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Abstract 

The widely collected and analyzed genetic data help in understanding the 

underlying mechanisms of heterogeneous diseases. Cellular components interact 

in a network fashion where genes are nodes and edges are the interactions. The 

failure in individual genes lead to dys-regulation of sub-groups of genes which 

causes a disease phenotype, and this dys-functional region is called a disease 

module. Disease module identification in complex diseases such as asthma and 

cancer is a huge challenge. Despite the development of numerous sophisticated 

methods there is a still no gold standard. In this study we apply different parameter 

settings to test the performance of a widely used method for disease module 

detection in multi-omics data called Weighted Gene Co-expression Network 

Analysis (WGCNA). A systematic approach is used to identify disease modules in 

asthma and arthritis diseases. The accuracy of obtained modules is validated by a 

pathway scoring algorithm (PASCAL) and GWAS SNP enrichment. Our results differ 

between the tested data sets and therefore we cannot conclude with 

recommendations for an optimal setting that could perform best for multiple data 

sets using this method. 
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1 Introduction 

High-throughput omics technologies, such as microarrays and RNA 

sequencing, are now capable of producing huge amounts of data with an 

accelerated speed compared to what was previously possible [1]. The main 

challenge today for scientists is to store, process, and analyze these data [2]. 

Today, the focus of research in the field of systems biology is to interpret big data 

into meaningful biological knowledge [3]. Thus, there is a need for new approaches 

which can be used to derive biologically relevant associations from these highly 

multivariate datasets efficiently. Also, they should be straightforward to be used 

by the end user [4]. 

The cellular components (e.g., proteins) are connected in the form of a 

network, each component (e.g., protein, gene) behaving as a node while the 

interactions of these components are represented edges (links). This interaction 

could be either physical, such as a protein–protein interaction (PPI) network or 

functional interaction network (co-expression), where two proteins with similar 

expressions are linked [5]. Proteins associated with the same function (phenotype) 

are grouped together to form a module or pathway in a PPI network. The interaction 

between these proteins (or genes) inside one module or between other modules 

makes a complex network called an “interactome” [6]. To understand the 

pathogenesis of complex diseases, such as asthma or cancer, it is important to 

understand the underlying architecture of the interactome and how these different 

modules of genes interact with each other. Most diseases are developed due to 

multiple mutations or perturbations. The group of genes that belong to this 

mutated region which is associated with specific disease is called disease module. 

[7,8]. 

Different approaches are used to study and understand the mechanisms of 

complex diseases and to pinpoint important genes that are involved in the 

pathogenesis of the disease. One approach that is used for this purpose is called 

gene set enrichment analysis (GSEA): omics data is tested for enrichment using 

the pathway databases, such as KEGG (Kyoto Encyclopedia of Genes and 

Genomes) for certain traits or diseases [9]. This method has certain limitations due 
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to incomplete pathways, and it is biased towards well studied systems. An 

alternative method is to use network analysis where one can build a network from 

the available omics data and then use some methods and algorithms to identify 

modules, such as WGCNA (weighted gene co-expression network analysis) [10]. 

These modules are then further tested for enrichment against the pathway 

databases such as KEGG. Module-based approaches have advantages over GSEA 

because they do not rely on known pathways, they can discover new pathways, 

and network data are freely available. The WGCNA method is used for identifying 

modules in biological networks based on pairwise correlations between genes. It is 

implemented in R, a free open-source statistical programming language that is 

used widely [11,12]. It is a complete pipeline that consists of multiple steps for 

analyzing omics data. 

Module identification and especially biologically relevant module identification, 

is a huge challenge in the biomedical community. A number of methods and 

algorithms are developed for this purpose, such as DIAMOnD (DIseAse MOdule 

Detection), WGCNA, and MTGO (Module detection via Topological information and 

GO knowledge) but there is still no unique solution to this problem [13–15]. A study 

challenge was designed for disease module identification called the “DREAM 

Community Challenge” to find an ultimate disease module identification method 

across different biological networks, such as PPI, cancer, and signaling networks. 

The DREAM-challenge results were published in Choobdar et al., 2018. There were 

two interesting outcomes from this challenge: firstly, the consensus-based disease 

module inference methods performed best in comparison to the standalone 

methods. Secondly, the widely-used WGCNA method for disease module detection 

did not perform competitively in comparison to standalone methods [16]. This 

contradicts the common perspective about WGCNA because it is successfully 

applied in many studies [4,12,17]. Therefore, it is worth investigating the 

robustness of WGCNA in disease module identification with different parameter 

settings to find disease modules in heterogenous diseases. To the best of our 

knowledge, WGCNA has not been used before for the identification of disease 

module prior the DREAM challenge, so it will be a good idea to test its robustness 

in identifying disease modules. There are different ways to evaluate results of 

module-based approaches [18–23]. In this study, we aim to perform an evaluation 
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by using disease-relevant genome wide association studies (GWAS). A tool that has 

been proved useful for this purpose is PASCAL (Pathway Scoring Algorithm). It 

integrates SNP p-values from GWAS and computes pathway enrichment scores. 

PASCAL is implemented in Java, which can be used for disease-module validation 

together with WGCNA [24]. Also, to the best of our knowledge, PASCAL has not 

been used together with WGCNA for enrichment analysis, and it would be a good 

idea to also test the robustness of disease modules by using these tools together. 

By the application of these two new approaches, we expect to find some 

biologically significant disease modules in asthma and arthritis diseases. The aims 

and objectives of this project work are described in detail in sub-section 1.1. 

1.1 Thesis Aims and Objectives 

1.1.1 Aims 

The main aim of this thesis work is to test the robustness of WGCNA with 

different parameter settings in disease module identification for heterogenous 

diseases such as asthma and arthritis, using PASCAL and GWAS SNPs. 

1.1.2 Objectives 

1. Identifying disease modules in heterogenous diseases asthma and 

arthritis using WGCNA. 

2. Testing the performance of WGCNA in disease module identification by 

applying various parameter settings. 

3. Validating asthma and arthritis disease modules with PASCAL and GWAS 

SNPs. 

1.1.3 Hypothesis 

On the basis of the results of Choobdar et al, 2018, we assume that it is possible 

to derive modules with high significance by optimizing parameter settings in 

WGCNA. In addition, the robustness of the modules will be further tested with 

PASCAL and enrichment analysis, which can in turn identify some significant 

disease modules in asthma and arthritis. 
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2 Materials and methods 

2.1 Materials 

The following section describes the data and resources that are used in this 

project. 

2.1.1 Datasets 

Both of the analyzed data sets for asthma and arthritis with their accession 

numbers are described in detail in the following section. The data sets were 

provided as pre-processed RDS binary data files by Weerd 2017 which can be load 

into R environment by read RDS function. The main criteria for choosing these data 

sets was since it is already pre-processed that eliminate the step for pre-processing 

and can save time for more in depth analysis. The second criteria for choosing 

these data sets, since they were already tested before which could provide a 

relevant reference for comparison [25–27]. 

2.1.1.1 Rheumatoid arthritis (RA) GSE4588 [28] 

The aim of study was to identified DEGs in lupus CD4 T and B cells. The study 

was performed using gene expression analysis, on peripheral blood mononuclear 

cell (PBMC) from systemic lupus erythematosus (SLE) patients. Control samples 

were collected from both healthy and rheumatoid arthritis (RA) patients in order to 

isolate SLE specific genes from those which is induced by inflammatory responses 

in general. The results show strong evidence of a type I interferon signature, which 

suggest strongly that these cytokines might be involved in the pathogenesis of SLE 

disease. Only a sub set of samples was selected for this study which is highlighted 

in blue in table 1. 
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Accession Number Sample  Tissue Count 
GSE4588 SLE CD4 T-cells 8 
GSE4588 RA B-cells 7 
GSE4588 RA CD4 T-cells 8 
GSE4588 Control CD4 T-cells 10 
GSE4588 Control B-cells 9 
GSE4588 SLE B-cells 7 
   49 total samples 

Table 1: The data set GEO accession number is presented in the first column. RA (Rheumatoid Arthritis) and SLE 
(Systemic Lupus Erythematosus) are abbreviated. The total number of samples used in the original study was 49, 
of which only 18 samples are analyzed in this study that are shown in 3rd and 4th row and highlighted in blue. The 
Affymetrix human genome u133 plus 2.0 array platform was used.  

 

2.1.1.2 Asthma (induced sputum) GSE76262 [29] 

The aim of the study was to analyze sputum cell transcriptomics for 

determining molecular phenotypes of asthma. The original study was consisting of 

139 samples in which 93 severe asthma, 21 healthy control and 25 moderate 

asthma patients. The Affymetrix u133 plus 2.0 array platform was used to perform 

the gene expression analysis on induced sputum cells from 118 moderate-to-

severe asthma patients and 21 healthy controls. The samples were obtained from 

the U-BIOPRED consortium project. The study results are published in Kuo et al, 

2016 [29]. The number of samples as well as the source of the samples is presented 

in table 2. 

Accession Number Source Samples Cohorts 

GSE76262 Induced Sputum 114 Healthy = 21 

Severe asthma = 93 

Table 2: Asthma GSE76262 data set. 

 

2.1.1.3 GWAS Data sets 

Two separate GWAS SNPs curated files specific to each disease were provided 

by Weerd 2017. The two txt files were tab separated and consist of two columns 

first column is GWAS SNPs and second column the p-values assigned to each SNPs.  
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2.1.2 Validation and visualization tools 

The tools that were used for inferred disease modules validation, pathway 

enrichment analysis and visualization are described in this section. 

2.1.2.1 PASCAL 

There are different ways to evaluate results of module-based approaches 

[19,20,30,31]. In this study we performed the validation of inferred disease module 

by using disease-relevant genome wide association studies (GWAS). The tool that 

has been proven useful for this purpose is PASCAL (Pathway Scoring Algorithm) 

[32]. PASCAL is a tool implemented using Java programming language. It is 

designed for gene scoring and pathway analysis. It integrates disease specific SNP 

p-values from GWAS to calculate pathway enrichment scores. The input of PASCAL 

is a GWAS dataset which consist of SNPs specific for each disease and their 

corresponding p-values providing an inferred disease module it computes one 

meta p-values for each module derived from the SNPs present in the GWAS 

dataset. The meta p-value computed by PASCAL represents how strongly the SNPs 

are associated with specific disease trait, a p-value of (p ≤ 0.05) means a 

significant disease module. PASCAL compute this SNP-trait association p-values 

from a given GWAS dataset. 

2.1.2.2 EnrichNet 

EnrichNet is a web-based application which is used for pathway enrichment 

analysis [33]. The user provided a gene list which is first mapped into a genome-

wide molecular interaction network such as STRING [34]. Once the genes are 

mapped then it scores the distances between target genes list and the reference 

data set and compare the score against the background model. The nodes that 

correspond to the genes provided by the user are used as seed nodes to random 

walk algorithm for scoring their distances to all reference datasets. The output of 

random walk is a vector which a consist of distance score for each target gene to 

the reference pathways in the reference dataset. The vector obtained are then 

discretized into bins of the same size for comparing the scores to the reference 

dataset. The Xd-distance (score) is calculated for each pathway as follows, 
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 (1) 

 (2) 

where P𝑖c is the percentage distance scores between target gene set and pathway 

c within in bin i corresponding to the total number of scores for that pathway. The 

percentage of scores obtained in the background model for all the pathways in the 

reference dataset is Pia. The Xd-score shows the strength of interconnectivity 

between target gene set and pathways mapped to the molecular network. Fisher's 

exact test p-values is computed for measuring the significance of the gene set 

overlap between pathway and the target gene set. The results are presented in the 

form of network similarity table. 

2.1.2.3 Cytoscape 

Cytoscape is an open source software platform which is widely used for 

visualizing and analyzing of molecular interaction networks and biological 

pathways. There are various Apps available in Cytoscape which can be used for 

different purposes such as KEGG pathways enrichment analysis. We used version 

3.7.0 in this study [35]. 

2.1.2.4 ClueGO 

ClueGO provide a user-friendly environment to visualize enriched pathways 

terms in the form of networks and charts. It is available as a Cytoscape plugin, 

which is developed by Bindea et al, 2009 [36]. ClueGO was used to visualize 

enriched pathways and shared genes between different pathways. 

2.1.2.5 STRING 

STRING database is a web resource for known and predicted PPI (protein-

protein interactions) [37]. It was used to visualize the network of significant inferred 

disease modules. STRING version 10.5 was used in this study. 
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2.2 Methods 

The main focus of this study was to systematically customize parameter 

settings for WGCNA method that could identify accurate disease modules in 

asthma and arthritis diseases. WGCNA was first introduced in 2005 [10]. It is a 

network-based approach that relies on the statistical methods and correlation 

networks for deriving modules. WGCNA is implemented in R, and it is available as 

an R package which was developed in 2008 [12,38].  

WGCNA R package consists of a number of functions that can be used to 

analyze gene expression data. It can also be applied to analyze others type of 

omics data, such as DNA methylation, mRNA, and functional MRI data. WGCNA 

package consists of a number of functions; such as network construction, module 

detection, gene selection, calculations of topological properties, data simulation, 

visualization, and interfacing with external software. 

 

Figure 1: WGCNA simplified flow chart. Light gray blocks at the right side represents the functions that can be apply 
to produce the corresponding results at the left side shown in dark gray blocks. These functions are available in 
WGCNA package. 
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A simplified flow chart of the WGCNA method is presented in figure 1. The first step 

in WGCNA is to construct the co-expression network from input expression data, 

which consists of expression values for different genes in different samples. 

Pearson’s/biweight mid-correlation, correlation cor (xi, xj) can be used to calculate 

co-expression matrix Correlation (co-expression similarity) is raised to soft 

threshold power β for calculating the adjacency matrix A = [𝑎𝑖𝑗].  

 𝑎𝑖𝑗 = |𝑐𝑜𝑟 (𝑥𝑖 , 𝑥𝑗)|
β
 (3) 

In eq.3, 𝑎𝑖𝑗 represents the adjacency matrix that measure the connection 

strength between each pair of genes xi and xj. The power β can be chosen so that 

it can approximate the scale-free topology network criterion. According to this 

criterion, the resulting network with lowest power of β leads to R2 > 0.8 which 

satisfy the scale-free topology [10]. The WGCNA R package provides functions to 

check if a network obeys the scale-free topology, which in turn helps in the 

selection of the β value. There are three different options available for constructing 

a co-expression network in the adjacency function; signed, unsigned, and unsigned 

hybrid. The selection of these three different network types are based on 

experiment design. To divide the positive and negative co-regulated genes in two 

separate modules one can use the signed co-expression network. On the other 

hand, the unsigned co-expression network combines both positive and negative 

co-regulated genes in the same module. 

The second step after network construction is module detection. Groups of 

genes that are densely interconnected form modules. The interconnectedness of 

genes in the co-expression network can be measure in different ways. Most 

commonly used approach is Topological Overlap Matrix (TOM) proposed in [39], 

since it is successfully applied in many studies [10,39,40]. The TOM matrix can be 

computed from the adjacency matrix 𝑎𝑖𝑗 by multiplying the adjacency matrix with 

itself and then normalizing it. The adjacency matrix 𝑎𝑖𝑗 shows the strength of 

interconnectedness among different genes, and it shows the connectivity and 

similarity among gens. On the other hand, the TOM matrix provides information 

about how many neighbors each gene shared. It is proved that TOM-dissimilarity 
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matrix produces more distinct modules than the TOM matrix [10]. The TOM matrix 

can be transformed to TOM-dissimilarity (TOM-dissimilarity = 1 - TOM), where a 

high interconnectedness means a low number while no connection means a value 

of 1. Built-in clustering functions (e.g. dynamic tree cutting) in WGCNA in 

conjunction with a TOM-dissimilarity matrix are used to identify modules that are 

highly interconnected. WGCNA provides the blockwiseModules detection function. 

In the third step the generated modules are correlated to external traits by 

using the concept of module eigengene, which is the 1st principal component of the 

whole module. The module eigengene are correlated with GWAS SNPs or enriched 

pathway databases, such as KEGG to find biologically significant modules. The 

WGCNA R package provide functions to determine gene significance for biological 

traits and module membership for each gene in the module. Module membership 

is an important factor that could help in finding module hub genes.  

The fourth, and final, step is to find hub genes that are involved in disease 

pathogenesis. The WGCNA R package contains a number of functions for the 

analysis of data, simulation and data visualization, such as TOMplot that can be 

used to visualize and identify network modules. WGCNA is a flexible method and 

can be adapted according to the aims of the study. Some of the functions and 

parameters of WGCNA that are used in this project are described in the next 

section. 

2.2.1 WGCNA parameters, functions and their meaning 

This section describes the some of the parameters and functions of the WGCNA 

method that were used in this study. Table 3 provide the overview of parameters 

that were selected for tuning to infer disease modules in asthma and arthritis 

diseases. 

2.2.1.1 Deep Split 

WGCNA used the dynamic tree cut algorithm to cluster splits which is proposed 

by Langfelder and Horvath 2009 [41]. There are two variants of dynamic tree cut 

algorithm (1) Dynamic Tree variant and (Dynamic Hybrid variant). Deep split 

controls the sensitivity of cluster split for both variants. Deep split takes integer 
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values between 0 and 4, where higher values result in more and smaller modules 

being produced, while lower values will produce fewer and larger modules. When 

using the dynamic tree variant deep split can only take a true and false, but used 

with the dynamic hybrid variant it can take values 0,1,2,3,4. Deep split controls the 

minimum gap gmin and the maximum core scatter dmax as shown in figure 2.  

 

Figure 2: Deep Split provide control over the core scatter and gap parameters is shown. Cut height = hmax [41] 

 (4) 

 (5) 

The maximum core scatter is determined according to Eq (4) and the minimum 

gap is determined according to eq (5), where fraction x in both equations takes 

values 0.64,0.73,0.82,0.91 for deep split = 0,1,2,3 respectively. The minimum gap 

and the maximum core scatter are determined by the deep split parameter. The 

value of the x can be modified to change the shape of the branches. 

2.2.1.2 Merge Cut Height 

The maximum joining heights that will be considered for tree branch to be cut. 

The default value for “tree” variant is 0.99 and for the “hybrid” variant it is 99% of 

the range between the 5th percentile and the maximum of the joining heights on 

the dendrogram according to Langfelder and Horvath 2009. 

2.2.1.3 Core Type 

There are two options for this parameter which will be used in this work: (1) 

Pearson correlation and (2) biweight mid-correlation. Pearson correlation measures 
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the linear relationship between two variables. Another alternative to Pearson is 

Spearman correlation which measures a monotonic relationship, which is more 

robust than Pearson correlation. A modified version of Spearman correlation is 

implemented in WGCNA called the biweight mid-correlation [42]. The biweight mid-

correlation detects linear relationship between gene pairs unlike the Spearman 

correlation. According to the authors of WGCNA using biweight mid-correlation 

(bicor) provides a more robust control to outliers than what Pearson correlation 

does [43]. 

2.2.1.4 maxPOutliers 

When using the biweight mid-correlation one argument is called 

“maxPOutliers” which caps the maximum proportion of the outliers. The default 

value for maxPOutliers = 0.02 which is used to detect more outliers while keep the 

good data without deleting the good signals [44]. 

2.2.1.5 pamRespectsDendro 

It is only used with method "hybrid”. If it is TRUE the PAM (partition around 

medoids) stage follow the dendrogram and will assigned genes and small modules 

to those modules to whom they belong. 

2.2.1.6 maxBlockSize 

An integer value that defined the maximum block size for module detection. 

2.2.1.7 minModuleSize 

Integer value that defined the minimum number of genes allowed in module. 

2.2.1.8 flashClust Function 

This is an R package which can be used for clustering such as hclust which is a 

standard R function. The only difference between hclust and flashClust is that 

flashClust is faster than the hclust according to Langfelder who implemented 

flashClust function. 
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2.2.1.9 Eigen Gene Function 

 The module eigen gene represents the overall expression of all the module 

genes. It is also called the first principal component of a module which summarize 

the whole module expression profiles an optimal way. Mathematically it is called 

the left singular vector which is determined after the singular value decomposition 

for the whole module. The module eigen gene are used to merge modules if they 

are similar it is also used to relate modules to clinical traits and SNPs. It can also 

be used to measure module membership of a gene, which show how closely the 

gene is related to the module. The formula for module membership is kME = cor 

(xi, ME), where k means connectivity xi is the gene for which the membership is 

measure and ME is the module eigen gene. 

2.2.1.10 Block wise Module detection Function 

The function blockwiseModules is implemented in WGCNA for network 

construction and module detection in a large data sets. It first cluster the large 

network into blocks and then hierarchical clustering is performed in each block to 

inferred modules [12]. 

2.2.2 Parameters selection for disease module inference 

Numerous studies have been performed to test the robustness of module 

detection methods; such as, a comprehensive evaluation of module detection 

methods for gene expression data by Saelens 2018 [30]. They have introduced a 

general framework for evaluating module detection methods. That could provide 

guidelines to select module detection methods, which can be used for gene 

expression data. They have also tested different aspects of module detection such 

as the effect of parameter settings, and the choice of method. Their results show 

that the choice of method depends mainly on the application for which the method 

is going to be used, also they provide practical guidelines for selection of methods. 

A study performed by Li B et al. (2015) shows that selection of method for modules 

identification depends on whether one is interested in the structure of the module 

in comparison with the rest of the network, or the stability and robustness of the 

modules [23]. They divided Computational Validation Approaches based on 
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Modular Architecture (CVAMA) into two broad categories topology-based 

approaches (TBA) and statistics-based approaches (SBA) and provide guidelines 

for the selection of module detection method based on the application. According 

to their criteria WGCNA is based on the TBA. They provided guidelines for network 

topological parameters such as modularity, connectivity, density, clustering 

coefficient, degree, and edge betweenness. Due to limited time we consider testing 

only the recommended parameters by Saelens 2018. Since, their evaluation results 

show that only two parameters make big influence in module creation which are 

“deep Split” and “Merge Cut Height”. In addition to the Saelens 2018 suggestions 

regarding the parameters we also included some other parameters which are easy 

to implement and see their effect on the results such as core type which provide 

the option to select either Pearson correlation or biweight mid-correlation. This 

parameter is included to the list because according to Langfelder and Horvath it 

provides a more robust control to outliers than Pearson correlation. The list of 

parameters that are varied in this study are presented in table. 3. 

No Parameters/functions Available Settings 

1 Deep Split Control the sensitivity of the module (0,1,2,3) 

2 Merge Cut Height Control the number of modules 

3 Core Type Correlation (Pearson = “p”, biweight mid-correlation = “bicor”) 

4 maxBlockSize Defined the block for modules detection 

5 minModuleSize Defined the minimum number of genes allowed in a module 

Table 3: Parameters and their available settings in WGCNA method for disease module inference. 

2.2.3 Implemented method description MODifieR (WGCNA) 

The following section describes the methods that are used to achieve the aims 

and objectives mentioned in the introduction chapter. The main analysis tool used 

in this study is MODifieR which is an R package that combines a set of eight 

different disease module inference methods  into a single package which is 

proposed by Weerd 2017 [45]. MODifieR is implemented in R programming 

language using object-oriented programming approach. All the eight methods are 

implemented in MODifieR and the functionality of each method can be used by a 

separate function. This study is focused on WGCNA method implemented in 

MODifieR. MODifieR require an input data object in order to generate disease 
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module. The input data object can be created from an expression data and probe 

annotation. The input data objects for both data sets (asthma, arthritis) are 

provided as preprocessed .RDS binary data files that are loaded using readRDS 

function into R Studio [38]. The flow of the method that is applied in this study is 

shown in figure 3. 

 

Figure 3: Flow chart for disease module identification using MODifieR package function for WGCNA methods and 
validate the results with PASCAL (Pathway scoring algorithm) which used GWAS SNPs as an input for calculating 
meta p-value for each module. Select significant modules on the bases of (p-value ≤ 0.05) will be further analyze 
for enriched pathways with EnrichNet web tool and ClueGO app for Cystoscope. 

First a trait object is created from both samples patient and control also called 

group 1 and group 2 and a value of 0 (control) and 1 (patient) is assigned 

respectively. Secondly, An adjacency matrix is computed, and the resultant 

network is tested for scale-free topology criterion by adjusting the power of β which 

leads to R2 > 0.8, as described in the original article [10]. In the fourth step the 
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coexpression modules are generated using the block wise function of the WGCNA 

package. Finally, the coexpression modules are correlated to trait (disease trait), 

using the module eigengene and p-value is adjusted so it less than the cutoff for 

the final disease module. 

The inferred disease modules are validated by using PASCAL. PASCAL used the 

list of modules and GWAS SNPs specific to each disease and compute one meta p-

value for each module. The same steps were repeated for all combination of 

parameter settings is depicted in figure 1 by the blue dotted line. Significant 

modules (p-value ≤ 0.05) were further tested for pathways enrichment analysis 

using EnrichNet [46] and ClueGO [36]. 

2.2.4 Alternative Methods 

The description of some methods that would have been useful for this work 

could not be implemented due to some limitations are described in this section. 

2.2.4.1 MTGO 

MTGO (Module detection via Topological information and GO knowledge) is a 

new algorithm developed for modules identification in PPI networks [15]. MTGO 

take into account both the network topology and the knowledge about the 

biological role of the proteins for inferring modules. MTGO repeatedly partitions the 

network which allow the inferring modules to be reshape on the basis of GO 

annotations as well as graph modularity. This iterative partitioning is learned by a 

process of optimization which take into account both the network structure and 

biological knowledge. MTGO is written in Java programming language and it is 

freely available as a standalone application and can be modified according to the 

GNU (General Public License) as published by the free software foundation. It would 

have been a positive addition to the current project to implement this method and 

perform a comparison with WGCNA method but due to time constraints it is 

excluded. MTGO can be download from GitLab. 

https://gitlab.com/d1vella/MTGO
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2.2.4.2 FLAME 

FLAME (Fuzzy clustering by Local Approximation of MEmbership) is a clustering 

algorithm. FLAME used two key concepts for module creation first it identifies 

clusters in the relatively dense region of the dataset and secondly the neighboring 

nodes with similar expression profiles must have the same cluster memberships. 

Therefore, the membership of nodes in the neighborhood forced each other’s, 

which does not allow the membership of a single node to be determined by all 

other nodes except it is only determined with respect to its neighbors. FLAME is 

implemented as a part of GEDAS (Gene Expression Data Analysis Studio), using 

C++ programming language and it is available as a GUI (graphical user interface). 

The reason for mentioning FLAME in this discussion is due to its best performance 

according to Saelens et al, 2018 results where it outperforms all the clustering-

based methods in detecting overlap. The GEDAS, which included FLAME can be 

download freely from source forge. The project source code is available under the 

GNU general public license for modification. Including this algorithm could have 

positive improvement to the current work since it is a clustering-based algorithm 

which could serve as a complement to WGCNA method but due limited time it is 

also excluded from implementing. 

2.2.5 Post-Processing 

In biological networks, most methods typically generate modules which are 

either to large or too small. To cope with this issue, MODifieR package provides 

four post-processing functions in the WGCNA method for inferred disease modules. 

We used “wgcna_split_module_by_color” for post-processing to reduce the module 

size by splitting it into colors modules. 

(1) wgcna_adjust_significance  

(2) wgcna_get_modules_genes_by_sign 

(3) wgcna_split_module_by_color  

(4) wgcna_set_module_size 

https://sourceforge.net/projects/gedas/
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2.2.5.1 wgcna_split_module_by_color 

The co-expression modules of WGCNA method are represented by color, which 

is a color label for each co-expression module. This function allows to split each of 

these color modules into separate MODifieR module objects. Only those colors are 

selected which are significantly associated to the disease traits. The detail 

description about these functions can be found on the MODifieR github page. 

2.2.5.2 Jaccard similarities index 

The similarities between inferred disease modules is tested using Jaccard 

index, which the intersection over union. First the intersection of two modules is 

determined and then it is divided by the union of those modules (eq 6). Mi and Mj 

represents module i and j respectively. 

 eq (6) 

3 Implementation and results  

The following section describes the implementation, and the results obtained using 

the methods and tools described in the methods section. This section describes 

how the method have has been applied and which parameter settings and choices 

were made in order to obtain the results. The results are presented in the form of 

figures and tables.  

3.1 Datasets 

The description of both data sets mentioned in the method section are 

analyzed. The data sets were provided as pre-processed “.rds” files, which could 

be used directly in the analysis without performing any pre-processing. Sample 

clustering analysis were performed for both datasets using flashClust function in 

WGCNA, to detect outliers. The results are presented in Figure 4 and Figure 5 for 

both datasets respectively. There was no outlier present in either data set. 

https://ddeweerd.github.io/index.html
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Figure 4: Sample cluster to detect outlier for GSE4588. There was no outlier detected 

 

 

Figure 5: Sample cluster to detect outlier for GSE76262. There was no outlier detected 

3.2 Disease module detection 

This section explains the implemented R script which was used for disease 

module inference for both datasets (GSE4588 and GSE76262). The script consists 

of functions for module detection, iterating through each parameter settings and 

writing module genes to an output PASCAL compatible file and pathways 

enrichment analysis. All the necessary software packages were installed before 

starting the data analysis. 
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3.2.1 MODifieR: R Package 

The main tool for all data analysis is performed using MODifieR R package 

version 0.1.1, which is proposed by Weerd 2017 [45]. MODifieR combines eight 

different module inference methods into a single pipeline for generating robust 

consensus modules. The method that are implemented in MODifieR package are: 

Clique Sum [47], Correlation Clique, DIAMoND [14], DiffCoEx [48], MCODE [49], 

MODA [50], Module Discoverer [51], WGCNA trait-based by Langfelder and Horvath 

2008. 

The MODifieR input is an object of class “MODifieR_input”. This input object 

format is valid for all the methods implemented in the MODifieR package. Both 

datasets RDS files are objects of class MODifieR which can be passed through 

MODifieR function as arguments. In MODifieR, the function of any method can be 

called. For example, the function of WGCNA method can be called by wgcna(), 

where “MODifieR_input” is used to provide the input data object, as shown in figure 

4 line 16, where “asthma_suptum” is provided as input to MODifieR.  

wgnca_module <- wgcna(MODifieR_input = MODifieR_input) 

The complete tutorial about how to use and install the MODifieR package is 

available online [28]. We used some of the functions of WGCNA which are available 

in MODifieR package for modules identification and post processing of data.  

3.2.2 Parameter settings for inference disease modules  

To perform WGCNA analysis first the choices for the parameter settings were 

made. There were only two parameters “deep Split” and “Merge Cut Height” 

settings make the main influence in module identification according to Saelens et 

al, 2018 recommendations as described in the method section. There were thirty 

different settings applied using the combination of these two parameters. The 

range of the settings were adapted from supplementary online document provided 

by Saelens et at, 2018. The generated modules are named according to the 

settings sequence such as S01 represents the first settings and S02 represents the 

second and so on. Besides with each setting new module is generated. All the 

combination of settings is presented in table 4.  

https://ddeweerd.github.io/index.html#ref-WGCNA2008
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Module Name Deep Split Merge Cut 

Height 

Module Name Deep Split Merge Cut 

Height 

S01 1 0.05 S16 2 0.3 

S02 1 0.1 S17 2 0.35 

S03 1 0.15 S18 2 0.4 

S04 1 0.2 S19 2 0.45 

S05 1 0.25 S20 2 0.5 

S06 1 0.3 S21 3 0.05 

S07 1 0.35 S22 3 0.1 

S08 1 0.4 S23 3 0.15 

S09 1 0.45 S24 3 0.2 

S10 1 0.5 S25 3 0.25 

S11 2 0.05 S26 3 0.3 

S12 2 0.1 S27 3 0.35 

S13 2 0.15 S28 3 0.4 

S14 2 0.2 S29 3 0.45 

S15 2 0.25 S30 3 0.5 

Table 4: These parameter settings for both deep split and merge cut height are selected according to Saelens et 
al. 2018 recommendation [30]. There are thirty different settings and each setting corresponds to each infer 
disease module (e.g. S01 → 1st module and S30 → 30th module). 

The iteration through each parameter settings as described in table 4 was 

performed using nested for loops. It is implemented in the same R script which was 

used for disease module inference, a sub section of the script which show the 

nested for loop are depicted in figure 6 from line number 14 till 22. 

 

Figure 6: R script for generating disease modules 

The deepSplit and mergeCutHeight different values are passed through wgcna( 

) function as arguments. The iteration through each setting in the “for loop” 

inferred a new module which is saved on the hard drive as “.rds” file with unique 

name. All the other arguments of the wgcna() function were left as default is shown 
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figure 6 code section from line 16 to 18. A module list has been created from the 

generated modules and it was written to a text file for PASCAL analysis. The 

modules list is an object of class “list”. The name of the list called 

“GSE4588_modules” for arthritis and “GSE76262_modules” for asthma 

respectively. 

3.3 PASCAL validation of modules 

The generated modules by applying the combination of parameter settings, as 

described in previous section, were validated by computing PASCAL scoring for 

each inferred module in both datasets. 

3.3.1 Results for Rheumatoid Arthritis, data set GSE4588 

PASCAL validation was performed on the list of arthritis modules generated by 

the WGCNA method, as described in section 3.2.2. A bash script was implemented 

using the module list text file and the GWAS SNPs file specific for arthritis disease 

provided by Weerd, 2017 (GWAS_Okada_SNPs) were used as inputs to PASCAL. 

PASCAL compares these two files and calculate enrichment with disease SNPs. The 

output of PASCAL is a p-value for each module in the list and this p-value serves as 

a measure of accuracy for modules robustness. The results of the PASCAL 

validation are shown in figure 7(A) and 7(B). The best settings for which the p-value 

(p-value = 0.00065) was S08 setting which represents module”module_8” and the 

[deepSplit = 1, and mergeCutHeight = 0.4]. Three modules show completely 

different size and p-values, as highlighted by blue dotted square in figure 7(A). 
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Figure 7: Arthritis, dataset GSE4588 Modules and their p-values (A) The setting for deepSplit and mergeCutHeight 
are shown in red color in square brackets, the first value represents deepSplit and the second represents the 
mergeCutHeight. The label from S1 to S30 represents each setting as described in table 4 for each module. (B) The 
number of genes in the modules are different in comparison to the asthma data set. The following results are 
generated by setting corType = “p”. 

 

A 
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As shown in figure 7(A) all the modules that were generated for arthritis data set 

are significant (p-value < 0.05). The modules sizes are different for this data set as 

shown in figure 7(B), but still it falls in four clusters irrespective of the parameters 

setting for each cluster. 

3.3.2 Results for Asthma, data set GSE76262 

PASCAL validation was done on the list of modules generated for asthma 

dataset by the WGCNA method. A new bash script was implemented for PASCAL, 

which used the modules list and the GABRIEL GWAS SNPs file as inputs. PASCAL 

compares these two files and calculate enrichment with disease SNPs. The output 

of PASCAL is a p-value for each module in the list and this p-value serve as a 

measure of accuracy for modules. The results of the PASCAL validation with 

GABRIEL GWAS data for asthma, dataset GSE76262 is shown in figure 8. The best 

results in terms of significant p-value (p-value = 0.89738) were computed for 

settings S16, as shown in figure 8(A). It is represented by S16 [deepSplit = 2, and 

mergeCutHeight =0.3] in figure 8(A). The first value in square bracket represents 

“deepSplit” and the second value represents mergeCutHeight. The size of the 

modules is shown in figure 8(B).The results shown in figure 8(A) and 8(B) are 

generated with the default setting for the core type argument in WGCNA function, 

which is by default used Pearson correlation [42]. 

The p-value computed by PASCAL for S16 (module 16) is still not significant 

and the module size is too large 15279 genes. The modules were regenerated this 

time by setting argument cor Type to “bicor” in the WGCNA function. The rest of 

the parameter settings except the corType were kept the same as described in the 

previous section. 
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Figure 8 (A): Asthma dataset GSE76262 disease modules and their p-values. The X-axis represents the name of the 
settings applied from S1 till S30 in ascending order from left to right, each setting corresponds to different module. 
The number in square brackets represents each setting for deepSplit and MergeCutHeight, the first value 
represents deepSplit and the second value represent MergeCutHeight. All, the settings shown here are according 
to the settings presented in table 4. The corType argument for correlation was set to Pearson for producing these 
results. Y-axis represents the p-values computed by PASCAL for each module. Each setting corresponding to each 
module generated with that specific setting such as S01 means the first module S02 second module and so on. 

 

Figure 8 (B): Asthma, dataset GSE76262. The number of genes in most modules are the same (15279), modules 
number 2, 24 and 13 represented by (S02, S13, S24) respectively are larger in size (15930) in comparison with the 
rest of the modules (C) The following results are generated with the default setting for corType = Pearson. 

The corType argument was set to “bicor” which used a modified version of 

spearman correlation or biweight mid-correlation as described in method section. 

The obtained results are presented in figure 9(A) and 9(B). 

A 

B 
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Figure 9: Asthma dataset GSE76262 disease modules and their p-values with biweight mid-correlation. (A) Inferred 
modules correspond to each setting versus their corresponding p-values (B) Inferred module size with each 
corresponding setting. The results of both figure 9 (A) and (B) are produced with biweight mid-correlation 

The biweight mid-correlation provide a more robust mechanism against the 

outliers effect, besides it is also efficient in performance in comparison with 

Pearson correlation [42]. According to the PASCAL result, module 21, which 

corresponds to setting “S21” has the lowest p-value 0.877 which is still not 

significant. Also, the size of the module is large, 15334 genes in total. All the 

A 
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modules p-value and sizes are roughly divided into three clusters despite of 

different parameter settings for deepSplit and mergeCutHeight.  

3.4 Post-Processing of significant modules 

The purpose of this step was to find significant modules in terms of p-value as 

well as module with less genes. The module size was large in case of asthma data 

set compared to arthritis and therefore we used the built-in function of MODifieR 

package for splitting large modules into smaller modules on the basis of module 

color. This step is not performed for all the 30 inferred modules. Instead, only those 

modules were selected which have the lowest p-values. PASCAL validation was 

performed for the generated color modules from each data set  

3.4.1 Rheumatoid Arthritis, data set GSE4588 

The module sizes are different in case of GSE4588, the module sizes are shown 

in figure 7(B). Modules number 5, 16 and 23 which correspond to settings S05, S16 

and S23 respectively. All these three modules consist of 958 genes. Although the 

p-values of all the modules determined by PASCAL for GSE4588 data set are 

significant, some modules size are too large. Therefore, module 5, 16 and 23 could 

be consider significant modules because of their manageable size and also the p-

value for these modules are (p-value = 0.03), which is still in the significant range 

(p-value < 0.05), these modules are highlighted by blue square in figure 7(B). 

Module 23 has been split into color modules and the PASCAL score was determined 

for each color module, the results are presented in table 5. 

Module Name chi2Pvalue empPvalue No. of 
Genes 

Grey60 0.0659 0.0440 289 

Paleturquoise 0.0711 0.0956 188 

Lighsteelblue1 0.1428 0.1131 154 

Darkslateblue 0.3697 0.4987 123 

Skyblue 0.5780 0.5502 204 

Table 5: Module 23 sub modules and their p-values assigned by PASCAL, the grey60 module has the lowest p-
value. The number of genes in each color module is shown in forth column. 
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3.4.2 Asthma, data set GSE76262 

Module number 9 which corresponds to setting S09 has been selected from the 

results obtained by using biweight mid-correlation, as shown in figure 9(A). Using 

the same “color module split function” as used for arthritis, five color modules were 

generated. The results are presented in table 6. After determining PASCAL score 

for these color modules, the “brown” module was assigned the lowest p-value by 

PASCAL which is less than 0.05.  

Module Name chi2Pvalue empPvalue No. of Genes 

brown 0.003460 0.007090 1799 

green 0.464672 0.493350 476 

magenta 0.752310 0.756460 78 

blue 0.941728 0.809840 4694 

turquoise 0.994712 0.995110 8287 

Table 6: Module 9 color modules and their p-values assigned by PASCAL, the brown module has the lowest p-value. 
The number of genes in each module is shown in forth column. 

3.4.3 Default parameter setting for both data sets 

The presented results in table 7 are generated by using the default parameter 

settings available in the MODifieR package for WGCNA method. The p-value for the 

complete module determined by PASCAL for GSE76262 data set is 0.91389, which 

is not significant. Therefore, splitting the module into color modules generate 8 

color modules. The brown module consisting of 1799 genes is determined 

significant by PASCAL validation. 

Default Parameter Settings 

DeepSplit MergeCutHeight minModuleSize Cutoff corType MaxBlockSize MaxPoutliers 

2 0.1 30 0.05 Bicor 5000 0.1 

GSE76262 GSE4588 

Module 

Size 

No. of Color 

Modules 

Name and size of 

significant Color 

Modules 

P-Value for 

significant 

color 

modules 

Module 

Size 

No. of Color 

Modules 

Name and size of 

significant Color 

Modules 

P-Value 

significant 

color module 

15304 8 Brown = 1799 0.006980 1383 9 Indianred4 = 78 0.0155 

Table 7: Inferred disease modules using default settings and (corType = biweight mid-correlation) for both data 
sets, GSE4588 and GSE76262. The p-values for the complete module is not mentioned in the table for both data 
sets, since we were only interested modules with less genes as well as significant p-values, so table 8 show only 
those color modules which are significant as well less number of genes. 
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 In case of GSE4588, the inferred modules were already significant, but the 

splitting was performed to find modules with less genes. 

3.4.4 The optimal parameters setting for both data sets 

As presented in table 7, the brown module size for GSE4588 is still large 

although it is significant (p-value ≤ 0.05). To reduce the size of significant modules 

and find an optimal parameter setting that work best for both data sets, the 

mergeCutHeight parameter was set to a smaller value so modules of small size can 

be generated. On the other hand, a higher value is selected for deepSplit. Besides 

these two settings, the maxBlockSize parameter was set to 400. All these 

parameter settings were chosen from the range of settings recommended by 

Saelens et al. 2018 for deepSplit and mergeCutHeight for generating modules. The 

obtained results are presented in table 8. The parameter is named as optimal due 

to the fact that it generated at least two modules in each data sets that are 

significant using a single setting. 

Optimal Parameter Settings 

DeepSplit MergeCutHeight minModuleSize Cutoff corType MaxBlockSize MaxPoutliers 

4 0.07 30 0.05 Bicor 400 0.1 

GSE76262 GSE4588 

Module 

Size 

No. of Color 

Modules 

Name and size of 

significant Color 

Modules 

P-Value for 

significant 

color 

modules 

Module 

Size 

No. of Color 

Modules 

Name and size of 

significant Color 

Modules 

P-Value 

significant 

color module 

14965 12 Midnightblue = 237 0.00026 1383 10 Mediumorchid =72 0.02001 

Cyan = 263 0.04217 Brown = 326 0.01577 

Table 8: Optimal parameter settings that generate significant modules with reduce module size for both data sets 
using a single setting. 

3.4.5 Jaccard index and module similarities 

Similarities between different modules were checked using Jaccard index for 

the modules of both data sets, as described in the method section. The 

implemented R code for finding Jaccard similarities index for two modules is 

presented in figure 10. 
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Figure 10: Jaccard index calculation for similarities measurement of the modules in both datasets  

Jaccard similarities measure for GSE4588 data set results provide a clue why 

the modules´ p-values are group together, as we see from figures 7(A) and 8(A), 

because most of the modules show 100% same similarity. A subset of modules 

similarity measure for GSE4588 is shown in table 9. 

No. Inferred modules Jaccard Similarity Index 

1 S01 – S02 100% 
2 S01 – S03 35.68% 
3 S01 – S04 97.44% 
4 S01 – S05 43.54% 
5 S01 – S06 52.81% 
6 S05 - S16 100% 
7 S05 – S23 100% 
8 S16 – S23 100% 
9 S08 – S05 35.29% 

10 S08 – S23 35.29% 

Table 9: Jaccard similarities result for GSE4588 data set. The second column shows the modules´ number for which 
the Jaccard similarities are calculated. S01and S02 correspond to module inferred 1st and 2nd modules respectively. 
From table 3 it is clear that the module for which PASCAL p-values are the same show high similarity index such as 
module 5, 16 and 23 are 100% similar and therefore PASCAL compute the same p-values for these three modules. 

 

4 Analysis 

The following section describes the pathway enrichment analysis for the significant 

modules generated by using the optimal parameters setting for both datasets. We 

have selected five modules for further enrichment analysis their names and 

number of genes in each module are presented in table 10. 
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Name Number genes empP-Value 
Mid night blue (GSE76262) 237 0.00026 
Cyan (GSE76262) 263 0.04217 
Medium orchid (GSE4588) 72 0.02001 
Brown (GSE4588) 326 0.01577 
Grey60 (GSE4588, Table 4) 289 0.0440 

Table 10: Significant modules that were selected for pathway enrichment analysis. First column show, the module 
name together with the data set it belong to; column 2 shows number of genes present in each module; column 
3 shows corresponding p-value for each module. 

4.1 Pathway enrichment analysis 

All the analysis in this section has been performed by using EnrichNet [33], 

ClueGO [36] and STRING database [34]. EnrichNet database was used to find the 

enriched pathways in each module. ClueGO was used for finding common genes 

between different pathways and STRING database was used for significant module 

visualization as well as pathway enrichment analysis. 

4.1.1 Rheumatoid Arthritis, data set GSE4588 

We performed the pathway enrichment analysis for both modules brown and 

mediumorchid that were generated by using the optimal parameter settings but 

could not find any associated pathways terms in ClueGO when using the KEGG-

Human diseases ontology option. 

Annotation (pathway/process) XD-score Fisher q-value Overlap size 

hsa03420: Nucleotide excision repair 0.727117559 0.21 4 

hsa00410: beta-Alanine metabolism 0.708090075 1 2 

hsa00280: Valine, leucine and isoleucine degradation 0.503544621 1 3 

hsa04146: Peroxisome 0.498016365 0.21 5 

hsa00533:Glycosaminoglycan biosynthesis - keratan sulfate 0.489908257 1 1 

hsa00640: Propanoate metabolism 0.452408257 1 2 

hsa00051: Fructose and mannose metabolism 0.435362802 1 2 

hsa03030: DNA replication 0.389908257 1 2 

hsa04120: Ubiquitin mediated proteolysis 0.363592467 0.21 7 

    

Table 11: Table 11, shows the top ten enriched KEGG pathways in brown module of GSE4588 data set. The second 
column shows the network similarity scores (Xd-scores), which measure the distance of the user-defined 
gene/protein set to the pathways 

Also, we analyzed enrichment of KEGG pathways in brown module and we found 

two genes that were shared between two pathways. The results from ClueGO are 
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presented in figure 11. ErichedNet results are presented in table 11, only the top 

ten hits are shown. The complete list is provided in table A3 of appendix A. 

 

Figure 11: Enriched KEGG pathways identified by ClueGO in brown module. The size of the node shows the 
significant of the term. EIF2S1 and SOCS3 genes were found to be shared between two different pathways. Bars 
represents the number of genes associated to each disease. 

Results for grey60 modules are presented in figure 12 from ClueGO.  

 

Figure 12: ClueGO results for grey60 Module of GSE4588 data set. (A) Shared genes between different pathways 
(B) Bars represents genes associated with each disease. (C) Enriched KEGG pathways identified by ClueGO in 
grey60 module. The size of the node shows the significant of the term. The genes that are shared between 
different pathways are shown. (D) Bars represents the number of genes associated to each KEGG Pathway. 
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4.1.2 Asthma, data set GSE76262 

Pathway enrichment analysis result obtained from EnrichNet for the 

“midnightblue” module is presented in table 12. The XD-score represents the 

significance of the enriched pathway. Only the top ten enriched KEGG pathway are 

presented. 

Annotation (pathway/process) XD-score Fisher q-value Overlap 
hsa05332: Graft-versus-host disease 2.13 5.85E-05 7 
hsa04940:Type I diabetes mellitus 1.41 0.0044 5 
hsa04623: Cytosolic DNA-sensing pathway 1.18 0.0002 8 
hsa05330: Allograft rejection 0.92 0.0920 3 
hsa05340: Primary immunodeficiency 0.89 0.0363 4 
hsa04621: NOD-like receptor signaling pathway 0.88 0.0005 8 
hsa05144: Malaria 0.76 0.0267 5 
hsa05140: Leishmaniasis 0.71 0.0140 6 
hsa04612: Antigen processing and presentation 0.68 0.0323 5 

    

Table 12: Table shows top ten enriched KEGG pathways in “Mid night blue” module of GSE76262 data set. 

The number of genes that are overlapping in the same pathway are given in the 

last column of table 12. The visualization of two significant modules midnightblue 

and cyan is shown in figure 13. 

The results were produced using STRING database. Enrichment results for Cyan 

module from EnrichNet are shown in table 13. The set of genes that were used for 

enrichment were 125 for Cyan and 110 for Mid night blue module. To find if there 

are any common genes that are enriched among different pathways, KEGG human 

disease terms option in ClueGO were used for both modules genes. 
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Figure 13: Visualization of Mid night blue and Cyan module in GSE76262 data set. These results were generated 
by minimum interaction score equal to medium confidence (0.400) only experimental validated results were 
selected. 

Annotation (pathway/process) XD-score Fisher q-value Overlap  

hsa04672: Intestinal immune network for IgA 
production 

0.649937617 1 3 
hsa04614: Renin-angiotensin system 0.520207887 1 1 

hsa00670: One carbon pool by folate 0.449619652 1 1 
hsa05310: Asthma 0.393892098 1 1 
hsa03050: Proteasome 0.381746349 1 2 

hsa03420: Nucleotide excision repair 0.338812539 1 2 
hsa00512: O-Glycan biosynthesis 0.329298797 1 1 

hsa03430: Mismatch repair 0.311512235 1 1 
hsa05144: Malaria 0.303186611 1 2 

Table 13: Table only shows top nine KEGG pathways enriched in Cyan module of GSE76262 data set. A more detail 
list is given in table A1 of appendix A. 

Common genes were only found between different pathways for Mid night blue 

module but there was gene associated with pathway terms for Cyan module. The 

results are presented in figure 14. 
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Figure 14: Enriched KEGG human diseases identified by ClueGO for Mid night blue Module. The size of the node 
shows the significant of the term. IL1A and IFNG genes were found to be shared by two different diseases. Bars 
represents the number of genes associated to each disease. 

Also, functionally enriched KEGG pathways in Mid night blue module are presented 

in table A2 of appendix A. 

5 Discussion 

The current study is focused on the use of MODifieR package to analyze 

WGCNA method in combination with validation method PASCAL, to explore the 

effect of parameters setting for disease module identification in two heterogeneous 

data sets [45]. Thirty different combination of settings were applied for two 

parameters deepSplit and mergeCutHeight according to the guidelines suggested 

by Saelens et al. 2018. A single module has been generated with each setting as 

described in table 4. A total number of 30 modules were generated for each 

disease. Besides thirty different combination suggested by Saelaens et al. 2018, 

we also applied an optimal setting for both deepSplit and mergeCutHeight 

parameters which work better compared to the default settings on both data sets. 

Interestingly, the performance of the WGCNA method in inferring disease 

modules was very good for GSE4588 data set. PASCAL computed significant p-

values for all the modules (p-value < 0.05). The results are presented in figure 7(A) 

and 7(B). The modules sizes varied in case of arthritis disease, as shown in figure 
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7(B). The set of modules that were generated for asthma data set using all the 

thirty combination of parameters settings for deepSplit and mergeCutHeight were 

determined insignificant by PASCAL scoring. In addition, the modules size were 

very large and almost all modules were of same size, as shown in figure 8(A) and 

8(B). According to the results obtained for both diseases it is obvious that some 

methods could work best for specific dataset or specific disease but cannot 

performed competitively for another data set or disease. 

In case of arthritis disease, the performance of Pearson correlation was better 

compared to biweighted mid-correlation, as we can see from figure 7(A) and 7(B). 

Besides the performance, biweighted mid-correlation was first tested for arthritis 

disease, but its performance was poor and therefore it was not considered to be 

implement for arthritis disease. Using the biweight mid-correlation instead of 

Pearson correlation does not have any considerable effect on the generated 

modules in terms of significant p-value as well as sizes, as presented in figures 9(A) 

and 9(B) for GSE76262 data set. Although, it was more efficient than Pearson 

correlation in inferring disease modules. As shown in figure 8(A), all the modules 

are divided into two clusters in terms of PASCAL p-values. Figure 9(A) shows 

different clusters which means that biweight mid-correlation could produce better 

results in splitting the data into diverse modules using the same combination of 

parameters setting for deepSplit and mergeCutHeight used by Pearson correlation. 

The Jaccard similarities index measure between different modules for both data 

sets shows 100 percent similarity for most of the modules irrespective of what 

combination of parameters setting are applied for deepSplit and mergeCutHeight. 

The result for GSE4588 inferred modules are presented in table 9. Only a fraction 

of difference was found between some modules and that could be the reason why 

PASCAL assigned the same p-values to group of modules as we can see in figure 

7(A) for arthritis and figure 8(A) asthma respectively. 

Generate modules with manageable size for pathway enrichment analysis 

post-processing has been performed on module number 23 (Table.5) for arthritis 

and number 9 (Table. 6) for asthma. According to the results presented in table 6 

and table 6, two modules were found significant, brown module in case of asthma 
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and grey60 module in case of arthritis. The size of the brown (1799) module for 

asthma is still large in comparison with grey60 (289) for arthritis. The ClueGO 

results for genes associated with human diseases for grey60 module of arthritis 

disease predict five genes (ERCC5, ERCC4, POLH, ATP6 and ND4) which were 

shared between two different pathways, as presented in figure 12(A). ERCC5 and 

ATP6 have been studied to be involved in downregulation of mitochondrial 

dysfunction related to systemic lupus erythematosus (SLE) [52]. Four genes 

CALM1, CALM2, CALM3 and PIK3CB were enriched in three KEGG pathways, SIRT1, 

TGFBR1, PLK3, PRKAG1 and PCK2 were shared by two pathways. 

Four significant modules are generated using the optimal parameters setting 

that work better for both data sets. Mid night blue and Cyan module in asthma data 

set shows significant results in terms of pathways association, especially in the Mid 

night blue module two genes (IL1A, IFNG) were shared between two pathways as 

shown in figure 14. The association of both genes IL1A and IFNG with asthma have 

been experimentally demonstrated [53,54]. In case of arthritis, using the same 

optimal parameter settings generates interesting results for the brown module; 

gene SOCS3 (Suppressor of cytokine signaling 3) are shared between two diseases 

as shown in figure 11. The important role of SOCS3 has been experimentally 

demonstrated in the inflammatory responses of various bone cells and also in bone 

inflammatory disorders such as arthritis [53]. The modules generated with the 

optimal settings has significant p-values (< 0.05) also the modules size is smaller 

in comparison to the default settings is presented in table 7 and 8 respectively. 

The pathways enrichment analysis results for the significant modules validated 

by PASCAL shows the performance and accuracy of PASCAL and it could be used 

as a validation method. Although, calculating the p-values for arthritis (GWAS 

SNPs) disease was much slower in compassion with asthma data set. To calculate 

the p-values for 30 modules took 10 hours and 30 minutes for GSE4588 data set, 

and 2 hours and 34 minutes for GSE6262 data. Besides, PASCAL calculation was 

much faster for modules with low size in comparison with large modules. It took 

less than 5 minutes to calculate the p values for 9 modules of size less than 350 

genes and took 12 minutes for a single p value of module size 15334 genes. Of 

course, the performance would be much different by using high computing power. 
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All the calculation in our case were performed on a windows 7 machine, processor 

Intel(R) core(TM) i7-2720QM (2.20 Hz), memory (RAM) 24.0 GB. 

MODifieR package provides a more convenient way of using the functionality 

of different module detection methods. In the present study parameter tuning and 

post-processing of WGNCA modules was achieved with the implemented functions 

of MODifieR for WGCNA method which make the work flow more efficient, since it 

requires a lot of time to implement these functions. 

Pearson correlation perform best in results in compassion to biweight mid-

correlation for both data sets. 

One of the important outcome of this study was that the addition of post 

processing step to the work flow improve the performance of WGCNA method a lot 

in disease modules inference than the application of various parameter settings. 

5.1 Limitation and Future Work 

Only a limited set of parameter settings have been applied due to time 

constrains for mergCutHeight, more specifically the values in range 0.01 to 0.001. 

This range of settings, in combination with setting deepSplit = 4 generate modules 

with less genes in each module, that can be validated by PASCAL much faster 

compared to the large modules. Also, modules with small size could provide 

specific genes for pathways enrichment analysis and could lead to important 

biomarkers genes. Besides there are other parameters that could also be 

systematically evaluated in combination with deepSplit and mergCutHeight to 

generate more accurate and robust modules such as maxPoutliers, 

pamRespectsDendro and maxBlockSize. The setting of these three parameters in 

combination with deepSplit = 4 and mergeCutHeight = 0.001 was tested only for 

the single setting. It would be a good idea to tune them for a range of settings. 

In the present study only two diseases were used to test the performance of 

the WGCNA method. It would be a good idea to use multiple data sets and different 

diseases and systematically evaluate the effects of parameter settings in disease 

module identification. 
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Our analysis work flow for optimizing the parameters settings focuses on one 

validation method, which can be a constraint. It would give larger scientific impact 

to use several validation methods and perform comparison. 

The data sets used in this study have been already tested using the consensus 

based approach for inference of disease modules and it will be a good idea to 

perform a systematic comparison with the results of that approach which could 

explain more about the difference in results using WGCNA method [55]. 

5.2 Ethical aspects and the impact of the research on society 

Utilizing the publicly available genetic data for empirical research to improve 

the quality of methods for data analysis using the system medicine approach could 

raise some ethical questions regarding the principal source from where the data 

are derived such as patients and the robustness of the method itself. Different 

methods need certain parameters settings beforehand to detect important 

complexes in the genetic data for intense cluster (module) or disease module [51]. 

It is too early to say that these methods will be applied in the real clinical settings 

to diagnose diseases. Although, it could have dramatic effects on patient health if 

the methods are applied blindly without the proper testing for disease module 

identification to diagnose diseases. Also, the genetic data need be anonymized 

since it belongs to patients which contains sensitive information about the patient 

medical history. Both data sets used in this project are publicly available and are 

anonymized, therefore this does not apply to this research work. 

In order to diagnose complex diseases such as asthma or arthritis it is 

important to understand the underlying mechanism which derive these diseases. 

The perturbation in a group of genes in a PPI network leads to clusters (modules) 

that described disease phenotypes [51]. In order to find disease module that could 

accurately predict the disease it is very important to test the robustness of the 

method used for detection of the disease module. In this study our results differ for 

both data sets despite the fine-tuning of parameters for disease module inference. 

Due to the variation in results it is not possible to recommend this method to be 
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implemented in tools that can be used in clinical settings for disease diagnosis 

purpose. 

6 Conclusion 

To be able to draw any safe conclusions, we would need to perform more 

systematic comparison. Given the delimited test of parameter setting that has 

been performed, we can state that the results differ between different data sets 

and it is not possible to derive any clear pattern when it comes to the optimal 

setting that could perform best for both data sets. 

Although, the post-processing of inferred modules leads to some significant 

modules by splitting them. There is a possibility to lose some important genes 

using this procedure. Besides most standalone methods infer module on bases of 

specific feature in data, while heterogenous disease data are versatile in nature 

that require an algorithm to consider multiple features for disease module 

inference. On the other hand, the consensus base method could provide better 

results since they combine multiple methods for disease module inference which 

could overcome this limitation. 
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 Appendix A: Pathway Enrichment 

Table A1: Cyan asthma module EnrichNet top 20 pathway hits are shown. 

 

Annotation (pathway/process) XD-score Fisher q-value Gene set size Pathway size Overlap size

hsa04672:Intestinal immune network for IgA production 0.649937617 1 110 37 3

hsa04614:Renin-angiotensin system 0.520207887 1 110 15 1

hsa00670:One carbon pool by folate 0.449619652 1 110 17 1

hsa05310:Asthma 0.393892098 1 110 19 1

hsa03050:Proteasome 0.381746349 1 110 39 2

hsa03420:Nucleotide excision repair 0.338812539 1 110 43 2

hsa00512:O-Glycan biosynthesis 0.329298797 1 110 22 1

hsa03430:Mismatch repair 0.311512235 1 110 23 1

hsa05144:Malaria 0.303186611 1 110 47 2

hsa00601:Glycosphingolipid biosynthesis - lacto and neolacto series 0.295207887 1 110 24 1

hsa00030:Pentose phosphate pathway 0.266361734 1 110 26 1

hsa03020:RNA polymerase 0.253541221 1 110 27 1

hsa05210:Colorectal cancer 0.210530468 1 110 62 2

hsa00640:Propanoate metabolism 0.201457887 1 110 32 1

hsa03320:PPAR signaling pathway 0.197130964 1 110 65 2

hsa03022:Basal transcription factors 0.19293516 1 110 33 1

hsa05212:Pancreatic cancer 0.177350745 1 110 70 2

hsa05220:Chronic myeloid leukemia 0.173729014 1 110 71 2

hsa05219:Bladder cancer 0.150977118 1 110 39 1
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Table A2: Functionally enriched KEGG pathways identified by ClueGO in Mid night blue module of GSE76262 data 
set. 

 

 

GOID GOTerm P-Value Nr. Genes Associated Genes Found

KEGG:04612 Antigen processing and presentation 0.03 6.00 [B2M, CD8A, HLA-F, IFNG, KLRD1, TAP1]

KEGG:05200 Pathways in cancer 0.05 17.00 [BID, CKS1B, ETS1, GSTM2, IFNG, IL2RB, IL6, JAG1, LAMB3, NFKB1, NFKB2, NFKBIA, PML, RASSF1, RELA, STAT4, TRAF1]

KEGG:05202 Transcriptional misregulation in cancer 0.00 13.00 [BCL11B, ETV7, GZMB, IL2RB, IL6, NFKB1, NFKBIZ, NSD2, PER2, PML, RELA, TCF3, TRAF1]

KEGG:04640 Hematopoietic cell lineage 0.02 7.00 [CD38, CD3E, CD8A, IL1A, IL1B, IL6, MS4A1]

KEGG:04650 Natural killer cell mediated cytotoxicity 0.00 9.00 [BID, CD48, GZMB, ICAM1, IFNG, KLRD1, KLRK1, LCK, PRF1]

KEGG:04064 NF-kappa B signaling pathway 0.00 10.00 [ICAM1, IL1B, LCK, NFKB1, NFKB2, NFKBIA, RELA, TNFAIP3, TRAF1, UBE2I]

KEGG:04380 Osteoclast differentiation 0.00 9.00 [IFNG, IL1A, IL1B, LCK, LILRA3, NFKB1, NFKB2, NFKBIA, RELA]

KEGG:04620 Toll-like receptor signaling pathway 0.02 7.00 [IL1B, IL6, IRF7, NFKB1, NFKBIA, RELA, TBK1]

KEGG:04621 NOD-like receptor signaling pathway 0.00 11.00 [DHX33, IL1B, IL6, IRF7, NFKB1, NFKBIA, NLRC4, RELA, TANK, TBK1, TNFAIP3]

KEGG:04622 RIG-I-like receptor signaling pathway 0.02 6.00 [IRF7, NFKB1, NFKBIA, RELA, TANK, TBK1]

KEGG:04623 Cytosolic DNA-sensing pathway 0.00 8.00 [IL1B, IL6, IRF7, NFKB1, NFKBIA, RELA, TBK1, ZBP1]

KEGG:04625 C-type lectin receptor signaling pathway 0.00 8.00 [CLEC4E, IL1B, IL6, IRF1, NFKB1, NFKB2, NFKBIA, RELA]

KEGG:04657 IL-17 signaling pathway 0.00 10.00 [CCL20, CCL7, IFNG, IL1B, IL6, NFKB1, NFKBIA, RELA, TBK1, TNFAIP3]

KEGG:04658 Th1 and Th2 cell differentiation 0.00 10.00 [CD3E, IFNG, IL2RB, JAG1, LCK, NFKB1, NFKBIA, NFKBIE, RELA, STAT4]

KEGG:04659 Th17 cell differentiation 0.00 11.00 [CD3E, IFNG, IL1B, IL21R, IL2RB, IL6, LCK, NFKB1, NFKBIA, NFKBIE, RELA]

KEGG:04660 T cell receptor signaling pathway 0.00 10.00 [CD3E, CD8A, CTLA4, IFNG, ITK, LCK, NFKB1, NFKBIA, NFKBIE, RELA]

KEGG:04668 TNF signaling pathway 0.00 11.00 [CCL20, ICAM1, IL1B, IL6, IRF1, JAG1, NFKB1, NFKBIA, RELA, TNFAIP3, TRAF1]

KEGG:04940 Type I diabetes mellitus 0.00 6.00 [GZMB, HLA-F, IFNG, IL1A, IL1B, PRF1]

KEGG:05132 Salmonella infection 0.01 7.00 [IFNG, IL1A, IL1B, IL6, NFKB1, NLRC4, RELA]

KEGG:05133 Pertussis 0.03 6.00 [IL1A, IL1B, IL6, IRF1, NFKB1, RELA]

KEGG:05134 Legionellosis 0.00 7.00 [IL1B, IL6, NFKB1, NFKB2, NFKBIA, NLRC4, RELA]

KEGG:05140 Leishmaniasis 0.02 6.00 [IFNG, IL1A, IL1B, NFKB1, NFKBIA, RELA]

KEGG:05142 Chagas disease (American trypanosomiasis) 0.02 7.00 [CD3E, IFNG, IL1B, IL6, NFKB1, NFKBIA, RELA]

KEGG:05143 African trypanosomiasis 0.01 5.00 [ICAM1, IDO1, IFNG, IL1B, IL6]

KEGG:05144 Malaria 0.02 5.00 [ICAM1, IFNG, IL1B, IL6, KLRK1]

KEGG:05145 Toxoplasmosis 0.03 7.00 [CCR5, IFNG, LAMB3, LDLR, NFKB1, NFKBIA, RELA]

KEGG:05152 Tuberculosis 0.03 9.00 [BID, CLEC4E, CYP27B1, IFNG, IL1A, IL1B, IL6, NFKB1, RELA]

KEGG:05160 Hepatitis C 0.05 8.00 [BID, IFNG, IRF7, LDLR, NFKB1, NFKBIA, RELA, TBK1]

KEGG:05162 Measles 0.00 12.00 [CD3E, IFNG, IL1A, IL1B, IL2RB, IL6, IRF7, NFKB1, NFKBIA, RELA, TBK1, TNFAIP3]

KEGG:05163 Human cytomegalovirus infection 0.01 11.00 [B2M, BID, CCR5, HLA-F, IL1B, IL6, NFKB1, NFKBIA, RELA, TAP1, TBK1]

KEGG:05164 Influenza A 0.00 11.00 [ICAM1, IFNG, IL1A, IL1B, IL6, IRF7, NFKB1, NFKBIA, PML, RELA, TBK1]

KEGG:05166 Human T-cell leukemia virus 1 infection 0.00 13.00 [B2M, CD3E, ETS1, HLA-F, ICAM1, IL2RB, IL6, LCK, NFKB1, NFKB2, NFKBIA, RELA, TCF3]

KEGG:05167 Kaposi sarcoma-associated herpesvirus infection 0.01 10.00 [BID, CCR5, HLA-F, ICAM1, IL6, IRF7, NFKB1, NFKBIA, RELA, TBK1]

KEGG:05168 Herpes simplex infection 0.00 14.00 [HLA-F, IFNG, IL1B, IL6, IRF7, NECTIN2, NFKB1, NFKBIA, PER2, PML, RELA, TAP1, TBK1, TRAF1]

KEGG:05169 Epstein-Barr virus infection 0.00 15.00 [B2M, BID, CD3E, HLA-F, ICAM1, IL6, IRF7, NFKB1, NFKB2, NFKBIA, NFKBIE, RELA, TAP1, TBK1, TNFAIP3]

KEGG:05170 Human immunodeficiency virus 1 infection 0.03 10.00 [B2M, BID, CCR5, CD3E, HLA-F, NFKB1, NFKBIA, RELA, TAP1, TBK1]

KEGG:05321 Inflammatory bowel disease (IBD) 0.00 8.00 [IFNG, IL1A, IL1B, IL21R, IL6, NFKB1, RELA, STAT4]

KEGG:05323 Rheumatoid arthritis 0.01 7.00 [CCL20, CTLA4, ICAM1, IFNG, IL1A, IL1B, IL6]

KEGG:05332 Graft-versus-host disease 0.00 8.00 [GZMB, HLA-F, IFNG, IL1A, IL1B, IL6, KLRD1, PRF1]
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Table A3: Rheumatoid Arthritis Brown module EnrichNet results for only significant hits with overlap size ≥ 2. 

 

Annotation (pathway/process) XD-score Fisher q-value Overlap size

hsa03420:Nucleotide excision repair 0.727117559 0.212307239 4

hsa00410:beta-Alanine metabolism 0.708090075 1 2

hsa00280:Valine, leucine and isoleucine degradation 0.503544621 1 3

hsa04146:Peroxisome 0.498016365 0.212307239 5

hsa00640:Propanoate metabolism 0.452408257 1 2

hsa00051:Fructose and mannose metabolism 0.435362802 1 2

hsa03030:DNA replication 0.389908257 1 2

hsa04120:Ubiquitin mediated proteolysis 0.363592467 0.212307239 7

hsa00071:Fatty acid metabolism 0.328932647 1 2

hsa00480:Glutathione metabolism 0.298999166 1 2

hsa04930:Type II diabetes mellitus 0.281212605 1 2

hsa04971:Gastric acid secretion 0.270189947 1 3

hsa05144:Malaria 0.264908257 1 2

hsa04512:ECM-receptor interaction 0.215209462 1 3

hsa04210:Apoptosis 0.200253084 1 3

hsa04630:Jak-STAT signaling pathway 0.182116049 1 5

hsa05210:Colorectal cancer 0.180230838 1 2

hsa04920:Adipocytokine signaling pathway 0.158564973 1 2

hsa05146:Amoebiasis 0.154614139 1 3

hsa03320:PPAR signaling pathway 0.150777822 1 2

hsa04610:Complement and coagulation cascades 0.150777822 1 2

hsa04520:Adherens junction 0.139908257 1 2

hsa04662:B cell receptor signaling pathway 0.1331515 1 2

hsa00564:Glycerophospholipid metabolism 0.1331515 1 2

hsa04141:Protein processing in endoplasmic reticulum 0.11920762 1 4

hsa04350:TGF-beta signaling pathway 0.104193971 1 2

hsa04640:Hematopoietic cell lineage 0.096804809 1 2

hsa04010:MAPK signaling pathway 0.095231451 1 6

hsa04510:Focal adhesion 0.072649374 1 4

hsa04620:Toll-like receptor signaling pathway 0.068126079 1 2

hsa05142:Chagas disease 0.064665538 1 2

hsa04020:Calcium signaling pathway 0.045977621 1 3

hsa03040:Spliceosome 0.043754411 1 2

hsa04650:Natural killer cell mediated cytotoxicity 0.028369795 1 2

hsa04514:Cell adhesion molecules (CAMs) 0.027312837 1 2

hsa04910:Insulin signaling pathway 0.024236615 1 2

hsa04310:Wnt signaling pathway 0.009908257 1 2

hsa01100:Metabolic pathways 0.006251747 1 14

hsa00230:Purine metabolism 0.003832308 1 2

hsa05010:Alzheimer's disease 0.003115804 1 2

hsa05200:Pathways in cancer 0.001709499 1 4

hsa04060:Cytokine-cytokine receptor interaction -0.006643467 1 3

hsa04144:Endocytosis -0.017308238 1 2

hsa04080:Neuroactive ligand-receptor interaction -0.043177245 1 2


