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Abstract

Large-scale gene expression studies are widely used to identify genes that are
differentially expressed between phenotypes relevant to disease. Often thousands
of differentially expressed genes (DEGs) are found using this type of analysis,
which complicates the interpretation of the data. In this project we treat DEGs as
windows into the biological processes that underlie disease. In order to find these
processes, we put DEGs into the context in which they perform their functions
– through the interactions of their protein products.

Protein-protein interactions can provide biological context to DEGs in the form
of functional modules. These modules are groups of proteins that together perform
cellular functions. In this thesis we have refined a functional module detection
process that consists of two steps. Firstly, community detection methods are applied
to protein interaction networks (PINs) to detect groups of interacting proteins, and
secondly, the biological coherence of the proteins grouped together is evaluated to
select communities that represent potential functional modules.

Two features that are central to this work are the detection of modules at
different scales of network organization, and CommWalker, a module evaluation
method that we developed which is able to detect signals of poorly-studied functions.
By integrating these methods into our functional module detection process, we
were able to obtain a good coverage of potential functional modules. Testing for
enrichment of DEGs on these functional modules can uncover biological processes
that are involved in the contrasted phenotypes and merit further investigation.

We have applied our pipeline to find differentially regulated functions between
hypoxic and normoxic breast cancer cell lines, and between M1 and M2 macrophages.
Our results generate biological hypotheses of cellular functions that are differentially
regulated in the investigated phenotypes, and proteins that are involved in these
functions. We were able to validate several proteins in enriched modules which
did not correspond to DEGs that were input into the pipeline, which suggests our
methodology can reveal new biological insight.
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1.1 Overview

1.1.1 Cellular functions are modular

Cells, the fundamental building blocks of life, are complex systems of biological

molecules. Through the interplay of these molecules, cells perform functions. In

humans for example, macrophages move around (chemotaxis) and engulf foreign

bodies such as bacteria to digest them (phagocytosis) [1]; neurons transmit sensory

signals via action potentials [2]; and cardiomyocytes form muscle tissue that contracts

to pump blood around the body [3]. While early molecular biology was focused

on finding individual molecules responsible for cellular functions, it is now thought

1



2 1.1. Overview

that cellular functions are performed by functional modules of molecules [4–6].

A functional module is a group of interacting molecules (proteins, DNA, RNA,

and small molecules) that perform a distinct cellular function [5]. Modules have

been shaped by the evolutionary process to be robust to perturbations and adaptive

to changing environments, and thus may incorporate more than the essential

components to perform a particular function [6,7]. In this aspect functional modules

differ from pathways, which are chains of molecular interactions within a cell,

resulting in the cell performing a function.

The modular level of organization of biological molecules is thought to represent

the link between the genes that are expressed in a cell (genotype), and the traits

of this cell (phenotype) [6,8–11]. Thus, it is of particular interest in the study of

disease, where the activation or malfunctioning of specific molecular mechanisms

cause unwanted phenotypes. Groups of disease-related genes can be mapped to

disease phenotypes via functional modules [12, 13].

1.1.2 Functional module detection

At the end of the last century the ongoing efforts of the Human Genome Project [14]

created an environment that promoted the development of technologies which were

able to quickly generate large quantities of biological data at low cost [15]. The

development of these high-throughput technologies for gene expression (eg. [16,17]),

protein-protein interactions (eg. [18–20]), and protein function (eg. [21]) triggered

the development of methods to systematically detect functional modules using the

available large-scale, so-called “omics” data sets.

As mentioned in Section 1.1.1 functional modules are groups of biological

molecules that interact to perform cellular functions. Thus, the detection of

functional modules can be approached from two angles: via the physical interaction

of molecules (eg. [22–28]; topological clustering), and via functional relatedness

(eg. [29–31]; biological clustering).

Due to their availability in large-scale data sets, human and yeast protein-protein

interactions have been the most common basis for functional module detection [32].
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Recent efforts to map the human RNA-RNA interaction space will further expand

available molecular interaction resources [33, 34].

In general, topological clustering is performed on protein-protein interaction

data that are converted into a network representation, so-called protein interaction

networks (PINs; see Section 2.1.4). Groups of proteins that interact more with each

other than with the rest of the PIN are detected using network-based clustering

techniques called community detection methods (see Section 2.3). While there

appears to be a consensus that modules are represented by highly interacting sets

of proteins in PINs [35], some methods look for distinct modules with sparse con-

nections between them (non-overlapping modules, eg. [24–26,28]; see Section 2.3.2),

and others allow proteins to belong to multiple modules (overlapping modules;

eg. [22, 23, 27]; see Section 2.3.3).

Biological clustering is performed based on data from which a functional

relatedness can be inferred. For example, similar expression patterns of genes across

samples are thought to link to involvement in a common biological process [36]

and can thus be used to define functional modules of their protein products

(eg. [30,31,37]). Likewise, genes that show similar mutation patterns across cancer

samples have been used to detect functional modules in cancer [29].

While these two approaches have been successfully used to detect groups of

proteins or genes that resemble functional modules, combining topological and

biological clustering is likely to provide a more comprehensive view of the functional

organization of molecular networks [38]. Indeed, it has been shown that integrating

PINs, genetic networks describing functional links between genes (based on eg.

epistasis), and gene regulatory networks improves our ability to capture biological

functions compared to any of these data sets individually [39].

The most common integration of topological and biological clustering approaches

is the superposition of gene expression data onto PINs. Methods that integrate these

data sets can be subdivided into those that find active subnetworks (eg. [40–42])

and methods that perform community detection on protein-protein interactions

weighted by expression data (eg. [43]). Active subnetworks are regions of PINs
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where the associated genes exhibit strong changes in expression under perturbations

such as disease [38]. Due to the focus on disease perturbations, active subnetworks

do not necessarily correspond to modules with a discrete function, but may instead

resemble disease modules which incorporate many functions affected in disease

phenotypes [13,44]. An active subnetwork approach has also been applied to cancer

mutation data sets to detect subnetworks associated with highly mutated genes [45].

While functional annotations are commonly used to validate topological clus-

tering techniques for PINs (eg. [22, 23, 25, 27]), they can also be integrated into

the module detection process. This integration has been performed by using the

similarity of the functional annotations of interacting proteins to weight interactions

in PINs [46]; by selecting the largest set of connected proteins that share a

functional annotation [47]; and by selecting PIN communities which are evaluated as

functionally homogeneous at multiple clustering resolutions [48] (see also Section 2.5

for functional homogeneity, and Section 2.3.1 for the concept of resolution).

Data integration from more than two sources to detect functional modules

has also been performed. Biological clustering based on gene co-expression and

drug response data has been combined with pathway data integrated into a PIN

to find cancer-related functional modules [49]. Furthermore, protein interaction,

gene co-expression, transcription factor binding, and micro-RNA networks have

been combined into a multilayer network to detect consensus modules across

data types [50].

The described methods give only a small overview of topological clustering,

biological clustering, and how topological and biological clustering has been com-

bined to detect functional modules to date. A more extensive review of data

integration for functional modules detection can be found in [38]. In future, it

is likely that additional data sources such as experimental measurements of how

protein-protein interactions change under perturbation [51] will be used to improve

functional module detection.

One of the main challenges in the field of functional module detection is module

validation. Often many hundreds of modules are predicted, and experimental
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validation is tedious and slow. Thus, especially in early module detection approaches

based solely on topological clustering adequate validation is often rudimentary

or entirely lacking. Publications commonly follow the pattern of presenting a

developed community detection method; showing its application to a particular

biological network (possibly augmented with other biological data on the nodes);

and qualitatively describing some of the modules found. Alternatively functional

enrichment (see Section 2.5.1) is used to confirm the quality of the modules. This

publication blueprint complicates the comparison of detected modules and methods,

although comparative studies do exist [27].

In this work, we have put particular focus on the evaluation of predicted

modules. We show that current methods of module evaluation are subject to bias

and propose a novel framework to evaluate communities proposed as modules. This

community evaluation framework is based on a biological clustering approach. In so

doing, we integrate topological and biological clustering techniques to predict

functional modules.

1.1.3 The developed methodology

Using a functional module detection pipeline, we have developed a computational

methodology to find cellular functions that may be involved in a phenotype of

interest. This methodology has the potential for uncovering molecular mechanisms

underlying disease. It is an advancement over standard approaches in that it

can highlight disease processes even when these processes are poorly studied or

occur at different biological scales.

Differential gene expression studies capture how the expression levels of genes

change between samples that exhibit two distinct phenotypes (see Section 2.6.2).

Our methodology (Figure 1.1) uses differentially expressed genes (DEGs) from these

data, maps them to their protein products, which in turn are mapped to functional

modules. Each module that is enriched for DEGs in this way describes a potential

function that is involved in the phenotype and is thus a biological hypothesis that

can be experimentally validated. To make this experimental validation feasible we
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focused on modules of size 6 - 35 as recommended by collaborators at UCB Pharma.

The lower boundary of six proteins was used to reduce the likelihood that detected

modules represent small protein complexes, and the upper size limit of 35 proteins

ensures communities proposed as modules are viable to be experimentally tested.

Given that functional modules are used to map DEGs to differentially regulated

functions, obtaining a good coverage of functional modules on protein space is of

central importance for our methodology. Thus, two features were implemented

to optimize our ability to detect functional modules: topological and biological

clustering was separated into two steps (see Section 1.1.2 and Figure 1.1 which indi-

cates the separation of functional similarity calculation and community detection),

and modules were detected at multiple scales.

It has been argued that the combination of topological and biological clustering

represents the most promising approach for functional module detection (see

Section 1.1.2). By clearly separating the two steps as in [48] we were able to optimize

each step individually for optimal detection of functional modules. Furthermore,

as gene expression data is used to introduce phenotype-relevant information into

the methodology at a later stage, this type of data was excluded from the module

detection process to avoid circularity.

The idea of mapping disease-related proteins to modules is not new [13, 44].

One distinguishing factor of our approach is the use of multi-resolution module

detection. Functional modules can be found at different scales. For example, a

module in a molecular network may take the form of a connected set of proteins

all related to the ribosome. This module will contain further substructures such as

a group of ribosome subunit proteins, and groups of precursors to and processors

of the ribosomal subunits [48]. As the optimal scale at which functional modules

should be generated cannot be known a priori, we specifically set up our functional

module detection approach to detect modules at different scales (see Section 2.3.1).

A second novelty in our module detection pipeline is the CommWalker community

evaluation framework (see Chapter 6). This biological clustering framework was

developed to deal with poorly studied proteins and their lack of detailed annotation.
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Figure 1.1: Pipeline flowchart Schematic of the developed pipeline to detect differentially
regulated cellular functions represented as dysregulated functional modules. The rhombuses
indicate the data sources, the blue boxes indicate implemented bioinformatics tools, and the
red ellipses represent processed data. Data sources are split into green rhombuses representing
data sources that are consistent for any application of the pipeline (The Gene Ontology (GO)
structure and annotations, and a PIN), and the cyan rhombus indicating the data source that
introduces disease-application-specific information into the analysis. The image next to the
dysregulated modules ellipsis shows an example module output. In the pipeline a PIN is clustered
into communities at multiple resolutions, and the GO is used to calculate the similarity of any
two proteins in this PIN. Using our novel community evaluation framework CommWalker, we
retain communities of functionally coherent sets of proteins based on the GO functional similarity
scores. These communities represent our set of functional modules which are tested for enrichment
of differentially expressed genes (DEGs). Functional modules enriched for DEGs from the gene
expression data set are dysregulated modules that represent differentially regulated cellular
functions.
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Its application has the effect that we can detect signals of dysregulated cellular

functions even when these functions are poorly studied. These two features have

been integrated to produce a generally applicable tool that can help to uncover

the mechanistic basis of disease phenotypes.

Our pipeline can be viewed as an extension to methods such as Gene Set

Enrichment Analysis (GSEA) [52] which evaluates biological functions implicated

in differential gene expression data. GSEA takes a pre-defined set of proteins

which is linked to a particular biological function and evaluates the significance of

the combined expression level of the associated genes to assess whether they are

differentially regulated in the phenotype of interest. Using functional modules, our

methodology can generate the required pre-defined protein sets. This extension is

especially powerful for the investigation of disease phenotypes where implicated

cellular functions are poorly-studied.

The purpose of the developed pipeline is to find differentially regulated modules.

These modules may be similar to active subnetworks in PINs (eg. [40–42]) or other

disease modules [13,44] (cf. Section 1.1.2). The difference between these approaches

and ours lies in the definition of functional modules. As discussed in Section 1.1.2

methods that cluster PIN nodes based on differential expression represent active

regions of PINs related to disease, rather than modules with distinct cellular

functions. Thus, a clear functional interpretation of differential gene expression

studies may not be straightforward using these approaches.

1.2 Biological applications

Our pipeline (Figure 1.1) was applied to find differentially regulated functional

modules in two biological applications. Here, we give a short overview of the

biological phenotypes to which this methodology was applied.

1.2.1 Breast cancer hypoxia

Cancer is a disease that is caused by somatic mutations in cellular DNA that lead

to quickly proliferating and mutating cells. Aggressive cancers crowd out normal
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cells in a tissue due to a strong competitive advantage. These cancers can spread

to parts of the body away from the primary tumour site through blood vessels, a

process which is known as metastasis. Mortality rates increase when cancers become

metastatic. Hypoxia in cancers has been linked with increased aggressiveness,

increased rate of metastasis, and an increased mortality rate [53].

Hypoxia is a low-oxygen cellular microenvironment, which is commonly delimited

at an oxygen diffusion pressure of 10 mm Hg [54]. Such an environment can arise

due to distance from blood vessels, diffusive barriers between the tumour and the

blood vessel, or an irregular supply of oxygen from tumour blood vessels [53, 54]. It

has been suggested that all invasive tumours grow under hypoxic conditions [53].

To cope with the low oxygen environment, cells switch from aerobic respiration

to anaerobic respiration. Anaerobic respiration is a considerably less-efficient form

of metabolism (2 versus 36 ATP molecules per glucose) that does not require oxygen

to break down glucose into ATP, the molecular energy source of the cell. This form

of metabolism creates an acidic extracellular environment via the release of lactic

acid. A cellular environment that is low in vital resources, and is acidic, gives rise

to a mutation pressure which selects for cancer cells with continuous anaerobic

respiration that are acid resistant [53]. In contrast, normal cells which cannot quickly

adapt to such an environment die. Thus, hypoxic tumours are more invasive than

normal (normoxic) tumours by performing different functions (anaerobic respiration,

recruiting stem cells for metastasis, ion transport to counteract acidic environment).

On a molecular level, a hypoxic extracellular environment causes changes in

gene expression that lead to the observed phenotypes. The main mechanism by

which these phenotypes arise is through the deregulation of one of the two subunits

of the Hypoxia-inducible Factor (HIF) complex in the presence of oxygen [54]. The

genes that express this subunit are down-regulated by the presence of oxygen, but

in low-oxygen conditions the HIF complex can form. This complex has been shown

to target over 1500 proteins contolling metastasis, angiogenesis (the formation of

blood vessels), and other phenotypes observed in aggressive tumours [54].
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While many of the differentially regulated functions in hypoxic and normoxic

tumours are known, especially in well-studied breast cancer, understanding the

molecular mechanisms underlying these functions is an ongoing field of research.

There are drugs targeting two of the three commonly diagnosed breast cancer

subtypes. The third subtype, known as triple-negative, is more difficult to target

possibly due to hypoxic conditions creating drug-resistance in tumours. Drugs

targeting HIF have shown promising results in mouse models and are currently

in development [54]. Due to the large number of differentially regulated functions

in hypoxic and normoxic conditions, breast cancer hypoxia is an ideal system

to evaluate our pipeline.

Using our methodology on gene expression data from a breast cancer cell line

cultivated under hypoxic and normoxic conditions, we have found differentially

regulated modules that describe several functions that have been reported to be

linked specifically with hypoxic tumours. For example, we found modules related to

metastatic activity [55], initiation of transcription (see HIF promoting transcription

of over 1500 genes), deacidification of the intracellular environment, and autophagy,

a process that promotes cell survival under environmental stresses [55, 56].

1.2.2 Macrophage classification

Macrophages are cells of the mononuclear phagocyte system that form part of the

innate immune system. Whilst a primary activity is phagocytosis, they are some of

the most heterogeneous cells in the human body, where specific function, and thus

phenotype, is dependent upon their particular tissue or organ localization and local

microenvironment. They play key roles in microbial defence, tissue homeostasis

and remodelling, wound repair, and initiation of immune response [1, 57]. This

plasticity and phenotypic diversity has led to the recognition that macrophages can

function pathogenically and are associated with a multitude of diseases, including

fibrosis, cancer, obesity, and various inflammatory diseases, making them interesting

therapeutic targets [58].
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To grasp the functional diversity observed in macrophages, phenotypical clas-

sifications are used to characterize macrophages sub-types. Macrophages have

been broadly classified into M1 and M2 phenotypes based on their response to

Interferon-γ (IFN-γ), or the cytokines Interleukin-4 (IL-4) and Interleukin-13 (IL-13)

respectively [1]. A further prominent distinction between macrophage sub-types are

the expression levels of IL-10 and IL-12 [59]. M1 macrophages are characterized

by low IL-10 and high IL-12 expression levels, while M2 macrophages exhibit the

opposite profile of these cytokines. Further characterization has shown that M1

macrophages secrete pro-inflammatory cytokines and have increased phagocytic

activity, while M2 macrophages tend to function in wound healing and clearing

parasites. Furthermore, M1 macrophages have been found to be tumouricidal,

while tumour associated macrophages resemble an M2-activation state, inhibiting

the immune response to the tumour and even aiding tumour progression. Thus,

being able to affect the differentiation of macrophages into the observed phenotypes

has the potential to enhance cancer treatments. More comprehensive reviews

can be found in [59] and [60].

Since the initial M1/M2 classification, the means to phenotype and characterize

cells have become more sophisticated with gene microarrays, one of the tools

frequently used in this context. Data generated from such studies together with the

additional in vitro and in vivo model research has led to the suggestion that the

intial phenotype categories may simply be extreme cases on a continuous scale [1,59]

or even that this linear classification system imposes limitations which may not be

able to explain macrophage diversity adequately [60]. However, even if this should

be the case, the distinct phenotypes observed in disease association strongly suggest

that different pathways are activated in the two initial macrophage polarizations.

This aspect is of interest irrespective of the broader classification question.

These pathways are chains of molecular interactions within a cell, resulting in

the cell performing a function, such as inhibiting tumour growth by phagocytosis.

A biological pathway is thus an underlying cellular mechanism causing the observed

phenotype if the proteins in the pathway are sufficiently abundant that the function
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can be performed (activated pathway). It is ultimately these pathways that are

targeted by drugs that may affect properties such as macrophage phenotype.

Developing the above classification system, especially regarding disease associa-

tion, has proven difficult as macrophage experiments are generally performed on

macrophages artificially created in vitro from monocytes (by exposure to IFN-γ

for M1 macrophages, and IL-4 or IL-13 for M2 macrophages), which can be easily

isolated from blood [60]. In contrast in vivo macrophages are typically organized as

a type of tissue within a tissue. They are interwoven to such an extent that it is

very difficult to extract in vivo macrophages [1]. It is also due to this complication

that, despite the increased insight that has been gained regarding macrophage

function, knowledge is still limited with respect to molecular pathways that are

activated to cause the observed macrophage phenotypes.

In [61], differential gene expression analysis has been applied to this classification

problem. DEGs were clustered based on their expression patterns and these

clusters were investigated at different phases of differentiation from monocytes for

overrepresentation of Gene Ontology annotations (see Section 2.4) which indicate the

function of the gene products. The results showed that expression of cell cycle genes

was different between M1 and M2 macrophages. However, inferring experimentally

testable hypotheses from these conclusions is difficult as connections between DEGs

and the associated phenotype remain vague, especially for biological functions

that are less well captured in these annotations. Functional context between the

discovered DEGs in the form of pathway data or dysregulated biological modules

may provide new insights and has the potential to clarify the classification problem.

We have applied our methodology to the data set from [61] to recover func-

tional modules of proteins that are differentially abundant between M1 and M2

macrophages. The detected differentially regulated modules describe phagocytosis,

inflammation, differential antigen presentation, and chemotaxis (see Chapter 7),

which are known to be differentially associated with the M1 and M2 activation

state [62–64]. Less studied differences between M1 and M2 macrophages concerning

the epigenetic regulation of transcription were also found (see Section A.6).
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1.3 Thesis outline

In this thesis we describe the development of the methodology introduced in

Section 1.1.3 (Figure 1.1) and its application to the biological questions described

in Section 1.2.

Chapter 2 is devoted to describing the data types and introducing concepts

usedin the remainder of the thesis. The data sources and how they are processed

is elaborated on in Chapter 3.

Chapters 4-7 focus on the selection and development of the computational tools

shown in the four blue boxes in Figure 1.1 respectively.

In Chapter 4 we present an exploratory analysis of functional homogeneity

evaluation (”Semantic similarity measures” tool in Figure 1.1), and an exploratory

analysis of community detection methods for the topological clustering component

of the module detection pipeline is presented in Chapter 5 (”Multi-resolution

community detection” tools from Figure 1.1).

Based on the results shown in Chapters 4 and 5 we discovered that the detection

of functional modules was complicated by biases in the functional annotation data

especially affecting poorly-studied proteins. Thus, we developed a framework for

biological clustering that counteracts this bias. This framework, CommWalker, is

introduced in Chapter 6 (”Community Evaluation” tool; see Figure 1.1).

Using our functional module detection method optimized as discussed in Chap-

ters 4–6, we applied our methodology to two biological problems: macrophage

differentiation, and hypoxia in breast cancer tumours (Chapter 7; ”Differentially

Expressed Gene Module Enrichment” tool in Figure 1.1).

Finally, the conclusions drawn from this project and work that leads on from

our results is detailed in Chapter 8.

The Appendices contain unfinished work a novel topological clustering method

(Appedix A), and additional information on data sets and supporting information

for the CommWalker framework (Appendices B and D respectively).
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are used in the remainder of this thesis.

We start by describing protein-protein interactions, the data source underlying

our topological clustering approach, and then go on to elaborate on the methods

used to analyse these data. The biological clustering approach we implemented

is based on functional annotations. These are described in Section 2.4, before

mathematical methods of using these data are explained in Section 2.5. Finally, we

briefly describe gene expression data and how we used these data in Section 2.6.

2.1 Protein-protein interactions

Protein-protein interactions are the basis of most biological processes, and have been

shown to be perturbed in disease [65,66]. Thus, they represent a key component

of how functions are mediated at a molecular level.

As discussed in Section 1.1.3 our methodology relies on functional modules

to provide context between differentially expressed genes. These modules are

commonly detected based on protein-protein interactions (see Section 1.1.2). Here

we describe this data type.

2.1.1 Measuring protein-protein interactions

Protein-protein interactions can be divided into two categories which are defined by

how they are measured [67,68]. These two types are interchangeably referred to as

binary and complex [68,69], or “physical associations” (P-type) and “associations”

(A-type) [48,70]. The two main experimental techniques that define these interaction

types are yeast two-hybrid [15,19,20] for P-type, and tandem affinity purification

with mass spectrometry (TAP-MS) [18, 71, 72] for A-type interactions.

The yeast two-hybrid approach is built on transcription factors that consist of

two domains: a DNA-binding domain and a domain that activates transciption.

So-called “bait” proteins are fused to the binding domain and introduced into a

yeast cell nucleus where they are exposed to a “prey” protein which is similarly fused

to the activation domain. If the two proteins interact then the activation domain

activates the transcription of a reporter gene which is adjacent to the binding site
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of the DNA-binding domain hybrid protein. Using this method protein-protein

interactions are tested in a one-by-one manner (binary). A strength of this technique

is that it can also identify transient interactions where proteins are sufficiently close

due to electrostatic attraction (physical association).

In contrast, TAP-MS detects interactions based on biochemical binding of

proteins, which leads to a more stable interaction than electrostatic attraction alone.

In this experimental technique “bait” proteins are fused to a TAP tag, which binds

to an affinity column. The “bait” protein is expressed in a yeast cell and exposed to

other proteins with which it can form complexes. After washing contaminants off

the complexes while bound to the affinity column, the proteins are cleaved off the

column and identified by mass spectrometry [73]. TAP-MS thus identifies several

protein-protein interactions (complex) in a single experiment, which must bind

strongly to each other to be detected (association). Interactions within a detected

complex can be reported in two ways: via the spoke model, and via the matrix

model [74]. While the matrix model reports all complex proteins as interacting

with each other, the more common spoke model only reports interactions with the

“bait” protein [75]. Selection of the reporting model represents a choice between

coverage and quality of reported interaction data.

Yeast two-hybrid and TAP-MS have contrasting limitations and benefits. While

yeast two-hybrid can detect transient interactions, it does so by assessing potential

interactions which are not necessarily found in a physiological setting. In contrast,

TAP-MS focuses on biochemical binding at the cost of transient interactions [67].

Furthermore, yeast two-hybrid interactions are detected in a soluble state in the

nucleus, which is not necessarily the natural compartment for proteins and leads

to a selection against insoluble proteins (however, two-hybrid type methods have

been developed to address this limitation [15]). In contrast, TAP-MS has been

shown to select for interactions between abundant proteins, while high-throughput

yeast two-hybrid data sets report a similar number of interactions for proteins

of different abundances [67]. Due to these individual limitations and advantages
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the yeast two-hybrid and TAP-MS methods tend to detect interactions associated

with different biological functions [67].

A limitation that is common to both experimental techniques, and indeed to

most other techniques of determining protein-protein interactions, is that alternative

splicing is not taken into account. Genes can code for more than one protein by

different combinations of protein coding DNA regions (exons). These different

proteins from the same gene are called isoforms and it is estimated that at least

47% of genes exhibit alternative splicing [76]. Protein-protein interactions tend to

only be reported for the most common (dominant) isoform, due to the difficulty of

introducing alternative splicing into the experimental techniques [77]. It has been

shown that more interactions tend to be found for proteins which have isoforms [78],

suggesting that other isoforms may contribute to the interaction measurements.

While isoform-resolved interaction data sets have recently been acquired which

address this limitation (eg. [77, 78]), the majority of interaction data is reported by

simplifying the gene-to-protein relationship to a one-to-one relationship. Whether

or not this simplified mapping occurs is evident from the identifiers used for proteins

when protein interactions are reported. Databases that report interactions between

Entrez Gene IDs use this simplified mapping, while UniProt identifiers (UniProt

Knowledge Base Accession Numbers) allow for isoform-level interaction mapping

(see Section 2.1.3 for protein interaction databases).

Here we have focused on yeast two-hybrid and TAP-MS to measure protein-

protein interactions. These two techniques of measuring protein-protein interactions

have been used to generate large-scale maps of the human interactome (eg. [79–81]).

Other techniques such as Fluorescence Resonance Energy Transfer (FRET), co-

immunoprecipitation, or Protein Fragment Complementation Assays (PCA) have

also been used to detect protein-protein interactions, although often on a smaller

scale [82]. Interactions detected by these techniques can be assigned to A-type

and P-type categories as shown in Appedix B. These methods, yeast two-hybrid,

TAP-MS, and others are reviewed in [67, 68, 75, 83, 84].
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The so-called interactome that is measured by the above techniques represents

a set of possible interactions which is limited by experimental methods. The

proteins that are reported as interacting are not necessarily present in the same

cell at the same time given the experimental set-up. Thus, it has been argued

that there is no single human interactome, but instead a dynamically changing

environment of protein-protein interactions which is not captured in the static

reporting of interactions [85]. This issue is starting to be addressed by dynamic

interaction measurements incorporating temporal gene expression data (eg. [86];

see Section 2.6 for gene expression data).

2.1.2 Data quality
2.1.2.1 Error rates and coverage

As mentioned in Section 2.1.1 experimental techniques for measuring protein-protein

interactions are subject to limitations. These limitations and other sources of error

give rise to interactions that are misreported as existing (false-positives), and those

that are misreported as not existing (false-negatives). For example, in yeast two-

hybrid assays proteins may misfold due to fusion with transcription factor or binding

domains, leading to unspecific false-positive interactions. Similarly, in TAP-MS,

TAP-tagging may cause misfolding, or interactions may be reported with proteins

that do not interact with the “bait” protein, but instead with another “prey” that

is in the complex. False-negative interactions may similarly arise from misfolding

of fused or tagged proteins, or from the lack of post-translational modifications

for human proteins in yeast. Further sources of false-positive and false-negative

interactions are reviewed in [20, 67, 68, 87].

The false-positive error rates of these data sets have been estimated at 35 - 70%

for yeast two-hybrid, and 35% for TAP-MS data [83,88]. The high yeast two-hybrid

error estimates have been disputed based on a more detailed statistical analysis that

gives values of 17% and 21% for two high-throughput yeast two-hybrid data sets [89].

Comparatively lower error rates for yeast two-hybrid assays have been supported

by a study on the yeast interactome [90]. In comparison, false-positive rates for
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manual literature curation of experimental evidence from small-scale studies have

been estimated to be between 2 and 9% [91], or even as high as 35% [82] by different

studies. Generally it is assumed that literature curated protein-protein interactions

represent the closest data set to a gold standard that is available [92].

False-negative error rates are more difficult to assess as these require data on

the protein interaction space that was investigated by each data set, which is

generally not reported. Independent estimates on yeast and human data have

suggested that 90% of interactions are falsely reported as not present in any single

high-throughput experiment [88, 90].

Due to the large variation in error rate estimates, the estimated size of the

human interactome varies similarly. The total number of estimated interactions has

been quoted as between 154,000 and 650,000 [88, 93], and it appears to increase

with the availability of more data [90]. These esimates do not take into account

protein isoforms or differently post-translationally modified proteins, which would

increase the size of the system considerably [13]. Given these size estimates, the

largest currently available human interactome data sets have a coverage of between

179% (for example due to oversaturation with false-positive interactions) and 42%

(see Table 2.1 for interactome sizes).

2.1.2.2 Quality control

Due to the high error rates estimated for protein-protein interaction data sets (see

Section 2.1.2.1), methods to improve the quality of these interaction data sets have

been developed. The two most common quality control approaches are manual

literature curation (eg. [91]) and multiple reporting (eg. [82, 88]).

In Section 2.1.2.1 we mentioned that manual literature curation is regarded as

the gold-standard for protein-protein interaction quality control. The “depth” of

this curation refers to the detail with which a protein-protein interaction is reported.

While deep curation efforts produce high-quality interaction data, they involve

curators carefully reading publications and are therefore slow.
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In contrast, filtering protein-protein interaction data sets for interactions that

have been reported by at least two independent studies is a quick computational

method for quality control. This filtering has been shown to improve false-positive

rates for interactions from 45% to 8.5% in a small sample of published data [82].

Indeed, this method is commonly used to obtain high-quality interaction data sets

intended to represent ground-truth interactions (eg. [82, 89, 94]).

Other methods of improving the quality of interaction data sets revolve around

assigning confidence scores to interactions and filtering based on these scores (eg. [95–

97]).

The implementation of quality control measures represents a compromise between

optimizing false-positive and false-negative rates. Increasing the false-negative rate

has been shown to introduce biases into the data sets. Literature curation of small-

scale studies creates data sets of proteins that have many interactions due to them

being well-studied (inspection bias) [74,79,98]. Furthermore these data sets tend to

include proteins that are more functionally similar than would be expected [99]. It

has been suggested that this may be due to non-reporting of interactions that do

not fit the biological hypothesis investigated in a study. Filtering interactions by

multiple reporting has been argued to be subject to similar biases [74]. Due to the

low coverage of protein space currently experimentally tested, interactions between

well-studied proteins are selected for even in high-throughput data sets [74, 89].

2.1.3 Protein-protein interaction databases

While protein-protein interactions are measured using a variety of experimental

techniques under different conditions, it is important to combine them as no

individual study is able to give sufficient coverage of protein space [12]. Such

combinations of protein-protein interaction data sets are stored in databases. The

databases differ in their depth of curation, in the extent of the curation efforts

(coverage), and in further implemented quality control measures. Due to the large

number of databases for protein-protein interaction data which are continuously

increasing, a comprehensive review is not feasible. Several important databases
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are reviewed in [68,75,84]. Here we give a small overview of databases that store

experimentally determined physical protein-protein interactions such as the A-type

and P-type interactions discussed in Section 2.1.1.

The main protein-protein interaction databases are BioGrid [100,101], IntAct [102],

HPRD [103, 104], and STRING [105].

BioGrid is a large interaction database (see Table 3.1) which allows for public

submission of small-scale interaction data and submission of large scale data sets

with little curation [101]. While yeast data is fully manually curated, human data

quality is addressed by random manual re-curation of small interaction samples

and themed curation efforts to increase the coverage of interaction data for specific

applications. BioGrid stores both physical protein-protein interactions as described

in Section 2.1.1, and genetic interactions based on evidence from gene knockout

experiments. As most experimental techniques focus on detecting protein-protein

interactions for only the dominant isoform (see Section 2.1.1), BioGrid reports

proteins by Entrez Gene IDs simplifying the relationship between genes and

proteins to one-to-one.

IntAct is another large interaction database, that focuses on high coverage. It has

recently merged with the well-curated MINT database and curators from both teams

are now focusing their curation efforts on specific datasets similar to BioGrid [102,

106,107]. As a member of the iMex consortium (of which BioGrid is an observer) it is

a part of a large, deep protein-protein interaction curation effort to curate the entirety

of protein-protein interaction publications [108]. Systematic re-curation of older

database entries will gradually improve the data quality in IntAct. Interaction data

from all iMex Consortium members have recently become available via the online

tool, PSIQUIC. While this tool allows for simple queries, large scale downloads

require individual downloads from all databases. Furthermore, distinguishing

between inferred and experimentally determined interactions is currently difficult

as non-iMex members can also be queried with this tool [108]. In IntAct, proteins

are reported via UniProt protein identifiers, thus allowing for reporting of isoform-

resolved protein-protein interactions (see Section 2.1.1).
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Although the Human Protein Reference Database (HPRD) [103,104] has not been

updated since 2010, it is still a commonly used source of protein-protein interaction

data. This database was initially compiled from manually curated small-scale protein-

protein interaction publications around in vivo experiments with little focus on high-

throughput studies. Similar to BioGrid and IntAct, submission of interaction data

via an online tool has increased the database size drastically from its initial size [104].

The STRING database [105] integrates interactions reported in other databases

that perform primary literature curation, and includes other data sets which can be

used to infer “functional linkages” between proteins (eg. [109]). This database assigns

confidence scores to protein-protein interactions based on experimental evidence

as well as other supporting data in a non-transparent fashion. Interactions can be

thresholded using these scores to allow the user to decide on the compromise between

quality and coverage of interactions. However, performing simple thresholding may

not be the best way to use these confidence scores [110]. Furthermore, STRING

is designed as a query interface for small interaction data sets. Obtaining the

entire interactome requires a license.

A further protein-protein interaction database which is used in this project is

the HINT database [69]. HINT is an interaction database that combines interaction

data from several other databases including IntAct and BioGrid and implements

rigorous quality control based on multiple reporting and manual curation (see

Seciton 2.1.2.2). Interactions from small-scale studies are only included in HINT

if they are reported by at least two publications and high-throughput studies are

manually curated. Proteins are reported as gene identifiers as in BioGrid, and made

available split into high-throughput and literature curated data sets, or A-type

and P-type interactions (see Section 2.1.1).

To get an idea of the differences in coverage of the described databases the

protein-protein interaction data set sizes retrieved at the time of writing (16th

August 2016) mapped to Entrez gene IDs are shown in Table 2.1.
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Table 2.1: Protein-protein interaction database Human data set sizes.

Network Proteins Interactions
BioGrid 20,899 275,501
IntAct 13,726 103,199
HPRD 9,270 36,918
STRING 20,457 -
HINT 12,227 73,317

Table 2.1: The data sets were obtained on the 16th of August 2016. The number of edges for the
STRING database could not easily be obtained due to licensing issues, and it is unclear whether
the number of nodes quoted represents different genes or includes isoforms. The HPRD data is
equivalent to that in Table 3.1 (retrieved February 2014) due to its lack of recent updates.

2.1.4 Network description of protein-protein interaction data

Protein-protein interaction data are often represented as a network (Figure 2.1).

In the network representation, nodes represent proteins (or dominant protein

isoforms denoted by gene identifiers, see Section 2.1.1), and edges between nodes

denote interactions reported between these proteins. While the edges in this

network are commonly unweighted and undirected, edge weights can be added

for example as confidence scores (see the STRING database in Section 2.1.3), or

to represent protein similarities (see Section 1.1.2). Self-interactions and multiple

edges are generally filtered out.

The network that remains after these processing steps is called a protein

interaction network (PIN). In this PIN it may not be possible to reach every

protein from every other one only by tracing the edges (it may not be connected).

Connectedness is however a desirable quality for methods such as community

detection that partition the network into smaller substructures (see Section 2.3).

For this purpose the largest connected component of a PIN is commonly used.

Using the largest connected component is important in this project as its use

guarantees that there are connections between any two differentially expressed

genes overlaid onto the network (see Section 1.1.3).
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Figure 2.1: Network representation of a PIN from the HINT database Diagram of the
largest connected component of HINT-P-14 [69] (Data set retrieved May 2013 and processed as
described in Section 3.1.1). The network contains 7,869 nodes and 24,375 edges. Nodes represent
proteins and edges are interactions between proteins. All edges are undirected and multiple edges
and self-loops are filtered out. The network is too complex to detect substructures visually.

2.2 Networks

Networks, or graphs, are sets of nodes which are connected by edges. They are

commonly referred to using the notation G(V,E), where V represents the node

set, E the edge set, and G the graph or network. Mathematically, a graph can be

described via its adjacency matrix A = Aij for i, j ∈ V . For a graph of N nodes,

A is an N ×N matrix which has an entry of 1 if there is an edge between nodes

i and j, and 0 otherwise. In the case of a network of undirected interactions (eg.

PINs in Section 2.1.4) the respective adjacency matrix A is symmetric. Here, we

refer to a graph as a mathematical object, and a network as a representation of

a data set such as protein-protein interactions.

Recently, the concept of a graph has been extended to multilayer graphs.

Multilayer graphs contain multiple layers of standard graph representations with

interlayer edges connecting nodes [111]. In these graphs adjacency tensors or

supra-adjacency matrices replace the described adjacency matrix. While such a

graph representation has been used to integrate biological data sets for functional
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module detection [50], we focus on single layer graphs due to the availability of

a vast array of analysis methods.

In this section we give a short introduction to the network/graph terminology

used to describe PINs. A more comprehensive review of network theory can

be found in [112].

2.2.1 Network summary statistics

Networks can contain millions of nodes and billions of edges (eg. [113]). To generate

insight from such complex networks it is necessary to describe the networks in a

simple, summarized manner. Network summary statistics are used for this purpose.

One of the simplest descriptions of a network is its density. The density of

a network is the fraction of possible edges that are realized in the network. It

is calculated by the equation:

Density = 2|E|
N(N − 1) , (2.1)

where N = |V | denotes the number of nodes, and |E| the number of edges. While

the density puts the number of edges into the context of the network size, it does not

convey information about the network structure. Network descriptions that consider

the network structure include the degree distribution, clustering coefficients, and

shortest path length statistics, which are described as follows.

The nodes with which a node is connected are called its neighbours. The number

of neighbours a node i has, is given by its degree ki. The degree is calculated

from the adjacency matrix Aij by the equation:

ki =
∑
j

Aij. (2.2)

Using this concept networks can be described by the distribution of node

degrees. The number of nodes with degree k = K for all K = 0, . . . , |V | − 1

is called the degree distribution of the network (Figure 2.2). Figure 2.2 shows

a typical PIN degree distribution with a large proportion of nodes with a low
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degree, and few nodes with a high degree. The degree distribution can in turn

be summarized via its mean and variance.

Figure 2.2: Degree distribution of HINT-P-14 The number of nodes with a given degree in
a log-log plot for HINT-P-14 (see Section 3.1.1 for HINT-P-14). This is the degree distribution of
the network shown in Figure 2.1. The plot depicts a characteristic heavy-tailed degree distribution
for PINs showing there are many low degree nodes, but only few very high degree nodes. The
highest degree node in HINT-P-14 is GRB2 (degree 376).

How closely nodes group together in a network can be assessed via global

and local clustering coefficients. Similar to the density, these statistics assess the

proportion of triangles that are realized in the network. The global clustering

coefficient Cglobal is calculated by:

Cglobal = 3× Number of Triangles
Number of Connected Node Triples . (2.3)

In contrast, the local clustering coefficient is calculated for every node individually.

It is defined as the fraction of a node’s neighbours which are each others neighbours.

The local clustering coefficient thereby evaluates how close to a clique, a complete

subgraph, the neighbours of a node are. Taking the average of the local clustering

coefficients in a network gives a measure of clustering which is different from the

global clustering coefficient.
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A path in a graph is a trajectory between connected nodes. The length of this

path is the number of edges traversed in the trajectory. Thus, a shortest path

between two nodes is a path between these nodes that traverses the fewest edges.

Summary statistics based on shortest paths include the radius and the diameter of

a network. These statistics are defined via node eccentricities. The eccentricity of

node i is the maximum shortest path length between node i and any other node

in the network. In turn, the radius and diameter of a network respectively denote

the minimum and maximum node eccentricities.

A more comprehensive overview of network summary statistics can be found

in [112].

2.2.2 Network structure

As mentioned in Section 2.2.1, network summary statistics can give insight into

the structure of a network. For example, networks with comparatively small

shortest path lengths and high clustering coefficients are thought to exhibit the

small world property [114]. This property suggests that the network exhibits locally

dense substructures with few long-range edges connecting these clusters. Likewise,

networks with a degree distribution that resembles a power law have been modeled

as emerging from a process where the network grows by new nodes preferentially

attaching to other nodes with a high degree [115]. While PINs have been described

as scale-free alluding to a power law degree distribution [13, 116], this conclusion is

not sufficiently supported by the data [117–119]. Indeed common network models

have not been able to reproduce the structure observed in PINs [119–121].

In this project meso-scale network structure is of particular interest. Meso-scale

network structure describes patterns in network structure that exist between the

global level of summary statistics and the level of nodes and edges [122]. This

level of structure helps to break down complex networks into smaller chunks that

can be separately analysed. Two examples of meso-scale structure are community

structure and core-periphery structure. Core-periphery structure consists of a dense

network core and a sparsely connected network periphery. Peripheral nodes tend
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to be connected to the community core, but not to each other [122]. Community

structure, which is ubiquitous in PINs (see Section 1.1.2), describes local modular

clusters of nodes in networks. These two types of meso-scale structure are often

found in combination in real-world networks [122, 123].

The structure of a network can be sampled using methods such as ego-networks

(eg. [124]) or random walks (see Chapter 6). Ego-networks are subnetworks that

are constructed by taking a node i, the neighbours of this node, and all edges

between the nodes in this subset. Ego-networks can be extended past the immediate

neighbourhood by including all nodes that are neighbours of the nodes in the initial

ego-network and all edges between the nodes in the extended subset. The extension

of an ego-network is denoted by the number of hops. A one-hop ego network

includes only the immediate neighbours of a node, while a two-hop ego-network

also includes indirect neighbours (neighbours of neighbours).

Random walks are dynamic processes on a network that trace network paths.

In its most basic form a random walk is a process that starts at a node i, and

moves to a node j chosen uniformly at random from the neighbours of node i. This

process is repeated until a stop criterion is reached. Such a stop criterion can be

determined based on the length of the random walk. Unless otherwise stated, in

this thesis we generally refer to the length of a random walk as the number of

unique nodes that have been traversed, including the start node. Other definitions

focus on the number of edges (see also path length in Section 2.2.1), or allow for

multiple counting of nodes that are traversed more than once.

2.3 Communities in networks

Community detecton methods attempt to uncover the modular structure of networks.

By finding groups of nodes which interact more with each other than with the

rest of the network, networks can be partitioned into connected substructures

called communities. This partitioning is performed based on the topology of

the network and edge weights.
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The way in which a network is partitioned into communities depends on the

definition of the term “community” (Figure 2.3). For example, communities can be

defined as densely connected groups of nodes where each node is assigned to a single

group with few edges between groups (non-overlapping communities). Alternatively,

communities may overlap. The nature of this overlap can be defined differently

between methods (Figure 2.3). The community definition used by a method is

often incorporated into an objective function which can be optimized with respect

to the network partition to detect communities.

Figure 2.3: Types of community detection methods. The left-hand side of each of the
three images represents a network view and the right-hand side the corresponding adjacency
matrix. The darker the regions in the adjacency matrix are, the denser the corresponding network
regions. a) The standard view of non-overlapping community detection as dense communities with
less dense inter-community regions. b) Less dense community overlaps between dense clusters by
eg. edge-based methods. c) Dense community overlaps between communities. (After [125] ©2017
Association for Computing Machinery, Inc. Reprinted by permission.)

As PINs are thought to have a modular structure that reflects the underlying

molecular organization of biological functions (see Section 1.1.1), community

detection methods are used to extract functional modules (see Section 1.1.2). In

this section we introduce the three approaches to the community detection problem

that were applied to PINs for functional module detection in this project. The

selected approaches include non-overlapping methods (Modularity Maximization

using the Louvain algorithm [126]), and overlapping community detection methods

(link clustering [127] and BigCLAM [125]). The methods presented here were chosen

as they represent characteristically different approaches to the community detection

problem (see Figure 2.3) and have previously been applied to PINs [48, 125, 127]. A

further selection criterion was speed. The methods used easily scale up to commonly

available PIN sizes and are thus feasible for community detection at multiple scales

(see Section 2.3.1). More extensive reviews can be found in [128–130].
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2.3.1 Resolution

Functional modules can be found at multiple scales (see Section 1.1.3). In community

detection, this notion of “scale” is called resolution. In the same way that a village

is part of a county, which in turn is part of a country, communities exist at different

resolutions (Figure 2.4). To detect hierarchical community structure, resolution

parameters are incorporated into community detection methods.

Figure 2.4: The effect of a resolution parameter in community detection The circles
represent communities and the lines denote edges between them. The size of a circle, or a line,
is proportional to the community size, or the number of edges between two communities, on a
logarithmic scale. The three graph representations show network partitions generated at different
resolutions by the configuration model Louvain community detection method implemented on
HINT-P-14 (see community detection method in Section 2.3.2 and HINT-P-14 in Section 3.1.1).
Different community decompositions are generated at different resolutions.

As shown in Figure 2.4, increasing the resolution parameter has a “zooming-in”

effect on the network partition. At low resolution the entire network is partitioned

into a single community, while all nodes are in their own communities at high

resolution. In between these extremes, the network is partitioned into smaller

communities as the resolution is increased.

In order to detect functional modules at different scales, the community detection

methods used in this project either incorporate a resolution parameter, or include

a parameter that may be used as a proxy for resolution.

2.3.2 Non-overlapping community detection

The traditional image of communities in networks are those of sparsely intercon-

nected dense clusters shown in Figure 2.3(a) [128,129]. While statistical methods

of detecting such communities based around the stochastic block model [131] have
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been developed since the 1980s, in 2002 community detection received renewed

attention with the publication of a seminal computational technique, the Newman-

Girvan algorithm. This algorithm iteratively removes edges from the network,

based on the number of shortest paths between all nodes that traverse these

edges, to leave disconnected subnetworks that represent communities [132] (see

Section 2.2.1 for shortest paths).

The increased research interest into community detection methods following

this publication led the authors to introduce the concept of Modularity to evaluate

the quality of the detected community structure [133]. Modularity has since

been used directly to detect communities using various optimization algorithms

(eg. [27, 126, 134]). As Modularity Maximization has previously been used to detect

functional modules in PINs [48], we focused on this method for non-overlapping

functional module detection.

Modularity Q is a measure that describes the strength of the community structure

in a given partition by evaluating how much more communities are connected than

expected by a random background model [133]. It is given by the equation

Q =
∑
i

(eii − a2
i ), (2.4)

where eii denotes the fraction of edges in the network that are between nodes in

community i, and ai is the fraction of edges that connect to nodes in this community

(Note ai = ∑
j eij where eij is the fraction of edges between communities i and j).

By finding a network partition that maximizes this measure, Modularity can be

used to partition networks (Modularity Maximization). The obtained partitions are

both non-overlapping (a node is assigned to only one community) and complete

(each node is partitioned into a community).

A multi-resolution adaptation of Modularity Maximization is the Potts method [135].

The objective function that is optimized in the Potts method (the energy functionHγ)

is:
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Hγ(σi, . . . , σN) =
∑
ij

(Aij − γpij)δ(σi, σj). (2.5)

This equation is equivalent to Equation (2.4) for γ = 1 reframed in an integer

linear programming approach [136]. In this equation, σi denotes the community

membership of node i, A denotes the adjacency matrix, γ is the resolution parameter

and pij denotes the probability of interaction between nodes i and j under a

null model. As indicated by the Kronecker-Delta function δ(σi, σj), which is

1 if σi = σj and 0 otherwise, the sum is taken over all nodes i and j which

are in the same community. Thus, the interaction strength Aij − γpij gives an

indication of how well connected the two nodes i and j are, compared to what

is expected under the null model pij.

The null, or background, model should thus summarize the expected structure

of PINs. Pairs of nodes that are connected more than expected from this null model

and the resolution factor γ increase the energy function Hγ, and should thus be

assigned to the same community by the optimization algorithm. The lower the

value of γ, the more likely it is that two nodes are assigned to the same community

and larger communities will be created, and vice versa for high resolutions. This

interplay of resolution parameter and null model shows that the choice of null

model is central to the network partition obtained from multi-scale Modularity

Maximization. In the absence of a null model that accurately describes the structure

of PINs (see Section 2.2.2), two existing models are commonly used.

2.3.2.1 Configuration model

The null model implicit in the definition of Modularity (Equation (2.4)) is the

Newman-Girvan null model, also often called the configuration model [133, 134].

This null model is given by the equation

pij = kikj
2m , for i 6= j, (2.6)
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where ki denotes the degree of node i, and m is the total number of edges in

the network as calculated by ∑
ij Aij/2. Equation (2.4) can be recovered from

Equation (2.5) with this null model, by including the factor 1
2m and using γ = 1 [112].

The Newman-Girvan null model is a commonly used background model (also

for PINs [48]), which conserves the degree distribution of the network. This model

evaluates the significance of an edge between two nodes based on the probability of

there being an edge between two nodes of the given degrees under random rewiring.

Although rare in sparse networks [112, pp.440-441], the model thus incorporates the

possibility of self-loops and multiple edges, which are generally excluded in PINs

(see Section 2.1.4). However, the conservation of the degree sequence of the network

enforces similarity to the original network, thereby making the configuration model

a plausible model of what an “expected” network would be.

As the configuration model uses node degrees to calculate expected interaction

probabilities, network partitions by Modularity Maximization using this null model

will be dominated by high-degree nodes (hubs). For example, in currently available

PINs which contain over 100,000 edges, Potts method Modularity is maximized

when two interacting degree two nodes are partitioned into the same community up

to a resolution of γ = 50, 000 (as 1− (50, 000) (2)(2)
200,000 = 0 by Equation (2.5)). This

behaviour can lead to longer chains of degree two nodes in the same community.

Including edges in a community negatively contributes to the overall Modularity

only when the degrees of the interacting nodes are sufficiently high.

A further limitation of configuration model Modularity that was recently found

is its implicit assumption that all communities are “statistically similar” [137]. By

showing that network partitions using this method are equivalent to those found

by a simplified stochastic block model (see Section 2.3.3.1), it was shown that

Modularity assumes that the interaction probabilities within all communities in

a network are the same after taking into account node degrees.

It should be noted that the term “configuration model” was initially used to refer

to a generative network model in which the edges are randomly rewired between

nodes with the degree distribution kept constant. In this model the degrees are
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kept exactly constant for each realization, while the described Newman-Girvan null

model uses probabilities based on which a graph can be generated with consistent

expected degrees. These methods are regarded as near equivalent [129] and thus

the term “configuration model” is used here to give credit to the earlier work [138].

2.3.2.2 Constant Potts model

Modularity Maximization can be subject to a resolution limit [139–142]. This

resolution limit has the effect that large communities of random structure may

be subdivided, and small communities compared to the network size may be

merged with neighbouring ones, even in cases with clearly pre-defined modular

structure [139]. The resolution limit thus introduces a source of error which is

dependent on community size. While multi-resolution community detection can

affect the community sizes at which this resolution limit affects the network partition,

it cannot always circumvent the issue [141]. It has however been suggested that

this phenomenon is dependent on the null model used, with the Constant Potts

Model (CPM) not exhibiting this effect [140]. The CPM uses a complete graph

as expectation which is given by the equation

pij = p = 1 , for i 6= j. (2.7)

Using the CPM as null model for Modularity Maximization leads to a resolution

parameter γ that controls the interaction probability between two nodes in the

same way as a Bernoulli random graph (see Equation (2.5)). It can be shown that

this null model directly controls the density of detected communities.

In Modularity Maximization nodes are assigned to the same community when

this assignment increases the overall Modularity. By Equation (2.5) with the CPM

(Equation (2.7)), a positive contribution to the overall Modularity is given when

Aij − γ > 0. As the Kronecker-delta function has the effect that the sum in

Equation (2.5) goes over all node pairs in a community, a positive community

contribution to Modularity can be written as:
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|EC | − γ
NC(NC − 1)

2 > 0.

Here NC is the number of nodes in the community, NC(NC−1)
2 is the number of node

pairs in the community, and |EC | is the number of edges between nodes in the

community. This equation can be rearranged for γ to give

γ <
2|EC |

NC(NC − 1) ,

where the right hand side is equal to the density of the community (see also the

density of a network in Equation (2.1)). The re-arranged equation shows that

nodes are partitioned into the same community if the resulting community has

a density greater than the resolution parameter γ. Thus, γ directly controls the

density of communities detected by CPM Modularity Maximization. This density

selection has the effect that node chains will not maximize the Modularity using

the CPM in contrast to the configuration model, suggesting that the two null

models select for different types of communities.

While the configuration model has previously been used to find functional

modules in PINs [48], the validity of communities found using the CPM in the context

of PINs requires further investigation. Furthermore, the absence of a resolution limit

for Modularity Maximization with the CPM null model has been contested based

on the analysis of simulated networks [141]. Recently, it has also been suggested

that using constant null models such as the CPM in Modularity Maximization is

equivalent to fitting a standard stochastic block model (see Section 2.3.3.1). This

model assumes the network exhibits a Poisson degree distribution [137] which is

not the case for PINs (see Figure 2.2).

2.3.2.3 Maximizing Modularity: the Louvain algorithm

Modularity Maximization is an NP-hard problem [136], which implies that finding

a network partition that maximizes Modularity cannot be done both precisely and

time-efficiently. Therefore, heuristic methods are used to find network partitions

that approximately maximize Modularity.
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The heuristic used to maximize the Modularity equation has an effect on

the resulting network partitions. It has been argued that there can exist many

structurally different network partitions that approximately maximize Modularity

using the configuration model [142]. This effect is more pronounced, the more

modular the network structure. Thus, a single network partition generated from a

heuristic optimization of Modularity may not resemble the Modularity-optimal case.

This effect is referred to as the degeneracy problem and can be addressed through

the use of consensus partitioning using multiple community detection runs [50, 143].

As modular structure is arguably easier to detect the more modular the network is, a

good optimization heuristic may also minimize the effect of the degeneracy problem.

Here, we use the Louvain algorithm to maximize Modularity [126] (Figure 2.5).

This algorithm has been shown to outperform other optimization techniques for

Modularity Maximization even without the use of consensus clustering [27,144].

The Louvain algorithm performs Modularity Maximization by initially placing

all nodes into separate communities. In the Modularity optimization step nodes are

moved between communities by community mergers and separations that increase

the Modularity of the partition. This process is performed with a random node

ordering until no further node movements can increase the Modularity. In the

subsequent community aggregation step, the communities are aggregated into

nodes. Edges between communities become weighted edges between the new

nodes so that the process can be repeated iteratively using a weighted adjacency

matrix W = wijAij with edge weights wij. These two steps are repeated until

no node rearrangement step can be performed which would further maximize the

Modularity of the partition [126].

2.3.3 Overlapping community detection

While Louvain Modularity Maximization detects non-overlapping communities, in

real-world networks communities may overlap. For example, a protein can have

multiple functions and thus be a member of multiple functional modules (see

Section 4.2), or a person may have friends at work and at their sports club and
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Figure 2.5: Schematic diagram of a single pass of the Louvain algorithm The Modularity
optimization step rearranges single nodes into larger communities, and the community aggregation
step subsequently aggregates these communities into individual nodes with weighted interactions.
The displayed pass is repeated until no further community splits or mergers are beneficial. Node
colour represents community affiliation, edge labels represent weights, and aggregate node labels
represent numbers of intra-community edges. (After [126]; ©SISSA Medialab Srl.. Reproduced by
permission of IOP Publishing. All rights reserved.)

thus belong to both friendship groups. Many community detection methods have

been proposed that detect overlapping communities [129]. These methods can

be categorized into those that detect sparsely overlapping communities and those

that detect dense overlaps [145] (see Figure 2.3).

Here we introduce one community detection method that detects dense overlaps

(BigCLAM [125]), and one method that detects sparse overlaps between commu-

nities (Link clustering [127]). These methods were chosen as different approaches

to the community detection problem which are fast and have previously been

applied to PINs.
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2.3.3.1 BigCLAM

The Cluster Affiliation Model for Big Networks [125] (BigCLAM) is a fast approx-

imation of the Affiliation Graph Model (AGM) [145], which in turn expands the

concept of a stochastic block model [131] to overlapping communities.

Stochastic block models assume a probability of interaction for every node pair

based on latent parameters θ for groups of nodes (blocks). These blocks are often

viewed to represent communities although the model itself does not assume higher

probabilities of edges within blocks than across blocks. Given the block membership

of the nodes, the edges are assumed to be independent. Using such a model, the

probability P (G|θ) that a network G is generated from a specific parameter set θ

can be calculated. A parameter set θ̂ which maximizes this probability represents

an optimal community partition of the network. The approach taken to maximize

P (G|θ) determines the speed and precision of the community detection method.

Optimization methods are reviewed in [139].

The AGM [145] models the interaction probability between two nodes u and

v based on the set of communities these nodes share Cu,v, and the interaction

probabilities pk of nodes in these communities by the equation:

p(u, v) = 1−
∏

k∈Cu,v

(1− pk). (2.8)

Here, the interaction probabilities pk are similar to the interaction probabilities

within blocks in a stochastic block model. As nodes can be assigned to multiple

communities, the interaction probability is calculated over all communities that

two nodes share.

This model is fitted to networks by Metropolis Monte-Carlo and gradient descent

to obtain network partitions [145]. As this method does not scale well to large

networks, BigCLAM was developed to approximate the model and address the

scaling issue. The improved time-efficiency can be seen using our HINT-P-14 data

set with 7,869 nodes and 24,375 edges (see HINT-P-14 in Section 3.1.1). While
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AGM community detection took approximately a month to fit 1000 communities,

BigCLAM did the same in minutes.

Instead of having a single parameter pk for every community, BigCLAM assigns

every node u an interaction strength Fuk in every community k ∈ C [125] (see

Figure 2.6). This interaction strength parametrizes how strongly node u is connected

with other nodes in the community k. Each node u is thus assigned a 1×K vector

of interaction strengths Fu, where K = |C| is the number of communities. In this

model the probability that two nodes u and v interact p(u, v) is then given by:

p(u, v) = 1− exp(−Fu · Fv
T ).

Here, Fv
T is the transpose of the vector of interaction strengths of node v. Nodes

are modelled to be more likely to interact the stronger their interaction strengths

in common communities are.

Figure 2.6: Schematic Diagram of BigCLAM. Boxes represent nodes, and circles represent
communities. a) The community affiliation graph showing which node is a member of which
community. Here red nodes are affiliated with both communities A and B, blue nodes are affiliated
only with community A, and green only with community B. b) Schematic showing that nodes
may have different interaction strength weights for different communities. Node u is depicted
having an interaction strength FuA in community A, and an independent interaction strength
FuB in community B. (After [125] ©2017 Association for Computing Machinery, Inc. Reprinted
by permission.)

The interaction strengths, Fuk, are turned into discrete community memberships

by thresholding. When Fuk is greater than a threshold, usually set to the background

interaction probability in the network (the density), the node is regarded as affiliated

with community k. The community affiliation matrix is thus determined by a K×N

interaction strength matrix F, where N is the number of nodes in the graph. The



2. Background 41

network G is partitioned into overlapping communities in BigCLAM by finding the

values of F which maximize the log likelihood function, l(F) = logP (G|F) [125]:

l(F) =
∑

(u,v)∈E
log(1− exp(−FuFv

T ))−
∑

(u,v)6∈E
FuFv

T . (2.9)

Here, (u, v) ∈ E denotes all node pairs connected by an edge in the edge set E

of the graph. The first term is a sum over the interaction likelihoods of all edges

in the graph G, giving a positive contribution to the overall likelihood, while the

second term penalizes for the node pairs with a non-zero interaction likelihood

which are not present in the graph.

By generalizing the otherwise discrete community affiliation values into a matrix

of continuous values F ∈ [0, 1]K×K , BigCLAM can use a non-negative matrix

factorization approach to optimize Equation (2.9) [125,146]. While the implemented

optimization algorithm (backtracking line search) is not guaranteed to find a global

optimum partition, investigations on synthetic networks show “good partitions” are

found 98% of the time [125]. This imprecision in partitioning is a compromise made

in favour of speed. BigCLAM has been shown to outperform other overlapping

community detection methods for algorithmic efficiency, while still performing

favourably in accuracy comparisons [125].

A limitation of the algorithm is that the number of communities to be fitted

is not optimized for using BigCLAM. Instead it is proposed that 20% of the edge

data can be used as a hold-out set to evaluate the quality of fit of the remaining

80% for a varying number of communities [125]. As a resolution parameter is

not built into the method we use the number of communities as a proxy for

resolution (see Section 3.1.2).

2.3.3.2 Link clustering

Link clustering is a hierarchical, edge-based community detection method. As such,

rather than partitioning nodes into communities, link clustering generates edge

communities. These edge communities can be turned into sparsely overlapping
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node communities by assigning the nodes to which the clustered edges connect

to communities [127].

Using this method edges are clustered based on edge similarities. These

similarities are calculated for all edges that share a so-called “keystone node”

k. The nodes not shared by the edges are referred to as “endpoint nodes”. The

edge similarity is calculated by the equation

s(eik, ejk) = |n+(i) ∩ n+(j)|
|n+(i) ∪ n+(j)| . (2.10)

Here eik denotes the edge between nodes i and k, and n+(i) is the inclusive neighbour

set of node i defined as the set of neighbours of node i including the node itself.

This similarity measure is the Jaccard index of the inclusive neighbour sets of the

endpoint nodes and ranges between zero and one (Figure 2.7).

Figure 2.7: Schematic diagram of link clustering community detection. a) shows a
schematic of how the similarity metric of link clustering is computed between the links eik and
ejk. Nodes within the dotted grey boundaries are overlapping between both neighbour sets n+(i)
and n+(j), giving a similarity of 4

12 for this edge comparison by Equation (2.10). b) shows an
example link clustered network where edge communities are represented by different colours.
The corresponding edge similarity matrix and dendrogram is shown in c). Darker regions in the
matrix denote higher edge similarity with black being a similarity of 1, and white of 0. This
edge similarity matrix exhibits blocks of similar edges which are clustered together to give the
community structure shown in b). (Adapted by permission from Macmillan Publishers Ltd:
Nature [127], copyright 2010).

All edges with a similarity value above a threshold s are clustered together to

form edge communities, where s is the resolution parameter. This procedure can

be interpreted as a cut through the dendrogram at height s in Figure 2.7c).
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Link clustering uses local network information to calculate edge similarities.

This local focus has the advantage that edge similarity values are quick to compute

and thus link clustering scales well to available PIN sizes. In contrast, the edge

similarities being calculated using only local information also means that less

information is taken into account in the community detection process as compared

to global methods such as Modularity Maximization. Given this consideration,

it makes sense that link clustering has been shown to perform better on denser

networks [127] where more information is available at a local level.

2.3.4 Comparing community detection methods

In this section we have described a few of the many community detection methods

that differ in their definition of “community” and in their approach to community

detection [128,129]. To evaluate their performance, community detection methods

can be compared in their application to different data sets. In order to evaluate

successful partitioning, such comparisons require the knowledge of ground truth

community assignments of the nodes in a network. This ground truth information

can either be obtained from known communities in networks, or from generative

network models with community structure.

Several data sets with known community structure have been used to compare or

test community detection methods. A prominent example of such a network is the

Zachary Karate Club, which split into two groups after a dispute between two leading

members while the friendship network underlying the club was being studied [147].

Other real world networks with known community structure include an ecological

network of dolphins which divided into two groups upon the disappearance of an

individual [148], or the network of political committees and sub-committees in the

house of representatives in the US [128]. Networks with covariates that are thought

to define communities include 100 Facebook networks of US universities from

September 2005 with data on major subjects, year of study, and so forth [149,150],

Youtube user groups [151, 152], or an Amazon co-purchasing network with product

categrories [152].
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A network model that has been suggested as a benchmark for community

detection algorithms is the LFR graph [153]. This network model generates modular

graphs with power law degree and community size distributions. LFR graphs are

generated according to the configuration model with a mixing parameter controlling

the proportion of edges from each node that link to other nodes in the same

community. While this network model attempts to model characteristics observed

in real-world networks, it lacks hierarchical community structure and clustering

coefficients comparable to those observed in PINs and other networks [144].

In the case of PINs, neither ground truth modules nor a network model that

adequately models PIN structures exist (see Section 2.2.2). In a yeast PIN study [23],

protein complexes and pathway information were used as an approximation to

functional modules to evaluate detected communities. In the absence of standard

methods to compare community detection methods on PINs, functional annotations

are used to evaluate detected communities. A key contribution of this thesis is

to tackle the problematic nature of this approach. Functional annotations are

discussed in the following section.

2.4 Functional annotations

The quality of a community is commonly assessed via functional annotations.

These annotations describe protein characteristics in a structured way. Functional

annotations are used to evaluate the biological coherence of the proteins grouped

together in a community in order to evolve the mathematical concept of a community

into the biological concept of a functional module. In this way functional annotations

can be used as the basis for biological clustering in functional module detection

(see Section 1.1.2).

In this section we give an overview of some important functional annotation

resources with specific focus on the Gene Ontology [154].
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2.4.1 Ontologies and ontological concepts

Functional annotations are terms that describe the characteristics of molecules

such as proteins. These terms are generally organized in structured vocabularies

called ontologies. An ontology is a hierarchical structure, a directed acyclic graph

(DAG), that organizes terms by their specificity (Figure 2.8). The specificity of an

annotation confers the precision with with a characteristic is understood. Terms

higher up in the structure are general descriptions of protein characteristics and

terms lower in the ontology describe more specific characteristics. Links between

terms in an ontology describe hierarchical relationships directed from the general

term (parent) to the specific term (child) (eg. Figure 2.8).

As relationships between terms are directed from general to specific, the depth in

an ontology is loosely related to the specificity of a term. Here, the depth of a term

denotes the number of edges that separate this term from the root node, the most

general term in the ontology. As there can be multiple paths of different lengths

to the root node, the depth of a term is not necessarily well-defined in ontologies.

Thus, not every link in an ontology denotes the same increase in specificity (ontology

structure bias). To better model the specificity of an annotation, the Shannon

Information Content (IC) is used [155]. The IC quantifies the information conveyed

by a term based how commonly it is associated with a molecule using the equation:

IC = − log p. (2.11)

Here, p denotes the probability of finding a specific annotation in an external

information corpus, such as a list of genes with associated functional annotations or

a PIN with associated annotations. While IC is not subject to ontology structure

bias, it is affected by literature bias. Literature bias is the effect that terms

which describe protein characteristics that are often experimentally tested are

assigned a lower specificity, even if the tested characteristic would subjectively

be viewed as specific [155]. IC-based specificities may change over time as the

information corpus is expanded.
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When a functional annotation from an ontology is associated with a protein, this

term describes the most specific annotation that could be assigned to the protein

by a particular experiment or publication. The full set of annotations that together

describe the protein characteristic denoted by the specific annotation is contained

in the ontology structure. This full annotation set can be obtained by tracing all

paths from the specific annotation back to the root node against the direction of the

links. The set of terms traversed in this tracing is the full set of annotations that

describe the protein characteristic. We call this process ancestral path mapping.

As an example, using the subgraph of the Gene Ontology DAG shown in

Figure 2.8, ancestral path mapping from the term “negative regulation of zinc

ion import” gives the a full term set that further includes “negative regulation of

zinc ion transmembrane transport”, “regulation of zinc ion import”, “regulation

of zinc ion transmembrane transport”, “negative regulation of zinc ion transport”,

“biological regulation”, and “biological process”.

2.4.2 The Gene Ontology

The Gene Ontology (GO) [154] is one of the most popular functional annotation

resources [155]. The ontology is divided into three sub-ontologies: “biological

process” (BP), “molecular function” (MF), and “cellular component” (CC). The BP

sub-ontology describes the biological objective to which a protein or gene contributes;

MF describes the biochemical activity of the protein; and CC denotes the place

where a gene product is found [154]. For example, the gene HBA1 which encodes

for a subunit of the hemoglobin complex is associated with the BP term “oxygen

transport”, the MF term “oxygen binding”, and the CC term “hemoglobin complex”.

The relative sizes of the three sub-ontologies can be shown via the number of leaves

in the DAG. In a version of the GO from August 2015 (see Section 3.2.1), the

GO had 21,859 non-obsolete leaf terms which represent the most specific level of

annotation. Of these, 11,409 were from the BP sub-ontology, 7,922 were from

MF, and 2,528 belonged to the CC sub-ontology.
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The annotations in these sub-ontologies are linked by relations such as “is a” and

“part of”. While “is a” relations always link two annotations in the same sub-ontology,

“part of” relations may cross over between sub-ontologies. Therefore, only “is a”

relations are used for ancestral path mapping in the GO (see Section 2.4.1). The

structure of the GO is demonstrated by a subgraph of the GO DAG in Figure 2.8.

Figure 2.8: Subgraph of the GO DAG. This subgraph was induced by finding the neighbours
of the “biological regulation” GO-term. Arrows denote “is a” relationships and point towards the
more specific term. Often several paths between two GO-terms can be observed with a different
number of links, showing that links do not represent a fixed increase in specificity (ontology
structure bias). (Retrieved from yeastrc.org).

GO annotations are linked with genes or their protein products in gene association

files available from the GO. These associations are generated from computational

and experimental evidence, which are denoted by evidence codes (described in [156]).

Each association represents a manual curation effort, except “IEA” evidence code

associations which are generated computationally. Associations with an “IEA”

evidence code are the most common. In a human gene association file obtained in

July 2015 (see Section 3.2.1) over 30% of associations (146,398 of 486,639) were based

on “IEA” evidence. These associations are mainly transferred from other annotation



48 2.4. Functional annotations

databases from the same or related species. While studies have produced conflicting

results on whether these annotations should be included or not, the increase in

coverage given by their inclusion generally outweighs other arguments [157].

Other evidence codes that are of interest here include “IPI”, “RCA”, and “ND”.

“IPI” associations are inferred from protein interactions and should thus be excluded

when evaluating communities of interacting proteins for reasons of circularity. The

same argument holds for the “RCA” evidence code which denotes associations

inferred from reviewed computational analysis that includes large scale data sets

such as PINs. The “ND” evidence code denotes associations that were made based

on lack of biological data available and thus associate proteins or genes only with

the root BP, MF, or CC terms. “ND” associations do not necessarily conform to

the same notion of functional annotation as associations from other evidence codes.

The same argument is true of associations that have “NOT-qualifiers”, which denote

annotations that are not associated with a particular protein.

The GO is affected by both ontology structure bias and literature bias (see

Section 2.4.1). As most terms have several paths of different lengths to the root

term, not every link represents the same increase in specificity in the GO [155].

Similarly, due to high-throughput mapping of functional annotations that test for

particular functions, there are overrepresented functional annotations in GO gene

associations [158]. These biases affect depth and IC as measures of term specificity

(see Section 2.4.1). Despite these biases it has been suggested that IC is the preferred

method of capturing the specificity of annotations in the GO [157].

2.4.2.1 GO slims

A GO slim is a subset of the GO which typically contains general functional

annotations at a low depth. Gene associations of more specific terms can be

mapped to GO slim terms by tracing back “is a” relations towards the root node

until a GO slim term is reached. This process may map a specific annotation to

multiple GO slim terms (see Figure 2.8). The GO slim gene associations resulting



2. Background 49

from this mapping are designed to give a broad overview of the characteristics

of a protein at a glance [159].

GO slim sets can either be obtained directly from the GO, or generated

computationally. A GO slim set should provide a collection of terms at a similar level

of specificity. Using the approximations of specificity discussed in Section 2.4.1, term

sets at a similar specificity can be found using computational algorithms as in [160].

2.4.3 Other functional annotation resources

Functional annotations can also be extracted from a variety of resources other than

the GO, such as the MIPS FunCat [161], the Human Phenotype Ontology [162],

and pathway annotation databases such as KEGG [163] or Reactome [164, 165].

These resources are briefly outlined below.

It should be noted that the GO transfers gene associations from other databases

under the “IEA” evidence code. This transfer is performed via mappings from

GO terms to the annotations in the respective databases. Such mappings exist

for MIPS, Reactome, and KEGG. Thus, associations from these resources are

likely to be contained in the GO.

2.4.3.1 MIPS

The MIPS database [166,167] contains a functional annotation resource called the

functional catalogue (FunCat). Funcat describes the cellular function of proteins

and aims to be simple and intuitive [161]. It contains 1,069 functional categories

with which human proteins can be annotated compared to the 11,409 biological

process leaf terms (see Section 2.4.2) in the GO. While the simplicity of the ontology

is viewed as a strength of FunCat [161], it also suggests that FunCat categories

are coarse descriptions of protein functions. Such coarse descriptions may not be

ideally suited to assess the homogeneity of proteins in a proposed module.
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2.4.3.2 Human Phenotype Ontology

The Human Phenotype Ontology (HPO) describes human phenotypic abnormalities

caused by disease [162]. Similar to the GO, the HPO is divided into three sub-

ontologies: “mode of inheritance”, “onset and clinical course”, and “phenotypic

abnormalities”. The latter of these is typically used to describe disease phenotypes.

HPO disease annotations can be used as protein functional annotations via

protein-disease associations which are in turn mapped to HPO terms. Thus,

similarity of two human proteins based on HPO terms is a measure of how similar

the effects of the diseases are to which these proteins are linked.

Gene or protein-disease associations can be obtained from ClinVar [168] or

OMIM [169]. ClinVar contains information on risk loci which denote an increased risk

of a disease linked with a genetic variant, and both databases contain associations

for Mendelian diseases. Risk loci are regarded as low confidence associations

as an increased risk does not denote a causative link. Furthermore, risk loci

often lie outside defined genes on the DNA (intergenic) and therefore cannot be

unambiguously mapped to a respective gene [170]. In contrast, Mendelian disease

associations are viewed as causative. Mendelian disease traits are rare inherited

genetic variants with a high likelihood of disease association to a single gene (high

penetrance). In light of these considerations it makes sense that the HPO was

developed around Mendelian diseases [171].

2.4.3.3 Pathway annotations

Pathway annotations, such as those provided by KEGG [163] and Reactome [164,

165], summarize detailed knowledge of cellular pathways that perform biological

processes. The necessity to have detailed knowledge to assign a pathway annotation

leads to comparatively low coverage. For example, at the time of writing (August

2016) Reactome contains 9,321 genes with pathway annotations while 18,265 genes

are associated with GO annotations in the July 2015 data set (see Section 3.2.1).
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2.5 Functional homogeneity

Methods that use functional annotations to calculate the biological coherence of

proteins in a community are summarized by the term “functional homogeneity”.

There exist two main approaches for functional homogeneity calculation: functional

enrichment and functional similarity. These approaches are described in this section.

2.5.1 Functional enrichment

Functional enrichment is a statistical method of assessing how significant the

prevalence of a functional annotation is in a set of genes or proteins. While this

method was initially used to evaluate the statistical significance of a set of genes

obtained from the analysis of gene expression studies (eg. [172, 173]; see Section 2.6

for gene expression data), it has become the most popular method of community

evaluation (eg. [22, 24, 25, 27, 49, 50, 174–176]).

There are several methods of calculating the enrichment of a functional an-

notation which are reviewed in [172]. Here we focus on how the hypergeometric

distribution is used to assess the significance of a functional annotation k being

associated with fC proteins in a community where hC proteins are functionally

annotated, given a PIN with H annotated proteins where F proteins are associated

with the annotation k. The enrichment of the term k is quantified by the p-value

Pk which denotes the probability of observing a prevalence of at least fC uniformly

at random. This p-value is calculated by the equation:

Pk =
hC∑
i=fC

(
F
i

)(
H−F
hC−i

)
(
H
hC

) . (2.12)

It should be noted that the number of annotated proteins in a community hc is not

necessarily the same as the number of proteins in a community NC . As annotations

can only be shared by proteins that are functionally annotated, enrichment is

calculated over only these proteins.

Significant enrichment of an annotation in a group of proteins is determined

when the p-value is below a significance threshold α, which is often set at 0.05. The
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parameter α controls the Type-I error of the significance test. This error denotes

the probability that significance was assumed when the annotation was in fact

distributed according to the null hypothesis of uniformly distributed annotations.

When using functional enrichment for the evaluation of PIN communities, the

presence of a significantly enriched annotation at a specific significance level (often

0.05) is interpreted as a signal that a community is biologically coherent. This

is similar to using the p-value of the most enriched functional annotation as a

score for the community quality.

2.5.1.1 Correcting for multiple testing

At a significance threshold α = 0.05, it is accepted that every tested annotation has

a 5% chance of being declared significantly enriched when it is actually uniformly

distributed. Thus, when performing thousands of enrichment tests on the same

set of proteins at this α, a considerable number of annotations will falsely be

evaluated as significant. To counteract this effect, we can correct for multiple

testing of related hypotheses (a family).

There are many ways in which to correct for multiple testing, which are reviewed

in [177,178]. Here we briefly exlain two methods of controlling the family-wise error

rate (FWER) and the false discovery rate (FDR) that are used in this project.

The FWER is the probability that at least one annotation was falsely evaluated

as significant and the FDR denotes the expected proportion of annotations evaluated

as significant that are in fact not significant. Multiple testing correction approaches

that correct for these error rates are the Bonferroni correction and the Benjamini-

Hochberg correction respectively.

To keep a constant FWER, the Bonferroni correction divides the intended

FWER by the number of tests performed to obtain a multiple-testing corrected

significance level α. The probability of any significantly enriched annotation at

this significance level being false is given by the FWER used. Benjamini-Hochberg

controls for the FDR using a stepwise multiple testing correction procedure. In this

procedure the p-values are ranked and each assigned a separate significance level
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given by αi = FDR×i
m

, where m is the number of tests, i is the rank of an individual

test, and FDR is the pre-set acceptable false-discovery rate.

A further method of applying these multiple testing corrections is by directly

adjusting the p-value to reflect a more stringent significance test [177]. For example,

adjusted p-values using the Bonferroni correction are obtained by multiplying the

p-value and the number of tests m, while keeping a maximum adjusted p-value of 1.

As controlling the FWER is a strong limitation of the significance evaluation,

the Bonferroni correction is regarded as a conservative approach to multiple

testing correction. In comparison, controlling for the FDR is a less conservative

approach [177].

2.5.2 Functional similarity

The term “functional similarity” refers to the similarity of the cellular functions

in which two biological molecules are involved. This similarity is quantified using

semantic similarity measures which calculate the functional similarity of two proteins

based on shared functional annotations (see Section 2.4).

Semantic similarity measures can be divided into pairwise measures that compute

the similarity between functional annotations, and groupwise measures that compute

the similarity between groups of annotations. As proteins are typically associated

with groups of annotations, pairwise semantic similarity measures use mixing

strategies to combine pairwise similarity scores for protein functional similarity

computation. These mixing strategies entail using the maximum pairwise similarity

(Max), the average of all pairwise similarities (Avg), or combinations of these

strategies via the average of the highest similarity scores (Best Match Average

- BMA) [157, 179].

A common feature in the calculation of both groupwise and pairwise semantic

similarity is the use of a quantification of annotation specificity, such as the ontology

depth or the IC (see Section 2.4.1). Terms or term sets are compared via their

ancestral term sets obtained by ancestral path mapping (see Section 2.4.1). The
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specificity of the shared ancestral annotations is typically used to quantify the

functional similarity.

One of the oldest and most common semantic similarity measures [179], called the

Resnik score [180], epitomizes this approach by calculating the pairwise similarity of

two terms ρRes(t1, t2) via the highest IC score of the shared ancestral annotation set

(MIA = maximum informative ancestor). The Resnik score is given by the equation

ρRes(t1, t2) = IC(MIA),

and shown schematically in Figure 2.9.

Since this seminal work, many semantic similarity measures have been proposed

(reviewed in [157, 179]). While the Resnik score is still shown to perform well in

comparative studies (eg. [94,157]), it has been suggested that groupwise measures

that quantify annotation specificity via IC are best suited for protein functional

similarity analysis [157]. Here we focus on three groupwise semantic similarity

measures: the Pandey measure [181], simGIC [182], and simUI [183].

The Pandey measure [181] can be viewed as an extension of the Resnik score

to groups of annotations (Figure 2.9). Instead of using the maximum IC of shared

ancestral annotations, the Pandey measure takes all shared ancestral annotations

into account. Similar to the calculation of the IC (see Equation (2.11)), the

prevalence of the set of shared annotations in the ancestral annotation sets of

all proteins in an external corpus (here, the PIN) is used to assess the similarity

of the proteins by equation:

ρpan(Si, Sj) = − log2

(
GΛ(Si,Sj)

Gr

)
. (2.13)

Here, GΛ(Si,Sj) denotes the number of proteins in the PIN which are annotated with

the intersection set of the ancestral term sets Si and Sj of nodes i and j respectively,

and Gr represents the total number of annotated proteins in the network. Prior

to the publication of this semantic similarity measure in [181], similar semantic

similarity measures were used in [184, 185].
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Figure 2.9: Schematic diagram of how a) the Resnik score with Max mixing strategy,
and b) the Pandey measure are used to compute functional similarity. The directed
acyclic graph represents an ontology, with the terms in red borders denoting the annotations
associated with the two proteins i (orange) and j (light blue). The ancestral term sets Si and Sj

(see Equation (2.13)) are given by the orange, turquoise and light green boxes (Si), and the light
blue, turquoise and light green boxes (Sj). In a) the turquoise boxes indicate the overlap term
data which are not used to compute the similarity via the Resnik score. Only the box in light
green which is shown to have an IC of two is used to asses the similarity. Using this method the
information content of a single functional annotation determines the similarity of two proteins.
In b) the light green boxes show the data used to evaluate the similarity of proteins i and j via
the Pandey measure. The probability of picking a protein from the designated PIN uniformly at
random which is associated with all of these terms determines the similarity via this measure as
calculated by Equation (2.13).

The simUI measure [183] uses the Jaccard index between the ancestral term sets,

Si and Sj, of two proteins, i and j, to compute their similarity by the equation:

ρui(Si, Sj) = |Si ∩ Sj|
|Si ∪ Sj|

. (2.14)

The simGIC semantic similarity measure [182] is an extension of simUI, which

uses the cumulative information content of the ancestral term sets instead of their

cardinality. This is given by the equation

ρgic(Si, Sj) =
∑
t∈{Si∩Sj} IC(t)∑
t∈{Si∪Sj} IC(t) . (2.15)

Here, IC(t) denotes the IC of the term t.

While simUI and simGIC have performed well in comparative studies (eg. [94,

179]), the Pandey measure has previously been applied to functional module

detection in PINs [48].
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2.5.2.1 Annotation length bias

It has been shown that semantic similarity measures are affected by the number

of functional annotations with which proteins are associated. By investigating

the functional similarity of random groups of GO BP terms of different lengths it

was found that the functional similarity tends to increase with increasing numbers

of terms [186]. This effect, called annotation length bias, was observed for both

groupwise and pairwise semantic similarity measures. As well-studied proteins

tend to have more annotations, annotation length bias has the effect that well-

studied proteins tend to have higher functional similarities than poorly-studied

proteins (see Section 6.2).

2.5.2.2 Comparing semantic similarity measures

A large variety of semantic similarity measures exist [157, 179]. To help in the

selection of an appropriate measure for a specific task, comparative studies have

been carried out [94, 157]. As functional similarity is a concept that cannot

be directly measured, comparative studies evaluate the performance of semantic

similarity measures using approximations of this concept. Thus, semantic similarity

measures can only be compared for a particular data set, limiting the generality

of performance assessments.

Several data sets that are thought to relate to functional similarity have

been used to evaluate semantic similarity measures. The tool CESSM [187]

assesses the performance of semantic similarity measures via sequence, enzyme

commission (EC), or Pfam domain data. Other data sets that have been used to

approximate functional similarity include gene expression [157], protein-protein

interactions [94], pathways [157], protein complexes [157], and subjective human

expert judgement [188]. Evaluations of semantic similarity measures using different

data sets are reviewed in [157].

The link between these data sets and functional similarity is not always straight-

forward. For example, while sequence similarity has been shown to be correlated

with functional similarity across semantic similarity measures, this relationship does
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not appear to be linear [157]. For comparisons based on protein-protein interaction

data, results are confounded by annotation length bias (see Section 2.5.2.1). In these

tests semantic similarity measures are evaluated in their ability to discern protein-

protein interactions (positive reference set) from random protein pairs (random

reference set) given that non-interactions are rarely published. In order to obtain a

positive reference set of interactions that can be seen as ground-truth, interactions

between well-annotated and well-studied proteins are used (eg. [94]). As argued

in Section 2.5.2.1 such a set selects for high functional similarity scores relative

to other interacting proteins. In contrast, random reference sets do not exhibit

the same selection bias as the positive reference set. Thus, the evaluation rewards

measures that find well-studied protein-protein interactions.

2.5.2.3 Community homogeneity from similarity scores

Semantic similarity measures are used to quantify the functional similarity of two

proteins. These pairwise similarity scores must be combined to determine the

functional homogeneity of a community. This combination is performed in two ways:

by averaging all pairwise similarities (eg. [189]), or by averaging the similarities

of all interacting proteins (eg. [48]).

It has been argued that using only interacting proteins corrects for higher simi-

larity scores between interacting proteins compared to non-interacting proteins [48].

This disparity in similarity scores particularly affects larger communities that tend

to be less dense. However, all proteins in a functional module are expected to

contribute to the same cellular function whether they interact or not. Thus, the

more stringent full pairwise averaging approach is preferred here. This functional

homogeneity scoring approach is given by the equation

fh = 2
|c|(|c| − 1)

∑
u,v∈c; v>u

ρSS(u, v). (2.16)

Here, u and v are proteins in the community c, and ρSS denotes the functional

similarity score by semantic similarity measure SS.
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2.6 Gene expression data

Gene expression refers to the process by which the information stored in a gene is

used to produce a gene product such as a protein (by transcription and translation).

Measurements of the rate of this expression process give a snapshot of the dynamical

cellular environment. As gene products interact to perform cellular functions (see

Section 1.1.1), their abundances can give insight into processes that are being

performed in the cell.

It has been shown that protein abundance is determined primarily by the rate of

transcription (DNA into mRNA) rather than translation (mRNA into protein) [190].

While protein abundances can be directly measured [73, 191], measurements of

transcription are cheaper and thus more widespread. However, as measurements

of these quantities are subject to experimental error, Pearson correlations between

transcription and protein abundance data sets typically range from 0.2 to 0.5

depending on the measurement technique [76]. Thus, the two measurements are

not equivalent. The two main experimental techniques for determining levels of

transcription via mRNA abundance are DNA microarrays [17] and RNA-seq [192].

DNA microarrays use the binding of complementary single-stranded DNA

sequences (DNA hybridization) to measure mRNA abundances. Short strips of

single-stranded DNA (probes) are immobilized on an array and are exposed to

fluorescently labelled cDNA that is reverse transcribed from cellular mRNA. The

intensity of the fluorescence is used to infer probe mRNA concentrations. These

probe concentrations can then be aligned to the genome to obtain measures of gene

expression [17]. Alternatively, mRNA abundances can be measured directly via

quantitative sequencing techniques. In RNA-seq experiments, mRNA are broken

down into fragments of 50-500 base pairs and sequenced. The obtained sequences

are aligned to the genome to give quantitative information on how often different

regions of the genome were transcribed [192].

These two techniques have been shown to generate different yet correlated

gene expression levels (Pearson correlation of r = 0.67 in [76]). This difference

can have effects on the analysis of these data sets. For example, the structure
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of gene regulatory networks inferred from expression data obtained by RNA-seq

and microarray experiments was found to differ [193]. Due to a higher level

of background noise in microarray experiments from effects such as unspecific

hybridization (cross-hybridization), it has been suggested that RNA-seq is the more

reliable technique [192]. Indeed, by comparison with direct measurements of protein

abundances RNA-seq was found to better capture absolute expression values [76].

A further argument for RNA-seq is that of data reproducibility. As levels

of gene expression are determined by a complex cellular environment, it is not

expected that this environment can be perfectly recreated in replicated experiments.

This circumstance emphasizes the need for replicates in the statistical analysis of

gene expression data. The variation between replicates can be used to evaluate

experimental techniques for gene expression measurement. Investigations on the

consistency of microarray gene expression studies have shown that while results

can be reproduced in replicated experiments, they can vary between microarray

platforms and particularly between laboratories [194–196].

While RNA-seq has shown “high levels of reproducibility” [192], it is subject to

transcript length bias. As mRNA are randomly fragmented into 50-500 base pair

sequences, longer mRNA strands are expected to have more sequence reads. In

order to prevent the transcript length from affecting the overall gene expression level,

RNA-seq data are reported using units of RPKM which are obtained by dividing the

number of reads by the transcipt length. However, due to the stronger sampling of

long mRNAs, the expression levels of the corresponding genes have a lower variance.

Statistical tests such as those for differential expression (see Section 2.6.2) thus

have more power, the longer the transcript [197]. A similar bias that selects for

highly expressed genes exists for both experimental techniques [17, 197].

2.6.1 Co-expression analysis

A popular use for gene expression data is gene co-expression analysis. Gene

co-expression has been linked to functional relatedness [198–200]. While this

link initially appears weak, reducing effect of noise in the analysis [199, 200], or
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allowing for time delayed expression correlations [198] increases the signal strength.

Therefore, gene co-expression can be used to evaluate functional similarity measures

(see Section 2.5.2.2) or detect functional modules (see Section 1.1.2).

Gene co-expression scores are calculated by correlating the expression profiles of

two genes. A gene’s expression profile is a vector of its normalized expression scores

across samples (see [201] for expression score normalization). Typically absolute

Pearson correlation coefficients are used to quantify the level of co-expression

of two genes (eg. [174]). The absolute values are used as both positive and

negative correlations are of interest. A cellular function may involve a gene

product suppressing the expression of another gene such that their expression

levels are negatively correlated.

Co-expression analysis for functional module detection requires the assessment

of a module co-expression score. Module co-expression can be quantified by the

average of pairwise gene co-expression scores (eg. [189]). Thus, similar to functional

homogeneity, module co-expression is calculated by Equation (2.16), replacing the

functional similarity scores by co-expression scores.

2.6.2 Differential gene expression

Finding differentially expressed genes (DEGs) is the process of identifying genes that

can distinguish between samples of two phenotypic categories such as “case” and

“control”, or “disease” and “healthy”. For this purpose differential gene expression

studies are set up to measure whole genome expression levels of samples that exhibit

these phenotypes. A gene whose expression level changes significantly between

the phenotype samples is thought to be involved in the investigated phenotype.

Assessing the significance of the change in expression levels between the two sample

categories is the subject of differential gene expression analysis.

Differential gene expression data sets are N × P matrices, where N is the

number of samples, P is the number of genes, and N � P (typically N < 100

and P > 20, 000 for whole genome data). While gene expression levels are not

independent of each other, the complexity of the data makes exhaustive testing
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of sets of genes infeasible. Instead, a one-by-one approach is used to test the

differential expression of each gene individually.

A simple measure for differential expression is fold change. The fold change

denotes the ratio of mean expression scores between the phenotype sample sets. To

assess the significance of the observed fold changes, statistical tests based on linear

models are commonly used [202]. For example, two-sample t tests can be used to

assess whether linear model coefficients fitted to the expression scores of the sample

sets are significantly different. As the t test assumes normally distributed data,

expression scores are commonly log-transformed to approximate this distribution.

Statistical tests for differential gene expression analysis are reviewed in [202].

As tests for differential expression are performed individually for each of the

P genes, there is a large multiple testing burden that must be corrected for (see

Section 2.5.1.1). To mitigate the reduction in power that comes with multiple

testing correction, genes that are unlikely to be differentially expressed can be

filtered out based on small fold changes or low expression scores that tend to

have low signal-to-noise ratios [202].

Differential gene expression analysis is a popular tool. Following the described

procedure it is common that thousands of DEGs are found. Rather than detecting

DEGs, it has been suggested that the core challenge is to put these genes into the

correct context [17]. Addressing this challenge is the focus of this project.

2.7 Summary

In this chapter we have described the data sources and provided background

information on the methods used to analyse these data in the remainder of this thesis.

The data which most of the work presented in this thesis is based on, are

protein-protein interactions. In Section 2.1 we described the two main experimental

techniques used to measure these data (yeast two-hybrid and TAP-MS) and detailed

their limitations. These limitations have the effect that the data are noisy, and that

currently available large-scale data sets that are collated in databases have limited

coverage of the human interactome. Furthermore, we described how inspection
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bias arises in these data sets due to selections made on which proteins to test

for interactions.

Protein-protein interaction data are often represented as a network. Networks,

statistics used to describe them, and different types of network structure were

introduced in Section 2.2. The predominant network analysis tool used in this

project is community detection. In Section 2.3 we gave a short overview of community

detection methods that detect communities at different scales via the inclusion of

a resolution parameter. These methods were divided into methods that generate

non-overlapping communities, and methods that generate overlapping communities.

In our work we evaluated communities in PINs detected by different community

detection methods. This evaluation was performed on the basis of functional

annotations which are described in Section 2.4. In this section we gave a brief

overview of several sources of functional annotation data with particular focus on

the largest of these resources, the GO. We further elaborated on the organization

of functional annotations into ontologies and explained how literature bias and

ontology structure bias affects their use for evaluation purposes.

Methods of using annotations to evaluate the biological coherence of communities

in PINs were summarized in Section 2.5. These methods vary in their use of the

information contained in the ontology structure. While functional enrichment uses

only the annotation sets to evaluate whether an annotation is significantly enriched,

functional similarity measures relate sets of annotations to each other using the

ontology structure. This increased use of the ontology structure has the effect that

functional similarity methods can be subject to ontology structure bias or literature

bias. Furthermore, these measures are affected by annotation length bias which

describes how proteins associated with more annotations are evaluated as being

more similar. We further discussed how the many available functional similarity

measures are compared to assess which measure is best for a particular task.

The third important data source that is used in this project is gene expression.

In Section 2.6 we gave a brief overview of the two main methods that are used to

measure these data (microarray and RNA-seq). Furthermore, we elaborated on how
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these data can be analysed to either infer functional similarity by co-expression, or to

detect a signal for the molecular mechanisms that are involved in a disease phenotype.
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In this chapter we detail the data sets that were used in this work, how they

were filtered for quality control, and how they were processed. The chapter is

subdivided into sections on network data, functional annotations (GO and human

phenotype), and gene expression data.

3.1 Network data

3.1.1 Protein-protein interaction data

Protein-protein interaction data are available from many online databases (see

Section 2.1.3). Selecting an appropriate database for a particular investigation,

65



66 3.1. Network data

often depends on striking a balance between the quality of interactions and their

coverage that best suits the problem at hand. When developing a generally applicable

methodology that relies on PIN modular decomposition, good coverage is essential.

However, high error rates may affect community detection methods used to detect

functional modules. In order to select suitable PINs for our investigations, we

compared PINs from several databases using summary statistics.

As discussed in Section 2.1.1 protein-protein interactions exist in two types:

physical associations (P-type), and associations (A-type). Human protein-protein in-

teraction data obtained from HPRD [103,104] (retrieved February 2014), IntAct [102]

(retrieved February 2014), HINT [69] (A-type retrieved January 2014; P-type

retrieved May 2013), and BioGrid [100] (retrieved January 2014) were split to

reflect these types.

The division into A-type and P-type interactions is performed by the databases

themselves in the case of HINT and IntAct. The HINT database denotes A-type

interactions as “co-complex”, and P-type interactions as “binary”, while IntAct

uses the MIPS categories for “physical association” and “association” [70]. The

MIPS category “direct interaction” was associated with only 3.9% of interactions

and was omitted.

While HINT and IntAct databases offer a division into A-type and P-type

interactions, BioGrid is divided into “physical” and “genetic” interactions. This

split reflects a broader difference between interactions for which direct evidence was

reported (physical), and interactions inferred based on mutation experiments on

the associated genes [100]. Here, only physical interactions are of interest. Physical

interactions were split into A-type and P-type data based on experimental evidence

codes associated with each interaction as shown in Table B.1 in Appendix B. As

the BioGrid data sets are the most comprehensive among the data sources we

used, an additional network of both A-type and P-type data from BioGrid was

set up to give a maximum coverage PIN.

In contrast to the other databases, HPRD was not divided into two interaction

types. As HPRD is a database of manually curated small-scale experiments which
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reports its data as “binary interactions”, it is classified entirely as a P-type data set.

While this classification should not suggest that yeast two-hybrid-type experiments

were performed to obtain the data, we used it to reflect that experimental data

were reported in the same way as P-type data.

Further filtering was applied to the A-type and P-type data sets to include

only interactions between human proteins, collapse multiple edges, and exclude

self-interactions and any proteins not in the largest connected component of the

network (see Section 2.1.4). The resulting PINs were compared using the network

statistics discussed in Section 2.2.1 (Table 3.1).

Table 3.1: PIN network statistics.

Network Nodes Edges Density GC ALC Av. k Var(k)
HPRD-14 9,270 36,918 0.00086 0.053 0.138 7.97 215

BioGrid-P-14 10,667 41,051 0.00072 0.015 0.104 7.70 613
HINT-P-14 7,869 24,375 0.00079 0.028 0.100 6.20 167
IntAct-P-14 11,068 41,428 0.00068 0.022 0.093 7.49 284
BioGrid-A-14 13,165 93,275 0.00108 0.017 0.410 14.17 8,335
HINT-A-14 2,720 6,532 0.00177 0.073 0.334 4.80 122
IntAct-A-14 6,399 21,190 0.00104 0.025 0.296 6.62 593

BioGrid-AP-14 14,899 123,025 0.00111 0.019 0.320 16.51 8099
Table 3.1: GC refers to the global clustering coefficient, ALC to the average local clustering
coefficient, Av to the average, and k to the degree. Global and local clustering coefficients are
calculated as explained in Section 2.2.1. The networks are split into three groups: the upper four
PINs are P-type, the middle three are A-type, and the network at the bottom is a combined A
and P type network. The highest values in each category are shown in bold. It can be seen that
A-type networks tend to have higher local clustering coefficients and densities.

Table 3.1 shows that the P-type PINs tend to have more nodes than A-type

networks, with the exception of BioGrid-A-14, and A-type networks tend to be

more locally clustered than P-type networks.

A second consideration for the selection of PINs relates to the initial target

application of this work (see macrophage differentiation described in Section 1.2.2).

In order to assess the networks, we consider their coverage of several signalling

proteins, called interleukins, that have previously been implicated in different

macrophage polarizations. The results of whether the interleukins IL-4, IL-13, IL-10,

or IL-12A/B are contained in the tested PINs is shown in Table 3.2.
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Table 3.2: Interleukin Protein Interaction Network Membership.

Network IL-4 IL-13 IL-10 IL-12A/B
HPRD-14 3 3 3 3/ 3

BioGrid-P-14 3 3 3 7/ 7

HINT-P-14 3 3 3 7/ 7

IntAct-P-14 3 3 7 3/ 3

BioGrid-A-14 7 7 3 7/ 3

HINT-A-14 7 7 3 7/ 7

IntAct-A-14 3 7 7 7/ 7

BioGrid-AP-14 3 3 3 3/ 3
Table 3.2: The networks are split into three groups: P-type PINs (upper), A-type PINs (middle)
and a combined PIN (lower). A checkmark denotes the given interleukin gene is present in the
network, while a cross denotes it is not. These interleukins were selected for their relevance
to macrophage differentiation (see Section 1.2.2). IL-12 is a heterodimer composed of protein
products from the two genes IL12A and IL12B which are reported individually in PINs. Network
summary statistics for these networks are given in Table 3.1.

Table 3.2 shows that while P-type networks all show a good coverage of the

interleukins previously linked with the different macrophage polarizations, none of

the A-type networks do. The BioGrid-AP-14 data set is the only data set that both

contains A-type interaction and sufficient coverage of the tested interleukins.

We selected two PINs with different characteristics to represent opposite ends of

the compromise between the coverage and the quality of interactions (false-positive

rate). This selection allows us to evaluate the effects of these characteristics in

our investigations (see Chapter 5). Importantly, both selected PINs exhibit a

good coverage of macrophage-relevant interleukins. BioGrid-AP-14 was chosen

to represent a PIN with high coverage, but likely also a comparatively high false-

positive error rate. In contrast, HINT-P-14 was selected as a high-quality PIN (see

HINT quality control in Section 2.1.3). These PINs overlap in 7,606 of 7,869 possible

nodes and 17,912 of 24,375 possible edges. Although many of the interactions in

HPRD-14 were manually curated and it exhibits a better coverage of relevant

interleukins, it was not selected as the high-quality interaction data set due to

concerns with its lack of recent updates and its construction. HPRD is likely

more affected by inspection bias as it is focused on small-scale studies around

disease-related proteins (see Section 2.1.3).
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Much of the research presented in this thesis was performed on updated versions

of the HINT-P-14 and BioGrid-AP-14 networks (updates denoted HINT-P and

BioGrid-AP; HINT-P retrieved August 2015; BioGrid-AP retrieved August 2015).

These PINs were set up using the pre-processing procedure explained above. Network

statistics of HINT-P and BioGrid-AP are shown in Table 3.3.

Table 3.3: Network statistics of HINT-P and BioGrid-AP.

Network Nodes Edges Density GC ALC Av. k Var(k)
HINT-P 10,927 49,301 0.00083 0.034 0.099 9.02 329

BioGrid-AP 15,405 165,343 0.00139 0.055 0.130 21.47 2475
Table 3.3: Network summary statistics as in Table 3.1. GC refers to the global clustering
coefficient, ALC to the average local clustering coefficient, Av to the average, and k to the degree.
BioGrid-AP is the larger network with a higher density. The PINs overlap in 10,617/10,927
possible nodes, and 40,853/49,301 possible edges.

3.1.2 Network partitions

Much of the work in this thesis is done on communities derived from PINs. These

communities were generated by partitioning the two selected PINs using four

community detection methods (see Section 2.3). The methods used include two

non-overlapping community detection methods (configuration model Modularity

Maximization [126, 135], and Constant Potts model (CPM) Modularity Max-

imization [126, 140]) and two overlapping community detection methods (link

clustering [127] and BigCLAM [125]). These methods were chosen as they have

been previously used on PINs and are fast algorithms that scale well to currently

available PIN sizes. Specifically, configuration model Modularity Maximization was

chosen to reproduce and evaluate yeast PIN results [48] on human data in Chapter 5.

As we argue that the results of this study may be confounded by the resolution limit

affecting the chosen community detection method (see Section 5.1), we chose CPM

Modularity Maximization which is not subject to this limitation (see Section 2.3.2.2).

PINs are partitioned into communities by the multi-resolution Modularity

Maximization adaptation known as the Potts method using the Louvain algorithm

(https://launchpad.net/louvain [126], retrieved May 2013; see Section 2.3.2.3)

https://launchpad.net/louvain
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which includes the resolution parameter γ. Network partitions were generated at

51 resolutions evenly spanning the interval γ ∈ [10−1, 103] for the configuration

model, and γ ∈ [10−4, 100] for the CPM, on a logarithmic scale. Overlapping

communities were generated using link clustering (https://github.com/bagrow/

linkcomm, retrieved June 2014), which has an inbuilt resolution parameter S, at

121 resolutions in the interval S ∈ [0, 0.6] in steps of ∆S = 0.005. In contrast to

the other three community detection methods, the free parameter in BigCLAM

(http://snap.stanford.edu, retrieved June 2014) is not a resolution parameter,

but instead the number of communities K to be fitted to the data. As increasing

the resolution in a community detection method results in a “zooming-in” effect

such that there are more, smaller communities (see Section 2.3.1), we used the

parameter K as a proxy for resolution. BigCLAM communities were obtained at

101 values of K evening spanning the interval K ∈ [1, 5001]. Using this proxy,

PIN partitions at neighbouring resolutions only differ in the 50 communities that

are additionally fitted to the network data. When no further communities can be

fitted to the network, the BigCLAM algorithm fits small communities of size 2 - 10

that are generally disconnected. The existence of such disconnected communities

signals an overfitting of the network data.

Next to the number of communities fitted K, BigCLAM contains two further

parameters α and β which parametrize the optimization algorithm. These param-

eters control the trade-off between the accuracy of the log likelihood maximum

found and the speed of converging to a solution (see Section 2.3.3.1). We set

α = β = 0.9 based on a parameter sweep for BigCLAM on HINT-P-14. For values

of K ∈ [501, 3001] in steps of 500, the number of disconnected communities was

counted at a range of α and β values between 0.0001 and 0.9. At α = β = 0.9

no disconnected communities were found.

3.2 Functional annotations

The coherence of proposed functional modules is generally assessed using functional

annotations (see Section 2.4). These annotations can be sourced from several

https://github.com/bagrow/linkcomm
https://github.com/bagrow/linkcomm
http://snap.stanford.edu
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databases of which the most common is the GO (see Section 2.4.2). Following an

assessment of functional annotation resources in Chapter 4, we use GO annotations

in the majority of the work presented in this thesis. Here, we elaborate on the quality

control and pre-processing steps that were undertaken to ensure the functional

annotation data used is adequate for the problem at hand.

3.2.1 Gene Ontology

The GO (see Section 2.4.2) is an ontology that describes gene/protein characteristics.

The GO ontology structure was retrieved from http://www.geneontology.or

g [154] in December 2013 for Chapter 5 results, and August 2015 for results

presented in other chapters.

As discussed in Section 2.4.2, associations between proteins and GO annotations

are obtained from different sources which are denoted by evidence codes (http:

//www.geneontology.org [154], associations retrieved November 2013 for Chapter 5

results, and July 2015 elsewhere). Several sources of GO associations are unsuitable

for evaluating communities in networks and are thus excluded here. To prevent data

circularity communities were not evaluated using associations inferred based on

protein-protein interactions or computational analysis which may include PINs (”IPI”

and ”RCA” evidence codes). Further filtering was applied to exclude associations

with ”ND” evidence codes and ”NOT”-qualifiers which represent uninformative or

negative associations (see Section 2.4.2). Electronically inferred ”IEA” associations

were included in our analysis to ensure a good coverage over PIN proteins.

The GO is split into three sub-ontologies: “biological process” (BP), “molecular

function” (MF), and “cellular component” (CC). While we used all three sub-

ontologies to investigate network connectivity, we found annotations from the BP

ontology to be best suited for module evaluation (see Section 4.2). This result is

further supported by the widespread use of GO BP annotations to characterise

protein function in the literature [24, 28, 32, 109, 157]. Thus, we focused on GO

BP annotations for functional homogeneity calcluation.

http://www.geneontology.org
http://www.geneontology.org
http://www.geneontology.org
http://www.geneontology.org
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Applying our filtering protocol to the GO BP term associations with human

proteins left 185,713 of 187,473 associations (154,243 of 155,218 associations in

the 2013 GO data sets). This reduction in associations was split between the

filters in the following way:

• 0 (14) “RCA” evidence codes,

• 92 (86) “IPI” evidence codes,

• 656 (604) “ND” evidence codes, and

• 1012 (272) “NOT”-qualifiers.

The terms in brackets refer to the 2013 GO data set used in Chapter 5. We

mapped the pre-processed set of GO BP associations to the selected HINT-P and

BioGrid-AP data sets to give a the coverages of 89.65% and 84.03% respectively.

The 2013 GO data was mapped to HINT-P-14 and BioGrid-AP-14 to give coverages

of 88.4% and 79.7% respectively.

As these term associations represent only the most specific annotation that

could be assigned to a protein in a particular publication, the full set of annotations

associated with a protein was obtained by ancestral path mapping (see Section 2.4.1).

3.2.1.1 GO Slims

To investigate general trends related to GO annotations (see for example Section 4.2),

we used GO slims. GO slims are subsets of the GO which only contain terms

that broadly categorize the different functional annotations in the three GO

sub-ontologies (see Section 2.4.2.1). Specific GO annotations associated with

a protein can be mapped to these GO slim terms to give a general overview of

the characteristics of the protein.

In Chapter 4, we used the generic GO slim [159] for this general overview. This

GO slim contains 69 BP, 42 MF, and 34 CC annotations. The GO slimmer tool [203]

was used to obtain associations, pre-processed as described in Section 3.2.1, that

were automatically mapped to the relevant GO slim terms (http://www.geneont

http://www.geneontology.org
http://www.geneontology.org
http://www.geneontology.org
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ology.org, retrieved 21. May 2015). The coverage of the retrieved protein GO

slim associations is shown in Table 3.4.

Table 3.4: GO slim coverage.

Network BP CC MF
HINT-P-14 85.91 90.79 75.10

BioGrid-AP-14 77.99 83.65 68.45
Table 3.4: Coverage of GO slim term associations from the three GO ontology branches biological
process (BP), cellular component (CC), and molecular function (MF) on proteins in HINT-P-14,
and BioGrid-AP-14. Coverages are quoted as percentages.

An alternative to using the GO slims provided by the GO, is the computational

generation of such reduced GO term sets. This approach is used and elaborated

on in Appendix A.

3.2.2 Human Phenotype

To test alternative functional annotation data sets for module evaluation, we used

a Human Phenotype Ontology (HPO) data set obtained from collaborators at

UCB Pharma. The HPO [162] is a structured vocabulary of annotations which

describe phenotypic properties of diseases (see Section 2.4.3.2). These annotations

can be mapped to genes via genetic variants that are associated with a specific

disease. As the proteins in our PINs are reported by gene identifiers using a

simplified one-to-one correspondence between proteins and genes, the associations

are thereby directly mapped to proteins. Using Human Phenotype (HP) annotations

the functional homogeneity of a community is evaluated based on the similarity of

disease symptoms of the diseases with which proteins in the community are linked.

The obtained HP annotation data set was generated by integrating genetic variant

disease associations from ClinVar [168] (http://www.ncbi.nlm.nih.gov/clinvar/,

retrieved August 2015) with disease descriptions by HP annotations from the

HP ontology (http://human-phenotype-ontology.github.io/, retrieved August

2015). ClinVar associations are inferred on the basis of different types of analyses

(see Section 2.4.3.2). To minimize the uncertainty introduced by the HP annota-

tions, gene disease associations were filtered for high confidence associations from

http://www.geneontology.org
http://www.geneontology.org
http://www.geneontology.org
http://www.ncbi.nlm.nih.gov/clinvar/
http://human-phenotype-ontology.github.io/
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Mendelian diseases. Mendelian disease traits are rare inherited genetic variants

with a high likelihood of disease association to a single gene. To select for these

associations several filters were applied to the ClinVar data set. Associations were

selected for diseases with a pathogenic clinical status that are reported within

the highly curated Online Mendelian Inheritance in Man database (OMIM) [169].

Furthermore only associations with origins denoted as germline, de novo, inherited,

maternal, paternal, biparental or uniparental were included. Specifically, somatic

mutations were excluded in this filtering process (≈ 1.5% of associations) which

mainly report cancer associations that were not of interest to UCB Pharma.

Using this pre-processing protocol 2146 proteins in HINT-P and 2755 proteins

in BioGrid-AP could be associated with HP annotations giving respective coverages

of 19.64% and 17.88%.

Using the main “phenotypic abnormality” sub-ontology of the HPO that describes

disease phenotypes, the disease identifiers were mapped to sets of HP annotations.

These sets of HP annotations were completed by ancestral path mapping (see

Section 2.4.1) to elucidate the full list of HP annotations associated with a

particular protein. Using the full HP annotation sets, functional similarity between

proteins based on disease association was calculated using the Pandey measure

(see Section 2.5.2).

3.2.3 Functional homogeneity

In this thesis functional annotation sets associated with proteins were used to

assess the functional homogeneity of communities proposed as modules. Functional

homogeneity was computed via functional enrichment (see Section 2.5.1) and via

semantic similarity measures that compute the pairwise functional similarities

of proteins (see Section 2.5.2). The three semantic similarity measures used are

simUI [183], simGIC [182], and the Pandey measure [181] (see Section 2.5.2).

Pairwise functional similarity values were combined to give a community functional

homogeneity score by Equation (2.16) unless otherwise stated (see Chapter 5 for

alternative functional homogeneity calculation).
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3.3 Gene expression data

We used gene expression data for two main purposes: as indpendent computational

module validation in Chapter 6, and to introduce disease-application-relevant data

into our pipeline in Chapter 7. These two applications require different types of

gene expression data sets. In this section we detail the gene expression data used,

and briefly describe processing steps that were implemented.

3.3.1 Co-expression analysis

In Chapter 6 systematic module validation was performed by assessing the level

of co-expression of genes whose proteins were assigned to the same module. As

modules can describe any cellular function, it is important that the expression

data covers a wide range of tissues where genes can be co-expressed. Thus, the

gene expression data to perform this co-expression analysis was sourced from the

Genotype Tissue Expression (GTEx) project (Version 6, RPKM format, from www.

gtexportal.org/home/datasets, retrieved Nov. 2015) [204]. These data comprise

of over 8500 tissue-specific, whole genome RNA-Seq samples which were extracted

postmortem from human donors and prepared according to the same protocol.

The data were retrieved in a processed format, in which expression values are

reported per kilobase of transcript per million reads. As proteins in HINT-P and

BioGrid-AP are reported by gene IDs using a simplified one-to-one correspondence

between proteins and genes, Transcript IDs (Ensembl Gene IDs) could be mapped

to the PIN gene IDs (Entrez IDs) using the Ensembl release 82 BiomaRt tool [205].

This mapping resulted in 147 out of the 23,230 Entrez IDs being assigned multiple

Ensembl Gene IDs. Expression profiles that were mapped to the same gene ID

were averaged.

The level of co-expression of two genes was calculated via the absolute value of

the Pearson correlation coefficient of the genes’ expression profiles (see Section 2.6.1).

The calculated co-expression scores were then combined to a community co-

expression score by Equation (2.16). The distribution of these co-expression scores

www.gtexportal.org/home/datasets
www.gtexportal.org/home/datasets
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was used to compare communities that were evaluated as functionally significant

by different methods.

3.3.2 Biological applications

In Chapter 7 our pipeline was tested on two biological applications: breast cancer

hypoxia and macrophage differentiation (see Section 1.2). Information which is

specific to the biological application is introduced into this pipeline via differential

gene expression data (see Section 2.6.2). Such data sets contrast the expression

levels of genes between samples from two phenotypes of interest.

3.3.2.1 Breast Cancer Hypoxia

Differential gene expression data from the MCF7 breast cancer cell line was obtained

from Dr. Francesca Buffa at the Department of Oncology, University of Oxford.

The gene expression data was generated using RNA-seq (see Section 2.6) on cells

that were exposed to different conditions to generate normoxic and hypoxic cellular

environments. Each condition was sampled twice to give a data set of four samples,

and 64,233 transcripts.

Ensembl IDs which identify the transcripts were mapped to Entrez Gene

IDs using the BiomaRt tool [205]. Differential expression in this data set was

analysed using the GEO2R script provided by the Gene Expression Omnibus (GEO)

maintained by the NCBI [206]. The GEO2R script uses a linear model with an

empirical Bayes method as implemented in the Limma R package [207, 208] to

calculate differential expression in a gene-by-gene approach. Using this method

it is possible to assess the significance of differences in expression levels between

phenotypic sample classes despite having only few replicates available. This is

achieved by estimating the variance of sample class expression levels of individual

genes using data across all genes in the data set [202].

Multiple testing of differential expression was corrected for by using Benjamini-

Hochberg corrected p-values (see Section 2.5.1.1). Due to the few replicates that

were obtained at each condition, only samples with zero expression levels were
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filtered out. In order to use all available data, no further filtering of gene expression

data (for example for low expression levels, see Section 2.6.2) was performed which

could otherwise reduce the multiple testing burden.

Applying the described data processing protocol, 26,537 of 64,233 transcripts

could be mapped to Entrez Gene IDs. Of these genes, 16,853 contained only

non-zero expression values, which corresponded to 16,510 distinct Entrez Gene

IDs. In cases where two Ensembl IDs mapped to the same Entrez ID, the more

differentially expressed transcript was used.

The number of DEGs found at different false discovery rate (FDR) thresholds

is shown in Table 3.5. DEGs that could not be mapped to nodes in BioGrid-AP

include genes that code for non-coding RNAs or proteins whose interactions are

difficult to determine systematically such as membrane proteins (see Section 2.1.1).

The comparatively small numbers of DEGs in the hypoxia data set is likely due

to the small number of replicates reducing the statistical power of the differential

expression test. Under these circumstances an FDR threshold of 0.05 has to be

used to obtain a sufficiently large sample of DEGs that can convey signals for

differential regulation of specific functions.

As RNA-seq is affected by transcript length bias (see Section 2.6), the DEGs

found may include more long proteins than expected under random sampling. Yet,

as we have no reason to assume that proteins in functional modules should be of

a similar length, a selection for longer proteins does not have to prevent modules

from being enriched for DEGs. However, the small number of DEGs in the hypoxia

data set may exacerbate the effect.

3.3.2.2 Macrophage Differentiation

Differential gene expression data for macrophage differentiation was obtained from

the GEO series file GSE5099 [61]. Whole genome expression levels of macrophages

cultivated from monocytes that were extracted from blood samples were measured

by microarray experiment (see Section 2.6). M1 macrophages were obtained from

unpolarized macrophages by treatment with IFN-γ, and M2 macrophages by
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treatment with IL-4 (see Section 1.2.2). Each condition was replicated three

times to give a data set of six samples and 44,928 transcripts.

As this data set was obtained via an Affymetrix microarray platform, gene

probes were described by Affymetrix probe IDs. These probes vary in quality due to

for example differences in binding specificity to the targeted mRNAs. Thus, when

mapping probe IDs to Entrez Gene IDs we prioritized the more reliable probe in

cases when several probe IDs mapped to the same Entrez ID. Mapping Affymetrix

gene probe IDs to Entrez IDs is further elaborated on in Appendix B.2.

Differential expression of this data set was assessed as on the hypoxia data set

(see Section 3.3.2.1) with the addition of a further filtering step. As microarray

gene expression data tend to have a higher level of background noise compared to

RNA-seq data (see Section 2.6), we excluded genes whose mean expression level

across samples was below the 10% quantile of all expression level measurements. The

p-values for differential expression were adjusted according to Benjamini-Hochberg

multiple testing correction (see Section 2.5.1.1)

The number of DEGs at different FDR thresholds is shown in Table 3.5. For

this data set we can use a more conservative FDR threshold of 0.01.

Table 3.5: Number of DEGs at different FDR thresholds.

Data Set < 0.05 < 0.01 < 0.005 < 0.001
Hypoxia Full 848 2 0 0

Hypoxia BioGrid-AP 616 2 0 0
Macrophage Full 4,423 2,736 2,216 1,325

Macrophage BioGrid-AP 3,894 2,416 1,946 1,160
Table 3.5: < 0.05 denotes an FDR threshold of 0.05. “Full” data sets refer to the total number
of DEGs found in the expression data, and “BioGrid-AP” data sets to the number of DEGs that
could be mapped to BioGrid-AP.
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4.1 Introduction

A functional module is a group of interacting proteins that together perform one

or more cellular functions (see Section 1.1.1). These modules are thought to

represent an important level of organization in biology. We reviewed methods for

functional module detection in Section 1.1.2. Generally, modules are identified
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by performing community detection on PINs (eg. [23–26, 48]), or other networks

of integrated biological data (eg. [38, 43, 46, 50]). While these approaches have

been successful, not every community output by a community detection method

represents a functional module. To assess which communities are potential functional

modules, the similarity of the functions to which the proteins in a community

contribute is evaluated. This similarity can be quantified by semantic similarity

measures which are discussed in Section 2.5.2, or by functional enrichment (see

Section 2.5.1). The aggregate similarity of proteins grouped into a community

is referred to as its functional homogeneity.

Functional homogeneity evaluation is based on functional annotations. As

discussed in Section 2.4 there are several types of functional annotations which can be

used for module evaluation. General ontologies such as the Gene Ontology (GO) [154]

and MIPS [166,167] provide a structured vocabulary to describe the characteristics

of proteins. Other resources such as Reactome [164,165] or KEGG [163] contain

pathway information. Alternatively, the similarity of diseases associated with

the proteins can be used to quantify protein similarity via Human Phenotype

Ontology (HPO) annotations [162]. While the GO is the most comprehensive of

these resources, functional annotations such as disease associations can provide

different perspectives on protein function that may be useful in evaluating the

coherence of proposed modules.

In this chapter we performed an exploratory analysis to find the best method of

quantifying the functional homogeneity for the evaluation of communities in PINs.

Starting with the most comprehensive functional annotation database, the GO,

we tested the suitability of the different branches of GO annotations for module

evaluation in Section 4.2. By investigating the distribution of GO annotations on

PINs, we found that GO biological process annotations best describe the functional

characteristics of proteins likely to be shared in functional modules.

The most common method of assessing the biological coherence of a community

using functional annotations is functional enrichment (eg. [22, 24,25,27,49,50,174–
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176]). In Section 4.3 we tested functional enrichment and show that this method is

not suitable as an evaluation method for communities in networks.

The alternative to functional enrichment is functional homogeneity calculation

via semantic similarity measures that compute the functional similarity of proteins.

To find the optimal semantic similarity measure for module evaluation, we compared

semantic similarity measures on simulated PIN and functional annotation data

in Section 4.4.

Finally, we tested whether other functional annotation resources, specifically the

HPO, can provide added value in the evaluation of communities as functional

modules (Section 4.5).

4.2 Testing GO annotations

We tested whether annotations from the GO [154], the largest annotation database,

are suitable to evaluate communities as modules. Annotations that describe modules

should be distributed on PINs in such a way that groups of proteins which interact

strongly share annotations. Hence, functional annotations suitable for community

evaluation should be predictive of protein-protein interactions. Not all proteins that

perform a common function are expected to interact, however it is not unreasonable

to assume that the more biological processes two proteins have in common, the more

likely they are to interact. This assumption underlies the models used for community

detection in methods such as AGM [145] or BigCLAM [125] (see Section 2.3.3.1).

4.2.1 Methods

To test whether GO annotations are suitable for module evaluation, we calculated

the probability of two proteins interacting in a PIN given that they share k functional

annotations. This probability was approximated by the relative frequency specified

as P ((u, v) ∈ E|Gu∩Gv = k), where E is the set of edges represented by node tuples,

u and v are proteins/nodes, and Gu denotes the GO term set associated with node

u. As GO annotations for the same general characteristic exist at different levels of

specificiy, we used GO slim data to obtain a broad overview of different annotation



82 4.3. Testing functional enrichment

categories. By reducing the number of possible annotations to a few high-level

categories, more interactions are observed at each value of GO-term overlap k. Thus,

we can estimate the probability of interaction with higher confidence.

4.2.2 Results

The probabilities of interaction of two proteins with k GO term overlaps are

shown in Figure 4.1.

Figure 4.1 shows that while all GO sub-ontology annotations are predictive of

protein-protein interactions, BP and MF annotations show the strongest signal. BP

annotations showing a strong signal is expected from previous studies (eg. [79]).

Surprisingly, MF annotations exhibit stronger signal than CC annotations. It has

been previously argued that there is no reason to expect that MF annotations predict

protein-protein interaction [94], and indeed MF is the only sub-ontology whose anno-

tations could not be linked to a conserved network structure between species [209].

Overall, BP annotations appear best-suited to evaluate the coherence of a module

according to our results and the literature [24,28,32,109,157]. This sub-ontology

aims to capture the “biological objective” towards which a protein works [154], and

it is these objectives that define protein modules [5].

4.3 Testing functional enrichment

The most popular way of assessing the coherence of a module is by functional

enrichment of GO annotations (eg. [22, 24, 25, 27, 49, 50, 174–176]). Evaluating

whether a functional annotation is more frequent than expected at random is an

approach used commonly to biologically interpret lists of differentially expressed

genes (DEGs) [109,172,210] and has been implemented in several freely available

tools [172]. While the concept of randomness that is implemented in these tools

is consistent with its uses for sets of DEGs, we argue that it is not suitable for

network module evaluation.

As discussed in Section 2.5.1, given a set of proteins with functional annotations,

functional enrichment evaluates whether any particular annotation occurs more
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Figure 4.1: PIN description by GO annotations. The probability of interaction in a PIN
was plotted versus the number of GO slim annotations shared k. Interaction probabilities were
estimated based on relative frequencies calculated by dividing the number of proteins that interact
and share k GO slim terms with the number of proteins that share k terms. The plots only contain
data points where more than five interactions were observed. The red dashed lines show the
density of the network, indicating the probability of interaction of two randomly selected proteins.
“BP” refers to biological process annotations, “CC” to cellular component, and “MF” to molecular
function.

frequently in this protein set than in a protein set of the same size picked uniformly

at random. Thus, functional enrichment uses the null model that functional

annotations are randomly distributed. As shown in Section 4.2 and again in

Chapter 6 this null model does not hold for PINs. Proteins which interact are

more likely to share functional annotations than those that do not (see Figure 4.1).

Furthermore, community detection methods group proteins together based on



84 4.3. Testing functional enrichment

protein-protein interactions (see Section 2.3). Therefore, protein communities are

expected to share more functional annotations than proteins selected uniformly

at random. Any set of interacting proteins may be significantly enriched for a

GO annotation under this null model.

4.3.1 Methods

To support the presented argument we investigated how functionally enriched

random walks of different lengths on PINs are (see Section 2.2.2 for random walks).

Here, the nodes visited by a random walk are used to represent a random community

of interacting proteins. Each GO BP annotation associated with a protein in such a

random community was tested for enrichment in the community by Equation (2.12).

Multiple testing of the GO BP terms was corrected for using a Bonferroni correction,

which represents a conservative approach to multiple testing (see Section 2.5.1.1).

Rejection of the null hypothesis at significance levels α of 0.05, 0.01, and 0.001 were

used to evaluate significant enrichment. If a random community was significantly

enriched for any GO annotation by these significance thresholds, it was regarded

as functionally coherent. 1000 random walks were performed from each network

node to calculate the proportion of functionally coherent random communities

in the PINs. This procedure was repeated for random walks of length 5 - 10,

representing different random community sizes. The random walk length counts

only the number of distinct nodes traversed (including the start node) to generate

random communities of equal size.

4.3.2 Results

The proportion of functionally coherent random walks of different lengths is

shown in Table 4.1.

Table 4.1 shows that at the commonly used significance level of α = 0.05 up

to ≈ 54% of random communities of different sizes are evaluated as functionally

coherent using functional enrichment. While it is likely that some of the random

walks performed represent biologically meaningful communities, this fraction is
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Table 4.1: Fraction of random communities that are significantly functionally en-
riched.

Network Walk Length α = 0.05 α = 0.01 α = 0.001

HINT-P

5 0.414 0.278 0.149
6 0.443 0.308 0.161
7 0.473 0.329 0.174
8 0.499 0.344 0.186
9 0.521 0.359 0.194
10 0.539 0.372 0.202

BioGrid-AP

5 0.373 0.220 0.099
6 0.406 0.245 0.110
7 0.435 0.268 0.119
8 0.462 0.286 0.128
9 0.487 0.303 0.137
10 0.508 0.317 0.146

Table 4.1: GO BP term enrichment was assessed in random walks on HINT-P and BioGrid-AP.
After Bonferroni correction for multiple testing of GO BP terms, a random walk was evaluated as
functionally coherent if at least one GO BP term was enriched at the given significance levels,
α. Using 1000 random walks per network node and length, the fraction of functionally coherent
random walks was assessed.

unlikely to be as high as observed in the results. Furthermore, the fraction of random

communities that are significantly functionally enriched can be seen to increase

with community size. In this investigation the random walk communities sample

the distribution of annotations between interacting proteins in the network (see also

random walk PIN investigation in Section 6.2). The longer these random walks are,

the better this distribution is sampled. Thus, the difference between the null model

used in functional enrichment and the actual distribution of functional annotations

on the network becomes clearer the larger the random walk communities.

While other methods of evaluating communities in networks may also assess

some of these random walks as functionally significant, they are not subject to the

same systematic bias evident using functional enrichment (see Chapters 5 and 6).

The oversimplification of the distribution of functional annotations on PINs that

is a central assumption in functional enrichment, renders this method unsuitable

for evaluating communities in a network context. However, the use of functional

enrichment for the labelling of communities with functional terms (eg. [211]) is not

problematic as it does not represent an assessment of the community’s quality.
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4.4 Selecting a semantic similarity measure

As functional enrichment is unsuitable for functional homogeneity calculations

of communities in PINs, we looked to semantic similarity measures to capture

the coherence of proteins in a community. A large variety of semantic similarity

measures exist (see Section 2.5.2). In this section we describe how the semantic

similarity measure best suited to functional module evaluation was selected.

Semantic similarity measures use functional annotations to assess the similarity

of proteins (see Section 2.5.2). As functional similarity cannot be experimentally

measured, semantic similarity measures are compared using approximations of

functional similarity. Thus, the results of comparative studies are limited to

applications on particular data sets (see Section 2.5.2.2).

In this project we used semantic similarity to evaluate communities proposed

as functional modules in PINs (module evaluation). To our knowledge a semantic

similarity comparison based on functional module data does not exist, and only

few comparisons between individual methods have been made using pathways

or complexes [157]. To assess which semantic similarity measure is best suited

for module evaluation we performed our own comparison of semantic similarity

measures on simulated data.

It is impossible to compare all semantic similarity measures due to their sheer

number. Thus the review in [157] focused on the characteristics that well-performing

semantic similarity measures have in common. The authors concluded that measures

which directly compare groups of annotations (“group-wise methods”) are preferable

to those which compare individual terms, and that measures based on information

content (IC-based) tend to outperform others. Thus, for our comparison we

focused on semantic similarity measures that incorporate these characteristics

(see Section 2.5.2).

Despite having been successfully used to identify functional modules in the

yeast PIN [48], to our knowledge the Pandey measure [181] does not appear in any

comparative studies. We compared this group-wise, IC-based measure to others

that performed well in comparative studies. One such measure that has been
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consistently shown to outperform others across comparison methods [94,157,179] is

simGIC [182]. It has however been suggested that this is due to it mostly being

the only compared measure that is both IC-based and group-wise in the relevant

studies [157]. We also considered simUI as one of the first group-wise measures

to be used for functional similarity evaluation [179]. simUI compared favourably

to more complex methods in a large-scale comparison [94].

In our comparison test we simulated PINs using a generative network model

based on functional annotations. These annotations were extracted from a simple,

conceived ontology. The simulated PIN was partitioned into communities using

multi-resolution link clustering (see Section 2.3.3.2). Functional homogeneity

evaluation of the obtained communities was performed based on the extracted

annotations. In order to introduce noise into the functional annotation data,

annotations were hidden from the semantic similarity measures based on a functional

annotation model. The semantic similarity measures were scored by how well they

evaluated network partitions based on hidden functional annotations in comparison

to ground-truth evaluations using the full annotation set.

4.4.1 Methods
4.4.1.1 A generative network model

Commonly used generative network models have not been able to recreate the

network structure observed in PINs (see Section 2.2.2). In order to carry out

our tests, we extended a simple generative network model to incorporate noise

on the edges and obscure functional annotations. These features were added to

approximate the error rates in PINs, and the lack of functional annotation coverage

and specificity, which are the main sources of error in the two types of data used

in functional module detection.

As shown in Section 4.2 functional annotations describe PIN connectivity. Given

two random proteins with functional annotations, the more annotations these two

proteins share, the higher the probability of finding that they interact. This concept

is implemented in the Affiliation Graph Model (AGM) [145] (see Section 2.3.3.1).
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The AGM is designed to model the probability of two nodes interacting based on

the number of communities they share. In order to generate network connectivity

from ground truth functional annotations, we simplified the model and substituted

the number of communities for the number of common functional labels in the

AGM Equation (2.8) to give:

P (u, v) = cp(1− (1− p)|Gu∩Gv |), for u 6= v. (4.1)

Here, P (u, v) denotes the interaction probability between nodes u and v, p is

the probability scaling factor that controls how the interaction probability scales

with shared labels, and Gu is the label set associated with node u. The constant

factor cp in this model is used to regulate the expected number of edges in the

network generation process.

The edge probabilities calculated by Equation (4.1) are based on ground truth

label sets denoted by Gu. We generated these label sets by randomly sampling

from the simple, conceived ontology shown in Figure 4.2.

Figure 4.2: Conceived ontology tree for ground-truth labels. The ontology tree describes
the relations between the functional labels used as ground-truth in our simulation study. Label
1 denotes the root term, labels 2 - 5 represent an intermediary level of organization, and labels
6 - 15 are the most specific annotations. In analogy with the GO, “is_a”-type relationships go
downwards in the ontology.

In the case of PINs, although the most specific function a protein is associated

with is not always known, it is this specific function that determines a protein’s

interactions. In analogy with the biological case, we sampled ground-truth labels
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only from the most specific level of the ontology at labels 6 - 15. Given a number

of nodes N , an expected number of edges |E|, a probability scaling factor p, and

a distribution of labels per node D, the algorithm used to generate our simulated

PIN-like networks performs the following steps:

1. For each node, Sample M labels from 6 - 15 with replacement, where M

depends on the input distribution for the number of labels per node D.

2. Generate the full label sets via our ontology using ancestral path mapping.

3. Calculate the interaction probability matrix P by Equation (4.1).

4. Scale the interaction probabilities in matrix P to have the expected number

of edges |E|.

5. Run the SourceGraph function (Algorithm 4.4.1) to generate a connected

network.

For example, given a distribution D of 50% of nodes with 1 and 50% of nodes

with 2 labels, a label distribution for N = 4 nodes (nodes A, B, C, and D) could

be sampled as GA = {6}, GB = {11, 8}, GC = {11, 9}, GD = {12}. Based on our

ontology tree (Figure 4.2) the full label sets for these nodes are GA = {6, 2, 1},

GB = {11, 8, 4, 3, 1}, GC = {11, 9, 4, 3, 1}, GD = {12, 4, 1}. For a probability

scaling factor p = 0.1, the interaction probabilities are P1 = P [A,B] = P [A,C] =

P [A,D] = 0.1cp, P2 = P [B,D] = P [C,D] = 0.19cp, and P3 = P [B,C] ≈ 0.34cp

by Equation (4.1). For an expected number of edges |E| = 3, the probabilities

are scaled to P1 ≈ 0.29, P2 ≈ 0.56, and P3 ≈ 1.00.

Sampling edges from the probability matrix between nodes P may result in

the edge set E = {(B,C), (C,D), (B,D)}, which would not give a connected

network. Therefore, we generate connected networks using the SourceGraph
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function. The pseudocode to generate a connected network from the calculated

interaction probabilities P is:

Algorithm 4.4.1: SourceGraph(N,P )

comment: sample(v,p): draw a sample from the elements of vector v with weights p
comment: graph(A): generate an undirected graph from the adjacency matrix A
comment: LCC(G): filter for the largest connected component of graph G
comment:V(G): the number of nodes in the graph G

repeat
for i← 1 to N − 1
for j ← i+ 1 to N
do{
A[i, j]← sample((0, 1), (1− P [i, j], P [i, j]))

G← graph(A)
GLCC ← LCC(G)
until N−V (GLCC)

N
≤ 0.01

Using this algorithm, a connected network can be generated from specific

ontology labels with an expected edge count |E|, and approximately N nodes.

Here, we accepted any connected network where the number of nodes was within

1% of the target number N .

PINs are noisy (see Section 2.1.2.1). In this network model, noise is modelled by a

simple approximation. As all nodes share at least the root annotation, |Gu∩Gv| ≥ 1

by construction (see Equation (4.1)). Thus, |Gu ∩Gv| = 1 is non-informative and

describes proteins that interact “at random” with probability p× cp. We view these

interactions as “noise”, whereas interactions with |Gu∩Gv| > 1 are viewed as “signal”.

The relative size of the noise term is controlled by the probability scaling factor

p from Equation (4.1). By this equation, the maximum signal is an interaction

probability of cp. Thus, the highest signal-to-noise ratio possible for any data

set is 1
p

: 1. This optimal signal-to-noise ratio translates to a network where
1

1+p interactions represent signal, and p
1+p result from the noise effect. Such a

network has a false-positive rate of p
1+p . In our investigation p was set to 0.2,

which corresponds to false-positive rates of ≈ 17− 21% observed in high quality

protein-protein interaction data sets [79, 89].
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4.4.1.2 Functional annotation model

The specific function of a protein that determines its interactions with other

proteins is often not known. This circumstance was translated into our simulation

setup by hiding node labels from the semantic similarity measures. In order

to simulate the information a semantic similarity measure would have available

when applied to PIN communities, a certain percentage of labels were hidden.

Specifically, two label-hiding probabilities, pH1 = P (remove label at depth 2) and

pH2 = P (remove label at depth 1| label at depth 2 was removed), were used to

affect label hiding at the two depths in our ontology.

In our ontology (Figure 4.2) a node association with a label at a depth of

two (6 - 15) defines the node’s associations with depth one labels (2 - 5) and the

root. Thus, a label at a depth of one can only be hidden if the corresponding

depth two label was already hidden. This logic was applied in the label-hiding

algorithm, shown in Algorithm 4.4.2.

Algorithm 4.4.2: LabelHider(N, labels, pH1, pH2)

comment: labels: length N list containing the full label set for each node
comment: rand(): generate a random number in the interval [0,1]
for i← 1 to N
do

labelsLeft[i] = labels[i]
for each lab ∈ labelsLeft[i]
do

if (lab ∈ [6 : 15] and rand() < pH1)
then
Remove lab from labelsLeft[i]
if (rand() < pH2)
then{
Remove parent lab from labelsLeft[i]

For example, given our network of four nodes with label sets GA = {6, 2, 1},

GB = {11, 8, 4, 3, 1}, GC = {11, 9, 4, 3, 1}, GD = {12, 4, 1}, we can hide labels with

probabilities pH1 = 0.5 and pH2 = 0.33. Using the LabelHider function with these

parameter sets an estimated 50% of the depth two labels of [6, 11, 8, 11, 9, 12] would

be hidden. If the most specific labels of nodes A and B are selected ([6, 11, 8]),
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this leaves the depth one labels [2, 4, 3] which can be selected for removal with the

probability pH2 = 0.33. At this probability, on average one of the three labels will

be removed. If the label “4” is chosen, this leaves the label sets GA = {2, 1}, GB =

{3, 1}, GC = {11, 9, 4, 3, 1}, GD = {12, 4, 1} for functional similarity evaluation.

By hiding node labels semantic similarity measures can be compared in their

ability to evaluate communities in simulated networks given only partial label

information in contrast to ground-truth community evaluation based on full la-

bel information.

4.4.1.3 The comparison test

Using our network model to generate a PIN-like network, and the functional

annotation model to simulate the data available to semantic similarity measures in

module evaluation, we developed a comparison test for semantic similarity measures.

Given a parameter set, 100 networks were generated by our network model.

Each of these networks was generated for independently sampled node label sets. As

the network model generates overlapping communities (see AGM in Section 2.3.3.1),

the networks were partitioned into communities using link clustering [127] (see

Section 2.3.3.2) for 251 resolutions evenly spanning the interval S ∈ [0; 0.5].

After label hiding, the pairwise functional similarities of all proteins in non-

trivial communities (size > 2) was calculated using the three semantic similarity

measures. To calculate the quality of a network partition generated at a particular

resolution, the functional similarity scores in non-trivial communities at the same

resolution were used to compute the network partition functional homogeneity

score using the equation:

fhSS,r = 1
|Cr|

∑
c∈Cr

2
|c|(|c| − 1)

∑
u,v∈c; v>u

ρSS(u, v). (4.2)

Here, fhSS,r is the network partition functional homogeneity score at a resolution

r by a functional similarity measure SS. The set of communities of size > 2

at resolution r is denoted by Cr, u and v are nodes in a community c in this

set, and ρSS(u, v) is the semantic similarity of the two nodes by measure SS.
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Equation (4.2) was derived by taking the averag of all community functional

homogeneity scores (Equation (2.16)) at a single resolution. To assess how well

communities are evaluated, each community was weighted equally regardless of

size in this calculation. This processing leads to profiles of network partition

functional homogeneity across resolutions for the three semantic similarity measures

on each generated network (Figure 4.3).

The ground-truth data these functional homogeneity profiles were compared to

is the full node label set used to calculate the initial edge probabilities for network

generation. Given that no labels were hidden in this set, the average number

of labels shared between all node-pairs in a community denotes how similar the

nodes in this community are. Using this average overlap score as a ground-truth

functional homogeneity, ground-truth network partition functional homogeneity

profiles were calculated by Equation (4.2). These profiles are shown in Figure 4.3

for a network generated at a label number distribution of 70%-30% for one and

two labels respectively, pH1 = 0.33, and pH1 = 0.2.

The comparison in Figure 4.3 was quantified using the Pearson correlation

between the individual semantic similarity profiles and the ground-truth profile.

The semantic similarity measures were then compared for a specific parameter set

using the distribution of the Pearson correlation coefficients of the 100 networks

generated. Taking the mean of the each Pearson correlation coefficient distribution

we obtained our test statistic describing the performance of a semantic similarity

measure in our simulation test for a specific parameter set. Summarizing this

process, the test statistic is calculated by the equation:

Test statistic(SS) = 1
100

100∑
i=1

corr(FHSS,FHGT ), (4.3)

where FHSS denotes the vector with the elements fhSS,r representing the

network partition functional homogeneity scores at each resolution, r, calculated

by Equation (4.2). Here, corr() denotes the Pearson correlation coefficient, SS

represents a given semantic similarity measure, and GT is the ground truth

evaluation measure based on full label overlaps.
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Figure 4.3: Network partition functional homogeneity profiles. Network partition
functional homogeneity profiles for the ground truth evaluation measure, the Pandey measure,
simGIC, and simUI. The network was generated with a target of 500 nodes, an expected edge
number of 998, a 70%-30% proportion of nodes with one and two labels, and a probability scaling
factor p = 0.2 by our generative network model. The three semantic similarity measures were
used to compute the network partition functional homogeneity profiles by Equation (4.2) using
labels preprocessed by label-hiding Algorithm 4.4.2 with parameters pH1 = 0.33, and pH1 = 0.2.
Link clustering was used to partition the network at resolution increments of 0.002 in the interval
S ∈ [0; 0.5]. Pearson correlation coefficients of these profiles were used to quantify the success of a
semantic similarity measure in the context of module evaluation.
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4.4.2 Results

Using the models and the test described in Section 4.4.1 we evaluated how simUI [183],

simGIC [182], and the Pandey measure [181] compare in the functional homogeneity

evaluation of communities in networks.

As many of the parameters in our models cannot easily be fitted using published

results, we performed the comparison under a range of parameter settings to assess

the reliance of our results on the parameter inputs. The parameters which were

varied in this investigation are the number of labels per node and the label hiding

probabilities pH1 and pH2. Here, the target number of nodes, N, was set to 500.

For a network of 500 nodes to be connected, at least 499 edges are required. Thus,

the minimum possible density is ≈ 0.004, which is approximately five times as

large as standard PIN densities (see Table 3.1). In order to reproduce PIN-like

densities on a connected network that allows for sufficient edges to reproduce a

modular structure at least 4000 nodes are required. This network size was found

to be unfeasible for performing parameter sweeps of the above parameters given

the computing power available.

To allow for the generation of coarse modular network structure on 500 nodes

the expected edge number was set to twice the minimum number of edges required

for a connected network. Due to random sampling of edges and taking the largest

connected component of the generated networks, the actual number of nodes and

edges varied between networks.

In December 2013, the GO contained 22,483 leaf terms in the ontology structure,

spread across the three sub-ontologies. In comparison, the most GO-terms associated

with a single protein in the November 2013 human protein association file was

147 (see Section 3.2.1). While these 147 represent the most specific annotations

associated with the protein in a particular publication, it is unlikely that all of these

annotations are leaf terms. Even in the scenario, where these 147 do all represent

distinct leaf term annotations, the maximum number of leaf term annotations

assigned to a protein is still < 1% of all leaf term annotations. As our ontology

tree only contains ten leaves, it is impossible to translate this proportion directly.
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Instead, the proportion of nodes with one and two labels was varied at 60%-40%,

70%-30%, and 80%-20% respectively. Two labels were allowed as most proteins

are not limited to a single function.

Given that our ontology tree only contains three levels of specificity of which

only two contain information relevant to node interactions, hiding labels on a single

level already represents a loss of relevant information of 50%. Hiding labels across

two levels can thus be interpreted as a lack of node annotation in analogy to PINs.

The proportion of PIN proteins without functional annotations for the PINs used

throughout this project is on average ≈ 15% (see Sections 3.2.1 and 3.2.1). This

percentage corresponds to the probability pH1 × pH2 in the functional annotation

model. We thus performed the comparison test for pH1 values of 0.25, 0.33, and

0.5, and pH2 values of 0.1, 0.2, and 0.3. For these parameter values the expected

proportion of nodes without relevant label associations ranges from 2.5% to 15%.

Due to the complexity of the GO structure (difficulty of assigning depth to a term;

different maximum depths across ontology; see Section 2.4.1), estimating pH1 from

the GO is difficult. Thus, a broad range of pH1 values were tested.

The test statistic across parameter sets for the Pandey measure, simGIC and

simUI, can be seen in Figures 4.4–4.6.
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Figure 4.4: Semantic similarity test statistics for parameter sets with node label
distributions of 60%-40%. Functional module simulation test statistics for the Pandey measure,
simGIC, and simUI were calculated by Equation (4.3). The simulated networks were generated
using the model described in Section 4.4.1 with a target node number of 500, an expected edge
number of 998, a probability scaling factor of 0.2 and 60% of nodes with one label, and 40% with
two. Labels were hidden using the label-hiding algorithm 4.4.2 at the parameters shown on the
x-axis. The Pandey measure outperforms simGIC and simUI for all investigated parameter sets.
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Figure 4.5: Semantic similarity test statistics for parameter sets with node label
distributions of 70%-30%. Functional module simulation test statistics for the Pandey measure,
simGIC, and simUI were calculated by Equation (4.3). The simulations were set up as in Figure 4.4
with 70% of nodes assigned one label and 30% two. The Pandey measure outperforms simGIC
and simUI for all investigated parameter sets.
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Figure 4.6: Semantic similarity test statistics for parameter sets with node label
distributions of 80%-20%. Functional module simulation test statistics for the Pandey measure,
simGIC, and simUI were calculated by Equation (4.3). The simulations were set up as in Figure 4.4
with 80% of nodes assigned one label and 20% two. The Pandey measure outperforms simGIC
and simUI for all investigated parameter sets.

Figures 4.4–4.6 show that the Pandey measure consistently outperforms simUI

and simGIC. In fact, the more difficult the simulated circumstances for community

evaluation are, the more the Pandey measure stands out in the comparison. For

example, the Pandey measure can be seen to outperform simUI and simGIC by

the larest margin when an expected 50% of specific (depth 2) labels are hidden,

and thus over 50% of the relevant label information is missing. Although coverage

of annotations on proteins is difficult to assess, it is likely that even 50% is a
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conservative estimate for the current coverage of specific functional annotations

on proteins in PINs [158].

4.4.3 Discussion

In this section we presented a simulation test that assesses how well a semantic

similarity measure captures the ground truth evaluation of communities given

that it lacks information on the exact labels. The semantic similarity measures

simUI [183], simGIC [182], and the Pandey measure [181] were compared in this

simulated scenario. Despite simGIC comparing favourably to a range of semantic

similarity measures in previous comparisons [94,157,179], we found that the Pandey

measure outperforms simUI and simGIC across parameter sets in our simulations.

To our knowledge, these simulations represent the first attempt to compare semantic

similarity measures in the context of functional module evaluation.

There are several ways in which the simulations could have been extended

to incorporate further factors that may affect functional module evaluation in

PINs. These possible extensions are:

1. Nodes without annotation that are excluded in the functional homogeneity

calculations could have been included by adding a pH3 parameter;

2. Random noise could have been introduced less evenly across the network. A

skewed noise distribution is expected in PINs given not all proteins are equally

well-studied;

3. Label-hiding could have been modified to generate a skewed distribution of

labels on the network as observed in PINs (see Section 6.2).

While these extensions can make the simulation scenario more realistic, they

also increase the complexity of the simulation. Extensions to the models in the

above-mentioned way require extensive parameter sweeps which are not com-

putationally feasible, especially given the multi-dimensional nature of proposed

parameters 2 and 3.
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Further possible sources of error in our simulations are the chosen community

detection method, the label hiding method, and a possible loss of information

in the aggregation of community functional homogeneity scores into a single test

statistic. Link clustering was chosen as a fast algorithm that has been previously

applied to PINs [127], but other approaches to the community detection problem

are available (see Section 2.3). In rare cases our label hiding method can lead to

a specific annotation without a parent annotation in the label set. As nodes can

be assigned two labels, it can occur that a node is associated with two specific

labels with the same intermediate label (for example 6 and 7 with intermediate

label 2). In this scenario, label 2 can be hidden if label 7 is hidden when 6 is

not. In our simulations this is expected to occur between 0.6 and 4.8 times in

each 500 node graph and can thus be neglected. The test statistic calculation

(see Equation (4.3)) is a possible source of error due to multiple averaging steps

hiding the variance of community functional homogeneities. It may be the case that

semantic similarity measures perform better in different circumstances depending on

e.g. community size, or community label depth distributions. By averaging across

these possible dependencies we test for global performance, instead of verifying

individual community cases. As the same averaging procedure is applied to all

investigated semantic similarity measures, the comparison is fair.

Despite efforts undertaken to simulate functional module evaluation accurately,

it is possible that the aforementioned PIN characteristics which were not accounted

for in our models, and other described sources of error, confounded the results

of our investigation. As a consequence, the simulation should not be taken as

hard evidence of a semantic similarity measure’s superiority over others in the

evaluation of functional modules. However, this caveat holds for any comparison of

semantic similarity measures based on simulations or data approximations (which

encompasses all the comparisons in [94,157,179]). The comparison performed can

only suggest that the Pandey measure is the most suitable of the three measures

tested in the context of module evaluation.
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4.5 Testing Human Phenotype annotations

Despite the GO being the most comprehensive annotation database, it does not offer

perfect coverage. Using additional functional annotation resources may thus improve

our ability evaluate communities as functionally homogeneous. Functional annota-

tions can also be extracted from sources such as MIPS [166,167], Reactome [164,165],

KEGG [163], or the HPO [162] (described in Section 2.4.3). Pathway annotations,

as available from Reactome or KEGG, and MIPS annotations are automatically

mapped to the GO with “IEA” evidence codes and thus may not provide additional

information (see Section 2.4.3). As such, HP associations are the best candidates

for independent community evaluation. We investigated whether modules classified

by Mendelian disease annotations mapped to the HPO could extend the list of

functionally homogeneous communities by GO-based functional evaluation.

4.5.1 Methods

Less than 20% of protein in HINT-P and BioGrid-AP are associated with HP

annotations (see Section 3.2.2). In order to use HP annotations to evaluate

communities, they must have sufficient coverage on these communities. We assessed

the extent of this issue for module evaluation by investigating the distribution of the

number of annotated nodes in communities of size 6 - 35 in HINT-P and BioGrid-AP

(Figure 4.7). Communities were generated by link clustering at 121 resolutions

evenly spanning the interval S ∈ [0, 0.6] (see Section 2.3.3.2). We specifically

focussed on communities of size 6 - 35 as these represent size ranges where potential

modules are unlikely to represent trivial associations or small complexes, but can

still be feasibly experimentally tested (see Section 1.1.3).

To further assess whether HP annotations provide any added value in the

evaluation of community functional coherence we investigated whether there were

functionally homogeneous communities by HP functional annotations that were

not evaluated as homogeneous by the equivalent GO BP annotation-based analysis

in HINT-P. Functional homogeneity scores were calculated using the Pandey

measure [181] with Equation (2.16). A community was evaluated as functionally
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homogeneous if its functional homogeneity score exceeded that of the mean functional

similarity of interacting proteins in the PIN.

4.5.2 Results

The distributions of the number of annotated nodes in communities of different sizes

(Figure 4.7) shows that a substantial proportion of communities are not sufficiently

annotated with HP terms. Indeed, over 50% of all communities of size 6 - 35

have less than two annotated nodes so that their functional homogeneity cannot

be calculated. For communities whose functional homogeneity can be determined,

few protein pairwise similarities determine the functional coherence of the whole

community in most cases. This situation is akin to sampling from all pairwise

protein similarities in a community and assuming the sample is representative of

the entire community – an assumption which will not always hold true.

As Figure 4.7 shows that some communities exhibit good coverage, especially for

the smaller community sizes, we investigated whether there are communities that

are evaluated as functionally homogeneous by HP-based community evaluation that

are not otherwise evaluated as homogeneous using GO-based analysis (Figure 4.8).

Figure 4.8a shows that up to approximately 105 communities of size 6 - 35 are

only evaluated as functionally homogeneous using HP annotations. Taking only

communities that contain at least three proteins associated with HP annotations,

this number is still above 70. These figures represent approximately 55% of the

total number of communities in this size range that are evaluated as functionally

homogeneous by the HP-annotation-based analysis. While this result suggests that

HP annotations can provide additional information for the evaluation of communities

as modules, Figure 4.8b indicates that these values are likely the result of the poor

coverage of HP annotations on the communities.

Figure 4.8b shows that communities that are evaluated as functionally homo-

geneous by only the HP-based analysis have a low proportion of annotated nodes.

Thus, the communities that do exhibit a good annotation coverage in Figure 4.7 are
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Figure 4.7: Number of HP annotated proteins in link clustering communities of size
6 - 35. Violin plots show the distribution of the number of proteins with HP annotations in
link clustering communities across resolutions of sizes 6 - 35 in HINT-P and BioGrid-AP. The
distribution of the number of annotated nodes at each community size is mirrored to give a violin
plot. Although the data is discrete the plots are smoothed, generating the undulations specifically
visible in small community sizes. The blue dots show the mean of each distribution. The mean
number of annotated nodes in communities is ≈ 1

6 of the community size showing a poor coverage
of HP annotations.

not the communities that are evaluated as functionally homogeneous by only HP-

based community evaluation. Indeed, 12 of 3458 communities that are functionally

homogeneous by only HP-based analysis have over 75% annotated nodes. These

observations suggest that the functional homogeneity values obtained from the

communities in the HP-only set may be unreliable due to few pairwise protein

similarities determining the functional homogeneity of the whole community. Func-

tionally homogeneous communities by HP-based analysis that do have an adequate

coverage of functional annotations tend to be confirmed by GO-based analysis.

While there may be additional information in HP annotations that can be used
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Figure 4.8: Comparison of HP-based and GO-based community analysis. a) Number
of functionally homogeneous communities found by HP-based community evaluation that were
not found by the GO-based analysis. The number of functionally homogeneous communities with
at least 3 annotated nodes is shown in red. b) Violin plots of the distribution of the fraction
of annotated nodes in communities evaluated as functionally homogeneous by HP community
evaluation. The functionally homogeneous communities are split into two sets: communities
that were only evaluated as homogeneous by HP-based analysis (HP only), and those that were
evaluated as homogeneous by both HP-based and GO-based analyses (HP and GO). The functional
homogeneity of link clustering communities on HINT-P was evaluated using the Pandey measure
with HP annotations or GO annotations. A community was denoted as functionally homogeneous if
its functional homogeneity score exceeded the average functional similarity of interacting proteins
in HINT-P based on the respective functional annotations. While it appears that HP-based
community evaluation enhances our ability to evaluate the functional homogeneity of communities,
the distribution of annotated nodes in functionally homogeneous communities found only by
HP-based analysis suggests their homogeneity scores may be unreliable due to a low coverage of
annotated nodes. Communities with a higher proportion of annotated nodes tend to be found by
GO-based community evaluation.

for community evaluation, this signal is difficult to detect due to the unreliability

of calculated functional homogeneity scores from sparse annotation data. Overall,

it appears that the low coverage of HP-term-associated proteins on PINs decreases

its suitability for the evaluation of communities.

4.6 Discussion and conclusions

Evaluating the functional homogeneity of a community requires two components: a

functional annotation resource and a method of using these functional annotations

to compute a homogeneity score. In this chapter we performed an exploratory

analysis to find the best combination of annotation data and functional homogene-
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ity calculation to capture the biological coherence of communities proposed as

functional modules.

The most popular method of community evaluation is using GO annotations

with functional enrichment (eg. [22, 24, 25, 27, 49, 50, 174–176]). In a comparison

of annotations from the three GO ontologies we found GO BP annotations to be

most suitable for community evaluation, which corresponds to the consensus in the

literature [24, 28, 32, 109,157]. Surprisingly, MF annotations also showed a similarly

strong signal. In contrast, functional enrichment was found to be unsuitable for the

evaluation of communities in networks given its implied assumption that functional

annotations are randomly distributed in PINs. While functional enrichment can be

extended to address this issue as discussed in Chapter 6, currently semantic similarity

represents the most appropriate approach for community evaluation. To determine

which semantic similarity measure is best equipped to evaluate communities based

on limited available functional annotations, we performed a simulation study.

Contrasting three measures that had either been well-reviewed or previously used in

the context of functional module evaluation, we determined that the Pandey measure

is best suited to deal with the challenges of the evaluation of communities in PINs.

Therefore, protein functional similarity was quantified by applying the Pandey

measure to GO BP annotation sets in the work presented in Chapters 5 and 7.

As the GO does not offer perfect coverage of functional annotations, we

investigated whether additional functional annotation resources could provide any

added value for community evaluation. However, alternative annotation resources are

either already incorporated into the GO (e.g. pathway annotations from KEGG or

Reactome), or suffer from a low coverage on PINs resulting in unreliable community

evaluation (HP annotations). Integration of GO BP with HP annotations for the

evaluation of communities may be possible, however the potential contribution of

HP annotations is unclear given the low coverage. It is therefore likely that the

merits of such an integration will be outweighed by the effort required.
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5.1 Introduction

Functional modules represent an important level of organization in molecular biology

(see Section 1.1.1). In this thesis we present a methodology that uses these modules

to map DEGs to functions that are differentially regulated in disease phenotypes

(see Section 1.1.3). To assess how best to detect functional modules, we performed

an exploratory analysis of several functional module detection methods.

107
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There exist a large variety of methods for functional module detection (reviewed

in Section 1.1.2). Modules are commonly found by performing community detection

on PINs [23–26,48] or other networks of integrated biological data [38,43,46,50].

An important consideration for the selection of community detection methods in

this thesis is speed, and the ability to detect communities at multiple scales.

Functional modules exist at different scales of organization (see Section 1.1.3).

Thus, we used community detection methods that take into account that commu-

nities can be found at multiple scales or resolutions by incorporating a resolution

parameter (see Section 2.3.1).

While several studies have used multi-scale community detection to generate

functional modules [37, 46, 48], to our knowledge only one study has previously

investigated how these functional modules change across resolutions. Using con-

figuration model Modularity Maximization to partition S. Cerevisiae PINs (see

Section 2.3.2.1) it was concluded that there is no single resolution of interest, but

instead cellular functions are best captured at different resolutions [48]. Given

that configuration model Modularity Maximization is known to be subject to a

resolution limit which bounds the community sizes that are correctly detected at any

resolution [139–141] (see Section 2.3.2.2), this conclusion may be confounded by the

community detection method used. In this chapter we thus attempt to reproduce

this study on human data and assess the potential effect of the resolution limit in

module detection. Further community detection methods are also evaluated.

In this chapter four different community detection were tested on two PINs

at multiple resolutions. The initial aim of this investigation was to identify a

community detection method and resolution (or narrow range of resolutions) that

captures the functional organization of a human PIN. Finding no such “ideal”

resolution or method we focused on the behaviour of the community detection

methods that may limit their suitability for functional module detection. This

focus was specifically centred around the detection of functionally homogeneous

communities of sizes 6 - 35, which was suggested as an optimal size range for further

investigation by collaborators at UCB Pharma (see Section 1.1.3).
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Our exploratory analysis revealed several obstacles to functional module de-

tection in PINs. These challenges are discussed in this chapter and addressed

in further chapters of this thesis.

5.2 Evaluating communities using functional ho-
mogeneity

To compare the ability of community detection methods to partition PINs into

functional modules, we must use a consistent evaluation measure. Following our

functional homogeneity investigation in Chapter 4, we use GO BP annotations to

characterize protein functional similarity with the Pandey measure in this chapter

(see Section 3.2.1). This measure not only outperformed others in our simulation

test in Chapter 4, it is also used in the multi-resolution yeast PIN study to which

we compare our results [48].

Going from protein functional similarities to measures of community functional

homogeneity can be done in two ways (see Section 2.5.2.3). While we opted to

compute the homogeneity of a community by averaging all pairwise similarity

scores in Chapter 4, we instead used the average similarities of interacting proteins

in a community here. This method was chosen for consistency with the yeast

PIN study whose conclusions we are evaluating on human data [48]. It has been

argued that computing the functional homogeneity in this way takes into account

that interacting proteins are more similar than non-interacting proteins (see also

Figure 6.4 in Section 6.4.1). Thus, when community functional homogeneities are

evaluated against the average similarity of interacting proteins, communities are

not negatively impacted by containing fewer edges (having a lower density), which

especially negatively affects large communities.

Using this method of computing the functional homogeneity, the quality of

network partitions at different resolutions was calculated to assess whether there is

an optimal resolution for partitioning a PIN. To evaluate the role of the resolution

limit in this assessment, we investigated the network partition quality in community

size bands. Here, the quality of the network partition at resolution r for the range
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of community sizes B, was quantified by the average functional homogeneity of

communities in the given size range, denoted by the network partition functional

homogeneity score fhB,r. Similar to Equation (4.2), this was calculated by:

fhB,r = 1
|CB,r|

∑
c∈CB,r

1
|Ec|

∑
u,v∈c;(u,v)∈E;v>u

ρSS(u, v). (5.1)

Here, CB,r denotes the set of communities with a size in range B at resolution r, u

and v are nodes in a community c in this set, and ρSS(u, v) is the functional similarity

score between the two nodes calculated as explained in Section 3.2.1. E denotes

the set of edges in the PIN, and |EC | is the number of edges between nodes in the

community. In the above equation each community is weighted equally regardless

of community size to assess detected communities rather than network proportions.

In order to make network partition functional homogeneity scores informative,

these scores were put into the context of background functional similarity scores.

We used the mean of the functional similarity scores of interacting proteins (Int

BG) and the mean of the functional similarity scores of all protein-pairs (Rand BG)

to generate this context. Background functional similarity values for HINT-P-14

and BioGrid-AP-14 are shown in Table 5.1.

Table 5.1: Background functional similarity values.

Network Int BG Rand BG
HINT-P-14 5.8901 ± 3.8499 3.3237 ± 2.8212

BioGrid-AP-14 6.0565 ± 3.8032 3.0003 ± 2.7028
Table 5.1: The mean functional similarity score of interacting proteins is given in the Int BG
column, and the mean functional similarity of all annotated protein-pairs in the PINs is denoted
by Rand BG. Standard errors are quoted after the values.

5.3 Criteria for the evaluation of community de-
tection methods

Each community detection method groups proteins in PINs according to its own

notion of the concept of a community (see Section 2.3). For each method, at

least some of these communities will be functionally homogeneous. A community
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detection method that is able to capture the functional organization of the entire PIN

should contain a large proportion of potential functional modules in the communities

it generates. A signal for biologically meaningful community detection can thus

be conveyed via the average functional homogeneity of communities in a network

partition (see network partition functional homogeneity by Equation (5.1)).

Finding such a network partition that captures the functional organization of

an entire human PIN would provide a robust basis for the pipeline developed in

this project (see Section 1.1.3). As network partitions at neighbouring resolutions

can be very similar, it is possible to generate a consensus network partition from

network partitions in a narrow resolution range [143]. Finding such an ideal network

partition is the central focus according to which community detection methods were

evaluated. Specifically, two criteria were used for our evaluation.

Criterion 1: Optimal Resolution

The existence of a network partition (or a set of neighbouring partitions) that

contains communities characterized by specific cellular functions.

Criterion 2: Proteins of Interest

As it is unlikely that the entire network is perfectly partitioned even at the

optimal resolution identified according to the first criterion, it is important

that proteins that are of interest to the biological application are assigned to

potential functional modules. As mentioned in Section 3.1.1 the interleukins

IL-4, IL-10, IL-12A, IL-12B, and IL-13 have previousy been linked with

macrophage differentiation, the target biological application in this project.

The second criterion for the evaluation of community detection methods

concerns whether these proteins of interest are partitioned into communities

of size 6 - 35, our designated size range (see Section 5.1).

In practice, Criterion 1 is fulfilled when the network partition functional

homogeneity values peak in the same narrow resolution range for communities

of all size ranges. Criterion 2 assesses whether a community detection method is

suitable for the investigation of macrophage differentiation. Expanding on Criterion
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2, we also investigated the coverage of proteins in communities of size 6 - 35

across PINs to assess the suitability of the generated network partitions beyond

the biological application of macrophage differentiation. This coverage assessment

represents a more general characteristic of suitable community detection methods.

5.4 Louvain community detection

In this section Modularity Maximization community detection as implemented

in a modified Louvain algorithm (see Section 2.3.2.3 for Louvain algorithm, and

Appendix C for the Louvain modification) is evaluated using the configuration

and the Constant Potts null models. As this is an exploratory analysis each

network partition was only performed once, although Lovain partitions may differ

between runs. Unless otherwise stated the results presented here are consistent

for HINT-P-14 and BioGrid-AP-14.

5.4.1 Configuration model

Community detection methods partition a network into groups of interacting nodes

(see Section 2.3). Multi-resolution community detection methods incorporate a

resolution parameter into this process which controls the scale of the network

partition. At the lowest resolution the entire network is in a single community,

while at other end of the resolution scale each node is in its own community.

Meaningful network partitions exist between these extremes. To find the range

of resolutions at which HINT-P-14 is partitioned into non-trivial communities

by Louvain configuration model community detection, we looked at the number

of communities of size ≥ 4 across resolutions (Figure 5.1), the total number of

communities at each resolution (Figure 5.2), and investigated the community size

distributions for each network partition (Figure 5.3).

Figure 5.1 shows that the number of communities of size ≥ 4 decreases from

log γ ≈ 2.3. As the number of communities generally increases with resolution, a

considerable proportion of communities of size ≥ 4 must be sub-divided into smaller

components with fewer than four nodes from this resolution. A community size of
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Figure 5.1: Number of communities of size ≥ 4 in HINT-P-14. Number of Communities
of Size ≥ 4 versus the log of the resolution γ for a Louvain partition of the HINT-P-14 network
using the configuration model. The plot shows a drop in the number of communities at log γ ≈ 2.3,
indicating an over-partitioning of the network.

three or less represents a biologically trivial association of nodes. Thus, the network

can be regarded as over-partitioned from this resolution.

While large communities are expected to be sub-partitioned into smaller ones

as the resolution increases (see zooming in behaviour in Section 2.3.1), Figure 5.2

suggests that configuration model Louvain partitions do not always conform to

this expectation. Figure 5.2 shows that the number of communities in HINT-

P-14 and BioGrid-AP-14 does not monotonically increase with resolution, but

instead exhibits local maxima at low resolutions. This observation suggests a

re-partitioning effect is occurring where nodes are initially partitioned into small

communities and subsequently re-partitioned into larger ones at a higher resolution.

This effect is particularly pronounced for BioGrid-AP-14. Repeated configuration

model Louvain runs were performed to confirm that the observed effect is not

caused by the variability in the network partitions generated by the Louvain
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Figure 5.2: Re-partitioning effect for HINT-P-14 and BioGrid-AP-14 by configura-
tion model Louvain. The number of communities of all sizes versus log resolution for Louvain
runs using the configuration model (Config) on HINT-P-14 and BioGrid-AP-14. The number of
communities does not increase monotonically, but exhibits a local maximum at lower resolutions.
The small peak in community number quickly disappears suggesting the nodes in these communities
were re-partitioned into larger ones.

algorithm (see Section 2.3.2.3). For a resolution range log γ > 0, the resolution

parameter behaves as expected.

The resolution range for well-behaved network partitioning identified from

Figure 5.2 coincides with the lower bound for network partitioning set at log γ ≈ 0

based on the community size distribution plots in Figure 5.3. This figure shows that a

community size similar to the size of the network is present in low resolution network

partitions. The median community size decreases monotonically from a log resolution

of approximately zero, which suggests the expected “zooming-in” behaviour.

According to the data shown in Figures 5.1–5.3 HINT-P-14 is partitioned into

non-trivial communities by configuration model Louvain in the resolution range

0 < log γ < 2.3. An optimal resolution, or resolution range, that captures the

functional organization of HINT-P-14 by criterion 1 (see Section 5.3) must lie within

the above bounds. To identify such an optimal resolution range, we investigated

the network partition functional homogeneity (see Equation (5.1)) for community

size bands of 2 - 10, 11 - 30, 31 - 60, 61 - 100, and 101+ (Figure 5.4). These size
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Figure 5.3: Community size distributions across resolutions. Boxplots of the distribution
of community sizes at each resolution for Louvain partitioning using the configuration model
on HINT-P-14. Lines in the centre of the boxplots are drawn at the median community size,
while the boundaries of the box represent the 25% and 75% quantile range of the community
sizes. The dotted lines represent the range of the distribution, with all values further than 1.5×
the interquartile range from the median shown as outliers (dots). The graph shows that the
network is not significantly partitioned until log γ ≈ 0 as there exists a community whose size
is approximately the size of the network. For log γ > 0 the median community size starts to
monotonically decrease as expected.

bands were chosen to cover the full range of communities for which a functional

homogeneity can be calculated based on the size distributions shown in Figure 5.3.

While Figure 5.4 shows functional homogeneity maxima at low resolution across

community size bands, only the size band 2 - 10 exhibits a local maximum within

the meaningful resolution range of 0 < log γ < 2.3. Furthermore, all network

partition functional homogeneity maxima fall into resolution ranges where there are

few communities in the respective size band. Few communities contributing to the

observed functional homogeneity peaks suggests that configuration model Louvain

does not capture the functional organization of the entire network at this resolution.

The disappearance of the high functional homogeneity signal in the size band 2
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Figure 5.4: Configuration model Louvain network partition functional homogeneity
in size bands versus the number of communities. Network partition functional homogeneity
was calculated in community size bands by Equation (5.1) and plotted versus log resolution (upper
plots). The lower plots show the number of communities in these community size bands. Partitions
were obtained by multi-resolution Louvain runs using the configuration model on HINT-P-14. The
functional homogeneity plots are put into perspective by comparison with the average functional
similarity of interacting proteins in the PIN (black dotted line), and the average functional similarity
of all node pairs (brown dotted line). The plot shows the initial high functional homogeneity
scores result from only few communities.

- 10 at a resolution of log γ ≈ 1 suggests that the re-partitioning effect (Figure 5.2)

is occurring up to this resolution. It appears that small, highly functionally

homogeneous communities are “ripped off” the central community containing most

of the PIN at low resolutions. These communities have been re-partitioned into

larger communities at log γ ≈ 1, where there are no more communities in this size

band and no communities of size 1 (see Figure 5.3).

At resolutions where large parts of the network are partitioned into certain

size bands (the number of communities in the size bands peak), the network

partition functional homogeneity is similar to the average functional similarity of

interacting protein representing the background. As shown in Equation (5.1), the

network partition functional homogeneity is computed by averaging community

functional homogeneity scores. Thus, the question arises whether this averaging

hides a large proportion of the network actually being partitioned into functionally

homogeneous communities. We investigated this question by looking at the number

of communities with a functional homogeneity higher than the average functional

similarity of interacting proteins (functionally homogeneous communities), which is
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similar to the previous analysis performed on yeast PINs [48] (Figure 5.5).

Figure 5.5: The number of functionally homogeneous configuration model Louvain
communities across resolutions. Partitions were obtained by multi-resolution Louvain runs
using the configuration model on HINT-P-14. Communities were evaluated as functionally
homogeneous if their functional homogeneity was higher than the average functional similarity of
interacting proteins in the PIN (Int BG, see Section 5.2). Dashed lines show the total number of
communities in the given size range. Each small multiple figure highlights the plots for a specific
range of community sizes with all other plots in grey. While the the number of functionally
homogeneos communities peak where there are many communities in the respective size bands,
they peak at different resolutions.

Figure 5.5 shows that the number of functionally homogeneous communities

peaks at the same resolution where the number of communities in the respective size

band peaks. Thus, a large proportion of the network is partitioned into potentially

biologically relevant communities at these resolutions. However, Figure 5.5 also

shows that the distance between the plots showing the number of communities in

a respective size band (dashed line) and the number of functionally homogeneous

communities in this size band (full line) increases at the resolutions where these

maxima are found. Thus, the community detection algorithm is actually performing

worse at these resolutions as a lower proportion of the partitioned communities are

evaluated as functionally homogeneous. Optimal community detection performance

(where the dashed and full lines are closest) across size bands generally corresponds

to the network partition functional homogeneity maxima shown in Figure 5.4.

The results presented here suggest that the conclusion drawn from the multi-

resolution yeast PIN analysis that biological functions are optimally partitioned

at different resolutions [48] may be confounded by the resolution limit affecting

configuration model Louvain community detection. As the number of functionally

homogeneous communities peaks at different resolutions for each size band, the



118 5.4. Louvain community detection

community size affects the resolution at which the PIN is deemed as optimally

partitioned. Given this observation, if it takes a comparatively large number of

proteins to perform a particular cellular function, a functional module for this

function would likely be found at lower resolution than a functional modules for a

function that is performed by fewer proteins. This observation is an effect of the

resolution limit affecting configuration model Louvain Modularity Maximization

and is thus specific to this community detection method. It may be the case that

other methods which are not affected by the resolution limit are able to optimally

partition PINs at a single resolution.

5.4.2 Constant Potts model

The Constant Potts model (CPM) is a null model for Modularity Maximization

that is not affected by the resolution limit [140] (see Section 2.3.2.2). Hence, CPM

Louvain is a good candidate for a community detection method that can capture

the functional organization of a PIN at a single resolution. To investigate how

CPM Louvain partitions PINs we looked at the number of communities into which

HINT-P-14 and BioGrid-AP-14 are partitioned at each resolution (Figure 5.6) and

assessed the distributions of community sizes (Figure 5.7).

Figure 5.6 shows that the re-partitioning effect described in Section 5.4.1 is more

pronounced for CPM Louvain than for configuration model Louvain (see Figure 5.2).

This effect is especially visible for the BioGrid-AP-14 data set, where the number

of communities decreases in the resolution range −2.8 < log γ < −1.6. The

expected “zooming-in” effect with increasing resolution only occurs for resolutions

log γ > −2.7 for HINT-P-14 and log γ > −1.6 for BioGrid-AP-14.

Smaller communities tend to have higher densities. As the CPM directly selects

for density via the resolution parameter (see Section 2.3.2.2), it also selects for

small community size. This feature is particularly pronounced for BioGrid-AP-14

partitions (Figure 5.7). Figure 5.7 shows that 75% of the communities in BioGrid-

AP-14 are of size 1 for log γ < −1.2. Thus, a large proportion of the network is

partitioned into trivial communities. While HINT-P-14 does not exhibit as strong
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Figure 5.6: Re-partitioning effect for HINT-P-14 and BioGrid-AP-14 by CPM
Louvain. The number of communities of all sizes versus log resolution for Louvain runs using
the CPM on HINT-P-14 and BioGrid-AP-14. The number of communities does not increase
monotonically, but exhibits a local maximum at lower resolutions. This effect is particularly
pronounced for BioGrid-AP-14 where the number of communities is decreasing in the resolution
range −2.8 < log γ < −1.6.

Figure 5.7: Louvain CPM community size distributions in HINT-P-14 and BioGrid-
AP-14. Boxplots of the distribution of community sizes at different resolutions for CPM Louvain
runs on HINT-P-14 and BioGrid-AP-14. The box represents the interquartile range of the
distribution with the line denoting the median. The dotted lines represent the range of the
distribution, with all values further than 1.5× the interquartile from the median shown as outliers
(dots). The plots show that CPM Louvain selects for small communities. Especially in BioGrid-AP-
14, a large proportion of the PIN is partitioned into single node communities (75% of communities
are size 1 for log γ < −1.2, given that the boxplots are flattened to a line).
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a selection for single node communities, in no network partition are more than

50% of communities of size > 7. As functional modules are likely to contain at

least six proteins, the community size ranges obtained by CPM Louvain are not

ideal for functional module detection.

The large number of single node communities should not affect the ability of

CPM Louvain community detection to capture the functional organization of a

PIN. As PINs are incomplete, single node communities may arise due to incomplete

coverage of functional modules in currently available PINs. We investigated how

well CPM Louvain captures the functional organization of HINT-P-14 by network

partition functional homogeneity evaluation after Equation (4.2) (Figure 5.8)

Figure 5.8: CPM Louvain network partition functional homogeneity in size bands
versus the number of communities. Network partition functional homogeneity (Community
FH) was calculated in community size bands by Equation (5.1) and plotted versus log resolution
(upper plots). The lower plots show the number of communities in these community size bands.
Partitions were obtained by multi-resolution Louvain runs using the CPM on HINT-P-14. The
functional homogeneity plots are put into perspective by comparison with the average functional
similarity of interacting proteins in the PIN (black dotted line), and the average functional
similarity of all node pairs (brown dotted line). The graph shows that functional homogeneity
maxima are found where there are few communities in the respective size bands.

The CPM network partition functional homogeneity plots in Figure 5.8 are

similar to those obtained with the configuration model (see Figure 5.4). Functional

homogeneity maxima tend to correspond to resolutions with few communities in

the respective size band with the possible exception of size band 61 - 100, which

exhibits a local maximum. Furthermore, local functional homogeneity maxima are
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at different resolutions across size bands, thus our first criterion is not fulfilled by

CPM Louvain community detection (see Section 5.3).

While further investigation into the number of functionally homogeneous com-

munities similar to Figure 5.5 showed that CPM Louvain does find functionally

homogeneous communities, the maximum number of functionally homogeneous

communities is correlated with the number of communities in the respective size

bands (data not shown). As the quality of community detection can be evaluated

based on the proportion of communities that are functionally homogeneous, such

maxima do not suggest good partitioning.

The selection of communities by a resolution parameter controlling for community

density may not be affected by the resolution limit, however it does select for dense,

small communities. From a biological perspective, we have no reason to assume

that functional modules have similar densities. Finding such similar densities is

especially unlikely for biologically meaningful communities in currently available

PINs, as current PIN data sets are noisy and incomplete [88,89,93]. Hence, selecting

for density may not be ideal to optimally partition a PIN at a single resolution.

5.5 Overlapping community detection

While the Louvain algorithm partitions proteins into non-overlapping communities,

it seems counterintuitive that functional modules should not overlap. Proteins are

often associated with multiple GO annotations. Indeed, many proteins have been

shown to belong to multiple complexes [71]. Thus, overlapping community detection

may allow for a more accurate representation of biological functions.

BigCLAM and link clustering are two community detection methods that scale

well with network size and can thus generate overlapping network partitions, so-

called network covers, for multiple resolutions in a reasonable time frame. While

link clustering incorporates a resolution parameter, the number of communities

fitted to the data K, is used as a resolution proxy for BigCLAM.
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5.5.1 BigCLAM

In Section 4.2 we showed that proteins are more likely to interact the more functional

annotations they share. This concept is built into the Affiliation Graph Model

(AGM) [125], a model for community detection based on the stochastic block model

(see Section 2.3.3.1). BigCLAM uses a fast approximation of the AGM to detect

overlapping communities in networks.

We discussed the importance of proteins related to the intended biological

application being partitioned into communities of size 6 - 35 that represent potential

modules in Section 5.3. As BigCLAM uses the number of communities fitted

to the data K as a resolution proxy, it is not certain that the entire network is

fitted at every value of K. Thus, we investigated what proportion of the network

was partitioned into communities of size > 2, > 5, > 9, and > 35 dependent

on the number of communities fitted. Specific focus was put on whether the

interleukins previously linked with macrophage differentiation were partitioned into

communities in the above size bands (Figure 5.9).

Figure 5.9 shows that ≈ 40% of proteins in BioGrid-AP-14 are never partitioned

into communities of size > 5. Furthermore, although BioGrid-AP-14 contains all

of the investigated interleukins (see Section 3.1.1), only IL-10 is partitioned into a

community by BigCLAM. While the network partition functional homogeneity for

BioGrid-AP-14 covers do peak in a narrow resolution range of 501 < K < 801 (see

Figure 5.13a), IL-10 is in a community of size 6 - 9 for a proxy resolution range

K > 1901. Thus, BigCLAM may fulfil our first evaluation criterion for community

detection methods, however it does not fulfill the second (see Section 5.3). Indeed,

less than 50% of the PIN is affiliated with communities in the range 501 < K < 801.

In the case of HINT-P-14 covers, none of the interleukins are in communities of

size > 5 at any resolution (data not shown).

Figures 5.9 and 5.13 further show that the number of communities fitted to the

PIN is unsuitable as a resolution parameter. Although large communities appear

to be fitted first, the first community fitted is of size 14. A single community of

size 14 is not a representative low resolution community compared to the definition



5. Attempting to identify functional modules in protein interaction networks 123

Figure 5.9: Proportion of nodes affiliated with BigCLAM communities of size > 2,
> 5, > 9, and > 35. Plots showing the fraction of nodes in communities of size > 2, > 5, > 9,
and > 35 versus the number of communities fitted by BigCLAM to BioGrid-AP-14. As nodes
can be assigned to multiple communities, the community size of the largest community to which
a node is assigned is used. Vertical dashed lines show when interleukins linked to macrophage
differentiation are in the network partition defined by community affiliations above a certain
size. The graphs show that only IL-10 is affiliated with a community at any resolution, and this
community is smaller than size 10. The different length plateaus for the > 5, > 9, and > 35
graphs indicate that large communities are fitted first, and smallest tend to be fitted last.
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of the resolution parameter in Louvain implementations. In addition, once fitted

communities are not sub-partitioned at higher K values. Thus, BigCLAM does

not in fact perform multi-scale partitioning of networks at different values of K.

Rather, it may detect communities at multiple scales as overlapping communities

at a single K value. In this set-up communities that would otherwise be detected

at different resolutions are compressed into a single set of network covers. This

precludes finding an optimal resolution for partitioning.

5.5.2 Link clustering

Proteins perform biological functions through their interactions. Thus, it is more

likely the interaction that is characterized by a specific function rather than the

protein, which can be characterized by multiple functions. As such, clustering

interactions rather than proteins may be more suitable to capture individual

functions in functionally homogeneous communities. Link clustering is a community

detection method that implements this concept. We investigated whether link

clustering can capture the functional organization of BioGrid-AP-14 via the network

partition functional homogeneity in community size bands of 3 - 10, 11 - 30, 31

- 60, 61 - 100, and 101+ (Figure 5.10). The minimum investigated community

size was set to three as a trivial link clustering community represents a single

edge, which gives a community of size two.

Figure 5.10 suggests that BioGrid-AP-14 is optimally partitioned in a resolution

range of 0.11 < S < 0.18 across community size bands. In the community size

bands of interest (community sizes 6 - 35) this range narrows to 0.15 < S < 0.18,

fulfilling our first criterion for the evaluation of community detection methods

(see Section 5.3). Crucially, the functional homogeneity maxima are observed

in a resolution range where the number of communities in the respective size

bands also peak, suggesting a large proportion of the PIN is partitioned into

functionally homogeneous communities.

To evaluate link clustering against our second evaluation criterion determining

whether it is a suitable method for investigating macrophage differentiation (see
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Figure 5.10: Link clustering network partition functional homogeneity in size bands
versus the number of communities. Network partition functional homogeneity (Community
FH) was calculated in community size bands by Equation (5.1) and plotted versus the resolution
parameter (upper plots). The lower plots show the number of communities in these community
size bands. Partitions were obtained by multi-resolution link clustering on BioGrid-AP-14. The
functional homogeneity plots are put into perspective by comparison with the average functional
similarity of interacting proteins in the PIN (black dotted line), and the average functional
similarity of all node pairs (brown dotted line). Network partition functional homogeneity maxima
across size bands can be seen in the resolution range 0.11 < S < 0.18. Functional homogeneity
maxima tend to be at the same resolution as maxima for the number of communities in the
respective size bands.

Section 5.3), we looked at the fraction of proteins partitioned into non-trivial

communities (size > 2), and communities that fall into our size range of interest

for functional modules (size < 5, but not < 35) in Figure 5.11. As in Figure 5.9

we specifically noted when the interleukins linked with macrophage differentiation

in the literature (see Section 3.1.1) are in the network partitions defined by these

node community affiliations.

The difference between the red and yellow lines in Figure 5.11 show that ≈ 10%

of proteins are partitioned into communities of size 6 - 35 at any single resolution.

Importantly, IL-4 and IL-10 are in this set for a resolution range of 0.16 < S < 0.195.

As this resolution range falls into our optimal resolution range identified above, link

clustering satisfies both evaluation criteria for IL-4 and IL-10.

In contrast to these two interleukins, IL-12A, IL-12B, and IL-13, are not affiliated

with communities in the size range of interest at any resolution. As IL-13 and

IL-12A are degree one nodes in BioGrid-AP-14, it is not surprising that these

proteins are already partitioned into trivial communities at low resolutions. Indeed
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Figure 5.11: Proportion of nodes affiliated with link clustering communities of size
> 2, > 5, > 9, and > 35. Plots showing the fraction of nodes in communities of size > 2, > 5,
> 9, and > 35 versus resolution for BioGrid-AP-14 link clustering partitions. As nodes can be
assigned to multiple communities, the maximum community size a node is assigned to is used.
Vertical dashed lines show when interleukins linked to macrophage differentiation are no longer in
the network partition defined by community affiliations above a certain size. The graphs show
that IL-4 and IL-10 are in partitions in a relevant size range (6 - 35, Section 5.3) up to a resolution
of 0.2. It appears the interleukins are in less dense regions of the PIN, as they are all in the first
25% of nodes partitioned into trivial communities of size 2.
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all proteins of interest are among the first 25% of nodes to be assigned to only

trivial communities of size 2 (see top left graph in Figure 5.11), which suggests

they are in sparse regions of the PIN. As link clustering has been shown to perform

better on dense networks [127] this circumstance may complicate the detection of

functional modules relevant to macrophage differentiation.

A further complication was identified by closer inspection of the community to

which both IL-4 and IL-10 are assigned in the optimal resolution range 0.16 < S <

0.195. This community is a star-like community centred on the A2M gene with

7 or 11 nodes at different resolutions. Most of the proteins in the periphery do

not appear functionally related. While the community is functionally homogeneous

(functional homogeneity of 7.62 or 7.98, which is above the interaction background

– see Section 5.2), a star-like community structure does not conform to what is

expected for a functional module due to the lack of interactions between most

proteins. However, the structure of a single community should not suggest that

link clustering is unsuitable for our biological application.

5.5.2.1 Signal of core-periphery structure

Link clustering was found to satisfy the first criterion for the evaluation of community

detection methods based on the existence of local functional homogeneity maxima

in a narrow resolution band of 0.11 < S < 0.18 (see Figure 5.10). However, the

global functional homogeneity maxima for community size bands 11 - 30 and 31

- 60 are found at a higher resolution of S ≈ 0.55. At this resolution it appears

that communities with more than 60 proteins have been sub-partitioned into

highly functionally homogeneous communities in the size range 11 - 60. This

second resolution may be an expression of the core-periphery structure in the

PIN (see Section 2.2.2).

Assuming a dense PIN core and a less dense periphery, communities in the

periphery could be optimally partitioned at the same resolution when the dense

core is clustered into a single community. At higher resolutions, the core would

then be partitioned into functionally homogeneous components when the peripheral
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communities are overpartitioned into small trivial communities. This model may

explain the existence of the two functional homogeneity maxima for size bands

11 - 30 and 31 - 60. Furthermore, as core network proteins are likely to be well-

studied given the number of reported interactions for a protein to be part of a

densely connected core, they are also likely to be well functionally annotated. Such

well-annotated proteins tend to have higher functional similarities to other proteins

(see annotation bias study in Section 6.2), which may explain the higher functional

homogeneity of the high resolution maxima.

5.6 PIN comparison

BioGrid-AP-14 and HINT-P-14 were chosen as characteristically different PINs

representing two ends of the spectrum between prioritizing the quality of interactions

(lower false-positive rate) and prioritizing maximum coverage (lower false-negative

rate; see Section 3.1.1). This choice was made to test how the trade-off between

these error rates affects community detection. For example it may be the case that

structural differences between A-type and P-type data result in communities of

data types, rather than functional relations. Using the previously presented results

of the analysis of the four community detection methods, we investigated whether

the different compromises made by the PIN data sets could be seen to affect the

performance of the community detection methods.

Louvain community detection on HINT-P-14 and BioGrid-AP-14 showed sim-

ilar results. The main differences between community detection on the net-

work were twofold:

1. BioGrid-AP-14 exhibits a larger proportion of single node communities than

HINT-P-14 by CPM Louvain

2. BioGrid-AP-14 shows a more pronounced peak at low resolutions for the

number of communities (Figures 5.2 and 5.6)
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While the large number of single node communities may arise due to the

difficulty of partitioning PINs with false-positive interaction data, there are more

nodes affiliated with non-trivial BioGrid-AP-14 communities than with non-trivial

HINT-P-14 communities at every resolution due to the difference in PIN sizes (see

Section 3.1.1). The more pronounced re-partitioning effect in BioGrid-AP-14 may

be a feature of the false-positive rate. However, it is unclear whether this feature

affects functional module detection. Indeed, HINT-P-14 exhibited no improved

partitioning into functionally homogeneous communities despite alleged higher

quality interaction data (see HINT-P-14 in Figure 5.4; BioGrid-AP-14 data not

shown). As such, the benefits of higher coverage appear to outweigh those of high

qualtiy interactions for non-overlapping community detection.

For overlapping community detection the advantage of the more comprehensive

BioGrid-AP-14 was particularly visible for link clustering. While link clustering on

BioGrid-AP-14 performed well against our evaluation criteria (see Section 5.3), the

same analysis on HINT-P-14 did not (Figure 5.12). Figure 5.12 shows that network

partition functional homogeneity values do not exceed the background functional

similarity level across most size band and resolutions. Furthermore, similar to

the Louvain results in Figures 5.4 and 5.8, resolutions at which the functional

homogeneity peaks tend to exhibit few communities in the respective size bands.

Link clustering has been shown to perform better on denser networks [127]. Thus,

it may be that the higher quality of network covers generated on BioGrid-AP-14 is

due to the higher density in comparison to HINT-P-14. While the greater number of

false-positive edges will contribute to this increased density, a smaller proportion of

edges that are falsely reported as not present (false-negative rate) will also contribute.

Thus, our results suggest that the false-negative rate of a PIN (higher coverage)

affects overlapping community detection by link clustering more than the false-

positive rate. This conclusion must however be confirmed on further PIN data sets.

Overall, our evaluation of four community detection methods for the generation

of functional modules shows a preference for BioGrid-AP-14 over HINT-P-14. There
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Figure 5.12: HINT-P-14 Link clustering network partition functional homogeneity
in size bands versus the number of communities. Network partition functional homogeneity
(Community FH) was calculated in community size bands by Equation (5.1) and plotted versus
the resolution parameter (upper plots). The lower plots show the number of communities in
these community size bands. Partitions were obtained by multi-resolution link clustering on
HINT-P-14. The functional homogeneity plots are put into perspective by comparison with the
average functional similarity of interacting proteins in the PIN (black dotted line), and the average
functional similarity of all node pairs (brown dotted line). No functionally homogeneous resolution
range across community size bands can be identified. Functional homogeneity maxima tend to
correspond to resolutions where few communities are in the respective size bands.

appear to be no clearly visible negative consequences of integrating A-type and

P-type data without quality control to generate a PIN with a large coverage.

5.7 Discussion and conclusions

In this chapter we evaluated the ability of four community detection methods

to capture the functional organization of PINs. Specifically, the methods were

compared against the benchmark of optimal partitioning at a single resolution

(or a narrow resolution band), and the suitability of the network partitions at

this resolution to be used to investigate macrophage differentiation. While one

community detection method partially satisfied our evaluation criteria, we did not

find any evidence that functional organization can be perfectly captured in a single

network partition. Indeed, evidence for a core-periphery structure of PINs suggests

at least two distinct resolutions are required for core and periperal cellular functions,

confirming results obtained by multi-resolution partitioning of yeast PINs [48]. In

this setting, all community detection methods may generate functional modules
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across resolutions. Thus, our evaluation benchmark for community detection may

be overly focused on an unrealistic, ideal scenario.

Next to highlighting the merits of link clustering, our investigations revealed prob-

lems with detecting functionally homogeneous communities in PINs. These problems

fall into two categories: challenges concerning the use of community detection

methods on PINs, and issues with currently used functional evaluation approaches.

The identified obstacles for multi-scale PIN community detection ranged from

problems with the Louvain algorithm that led to disconnected communities which

could be easily addressed (see Appendix C), to issues regarding the coverage of

non-trivial communities on the networks.

While every protein has a function and should thus be a member of a functional

module, CPM Louvain and BigCLAM fail to partition large parts of the investigated

PINs into non-trivial communities. As currently available PINs are noisy and

incomplete (see Section 2.1.2.1), it is not expected that all underlying functional

modules can be found by community detection. Yet, assigning up to ≈ 40% of

nodes to degree one communities at resolutions where the rest of the network is

non-trivially partitioned (CPM Louvain), or failing to assign even larger proportions

of the network to communities (BigCLAM) represents a lack of functional module

prediction at an unexpectedly large scale. Given that we intend to use functional

modules to elucidate molecular mechanisms of poorly understood diseases, a good

coverage of functional modules on PINs is of central importance.

While the omission of a large proportion of the network allowed BigCLAM to

generate functionally homogeneous network partitions (see Figure 5.13a), CPM

Louvain did not show a noticeable signal of biologically relevant network partitioning.

Overall, our results suggest that the concept of overlapping communities better

resembles modules in PINs. This conclusion is supported by link clustering

successfully partitioning BioGrid-AP-14 in particular. Comparing this result to

link clustering’s performance on HINT-P-14, and its limited ability to meaningfully

partition the sparsely connected interleukins, suggests that PIN density may play

a role for such community detection methods.
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The above limitations show where the community detection methods have

potential for improvement. Building a resolution parameter into BigCLAM as

the threshold value for nodes to be assigned to a community (see Section 2.3.3.1)

may improve both the coverage of communities on the PIN, and allow for better

control of the resolution. Likewise, link clustering may benefit from an extension

which takes into account more than the first neighbour sets when computing edge

similarities to improve performance in low density environments (see Section 2.3.3.2).

Alternatively, the density and coverage of available PINs could be increased by

integrating protein interaction data from different databases, or including other

molecules such as RNA or metabolites. Data integration has been found to improve

module detection results [39].

The issues encountered concerning the functional evaluation approaches were

exemplified by the IL-4/IL-10 community found in link clustering partitions of

BioGrid-AP-14. Despite being a star-community with partly unrelated peripheral

proteins, this community was evaluated as highly functionally homogeneous (FH of

7.62 or 7.98 depending on resolution and size). This high score is a consequence

of the functional homogeneity being calculated over interacting proteins (see

Equation (4.2)). While this approach does account for the higher functional

similarity of interacting proteins compared to non-interacting proteins [48], it

also allows for star-like communities to be evaluated as functionally homogeneous

despite peripheral nodes not being functionally similar. As modules are defined as

proteins that interact to perform cellular processes (see Section 1.1.1), all proteins

in a biologically meaningful community should have similar functional annotations

rather than only those that interact. However, the drawback of the alternative

functional homogeneity approach defined by Equation (4.2) is the introduction of

a dependence of functional homogeneity on the size of a community as argued in

Section 5.2. This size dependence is shown in Figure 5.13.

Figure 5.13 shows that functional homogeneity calculated by averaging all

pairwise protein functional similarities causes larger communities to be evaluated

as less functionally homogeneous. This size effect, shown here for BioGrid-AP-14
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Figure 5.13: Comparison of functional homogeneity calculation approaches on
BioGrid-AP-14 BigCLAM network partitions. Network partition functional homogeneity
for BigCLAM BioGrid-AP-14 network covers was calculated in community size bands by a)
Equation (5.1) and b) Equation (4.2). These equations incorporate: a) only interacting proteins
(Int FH), or b) all protein pairs (FH), in the functional homogeneity calculation of a community. The
functional homogeneity plots are put into perspective by comparison with the average functional
similarity of interacting proteins in the PIN (black dotted line), and the average functional
similarity of all node pairs (brown dotted line). Calculating functional homogeneity using all
protein pairs introduces a size dependence into functional homogeneity. Larger communities tend
to have lower functional homogeneity values.

BigCLAM, was observed across network partition data sets. Thus, when using the

full comparison functional homogeneity approach it is necessary to relate community

functional homogeneity values to those of other communities of the same size, rather

than to a background similarity score.

A further issue discovered in the functional evaluation of communities are network

partition functional homogeneity maxima at high resolutions where there were few

communities (for example in Figure 5.8). This observation may be understood in

light of inspection and annotation biases (see Sections 2.1.2.2 and 2.5.2.1). Well-

studied proteins tend to have higher functional similarities with other proteins (see

Annotation bias investigation in Section 6.2) and a higher degree [67, 79, 98]. When

few communities are found in a specific size band at high resolutions, these are likely

to be highly dense substructures as they are difficult to sub-partition despite the

partition pressure. Such substructures can only exist in the PIN if all interactions

connecting the member proteins are reported, suggesting these proteins must be
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well-studied and are therefore evaluated as highly functionally homogeneous. Thus,

global network partition functional homogeneity maxima may arise due to few

communities of well-studied proteins rather than large proportions of functionally

homogeneous communities (see global maxima leading to core-periphery argument in

Section 5.5.2.1). Vice versa, this bias argument also has the consequence that poorly

studied proteins may not be evaluated as significantly functionally homogeneous.

Yet, it is exactly these poorly studied functions which hold the key to understanding

biological problems such as that of macrophage differentiation.

The exploratory analysis performed in this chapter generated insights on

how to proceed with the methodology, and on what must be improved in the

functional module detection process. Based on these results we have developed

the CommWalker framework, which is introduced in Chapter 6. CommWalker was

conceived to evaluate communities in a size-dependent manner, overcoming the

functional annotation bias causing well-studied proteins to be evaluated as more

functionally similar to each other. Furthermore, an extension for link clustering

that we developed to improve partitioning in less dense PIN environments is

presented in Chapter A.

Partitioning PINs in a biologically meaningful way is difficult. The different

characteristics of community detection methods and PINs make partitioning each

network a unique problem. This uniqueness complicates the inference of conclusions

on characteristics suitable for functional module detection. As such, we must empha-

size that the conclusions drawn from this chapter may not be generally applicable.

Looking forward, the analysis in this chapter suggests that modules can be

detected across resolutions. To further our project pipeline (see Section 1.1.3) it

is thus important to consider communities generated across meaningful resolution

ranges when identifying modules onto which differential gene expression data is

projected. This result is implemented in Chapter 7 where the pipeline is applied

to two biological data sets.
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This chapter closely follows a manuscript recently submitted for publication in

Bioinformatics. The manuscript has been restructured and extended to incorporate

more detailed explanations.

6.1 Introduction

There exists a plethora of approaches to functional module detection (see Sec-

tion 1.1.2). In Chapter 5 we performed an exploratory study using a few popular

methods to detect modules in PINs. We found that not only do these methods

135
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not agree, but evaluating them is not straightforward.

In the absence of gold standard functional modules, functional annotations

are commonly used to evaluate the homogeneity of proteins grouped in a module.

While a significant amount of work has been done on how to assess the similarity

of proteins (see Section 2.5.2), translating protein similarity to the evaluation of

the functional homogeneity of protein modules has received less attention.

It has been well-documented that well-studied proteins tend to have more

reported interactions than those which have received less research focus [67, 79,98].

This phenomenon has been called “inspection bias” (see Section 2.1.2.2). Yet,

while inspection bias is taken into account in assessing the quality of a reported

interaction [69], or when predicting error rates in PINs [88], it is not considered

that well-studied proteins may also be associated with more functional annotations

(“annotation bias”). This consideration becomes important in combination with

results showing that the number of annotations a protein is associated with affects

semantic similarity measures which are used to assess protein functional similarity

(annotation length bias; see Section 2.5.2.1).

Furthermore, using a semantic similarity measure specifically selected for module

detection (see Chapter 4), we observed that larger communities were evaluated as less

functionally homogeneous than smaller communities in our exploratory study (see

Chapter 5). This size-effect biases module detection towards smaller communities.

These observations highlight the need for a framework that builds upon the

work done on protein similarity assesssment and takes into account biases in the

calculation of functional module homogeneity. We have developed such a framework,

which we describe in this chapter.

We show the effect of annotation bias on module evaluation in PINs and detail

a strategy of how this bias may be combated. This strategy was implemented in

the CommWalker framework which is subsequently described.

We assessed whether CommWalker has the desired effect on module evaluation by

comparing proposed modules accepted as functionally homogeneous by CommWalker

to those accepted by conventional methods. To show the robustness of our framework,
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this comparison was performed for proposed modules generated by four community

detection methods on two PINs, using three semantic similarity measures. All

24 combinations of these inputs were used to show that CommWalker can accept

modules of poorly-studied proteins, which conventional methods cannot.

Finally, CommWalker accepted modules were validated by systematic gene

co-expression analysis, and more specifically using literature searches on case

studies of individual modules.

6.2 Annotation bias

PINs are noisy and incomplete (see Section 2.1.2.1), and the extent to which

a given protein has been studied affects its representation in the network. For

example, well-studied proteins tend to have more reported interactions in PINs

(inspection bias; see Section 2.1.2.2). Similarly, the better a protein is studied,

the more functional annotations it is likely to have. Previous work has shown

that the number of functional annotations affects semantic similarity measures

(see annotation length bias in Section 2.5.2.1) which are used to determine protein

functional similarities. Here we show how this effect impacts the evaluation of

communities as functional modules.

The impact of research focus on module evaluation can be estimated by testing

for correlation between the functional homogeneity of modules and how well-

studied the proteins within these modules are. Performing this correlation study

requires three definitions to be set:

What is a module? In the absence of gold-standard functional modules, com-

munity detection methods are used to obtain modules distributed across

the network. Which community detection method should be used for our

evaluation?

What is research focus? How can we quantify how well the proteins in a module

are studied?
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How should we quantify functional homogeneity? Functional homogeneity

can be calculated directly by functional enrichment, or alternatively via protein

functional similarity assesssment.

1. What is a module?

While it is generally accepted that network communities in PINs are related to

functional modules [5,26], community detection methods tend to disagree with each

other (eg. [27, 144, 212, 213] and Chapter 5). Thus, to perform this investigation

independently of a specific community detection method, we used short random

walks to define proxy modules on the PINs. 10,000 length 3 random walks, and

10,000 length 6 random walks were performed from each node in the PINs to

represent random proxy modules.

2. What is research focus?

There are several options for quantifying the research focus on proteins in these

proxy modules: the number of functional annotations, the number of publications

supporting protein-protein interactions, or more fundamentally whether the proteins

have any associated functional annotations. Using the number of functional

annotations to quantify research focus is based on the assumption that the better a

protein is studied, the more is known about its function. Acknowledging that not

all proteins are equally difficult to study, this assumption may still approximately

hold. However, the number of annotations does not necessarily reflect how much

is known about a protein. Due to ontology structure bias (see Section 2.4.1) in

the GO, the specificity of a functional annotation is not reflected by its depth in

the ontology. Yet, the depth of a term in the ontology determines the number

of annotations in a term’s ancestral set (see Section 2.4.1). Thus, the number

of annotations is not an adequate approximation for research focus. In fact, as

the number of functional annotations has already been shown to affect semantic

similarity measures [186], the connection between the number of annotations and

research focus is part of the topic of this investigation.
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Alternatively, it may appear that the most direct way to measure research

focus is via the number of publications. Publications can report evidence for a

single observation or report high-throughput results supporting many interactions.

Arguably, a small-scale study should carry a greater weight in determining research

focus. Recent large-scale studies [80,81] have greatly increased the size of the known

human interactome, such that a large proportion of interactions are supported by

a very small number of publications. Therefore, focusing on small-scale studies

may imply a lack of coverage on the network. Using a comprehensive text-mining

approach on PubMed publications may be a more promising way of quantifying

research focus by publications, but this is outside of the scope of this project.

Following the arguments presented, we used the binary label of whether a

protein has any functional annotations or not to quantify research focus on modules

(annotation fraction). For the length 3 random walk proxy modules, this gives

only four possible values for the fraction of annotated proteins. To improve the

sensitivity of this measure, we averaged the annotation fraction for all random

walks (proxy modules) of the same size, started from the same node. Thus, the

research focus on a node was defined as the average annotation fraction of 10,000

random walks started from this node. Using this quantification, the correlation

test was performed on node “vicinities” defined by the proxy modules centred on

the same node, rather than on individual modules.

3. How should we quantify functional homogeneity?

We quantified the functional homogeneity of proxy modules using simUI [183],

simGIC [182], the Pandey measure [181], and functional enrichment. Despite having

argued that the Pandey measure is the most suitable semantic similarity measure

for evaluating modules in PINs in Chapter 4, we used a variety of approaches here

to be able to draw more general conclusions. As research focus was quantified on

node vicinities, functional homogeneity was averaged in the same way. In the case

of simUI, simGIC, and the Pandey measure this was done by:
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FHi = 1
NA

∑
c∈Ci

∑
(u,v)∈c

ρSS(u, v)δ(u, v),

where the number of annotated nodes NA is calculated by:

NA =
∑
c∈Ci

∑
(u,v)∈c

δ(u, v).

Here, FHi, denotes the functional homogeneity in the vicinity of node i and

c is a proxy module in the set of all random walk proxy modules started from

single node i, Ci. The term ρSS(u, v) denotes the semantic similarity by measure

SS between nodes u and v in proxy module c. The delta function is 1 when both

u and v are annotated, and 0 otherwise.

Functional homogeneity calculation by functional enrichment was performed by

taking the p-value of the most enriched GO BP term (see Section 2.5.1). As average

functional homogeneities are computed over node vicinities, it is important that the

p-values are comparable between proxy modules started from the same node. This

comparability was ensured by adopting two measures. Firstly, we did not correct

for multiple testing and secondly, random walk lengths were determined based on

annotated nodes instead of traversed nodes. By omitting multiple-testing correction

the p-values were not scaled by the number of terms annotated to proteins in a proxy

module. While this prevents the p-value from being used as an evaluation of the

statistical significance of a module, it instead allowed us to treat it as an enrichment

score. The length of random walks was determined by annotated nodes instead of

traversed nodes such that the range of enrichment scores for proxy modules were

equal. If two proxy modules both contain six nodes, however only five of these

are annotated in one of the modules, then the maximum number of nodes that

can share an annotation differs in these proxy modules (five and six depending on

the number of annotated nodes). Thus, by Equation (2.12) the minimum possible

enrichment scores also differ. By terminating the random walks only after traversing

a predetermined number of functionally annotated nodes, equal sample sizes are

drawn from the set of annotated nodes, making enrichment scores comparable.
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The annotation fraction and functional homogeneity scores for the node vicinities

were ranked, and the Pearson correlation coefficient between the ranked variables

was calculated - the so-called Spearman correlation coefficient. Under the null

hypothesis of independence between the tested quantities, the standard errors

for HINT-P and BioGrid-AP are 0.006, and 0.005 respectively by 0.67449√
(N−1)

[214],

where N is the number of nodes in the network. The correlation coefficients are

shown in Table 6.1. All calculated correlation coefficients are significantly different

from 0, representing the uncorrelated case. Differences between HINT-P and

BioGrid-AP correlation scores may be due to HINT-P quality control increasing

the effect of the bias (see Section 2.1.2.2) and a higher false-positive error rate

in BioGrid-AP (see Section 3.1.1).

Table 6.1: Annotation bias investigation results.

Network Functional Similarity Walk Length 3 Walk Length 6
HINT-P Pandey 0.414 0.572

SimUI 0.200 0.202
SimGIC 0.240 0.269

Func Enrich -0.473 -0.621
BioGrid-AP Pandey 0.209 0.266

SimUI 0.107 0.085
SimGIC 0.134 0.104

Func Enrich -0.354 -0.409
Table 6.1: Spearman correlation coefficients between the functional homogeneity and annotation
fraction score in node vicinities for four functional homogeneity measures. Negative coefficients are
expected for functional enrichment, as more functionally homogeneous communities exhibit lower
p-value scores in contrast to the semantic similarity measures. All correlations are significantly
different from zero, under the null hypothesis of independence.

Our results show that proteins with fewer functionally annotated proteins in

their vicinity tend to have a lower functional similarity to proteins in their vicinity.

Furthermore, given that the correlation was performed on node vicinities, and that

node vicinities of neighbouring nodes heavily overlap, the results suggest that there

are regions in PINs where proteins have lower functional similarity scores, and regions

of high functional similarity. An example of such regions can be seen in Figure 6.1.

Figure 6.1 shows a subnetwork of HINT-P which exhibits a high functional similarity

region in the top-right, and a low functional similarity region towards the bottom.
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Figure 6.1: Semantic similarity and research focus correlation. The correlation between
semantic similarity and research focus is shown on a subgraph of HINT-P, generated by taking all
nodes connected to the gene FAT1 through at most two intermediary genes. (a) is coloured by the
average functional homogeneity in size 3 proxy modules around the proteins, and (b) is coloured
by the average fraction of annotated nodes (research focus) in these proxy modules. Regions of
high functional homogeneity correlate with regions with strong research focus.

In regions of high functional similarity, proteins may be evaluated as functionally

similar to random nodes in their local neighbourhood. Communities in these

regions are therefore more likely to be evaluated as highly functionally homogeneous.

Vice versa, due to annotation bias a biologically meaningful community in a low

functional similarity region may be evaluated as less functionally homogeneous

than a random community in a high functional similarity region. In this way, the

heterogeneity of annotation in PINs biases module evaluation towards communities

of well-studied proteins.

This effect can be counteracted by taking into account the local environment of

a community in module evaluation. Specifically, a significance can be assigned to

a community’s functional homogeneity score based on the background functional

similarity distribution of the community. We have developed the CommWalker

framework to counteract the overestimation of the functional homogeneity of

communities in well-studied network regions, while allowing for a rebalanced

evaluation of modules in poorly-studied environments.
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6.3 CommWalker

CommWalker is a module evaluation framework which can be used with any similar-

ity measure defined between proteins. Using these measures, CommWalker calculates

the functional significance of a community by relating its functional homogeneity

score to a background functional similarity distribution from the community’s local

network environment. The CommWalker methodology is shown in Figure 6.2.

Figure 6.2: Schematic diagram of the methodology behind CommWalker. Random
walks are started from the community nodes (dark blue nodes) to sample the local network area.
These random walks are terminated upon visiting NC nodes, where NC denotes the number
of nodes in the community (Here NC = 3). The random walks represent proxy communities
(orange, magenta, and green), whose functional homogeneity scores give the local context for
the community’s functional significance evaluation. The random walks may overlap as shown
by the orange and green node. At a functional homogeneity score of 3, the T-value of the dark
blue community is 1+1

3+1 = 0.5, as one proxy community has a higher functional homogeneity
(Equation (6.1)).

Using short random walks, CommWalker probes the local network environment of

a community to obtain a background functional homogeneity distribution. Random

walks of length NC (see Section 2.2.2) are started from each node in a community

of NC nodes to sample the network environment. These random walks can be

loosely interpreted as proxy communities that represent an alternative choice of

node grouping in this network environment. The functional homogeneity scores of

the random walk proxy communities, as calculated by the chosen similarity measure,

make up the background functional homogeneity distribution of the community.
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This background distribution is used to assign a community functional significance

score, called the tail-value or T-value TC , by the equation:

TC = mC + 1
MC + 1 . (6.1)

Here mC denotes the number of random walks with a functional homogeneity

higher than that of the community C, and MC is the total number of random walks

performed from community C to obtain the background distribution. The term

MC can be expressed in terms of the number of random walks started from each

node in the community WC , and the number of nodes in the community by:

MC = WC ×NC .

The T-value is thus the fraction of the background functional homogeneity

distribution in the upper tail as determined by the community functional homo-

geneity score (see Figure 6.3a).

Given a functional similarity measure, FH(), and a network partition, de-

noted “partition”, the CommWalker framework is implemented algorithmically
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in the following way.

Algorithm 6.3.1: CommWalker(partition,FH())

comment:WC : Number of random walks from each node in the community
comment: FH(): Similarity measure to compute the functional homogeneity
comment: f(): computes WC based on the community size (Equation (6.2))
for each comm ∈ partition

do



WC ← f(|comm|)
commFH ← FH(comm)

MC ← 0
mC ← 0

for each node ∈ comm
do

for i← 1 to WC

do

random walk from node
randFH ← FH(random walk)
MC ←MC + 1

if (randFH > commFH)
then mC ← mC + 1

TC ← (mC + 1)/(MC + 1)

The stability of the significance score output by this algorithm depends on how

well the local network environment was captured in the sampling process (Figure 6.3).

To investigate when the environments of all communities are extracted adequately,

we quantified the resampling of a community via the node score Z as follows.

For a community C of size NC , each random walk started from the community

visits NC distinct nodes. If WC random walks are started at each node in the

community, a total of Z = WCN
2
C nodes are sampled by the random walks from

community C. We call Z the node count for community C. To ensure that each

community is sampled to a similar extent, the node count Z is kept near constant.

Thus, the number of random walks per node for a community C (denoted f(|comm|)

in the pseudocode above), can be calculated by the equation:
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WC = Z

N2
C

. (6.2)

WC is rounded up to the next integer so that the same number of random

walks can be started at each node in the community, preventing a background

sampling bias. Due to this rounding the actual number of nodes visited in the

completed random walks from each community will tend to be slightly higher

than Z. As a consequence of keeping Z near constant for all communities, more

random walks are performed for smaller communities, as each random walk is

shorter. Alternative ways to scale the number of random walks with community size

were investigated and found to lead to T-value stability depending on community

size given a preliminary analysis.

To find the node count value Z that gives the best trade-off between T-value

stability and algorithm run-time, we randomly selected nine communities of sizes

≤ 35 from HINT-P (see expected module size ranges in Section 1.1.3) for repeated

T-value measurement (Figure 6.3b). The stability of the T-value of a community

was determined by running 100 repeats of CommWalker on the same community

and taking the standard error of the resulting T-value samples.

The stability of the nine randomly selected communities was calculated at five

different node counts. Figure 6.3b shows the trade-off between T-value stability and

the node count, which is linearly related to the run time of the algorithm. Given

these data, a node count of 100,000 was selected. As estimated based on the nine

communities tested, T-values are taken with an associated standard error of ≈ 0.005

at this node count. While this stability calculation was repeated on BioGrid-AP to

give similar results (Figure D.1 in Appendix D), it may vary between networks.

To further ensure a fast run time for CommWalker and a high stability of

computed T-values, we implemented two filters in the algorithm.

The first filter is the community size that can be evaluated. A hard lower

boundary for community size was set at three proteins, which is the minimum

non-trivial community size. An upper boundary on the community size was set

by the heuristic equation N
15 + 20, where N is the number of nodes in the PIN.
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Figure 6.3: T-value calculation and stability. a) Background functional homogeneity
distribution generated from 2,500 random walks for a community of size 6 in HINT-P. The red
vertical line represents the community’s functional homogeneity and its associated T-value of
0.676453. b) Standard errors of community T-values computed over 100 CommWalker runs on
nine randomly selected communities of sizes ≤ 35 from HINT-P. The number of random walks
started at each node is calculated from the node count by Equation (6.2). The trade-off between
the stability of T-values and the run time, which is proportional to the node count, is deemed
optimal at a node count of 100,000 based on this HINT-P sample. The random walk functional
homogeneity distribution for the community denoted “Comm 3” at a node count of 10,000 is
shown in a).

With currently available PINs often containing > 10, 000 proteins, this boundary

filters out communities that are unlikely to be of biological interest and are slow to

evaluate, while allowing for meaningful community sizes in virus PINs with ≈ 100

nodes. The upper boundary filter can be switched off.

The second filter was implemented on the random walks. Random walk

evaluation can present two problems. Firstly, walks may become trapped in a

bottleneck in the network which prolongs the run time of the algorithm, and

secondly it may be that no two proteins in a completed walk can be compared due

to a lack of annotation. The first case is overcome by allowing a maximum of N2
C

steps when attempting to reach NC nodes, where NC is the number of nodes in

the community. For the second case we imposed a maximum number of random

walk attempts. CommWalker aims to perform WC ×NC successful random walks

per community (see Equation (6.2)), where the total number of attempts allowed
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to reach this target is twice this number. The number of times that the random

walks are restarted per community is output by the software, and can be used to

investigate confidence in a particular community T-value.

6.4 CommWalker module analysis

CommWalker is designed as a module evaluation framework which counteracts anno-

tation bias to allow for a rebalanced module evaluation that does not disadvantage

poorly-studied network regions. As such, the efficacy of this framework can be

investigated via the communities CommWalker evaluates as functionally significant.

In this section we first show the extent to which module evaluation is changed by

considering the local context via CommWalker. Subsequently, we demonstrate how

the different prioritization of module characteristics by CommWalker affects how

many proteins we can evaluate as being in functionally significant modules. Finally,

we present summary statistics of communities evaluated as functionally significant by

CommWalker versus conventional functional homogeneity evaluation, and show how

proteins in modules accepted by these methods differ in their local environments.

In our analysis CommWalker community evaluation was compared to the

established method of evaluating communities based solely on their functional

homogeneity. These are not independent evaluation methods as CommWalker uses

functional homogeneity to score its random walks. When functional homogeneity

scoring and CommWalker were compared, we deliberately contrasted the use of

functional homogeneity alone to evaluate communities, with including local network

information in the calculation. In principle CommWalker can be used with any

similarity measure between nodes in a network.

6.4.1 Thresholding

In order to compare CommWalker to functional homogeneity based on the com-

munities these methods evaluate as functionally significant, the term functionally

significant must be defined. We need a classification of communities into functionally-

significant and non-functionally-significant categories based on a threshold. To
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be able to compare the two methods, this threshold must be sufficiently similar

in both methods, despite T-values and functional homogeneity scores not being

directly comparable.

To fulfill this requirement we chose a T-value of 0.5, and the median functional

similarity of interacting proteins in a PIN. At a T-value of 0.5 approximately half

of the random walks have a functional homogeneity at least as high as that of

the community. Similarly, the median of the functional similarities of interacting

proteins is the largest value where at least half of the interacting proteins in the

network have a functional similarity at least this high. While these thresholds

are arbitrary, they are qualitatively similar.

How similar the two thresholds actually are also depends on the distribution of

the functional similarity scores. As T-values are calculated based on community

functional homogeneities, they are dependent on protein functional similarity

averages by the definition of functional homogeneity in Equation (2.16). Thus, the

more mean and median values of pairwise protein functional similarities differ, the

more our chosen qualitatively similar thresholds do. The distribution of functional

similarity scores for simUI, simGIC and the Pandey measure on proteins in HINT-P

is shown in Figure 6.4. Due to the skewed nature of the simGIC score distribution,

the mean functional similarity score is substantially higher than the median. Indeed,

for HINT-P the mean functional similarity of interacting proteins by simGIC is

0.1008, while the median is 0.0597. This equates to a fractional difference of 40.8%.

In comparison, the fractional differences on HINT-P for simUI and the Pandey

measure are 20.6% and 5.4% respectively.

This effect will be counteracted by community functional homogeneity being

calculated over interacting and non-interacting proteins in a community. When

the functional homogeneity is compared to the median functional similarity of

interacting proteins, non-interacting proteins having lower functional similarity

scores (see Figure 6.4) will make this threshold appear more stringent. It is difficult

to assess the size of this effect as a community represents a selection for interacting
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protein pairs. Overall, it is likely that the functional homogeneity threshold is more

lenient for simGIC, and slightly more lenient for simUI.

Figure 6.4: Functional similarity score distributions for HINT-P. Distribution of
functional similarity scores for the Pandey measure, simUI, and simGIC between interacting
protein pairs (top row), and all protein pairs (bottom row) in HINT-P. The scores clearly differ
for interacting proteins compared to all proteins, with Pandey scores showing the strongest signal.
Furthermore, the interacting protein score distributions show that the median score will be far
lower than the mean score for simGIC.

6.4.2 The effect of CommWalker on evaluation results

To understand the extent to which CommWalker changes module evaluation results,

we investigated the re-ordering that occurs when communities are ranked by

CommWalker versus when they are ranked by functional homogeneity. For this

analysis network partitions were screened to find the resolution at which there

is a maximum number of proteins in functionally significant communities. Here

functional significance was determined by a T-value threshold of 0.5, as calculated

by CommWalker using the Pandey measure. For the network partition defined

by this resolution, T-value and functional homogeneity scores were calculated for

all communities using the Pandey measure. For a given T-value threshold the set

of proteins in T-value-significant communities at this resolution was computed,

and an equivalent functional homogeneity threshold was identified which gave the
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Table 6.2: CommWalker community prioritization.

PIN Comm Det TC ≤ 0.05 TC ≤ 0.1 TC ≤ 0.25 TC ≤ 0.5

HINT-P

Link 0.631 0.724 0.839 0.948
BigCLAM 0.630 0.791 0.873 0.964
Config Mod 0.677 0.663 0.737 0.891
CPM Mod 0.547 0.620 0.776 0.925

BioGrid-AP

Link 0.758 0.816 0.896 0.950
BigCLAM 0.713 0.795 0.907 0.984
Config Mod 0.730 0.761 0.848 0.950
CPM Mod 0.648 0.727 0.816 0.933

Table 6.2: The fraction of proteins that are common to both the top T-value ranked communities
and the top functional homogeneity ranked communities for all PIN and community detection
(Comm Det) method combinations using the Pandey measure. The set of unique proteins in
communities with a T-value below the given thresholds is compared to the set of proteins in
the highest ranked functional homogeneity communities of the most similar size. The fraction is
calculated by dividing by the smaller protein set.

most similar number of proteins in functional-homogeneity-significant communities.

The overlap of these two protein sets was calculated to determine the similarity

of the two evaluation approaches. This investigation was repeated for other PINs,

community detection methods, and T-value thresholds (Table 6.2). Table 6.2 shows

that while there is an overlap between the two evaluation methods, the ordering of

communities according to T-value is different from that of functional homogeneity.

The overlap between the two protein sets at higher thresholds shows that

CommWalker confirms a large proportion of the communities found by functional

homogeneity. The communities evaluated as functionally significant by both methods

are prime candidates for functional modules or protein complexes as they are

verified by a two-pronged approach.

In contrast, especially at low T-value thresholds, the T-value and functional

homogeneity protein sets are different. At a T-value threshold of 0.05, overlaps

for the different networks and methods range from ≈55% to ≈76%. The different

selection of communities by T-value and functional homogeneity evident from these

results shows that CommWalker’s approach of evaluating communities based on

whether they stand out from their environment prioritizes different communities

from the classical functional homogeneity approach.
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6.4.3 Coverage of functionally significant modules

Following on from the previous investigation, the question arises as to whether

the different prioritization of modules by CommWalker results in it being able to

rebalance module evaluation to capture a larger proportion of a PIN. We addressed

this question by counting the number of proteins in communities which are evaluated

as functionally significant based on the qualitatively similar thresholds discussed

in Section 6.4.1. As we are analysing network partitions that may be overlapping,

we take into account only distinct proteins in this analysis in order to evaluate the

network coverage accurately. The number of proteins in functionally significant

communities by our thresholds for the BioGrid-AP link clustering Pandey measure

data set are shown by the black and teal lines in Figure 6.5. This analysis was

performed for all combinations of two PINs, four community detection methods

and three functional similarity measures (Figures D.2–D.9 in Appendix D).

Using the Pandey measure there are consistently more unique proteins in

CommWalker accepted communities than in those accepted by functional homo-

geneity. For simGIC this trend is reversed, which is expected given the distribution

of the simGIC functional similarity scores. The distribution suggests that the

functional homogeneity threshold is more lenient for simGIC, as argued in Sec-

tion 6.4.1. The results for simUI are less clear, which again can be explained

by the functional similarity score distributions. Taking the score distribution in

Section 6.4.1 into consideration, CommWalker appears to accept more communities

as functionally significant than functional homogeneity evaluation. This difference

is more pronounced the more similar the chosen thresholds are.

6.4.4 Module statistics

We have shown that CommWalker module evaluation reprioritizes communities to

give a greater coverage of functionally significant communities on PINs. The next

step is to assess whether the improved coverage is the result of the intended increased

sensitivity in poorly annotated network regions. To answer this question we identified

characteristics of those communities which are evaluated as functionally significant
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Figure 6.5: CommWalker protein count comparison. The number of distinct proteins
evaluated as being in functionally significant communities of size 6 - 35. Functional homogeneity
and CommWalker are compared using qualitatively similar thresholds in (a) and different T-value
thresholds are compared in (b). The communities were generated by applying link clustering to
BioGrid-AP. (a) shows that CommWalker detects a higher coverage of functionally significant
communities than functional homogeneity at qualitatively similar thresholds (median functional
similarity of interacting proteins and a T-value of 0.5). The effect of changing the thresholds
can be seen in (b). At different T-value thresholds the plots exhibit a consistent maximum at a
resolution of ≈ 0.145.

by one method but not the other. Using the qualitatively similar thresholds from

Section 6.4.1 communities were divided into four sets: accepted by both methods;

accepted only by CommWalker; accepted only by functional homogeneity; and

rejected by both methods. Average network statistics for these community sets

were calculated for both HINT-P and BioGrid-AP, all four community detection

methods, and all three functional similarity measures. The results are shown

in Figures 6.6 and 6.7 for the Pandey measure, and in Figures D.10–D.13 in

Appendix D for simUI and simGIC.

The four community sets were analysed using three summary statistics: the

average community size; the average level of annotation in the local environments

(average random walk annotation fraction of random walks from the same community

after Section 6.2); and the average level of annotation of the communities (average
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community annotation fraction). The upper row of graphs in Figures 6.6, 6.7, and

Figures D.10–D.13 show that communities accepted only by functional homogeneity

are the smallest set for the Pandey measure and simUI, and communities accepted

only by CommWalker are the smallest set using simGIC. In some data sets the

smallest set becomes so small that the summary statistics calculated for this set

are very variable, which affects our ability to interpret them. This difficulty can

be observed in for example both of the Pandey measure Modularity Maximization

data set analyses of the annotation levels on BioGrid-AP (bottom right quadrant

Figure 6.6). The grey lines here are very variable due to a low sample size. Towards

higher resolutions, where the proportion of communities only accepted by functional

homogeneity increases, the plots become steadier and therefore more reliable to

interpret. The same effect occurs in the BioGrid-AP BigCLAM annotation fraction

graphs. Between 1 and 2,251 communities fitted to the data, there is a single

community in the set of communities accepted by only functional homogeneity (grey

line). A further jump in the grey lines can be seen at 2,751 fitted communities,

when the number of communities jumps from three to seven. The small sample

size is specifically an issue for the simGIC data shown in Appendix D.3. As a

general rule, the community statistics are more robust at higher resolution due to a

larger number of communities. So when network statistics become very variable,

we focus our interpretation on results at high resolutions.

Taking small sample size effects into account, Figures 6.6, 6.7, and D.10–D.13

show that using functional homogeneity selects for smaller community sizes, for

communities that have a higher proportion of annotated nodes, and for those that are

in well-annotated environments. In contrast, CommWalker accepted communities

show a broader distribution in these statistics. As functional modules should span

PINs as every protein has a function, biologically relevant communities should

span network regions and therefore also the investigated statistics. CommWalker

communities’ broad distribution is particularly visible for the average random walk

annotation fraction statistic. Here, the blue lines representing communities only

accepted by CommWalker tend to be more similar to the turquoise dashed lines for
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Figure 6.6: BioGrid-AP Pandey measure community summary statistics. Community
statistics for BioGrid-AP communities generated by four multi-resolution community detection
methods. Communities were divided into four groups depending on whether they were accepted
or rejected by the qualitatively similar thresholds discussed in Section 6.4.1 using the Pandey
measure. Communities only accepted by CommWalker or functional homogeneity thresholds
are plotted as blue and grey lines respectively, and communities accepted or rejected by both
methods are shown as red or turquoise dotted lines respectively. The fraction of communities that
fall into these categories is shown in the top row, with the following rows showing the average
community size, the average level of annotation of the community, and the average annotation
level of the communities’ environments. The data in the lower two rows of graphs are only shown
for comparison fraction ranges of 0.6 - 1.0 and 0.75 - 1.0 to emphasize the comparison between
the data sets. As communities accepted only by functional homogeneity (grey lines) are the
smallest set, summary statistics calculated for this set can be very variable. Taking these effects
into account, the data suggest that functional homogeneity selects for smaller communities in
well-annotated environments which also have a high level of annotation themselves. In contrast,
T-value significant communities tend to have a broad distribution in the investigated statistics as
seen by the lines representing CommWalker accepted communities (red dashed line and blue line)
and do not seem to favour certain community sizes.
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Figure 6.7: HINT-P Pandey measure community summary statistics. Community
statistics for HINT-P communities generated by four multi-resolution community detection
methods. The data shown was generated as in Figure 6.6 and suggests that functional homogeneity
selects for smaller communities in well-annotated environments which also have a high level
of annotation themselves. In contrast, T-value significant communities tend to have a broad
distribution in the investigated statistics as seen by the lines representing CommWalker accepted
communities (red dashed line and blue line) and do not seem to favour certain community sizes.
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communities mutually rejected, than the red dashed lines for communities mutually

accepted. Hence communities accepted by CommWalker (red dashed line and blue

line) appear to show a larger spread in the random walk comparison fraction. As the

turquoise line represents ranges of these statistics in which significant communities

are difficult to detect, the results show that CommWalker can find communities

that are significant even in ranges of the network annotation statistic in which

communities tend to be rejected by functional homogeneity. CommWalker may

detect functionally significant communities in regions of the network otherwise

obscured by poor annotation coverage.

CommWalker’s increased sensitivity in low functional similarity regions of PINs

is further shown in Figure 6.8, which compares the distributions of proteins in

functionally significant communities. For ease of visualization, non-overlapping

community data were used from configuration model Modularity Maximization on

HINT-P, in conjunction with the Pandey measure. In Figure 6.8 the proteins are

ordered by their functional similarity with their “vicinity”, measured using random

walks as described in Section 6.2. Proteins towards the left have higher similarity

with their vicinity and will thus tend to be better studied (see investigation in

Section 6.2). On this layout we show the distribution of proteins in communities

that were accepted as modules by both methods (Figure 6.8b), only by CommWalker

(Figure 6.8c), or only by functional homogeneity (Figure 6.8d). Proteins in modules

accepted by the standard functional homogeneity approach (Figure 6.8b,d) tend

to be distributed towards the well-studied left side of the Figure. In contrast,

modules accepted only by CommWalker (Figure 6.8c) have a broader distribution,

reaching into the poorly-studied protein regions. Using non-overlapping community

detection methods for both PINs and all three semantic similarity measures produced

similar results (see Section D.3 in Appendix D). In light of these results, we can

conclude that CommWalker is indeed sucessfully accepting modules in poorly-

studied network regions, that are not prioritized by the conventional functional

homogeneity approach.
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Figure 6.8: Local environment comparison of functionally significant community
proteins. Nodes in HINT-P were ordered by their Pandey functional similarity with nodes in
their vicinity as shown in (a). Nodes towards the left have higher similarity with their environment
than those towards the right with the vertical dimension used purely for ease of visualization.
Communities were generated by configuration model Modularity Maximization at the resolution
where the maximum number of proteins are found in functionally significant communities by a
T-value threshold of 0.5 (log resolution = 1.80, see Section D.2 in Appendix D). On this network
layout the proteins in communities identified as functionally significant by CommWalker and
functional homogeneity are shown in red (b), by only CommWalker in blue (c), and by only
functional homogeneity in black (d). The further left the coloured nodes are, the higher the
functional similarity scores with their environment.

6.5 CommWalker module validation

CommWalker’s greater sensitivity in poorly-studied network regions results from an

increased leniency in module evaluation in these regions. Under the assumption

that functional module detection should span PINs as every protein performs a

function, this leniency is theoretically warranted. Practically however it may be

that community detection fails in poorly-studied network regions, due to greater

error rates in local network topology compared to well-studied regions. In this

section we address this question by computational validation of modules which

are accepted by CommWalker.
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As we validate predictions from a framework that incorporates GO annotations

with protein-protein interaction data, it is important to use a data source that

is acquired independently to both these data types. This limitation rules out

pathway annotations, which are based on protein-protein interactions and inform

GO annotations. As human phenotype annotations have poor coverage on the

PINs (see Section 4.5), we used gene expression data across a wide range of tissues

for systematic validation. To support this validation individual communities were

further investigated as case studies.

6.5.1 Gene co-expression validation

To systematically analyse the quality of modules accepted by CommWalker and

functional homogeneity, we compared their levels of co-expression. Module co-

expression measures the similarity of the expression profiles of genes, whose protein

products are in the same module, across gene expression samples (see Section 3.3.1).

The relation between functional relatedness and gene co-expression is com-

plex [190, 198–200] (see Section 2.6.1), especially given questions around the

reproducibility of gene expression data [194–196]. Thus, to improve the reliability

of our validation, we implemented three criteria:

• The gene expression data used to evaluate co-expression were chosen to

give a good coverage of human tissues. To address doubts over data set

reproducibility, we used a data set with large sample sizes obtained following

the same experimental protocol (see Section 3.3.1).

• We do not expect all community detection methods to necessarily capture

co-expression. Thus for our validation we chose the data set that appears to

best capture gene co-expression as functional relatedness. This choice was

made based on the assumption that communities accepted as modules by

both CommWalker and functional homogeneity are our best approximation to

true positive modules. Thus, the data set that has the highest level of module

co-expression for communities accepted by both methods was chosen.
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• We did not attempt to validate individual modules based on co-expression,

but instead investigated the distribution of module co-expression scores for

the accepted and rejected community sets by CommWalker and functional

homogeneity.

To choose the data set that exhibits the highest level of co-expression, we

compared the co-expression scores of the set of communities accepted by both

CommWalker and functional homogeneity to what we would expect at random.

Taking into account that interacting proteins are more likely to be co-expressed,

we again defined the random background distribution for module co-expression

via random walks.

Random background co-expression was sampled by performing 1000 short

random walks of length six from each node in HINT-P and BioGrid-AP and

computing their co-expression scores. These random walks represent random proxy

communities in the lower module-relevant size range (see 6 - 35 in Section 1.1.3).

To assess how similar the random walk co-expression is to the community set

co-expression, we computed the fraction of the random walk co-expression scores

that exceeded a threshold. This threshold was set at the 25% quantile of the

community set co-expression score distribution. Using the null model that the

community set co-expression scores do not differ from those of random walks,

this fraction can be interpreted as a Type-I error. The Type-I error denotes

the probability of rejecting the null hypothesis, given that the community set

co-expression is in fact no different from random walk co-expression. The results

of this investigation are shown in Table 6.3.

Based on the results shown in Table 6.3 we selected BioGrid-AP partitioned by

link clustering using the Pandey measure to evaluate the resulting communities for

gene co-expression validation. This selection was confirmed using a 10% quantile

threshold for Type-I error calculation. The co-expression score distributions for the

four community sets for the BioGrid-AP link clustering Pandey measure data

set is shown in Figure 6.9.
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Table 6.3: Type-I errors for data set selection for gene co-expression analysis.

PIN Comm Det Sem Sim Acc CW only FH only Rej

HINT-P

Link
Pandey 0.243 0.264 0.441 0.316
simUI 0.249 0.297 0.301 0.334
simGIC 0.247 0.316 0.349 0.331

BigClam
Pandey 0.304 0.276 0.451 0.302
simUI 0.267 0.315 0.293 0.324
simGIC 0.271 0.301 0.372 0.318

Config
Pandey 0.332 0.334 0.361 0.319
simUI 0.298 0.331 0.360 0.335
simGIC 0.302 0.315 0.334 0.337

CPM
Pandey 0.312 0.332 0.403 0.315
simUI 0.292 0.333 0.339 0.335
simGIC 0.300 0.369 0.349 0.334

BioGrid-AP

Link
Pandey 0.135 0.247 0.401 0.356
simUI 0.151 0.366 0.361 0.397
simGIC 0.160 0.395 0.361 0.401

BigClam
Pandey 0.312 0.303 0.444 0.331
simUI 0.287 0.338 0.273 0.351
simGIC 0.291 0.414 0.309 0.360

Config
Pandey 0.374 0.386 0.548 0.403
simUI 0.351 0.410 0.384 0.432
simGIC 0.356 0.432 0.401 0.435

CPM
Pandey 0.341 0.366 0.503 0.398
simUI 0.342 0.401 0.389 0.415
simGIC 0.347 0.474 0.391 0.418

Table 6.3: HINT-P and BioGrid-AP were partitioned using the four community detection methods:
link clustering (Link), BigCLAM, configuration model Modularity Maximization (Config), and
Constant Potts model Modularity Maximization (CPM). These communities were divided into
four sets using qualitatively similar thresholds as described Section 6.4.1 (both accepted – Acc,
only accepted by CommWalker – CW only, only accepted by functional homogeneity – FH only,
and rejected by both methods – Rej). The presented fractional errors were obtained by computing
the proportion of co-expression scores of length six random walks on the PINs that have a value
higher than the 25% quantile of the distribution of the tested community set co-expression scores.
The data show BioGrid-AP with link clustering and Pandey semantic similarity best captures
gene co-expression.
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Figure 6.9: Comparison of community evaluation methods by gene co-expression.
Link clustering was used to partition BioGrid-AP into communities at multiple resolutions. Using
the Pandey measure, communities across all resolutions were divided into sets based on whether
they were evaluated as functionally significant by both methods (red), by only CommWalker
(blue), by only functional homogeneity (grey), or by neither method (turquoise). These sets are
compared in a boxplot of the distributions of their community co-expression scores for communities
of size 6 - 35. This size range allows us to exclude protein sets unlikely to be individual modules.
The number of data points in each community set is shown under the respective boxplot. The
number of communities only accepted by CommWalker is ≈ 35 times as large as the number of
communities only accepted by functional homogeneity. As shown by the median values of the
distributions, communities only accepted by CommWalker have higher coexpression scores than
communities only accepted by functional homogeneity.

Figure 6.9 shows that modules accepted by only CommWalker in this data

set exhibit a higher level of co-expression than those accepted only by functional

homogeneity. Indeed, modules only accepted by functional homogeneity have a

similar median co-expression level to those rejected by both methods. We confirmed

that this result is not confounded by the community size distributions in the

community sets by comparing the mean co-expression scores of communities of the

same size between community sets (Figure D.25 in Appendix D). While Figure 6.9

does not provide conclusive evidence that all modules accepted by CommWalker are

correct, it does suggest that CommWalker accepted modules are at least of a similar

quality to modules accepted by commonly used functional homogeneity approaches.
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6.5.2 Case studies

To complement the systematic validation of the CommWalker approach by gene

co-expression analysis, we picked two modules to investigate more closely. For

this purpose we defined two community sets: one strongly rejected by functional

homogeneity, but clearly accepted by CommWalker, and vice versa. The largest

proposed module in each set was chosen for further investigation.

Module candidates clearly favoured by CommWalker while rejected by functional

homogeneity were defined by the arbitrary, but more stringent thresholds of a T-

value < 0.25 and a functional homogeneity, FH < 5 (in contrast to the median

semantic similarity of interacting proteins at 6.10552 for BioGrid-AP). The largest

predicted module in this set contains the TRAPP proteins TRAPPC2, TRAPPC3L,

TRAPPC4, TRAPPC6B, TRAPPC8, TRAPPC10, and TRAPPC12. These proteins

are known to be members of the TRAPP complexes which are implicated in vesicular

transport from the endoplasmic reticulum to the Golgi apparatus [215]. Despite its

coherent functional description, it is only relatively poorly annotated at an average

of 43.71 functional annotations per protein, compared to a mean of 89.85 functional

annotions for proteins in BioGrid-AP (with a standard error of 33.91).

Similarly predicted modules by functional homogeneity that are strongly rejected

by CommWalker were defined by a functional homogeneity FH > 6.5, and a T-

value above 0.6. The largest community in this set is a star community centered

around STAT3, further containing the genes LEP, CEP120, NFKBIZ, HES5, and

IL22RA1. Most of these genes were found to be involved with signalling and/or

regulating transcription, which explains their interaction with STAT3. However,

we found no closer connection between the low degree proteins clustered together.

The average number of GO BP annotations associated with the genes in this

module is 257.17, which is significantly larger than the mean of 89.85 in BioGrid-AP.

While this investigation cannot show that modules only accepted by functional

homogeneity should not be considered, it does allow us to highlight the TRAPP

module accepted by CommWalker. The contrasted community case studies suggest
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that CommWalker can improve module evaluation both for poorly annotated, and

well annotated communities.

6.6 Discussion and conclusions

As a complete picture of protein function with corresponding functional annotation

is not available, it is important to consider the effect of the distribution of

annotations on the network in module evaluation. In this chapter we have pre-

sented CommWalker, a module evaluation framework that takes this heterogeneity

of annotation into account through local background sampling. To evaluate a

module, CommWalker samples its local environment using random walks to put the

community’s functional homogeneity score into the correct context. CommWalker

has two main advantages over currently available methods:

1. Functional evaluation of a community is focused on alternative choices of

protein groupings that could have been made in the local network environment.

Through this local context we can account for annotation, and therefore

functional similarity, varying across the network.

2. The size of the community is taken into consideration when relating its

functional homogeneity score to the background distribution. By forcing the

random walk proxy communities to contain the same number of nodes as the

initial community, the effect of the size-dependence of functional homogeneity

scores observed in Chapter 5 is eliminated.

A third advantage of CommWalker lies in its reporting of significance scores.

Functional homogeneity is generally quoted as a value calculated based on the

semantic similarity measure used to obtain pairwise functional similarity scores.

Here, we have used quantiles to make this score informative. However, a community

T-value is immediately informative. A T-value of 0.67 tells us that approximately

67% of node groupings of the same size were evaluated as more functionally
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homogeneous in the local network region. This advantage is especially valuable

in stand-alone tools that evaluate individual communities.

Using three popular functional similarity measures on a variety of biological data

sets, we have shown that CommWalker indeed allows for an increased sensitivity in

poorly-studied network regions, without sacrificing its ability to evaluate well-studied

communities. The greater coverage of functional modules on PINs as evaluated

by CommWalker is specifically important in the context of this project. As we

are attempting to develop a general pipeline to identify modules that are involved

in poorly understood phenotypes, it is likely that it is exactly in poorly-studied

network regions that we have to look.

While CommWalker will improve our ability to evaluate sparsely annotated

protein communities, it is still important that some annotation exists. CommWalker

can overcome lack of annotation to a certain extent, however it is only able to

amplify an existing signal. As such, continuous improvement of the coverage of

functional annotations is still key to understanding PIN functional organization.

A further limitation to functional module discovery in poorly-studied regions of

PINs are error rates. It is likely that protein-protein interaction false-positive error

rates are not uniformly distributed across the network, but instead adversely affect

poorly-studied proteins (eg. well-studied proteins found by multiple reporting are

assumed to be true positive interactions [67,79]). These error rates affect community

detection methods which are therefore more likely to fail to group proteins together

meaningfully in these regions. For these reasons CommWalker should not be seen as

a solution to lack of knowledge in certain areas of PINs, but instead an incremental

development that allows us to look further than was previously possible. Overall

CommWalker is a framework that builds on the work done on protein similarity

evaluation and bridges the gap between protein similarities and module homogeneity.

As CommWalker can be used with any similarity measure defined between

proteins, it is also capable of overcoming the issues of performing functional

enrichment on network communities discussed in Section 4.3. Similar to the

functional similarity approach, the frequency of a GO-term can be related to the
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frequencies of this GO-term in random walks from the community to evaluate its

significance. In this case the random walk background distribution acts as a null

model for enrichment that takes into account the dependence structure between

the distribution of functional annotations and protein-protein interactions.

A possible extension to CommWalker is to rein in the random walks in the

background sampling process. The larger the community, the further into the

network the random walks may sample – past what could be considered the local

environment. This deep sampling may lead to a large community being related

to the entire network. While local nodes are still sampled more frequently than

distant nodes, this effect reduces the efficacy of the CommWalker approach. Thus,

CommWalker may benefit from an augmented random walk process such as “random

walk with restart” [216] which could ensure local sampling. Such a sampling method

could be calibrated to sample only as far into the network as the average diameter of

communities of this size is. As we are focusing on comparatively small communities

that could be considered as functional modules (sizes 6 - 35, see Section 1.1.3), very

long walks are unlikely to be an issue for the purpose of this project.
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7.1 Introduction

Whole genome expression profiling is a powerful technique to uncover the molecular

basis of disease phenotypes (see Section 2.6.2). Statistical tests are applied to such

data sets to find genes that are significantly differentially expressed between two

phenotypes of interest such as “disease” and “healthy”. Differentially expressed genes

(DEGs) are thought to play causal roles in, or be symptomatic of, the investigated

disease processes. Typically long lists of DEGs are obtained from these statistical

167



168 7.1. Introduction

tests. Thus it has been suggested that the real challenge lies in the interpretation

of DEGs rather than in their discovery [17].

Currently available approaches to interpret these lists of DEGs are twofold.

Either the biological intuition of the experimentalist is used to focus on specific

functions that are expected to be involved in the phenotype, or curated lists of

genes involved in biological functions are investigated. Using biological intuition

requires in-depth knowledge of the investigated phenotype that allows for subjective

prioritization of certain DEGs. Curated lists of genes involved in specific functions

as available from the Molecular Signature Database [52] can be used to assess

differential expression of gene functions in a more objective, systematic way via

tools such as Gene Set Enrichment Analysis (GSEA, see Section 1.1.3). However,

even such curated lists require functions to be well-studied, which is not always the

case for poorly understood disease phenotypes. Currently available methods that

integrate PINs into this analysis for example by finding disease modules [13, 44],

also rely on these curated gene lists to elucidate functional information (eg. by

enrichment of pathway annotations).

We have developed a pipeline to objectively detect differential regulation of

cellular functions in investigated phenotypes which is not limited to curated lists of

proteins or genes. In this pipeline, DEGs are put into the context in which they

affect the respective phenotype: through the interaction of their protein products.

We map DEGs to cellular functions using functional modules detected in protein

interaction networks (PINs) by the approach refined in Chapters 4–6. This approach

integrates biological clustering using the CommWalker framework (Chapter 6) in

conjunction with the Pandey measure on GO BP annotation sets (Chapter 4) with

topological clustering at multiple resolutions (reviewed in Chapter 5). Functional

modules that are enriched for DEGs represent differentially regulated cellular

functions. This methodology can be seen as an extension of GSEA that is able

to systemically propose the lists of functionally related proteins whose differential

expression is assessed (see Section 1.1.3).
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In this chapter we describe the developed pipeline in its current state and present

results of its application to two biological problems: breast cancer hypoxia and

macrophage differentiation. With this pipeline, differentially regulated functions

that each correspond to an experimentally testable hypothesis can be detected.

Using the functional modules found to be differentially regulated, we were able to

retrospectively analyse the optimized module detection approach from Chapters 4–6.

This analysis showed the importance of a multi-resolution approach to module

detection and the benefits of using the CommWalker framework in this pipeline.

7.2 Methodology

In this section we describe our pipeline for the interpretation of differential gene

expression data. This pipeline comprises of four steps:

1. The detection of functional modules,

2. Finding differentially regulated modules by overlaying DEGs,

3. Consensus clustering of highly similar enriched modules

4. Prioritizing those enriched modules most likely to be of interest.

By performing the first three steps our pipeline can objectively generate differ-

entially regulated functional modules using only differential gene expression data

as user input. Each of the generated DEG-enriched modules represent a biological

hypothesis of a function, and candidate proteins involved in this function, that is

causative or symptomatic of the investigated phenotype.

7.2.1 Functional module detection

In Chapter 5 we attempted to find an optimal community detection method and

resolution to detect functional modules in PINs. Finding none, we concluded that

all investigated community detection methods may detect functional modules across

resolutions. Using the CommWalker module evaluation framework with the Pandey
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measure (see Chapter 6 for CommWalker and Section 2.5.2 for the Pandey measure)

we re-evaluated this conclusion by investigating the fraction of proteins in BioGrid-

AP that were assigned to functionally significant communities based on a more

stringent T-value threshold of 0.4, compared to 0.5 used in Chapter 6 (Figure 7.1).

Figure 7.1: Fraction of BioGrid-AP proteins in functionally significant communities
across resolutions. Functional significance was evaluated using CommWalker with the Pandey
measure (see Chapter 6 for CommWalker and Section 2.5.2 for the Pandey measure) with a
T-value threshold of 0.4. The fraction of proteins in BioGrid-AP that are assigned to functionally
significant communities by the four investigated community detection methods (see Section 3.1.2)
at each resolution are shown in red. The blue lines indicate the fraction of proteins that are
assigned to functionally significant communities at any resolution for each community detection
method and community size range. The vertical dashed lines show the resolution at which the
network is partitioned such that the most proteins are in functionally significant communities for
different T-value thresholds (see Section D.2 in the Appendix).

Figure 7.1 shows that while ≈ 68% of proteins are assigned to non-trivial

functionally significant communities at some resolution, no single resolution network

partition reaches this value. In our designated module size range of interest (6 - 35

proteins, see Section 1.1.3) this effect is further exacerbated. Based on these results
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we looked for functional modules across all resolutions using the four community

detection methods on BioGrid-AP (as described in Section 3.1.2). Only BioGrid-

AP was used here as previous analysis suggested that having a high coverage of

protein-protein interactions, was more important to module detection than high

quality interaction data as provided by HINT-P (see Section 5.6).

After exploratory analysis on how to capture the functional homogeneity of

a module of proteins (see Chapter 4) we used CommWalker with the Pandey

measure using GO BP functional annotations (see Section 3.2.1) to perform

community evaluation.

Previous work on multi-scale functional module detection in yeast used a func-

tional homogeneity threshold to determine which communities represent functional

modules [48]. This threshold was set at:

FH > µint + 0.3σ, (7.1)

where FH denotes the functional homogeneity, µint is the average functional similarity

of interacting proteins in the underlying PIN, and σ represents the standard deviation

of this distribution. In analogy with Equation (7.1) we chose a T-value of 0.4 as

a threshold for functional module detection. The reasoning for this choice is as

follows. If the functional similarity scores of interacting proteins are approximated

by a normal distribution, ≈ 38.2% of protein pairs have a functional similarity that

satisfies the threshold in Equation (7.1). Similarly, if these scores are approximated

by a uniform distribution (which may be a better approximation given Figure 6.4),

this percentage rises to ≈ 41.3%. These quantiles were used to qualitatively

approximate functional homogeneity and T-value thresholds as in Section 6.4.1.

7.2.2 Overlaying DEGs

DEGs were obtained as described in Section 3.3.2. BioGrid-AP reports proteins by

their gene identifiers. This reporting simplifies the gene to protein relationship to

one-to-one. Therefore DEGs could easily be mapped onto the PIN (Figure 7.2).
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Figure 7.2: Schematic diagram of overlaying DEGs onto functional modules. Red
nodes represent DEGs and nodes of other colours denote membership of different functional
modules. The light red module on the left appears enriched for DEGs.

DEG enrichment was calculated after Equation (2.12). Communities detected at

neighbouring resolutions may be similar or exactly the same. As these communities

would be merged in the consensus clustering step (see Section 7.2.3), the dependence

structure between the enrichment tests is difficult to determine. Thus, at this point

of development we have chosen to omit multiple testing correction to keep a high

sensitivity. DEG enrichment p-values were used to rank communities by enrichment

and an arbitrary cut-off (p-value < 0.01) was used on the unclustered modules

to select modules for further analysis. While we cannot assess the significance

level at which these modules are enriched without multiple testing correction,

ranking the “enriched” modules by uncorrected p-value does show which modules

are more likely to be significantly enriched at a particular threshold. Furthermore,

treating the enrichment p-values only as scores is reasonable given that there may

be errors in the DEG assignment.

7.2.3 Consensus clustering of enriched modules

Network partitions generated at neighbouring resolutions can be highly similar. As

modules were detected across resolutions, enriched modules can therefore also be

similar or identical. Due to error rates in PINs (see Section 2.1.2.1) we cannot

expect the node-community assignment to be completely free of error. Thus, we

interpret similar modules as representative of the same underlying module with
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node-community assignment errors. Given this consideration, it makes sense to

merge similar communities by consensus clustering. This merging reduces the

redundancy in our data set and speeds up the pipeline.

Consensus clustering was performed using the Jaccard index over the proteins

in a module (see also Equations (2.10) or (2.14) for Jaccard index measures using

different sets). Modules were regarded as similar when the Jaccard index of their

member protein sets exceeded a value of 0.7. For two modules of six proteins, this is

the case when five proteins are shared, or similarly 9 of 10, or 38 of 45. DEG-enriched

modules that are similar by this threshold were merged and the highest enrichment

p-value of the merged communities was recorded to represent the cluster. This

decision ensured that strong signals for differential regulation are not overlooked due

to the consensus clustering step when prioritizing module clusters (see Section 7.2.4).

7.2.4 Module prioritization

When large numbers of DEGs are found in differential gene expression studies (see

macrophage differentiation data set in Table 3.5), it is likely that a considerable

number of differentially regulated modules are found using this pipeline. To allow

users of the pipeline to easily screen for interesting results, we implemented three

methods to prioiritze differentially regulated modules: based on genes of interest,

based on extremal fold change, and based on consensus fold change direction (see

fold change in Section 2.6).

The first of these methods prioritizes DEG-enriched modules by their proximity

to a particular protein of interest. It is not uncommon for differential gene expression

studies to be performed with a particular biological hypothesis in mind. In cases

where this hypothesis involves a particular gene, connections between this gene

and enriched modules that are close to this gene in terms of network proximity

(see shortest path length in Section 2.2.1) may show how this particular gene acts

to cause differential regulation of a functional module.

The other two methods for module prioritization involve computing the average

fold change of all genes or all DEGs in the module, and using the fraction of
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genes with a positive fold change. The latter prioritizes modules where all genes

are either up- or down-regulated.

7.3 Enriched modules in biological applications

In this section we present potentially differentially regulated functions and candidate

proteins involved in the respective biological processes for two biological applications:

breast cancer hypoxia and macrophage differentiation. In order to evaluate our

pipeline we focus on well-studied functions due to the difficulty of validating

novel biological hypotheses. Furthermore, we present modules with a strong

enrichment signal to minimize the possibility of insignificant enrichment of DEGs

(see Section 7.2.2). First we present our results for breast cancer hypoxia, which was

chosen as a well-studied case and thus offers many known differentially regulated

functions against which our pipeline can be tested. In comparison macrophage

differentiation is less well-understood.

For practical reasons we increased the investigated module size range from our

designated size range of 6 - 35 (see Section 1.1.3) to 10 - 45 and 15 - 45 for the hypoxia

and macrophage data sets respectively. This decision was made as inspection of

communities by experimental collaborators was difficult for smaller communities of

sizes 6 and 7, which outnumbered modules of other sizes in preliminary runs. It

appears that recognizing individual proteins, or understanding the modular context,

helped in understanding community function. This increase in size range further

considers that node-module assignments are also subject to error (see Section 7.2.3).

7.3.1 Visualization

Modules were visualized as a set of circles, with gene name labels with edges of the

same colour between them (here blue). These gene names were mapped from Entrez

Gene IDs (which identify proteins in BioGrid-AP, see Section 2.1.3), by a mapping

from the HUGO Gene Nomenclature Committee (http://www.genenames.org/

cgi-bin/download [217], retrieved April 2016). Grey edges were used to denote

paths between the enriched module and a protein or gene of interest input into

http://www.genenames.org/cgi-bin/download
http://www.genenames.org/cgi-bin/download
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the pipeline (which is shown as a red node). DEGs were highlighted by bold black

contours around the node, and proteins with over 150 interactions (designated as

hub proteins) are shown as squares. The displayed module was complemented with

information on the average fold change of all module genes, and the fraction of fold

changes that were positive. These statistics were also calculated for only the DEGs

and shown in brackets. Furthermore, we performed module annotation by GO BP

term enrichment (see Section 2.5.1) to label the module function. The bottom

right corner of the display contains this additional information (see Figure 7.3 and

Figure 7.7 with a protein of interest and grey edges).

7.3.2 Hypoxia

The breast cancer hypoxia data set was analysed using DEGs found at a FDR

threshold of 0.05. The small number of replicates available in the data set

did not permit a more stringent cutoff as the number of DEGs was already

relatively small. In total this investigation produced 29 enriched modules with

several differentially regulated functions. Modules representing known differentially

regulated functions such as RNA-mediated regulation of translation [218], or

chromatin silencing (personal communication with Dr. Francesca Buffa) were found.

In Figures 7.3–7.6 we show four examples of enriched modules that represent

differentially regulated functions.

The first of these modules is related to vesicle transport of matrix metallo-

proteinases (MMPs). The hypoxic tumour phenotype is strongly linked with

aggressiveness and metastasis (see Section 1.2.1). A way in which these tumours

invade neighbouring tissue is by the excretion of MMPs that attack the extracellular

matrix [55]. Thus, vesicle transport of MMPs out of the cell is a function

that is upregulated in hypoxia. Several vesicle transport modules were found

among our enriched modules, such as the module shown in Figure 7.3. While

we detected this module based on the differentially expressed genes SNAP23,

SNAP29, STX7, and STX12, other genes in this module have previously been linked

with tumour invasiveness, such as VAMP3, STX4, and other syntaxins (STXs)



176 7.3. Enriched modules in biological applications

and VAMPs [219]. We also found a further vesicle transport module containing

the RAB gene family of which RAB25 and RAB11 have previously been linked

with tumour invasiveness [220].

Figure 7.3: Matrix metalloproteinase vesicle transport module. A DEG-enriched module
found by our pipeline using the breast cancer data set (see Section 3.3.2.1). The module is displayed
as explained in Section 7.3.1. The module contains mainly genes, shown here by their HGNC gene
names (see Section 7.3.1), that are upregulated in the hypoxic samples as shown by negative fold
change displayed in the bottom right (Frac Pos Fold Change = Fraction of genes with a positive
fold change). The last three lines on the bottom right are GO BP terms that are enriched in the
genes in this module. These annotations indicate the vesicle transport function.

Figure 7.4 is a module of RNA polymerase I promoter genes. This module

represents differential regulation of transcription in hypoxic versus normoxic cells.

Other modules showing differential helicase activity, and transcriptional modulation

by SMAD proteins were also found with the same overarching function. Indeed, the

hypoxic microenvironment causes up-regulation in transcription as induced by the



7. Biological applications 177

HIF transcription factor (see Section 3.3.2.1). While there is no particular signal

for gene up-regulation in the module shown in Figure 7.4, this is not necessarily

expected as down-regulation of transcription inhibitors may similarly signal overall

up-regulation of transcription. The differentially regulated initiation of transcription

in hypoxic tumours is currently being investigated (personal communication with

Dr. Francesca Buffa).

Figure 7.4: RNA polymerase I promoter module. This module is displayed as described
in Section 7.3.1. The proteins in the module are subunits of RNA polymerase (POLR genes) and
promoters of the complex. RNA polymerase I promoter acts to initiate transcription. This module
shows no particular signal for up- or down-regulation.

A cellular response to hypoxia is the switch from aerobic to anaerobic respiration,

which leads to the acidification of the extracellular environment (see Section 1.2.1).

As hypoxic cells must be able to survive in these conditions, they must regulate their
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intracellular pH. Given this consideration we can understand the enriched module

of ATPases (Figure 7.5). ATPases act to deacidify the intracellular environment

by transporting hydrogen ions across the cell membrane.

Figure 7.5: Deacidification module. This module is displayed as described in Section 7.3.1.
The module contains many ATP6 genes, which are ATPases. ATPases transport H+ ions across
the cell membrane to deacidify the intracellular environment. While the DEGs are up-regulated
in hypoxia, the overall module shows no particular preference for up- or down-regulation.

A further differentially regulated function detected in our enriched modules is

autophagy (Figure 7.6). Autophagy is a process by which cells dispose of damaged

proteins and organelles thereby promoting their survival under microenvironmental

stresses such as hypoxia [55,56]. The relevance of this particular module is further

shown by the module membership of ULK1 despite it not being a DEG. ULK1

is involved in hypoxia-induced autophagy [221] and has even been suggested as
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a drug target for cancer therapy. This discovery suggests that our pipeline can

infer important disease-related proteins that would otherwise not be found by

differential expression analysis alone.

Figure 7.6: Autophagosome module. This module is displayed as described in Section 7.3.1.
The module shows a slight up-regulation in hypoxic cells. While the enriched GO BP terms do not
directly mention autophagy, the large proportion of Autophagy Related (ATG) and GABARAP
genes shows this link. Autophagy is a process by which cells dispose of damaged organelles
or proteins [55, 56]. As organelle membranes contain lipids, delipidation occurs when organelle
membranes are destroyed.

7.3.3 Macrophage differentiation

In this project, the target biological application for our developed methodology was

macrophage differentiation into M1 and M2 phenotypes (see Section 1.2.2). While

the differences between macrophage polarizations have been studied, knowledge
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of the molecular mechanisms that are differentially active is still limited. To test

our pipeline we thus focussed on a few modules with functions that have been

previously studied, as detailed below.

Enriched modules for the macrophage differentiation data set were generated

using the list of DEGs found at a FDR threshold of 0.01. The comparatively large

number of DEGs found in the macrophage data set allowed us to use this more

stringent FDR threshold. Two proteins of interest (MSR1 and MRC1) were input

into the pipeline to align with the research interest of collaborators at UCB Pharma.

The pipeline found 86 modules which represent differentially regulated functions

between M1 and M2 macrophage phenotypes. A considerable number of these

modules related to functions which are differentially active due to the macrophage

treatment that stimulated differentiation into M1 and M2 phenotypes in vitro

as described by the enriched GO BP terms “Regulation of response to IFN-γ”,

“Interferon mediated signalling pathway”, and “Response to stimulus”. While

these functions are correctly detected, they are not interesting with regards to

the macrophage phenotype but rather indicative of the experimental protocol.

A further common function found in enriched modules is JAK/STAT signalling.

Up-regulation of JAK signalling has been linked to inflammation [222], a central

function attributed to the M1 phenotype. Yet, this process is also generally linked to

interferon and interleukin signalling and may thus be a response to the macrophage

treatment. Here we show three enriched modules that were found to be of interest

to both collaborators at UCB Pharma and Dr. Fernando Martinez (the macrophage

researcher who published the initial data set).

NF-κβ transcription factors are important in inflammation and innate immunity.

These transcription factors are secreted by tumour associated macrophages, which

resemble an M2 activation state (see Section 1.2.2), to control the inflammatory

response. The enriched module in Figure 7.7 describes an up-regulation of the

NF-κβ inhibitor A20 (shown here as TNFAIP3 and interacting proteins), and is thus

up-regulated in M1 macrophages which are linked with increased inflammation [62]

(M1 up-regulation is shown by positive fold change). Suppression of NF-κβ via the



7. Biological applications 181

A20 complex is thought to occur via regulation of linear ubiquitination. Linear

ubiquitination is a recently discovered regulatory signalling mechanism (specifically

a post-translational modification) that is important in immune signalling [223,

224]. This signalling process has been linked with activating NF-κβ signalling via

TNF [224] and may thus explain further members of the detected module.

Figure 7.7: NF-κβ signalling regulation module. This module is displayed as described
in Section 7.3.1. The circle in red denotes the protein of interest MSR1 (macrophage scavenger
receptor 1), which was input into the pipeline. Comparatively higher expression levels in M1
macrophages are denoted by a positive fold change. Negative regulation of NF-κβ signalling is
captured via the A20 complex shown here as TNFAIP3 with its interacting proteins TNIP1 and
TNIP3. Up-regulation of the inhibition of NF-κβ signalling in this module implies the signalling
process itself is down-regulated in M1 macrophages.

Figure 7.8 shows an enriched module of immunoproteasome subunits. The

immunoproteasome is a complex that creates small peptides for antigen presentation

eliciting an immune response. Antigen presentation, which was described in several
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enriched modules, has recently been found to be differentially regulated in alveolar

M1 and M2 macrophages [63].

Figure 7.8: Immunoproteasome module. This module is displayed as described in
Section 7.3.1 with the protein of interest (MSR1) shown as a red circle. The module
shows immunoproteasome subunits (PSMs) that are up-regulated in M1 macrophages. The
immunoproteasome cuts up antigenic proteins into small peptides (see protein catabolism in the
enriched GO BP terms) to be presented on the cell surface. This antigen presentation starts an
immune response.

A further function that was differentially regulated in our enriched modules is

chemotaxis (Figure 7.9). Chemokines are signalling proteins that recruit immune

cells in homeostasis and inflammation [59], two biological processes that have been

linked with macrophage activity (see Section 1.2.2). A screen of 41 chemokines

found several that are differentially linked to M1 or M2 chemotaxis [64]. Specifically,

the chemokines CCL21 and CCL25 were reported to induce M1 chemotaxis. While
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we did not find the genes expressing these chemokines to be differentially expressed,

they are included in the enriched chemotaxis module which is up-regulated in

M1 macrophages (Figure 7.9). As macrophage chemotaxis can be measured using

xCelligence RTCA systems, this module can be experimentally validated without the

need for gene manipulation (personal communication with Dr. Fernando Martinez).

Figure 7.9: Chemotaxis module. The module is displayed as described in Section 7.3.1. The
module contains chemokines (CCLs and CXCLs) and chemokine receptors (CCRs and CXCRs)
that are up-regulated in M1 macrophages. The proteins in the module are up-regulated in M1
macrophages as indicated by the positive fold change.
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7.4 Retrospective implications for module detec-
tion

If DEGs are interpreted as being representative of differentially regulated functions,

then DEGs that cluster together should be able to define functional modules. This

idea is used to detect functional modules in methods that look for active subnetworks

(see Section 1.1.2). For our pipeline DEG enrichment can therefore be seen as a

type of module validation. By design, this validation is biased toward functions that

are differentially regulated in the investigated phenotypes and thus cannot be used

to assess modules that were not found to be enriched for DEGs. Yet, enrichment

for DEGs represents a further source of evidence that the module is a functionally

coherent cluster of proteins. Based on these considerations we retrospectively

analysed our module detection pipeline by investigating some characteristics of

modules that were found to be enriched for DEGs.

The resolutions at which differentially regulated module communities in the

hypoxia and macrophage data sets were found are shown in Figure 7.10. The

distributions suggest that multi-resolution module detection is an important compo-

nent of functional module detection. It is particularly visible in the CPM Louvain

and the link clustering plots that not all differentially regulated modules would

have been detected in a single resolution network partition. For example, the two

communities that were combined for the deacidification module (Figure 7.5) were

detected by CPM Louvain at a log resolution of -1.2 and -0.96. In contrast, the

MMP vesicle transport module (Figure 7.3) is a consensus module of two CPM

Louvain communities detected at log resolutions -0.48 and -0.4.

We further investigated whether evaluating communities via the CommWalker

framework (see Chapter 6), rather than via the conventional functional homogeneity

approach, affected the DEG-enriched modules found. Using the functional ho-

mogeneity threshold given by Equation (7.1) and a T-value threshold of 0.4 (see

Section 7.2.1), we calculated the fraction of enriched module communities that

are not evaluated as functionally significant using only functional homogeneity.

For the hypoxia data set 34.66% and for the macrophage data set 17.50% of
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Figure 7.10: Resolutions at which differentially regulated modules in hypoxia and
macrophage studies and were detected. Differential regulation was determined by enrichment
of DEGs at a p-value < 0.01 (see Sections 3.3.2.1 and 3.3.2.2 for DEGs). Differentially regulated
modules are consensus community clusters detected by several community detection methods
(see Section 7.2). The distribution of the resolutions at which the communities were detected
that contributed to these consensus community clusters are plotted for each community detection
method. As the number of communities fit is used as a resolution proxy for BigCLAM (see
Section 3.1.2) the set of detected communities at neighbouring resolutions tends to differ only
in the 50 newly fitted communities, creating the observed increasing distribution. Relevant
communities were detected at a range of resolutions by each community detection method.

communities are only evaluated as functionally significant by CommWalker. Using

the mean functional similarity of interacting proteins as a more lenient functional

similarity threshold, we still find 27.56% and 2.31% of communities only accepted

by CommWalker in the hypoxia and macrophage data sets respectively.

The fraction of enriched module communities that were only evaluated as

functionally significant by CommWalker translates to 37.93% and 40.70% of the

enriched modules after consensus clustering for the hypoxia and macrophage data

sets respectively. Thus, 11 of 29 enriched modules would not have been found

without using CommWalker in the hypoxia data set, and 35 of 86 for the macrophage
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data set. This group of modules includes the RNA polymerase promoter and

autophagosome modules (Figures 7.4 and 7.6). These results show the power of

the CommWalker framework in an applied setting.

7.5 Discussion and conclusions

In this chapter we have demonstrated how functions that are differentially regulated

in contrasted cellular phenotypes can be identified by putting DEGs into the context

of functional modules. Using our pipeline we were able to find several functional

modules of proteins that are known to be involved in processes that are differentially

active between hypoxic and normoxic cell lines, or M1 and M2 macrophages.

The developed pipeline, which objectively generates biological hypotheses from

differential expression data sets, is an advancement over using biological intuition

for refining lists of DEGs. As novel biology is difficult to evaluate computationally,

we have focussed on well-studied functions. This prioritization has the effect that

the results presented in this chapter may equally be found using curated lists of

genes such as those found in the Molecular Signature Database (MSigDB) [52].

Yet results showing that ≈ 40% of modules were only found due to integration of

the CommWalker framework into our module detection method (see Section 7.4)

suggest that less well-studied functions are also captured in our enriched modules.

Fine-tuning of pipeline parametrization such as the T-value threshold, the DEG

enrichment threshold, and the FDR threshold for determining which genes are

differentially expressed may further improve our ability to investigate poorly studied

functions. For example, VEGF-mediated angiogenesis was missing from our breast

cancer hypoxia enriched modules. This absence was likely due to our parameter

selection. VEGF was not sufficiently differentially expressed by our FDR threshold,

and angiogenesis modules may have fallen through our functional significance filter.

An improvement over the MSigDB approach is the availability of candidate

proteins that are involved in the differentially regulated functions. We have shown

that our modules include proteins whose genes are known to be linked to the

phenotype without being detected as DEGs in our data set (for example ULK1 or
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VAMP3 in Section 7.3.2, and CCL21 or CCL25 in Section 7.3.3). Experimental

validation of these modules, as discussed for the chemotaxis module (Figure 7.9),

may uncover further proteins that play a role in the investigated phenotypes. An

experimentally validated enriched module would show the power of this methodology

in comparison to other approaches.

A notable absence in the enriched modules is that of the known hypoxia pheno-

typic marker HIF1, which revolves around transcription. DNA-binding interactions

are not included in our underlying network and therefore such transcription factors

are also missing in the set of functional modules. Instead, the pipeline represents

a different perspective to the common analysis of transcription in gene expression

studies. Our methodology detects the functions that are affected downstream

of the initial signal. This focus allows the pipeline to complement current data

analysis methods commonly used by experimental biologists that focus on the

transcriptional response.

The enriched modules detected by our pipeline may be related to those obtained

by active subnetwork methods (see Section 1.1.2). The difference between these

approaches lies in their definition of a module (see Section 1.1.3). Active subnetworks

are designed to select subnetworks of highly differentially expressed genes, yet

our pipeline detected several enriched modules whose genes did not all exhibit

significant differential expression but still captured known differentially regulated

functions (eg. in the deacidification module in Figure 7.5). As we performed

module validation by literature searching together with experimental collaborators,

unfortunately a thorough comparison of the two approaches could not be performed

given the time constraints.

A component of our pipeline that is not included in active subnetwork approaches

is that of multi-resolution community detection. While our analysis suggested

that multi-resolution partitioning is an important factor in the identification of

enriched modules, the way modules across resolutions are reported can be improved.

Many enriched modules generated by the pipeline represent the same differentially

regulated function at different resolutions. Clustering methods can be used to
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identify functional module clusters across resolutions to improve the reporting of

results from the pipeline thereby making it easier to use.

Other ways in which the pipeline can be extended is by adequate correction for

multiple testing in DEG enrichment, or by a more complex evaluation of differential

expression altogether. Multiple testing corrections can be applied based on the

expected fraction of communities that are consensus clustered into modules (see

Section 7.2.3). For example, if 40% of communities are expected to be combined by

consensus clustering, it can be estimated that 60% of the tests that are performed

are not strongly dependent. A thorough handling of errors, which could include

uncertainty in DEG assignment as well, may enable us to assess more subtle

signals for differential regulation. A higher sensitivity in this evaluation can also

be achieved by using the differential expression of all genes, instead of only those

most differentially expressed. The GSEA method can be used in conjunction with

our detected functional modules for this purpose.



8
Conclusions and future work

In this project we have developed a methodology to find differentially regulated

functions between contrasted cellular phenotypes. This methodology exploits the

mapping from genotype to phenotype provided by functional modules. Using

functional modules, DEGs can be put into the context of the functions in which

they are involved, that may ultimately affect the investigated phenotype.

We detected functional modules by a process that combines topological and

biological clustering that was refined in Chapters 4–6. Following an exploratory

study of the use of functional annotations to evaluate communities of proteins

in PINs, we used the Pandey measure with GO BP annotations to assess the

functional similarity of proteins (Chapter 4). These functional similarity scores were

combined to assess the functional significance of communities using the CommWalker

framework, which we developed to overcome a lack of detailed functional knowledge

in certain PIN regions (Chapter 6). This biological clustering procedure was

applied to subselect biologically meaningful communities from those detected by

multi-resolution community detection methods (topological clustering) which we

reviewed in Chapter 5. Furthermore, we started developing an improved topological

clustering method called Link Edgehop Clustering (Appendix A), which however

requires further testing.
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Using our pipeline on differential gene expression data contrasting hypoxic and

normoxic breast cancer cell lines, and M1 and M2 macrophages, we were able to

recover functions known to be differentially regulated in these phenotypes (see

Chapter 7). The functions were detected via DEG-enriched functional modules.

These DEG-enriched modules each represent an experimentally testable hypothesis

describing a differentially regulated function, and the proteins that are involved

in this function. Using published data, we could validate several proteins in the

enriched modules that did not correspond to DEGs in our input data set.

While several computational methods for interpreting differential gene expression

data exist, the main contribution of this thesis lies in the use of multi-scale topological

clustering and CommWalker biological clustering in this process. The detection of

communities across resolutions attempts to mirror the hierarchical organization of

cellular functions in PINs (see Section 1.1.3). Thus, by testing for DEG enrichment

of potential modules across resolutions, the pipeline can automatically select the

scale at which cellular functions are involved in the phenotype. The integration of

CommWalker into this pipeline enables it to counteract the selection for well-studied

functions when interpreting the differential expression data using functional modules.

By taking into account that knowledge of protein function is unevenly distributed on

PINs, CommWalker can evaluate communities as functionally significant even when

they are poorly functionally annotated. Thus, we can test for DEG enrichment on

a set of functional modules that represent a broad spectrum of cellular functions.

The DEG-enriched modules detected using the breast cancer and macrophage gene

expression data sets show that these features are important to the performance

of our pipeline (see Section 7.4).

The work presented in this thesis shows a promising approach to interpreting

differential gene expression data that can directly generate hypotheses on the

investigated phenotype. As such, there is work that follows on from the results

presented here. In future, we would like to quantify the advantgates of our

methodology through in-depth comparisons with other approaches, expand several

components of the pipeline, and investigate the limitations of others.
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In particular, the limits of the CommWalker framework merit further investi-

gation. While we have shown that CommWalker biological clustering counteracts

annotation bias in functional homogeneity calculation, its robustness to decreasing

levels of functional knowledge (both in specificity and in coverage) is yet to be

investigated. As CommWalker can only amplify an existing functional homogeneity

signal, there is a limit to the lack of information CommWalker can deal with. For

example, low coverage can lead to the same two nodes being traversed in all random

walks such that these have the same functional homogeneity and the community

is assigned the lowest possible T-value regardless of the functional homogeneity

score (see Equation (6.1)). If additionally the two proteins lack specific functional

annotations (they are only associated with the BP root annotation), this functional

homogeneity score could be 0, while the T-value is significant. This is not a correct

assessment of the functional significance, it is merely an expression of a complete

lack of knowledge of the network environment.

Further investigation could quantify the benefits of our pipeline by comparing the

DEG-enriched modules for the breast cancer and macrophage data sets with active

subnetworks detected using the same differential expression data. Furthermore, it

would be interesting to test whether the differentially regulated functions found by

our methodology are also found by disease module approaches that build a PIN

between disease-related genes (here DEGs) and perform GO term enrichment on this

disease network [13,44]. In future we aim to apply the methodology to further dif-

ferential expression data sets of phenotypes that are less well-studied with a specific

focus on experimentally validating modules that may be of therapeutic relevance.

There are several possible extensions to the methods we use, as well as methods

and data sets that were recently published, that may improve the components of the

pipeline. Small improvements can be made to topological and biological clustering

methods; the method of incorporating expression data can be refined; recently

published semantic similarity measures can be tested and incorporated; and the

pipeline can be amended to allow for future use of isoform-resolved protein-protein
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interaction data. These extensions may improve the sensitivity of the methodology

or allow it to depict the underlying biological processes more precisely.

Topological and biological clustering can be improved in the following two

ways. Firstly, a resolution parameter could be built into BigCLAM by making the

threshold that is used to turn the node-community interaction strengths Fuk (see

Section 2.3.3.1) into discrete community memberships a variable. This community

detection method is of particular interest as the analysis performed in Appendix D.2

shows that BigCLAM detects more functionally significant modules in our size

range of interest than the other tested community detection methods. Secondly,

CommWalker biological clustering can be extended by reining in the random

walks as proposed in Section 6.6.

A further component improvement can be implemented in the way differential

gene expression data is analysed in the pipeline. One of the drawbacks of one-

by-one differential gene expression analysis is the inability to account for the

dependence structure of gene expression levels. Yet, this approach is necessary

given the high dimensionality of gene expression data sets (see Section 2.6.2). It

has been suggested that the complexity of differential gene expression analysis

can be reduced by incorporating biological knowledge to select relevant gene

sets [202]. Functional modules could be used as these gene sets. Thus, instead

of investigating the enrichment of DEGs on functional modules, assessing how

well the genes in a functional module model differential expression would allow

us to consider the dependence structure between genes in a biologically informed

way. A simple application of this idea is to use functional modules as proposal

gene sets for gene set enrichment analysis [52]. This approach may increase the

power of our enrichment test.

Recent developments that can be integrated into the pipeline to refine the

methodology include the TopoICSim measure [225] and isoform-resolved protein-

protein interaction data (eg. [77, 78]). TopoICSim is a semantic similarity measure

that was shown to compare favourably to simGIC and other semantic similarity

measures on a range of tests [225]. Furthermore, it appears to be less affected by
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annotation length bias than other semantic similarity measures. As independent

comparisons of this measure have not been performed due to its recent publication

(July 2016), it would be interesting to evaluate TopoICSim in our simulation

test (see Section 4.4).

While comprehensive isoform-resolved protein-protein interaction data are

currently not available (see Section 2.1.1), recently such data sets have been

obtained for specific tissues (eg. the brain [77, 78]). Assuming this development

continues, it may be beneficial to move to PINs which label proteins by UniProt

identifiers which can describe interactions between protein isoforms. This type

of protein-protein interaction data can be obtained from the IntAct database

(see Section 2.1.3). Integrating RNA interactions into the underlying network

data (eg. [33, 34]) may further improve the precision of the biological processes

represented in the detected functional modules.

Our methodology provides an automated platform for the analysis of differential

expression data that is specifically catered towards functions that are poorly

understood. As such, this may be the right tool to use on complex diseases

where conventional approaches have failed. With some luck, we can detect novel

biology that is of therapeutic relevance.
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A.1 Introduction

In this appendix we describe a novel methodology for community detection. This

topological clustering method is based on link clustering and is called Link Edgehop

Clustering (Ledgehop). The aim behind Ledgehop is to exploit the strong perfor-

mance of link clustering for functional module identification whilst overcoming its

relatively poorer performance when identifying modules in less dense networks

(see Chapter 5).
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Link clustering partitions a network into communities by clustering edges using

an edge similarity score (see Section 2.3.3.2). The similarity of two edges that

share a node (the “keystone node”) is computed based on the overlap of the

neighbourhoods of the nodes that are not shared by the edges (the “endpoint nodes”;

see Equation (2.10)). Ledgehop extends this similarity measure by considering more

of the information available in the local network area than just direct neighbours.

In order to evaluate Ledgehop, we compared the performance of Ledgehop

and link clustering using networks with known community structure and networks

with covariate data available that is thought to be related to community structure,

including social networks and PINs clustered by GO slim annotations. Testing

Ledgehop on these networks, we found that Ledgehop’s performance is comparable

to link clustering on dense social networks and better than link clustering on one

of the two PINs. Further test cases are required to draw conclusion from these

results. Applying Ledgehop to the biological application data sets from Chapter 7,

we discovered enriched modules that are found exclusively by Ledgehop-based

functional module detection.

A.2 Data sets and processing

Ledgehop and link clustering was compared using several network data sets. As

knowledge of the underlying community structure is available in our social network

data sets we used these in the first instance. Ledgehop was subsequently evaluated

on PINs using GO term communities as an approximation of ground-truth. Here

we briefly describe these data sets.

A.2.1 Networks
A.2.1.1 Social network data

Social network data sets are commonly used to evaluate community detection

methods (see Section 2.3.4). We used the following social networks to evaluate

Ledgehop community detection.
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The Facebook100 data set is a set of 100 Facebook friendship networks from

different US colleges and universities captured on the same day in September

2005 [149,150] (http://sociograph.blogspot.co.uk/2011/03/facebook100-da

ta-and-parser-for-it.html, retrieved April 2016). As friendship between two

people is mutually agreed upon by so-called “friendship requests” in this online

social networking platform, edges are undirected. The data set further contains

covariate information on the nodes regarding gender, dormitory, major, second

major, year of enrolment in the university, high school, and whether the node is

a student of a member of faculty. The available covariate data does not have full

coverage. While Facebook networks with numbers of nodes or edges similar to

PINs exist in this data set, network densities tend to be considerably higher (up

to 70-fold, see Table B.2 in the Appendix).

Social networks with known community structure were obtained from the

Stanford Network Analysis Platform (SNAP, snap.stanford.edu/data/, retrieved

April 2016). SNAP contains networks with known community structure that are

considerably larger in size than for example the Zachary Karate Club network which

is commonly used to evaluate community detection methods (see Section 2.3.4).

These larger networks with known community structure represent a more stringent

test for community detection. We used the smallest networks with known community

structure that were available from SNAP to ensure that Ledgehop can be run at

multiple resolutions in a reasonable time frame. These networks consist of an

Amazon co-purchasing network [152], a DBLP collaboration network [152], and a

Youtube friendship network [151, 152]. Here, ground-truth communities correspond

to Amazon product categories for items often purchased together, publication venues

for groups of computer scientists that publish together, and Youtube topic-based

interest groups for friendship communities. These networks are larger than PINs

with higher clustering coefficients, while also being considerably less dense. Network

statistics for these networks are shown in Table B.2 in the Appendix.

http://sociograph.blogspot.co.uk/2011/03/facebook100-data-and-parser-for-it.html
http://sociograph.blogspot.co.uk/2011/03/facebook100-data-and-parser-for-it.html
snap.stanford.edu/data/
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A.2.1.2 Protein-protein interaction data

As Ledgehop was primarily developed to improve community detection performance

on PINs, Ledgehop was also tested on the HINT-P and BioGrid-AP networks used

in Chapters 4, 6, and 7. These PINs are described in Section 3.1.1.

A.2.2 Gene Ontology annotations

In Chapter 4 we investigated which functional annotations best capture the homo-

geneity of proteins grouped in the same community. Following this investigation

we used GO BP terms to evaluate communities generated by Ledgehop and link

clustering. Specifically, GO BP terms (obtained as described in Section 3.2.1) were

used to cluster proteins into so-called label communities which were interpreted

as an approximation to ground-truth modules in PINs.

GO BP terms that are associated with proteins vary in their specificity (see

Section 2.4.2). To generate label communities based on these terms, it is necessary

to have a categorization of GO BP terms which can be used to cluster proteins that

share broad classes of functions rather than exact labels. Such a categorization

is provided by GO slims (see Section 2.4.2.1).

GO slims can either be obtained directly from the GO, or generated using

computational methods. Available GO slims provide a high level overview of protein

characteristics using GO terms with low specificities. In contrast, computational

methods can generate GO slims at different target specificities. In order to compare

network partitions generated at different resolutions to suitable GO slim network

decompositions, we used computational methods to generate GO slims for a range

of target specificities.

Computational generation of GO slims generally relies on information content

(IC, see Equation (2.11)) to evaluate the specificity of a term. To generate a GO

slim at a target IC, algorithms are used to find sets of GO terms with specificities

similar to the target IC that cover all paths from the leaves to the root node. Having

this coverage ensures that any GO term can be mapped to a term in the GO slim by

following their ancestral path (see ancestral path mappping in Section 2.4.1). GO
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terms that cannot be mapped to the target specificity GO slim set, are mapped to

the root node, which is included in the GO slim. Here, we used two computational

methods to generate GO slims: the Alterovitz method and the threshold method.

Given a target specificity S measured via IC, the Alterovitz method [160] outputs

the set of GO terms whose specificity is most similar to S while covering all possible

paths from the leaves to the root. This selection is achieved by ranking all GO

terms by the difference between their specificity and the target specificity S. The

term whose specificity is closest to S is iteratively added to the slim set, under

the condition that it is not an ancestral or descendant term of one already in

this set. This method, which was used to produce the Gene Ontology Partition

Database [160], may generate slim sets with GO terms of considerably higher or

lower specificity than the target specificity S.

We also used our own conservative approach for GO slim generation, which we call

the threshold method. Rather than including the GO terms whose specificity is most

similar to the target specificity S, we use S as a threshold for GO term specificity.

Starting at the leaves of the GO we trace each path to the root node until a term

with an IC < S is encountered. This term is added to the slim set and the process is

continued until all leaf terms and paths have been considered. An example slim set

generated by this method on a simplified ontology structure is shown in Figure A.1.

The number of GO BP terms in the GO slims at varying levels of IC target

specificity is shown in Table A.1.

GO BP term associations were mapped to the GO slim terms using the

Map2GOslim tool (https://github.com/owlcollab/owltools [203], retrieved

May 2015). While the GO slim sets grow with higher target specificity, the

number of associations mapped to the BP root term also increases. Proteins whose

associated GO terms are mapped only to the root term are not included in the

label communities, as the root term does not represent an informative label. Thus,

the higher the specificity of the GO slim set, the fewer proteins are included in the

label communities. For example, using the GO slim generated by the Alterovitz

method at a target IC of 0.5, 858 of 13,134 annotated proteins are mapped only to

https://github.com/owlcollab/owltools
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Figure A.1: Example slim set generated by the threshold method on a schematic
ontology for a target IC of 1. Ontology terms are are shown with their IC specificities as
labels. Starting from the leaf term in red, the threshold method traverses all paths from this leaf
to the root node (IC of 0) until it hits a term with an IC below the target specificity of 1. This
process gives the slim set shown in green. In contrast, the Alterovitz method with target IC of 1
would generate the slim set with the term ICs 0.9, 1.2 and 0.8.

Table A.1: The number of GO BP terms in the GO slims.

Target IC Specificity Alterovitz Threshold
0.5 44 9
1.0 95 21
1.5 204 74
2.0 334 115
2.5 545 198
3.0 713 311
3.5 1082 482
4.0 1407 721
4.5 1858 1057
5.0 2300 1512

Table A.1: GO slims were only calculated on the BP sub-ontology of the GO. “Alterovitz” refers
to the Alterovitz method for GO slim generation [160] and “Threshold” refers to the threshold
method we developed.

the BP root term. In contrast, using the IC 2.5 Alterovity slim set this number

is 7,531 of 13,134 annotated proteins. Label communities for the IC 2.5 GO slim

thus exclude 57.34% of proteins that are associated with GO BP terms.
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A.3 Ledgehop methodology

Link clustering is a community detection method that clusters edges based on a local

measure for edge similarity (see Section 2.3.3.2). While this method outperformed

others in an exploratory analysis of community detection methods for functional

module detection (see Chapter 5), our results also suggested a network density

dependence of the performance of link clustering. This density dependence can be

understood considering the local edge similarity measure:

s(eik, ejk) = |n+(i) ∩ n+(j)|
|n+(i) ∪ n+(j)| . (2.10)

Here, n+(i) denotes the inclusive neighbour set of node i (see Section 2.3.3.2), which

is used to calculate the similarity of edge eik between nodes k and i, and edge ejk.

As denser networks contain more edges, more information is available at a local

level for the edge similarity calculation. To address this limitation we developed

Ledgehop community detection which takes more local network information into

account in the edge similarity calculation (Figure A.2).

While link clustering uses node overlaps between the inclusive neighbour sets

n+(i) of the so-called endpoint nodes i and j (see Section 2.3.3.2), Ledgehop also

considers edges that link the two inclusive neighbour sets (see Figure A.2). Thus,

the edge similarity score is extended from Equation (2.10) to:

s(eki, ekj) =
1 +∑

l∈n(−k)
+ (i) |n

(−k)
+ (l) ∩ n(−k)

+ (j)|

1 + |n(−k)
+ (i)||n(−k)

+ (j)|
. (A.1)

Here, the similarity of edges eki and ekj is calculated based on overlaps between the

inclusive neighbour sets excluding the keystone node k, denoted n(−k)
+ (i) for node

i. Specifically, the sum adds the node overlaps between the inclusive neighbour

set of endpoint node j without keystone node k, and the inclusive neighbour sets

excluding k of all nodes l that are members of the inclusive neighbour set of

endpoint node i excluding the keystone node k. Ledgehop thus considers nodes

that are shared between the sets n(−k)
+ (i) and n(−k)

+ (j), and edges linking the nodes

in these sets. Equation (A.1) doubly weights the shared nodes by counting the
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Figure A.2: Schematic diagram of information considered in Ledgehop edge similarity
score. Ledgehop calculates the similarity of edges eki and ekj by counting the number of edges
between nodes in the inclusive neighbour sets of the endpoint nodes i and j without keystone
node k (see Equation (A.1)). The inclusive neighbour sets of nodes i and j excluding k are
denoted n(−k)

+ (i) and n(−k)
+ (j) and are shown in red and green respectively. The keystone node

k is trivially part of both inclusive neighbour sets and thus excluded in the calculation. Node l
is a node in the set n(−k)

+ (i), with the inclusive neighbour set excluding k n(−k)
+ (l) shown by the

purple outline. While link clustering would assign the edges eki and ekj a similarity score of 0 (see
Equation (2.10)), the Ledgehop similarity of these edges is 1+3

6×5+1 = 4
31 . The only node in the set

n
(−k)
+ (i) that contributes to this score is node l, which has three links to nodes in the set n(−k)

+ (j).

edges with each endpoint node once, and singly weights edges between nodes in

these inclusive neighbour sets. Although the sum in Equation (A.1) goes over the

inclusive neighbour set excluding k of only node i, the score is symmetric.

A notable difference between the link clustering and Ledgehop similarity scores

is the exclusion of the keystone node k (see Equations (2.10) and (A.1)). The

rationale behind this setup is the following. The keystone node k trivially belongs

to both inclusive neighbour sets of the endpoint nodes. Allowing the k to affect

the edge similarity would have had the effect that the inclusive neighbourhood of

only one endpoint node can dominate the similarity score if many nodes in this

set are connected to the keystone node. In this case a high similarity score can

be achieved with any edge that is connected to this keystone node.

Calculating edge similarities by Equation (A.1) allows more network information
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to be taken into account without extending the calculation past what could be

considered the local network environment. Initial tests using link clustering edge

similarity (Equation (2.10)) with two-hop inclusive neighbour sets illustrated the

effect of using neighbour sets that extend past the local network environment (these

neighbour sets can include 60% of a PIN). In this two-hop approach edge similarity

scores were dominated by common connections with hub nodes, which led to a

partition that resembled a core-periphery network decomposition (see Section 2.2.2).

In order to avoid this situation in Ledgehop, we consider only edges between the

defined neighbour sets from link clustering.

A.4 Comparing network partitions: Normalized
Mutual Information

To evaluate the performance of Ledgehop and link clustering, network partitions

generated by these methods were compared to network partitions based on node

labels. These node labels were obtained from covariate data on the nodes such

as major subjects of students in Facebook friendship networks or GO slim term

associations in PINs (see Section A.2). Community detection network partitions

and label-based network partitions were compared using an extension of normalized

mutual information (NMI) to network covers (code from https://sites.google.

com/site/andrealancichinetti/mutual [226], retrieved April 2016).

NMI calculates the similarity of two network partitions based on the amount of

additional information given by a partition if the other partition is known. Here,

information theory is used to quantify the information contained in a network

partition (briefly reviewed in [129]) by interpreting the community assignments

of two network partitions as random variables X and Y . For a network with

N nodes, X is a vector of length N that contains the community assignment of

each node in the network. The distribution of the variable X can be used to

define the Shannon information entropy (see also Shannon information content in

Section 2.4.1) of a partition H(X) by the equation:

https://sites.google.com/site/andrealancichinetti/mutual
https://sites.google.com/site/andrealancichinetti/mutual
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H(X) = −
∑
x

P (X = x) logP (X = x),

where P (X) denotes the empirical probability distribution of node-community

assignments calculated by P (X = x) = |cx|/N . Here, |cx| is the number of nodes in

community cx ∈ CX , where CX denotes all communities in the network partition

captured in X. Similarly, the conditional information entropy H(X|Y ), which

quantifies the additional information provided by partition X given that partition

Y is known, can be calculated by

H(X|Y ) = −
∑
x

∑
y

P (X = x, Y = y) logP (X = x|Y = y).

Here, P (X = x, Y = y) denotes the joint empirical probability distribution of

variables X and Y , and P(X=x|Y=y) is the conditional empirical probability

distribution of X given Y.

The NMI Inorm(X, Y ) is a measure that combines these quantities via the

equation [227]:

Inorm(X, Y ) = 2(H(X)−H(X|Y ))
H(X) +H(Y ) . (A.2)

When the network partitions, and thus the distributions of random variables X and

Y are equal, H(X|Y ) = 0 as there is no uncertainty about X when Y is known.

In this scenario H(X) = H(Y ) and therefore Inorm = 1.

In the form shown in Equation (A.2), NMI assumes that each node is labelled

with a single value determining its community assignment. In the case of overlapping

communities this assumption does not hold. By allowing node-community assign-

ments to be represented as vectors, NMI has been extended to network covers [226].

In this extension, overlapping communities in two network covers are matched based

on the minimization of their conditional information entropy. This matching is

used to define the overlapping information entropy between two network covers.

The overlapping NMI extension is given by the equation [226]:
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N(X|Y) = 1− 1
2[H(X|Y)norm +H(Y|X)norm], (A.3)

where H(X|Y)norm denotes the normalized overlapping conditional information

entropy given by

H(X|Y)norm = 1
|CX |

∑
k

minl∈{1,2...|CY |}H(Xk|Yl)
H(Xk)

.

Here, Xk denotes the binary vector of length N that represents the membership

of each node in the community k, and X is the |CX | ×N matrix that represents

the network cover with the community set CX .

While this extension of NMI does not exactly recreate the classical NMI (Equa-

tion (A.2)) in the absence of community overlaps, it has become a popular method

of comparing overlapping communities to covariate information (eg. [113, 144,213]).

When NMI is mentioned in this appendix, the extension of NMI to overlapping

communities given by Equation (A.3) is referred to.

A.5 Testing Ledgehop

In this section we present the results of the comparison between Ledgehop and link

clustering. The perfomance of the community detection methods was compared

based on the NMI between the generated network partitions and label partitions

from covariates or known community structure. Label network partitions were

obtained by clustering together nodes with the same label or community assignment.

Nodes without covariate information were excluded from these partitions. As label

communities are generated based only on covariate information, these communities

may be disconnected which indicates that the covariate is not a good predictor

for community structure. Such a scenario would lead to low NMI scores for both

methods. Importantly, Ledgehop and link clustering are always evaluated against

the same data set. Thus, the comparison remains fair even when the covariate only

conveys a weak signal for ground-truth community structure.
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Community detection network partitions were generated at 60 resolutions

spanning the range s ∈ [0.005, 0.3] for the Facebook100 networks, and 121 resolutions

in the range s ∈ [0, 0.6] in increments of ∆s = 0.005 for the SNAP networks and

the two PINs. As communities of size two represent trivial single-edge communities,

community detection and label-based network partitions were filtered to include

only communities with at least three nodes.

A.5.1 Differences between Ledgehop and link clustering

Given that Ledgehop was extended from link clustering, we first investigated whether

the methods generate different network partitions. This analysis was performed by

matching each Ledgehop network partition with the most similar link clustering

network partition across resolutions. Here, similarity was measured based on NMI.

As a network partition that contains 2 communities can be matched with a network

partition that contains 6,510 communities using this method (NMI of 0.451 for

American75 network partitions at Ledgehop resolution s=0.3 and link clustering

resolution s=0.005), we only considered matches where

||CLink| − |CLedge||
|CLedge|

≤ 0.5. (A.4)

Here, |CLink| denotes the number of communities in the link clustering network par-

tition. The NMI values of the matched network partitions are shown in Figure A.3.

The results presented in Figure A.3 can be put into context based on a previous

comparison of community detection methods using NMI [213]. In this comparison,

the average NMI across the 100 Facebook networks between network partitions from

seven community detection methods ranged between 0.1 and 0.5 (see Figure A.4

reproduced from [213]). Considering these values, the results show that while

network partitions at low resolutions may be identical, Ledgehop and link clustering

differ as much as other common community detection methods. Especially at high

resolutions, many matched network partition NMI scores are below 0.2. The two

methods are however more similar than link clustering is to the other tested methods
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Figure A.3: Facebook100 Ledgehop link clustering similarity analysis. The vertical
axis shows data for the different Facebook networks, and the horizontal axis represents Ledgehop
resolution s at which network partitions were generated. For each Facebook100 network, Ledgehop
network partitions at each resolution were matched with the most similar link clustering network
partition based on NMI. Only link clustering partitions which fulfil Equation (A.4) were considered
in this matching. The NMI values are shown on a colour scale from red to white, where red
indicates unrelated, and white indicates similar partitions. Network partitions where no match
could be found that satisfies Equation (A.4) are shown in grey. While partitions at low resolution
can be identical, network partitions at higher resolutions are less similar. Indeed other common
community detection methods show as much similarity as link clustering and Ledgehop especially
at high resolutions (see Figure A.4 reproduced from [213]). However, link clustering is more similar
to Ledgehop than it is to other investigated community detection methods.
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(Copra [228], Ganxis [229], Infomap [230], Infomap single [231], Louvain [126],

Oslom [232]; see Figure A.4).

A.5.2 Capturing known community structure
A.5.2.1 Social networks

To evaluate the ability of a community detection method to capture the label-based

network structure, we used the maximum NMI between label and community

detection network partitions across resolutions to score the performance of the

method. This NMI-based performance metric has previously been used on the

Facebook100 data set to benchmark community detection methods, including link

clustering [213]. Figure A.4 (reproduced from [213]) shows the results of this

analysis using NMI values averaged across the 100 networks. These results indicate

that community detection network partitions and label community partitions tend

to have an NMI between 0 and 0.1. Based on these data and other analyses,

the authors in [213] concluded that while covariates correlate with topological

community structure they cannot be used to recreate this structure. These results

allow us to put the results of our NMI-based performance metric into the context

of other community detection methods.

The results of our performance analysis of Ledgehop and link clustering for each

network in the Facebook100 data set is shown in Figure A.5. Figure A.5 suggests that

Ledgehop performs comparable to link clustering on the dense Facebook networks.

For example, while link clustering appears to better capture label communities in the

FSU53, Carnegie49, and Vermont70 networks, Ledgehop outperforms link clustering

on Smith60, Bowdoin47, and Haverford76. Overall it appears that including more

information for local edge similarity calculation has not improved the partitions

relative to the covariates on these dense networks.

The results of the NMI analysis on the SNAP networks is shown in Table A.2.

Similar to the relatively dense Facebook100 networks, it appears that Ledgehop

community detection does not outperform link clustering on the large SNAP

networks either. Despite all SNAP networks exhibiting a comparatively low density,
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Figure A.4: Comparison of community detection methods and covariate information
on the Facebook100 data set. Network partitions from seven community detection methods
(upper seven rows) and five covariates (bottom five rows) were compared based on the NMI of
the partitions. The tiles were coloured by the average NMI values for this comparison across the
100 Facebook networks in the Facebook100 data set. The darker the colour, the more similar the
network partitions. Label communities were obtained by clustering nodes with the same label,
using the connected components of these communities, and excluding components with less than
three nodes. To maximize the score, only nodes present in both the community detection and
the covariate network partitions were used to calculate the NMI. When less than 10% overlap
was found between a network partition and a label partition, the NMI was not computed and
shown as a green box with black lines (see “LinkCommunities” at resolution 2, denoting S = 0.75).
Details of the community detection implementations can be found in [213]. The covariates are
described in Section A.2.1.1 with “Majorall” representing the combination of major and second
major covariates. (Figure reproduced from [213]).

our results show that Ledgehop and link clustering both perform comparativelly well

on the Amazon and DBLP network but relatively poorly on the Youtube network.

This difference may be due to higher average local clustering coefficients (ALCs) of

these networks (see Table B.2). Indeed, in the Facebook100 data set neither method

performs well on the Northeastern19, Duke14, and Texas80 networks which have

ALCs of 0.252 and below, while both methods have NMI performance scores above

0.25 for several covariates on the Simmonds81, Hamilton46, and Swarthmore42

networks which have ALCs of 0.299 and above. Alternatively, it may be the case that
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Figure A.5: Facebook100 NMI analysis results. The NMI (Equation (A.3)) of covariate-
based label communities and network partitions by link clustering (Link) and Ledgehop (Ledge)
was computed for each network in the Facebook100 data set. For each network and community
detection method only the maximum NMI obtained across network partitions generated at
different resolutions is shown. Low NMI scores (red) denote that network partitions from a specific
community detection method do not approximate the label network partitions well. Ledgehop
performs comparable to link clustering on this data set and thus does not confer an advantage.
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the covariate information are better predictors of community structure in networks

where we observe a high ALC. A more detailed analysis must be performed to assess

the significance of the link between ALCs and community detection performance.

Table A.2: SNAP NMI analysis results.

Data Set Link Ledgehop
Amazon 0.2932 0.3234
DBLP 0.2054 0.1985
Youtube 0.0559 0.0463

Table A.2: NMI values were calculated as in Figure A.5. Ledgehop and link clustering perform
similarly on these networks.

A.5.2.2 PINs

The community structure of social networks is different from that of PINs or other

biological networks [233]. As Ledgehop was developed to improve topological

clustering of PINs, we investigated how well it captures GO slim label communities.

While GO slim terms do not define ground-truth functional modules, they do

provide a signal for community structure (see GO slim analysis in Section 4.2).

GO slim label communities were generated by the Alterovitz and threshold

methods (see Section A.2.2) at 10 target IC specificities evenly spanning the

range IC ∈ [0.5, 5] (Figure A.6).

Figure A.6 shows that Ledgehop communities better capture GO slim communi-

ties in BioGrid-AP especiallly at higher specificities. The lower NMI scores for low

specificity GO slim partitions may be due to the existence of several disconnected

node clusters in these label communities. As the specificity increases, the label

communities will get smaller and thus more likely to be connected.

As proteins that are better studied will have more specific annotations, the

label communities for high specificity GO slims are likely to contain well-studied

proteins that are in the densely connected core of the PIN (see Section 2.2.2 for

core-periphery structure). Thus the results of this analysis may only suggest that

Ledgehop performs better on well-studied protein communities.
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Figure A.6: PIN NMI analysis results. NMI analysis was performed as in Figure A.5 with
label communities obtained based on protein GO slim associations. GO slims were generated
computationally at several target IC specificites (see Section A.2.2). Proteins without GO slim
annotations or with only BP root annotation were excluded from the label communities. In
comparison with link clustering Ledgehop network partitions better capture the label communities
on BioGrid-AP especially at higher specificities.

The poor performance of both methods on HINT-P may be due to HINT-P

quality control, which may filter out edges necessary to recover the label communities

by edge-based community detection.

A.6 Biological applications

As Ledgehop appears to improve topological partitioning of BioGrid-AP, we used

Ledgehop community detection in our pipeline (see Section 7.2) to test whether

it generates potential functional modules that can be used to map DEGs to

differentially regulated functions. Using the same protocol that generated the
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results in Section 7.3, we investigated whether Ledgehop communities can be

used to find enriched modules of DEGs in the hypoxia (see Section 3.3.2.1) and

macrophage (see Section 3.3.2.2) differential expression data sets.

In the hypoxia data set a Ledgehop enriched module was found that describes

RNA-mediated modification of translation, which is a known differentially regulated

function between hypoxic and normoxic cells [218]. Furthermore, the RNA poly-

merase I promoter module (Figure 7.4) was recovered as a Ledgehop community.

As these differentially regulated functions, although not the exact modules, were

also found by other community detection methods, Ledgehop does not appear to

convey additional information for the hypoxia investigation.

Applying Ledgehop communities to the macrophage data set, we found several

enriched modules describing differentially regulated functions related to how M1

and M2 macrophages were induced. Modules with the enriched GO terms “response

to IFN-γ” or “response to stimulus” were identified both by Ledgehop and other

community detection methods. Known macrophage-related functions such as

phagocytosis/endocytosis and cytokine production (see Section 1.2.2) were also

found to be differentially regulated in Ledgehop modules as well as link clustering

modules. While endocytosis (a process that includes phagocytosis) has been

predominantly attributed to M1 macrophages (see Section 1.2.2), it has been

suggested that this may be due to a confirmation bias arising from endocytosis mainly

being studied in M1 macrophages (personal communication with Dr. Fernando

Martinez). Indeed, most of the detected enriched modules find endocytosis to

be up-regulated in M2 macrophages. The module with the strongest signal for

M2 up-regulation of endocytosis (by average fold change) is found exclusively by

Ledgehop community detection.

A further enriched module that was exclusively found by Ledgehop is shown

in Figure A.7. This module describes differential epigenetic regulation of tran-

scription between M1 and M2 macrophages. While enriched modules from other

community detection methods also contain histone deacetylases (HDACs) and

histone acetyltransferases (KATs), this enriched module is the only one that shows
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a signal for M2 up-regulation. Specifically HDAC2, HDAC3, and HDAC6 have

been described as having anti-inflammatory functions in macrophages [234], a

phenotype that has been attributed to M2 polarization (see Section 1.2.2). Of

these HDACs, HDAC2 and HDAC3 are included in our module. Differential

epigenetic regulation of transcription between macrophage polarizations is currently

being studied and different HDACs have been shown to be related to different

macrophage polarizations [234] (also supported by unpublished data from personal

communication with Dr. Fernando Martinez).

As a further evaluation of Ledgehop community detection, we contrasted

Ledgehop and link clustering based on their ability to detect functional modules

that are enriched for DEGs from our two gene expression data sets. From this

analysis, it appears that Ledgehop represents a new approach to functional module

detection rather than an improvement on link clustering; Ledgehop cannot replace

link clustering or vice versa. In the hypoxia and macrophage data sets 1 and 6

enriched modules were detected exclusively by Ledgehop. In contrast, 12 and 33

enriched modules were detected exclusively by link clustering respectively.

While link clustering plays a bigger role than Ledgehop in our module detection

pipeline, Ledgehop does generate functional modules that would not otherwise be

found. In the case of individual modules found by each method that describe the

same functions, experimental validation is necessary to determine which module

best represents the differentially regulated function.

A.7 Discussion and conclusions

In this appendix we described Ledgehop, a community detection method that

was developed by extending the link clustering edge similarity measure to include

information beyond direct neighbours of endpoint nodes. The motivation behind

the development of this method was to address the network-density-dependent

performance of link clustering (see Chapter 5). The NMI-based analysis performed

in this appendix shows no evidence that this issue has been resolved. Specifically,

the performance of link clustering and Ledgehop on HINT-P, the less dense of the
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Figure A.7: Epigenetic regulation module. This module is displayed as described in
Section 7.3.1. The DEG-enriched module was found by our pipeline using the macrophage
differentiation gene expression data set (see Section 3.3.2.2). The module contains mainly genes
that are up-regulated in M2 macrophages as shown by negative fold change displayed in the
bottom right (Frac Pos Fold Change = Fraction of genes with a positive fold change). The last
three lines on the bottom right are GO BP terms that are enriched in the genes in this module.
These annotations, and the HDACs and KATs in the module indicate that the module is related
to epigenetic regulation.
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two PINs, was found to be poor across GO slim network partitions. Further analysis

must be performed to investigate whether the networks on which Ledgehop does

appear to perform better than link clustering exhibit any structural similarities.

Our results suggest that local clustering coefficients may affect the performance

of both link clustering and Ledgehop, however the statistical significance of this

signal must be further assessed.

The link clustering Ledgehop comparisons carried out in this appendix show

Ledgehop outperforming link clustering only for high specificity GO slim partitions

of BioGrid-AP. While this network is the most relevant to the pipeline developed in

this project, the result does not suffice as evidence that Ledgehop is an improvement

over link clustering for PINs in general. Testing more PIN data sets is necessary to

draw such a conclusion. Based on the results presented in this appendix we can

conclude that Ledgehop partitions networks in a different way to link clustering

to generate functional modules that would not be found otherwise. Yet, our

results also suggest that Ledgehop cannot replace link clustering for functional

module detection as more enriched modules were found based on link clustering

communities than based on Ledgehop communities.

The PIN analysis from which we draw most of our conclusions is based on NMI

analysis with GO slim partitions. This simple evaluation of the performance of

community detection methods is subject to certain issues such as disconnected

label communities that may not include the majority of network nodes. Using the

connected components of these label communities as in [213] may have improved

the evaluation method. To compare Ledgehop and link clustering PIN partitions in

more detail, it is also possible to compute the functionally significant communinities

generated by these methods using the CommWalker framework and investigate

summary statistics as in Section 6.4.4. This type of investigation can give us further

insight into the benefits and limitations of Ledgehop community detection.

The additional information Ledgehop uses to attempt to improve link clustering’s

edge similarity scores, comes at the cost of its speed. Although Ledgehop scales

well to currently available PIN sizes, it is considerably slower on some of the larger
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networks tested in this appendix. Link clustering and Ledgehop scale with the

number of connected edge pairs in the network. Thus, the difference in speed can

be best seen on the example of the Texas84 network, which has the largest number

of edge pairs of all networks tested here. While link clustering took several days

to compute the edge similarity score matrix on this network, Ledgehop required

approximately a month on a single core.
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This appendix contains additional information on network data sets. Specifically,

we elaborate on how protein-protein interaction data from BioGrid and gene

expression data from an Affymetrix microarray platform were pre-processed, and

give network summary statistics of all social and biological networks used to test

Ledgehop community detection in Chapter A.

B.1 Pre-processing protein-protein interaction data

As elaborated on in Section 3.1.1, protein interaction data obtained from several

databases were divided into A-type and P-type interactions. As BioGrid [100] does

not contain a division into these interaction types, the interaction data was split

based on experimental evidence codes. To assign evidence codes to interaction

data types we followed a study that divides the BioGrid Yeast interactome into

A-type and P-type data [48].

221
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To reflect additions to the evidence codes since the publication of [48], the list

of P-type interactions was extended by FRET, and Proximity Label-MS. These

experimental methods report binary interactions based on the proximity of two

proteins, and thus do not require biochemical binding to occur. The experimental

evidence codes “Protein-RNA”, “Protein-peptide”, and “Co-localization” could

not be assigned to either category. Hence, these three evidence codes were not

used and interactions which were only supported by these evidence codes were

omitted in investigations performed with the BioGrid-AP data set. The low

proportion of interactions reported based on these evidence codes make this omission

unproblematic. Out of a total of 236,251 interactions quoted by separate publication

in the BioGrid data set retrieved in August 2015 (cf. Section 3.1.1), there were 215

“Protein-RNA”, 1,507 “Protein-peptide”, and 1,547 “Co-localization” evidence codes.

The assignment of evidence codes to interaction data types is summarized in Ta-

ble B.1.

Table B.1: BioGrid A-type & P-type data split.

A-type P-type
Affinity Capture - Luminescense Two-hybrid

Affinity Capture - Western Reconstituted Complex
Affinity Capture - MS PCA
Affinity Capture - RNA Co-crystal structure
Biochemical Activity FRET
Co-fractionation Proximity Label-MS
Co-purification
Far Western

Division of experimental evidence codes for physical interactions in the BioGrid
database into A-type and P-type data.

B.2 Microarray probe set mapping

In microarray experiments gene probes are used to measure the expression levels

of a gene (cf. Section 2.6). These probes are in fact probe sets, each consisting

of multiple probes which hybridize different parts of the targeted cDNA sequence.
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An overall expression score for the probe set is obtained by fitting a statistical

model to the individual probe measurements [235].

In the Affymetrix microarray platform used to measure the macrophage whole

genome differential expression (cf. Section 3.3.2.2) not all probe sets are designed

to the same quality criteria. The quality of a probe set can vary depending on its

propensity for unspecific binding of cDNA sequences (cross-hybridization) or the

number of probes in the probe-set. These different standards are reflected in their

Affymetrix IDs. For example, IDs that end in “_x_at” denote probe sets where

some probes are shared between multiple sequences and thus cross-hybridize. These

probe set categories are described in more detail in Appendix B of [236].

Here, we built on previous work by collaborators at UCB Pharma to rank

probe sets in the order:

1. “_at”,

2. “_f_at”,

3. “_s_at” and “_g_at”,

4. “_x_at”,

5. “_r_at”,

6. “_i_at”.

Using this ordering Affymetrix probe IDs were mapped to Entrez Gene IDs. For

example, Entrez ID 5982 was mapped to probe sets 1053_at and 203696_s_at. As

the quality of the “_at” probe set data is ranked higher than the quality of the

“_s_at” probe set data, we used the differential expression data for the 1053_at

probe set to represent the gene with Entrez ID 5982.

When several Affymetrix IDs of the same rank mapped to the same Entrez

Gene ID, the most differentially expressed probe set was used.
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B.3 Network statistics

In Chapter A we present Ledgehop, a community detection method that is built

on link clustering. This community detection method is tested on several social

and biological networks, including Facebook networks, other social networks, and

PINs. Summary statistics for these networks are shown in Table B.2.

Table B.2: Network statistics.

Network Nodes Edges Density C ALC Comms
American75 6,386 217,662 0.0107 0.164 0.247 -
Amherst41 2,235 90,954 0.0364 0.233 0.315 -
Auburn71 18,448 973,918 0.0057 0.137 0.226 -
Baylor93 12,803 679,817 0.0083 0.155 0.213 -
BC17 11,509 486,967 0.0074 0.144 0.214 -

Berkeley13 22,937 852,444 0.0032 0.114 0.214 -
Bingham82 10,004 362,894 0.0073 0.160 0.227 -
Bowdoin47 2,252 84,387 0.0333 0.216 0.294 -
Brandeis99 3,898 137,567 0.0181 0.164 0.269 -
Brown11 8,600 384,526 0.0104 0.145 0.223 -
BU10 19,700 637,528 0.0033 0.121 0.195 -

Bucknell39 3,826 158,864 0.0217 0.202 0.281 -
Cal65 11,247 351,358 0.0056 0.162 0.233 -

Caltech36 769 16,656 0.0564 0.291 0.429 -
Carnegie49 6,637 249,967 0.0114 0.185 0.287 -
Colgate88 3,482 155,043 0.0256 0.207 0.271 -
Columbia2 11,770 444,333 0.0064 0.129 0.242 -
Cornell5 18,660 790,777 0.0045 0.136 0.225 -

Dartmouth6 7,694 304,076 0.0103 0.151 0.253 -
Duke14 9,895 506,442 0.0103 0.166 0.252 -
Emory27 7,460 330,014 0.0119 0.189 0.263 -
FSU53 27,737 1,034,802 0.0027 0.153 0.222 -

Georgetown15 9,414 425,638 0.0096 0.149 0.231 -
GWU54 12,193 469,528 0.0063 0.139 0.223 -

Hamilton46 2,314 96,394 0.036 0.219 0.302 -
Harvard1 15,126 824,617 0.0072 0.136 0.222 -

Haverford76 1,446 59,589 0.057 0.251 0.327 -
Howard90 4,047 204,850 0.025 0.173 0.233 -
Indiana69 29,747 1,305,765 0.003 0.135 0.208 -
JMU79 14,070 485,564 0.0049 0.131 0.205 -

Johns_Hopkins55 5,180 186,586 0.0139 0.193 0.279 -
Lehigh96 5,075 198,347 0.0154 0.190 0.270 -
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Maine59 9,069 243,247 0.0059 0.145 0.246 -
Maryland58 20,871 744,862 0.0034 0.129 0.213 -

Mich67 3,748 81,903 0.0117 0.194 0.291 -
Michigan23 30,147 1,176,516 0.0026 0.133 0.216 -

Middlebury45 3,075 124,610 0.0264 0.211 0.288 -
Mississippi66 10,521 610,911 0.011 0.182 0.252 -

MIT8 6,440 251,252 0.0121 0.180 0.285 -
MSU24 32,375 1,118,774 0.0021 0.122 0.209 -
MU78 15,436 649,449 0.0055 0.152 0.218 -

Northeastern19 13,882 381,934 0.004 0.128 0.207 -
Northwestern25 10,567 488,337 0.0087 0.160 0.245 -
Notre_Dame57 12,155 541,339 0.0073 0.126 0.212 -

NYU9 21,679 715,715 0.003 0.108 0.201 -
Oberlin44 2,920 89,912 0.0211 0.174 0.269 -

Oklahoma97 17,425 892,528 0.0059 0.159 0.235 -
Penn94 41,554 1362,229 0.0016 0.098 0.217 -

Pepperdine86 3,445 152,007 0.0256 0.206 0.285 -
Princeton12 6,596 293,320 0.0135 0.164 0.244 -

Reed98 962 18,812 0.0407 0.221 0.330 -
Rice31 4,087 184,828 0.0221 0.203 0.300 -

Rochester38 4,563 161,404 0.0155 0.198 0.298 -
Rutgers89 24,580 784,602 0.0026 0.139 0.227 -
Santa74 3,578 151,747 0.0237 0.202 0.267 -

Simmons81 1,518 32,988 0.0287 0.212 0.325 -
Smith60 2,970 97,133 0.022 0.193 0.289 -
Stanford3 11,621 568,330 0.0084 0.157 0.253 -

Swarthmore42 1,659 61,050 0.0444 0.227 0.299 -
Syracuse56 13,653 543,982 0.0058 0.171 0.241 -
Temple83 13,686 360,795 0.0039 0.127 0.221 -

Tennessee95 16,979 770,659 0.0053 0.139 0.240 -
Texas80 31,560 1,219,650 0.0024 0.153 0.221 -
Texas84 36,371 1,590,655 0.0024 0.100 0.197 -

Trinity100 2,613 111,996 0.0328 0.228 0.295 -
Tufts18 6,682 249,728 0.0112 0.162 0.235 -
Tulane29 7,752 283,918 0.0095 0.190 0.261 -
UC33 16,808 522,147 0.0037 0.149 0.235 -
UC61 13,746 442,174 0.0047 0.177 0.271 -
UC64 6,833 155,332 0.0067 0.191 0.283 -
UCF52 14,940 428,989 0.0038 0.156 0.238 -

UChicago30 6,591 208,103 0.0096 0.155 0.262 -
UCLA26 20,467 747,613 0.0036 0.143 0.222 -
UConn91 17,212 604,870 0.0041 0.132 0.206 -
UCSB37 14,935 482,224 0.0043 0.157 0.227 -
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UCSC68 8,991 224,584 0.0056 0.172 0.244 -
UCSD34 14,948 443,221 0.004 0.150 0.234 -
UF21 35,123 1,465,660 0.0024 0.121 0.225 -
UGA50 24,389 1,174,057 0.0039 0.144 0.214 -

UIllinois20 30,809 1,264,428 0.0027 0.141 0.219 -
UMass92 16,516 519,385 0.0038 0.123 0.214 -
UNC28 18,163 766,800 0.0046 0.116 0.206 -
UPenn7 14,916 686,501 0.0062 0.143 0.221 -
USC35 17,444 801,853 0.0053 0.144 0.221 -
USF51 13,377 321,214 0.0036 0.153 0.241 -

USFCA72 2,682 65,252 0.0181 0.191 0.276 -
UVA16 17,196 789,321 0.0053 0.135 0.215 -

Vanderbilt48 8,069 427,832 0.0131 0.182 0.255 -
Vassar85 3,068 119,161 0.0253 0.177 0.249 -
Vermont70 7,324 191,221 0.0071 0.152 0.236 -
Villanova62 7,772 314,989 0.0104 0.166 0.241 -
Virginia63 21,325 698,178 0.0031 0.105 0.225 -
Wake73 5,372 279,191 0.0194 0.204 0.280 -
WashU32 7,755 367,541 0.0122 0.172 0.267 -
Wellesley22 2,970 94,899 0.0215 0.173 0.269 -
Wesleyan43 3,593 138,035 0.0214 0.195 0.265 -
William77 6,472 266,378 0.0127 0.168 0.258 -
Williams40 2,790 112,986 0.029 0.207 0.296 -
Wisconsin87 23,842 835,952 0.0029 0.120 0.215 -

Yale4 8,578 405,450 0.011 0.151 0.242 -
Amazon 334,864 925,872 1.651× 10−5 0.205 0.430 75,149
DBLP 317,080 1,049,866 2.088× 10−5 0.306 0.732 13,477
Youtube 1,134,890 2,987,624 4.639× 10−6 0.006 0.172 8,385
HINT-P 10,927 49,301 0.0008 0.034 0.099 -

BioGrid-AP 15,405 165,343 0.0014 0.055 0.130 -

Table B.2: C refers to the clustering coefficient, ALC to the average local clustering coefficient
(see Section 2.2.1), and Comms to the number of ground truth communities of size > 2 (only
available for SNAP networks). The networks are split into three groups: The first 100 networks
are parts of the Facebook100 data set, the following three are networks from SNAP, and the final
two networks are PINs previously used in Chapters 4, 6, and 7. Facebook networks tend to have
the highest densities and the SNAP networks have the most nodes and lowest densities, but the
highest level of local clustering.



C
Disconnected communities in the Louvain

algorithm

Communities are substructures in a network which interact more with each other

than with the rest of the network. Thus, a fundamental characteristic of a community

is that it is connected. Investigations of the communities generated by the Louvain

implementation used (see Section 3.1.2) with both the configuration and Constant

Potts null model showed a number of disconnected communities. To rule out bugs

in the specific implementation of the algorithm, this observation was confirmed

using the GenLouvain algorithm (community function in GenLouvain version 1.2,

retrieved April 2014), which is a generalized Louvain implementation for Modularity

Maximization [237].

Further investigation into individual disconnected communities showed that many

could be reconnected by a single node. One such example is shown in Figure C.1.

Disconnected communities can trivially be shown to be non-optimal solutions

to Modularity Maximization, as splitting such a community into its connected

components would increase the Modularity of the partition (see Section 2.3.2).

As two implementations of the Louvain algorithm independently reproduced this

behaviour, it can be assumed that the issue of disconnected communities is inherent

to the method rather than the individual implementations. Personal communication
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Figure C.1: Disconnected community generated by the Louvain algorithm. This
community was generated by Louvain configuration model Modularity Maximization on HINT-
P-14. The community was obtained at the resolution parameter, γ = 0.251. Nodes in blue
represent the nodes in the community. Node 1687 (purple), which connects the two disconnected
components, has degree 138. The only neighbour node of the community which is not shown, is a
degree 199 hub node, interacting with node 4733.

with Dr.Vincent Traag, author of one of the implementations, confirmed this

conclusion by testing the calculations performed by his implementation.

An explanation for this behaviour is likely to be found within the ordering of

nodes in the first iteration of the Modularity optimization step of the algorithm

(see Section 2.3.2.3). When a node is considered, it is assigned to a community

with the neighbouring node that maximizes the overall Modularity. If several

nodes are placed into a community with a central hub connecting all of these

nodes, and subsequently the hub is removed as this step would maximize the

Modularity, disconnected communities can be generated. As there is a heavy

Modularity penalty for removing the hub node which scales with the number of

separate connected components remaining, disconnected communities generally

only contain two connected components.

In light of these connectivity issues, an updated version of the Louvain imple-

mentation that was received from Dr.Vincent Traag was used in this chapter. The
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updated algorithm splits all disconnected communities formed after each Modularity

optimization step to ensure no disconnected communities are obtained.
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In this appendix we present additional results generated to analyse the efficacy

of the CommWalker framework (cf. Chapter 6) on different data sets and to

analyse the stability of T-values.

D.1 T-Value stability on BioGrid-AP

We investigated the stability of the T-values of nine randomly selected communities

of size ≤ 35 from HINT-P in Section 6.3. The standard errors of the T-values of

these communities were calculated over 100 CommWalker runs at varying node

counts (Equation 6.2). This investigation showed an optimal trade-off between

algorithm run time (proportional to node count) and T-value stability at a node

count of 100,000. At this node count, HINT-P T-values should be assumed to have

an error of ≈ 0.005. Here, we repeated this investigation with nine randomly selected

communities from BioGrid-AP. Figure D.1 shows that the T-value stability behaves
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Figure D.1: BioGrid-AP T-value stability. The T-value stability analysis shown in Figure 6.3
was repeated for nine randomly selected communities of sizes ≤ 35 on BioGrid-AP. The number
of random walks started at each node is calculated from the node count by Equation (6.2). The
trade-off between algorith run time and node count is found to be optimal at a node count of
100,000 as in HINT-P. At this node count the standard errors of the nine communities lie in the
range [0.002, 0.007], which is consistent with the HINT-P results.

similarly on BioGrid-AP. At an optimal node count of 100,000, the investigated

BioGrid-AP T-value standard errors lie in the range σ(TC) ∈ [0.002, 0.007] which

is consistent with HINT-P results.

D.2 Coverage of Accepted modules

To investigate the efficacy of the CommWalker framework, we compared the

communities that were evaluated as functionally significant by CommWalker and

functional homogeneity without CommWalker. Here, functional significance was

defined by the qualitatively similar thresholds discussed in Section 6.4.1. Specifically,

the number of distinct proteins in these functionally significant communities was

analysed across resolutions and data sets. The results to complement the analysis

in Section 6.4.3 are shown in Figures D.2–D.5 for the Pandey measure, Figures D.6

and D.7 for simGIC, and Figures D.8 and D.9 for simUI.
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These figures show that there tend to be more unique proteins in CommWalker

accepted communities than in those accepted by functional homogeneity using the

Pandey measure. In the case of simGIC this trend is reversed and the numbers are

similar for simUI. This observation is expected given that the functional homogeneity

threshold is more lenient for simGIC and simUI, as argued in Section 6.4.1.

D.3 Module Statistics

To ascertain whether the increase in coverage of functionally significant modules on

the PINs was indeed due to an improved sensitivity in poorly-studied PIN regions,

we analysed the communities accepted as functional modules by CommWalker

versus functional homogeneity. As in Section D.2, acceptance as a functional

module is determined by the qualitatively similar thresholds defined in Section 6.4.1.

Using these thresholds, communities were divided into four sets: accepted by both

methods, accepted only by CommWalker, accepted only by functional homogeneity,

and rejected by both methods. Average network statistics were computed on these

community sets to characterize the differences between the evaluation methods.

The results presented in Figures D.10–D.13 complement those shown in Figures 6.6

and 6.7 in Section 6.4.4.

The network statistics used to analyse the community sets are the average

community size, the average annotation of the communities’ local environments

(average random walk annotation fraction, cf. Section 6.2), and the average

annotation of the communities (average community annotation fraction). As

can be seen in the upper row of graphs in Figures D.10–D.13 some community

sets make up only a very small fraction of the total communities. As such, the

calculated statistics become very variable and thus unreliable to interpret. The

small sample size for communities only accepted by CommWalker is specifically

an issue for the simGIC data sets in Figures D.10 and D.11. To overcome this

issue we focus our interpretation of the data on results at high resolutions where

the network statistics are less variable.
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Figure D.2: HINT-P Modularity Maximization Pandey measure CommWalker
coverage comparison. Comparison between the number of unique proteins in functionally
significant communities of size 6 - 35 by functional homogeneity (left hand plots), and T-value
thresholds (right hand plots) using the Pandey measure. The two cases can be compared for
the qualitatively similar thresholds of a T-value of 0.5 and the median functional similarity of
interacting proteins (Median Interaction BG – black, solid lines). Communities were generated by
configuration model Modularity Maximization (Config Modularity) and Constant Potts model
Modularity Maximization (CPM Modularity) community detection methods applied to HINT-P.
The number of unique proteins in T-value-significant communities is consistently higher than in
functional-homogeneity-significant communities for qualitatively similar thresholds. Using the
mean functional similarity of interacting proteins (Mean interaction BG), the mean interaction
BG with an added standard error of the interacting proteins’ functional similarity scores (Mean
interaction BG +1σ), and different T-values, we further highlight the number of unique proteins
at different T-value and functional homogeneity thresholds.



D. CommWalker Results 235

Figure D.3: HINT-P overlapping community detection Pandey measure
CommWalker coverage comparison. Comparison between the number of unique proteins in
functionally significant communities of size 6 - 35 by functional homogeneity (left hand plots),
and T-value thresholds (right hand plots) using the Pandey measure. The two cases can be
compared for the qualitatively similar thresholds of a T-value of 0.5 and the median functional
similarity of interacting proteins (Median Interaction BG – black, solid lines). Communities were
generated by the Link clustering and BigCLAM community detection methods applied to HINT-P.
The number of unique proteins in T-value-significant communities is consistently higher than in
functional-homogeneity-significant communities for qualitatively similar thresholds. Using the
mean functional similarity of interacting proteins (Mean interaction BG), the mean interaction
BG with an added standard error of the interacting proteins’ functional similarity scores (Mean
interaction BG +1σ), and different T-values, we further highlight the number of unique proteins at
different T-value and functional homogeneity thresholds. BigCLAM results increase monotonically
in the number of communities fit as neighbouring “resolutions” only differ in the additional 500
communities fit to the data.
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Figure D.4: BioGrid-AP Modularity Maximization Pandey measure CommWalker
coverage comparison. Comparison of the number of unique proteins in functionally significant
communities of size 6 - 35 by T-value and functional homogeneity. The data was generated as
in Figure D.2 using the Pandey measure with BioGrid-AP. The number of unique proteins in
T-value-significant communities is consistently higher than in functional-homogeneity-significant
communities for the qualitatively similar thresholds indicated by the black lines. Using the mean
functional similarity of interacting proteins (Mean interaction BG), the mean interaction BG with
an added standard error of the interacting proteins’ functional similarity scores (Mean interaction
BG +1σ), and different T-values, we further highlight the number of unique proteins at different
T-value and functional homogeneity thresholds.
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Figure D.5: BioGrid-AP overlapping community detection Pandey measure
CommWalker coverage comparison. Comparison of the number of unique proteins in
functionally significant communities of size 6 - 35 by T-value and functional homogeneity. The
data was generated as in Figure D.3 using the Pandey measure with BioGrid-AP. The number
of unique proteins in T-value-significant communities is consistently higher than in functional-
homogeneity-significant communities for the qualitatively similar thresholds indicated by the black
lines. Using the mean functional similarity of interacting proteins (Mean interaction BG), the
mean interaction BG with an added standard error of the interacting proteins’ functional similarity
scores (Mean interaction BG +1σ), and different T-values, we further highlight the number of
unique proteins at different T-value and functional homogeneity thresholds.
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Figure D.6: HINT-P simGIC CommWalker coverage comparison. Comparison of the
number of unique proteins in functionally significant communities of size 6 - 35 by T-value
and functional homogeneity. The data was generated as in Figures D.2 and D.3 using the
simGIC semantic similarity measure on HINT-P. Using simGIC, the number of unique proteins
in T-value-significant communities tends to be slightly lower than the number in functional-
homogeneity-significant communities for the qualitatively similar thresholds indicated by the black
and cyan lines.
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Figure D.7: BioGrid-AP simGIC CommWalker coverage comparison. Comparison of
the number of unique proteins in functionally significant communities of size 6 - 35 by T-value
and functional homogeneity. The data was generated as in Figures D.2 and D.3 using the
simGIC semantic similarity measure on BioGrid-AP. Using simGIC, the number of unique proteins
in T-value-significant communities tends to be slightly lower than the number in functional-
homogeneity-significant communities for the qualitatively similar thresholds indicated by the black
and cyan lines.
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Figure D.8: HINT-P simUI CommWalker coverage comparison. Comparison of the
number of unique proteins in functionally significant communities of size 6 - 35 by T-value and
functional homogeneity. The data was generated as in Figures D.2 and D.3 using the simUI
semantic similarity measure on HINT-P. Using simUI, the number of unique proteins in T-value-
significant communities is similar to the number in functional-homogeneity-significant communities
for the qualitatively similar thresholds indicated by the black and cyan lines.
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Figure D.9: BioGrid-AP simUI CommWalker coverage comparison. Comparison of the
number of unique proteins in functionally significant communities of size 6 - 35 by T-value and
functional homogeneity. The data was generated as in Figures D.2 and D.3 using the simUI
semantic similarity measure on BioGrid-AP. Using simUI, the number of unique proteins in
T-value-significant communities is similar to the number in functional-homogeneity-significant
communities for the qualitatively similar thresholds indicated by the black and cyan lines.
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Figure D.10: BioGrid-AP simGIC community summary statistics. Community statistics
for BioGrid-AP communities generated by four multi-resolution community detection methods.
The data shown was generated as in Figure 6.6 using simGIC and suggests that functional
homogeneity selects for smaller communities in well-annotated environments which also have a
high level of annotation themselves. In contrast, T-value significant communities tend to have a
broad distribution in the investigated statistics as seen by the lines representing CommWalker
accepted communities (red dashed line and blue line).
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Figure D.11: HINT-P simGIC community summary statistics. Community statistics for
HINT-P communities generated by four multi-resolution community detection methods. The data
shown was generated as in Figure 6.6 using simGIC and suggests that functional homogeneity
selects for smaller communities in well-annotated environments which also have a high level
of annotation themselves. In contrast, T-value significant communities tend to have a broad
distribution in the investigated statistics as seen by the lines representing CommWalker accepted
communities (red dashed line and blue line).
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Figure D.12: BioGrid-AP simUI community summary statistics. Community statistics
for BioGrid-AP communities generated by four multi-resolution community detection methods. The
data shown was generated as in Figure 6.6 using simUI and suggests that functional homogeneity
selects for smaller communities in well-annotated environments which also have a high level
of annotation themselves. In contrast, T-value significant communities tend to have a broad
distribution in the investigated statistics as seen by the lines representing CommWalker accepted
communities (red dashed line and blue line).
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Figure D.13: HINT-P simUI community summary statistics. Community statistics for
HINT-P communities generated by four multi-resolution community detection methods. The data
shown was generated as in Figure 6.6 using simUI and suggests that functional homogeneity selects
for smaller communities in well-annotated environments which also have a high level of annotation
themselves. In contrast, T-value significant communities tend to have a broad distribution in the
investigated statistics as seen by the lines representing CommWalker accepted communities (red
dashed line and blue line).
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Taking the small sample size issues into consideration, the data presented shows

that functional homogeneity selects for smaller, well-annotated communities in well-

annotated environments as compared to CommWalker. In contrast, communities ac-

cepted only by CommWalker show a broader distribution in these summary statistics.

The broad distribution in the average annotation of the local network environment

for CommWalker accepted communities is further visualized in Figures D.14–D.24.

Figures D.14–D.24 were generated in the same way as Figure 6.8 in Section 6.4.4

using different combinations of PIN, community detection method, and functional

similarity measure. In these figures non-overlapping community data generated

by configuration model and Constant Potts model Modularity Maximization on

HINT-P and BioGrid-AP was used to show the distribution of proteins in accepted

modules on the PINs for the three semantic similarity measures. In Figures D.14–

D.24 the proteins are ordered by their functional similarity with their “vicinity”,

measured using random walks as described in Section 6.2. Proteins towards the

left have higher similarity with their environment and will thus tend to be better

studied (cf. investigation in Section 6.2). On this layout we show the distribution

of proteins in communities that were accepted as modules by both methods (row

b), only by CommWalker (row c), or only by functional homogeneity (row d).

Figures D.14–D.24 show that across all data sets proteins in modules accepted by

the standard functional homogeneity approach (rows b,d) tend to be distributed

towards the well-studied left side of the figure. In contrast, modules accepted only

by CommWalker (row c) reach further into the poorly-studied protein regions.

As the thresholds chosen for T-value and functional homogeneity are less similar

for simGIC than for the Pandey measure and simUI, Figures D.17–D.20 show

a distribution of proteins not seen in other data sets. In these figures proteins

in CommWalker only accepted communities are rarely found in high functional

similarity environments. This feature occurs as simGIC functional homogeneity

accepts so many communities by the more lenient functional homogeneity threshold

that the communities otherwise only accepted by CommWalker are now accepted by
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both methods. Our conclusion that CommWalker accepted modules reach further

into the poorly-studied protein regions are confirmed by this feature.

Due to ease of visualization only non-overlapping community data was used

for this investigation, however judging from the module statistics displayed in

Figures 6.6,6.7, and D.10–D.13 it can be concluded that CommWalker is equally

successful in the overlapping case.

Figure D.14: Local environment comparison of functionally significant HINT-P CPM
community proteins by Pandey. Comparison of the environments of proteins in communities
identified as functionally significant by CommWalker and functional homogeneity. Nodes in HINT-
P were ordered by their Pandey functional similarity with nodes in their vicinity as shown in (a).
Communities were generated by Constant Potts model Modularity Maximization at the resolution
where the maximum number of proteins are found in functionally significant communities by a
T-value threshold of 0.5 (log resolution = −1.36, cf. Figure D.2). On this network layout the
proteins in communities identified as functionally significant by CommWalker and functional
homogeneity in red (b), by only CommWalker in blue (c), and by only functional homogeneity in
black (d) are shown. The further left the coloured nodes are, the higher the functional similarity
of their environment.
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Figure D.15: Local environment comparison of functionally significant BioGrid-AP
Config community proteins by Pandey. Comparison of the environments of proteins in
communities identified as functionally significant by CommWalker and functional homogeneity. The
data shown was generated as in Figure D.14 using configuration model Modularity Maximization
on BioGrid-AP with the Pandey measure. Proteins are ordered by their functional similairty
with nodes in their vicinity (a). On this network layout, the proteins in communities identified
as functionally significant by CommWalker and functional homogeneity in red (b), by only
CommWalker in blue (c), and by only functional homogeneity in black (d) are shown. The further
left the coloured nodes are, the higher the functional similarity of their environment.
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Figure D.16: Local environment comparison of functionally significant BioGrid-AP
CPM community proteins by Pandey. Comparison of the environments of proteins in
communities identified as functionally significant by CommWalker and functional homogeneity. The
data shown was generated as in Figure D.14 using Constant Potts model Modularity Maximization
on BioGrid-AP with the Pandey measure. Proteins are ordered by their functional similairty
with nodes in their vicinity (a). On this network layout, the proteins in communities identified
as functionally significant by CommWalker and functional homogeneity in red (b), by only
CommWalker in blue (c), and by only functional homogeneity in black (d) are shown. The further
left the coloured nodes are, the higher the functional similarity of their environment.
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Figure D.17: Local environment comparison of functionally significant HINT-P
Config community proteins by simGIC. Comparison of the environments of proteins in
communities identified as functionally significant by CommWalker and functional homogeneity. The
data shown was generated as in Figure D.14 using configuration model Modularity Maximization
on HINT-P with the simGIC functional similarity measure. Proteins are ordered by their functional
similairty with nodes in their vicinity (a). On this network layout, the proteins in communities
identified as functionally significant by CommWalker and functional homogeneity in red (b), by
only CommWalker in blue (c), and by only functional homogeneity in black (d) are shown. The
further left the coloured nodes are, the higher the functional similarity of their environment.
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Figure D.18: Local environment comparison of functionally significant HINT-P CPM
community proteins by simGIC. Comparison of the environments of proteins in communities
identified as functionally significant by CommWalker and functional homogeneity. The data
shown was generated as in Figure D.14 using Constant Potts model Modularity Maximization on
HINT-P with the simGIC functional similarity measure. Proteins are ordered by their functional
similairty with nodes in their vicinity (a). On this network layout, the proteins in communities
identified as functionally significant by CommWalker and functional homogeneity in red (b), by
only CommWalker in blue (c), and by only functional homogeneity in black (d) are shown. The
further left the coloured nodes are, the higher the functional similarity of their environment.
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Figure D.19: Local environment comparison of functionally significant BioGrid-AP
Config community proteins by simGIC. Comparison of the environments of proteins in
communities identified as functionally significant by CommWalker and functional homogeneity. The
data shown was generated as in Figure D.14 using configuration model Modularity Maximization
on BioGrid-AP with the simGIC functional similarity measure. Proteins are ordered by their
functional similairty with nodes in their vicinity (a). On this network layout, the proteins in
communities identified as functionally significant by CommWalker and functional homogeneity
in red (b), by only CommWalker in blue (c), and by only functional homogeneity in black (d)
are shown. The further left the coloured nodes are, the higher the functional similarity of their
environment.
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Figure D.20: Local environment comparison of functionally significant BioGrid-AP
CPM community proteins by simGIC. Comparison of the environments of proteins in
communities identified as functionally significant by CommWalker and functional homogeneity. The
data shown was generated as in Figure D.14 using Constant Potts model Modularity Maximization
on BioGrid-AP with the simGIC functional similarity measure. Proteins are ordered by their
functional similairty with nodes in their vicinity (a). On this network layout, the proteins in
communities identified as functionally significant by CommWalker and functional homogeneity
in red (b), by only CommWalker in blue (c), and by only functional homogeneity in black (d)
are shown. The further left the coloured nodes are, the higher the functional similarity of their
environment.



254 D.3. Module Statistics

Figure D.21: Local environment comparison of functionally significant HINT-P
Config community proteins by simUI. Comparison of the environments of proteins in
communities identified as functionally significant by CommWalker and functional homogeneity. The
data shown was generated as in Figure D.14 using configuration model Modularity Maximization
on HINT-P with the simUI functional similarity measure. Proteins are ordered by their functional
similairty with nodes in their vicinity (a). On this network layout, the proteins in communities
identified as functionally significant by CommWalker and functional homogeneity in red (b), by
only CommWalker in blue (c), and by only functional homogeneity in black (d) are shown. The
further left the coloured nodes are, the higher the functional similarity of their environment.
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Figure D.22: Local environment comparison of functionally significant HINT-P CPM
community proteins by simUI. Comparison of the environments of proteins in communities
identified as functionally significant by CommWalker and functional homogeneity. The data
shown was generated as in Figure D.14 using Constant Potts model Modularity Maximization on
HINT-P with the simUI functional similarity measure. Proteins are ordered by their functional
similairty with nodes in their vicinity (a). On this network layout, the proteins in communities
identified as functionally significant by CommWalker and functional homogeneity in red (b), by
only CommWalker in blue (c), and by only functional homogeneity in black (d) are shown. The
further left the coloured nodes are, the higher the functional similarity of their environment.
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Figure D.23: Local environment comparison of functionally significant BioGrid-AP
Config community proteins by simUI. Comparison of the environments of proteins in
communities identified as functionally significant by CommWalker and functional homogeneity. The
data shown was generated as in Figure D.14 using configuration model Modularity Maximization
on BioGrid-AP with the simUI functional similarity measure. Proteins are ordered by their
functional similairty with nodes in their vicinity (a). On this network layout, the proteins in
communities identified as functionally significant by CommWalker and functional homogeneity
in red (b), by only CommWalker in blue (c), and by only functional homogeneity in black (d)
are shown. The further left the coloured nodes are, the higher the functional similarity of their
environment.
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Figure D.24: Local environment comparison of functionally significant BioGrid-
AP CPM community proteins by simUI. Comparison of the environments of proteins in
communities identified as functionally significant by CommWalker and functional homogeneity. The
data shown was generated as in Figure D.14 using Constant Potts model Modularity Maximization
on BioGrid-AP with the simUI functional similarity measure. Proteins are ordered by their
functional similairty with nodes in their vicinity (a). On this network layout, the proteins in
communities identified as functionally significant by CommWalker and functional homogeneity
in red (b), by only CommWalker in blue (c), and by only functional homogeneity in black (d)
are shown. The further left the coloured nodes are, the higher the functional similarity of their
environment.
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D.4 Computational Module Validation

To computationally validate communities accepted by CommWalker, we assessed

how co-expressed the genes are whose protein products are members of these

communities (cf. Section 3.3.1). This validation was performed on the BioGrid-AP

Link clustering data set for communities evaluated by the Pandey measure, which

was found to best capture gene co-expression (c.f. Section 6.5.1). Figure 6.9 in

Section 6.5.1 shows that the median co-expression level is substantially higher for

communities only accepted by CommWalker, than for communities only accepted

by functional homogeneity. To assess whether this result was due to different

community sizes in the two community sets, we investigated the mean co-expression

score of the community sets at different community sizes (Figure D.25).

Figure D.25 shows that the result holds true for most community sizes, apart

from size 6, where the mean was calculated from only 90 observations of which several

correspond to the same community at different resolutions. It should be noted that

only mean expression values for community sizes of three and four for the community

sets only accepted by functional homogeneity were based on over 1000 observations.
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Figure D.25: Comparison of community evaluation methods by average module co-
expression versus module size. Link clustering was used to partition BioGrid-AP into
communities at multiple resolutions. Using the Pandey measure communities across all resolutions
were divided into sets based on whether they were evaluated as functionally significant by both
methods (red), only CommWalker (blue), only functional homogeneity (grey), or neither (turqoise).
These sets are compared using their average community co-expression score for each community
size. The data point marked at community size 36 contains all communities of size 36 - 1047 (the
maximum community size for T-value calcuation in BioGrid-AP). Communities only accepted
by CommWalker have higher co-expression scores than communities only accepted by functional
homogeneity for most of the size range where both sets are populated. At higher community sizes
we can still distinguish the co-expression scores of communities only accepted by CommWalker
from those rejected by both methods.
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