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ABSTRACT

Many systems in the world can be represeréisdmodels of complex networks and
subsequently be analysed fruitfully. One fundamental property of thevoelal networks is
that theyusually exhibit inhomogeneity in which the netwaekds to orgase according to
an underlying modular structure, commpnéferred to as community structure or clustering.
Analysing sucltommunities in large networks can help people better understand the structural
makeup of the network&or exampleit can beusedin mobile adhoc and sensor networis
improve the energyconsumption and communication task&us, community detection in
networks has become an important research areanwitany applicationfields such as
computer science, physil sciences mathematics and biology

Driven bytherecent emergence of big datlustering ofeatworld networks using traditional
methods and algorithmsalmost impossible to be processed in a single machine Xi3img
methods are limited by their computational requirementsnargt of thencamot be directly
parallelised.Furthermore, in many cases the datasseery biganddoes not fit into the main
memory of a single machinthereforeneeds to be distributed among several machines.
The main topic of this thesis is about network community deteetitinn thesebig ddaa
networks More specifically, m this thesisa novelapproach, namelpecentralized Iterative
Community ClusteringApproach (DICCA) forclusteringlarge and undirected netwaris
introducel. An important property of this approach is its ability to cluster the entire network
without the global knowledge of the network topologhareover an extension ahe DICCA
calledParallel Decentralized Iterative Community Clustering approach (PDICEpgoiposed
for efficiently processing data distributed across several machi2iCCA is based on
MapReduce computing platform to work efficiently in distributed and parallel fashion.

In addition,the realworld networksare usuallynoisy and imperfect with missingnd false
edges. These imperfections arften difi cult to eliminateand hghly affect the quality and



accuracy ofconventionalmethods used tdnd the community structurein the network.
However,in realworld networks,node attributeanformationis also available in addition to
topology information. Considering more than one source of information for community
detection could produce meaningful clusters and improve the robustness of the network.
Therefore,a pre-processing approach that consglattribute information, shared neighbours

and connectivity information aspects of the network for community detectjgmesentedn

this thesisas part of my research

Finally, a set of realvorld mobile phone usag#ata obtained from Cambridge Laboratories
(Device Analyzer) has been analysed as an exploratory step for viability to apply the algorithms
developed in this thesis.

All the proposedapproaches have been evaluaeadverified for feasibility using reaworld

large data sefThe evaluation results of these experimentations preke promisingfor the

type of large data networks considered

Keyword: Community analysis, community detection algorithms; decentralized clustering

algorithm; networks; graph; dréuted algorithms.
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CHAPTER 1

INTRODUCTION

1.1 Introduction

Many systems in the world can be represented as net{aiskseferred to agraphs ilimuch

of the mathematical literaturejomposed of nodes (vertices) and links (edgesjvhich
network links represent relationships between the interrelating parts (nodes) of the systems.
Examples includeechnological networksuch asthe Internet (Faloutsos, Faloutsos and
Faloutsos, 1999and the World Wide Web(WWW) (Albert, Jeong and Barabasi, 1999)
biological networkse.g.,Neuronal network, metabolic networksproteinprotein interaction
networksand food webgVocaturo and Veltri, 2017)and distribution network§Newman,
2003)like postal delivery routesitation networkssocial networks, orgasational networks

(Newman, 2003and even political election@damic and Glance, 2008jc.

Recently it has become common to analyse interactions in thevadd by looking at the
networks thatunderlie these interactioi€hen, Zaiane and @bel, 2009) However, real
world networksare not random networkthey usually exhibiinhomogeneityand reveal a high
level of order and organisatighlahata and Patra, 201@)n interesting feature that reaforld
networks usually present is the community structure property, wvlieh the topology of

network isorgansedinto modules commonly called communities or clustgemstunato, 2010)

The process of discovering the cohesive groups ortechia the network iknown as
community deteabn (Bedi and Sharma, 201,6) is also known as the graph partition problem
in modern graph they, andas the graph clustering oeile subgraph discovery problem

the graph mining are@Vang et al, 2015)



The problem of community or graph clustering is not well definad theconcepts of
communitydo not have aniversally accepted definitioflighlighting thedifficulties of the
problem in his reent work Fortunas t a t e the defimigoh oftén depends on the specific
system at hand and/ or (Fogpupato] 2080} Gomsidering Isozial h a s i
network asanexample, communitgan bedefined usingmany natural propertieg/hether the
nodegepresenhg peoplen a community should know each other, the commuiibykl have

a high edge density @ach detectable community ought to have a unideetity (Shah and
Zaman, 2010)

Informally, a clusters usuallydefined as a set of entii¢ghat are closer to each otliean with

the rest of the entities in the data @&tin, Murty and Flynn1999) The notion of closeness is
based on a similarity measure that is usually defii#d the use of a mathematical objective
function The task of clusteringisalsoreferreda s fAunsupervised | earnir
to group together similar data set without resorting to any a priori knowledge about the clusters
(Schaeffer, 2007)in thecase of networkghe similarity is usually measureitherbased on
thestructural similaritywhich considers the topological featucesheattribute features related

to the nodesr edges of the graph, or both of thgiMalliaros and Vazirgiannis, 2013)

There areseveral dénitions of the community detectioproblem In generglthe community
detection algorithms aim to divide a network into-®olbnmunities The general principlen

which most community definitiongre based is theendency forthe nodes to divide into
clusters with dense connections within clusters and only sparser connections between them
(Newman, 2004a)However communities may overlap as nodes belong to multiple clusters
simultaneously The overlapping ommunity is very common in reaorld networks for
examplein a social network, a person may belong to more than one social growgsdueimd

group and family group which are known as overlapping n@de®lio and Pizzuti, 2014)

More detailed definitions of community apeesented iranother work(Fortunato, 2010)



Figurel.1 shows a small network df2 nodeghat illustrates this idea of network structure
The network hathreecommunitiedenoted byhe circles inwhich a set of nodes are densely

connected internallgnd loosely connected to the rest @& nietwork.

Figure 1.1 A simple graph with three communities that are represented by different colours.

1.2 Impact of the Researchand its Impact

1.2.1 Social networks

Community structure is a common and important topological characteristic of esmyorld
complex networksNodes belonging to a tigtkinit community are more than likely to have
other properties in commafDanon et al, 2005)The determination of communities in the
networks can helf better understand the stural makeup of the networkspvide powerful
insights about the structure of netwqrksd help analyse complex phenomena at different
scales(Orman, Labatut and Cherif2011; Borgatti, Everett and Johnson, 20I@)us, this
research topic has applications in many fields suclbia®gy, social science, physics,

computer science, business science,(8haeffer, 2007; Orman, Latut and Cherifi, 2011)

In social networks, for example, analysis of community detection is extrameful in the

context of many applications, including customer segmentation, vertex labelling,



recommendations and link inferen¢khatoon and Banu, 2015AIso could be used to
estimating unknown features of users in social networks. If a given user does not give a certain
piece of information (like the school he/she went to), but a reasonable number in his/her

community do, the issing information can be imputed with a reasonable degree of confidence.

1.2.2 Impact on WWW

Community structure ismportant not only on social networks, but also v@arious other
networks.For the famous example of the Interraggtermination oEommunity stucturecan
address guestions such as, how to route data as packetsfiicient wayhow toreducethe

time consumption for such traffic anehat is the fast and safe path to consider reaching the
destination etclt can gofurtherin depth, by elucidang questions like how computer viruses
are spreading through the Internet, and what mechanisms they follow to hitsatigasetc

Also in dark networkscommunity structure can reveal the hidden relationships between
individual terrorists and help ddwp effective disruptive strategig®Varnke, 2016)Similarly,

in the case of thevorld wide web (WWW) pages related to the same subject are typically
organged into communities, so that the identification of these communities can help the task
of seeking foridentifying the category afhe network as well as understanding its dynamic

evolution and orgasation (Costa et al, 2007)

1.2.3 Routing in Ad-hoc andWireless Sensor Networks

Clustering without global knowledge is an important technique in mob#eoadand sensor
networks(Gehweiler and Meyerhenke, 20%0) the improvement of certain management e.g.

energy consumption and communication tasks

In wireless sensor networks (WSNs), nodes are usually condist lwiited and non
rechargeable energy resources. Thus in WSNs, energy consumption is the most critical problem

and large number of clustering routing protocols have been developed for WSNs to reduce



communications, efficiently optimize the energy of sensmles, organize messages among

the cluster head and their node members and optimize the netwdnéf@ iu, 2012)

In clustering routing protocols, the sensing field of sensor network is divided into number of
clusters where each cluster has a leader called cluster head. The cluster head collects the data
from its node members and transfer it to the destination (basend. Yu and Chong (2005)
reported thathe cluster structuris aneffectivetopology that could provide marpenefis in

the context of wireless sensor networks (WSNSs). It could be usettrease the system
capacityby spatial reuse aksources-urthermore, itmproves routingperformancesincethe

set of clusteheads and cluster gateways can normally form a virtual backbone feclundtzr
routing, and thus the generation and spreading of routing information can be regirtbisd

set ofnodes Additionally, they stated th#tte cluster structure makes an ad hoc network appear
smaller and more stable in the view of each mobile terntimalis because in WSNs when a
mobile node changes its attaching cluster, only mobile nodes residihg oorresponding

clusters need to update the information

For more information, interested readers mayrefafto and Ch o(WwaddsChang,r v ey

2005)

1.3 ResearchChallenges

In recent years, the problem of network clustering has received growing attention as an
important analytical technique ah@sbeen actively investigated in a varietifields, from
computer science and statistical phygdewman, 2004b; Newman and Girvan, 20@4lata
mining (Moghaddam et al, 2010} herefaoe, arich and diverse list of methods and algorithms

has been generated.

In thecurrent Big Data era, the amount of generated data is Bxigéng in various formats,

from a continuously increasing number of sourdée realworld networks can be very large



in size, even reaching billisof nodes. However, most of the community detectigonrghms

in the literature areclassified as global algorithmsvhich require access to the entire
information of the networlkndaredesgned to work on a single machine.

As the data size is scaling up, the need for computing power is exponentially increasing. In
many such situationst has become difficult for the stamdlone community detection
algorithms to find communities in larggale networks(Li et al, 2015)andthe required
processing power far exceeds the processapgtuilities of single machines. However, most

of the existing community detéon algorithmscamot be directlyparallelised Furthermore,

in many such cases the largeale data set does not fit into the main memory of a single
machine and needs to be distributed among several machines. These demanding requirements
make existingcommunity clustering algorithms evenore limited than beforeandso more
powerful and scalable clustering tools for big data anabgssn to béen urgent need

Additionally, in many reaivorld networks, node attribute is also available in addition to
topology information. It is pointed out thabdes containing similar content of communication

are much likelyto belong to the same commun{tyicPherson, Smitth.ovin and Cook, 2001;
Traud et al, 2011)Traud et al (20113how that set of noddsttributes can act as the primary
organising principle of the communities. An overwhelming majority of conventional
approaches to community detection focus on topology information and lagyelse the
attribute information. However, the collected topology information for networks is usually
noisy when there are missing edges. This makes the task of community detection for
inconplete networks very challenging.

To summariseBig data exhibitdifferent characteristicsuch asivolume, varietyvelocity,

value, thus it is very difficult to analyseBig data and obtain information with traditional

techniquegHu et al, 2014)



Given these scenaridbgre is theemergence ainew research directido develop a powerful
and scalable community clustering method for big data analykish will make use of the
relationship between the attribute and limformationto improve the robustness of the existing

community clustering methods unreliable envionmentgincomplete or noisy networks)
1.4 Aim and Research Objectives

The main goalof this thesis is to design and implemantel techniqueandalgorithmsfor
the problem of clustering and community detection in large and undirected netimottks.
light of the above discussed research challengesnéie objectivesand motivationf this
research worlare summarised below

1. To designandimplement an efficient commun#yetection approach that could work

at the local leveand d@snot require any global knowledge of the network

As the networks being operated on become larger and larger, the ability to process them in
the main memory of a single machine becomes impractical due to both time and memory
constraints. Moreover, commuyitdetection algorithms are often computationally
expensive and are not scalable to large networks with hundreds of millions or even billions

of nodes and billions of edges.

The above issues motivated me to design, implement, and evaluate an efficienhaymm
detection solution for largecale networks. More specifically, the proposed approach
works at the local level and does not require any global knowledge of the network. From
the heuristic point of view, it is worth notirthat theoptimisation of global clustering
methodswhen only restricted to the local knowledgemore difficult. That is whymost

of the existing approaches and algorithms make use of global knowledge.

2. To extend the proposed approach for lasgale networks to work in parallehé@in a

distributed fashion



Being a localised algorithmit can be un in parallelor in a distributed fashioamong
clusterswhen the size of thmput network or thecomputation complexitys beyond the

resources of a single computer

3. To design and implement a community clustempgroachconsidering botfattribute
information and topological structure information to improve the performance of

existing community detection algorithms.

Sincein many realword networks,the nodes andinks in the network may contain
attributeinformation, ths attribute information h&important significance in completely
presenting the community structure of the netwamki couldimprove the robustness of

community detection algorithms in unrelialgisvironments.

4. To analyse a set of realorld mobile phone usage data as an exploratory step for

viability to apply the algorithms developed in this thesis.

The smart phones ithe telecommunication industry generate a massive amount of data.
These data usually include call detdadlata and network details. The amount of datois

big that manual management and analysis of these data is almost imp&ssitlehis
perspectiveo explore the viability of applyinghe proposedmethod and algorithra to
analyseahebig data sets generated by smart phones. Aifedlig data (Device Analyzer)

set from Cambridge Laboratories is used for this proposed objective

5. To propose a set of ad guidelines and future design from the understanding gained.

Under this objective, the potential usage of the developed approaches proposed in this
thesis will be demonstrated. Also, recommendations, guidance information, and

suggestions to improve th#exctiveness othedeveloped algorithm will be made.



1.5 Scope of Research

This thesis studies in the scope of community detection in big networks. In other words, the
main goal of this thesis is to design and implement novel techniques and algorithnes for th
problem of clustering and community detection in large and undirected networks. The
approaches proposed in this thesis all assume that the given network structure is needed to be
divided into communities in such a way that every node belongs to one obmthmunities
(nonoverlapping communities). Although doing some modifications of the proposed
approaches can achieve overlapping communities, the focus of this thesis isomeriamping

communities.

1.6 Contribution s of the researchto state of the art

This thesis aims talesign and implement meth®dor the problem ofextracting non
overlapping communitiem large networksHowever, since thelgbal community clustering
approacheslemand shared memyoto access global information, they anappropria¢ for
this goal Thus in this work attention is given to thecal communityclusteringas it is more

accessible for paralletation.

The following summaryrovidesa short overview of théour key contributions of this work

thataddress all of the chafiges introduceah the previous secti@n

1. A novel Decentralized Iterative Community Clustering Approach (DICCA) to extract
an efficient community structure for large networks is proposed. Animportant property
of this approach is its ability to clusteetkntire network without the global knowledge
of the network topology. This ability means that the entire network does esbtmbe
loaded into one memormgnd DICCA could be easily adapted to run in parallel on as
many processors as available to find community clusters in big netWidrisscannot

be done inthe majority of the existing community detection algorithnes they
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implicitly assume that the engiistructure of theig network is known and is available.
Another perspective of DICCA approach is reducing the problem size by aggregating
the nodes in the network, allowing the approach to cluster the-daeje data set
efficiently.

2. A Parallel Decenttzed Iterative Community Clusteringpdproach (PDICCA), which
does not require any global knowledge of the graph topology is proposed. PDICCA is
a distributed memory parallel processing approach that trarstberserial steps of
DICCA approach into pateel tasks. Itis scalable and will work with a range of
computer architecture platforms (e.g. cluster of PCs, rate distributed memory
servers, GPUS).

3. A pre-processing approach for existing community detection algorithms is proposed to
improve theaobustnessf community detection algorithms in unreliable environments.
The proposed approach is applicable to the existing weighted community detection
algorithms and it seeks to improve their performance by considering attribute
information, shared neidjours information and connectivity between nodes in the
network. Therefore, if either attribute information or topological structure information
IS noisy or missing, the other could make up for it.

4. Using a set of realife android smartphone usage datas#te different features of

mobile phone uageis analysed

1.7 Thesis Structure

The thesis contains eight chapters, which are osgdras follows. Theresent chaptergives
an overall picture of the thesis, highlights the importance of the field of community detection
in the networks and states ttieallengesaim, objectives andhe contribution®f the research.

The rest of the thesis is orgagul as follows:

10



Chapter 2 gives some basic definitisrof gaphtheory, whichareused in further chapters.
Furthermore, the literature review of stafiethe-art community detection algorithmend
related work in the area of paralkaition technique for the community detectin algorithms

are alsaiscussed.

Chapter 3 presents some specific structural properties and models of real networks.
Additionally, the current work available in literature for models that generate synthetic
networks with community structures along witle tnost popular quality metrics for assessing
the network clustering results are discussed.

Chapter 4 addresses the first technical objective of the research. It gives a dééstegbtion

of my proposed Decentralized lterativ@ommunity Clustering Appich, for detecting
community and then the effectiveness and efficiency of tigCBlapproach igvaluated

Chapter 5 centres around the design and implementation gbdinallelframework version of
DICCA approach named POCA. In this chapter, therinciple and implementation of the
proposed PBTCA approach is detailed and its performance is evaluated.

Seekingto improve the robustness of existing community detection algorithther than
lookingto identifycommunities in the network based justtopological structure information,

a new preprocessing approach that consglattribute information, shared neighbours
information and connectivity between nodes in the network is presertdbdpter 6. Chapter

7 shows thalata analysisf thedataset from therealworld telecom network.

Finally, chapter 8 concludes the research activities within this thesis by surdangrihe

contributions angbroposing a set gfossible suggestions for future work.

11



CHAPTER 2

LITERATURE REVIEW

This chapter introduces some fundamental conceptariatdely used throughout this thesis

and reviews existing work on the community clustering and distributed technitjsests

with a short introduction into the basics of graph theory, including the concepts required to
understand further chaptef&his is bllowed by a discussion of the definitions and concepts
around community clusteringrhen adetailed literature lgvey on the statef-the-art in
community approaches and the parallelisation techniquesxtaactingnetwork clustes is

presented.
2.1 Basic conceptf graph theory

Many practical problems imarious fields of study such asientiic computing, data angis

etc, can be modelled in their essential form by graphs and salsied appropriate graph
algorithms.In graph theory, a simple graph G = @) is defined as an abstract representation
of a set ohodes(or vertices)V = {1, . . . ,n} anda set of edges (or links) E £i{j)|i, jN V}
which connect pairs of nodes togeth&rpair (i, j) belongs to E if there is an interaction
between th@odes i andj and the cardinality of the set Ehe number of nodes in the graph is
n = |V| and the amber of edgesn = |E|.In some graphs it is possible to find adge that

connects a node to itself, (i,V)E, it is called aself-loop (Silva and Zhao, 2016)

The edges in the graph can be assigned witleight, which represents the strength of
connection between two nodes; in this case, the graph is called a weighted graph. If each edge
has unit weight, the graph is callehunweighted grapSilva and Zhao, 2016onsdering

the nature of the edges, theghs can be clagsedinto two: undirected and directed graph.

graph is called directe@lsoreferred to asligraph if the orientation of the edges is important

for the tasi(Silva and Zhao, 2016A directed graph G= (\E) consists o nonempty set of
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nodes V and a set of directed edges E. Each edge e:(u, v) of E is specified by an ordered pair
of nodequ, v) and comes out from node u, namely the origingiy, and raches a destination

v (or head)

Directed graphs arise imany realworld applicationssuch as the web graphhosenode
represents a web host and each directed edge représemtyperlinksThesehyperlinks are
onewayfrom web page®nthe source host tweb pagesn the destination hof€anright and
Eng@Monsen, 2008)On the other hand, mndirectedgrapts, the edges have no orientation
and the graph halges that represent symmetric relationsimpghich whenever the edgei (
V) exists in an undirected graph then so does the @dge (Costa etal, 2007) For example,
in friendshipnetworks where each relationship is considered recipnotiaé sense that if you

are friends with someone, then they are friends with you

From the mathematical point of view andirected unweightedraph G =(V, E) can be
represented by a matrix @alled adjacency matri&k N Tip

Definition 2.1 Adjacency Matrix: The adjacency matrix A of a graph G = (V, E) is an |V|x|V]|
matrix, such that:

p QTHON Oh

0 r
h T €& VA Q

2.1)

The adjacency matrix for an undirected graph is symma@this, fact implieghatAgj = Ag,j-
However for a directed grapthe adjacency matrix may not be symme(8dva and Zhao,

2016)

Throughouthisthesist he t er ms @ g r am hsedterchanhgedbtye thevsamek o
spirit, the data reteonships that make up a graph are termed structure or topology of the

network.Unless stated otherwisggraph G = (V, E)s unweighted, undirected andnsists of
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a set of nodes V and a settbédges. Nodes and vertiogsnvey the same type wiformation

and are used interchangeahbhyd the same principle appliesadges and links.

Labeled graph Adjacency matrix

momop op T

U T p T T,

A=wp p T p p>

‘b mp T o

P s o

Figure 2.1 An example of unweighted undirected graph and its adjacency matrix.

Definition 2.2 Degree of a nodeThe degre® of a nod&d' in undirected graph G = (V;E) is
equal to the number of edges connecting to n¢8evia and Zhao, 2016%iven anadjacency
matrix A, thedegree of node i is the sum of row entries corresponding to node i, which can be

expressed as:
O B b (2.2)

However, for directed graphs, the concept of degree is split into two categoridegoeg and

in-degree.

Definition 2.3 In-degree and outdegree The outdegree of a nodédin a directed graph is
the number of edges that leahe nodd, and the irdegree is the number of edges that enter

thenodei (Silva andZhao, 2016)

Definition 2.4 A completely connected (fully connectedyraph: In undirected graph @he
fully connectedyraphis a graph in which every pair of distinct nodes is connected by a unique
edge. Thus te total number of edg@sacompletely connectegraph with n number of nodes

is equal ton(n-1)/2 (Tomassini, 2010)

Definition 2.5 A triangle: Ingraph G =(V, Eptriangle( &8) i s a t hree node

={v1, V2, va} OV and E= {(v1, \2), (v2, v3), (va, v1)} O E (Schank and Wagner)
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Definition 2.6 A triple: In graph G = (V, Eptriple N3(i) at noded iis'a,path lengtlof two
for whichi is the centre nodé&chank and Wagneifforundirectedgraph, he number of triples

of nodei is defined as:

5 Q - (2.3)

andthe number of triples in graph & defined as theummingof triples of all nodesn the

graph:

65 B 0§ Q (2.4)

To illustrate the concept of triangdad triples thenetwork inFigure 2.1has 1 trianglend 8

connected triples

Definition 2.7 Reachability: In graph theory, reachability refers to the ability to get from one
node to another within a graph. Given a graph G(V, k9 siid that ¥V V is reachable from

V1N Vif there is at least a walk that starts fromand ends at ¥(Silva and Zhao, 2016)

Definition 2.8 Homophily:

Apart fromthe previous patterns that concern network architecture, there are also some other
patterns that relate to how links depend on other characteristics of nodes. For instance, if nodes
are people, tn they have some attributes suchaage, gender, ethnicity, profession, political
attitudes, their Hobies and so forth. In realorld networks it has been shown that the similar
nodes in terms of their characteristics tend to be more frequently linlethother than to

nodes that are less similar to themselves in characteristics. This is referred to as homophily, as
originally named byLazasfeld and Merton(McPherson, Smitthovin and Cook, 2001,

Jackson, 2010)

Definition 2.9 Hierarchical structure: Another important aspect related to community

structure is the hierarchical orgsation (multiscale or multilevel) exhil@tlin most realworld
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networksin which communities contain smaller comanities thatnay be further divided into

sub-communities(Fortunato, 2010)
2.2 Community DetectionAlgorithms

The problem of unveiling the community structure of a network is called community detection
Community detection is an active area of network science resaadolver the yearsawide

variety of community detectioalgorithmshave been proposedfiod the communities ithe
network Community detection islso named as gragdartitioningin much of theliterature
(Aggarwal and Wang, 2010; Wang et al, 2016)s tempting to suggest thatigslcommunity
detection andyraphpartitioningare really addressing the same questinrboth, the@ aim is

to identify groups ohodesn anetworkthat are better connected to each other than to the rest
of the network However, itis very important to stress that the task of graph partitioning and
community detection can be distinguished from onelarbised onvhether the experimenter

fixes the number and size of the groups or it is unspe¢fledman, 2010)Graph partitioning

is the problem of partitioning a graph into a predefined numbesizeof clusters. lhas been
pursued particularly in conaper science and related fieldgth applications in parallel
computing andvery-largescale integration (VLSI) desigrHowever, in the community
detection, whichhas been pursued by sociologists and more recently by physicists and applied
mathematicians, with applications especially to social and biological netiterksimber and

size of clusters arenspecified Furthermore, thea@nl in the former is usually to identify the

best division of a network regardless of whether or not a good division existed. In case there
are no good divisions exist, the least bad one will be done as a solution. On the other hand, in
community detectionthe algorithm only divides the network when good divisions exist and

leave the network undivided in case there arexstinggood divisiongNewman, 2010)

Community structuréentification has been an important research topic in complex networks

Given henumber and range of community definitions, it is not a surprise that the number of
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methods proposed for detecting and revealing the community structures in networks are even
larger.Furthermore, the community detection algorithcas be classified in different ways,

and depending on the selected criteria, one algorithrbelang to more than one categofy

brief summary of existing community detection algorighgintroduced in thesections below.

The algorithms are classified based on methodological principles as preseri@eahan,
Labatut and Cherifi (2011)n which most of the existing community detection algorithms

mainly fall intothefollowing categories:

2.2.1 Link -Centrality -Based Algorithms

The centrality measuresuch asdegree centralitySilva and Zhao, 20163nd betweenness
(Girvan and Newman, 2002pare used to rank how imptant an edge (or nodéd in the
structure of the networklThus, the ihk-centrality-basedalgorithms are usuallyhierarchical
divisive approachethatstart with a single community comprising all the nodes of the network
Then repeatedly removing/¢ung edgesand dviding the network progressively into smaller

and smaller disconnected subnetworks that are viewed as communities until further splitting is
no longer worthwhileThe centrality measureare used for theelection of the links to be cut,
which arelinks connectinghe communities and not those within thé@rman, Labatut and

Cherifi, 2011)

The firstand most known algorithm using this approaclhhis Girvan-Newman algorithm
introduced inGirvan and Newman (2002)he algorithm estimates tleentrality of a link by
considering the edge betweenness measure, which is defined as the number of shortest paths
between pairs of nodes that go through an edge in a graph. The algorithm is based on the fact
that edges connecting communities are expetdeuave high edge betweeass. Thus, by
iteratively removing these edges, the network is separated into groups from one another and
the underlying community structure of the network is revealed. Though the algorithm obtains

good results, it is very slowd highly complex thus it is not well suited for very large networks.
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2.2.2 Modularity Optimi sation Algorithms

The most popular method widely used to find community in the network relies on the
optimisation of a quantity called modularity. Modularity (Q) israminent measure for the
quality of a community structure introduced by Newman and Girvéidewman and Girvan,

2004)and it has become a widely accepted quality of measure for community detection.

The general concept @hodularity optimsation algorithmss to detect the best community
structure in terms of modularityy searching over possible divisions of a network that have

high modularity.

Definition 2.10 Modularity (Q)
Modularityis based on the ide¢hat a random graph is not expected to have a cluster structure,
so it quantifies theommunity strength by comparing the fraction of edges that fail within a

community with the expected fraction value of the same quantity of edges failing at random.

Let g be the fraction of edges in the network that connedss in group i to thosaodes in
group j, thenthe modularity score Q for a clustering is given thg following euation

(Newman and Girvan, 2004)
0 B Q B Q (2.5)
Formally,modularity can be defined @ortunato, 2010)

0 —B & —1 (2.6)

WhereAj is an element of thadjacency matrixy is the degree of noded is the total
number ofedges in the network. is theKronecker delta symbpivhichis equalto 1 if

¢i=g and0 otherwiseand ¢is the label of the community to which node assigned.

The modularity calsobe equivalently defined g5ortunato, 2010)
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Here,k is the number of clusters, the total number ofdges joiningnodes in community ¢

andQ is thetotal degree of nodes in c.

The higher the value of @ the networkthe better its community strength. Networks with

high modularity have dense connections between nodes within the same communities and
sparse connections between noftesn different communities. Thusa Q value close to 0
indicates that fraction of edges within communities is no better than for a randoalass.

other than 0O indicate deviations fraandomnesddowever, Newman et.al reported that in real
networks the modularityalues typically fall in the range from about 0.3 to, @7d values 0.3

or more,usually indicate good divisior{®lewman and Girvan, 2004)

Fortunato and Barthélemy (20Q79inted out that the modularity measure suffers from serious
resolution limits, and claimed that the soféhe detected comunity, by enforcing modularity
optimisation Q depends on the size of the whole network, which may fail to identify modules
smaller thara certain sizeThe main reason is that the modulantgiexdoes notonsiderthe
information of the number of nodes amcommunity and the choice of partition is highly

sensitive to the total number efigesn the network

However, despite the fact thadodularityis subject to a resolution limit is still one of the

most popilaly accepted metrifor measuring th@uality of communitystructure as well as
an optimgation criterionused by some algorithms to identigpmmunities in networks
(Newman, 2016)In the following paragraphs, twmodularity optimsation algorithms are

considered in some detail.

Fastgreedy algorithm is an agglomerative hierarchical clustering mdthpyoposed by

Newman(Newman, 2004b)r'he algorithngreedily maximses the modularitfunction Q,and
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starstheprocess byssigning a different community to each node in the network. Then at each
stagein the process, the pair of clustéinat yieldsgreatest increase afoduarity or smallest
decrease isnerged until only onelusterremains containing all nodes the network The

whole procedure can be represented by a dendrogram (hierarchical tree) that illustrates the
order of themergers Cuts through the dendrogram at different levels give different partitions
into communities. Té& optimal community cluster can be found by cuttimg dendrogram at

the level ofmaximumQ.

Louvain algorithm is a hierarchicakhgglomerative optinsation methogroposed byBlondel
et al andattempts to optinge the modularity of a partition of threetwork. The optingation is

performed in two steps that are repeated iterati{i&iyndel et al, 2008)

This algorithm startsvith each node in theetwork belonging to its owoommunity Then in

the first step and for each node in the network, the algorithm uses the local moving heuristic to
obtain an improved community structure by moving each node from its own community to its
nei ghbour s & evauaingthe gain gimodubadtyassociated with the moving of

the nodeThe node is then placed in the community for which the modularity change is the
most positive. If none of these modularity changes is positieenodestays in its original
community. This process is diga repeatedly and sequentially for each node until all the nodes

in the network are considered, and no further improvement can be achieved. This concludes
the first stepThe second step of the algorithm consists of building a new network from the
commurities discovered in the first step. Therefore, the individual nodes in the new network
are the individual communities from the first step. In this new network, there will be an edge
between two nodes if there were edges between the corresponding two d¢t@snirihe
previous step. The weights of those new edges are the sum of the weights of the edges between
nodes in the corresponding two communities. The edges between nodes of the same community
in the first step will lead to selbops for this communytnode in the new network. Once the
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second step is completed, it is possible to replay the first step and iterate again if necessary.
The two steps repeat iteratively and stop when there is no more change in the modularity gain

and consequently a maximunodularity is obtained.

2.2.3 Spectral Algorithms

Thespectrahlgorithms are mostly based on the analysis of the eigenvectors of matrices derived
from the networks and designed to find the partitronimising the links lying in between the

node groupsLeading eigenvectoris one of the effective spectral algorithms proposed by
Newman (2006b)The algorithmris based on the spectral optimisation of modularity. Newman
showed that the modularity could be expressed in terms of the eigenwd@asaracteristic
matrix for the nework, callal modularity matrix and therefore spectral techniques thoe
optimisation process could be applied. He exploits the spectral properties of the modularity
matrix by using the leading eigenvectors (associated with the largest eigenvalues) of the
modularity matrix to maximse the modularity in his proposed algorithm. The algorithm
initially divides the network by assigning all the nodes into two communities according to the
signs of the leading vector elements of the modularity matrix. The negative sigtesaziun

one group and positive signs in the other. The algorithm then runs recursively on each
subnetwork to divide those parts, and so forth. At any stage when there is no division of a
subgraph that will increase the modularity of the network the igdhgorleaves the
corresponding subgraph undividddis happens when all the elemeintdhe eigenvector of

the proposed split subgraph have the same sign, and when the entire network has been
decomposed into indivisible subgraphs the algorithm ends. Eantdrested readefdewman

(2006b)discusses the algorithm in more detail.

However, thee are twadrawbacksn thespectral algorithm described abovérst, it only takes
the leading eigenvector of the modularity matoxgenerate the solution and ignores all the

information providedy the otherigenvectorsSecondit splits a network into more than two
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communities byecursive partitioningnstead of getting all the communities directly in a single

step(Chen and Hero, 2015)

2.2.4 Random-Walk-Based Algorithms

Random walk is a proce®f traversing nodes at random airttbis beemwidely used to partition
the network intocommunities. There are several algorithwisich have been proposed in
literature based on the random walk. An example inclidaltrap (WT) algorithm which

is proposed byons and Latapy (2006)

The walktrap algorithm is based on the princigpplatrandomwalks on a network tend to get
Atrappedo into densely ¢ onnlethis methodtheauthas def i r
proposeusinga node similarity measure based on short walksapture structural similarities
between nodemstead ofmodularity to identify community via hierarchical agglomeration.
The algorithm starts bgssigning each node its own communityand thedistance for every
pair ofcommunitieds compued. Communities are merged according tontir@mum  of their
distance and the process iterated f t e r ps,itHe algotitem finishes angives a
hierarchical structure of communities calleddendrogram The best partition is then

considered to be the one that maxdesimodularity.

2.2.5 Information -Based Algorithms

InformationBased algorithmsare also known ascompressiotbased approaches. Tlee
approaches use the concept of information theory to find community clusters in the network.
They basically consider the community structure as a set of regularities iattherk topology,
which can be used to represent the whole network in a more compathavathe whole
adjacency matriXOrman, Labatut and Cherifi, 2012hfomap algorithm is an example of
information theoretic algorithms proposed IRosvall and Bergstrom (20Q8)nfomap
algorithm characterises the problem of finding the optimal community clusterirnigein

network as the problem of findinfge most compressed (shortest) description length of the
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random walks on the network. It uses a random walk as a proxy for informationnflaw
network and minimgesa map equation, whicimeasures the description length of a random
walker, over all the etwork clusters to reveal its community structure. To represent the
community structure, the algorithm uses a-texel nomenclature based on Huffman coding:

a level to distinguish communities in the network and the other to distinguish nodes in the

commurity.

In practie, the random walker is likely to stay longer inside communities, therefore in the
process of finding a community containing few intemmunity links, only the second level

is needed to describe its path, leading to a comegresentationHowever, gen though
Infomap is a competitive community detection algoritlna shows very good performance
across several benchmalkortunato, 201Q)t cannot handle big networks with millions and

billions of edges that alscoming commonplace with the advent of Big O{Be et al, 2017)

For a more thorough discussion of community detection methods and algorithms and their
principles, please refer to the work done by Fortumdto is one of the major authorities in

the field of communityetection(Fortunato, 2010andSchaeffe(Schaeffer, 2007)

2.3 Parallelisation of Centrality Algorithms

Presentlythe realworld networks are often complicatethdaccompaniedby extremely large

sizes. Using conventional algorithms to analyse networks is almost impossible to process

in a single machine and they usually require spee@irocessing methods, especially parallel
ones Furthermore, many data paralalion methods are proposed to extend storage
capabilities and to improve performance by distributing data and related tasks into disparate
hardwargHu et al, 2014) MapReduc€Dean and Ghemawat, 2008)one of the most popular
distributed computadin framework thatis beingwidely applied to large scale datgensive

processing.
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2.3.1 MapReduce

MapReduces a distributed computing model proposed ®goglein 2004 for processing
massive data sets with a parallel distributed algoritkimg alarge number of computens an
efficient and fault tolerant mannéean and Ghemawat, 2008Nowadays, MapReduce is
widely used as an efficient distributed computation tool in nagpficationse.g., search,
clustering, analysis of social networksg analysis ananatrix multiplicationto name but a

few (Derbeko et al, 2016)

The computatiorof MapReducdakes a set of input key/value pairs, and produces a set of
output key/value pairs. The computatioiiMapReducas expressé as two functionsvritten

by the userMap and Reduc®©ne iteration of map armgducefunctions is called MapReduce
Job. MapReduce computation could banply described as the following stefBean and

Ghemawat, 2008)

1. Input data is read frorihnedisk and converted to Keyalue pairs.
2. The map function tes an input pair of data separately, processes it and produces a
list of intermediate key/value pairs.

0 Q@b ¢ apd @ & Qb Baby ¢ dgd Q 2.8)

3. The reduceunction takes intermediakeey2with a list of Valuesand processes them
to form a new list of values.

0 Qahtx Qi @ agd @ & Qi @ acd Q (2.9

4. Once all input pairs have been processed, the output of the Redudenfund¢hen

written tothedisk asKey-Valuepairs.
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MapReduceuns ina cluster of nodes; one node acts as a master node and the others act as
workers. Theanaster nodes responsible for assigningstes to idle workers whereas tverker
nodes are responsible for running map and reduce t&dMsck diagram ofthe MapReduce

frameworkis shown inFigure 2.2.

User
) S Program "
1
! Fork

/ 1

<

/I \\\
,/ Assign Assign N
/ N
.
K map . < \r‘educe N
- < N

. -

7’
Fork,”
7

Interm ediate files

Input files Map phase (On the local disks)

Reduce phase Outptt files

Figure 2.2 Architecture of MapReduce framewofRean and Ghemawat, 2008)

There are some existing opeyusce implementations of MapReduce such as Haftéagoop,
2016) which has been widely usbg manyorganisationsuch as Facebook, Yahoo!, LinkedIn
However, despite the popularity BfapReduce andbeingextensively used by both academia
and industry, the MapReduce has also been the object of severe cribmstkeridis and
Ngrvag, 2014; Fernandez et al, 2014; Mohebi et al, 20h&)nly due to its performance
limitations, which arise invarious complex processing taskich aslack of loopaware task
scheduling. MapReduce does not support rati#tging of tasks in a singlermruWhenever new
MapReduce jobs aexecuted, the input data has to be reloaded from the disk evergiaring

iterations and regardless whether or not the input has changed from the previous iterations.

Recentlysomeresearchers proposed several frameworks that support asynchronous execution,

which is not allowed in MapReduce. For exam@eme approabes provide support for
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iterative algorithmghat useMapReduce execution modauch as: TwistefEkanayake et al,

2010) HaLoop(Bu et al, 2010and iMapReducé&Zhang et al, 2012)

2.4 Summary

Since the terminologies networks andpra share the same definition, the first part of this
chapter introduces the basic concepts of graph theory that are used in further chapters. This
includes the definitions of adjacency matrix, degree of a node, completely connected graph,

triangle, triple reachability, homophily and hierarchical structure.

This is followed by the literature review of staikBthe-art community detection algorithms
and the discussion of different categories of clustering algorithms. The field of community
detection is veryich and several algorithms to detect communities in networks are proposed.
As an overview, the community detection algorithms could be classified based on
methodological principles into five categories: hoéntralitybased algorithms, modularity
optimisation algorithms, spectral algorithms, randaalk-based algorithms and information
based algorithmskFor a more thorough discussion of community detection methods and
algorithms and their principles, please refer to the work done by Fortwhatis oneof the

major authorities in the field of communityetection (Fortunato, 2010)and Scaeffer

(Schaeffer, 2007)

Most of the community detection algorithms in the literature are cledsi global algorithms

and are designed to work on a single machine. However, in-dasje network scenarios
which will not fit within a single machine, it is impossible for such community detection
algorithms to find communities. Parallelizing the altons is one way to improve the
scalability of community detection. However, it is worth noting that community detection
algorithms, which use global information, are not suitable for parallelization. Hence, a

Decentralized Iterative Community Clusterimgproach (DICCA) is proposed in this research.
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The last part of this chapter addresses the parallelisation techniques that have been used to
parallelise the community detection algorithms. Though there are several techniques available
for implementingparallelisation, most of the algorithms used for big data scenario employ
MapReduce scheme. This is due to its salient featuresithadie scalability, flexibility, fauk
tolerance andsimplicity. So, | have incorporated MapReduce scheme in parallelisang

Decentralized Iterative Community Clustering approach (PDICCA).
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CHAPTER 3
NETWORK MODELS AND STATISTICAL METHODS

FOR COMPARISON OF NETWORKS

In the previoushapter the basiconceptf community detection methoagereintroduced.

In this chapter, the empirical properties of realrld nedworks are discusse&ollowing this
general metrics tevaluate the performance of community clustering algorithms and cluster
guality on the networkare presented Then acomprehensivetudy tobenchmark approaches

for community detection in the networks is conductédally, researchmethodology used in

this work is discussed.

3.1 Topology of Real Networks

As it has beemotedin the first chapter of thisthesis, many reakorld systems can be
represented as complex networdswever, the realvorld networks are nearandom andhey
usuallypresent interesting patterasd properties conveying that their inherent structure is not
governed by randomnedResearchers have concentrated particularly on a few properties that
seaen to be common to many networkthd small-world effect, degreedistribution and

community effecty whichwill bediscusedin the followingsubsectios.

3.1.1 The SmalkWorld effect

The smahlworld concept in simple terms describes the factekanh if the network has many
nodes there existarelativelysmall number of intermediate steghdrt path connecting any
pair of nodes within th@etwork (Newman, 2003)It wasfirst introducedin the 1960s by
StanleyMilgram through a series axperimentqTravers and Milgram, 1967; Travers and

Milgram, 1969)
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The network is said to show a smaibrld effect if the value of the mean geodesic distance
scales logarithmically or slower with network size for fixed mean de(@teevman, 2003)

However, mwadays, the smallorld effect has been studied and verified directly in a large
number of different networksuch asthe weltkk n o wn-defirees @ e par at i ono

networks(Newman, 2003)
3.1.2 Degree Distribution

In realworld networls, not all the nodes inthe network havehe same number of edgdhe
spread in the nodeegrees is characteed by a distribution function 0 . The degree
distribution0 is definedasthe fractionof nodesin the networkwith a degree KNewman,
2003) Degree distribution othe networkgives important information about topological
charactesation of the networki-or example, mangetworks, such ahe nternet(Faloutsos,
Faloutsos and Faloutsos, 1996itation netwoks (Redner, 1998)telephone calhetwoks
(Aiello, Chung and Lu, 200@)aveall been shown to displayowerlaw degree distribution
~"Q wherethe o n st a nwn atlthei esponient af the powaw with a scalingoetween

2 OUO3 (Newman, 2010)

3.1.3 Community Effects.

A number of measures have been developed for testing this tendency in the n@tveod.
themis the d¢usteringcoefficient which measures the degree to which nodes in a network tend
to cluster together. However, there are two skalbwn definitions of the clustering coefficient

of an unweighted networkhe local clustering coefficient and the global clustecoefficient

(also referred as transitivityNewman, 2001; Costa et al, 2007)

The local clustering coefficient is a local property, introducedMayts and Strogatz (188)

and used to describe the network structure of nodes that are close to each other.
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Consider a node i in a network G, the clustering coeffiadrat nodei, 0 , is defined as the
ratio of the number of edges connecting the neighbours of i to the total possible number of such

edges of i.

5 —— (3.)

Where,, is the number of edges between neighbafrnodei, 0 is the degree of node i

(Costa et al, 2007)

The clustering coefficient for the whole network is the average of the local walues

5 -B & (32)

Wheren is the number of nodes in thetwork(Costa et al, 2007)

An dternative definition of the clustering coefficient of a given noe i

5 — (3.3)

where N (i) is the number of triangles involving node i aXgli) is the numbeof connected

triples having ias the centratode(Costa et al, 2007)

The global tustering coefficients defined as the tendency among two nodes to be connected

if they share a mutual nei ghbour (i f azb and
forming a triangle).The global dustering co#icient is based on the relative number of

triangles in the network, compared to total number of connected triples of nodes and can be

written as(Newman, 2001)

(3.4)

Where: N is the number of triangles in the network ands\the number of connected triples.
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In real networksit is shown thathe smaHlworld property is often associated with the presence

of clustering, denoted by high values of the clustering coeffi¢Watts and Strogatz, 1998a)

3.2 Overview of Validity Evaluation

Sincethere isnouniversally accepted definitiaaf what a community issssessing the validity
of community detectiorlgorithmsis a hard task andegeral validity approaches have been
developedn literatureto evaluate the performanoé the community clustering algorithms.
However, untilthis day, there is nformalisation of the problem of comparingnd validation

of community structuren this sectionthe mostcommonly usedluster validitymetricsare
discussedThe duster validitymetricscould be classified into two typesusterquality metrics

and eternalevaluationmetrics

3.2.1 Cluster Quality Metrics
3.2.1.1Coverage

Coveragg Emmons et al, 20163 one of thesimplestquality functiors, which compares the
fraction of intracluster edges in the graph to the total number of edges in the graph. Coverage
is given by:

N - N h

6 &0 Qi w—@@h— (3.5)

Where Sis the cluster to which node i is assigned gf&d b) is 1 if a = b and 6therwise.

Coverage values usually range between 0 and 1. Higher values of coverage mean that there are
more edges inside the clusters than edges linking different clusters. Howoseeage metric

does not take into account timernal cluster density arcduses atrong bias towargartitions

with a smallemumber ofclusters.Thus it leads to a trivial clustering in which all nodes are

assigned to the same cluster.
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3.2.1.2Conductance

In contrast to coverage, which measures only the accumulated edge weighthvgtars, the
conductancewhichis also known as Cheeger constghtias-Castro, Pelletier and Pudlo, 2012)
is based on the idea that two clusters should have a small degree of connectivegnbath
other and in the ideal cafieey are disconnected. More formally, it computesratio of the
number of intercluster edges for the cluster and either, the numbedges with an endpoint
in the cluster or the number of edges that do not haem@point in the cluster, whichever is

smaller(Kannan, Vempala and Vetta, 2004)

Consider a cut that divides Gan€ noroverlapping clustersCC,,  éC«. The conductance

of any given clustei (# ) is denoted byKannan, Vempala and Vetta, 2004)

L L— (3.6)

Where:0 0 B. s« O which determine the total degreef# , # denotes the

complement o# in graph G and\ is the adjacency matrix of tlgraph G.
The conductance of the graph GKsannan, Vempala and Vetta, 2004)
O aQe o (3.7)

Conductance is widely udeo capture quantitatively thtion of a good network community
as a set of nodes that has better intethah externatonnectivity. The lower the conductance
the better is the clusterirgieskovec, Lang and Mahone3010) However, as more clusters
in the network willprobably lead to more catdgesit is pointed out that the conductance has

atendency of giving better scores to partitioning vier clustergAlmeida et al, 2011)
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3.2.1.3 Modularity

As presented in chapter 2, modularisy one of the most popular validation metrics for
topological clusteringand itis usedas anoptimisation method for detecting community
structure in networkdModularity states that a good cluster should have a bigger than expected
number of connections between the nodes within modules and a smaller than expected number
of connections between nodes in different modulé® higher the valuef modularitythe

beter its community strength.

3.2.2 External Evaluation Metrics

When working witha networkthat haswell-defined clusters fg rfio u n d it i possibldto

evaluatea specificclustering algorithm bgomparing the computed solution provided by the
algorithmwi t h t hi s @ gr @ushown ifrigutet3.hliothefatldwing subsetion,
thecommon indiceshatar e used for measuring Agoodnesso

to ground trdstubséd sol uti on ar e

Similarity measure

Ground Truth

Figure 3.1 The way of benchmarking the algorithm using a network with grdwutdh communities

3.2.2.1Rand Index

The Rand IndexXRlI) is a statisticalmeasuredeveloped byRandto measure the similarity
between twalustering solutiongRand, 1971)It is based on the relatiship between pairs of

nodes andequires two labels for eactode. One labas correspondingo its true community
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andthe other one icorrespondingo the predicted communitylf X and Y are community
clusteringassigments for each noda the networkRand Index iglefined aghe fraction of
pairs ofnodes that are aoect to all possible pairs of nagleA pair ofnodes is considered
correct either if th@odes share the same cluster in both clustgmgesseX and Yor if they

are in different clugrs in bothsolutiors. The Rand Index is then given by the equation:

Y @ty (3.8

Where:

a1 and j are assigned to the same cluster in both X and Y

aoo. 1and j are assigned to different clusters in both X and Y

awo: 1 and j are assigned to the same cluster in X but to different clusters in Y
a0 1 and j are assigned to different clusters in X but to the same cluster in Y

n: number ofhodesn thenetwork

RI gives a measure of similarity withvalue ranging from Ovhen there is0 pair classified
in the ame wayunder both data cluster® 1 whendata clusters are exactly the sarme
practice the RI often lies within the narrow range[0f5, 1]. However Rl is highly sensitive
to the number of clustersonsidered in each clustering solutiand has a tendency to give

higher values athe number of clusters increas@&agner and Wagner, 2007)

3.2.2.2Adjusted Rand Index

The Adjusted Rand Index (ARI) tee chanceorrected versioof the Rl proposed bubert
and Arabieand t is known to be less sensitivettte number of clustei@iubert and Arabie,
1985) ARl is equal to the normaded difference of thRand Indexand its expected value under

the null hypothesisThe expressiofor ARI takes the general form (indexexpected index)/
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(maximum index- expected index). More formally the Hub&tr abi eds f the mul

adjusted Rand index (&modio et al, 2015)

0 Y @hd (3.9)

Like the RI, the adjusted Randdlex equaldo 1 when both partitions are exactly similar.
Because it is chanemrrected, a value equal to 0 represents theHatthe similarity between

X and Y is equal to expectedalue under the generakd hypergeometric distribution
assumption for randomneddowever, negative values are possible and they indicate less
agreement thaexpected value. For further detailed description of ARI, the reader is referred

to Hubert and Arabie (1985)
3.2.2.3Normalized Mutual | nformation (NMI)

Normalized Mutual InformatiofNMI) is a similarity measure for comparimgo partitions
based on thenformation theory concept. i$ introduced in tB community detection domain
by Danon et aland since then it has beetdely used to evaluate the accuracyommunity

detection algorithméDanon et al, 2005)

For an Anode network with two partition&={X 1, X2, X3, X} and Y={Y1,Y2,Y3 € .9-}
where X and Y represent the real communities and found communities respectively, the
normalized mutual informatioNMI(X,Y) of two divisionsX andY of a network iglefined as

follows (Labatut, 2015)

0 0 O ~ (3.10

Where: U
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If the found partition by the algorithm is identical to the real community, thdh takes its
maximum value of 1If the partition found is totally independent of the real partitioen

NMI=0 (Labatut, 2015)

3.2.3 Computational complexity

Computational complexity theory is the study of the scalability of algorithms. The term
scalability involves both the number of computation steps needed and the number of memory
units that need to be allocated to run the computation. In the case of atgepbmber of

nodes n and/or the number of edges m is usually used to indicate the complexity of algorithm.
Big O notation is a symbolism used in complexity theory, computer science, and mathematics
to describe the asymptotic behaviour of functionsellstyou how fast a function grows or

decrease@ortunato, 2010)

3.2.4 Visualization for Cluster Validation

Applying metrics is one way to evaludtee quality and correcéss of the detected
communited ut fia picture i s wosingmetwarksisithe mostalirect wo r o
way of understanding them. However, large netwgéagticularly dese onesre very difficult

to visualse due to inherent visual clutter caused by many edge crog$iagg et al, 2014)

Different graphical representations for data associated with networks and their layout
algorithms to give an impression of grafdyout issues and limitations with regard to
scalability have been proposed. These algorithms include YifarfHdy 2005) ForceAtlas
(Jacomy et al, 2014BarnesHut Algorithm (Barnes and Hut, 198&nd OpenOrd layout
algorithm (Martin et al, 2011) How to design appropriate graph visualization technique
depends on many factors, including the type of graph describing thardhthe analytical

task at hand.
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An alternative visuatation method is taisethe adjacency matrixepresentationsin an
adjacency matrixnodes are displayed twice, on the abscissa and on the ordinate. An edge
between the two correspondimpdes in thenetwork is represented by a npero entry.
However, since each edge in the network is defined by itself in-ahremed space, there is no
edgecrossing problem. According to studies performe&hgniemet al.the adjacency matrix
outperformsthe nodelink diagram when the considered graph becomes large and dense

(Ghoniem, Fekete and Castagliola, 2004)

Furthermore, using adjacency matrix representatiooBerent rectangular aredblocks
appear in ordered matrix pgowhenever strongly connected nodespresent in the underlying
topology.In network analysis scenaridbese blocks would be referredasclusters Hence,
with these representatiordear blockpatterns help counting clusters addntify larger and
smaller cluster¢Behrisch et al, 2016)he aljacencymatrix representation has been used in
many domains includingsocial science, artificial intelligence, biology, supply management,

neurology and transportatigBehrisch et al, 2016)

In this research, | have used the matrix reordering visualisation technique for representing the

community clusters.

However, the research in this work focuses on the problecoramunity detection in the
networks and does not touch the visualization technidtm. more information, interested
readers may refer tHerman, Melancon et al. 200@hd (Von Landesberger, Kuijper et al.

2011)

3.2 Artificial Networks

When evaluaing the performance of community detection algorithnisere are two

approacheshiat could be usedhefirst approach is to test againke realworld networks
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with prior information about communities and the second approach is to test agaitiicial

networkwhose community structure is already known, whiaksigally termed as ground truth

Among the formerZachary's karate clufZachary, 1977and the college football network
(Girvan and Newman, 200R2pave been extensively usddowever, die to the complexity of
data collection and costsealworld benchmarksare usually smalsized networkgYang,
Algesheimer and Tessone, 201BJrthermore, obtaining real network with a ground truth is
not only difficult, but also costly in economic terms and tiMereove, since it is not possible
to control all the different features of araetwork (e.g. average degree, degreeiligton,
community sizes, etg.jhe algorithmsould only be tested with a limited set of featur@s
the other hand, artificially generated networks can overcome most of these limitétioss.
theliterature has given much attentitalgorithms' performance dcr@nchmarketworks and
there are a maber of models \ailable to produce synthetic networkfhe following

subsectioadiscusghe most welknown enchmark that generate networks wighoundtruth.
3.2.1 Girvan and Newman(GN) Benchmark Networks

The Girvan and Newmarbenchmark(GN) is one of the first benchmarks proposed for
community detection algorithms by Girvan and NewmaxGirvan and Newman, 2002)he

GN benchmark network consists of 128 nodes that are divided equally into 4 communities of
32 nodes each. The strength ofthe mmu n iistgiyen jythe fraction of the edges placed
between two communities to the total number of edges in the netWwekower value of this
parameter will result in networks with clear separable communitiesvever, the GN
benchmarkhas some limitations such adlthenodes of the network have essentially the same
degreethe communities are all of the same sizd #re network is small.

Since the realvorld networks are characterised by heterogeneity in the distributions of node
degrees and of community sizes, which is not the case in the GN benchmark, this benchmark

is not entirely suitable for reavorld networkclustering(Newman, 2003)
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3.2.2 LFR Benchmark Networks

The LFR benchmark model was propod®y Lancichinettiet al.to generate undirected and
unweighted netarks that closely resemble reabrld networks with community structure
(Lancichinetti, Fortunato and Radicchi, 200BFR model has become a popular choice for
assessing the performance of community detection algorithms and the model was subsequently
extended to generate weighted and/or directed networks tivethossibility of overlapping
communitiesHowever, in this work, the focus is givemtheundirected nweightedhetworks

with nonoverlapping communities.

The LFR model is proposed to address most characteristics of real networks, e.g., size of the
network and heterogeneous degree distributiothdhFR benchmark, both the node degrees

of a network andhe size of each comumity are controlled by a powdaw distribution with
exponent o a.rHdweger rhasdbgerabdeived that seadrld graphs have such

a powerlaw degree distributioNewman, 2003ywi t h t ypi c al values of:
(Lancichinetti, Fortunato and Radicchi, 2008)

Animportant paameterotheLFR model i s the mixing paramet e
between the external degree of each node with respect to its community and the total degree of
the node. Each node shares a fracsctomounityli & ¢
and a fraction ¢ wiktivdlk. Bsdediallpthishparametercahdesviewed t h e
as the amount of noi se i ofametwerkig thahaidderitiFthe | ar
detect communities in it. If > 0.5 then each nskdares more than half of its edges with nodes

in other communities, €€ = 0 means all edges
edges are between nodes in different communities. The model also allows controlling directly

the following parametersiumber of nodes and maximum degrees. The obd€R modeis

publicly madeavailableby the authors(Fortunato)
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3.3 Research Methodology

The aim of the researcts to develop an accurate and effectisemmunity clustering
approachefor largescale networksThis section presentesearch methodolodgr achieving
the objectives of this thesidrigure 3.2 shows the research methodoldggmeworkused to
achieve these objectiveS8ach stage of the methodology for this research is explaineitly

in the followinglines.

Studyingthe background information and a careful review of the relditardture(presented

in chapter 2 and 3Yevealed the insufficiencies of existing community detection techniques
This provided thedirection for the resear@nd helped me to formulate the problem definition
along with the researchbjectives that lise in section 1.4. However, to achieve these

objectives three approaches are proposed and evaluated extensively.

Related works

Reviewing Related
. « Graph theory.
literatures » Community detection algorithms.
* Parallelisation techniques for the community
detection algorithms.

* Properties and models of real networks.

Problem Formulation

Definition of Research
Objectives

Design an efficient community-

detection approach that work at the
local level.

+DICCA —~ Extend proposed approach to work in
+PDICCA parallel/distributed fashion
Pl’OpOSCd Models * Pre-processing approach to improve the performance

Proposed approaches

of for existing community detection algorithms

Used data set

Alllal)’SlS and *Syntactic data set (LFR).
Experlmental results *Real word data set (Facebook data set and smart
phones dataset).

Design optimisation tool for robust
community detection algorithms.
Comparison (NMI, RI, ART)

Experimental .
Evaluation Scalability Sensitivity Accuracy

Quality (Modularity)
Visualization (adjacency matrix
representations)

Figure3.2 Research methodology framework
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1- Decentralized Iterative Community Clusteridagproach (DICCA)
A novel Decentralized Iterative Community Clustering Approach to extract an efficient
community structure for large social networks are proposed. The proposed approach
works at the local level and does not require any global knowleddeeafetwork. It
based on random walk anehchability, which is done byessage propagation between
neighbours.

2- ParallelDecentralized Iterative Community Clustering ApproaeRICCA)

PDICCA is a distributed memory parallel processing approach that transstioe serial

steps of the DICCA approach into parallelised tasks.

3- An optimization approach for improving the robustness of community detection in the
existing weighted community detection algorithms, especially in networks with missing
information is poposed. This is done through considering attribute information, shared
nei ghboursdéd information and connectivity

detection process.

The following chapters(chapter 4, 5 and 6) explain in detagbout thee threeproposed

approaches.

Forimplementatiorof theproposed approachdsst of software were used in the process:

I Matlab software

1 Igraph ( R) software packages

In this work, the synthetic dataset is generated by the LFR benchmark model along with their
groundtruth communities in order to be able to evaluate the effectiveness of the proposed

community detection approaches on a range of netatouktural properties and network sizes.
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In addition, anonymised Facebook datasets are usedaiwate theeffectveness of the

Prepressing approach{3roposed approach ).

Evaluating the validity of community detection algorithms based on a single measure alone can
lead to misleading conclusions. Thus, in this work, a range of performance measurements,
Normalized Mutual Information (NMI), modularity (Q) and Adjusted Rand Index (ARI) have
been applied as evaluation criteria to evaluate the quality of community clusters. These three
performance measurements are based on three different approaches. The ARhiegenio

pair counting whereas, NMI is based on the information theory apprblaethird approach

is the modularity measure, which relies strictly on the network topology. This modularity
measure allows to quantify the quality of a community structuaebimd way and without the

use of a reference (growtidith).

Going a step further, the matrix reordering visualisation is used as a visual representation for

networks by encoding visually an adjacency matrix to show community clusters in the network.

3.4 Summary

Realword networkshavespecific topological features, which charaizertheir connectivity.
Measurement®f the connectivity are essentitd describe,analyse model, validag the
networks and exploit network structure to achieve certain dmthkis chapter, the empirical
properties of realvord networkghatdescribe the structud thenetworkarepresentedThis
specifically focusesn the statistical propertie®f networks that have received particular

attention,includingthe small-world effect,degreedistribution anccommunity effects

Furthemoreg in this chaptervarious performance measures for assessing the quality of
community clustering algorithms adescussedThis includes, kusterquality metricssuch as

coverage conductace and modularity, and some externaiakiation metrics such asRand
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index, adjusted Randndex andNormalized mutual nformation Also, adjacency matrix

representatiors discussed.

Finally, a comprehensive benchmarking studytbaapproache$or communty detection in
the networks isonductedGirvan and Newma(iLancichinetti, Fortunato and Radicchi, 2008)
and LFR Benchmark mode{kancichinetti, Fortunato and Radicchi, 20@8at are proposed
to generate sythetic networks to mimic the rewalorld networks areliscussedn more detail
The GN benchnt& has some limitations such a#l,the nodes of the network have essentially
the same degree, the communities are all of the same size and the seteisrimall. Since
the realworld networks areharacterisetly heterogeneity in the distributions of node degrees
and of community sizes, this benchmark is not entirely suitable fdrwald network
clustering. Son this work, the synthetic dataset is gereddbdythe LFR benchmark model
along with their groundruth communitiesis usedin order to be able to evaluate the
effectiveness of the proposed community detection approaches on a range of-sgtvetukal

properties and network sizes.
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CHAPTER 4
DECENTRALIZED ITERATIVE COMMUNITY

CLUSTERING A PPROACH (DICCA)

In this chaptera novel Decentralized Iterative Community Clusteriagproach@ICCA) for
detecting communit&in complex networkis proposedThe DICCA approach idased orthe
random wallkprocedureand reachability of nodes in the netwohk important property of this
approachsits ability to cluster the entire network withdbeglobal knowledge of the network
topology. This ability means that this method could be easilapted toany parallel/
distributed processing to find community clusters in big networks

Some parts of this chapterare published in the proceedings of thEEE 28" Annual
International Symposium on Personal, Indoor and Mobile Radio Communications PIMRC,
Montreal, QC, Canadgp.1-7) in October 201.7However, n reference to IEEE copyrighted
material which is used with permission in this thesis, the |IEEE do¢ endorse any of
[Liverpool John Moores University]'s products or services. Internal or personal use of this
material is permitted. If interested in reprinting/republishing IEEE copyrighted material for
advertising or promotional purposes or for cmegtinew collective works for resale or
redistribution, please go tdtp://www.ieee.org/publications_standards/publications/rights/

rights_link.html to learn how to obtain a License from RightsLink.
4.1 Related Literature and Previous Studies

The problem ofnetwork clusteringhas received considerable attention from researchers in
recent years and the list of propdsilgorithms is rich and diversémong themthose based
on modularity maxingation form the most prominent family of community detection

algorithmsclosely followed by theategory of algorithms based on randemalks (Fortunato,
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2010) However, nost of the research on community detection algorithmseaesdesigned
to work on a single machiremployinga form ofbasicrandom access to the entire network,

so theyrequire access tiheentire network aall times(Fortunato, 2010)

In the modern era of technolgggtremendous amount of data is generated at an incredible
speed fom everywhereAs the data size is scaling up, the need for computing power is
exponentially increasingn many such situations, the required processing power far exceeds
the procesing capabilities of single machin€arthermorein many such caselse largescale

data set does not fit into the main memory of a single machine and needs to be distributed
among several machineBhese demanding requiremehtsveled tothe needfor parallel and

distributed algorithms$or big data analysis.

In this chater, a novelDecentralized Iterative Community Clusteridgproach(DICCA) for
accurately clustering netwaks presented his scheme is completely decentralized and does
not requirethe global knowledge of the networl&part from DICCA, there exissome other
algorithms that operate based on partial information. For example, the Distributed Diffusive
Clustering algorithm (DIiDiC) is proposed byoachim and HennindGehweiler and
Meyerhenke, 2010based on the method of disturbed diffusiwhich is designed to eliminate

all the global operations for assigning nodes to partitions. However, the nodes executing DiDIC
algorithm need to communicate with their diraeighbour@andDiDiC requires knowledgeof

all theneighbouring nodes.

Another algorithm somewhat similar to the proposed DICCA @onnectivitybased
Decentralized Node Clustering scheme (Cp&)posed byRamaswamyet.al (Ramaswamy,
Gedik and Liu, 2005)The CDC algorithnadopts some ideas from the diffusibased models,
andis patrticularly designed for pe@r-peer networks. Even though the algorithm assumes that

each node has lanited view of the entire networksimilar to theDIiDiC algorithm, CDC
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algorithm requires knowledge about ahe neighbouring nodesAnotherdistributed graph
partitioning algorithm, called Jae-Ja, proposeth (Rahimian et al, 2013} a decentralized
local algorithm that does not require any global knowledge of the graph topdtmgympute

the partitioning, the nodeonly requiressome local information about its neighbouring nodes,
and a small subset of random nodes in the graph. However, tindk@oposed DICCA
approach, the algorithm prodwgeartitions of equal sizes. In fact, it tends to find haé size
partitions rather than goeshaped partitions, and therefore, the number and size of yielded
partitions is controlled, and does not depend on the topology of the input Ghegobfore, the

outcome does not match the réfd scenario.

Table4.1 Comparison of the algorithms

Short

Concept of the

Algorithm . Features Comments
name algorithm
Distributed Uses the concept of Requires DiDiC initially was
Diffusive DIDIC disturbed diffusionto = knowledge of all implemented to balance the
Clustering identify dense graph = the neighbouring loads on virtual P2P
algorithm regions nodes supercomputers
Connectivity The central |dea_ in the Requires Model is suitable for
based CDC scheme is to . . .
i ) ; knowledge about discovering connectivitpased
Decentralized simulate flowin :
Node CDC the network where even _aII the _ clusters in peer to peer
. . © neighbouring network and handle highly
Clustering edge considered as a .
. nodes dynamic nodes
scheme road between two points
Itis a distributed edge Does not require The algorithm produces
JabeJa JabeJa partitioner that creates any global partitions of equal sizes.
balanced partitions while knowledge of the However this is usually not the
reducing the vertex cut  graph topology case 6r real networks.
The algorithmadapableto any
Decentralized The algorithm is based Able to cluster the pargllel/ d'St”bUt.ed processing
. . to find community clusters in
Iterative on therandom walk entire network : ;
. : big networkswhen the size of
Community = DICCA procedure and without the global .
. > . the input network or the
Clustering reachability of nodes in  knowledge of the . o
computation complexity is
approach the network networktopology be

yond the resources of a sinc
computer

4.2 Description of the ProposedDICCA

DICCA is an agglomerative clustering algorithm, it starts with everge belongingto a
community cluster on its owand iteratively merigg theclusters that have high similariyith
each otherDICCA is based on random walk and reachapiby broadcasting message
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through the network to compute similarity between community clusters and identify clusters

in the network.

The pseudo code outlining the entire procedure is listédhiorithm 4.1below and it consists
of two phaseghat run inan iterative fashion. The first phase, namechl clusteringis to
define originatorsone for eactcommunity cluster an@dssociateeach noddo the besfit
originator. The second phase, named netwedkiction, isused to build a new network based

onthe detectedommunitiesn the firstphase

In thelocal clusteringphaseof each round of the iteratippnenode isselectedandomlyas

the originator Then tls originator node sensla message (Msglo all its neighbours The
messageontainsthe following three fieldsOriginatornodelD (OnID), Time to Live (TTL)

and Messag@/eight(WMsg). OnID is used founiquely identifying the originator nod&€TL

is the maximum number of hopisat the Msgcan be recirculatedefore being discardedhe
message eightfield (WMsg) isthe weight carried by the messa@lae Weightrepresents the
estimated probability of reaching any node in the network starting from the originator node.
However, the WMsgs initialised to one and assigdto the originatortself, to avoid the
originator being assigned to any other clust@tee function used to calculate the weight of
message sent from tleiginator( to its neighbouring nodé depends on the edges between

the originator) and the nodé and is defined as:

=y

Wi "® ho

_ (4.1)

Each node in the network maintains a set of values, represented as Total Message Weigh
originator ID. TheTotal Message Weiglvalue represents the sum of the wesgbt all the
message thatreached Ni and has the same Originator nodéNlBen the nodé receivesa
messagé®/sg, it updates the total weight functisorresponding to thmessage originatorode.

Then, the receiving node checks whethesr notthe TTL of the message is greater thzaamo.
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If so, thenodedecrementd TL value by one, updates WMsg of the Msg afwwards the
updatedmessage to all its neighbouhe updatedveight of the n& messag&/Msg(Vi, V)

being resentfrom node6 to its neighbouring nodé is definedas

GOi B Gbi B - 4.2)

However, Node 6 halts the message circulation TTL is zero or WMsg becomes
insignificantly low.When the TTL reaches zertie message will no longer be forwardexd
the nods jointhecommunityled by the originatonode/ that hageceivedotalweight values
greater than the specified threshadttbwever, if the atal weight valuesreceivedfor some

nodedie below a predefined threshold, thensknodes will remain & outliers.

In thenext step, thalgorithm adds one more originator nptdg randomly seleatg one of the
nodes from the outliers that do not belong to any community. figenew originator repeats
the same process that waaried outby the former originator andpdates communities and
their correspondingriginator as well athe outlier node list. The algorithm keeps iteratively
adding one more originatoand updahg communities and outlier nodes until each node is
joined to a communityand thereis no outlier node remainingdiowever, each node in the
network may receive multiple messageserated from different originator nodésthat case,

the nodgoinsthecommunityled by the originatonode that hathe highest totalveight

The secongbhaseof the algorithm consists of building a new network from the communities
discovered in thérst phasewherethe individual nodes in the new network are the individual
communities from the first step. In this new network, there will be an edge between two nodes
if there were edges between the corresponding two communities in the previouBhstep.
weights of those new edges are the sum of the weights of the edges between nodes in the
corresponding two communities. The edges between nodes of the same community in the first

step will lead to selfoops for this community node in the new network.
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The twophases mentioned above aepeaed with the rebuilt networlikteratively andthe
processstops when there is no more change ind@munitiesand consequentlgptimised

community clusterareobtained

Although the exact computational complexity of DICCA is harder to formalize, this algorithm
behavesad a 1 1 €& , in whichn is the totahumber of nodem the networkand m

thenumber of edgedHowever, themosteffort is in the first phase of the algorithm.

Theproposeaoncepis shownn Figure 4.1The figure illustrates how the proposed algorithm
works at different stages of execution of the algorithm with 11 nodes labelled from 1 to 11 and
17 unweighted edxs. The algorithm process is initiated by choosing node 4 as originator in
the first iteration and threshold value is set to 0.28s$4ge in the figurearedefined by three

fields that provide information about the messagpresenting theriginator, TTL and current
weight of the message respectively. For example, ifighetvalue ofthe message received by
node 5 is §:2: 0.23, it mears that the message datasoriginated by node 4 and the weight

of current message is 0.25 with TTL=2.

By compiling the notions above, a community clustartihe proposed algorithm can be
described as:

1. The nodes and only these nodes which are mutuallglgesennectedbelong to the same
cluster.

2. If node Vdoes not have many neighbours &nd reachable from one or sevenaldes, then
V belongs tahecluster thats more densly connected.

3. If V does not have any neighbours, thedoes not belong to any cluster.

4. The obtained communities are not overlapping and consequently, they agfantition C

of nsuchthav=" Ci and Ci z Cj =1 for any il
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Stepl: Initialisation
Node 4 choseas originator TTL=3
outlier nodes={1,2,3,4,5,6,7,8,9,10,11}

4:2:0.25 4:2:0.25
4:1: 0.0625 4:1:0.0625
4:1: 0.0625 4:1: 0.0625
(3—3) (9—10 (35 (9—0
| i )
41 0.062$
A7 4:1:0.0629 [ 1
an (2 4 |r|
k £ L3
4:2:0.25 4:1:0.062!
4:1: 0.0625 4:1:0.083
4:1:0.0625

(k 77 8)

[ez0z5 ](6 )

Step2: The aiginator(Node 9 sends
messages to ats neighboursTTL=2
outlier nodes={1,2,3,4,5,6,7,8,9,101}

(7

“\\i
[rro=Jo
Step3: At TTL=1

outlier nodes={1,2,3,4,5,6,7,8,9,101}

[4:0:0.4375]

[4:0:0.4340]

(35

a’

4:0:0.4340
7:2:0.3333]

3—5)

4:0:0.1875

4:2:0.25 4:0:0.25
4: 1: 0.062 4:1:0.062!
4:1:0.062 4:1:0.062
4: 0:0.031. 4: 0:0.015!
4: 0:0.015 4: 0:0.015!
4: 0:0.015 4:0:0.027!
}3 50 (9—i0
(1
A 4:1:0.0625\ [4:0:0.0278]
4:1:0.0833
4:1:0.25 »_1 I 4:0:0.0156 1 1
41 0_052:( 2 4 4:0:0.0156 -
4:0:0.0156! [ 4:0:0.0279
4:0:0.0156)
4:0:0.0156| 4:2:1
4000156 v |4:0:0.0186| \(7 8
4 gfg.glsg 4:1:0.0837
4:2:0.25 4: -0 15 4 0:0.0208
4:1: 0.0625 jj gjg'gigg 4:0:0.0278
4:1:0.0625| [4: 0:0. AL —
4:0:00313 [4:0:00156| (6] |+Z025
4: 0:0.0156 - 900
4:0:0.0156

Step 4: At TTL=0.
Outlier nodes={1,2,3,4,5,6,7,8,9,101}

oozd 6
Step 5: Total weighted message receiveq
by the nodes frororiginator(Node 4),
threshold value =0.2%utlier nodes
{1,7,8,9,1011}

(1)
|4:o?o.1875|
(2— 4] an
4:0:0.204
4:0:0.4375| |4:0:1.0938) 7:31

[_

8 4:0:0.1319
7:2:0.333,

Step 6: Start new round by choosimpde7
as originator andepeat the previous proce
Outlier nodes={1, 8,9,1011}

(9—10

Step7: Output for the first iteratiomvhere
nodes #,7,10,1}arechosen as originater

Outlier nodes={}

A}

e

‘UH
w']

3

(3 D>

Step 8: Rebuld the networkand start new
iterationwhere\/1={1,2,3}, V2={4,5},
Vv3={6,7,8} andVv4={9,10,11}

Step 9: Final outputwith three optimised
community clusters

Figure 4.1 lllustrates the concept of the algorithm
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Algorithm 4.1. The proposed method

Input: underlying network grap, time_to_live and threshold value
Output: C communities as a final division of G.
Repeat
Outlier list Y all nodes// local clustering phase
While outlierlisti { }
Oi Y Rand select (outlidist) // choose a node randomly to be an originator
/lcreat new message (MsQ)
Onld Y Oi // originator ID
TTL Y time_to_live
WMsgV¥ 1
MsgVY { Onld, TTL, WMsg}
While TTLO O
Total weight(Oi, Vi) = sendmessag€G, Oi ,Onld, TTL, Msg)// Total
/lweight between Oi and its neighbout nodé} (
TTLY TTL-1
Oi Y Vi
Msgce{ Onld, TTL, Total_weight (Oi Vi) }
end while
for each Node&/iN G
if Total weight(Vi,onlD) O t hr @éherhoul d
C(Vi) Y Join the cluster lead by maxID

else
Remain outlier
end if
L end
L endwhile
A=Aggregate(G,C) // Network reductiop hase fACompact each con
/'l new node and build new networ
if (C_currentC_ previous // no membership change
break;
_return C// return the final division of G
end Algorithm

Function sendmessagels, Oi ,Onld, TTL, Msg)
for each Nodé/i N Nbr (Oi) do
SendWMsg toVi Y WMsg(Oi ,Vi)=WMsg(Oi ,Vi) *W(Oi,
Vi) B ® oo
If Ni have seen message from onlD befitwen
Total weight(Vi, Oi) Y Total weight(Vi, Oi) + WMsg
else
Total weight(Vi,Oi) Y WMsg
end if
L end
Return Total weight(Vi,Oi)
end function
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4.3 Experimentation and Results

4.3.1 LFR Synthetic Dataset (network)

Many reatworld complex networks such as the Internet, social networks, biological networks,
infrastructure network®tc are heterogeneous and show a pelaer degree wtribution
(Newman, 2003)in such networksot all their components such as nodes, links and subgraphs
carry the same role or importance in the netwerkich has cucial effects on the resulting
performanceof the algorithms deployedConsequently, the performanceasfy community
detection algorithnvariesdependingdn the networé characteristics-urthermore,d analyse

the efficiency othe community detection algorithrane needs to applyti® networks which

have ground truth communitiegthe actual partitiods and thenthe performance of the

algorithmneeds to beneasured as the accuracy in receiggithe ground truth communities.

Due to thescarceavailability of real networkghat haveground truth communitiesnd n order
to measurehe performance of the proposed community detection algorithnothnetwork
structuralpropertiesand network sizeéhesynthetic datases generated btheLFR benchmark
modelalong withtheir groundtruth communities and used test theproposedalgorithm in

this work.

4.3.2 Evaluation Metric

Since the true community structure is known for the benchmatwork the proposed
algorithmis evaluated by comparing the obtainetition in the experimentsith the ground

truth provided by th& FR benchmarkNormalized mutual information (NMnetric is used

to quantify the accuracy of community detection methods by evaluating the level of
correspondence between detected and grtrurtid communities. In addition modularity
measurement is used wvaluatehow effective the algorithm is in terms of modularity

optimisation.
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4.3.3 Parameter Selection $rategy

The proposed algorithm usevo parameters, which aéme to livedandé&hreshold valu@ if
thesetwo parameters are optimally séten it will highly improve the performance of the
algorithm. So some strategies about the choice of these two initial parameters are discussed in

this section.

4.3.3.1Time to Live

TTL is a parametarsed by the algorithm to control the number of nodes visitdwindtwork.
TTL value must be a positive integgeater than zero. In reality, choosing an appropriate TTL
value isnotan obviougask On one handgsmall timeto-live may expire before reaching many
relevant nodes which are further aw@y the other had, high time to live means more nodes
than needed are visited, thus increasing bwmessage load on the netwarld the running
time of the algorithm Therefore in the proposed algorithm, rebuilding the network before
starting a new iteration is considered as a solution for this issue. For example, with a small
value of TTL,some nodes\;) that aredlenselyconnected with the neighbourstb&originator
(intermediate nodes between them and the originator)madeot receive messagfeom the
originator Oiasthe TTL valuanight have expired in the current iteratidien in the following
iteration, the intermediate nodedl be mergel with the originator nodenaking them as one
node. Themn the next iteration thesé& nodeswill be reached btheoriginator Oi withasmall

value of TTL.

In order to determine the effect of TVhlueon thecommunityclustering accuracyhe TTL
value rangingrom 1 to 4 hasbeen usedh this evaluationFigure 4.2indicatesthe accuracy
values ofsyntheticnetworks with 500 and 100@o0des|n this work, modularityand NMI have

been used to evaluate the quality of community detedtioorder to give a condensed picture
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of the resultsthe computing timen second and the message complexiggultsas a function

of theTTL arepresenedin Figure 4.3.

From the figure, it is clear thalére is a correlation between THhd bothcomputing time

andmessage complexitfhe smaller th@TL, the faster the algorithnithis can be qualified
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Figure 4.2 Performance of the DICCAlgorithm using different TTL values
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Figure 4.3 Comparison between computing time and the message complexities over different TTL values
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by the fact thathe run time ofthe DICCAalgorithm depends on the total number of exchanged
messagewhichin turn isaffected by tl total number bhopsthat amessagés permitted to

travel before being discard€@TL).

However, the proposed algorithimthis workis implementedn Matlab from scratch, which
is not optimsed for speedTherefore, lte total number of exchanged messages (Message

Complexity)will be computed as a score for running timehis work

Thegraphsn Figure 4.2demonstratéhat the algorithm yields good community clusters when
the TTL is set to be 3. Furthermorecallfrom chapter 3 thdtig networks from reaiworld
applications are often smallorld networks(Watts and Strogatz, 1998k%ilva and Zhao,
2016) so increasing the TTL value does not have significant impacthenquality of
community detectiobbut mayresult ina very high communication loatiowever, selecting a
small TTL value can reduce the broadcast ovethimawill compromise the accuracy. For
example, whed@ TL = 1 i WMsg messhge istohlyebeingropagatedonce from
originator to its neighboyw hi ¢ h means only the direbet orig
merged in that iteration. For thisenario,the NMI andtotal number of messages generated
by the algorithnfor N~ {500; 100G were{0.661;0.769} and{4832; 9019} andrespectively.
On the other hand when a value of TTLwas used fon~ {500; 1000, the NMI results were
{0.918 0.946} and theotal number of messagesere {1,347,024, 3,735475. Furthermore,
when TTL =scerewere {082201M6} which aralmostsame ashe NMI yielded

by the algorithm when TTL is.®n the contrarythe total number of messaggsnerated ere
{29,680,547:87,794,210which aresignificantlyhigher tharthatgenerated when TTL was 3
Based on the abowdiscussion, it is clear that the algorithwill stabilize very fast on the

networkswith small value of TTL.but quality is worsén most case$On the contrary, using a
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large valueof TTL can ensure that all nodes will receive the messhge introduces

unnecessary broadcast messages for nodes beyond thehastging region.

The number of messages sehitring an iteration clearly depends ¢time number of nodes in

the network anan the size of th@-neighbourhoods of theodes (network structure). This

meanshigh communication loads requiredfor extracting clusterand may result ina

scalability problem irlarge and dense network environmeritkis scalability issue greatly

hinders the application of modudxtraction to network analysis where most of the networks

consist of high number of nodes. However big networks, the message weight become

extremelylow compared to a threshol@lue.A nodeé s d eto joirsaicloster is basedn

thetotal weightof themessagefrom the originatoto thenodeexceedinghe threshold value.

Consequentlyextremely low message weight does not affecttmiracy otlusters and the

process could be halted.

To avoidan excessivenumber ofmessages being forwarded, adaptive termindggchnique

has beenimplemented in the DICCA approach. Whehe messagewneight becomes

insignificantly low, the messags discarded by the received node even though the TTL may

still be greater than zerdn this work the minimum value ohessageveight Min_VALUE)

is specified to be three hundred less than threshold value.

By comparingrFigures 4.2-4.3 with Figure 4.4 it can be observed that there are negligible

differences between the performance of the algorithm in terms of NMI and Modutarises
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Consideringnessageamplexityandrunning time the performance of the algorithm when the

Min_VALUE is applied is by far better thats performancevhen Min_VALUE is not applied.
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Figure 4.4 Performance of DICCA algorithm using adaptive termination via different TTL values

4.3.3.2Threshold Value

The threshold is a numerical value ranging between 0 and 1, which defines the minimum weight
of the message required to jamclusterlt is defined by the user at the beginning of the process
The node is allowed to join trdmmunity cluster led bgriginator G, if the total weight of

the message received by the node frons@qual to or greater than the threshold vaise.

the threshold value increases, the difficulty of merging communities also increases. Thus, the
size of the community clusters depends on the threshold vadukigh threshold is set, more
smaltsize @mmunities areletected. On the contrary, setting a lower threshold leddsvey

but largesizedetected cluster3 hereforethesize of thecommunityclustersproduced byhe

proposed algorithnsould be controlledusingthe thresholdparameterThe threshold value is
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in the range of §; 1}, 0 yielding a single communitgnd 1 producing clusters of singleton
nodesTuning this parameter could be seen as a possible practical remedy to control the desired

size and the number of communities.

In order to understand how the threshold value affects the ac¢csiaeyand the number of
community clustes; the effecof different thresholdalueshas been studied asmall network
with 50 nodes and 83 edgdse results presented Trable 42 showthat wherthe threshold
valueincreases, more smaized communities are detectdd. contrastjower threshold/alue
leads to larger detectedusters For example, when the threshold value is thiee clusters
have been detected atitk biggestdeteced clusterhas21 members. Thatumber of clusters
becomes whenthe threshold parameter ¢ghange to 0.7. That is because largehreshold
value means more strict requiremerits community intraconnectivity and only strongly

connected nodes can beldoghe same cluster.

Table4.2 The experimental results obtained by the DICCA algorithm on a small network of 50 nodes

Threshold Number = Modularity Min N.of Max N.of Avg N.of
value NMI of clusters (Q) members = members = members
0 0 1 0 50 50 50
0.1 0.664672 3 0.623675 14 21 16.66667
0.2 0.810166 5 0.674046 5 21 10
0.3 0.88515 6 0.717521 5 16 8.333333
0.4 0.85165 9 0.658151 1 10 5.555556
0.5 0.900606 12 0.622587 1 9 4.166667
0.6 0.900606 16 0.622587 1 9 3.125
0.7 0.723512 39 0.18682 1 5 1.282051
0.8 0.670295 50 -0.02584 1 1 1
0.9 0.670295 50 -0.02584 1 1 1
1 0.670295 50 -0.02584 1 1 1
0.223x* 0.950701 9 0.68907 2 10 5.555556

Figure 4.55hows the visualization of synthetic network with 50 nodes and the detkctests

when the thresholgarameter is varied from 0 to 1 in steps of 0.1.[&keut for all the different
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visualizationsof the network is &pt constanto beableto draw contusionseasilyby looking

at the figuresMembers in the same community agpresentewvith the same colour.

Using the proposed DICCA algorithm the maximum modularity is obtaiumeah the threshold
value is 0.2y the partition ir6 communities achieving Q=0.71 (graph d). HoweVer ground
truth partitioning is 8 communities with Q= 0.71DICCA merged three communities into one.
Beside this, there are 5 communities classified corragttythe exception of one node (node

23) whch is misclassified

Clearly, he success dhealgorithm is heavily dependent on the proper tuning oftitesshold
value. However, there is no standaréscription forthreshold value for all type of data sets
and applicatios. The most appropriate rissholdvaluefor a givendata set is usually derived
experimentallydefined by the user accordingttweir knowledge or estimated on the basis of

data from previously completed similar projects.

4.3.3.3Automated ldentification of Appropriate Threshold Value

Althoughthe threshold value contradiise numberand the size of clusters thaill be extracted
which couldbe considered aan advantage ahe algorithm, choosing the right threshold
without a priori knowledge of the network structure is a tfrading task. Furthermore,
generatinga priori knowledge requikhuman expeise and is time consuming singeal
networks are usually big and contain huge an®ahtnformation(De, 2016) In this work,
based on theaboveobservationa mathematical modé$ proposedo automatically calculate
thethresholdvalue.The model calculatghe optimal threshold value based ongize density
and layout strature of thenetwork Equations 4.3 to 4.5 present thedsholdcalculation

model for undirected networks designed by the author to help calculate the threshold value
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Figure 4.5 Community detection result for a small network with 50 nodes as extracted by the proposed DICCA
algorithm using TTL=3 and with different threshold values. (a) threshold value =0, (b) threshold value =0.1, (c)
threshold value =0.2, (d) threshold value =Qe},threshold value =0.4, (f) threshold value =0.5, (g) threshold
value =0.6, (h) threshold value =0.7, (i) threshold value >=0.8, (j) ground truth clusters, (k) Modularity via
threshould value. The values of the other parameters were iixe@:, b =1 .

Modularit
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whenthe users have no knowledge of the community properties of the nefliwdshold
value calculation fospecific networks and applications may require specific concepts and

considerations.

In undirected network, the threshold value is definefiémws:
R R a0 WL ® 0 pwp O wOdL W43
®wo® ——B — — — (4.4)

O B B (45)

where t is the iteration numbey, is the degree of noderi,is the total number of nodes in the

network A is the adjacency matreind C isnetworkclustering coefficientvhich is defined as:
0o -B — (4.6)

where, isthe number of edges between neighboursoolei (Costa etl, 2007)

Given a networkwith n nodes, acompletenetwork (fully connected network¥y a simple
undirected graph in which every pair of distinctdesis connected by a unique eddgased
on the graph theonhée networkclusteringcoefficientfor a fully connectechetwork is1 and

thedegree of each nodedgfined as:

O &zp (4.7)
Thus, the total edges of the network having n nodes will be:

B v ¢€¢ p (4.8)
Using equation (4.3) toalculate the threshold value:

Y 0@ adwa 6 ——B 0 — — — (4.9)
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Here, the value ofBE — —— —— represents the maximum weight of messages

received by node i when the TTL=3 and siree—— is always less than 1, if the proposed

algorithm withadaptedequation (4.3) for threshold parameter is used to extract clusters in the
completenetwork, thealgorithmwill merge all nodes in one cluster from the first iteration.
This result is acceptable since there i®haous clustestructure imafully conneced network.

It is worthwhilementioningthat, in each iteration, the threshold value is stepwiseeased by
(t-1)x(1- #) x avg_tas seen irequation(4.3), so that it becomes progressively difficult for
clusters that are not so densebnnected tgoin with each otherOnly thestrondy connected
oneswill be ableto merge Additionally, the maximum threshold value cannot be larger than
1. By using the proposed model, the threshold value at thétéiration forasmall network of

50 nodesisconsideredn Table 42 is derived as 0.228t!, wheret! refersto the first iteration

(&) Communities detected with proposed algorithm. (b) Ground truth communities

Figure 4.6 The community structures of the ground truth communities and those extracted by the proposed
DICCA algorithm on the LFR benchmark networks with 50 nodes using TTL=3 and threshol¢@za8«t".

Figure 4.6shows the visualization dhe grounetruth community structure &0 nodes and
the detectedlusters resulusng the DICCA algorithm when the threshold value parameter
wascalculatedusingequation (4.3)The DICCA algorithm gives a near optimal partitioning.
It identifies nine clgters, one more than the ground truth partition, which has difficulty in

extracting the cluster containing nodes 33, 23 and 16.
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Based on the above argument, in all the experimentations performed in thigsabskussed
below, threshold value idefinedusingequation(4.3) and b achieve good &deoff between

high modularityand lowmessage complexityynning timg, TTL is set toa value of3.

4.4 Analysis of Resultsand Discussion

In this section, the resultsom the experiments conducted using synthetietworks are
presentegdanalysed and discussed in detatie propose®ICCA approach wasnplemented
usingMatlab, whichis not optimsed for speed on theindowssystemwittE Cor e E i 7
CPU 4.0@Hz and 16 RAM available memory.

A set of undirectedhetworkswere generatedisingthe LFR benchmark graphrhe default
benchmark parameterluesareusedas thebenchmark parametefer the exponestof the
degree distribution ancbommunity size, vizo =2, b =1. The mixing parametas varied from
0.1to 0.75 and the number of nasles varied from 500to 5000.The average degree and the

maximaldegree are®2and 50, respectivelyrable 43 outlinesthe parameters used to generate

the LFR benchmarlgraph
Table4.3 TheLFR benchmarlgraph parameters
Variable Value Description

n n~ {500, 1000, ,,,,5000} number of nodes in the network
T 25 mean degree of each node

kmax 50 maximum degree
K pv {0.1,0.15, ..., 0.75}, mixing parameter
b 1 exponent of community size distribution

(typically -Wworldnet@work§) 2 i

2 2 exponent of degree distribution

(typically -&oridnetwork§) 3 i
For each combination of parameter valdes instances of network were generatedheck
for consistency. Furthermore eliminatethe effect of randomness of choosing originators in
the proposed DICCAnethod, the algorithrwasrun 20 times on the five instances of network

datasetsso, the experimental results presented are the average of 100 simulation runs.
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4.4.1 Resultsfor Each Iteration of Clustering

Figure 4.7shows iteration results of the algorithm for a small network with 50 nodes. Nodes
in the same community are labelledthe same colour. In the first iteration, originator nodes
are representealy rectangular shapé is worth mentioning thadue to theeductionphase of
DICCA, which consists of merging nodes in the same communtibyone node to create a
new graphnodesin the figurethatareshaded togetheavith thesame colour represemte node

in the followingiteration processf the algorithm Each iteration resustin a networkwith a
different number of communnitclusters andthe number of communitigeecomesmaller and
smaller until the convergenad clusters is achieved. For examgle the initialisation stage,
each node is a clusten its own thereforethere are as many clusterstae number ohodes

in the networkAfter initialisation, n the firstiteration, 15 communities argentifiedfollowed

by 14 and 11lcommunities duringhe second and third iteratismespectively.The random

initial originator nodesre transferrethto meaningful clusteringn iteration 5.Graph (g) in
Figure 4.7 illustrates the convergencef the clusterswherethere isno change in cluster
membership of clusters with subsequent iterations (iteration 5). To be able to analyse the
intermediate results of the algorithm the value of modularity and NMI via the iteration are
calculated and shown igraph (h) inFigure 4.7 which reveals that at each iteratiorihe
measure of both Modularity and NMI are improveebgressivelyuntil the convergence is

reached.
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Figure 4.7 Community detection result for each iteration on a small network of 50 nodes using the proposed
DICCA algorithm with TTL=3, threshold value =0.223 *t, axid 1 , . b = 2
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4.4.2 Clustering Resultsfor IncreasingNetwork Size

To check how the performance of the proposigdrithm is affected by the network size, the
algorithm was evaluatagsing the previously discussed synthagtwork with varying number
of nodes, vizn~ {500, 1000,6 5000}. The obtained community structure is compared with

theground truthcommunitiesusingthe previously discussed NMI and modularity measures.
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Figure 4.8 NMI, Q-DICCS and Ground truth Q scoresdyis) as humber of nodes-éxis) changes

Figure 4.8shows the clustering accuracy of the proposed Di@@arithmwhen the network
size is varied from 500 nodes tg060 nodes. The algorithm performs very weildahe
communities detectearevery close to the referen¢ealue of 1)with an average NMI vaki
of above 0.9However, the modularity indefQ) of clustering results obtained bye DICCA

algorithmis slightly lower compared tinat of theground truth network.

4.43 EvaluatingRepeatabil ity of the Algorithi

It is important to mention that several clustering methods are sensitive to random starts of
algorithm(Weber and Robinson, 201&)d theresulting clusters depend on the initial random
starts where the algorithm does not yield the same reghlteach run. However, to further
investigate theability of the DICCA clustering algorithmo produce consistent resuésross

random starts, the standard deviation of the clustering results is measured where the algorithm

is run 100 timesach time with dferent randominitiali sation Thelower valuesof standard
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deviationindicate lower output changes and are alwaneferable.Results of the tandard
deviation value of both NMI and modularity are displaye&igure 4.9 As an overviewthe
most notable phenomenthat can be observddom the results is thahe overallvalue of
standard deviatiors negligible indicating thathe DICCA algorithmdoes not havstability

issues ands able to successfullypeoduce stable outputhen he experiment is repeated
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Figure 4.9 Standard deviation of final modularity/NMI with network sizes
4.4.4 Evaluation of MessageComplexity of the DICCA Algorithm
Performance of theroposed algorithmwas evaluated in terms dhe total number of
exchanged messagfer different network sizegs an indirect measure of processing capability
required for increasing network siz&t the outset, e curve inFigure 4.10 Bows a linear

increase in the numbef exchanged messages with increasing size of the network.

However more indepth analysias shown ifrigure 4.11whichshowsthe average percentage

of exchanged messagm each iteratiortells a different storylt canbe observed from the

figure that data exchange for tB8CCA algorithmis much greater at tHst stageof iteration
wheneach node is in its own clustdust dter 2to 3initial iterations, most nodes have their
clusterlabels and the algorithimasmerged the nodes belomgg to the same cluster to be one
node.In fact, on average more than 90% of the data exchange happens in the first iteration for

a network size of 000 nodes. As seen Figure 4.1] the percentages of total exchanged
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messages in tifest three iterations are 99.59 % and 98.66% for network size of 500G0@ 1
nodes respectivelyHence, it can be safely concluded that though the proposed approach may
tend to have an increasing number of generated messages for increasing netwbitkogze,

not require more iterations before the clusters converge. Most of the data exchange is in the
first 2 or 3 iterations due to trgheer number of nodes exchanging dath each otherThe
average number of iteratisis slightly increasefom 5to 7 as the number of nodes increased

from 500 t05,000 (See tabla.1.1in AppendixA.1).
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Figure 4.10 Total number of exchanged messageaxig) as number of nodes-éxis) changes
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(a) (b)
Figure 4.11 Percentage of Message exchanged per each iteration. (a) number of node in the network is 500, (b)
number of node in the network i900.
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4.4.5 Evaluation of Clustering Performance Using Mixing Parameter

The DICCA algorithmwas evaluated with varying values of mixing parameter between 0.1
and 0.75, wv {0.1, 0.15, . . ., 0.75}, and keeping the numbenofles constantn ¥ {500,
1000}. Figure 4.1hows the mean values of all the obtained results for NMI and Q.
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(a)
Figure 4.12 Performance of the proposed algorithm using Mixing parameter. (a) Number of node in the network
is 500, (b) Number of node in the network jedo.

In Figure 4.12 the mean modularity scoend the NMI of the partitions compared with the
ground truth communities as a function of the mixing parameter are shoveanAse seen
the proposed algorithm has a similar performafmeboth networks of size 500 and,Q00.
However on a closer lookthe algorithmperforms very welfor the mixing parameteralueO
0.5 and providesa good match to the ground truthn. contrast for mixing parameter values
0.5, its drops with 0

performance respect t

partitions.

Also, it shouldbe noticed thatvith increasingvalue of mixingparameterthe modularity of
both the DICCAalgorithmand ground truth netwoliik decreasingrhis can be justiéd by the
fact thatwhen the mixing parameter becomes more than 0.5 ofahgedgeswill fall outside
the communities and gsbe communitiedbecomerather indistiiguishableln other wordsfor
ekhibiées a rclear soonmuanity structure, as plee definiton of a

smal l er €
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community in a strong sengbat eachnode should have more connections within the
community than with the rest of the graf@ilva andZhao, 2016)Therefore, fohighe , the
networkstarts to show a mugiartite structure and it most closely resemliesnetwork that
does not display any community structui#ewever, the modularity index of clustering results
obtained byheproposed algorithm is gradually lowering compareithéoground truth network

modularity index

Furthermore,the modularity of both the grourduth clustering network andthe results
achieved byheproposedICCA algorithmare showralong with the clusteringbtainedusing
the fast greedy modularity optirsation proposed byClauset,Newman and Moo(Clauset,
Newman and Moore, 2004lhiscomparisomeveals that the poor performance ofpheposed
DICCA algorithmfor mixing parameter valuéD.5is not due to the failure of the algorithm

but rather due to theetwork structure.

4.4.6 Evaluation of Clustering Performance sing Adjacency Matrix

Representations

To further investigate the quality of the clusterpgyformance of the DICCAlgorithm the

spy plot of the input networkand the community clusters obtained by the DICCA algorithm
are shown as examples kigure 4.13 for network size of 500, ,200 and 300 nodes
respectively. Graphs (a, d, g)rgure 4.13how the spy plot for theonnections of the input
networks where the graph structure is hardly visible. Graphs (b, eFigure 4.13showthe

spy plot obtained after rearranging the network according to ground truth community structure
andgraphs (c, f, i) infFigure 4.13presenthe spy plot obtained after rearranging the network
according to the clusters that they were assigned tbhdyyroposedICCA algorithm Note

that the clusterareordered based on the number of nodes in the community cluster where the

cluster with thanost nodess located on the top.
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In the Figure 4.13 eachblue dot corresponds to an element of the adjacency matrix that has
the value one, the white areas correspond to elements with the valué zarobe easily
observe from the plot thathe adjacency matrix visualizes strong clusters as selithngles
andthe DICCA algorithm performs quite well in arranging the nodes into different clusters.
The algorithmdiscoveredl3, 74 and 150 cluster structamith modularity valus of 0.776
0.857amnd 0.864for the final clustering result &00, 2500 and 00network size respectively,
which corresponds to a very good comityiistructure between the nodes. Thenber of
clusters inthe actual partitionfor the correspondingetworks (500, 500and 5000) arel3,

91 and 171 respectively.

Tofurtherassess the similarity of the solutioaspther metric called ARWasconsidered. ARI
is based on pair counting. Although this metris déferent biacompared to NMI, whicls

based on information theoriyy generalthe results show the same trend as NMie results
are included inthe appendixA.1 along with theexact values of the NMdnd Qperformance

measures
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4.5 Summary

In this chaptera novelDecentralized Iterative Community ClusteriAgproach(DICCA) to

extract arefficient communitystructurefor large social networkisas been presented. DICCA

is based on random walk amdachability whichis done bymessage propagation between
neighboursThe algorithm consists of two phases tagrun in an iterative fashion. First, it

must determine all originators in the network, which could beageluster centres, and assign
each node to the communityhose originator islen®ly connectedThe second phase is to
build new network based on the detected communities in the first phase where each
community becomes a node and the edges in the new network are representing the sum of the
edges between two communitidge DICCA algorithm uses two parameters named threshold
value and timeo live (TTL). The threshold value should be ideally specifiedttmexpert
according to domain knowledge. However, when this knowledge is not available, optimum
parameter values should be estimated. In this work, the mathematical model to obtain optimal
threshold value based on the characters of the networks is prederaddition, the optimal

value ofthe TTL parameter is discussedhe DICCA algorithm is demonstrated with an
artificial network and the outpt shows very promising results

Regardles®f the threshold calculation method, thigorithmis simpleand its conceptloes

not require anyglobal knowledgeBeinga localised algorithmit can be unin parallelor in a
distributed fashioramong clustersvhen the size of théput network or thecomputation
complexityis beyond the resources of a single computethe followingchapterthe main
challenges to be addressed when desigaing implementing the distributeflamework

version of the algorithns discussed.
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CHAPTER 5
PARALLEL DECENTRALIZED ITERATIVE

COMMUNITY CLUSTERING APPROACH (PDICCA)

In the previous chapter, a standalone approach named DICCA has been proposed for
identifying community clusters, which is se@fganised and aks not require any global
information of the network. In this chapter, an extended version of the DICCA called Parallel
Decentralized Iterative Community Clustering approach (PDICCA) is proposed. The PDICCA
approach is parallel in that it does not reqaing global knowledge of network structure when

the data is distributed across several machines and strict synchronization between the

distributed datasets is not required.

5.1 Introduction

Faced with the challenge of a big dataset, many researchers pay great attention to parallel and
distributed clustering algorithms that would improve the bottleneck of traditional clustering
methods on a single machine. To cope with this scenario, a dgisttiand parallel computing

model is needed to process a large dataset by scaling the dataset out to multiple machines across
a cluster and process it. Some novel parallel computing frameworks stinehich
MapReduce is one of the most popy2ean and Ghemawat, 2008)

In this chapter, a Parallel Decentralized Iterative Community Clustering approach (PDICCA)

is proposed. The design thfe PDICCA approach follows master/worker configuration, with

one master serving as coordinator of many workers. In this case, of master/worker
configuration, the master is not required to do the job allocations nor does it need to have the
overview of the data itself. The purpose of the master in this configuration is to purely compile

the results from the slave workers at the end of each iterdimse features allow PDICCA
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to be easily adapted to a distributed graph processing system from data centres to fully
distributed networks.

The PDICCA transforms the operations of the DICCA approach which is a serial process, into
a parallelised approachhe PDICCA is a pipelined parallel implementation and maintains the
overall structure of the serial method (DICCA) presented in the previous chapter. The novelty
of the design comes from the following fasten though the PDICCA solves the same problem

and maintains the overall structure as does the serial method, the proposed approach is
distinguished due to the features of exphgtthe use of distributed memoand extracing
parallelism under the MapReduce framework. The proposed algorithm does not require any
global knowledge of the network topology, and is scalable and will work with a range of
computer architecture platforms (e.g. cluster of PCs, roate distributed meory servers,

GPUs) where, the master and slave workers could represent either different threads in a single
machine or different machines in a computing cluster. Also, one of the main contributions of
this chapter is to take advantage of the graph panitg when performing parallel community
clustering in order to speeg the process by minimizing the communication betweenslave
workers. Furthermorea parallel implementation of PDICCA based on the most popular

MapReduce model to accelerate processirigrgescale networks is proposed.

Table5.1 Comparison between DICCA and PDICCA

Algorithm DICCA PDICCA
Process Serial processpproach Parallelisedprocessapproach
approach
Concept of = Basedon the random walk procedur Based on the random walk procedure ¢
the algorithm and reachability of nodes in the reachability of nodes in the network
network
Framework Consists of two phasekcal Consists ofthree phases: clustering; re
clustering anahetwork reduction clustering and rebuilding pha#ieat run
phasethat run in an iterativéashion in an iterative fashion
worker Work in one single machine The approach consists of two worker
schemes schemes: master and slaslastering
workers
Mismatching Not applicable Use duster strengttio find best result for
node mismatching node
Parameters Uses two parameterSime To Live = Uses two parameter§ime To Live and
and threshold value threshold value
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5.2 Description of the ProposedDICCA Approach.

The core idea of my proposed approach is to divide the dataset into blocks, and then iteratively
repeat the following three phases: clusteringlustering and rebuilding phase: the clustering
phasds responsible for finding local community clusters éaich block independently and in
parallel. In the second phase, the local clusters thus extracted from the individual blocks are
aggregated to find the initial community clustering for the entire network. The third phase
involves building a new, but smallemetwork for each block of data based on the initial
community clustering. Each cycle of this process through all the three phases is referred to as
an iteration. The three phases iterate until the old and the new conwadlustisring list does

not convege anymore.

5.2.1 Framework of the PDICCA Approach

The PDICCA approach consists of two worker schemes: master anecklatexing workers.

The master worker creates the blocks as it rtfatfataset, and passes them to skeustering
workers. The master wker is also responsible for receiving and aggregating the cluster
assignment results from all the slastastering workers, perform some computation, assign the
overlapped nodes into the best community and return the final solution. On the other hand
slavec | ust er i ng wo rikte idedtsylodaluconomuriitiedsy gding thrpugh its

own data set and applying thest phase of the DICCA approaphoposed in chaptdr, named

local clustering phasél'he overview of PDICCA approach is showrHigure 5.1

Slaveclustering worker runs in parallel and stores the community clustering lists in its local
memory. However, since each slastastering worker has some parttbé data and does not
have a global knowledge of the network, consequenffgrdnt slaveclustering workers could

cluster the same node into different communities. Thereby, when all the blocks are clustered
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and the local communities have been identified, the master worker loads the local community

clustering lists to aggregate.

Sincethe PDCCA approach is proposed to find roverlapping clusters thehe partition C

of n nodesshould form a partitiosuch than=" Ci and Ci Zz Cjhe= 1T f¢
master worker is responsible for finding the set of overlappodgs. The overlapping node

list is then sent back to the slave workers to calculate the strength of clustering solutions for
each overlapped node among different maahimhis is then sent back to the master worker

for the re-clustering phase. Ithe re-clustering phase, the master worker finds out the best
solution for overlapped nodes, the solution corresponding to the highest strength of clustering,
and updates the communitjustering list. At the end of the-cdustering phase, the network

is partitoned into a number of communities.

Next step is the rbuild phase, which involves building a new network by each of slave
clustering workers. Using the same method presented in section 4.2 where the nodes in the new
network are the communities from treealustering phase. The weight of the link between two
nodes in this new network is the total weight of the links between the nodes of the two
corresponding communities in the original network. The links between the nodes of the same

community become selbops of the corresponding node in the new network.

The iteration is then repeated until a stable set of community clusters (fulfilling the
convergence condition) is obtained.

It is to be noted that each slaseistering worker has its own private nsinareable memory

and there are no communications between the workers in the clustering phase. Thus, each
slaveclustering worker operation is independent of the others and e#uoh sibiveclustering

wor kerds operations can be performed in par a

77



Run next iteration

AL
t/ End

5 Convergence? 4
C T

A

Save Save Save
Split 1 worker worker worker
Split 2 J — 1
. - 4
i Yave Master Save Master Save Master
—»  Split3 worker worker worker worker worker worker
- J i | j
lit N J
= Save Save Jave
orker orker
Data orker
records
L IL I}
I} . L IL I}
Find thelocal Qustering And str(_angth of  Find ou_t the best Updated community Convergence
. clustering for solution for P Y
communities aggregation and overlannin overlanped clustering list and test
find overlapped apping anp Rebuild the network
nodes nodes nodes
One Iteration

To calculate the strength of overlapped nodes, the clustering strength of overlappéd node

is formalised in the following definition:

Definition 5.1 Cluster strength

Given a network set G = (V, E), with n = |V| nodes and m = |E| edges is presented. During the
clustering phase, each slaslestering worker clusters these nodes into C clusters and assigns

6 node to different communities. To find the best communityfitsaV/m node the proposed

schemecarries out the following two steps:

First, the nod& obtains two sets of information from each of its neighbours, namely, the
degree of the neighbour node and the cluster to which it belongs to, and then calculates the

neighbour attraction betweé&n and its neighbour ywhich is defined as:

6 Obo0i DOOMWE &
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Figure 5.1 Framework of the PDICCA approach.
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Where7 6 6 represents the weight of the edge betwdeand.

Then the strength value 6f for all the clusters (CWvhere6 belongs to is calculated by
computing the sum of the attractions 6or towards its neighbours (Nbr Attraction) within
these C cluster

The pseudocode for the cluster strength oto the cluster €is shown inAlgorithm 5.1and

it is calculated as follows:

6 & 6 iiooQi Ot aIo B v o 0 OB OO1 OwociQE(R2)

Algorithm 5.1 The Cluster strength

Function Cluster strength
Input: underlying network grap&, Vm (overlapped node)
Output: Cluster_ldcommunity as a final division of Vm.
Function Cluster strength (G, 6 )
for each Node V¥ Nbr (w ) do
Nbr Attraction Vin (V) Y @ @ o IB w0 who

. end
for each Cdo // C is the Community clusters

Cluster strength , G)Y @B « o « . ADOOOAA GET 1
end

Cluster_ld=Max Cluster strength (N C)}
Return Cluster_Id
end function

The proposed scheme calculates how strongly the mismatching pddedhnected to each

of the existing clustering solutions and thendns the cluster with the highest cluster strength

value.

Refer toFigure 5.2 node hd@¥ nei ghd oamd)nd\daensd (béeM ongs t c
0® and hasegondmanodbel d¥gs hea thesnei gaBour a

node&d\Vand itiss neighbour

Nbr Attraction Vi (V2) = 3 d — = - ; where \={V1,V4,Vs}

N
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Figure 5.2 Examples of eight nodes with two community clusters

Nbr Attraction Vi (Vs) = = = - ; where \(={V 1, Vs}

N

5¢

5¢

Nbr Attraction M (Ve) = 5 - ; where (={V1,V7,Vs}

5¢

N

The cluster strength of Mo the cluster €is calculated as follows:

A N A A N s~

Cluster strength W C1) =B « o . ADOOOAADET 1-=0.8333

The cluster strength of Mo the cluster €is calculated as follows:

A s A A N s~

Cluster strength W C2) =B « o . AOO O O AGA O EI-#0.3333

Based on the cluster strength value, the nodehdoses to join the cluster with higher strength,

which is cluster €in this example.
5.2.2 Partitioning of the Network Nodes Set

It is worth mentioning thain this work, for the purpose @omputation, network nodes are
partitioned withthe same size and they are assigned to different workers. This enables the
workers to serve a similar size of network.

It would be beneficial for the nodes close to each other to be processed on the same worker,
since this will increase the local computingladecrease network transfer (cost of bandwidth)

caused by overlapped nod@&jdanowicz, Kazienko and Indyk, 2014)nfortunately, the
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network partitioning requires a priori knowledge of the global picture of network structure,
which is a resoursconsuming task, especially for large network structures. For this reason,
in this work the partitioning aspect of the network is done randomly with the consideration that

the number of edges in each partition should be the same.

5.2.3 How to Calculate the Paameters

As mentioned in the previous chapter, DICCA approach uses two parameters to be defined.
The first parameter O6Time To Lived (TTL) 1is
permitted to travel before being discarded. The next parametdmdashold value that
determines the difficulty of merging communities and is defined by the equation presented in
the previous chapter. However, in the PDICCA approach, TTL is set to be 3 (optimal value
obtained from chapter 4) and the threshold valueséch worker is calculated based on its

local view of data and using the equation 4.3 presented in chapter 4.

5.3 Matlab Implementation of PDICCA Approach for

Distributed Memory Systems

To implementthe PDICCA approach ira parallel manner, the Parallel Computing Toolbox

(PCT) available in the Matlab software platform is ugeRiATLAB, Release 2017a)PCT

enables computational solution of data intensive problems using multicore CPUs, GPUs and
computer clusters. In PCT to start a flat@rocessing, the MATLAB pool is opened to reserve

a collection of MATLAB worker sessions that run separately on the local machine or on a
remote cluster. In the PCT toolbox the | oop
for each worker sepaate process is created with its own memory and own CPU usage. The
workers are headed by a client process which creates and manages them. When parfor is

executed, the MATLAB client coordinates with the MATLAB workers which form a parallel
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pool. The code witin the parfor loop is distributed to workers and it executes in parallel in the
pool. The required data needed by workers to do the computations is setitdadient to all
the workers and the results from all the workers are collected back by theaslishown in

Figure 5.3

resultsto client

Client
Code
Parfor i=1:n distributed to
Y workers
ittt B oo |
! I
! I
: end :
! I
! I
! I
' — '
: : _____ | [ :
: \ Workers : : |
! | returning the ! ! i
Cvj @ - %

Worker 1 Worker 2 Worker n

Figure 5.3 Parfor mechanism.

In this work, the algorithm is implemented on a matire machine to which two or more
independent processors attached. The client divides the work among multiple processors
by allocating different data to the different processors (called workers). The processors run
their job independeht of each other and no communication can occur between workers during
the execution of the loop. Each processor executes the same program but working on different
sets of data, so each worker maintains its own memory stack. Furthermore, since the
implementation relies on partitioning data iatoumber of blocks, the number of ddilocks

equals the number of available workers (processors) in which each worker has only one block

of data to process and does not have access to the whole data.
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The client loads the outputs from each worker and aggregates the outputs to do sonmagprocess
submits new instructions to workers and makes final clustermgnstable condition has been

reached.

5.4 Parallel Algorithms Using MapReduce Model

Since in MapReduce model it is not possible to share any information among different slave
machines whileunning map or reduce functions, not all of graph clustering based algorithms
can be fited into the MapReduce model. However, since the ideta@PDICCA approach

follows master/worker configuration, with one master serving as the coordinator of many
workers, this algorithm can be directly applied to work on top of the MapReduce computing
framework. As shown ifrigure 5.1the PDICCA approach is an iterative process, where each
iteration can be expressed in three step MapReduce jobs. To begithevitlent submits the

job to the master node of a machine cluster where the master machine will partition the input
data into several parts and arrange a number of slave machines to process these input data
partitions in map functions. The output of each magetion will be sorted, shuffled and then
routed to the proper reducer. During the it
to the map function for the next round of the iteration. The process is repeated until the
termination condition isnet and the final output is obtained. However, each Map function

needs to get the same data split during each iteration.

The different stages of computation al®wn inFigure 5.4and the descriptioof each stage
follows:
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Figure 5.4 PDICCA workflow and architecture.

5.4.1 Description of Algorithm in MapReduce Model

A Input
A Dataset (networkjLarge
A First Map Stage
A Step 1: Select one node at random (originator)
A Step 2: apply the firsphase of the DICCA approach to find the local community
clusters
A Output< node, cluster ID>
A First Reduce Stage
A Step 3: Find overlapped node clustering
A Output <mismatched clustering nodes>
A Second Map Stage
A Step 4: For each overlapped clustering nogepmpute the strength of answers
A Output:<mismatched clustering nodes, strength>
A Second Reduce Stage
A Step 5: ind the best answer for each mismatched node
A Output:<mismatched clustering nodes, best answer>
A Third Map Stage
A Step 6: Assign mismatched nedo the best answer.
A Step 7: Rebuild the network
A Output:<Nodes, Cluster ID>
A Third Reduce Stage
A Step 8: Compare the new discovered community and the old one (communities from
previous iteration)
A If similar C Stop
A ElseC Go to Step 1 totart anotheMapReduce Iteration
A Use of Single Reducer
A The size of the dataset sent to the reducers is very small
A Single reducer can tell whether any of the node is mismatched or not
A Creates a single output file
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It is worth mentioning that although the PDICCA approach is presented here using a
MapReduce model, the approach can be implemented in a range of iterative MapReduce
implementation frameworks such as Twister programming model that are butkrédive

graph algorithmgEkanayake et al, 2010)
5.5 Analysis of Results and Discussion

5.5.1 Environment Setup

The PDICCA approach is implemented in Matlab, a discrete event simulator for building P2P
protocols. Using the LFR networks mentioned in chapter 3, several experiments have been
conducted to evaluate the scalability and quality of thegsed algorithm. The experiments

are performed on a system configured with 4E
available memory running windows. Because the approach initializes the originator randomly

and in order to neglect the effect of randommesair method each result is averaged over 100

runs.

5.5.2 Experimental Evaluation

5.5.2.1Horizontal Scalability in Relation to the Number of Parallel Cores

To demonstrate how well the PDICCA approach handles datasets when more workers are
available, the number of des in the network used in this evaluation is kept constant and the
number of workers is varied fromtd 4. Figure 5.5shows the results of different cores when

the number of nodes is constant, §500, 1000}.

5.5.2.1.1 Quality

From Figure 5.5 the PDICCA shows good scalability close to the optimal value, which is
indicated by average modularity and NMI values. In addition, it is clear that using more than
one worker tgparallelisethe algorithm does not adversely affect the accuracy of the result.
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Consequentlythe results prove that the algorithm is effective and able to achieve very high
quality results ima parallel manner. Morespecially, PDICCASs capable of exploiting mulki

core architecture efficiently.

n= 500 n= 1000
1 > 1 O— — L 0
> 09 .,.-——l~. 8
& : 8 08
5 08 3
8= 06 2506
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2<Z 04 £5,04
= 0.3 [CRSS
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= 0.1 o
@) 0 0
1 2 3 4 1 2 3 4
Number of workers Number of workers
—E—NMI Q-PDICCA Ground-truth Q =~ —#—NMI Q-PDICCA Ground-truth Q

(b) (b)
Figure 5.5 NMI, Q-PDICCS and Ground truth Q scoresayis) as humber of workers-gxis) changes number
of nodes: (a) 500 (b),000.

5.5.2.1.2 Message Complexity of the PDICCAAIgorithm

Considering the number of exchanged messages for each worker, Figure 5.6 shows the
percentage of exchanged messages at each iteration by each worker processor. As can be
observed in each iteration, each worker generates almost the same numbssages, this

can be clarified by the fact that the data has been partitioned equally among the workers so
each worker has to process the same size of data. Hence, at each iteration, the master worker
must wait until all workers have completed their peses. So, splitting the data equally over

workers, can significantly reduce the expected time needed to wait until the slowest machine

worker returned data.
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Figure 5.6 Number of Message exchanged in each iterations and for each worker with respect to the number of
workers varied from 2 to 4 (a, b, c) for number of nodes 500 (d, e, f) for number of nodes 1

For more indepth analysisigure 5.7shows the average mentage of exchanged messages

in each iteration. It can be easily observed from the figure that data exchange for the algorithm

is much greater at the first stage of iteration when each node is in its own cluster. Just after 2

to 3 initial iterations, moshtodes have their cluster labels and the algorithm has merged the

nodes belonging to the same cluster to be one node. It also becomes clear frabyie2

that the percentage of exchanged messages between master and slaves, the communication cost,
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is negligible. In comparison to the informatierchanged locally in slaves which is very costly

and constitutes the main body of the time consumption of the algorithm.
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Figure 5.7 Average percentage of Message exchanged per each iteration with number of cores varied from 1 to
4 workers (a, b, c) network size 500 (d, e, f) network sj@ed

Table5.2 Comparison with message exchanged locally in hosts and messages exchanged between master and

Number of nodes
%Messages
exchanged
locally among
slaves
99.9767
99.9636
99.9599

No. of Workers

A WN

hosts
500 1000
% messages %Messages % messages
exchanged betwee exchanged locally exchanged betwee
master andlaves among slaves master and slaves
0.0233 99.9760 0.0240
0.0364 99.9631 0.0369
0.0401 99.9629 0.0371
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5.5.2.2Clustering Results for Increasing Network Size

To demonstrate the performance influenced by scalability, the number of nodes is increased
linearly from 500 to 00 and the number of workers is kept constant at 3. All other parameters

and factors remain the same as previous evaluations.

5.5.2.2.1 Quality
The modulaty values of the solutions obtained thye PDICCA approach are presented in
Figure 5.8 It can be observed from the figure that the performance of the PDICCA is

consistently good and closethe optimal value with NM0.96 and modularity 0.84 on average

(Q\ NMI)
o
o

Clustering Accuracy

7z < <, N N 7 b4 J)
J; [ J; () J) ) 9) (#)
% ) % ) % % % %

Z
7
(4 C, % %

0

Number of Nodes
NMI Q-PDICCA Ground-truth Q

Figure 5.8 NMI, Q-DICCS and Ground truth Q scoresgyis) as number of nodes-éxis) changes.

5.5.2.2.2 Evaluating Repeatability of theAl gor i t hmés Per f

To further investigate the ability of the PDIC@&fproach to produce consistent results across
random starts across random data partitioningiitieli sation, the standard deviation of the
clustering resultss measured where the algorithm is run 100 times each time with different
random data partitioning and algorithmitiali sation The standard deviation value of both NMI
and modularity for the data sets witlferent network size ardisplayed inFigure 5.9 which

is relatively very small and in some cases around zero variation.
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Figure 5.9 Standard deviation of final modularity/NMI with network sizes

5.5.2.2.3 Evaluation of Complexity of the PDICCA Approach

Toinvestigate the relationship between the number of nodes and complexity of approach, both
the computing time and the total number of exchanged messages as a function of the network
size are presented iRigure 5.10( a and b). Since PDICCA requir@slarge number of
exchanged messages between nodes, which is the most time consuming part during execution,
the performance of PDICCA highly depended on the total number of exchanged messages.
Therefore in this approach, the running time increases withetinork size as a consequence

of increasinghe number of exchanged messadest example, theomputing timeand total

number of messages exchanged by PDICCA fof500; 5000} are {8.6; 3763} and

{1,344,282; 15,633,691} respectively.

The average numbef berations and number of clustering solutions achieved are summarized
in Table 53. As can be seen, tiRDICCA usually tends to detefgwercommunities thathe
ground truth solution. Another observation is that the number of iterations seems to depend

more on the network structure than the size of network.
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Figure 5.10 (a) Total number of exchanged messageax{g) as number of nodes-éxis) changes.
(b) .Runningtime scalability of proposed algorithm in seconds.

Table5.3 Experimental redts of the PDICCA approach for increasing number of nodes in the network

Number G.No. No

of nodes = cluster NMI clustér Iteration
500 16.4 0.9487652 14.9 4.65
1000 32 0.9497669  28.24 4.88
1500 51.4 0.9596985 45.79 5.01
2000 69 0.9660799  61.85 5.22

2500 87.6 0.9664238 77.84 511
3000 103.6 0.9675385 92.34 531
3500 122.6 0.9698933 108.89 5.29
4000 133.6 0.9674534 118.71 541
4500 154.8 0.9703297 137.01 5.35
5000 173 0.9695852 151.99 5.34

5.5.2.3Evaluation of Clustering Performance UsingMixing Parameter

The PDICCA approach is evaluated with varying values of mixing parameter between 0.1 and
0.75, ¥{0.1, 0.15, . . ., 0.75}, and keeping the number of nodes constgfRO® 1000}.

Figure 5.11shows the results obtained fasth modularity and NMI accuracy as a function of

the mixing parametausing the PDICCA for network sizes 500 an@iiD nodes.As can be
clearlyseenthe natural partitions of the network are always found (in principle) fontkieg

parameter value of up @5, after which the method starts to fail where the quality of PDICCA
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was rather poorHowever, fast greedy modularity optsation algorithm does not have
impressive performances either, and dispkgimilar pattern. Furthermore, the performance

ofPDO CCA i s expected to decrease as € increasete
community clustesin the network are not well defined.

More results including the exact values of the Q and NMI performance measures along with

ARI metric valuesan be found in thappendix A.2.
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Figure5.11Per f or mance of the proposed algorithm using Mi
network is 500, (b) Number of node in the network,300.

5.6 Summary

In this chapter, the distributedemory parallel version ofhe DICCA approach, named
PDICCA, toextract an efficient community structure for large netwgaskproposed. PDICCA

builds around the idea of splitting data instances into blocks and then clusters each block
independently and in parallel fashion across multiple cores/machines. The custacted

from blocks are then aggregated at the final stage tisarg-clustering stage. The PDICCA
approach provides several features simultaneously. Since it does not require a global

knowledge of the network topology, it is effective to process iveggatasets that are too large
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to fit in memory. In addition, PDICCA addressthe computationally intensive issues and
utilizes maximum hardware capabilities of modern racttie systems for faster execution by
processing multiple blocks mparallel manner. Furthermore, when scalability issues occur as
the data size grows beyond the processing power of a single machine, the proposed distributed
approach based dhe MapReduce computing platform will help address this. Finally, in this
chapte the effectiveness and complexitytb€ PDICCA approach is tested and analysed using
synthetic networks with ground truth communities. The experimental results of the PDICCA

approach prove promising.

Since the nodes in the network contain a large amwiuattribute information, tis attribute
information ha important significance in completely presenting the community structure of
the network. For example, asocial network, members of the same orgaion are not only
friends but also they are mdileely to have common interests or common individual attributes.
Therefore, in the following chaptehe approachwhich utilizes attribute information, shared
neighbouréinformation and connectivity between nodes in the network to extract communities

is proposed.
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CHAPTER 6
A PRE-PROCESSING APPROACH FOR ROBUST
COMMUNITY CLUSTERING TECHNIQUES BASED

ON COLLABORATIVE INFORMATION SOURCES

In this chapter, a prprocessing approach for improving the robustness of community detection

in the existing weighted community detection algorithms, especially in networks with missing
information is proposed This is done through considering attributdormation, shared
neighbouré information and connectivity between nodes in the network, for the detection
process. Empirical results demonstrate that the proposed approach is robust and can detect
more meaningful community structures within incomplatermation networks than trstate

of-the-art methodshat consider only topology information.

6.1 Introduction

In many realworld network structures such as social networks and the World Wide Web, in
addition to the link information, nodes are accompanidl thieir attribute values referre¢al

as attribute/content information. For exampl
describe the roles of a person wtietopological structure represamelationships among a

group of people.

A fundamental propertin networkis the communitystructure.Another property of similar
interest is transitivity or global coefficient clustering, which is defined as the tendency among
two nodes to be connected if they share a mutual neighbwman, 2001)In terms of

network topology, recall fronshapter 3 equation 8transitivity defined as the presence of a
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heightened number of sets of three vertices with edges between each pair of nodes (triangles)

in the network.

Empirical studies have found that the concept of transitivity applies in abo80%0of all

cases across a variety of small group situati@evis, 1970; Louch, 2@). Huijuan and
Shixuan (2013)propo®d a graph clustering algorithm called SNGC that considers both
connectivity between nodes and shared neighbours. Their experimental results show that the
proposed algorithm provides promising results and could be applied to the analysis of social
networks, computer networks, bioinformatics, etc.

Another common occurrence in networks is that similar nodes associate with each other more
often thanwith others (e.g. in social networks, people choose to be friends with people who
share their beliefs). This property in known as HomogMlgPherson, Smitih.ovin and Cook,

2001) Traud et al (20113how that a set of nod@attributes can act as the primary organising
principle of the communities. Several studies have been performed to investigate this
phenomenon of Homophily, which summarized inMcPherson, Smittbovin and Cook

(2001)

Most of the existing approaches found in the literature make use of either link information or
attribute information analysis alone for community detection. However, iwadd networks
neitherpiece ofinformation on its own is sufficient in determining good clusters of the network.

The link information is usually sparse and noisy. On the other hand, relying on the attribute
information alone could mislead the process of community detection. For examegbeocess

may not i denti fy t he strength of a nodeobs
Consequently, by taking into account only one source of information, the algorithm may fail

to detect accurately the entire community memberships. Howawesidering more than one

source of information for community detection could produce meaningful clusters and improve

the robustness of the network. For instancethmcase of attribute information, shared
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neighbours and connectivity information are ddeeed, then if either one source of
information is noisy or missing, the other could make up for it. Therefore, the proposed
approach will consider attribute information, shared neighbours and connectivity information
aspects of the network for commundgtection. It should be noted that this work does not
attempt to introduce a new community detection algorithm; rather proposepepessing

step to improve existing community detection algorithms and make them execute with better

results in unreliald data network environments.

In this chapter, a network is represented as an undirected network G = (V, E, A), where V is
the set of nodes, E is set of edges between nodes. Each ndde i associated with an

attribute vectord 8 6 ). Where ds the attribute dimension and i represents the node ID.

The main goal of this work is to find K nasverlapping communities in the network where the
community (C) is defined as a list of nempty node subsets: C#{ # R } ,= andV=

6 thatsatisfy6 76 = 1T for any il |

6.2 RelatedLiterature and Contribution

During the past decade, the problem of community detection in networks has drawn a great
deal of attention and several algorithms have been propdsectver,most of thesexisting
methods use either link information or attribute information alone for detecting communities

in the networksRecently, there have been several stud@esg and Viennet; Yang et al, 2009;

Zhou, Chag and Yu, 2009; Lin et al, 2012; Ruan, Fuhry and Parthasarathy, 2013; Salem and
Ozcaglar, 2014showing that the combination of attribute and link information to detect
communities in a network can imp® the clustering quality. bbt of these studies propose

new algorithms thaaim to use both sources of information; however, their success relies on
the completeness of the dataset. Moreover, most methods use all attributes the same way

without considering which ones may influent® ttcommunity structure more, and lack the
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flexibility of balancing the information coming from network adjacency matrix and its node
attributes. Additionally, none of the studies examines the quality and the number of community
structures that could be idEfied in the network when some of the links are missing i.e. noisy
network environment. So, to the best of our knowledge, this is the first study on the community

structure that seeks to:

1. Design a unique prprocessing approach ftne state of the adtbommunity detection
algorithms by tightly integrating the attribute information, shared neighbours and
connectivity information aspects of the network to produce a new matrix.

2. Study the correlation between communities and attributes in the network i astr
weight detection attribute model to learn the degree of contributions of different
attributes based on the impact of attribute on the community structure.

3. Evaluate the performance of ppeocessing approach within incomplete, noisy,

networks.

6.3 Experimental Datasets

In order to investigate the correlations between attributes and community structure and to
evaluate the proposed approach, anosgthiFacebook datasets as introduced by Traud et al
(Traud, Mucha and Porter, 201&)d(Traud et al, 2011are used. The Facebook datasets are
undirected and unweighted. The datasets were recorded on a particular day in September 2005
and contain Facebook networks from 100 different Acaeruniversity networks whose nodes
represent users and the links represent friendships between users. Attribute information about
each user is also provided. Each user has seven node attributes: a student/faculty status flag,
gender, major, second majmihor (if applicable), dormitory (house), year and high school. In

this work four networks from 100 Facebook datasets are used. In particular, the Caltech36,

Reed98, Haverford76 and Vassar85 datasets, which contain 769,882 ahd 368 nodes
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and 16656, 18812, 59589 and 11961 edges respectively are used. However, the proposed
approach in this work is not limited to the social networks but can be applied to many kind of

graph structures.

6.4 Correlation Analysis

6.4.1 SharedNeighbours

In order to measure hovikely any two nodes with a common neighbour are themselves

connectegthe clustering coefficient of each node in the network is calculated.

Recall from chapter,2he node clustering coefficie@t, of a node i is defined as the ratio of
the number oédges connecting the neighbours of i to the totaliplessumber of such edges

of I, 0 is the degree of node i
6 — (6.1)

Where,, is the number of edges between neighbours of n(@esta et al, 2007)

The clustering coefficient for the whole network is the average of the local values
0 -B 0 (6.2)

Where n is the number of nodes in the netw@wsta et al, 2007)

Figure 6.1shows the visualization results of the cluster coefficient for each node in the four
datasets. In this figure, colours of nodes correspond to values of their corresponding clustering
coefficients. As can be seen, there are some nodes that have higingustefficients, which
indicates strong connectivity between each other. In the other words, they are more prone to be
in the same cluster. Furthermore, the clustering coefficient for the considered networks are
0.4288, 0.3304, 0.3268 and 0.2487 for G#i86, Reed98, Haverford76 and Vassar85 datasets
respectively.
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(a) Caltech36

(b) Reed98

0.9
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10.7

10.8

10.7
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(c) Haverford76

(d) Vassar85

Figure 6.1 Visualization results of node clustering coefficient for subset of four datasets (should be viewed in

colour).

Therefore it is clear from the above discussion that the shared neighibéansation can be

used to describe the nature of connections between nodes in the network. This should motivate

the use of shared neighbodirsformation in detecting community clusters in the network.

6.4.2 Correlation of Communities andAttributes

For the sake of computing the correlation between connectivity of nodes and their attributes,

the nodes are clustered based on their attributes in which, the nodes whose attributes are similar

are grouped together to form a cluster. Also, four differentroanity clustering algorithms,
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which are FastModularitfClauset, Newman and Moore, 2004dpuvain(Blondel et al, 2008)
leading eigenvector algorithiiNewman, 2006aand WalkTrap(Pons and Latapy, 2008)e
applied on the datasets to find the communities. Thercdirelations between the regudt
communities from these algorithms and the attributes are measured using Jaccard similarity

index.

Figure 6.2shows the correlations between attribute and communities clustering for Reed
dataset. The visualization is m® using R with the help of the Igraph packé&geardi and
Nepusz, 2006)From this figure some of the correlations between attributes (colours) and the

community structure can be observed.

Figure 6.3 presents the Jaccard similarity indéor four different community detection
algorithms with each attribute over the four networks in the Facebook dataset. It is interesting

to notice that for the same dataset, the order of the correlation strength across different attributes

is not the samera varesfrom one community clustering algorithm to another. For example

in Reed98 dataset, if the agreement with the fast modularity algorithm is considered, the most
agreement i's observed with the attribute 6
algorithm performs the best if the agreement
fact that each algorithm differs on how they treat the nodes and assign them to different

communities with different size and number of communities.

Even thoughthere exists a difference in attribute ranking across different algorithms and
datasets, as an overview, the most agreements are observed with student faculty, gender, year
and dormitory attributes. However, in computing the correlation between atribote
community structureTraud et al (2011yeported that the order of correlation strength is

significantly dependent on the agreement index used and not consistent across different indices.
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Student or faculty status flag

Gender

Fastgreedy

Figure 6.2 Visualization of correlations between attributes and communities for Reed dataset. (a) Communities
based on attributes: nodes are coloured the same if they have the same value for the corresponding attribute;

Louvain

(b)

Leading eigenvector

Walktrap

nodes with a missing value for an attribute whéte. (b) Communities based on community clustering
algorithm: nodes are coloured the same if they belong to the same community.
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Figure 6.3 Agreement of different community detection algorithms with each attribute, for a subset of four
datasets.
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Observing a correlation between the attributes and the communities in the network,sndicate
the attribute information is a source of data that can be used to perform the community
clustering task. Furthermore, based on the homophily propeatgeaifvork as shown above it

is clear that the linked nodes are more likely to share similar attritbi@sever, the attributes

do not have the same influence as the community structure and some attributes weigh more
than others in their influence. Thus the impact of different attributes on communities needs to
be known and properly weighted accordingteittinfluence on the community structure. This

will balance the role of network information and node attributes.

6.5 Description of the ProposedApproach

The proposed approach could be defined as apnmeessing phase for conventional
community clustering gbrithms, which takes a graph G = (V, E, A), the weight of attributes

(W) and two more weighting factors (U and b)
bet ween connectivity information, andsboth a
used to weight attribute information to the number of common neighbdoivever, these

weighting factors (W, U, b) -ctheparelkrowreaipriother pr

or calculated from the dataset.

The proposed approach returns iy similarity matrix. The hybrid similarity matrix is a
weighted combination of attribute information, shared neighl@ounformation and
connectivity information between the nodes. Once the proposed approach constructs the hybrid
similarity matrix, it @n be supplied to any of tsateof-the-artclustering algorithms proposed

for weighted graph (e.g. Newman fast Greedy algorithm, Louvain algorithm, Newman
algorithm based on leading eigenvector of a modularity matrix or Walktrap algorithm) to

extract conmunity clusters.
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The general architecture of proposed approach is shovigure 6.4 As can be seen in the

figure, the approach has two phases named the pardesmteing phase and information

aggregation phase. The first phase aims is to extrachalpparameters whereas the second

oneis used to build a hybrid similarity matrix.

’ Optional input parameter ‘ ’ Network dataset ‘

Content information

Topology information

Weighted contribution
parameters (U b )
w

Our proposed approach

Local clustering stage

Cadlculate attribute similarity

=

matrix
Attribute weighting
| stage ‘
2 Calculate shared neighbours
w similarity matrix
(Ub)
Mapping attribute similarity,
» » » shared neighbours similarity and
adjacency matrix to build a
hybrid similarity matrix

’ Parameter learning ‘ ’

Information aggregation

|

Mapping
hybrid

similarity c1 Q9

matrix to : .“
community

detection [

algorithm .&' c2

Cc3
state of the art —
-

community

detection

algorithm

Figure 6.4 System architecture for the proposed approach.

We formally describe thgenerative process of hybrid similarity matrix as following:

0 Q= HAQ p 8 T8O G p T 8Y0 "AQ

OO A od A0
Where:
( BE: Hybrid similarity matrix

A: adjacency matrix

W& AQdrhe weighted attribute similarity between a pair of nddes

U: The weighting factor wused for

information and shared neighbours information.
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b : The weighting factor wused for the contri
common neighburs information.

3 . EE: Shared neighbours similarity between nodes i and j.

! BE: The attribute similarity between a pair of nodes (i, j) in network G = (V,E,A)

W: A matrix containing the weights of each attribaféehenode in the network.

Definition 6.1 Shared neighbours

Given a graph G = (V, E), for a node iV, the neighbours of node i are nodes that directly

connect to node i and is denoted3gy).

The shared neighbours of node i and j are the nodes that both directly connect tanddes

It is defined as:

A

YORHQ WE. GE (6.5)

The shared neighbours similarity between nodes i and j is calculated by dividing the number

of shared neighbours between them by the maximum defread j nodes. It is defined as:

Yo oo — " (6.6)

Where:
"YU "@Q Shared neighboursetweemodes i and j.
0 : Degree of node i

In the hybrid similarity matrix, as it is defined in equation 6.3, the strength of relationship
between nodess determined by attribute information, connectivity information and shared
neighbours and controlled by tweeighting parameter6 U a.nThelb)and b wei ght

parameters can be given as part of the input values by the human agent based on his knowledge
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of the data structure and his perception of the importance of each attribute. However, choosing
the right weighting values of attributes withoaitpriori knowledge of the network is a
challenging task. Furthermore, the proposed approach has attribute weighting factors (W), the
values of which need to be set carefully. Thus, in the following sections, the two phases of the
proposed approaclhe paameteflearning phase and information aggregation phase) will be

discussed in detail to provide guidelines on how to set these parameters.

6.5.1 The Parameter Learning Phase

Since the goal of utilizing details on attribute information, shared neighbours amettoity
information in this workis to get the best community clusters for the netwibr& attributes

of the nodes should be weighted in such a way dhadter weight is given to the more
influential attributes, and smaller weights tbe lessinfluential. Determining the influence

and thus the weights of the attributes correctly, will enhance the community structure algorithm
and improve the detection of communities in the networks. The main purpose of the proposed
attribute weighting techniqus to search for small groups of nodes (initial clusters) that contain
more internal connections (links between nodes in the group) than external connections
(between nodes of the group and nodes in other groups) and then fatttithege similarity

betveen nodes in the same groups to get the influence factor for each attribute

To accomplish this, the parametearning phase, as shownFhigure 6.4 is subdivided into

two stages, local clustering stage and attribuggghtingstage. Local clustering pke is to
extract dense nodes from the network to form the initial clusters. These initial clusters are local
small ones, far from beinilpe optimal result and are only used in the second stage to weight

the attributes of each node in the network as veefisiimate the)  a parameter values.

In the local clustering phase, the initial clusters are obtained by applying the first phase of the

DICCA approachproposed in chaptet, namedocal clustering phaseThe basic idea ahe
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local clustering phase in DICCAonsists of picking um nodes to be originators in which the
m nodes should be spread out in all regions of the network and assigning each node to the

closest originator to form a cluster.

The attributeweighting stage is then applied to find the strength of the weighting for each
attribute based on the structures of current clustering sefuting the attributeveighting
stage, the set of attributes for each node are weighted accordingindiuénce in the
community in which the hidl influential attributes are assigned with high strength weights;

meanwhile thedssinfluential attributes are assigned with low strength weights.

In more detail, to find the attribute weighting, iniscessaryo measure the proximity between
each pair of nodes in the initial clusters based on their attributes. To do so, the attribute

similarity metric needs to be defined first.

6.5.1.1Attribute Similarity Metric

The attribute similarity between nod¥s and V; within the same cluster is determined by
examining each ofl set of attributes on the two nodes and reflect on the strength of the

relationship between them in terms of their attribute values.

Without loss of generality, regardless of the similarity metric iclemed to find the weight of
attributes, first, the similarity between the attribute values of each pair of nodes belonging to

the same local cluster is calculated as folow

let X'n.g be the similarity matrix for cluster i withl nodes each witll attributes, the local
attribute weight for cluster i igbtained by adding the appropriate dimension attribute of each

node in the cluster to form a vector of 1xd size@d@termineds:

Lo -B by (6.7)

107



Theweighting for the entire network is then calculabgdadding the corresponding attribute
of eachlocal attribute weightgum of the vectors) to form another vecitorlxd size. It is

formally defined as:
w —B lw (6.8)

It is worth mentioning that the weights assigned to the attributes in the parameter learning

phase 7 , xhx é.,x }ranges between 0 and 1.

Whether or not a certain subset is optimal depends onirthiargy metric employedThe
guestion about whairethe best similarity measures between nodes to choose for different
types of attribute data is beyond the scope of this wdmkthis work, a Jaccard similarity
coefficient is used to define the attribute similarity between nodes in the same cluster and to
find the weight of attributes (W) during the paramédgéarning phase. For an overview of the
research work on determiningetimost meaningful similarity measures in various fields and

for different types of data, s€€hoi, Cha and Tappert, 2010; Arif and Basalamah, 2012)

Definition 6.2 Jaccard similarity. Given a networlG = (V,E,A), for any pair of nodeg;, V;
NV, the Jaccard similarity between nodésandV; with respect to attribute is indicated
J(Ai,A)) and is defined as the size of the intersection divided by the size union of the data sets,

as given below:

o =2 (6.9)

J( B Feturnsa value between 0 and 1, with 0 denoting no similarity, and 1 denoting identical

sets.
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Furthermore, since in this workaccard similarity is used to measwttribute similarity
betweemodesthe8 4 could be defined as thlaccard similarity matrix for cluster i atite

weighted attribute similaritgo &  "“@0Ohbetween any nodes i and j is defined as follows:

Gwo ) (6.10)

Where each node hdsttributes and 0 s theattribute vector of node i.

The pseudo code outlining the entire procedure with Jaccard similarity is listed in Algorithm

6.1.
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Algorithm 6.1: The proposed approach

Input:

adj: adjacency matrix.
Att: An attribute nodes matrix.
Optional input parameter:

W: a matrix containing the weights of each attribute for each node in the network.
® : The weighted Contribution of connectivity information to the attribute information
//land shared neighbours information.
I dT'he weighted contribution of attribute information to the number of shared
/Ineighbour information.
Output:
K: A set of communities in the network.
for each Node¥ AAE
! BE B 10 1 0BjB | OB | OB /lgetattribute
/Isimilarity matrix between &j where i j
3()) Y get theneighbours of node (i)
E Y getthe degree of node (i)
end
SN@,))={3( i B(@)E //get the number of sharegighbours between each nodes
3. HBE 3 .BETXI A@h+ [/ shared neighbours similarity between nodes i
/I and jwhere [ j
C=local clustering phaseg(adj) // run the first phase of DICCA algorithm
for each cluster it #
For each pairs of nodes Vjlc

L8 s Yd 00! 094 OO ! O® //Jaccard similarity matrix for cluster Ic

end
NY get number of nodes In
L7 =-B 8
End

my get number of initial clusters m
if ( W not provided as an input paramégter

W=—B ,7
— end
if (® not provided as an input parame}er
® ®»L A
L end
if (T not provided as an input paramejer
I =0.5
— end
7A EE 7 21 00! 00 7 21001 00

( HEHENOEG ABE po [FA HE p [ &8. HE
K'Y community cluster(( EE
Return K return the final division of adj.
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6.5.1.2Ef f ect of Quaityod Commumity Sttudtuee

When considering the values to select for t
emphasis on one of the network parametersstedok considered. For example, emphasis on
theconnectivity informatios our ce means t hat the parameter
the other hand, emphasis on attribainel shared neighbours informatiore ans t hat U s
be less than 0.5. Thesam ar gument hol ds good for the par
indicates that attribute node information source has more contribution than the information
related to the number of common neighbours. In the networks, the weighted combination of
attribue information, shared neighbours and connectivity informadi@mnot the same and the
values of U and b need to be selected carefu

knowledge, it is quite difficult to scale the contribution of each soofragormation.

I n order to determine the effects of varyi ng
clustering and thereby to determine the para
used to track how the community clustering changewh en t he val ues of U

from 0.1 to 1 with a step size of 0.1. Also, modularity index is used to evaluate the quality of

community detection.

Figure 6.5and 6.6show how the two parameters influence the community clustering quality.
The X-axis and Yaxisinthef i gur es represent the val wes of

axis represents the modularity scofes can be clearly seen fromigure 6.5 (a-d), the

modul arity is remar kably robust to théde cho
modul arity of community detection is O 0.25
However, it i's worth mentioning that U =b=0

community clustering is just based on the number of common neighbo HEE

Pors

3. BB
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As an overview, with an increasing value of

for a constant valwue of U. On the contrary.
community clustering increases slightly forasanant b val ue. |t is al s
of U < 0.6 the modularity is dramatically a:
fluctuates between 0.01 and 0.4 and it becon

0.6and 0.7.Howeve, t he Modul arity becomes al most st :

when 0.0

Experimental results also demonstrate thattmnectivity informations more useful than the
shared neighbouds nf or mati on and attribute i nformatic
should be greater than or equal to 0.5. For the datasets considered in this work, high modularity

values are obtained whéh 0.7.

With regard to these etswostrgigatiorsvanewagto it théinta nd b
dataset and different datasgtnay require different parameter values. However, based on the
above argument, in order to better exploit the sources of information and obtain optimum
robustness in the detectionofo mmuni ty clusters in the presen

based on the weights of attribu(eg as follows:
| LW (6.11)

In this work, to avoid a cumbersome decision process, eéouualrtance is given to shared
nei ghbours and attribute information in whi

experimentations.
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Figure 6.5 (a-b) Modularity value achieved by fosommunity clustering algorithm dataset using different
value of U and b ondatata) Caltech36 (b)
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6.5.2 Information Aggregation Phase

The information aggregation phase aims to build a weighted matrix, named hybrid matrix,
based on the knowledge learned fritraparameter learning phase.eBeweighted attributes

w, U and b val akylsidsmilaity matrix ds defioed iquatidn 6.3. In the
hybrid matrix, the edges that link nodes do not have similar attributes or do not have shared
neighbours will be punished and assigned with low strength weights; while the edges
connecting similar nodes or having shared neighboulisbeiassigned with high strength

weights. Also, there are some edgédsch will be added between the nodes to represent the

attribute and shared neighbour similarity.

6.6 Experimentation and Results

6.6.1 Experimental Setup

In order to assess the effectivenesshefproposed approach to detect communities under an
unreliable network structure, an experimentation has been conducted using four different
Facebook dataset networks when some edges are missing while the node attributes are fully
available. Furthermorepf the sake of evaluation, edges are removed from the network at
random and the number of removed links is increased from zero to half the number of edges in

the network in steps of 5% of network edges.

In each experiment, the performance is computedyubim results obtained by applying each
of the four algorithms with and without applying the proposed approach aspeopessing
step. Each algorithm has been applied more than once on the data and the experimental results

presented are the average of samulation runs.

To quantify the performance of the proposed approach, the quality of the obtained community

structures is evaluated based on the modularity, number and size of detected communities.
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Moreover, for simplification, in the following sectisrwhen the proposed approach is
combined with Fast Modularity algorithm (FA) is refertedas HybridFA; when combined

with Louvain algorithm (LA) as Hybrid A; when combined with leading eigenvector (LE) as
Hybrid-LE and HybridWA when combined with Walkap algorithm (WA). Additionally, to
facilitate comparison of results in line charts, the results obtained using the proposed approach

are denoted by dashed | ine style with fixd ma

6.6.2 Experimental Results andDiscussion

In this subsection, the effeveness and efficiency of the algorithm is assessed from two aspects.
One is to evaluate the attribute weighted method proposed in this work along with the
methodology used to set the parameter value. The other aspect is to integrate the proposed
approat with welFknown community clustering algorithms and make a comparison of the
results achieved without the integration to show how the proposed approach can be used to

improve the robustness and quality of walbwn community clustering algorithms.

6.6.2.1Evaluation of Attribute Weighting Method

As highlighted in section 6.4, different attributes have different significance for assessing the
similarity between the nodes in the same community clusters, therefore the attribute weighting
method is proposed. Ithis section, the performance of the proposed attribute weighting

method is experimentally evaluated.

The evaluation is done by checking how well the weight of the attrimitesned by the

weighting methodnatch with the actual important attribufggsented irFigure 6.3

Figure6.7 showsthe attribute weightsbtained by the weighting method for the four datasets
under consideration. It is obvious that the attributes have different weight strengths and order
of importance for different datasekéowever, boking at the attribute weights of the four data

sets, it is clear that four specific attributes (student, gender, dormitory and year attribute) have
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the highest weighting values across all four data sets. Anyway, the remaining attributes (high

school and major/minor attribute) do not have strong influence on the community structure,

hence weighted with a very small value, if not dropped, in the attribute weighting stage.

Student/ Gender Major Second Dormitory Year High school
faculty major/ minor  (house)
Attribute

Caltech36 mReed98 mHaverford76 = Vassar85

Figure 6.7 Attribute weights for four datasets.

Moreover, the comparisdretweerfigure6.3andFigure6.7showsthat the parameter learning

phase achieves almdsie same resultsimost cases. Whereas, the attribute importance order

is either the same or only slightly different due to small differences in the attribute correlation.

For example in Caltech36 dataset, the order of importance attributes are student, gender, year

and haise with attribute weight values 0.4695, 0.3102, 0.2195 and 0.2193 respectively. In

comparison td-igure6.3 and for the case dhefast modularity algorithm asnexample, the

order is changed to student, gender, house and year attebbieving Jacrd index values

of 0.2772, 0.2412, 0.1746 and 0.1239 respectively.

Furthermoreto evaluate the performance of the proposed weighting method in handling noisy

data,Figure 6.8 showsthe values of attribute weight féne fourlargest weightedttributes

obtained by the weighting methodh@an the percentage of rewred edges varied from 0 to 50%.

From the figure, it is worth noting that the ordering of weights is remarkably stable and the
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attribute weighting method shows an effective performance by geiiofthe noisy datasets

and correctly weights attributes according to their importance.

Caltech36 university dataset Reed98 university dataset
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Figure 6.8 Robustness of weighting method to the edge removal.

To further assess tiparameters analysis phatige number of initial clusters identified at local

clustering stage along with the value of U

reported in Table 6.1.

The results in the Table 6.1 indicate that the nbaseno significant influence dhe value of

U In other words, thenethod used to defilg v dskeueguation 6.119 somewnhat stable. In
addition, itis clear that local crusting testd partition data to a larger number of initial clusters.
Considering Reed98 dataset for exampleen the missing edgesried from 0% to 50%the

values of U and the number of obtailndd@ i ni t i

respectively.
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It is also worth noting from Table 6.1 that the valu&J&f not related to the number of initia

clusters found by the local clustering stage. In some cases, higher valiseobftained when

mor e

clusters are found. ConsideriRged98 datasgor instanceywhen the missing edges increased

from

ni ti

15% to

a l

20 %,

clusters

bot h

ar e

U val

f o u ngdwhenfEveerinitimt her s

ue

and 0813®39}u mber

to {0.8162,405} respectively. On the other hand and for the same dataset, when the missing

edges increasedadmn 5% to 10% they a | u e

t he

number

of

i ni

t

i al

of U

clusters

i ncreased

decreased

from O.

by

datasets is always higher than 0.75. This value is in agreement with what was observed in

section 6.5.1.2vherethe connectivity informatiorcontains more useful information than the

shared neighbours or attribute informatith ( O) afd. tdget high modularity the value f

should be higher than 0.7.

Overall, the results clearly demonstrate that the pamnedrning method has the ability to

extract essential and informative attributes and to weight them to reflect the relative importance

of attribute in community clustering tasks.

Dataset

%Missing
edges

0
5
10
15
20
25
30
35
40
45
50

Caltech36

Number

of initial U

clusters
384 0.8127
381 0.8156
392 0.8177
388 0.8161
392 0.8161
391 0.8159
390 0.8156
394 0.8168
398 0.8152
390 0.8171
387 0.8110

Table6.1 Resultsfor four dataset

Reed98
Number of
initial V]
clusters
382 0.8084
392 0.8123
389 0.8130
399 0.8139
405 0.8162
397 0.8153
409 0.8170
402 0.8180
418 0.8193
432 0.8241
446 0.8231
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Haverford76
Number of
initial V]
clusters

412 0.7792
427 0.7811
436 0.7822
419 0.7823
443 0.7827
463 0.7827
467 0.7843
476 0.7834
489 0.7861
487 0.7879
514 0.7884

Vassar85
Number of
initial U
clusters
824 0.7673
835 0.7671
844 0.7684
873 0.7694
898 0.7709
921 0.7712
927 0.7722
948 0.7731
953 0.7738
1003 0.7763
1036 0.7784



6.6.2.2Model Performance

In this subsection, using the optimal parameters determinedtbsipgrametefearning phase

(as discussed in section 6.5.1), the performandeegfre-processingpproach is evaluated.

6.6.2.2.1Number of Community Clusters
Since the number of communities in the networks is unspecifiedalgithms try to
automatically detect the most appropriate number of communities by maximizing the

modularity.

The variation in number of community clusters when different numbersyeseate removed

is given inFigure 6.9 It is observed thahe conventional algorithms are adversely affected by
noise so fail to account for appropriate community structures. Moremest, cases result in

an increasing number of communities wah increasing % of missing edges. The only
exception is the LEA algorithm, which results in almost the same number of communities even

without applying the prprocessing approach.

Considering Caltech36 dataset, for example, increasing proportions ofaedgesdomly
removed fromthe network (from 0% to 50%), the number of communities detected by all
conventional algorithms are changed from {10,10,12,72} to {39,39,10,104} for {FA, LA, LEA,
WA} algorithms respectively. Such behaviour can be explained Iy fatt that the
conventional algorithms consider only topology information. On the other hand, the proposed
approach considers attribute, shared neighbours and connectivity information. Since the nodes
in the same community usually are not just highly emted but also have similar attributes

and transitivity coefficient, the proposed approach uses attribute information to make up for
the missing link information and to identify the community membership. Consequently,

integrating the proposed approach wattconventional algorithm is more advantageous for
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discovering the most appropriate number of community structures than using the conventional

algorithm on its own.

Caltech36 university dataset Reed98 university dataset
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Figure 6.9 Number of communitglusters for: (a) Caltech36 university dataset, (b) Reed98 university dataset
(c) Haverford76 university dataset, (d) Vassar85 dataset.

Walktrap algorithm when run on the dataset on its own failed to detect the appropriate number
of communities, and conaped to the other algorithms the number of communities returned by
Walktrap are extremely gh for all considered datasetdowever, applying the proposed
approach as a pygrocessing step to build the hybrid similarity matrix before applying the
Walktrapcommunity detection algorithm has significantly improved the performance to obtain

just 8 clusters.

Furthermore, when the percentage of removed edges is increased from 0% to 50%, the number
of clusters formed using the proposed approach is more simila twiginal partition network

when there is no noise applied. For example in the case of Caltech36 dataset when 50% of
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edges are missing, the number of obtained communities are {8,8,4} for {HyBri¢Hybrid-

LA, Hybrid LEA, Hybrid-WA} algorithms respectiely. This demonstrates that the proposed

approach has the capability to extract relevant information from highly noisy daiadenhake

these algorithms quite robust to edge remoVale complete tables showing the cluster

performance for four dataset®eancluded imppendix A.3

To take a closer look at the sensitivity of

obtained communities to the noise, the average size

of the obtained communitiewhen percentage of removed edges is increased from 0% to 50%

is investigated anghown inFigure 6.10

Caltech36 university dataset

Reed98 university dataset
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Figure 6.10 Average Community size for: (a) Caltech36 university dataset, (b) Reed98 university dataset (c)
Haverford76 university dataset, (d) Vassar85 dataset.

Considering Vasser85 t#mset, for example, increasimpgoportions of edges are randomly

removed from network (from 0% to 50%), the average community size detected by all

conventionalalgorithms dropped fror§614, 511, 438, 51} to {94, 95, 583,28} for {FA,
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LA,LEA, WA} algorithms respectively. In contrastombiningthe proposedore-processing
approach withthe communityclustering algorithms considered in this wor&sults in
community clustersvith almost constanaverage sizeThis effect come$&rom the fact that

since the conventional community identification is based only on the adjacency matrix, the
number of community clusters obtained are heavily dependent on the number of links in the
network, so as the percentage of missing edges increéhseslustering algorithm becomes

less stable and the clusters become smaller. In contrast, this is not the dasehydorid
similarity matrix, which is based on different consideraticggripute information, shared

neighbours information and conniedty between nodes in the netwQrk

6.6.2.2.2Modularity

Regarding the quality of community clustetee modularity metric is used as a scoring
function to assess the quality of detected community clusters with and without applying the
proposed prgrocessing phaséigure 6.11 showsthe averaged Q values, plotted for each
community detection algorithm. As®ln in this figure, in most cases using the proposed pre
processing approach has resulted in a slightly lower modularity than the conventional
community detection methods. However, the difference is negligible and the results suggest
that the proposed apgach is a promising and powerful tool to assist in the fine tuning of

different sources of information in community clustering area.

Moreover, the comparisdmetweenFigure 6.9 Figure6.10andFigure6.11shows thatvhile
the approach achieves a good modularity quality that is comparable with the conventional
methods, the approach is significantly more effective in terms of both number and size of
communities detected where the network structure is found to have someblanelimissing

information.
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Caltech36 university dataset Reed98 university dataset
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Figure 6.11 Modularity index vis missing edges for: (a) Caltech36 university dataset, (b) Reed98 university
dataset (c) Haverford76 university dataset, (d) Vassar85 dataset.

It is worth noting that in the present context, using community clusters matching (e.gcoNMI)
evaluate the quality of proposed approach might be particularly problematic, as the ground
truth structures of four considered networks are not provided and both numbers and sizes of
the obtained community clusters are not the same across the ditfenemiLinity clustering

algorithms. he exact values ofesults presented in this chapter are included as tables in

appendix A.3.

6.7 Summary

In this chapter, a prprocessing approach that makes usattibute information, shared
neighbours and connectivitgformation aspects of the netwotd build a hybrid similarity
matrix is proposed. Because the attributea metwork usually do not play equally important

roles in clustering tasks, the proposed approach assigns a weighting value to each attribute
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during the process of building Hybrid similarity matrix to reflect the relative importance of

eachattribute.

Besidesthe attribute weighting parameter, the approach required the specification of two more
parameters U and b, t h e di@n ofcconnectivity inforindti@n, d e gr ¢
attribute similarity and shared neighbours information for a good baletween them. The
sensitivityoftheprdr ocessing approach to U and b parar

effective model for determiningat r i but e wei ghti ng val ue, U an

achieve an optimal result is provided.

In this work, a Jaccard similarity coefficient is used to denote attribute similarity between nodes.
The proposed approach is tested in conjunction witlh $bateof-the-art algorithms (Fast
Modularity algorithm, Louvain, leading eigenvector and Walktrap algorithm) popular in the
literature by applying to four redife Facebook data networks. The experimental results clearly
demonstrate that the approacts Hhe ability to incorporate attribute, structure and shared
neighbouréinformation into meaningful information used to bugltiybrid similarity matrix.
Besides, the community clustering algorithms employed on the hybrid similarity matrix pre
processed Ythe proposed approattaveshown a better effectiveness and robustness over
noisy networks than the stadéthe-art algorithms without applyinghe pre-processing

approach.

The approach proposed here could be used as well in conjunction withcotherunity

clustering algorithms and with other data sets.
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CHAPTER 7

A CASE STUDY IN TELECOMMUNICATION

INDUSTRY OF SMARTPHONE USAGE.

In this chapter, a set of relifie android smartphone usage data has been skimmethand

different features ofeatlife Android smartphone usage are presented. With these results,
community clustering and data mining techniques will be carried outwas fuork in order to

devel op a more profound understanding of the
This chapter is published in the proceedings of theldfrnational Conference on Computer

Systems and Technologi2816, Palermo, Italypp. 8:88),ACM.

7.1 Introduction

The material originally presented hdf@hapter 7annot be made freely available V
LIJMU E-Theses Collection because of copyright. The material was publish&d
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(pp. 8188), ACM- available athttps://dl.acm.org/citation.cfm?id=2983496
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CHAPTER 8

CONCLUSION AND FUTURE WORK

This chapter conclugghe research activities within this thesi$ie first sectiosummarise
the original contributionand the main findingsof the thesis In the second sectionha
limitations of the work are discussed, and a number of further research dir¢btiohsive

been openedp by this thesisrepresented

8.1 Summary of Contributions

Many systems in the world can be represeraedodels of complex networks which are
structures consisting of nodes or vertices connected by links or .eDg&scting and
characterizinguch community structasis one of the fundamentaltaps i n net wor k s
analysis and it hamany important applications different branchesf science including
computer science, physics, mathematics and bialagging fromvisualization,explomatory
anddata miningo building prediction models

In thisthesis, the major focus is giventtee community analysis in netwaskvhich has been

one of the active research topifor quite sometime. However, lased on a substantial
background anditerature review presenteith chapter 2 and the properties of readrld
networks presented in chapter 3, | argue that current community clustering techniques are no
longer able taleal with the large reatorld networks as the network size has increassond

the capabilities of a single machine

Hence,the focus in chapter 4 and Has beergiven to design the community clustering
approaches tde able tohandle massive datasets by efficiently utilizing the compgut
resources ira parallel processing topologyollowing this, | proposen approach that uses

both structural and attribute information to extract communities. Finally, | have studied the
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realworld community structure of a large telecom dataset network. In the foliowi

summarize the contributions for each technical chapter (chapter 4, 5, 6 and 7) separately.

Chapter 4:

In chapter 4a novel Decentralized Iterative Community ClusteriAgproach(DICCA) to
extract arefficientcommunitystructurefor large networkss presentedAn important property

of this approach is its ability to cluster the entire network without the global knowledge of the
network topology. This ability means tttae entire network does not need to be loadedanto
singlememory, and DICCAcould be easily adaptdd run in parallel on as many processors
as availabl¢o find community clusters in big networkshis cannot be done ihé majority of
existing community detection algorithrtifsatimplicitly assume that the entire structure of the
network is known and is available

The DICCA approach ivased ortherandom walkprocedureand reachability of nodes in the
network.The gproach is run in an iterative fashion andaia® parametersiamed threshold
value and time to live (TTL)Thequestion about what value ®fL to chooses discussed in
this chapter along with the mathematiceddel to obtain optimal threshold valkeirthermore,

the obtainedesults support the conclusion that teenmunity clusters found by DICCére
meaningfulandvery close tdheground truthsolution.

Chapter 5:

In chapter 5, a parallelecentralized iterative community clustering approach (PDICCA),
which does not require any global knowledge of the graph topology is proposed. PDICCA is
a distributed memoryarallel processing approach that trans®tive serial steps athe
DICCA approach intgparallelisedasks.lt is scalable and will work with a range of computer
architecture platforms (e.g. cluster of PCs, rmacdiie distributed memory servers, GPUd)e

core idea of PDICCA is to split the data into blocks and clustert#ack in a separate worker
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Then, the clusters extracted from blocks are aggregated at the final stage a$irstereng
phase PDICCA provides several features simultaneously; MECEA does not need to store
the whole dataset in the one main memory 3$® suitable for systems with limited memory
and works well for massive datasets. Furthermore, PDIG@#ANally utilizes the hardware
capabilities ofthe parallel processors aminimizes the communication betweeanorkers
during processing to reduce the bandwidth, memory and storage cost. Experimental results on
a 4core computer demonstrate that the proposed applisaghite effective provides a
consistent performance over tiraed has great scaling characteristic without any noticeable
loss in the performance.

Chapter 6:

Another problem in practical applicatiorssthatthe networkis usuallynoisy and imperfect
with missingand false edges. These imperfectionsadiren dffi cult to eliminateand hghly
affect the quality and accuracy cdnventionaimethodsthatareused tofind the community
structurein the network In thiswork, the pre-processing approach proposectchapters has

the ability to incorporatattributeinformation, shared neighbours arahnectivity information
aspects of the networto build a hybridsimilarity matrix. The matrix is built byassigning
weights to the edgeaccording tothe strength of the connectivity, attribute similarity and
number of shared neighbouf® accuratelynode| theproposed approaakseswo weighting
factorsto identifythe optimum tradeff between the information sources through a weighted
matrix.

Extensive experiments witreal Facebookata setshow thathe results obtained by usingeth
proposed approach in conjunction witle stateof-the-art community clustering algorithms
have been demonstrated togoeatlyimproved More specifically, whilehe approach achieg

a good modularity quality that mmparable with the conventional methptife approach is
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significantly more effective in terms dioth numberand sizeof the communities detected

where the network structure is found to have sanreliable or missing information.

Chapter 7:

Using a realife android smartphone usage dataset, the different features of mobile phone
usageis analysed in chapter 7. Furthermore, my plan was to apply the proposed community
detection approachde the snartphone usage dataset so that | can ideatdgmmunity of

users that often communicatgth each othebased orcommunicatiorinformation between

users along with other informatigsresent in the dataset. Themmunity clusteringnight
revealinteresting information about users, which then could be used by mobile server providers
to design suitable marketing strategies for each group and thereby enhance business
profitability. However, the fact that different phones pick a different hash éosdme phone
numbermadeit hard to detect the user communities. Tladata skimming technique is used

to extract abstract information and trends from the given big dataset.

8.2 Recommendations and~uture Works

Many lines ofresearch remain open for future works, such as:

First, although the DICCA and PDICCA approaches for detecting community clusters in large
networks(in chapter 4 and 5 respectivehavebeen extensively investigated and studied, there
arestill someissues that need further investigation particular) intend to extend the studies
and analysisn three specific points:

1 Realworld networks often doot contain perfect communities where each node does
not have only one possible clustering and nodes dandp& multiple communities at
once.ldentifying such overlapping communities (also known as fuzzy) is crianal
understandinghe structure as well as the function of reakld networks. A further

direction is to extentheDICCA approactio beableto detecsuchfuzzy communities.
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1 In this work only the undirected networks ka been taken into consideration.
Therefore,l consider the directed network case as an interesting direction for further
research.

1 In PDICCA, in order to cluster networks in parallel, these networks need to be
partitioned and distributed across differembrkers How to generate and manage
partitionsis an important issue. Another interesting guideline for further work is to
propose a effective method to partition the network into swéiworks to optimize the
distribution of the networlacross a cluster so theltistering approaches can run with
minimal communication effort and at the highest level of parallelism.

Secondy, considering the research line related to the npreprocessing approach proposed
in chapter 6, the approach has two aspedischare worth investigating further

1 The proposed prprocessingapproachutilizes a similarity function for comparing
attribues. In a wide range of relile applications, data contains a mixed type of
attributes (e.g. numerical, categorical). Therefore, it is important to use appropriate
similarity metrics to correctly measure the attribute proximity between two nodes in the
network. However, the appropriate choice of the similarity measure depenthe
attribute type of network to study. The natural extension of work in chapter 6 is to us
a more sophisticated approablatsupports datasets with mixed attribute types.

9 Combining the proposed pprocessing approach with DDICA and PDDICA
approaches (Algorithms proposed in chapter 4 and 5) for identifying more realistic
communities.

Finally, for thesmartphone usagiatasetalthoughin chapter 7 of thighesis, data skiming
type of analysis was carried out on rbfd big dataset (Device Analyzer) from Cambridge
Laboratories to understand the behavioural patterns of different mobile inseérsfuture, |

intend to extend the analysis and studiiegstthe proposedommunity clustering approaches
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DICCA/PDICCA on big telecom datat to extracttommunity clusters and firfidden trends

and behavioural patternghis couldhelp CSPs improve profitability many ways:
1 Optimizing networkrouting and quality of serviceytanalysingnetwork traffic in real
time.

1 Improving securityby analysing call data records in real time to identify fraudulent

behaviouimmediately.

1 Enhancing customer experieniog using insights into customer behaviour and usage

to develop new producendservices.
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APPENDIX

Appendix A: Additional Results
A.1 Additional Results for DICCA described in chapter 4

Table A.1.1Scalability of the proposed algorithm performance

No. Of
sze | Groune | Crownd |y | Mosnty| Exeuton) 16 06| 40 0| raion A
clusters
500 0.819 16 0.914 0.765 3.355 1401045 13 5 0.751
1000 0.859 32 0.934 0.822 13.919 2681195 27 5 0.785
1500 0.873 51 0.937 0.839 33.846 4093201 41 6 0.758
2000 0.880 69 0.943 0.851 65.918 5484550 55 6 0.761
2500 0.884 88 0.948 0.857 109.672 | 6803586 70 7 0.769
3000 0.887 104 0.947 0.858 177.191 | 8404026 82 7 0.754
3500 0.889 123 0.950 0.861 254,517 | 9705058 98 7 0.758
4000 0.890 134 0.950 0.860 397.839 | 11814798 107 7 0.769
4500 0.891 155 0.953 0.864 524.625 | 13060131 124 7 0.766
5000 0.892 173 0.954 0.866 665.021 | 14664776| 138 7 0.771
Table A.1.2Summary othe performance of the proposed algorithm using Mixing pararf@te=500
pgﬂri;mgter MO(;?J-:—al’ity :%;I:r NMI Modularity | Time N'aé;)f gl(l)] 'sgr Iteration| ARI
0.1 0.819 16 0.914 0.765 3.355 | 1401045 13 5 0.751
0.15 0.768 16 0.791 0.624 3.364 | 1549821 11 7 0.557
0.2 0.721 16 0.742 0.551 3.435| 1539140 10 7 0.498
0.25 0.670 17 0.708 0.493 3.699 | 2001578 10 8 0.468
0.3 0.628 17 0.692 0.451 3.960 | 2232687 11 8 0.455
0.35 0.576 16 0.645 0.383 3.935| 2752697 11 8 0.454
0.4 0.528 16 0.591 0.321 4.035 | 3590013 12 9 0.403
0.45 0.481 18 0.555 0.266 3.988 | 4556827 15 10 0.361
0.5 0.427 16 0.540 0.216 4.322 | 6348157 24 8 0.333
0.55 0.382 17 0.484 0.159 4.489 | 8247020 34 7 0.232
0.6 0.341 16 0.436 0.123 4.999 | 10387158| 43 7 0.157
0.65 0.286 17 0.388 0.095 5.534 | 14135123 52 7 0.087
0.7 0.233 17 0.348 0.083 6.199 | 16151336| 56 7 0.048
0.75 0.181 17 0.313 0.079 5.931 | 16231281| 57 7 0.028
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Table A.1.3Summary of the performance of the proposed algorithm using Mixing parameter for =1000

pl\aﬂrzmgter Moéi-lrarity :%'Sl'to; NMI Modularity Time Nla'sgf gﬁl .s(t)efr Iteration| ARI
0.1 0.859 32 0.934 0.822 13.919| 2681195 27 5 0.785
0.15 0.811 34 0.901 0.753 13.249| 2973750 26 6 0.698
0.2 0.760 33 0.875 0.681 13.277| 3370322 26 6 0.680
0.25 0.712 33 0.837 0.609 14.029| 4271018 26 7 0.615
0.3 0.663 34 0.820 0.546 14.864 | 5350932 28 7 0.617
0.35 0.614 34 0.780 0.476 14.726 | 7064995 29 7 0.565
0.4 0.566 35 0.753 0.409 14.556 | 9379372 32 8 0.557
0.45 0.515 33 0.699 0.331 14.052 | 13770905 36 9 0.505
0.5 0.465 33 0.643 0.242 14.861 | 21328634 57 8 0.392
0.55 0.415 33 0.587 0.166 15.997 | 35480627 89 7 0.261
0.6 0.367 34 0.549 0.119 16.890 | 45995466 | 114 6 0.167
0.65 0.316 34 0.500 0.091 17.343 | 53388924 | 133 5 0.095
0.7 0.266 35 0.475 0.080 18.744 | 57209564 | 144 5 0.060
0.75 0.219 36 0.450 0.074 17.433 | 54101108 147 4 0.039

TableA.1.4 Performance oDICCA algorithm using different TTL values foe=500 without using Min_VALUE condition

GT No. Of No. Of
TTL . GT NMI Modularity Time No. Of Msg ) Iteration| ARI

Modularity Cluster

Cluster

1 0.819 16 0.661 0.583 0.296 4832 8 11 0.398
2 0.819 16 0.875 0.734 0.853 62990 12 0.669
3 0.819 16 0.918 0.764 24.873 1347024 13 0.763
4 0.819 16 0.922 0.765 10407.076| 29680547 13 0.751

TableA.1.5Performance of DICCA algorithmsing different TTL values for n=500 when using Min_VALUE condition

GT No. Of No. Of
TTL . GT NMI Modularity Time No. Of Msg ) Iteration| ARI
Modularity Cluster
Cluster

1 0.819 16 0.689 0.608 0.289 4928 8 11 0.421
2 0.819 16 0.872 0.726 0.804 63881 12 0.648
3 0.819 16 0.914 0.765 3.355 1401045 13 0.751
4 0.819 16 0.915 0.766 5.039 3388457 13 0.754

TableA.1.6 Performance of DICCA algorithmsing different TTL values for n=1000 without using Min_VALUE condition

GT No. Of No. Of
TTL . GT NMI Modularity Time No. Of Msg ’ Iteration| ARI
Modularity Cluster
Cluster

1 0.859 32 0.769 0.695 0.890 9019 17 10 0.475
2 0.859 32 0.926 0.819 3.498 166525 26 0.760
3 0.859 32 0.946 0.831 98.738 3735475 27 0.810
4 0.859 32 0.956 0.838 34333.526| 87794210 28 0.837
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TableA.1.7 Performance of DICCA algorithmsing different TTL values for n=1000 when using Min_VALUE condition

No. Of

GT . . No. Of .
TTL Modularity GT NMI Modularity Time No. Of Msg Cluster Iteration| ARI
Cluster
1 0.859 32 0.764 0.693 0.899 9031 17 10 0.477
2 0.859 32 0.930 0.820 3.078 162377 26 0.780
3 0.859 32 0.934 0.822 13.919 2681195 27 0.785
4 0.859 32 0.933 0.821 19.617 6963794 26 5 0.785
A.2 Additional Results for PDICCA described in chapter 5
TableA.2.1 Summary othe performance of the proposed algorithm using Mixing pararfeta=500
No.
. GT Of NMI - Q- No. Of.
'\a"r';‘l';‘gter Modular | GT | PDICC | PDICC | Time N,a'SOf gl?is?efr 'tti‘;rna Swappe| ARI
P ity Clus A A 9 d Msg
ter
0.1 0.8189 | 16.4 | 0.9488 | 0.7824 | 8.5995 | 1344282 15 5 489 0.8708
0.15 0.7678 | 16.4| 0.8953 | 0.6950 | 8.5076 | 1773968 14 5 504 0.7506
0.2 0.7207 | 16.4| 0.8677 | 0.6265 | 7.9940 | 2222215 14 5 518 0.7089
0.25 0.6705 | 16.8 | 0.8118 | 0.5376 | 8.8348 | 3561679 14 6 527 0.6312
0.3 0.6278 | 17.4| 0.7747 | 0.4771 | 8.8118 | 4511721 14 6 536 0.5878
0.35 0.5759 | 16.2 | 0.7038 | 0.3867 | 8.6034 | 7490749 16 7 552 0.5165
0.4 0.5282 | 16.2 | 0.6427 | 0.2924 | 9.1207 | 12045080 23 7 550 0.4387
0.45 0.4811 | 17.6 | 0.6004 | 0.2235 | 9.5374 | 18467793 35 6 544 0.3330
0.5 0.4267 | 16 0.5159 | 0.1429 | 10.4627 | 31859841 54 6 534 0.2034
0.55 0.3817 | 16.6 | 0.4777 | 0.1140 | 10.8221| 36917671 59 6 530 0.1467
0.6 0.3414 | 16.4| 0.4384 | 0.0928 | 11.1384| 43860527 68 5 524 0.0976
0.65 0.2858 | 17.2 | 0.4129 | 0.0769 | 12.6901| 54613811 81 5 517 0.0593
0.7 0.2332 | 17.4| 0.3710 | 0.0729 | 12.5550| 55755527 78 5 518 0.0369
0.75 0.1813 | 17.2 | 0.3426 | 0.0702 | 13.2440| 59511312 80 6 519 0.0216
TableA.2.2 Summary othe performance of the proposed algorithm using Mixing pararfetas1000
No.
Mixing GT of | NMI- o '\(')c;' eratio | NO- OF.
paramet | Modularit | GT PDICC | PDICC Time No. Of Msg Swappe| ARI
Cluste n
er y Cluste A A ; d Msg
r
0.1 0.8592 32 0.9498 | 0.8231 | 37.1294| 2657238 28 5 981 0.8413
0.15 0.8106 34.2 | 0.9315| 0.7550 | 36.3261| 3726253 30 5 1001 | 0.8051
0.2 0.7603 33.2 | 0.8936 | 0.6723 | 33.5093| 5571812 28 5 1038 | 0.7383
0.25 0.7121 33.4 | 0.8644 | 0.5997 | 35.1898| 8534686 29 6 1061 | 0.6925
0.3 0.6629 34.4 | 0.8312 | 0.5158 | 31.5680| 13850086 32 6 1077 | 0.6506
0.35 0.6145 34.2 | 0.7879 | 0.4373 | 32.1823| 21098526 34 7 1098 | 0.5882
0.4 0.5656 35 0.7413 | 0.3418 | 28.8428| 36494619 48 7 1102 | 0.5041
0.45 0.5152 33.2 | 0.6776 | 0.2355 | 31.6455| 70023087 77 6 1092 | 0.3749
0.5 0.4654 33.4 | 0.6222 | 0.1625 | 31.7654| 115217719| 111 6 1068 | 0.2484
0.55 0.4154 32.8 | 0.5696 | 0.1158 | 37.2374| 155653645| 142 5 1045 | 0.1529
0.6 0.3668 34 0.5388 | 0.0906 | 38.5380| 189698826 | 164 5 1036 | 0.1021
0.65 0.3160 33.6 | 0.5010 | 0.0779 | 39.8445| 200467611| 179 5 1024 | 0.0657
0.7 0.2664 35 0.4765 | 0.0707 | 42.6053| 215485993 | 191 5 1017 | 0.0421
0.75 0.2186 36 0.4576 | 0.0678 | 42.8690| 222938148 | 196 5 1015 | 0.0291
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TableA.2.3Number of nessageexchanged in each iterations for each worker when the number of workers is two for
n=500 and 1000

No. Of Exchanged Msg

Number of
nodes 500 1000
1st worker 2nd worker 1st worker 2nd worker
1st Iteration 717661 733163 1295619 1297506
2nd Iteration 66842 63418 163026 166334.5
3rd lteration 8909 8651 36774.34 37814.39
The rest 5777 5873 36194 369267

TableA.2.4Number ofmessages in each iteratiomsen the number of workers is three fz500 and 1000

Number of 500 1000
nodes 1stworker | 2nd worker | 3rd worker |  1st worker 2nd worker | 3rd worker
Tst fteration | 347991 349277 360717 628164 648158 626507
2nd lteration | 73781 72508 76838 166452 170013 166283
3rd Iteration 12626 12920 13475 44852 45586 46264
The rest 8411 8390 8673 36746 38581 39632

Table A2.5Number of messagexchanged in each iteratiomsien the number of workers is four fer500 and 1000

500 1000
Number of 2nd 3rd 4th 1st 2nd 3rd 4th
nodes n r S n r
1st worker worker worker worker worker worker worker worker
1st lteration| 213942 206759 209541 209940 398284 385951 394337 372525
Itezrggon 101267 91984 97896 96235 210895 209678 208015 206202
3rd Iteration 25039 23514 25520 25239 79371 78650 78701 78636
The rest 14665 14991 15895 15376 74467 68562 71947 70707

A.3 Additional r esultsfor pre-processing approach described in chapter6

TableA.3.1 Agreement of different community detection algorithms with each attribute for Caltech36 and Reed9 datasets
using Jaccard index similarity.

Data set Caltech36 Reed98
5 3 5 o
2 2 E < 25 g 3£ c | 25 | 8
= 25 5 B E = 25 = =R =
= (0] (]
2 e | S | *g | = | T | 2 | *g | 3
© ©
Lo Lo
student/ faculty | 0.2772 | 0.1629 | 0.1539 | 0.0989 | 0.4023 | 0.2106 | 0.2189 | 0.1866
Gender 0.2412 | 0.1478 | 0.1461 | 00898 | 02761 | 0.1692 | 0.1660 | 0.1543
major 0.0573 | 0.0530 | 0.0519 | 0.0473 | 0.0364 | 0.0344 | 0.0333 | 0.0360
Sec‘r’r:}ggf‘p” 0.0034 | 0.0036 | 0.0037 | 0.0042 | 0.0059 | 0.0056 | 0.0061 | 0.0054
dormitory 0.1746 | 0.3220 | 0.2537 | 03720 | 0.0231 | 0.0210 | 0.0199 | 0.0181
year 0.1239 | 0.0973 | 0.0917 | 00840 | 0.2432 | 0.3060 | 0.2683 | 0.2482
High school 0.0009 | 0.0010 | 0.0011 | 0.0012 | 0.0005 | 0.0005 | 0.0007 | 0.0005
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TableA.3.2 Agreement of different community detection algorithms with each attribute for Haverford76 and Aassar85
datasets. Using Jaccard index similarity.

Data set Haverford76 Aassar85
S <)
(0] ‘?E c o0 Q ‘?E c o0 Q
= — = = @© — = O = ©
=] n © = © c o = n © = © c 9 =
=2 S35 3 T2 x CERS 3 R =
£ L3y 3 S S LE5 G S s
o - —_ = | -
< S S = S© G =

student/ faculty| 0.3214 0.2559 | 0.2156 | 0.3012 0.3585 | 0.2317 | 0.2647 | 0.2177

Gender 0.2443 | 0.1644 | 0.1697 | 0.2235 | 0.2643 | 0.1788 | 0.1912 | 0.1614
major 0.0346 | 0.0334 | 0.0348 | 0.0388 | 0.0301 | 0.0306| 0.0313 | 0.0313
secmgor?ajor/ 0.0091 | 0.0093 | 0.0096 | 0.0104 | 0.0072 | 0.0074| 0.0076 | 0.0077
dormitory 0.0958 | 0.1024 | 0.0945 | 0.0992 | 0.0741 | 0.0732| 0.0671 | 0.0703
year 0.2862 | 0.4739 | 0.3369 | 0.3979 | 0.2896 | 0.4409| 0.3455 | 0.4315

High school 0.0008 0.0009 | 0.0009 | 0.0008 0.0008 | 0.0009 | 0.0008 | 0.0008

TableA.33The influence of the par ame tsautioss fo)Cakenhd6 ahd Reeu98tddtasetsq u al i t

Data set Caltech36 Reed98
>, S > S
£ E c o0 =] £ E c 20 &
B e8s 3 c9 = P e8s S €9 =
D Qo c S = © X c S = ko] X
L3S = s 5 T L39 3 S 5 T
e | 3 2o = e 3 | 22 | =
= ) = )

o
o
w
N
=
)

0.3837 0.3181 0.2600 0.3011| 0.2279 | 0.0945
0.1 0.3230 0.3825 0.2720 0.1563 0.2420 | 0.2932| 0.1786 | 0.2103
0.2 0.1981 0.2972 0.1547 0.0787 0.2358 | 0.2330| 0.1746 | 0.1399
0.3 0.1242 0.0840 0.1003 0.0770 0.0744 | 0.1266 | 0.0085 | 0.0421
0.4 0.0867 0.0806 0.0896 0.0744 0.0843 | 0.0593 | 0.0778 | 0.0681
0.5 0.0847 0.1023 0.0898 0.0746 0.0841 | 0.0557| 0.0721 | 0.0735
0.6 0.0821 0.0804 0.0828 0.0771 0.0655 | 0.0636 | 0.0735 | 0.0678
0.7 0.0821 0.0803 0.0856 0.0768 0.0655 | 0.0550| 0.0081 | 0.0411
0.8 0.0821 0.0805 0.0812 0.0617 0.0655 | 0.0547 | 0.0659 | 0.0427
0.9 0.0847 0.0806 0.0853 0.0592 0.0655 | 0.0552 | 0.0546 | 0.0414
1 0.0821 0.0806 0.0860 0.0778 0.0655 | 0.0547 | 0.0373 | 0.0384
0 0.3213 0.3872 0.3272 0.3144 0.2859 | 0.3200 | 0.2619 | 0.2304
0.1 0.3212 0.3743 0.2480 0.2034 0.1946 | 0.2965| 0.1716 | 0.1864
0.2 0.3148 0.3603 0.1767 0.0787 0.1745 | 0.2945| 0.1670 | 0.1357
0.3 0.1025 0.2655 0.1040 0.0625 0.0551 | 0.2705| 0.0112 | 0.0429
0.4 0.0883 0.2789 0.0993 0.0768 0.1146 | 0.2566 | 0.1235 | 0.0681
0.5 0.0863 0.0822 0.1664 0.0746 0.0945 | 0.0625| 0.0813 | 0.0849
0.6 0.0868 0.0819 0.0871 0.0746 0.0835 | 0.0550| 0.0311 | 0.0490
0.7 0.0848 0.0576 0.0693 0.0632 0.0824 | 0.1485| 0.0755 | 0.0407
0.8 0.0847 0.0805 0.0863 0.0778 0.0655 | 0.0545| 0.0082 | 0.0411
0.9 0.0821 0.0805 0.0856 0.0617 0.0824 | 0.0630| 0.0659 | 0.0426
1 0.0847 0.1484 0.0874 0.0592 0.0655 | 0.0555| 0.0961 | 0.0412

o
N
3]
w
~

Cle|o|oe|o|o|o|e|f9| o|lolololo|lo|lolololo]o
RPlRrlRIRIR[R[R[R[R|R|R
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02| O 0.3199 0.3868 0.3347 0.3301 0.2869 | 0.3263 | 0.2736 | 0.2486
02| 01 0.3247 0.3931 0.2570 0.2357 0.2184 | 0.2832| 0.1729 | 0.2307
0.2 ] 0.2 0.3246 0.3097 0.2102 0.0806 0.1801 | 0.2871| 0.1923 | 0.1407
0.2 | 03 0.2365 0.2922 0.1150 0.0626 0.1846 | 0.2511| 0.0108 | 0.0576
02| 04 0.1743 0.2844 0.1087 0.0780 0.0638 | 0.2991| 0.1030 | 0.0585
0.2 | 05 0.0867 0.0828 0.0967 0.0749 0.0903 | 0.0610| 0.0965 | 0.0681
0.2 | 0.6 0.0833 0.1927 0.1722 0.0800 0.1076 | 0.2610 | 0.0831 | 0.0897
0.2 | 0.7 0.0920 0.0822 0.0894 0.0746 0.0893 | 0.2628 | 0.0863 | 0.0842
0.2 | 0.8 0.0887 0.0589 0.0613 0.0632 0.0688 | 0.0631| 0.0550 | 0.0393
0.2 | 0.9 0.0833 0.0806 0.0885 0.0800 0.0831 | 0.0553 | 0.0085 | 0.0414
0.2 1 0.0821 0.0806 0.0865 0.0619 0.0655 | 0.0617| 0.0694 | 0.0419
03| O 0.3014 0.3876 0.3435 0.3169 0.2871 | 0.3275| 0.2831 | 0.2679
03| 0.1 0.3006 0.3936 0.2629 0.2932 0.2656 | 0.3307 | 0.2869 | 0.2571
03| 0.2 0.2566 0.3915 0.2745 0.2337 0.1897 | 0.2815| 0.1926 | 0.1507
03| 0.3 0.2338 0.3186 0.1343 0.0820 0.2323 | 0.2978 | 0.1902 | 0.1782
03| 04 0.1690 0.2851 0.1182 0.0637 0.2001 | 0.2720| 0.0140 | 0.0441
03| 05 0.1561 0.2665 0.1114 0.0752 0.1823 | 0.2699| 0.1612 | 0.0678
0.3 | 0.6 0.1443 0.0825 0.0887 0.0745 0.1003 | 0.0655| 0.0939 | 0.0596
03| 0.7 0.0914 0.0851 0.1855 0.0800 0.0921 | 0.0629| 0.0795 | 0.0563
03| 0.8 0.1158 0.1586 0.1631 0.0800 0.0902 | 0.2642 | 0.0817 | 0.0619
03| 09 0.0863 0.0804 0.0601 0.0632 0.0918 | 0.0659| 0.0935 | 0.0678
0.3 1 0.0897 0.2050 0.0963 0.0757 0.0708 | 0.0550 | 0.0108 | 0.0424
04| O 0.3246 0.3918 0.3464 0.3471 0.2889 | 0.3285| 0.2822 | 0.2760
04| 01 0.3235 0.3966 0.3388 0.3213 0.2630 | 0.3299| 0.2948 | 0.2272
04| 0.2 0.3218 0.3947 0.2715 0.2322 0.2094 | 0.2671| 0.1896 | 0.1416
04| 0.3 0.3160 0.3203 0.2006 0.0806 0.1948 | 0.3008 | 0.1926 | 0.1797
04| 04 0.2823 0.3160 0.1245 0.0629 0.2267 | 0.2799 | 0.0150 | 0.0445
04| 05 0.1029 0.2992 0.1259 0.0780 0.2648 | 0.2757| 0.0288 | 0.0430
04| 0.6 0.1561 0.2926 0.1204 0.0750 0.1559 | 0.2726 | 0.1615 | 0.0693
04| 0.7 0.1429 0.0861 0.0966 0.0734 0.0956 | 0.2583 | 0.0951 | 0.0634
04| 0.8 0.0833 0.1945 0.1725 0.0800 0.1113 | 0.0695| 0.0968 | 0.0573
04| 0.9 0.0833 0.1947 0.1859 0.0778 0.0908 | 0.0550 | 0.0399 | 0.0404
0.4 1 0.0899 0.0822 0.0848 0.0578 0.0924 | 0.2548 | 0.0741 | 0.0678
05| O 0.3219 0.3952 0.3470 0.3311 0.2830 | 0.3161| 0.2852 | 0.2661
05| 01 0.3267 0.3950 0.3395 0.3017 0.2903 | 0.3319| 0.2962 | 0.2590
05| 0.2 0.3236 0.3899 0.2692 0.2034 0.1958 | 0.3170| 0.2411 | 0.2201
05| 0.3 0.3165 0.3659 0.2327 0.0816 0.1563 | 0.2840| 0.2017 | 0.1539
05| 04 0.3285 0.3764 0.2040 0.0808 0.2015 | 0.3019| 0.2013 | 0.1641
05| 05 0.2653 0.3189 0.1244 0.0622 0.2502 | 0.2823 | 0.0158 | 0.0574
05| 0.6 0.2260 0.3146 0.1230 0.0780 0.2643 | 0.2648 | 0.0160 | 0.0457
05| 0.7 0.1711 0.2966 0.1761 0.0775 0.2360 | 0.2800| 0.2437 | 0.0748
05| 0.8 0.2715 0.3041 0.1176 0.0807 0.2436 | 0.2610| 0.0979 | 0.0691
05| 09 0.0924 0.2190 0.0952 0.0800 0.2392 | 0.2589| 0.0974 | 0.0805
0.5 1 0.0926 0.1957 0.1902 0.0778 0.1708 | 0.2276 | 0.0960 | 0.0854
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06| O 0.3309 0.3950 0.3544 0.3366 0.2883 | 0.3299 | 0.2839 | 0.2708
06| 01 0.3264 0.3764 0.3447 0.3487 0.2820 | 0.3319| 0.2925 | 0.2560
06| 0.2 0.3282 0.3953 0.3330 0.2472 0.2244 | 0.3143| 0.2529 | 0.2115
06| 0.3 0.3179 0.3914 0.2868 0.2081 0.1577 | 0.2691| 0.1970 | 0.1246
06| 04 0.2768 0.3754 0.2506 0.2035 0.1806 | 0.2917| 0.2083 | 0.1605
06| 05 0.2420 0.3862 0.2180 0.1496 0.1030 | 0.3053 | 0.2123 | 0.1931
06 | 0.6 0.2439 0.3338 0.2049 0.0634 0.2348 | 0.1405| 0.0158 | 0.0447
06| 0.7 0.1952 0.3082 0.1461 0.0627 0.2474 | 0.2770| 0.0175 | 0.0581
06 | 0.8 0.1069 0.3002 0.1426 0.0778 0.2454 | 0.2752| 0.0869 | 0.0450
06| 0.9 0.1915 0.3115 0.1888 0.0777 0.2534 | 0.2808 | 0.2496 | 0.1593
0.6 1 0.1550 0.2983 0.1821 0.0768 0.2448 | 0.2802| 0.1078 | 0.0678
07| O 0.3379 0.3999 0.3721 0.3362 0.2555 | 0.3246| 0.2825 | 0.2602
07| 01 0.3308 0.4005 0.3634 0.3312 0.2673 | 0.3232| 0.2888 | 0.2733
0.7 | 0.2 0.2879 0.3976 0.3436 0.3234 0.2612 | 0.3295| 0.2970 | 0.2434
0.7 0.3 0.2194 0.3909 0.2991 0.2254 0.1719 | 0.3193| 0.2704 | 0.2147
07| 04 0.2452 0.3950 0.2838 0.2236 0.1770 | 0.2755| 0.1982 | 0.1511
0.7 | 05 0.2382 0.3807 0.2421 0.0814 0.2000 | 0.2869| 0.2015 | 0.1471
0.7 | 0.6 0.2417 0.3870 0.2430 0.1955 0.1984 | 0.3051| 0.2142 | 0.1729
0.7 | 0.7 0.3233 0.3804 0.2209 0.2220 0.1842 | 0.2987| 0.2131 | 0.1635
0.7 | 0.8 0.2661 0.3424 0.2590 0.1617 0.2685 | 0.2752 | 0.2071 | 0.0456
0.7 | 0.9 0.2634 0.3101 0.0874 0.0641 0.2818 | 0.2865| 0.2122 | 0.0610
0.7 1 0.2154 0.3029 0.1593 0.0777 0.2687 | 0.2747| 0.0784 | 0.0717
08| O 0.3378 0.3994 0.3733 0.3336 0.2885 | 0.3185| 0.2759 | 0.2581
08| 0.1 0.3441 0.3996 0.3731 0.3403 0.2577 | 0.3176 | 0.2791 | 0.2611
08| 0.2 0.3201 0.3960 0.3651 0.3782 0.2914 | 0.3169| 0.2882 | 0.2629
0.8 | 0.3 0.3230 0.3991 0.3598 0.3246 0.2736 | 0.3269| 0.2907 | 0.2797
08| 04 0.3226 0.3726 0.3499 0.2820 0.1534 | 0.3199| 0.2769 | 0.1659
08| 05 0.3286 0.3930 0.2844 0.2144 0.2132 | 0.3039| 0.2725 | 0.2135
0.8 | 0.6 0.2476 0.3969 0.2919 0.2080 0.1950 | 0.2811| 0.2009 | 0.1269
0.8 | 0.7 0.3276 0.3830 0.2503 0.1529 0.2088 | 0.3008 | 0.2009 | 0.1269
0.8 | 0.8 0.2430 0.3636 0.2209 0.1501 0.2163 | 0.2797| 0.2031 | 0.1227
0.8 | 0.9 0.2185 0.3702 0.2157 0.0783 0.2768 | 0.2941| 0.2345 | 0.1304
0.8 1 0.1898 0.3915 0.2544 0.0783 0.2777 | 0.2944 | 0.2345 | 0.1455
09| O 0.3171 0.3976 0.3630 0.3304 0.2885 | 0.3244 | 0.2824 | 0.2683
09| 01 0.3037 0.3998 0.3636 0.3367 0.2881 | 0.3229| 0.2851 | 0.2540
09| 0.2 0.3058 0.3962 0.3636 0.3436 0.2865 | 0.3225| 0.2816 | 0.2694
09| 0.3 0.3253 0.3943 0.3653 0.3451 0.2832 | 0.3249 | 0.2836 | 0.2688
09| 04 0.3313 0.3998 0.3666 0.3394 0.2888 | 0.3217| 0.2865 | 0.2686
09| 05 0.3325 0.3958 0.3676 0.3629 0.2939 | 0.3219| 0.2838 | 0.2788
09| 0.6 0.3461 0.3986 0.3640 0.3569 0.2955 | 0.3247| 0.2928 | 0.2831
09| 0.7 0.3284 0.3734 0.3649 0.3396 0.2974 | 0.3246| 0.2938 | 0.2893
09| 0.8 0.3256 0.3957 0.3480 0.3328 0.2810 | 0.3157| 0.2812 | 0.1607
09| 0.9 0.2453 0.3834 0.3312 0.2314 0.2545 | 0.3163| 0.2812 | 0.1374
0.9 1 0.2241 0.3915 0.2536 0.2340 0.2583 | 0.3149| 0.2815 | 0.1451
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1 0 0.3120 0.3764 0.3623 0.3459 0.2776 | 0.3288| 0.2823 | 0.2621
1 0.1 0.3120 0.3764 0.3623 0.3459 0.2776 | 0.3288| 0.2823 | 0.2621
1 0.2 0.3120 0.3764 0.3623 0.3459 0.2776 | 0.3288| 0.2823 | 0.2621
1 0.3 0.3120 0.3764 0.3623 0.3459 0.2776 | 0.3288| 0.2823 | 0.2621
1 0.4 0.3120 0.3764 0.3623 0.3459 0.2776 | 0.3288| 0.2823 | 0.2621
1 0.5 0.3120 0.3764 0.3623 0.3459 0.2776 | 0.3288| 0.2823 | 0.2621
1 0.6 0.3120 0.3764 0.3623 0.3459 0.2776 | 0.3288| 0.2823 | 0.2621
1 0.7 0.3120 0.3764 0.3623 0.3459 0.2776 | 0.3288| 0.2823 | 0.2621
1 0.8 0.3120 0.3764 0.3623 0.3459 0.2776 | 0.3288| 0.2823 | 0.2621
1 0.9 0.3120 0.3764 0.3623 0.3459 0.2776 | 0.3288| 0.2823 | 0.2621
1 1 0.3120 0.3764 0.3623 0.3459 0.2776 | 0.3288| 0.2823 | 0.2621
TableA34The influence of the par ame tsautioss foHamerfald7@ando n
Aassar85datasets.
Data set Haverford76 Vassar85

o %E g g S g 7 %E g ?§ g

>l | 835 | 2 | 35 | ¢ |£35| 3 | 35 | ¢

S - =2 = Sw - 8 =
0 0 0.3007 0.2911 0.2871 0.2403 0.3246 | 0.3891| 0.3454 | 0.3351
0 0.1 0.2689 0.3274 0.2419 0.2154 0.2747 | 0.3617 | 0.2236 | 0.2700
0 0.2 0.2525 0.3230 0.2066 0.2071 0.2606 | 0.3693| 0.3208 | 0.1291
0 0.3 0.2437 0.3185 0.2455 0.0724 0.2655 | 0.3719| 0.1108 | 0.0672
0 0.4 0.1453 0.3122 0.1025 0.0943 0.1537 | 0.3459| 0.2600 | 0.1277
0 0.5 0.2433 0.2032 0.1034 0.1077 0.2667 | 0.1040| 0.1100 | 0.1277
0 0.6 0.2068 0.0943 0.1026 0.0714 0.1105 | 0.0957| 0.1105 | 0.0679
0 0.7 0.1022 0.0934 0.0990 0.0670 0.1564 | 0.1453| 0.1063 | 0.1270
0 0.8 0.1025 0.0948 0.1007 0.0670 0.1101 | 0.0957| 0.1051 | 0.0678
0 0.9 0.0938 0.0956 0.0953 0.0689 0.1101 | 0.0962| 0.1053 | 0.1268
0 1 0.1023 0.0938 0.1008 0.0689 0.1101 | 0.1008 | 0.1056 | 0.1276
01| O 0.3035 0.3298 0.2920 0.2448 0.3499 | 0.3716| 0.3622 | 0.3010
01| 01 0.2683 0.3289 0.2483 0.2749 0.3512 | 0.3477| 0.2095 | 0.2685
01| 0.2 0.2391 0.3222 0.2357 0.2190 0.2554 | 0.3690| 0.3114 | 0.1303
01| 0.3 0.2540 0.3202 0.2402 0.0756 0.1607 | 0.3717| 0.1338 | 0.0669
01| 04 0.2427 0.3205 0.2399 0.2143 0.2683 | 0.3556| 0.2524 | 0.0674
01| 05 0.2206 0.2073 0.1053 0.0974 0.2670 | 0.3670| 0.1084 | 0.1277
0.1 | 0.6 0.1468 0.0954 0.1055 0.0677 0.3153 | 0.3684| 0.1104 | 0.1277
0.1 | 0.7 0.2057 0.0961 0.1137 0.0648 0.1105 | 0.0957| 0.1106 | 0.0721
0.1 0.8 0.1018 0.0960 0.0971 0.0671 0.3214 | 0.3615| 0.1093 | 0.1270
0.1 0.9 0.1025 0.1224 0.1008 0.0704 0.1101 | 0.1046| 0.1051 | 0.0679
0.1 1 0.0949 0.0956 0.0982 0.0689 0.3470 | 0.3523| 0.1089 | 0.0665
02| O 0.2662 0.3305 0.2955 0.2858 0.2911 | 0.3913| 0.3610 | 0.3600
0.2 | 01 0.2691 0.3293 0.2542 0.2799 0.3518 | 0.3506 | 0.3563 | 0.3208
0.2 | 0.2 0.2641 0.3237 0.2340 0.2168 0.2445 | 0.3669 | 0.2017 | 0.1296
0.2 | 0.3 0.2394 0.3238 0.1094 0.0914 0.2700 | 0.3559| 0.2736 | 0.1281
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02| 04 0.2424 0.3213 0.2659 0.0744 0.3295 | 0.3722| 0.1181 | 0.0683
0.2 | 05 0.1461 0.3184 0.1056 0.0943 0.1477 | 0.3452| 0.2661 | 0.1277
0.2 | 0.6 0.2215 0.0994 0.1094 0.0943 0.1565 | 0.3588 | 0.1091 | 0.1277
0.2 | 07 0.1478 0.0954 0.1070 0.0657 0.3155 | 0.3686| 0.1101 | 0.1276
0.2 | 0.8 0.3035 0.2061 0.1021 0.0660 0.1110 | 0.0972| 0.1106 | 0.1289
0.2 | 0.9 0.0984 0.0960 0.0987 0.0659 0.1834 | 0.3659| 0.1103 | 0.1271
0.2 1 0.3135 0.2981 0.1025 0.0704 0.1481 | 0.0972| 0.1067 | 0.0679
03] O 0.3034 0.3305 0.2958 0.2920 0.3227 | 0.3898 | 0.3592 | 0.3221
03| 01 0.2708 0.3296 0.2674 0.2375 0.3511 | 0.3661 | 0.3590 | 0.3364
03] 0.2 0.2170 0.3218 0.2083 0.2368 0.2258 | 0.3190| 0.1999 | 0.1294
03| 03 0.2881 0.3247 0.2873 0.2191 0.2634 | 0.3716| 0.2622 | 0.1281
03| 04 0.2462 0.3232 0.2501 0.0688 0.2906 | 0.3729| 0.1179 | 0.0682
03| 05 0.2779 0.3216 0.2585 0.0743 0.3207 | 0.3731| 0.1194 | 0.0681
03| 0.6 0.2209 0.3134 0.1090 0.0943 0.1564 | 0.3710| 0.1097 | 0.1277
03| 0.7 0.1476 0.2418 0.1097 0.0975 0.1569 | 0.2092 | 0.1102 | 0.1272
03| 0.8 0.1470 0.3137 0.1072 0.0642 0.3438 | 0.3703| 0.2649 | 0.1277
03| 0.9 0.2409 0.2047 0.0911 0.0664 0.2894 | 0.3616| 0.1106 | 0.1271
0.3 1 0.3046 0.3145 0.1042 0.0659 0.1479 | 0.3458 | 0.1107 | 0.1271
04| O 0.3052 0.3380 0.2984 0.2900 0.3253 | 0.3876 | 0.3556 | 0.3534
04| 01 0.2708 0.3308 0.2744 0.3002 0.3551 | 0.3823 | 0.3341 | 0.3471
04| 0.2 0.2762 0.3290 0.2701 0.2445 0.2715 | 0.3647 | 0.2836 | 0.2598
04| 0.3 0.2655 0.3256 0.2498 0.2161 0.2532 | 0.3731| 0.2945 | 0.1294
04| 04 0.2391 0.3234 0.2323 0.0914 0.3170 | 0.3720| 0.2755 | 0.1281
04 | 05 0.2453 0.3242 0.2673 0.0721 0.1581 | 0.3720| 0.1284 | 0.0710
04| 0.6 0.2832 0.3216 0.2590 0.1219 0.3210 | 0.3731| 0.1369 | 0.0676
04 | 0.7 0.2165 0.3200 0.1093 0.0974 0.2670 | 0.3469| 0.1106 | 0.1272
04| 0.8 0.1477 0.3140 0.1094 0.0974 0.2671 | 0.3705| 0.1111 | 0.1272
04| 09 0.1459 0.3178 0.1095 0.0974 0.1565 | 0.3480| 0.1117 | 0.1277
0.4 1 0.3156 0.3163 0.1061 0.0962 0.3469 | 0.3715| 0.1102 | 0.0703
05| O 0.2827 0.3379 0.2976 0.2937 0.3266 | 0.3884 | 0.3570 | 0.3577
05| 01 0.2711 0.3313 0.2824 0.3030 0.3468 | 0.3845| 0.3618 | 0.3567
05| 0.2 0.2707 0.3293 0.2958 0.2431 0.3526 | 0.3651| 0.2497 | 0.2548
05| 0.3 0.2953 0.3253 0.2737 0.2387 0.2256 | 0.3326| 0.2609 | 0.1294
05| 04 0.2653 0.3242 0.2663 0.2190 0.2613 | 0.3748 | 0.2626 | 0.2515
05| 05 0.2492 0.3238 0.2520 0.0880 0.2395 | 0.3730| 0.1239 | 0.0710
05| 0.6 0.2660 0.3200 0.2643 0.0667 0.3487 | 0.3728 | 0.1302 | 0.0692
05| 0.7 0.2797 0.3243 0.2768 0.0729 0.3355 | 0.3731| 0.1364 | 0.0707
05| 0.8 0.2316 0.3198 0.1240 0.0981 0.2304 | 0.3713| 0.2752 | 0.1280
05| 0.9 0.2170 0.3202 0.3028 0.0981 0.1834 | 0.3717| 0.1118 | 0.1272
0.5 1 0.2155 0.3191 0.2300 0.0981 0.1830 | 0.3688 | 0.1120 | 0.1272
06| O 0.3023 0.3375 0.3027 0.3014 0.3009 | 0.3856 | 0.3535 | 0.3396
06| 0.1 0.2877 0.3296 0.2956 0.2999 0.3496 | 0.3877| 0.3673 | 0.3710
06| 0.2 0.3031 0.3283 0.2605 0.2198 0.3500 | 0.3813| 0.3480 | 0.3274
06| 0.3 0.2697 0.3296 0.2747 0.2333 0.3046 | 0.3647| 0.3052 | 0.1301
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06| 04 0.2793 0.3263 0.2600 0.2266 0.2292 | 0.3723 | 0.2709 | 0.1294
06 | 05 0.2654 0.3255 0.2826 0.2565 0.3376 | 0.3755| 0.2892 | 0.1294
06| 0.6 0.2815 0.3236 0.2564 0.0885 0.3195 | 0.3737| 0.2911 | 0.1282
06 | 0.7 0.2910 0.3200 0.2757 0.0874 0.2500 | 0.3734| 0.1283 | 0.0700
06| 0.8 0.2889 0.3198 0.2856 0.0755 0.3186 | 0.3735| 0.1360 | 0.0716
06| 0.9 0.2976 0.3201 0.2562 0.1428 0.3497 | 0.3735| 0.1456 | 0.0703
0.6 1 0.1394 0.1036 0.1142 0.0974 0.1489 | 0.3726 | 0.1507 | 0.1289
07| O 0.2715 0.3334 0.3006 0.3015 0.3007 | 0.3810| 0.3505 | 0.3444
0.7 01 0.2979 0.3376 0.3055 0.3091 0.3412 | 0.3941| 0.3699 | 0.3540
0.7 ] 0.2 0.2983 0.3307 0.2860 0.3045 0.3572 | 0.3825| 0.3704 | 0.3685
0.7 | 0.3 0.2704 0.3277 0.2632 0.2173 0.3472 | 0.3801| 0.2489 | 0.2649
07| 04 0.2701 0.3297 0.2772 0.2290 0.3246 | 0.3655| 0.3111 | 0.2598
0.7 | 05 0.2480 0.3265 0.2980 0.2009 0.2092 | 0.3193| 0.2665 | 0.1302
0.7 | 0.6 0.2485 0.3222 0.2678 0.2438 0.2423 | 0.3764 | 0.2893 | 0.1294
0.7 | 0.7 0.2661 0.3268 0.2620 0.2812 0.2639 | 0.3770| 0.2928 | 0.2409
0.7 | 0.8 0.2849 0.3250 0.2750 0.1062 0.3427 | 0.3748 | 0.2913 | 0.2503
0.7 | 0.9 0.2893 0.3244 0.2892 0.1058 0.3152 | 0.3739| 0.1354 | 0.0684
0.7 1 0.3013 0.3249 0.3006 0.0921 0.3508 | 0.3732| 0.1447 | 0.0694
08| O 0.2707 0.3280 0.2932 0.3101 0.3043 | 0.3866 | 0.3481 | 0.3532
08| 0.1 0.2708 0.3360 0.3001 0.3025 0.3047 | 0.3866 | 0.3512 | 0.3563
08| 0.2 0.2996 0.3362 0.3058 0.3079 0.3439 | 0.3933| 0.3700 | 0.3621
08| 0.3 0.2950 0.3289 0.2981 0.3024 0.3516 | 0.3826 | 0.3798 | 0.3600
08| 04 0.3010 0.3286 0.2701 0.2731 0.3545 | 0.3806 | 0.3688 | 0.3374
0.8 | 05 0.2702 0.3285 0.2717 0.2454 0.3204 | 0.3795| 0.2205 | 0.2162
0.8 | 0.6 0.2711 0.3274 0.2696 0.2511 0.3315 | 0.3825| 0.2998 | 0.2234
0.8 | 0.7 0.2557 0.3050 0.2927 0.0991 0.1339 | 0.3167| 0.2700 | 0.1294
08| 0.8 0.2579 0.3270 0.2974 0.1838 0.1713 | 0.3421| 0.2694 | 0.1305
0.8 | 0.9 0.2798 0.3266 0.3093 0.2384 0.2567 | 0.3753| 0.2845 | 0.1305
0.8 1 0.3053 0.3266 0.3098 0.2293 0.2552 | 0.3759| 0.2853 | 0.1302
09| O 0.2325 0.3311 0.2807 0.3031 0.3038 | 0.3940| 0.3472 | 0.3575
09| 01 0.2477 0.3377 0.2812 0.3031 0.3036 | 0.3901| 0.3472 | 0.3445
09| 0.2 0.2527 0.3376 0.2820 0.2957 0.3023 | 0.3869| 0.3476 | 0.3445
09| 03 0.2502 0.3322 0.2822 0.2972 0.3020 | 0.3929| 0.3468 | 0.3453
09| 04 0.2668 0.3376 0.2880 0.2993 0.3009 | 0.3865| 0.3521 | 0.3672
09| 05 0.2737 0.3306 0.2974 0.3013 0.3042 | 0.3882| 0.3632 | 0.3706
09| 0.6 0.2731 0.3292 0.3011 0.2980 0.3494 | 0.3828 | 0.3791 | 0.3799
09| 0.7 0.2702 0.3303 0.2855 0.3059 0.3542 | 0.3822| 0.3848 | 0.3796
09| 0.8 0.3026 0.3279 0.2622 0.2664 0.3464 | 0.3818 | 0.3872 | 0.3652
09| 0.9 0.3018 0.3277 0.2691 0.2308 0.3368 | 0.3797 | 0.2659 | 0.2594
0.9 1 0.2677 0.3276 0.2695 0.2683 0.3383 | 0.3788| 0.2680 | 0.2525
1 0 0.2769 0.3373 0.2823 0.3000 0.3138 | 0.3940| 0.3472 | 0.3443
1 0.1 0.2769 0.3373 0.2823 0.3000 0.3138 | 0.3940| 0.3472 | 0.3443
1 0.2 0.2769 0.3373 0.2823 0.3000 0.3138 | 0.3940| 0.3472 | 0.3443
1 0.3 0.2769 0.3373 0.2823 0.3000 0.3138 | 0.3940| 0.3472 | 0.3443
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1 0.4 0.2769 0.3373 0.2823 0.3000 0.3138 | 0.3940| 0.3472 0.3443
1 0.5 0.2769 0.3373 0.2823 0.3000 0.3138 | 0.3940| 0.3472 0.3443
1 0.6 0.2769 0.3373 0.2823 0.3000 0.3138 | 0.3940| 0.3472 0.3443
1 0.7 0.2769 0.3373 0.2823 0.3000 0.3138 | 0.3940| 0.3472 0.3443
1 0.8 0.2769 0.3373 0.2823 0.3000 0.3138 | 0.3940| 0.3472 0.3443
1 0.9 0.2769 0.3373 0.2823 0.3000 0.3138 | 0.3940| 0.3472 0.3443
1 1 0.2769 0.3373 0.2823 0.3000 0.3138 | 0.3940| 0.3472 0.3443
TableA.3.5Attribute weightsvs. missing edges for Caltech36 dataset
% missing | student/ Gender | major secor!d majr/ dormitory year High school
edges faculty minor
0 0.4695 | 0.3102 | 0.0924 0.0002 0.2193 0.2195 0.0112
5 0.4677 | 0.3166 | 0.0864 0.0008 0.2146 0.2021 0.0059
10 0.4522 | 0.3065 | 0.0864 0.0020 0.2006 0.2085 0.0050
15 0.4293 | 0.3166 | 0.0846 0.0042 0.1994 0.1820 0.0105
20 0.4564 | 0.3110 | 0.0818 0.0016 0.2027 0.1966 0.0063
25 0.4499 | 0.3209 | 0.0766 0.0007 0.1978 0.2014 0.0097
30 0.4604 | 0.3208 | 0.0843 0.0040 0.2035 0.2122 0.0098
35 0.4750 | 0.3325 | 0.0744 0.0010 0.2040 0.2312 0.0050
40 0.4523 | 0.3119 | 0.0775 0.0022 0.2260 0.2066 0.0039
45 0.4418 | 0.3108 | 0.1031 0.0057 0.2134 0.2229 0.0074
50 0.4451 | 0.3093 | 0.0892 0.0007 0.2280 0.2279 0.0078
TableA.3.6 Attribute weightsys. missing edges for Reed98 dataset
% missing | student/ Gender major secon_d magjr/ dormitory year High
edges faculty minor school
0 0.5840 0.3180 0.0761 0.0064 0.0976 0.2698 | 0.0143
5 0.5808 0.2931 0.0567 0.0048 0.0894 0.2667 | 0.0100
10 0.5824 0.3141 0.0596 0.0061 0.0892 0.2575 | 0.0145
15 0.5638 0.2920 0.0619 0.0044 0.0818 0.2567 | 0.0142
20 0.5836 0.2997 0.0498 0.0049 0.0806 0.2875 | 0.0136
25 0.5670 0.3065 0.0554 0.0041 0.0836 0.2501 | 0.0099
30 0.5794 0.2940 0.0685 0.0028 0.0900 0.2580 | 0.0123
35 0.5638 0.2777 0.0615 0.0040 0.0823 0.2671 | 0.0045
40 0.5569 0.2928 0.0512 0.0059 0.0746 0.2600 | 0.0101
45 0.5208 0.2790 0.0514 0.0053 0.0761 0.2422 | 0.0138
50 0.5391 0.2917 0.0529 0.0062 0.0846 0.2543 | 0.0044
TableA.3.7 Attribute weightsvs. missing edges for Haverford76 dataset
% missing | student/ Gender major second major/ dormitory year High
edges faculty minor school
0 0.5815 0.3794 0.0387 0.0084 0.1582 0.3077 | 0.0079
5 0.5995 0.3854 0.0344 0.0107 0.1541 0.3254 | 0.0097
10 0.5950 0.3740 0.0323 0.0098 0.1610 0.3255 | 0.0101
15 0.6025 0.3791 0.0423 0.0065 0.1444 0.3213 | 0.0051
20 0.5966 0.3660 0.0355 0.0110 0.1619 0.3124 | 0.0049
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25 0.5883 0.3640 0.0376 0.0127 0.1724 0.3096 | 0.0062
30 0.5927 0.3716 0.0362 0.0081 0.1563 0.3202 | 0.0047
35 0.5839 0.3411 0.0386 0.0093 0.1692 0.3195 | 0.0057
40 0.6154 0.3741 0.0461 0.0117 0.1740 0.3460 | 0.0066
45 0.5775 0.3455 0.0450 0.0136 0.1680 0.3031 | 0.0056
50 0.5732 0.3594 0.0444 0.0118 0.1395 0.3150 | 0.0063
TableA.3.8 Attribute weightsvs. missing edges for Vassar85 dataset.
% missing | student/ Gender major ;ecor)d dormitory year High

edges faculty majorMminor school
0 0.6188 0.3457 0.0442 0.0073 0.1964 0.3843 | 0.0102

5 0.6337 0.3534 0.0420 0.0090 0.2058 0.3818 | 0.0095
10 0.6293 0.3544 0.0438 0.0084 0.1979 0.3910 | 0.0094
15 0.6179 0.3441 0.0392 0.0069 0.1936 0.3882| 0.0071
20 0.6264 0.3654 0.0444 0.0074 0.2066 0.3847 | 0.0105
25 0.6215 0.3406 0.0413 0.0093 0.2076 0.3796 | 0.0104
30 0.6066 0.3479 0.0433 0.0072 0.1983 0.3710 | 0.0090
35 0.6142 0.3463 0.0405 0.0072 0.1957 0.3709 | 0.0077
40 0.6105 0.3374 0.0456 0.0075 0.1934 0.3828 | 0.0076
45 0.6064 0.3614 0.0450 0.0082 0.1937 0.3823 | 0.0095
50 0.5894 0.3412 0.0408 0.0062 0.1831 0.3642 | 0.0089

TableA.3.9Number of community clustexs.

Missing edgefor Caltech36 and Reed98 datasets

Data set Caltech36 Reed98
£y T 5 5 5 I 5 5 5
e |g|2|3|8li|8E s |85 |2 3|q1d|5g % |88
§ j>:\ I I I j>:\ I I I
0 9 4 110 7 | 12 4 72 8 5 3 6 4 7 3 78 6
5 11| 4 | 12| 8 | 11 4 71 6 7 3 8 4 6 3 65 6
10 12| 4 13| 8 | 11 5 77 6 11| 3 9 4 6 3 72 5
15 16| 4 | 17| 7 | 13 5 79 6 12| 3 (11| 4 5 3 76 6
20 20| 4 | 19| 8 9 4 78 6 15| 3 | 13| 4 6 3 78 7
25 22| 4 | 22| 7 | 10 4 87 6 17| 3 | 17| 4 4 4 71 8
30 24| 4 | 25| 7 | 11 4 89 7 18| 3 (18| 5 5 3 77 5
35 26| 4 | 26| 7 | 10 4 88 7 26| 4 | 24| 4 6 3 90 7
40 32| 4 | 33| 8 |11 5 98 8 27 | 4 | 27| 4 6 4 96 6
45 334 (34| 7 |10 5 103 8 28| 4 | 28| 4 7 3 102 6
50 39| 4 | 39| 8 | 10 4 104 8 36| 4 |34 4 8 4 114 6
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TableA.3.10Number of community clusteks. missing edgefor Haverford76 and Vassar85datasets
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TableA.3.11Community sizevs. missing edgefer Caltech36 and Reed98 datasets

VM

N|lo|lo|lo|~|lo|lo|lw|o|~] s
-ouak Oolo|lo|~|lo|F|a|~|o|~|0
PUgAH Ala|d|a|a|a|lAd|ala|a]|=
N[t |o|m|gt|m|a]|o|o
VM A|ld|A|A| Al | A A | A| A | P
vl AdAlalad|~|m|t|w]|o|o|o|~
-ouak dla|ld|o|d|lo|o|a|S|m|w
pPuUgAH m|o|lo|olo|ld]dlo|d|o|N
~lolo|lo|d|lm|m|a|s ||
© vai m|@d|o|d|lo|v|ld|o|~|0|b
o)) — i — [a\] i N (V] N — — —
o]
(]
¢ viPugAH [N S 2 [N R RS0 |F 8|S
o pHq N RNERNERNE ENE RNE RN ERNE PR RN RN
old|m
o|lo|o|t|olo|w|o
Vv Q2 d || R |D|D|[F|®|™m|«
mlowlo|lr|~lo|o|d|la|m|a
V4-pUgAH || S |S|o|o|d|d|o|o | K|
: m|le|o|d|d|lm|o|d|d ||
| o
qNlm|lo|~|s|olo|w]|~
V4 QG |o|d|C|w|d|d|®m| ™|«
M N A I T Y
-_u_‘_Q\AI Ald|dA|dA | A | A | A | A [ A [P | A
VM 91391219 |8|o|lo|o|ow|w|~
V3l wld|lo|o|w|lala|o|w|«|o
-ouak b|w|o|K|d|lo|o|~|o|~|w0
O
e v g|lw v lo|lo|la|a|~|[~|o|m
S O|IN|N|o|w|lw|o|~|~|K|@
2 oldla|d|n|lo|lw|o|m|o|o
[
-pLgA Jd|lo|lo|o|lo|o|o|o|o|o|d
O VIPUAAH 2191912222315 |58(8
v ~lomlo|lw|lo|lw|ld|ld|s|m|o
~lo|lo|t|F|o|m|o|d|d|
cNlwlalo|la|ld|lw|a|w|w|om
V4-pUgAH |o |@ |o|@ |0 |w |0 ||| |©
: dlalalad|lalalalalalala
v4 wld|g|d|o|lo|lalo|s|<|o
S| ~|Oo|b|F|v|low|d|d|Q|
Sobpa
olw|lo|w|o|lw|lo|w|o
19sEled  |Buissiwy, [C|P|a |4 | Q|Q|® || F| < (D

165



TableA.3.12Community sizers. missing edgefer Haverford76 and Vassar85datasets

%
(7]
% Haverford76 Vassar85
(a)
2 | i S s i S - s
g < | 2| s |2 |S|E8(S| 2|2 |s|2 85|58 g 2
S SSEIESI - 5 SSEIEEIE -
X T T E‘ I T f
0 | 241 | 482 | 289 | 362 270 482 | 52 | 393 | 614 12,2 511 | 614 ":é3 122 51| 736
5 | 206 | 446 | 222 | 362 211 482 | 39| 311 | 488 122 396 | 614 %8 122 56 | 752
10 | 251 | 470 | 215 | 362 158 482 | 37| 354 | 374 132 316 | 629 576 997 | 56 | 709
15 | 196 | 499 | 170 | 362 109 482 | 35| 345 | 269 122 236 | 614 %3 972 | 47 | 721
20| 162 | 506 | 140 | 354 2_:31 482 | 36| 369 | 250 | 997 | 224 | 614 529 946 | 44 | 736
25| 143 | 506 | 132 | 362 242 470 | 34| 342 | 200 132 188 | 614 474 895 | 42 | 736
30 | 123 | 458 | 115 | 362 273 482 | 32| 376 | 181 122 174 | 614 579 869 | 37 | 767
35| 111 | 446 | 103 | 362 187 482 | 30| 352 | 148 122 140 | 614 %7 972 | 35| 752
40| 99 | 458 | 98 | 362 228 482 | 28| 200 | 123 132 116 | 614 527 895 | 32 | 752
45| 83 | 431 | 81 | 362 271 446 | 27| 275 | 96 | 997 | 97 | 614 "254 946 | 30 | 721
50| 74 | a70 | 72 | 362 204 410 | 24| 251 | 90 132 89 | 614 535 1g2 30 | 782
TableA.3.13Modularity indexvs. missing edges for Caltech36 dataset
% Hybrid- Hybrid- Hybrid- Hybrid-
missing | FA yF " LA y|_ \ LEA ?_’E n WA ¥V N
edges
0 0.3120 | 0.3174 | 0.3764 | 0.3935 | 0.3623 | 0.3445 | 0.3459 | 0.3133
5 0.3224 | 0.3206 | 0.3877 | 0.3963 | 0.3602 | 0.3454 | 0.3414 | 0.3105
10 0.3238 | 0.3177 | 0.3952 | 0.3932 | 0.3627 | 0.3411 | 0.3446 | 0.3135
15 0.3246 | 0.3098 | 0.3897 | 0.3961 | 0.3573 | 0.3358 | 0.3412 0.3041
20 0.3344 | 0.3033 | 0.3900 | 0.3910 | 0.3529 | 0.3217 | 0.3473 | 0.2923
25 0.3134 | 0.3074 | 0.3891 | 0.3916 | 0.3562 | 0.3052 | 0.3440 | 0.2833
30 0.3255 | 0.3119 | 0.3912 | 0.3900 | 0.3513 | 0.2914 | 0.3403 | 0.2784
35 0.3233 | 0.2994 | 0.3890 | 0.3893 | 0.3507 | 0.2838 | 0.3443 | 0.2686
40 0.3208 | 0.3012 | 0.3889 | 0.3853 | 0.3433 | 0.2669 | 0.3445 | 0.2658
45 0.3207 | 0.3000 | 0.3873 | 0.3834 | 0.3451 | 0.2655 | 0.3341 0.2542
50 0.3177 | 0.2938 | 0.3805 | 0.3815 | 0.3420 | 0.2372 | 0.3362 0.2369
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TableA.3.14Modularity indexvs. missing edges for Reed98 dataset

% . . . .
T Hybrid- Hybrid- Hybrid- Hybrid-
missing FA yF " LA yL A LEA t’E A\ WA {’N "
edges
0 0.2776 0.2423 0.3288 0.3199 0.2823 0.2785 0.2621 0.2411
5 0.2711 0.2470 0.3214 0.3170 0.2858 0.2775 0.2617 0.2358
10 0.2768 0.2473 0.3229 0.3142 0.2815 0.2739 0.2640 0.2223
15 0.2731 0.2525 0.3190 0.3134 0.2800 0.2724 0.2649 0.2145
20 0.2641 0.2532 0.3157 0.3153 0.2771 0.2662 0.2629 0.2152
25 0.2649 0.2481 0.3099 0.3156 0.2737 0.2658 0.2678 0.2131
30 0.2729 0.2430 0.3122 0.3104 0.2758 0.2583 0.2615 0.2075
35 0.2814 0.2422 0.3086 0.3060 0.2726 0.2539 0.2515 0.1990
40 0.2702 0.2457 0.3027 0.3073 0.2641 0.2443 0.2615 0.1938
45 0.2696 0.2502 0.3014 0.3044 0.2686 0.2376 0.2504 0.1830
50 0.2749 0.2439 0.2928 0.2986 0.2629 0.2400 0.2453 0.1747
TableA.3.15Modularity indexvs. missing edges for Haverford76 dataset
% Hybrid- Hybrid- Hybrid- Hybrid-
missing FA FA LA LA LEA LEA WA WA
edges
0 0.2769 0.3010 0.3373 0.3293 0.2823 0.2736 0.3000 0.2573
5 0.2706 0.2818 0.3324 0.3291 0.2811 0.2714 0.3024 0.2786
10 0.2692 0.2706 0.3324 0.3285 0.2817 0.2699 0.2994 0.2701
15 0.2651 0.2785 0.3342 0.3291 0.2814 0.2685 0.2982 0.2764
20 0.2694 0.2757 0.3325 0.3259 0.2761 0.2657 0.2991 0.2641
25 0.2709 0.2773 0.3301 0.3283 0.2772 0.2630 0.2983 0.2694
30 0.2796 0.2753 0.3291 0.3278 0.2720 0.2615 0.2965 0.2584
35 0.2811 0.2835 0.3265 0.3249 0.2756 0.2584 0.2958 0.2653
40 0.2813 0.2761 0.3262 0.3275 0.2682 0.2570 0.2965 0.2607
45 0.2794 0.2740 0.3236 0.3272 0.2692 0.2696 0.2896 0.2572
50 0.2830 0.2809 0.3214 0.3261 0.2685 0.2836 0.2951 0.2531
TableA.3.16Modularity indexvs. missing edges for Vassar85 dataset
% Hybrid- Hybrid- Hybrid- Hybrid-
missing FA FA LA LA LEA LEA WA WA
edges
0 0.3138 0.3354 0.3940 0.3809 0.3472 0.3307 0.3443 0.2688
5 0.3176 0.3405 0.3889 0.3807 0.3470 0.3292 0.3498 0.2638
10 0.3166 0.3420 0.3878 0.3786 0.3499 0.3257 0.3474 0.2580
15 0.3156 0.3458 0.3841 0.3798 0.3478 0.3220 0.3457 0.2411
20 0.3182 0.3414 0.3869 0.3795 0.3487 0.3188 0.3474 0.2650
25 0.3250 0.3432 0.3843 0.3790 0.3492 0.3146 0.3518 0.2504
30 0.3240 0.3440 0.3865 0.3784 0.3480 0.3068 0.3475 0.2379
35 0.3172 0.3449 0.3844 0.3777 0.3463 0.3081 0.3467 0.2435
40 0.3274 0.3412 0.3799 0.3773 0.3442 0.2968 0.3437 0.2447
45 0.3237 0.3455 0.3823 0.3765 0.3442 0.2921 0.3429 0.2400
50 0.3286 0.3417 0.3805 0.3762 0.3437 0.2901 0.3412 0.2231
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