in the context of MS was acquired from the 

WTCCC2 Multiple sclerosis study (Sawcer et al., 2011). 

The results of the PASCAL analysis for each set of significantly expressed/methylated genes or module inference 

method are visualized in figure 3, in which the number of constituent genes for each dataset and module inference 

method is also shown.  

Two of the sets of significantly expressed/methylated genes, derived by the differential analysis of each dataset, were 

shown the significantly enriched for the GWAS genes. These sets included the exposure of organic solvents (GSE21862) 

as well as the expression dataset of smoking (GSE23323).  

Both the Clique Sum Permutation and DIAMOnD module inference methods managed to produce more significant 

modules (p > 0.05) compared to the sets of differentially expressed genes. These results strengthened the support for 

the CSP method, which modules were subsequently used for downstream analysis. 

The Clique Sum Exact method produced the least significant modules, which may further highlight the advantage of the 

alternative method for scoring cliques implemented in Clique Sum Permutation. Additionally, the method failed to 

produce a module for the Epstein-Barr dataset (GSE45918). It is not clear why, but it may likely be due to an insufficient 

number of cliques scored as significant. Changed settings of the input parameters may resolve this issue.   
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Figure 4. PASCAL enrichment analysis results. Visualization showing the enrichment significance (negative-log p-value, y-axis) 

plotted against number of genes (x-axis), for the set of significant genes and each module inference method. The grey horizontal line 

corresponds to a p-value equal to 0.05. 
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3.4 Evaluation of Clique Sum Permutation modules 

As the Clique Sum Permutation (CSP) module inference method is of focus in this project, the further analysis only 

included the modules generated by the method in question. 

The overlap between the modules were assessed to see if there was any notable overlap between the modules, or if 

some of the modules could be grouped on the basis of shared genes. The number of intersecting genes is visualized in 

the table below (table 3). 

The number of intersecting genes did not show any specific pattern. Instead the number of intersecting genes seem to 

be dependent on the number of genes in the parent modules.  

 

 
 

 

Figure 5. Upset plot of intersecting genes between Clique Sum Permutation modules. The bars (with associated value) represents 

the unique intersecting genes of the module derived from each dataset (indicated by connected dots). 
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GO Enrichment 

Gene Ontology (GO) enrichment analysis of ‘biological processes’ in each module was performed for all CSP modules. 

The GO terms that were shown to be enriched in all of the datasets are shown below (table 5).  

 

Table 5. GO enrichment results of Clique Sum Permutation modules. The table shows the common significantly enriched GO annotation 
terms in all six modules. 

Type GO ID Description 
 

Haemostatic processes GO:0050817 Coagulation 

GO:0007596 Blood coagulation 

GO:0007599 Haemostasis 

GO:0050878 Regulation of body fluid levels 
 

Hematopoietic  
processes 

GO:1903706 Regulation of hemopoiesis 

GO:0030099 Myeloid cell differentiation 

GO:0002521 Leukocyte differentiation 

Cell signalling pathways 
GO:0038061 NIK/NF-kappaB signalling 

GO:0038111 Interleukin-7-mediated signalling pathway 
 

Cytokine signalling GO:0002367 Cytokine production involved in immune response 

GO:0001819 Positive regulation of cytokine production 
 

Immune system activity GO:0045089 Positive regulation of innate immune response 

GO:0002218 Activation of innate immune response 

GO:0051251 Positive regulation of lymphocyte activation 

GO:0002696 Positive regulation of leukocyte activation 
 

Cell regulatory processes  GO:0050867 Positive regulation of cell activation 

GO:0045862 Positive regulation of proteolysis 

GO:0010952 Positive regulation of peptidase activity 

GO:0051091 Positive regulation of DNA-binding transcription factor activity 

GO:1904951 Positive regulation of establishment of protein localization 

GO:0072594 Establishment of protein localization to organelle 

GO:0051098 Regulation of binding 
 

Extracellular response GO:0009612 Response to mechanical stimulus 

GO:0071216 Cellular response to biotic stimulus 

GO:0036294 Cellular response to decreased oxygen levels 

GO:0071453 Cellular response to oxygen levels 

GO:0071456 Cellular response to hypoxia 

 

GO enrichment terms were grouped together according to biological resemblance (‘type’). Of the annotation terms 

common to all Clique Sum Permutation modules, a substantial portion are related to the immune system.  A pattern of 

upregulated response is also seen throughout the table, in both immune related- and various other processes (such as 

GO terms in the Cell regulatory processes category). 
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KEGG enrichment 

In addition to the GO enrichment analysis, KEGG pathway enrichment analysis was performed for all Clique Sum 

Permutation modules. Significantly enriched pathways (p = 0.05) present in at least 5 out of 6 modules.  

 
Table 6. KEGG pathway enrichment results of Clique Sum Permutation modules. The table shows most highly enriched KEGG pathway 
annotation terms found in at least five of the modules. Bold text denotes annotation terms found in all six modules. 

Type KEGG ID Description 

Viral infections hsa05162 Measles 

 
hsa05169 Epstein-Barr virus infection 

 
hsa05164 Influenza A 

 
hsa05163 Human cytomegalovirus infection 

 
hsa05161 Hepatitis B 

 
hsa05160 Hepatitis C 

 
hsa05167 Kaposi sarcoma-associated herpesvirus infection 

 
hsa05203 Viral carcinogenesis 

Bacterial infections hsa05130 Pathogenic Escherichia coli infection 

 
hsa05131 Shigellosis 

 
hsa05135 Yersinia infection 

Parasitic infections hsa05142 Chagas disease (American trypanosomiasis) 

 
hsa05145 Toxoplasmosis 

T-cell response hsa04659 Th17 cell differentiation 

 
hsa04660 T cell receptor signalling pathway 

Signalling pathways hsa04062 Chemokine signalling pathway 

 
hsa04151 PI3K-Akt signalling pathway 

 
hsa04620 Toll-like receptor signalling pathway 

 
hsa04621 NOD-like receptor signalling pathway 

 
hsa04625 C-type lectin receptor signalling pathway 

 
hsa04630 JAK-STAT signalling pathway 

 
hsa04917 Prolactin signalling pathway 

Assorted terms hsa04380 Osteoclast differentiation 

 
hsa04510 Focal adhesion 

 
hsa04933 AGE-RAGE signalling pathway in diabetic complications 

 
hsa05034 Alcoholism 

 
hsa05322 Systemic lupus erythematosus 

 
hsa05418 Fluid shear stress and atherosclerosis 

 

Analogous to the GO annotation terms, the KEGG pathway enrichment terms were grouped according to biological 

resemblance (‘type’). The datasets very highly enriched for various infectious diseases, including the MS associated 

Epstein-Barr virus infection and Human cytomegalovirus, which implies immune related genes. Multiple signalling 

pathways were also enriched, as well as T-cell related pathways. 

 

3.5 Formation of consensus-module 

Given that the different risk factors contribute to disease development through similar processes, the different modules 

generated would likely share genetic components. To identify a network in which the analysed risk factors may work 

in tandem to contribute to disease development,  candidates for a consensus-module were generated. The candidates 

were generated based on the frequency of which a gene occur across all of the modules. As no gene were present in all 

six of the modules the, five candidate groups were formed. 
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To evaluate the contribution of module inference, the same procedure was repeated for the sets of significantly 

expressed or -methylated genes. No common genes could be found in all five or six of the sets, which resulted in four 

sets of overlapping genes. 

To test the relevance in the context of the disease, Pascal GWAS enrichment analysis was performed on each of the 

overlapping gene sets. The enrichment of GWAS genes across the subsets are visualized below (figure 6).  

 

Figure 6. Comparisons of consensus genes. Bar plot showing the PASCAL enrichment results for each subset of consensus genes. 

Each set is based on the frequencies of genes shared across the modules or sets of differentially identified genes. The horizontal line 

denotes the corresponding negative log value of the confidence equal to 0.05. 

 

Out of the five sets of genes derived from the modules identified with the Clique Sum Permutation method four sets 

were shown to be significantly enriched of MS-associated SNPs of the GWAS data. The set most significantly enriched, 

which comprised genes found in at least three of the modules, was chosen as the consensus module. This set, containing 

126 genes, was used for further analysis. 

Only one of the four sets of differentially identified genes was shown to be significantly enriched for the MS-associated 

SNPs. This set contained genes found in at least two of the sets of differentially identified genes and  contained a total 

of 1392 genes.   

The total amount of unique genes of all combined Clique Sum Permutation derived modules (total of 1983 genes) 

differed from the equivalent set of differentially identified genes (total of 6872 genes). 
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Enrichment analysis of the consensus-module 

 
Figure 7. GO Enrichment analysis results. Dot-plot image showing the 20 most significantly enriched GO terms of the consensus module 
genes. Underlined (red) GO terms were also found in the analogous 20 most significantly enriched GO terms of the Multiple sclerosis 
consensus gene set. 
 
 
 

 
Figure 8. KEGG Pathway Enrichment analysis results. Dot-plot image showing the 20 most significantly enriched KEGG pathways of the 
consensus module genes. Underlined (red) KEGG terms were also found in the analogous 20 most significantly enriched KEGG pathways of 
the Multiple sclerosis consensus gene set. 
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Cytoscape plotting of the consensus-module genes 

The genes of the consensus-module were plotted using the Cytoscape application (figure 9). The implementation of the 

MCODE algorithm in Cytoscape was used to analyse the consensus-module for sub-clusters. For the purpose of 

visualization, each sub-cluster were given a unique colour. GO annotation analysis were performed on each sub-cluster, 

using the ‘biological process’ terms. The most specific – of the most significantly enriched - terms for each sub-cluster 

is shown next to the consensus-module genes. 

 

 

 

Figure 9. Graphical representation of the consensus-module genes generated using Cytoscape. The size of each node in the network 

displays a relative depiction of the number of connections to other nodes. Each MCODE derived cluster is represented by shading 

and/or symbol.  
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4 Analysis 
 

4.1 Module analysis 

As all of the risk factors examined in this project displayed similarities from a modular perspective, it is plausible that 

these risk factors mediate the disease-risk enhancement through similar mechanisms.  

The GO enrichment analysis of each risk-factor module revealed an overall increased activity of the immune system. 

The most significant immune-related annotation terms were conserved in the consensus-module, which further 

indicates that these genes are were common to all risk-factor-modules. The same pattern was seen in the results of the 

KEGG enrichment analysis. These results indicate a high presence of genes involved with multiple infectious agents, 

both for individual modules and for the consensus-module.  

Taken together, the enrichment analyses indicate that the risk factors seem to contribute to an altered state of immune 

system activity which seem to include both innate and adaptive immune response processes. Many of the KEGG 

pathways that are enriched involve genes related to the pathways of infecting pathogens, both viral, bacterial and 

parasitic. 

Many infectious agents have been scrutinized for their involved in MS disease development. It is difficult to say if the 

enrichment for these pathways point towards involvement of pathogens or if they are the result of an 

overrepresentation of immune-related genes (involved in the defence towards these pathogens). Large proportions of 

these genes are found in other enriched pathways such as inflammatory response pathways and Toll-like receptor 

signalling.    

Apart from the infectious disease pathway enrichment, the consensus module was also enriched for many of the 

endogenous pathways such as the NF-κB pathway. Increased levels of NF-κB activation are seen at a cellular level in 

patients with MS, and this protein is an important component in processes such as apoptosis, infections and immune 

response (Leibovitz and Yan, 2016). Related to NF-κB signalling is the TNF (Tumor Necrosis Factor) signalling pathway, 

for which the consensus module also was enriched for. Elevated levels of the soluble form of TNF is a characteristic of 

neuro-inflammation in MS (McCoy and Tansey, 2008).   

The consensus module was enriched with genes of the PI3K-Akt pathway, which conducts intracellular signalling from 
a broad range of extracellular stimuli through phosphatidylinositol 3-kinases (PI3Ks) and Akt (also known as protein 
kinase B). The signalling cascade mediate an array of downstream responses such as apoptosis, cell cycle progression 
and protein synthesis. As the PI3K-Akt pathway is highly integrated with several other pathways, such as the Toll-like 
receptor-, B-cell receptor-, FoxO- and mTOR signalling pathway, it may have a widespread impact on cell fate.  
Analogous to risk factor consensus module, the MS specific consensus module  were also enriched with genes of the 

PI3K-Akt pathway. An illustration of present genes from both consensus modules in the pathway can be found in 

appendix II. 

The GFI1-EVI5 locus, which was differentially expressed or methylated in several of the modules, have been 

characterized as an MS risk-locus. The GFI1 gene encodes a zinc finger protein functioning as a transcriptional repressor 

(Zweidler-Mckay et al., 1996), and is an important regulator of many hematopoietic processes (van det Meer et al., 

2010). 

The generated (Clique Sum-) modules did not contain the EVI5 or GFI1 genes. However, genes known to interact with 

GFI1 were found in the risk-factor specific modules as well as the consensus-module. These genes include the histone 

complex genes HDAC1 and KDM1A as well as RELA, which is antagonized by GFI1 to mediate the Toll-like receptor 

inflammatory response (Sharif-Askari et. Al., 2010). Additionally, GFI1 have been shown to enhance STAT3 signalling 

(Roedel et al., 2000). 

Previous work within the research group of Translational bioinformatics, at the Linköping university, have been done 

using the same module inference methods as in this project. From this work, a robust module of 225 genes associated 

with MS disease were identified. As all modules created in this project were derived from data with no connection to 

MS, other than denoted as risk-factors for the disease, it is interesting to see that nearly half of the consensus-module 

risk-factor genes overlapped with the consensus module of MS.   
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Figure 10. Consensus modules overlap. Venn diagram showing the number of overlapping genes between the MS 

consensus module and the risk-factor consensus module. 

The overlap between the two sets of genes was tested for statistical significance using a background of 8.000 genes. The 
number of background genes was set lower than the actual number of genes in order to provide a margin since multiple 
experimental platforms had been used to obtain the data. The p-value of  2.46 × 10−61 was obtained using a web-based 
statistical test (available to date at http://www.nemates.org/MA/progs/overlap_stats.html). 
 
 

4.2 Method evaluation 
The aim of the project was to utilize known risk factors associated to a specific complex disease in order to establish 

what molecular processes may increase the risk of disease development. The resulting gene network presented is 

enriched for genes associated with the immune system processes and was significantly enriched for the MS associated 

GWAS SNPs. The use of the PASCAL scoring tool, and the results, underlines that the modules generated are likely 

relevant to the disease.  

The use of the CSP method, to generate disease-modules, have shown to be useful for refining larger datasets and 

filtering out disease-associated networks from data of associated risk-factors of the disease. As CSP is a clique-based 

method, it includes genes that are not seen in the sets of differentially expressed or methylated genes, which in turn 

showed to increase the enrichment of disease associated GWAS genes.  

The process of constructing disease modules employed in this project does not discriminate between an 

increased/decreased expression or hyper-/hypomethylation for the involved genes. This makes each module non-

directional and impedes any mechanistic interpretation of the relationships between the module genes. When 

generating consensus modules, it is possible that the same genes may have inversed roles in the different originating 

module networks. Thus, it is necessary to view the modules and consensus modules in its entirety, as a guiding tool, 

rather than a network of components with a causal bearing.  

The method used for formation of the consensus-module relies solely on the frequency in which genes across the 

modules occur. This strategy did show to produce  a consensus-module which appears highly relevant in comparison 

to disease-specific results (figure 10). The strategy is however somewhat crude, e.g. it does not consider the centrality 

of a gene in and across modules, which may lead to inclusion of peripheral genes with little or no relevance.  

 

5 Discussion 
 
In this project, gene expression- as well as methylation profiling data was combined an attempt to assess the impact of 

disease associated risk factors on whole blood. It is unclear if - but plausible to believe that - epigenetic changes induced 

by these risk factors may contribute to an increased disease risk through specific cell types. There are some findings 

highlighting the importance of epigenetic factors in MS development (Zheleznyakova et al. 2017). 

http://www.nemates.org/MA/progs/overlap_stats.html
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Although currently not fully understood how, there is growing evidence that infection of the Epstein-Barr virus is 

related to development of MS. Several other infectious agents have also been associated with MS to some extent, such 

as Human herpes virus 6 (Leibovitch and Jacobsen, 2018).  

It is plausible that stochastic events, in some way leading to autoreactive immune cells, are involved in the disease 

development and possibly triggered by pathogen infection. However, pathogens may possibly contribute to an 

increased risk of disease development through aberrant activation endogenous pathways, in a similar way that certain 

viral pathogens may underlie development of malignancy (Moore and Chang, 2010). Key to survival of many latently 

residual viruses is keeping the host cell alive, thus manipulation of cell death regulation is exerted by pathogen.  

The presented risk-factor consensus-module indicates that regulation of apoptosis is central, as shown in figure 7, which 

is in line with the results of the previously established disease-specific MS module. Furthermore, annotation enrichment 

analysis (table 5) indicates an overrepresentation of genes involved with negative regulation of apoptosis. This may 

indicate that exposure of risk factors (infectious, lifestyle or environmental) may facilitate an aberrant regulation of cell 

death in circulating leukocytes. 

The PI3K-Akt pathway, which genes of the consensus module was enriched for, is an interesting pathway in terms of its 

possible disease driving attributes and may comprise multiple targets for future pharmaceutical agents. Support of the 

involvement of PI3K-Akt pathway in MS disease development have been reported from experiments in animal models 

(Mammana et al., 2018), as well as targeted treatment of the disease mediated through the pathway (Giacoppoa et al., 

2017). 

The close connection between the PI3K-Akt and the mTOR pathway connects may possibly provide the basis for why 

vitamin deficiency may increase the risk of disease development, as vitamin D have shown to inhibit mTOR and increase 

the efficacy of glucocorticosteroid treatment in MS (Hoepner et al., 2017). 

As shown with the GFI1-EVI5 risk locus, which have clear connections to the consensus genes, the presented consensus 

module may allow for multiple other risk loci to be associated to the set of consensus genes. Given the time constraints 

of the project, this was not done here, other than for the previously mentioned locus. 

Sex-differences was not assessed in this project, but it is possible that the impact of a risk-factor may be enhanced or 

dampened depending on the individual’s sex.  

 
 

5.3 Conclusions 
 
The consensus genes derived from the risk factor datasets may provide a contingent basis of genes involved in the 

disease-risk enhancing processes associated with the analysed risk factors. Although it is not fully understood what 

processes leads to the disease development of MS, the consensus genes are highly relevant to what is known to date. 

This is further strengthened by the significantly enrichment of the GWAS genes, as assessed using the PASCAL tool.   

This project has shown how risk-factors associated with complex diseases may be analysed in the context of their 

contribution to disease development using a modular approach.  

 

Future work 

Building on the results of this project, continuing research could favourably include additional risk factors associated 

with the disease, and data comprising larger number of samples. As the availability of data is a limiting factor, other 

types of experimental data (e.g. RNA-sequencing data) should be considered to utilize additional available data.  

This project focused solely on experimental data of whole blood samples, which gives a crude apprehension of how the 

risk factors affect each circulating cell type of the immune system. An approach focusing on the impact of risk factors 

on specific cell types, such as B-cells or T-cells, could shed light on cell specific gene expression and methylation patterns 

that are not recognized when analysing whole blood data. Given the uneven disease distribution between men and 

women, it could also be interesting to examine if the impact of the risk-factors differs between groups of men and 

women. 
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For further analysis, using the approach of this project, it would be valuable to examine the conformity of identified 

genes across modules. Concordant changes in gene expression and/or -methylation could  strengthen the support for a 

joint mechanism in which the risk-factors exerts the increase of disease risk, while discordant changes could infer 

different mechanisms for different risk-factors. This would possibly allow deeper insights in how the risk-factors 

contribute to disease in a mechanistic manner. 

The project has only focused on risk-factors in the context of MS. However, the methodology of using the risk-factor 

modular approach could possibly prove useful for other complex diseases. 

 

Social impact and ethical aspects 

Research in the field of disease modules may provide an understanding of how genetic, environmental and lifestyle risk-

factors interact and cooperatively contribute to an increased risk of MS, or possibly other complex diseases. This project 

aimed to integrate non-genetic risk-factors to shed light on the molecular processes which may drive disease 

development. Further research may provide means for personalized characterization of disease-risk profiles at 

individual level and help susceptible individuals to take preventative measures to reduce the disease risk, e.g. avoid 

shift-work and take vitamin D supplements. While knowledge of individual disease-risk may be help prevent disease 

development, it may also infer distress in susceptible individuals. Any future counselling of MS risk-characterization 

must be carefully considered to ensure the beneficial effects outweighs any potential adverse effects. 
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Appendix I – MODifieR: Module inference settings 
 
Example R-code used for module inference, using the MCODE, DIAMOnD and Clique Sum modules methods, for the 
adolescence obesity dataset (GSE25301). The example highlights all of the  input parameters used for each method, as 
well as the packages and the random seed setting used . 
The input data (GSE25301_input.rds) was generated using the built-in feature of the limma package, incorporated into 
MODifieR, and consists of the differential analysis results. A PPI-network is required when using MCODE and DIAMOnD 
methods (“PPI_string_700.txt”).  The Clique Sum methods require access to a generated clique database 
(“String_700.sqlite”). 
 
 
set.seed(142) 

 

# Load required libraries 

library(MODifieR)  

library(readr) 

library(org.Hs.eg.db) 

library(purrr) 

library(RVenn)  

library(ggplot2) 

library(clusterProfiler) 

library(UpSetR) 

 

# Prepare the PPI network 

network_data <- read_delim("PPI_string_700.txt", "\t", escape_double = FALSE, col_types = 

cols(combined_score = col_number(), entrez1 = col_character(), entrez2 = col_character()), 

trim_ws = TRUE)  

 

# Load the prepared module input object 

mod_input <- readRDS("/home/x_olabe/storage/methylation/GSE25301/GSE25301_input.rds") 

 

 

# MCODE 

mcode_module <- mod_mcode(MODifieR_input = mod_input, ppi_network = network_data, vwp = 0.5, 

haircut = FALSE, fluff = FALSE, fdt = 0.8, loops = TRUE, dataset_name = "Adolescence_obesity") 

 

# Diamond 

Diamond_module <- diamond(MODifieR_input = mod_input, ppi_network = network_data, deg_cutoff = 

0.05, n_output_genes = 200, seed_weight = 10, include_seed = FALSE, dataset_name = 

"Adolescence_obesity") 

 

# Clique Sum Permutation  

CSP_module <- clique_sum_permutation(MODifieR_input = mod_input, db = 

"/Network_db/String_700.sqlite", dataset_name = "Adolescence_obesity", n_iterations = 10000, 

multiple_cores = TRUE, n_cores = 16 ) 

 

# Clique Sum Exact  

CSE_module <- clique_sum_exact(MODifieR_input = mod_input, db = 

"/Network_db/tring_700.sqlite", dataset_name = "Adolescence_obesity", multiple_cores = TRUE, 

n_cores = 16 ) 

 

# Listing of modules 

moduleList <- c() 

moduleList$Mcode <- mcode_module[[1]]$module_genes 

moduleList$Diamond <- Diamond_module$module_genes  

moduleList$CSP <- CSP_module$module_genes 

moduleList$CSE <- CSE_module$module_genes 

 

# Upset plot 

upset(data = fromList(moduleList), order.by = "degree", matrix.color = "blue", point.size = 5, 

sets.bar.color = "orange") 

 

# Write all modules to file (PASCAL input) 

MODifieR::print_super_module(moduleList, "Adolescence_obesity-out.txt") 

 

 

# GO enrichment analysis for CSP module 

CSP_GO <- enrichGO(gene = as.vector(CSP_module$module_genes), OrgDb = org.Hs.eg.db, ont = 

"BP") 

dotplot(CSP_GO, showCategory = 20) 

 

# KEGG eenrichment analysis for CSP module 

CSP_KEGG <- enrichKEGG(gene = as.vector(CSP_module$module_genes), pvalueCutoff=0.05, organism 

= 'hsa') 

dotplot(CSP_KEGG, showCategory = 20)  
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Appendix II– PASCAL: GWAS Enrichment analysis settings 
 
To run PASCAL, the software needs to be setup on the system used. The file containing the modules for the GSE25301 
dataset (Adolescence_obesity-out.txt) serves as input data for the PASCAL analysis, as well as the disease associated 
GWAS data file (EUR.WTCCC2_MS.official.txt).  
 
 

# Run PASCAL analysis 

work_dir <- getwd() 

pascal_command_func <- function(modules, gwas, file_name) {  

 command_part1 <- paste("./Pascal" , "--set=settings_leaderboard_v3--

1_ppi_anonym_v2.txt" , "--runpathway=on" , "--genescoring=sum", sep = " ") 

 command_part2 <- paste("--pval=", gwas, sep = "") 

 command_part3 <- paste("--genesetfile=", modules, sep = "")  

 command_outfix <- paste("--outsuffix=", file_name, sep = "")  

 command_full <- paste(command_part1, command_part2, command_part3, 

command_outfix, sep = " ") 

 setwd("/proj/lassim/disease_modules/PASCAL/")  

 system(paste(command_full), intern = TRUE)  

 print("PASCAL run complete") 

 setwd(work_dir)  

} 

test_gwas <- "EUR.WTCCC2_MS_official.txt" 

gene_list_file <- "Adolescence_obesity-out.txt" 

out_name <- "omic_MS" 

pascal_command_func(modules = gene_list_file, gwas = test_gwas, file_name = out_name) 
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Appendix III - Consensus module genes 
 

Entrez ID n Gene symbol  Entrez ID n Gene symbol 

1386 3 ATF2  5295 3 PIK3R1 
1387 4 CREBBP  5371 3 PML 

1401 4 CRP  54472 3 TOLLIP 

1432 4 MAPK14  5501 3 PPP1CC 
1440 3 CSF3  5515 3 PPP2CA 
1499 3 CTNNB1  5516 3 PPP2CB 
1666 3 DECR1  5518 3 PPP2R1A 
1742 3 DLG4  5519 3 PPP2R1B 
1906 3 EDN1  5524 3 PTPA 
1950 4 EGF  5528 3 PPP2R5D 
1956 4 EGFR  5580 4 PRKCD 
1991 3 ELANE  5594 5 MAPK1 
2033 4 EP300  5595 4 MAPK3 
2064 3 ERBB2  5599 4 MAPK8 
207 3 AKT1  5700 3 PSMC1 
2099 3 ESR1  5701 3 PSMC2 
213 3 ALB  5704 3 PSMC4 
23028 3 KDM1A  5705 3 PSMC5 
2335 3 FN1  5707 3 PSMD1 
23411 3 SIRT1  5781 3 PTPN11 
2353 3 FOS  5879 4 RAC1 
25 4 ABL1  5925 3 RB1 
2534 4 FYN  5970 3 RELA 
2885 3 GRB2  6233 5 RPS27A 
2919 3 CXCL1  6347 3 CCL2 
3017 3 HIST1H2BD  6387 3 CXCL12 
3065 3 HDAC1  6464 3 SHC1 
3105 3 HLA-A  6672 3 SP100 
3383 3 ICAM1  6714 5 SRC 
3479 4 IGF1  6774 3 STAT3 
348 3 APOE  7040 3 TGFB1 
351 3 APP  7099 3 TLR4 
3551 3 IKBKB  7124 3 TNF 
3553 3 IL1B  7157 3 TP53 
3558 3 IL2  7186 3 TRAF2 
3559 3 IL2RA  7311 4 UBA52 
356 3 FASLG  7314 3 UBB 
3569 4 IL6  7316 4 UBC 
3586 3 IL10  7412 3 VCAM1 
3588 3 IL10RB  7422 3 VEGFA 
3606 3 IL18  7525 3 YES1 
3630 5 INS  7852 3 CXCR4 
3684 3 ITGAM  820 3 CAMP 
3690 3 ITGB3  8290 3 HIST3H3 
3716 4 JAK1  8334 3 HIST1H2AC 
3717 4 JAK2  8338 4 HIST2H2AC 
3718 3 JAK3  834 3 CASP1 
3725 4 JUN  8340 3 HIST1H2BL 
383 3 ARG1  8349 3 HIST2H2BE 
3845 3 KRAS  8350 4 HIST1H3A 
387 4 RHOA  8351 3 HIST1H3D 
3952 4 LEP  8352 3 HIST1H3C 
4001 3 LMNB1  8358 3 HIST1H3B 
4214 3 MAP3K1  8359 3 HIST1H4A 
4318 3 MMP9  836 3 CASP3 
4353 3 MPO  847 3 CAT 
440686 3 HIST2H3PS2  85236 3 HIST1H2BK 
4790 3 NFKB1  8968 3 HIST1H3F 
4792 3 NFKBIA  9370 3 ADIPOQ 
4843 3 NOS2  941 3 CD80 
4846 3 NOS3  942 4 CD86 
51311 3 TLR8  998 3 CDC42 

5290 3 PIK3CA  999 4 CDH1 

       

 
List of the consensus module genes. ‘n’ denotes the frequency of the gene across the risk-factor Clique Sum 

Permutation modules, from which the consensus module was derived.  
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Appendix IV. Consensus module genes present in the PI3K-Akt Pathway 

 

KEGG Pathwview illustration of the PI3K-Akt pathway. Consensus genes that were shown to be present in the 

pathway are denoted with colour according to the legend.  


