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ABSTRACT 

It is currently understood that diseases are typically not caused by rogue errors in genetics but have 
both molecular and environmental causes from myriad overlapping interactions within an 
interactome. Genetic errors, such as that seen by a single-nucleotide polymorphism can lead to a 
dysfunctional cell, which in turn can lead to systemic disruptions that result in disease phenotypes. 
Perturbations within the interactome, as can be caused by many such errors, can be organized into a 
pathophenotype, or “disease module”. Disease modules are sets of correlated variables that can 
represent many of a disease’s activities with subgraphs of nodes and edges. Many methods for 
inferring disease modules are available today, but the results each one yields is not only variable 
between methods but also across datasets and trial attempts. In this study, several such inference 
methods for deriving disease modules are evaluated by combining them to create “consensus” 
modules. The method of focus is Double-Specific Betweenness (S2B), which uses betweenness 
centrality across separate diseases to derive new modules. This study, however, uses S2B to combine 
the results of independent inference methods rather than separate diseases to derive new modules. 
Pre-processed asthma and arthritis data are compared using various combinations of inference 
methods. The performance of each result is validated using Pathway Scoring Algorithm. The results of 
this study suggest that combining methods of inference using MODifieR or S2B may be beneficial for 
deriving meaningful disease modules.
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1 INTRODUCTION 

1.1 Background 

Diseases have both genetic and environmental causes and are rarely caused by a single abnormality. 
Instead, they are the result of many overlapping molecular processes that occur within the 
interactome, which is the cellular network of all physical activities within a cell, including protein–
protein interactions (PPIs), regulatory protein-DNA interactions, metabolic interactions, among others 
[1]. There is increasing evidence that proteins associated with a disease interact in distinct ways within 
an interactome. An error in genetic coding, which can be caused by a single-nucleotide polymorphism 
(SNP), can lead to a dysfunctional protein. And, under specific circumstances, this can lead to functional 
interruptions within an otherwise healthy cell. 

Relationships among genetic abnormalities can be organized into sets of subgraphs, or modules, which 
are collections of correlated variables. For instance, a lone SNP can be situated within a module of 
interacting molecules that compose a so-called disease module, which Menche et al. describes as “a 
connected subgraph that contains all molecular determinants of a disease” [2–4]. 

One influential topological analyses in this area was the 2001 protein–protein interaction study of 
Saccharomyces cerevisiae, which concluded that proteins with the most connections are also the most 
vital. In addition, functional pathways of diseases that share physical characteristics are likely to have 
similar disease modules [5]. And profiling such modules has become an effective tool for researchers 
attempting to understand both a disease’s genetics and the overall system in which it functions [6, 7]. 

The underlying message is that disease-associated genes interact in cellular networks and related 
diseases have interacting modules. Nodes represent genes, and they share a connection if they are co-
expressed in separate samples. Researchers can therefore explore overlapping modules to find 
functional correlations between diseases. 

Specifically, biomolecular networks can be graphed by setting nodes as genes and edges as interactions 
between genes. This can be taken one step further by observing how two disease modules interact 
with each other. Modules with similar functional pathways have been shown to not only be 
phenotypically similar and comorbid but also to echo similar co-expression patterns of their underlying 
genes [8–10]. It has further been shown by Menche et al. that non-overlapping modules lack these 
pathological relationships. 

Identifying co-expression networks using pairwise correlations is currently an acceptable method for 
finding genes of interest [11]. More recently, this concept was applied to the field of pathology to help 
researchers better understand disease topology [12]. 

There are many publicly available tools and methods for deriving disease modules, identifying hub 
genes, and scoring pathways, but there seem to be few, if any, methods of establishing network 
overlap between disease modules. As a result, Garcia et al. proposed a new method called Double-
Specific Betweenness (S2B), which, instead of identifying shortest pathways within a module, identifies 
shortest pathways between modules. Their reported results demonstrated that S2B can be applied to 
network modules of varying types, such as functional modules and context-specific subnetworks. The 
authors applied S2B to two disease modules of similar phenotypical pathologies (Amyotrophic Lateral 
Sclerosis and Spinal Muscular Atrophy) to create a subnetwork of interacting genes, or what they call 
a “candidate interaction network”. They concluded that S2B was effective at identifying common gene 
candidates across separate diseases [10]. 
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1.2 Research Question 

Assuming disease genes interact within networks, it is likely that various disease modules that have 
been created from different methods also overlap, especially if the modules are derived from 
phenotypically similar diseases. All methods for deriving disease modules have specific shortcomings, 
but by combining many methods, it may be possible to compensate for individual deficiencies, which 
could lead to more accurate network predictions. 

Double-specific betweenness (S2B) can identify genes that two or more diseases have in common, but 
this proposal instead suggests using S2B to identify network overlap between two or more methods of 
inferring disease modules. Therefore, the focus of this study is to evaluate whether combining multiple 
methods of identifying disease modules using S2B is more beneficial than using stand-alone inference 
methods. 

1.3 Objectives 

This study outlines an approach to evaluate S2B’s ability to derive consensus modules from stand-
alone methods. The results are then compared to consensus modules of overlapping genes as well as 
three stand-alone methods. To this end, there are three primary objectives: 

1. Evaluate the notion that using multiple methods (e.g., by creating consensus modules) for 
identifying disease modules is more beneficial than using stand-alone methods. 

2. Evaluate S2B as a method of creating consensus modules and compare its results with stand-
alone methods. 

3. Compare S2B consensus modules with MODifieR consensus modules. 

2 MATERIALS AND METHODS 

2.1 Materials 

2.1.1 Programs 

All data processing for this study was executed on a Dell XPS 9560 (2.80 GHz Intel i7-7700HQ processor 
with 16GB of RAM) running Windows 10 (x64 build 1809). The essential programs and packages used 
in this study included the following: 

1. R (v.3.4.3) 
2. RStudio (v.1.1.463) 
3. R package MODifieR (v.0.1.1) 
4. R package S2B (v.0.0.0.9000) 
5. Pathway Scoring Algorithm (Pascal, version unspecified) 
6. FunRich (v.3.1.3) 
7. Cytoscape (v.3.7.1) 
8. Cytoscape plug-in ClueGO (v.2.5.3) 

The primary analysis was carried out using R version 3.4.3, configured and executed in RStudio. 
MODifieR served to moderate execution of the disease inference methods MCODE, DIAMOnD, and 
WGCNA. The MODifieR package is available from GitHub (ddeweerd/MODifieRDev). For each package, 
the default values set by MODifieR were assumed. 

S2B infers modules between diseases and was the package of focus for this study. It will be discussed 
in detail in subsection 2.1.2.4. 
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Pascal was used to validate the inferred modules. Pascal is a Java-based program intended for OsX 
systems, and although running it on Windows is possible if the GCC compiler collection is installed, for 
ease-of-use Pascal was executed on Windows Subsystem for Linux (WSL) running Ubuntu 18.04.1 LTS. 

FunRich and Cytoscape/ClueGO were used for analysis and visualization purposes and will be discussed 
in subsection 2.1.3. 

2.1.2 Disease module inference methods 

This subsection provides a summary of the R packages and programs, along with a brief description of 
how they can be used to infer disease modules. The method of focus in this study is Double-Specific 
Betweenness (S2B), and it was compared against three fundamentally different methods: Molecular 
Complex Detection (MCODE), Disease Module Detection (DIAMOnD), and Weighted Gene Co-
expression Network Analysis (WGCNA), as well as with consensus modules created by MODifieR. 

2.1.2.1 MCODE 

Molecular Complex Detection (MCODE) is a clique-based algorithm written in C by ProNet that detects 
densely connected regions of protein–protein interaction (PPI) networks [13]. It allows fine control of 
clusters without having to consider the rest of the network, so protein–protein interactions can be 
found simply by considering connectivity data. 

MCODE uses its own PPI database to construct its networks. The package uses density-based vertex 
weighting to identify high-scoring nodes, and then it uses those nodes as seeds to identify subgraphs. 
The input is a list of differentially expressed genes (DEGs) and a protein–protein interaction (PPI) 
network. The output is a list of Entrez genes. Default parameters (as defined by MODifieR) were used: 
vertex weight percentage = 0.5, haircut = TRUE, fluff = FALSE, cluster density cutoff = 0.8. 

2.1.2.2 DIAMOnD 

DIseAse MOdule Detection (DIAMOnD) is a seed-based Python script by Ghiassian et al. [1]. It ranks 
proteins using a random walk according to a subset of genes (i.e., the seeds) that are already known 
to be associated with the disease in question. It finds protein connectivity patterns among the seeds, 
and then it iteratively adds nodes to create a disease module. 

In contrast to MCODE, which focuses on node density, DIAMOnD instead focuses on node connectivity. 
DIAMOnD’s authors argue that “connectivity significance” is the most important aspect of identifying 
disease-associated proteins. 

The inputs are a list of DEGs and a PPI network. It works by identifying connections (i.e., interactions) 
between the DEGs and the proteins. The output is a list of 200 Entrez genes. Default parameters (as 
defined by MODifieR) were used: weight = 1, number of output genes = 200. 

2.1.2.3 WGCNA 

Weighted Gene Co-expression Network Analysis (WGCNA) is an agglomerative hierarchical clustering 
R package by Langfelder et al. [11]. It contains a catalog of tools for evaluating microarray data, 
including gene expression, proteomics, and myriad molecular processes within an interactome. It is 
also capable of inferring large biological networks to create disease clusters (modules) and identify hub 
genes. It can identify correlations among genes and evaluate pairwise correlations between genes and 
their associated p-values according to a group-wise comparison of known disease samples and 
controls. 

Unlike MCODE and DIAMOnD, WGCNA does not use a PPI network as an input, so it relies on group 
indices to find correlations. WGCNA can analyze thousands of genes and identify candidate genes and 
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molecular processes by creating a dendrogram that it iteratively trims branch-by-branch. Through this 
dynamic process, the algorithm consolidates the correlated genes into a select number of biologically 
relevant “eigengenes”. Such eigengenes provide clues about the relative distances among nodes 
within a module, which, when combined with ontological information, can produce a meaningful 
expression profile [11, 14]. The output is a list of Entrez genes. WGCNA’s default values (as defined by 
MODifieR) were used: minModuleSize = 30, deepSplit = 2, pamRespectDendro = FALSE, 
mergeCutHeight = 0.1, pval_cutoff = 0.05. 

2.1.2.4 S2B 

S2B is an R package by Garcia et al., and its underlying algorithm is intended to identify genes that 
overlap between two diseases [10]. S2B scores genes according to its own betweenness centrality 
algorithm. It identifies genes that two or more diseases have in common and prioritizes nodes based 
on the shortest paths of interacting genes from those diseases. 

S2B is based on at least two assumptions: 

1. Phenotypically similar diseases use similar functional pathways [4]. 
2. Disease modules from phenotypically similar diseases likely overlap [9]. 

From these assumptions, the authors surmised that proteins encoded by the same gene in both 
disease modules are likely to exist between proteins that have interacting paths. Their algorithm 
therefore attempts to identify and score proteins based on distances between nodes of a given pair of 
modules. To this aim, S2B uses a version of betweenness centrality that counts “how many times a 
node is involved in a shortest path” between modules. It is a comparable approach to a method 
proposed by Slonim et al., where PPI data was used to identify disease “mediator pathways” (e.g., 
signaling pathways) between healthy tissue samples and diseased tissue samples [15]. 

Slonim et al. focused on finding connections between disease genes and DEGs. They refer to their 
method as “pathway centrality”, and it combines betweenness with group centrality. In this context, 
“betweenness” means they counted the shortest pathways among all node pairs and scored a given 
node based on how many connections passed through it. The authors then calculated “group 
centrality” by averaging the betweenness scores of node sets. In short, “pathway centrality” is the 
average of node (gene) scores for a particular pathway. 

Instead of comparing healthy tissue samples with diseased tissue samples, S2B uses a modified version 
of Slonim et al. that identifies common nodes across two separate diseases, which they call “cross-
disease genes”. 

In this study, the diseases (asthma and arthritis) were independent variables, and the methods (i.e., 
DIAMOnD, MCODE, WGCNA) of deriving disease modules were dependent variables. S2B takes as 
inputs two sets of seed nodes (index1 and index2) and an igraph data frame (seed_graph) of the 
relevant network (i.e., the PPI network). The package includes the following functions: 

 simpmain (input: seed_graph): an igraph object that extracts the main network components; 
it also removes self-loops and multiple edges. 

 seedrows (inputs: vectors index1 and index2, which contain node identifiers): checks if seeds 
from each index are part of the network node list. 

 S2B (inputs: seed_graph, index1, index2, nrep1, nrep2): applies the S2B function to the data; 
the last two inputs (nrep1 and nrep2) are user-defined limits of the seed and network 
randomizations, which estimate the specificity of S2B scores. 

The primary equation for calculating the likelihood that overlapping subgraphs will share a set of nodes 
is shown in Equation 1. It assumes there are two overlapping subgraphs, and the only information 
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provided is a set of seed genes from each graph. The primary purpose of the S2B function is to derive 
a fraction of shortest paths that link a node from one subgraph to a node from a separate subgraph. 

 
 (Image source: Garcia et al.) 

Equation 1. S2B score equation. This is the equation for calculating the Double-Specific Betweenness score, 
where k is a node, G is an undirected graph with overlapping subgraphs, and a and b are seeds (subsets) from 
each subgraph. sp(k, i, j, G) is a function whose value is 1 if the node (k), within a shortest path, exists between 
nodes i and j. t(i, j, G) is a function whose value is 1 if the shortest path length between nodes i and j is less than 
or equal to the average shortest path of the undirected graph (G) [10]. 

It is important to note from Equation 1 that, before applying the S2B function, seed nodes a and b are 
discarded. The reason for this is that those nodes are already assumed to be part of the overlapping 
region between two given subgraphs. 

The outputs of interest from S2B are a list of Entrez genes with accompanying S2B scores. The list is 
then filtered according to an empirically derived threshold. The theoretical scale of the S2B score is a 
value between 0 and 1, and the threshold for highly connected paths is 0.002365931. This threshold 
marks the separation of the distribution along the entire network. 

2.1.3 Validation and analysis programs 

Each inferred module was validated with Pascal using Genome-Wide Association Study (GWAS) single 
nucleotide polymorphism (SNP) p-values. Visualizations were created separately using FunRich and 
ClueGO to help interpret the results and identify pathway relationships among module genes [16, 17]. 
FunRich, a network analysis tool, was used to create Venn diagrams that show how the disease 
modules overlapped, and ClueGO, a functional enrichment plug-in for Cytoscape, was used to create 
subnetworks of KEGG (Kyoto Encyclopedia of Genes and Genomes) disease pathways [18]. 

2.1.3.1 Pascal 

In the absence of an ideal validation benchmark, the modules created in this study were evaluated 
with Pascal Scoring Algorithm (Pascal), a Java-based gene and pathway analysis tool that does not 
require access to primary genotype data. It computes gene-pathway scores using GWAS SNP p-values. 
It then delivers one “meta p-value” for each module. Pascal was chosen because, unlike other 
methods, it does not require Monte Carlo simulations, nor does it rely on arbitrary threshold 
parameters, so data-processing time is reduced overall [19]. 

2.1.3.2 FunRich 

FunRich is a stand-alone functional enrichment and network analysis program by Pathan et al. [16]. It 
can be used to analyze various types of omics data from many supported databases, but it also 
supports manually uploaded data (e.g., a disease gene list of Entrez IDs), which can then be used to 
create scalable Venn diagrams of relative disease module size and overlapping genes. 

2.1.3.3 ClueGO 

ClueGO is a Cytoscape plug-in developed by Bindea et al., which combines pathways from KEGG and 
BioCarta with Gene Ontology (GO) terms to identify connections between diseases and the disease 
module genes [17]. ClueGO can generate a manipulatable visual network of functionally grouped, 
experimentally co-expressed genes. 
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2.1.4 Datasets 

The datasets used are summarized here. All objects, PPI networks, and GWAS files were pre-processed 
and supplied by Weerd 2017 [20]. The 2017 study included 32 normalized, log-transformed datasets 
from 16 diseases, but only two datasets were used in this study: asthma and arthritis. 

Asthma GEO dataset: GSE76262 (139 microarray samples: 118 asthma, 21 controls) 
PPI: v_7_1_entrez_700.csv (64,672 protein interactions, Weerd 2017) 
GWAS: input_gabriel_pran.txt (asthma-specific curated GWAS data, Weerd 2017) 

Arthritis GEO dataset: GSE4588 (49 microarray samples: 15 RA/15 SLE, 19 controls) 
PPI: v_7_1_entrez_700.csv (64,672 protein interactions, Weerd 2017) 
GWAS: EUR.Okada2014.RA_GWASmeta_v2.txt (arthritis-specific curated GWAS data, Weerd 2017) 

The objects are microarray data frames, and the PPI network is a data frame of associated phenotypes 
for the samples—it contains just three columns of data: Reference SNP (RS) identifiers, RS numbers 
that the Reference RSs are connected to, and associated p-values. The GWAS files contain RS identifiers 
(SNP identifiers and associated p-values). Additional information about the input files can be found in 
Weerd 2017. 

2.2 Methods 

2.2.1 Overview 

Modules inferred from each stand-alone method (DIAMOnD, MCODE, WGCNA) served as inputs for 
S2B, which was then used to create additional consensus modules for comparison. The following is a 
general overview of the method (Figure 1), descriptions of each tool (Subsection 2.1.2), and a flowchart 
of the data pipeline (Figure 2). 

Validation was inherently difficult in this study because disease modules are largely incomplete today, 
so there is no universally accepted standard to adopt. This is particularly problematic because 
measures of sensitivity and specificity cannot be derived. In the absence of an ideal standard, 
benchmark validation for this study was carried out using Pascal [19].
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Summarized here is the method’s general order: 

1. Create a consensus module using three methods: clique-based (MCODE), seed-based 
(DIAMOnD), and hierarchical (WGCNA). 

2. Create a second consensus module in S2B using combinations of disease modules from 
MCODE, DIAMOnD, and WGCNA as inputs. 

3. Evaluate the results from 1 and 2 for functional enrichment using Pascal. 

 

Figure 1. Overview of study method. On the left-hand side, stand-alone methods were generated and combined 
into MODifieR consensus modules (overlapping regions). Modules created with the stand-alone methods were 
also used as inputs for S2B. Both stand-alone disease modules and consensus modules were validated using 
enrichment of GWAS SNP p-values using Pascal. S2B modules were combined and then recombined to create 
modules that comprise DIAMOnD, MCODE, and WGCNA. 

Initially, MCODE and DIAMOnD were used to establish a data-processing pipeline and become familiar 
with both input and output data sources. A consensus module was created from them by identifying a 
subgraph of overlapping nodes. This process was then repeated using MCODE and DIAMOnD modules 
as inputs for S2B. Garcia et al. compared pairs of modules, but in this study combinations of both two- 
and three-inference modules were derived [10]. 

Before using S2B, control datasets supplied by the authors were tested to confirm S2B was functioning 
properly. The R package for S2B is available from GitHub (frpinto/S2B), and there are testable datasets 
available from OMIM (omim.org). 

An RDS object (e.g., GSE76262_asthma_sputum_SA.rds) was loaded into the R environment. The 
object contains a data frame with the following: 

 diff_genes: a data frame of lists, including genes (Entrez IDs), p-values, an annotated 
expression matrix, and a list of DIAMOnD genes 

 annotation_table: a data frame of lists, including probe IDs, probe symbols, and Entrez IDs 
 group_indicii: an index of controls and patients 
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Both MCODE and DIAMOnD require loading of a protein-protein interaction (PPI) network in addition 
to an RDS object. The PPI is a comma-separated (.csv) file that contains the following: 

 entrez1: a list of Entrez identifiers for the network (connections to entrez2) 
 entrez2: a list of Entrez identifiers for the network (connections to entrez1) 
 SCORE: a weighted score of each connection (value range: 700–1,000) 

The output from each method is a disease module that contains a data frame of lists, including 
“module_genes”, which are the significant genes identified by each method. Lists of genes from each 
module were then written to a text file, which were later evaluated for enrichment of GWAS SNPs 
using Pascal. The module gene lists served as inputs for S2B in the next step. 

The format of the initial PPI network (.csv) needed to be converted into an igraph data frame using the 
function igraph::graph.data.frame. The S2B function simpmain was then executed on the igraph data 
frame to remove any loops and redundant edges. 

Lists of module genes (from the derived outputs of MCODE, DIAMOnD, and WGCNA) were then 
assigned to temporary lists called “geneset1” and “geneset2”. The simpmain function was then 
executed on these temporary lists to produce the module inputs index1 and index2. The number of 
randomizations were defined using the parameters nrep and nrep2, which returned specificity 
scores—the default for both parameters was 100, but significant results were found just by leaving 
these set to 1, which reduced the overall computation time and had no discernible effect on the 
output. S2B was then called in RStudio accordingly: 

S2B::S2B(seed_graph, index1, index2, nrep, nrep2) 

The output was a new S2B consensus module. Subsequent combinations of modules were tested: 

1. DIAMOnD/MCODE 
2. MCODE/WGCNA 
3. WGCNA/DIAMOnD 

Each module was then validated by Pascal (Tables 1–2). 

Additionally, consensus modules based on the stand-alone modules were created. MODifieR includes 
a function for combining stand-alone modules just by taking an overlap of WGCNA, MCODE, and 
DIAMOnD. The MODifieR function is called create_consensus_list, and it provides several useful ways 
of assessing similarities and differences among disease modules. For example, it can provide a simple 
side-by-side comparison of modules and return a comprehensive list of overlapping genes. 

Modules outputted to S2B were recombined with stand-alone modules using three permutations: 

1. DIAMOnD/MCODE + WGCNA 
2. MCODE/WGCNA + DIAMOnD 
3. WGCNA/DIAMOnD + MCODE 
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Figure 2. Overview of data pipeline. Data processing begins with two inputs, an RDS file (R object) and a protein–
protein interaction (PPI) network, which are used to infer modules using the stand-alone methods. The RDS 
object is a data frame that contains, among other things, differentially expressed genes, Entrez IDs, an annotation 
table, and group indices (controls and patients). The PPI network contains connected Entrez IDs and their 
associated scores. The resulting stand-alone modules are used as inputs for both the MODifieR consensus 
modules as well as the S2B consensus modules. All modules are then validated using Pascal (via GWAS SNP p-
values) and analyzed using FunRich (Venn diagrams) and ClueGO (KEGG functional path enrichment). 

2.2.2 Validation 

Upon validation with Pascal, the program delivers a single “meta p-value” for each module. The results 
were collected and compared (Tables 1–2 and Figure 3). FunRich was then used to visualize and loosely 
quantify gene overlap of the modules. 

To aid in identifying significant pathways among the genes identified in the disease modules, 
visualizations of the networks were generated using ClueGO [21], which uses GO terms and 
KEGG/BioCarta pathways to explore unique Gene Ontology information, particularly cellular and 
molecular processes [18, 22]. 

ClueGO takes as input a single column of Entrez IDs. The terms can be analyzed and filtered according 
to many ontological sources, but KEGG pathways were used for this study. Identical terms can be 

MODifieR module inference 
stand-alone methods: 

 
clique-based: MCODE 
seed-based: DIAMOnD 
hierarchical: WGCNA 

Derive consensus 
modules using MODifieR 

Derive consensus 
modules using S2B 

Raw inputs: 
 

DEG data frame R object (.rds) 
 PIP network file (.csv) 

Validation/Analysis: 
 

Pascal: GWAS SNP 
FunRich: Venn diagrams 

ClueGO: functional enrichment 
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combined to reduce redundant outputs. ClueGO also provides significance measures in the form of p-
values, which will be discussed in a later subsection. 

CluePedia provided additional functionality to the ClueGO plug-in by revealing relationships among 
genes, proteins, and miRNA enrichment. 

3 RESULTS AND ANALYSIS 

For subsection 3.1, refer to Tables 1–2 and Figures 3–4. 

3.1 Results of Inference Methods 
3.1.1 Stand-alone methods (DIAMOnD, MCODE, and WGCNA) 
The stand-alone methods that yielded the most significant meta p-values were those that used the 
protein–protein interaction (PPI) network. The asthma dataset yielded no significant results for any 
stand-alone method. As can be seen in Tables 1–2 and Figure 3, however, both MCODE and DIAMOnD 
produced significant modules for the arthritis dataset (p-value < 0.002 and p-value < 0.004, 
respectively). 

WGCNA produced the single largest module at 15,279 genes from the asthma dataset, which was a 
factor of five larger than the next largest module (MCODE–asthma at 2,851 genes). WGCNA yielded 
only trending results for both asthma and arthritis (p-value < 0.9 and p < 0.06, respectively). 

(For a brief discussion about how module size affects processing time, see Appendix A) 

3.1.2 MODifieR consensus method 
Note that in Figures 3–4, MODifieR consensus modules are represented by a square and labeled 
“DIAMOnD/MCODE/WGCNA”. 

MODifieR consensus modules generally yielded more significant results than either DIAMOnD or 
WGCNA stand-alone methods for both asthma and arthritis datasets (p-value < 0.2 and p-value < 0.003, 
respectively). This method, however, did not outperform MCODE for either dataset (MCODE asthma 
p-value < 0.1, MCODE arthritis p-value < 0.002). 

3.1.3 S2B consensus methods 
All results from this strategy were more significant than the MODifieR consensus method or any of the 
stand-alone methods. Meta p-values ranged from between < 0.01 and < 0.08 for asthma and between 
< 0.0003 and < 0.003 for arthritis. 

The first set of S2B consensus modules used in this study combined just two stand-alone methods, for 
example WGCNA combined with MCODE, so the order was irrelevant. But when combining all three 
stand-alone methods into a single S2B module, the order in which stand-alone methods were 
combined (i.e., permutation) affected the outcome. For the asthma dataset, the most significant result 
(“S2B-WGCNA/MCODE+DIAMOnD”, p-value < 0.01) was obtained by first combining WGCNA with 
MCODE and then re-combining this module with the stand-alone DIAMOnD module. 

For the arthritis dataset, the most significant module combination was obtained by using only two 
modules as inputs, DIAMOnD and MCODE (“S2B-DIAMOnD/MCODE”, p-value < 0.0003). 

3.1.4 Summary of Inference Methods 
For both the asthma and arthritis datasets, the stand-alone method that yielded the most significant 
Pascal meta p-values was MCODE, whereas the least significant results came from WGCNA. 
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Combining modules using MODifieR’s consensus functions is based solely on regions of overlapping 
genes, so the order in which modules were combined was irrelevant. This method delivered better 
results than DIAMOnD or WGCNA, but as noted in subsection 3.1.2, it did not outperform MCODE. 

Regardless of the order in which stand-alone modules were combined to make S2B modules, the S2B 
method yielded more significant results than either the MODifieR consensus method or any of the 
stand-alone methods. S2B consensus modules were not only uniformly sized (typically containing 700–
800 genes), which made them inherently easier than the larger modules to evaluate (with respect to 
Pascal’s computing time), but they also produced more significant results overall. 

The size of inferred disease modules varied considerably among methods but, except for WGCNA, the 
module size was typically between 200 and 2,000 genes. (Note again, however, that DIAMOnD’s 
default of 200 genes is user-defined.) The relative size of inferred modules is discussed further in Figure 
4, and visualizations of overlapping modules follows in Figures 5–10. 

Generally speaking, the arthritis dataset provided more consistent module sizes and more significant 
results than the asthma dataset, as reflected in the clustering patterns found in Figures 3–4. 
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Asthma Dataset Genes Log(Genes) P-value -Log(P-value) 
Stand-Alone Methods 
DIAMOnD asthma 200 2.30103 0.14703 0.83259 

MCODE asthma 2851 3.45500 0.09522 1.02127 

WGCNA asthma 15279 4.18409 0.89931 0.04609 

      

MODifieR Consensus Modules 

DIAMOnD/MCODE/WGCNA asthma 1741 3.21299 0.13744 0.86189 

      

S2B Consensus Modules (using two combined stand-alone modules) 

S2B-DIAMOnD/MCODE asthma 758 2.87967 0.02512 1.59998 

S2B-WGCNA/DIAMOnD asthma 740 2.86923 0.04216 1.37510 

S2B-WGCNA/MCODE asthma 756 2.87852 0.04933 1.30689 

      

S2B Consensus Modules (using three permutations of stand-alone modules) 

S2B-DIAMOnD/MCODE+WGCNA asthma 697 2.84323 0.07411 1.13012 

S2B-WGCNA/DIAMOnD+MCODE asthma 754 2.87737 0.05565 1.25453 

S2B-WGCNA/MCODE+DIAMOnD asthma 742 2.87040 0.00922 2.03527 

Table 1. Asthma results summary. Organized by method, reported here are the raw values for each asthma 
disease module. “Gene” represents the number of genes within each respective module, and the log-
transformed p-values and module size are reflected in Figures 3–4. 

 

Arthritis Dataset Genes Log(Genes) P-value -Log(P-value) 
Stand-Alone Methods 
DIAMOnD arthritis 200 2.30103 0.00366 2.43652 

MCODE arthritis 1909 3.28081 0.00162 2.79048 

WGCNA arthritis 1486 3.17202 0.05847 1.23307 

      

MODifieR Consensus Modules 

DIAMOnD/MCODE/WGCNA arthritis 366 2.55630 0.00204 2.69037 

      

S2B Consensus Modules (using two combined stand-alone modules) 

S2B-DIAMOnD/MCODE arthritis 713 2.85309 0.00020 3.70997 

S2B-WGCNA/DIAMOnD arthritis 715 2.85431 0.00024 3.61261 

S2B-WGCNA/MCODE arthritis 748 2.87390 0.00034 3.46344 

      

S2B Consensus Modules (using three permutations of stand-alone modules) 

S2B-DIAMOnD/MCODE+WGCNA arthritis 710 2.85126 0.00087 3.06048 

S2B-WGCNA/DIAMOnD+MCODE arthritis 739 2.86864 0.00116 2.93554 

S2B-WGCNA/MCODE+DIAMOnD arthritis 703 2.84696 0.000426 3.37059 

Table 2. Arthritis results summary. Organized by method, reported here are the raw values for each arthritis 
disease module. “Gene” represents the number of genes within each respective module, and the log-
transformed p-values and module size are reflected in Figures 3–4. 
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Figure 3. Log-transformed comparison of p-values, categorized by disease. S2B delivered consistently better 
meta p-values than either the MODifieR consensus modules (“DIAMOnD/MCODE/WGCNA”) or any of the stand-
alone methods. 

 

 

Figure 4. Log-transformed size of disease modules. The largest module was WGCNA (15,279 genes), whereas 
DIAMOnD delivered just the top 200 genes (user defined). The module size affected both processing time and 
the ability to extract meaningful results. Also note the time to run Pascal. As noted previously, the 
“DIAMOnD/MCODE/WGCNA” modules (represented by a square) were created using MODifieR’s consensus 
function.
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3.2 Analysis 
3.2.1 Venn diagrams 
On the following pages are FunRich visualizations of genes that overlap among the modules. They are 
organized into two sets with three Venn diagrams apiece: 

1. Asthma: stand-alone/MODifieR consensus, S2B consensus (using 2 stand-alone 
methods), and S2B consensus (using 3 stand-alone methods) 

2. Arthritis: stand-alone/MODifieR consensus, S2B consensus (using 2 stand-alone 
methods), and S2B consensus (using 3 stand-alone methods). 

 

Figure 5: Asthma disease modules from DIAMOnD, MCODE, and WGCNA. Illustrated here are the relative sizes 
of each asthma module from the stand-alone methods. MODifieR consensus modules are represented by the 
overlapping regions between the stand-alone methods—in this figure, it is the sum of the four overlapping 
regions, or 1,741 genes. 
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Figure 6: Asthma gene overlap of S2B consensus modules containing two stand-alone methods each. As 
illustrated here and in the S2B modules in Figures 7, 9, and 10, the S2B modules were not only uniformly sized 
(between 700 and 800 genes each) but also shared more genes overall (649 genes) compared to the stand-alone 
and MODifieR consensus methods. 

 

Figure 7: Asthma gene overlap of S2B consensus modules containing three stand-alone methods each. These 
results are comparable to those in Figure 6, but the modules are relatively smaller, and the overlapping regions 
reflect this (618 genes). The p-values are comparable when combining either two or three methods. 
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Figure 8: Arthritis gene overlap of DIAMOnD, MCODE, and WGCNA. These modules were wildly different in size 
and shared just 4 genes among all three. MODifieR consensus modules are represented by the overlapping 
regions between the stand-alone methods—in this figure, it is the sum of the four overlapping regions, or 366 
genes. 

 

Figure 9: Arthritis gene overlap of S2B consensus modules containing two stand-alone methods each. Similar to 
the asthma results in Figure 6, the S2B modules here are uniform compared to the stand-alone methods and 
share 574 genes among them. 
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Figure 10: Arthritis gene overlap of S2B consensus modules containing three stand-alone methods each. These 
results are comparable to those in Figure 9, but the modules are relatively smaller, and the overlapping regions 
reflect this (570 genes). The p-values are comparable when combining either two or three S2B modules. 

3.2.2 Functional enrichment and gene ontology 

The following subsection refers to Figures 11–13. Please note that, due to inconsistent zoom settings 
within ClueGO/Cytoscape, circle sizes (which represent the number of genes) are comparable only to 
the other circles within the same figure and not to other figures (e.g., the circle sizes in Figure 11 are 
not comparable to those in Figure 12). For clarity, the approximate number of genes for each module 
is noted in the figure descriptions. 

Using ClueGO, a functional enrichment plug-in for Cytoscape, genes from one of the most significant 
asthma modules (“S2B-WGCNA/MCODE+DIAMOnD”) were used as an input for Figure 11. The 
resulting subnetwork notably illustrates a connection to gene IL-13 and the IL-17 signaling pathway, 
both of which have been shown to be associated with asthma [23]. The subgraph also suggests that 
there may be a single gene connection to atopic dermatitis, a skin disease that also has ties to immune 
system dysfunction. 

For consistency with respect to methodology, the same module permutation (i.e., “S2B-
WGCNA/MCODE+DIAMOnD”) was used from the arthritis dataset to construct the network in Figure 
12. It illustrates an associated gene connection found in the literature connecting rheumatoid arthritis 
and the gene CCL2, which also shows connections to both malaria and the TNF signaling pathway [24]. 

Finally, the same set of asthma module genes from Figure 11 was used as an input to create Figure 13. 
In addition to the IL-13–asthma connection noted in Figure 11, the network suggests that there may 
be a proximal relationship between asthma and rheumatoid arthritis through the same genes 
associated with allergic rhinitis. The IL-17 signaling pathway suggests again, as in Figure 11, that the IL-
17 pathway plays a part not just in asthma but also allergic rhinitis. 
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Figure 11. Circle size corresponds to gene count and color corresponds to significance [17]. Asthma and atopic 
dermatitis contain 5–10 genes (p-value > 0.1). Chemokine and Cytokine pathways contain 30+ genes (p-value 
0.0005–0.005), and the IL-17 pathway contains 20–30 genes (p-value 0.0005–0.005). Diseases and pathways are 
connected in the middle via single genes. IL-13, which is associated with asthma [23], shows connections to atopic 
dermatitis along with the IL-17, chemokine, and cytokine–cytokine signaling pathways. 

 

 

Figure 12. Circle size corresponds to gene count and color corresponds to significance [17]. Rheumatoid arthritis 
contains 10–20 genes (p-value 0.0005–0.005), and Malaria and African trypanosomiasis contain 5–10 genes (p-
value 0.005–0.05). All signaling pathways on the right contain 30+ genes (p-value 0.0005–0.005). Diseases and 
pathways are connected in the middle via single genes. Rheumatoid arthritis associated with CCL2, and seems to 
have a proximal relationship with Malaria through this gene [24]. The pathways are also connected to the 
signaling pathways TNF, fluid shear stress and atherosclerosis, and AGE-RAGE. 
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Figure 13. Circle size corresponds to gene count and color corresponds to significance [17]. Asthma contains 5–
10 genes (p-value > 0.1), Allergic rhinitis contains 5–10 genes (p-value 0.005–0.05), and Rheumatoid arthritis 
contains 10–20 genes (p-value 0.0005–0.005). The Chemokine signaling pathway contains 30+ genes and the IL-
17 pathway contains 20–30 genes (p-value 0.0005–0.005). Diseases and pathways are connected in the middle 
via single genes. There are proximal connections that show relationships between asthma and rheumatoid 
arthritis by way of allergic rhinitis [25]. 

4 DISCUSSION 

The purpose of this study was to evaluate how combining multiple inference methods for deriving 
disease modules could be used to explore complex biological processes, such as diseases. The number 
of interactions and variables to track even the simplest biological systems is daunting, but modern 
computing can assist researchers in disentangling them [7]. 

To understand pathophysiology, it is necessary to understand the complete interactome, which 
includes, but is not limited to, genetics and protein–protein interactions. How genes and proteins are 
connected and interact may provide many insights into how disease states arise, which can, in turn, 
inform evaluations of “normal” interactomes [2, 4]. It is first necessary, however, to accurately 
differentiate between a disease state and a normal state. One such method for doing so, discussed in 
this study, is through disease modules. There are many accepted algorithms for inferring such modules, 
but it is unclear if the results reflect realistic scenarios [26]. 

Stand-alone inference algorithms can produce wildly different results based on the type and size of 
the input data [27]. Results also vary wildly simply by how nodes and edges are scored. Even parameter 
settings can yield drastically different results within a single inference algorithm. This study looked at 
three fundamentally different methods of inferring modules, and it was proposed that combining them 
into so-called consensus modules might provide more significant disease modules [20]. 

Furthermore, many methods for deriving disease modules rely on arbitrary optimization parameters 
(e.g., scoring pathways) selected by the user to limit type-I and type-II errors across datasets. 
Algorithms are thus often tailored to their input data and inherently biased. This issue might be 
remedied, however, by using many methods in parallel because it has been demonstrated that 
combining methods tends to outperform stand-alone methods in terms of making accurate predictions 
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[27]. It has also been noted by Barabási et al. that disease genes often congregate on a network’s 
periphery, which is another reason to combine multiple inference methods to derive disease modules 
[6]. 

Regarding validation measures, Pascal was used to assess the significance of generated modules in this 
study [19]. But, as hinted elsewhere in this paper, there exist no truly comprehensive datasets and 
reliable controls, so it’s difficult to determine if purely in silico methods reflect realistic scenarios. But, 
by combining multiple datasets from many diseases, it may be possible to account for some of the 
inherent variability. 

The S2B algorithm, which is based on a specific type of betweenness centrality of diseases (see 
Subsection 2.1.2.4), was used to create consensus modules using two or more stand-alone inference 
methods [10]. The inference methods of DIAMOnD, MCODE, and WGCNA [1, 11, 13] were used as 
inputs, and it was shown that slightly more significant disease modules (as validated by Pascal) could 
be derived. The modules were also more uniformly sized, which allowed for more reasonable 
calculation times. 

Two datasets supplied by Weerd 2017 from the diseases asthma and arthritis were used to test the 
methods described. Results for the asthma dataset were most significant when a WGCNA/MCODE 
consensus module was recombined in S2B with a DIAMOnD stand-alone module (p < 0.01), and results 
for the arthritis dataset were most significant when a DIAMOnD stand-alone module was combined in 
S2B with an MCODE stand-alone module (p < 0.0005). Regardless of which combination of stand-alone 
methods were used as inputs for S2B, the results were more consistent than either the MODifieR 
consensus modules or any of the stand-alone methods. 

The WGCNA results were comparatively poor overall in the sense that they produced some of the 
largest modules with the lowest significance, which is consistent with findings from the Open 
Community Challenge of 2018 [27]. For example, the WGCNA module created for asthma contained 
15,279 genes, having only been reduced from 19,918 genes. This module was re-generated and 
validated with Pascal three times, and the module size and meta p-values remained consistent. One 
reason for the larger-than-average module sizes provided by WGCNA may be the algorithms reliance 
on group indices. It doesn’t take gene connectivity (e.g., a PPI network) into account and relies 
inherently on a naïve approach that is highly dependent on the separation of groups (disease versus 
control), but this assumes that the groups have been accurately characterized. There seems to be a 
benefit to using PPI data in terms of both meta p-values and processing time. 

4.1 Limitations 

A question has been raised about why the most effective aspects of each stand-alone method couldn’t 
simply be used to create an all-inclusive inference method. The reason, as first noted in 2.1.2, is that 
each stand-alone inference algorithm is based on a different strategy of identifying network nodes 
(i.e., clique-based, seed-based, and hierarchical). At the time of submission, it not only remained 
unclear which strategy was superior but also whether it is possible to derive a strategy that’s effective 
across all diseases (or across all datasets). 

This study used a relatively small PPI network containing 64,672 connections, but larger PPI networks 
were available, with the largest containing 729,062 connections. It is possible that module significance 
as evaluated by Pascal would change if a larger PPI network were used. But larger networks also 
increase R processing time substantially, so it was decided early in this study to use a smaller, more 
manageable network. 

The number of tested datasets was also a limiting factor. This study was performed using many 
inference combinations, but only two diseases were ultimately compared (i.e., asthma and arthritis). 
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Although the results were consistent between trial runs, the datasets may have been naturally suited 
to this analysis. Thus, additional disease datasets should be evaluated using the methods outlined. 

4.2 Other Methods and Future Work 

Unquestionably, there are many methods for deriving disease modules. A few of those alternative 
methods, along with any motivations for excluding them, are discussed here. 

ModuleDiscoverer is a clique-based method that could serve as a competitor to MCODE. It converts a 
PPI to a labeled graph of interconnecting nodes and identifies areas of the graph that are enriched with 
differentially expressed genes (DEGs). It then constructs a module based on the overlap of DEG regions 
[28]. Because ModuleDiscoverer is a heuristic-based approach, it can approximate a network’s 
structure simply by counting cliques identified by network seeds. It is largely a hybrid method validated 
only by the reproducibility of its results and was therefore not an ideal candidate for the current study 
because it would have been difficult to attribute its conclusions to any one part of the method. 

Another widely-used clique-based method is Core Susceptibility Modules (Core SuMs). It combines 
PPIs and DEGs for diseases and identifies maximal cliques (i.e., cliques that don’t exist within another 
clique). But, to derive its PPI networks, it relies on STRING [29, 30], which would have added additional 
steps to the processing pipeline. 

Seed Connector Algorithm (SCA) is a heuristic, seed-based method similar to DIAMOnD that’s based 
on GWAS SNPs [31]. It identifies PPI regulatory modules and combines those results with gene 
expression data. Its authors report that it is similar to the Steiner tree problem in that it attempts to 
create a network of the most minimal weight from the given seed proteins. SCA attempts to include 
as few connecting nodes as possible in order to identify dysfunctional pathways. SCA, which was 
created using Python and NetworkX, shows promise and warrants further exploration as an alternative 
to DIAMOnD, but it did not yet appear to be publicly available for testing purposes. 

Multi-Label Propagation Algorithm (MLPA) is a hierarchical clustering method based on WGCNA. Jiang 
et al. reported, however, that MLPA “performs poorly” with disease-related genes that contain “loose 
connections”, which suggests that it may not be suitable for the current study [32]. In response to this 
shortcoming, Jiang et al. developed a modified version of MLPA they call the Double Label Propagation 
Clustering Algorithm (DLPCA), which uses a combination of hierarchical clustering and pathogenic 
labels to derive clusters of interest. But due to time constraints, DLPCA cannot be considered for 
evaluation here, but it could be an avenue for exploration in future studies. 

With respect to validation, many tools, such as Meta-Analysis Gene-set Enrichment of variaNT 
Associations (MAGENTA), represent major steps forward in connecting raw data to biologically 
relevant results [33]. But Lamparter et al. point out that MAGENTA relies on threshold parameters to 
identify gene–trait associations, and this is an aspect that the Pascal tool does not rely on, which helped 
simplify the functional enrichment steps of this study [19]. 

Furthermore, data from other research studies could be used in future analyses. For example, there 
are 30 additional log-transformed datasets from Weerd 2017 that could be evaluated. The datasets 
include 14 additional diseases, such as psychiatric disorders, hepatitis, and diabetes. 

Finally, as mentioned in subsection 4.1, for practical purposes a relatively small PPI network was used 
as an input for DIAMOnD, MCODE, and S2B. But larger collections exist that could perhaps provide 
more informative disease modules. It would be beneficial, given enough computing power and time, 
to re-test all modules discussed using a larger PPI network. It’s also unclear without further testing if 
the PPI network used in this study unintentionally complemented the raw set of differentially 
expressed genes (i.e., the .rds file). To test this, it would be beneficial to create a series of random 
samples from the PPI network and validate them in Pascal using the appropriate GWAS file. The results 
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from such a test would bolster the notion that the p-values reported in Tables 1–2 were not derived 
merely by chance. 

4.3 Ethical Aspects and Scientific Impact 

Data generation within biological systems, especially with regard to Homo sapiens, is gaining 
momentum with no signs of slowing. Understanding such swathes of data samples requires algorithms 
that are increasingly being used to find diagnostic markers within clinical settings. The algorithms 
intended for such purposes are based on connections rooted in probability, and additional data 
sources will only make the algorithms more complex—and hopefully more accurate. The work 
presented in this study may provide support for parallelizing multiple inference methods to identify 
diseases. 

Clinicians are becoming increasingly dependent on algorithms that can integrate all available data 
points and output a diagnosis based almost entirely on probability. In other words, we are rapidly 
shifting toward a system that uses little more than a collection of discrete data points as inputs to 
make diagnoses, with none of the subjective knowledge (e.g., patient history) clinicians typically 
depend on. As we move closer to such a scenario, it is becoming ever more important that the 
algorithms we employ make accurate predictions. 

In network terms, this translates into an expanding list of nodes, modules, and pathways within an 
interactome, which can be used to clarify diagnosis ambiguity, reduce medication side effects, expand 
therapeutic options, and reduce the time required to identify effective treatments [34]. Such work 
might also expose unknown dysregulated pathways for future researchers and contribute to 
constructing comprehensive interactome maps. 

Nevertheless, this is exploratory work and is intended only to help guide investigators. But it could add 
credence to the methods themselves and empower the conclusions of previous authors regarding the 
usefulness of their algorithms. This could have far-reaching consequences if the tools and methods 
discussed here are used to make actual disease diagnoses. 

5 CONCLUSIONS 

The results obtained from the asthma and arthritis datasets suggest that, when deriving disease 
modules, it is more beneficial to combine multiple inference methods than to rely on stand-alone 
solutions. 

Combining inference methods, especially through S2B, provided slightly more significant results upon 
evaluation with Pascal than either MODifieR’s overlapping modules or any of the stand-alone methods. 
Based on the limited results of this study, it seems S2B can be used not just for the original purpose of 
combining modules from different diseases but to derive disease modules from different inference 
methods. 

To safely draw robust conclusions, however, this study would need to be extended in terms of 
scalability, for example by testing the method on many unrelated diseases and datasets. 
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7 APPENDICES 

7.1 Appendix A — Implementation 

The MODifieR package was a somewhat difficult package to install, based not only on its vast number 
of dependencies, which include igraph, org.Hs.eg.db, and WGCNA, but also on difficulties inherent in 
Windows-based systems. Installing MODifieR on Windows 10 needed to be done through the R 
graphical user interface. This was partly due to MODifieR’s reliance on Python, which is a reoccurring 
issue on Windows-based systems because the version of Python loaded by RStudio can conflict with 
the Python version MODifieR calls. 

MODifieR was then functional through the R GUI, but the Python conflict in RStudio remained. To get 
MODifieR to work in RStudio, the system environment needed to be adjusted with a single line of code 
(below). This forced RStudio to use Python version 3.7, which was installed by Anaconda. 

Sys.setenv(RETICULATE_PYTHON = "./user/Anaconda3") 

Some of S2B’s functions and outputs were unclear, so the author was contacted to get some 
clarification. The S2B output file is a data frame, which includes an S2B score and the associated Entrez 
identifier, but it also includes these additional lists: 

 D1neib: the node’s direct neighbors in the seed list of disease 1 
 D2neib: the node’s direct neighbors in the seed list of disease 2 
 bridges: the product of D1neib and D2neib 
 bridgespec: the fraction of times the bridge value for that node was lower in random networks 

(nrep defines the number of random networks used to evaluate bridgespec) 

Pascal is a Java-based tool was used to evaluate the significance of derived modules. The program is 
available from the author’s website (unil.ch/cbg). Installation of Pascal is straightforward on Linux-
based systems, but it’s more challenging on Windows-based systems. Fortunately, Windows 10 now 
includes the Windows Based Subsystem (WSL), which provides a highly functional Linux command line, 
but it requires the installation of a bash shell to function. In this case, Ubuntu was selected as WSL’s 
bash due to Ubuntu’s ubiquity, reliability, and our own prior experience in using it. 



26 
 

7.1.1 Processing Times 
Computer processing time as it pertained to running RStudio packages and Pascal were a concern 
throughout this study, as it is for most studies. Both DIAMOnD and MCODE were computationally 
lightweight and averaged 1–3 minutes of R processing time for either dataset. WGCNA demanded the 
most processing time, which averaged 20 minutes for the asthma object and 6 minutes for the arthritis 
object. 

Pascal took substantially longer to run. Its processing time was somewhat dependent on module size, 
but the limiting factor was the size of the reference GWAS network. The GWAS file used for arthritis 
(“EUR.Okada2014.RA_GWASmeta_arthritis_v2.txt”), which is a 95 MB file, took 3–4 hours just to load 
into memory before the analysis could begin. From there, the processing time varied by the size of the 
module, ranging from 15 minutes to 1 hour. In contrast, the GWAS file used for asthma was a much 
smaller 10 MB file (“input_gabriel_pran_asthma.txt”) and could be executed from start to finish for 
any module in under an hour. 

7.2 Appendix B — Data 

The primary source of data for this study was pre-processed data from Weerd 2017, which included 32 
normalized, log-transformed datasets from 16 diseases from both expression and Genome-Wide 
Association Studies (GWAS) [20]. Using such pre-processed data not only saved time but also help 
ensure that data points are comparable. 

Summary of data from Weerd 2017: 

 32 microarray datasets from Gene Expression Omnibus (GEO) 

 16 diseases: anxiety (GSE61672), asthma (GSE76262, GSE69683, GSE76262, GSE69683, 
GSE69683), autism (GSE18123), bipolar disorder (GSE18123), coronary artery disease 
(GSE9820), Crohn’s disease (GSE87650), depression (GSE39653), hepatitis C (GSE44954), 
narcolepsy (GSE21592), pancreatic carcinoma (GSE15475), Parkinson’s disease (GSE6613), 
rheumatoid arthritis (GSE4588), schizophrenia (GSE18312), type 1 diabetes (GSE72377), type 
2 diabetes (GSE9006), ulcerative colitis (GSE87650) 

7.3 Appendix C — R Code 

library(MODifieRDev) 
library(S2B) 
 
#Define function for writing module to output file 
write_module_list <- function(current_module, output_file){ 

for (i in 1:length(current_module)){ 
invisible(write.table(x = t(c(names(current_module)[[i]], 
"", current_module[[i]]$module_genes)), 
file = output_file, append = T, row.names = F, 
col.names = F, sep = "\t", quote = F)) 
} 

} 
 
#Read in .rds file 
asthma_sputum <- readRDS("./GSE76262_asthma_sputum_SA.rds") 
arthritis_RA <- readRDS("./GSE4588_RA_B_arthritis.rds") 
 
#Read in ppi network 
ppi_network <- read.table("./v_7_1_entrez_700.csv", header = T, sep 

= ",", colClasses = "character") 
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#Run WGCNA 
wgcna_module <- wgcna(MODifieR_input = asthma_sputum) 
wgcna_module <- wgcna(MODifieR_input = arthritis_RA) 
saveRDS(wgcna_module, "wgcna_asthma.rds") 
write_module_list(current_module = list("wgcna" = wgcna_module), 

output_file = "./wgcna_asthma_out.txt") 
 
#Run MCODE 
mcode_module <- mod_mcode(MODifieR_input = asthma_sputum,ppi_network 

= ppi_network) 
mcode_module <- mod_mcode(MODifieR_input = arthritis_RA, ppi_network 

= ppi_network) 
saveRDS(mcode_module, "mcode_asthma.rds") 
write_module_list(current_module = mcode_module, 

output_file = "./mcode_asthma_out.txt") 
 
#Run DIAMOnD 
diamond_module <- diamond(MODifieR_input = asthma_sputum, 

ppi_network = ppi_network) 
diamond_module <- diamond(MODifieR_input = arthritis_RA, ppi_network 

= ppi_network) 
saveRDS(wgcna_module, "diamond_asthma.rds") 
write_module_list(current_module = list("diamond" = diamond_module), 

output_file = "./diamond_asthma_out.txt") 
 
#Prepare S2B inputs 
geneset1 <- wgcna_module$module_genes 
geneset2 <- mcode_module[[1]]$module_genes 
geneset3 <- diamond_module$module_genes 
 
graphed_network <- igraph::graph.data.frame(d = ppi_network) 
simped <- S2B::simpmain(graphed_network) 
 
set1_ind <- S2B::seedrows(seed_graph = simped, seedvec = geneset1) 
set2_ind <- S2B::seedrows(seed_graph = simped, seedvec = geneset2) 
set3_ind <- S2B::seedrows(seed_graph = simped, seedvec = geneset3) 
 
#Run S2B for WGCNA/MCODE 
s2b_wgcna_mcode <- S2B::S2B(seed_graph = simped, index1 = set1_ind, 

index2 = set2_ind, nrep = 1, nrep2 = 1) 
saveRDS(s2b_wgcna_mcode, "s2b_wgcna_mcode_asthma.rds") 
write.table(s2b_wgcna_mcode$s2btable$id, 

file = "./s2b_wgcna_mcode_asthma_out.txt", append = T, 
row.names = F, col.names = F, sep = "\t", quote = F) 

 
#Run S2B for WGCNA/DIAMOnD 
s2b_wgcna_diamond <- S2B::S2B(seed_graph = simped, index1 = 

set1_ind, index2 = set3_ind, nrep = 1, nrep2 = 1) 
saveRDS(s2b_wgcna_diamond, "s2b_wgcna_diamond_asthma.rds") 
write.table(s2b_wgcna_diamond$s2btable$id, 

file = "./s2b_wgcna_diamond_asthma_out.txt", append = T, 
row.names = F, col.names = F, sep = "\t", quote = F) 

 
#Run S2B for MCODE/DIAMOnD 
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s2b_mcode_diamond <- S2B::S2B(seed_graph = simped, index1 = 
set2_ind, index2 = set3_ind, nrep = 1, nrep2 = 1) 

saveRDS(s2b_mcode_diamond, "s2b_mcode_diamond_asthma.rds") 
write.table(s2b_mcode_diamond$s2btable$id, 

file = "./s2b_mcode_diamond_asthma_out.txt", append = T, 
row.names = F, col.names = F, sep = "\t", quote = F) 

 
geneset4 <- s2b_wgcna_mcode$s2btable$id 
geneset5 <- s2b_wgcna_diamond$s2btable$id 
geneset6 <- s2b_mcode_diamond$s2btable$id 
 
set4_ind <- S2B::seedrows(seed_graph = simped, seedvec = geneset4) 
set5_ind <- S2B::seedrows(seed_graph = simped, seedvec = geneset5) 
set6_ind <- S2B::seedrows(seed_graph = simped, seedvec = geneset6) 
 
#Run S2B for WGCNA/MCODE + DIAMOnD 
s2b_wgcna_mcode_diamond <- S2B::S2B(seed_graph = simped, index1 = 
set4_ind, index2 = set3_ind, nrep = 1, nrep2 = 1) 

saveRDS(s2b_wgcna_mcode_diamond, 
"s2b_wgcna_mcode_diamond_asthma.rds") 

s2b_wgcna_mcode_diamond_asthma <- subset(x = 
s2b_wgcna_mcode_diamond$s2btable, S2B > 0.002365931, 

select = c(S2B, id)) 
write.table(s2b_wgcna_mcode_diamond_arthritis2$id, 

file = "./s2b_wgcna_mcode_diamond_asthma_out.txt", append 
= T, row.names = F, col.names = F, sep = "\t", quote = F) 

 
#Run S2B for WGCNA/DIAMOnD + MCODE 
s2b_wgcna_diamond_mcode <- S2B::S2B(seed_graph = simped, index1 = 

set5_ind, index2 = set2_ind, nrep = 1, nrep2 = 1) 
saveRDS(s2b_wgcna_diamond_mcode, 

"s2b_wgcna_diamond_mcode_asthma.rds") 
s2b_wgcna_diamond_mcode_asthma <- subset(x = 

s2b_wgcna_diamond_mcode$s2btable, S2B > 0.002365931, 
select = c(S2B, id)) 

write.table(s2b_wgcna_diamond_mcode_asthma$id, 
file = "./s2b_wgcna_diamond_mcode_asthma_out.txt", append 
= T, row.names = F, col.names = F, sep = "\t", quote = F) 

 
#Run S2B for MCODE/DIAMOnD + WGCNA 
s2b_mcode_diamond_wgcna <- S2B::S2B(seed_graph = simped, index1 = 

set6_ind, index2 = set1_ind, nrep = 1, nrep2 = 1) 
saveRDS(s2b_mcode_diamond_wgcna, 
"s2b_mcode_diamond_wgcna_asthma.rds") 

s2b_mcode_diamond_wgcna_asthma <- subset(x = 
s2b_mcode_diamond_wgcna$s2btable, S2B > 0.002365931, 
select = c(S2B, id)) 

write.table(s2b_mcode_diamond_wgcna_asthma$id, 
file = "./s2b_mcode_diamond_wgcna_asthma_out.txt", append 
= T, row.names = F, col.names = F, sep = "\t", quote = F) 

 
#Subset S2B object for values greater than 0.002365931 
s2b_wgcna_mcode_asthma <- subset(x = s2b_wgcna_mcode$s2btable, S2B > 

0.002365931, select = c(S2B, id)) 
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write.table(x = s2b_wgcna_mcode_asthma$id, row.names = FALSE, 
col.names = FALSE, sep = "\t", quote = FALSE, file = 
"s2b_wgcna_mcode_asthma_out.txt") 

 
s2b_wgcna_diamond_asthma <- subset(x = s2b_wgcna_diamond$s2btable, 

S2B > 0.002365931, select = c(S2B, id)) 
write.table(x = s2b_wgcna_diamond_asthma$id, row.names = FALSE, 

col.names = FALSE, sep = "\t", quote = FALSE, file = 
s2b_wgcna_diamond_asthma_out.txt") 


