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Abstract
The growth of social networks in modern information systems has en-
abled the collaboration of experts at an unprecedented scale. Given a
social network and a task consisting of a set of required skills, Team For-
mation (TF) aims at finding a team of experts who can cover the required
skills and can communicate in an effectivemanner. However, this defini-
tion has been interpreted as the problemof finding teamswithminimum
communication cost which neglects two aspect of team formation in real
life. The first is that in reality experts are multi-skilled, hence commu-
nication cost cannot be a fixed value and should vary according to the
channels employed. The second ignored aspect is disregarding teams
with high expertise level who can still satisfy the required communica-
tion level.

To tackle abovementioned issues, I introduce adynamic formof com-
munication for multi-facet relationships and use it to devise a novel ap-
proach called Chemistry Oriented TeamFormation (ChemoTF) based on
two new metrics; Chemistry Level and Expertise Level. Chemistry Level
measures scaleof communication requiredby the taskandExpertiseLevel
measures the overall expertise among potential teams filtered by Chem-
istryLevel. Moreover, I adopt apersonnel costmetric tofilter costly teams.
The experimental results on the corpus compiled for this purpose sug-
gests thatChemoTF returns communicative andcost-effective teamswith
the highest expertise level compared to state-of-the-art algorithms. The
corpus itself is a valuable output which contains comprehensive schol-
arly information in the field of computer science.
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“The isolated man does not de-
velop any intellectual power. It is
necessary for him to be immersed
in an environment of other men.”

Alan Turing quoted in [69]

Chapter 1

Introduction

Teamwork is probably one of the oldest and most important concepts in
human society. Over the centuries, human beings far superior than other
species have learnt to work as teams rather than individuals to empower
their way of working, foster camaraderie, promote equity, and achieve
the impossible. Nowadays we have no doubt that working within teams
is an indisputable component of our success, particularly in modern so-
cieties where everyone and everything is connected thanks to the new
technology. The advent of online communities and social networks has
unfettered the idea of a cooperative world where events occur rapidly in
collaboration of people within groups.

However, such an expeditious transformation has transformed the in-
trinsic nature of forming teams. Having access to a vast number of people
in almost no time has expanded the expectations of teams to an extent
that team formation has become an important research topic in numer-
ous fields. This thesis contributes to the concept of team formation in the
field of computer science by proposing a novel approach to overcome the
challenges encountered while finding team of experts that can perform
tasks with the best possible outcome. This research is an effort to bring
to light the missing piece of the old concept of team formation in social
networks and open up new doors for future research.

1
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1.1 Team Formation and Limitations

Teamwork is often considered an important factor of success in projects.
Workingwithin teams is driven by human instinct to live andworkwithin
groups. In addition, the advent of social networks has encouraged indi-
viduals to contribute with each other more than ever. Given a social net-
work and a task consisting of a set of required skills, TeamFormation (TF)
aims at finding a teamof experts who not only satisfy the requirements of
the given task, but also are able to communicate with one another in an
effectivemanner [105]. However, choosing experts for the team, compar-
ing the quality of different teams, and assessing the outcome, have vari-
ous limitations. Theheart of these limitations lies indefinitionof effective
communication which leads to miscalculation in quantifying communi-
cation cost between experts.

TF has been often interpreted as the problem of finding teams with
minimumcostof communication. Consideringeffective communication
as communication with minimum cost is debatable, subjective and far
from reality. Experts in reality havemultiple skills and their relationships
are multi-faceted. The form and strength of their relationship depends
on the topic in which the communication between experts takes place.
This means that relationships encompass various communication chan-
nels. Experts chose an appropriate channel to communicate depending
on the skills they employ during their experience. Let’s describe this in an
example:

Imagine a relationship between two experts called Alice and Colin.
Alice has expertise on “C++” whereas Colin posses two skills including
“Java” and “Photography”. If Alice communicates to Colin on the topic of
“Programming”, they will have a strong connection because their corre-
sponding skills “C++” and “Java” are interconnected in this topic. How-
ever if the topic is “Graphics”, they have less common ground thus they
will have amuchweaker communication. This example suggests that the
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cost of communication between two experts is not independent of skills
and cannot be concluded to a fixed value. It also suggests that the con-
cept of relationship and communication should be distinguished. In or-
der tomatch these concepts with reality, a dynamic form of communica-
tion cost is required which is bound to the skills employed in a relation-
ship.

The lack of a proper understanding of communication cost has an
unfavourable effect on the quality of the final teams as well. The min-
imum communication requirement is so strict that leaves no room for
other aspects of a successful teams such as the overall expertise level of
the team to be considered. In other words, filtering teams based on the
lowest communication cost disregards teams with an overall higher ex-
pertise level which can still satisfy required communication level. If the
required communication cost for a task is estimated, it can be used as a
threshold to filter teams that elude the required level of communication
for a given task. Considering relationships as multinomial as described
earlier, this threshold should be subject to change according to skills em-
ployed.

In order to provide a better picture of the limitations around TF, the
following section exemplifies a scenario where there exists a social net-
work of experts and the aim is to find the best possible team to fulfil a
given task.

1.2 Motivational Example
Let’s assume a network of experts in which individuals possess a set of
skills and connected through their relationships. In this network, the re-
lationships are multi-faceted, meaning that they are inclusive of all mu-
tual experiences between experts. The communication cost required for
each experience to take place determines theweights of the connections.
Since some experts are multi-skilled, they can have multiple unique ex-
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periences with one another. Each unique experience takes different set
of skills to occur hence every experience is associated with a different
communication cost value. Furthermore, each expert is associatedwith a
number referring to their expertise level. Let’s assume the expertise level
of each expert represents the number of the years he or she has experi-
ence in particular skills.

An example of a social network of experts with the above mentioned
attributes has been illustrated on left side of the Figure 1.1. In this ex-
ample, Alice (yellow), Bob (blue), Colin (green), and Dave (red) construct
a network according to their historic relationships. The weights on the
edges represent communication costs. Since Colin has two skills, he has
two sets of experiences with Alice and Dave, each with a different com-
munication cost. This means if Colin would like to communicate with
Alice using his s2 skill, he uses the left channel which has been associated
with 0.4 as the communication cost. However if Colin decides to com-
municate with Alice using his s3 skill, he has to use the right channel with
a communication cost of 0.2. The same scenario applies to the relation-
ship between Colin and Dave. The expertise levels of experts have been
demonstrated in front of the skills the expertise levels correspond to. For
example, Alice is associated with a value of 5 in s1.

Having an example network in hand, let’s assume s1 represents “C++”,
s2 reflects “Java”, and s3 denotes “Photography” and define a task con-
sisting of s1 and s2. We can now explore the network by walking through
the connections in order to find teams of experts who can cover this task.
An expert is selected as the starting point and then the path is walked to
the other experts until all the required skills are covered. This means that
the teams must be directly or indirectly connected. In the case of indi-
rect connections, intermediate nodes are taken as part of the team. Since
these intermediatesmight not cover any required skill, they are listed un-
der;. The communication cost of the final team is the sumof communi-
cation cost of all the paths taken and the expertise level is the sum of the
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0.2

0.20.4 0.1

0.4

0.2

Alice Bob

Colin Dave

s1 : 5 s2 : 3

s2 : 4, s3 : 3 s3 : 8

Task = {s1, s2}

s1 =C ++, s2 = Java, s3 = Photog r aphy

Task s1 s2 ; Com.
Cost

Exp.
Level

Team1 Alice Bob _ 0.2 8

Team2 Alice Colin _ 0.4 9

Team3 Alice Colin Dave 0.3 9

Figure 1.1: An Example of expertise network in which teams are discov-
ered to cover a task

expertise level of all the experts in the skill they cover.
As shown in the table on the right side of the Figure 1.1, three teams

can be discovered to fulfil the task. Team1 is formed by Alice and Bob
for which communication cost is 0.2 and the sum of expertise level is 8.
Team2 is constructedbyAlice andColin givenhis s2 skill with a communi-
cation cost of 0.4 and an expertise level of 9. The last team includes Alice
and Colin which is similar to Team2 but from Dave’s path. This means
that unlike the first two teams, Team3 has Dave as intermediate. This
team has a communication cost value less than the second team at 0.3
and an expertise level identical to the second team at 9.

Comparing the three teams, it can be identified that team1 reflects the
lowest communicationcost amongall the teams. Inotherwordsgiven the
required skills, communication cost for Alice andBob to perform the task
is less than any other team across the network. From expertise level per-
spective though, team2 and team3 are the best teams as they reflect the
highest expertise level among all three teams. This means that if the suc-
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cess of a team is solely derived from the communication between team
members, then team1 is the only team to consider because it mirrors the
least cost which leads to the hypothesis bellow:

Hypothesis 1.1. Assuming that the success of a team can rely upon var-
ious parameters, the requirement of minimum communication cost can
be relaxed in order to make room for other parameters such as the overall
expertise of teams members.

The argument above raises a fundamental question of “how to en-
sure that teamswithhigher communication cost can communicate effec-
tively?”. The answer to this question might lie in the nature of the skills.
In the given example, “C++”, “Java”, and “Photography” were defined as
skills. Given that “C++” and “Java” are both programming languages, they
share a huge number of attributes with each other. Thus experts pos-
sessing these two skills have a common ground and can be expected to
communicate well. Comparing the social chemistry between the above
mentioned pair of skills to the chemistry between “C++” and “Photogra-
phy”, one can easily identify less common ground between the skills in
the latter case hence less chemistry level between them in overall. This
suggests that expecting experts possessing “C++” and “Photography” to
communicate at the same level that experts possessing “C++” and “Java”
do is misleading and leads to the hypothesis bellow:

Hypothesis 1.2. Assuming that there is a meaningful and quantifiable
chemistry between skills, a threshold can be configured according to the
task reflecting the minimum communication cost required to perform the
task. Teamswith the same level of communicationorhigher than the chem-
istry between their skills can thenbe considered to communicate effectively.

As an outcome of the discussion above and assuming that chemistry
between s1 and s2 in the given example is calculated as 0.5, all three teams
are considered to communicate effectively. This helps consider expertise
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level of the teams as a secondary parameter based on the rationale that
more expertise leads toquality outcomes. If this factor is considered, then
Team1 is ignored and Team2 and Team3 with expertise level of 9 become
potential candidates. This raises another fundamental question which
is “how to chose the one team among all the communicative teams with
high expertise level?”. The answermight bemanifested in the economical
aspect of teams and can be explained by the following hypothesis:

Hypothesis 1.3. Assuming that teams with higher cost of experts lead to
costly projects, teams that are associated with the least cost and satisfy the
project budget are more likely to succeed.

Given the hypothesis above, Team3 is associated with more cost than
all the other teams thus is expected to be less successful. Whatever the
cost of Dave in this team is, he increases the overall cost of the team. This
suggests that Team2 is financially more justifiable compared to Team3

thus it is chosen as the final team given the task and underling social net-
work.

The givenmotivational example and highlighted hypothesis describe
how various parameters can be employed to form teams for a given task.
The rationale behind forming these teams requires a systematic mecha-
nism in which all the fundamental questions raised in the given exam-
ple are addressed. In the following section, I summarise these questions
along with some other complementary objectives of this study.

1.3 Research Questions
There is no definitive answer to the question of what the best team is for
a given task. In fact the problem of Team Formation in social networks
has been proven to be NP-hard [86]. However, there are many more cri-
teria involvedwhile forming effective teams than choosing the teamwith
minimum communication cost. This thesis covers a few number of pos-
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sibilities that can be objectively explored in team formation. The main
concern of this thesis is:

• How to form cost-effective team of experts with the highest level of
expertise possible that can cover the required skills in a given task and
its members are able to communicate with each other effectively?

More specifically, this study aims to provide objective answers to the
following research questions in the context of computer science:

1. How to estimate dynamic communication cost which is computed
according to the communication channel employed ina relationship?

2. How to discover the required communication level for a given task
according to the chemistry level between the skills it contains?

3. How to quantify the expertise level of a team of experts?

4. How to ensure the formed teams are cost-effective?

5. How to design a mechanism in which all the essential parameters of
team formation are incorporated?

1.4 Thesis Outline
The introductory chapter of this thesis is followed by a literature review
chapterwhich takes a close look at team formation in its classic andmod-
ern era. An extensive survey is conducted to provide an understanding of
the problem and proposed solutions. Furthermore, various factors em-
ployed in addressing team formation are identified and the existing re-
search body are categorised accordingly.

Chapter 3 describes my proposed approach towards team formation
calledChemistryOrientedTeamFormation (ChemoTF) toaddresses team
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formation problem in social networks. First the related concepts and pa-
rameters are defined and the problem is formulated accordingly. Then
an analytical model and an algorithm for ChemoTF are presented for the
first time. In addition, themechanismof ChemoTF to tackle the TF prob-
lem is explained.

In Chapter 4 I discuss how a corpus consisting of experts and their so-
cial ties is designed and compiled. This corpus which is called Compre-
hensive Scholarly Corpus (CompScholarCorp) contains unique scholarly
information of publications such as keywords, abstracts and citations in
the field of computer science. The process of design, data collection and
sampling to compiled this corpus is thoroughly explained and examples
of the records in this corpus are outlined.

CompScholarCorp is visualised in a series of illustrations, graphs and
statistical tables in Chapter 5. This chapter eases the understanding of
the concepts introduced in this thesis and identifies the possibilities that
my corpus can be used for further research. First an overview of Comp-
ScholarCorp and its entities is given. Then the corpus is visualised from
the various perspectives. In addition the networks derived from this cor-
pus are discussed and visualised.

Chapter 6 describes how the corpus is employed as a testbed tomodel
multi-faceted relationships between experts, calculate the parameters of
ChemoTF, and construct a multidimensional network of experts. First
the relationships between experts are modelled using a specific instance
of probabilistic generative topic models called Latent Dirichlet Alloca-
tion (LDA) [22]. Then the constructed model is used to build areas of
expertise and form the relationship between experts in each area. Fi-
nally the scale of contribution of each area of expertise in relationships
is calculated using a machine learning inference technique called Vari-
ational Inference [75] and a multidimensional network is drawn accord-
ingly. The model is evaluated using an approximation technique called
Perplexity [22] to ensure that it reflects the reality as expected.
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Having prepared all the required components of ChemoTF, Chapter 7
explains how the algorithm was implemented for the experiment. The
designed and implemented platform covers ChemoTF along with three
state-of-the-art TF algorithms to conduct comparative analysis. First the
requirement analysis conducted to identify the core objective andmech-
anism of each algorithm is described. In addition, the requirements re-
garding the implementation techniques and technologies are identified.
Then a database is designed to facilitate the process of providing neces-
sary data from the corpus for the algorithm during the experiment. Fi-
nally I explain how the identified core objectives are implemented, veri-
fied and expanded to cover all the requirements with respect to data and
functionalities.

In Chapter 8, experiments are conducted on the corpus and the re-
sults are analysed. First the environment where the experiment was con-
ducted is discussed and the metrics of the analysis are outlined. Then
the experimental results of my algorithm are analysed and the quality of
the teams it forms is assessed. In addition, a comparative study is con-
ducted to evaluate ChemoTF results against the three state-of-the-art al-
gorithms. Finally a sensitivity analysis is conducted where the effect of
parameters of ChemoTF is studied.

The final chapter concludes this thesis by summarising the findings,
presenting the contributions, and explaining limitations of this study as
well as the suggestions for future research.



“Creating a new theory is rather
like climbing a mountain, gaining
new and wider views, discovering
unexpected connections between
our starting points and its rich en-
vironment.”

Elbert Einstein [49]

Chapter 2

Literature Review

There is a considerable amount of research on the TeamFormation prob-
lem in various fields such as psychology, philosophy, sociology, manage-
ment, mathematics, computer science, etc. What hasmade this problem
so interesting is its practicality which is driven by human instinct to live
and work within groups. In addition, the advent of social network as a
new phenomenon has made the problem of forming teams even more
appealing than ever before and has required researchers to devise more
pragmatic approaches toward Team Formation. Therefore, the studies
on the Team Formation problem fall into two categories namely Classic
Team Formation prior to social network phenomenon and Team Forma-
tion in Social Network.

In this chapter an extensive review of the previous studies on Team
Formationwith respect to the abovementioned categories has been pro-
vided. First the existing studies in classic Team Formation era are dis-
cussed. Then various parameters and metrics employed in addressing
team formation in social networks are identified and categorised and the
existing research are outlined according to these categories. In addition,
various applications of team formation in other fields are outlined and
briefly discussed. Finally, the findings are summarised and the gaps are
elaborated.

11
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2.1 Classic Team Formation
Classic Team Formation is referred to as an era when researchers did not
consider social ties among people in their approach to tackle team for-
mation. The social ties in this era were in the form of traditional or small
communities where the relationships between people were not transpar-
ent enough for researchers to conduct proper studies on. Most studies
in this era were either theoretical or small scale such as small commu-
nities or organisational space. Hence the definition of Team Formation
(TF) and the problems associated with it were interpreted according to
the necessities or capacity of the research.

What makes TF different from a classic Set Cover problem [79] is the
quality of communication between teammembers as ameasure of a suc-
cessful performance. A team in Set Cover problem is a set of individuals
whohaveafinitenumberof skills. Anoptimumteam in thisproblemcon-
tains “memberswhohave the necessary skills to complete the task” [123].
TF has a fundamentally different approach toward a desirable team. Co-
hen and Bailey [36] define a team as:

“Collection of individuals who are independent in their tasks,
who share responsibility for outcomes, who see themselves and
are seen by others as an intact social entity embedded in one or
more larger social systems, andwhomanage their relationships
across organisational boundaries.”

Based on this definition of a team, Owen et al. [105] describe TF as:

“A result of the deliberate, strategic decisions of individualswho
either self-select or assign others to a team with the purpose of
satisfying individual and team objectives.”

Authors in this work inspected the effect of task-driven responsibil-
ities within the team on the overall performance of the team in the or-
ganisational context. They found that a successful team is composed of
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people who have skills to perform the task and a good level of interper-
sonal relationships. To some extent, this definition of a successful team
is the notion of classic TF problem and has been adopted by huge body
of work in various fields. A classic TF problem can be described as:

“The aim to find a teamof individuals that satisfies the require-
ments of a given task while possessing the ability to communi-
cate effectively.”

This problem has been extensively studied in a variety of fields ignor-
ing the social ties between individuals. One area which this occurs is Op-
erationResearch (OR). TFproblem in this field is formulated as an integer
linear program. The aimof these studies is to find an optimummatch be-
tween people and the demanded functional requirements. The problem
is often addressed using techniques such as Branch-and-Cut [146], Sim-
ulated Annealing [16] or Genetic algorithms [132]. These studies ignore
social ties among individuals and mainly focus on the skills they possess
to cover the required skills of a task accordingly. Thus the approaches
taken to address TF problem in this field does not properly include the
quality of a successful team with respect to an effective communication.

There have been a few studies that aim to address the gap of an effec-
tive communication requirement mentioned earlier. These studies take
advantage of interdisciplinary concepts such as psychological and inter-
personal attributes. One example of this line of work is the person–group
fit paradigm proposed in [131]. This paradigm is composed of two ele-
ments, supplementary fit and complementary fit. Supplementary fit tar-
gets groups with similar personality trends whereas complementary fit
emphasises on those people who have different characteristics but can
complementwith eachother to accomplish a task. Although authors sug-
gest that modelling team formation based on their proposed paradigm
can lead to adesirable outcome, it is unclear how thepersonalities of peo-
ple are identified and implications become practically effective.
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Another example of interdisciplinary approaches in classic TF is the
study in [33] where authors consider individual drive among the mem-
bers of a teamas anelement of a successful team. They employ theMyers-
Briggs test tomeasure the personality among candidates and arrange the
desired team based on their individual and social characteristics. Fol-
lowing the samemotivation, Fitzpatrick et al. [54] introduce a parameter
based on a technique called Kolbe Conative Index (KCI) in order to evalu-
ate themotivation of the team given people’s personality and form teams
accordingly. The more recent example of interdisciplinary approaches
toward TF is the scheme proposed by Zhu et al. [145]. Authors propose a
role-based TF and claim that their approachwill facilitate the complexity
of TF in the context of software engineering.

Although the above-mentioned approaches are theoretically intrigu-
ing, they fail to address TF in the context of social networks. The impor-
tance of underlying social ties between individuals for TF problem be-
came evident by Gaston et al. [60]. Authors in this study demonstrate
that adapting social network structure in TF significantly improves or-
ganisational efficiency. Later in [11] authors study the dynamics of TF
and their impact on the formation of communities in social networks.
They also find underlying social structure between people an important
factor in forming teams. Cheatham et al. [32] expand the idea of using
social networks in TF to a more practical form by providing two different
views and raising realistic questionswith respect of forming collaborative
teams than can be answered using Social Network Analysis.

The three inspirational studies mentioned above open a new domain
for studding TF in social networks, particularly in the field of computer
science. They conclude the evolutionary journey of Team Formation in
its classic era. This era has been very productive in terms of algorithms
devised to study TF in theory and has provided a solid background for
researchers today. The next section is dedicated to reviewing the studies
of Team Formation in social networks in a modern era.
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2.2 Team Formation in Social Networks
The emergence of social networks and wide use of this new technology
has provided a new framework for researchers to work on. This has been
of particular interest for researchers in the field of computer science who
aim to understand the process of social collaboration, that is, howpeople
use social connections to form teams. Modern TF considers collabora-
tion between teammembers within their social ties a mandatory quality
of a successful team. Thanks to the online communities such as DBLP 1,
IMDB 2 or online social networks such as Facebook 3, Twitter 4, today re-
searchers cananalyse the social structurebetweenpeople and investigate
the new possibilities in forming collaborative teams.

The use of social networks to address TF as a computational problem
beganwithLappas et al. [86]. This influentialworkwas thefirst attempt to
formulate the TF problem given the social structure between individuals.
They define TF in social networks as:

“Given an underlying social network, the aim of team forma-
tion is to find a group of individuals who can communicate ef-
fectively as a team to accomplish a specific task.”

They prove that the problem is NP-hard and propose a two-step ap-
proximation method to form effective teams of experts. The approxima-
tion techniques used in this work have been very popular and expanded
bymany studies since. Despite being a pioneering work, the study in [86]
fail to properly address TF problem in social networks with respect to ef-
fective communication within the team. The reason is that the defini-
tion given for TF in this work heavily relies on the communication cost
function. Albeit clearly stating that “other notions of the effectiveness of a

1www.dblp.uni-trier.de
2www.imdb.com/interfaces
3www.facebook.com
4www.twitter.com
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team can lead to a different optimization functions”, the authors mainly
concentrate on finding teams with minimum communication cost and
ignore the other aspect of effectiveness of a team in TF problem. Since
no argument has been provided to justify the minimum communication
cost as an effective measure to increase the performance of the team, it
is debatable whether considering minimum communication cost as ef-
fective communication is a valid assumption. This has lead researchers
define the TF problem according to their variables.

The divergent vision toward TF is evident from the various parame-
ters and implications used to address the problem. In the next section, I
provide an overview of the studies conducted in the area of modern TF
with respect to these parameters.

2.3 Types of Team Formation
The success of a team is not associated with a single factor. There is a
consensus among researchers that each team behaves differently toward
various factors hence the success of a team is relative to their behaviour
which also varies according to the circumstances. [84]. Lappas et al. [87]
survey various approaches of TF in social networks and highlight some of
the indicative algorithms in the literature. They outline various aspects of
a successful teamwhich have been considered and employed in TF by re-
searchers. In another research,Wang et al. [129] and [130] conduct a com-
parative study on some of these research and categorise them according
to the schemes they suggest. Although this comparative study mentions
other parameters, the main focus of this work is on communication cost
and other aspects of TF are generally dismissed.

For the purpose of this thesis, I review the existing body of research
on TF in social networks from the prospective of the parameters used
to define the main problem. These parameters have been named differ-
ently, thus I categorise them based on the functionality or the purpose
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they serve for. These parameters include Communication Cost, Work-
load, Density, Expert Rank, Personnel Cost, and Diversity. In addition to
this parameter-oriented classification, I provide an overview of TF appli-
cations in various fields.

2.3.1 Communication Cost: OneMetric to Rule Them All

Finding teams with minimal communication cost has been the primary
goal of TF in social networks in numerous studies. The consensus in this
line of work is that the definition of TF given by Lappas et. al [86] poten-
tially covers thenecessary aspects of TF in social networks. Theminimum
communication cost which is the sole measure of effective communica-
tion in this work has been the main point of interest. The consequent
studiesmainly concentrate on optimising the communication cost func-
tion and define communication cost such that it produces better results.
Wang et al. [130] classify these studies in four major classes according to
the communication cost function they use. They identify fourmain cate-
gories of communication cost includingRarest First, Steiner, Shortest Dis-
tance, and Leader Distance.

The first class of these algorithms are based on Rarest First [86] which
is an extension toMultichoice Algorithms [9]. The communication cost in
this category is defined as the longest shortest path between any experts
in the team. The algorithms MinDiaSol [97] and LBRadius [7] are good
examples of this class. One notable characteristic of algorithms of this
nature is the ability to form teams rapidly. This is because they tend to
take as many skills as possible from a single expert to cover the required
skills. It is disputable whether such an approach results in teams with
high performance.

The second classification encompasses Steiner algorithms for which
the objective of the communication cost function resembles the objec-
tives of the Steiner Tree Problem proven to be NP-hard [79]. In this cate-
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gory communication cost is defined as the weight cost of the minimum
spanning tree for a sub-graph formed by the team. The algorithms En-
Steiner [86], MinAggrSol [97], LBSteiner [7], and Connector-Steiner [89]
are most important examples of this class. Algorithms with this nature
have been generally found to produce teams with small sizes. This is be-
cause of the greedy nature of these algorithms. One controversial criti-
cism towards these algorithms though is that the density between team
members in this algorithm is very low. The reason for this is that these al-
gorithms prune the communication channels and reconnect them using
intermediate nodes as terminals thus the number of the channels reduce
in overall. The obvious drawback these algorithms suffer from is that they
are slow to converge and form teams in a considerably high time-period.

The third category is called Shortest Distance and algorithms of this
class define communication cost as the sumof all shortest paths between
any two experts in the team. This definition of communication cost has
been first suggested in [76] and [78] and adopted by many researchers in
the area of TF. The reason for this much influence is that algorithms with
this nature are capable of generating teams with relatively small size in a
relatively short time. However it is disputable whether such a definition
of communication cost is reflective enough of the reality.

Finally, communication function forLeaderDistancealgorithms isde-
fined as the sum of the shortest paths from all experts to the team leader.
The communication function defined in this line of work is an extension
to the function defined in Shortest Distance and has been considered
in [76], [103] and [124]. There have been a lot of discussion over the use of
leader since it’s introduction in [77]. Authors in [89] and [90] use this con-
cept in an algorithm called Enhanced-Steiner for generalised tasks. Their
algorithm is based on the original Steiner tree while considering leader.
Hashemi et al. [103] also expand the concept of leader by proposing dis-
criminative methods to find leaders and form a team accordingly. They
suggest that the level of contributions people put towards relationships
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in social network are not evenly distributed thus the strength of these col-
laboration must be considered while forming teams. Authors in [124] ar-
gue that a single leader is unable to manage large teams and suggest a
parameter named communication load constraint to limit the number of
teammembers. They also present a framework to find an optimal team,
under the communication load constraint.

One problem with all the above mentioned studies is that their pro-
posed communication cost function is not accurate enough to be applied
in real-life examples. This is because the relationships between individu-
als in reality is multifaceted and asymmetric [45] and [50] thus the com-
munication cost is expected to reflect multiple values dynamically given
each facet of the relationship. The idea of such a communication cost
function has been vaguely realised in [138]. This work studies the tem-
poral annotations of historical communications in social networks and
suggests that the pattern of communication between experts in social
networks are different and sensitive to the cost of communication. Al-
though the authors in this work agree that the defining communication
cost as a static measure is problematic in practice, they do not provide
any practical solution to address the problem.

To cover this gap authors in [30] consider the relationships between
individual asymmetric and introduce a parameter to quantify the cost of
including an expert into a team. There have also been a few attempt to
address this problem using Semantic Analysis [66]. Zhou et al. [143] use
TopicModels [121] to label teams based on information sharing activities
among the experts. They aim to generate teamprofiles bywhich they can
reach to the most desirable experts for a given tasks and form teams ac-
cordingly. Based on the same technique, authors in [93] present a model
to determine the general closeness of the past experiences of expertswith
the topic and aggregating the rank of experts accordingly. Therefore they
estimate the degree towhich a group is a knowledgeable for a given topic.
However it is unclear what the topics represent as they do not differenti-
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atebetween required skills and topics. Inaddition, it is debatablewhether
their proposed method is practical. This is because the queries for TF
problem contains required skills rather than topics. To address this, Zhu
et al. [144] suggest a scheme to generate categories based on the depen-
dencies between skills and interaction between experts. Based on these
categories, they propose a framework for TF to rank the authority of ex-
perts and form teams accordingly. Unfortunately none of these studies
address the dynamic communication cost requirement explained earlier.
This problem has been never approached by any work in the area of TF.

Apart from the necessity of multinomial relationships and dynamic
communication cost, the general problemwith all the studies in this cat-
egory is that the requirementofminimumcommunicationcost is so strict
that leaves no room for considering other characteristics of a successful
team. Having this restriction in mind, some studies propose schemes to
relax the skill coverage requirement so that other parameters can be in-
cluded. One example is thework in [88] where authors propose amethod
to form teams according to user-specified information. They specify sub-
jects, group size, must-have skills as the customisable body of the query
and devise a greedy approximation algorithm to solve TF problem. An-
other example is given in Bhowmik et al. [18] where an unconstrained
sub-modular function is proposed. This function relaxes the skill cover-
age requirements to a “must have” and “should have” level. The authors
maximise this function and optimise TF with respect to communication
level. The effectiveness of these works is contentious as they aim to alter
the problem rather than proposing a practical solution for it.

2.3.2 Workload: The Art of being Fair

Abalancedworkloadbetween teammembers is considered an important
factor of a successful team [82]. The intuition behind such an idea is that
adjusting the amount of work according to the capacity of each mem-
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ber of the team provides a fair environment and increases the teamwork.
Based on this factor, there have been a few studies which tried to include
workload to distribute the skills fairly among the teammembers though
research conducted regarding this parameter inTF is limited and requires
more attention. Anagnostopoulos et al. [6] and [7] consider the workload
of the chosen experts and proposed an algorithm to enable finding teams
of experts where the workload is balanced. With the same motivation in
mind, Majumder et al. [97] take a slightly different approach to the prob-
lem by setting a limitation for the workload each member of the team
can handle. The authors introduce a parameter called packing constraint
and control the formation of team such that the workload of the chosen
experts do not exceed the packing constraint.

2.3.3 Density: The Closer the Better

Density is a concept derived from graph theory which determines the
number of edges to a vertex [37]. The motivation behind using density
in forming teams is that the teams with higher density are more inter-
connected hence their communication channels are abundant.

Density was first adopted for TF in social network by [119] based on
the minimum degree and distance constraints. The authors first prove
that TF with density maximisation function is still NP-hard, then they
propose a greedy algorithm to calculate density. Finally, they present two
heuristic algorithms tofindcommunitiesof adesiredupperdensity. Gaje-
war et al. [57] continue this line of work by proposing a set of approxima-
tion algorithms aiming tomaximise density of the team. They equip their
algorithmswith heuristic extensions in order to create a balance between
the size of team and its density. Rangapuram et al. [109] expands the use
of density by proposing three considerations including leader, cost lim-
itations, and locality of the team. Their approximation technique in the
experiment is claimed to produce more coherent and compact teams.
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2.3.4 Expert Rank: Finding theWisest

The essence of ranking experts while forming teams was first realised by
Sharifi et al. [116] and has since been used in various studies as a metric
of a successful team. Farhadi et al. [51] propose a framework inwhich the
skill grade of experts are determined. They incorporate these skill grades
withminimumcommunication cost and generate a compound costmet-
ric by which the formation of teams is achieved. The problem with this
approach is that the proposed parameter for quantifying expertise does
not change according to the skills experts possess whereas in reality it is
expected that multi-skilled experts would demonstrate various level of
expertise within their skill-set.

Toaddress this problem,Bozzon et al. [27] focusonfinding individuals
with the highest rank for a given task based on the activities of social net-
work users. In order to achieve this, they assert expertise by tracing their
activities in social networks and building up profiles for experts. This is
done using text analysis and semantic annotation. Awal et al. [10] ap-
proach the expertise as ametric in TF slightly differently. They argue that
forming teams based on the total expertise of a team instead of ranking
individuals produces more desirable results. They propose an approach
based on Collective Intelligence (CI) to recommend candidates who can
increase the overall expertise of the team. In addition, they introduce a
trust-based collaboration score to enhance the collaborationbetweenex-
perts and facilitate the exchange of ideas and expertise.

2.3.5 Personnel Cost: Thinking of the Budget

There is almost no doubt that there is a strong correlation between the
budget of a project and the cost of labour. Hence, as metric of a suc-
cessful team, personnel cost has drawn attention attention among re-
searchers. Authors in [78] and [5] formulate this parameter and com-
bine it with communication cost to address TF in social networks as a bi-
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objective problem. The aim of this work is to find financially affordable
teams with minimum communication cost. Stallings et al. [120] suggest
that the cost of experts are driven from their productivity and impact on
the social network. Hence they first discuss the simulation of personnel
cost usingh-index [68] thenpropose anautomatic approach to assign rel-
ative credits to experts and argue that their suggested parameter projects
less objective cost values in comparison to h-index. Golshan et al. [64]
approaches TF problem from financial perspective too. They propose
heuristic approximation to find a financially affordable team of experts
in which the total benefit of the projects this team can collectively cover
is maximised.

2.3.6 Diversity: Where Everyone Has a Share

Diversity among team members has a positive impact on creativity and
contributes to desirable outcomes. [133]. In the context of TF and given
the social network of experts where skills are abundant, diverse group of
expertise can potentially accomplish the project effectively [70]. Having
this inmind, Tong et al. [125] adopt diversity asmetric and propose an al-
gorithm tofindoptimumteamswithmaximumdiversity. Thiswork is im-
proved in [137] by truncating the social influence of less desired experts
on the diversity of the team throughout the social network. This is ac-
complishedbyquantifyingdiversity basedon the social networkbetween
potential candidateswho can satisfy the required task. Xu et al. [136] pro-
pose a model to include the skill diversity among the members of a team
and formulate diversity in the context of TF. Buccafurri et al. [28] propose
amethodbasedoncollective intelligence to increasediversity of the team
during team formation process. Wu et al. [134] study TF problem by con-
sidering Diversity of Opinion as a requirement element of a team in the
field of crowd-sourcing. Quantifying this element asmetric, they propose
twomodels to find a desirable team of experts for a given task.



24 CHAPTER 2. LITERATURE REVIEW

Table 2.1: Summary of TF Algorithms Based on the Parameters Employed

Algorithms Com.
Cost

Work-
load Density Exp.

Rank
Pers.
Cost

Diver-
sity

[30], [76], [86],
[88], [89], [90],
[93], [124], [138]

X

[6], [7], [97] X X

[57], [119] X

[27], [119] X

[51], [103], [144] X X

[64] X

[5], [18], [78] X X

[109] X X

[10] X X X

[125], [134], [137] X

To summarise this section, Table 2.1 outlines the factors employed for
Team Formation throughout the literature. In the next section, I discuss
the applications of team formation in various research areas.

2.4 Team Formation Applications
Today, the concept of teamand teamwork is an indisputable part of every
project in every field. Hence TF has been considered in various areas of
research as an application to facilitate the process of finding potentials
according to the criteria. The vast number of these field of studies makes
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it extremely hard to categorise various schemes according to applications
they have been adopted. For example in the field of education, Agrawal
et al. [2] use TF tomaximise the gain of students by team partition. In the
field of organisational management authors in [91] set up events as tasks
and people as experts and adapt the existing greedy heuristic algorithms
proposed for TF problem in order to find attendants for a given event.
Another example is the study in [3] where TF problem has been accom-
modated for the field of manufacturing and a parallel hybrid grouping
genetic algorithm to solve the problem of Machine-Part Cell Formation
has been propose.

Albeit being subject of study in almost every field, TF has been exten-
sively applied in three fields in particular. These fields include Crowd-
sourcing, Recommendation Systems, andMulti-Agent Systems. The rest of
this chapter has been devoted to exploring the use of TF in these areas.

2.4.1 Crowdsourcing

The term “crowsourcing” was first introduce by [71] and defined as “the
act of taking a job traditionally performed by a designated agent (usually
an employee) and outsourcing it to an undefined, generally large group of
people in the form of an open call”. Since then various crowdsourcing ap-
plications suchasWikipedia 5 hasbeendevelopedandbecomeextremely
popular. Besides, the use of TF in crowdsourcing has drawn a lot of atten-
tions between scholars.

Cao et al. [31] use the concept of TF to select appropriate juries for
decision making task on micro-blog services. They refer to this problem
as Jury Selection Problem (JSP) and address it by adjusting the existing
TF algorithms according their requirements. This work is later expanded
by Zheng et al. [142] where the Bayesian Voting (BV) is employed to find
juries with the highest rank. They consider answers for a given task as

5www.wikipedia.org
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posteriors and task owner’s beliefs on the answer as priors. Another study
in the area of crowd-sourcing is conduced in Zhao et al. [140] where the
process of crowd selection onmicro-blogs has been automated thanks to
the query processing techniques. Authors expand this research in [141]
where theyuseprobabilitymodels to transfer the given task into adefined
set of skills and perform crowd selection accordingly. Finally in [139], the
authors approach theTFproblem in the context of crowd-sourcingwhere
the knowledge about past experiences within the experts is limited. They
categorise experts based on their past experiences andpropose amethod
in which the expertise of well-known experts is inferred and distributed
among every expert in the social network.

2.4.2 Recommendation Systems

Recommendation systemareparticular class of InformationFilteringSys-
tems that aim to predict the rating of items or preference of users and
recommend items accordingly [111]. These systems can be incorporated
with the concept of TF in social networks to facilitate the process of rec-
ommendation.

Authors in [43] and [44] argue that measuring direct interaction to
determine communication between experts produce inaccurate results
for TF. They address this gap by using implicit recommendations of col-
laboration to support even sparsely connected networks. They provide
two heuristics based on Genetic Algorithms and Simulated Annealing to
create a trade-off between skill coverage and team connectivity in team
formation. Xie et al. [135] utilises the top-k TF concept to generate a
package of recommendations consisting of multiple items. Each item is
viewed as an expert with a cost and the package is considered as a team
to be formed. The aim is to assemble items into a package and recom-
mend it to a user according to their requirements and specified budget.
Parameswaran et al. [107] employ the concept of TF to study the prob-
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lem of recommending courses to a group of students based on a set of
constraints. In this case, the courses are considered as tasks whereas the
target students are considered as the selected team.

The most recent of example of using TF in recommendation systems
is suggested in [92]where finding a substitution for a team leader in social
network has been studied. Authors in this work define a problem called
Team Member Replacement and propose an algorithm to replace an ex-
pert who is leaving the team with another expert based on the interac-
tion between skills andmatching structure. Motivating by the same idea,
Fitsilis et al. [53] propose a system in which the collective knowledge ob-
tained fromsocial networks is analysed topotential candidates for a given
task are recommended.

2.4.3 Multi-Agent Systems

The use of TF in Multi-Agent System (MAS) was first suggested by Gas-
ton et al. [59]. Authors in this study demonstrate that finding appropriate
social network structures between agents has a significant impact on the
performance of the overall system. Since this finding, the concept of TF
in social networks has been extensively adopted in MAS.

Bulka et al. [29] adjust the TF concept for socially connectedMAS and
describe apolicy learning framework for forming teamsbasedon local in-
formation. Bai et al. [12] provide a guideline of using TF in self-interested
multi-agent systems particularly in dynamic environments where task
requirements and resources change regularly. They argue that in such
an environment, a selfish agent might modify or replace the collabora-
tion relationships with its teammates. To avoid this, the authors propose
a flexible TF mechanism that can enable agents to choose team mem-
bers with reasonable terms. Corgnet et al. [39] adopt the concept of posi-
tive learning and develop amodel of TF formulti-agent systems in which
agents are self-aware. This model generates divergence in team forma-
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tion andprevents the agents fromasking for excessive shares of the group
outcome. Maghami et al. [96] introduce an agent-based simulation in
order to investigate the impact of social factors such as stereotypes on
the formation of task-oriented groups. They derive stereotypes from the
agents’ past experiences and apply them during the TF process in order
to improve the diversity of skills among agents.

2.5 Findings and Summary
In this chapter, I reviewed existing classic and modern literature in the
area of Team Formation. I provided a comprehensive survey on these
studies and classified the them based on the utilised parameters. I crit-
ically approached the most notable studies in each category. Further-
more, I discussed the various applications of team formation in other
fields. During this review, I identified four main gaps including the lack
of a realistic approach towards TF with respect of the well-defined mea-
sures of the success of a team, themultifaceted relationship, the dynamic
nature of the communication cost, and fine-grained expertise level of the
experts in a given skill.

The first problem with all the studies in the area of TF in social net-
works is their mono-objective or bi-objective nature. As observed from
Table 2.1, the majority of research in the field of TF consider only one or
twoparameters and ignoreother important characteristics of a successful
team. Although it is understandable that implementing a vast number of
these characteristics is very difficult, an approach equipped with a com-
pound measure consisting of key social and psychological elements of a
successful team is achievable. Such an approach can take the focus away
fromminimising communication cost as anultimate goal andpotentially
normalising the TF formation across other parameters.

The second gap is the unrealistic view toward relationships between
experts by which the communication cost is driven. It became evident
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that all the studies in the field of TF consider relationships nothing more
than a connection or past experience. Given that the relationships are
multifaceted in real life, it is debatable whether such an assumption is
practical and reflective of real-life scenarios. Although some efforts has
been made to consider hidden aspects of TF in social networks using se-
mantic analysis tools, themain focus has been to expand the personal at-
tributes of experts rather than interpersonal relationships between them.

The third gap I identified is the definition of communication cost as
an independent and static parameter. Apart from the problems caused
by minimising communication cost, assuming relationships as mono-
faceted connections leads to a belief that the communication cost be-
tween experts is a static component of TF and independent from the task.
In reality though the scale of communicationhighly depends on the com-
mon grounds between people which dynamically changes according to
the circumstances. In other words, the ability to communicate with one
another highly depends on the knowledge and expertise of both ends of
communication. Hence, if the subject changes, the ability of the com-
munication must change accordingly. This is an important attribute of
communication which has not been realised nor addressed in any of the
reviewed studies.

The final gap I discovered in this literature review is the insufficient
and inaccurate parameters defined for measuring expertise. While a few
studies admit expert rank as an indispensable factor in the success of a
team, the approaches taken by the researchers in the area of TF in so-
cial networks toward employing this factor are questionable. These ap-
proaches mainly have a general and vague view of expertise discarding
the skill-set of the experts. Given that people possess different level of
expertise within their skill-set, it is questionable whether such a general
view is practical.

In the following chapter, I aim to address the gaps mentioned above
by proposing a novel approach called Chemistry-Oriented Team Forma-
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tion (ChemoTF). I first address the multinomial nature of relationships
by a novel definition of a relationship and elucidate its building blocks.
In addition, I redefine TF in the presence of some novel parameters in-
cluding Dynamic Communication Cost, Chemistry Level, Expertise Level,
Expert Cost. Having formally defined all the concepts, I present an ana-
lytical model and an algorithm for my approach.



“Computer Science is a science
of abstraction - creating the right
model for a problem and devis-
ing the appropriate mechanizable
techniques to solve it.”

Alfred Aho [4]

Chapter 3

Chemistry Oriented Team
Formation

The lack of an accurate and effective communication model in the defi-
nition of team formation leads to four main gaps including: the lack of a
realistic approach towards TF with respect to the well-defined measures
of the success of a team; the multifaceted relationship; the dynamic na-
ture of the communication cost; and fine-grained expertise level of the
experts in a given skill. Addressing these gaps requires a novel approach
and awell-designedmechanism in order to form cost-effective and com-
municative teams with highest level of expertise possible.

This chapter elaborates an approach called Chemistry Oriented Team
Formation (ChemoTF) to addresses team formation problem in social
network based on various novel concepts and parameters. First, these
concepts and parameters are formulated and TF problem is formally de-
clared accordingly. Then based on these definition, an analytical model
for ChemoTF is illustrated and its mechanism of how the TF problem is
tackled is thoroughly explained. Finally a formal algorithm for the pro-
posed approach is presented and the process is elaborated. To the best of
my knowledge, this is the first attempt to address team formation prob-
lem in social network using a chemistry-oriented approach.

31
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3.1 Team Formation Problem
The aim of TF is to find experts who are qualified to fulfil the task and can
communicate efficiently in a cost effectivemanner. Given that there is no
consensus among researchers about the quality of teams with respect to
ideal level of expertise, communication, and cost, TF has led to various
interpretations. In order to give a clear understanding of the problem,
I formally declare the principal TF elements and introduce parameters
to reflect team quality. Then I provide a formal definition of TF problem
accordingly. The elements includeMultidimensional Social Network and
its components. The parameters includeChemistry Level,DynamicCom-
munication Cost, Expertise Level, Expert Cost.

3.1.1 Key Definitions

In this section, I define the principal TF elements and parameters.

Definition 3.1.1. (Multidimensional Social Network)
Let X = {x1, x2, . . . , xm} be a pool of experts, each possessing a set of skills

xi ⊆ S. I define Multidimensional Social Network H = (X ,R, Z ) as an undi-
rected multidimensional weighted graph. It is an extended form of G =
(V ,E) (V represents auniverse of experts andE represents auniverse of expe-
riences between experts) which is filtered according to T using a SetCover

function such that X ⊆ V . Each vertex xi represents an expert who at least
possesses one skill sa such that sa ∈ T if SetCover (sa) is applied. Each edge
ri , j represents a relationship between a pair of experts which is a multino-
mial probability distribution of experiences between xi and x j . The weight
assigned to each edge represents dynamic Communication Cost between
the pairs which varies according to the dimensions in the universe of K di-
mensions Z = {z1, z2, . . . , zK }. I call each z in this universe an Area of Exper-
tise and define it as a probability distribution of n skills over relationships
throughout H such that zi = {Ps1 ,Ps2 , . . . ,Psn } and∑n

1 Psn = 1.
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Figure 3.1: An Example of a Multidimensional Social Network

Definition 3.1.2. (Task)
A task T ⊆ S is defined as a subset of skills required to perform a job.
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Multidimensional Social Network providesmultiple views over the re-
lationships thanks to the multinomial nature of relationships and areas
of expertise considered as the dimensions of this network. As observed
from Figure 3.1 each area of expertise represents a different outlook and
dispense a unique perspective among relationships throughout the net-
work. This suggests that the relationships in such network are multino-
mial and there are K relationships ri , j as well as K Communication Cost
value between xi and x j . This allows the connections between expert to
remain in tact whereas the Communication Cost changes depending on
the selected area of expertise z. In otherwords selected area of expertise z

determines the value ofCommunicationCost between expertswhich can
be high (marked by thick edges) or low (marked by thin edges). This is the
principal of Dynamic Communication Cost which is defined as follows:

Definition 3.1.3. (Dynamic Communication Cost)
I define dynamic Communication Cost (DComCom) between xi and x j

as the extent the pair share the same areas of expertise z within their rela-
tionships and calculate it as follows:

DComCost (xi , x j ) =
K∑

k=1
P (xi |zk )P (z|ri , j )

K∑
k=1

P (ri , j |z)P (z|x j ) (3.1)

Note that the Definition 3.1.3 assumes that each expert possesses a
single skill. There are two reasons for such an assumption, both lie on
the nature of the ChemoTF algorithm. The first reason is that this algo-
rithm works in rounds, each observe experts with a single skill. In order
to calculate DComCost for all the skills of the pairs, ChemoTF has been
designed to work in loops. The second reason for such an assumption
is that, in each round of ChemoTF, I compare Dynamic Communication
Cost of the pair with Chemistry Level of the skills used by the pair. Since
Chemistry Level accepts only two skills as input, Dynamic Communica-
tion Cost should be compatible for such a comparison. Definition 3.1.4
delineates the concept of Chemistry Level between a pair of skills.
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Definition 3.1.4. (Chemistry Level)
I define Chemistry Level (C hemLvl) between sa and sb based on the def-

inition of document similarity [121] as the extent the pair share the same
areas of expertise z within all the relationships throughout the network
given their skills and calculate it as follows:

C hemLvl (sa , sb) =
K∑

k=1
P (sa |z)P (z|sb) (3.2)

Comparing the Equation 3.1 to Equation 3.1, it is observed that the
skill domain in Dynamic Communication Cost is the universe of all skills
S, whereas this domain inChemistry Level hasbeendefinedas theTaskT .
The reason for such definition is that the inputs for DComCost() function
are experts with multiple skills. This means that the experts in this case
might have skills such that {xi , x j } 6⊂ T . However the inputs of Chemistry
Level are skills such that {sa , sb} ⊆ T . Furthermore, it is evident that Dy-
namic Communication Cost is an extended form of Chemistry Level for
a specific relationship ri , j . In other words, given a pair of required skills,
DynamicCommunicationCost reflects the communication cost involved
between apair of expert to fulfil the taskwhereasChemistry Levelmirrors
the expected level of communication required to perform it. This com-
parison is one of the criteria of an effective team in my definition of TF
which insures the selected experts can communicate in an expected nec-
essary level. Other criteria include Expert Cost and Expertise Level which
I define as follows.

Definition 3.1.5. (Expert Cost)
I define Expertise Cost (E xpCost) of an expert xi ∈V based on the defi-

nition of h − i ndex [68] as the sum of h experiences ei , j or e j ,i in which xi

has been part, on the condition that the experience has at least h impact
throughout the network:

E xpCost (xi ) =
h∨

i=1
xi ∧ i (3.3)
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Definition 3.1.6. (Expertise Level)
I defineExpertise Level (E xpLvl) of an expert xi ∈V in skill sa as the sum

of all experiences ei , j or e j ,i in which xi has been part of, on the condition
that the experience has been associated with the skill sa . Given the degree
of xi denote by di = deg (xi ), E xpLvl (xi |sa) is calculated as bellow:

E xpLvl (xi |sa) =
di∑

n=1
[sa ∈ xi ] (3.4)

Definitions 3.1.1- 3.1.6 encompass all the TF elements and concepts.
A summary of the notations used to define the concepts and the inter-
pretation of each notation have been demonstrated in Table 3.1. Having
defined and clarified all the TF element, I formally state the TeamForma-
tion Problem in next section.

3.1.2 Problem Statement

Given Definition 3.1.1- 3.1.5 stated in the previous section, I formally de-
fine Team Formation Problem as follows:

Definition 3.1.7. (Team Formation Problem)
Given a a Multidimensional Social Network H = (X ,R, Z ), a set of ex-

perts X each with a finite number of skills s ∈ S, and a Task T ⊆ S, find
X ′ ⊆ X such that:

(1) X ′∩T = T and |X ′| ≤ |T |
(2) sumDComCost (X ′) ≤ sumC hemLvl (T )

(3) sumE xpCost (X ′) ≤Cost (T )

(4) sumE xpLvl (X ′) = M ax

As observed from the Definition 3.1.7, TF problem is described as the
problem of finding a cost-efficient team with highest expertise that can
satisfy the required skills of a task and can communicate in an effective
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Table 3.1: Notation of TF elements

Notation Interpretation
S A set of specified skills
T A task containing required skills
V A set of experts in social network
E A set of experiences between a pair of experts
G(V ,E) A social network of experts
X A set of experts in H with required skills
R A set of relationships between a pair of experts
Z A set of areas of expertise
H(X ,R, Z ) Amultidimensional social network of experts
DComCost (xi , x j ) Dynamic Communication Cost of a pair of experts
C hemLvl (sa , sb) Chemistry Level of a pair of skills
E xpCost (xi ) Cost of an expert if hired
E xpLvl (xi |sa) Expertise Level of an expert in a specific skill

manner. The first rule in this definition determines that the selected ex-
perts must cover the required skills of a given task. In addition it imposes
that the number of selected experts in the team (cardinality of the team)
must not exceed the number of the skills of a given task (cardinality of the
task). The second rule stipulates that the cost of communicationbetween
experts in the selected teammustmeet the expected level of communica-
tion required to perform the task given its skills. The third rule guarantees
that the cost of the selected team is always lower than the expected cost of
the task. The final rule ensures that the selected team has the maximum
level of expertise.

TF problemhas been proven to beNP-hard [86]. Therefore there have
been numerous efforts to address this problemusing various techniques.
However as mentioned in the previous chapter, almost all of these stud-
ies aimed tominimised the communication cost of the team ignoring the
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other aspects of an effective team in TF problem as as formulated inDefi-
nition 3.1.7. To the best ofmy knowledge, this thesis is the first attempt to
achieve this goal using anovel approachcalledChemistry-OrientedTeam
Formation. The next section is dedicated to elaborating this approach.

3.2 Chemistry-Oriented Team Formation
In order to tackle TF problem, I introduce an approach called Chemistry-
Oriented Team Formation (ChemoTF). This approach is fundamentally
different than previous studies in the area of TF. Themost significant dif-
ference is that it is basedon thepositive chemistry betweenexperts rather
than the distance between them. Such an approach will take away the
emphasis from finding teams with minimum communication cost and
makes it possible to consider other aspects of the quality of a team. In
other words, focusing on finding teams with minimum communication
cost can in turn lead to the neglect of those experts who have higher lev-
els of expertise but have not been included in the search criteria due to
restrictions applied by Communication Cost function. This can result in
a lower overall expertise level. Given that the nature of some tasks re-
quire people with as much as expertise as possible, ChemoTF provides a
unique yet efficient measure called Chemistry Level formally introduced
in Definition 3.1.4 to include teams with necessary communication cost
and create a balance betweenDynamic Communication Cost and Exper-
tise Level.

The second important and unique feature of ChemoTF is its realistic
and accurate approach toward TF problem. This is achieved by defining
Communication Cost as a dynamic variable which changes according to
various dimensions of the multinomial relationship between experts as
formally declared inDefinition3.1.3. Thenatureof relationshipsbetween
people demands the scale of their communication to be more than just
a number but a variable across various facets of the their relationships.
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Thanks to areas of expertise serving as the dimensions of multidimen-
sional social network and themultinomial relationshipsbetweenexperts,
ChemoTF derives Dynamic Communication Cost of experts from their
relationships according to the skills they have used during their mutual
experiences.

The third distinctive attribute of ChemoTF is the ability of forming
teams with maximum level of expertise possible. This is accomplished
by the novel parameter called Expertise Level defined earlier in Defini-
tion 3.1.6. The notion of this parameters lies on the assumption that the
more expertise within the team leads to better overall level of productiv-
ity. Using Expertise Level, ChemoTF can find better teamswith respect of
expertise, the quality which is surprisingly neglected in previous studies.

Finally, ChemoTF has the ability to identify the costly teams and filter
them according to the expected cost of an expert given his or her skills.
This is achieved using a personnel cost metric called Expert Cost defined
earlier in Definition 3.1.5. Given that teamswith high Expertise Level can
be very costly, ChemoTF takes Expert Cost to insure the selected experts
are not unusually expensive. Comparing this value with an average cost
of a skill throughout the social network returns teamswith high expertise
yet with a reasonable personnel cost.

To this end, ChemoTF aims to tackle TF problem by answering the
following question:

How to address TF problem in a more realistic fashion to form teams
withmaximise expertise level of experts who can satisfy the requirement of
an effective communication within a desirable cost?

The rest of this chapter has been dedicated to elucidating the archi-
tecture and mechanism of ChemoTF. First an analytical model has been
illustrated and its architecture has been discussed. Then an algorithm for
ChemoTF is given and further explained.
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3.2.1 Analytical Model

I introduceChemoTFbyprovidingananalyticalmodel tooutline its struc-
ture. Figure 3.2 illustrates this model in a step-by-step process in which
expert are processed through a set of steps and themost desirable experts
to fulfil the given task are returned as an expert team. As demonstrated
in this figure, the assumption is that there is a social network consisting
of all the experts, a task which needs to be performed, and amultidimen-
sional social network drawn from social network using a SetCover () func-
tion such that each expert holds at least one skill from the task. These
three elements which are illustrated on the left side of the given figure
constitute the inputs of ChemoTF.

The schemebegins by choosing an expert randomly from themultidi-
mensional social network and adding the expert to the team. The reason
behind adding expert to the final team in the first step is that SetCover ()

function is applied during the generation ofmultidimensional social net-
work. This function filters the multidimensional social network accord-
ing to the skills in the task and guarantees that the chosen experts have at
least one required skill and all the consequent actions are valid. This step
is taken for each skill in the task.

The scheme continues in step 2 and 3 by drawing a sub-graph of all
those experts that are socially connected to the previously chosen experts
and choosing an adjacent expert randomly. Then in step 4, the pair of al-
ready added expert and their adjacent expert are taken to a four sets of
comparisons in step 5. These comparisons are the notion of ChemoTF
and assess the quality of team based on the four rules of TF defined in
Definition 3.1.7. Thefirst comparison in step 5.1 ensures that the selected
adjacent expert can cover at least one skill that the already added expert
cannot. This comparison guarantees fulfilment of the first rule of Team
Formation. The second comparison is performed in the step 5.2 where
the Dynamic Communication Cost and Chemistry Level are calculated
and compared. This comparison ensures that the Communication Cost
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Figure 3.2: ChemoTF step-by-step Analytical Model

of the pair fulfils the expectations of an effective communication. The
pair who cannot satisfy the criteria are ignored and another adjacent ex-
pert is chosen. This process is repeated until a desirable pair is found.

Step 5.3 promises the fulfilment of the third rule of TF which is to find
a cost-effective team. First, Expert Cost of the pair is calculated. Then
the sum of this cost is compared to the sum of the average cost of the ex-
perts who possess the specified skills throughout the social network. If
the sum of the Expert Cost is lower than the projected cost of skills, the
pair is taken to the next step, otherwise another adjacent expert is cho-
sen and the control jumps over step 3. Finally the comparison in step
5.4 mirrors the last requirement of TF which is to find a team with maxi-
mum Expertise Level. In order to achieve this, sum of the Expertise Level
of the pair is calculated and compared to last best team with respect of
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the maximum Expertise Level. If the selected pair has a higher Expertise
Level than the one in the stack, the best team is overwritten and replaced
by the selected pair. This process continues until all the adjacent experts
are processed and the team with the highest expertise is found.

Having met all the required rules, the selected pair is added to the fi-
nal team in step 6. This process continues until all experts and all the
required skills are covered (step 6.1 and 6.2). The final Expert Team is the
output of the ChemoTF. In the next section, I formally present and algo-
rithm for this model.

3.2.2 Algorithm

In this section I provide an algorithm for ChemoTF. The pseudo code of
this algorithm is presented in Algorithm 1. The numbering andmarkings
on the left side of this algorithm corresponds to the steps taken in the an-
alytical model of ChemoTF illustrated and explained in the previous sec-
tion. As observed from the algorithm, ChemoTF takes two inputs namely
apool of experts X anda taskT . The assumption is thatmultidimensional
social network H derived from social networkG is available. The outputs
of this algorithm is a team X ′ with maximum sum of Expertise Level and
a desirable cost (including Communication Cost and Expert Cost). The
algorithm starts with drawing amultidimensional social network H from
social network G such that the experts have at least one required skill s

defined in the task T . This is achieved using SetCover (T ). The outcome
of this function along with the outcome of Dr aw() function used later in
step 1 and step 4 are obtained from a pre-built hash table in order to im-
prove the efficiency of the algorithm. Then for each required skill sa the
following steps are performed:

At first thepool of experts X (sa) is populatedby the expertswhoposses
skill sa using the Dr aw(sa) function. Then the sum of Communication
Cost is initiated to zero. For each expert in the drawn pool X (sa), Exper-
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Algorithm 1: Chemistry-Oriented Team Formation
Input: G(V ,E), H(X ,R, Z ), A pool of expert X each with skills s ∈ S,

and a Task T

Output: An expert team X ′ with maximum sumE xpLvl and
desirable sumComCost and sumE xpCost

[Start] H ∼ SetCover (T )

foreach skill sa ∈ T do
(1) X (sa) ← H .Dr aw(sa)

sumComCost ← 0

foreach expert xi ∈ X (sa) do
sumE xpLvl ← E xpLvl (xi |sa)

sumE xpCost ← E xpCost (xi )

(2) X ′.Add(〈sa , xi 〉)
(3) foreach skill sb ∈ T \ {sa} do
(4) X (sb) ← H .Dr aw(sb)

(5.1) foreach expert x j ∈ xi .Nei g hbour s(X (sb)) do
maxE xpLvl ← 0

(5.2) if DComCost (xi , x j ) ≤C hemLvl (sa , sb) then
(5.3) if E xpCost (x j ) ≤ sb .Cost then
(5.4) if E xpl Lvl (x j |sb) > maxE xpLvl then

sel ectedE xper t ← x j

maxE xpLvl ← E xpLvl (x j |sb)

sumComCost ← sumComCost +DComCost (xi , x j )

sumE xpLvl ← sumE xpLvl +E xpl Lvl (x j |sb)

sumE xpCost ← sumE xpCost +E xpCost (x j )

(6) X ′.Add(〈sb , sel ectedE xper t〉)

[End] return X ′, sumComCost , sumE xpLvl , sumE xpCost
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tise Level of xi with respect to sa is calculated and added to the sum of
Expertise Level of the team. Expert Cost of xi is also calculated and added
to sum of Expert Cost of team. In addition, the selected expert xi coupled
with skill sa is added to the final team. This action corresponds to Step 2
of previously illustrated analytical model. Having sa and xi in hand, step
3 initiates a loop for each skill sb in the task which excluding sa . This ex-
clusion insures the search domain do not contain the skills which have
already been taken. For each skill sb in this loop, in step 4 a new pool of
experts pool X (sb) is drawn. In step 5.1, for each expert x j which is adja-
cent expert of x j the following steps are taken to meet TF requirements.

The Nei g hbour s(X (sb)) function in step 5.1 along with the exclusion
of the previously taken skill sa in step 3 satisfy the first rule of TF. The sec-
ond rule ismet in step 5.2when theDynamicCommunicationCost of the
experts xi and x j along with the Chemistry Level of sa and sb are calcu-
lated using Equation 3.1 and Equation 3.2 and compared. If the the cost
is satisfactory, the next third rule of TF is put in place in step 5.3. This
steps calculates Expert Cost of the adjacent expert x j using Equiation 3.3
and compares it to the average cost of the skill sb for which he or she is
chosen for. If this cost is also satisfactory, then the last rule of TF is ob-
served in step 5.4. In this step, it is guaranteed that the Expertise Level of
the final team is in its highest possible level. In order to accomplish this,
first Expertise Level of the adjacent expert xi with respect to the skill sb is
calculated using Equation 3.4 and is compared to Expertise Level of the
teampreviously kept as themost expert team. If the Expertise level of the
new team exceed the Expertise Level of the previous team, then value in
the stack is replace by x j and themaximumExpertise Level is overwritten
by the Expertise Level of x j with respect to sb.

After all the adjacent experts of xi areprocessedandanalysed, the sum
of Communication Cost, sum of Expertise Level, and sum of Expert Cost
are updated and the selected expert x j coupledwith skill sb is added to the
team. This process is repeated until all experts in the drawn pool of ex-
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perts X (sa) and all the skills sa in the skill are processed. The algorithm re-
turns the best teamwith respect of Communication Cost, Expertise Level
and Expertise.

The time complexity of ChemoTF depends on three factors. The first
factor is the number of required skills in the task or simply the cardinality
of the task |T |. The second factor is the complexity ofDComCost function.
Since DComCost considers the relationships between experts in various
dimension, it has to be calculated for each dimension. Thus the num-
ber of Areas of Expertise |Z | is the complexity of this function. The final
factor is the number of generated sub-graphs X (s) according to required
skill s. This sub-graph is utilised by Dr aw(s) and Nei g hbour s(X (sb)) in
ChemoTF. Creating such sub-graph during the exaction of algorithm can
be costly and employing B-Tree [15] indexing can reduce the time com-
plexity toO(log n). In order to achieve an evenmore efficient ratio, a hash
table has been used which is accessible prior to the execution of algo-
rithm. Having resided the hash table in thememory, the time complexity
of calculation of parameters becomes O(1) in each call. Using this tech-
nique, the worst time complexity of ChemoTF becomes O(|K |2 × |T |2 ×
|Xmax |2) where |Xmax | is the maximum number of generated sub-graph
of experts possessing a particular skill s.

There is an obvious resemblance between ChemoTF andMinSD [76].
Both algorithms create sub-graphs according to the required skills and
explore the neighbouring nodes in a similar fashion. This is the origin of
their similar time complexity. From this perspective, ChemoTF can be
considered an extension to MinSD which improves the quality of final
teamwith respect of the novel parameters it uses and improves the accu-
racy of the observations by introducing dimensions to the social network.
The difference, however, is the goals set by each algorithm. On one hand,
ChemoTF has a positive approach toward TF and aims to find cost ef-
fective teamswithmaximum capabilities and acceptable Dynamic Com-
munication Cost within the range controlled by Chemistry Level. This
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is made possible by leveraging connections tomultinomial relationships
andcreatingamultidimensional social networkaccordingly. On theother
hand, the goal of MinSD is find teams with minimum Communication
Cost regardless of the other attributes of a successful team.

To this end, I addressed Team Formation problem in social networks
usingChemistry-OrientedTeamFormation approach. To summarise this
chapter, I formally defined the elements of Team Formation and stated
the TF problem using these definitions in the first section. Then in the
second section, I introduced ChemoTF as my solution for TF problem
anddescribed it throughananalyticalmodel anda formal algorithm. The
next chapter describes the methods employed to design and collect the
dataset in order to experiment ChemoTF.



“Big data is not about trying to
teach a computer to think like hu-
mans. Instead, it’s about applying
math to huge quantities of data in
order to infer probabilities.”

Viktor Mayer-Schönberger [99]

Chapter 4

Corpus Design and Construction

In order to conduct an experiment on ChemoTF and evaluate the results,
a dataset consisting of experts and their social ties is required. Such a
dataset requires careful considerationwith respect to design so that it be-
comes effective, practical and reusable. For the purpose of this thesis, I
collectedextensive amountof bibliographicdata fromthepublications in
the field of computer science and compiled a new corpus called Compre-
hensive Scholarly Corpus (CompScholarCorp). This chapter elaborates
the steps taken to collect the data from different sources and studies the
design and construction of CompScholarCorp.

The first section provides a general background about various meth-
ods with respect to corpus design and construction. The second section
elaborates the motivation behind compiling a new corpus rather than
employing the existing corpora. In addition, it clarifies the objectives of
compiling the new corpus. The third section describes the data sources
where the necessary data was collected from. The fourth section delin-
eates the process of sampling and data collection using the mechanism
designed and implemented in order to automate data collection process.
The final section unfolds the decisions made during the corpus design,
presents thedesigned schema forCompScholarCorp, and illustrates sam-
ple records of this corpus.

47
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4.1 Background

A corpus is defined as a systematic and structured collection of naturally
occurring texts in electronic format and selected according to external
criteria to represent, as far as possible, a language or language variety as
a source of data [118]. Corpus is widely used in the field of linguistics but
it is also used in other fields. Today, theWorldWideWeb provides amine
of language data of unprecedented richness and with great ease of ac-
cess [81]. The technological advancement and availability of large com-
puterised forms of text have transformed the corpus design methodolo-
gies and data collection techniques. Fields such as Computational Lin-
guistics (CL) andNatural LanguageProcess (NLP)haveemergedandhave
drawn a lot of attention among researchers who are interested in using
corpora as testbeds [73]. This has brought the use of corpus methods to
almost every research area including computer science.

Constructing a corpus requires careful considerations with respect to
design. There is a large body of research in the area of corpus design
and the consensus is that a good design is the one that shows the cor-
pus is valid and serves to the objectives of the research. Having said that,
there is no unifiedmodel or convention to specify corpus design phases.
Authors in [117] provide a general overview of corpora design processes
and survey possible phases involved during the corpus construction pro-
cess. The main aim of all these phases is to make sure the corpus is both
valid and representative. Themost followed four steps in the corpus con-
struction process include describing motivations and objectives, identi-
fying the source of data, specifying sampling criteria and collecting data
accordingly, and designing corpus structure to present the collected data.

The first phase of compiling a corpus is to describe motivations and
research goals. The notion of this step is to elucidate what motivates the
researcher to compile a new corpus rather than using existing corpora. It
also involves understanding different types of corpora, and determining
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the corpus typology [80]. The second phase usually explicates the source
of data, provides an overview of the new corpus, and argues why the new
corpus is an authoritative object of study. For a corpus to be authorita-
tive, it needs to be a sample of a language. This takes us to the third phase
of corpus construction which is usually referred to as sampling and data
collection. Sampling is a process that includes defining explicit linguis-
tic criteria by which pieces of language are selected and ordered [118].
The criteria themselves are series of hypothesis and restrictions which
explain why certain types, number of words, or texts of language need to
be collected. This is an important step in constructing a corpus because it
determines the data collection strategy. In the case of collecting informa-
tion from the web, valid sources (seeds) of URLs are identified, possible
tool chains are studied, and suitable techniques are adopted to produce
an implementation plan for data collection [14]. The last phase is to de-
sign a corpus structure in comparable and reusablemanner. In this step a
decision ismade onhow the corpus should be formatted anddata should
be stored [110].

I have dedicated the rest of this chapter to describing how I designed
and constructed CompScholarCorp according to the above mentioned
four main steps.

4.2 Motivation and Objectives
The process of gathering required information in a systematic fashion
can be both time-consuming and challenging. It is recommended to use
existing corpus or a combination of multiple corpora [118]. In the case
of this research, the existing corpora in the literature do not mirror the
required information. An ideal corpus for my thesis must contain large
number of experts with their designated skill-sets and the extent of col-
laboration between experts. These are vital pieces of information from
which the expert network is constructed, the relationships are composed,
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themetrics are calculated, andfinally the results of theChemoTFare gen-
erated. To the best ofmy knowledge, nowork has ever compiled a corpus
in this scale with the above-mentioned characteristics.

Various dataset such as LinkedIn 1 , DBLP 2 or IMDB 3 have been em-
ployed to tackle TF but probably the most popular dataset throughout
the literature has been DBLP. It is a bibliography dataset that provides
information about publications in the field of computer science. A co-
authorship network where two authors are connected if they publish a
specified number of papers together has been constructed and used in
various scholarly work [51,76,78,90,97,124,129,130,137]. These research
consider authors with specific number of publications as experts and the
number of co-authored publication as theweight of the generated graph.

One challenge with using DBLP though is the lack of important infor-
mation such as keywords, abstracts and references of publications. Con-
sidering that keywords often reflect the subject of publications, they can
be employed to serve as the expertise (skills) of the authors (experts). In
addition, abstracts almost always provide a general overview of the sub-
ject. Adopting semantic analysis and topic mining techniques, one can
mine keywords into the abstracts and determine the topic (area of exper-
tise) of an author and his or her publications. Finally, number of refer-
ences to a publication determines the influence the publication has in a
particular research area. This influence then can be used to generate a
general rating value (expert cost) and measure the impact of the authors
in a particular research area (expertise level).

Having these pieces of information along with the results of analysis
in hand, I was able to constructed collaboration between experts (rela-
tionships). Then I computed the scale of each collaboration given each
experts skill (Communication Cost). Furthermore, I calculated the nec-

1www.linkedin.com
2www.informatik.uni-tier.de
3www.imdb.com/interfaces
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essary relationship strength between a set of experts (Chemistry Level) to
perform a task as a team. Having quantified the parameters successfully,
I implemented ChemoTF and conducted the experiment.

To this end the purpose of my corpus is to provide an understanding
of social ties between experts in a meaningful and measurable fashion.
Furthermore, my corpus gives a new impetus to multi-facet chemistry-
oriented relationships between experts by providing skill-set and area of
expertiseof eachexpert and the level of collaborationbetween them. This
opens a newdomain for further research on the area of team formation in
social networks. Given the information my corpus provides and the pur-
pose it serves for, according to Kennedy’s corpora classification in [80],
CompScholarCorp falls into specialised corpora category. A specialised
corpus contains text of a certain type and aims to be representative of a
certain language in order to answer very specific research questions. To
answer these questions, CompScholarCorp accommodates information
from three main sources that are fully elaborated in the next section.

4.3 Data Sources
Three different data-source have been used to construct CompScholar-
Corp. These include DBLP, Arnetminer citation network [122] and data
collected from the web using my own scraper. The next three subsidiary
sections describe these data-sources.

4.3.1 DBLP

I obtained a snapshot of DBLP on March 10, 2016 in XML format. This
version of DBLP includes 2,983,857 nodes representing publications in
thefieldof computer science alongwith 1,420,341nodes representing au-
thors. Each publication node contains meta-data consisting of the date
and a key referring to the author’s node. Publications nodes are tagged
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<article mdate="2013-11-04" key="journal/corr/NajaflouJXY013">

<author>Yashar Najaflou</author>

<author>Behrouz Jedari</author>

<author>Feng Xia</author>

<author>Laurance T.Yang</author>

<author>Mohammad S.Obaidat</author>

<title>Safety Challenges and Solutions in Mobile Social Networks</title>

<pages>834-854</pages>

<year>2013</year>

<volume>9</volume>

<journal>JSYST</journal>

<number>18</number>

<url>db/journals/acta/corr9.html#NajaflouJXY013</url>

<ee>http://doi.org/10.1109/JSYST.2013.2284696</ee>

</article>

Figure 4.1: A sample publication [102] as presented in DBLP dataset

by their types. The types of publication in this dataset include journal
papers, books and thesis, book sections or collections, and conference
proceedings. Apart from the types of the publications, DBLP provides in-
formation such as authors’ full name tagged as author, publication title
tagged as title, page, year, volume, publisher, name of the journal if ap-
plicable tagged as journal, link to DBLP online record tagged as url, and
link to publication’s page on publisher’s website tagged as ee. Figure 4.1
demonstrates a sample publication node in DBLP.

DBLPprovides a good sourceof data forpublications. However it lacks
some key pieces of information for the purpose of my thesis. Apart from
the unavailability of keywords and abstracts in DBLP dataset, one impor-
tant data field for my research is citation information. Although in some
rare cases references to a fewpublicationshavebeenprovidedand tagged
as crossref, this information is very limited andmissing formajority of the
publications. For this reason, I obtained citation information from an-
otherdataset calledArnetminer citationnetwork. Combining thisdataset
with DBLP produced muchmore desirable results.
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4.3.2 Arnetminer
Arnetminer 4 is a free bibliographic online service which integrates aca-
demic publication data into a social network in order to provide search
and mining capability for social network analysis. It also provides a cita-
tion dataset which consists of connections between researchers, confer-
ences, and publications extracted from DBLP and ACM.

I obtained the 8th versionof this dataset onAugust 10, 2016 inTXT for-
mat. This version contains 3,272,991 publications and 8,466,859 citations
dated up to July 17, 2016. Publications are presented within blocks using
special indicators. Each line starts with a specific prefix indicating an at-
tribute of the paper. These attributes include publication titlemarked by
#*, authors marked by #@, year marked by #t, venue marked by #c, index
id of the publicationmarked by #index, index id of references to the paper
(if any exists) marked by #% , and in some rare cases abstract marked by
#!.

Having the citation information in hand, I combined themwithDBLP
and generated a dataset. Since information regarding abstracts and key-
words were available in both of the datasets, I decided to extract publica-
tions links from ee nodes of DBLP and collected the rest of the required
data from the web.

4.3.3 Web Data
As discussed earlier in this chapter, one important objective ofmy corpus
was to include keywords and abstracts of publication. However, none of
the two previous datasets provide this information. In order to achieve
such an objective, I used ee child nodes of publications nodes in DBLP
to access publications online pages. Then I retrieved keywords and ab-
stracts by devising an automated scraper. The reason for employing a
scraping technique was that I could not obtain these information by for-

4www.Arnetminer.org
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malways. I first contactedVictoriaUniversity ofWellington library asking
if they could provide this information from their digital resources. How-
ever I was advised that the library did not keep any track record of exter-
nal publications as they were provided by the publishers. Then I looked
at the possibility of using publishers’ APIs through which keywords and
abstracts could be acquired. I first contacted the largest digital libraries
namely IEEEXplore 5, ACM 6, SpringerLink 7, and ScienceDirect 8. Unfor-
tunately they advised that they could not provide an API for this purpose.
I also contacted DBLP and was given an API which did not provide any
information regarding keywords and abstract.

With no reliable ready-made digital information at hand, my only op-
tion was to obtain required data from the publishers’ web-pages. For this
purpose, I extracted ee nodes from DBLP and used them as the starting
point for my data collection process. Depending on the type of publica-
tion and publisher, ee nodes either contain a direct URL or a URL which
redirects to publishers web-page. The web-pages are hosted by publish-
ers and usually contain key information about publications. As keywords
and abstract are usually considered key information for a publication, in
most cases they are publicly and freely accessible in these pages. More-
over, some publications have more that one ee node. This is mainly be-
cause the workmight have been published inmore than one online page
hence it has more than one link. On the other hand, in some other cases
no ee node has been provided inside the publication node hence these
publications could not be associated with any online links.

Having extractedURLs fromDBLP and observed the web pages, it be-
came evident that the pages do not reflect similar patterns or templates
to present information. This is because each publisher prefers a different
style of information presentation. For example, some publishers tend to

5www.ieeexplore.ieee.org
6www.dl.acm.org
7www.link.springer.com
8www.sciencedirect.com
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publish the papers in full text, whereas some others prefer publishing ab-
stracts only. Other examples are the difference in the page extension (i.e.
various extensions such as PDF, PS, XML, HTML, etc.), difference in the
markup (i.e. varioushtml tags), difference inpage templatesor layout (i.e.
frames and JQuery objects), and different places on the page to publish
information. This wide variety of information presentation could make
the data collection process extremely difficult and the collected data un-
desirable. A common practice among researchers to overcome this diffi-
culty is to ignore the unnecessary information, often called noise [38], by
studying the different forms of data presentation and producing various
sets of criteria by which the captured data can be purified. The next sec-
tion elaborates what criteria was specified for my corpus, what data col-
lection strategy was adopted, and how the intended data was captured.

4.4 Sampling and Data Collection
I started the process of collecting data by defining a set of criteria for
downsizing the information obtained from the web. All the information
collected for the corpus is publicly available on the publisher’s websites
with no sign-in required for access. In the beginning, I extracted theURLs
from DBLP and investigated the web pages. Having observed the web
paged carefully, it becameevident that inmost cases the informationpre-
sentation varies according to the publisher. In other words, each pub-
lisher uses a single template to present its publications. It was also found
that in some cases this presentation varies according to the type of pub-
lication as well (i.e. SpringerLink uses different templates for journal ar-
ticles, conference proceedings, and books).

In order to address this issue, I studied the URLs and found a con-
nection between the URL of each publication and its corresponding web
page on publisher’s website. This task was rather complex as it required
classifying all the URLs by common domains or hosts while URLs were
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not indicative enough of the domains they referred to. Redirect URLs of-
ten contain the word “DOI” in their name rather than the name of the
original domain. For an instance, the URL for the sample publication
demonstrated in Figure 4.1 redirects to a web page on IEEE domain 9

where the article [102] has been published. For this reason, I identified
theDOIs, specified thedomains theybelong to, anddetermined the types
of publication they refer to.

Being able to identify the sourceof eachURL, I classified theURLs into
345 style/template categories by which the desired information was pre-
sentedon thewebpages. Thiswas anextremely time-consumingbut very
vital task for constructing my corpus. Samples of URLs referring to iden-
tical web resources were carefully chosen and studied. Then they were
put into categories and were tested to ensure the produced results are
both desirable and reliable. This step was important because the cate-
gories determined the regulations of data collection. Without this cate-
gorisation, one would have to define a single rule to contain all types of
presentations which would be an extremely difficult task.

Once I defined the style templates, I was able to perform data collec-
tion. To achieve this, I adopted a technique often referred to as scraping
or crawling. The aim was to automatically parse the content of HTML
pages derived from URLs and extract abstracts and keywords according
to the category of each URL. An scraper is a virtual automated browser
which understands only certain tags it is built to capture using HTTP re-
quests [95]. Given the large number of these URLs in my case (6,452,042
ee nodes in total), it would be extremely hard to obtain the desired infor-
mation manually without the use of a scraper. One would need to open
the pages one by one, look for keywords and abstract on the page, and
copy and paste the content individually.

The motivation behind scraping was mainly due to the unavailabil-
ity of the required data through publishers’ APIs. In addition, the various

9http://ieeexplore.ieee.org/document/6642041/
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patterns, templates and technologies employed by publishers to present
the data made it almost impossible to use generic software for collecting
the data. Scraping large amounts of data requires a careful consideration
with respect to design. The more the number of web requests gets, the
more resources are required and themore difficultmanaging the process
becomes. As explained earlier in Section 4.3.3 of this chapter, it is quite
common for a publication to have more than one web address. This is
because a single paper can be published by various publishers. This cer-
tainly challenges the scalability of the architecture as it can affect the pro-
cess speed, time management, resource management, and information
extraction in general. To tackle this issue, I designed and implemented
an engine to process the web requests in a timely, manageable, and re-
coverable fashion.

Scraping large amounts of data also brings the challenge of dealing
with large number of hosts. Each host has its own particular limitations
for HTTP requests. Some allow a particular amount of time between the
requests whereas some require cookies in order to provide service. In ad-
dition, some hosts require a certificate agreement and some others use
tools such as JavaScript, JQuery or Frames. As shown in Figure 4.2, illus-
trating themark-up used to present the previously given sample article in
Figure 4.1, data regarding the abstract and keywords are often wrapped
inside a JavaScript which makes the retrieval of the information com-
plex. Moreover, information is stored and marked up differently in each
individual website. In order to overcome this challenge, I equipped my
scraper with a set of accessories and devised a mechanism by which the
scraping process adjusts according to the specifications of each of the
URL categories.

The scraper I designed and implemented takes advantage of the ar-
chitecture illustrated in Figure 4.3. As observed from this figure, theURLs
of all publications are first obtained from DBLP. These URLs are put into
a special structure which contains information such as the identifier of
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Figure 4.2: A snapshot of a sample publication [102] presented by IEEE in
HTMLmark-up, highlighting keywords and abstract information.

the publication and authors so they can be used later while creating cor-
pus. For simplicity, from now on, I refer to this structure as URL through-
out the thesis. They are then sent to Determine Category function which
classifies each URL according to the criteria I developed earlier. Then it
produces threads for each category and sends them toDownload Engine
function. Each thread carries a list of URLs of a particular category and
is processed independently. The main responsibility of the engine is to
createHTTP GET requests for every URL and to ensure each URL is pro-
cessed successfully and ends in a desirable result.
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Figure 4.3: The architecture of my scraper for collecting required data

A successful process in the engine has the characteristics of being re-
liable, timely, independent, documentable, and recoverable. This is the
main intuition behind accessories. Cookie Enabler enables retrieving in-
formation fromthehosts that require cookies. CertificateHandler catches
the invalid certificate exceptions thrown by some websites and handles
them by ignoring SSL Trust request. Timer makes sure there is enough
waiting time between each process. This enables the engine to produce
web requests in appropriate time sequences which prevents the scraper
from overloading a website by multiple requests. The generated waiting
time is randomtoavoid consequentblocking, service suspension, and/or
interruptions by hosts. Logger records every event and its corresponding
responses. Validator checks to see whether the files downloaded files are
valid and contain desirable information. Furthermore, if a publication
hasmore thanoneURL, it checks themall andputs together the best pos-
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sible result. Finally the Labeller, names the downloaded files so that they
can be accessed fromData Repository, if required, and can be associated
with their related records in the corpus.

After the validation and labelling process are completed in the engine,
thedownloadedHTMLfiles aredelivered toContent Extractor function in
their specified threads and defined category. This function plays the role
of a spider in a traditional scraping system which is to look for particu-
lar information inside the HTMLmark-up. The function contains all the
category-oriented rules andconditions to extract keywordsandabstracts.
As each thread carries only a specific category of downloaded data, this
function canapply the suitable rules according to the specified categories
of each downloaded file.

The downloaded files are then archived inData Repository for further
use if necessary. Their names which have been produced and labelled by
Labeller in the engine, distinguishes their corresponding URL in DBLP
and the publication node in the CompScholarCorp. Finally the process
ends by handing over the extracted information to a simple XML writer
which records the information in the corpus in the specified format de-
signed and implemented in Section 4.5 of this chapter.

Although my scraper captured abstracts and keywords from a large
number of publications, someweb pages could not get parsed. These ex-
ceptionsmainly include those publications that their correspondingweb
page was in non-HTML format or did not follow any consistentmark-up.
To obtain any information from these pages requires a manual informa-
tion retrieval process. Given the relatively large number of these type of
publications, it was decided to remove them from the corpus. Another
sets of example include publications for which no such information was
available on the web pages or the pages did not exist at all.

Having extracted abstracts and keywords from the web pages, I inte-
grated the obtained data with data gained from DBLP and Arnetminer
datasets into one single corpus. I first identified the required information
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in the two datasets. Given that abstract and keywords for certain publi-
cations were not available or could not be retrieved, I only kept the pub-
lications with valid abstract and keywords. In addition, instead of pub-
lication references, citations to publication are derived from Arnetminer
dataset and placed into each publication node so that no further process
are required to extract citations. Since both DBLP and Arnetminer use
DBLP-key to identify their records, future research can benefit from lat-
est updates released by these source andmatch them using this key.

The information each publication reflects in my corpus includes type
of the publication, publication date, authors’ full name,DBLP-key for au-
thors, title of the publication, publication venue, urls to publication web
pages, citations to the publications, and finally abstracts and keywords.
The comprehensive information this corpus provides makes it an asset
for future research. In order to facilitate the data retrieval process from
this corpus, I designed a structure and formatted the data presentation
using XML markup. The next section describes the decisions made dur-
ing the process and elaborates the design.

4.5 Structure Design
One of the challenges of constructing a corpus is designing the structure.
This is because the structure of a corpus should be ideally designed in
a reliable, flexible, reusable, extensible, and portable fashion. In order
to achieve such a design, I adopted the popular eXtensible Markup Lan-
guage (XML) structure and defined new identifiers to presented the cor-
pus information while keeping the corpus compatible with DBLP.

XML is amarkup languagewhich describes data in a customisable tag
based format. The flexibility involved in the design of XML documents
hasmade it a standard for transmitting data on the web. [19]. I used XML
for the structure design because it guarantees the reliability, extensibility
and portability of the corpus. It is platform-independent and is widely
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used across database engines. In addition, feeding and retrieving infor-
mation to and from XML is rapid thanks to themodifiable and extensible
mark-up system it provides.

In order to ensure that CompScholarCorp is reusable and compatible
with prior research, I have kept DBLP-key information. Furthermore, to
ease information retrieval process, I introducednew identifierswhich are
unique to CompScholarCorp. For example the author are divided into
multiple nodes, each referring to one single author node with a desig-
nated key. Another example is the publication type which has a desig-
nated node in my corpus. Figure 4.4 exhibits the XML schema designed
for CompScholarCorp. In order to provide a better understanding of the
structure of CompScholarCorp and the information it reflects, Figure 4.5
presents a sample publication node from this corpus. This is the same ar-
ticle presented in DBLP illustrated in Figure 4.1 and its markup on IEEE
website was depicted in Figure 4.2. As observed from comparing these
three records, my structure for the corpus provides a cleaner more con-
sistent structure as a source for information retrieval and for analytical
purposes. Furthermore, since both DBLP and Arnetminer use DBLP-key
to identify their records, future research can benefit from latest updates
released by these source andmatch them using this key.

To this end, this chapter discussed how required data from the pub-
lications in computer science was collected and how an expertise cor-
pus called CompScholarCorp was designed and compiled. The process
of data collection, sampling, design and construction of this corpus was
thoroughly explained and examples of the records in this corpus were
outlined. In order to provide a broader understanding of the information
this corpus contains, the following chapter visualises CompScholarCorp
in a series of illustrations, graphs and statistical tables. The visualisation
is done from the perspective of different entities of this corpus in order to
map them with ChemoTF concepts introduced earlier in Chapter 3.
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<?xml version="1.0" encoding="UTF-8" ?>

<xs:schema xmlns:xs="http://www.w3.org/2001/XMLSchema">

<xs:element name="publication">

<xs:complexType>

<xs:sequence>

<xs:element name="title" type="xs:string" maxOccurs="1"/>

<xs:element name="type" type="xs:string" maxOccurs="1"/>

<xs:element name="date" type="xs:string" maxOccurs="1"/>

<xs:element name="venue" type="xs:string" maxOccurs="1"/>

<xs:element name="authors" maxOccurs="1"/>

<xs:complexType>

<xs:sequence>

<xs:element name="author" minOccurs="1">

<xs:complexType>

<xs:attribute name="key" type="xs:IDREF"/>

</xs:complexType>

</xs:element>

</xs:sequence>

</xs:complexType>

</xs:element>

<xs:element name="abstract" type="xs:string" maxOccurs="1"/>

<xs:element name="keywords" maxOccurs="1"/>

<xs:complexType>

<xs:sequence>

<xs:element name="keyword" minOccurs="1">

<xs:complexType>

<xs:attribute name="key" type="xs:IDREF"/>

</xs:complexType>

</xs:element>

</xs:sequence>

</xs:complexType>

</xs:element>

<xs:element name="citations" maxOccurs="1"/>

<xs:complexType>

<xs:sequence>

<xs:element name="citation">

<xs:complexType>

<xs:attribute name="key" type="xs:IDREF"/>

</xs:complexType>

</xs:element>

</xs:sequence>

</xs:complexType>

</xs:element>

</xs:sequence>

<xs:attribute name="key" maxOccurs="1"/>

</xs:complexType>

</xs:element>

</xs:schema>

Figure 4.4: CompScholarCorp XML schema
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<publication key="journal/corr/NajaflouJXY013">

<title>Safety Challenges and Solutions in Mobile Social Networks</title>

<type>Journal</type>

<date>2013-11-04</date>

<venue>IEEE_JSYST</venue>

<link>http://doi.org/10.1109/JSYST.2013.2284696</link>

<authors>

<author key="54134">Yashar Najaflou</author>

<author key="52198">Behrouz Jedari</author>

<author key="1021">Feng Xia</author>

<author key="8134">Laurance T.Yang</author>

<author key="110">Mohammad S. Obaidat</author>

</authors>

<abstract>Mobile social networks (MSNs) are specific types of social media

which consolidate the ability of omnipresent connection for mobile

users/devices to share user-centric data objects among interested users.

Taking advantage of the characteristics of both social networks and

opportunistic networks (OppNets), MSNs are capable of providing an

efficient and effective mobile environment for users to access, share,

and distribute data. However, the lack of a protective infrastructure in

these networks has turned them to convenient targets for various perils.

This is the main impulse why MSNs carry disparate and intricate safety

concerns and embrace divergent safety challenging problems. In this

paper, we aim to provide a clear categorization on safety challenges and

a deep exploration over some recent solutions in MSNs. This work narrows

the safety challenges and solution techniques down from OppNets and

delay-tolerant networks to MSNs with the hope of covering the work

proposed around security, privacy, and trust in MSNs.

</abstract>

<keywords>

<keyword key="1021">Mobile</keyword>

<keyword key="5741">Social Network</keyword>

<keyword key="89941">MSN</keyword>

<keyword key="97974">Security</keyword>

<keyword key="621">Privacy</keyword>

<keyword key="2281">Trust</keyword>

</keywords>

</citations>

<citation key="journals/tnsm/ZhangCW16"/>

<citation key="journals/cn/MousaMHYHB15"/>

<citation key="journals/cas/RezvanianM15"/>

<citation key="journals/scn/ZhangWLLC16"/>

<citation key="journals/access/AbbasRO16"/>

<citation key="journals/access/WuYYZQHH16"/>

<citation key="conf/asunam/FanFLY14"/>

<citation key="conf/ccgrid/AbbasRWEO16"/>

</citations>

</publication>

Figure 4.5: An example of a publication in CompScholarCorp



“We must design the message in a
way that leads readers on a jour-
ney of discovery, making sure that
what’s important is clearly seen
and understood. Numbers have an
important story to tell. They relyon
you to give them a clear and con-
vincing voice.”

Stephen Few quoted in [1]Chapter 5

Data Visualisation

The corpus compiled in the previous chapter contains a large amount of
data with unique characteristics. The information this rich corpus pro-
videsmakes it a valuable asset for research in various fields including the
field of computer science and in the area of TF. In order to explore the po-
tential of this corpus, this chapter visualises it in a series of illustrations,
graphs and statistical tables. The aim of this visualisation is to ease the
understanding of the concepts introduced in this thesis and to identify
the possibilities that CompScholarCorp can be further used for.

The first section provides an overview of CompScholarCorp and its
various entities. The characteristics of each entity is outlined and briefly
discussed. In addition, some general statistics are presented. The second
section visualises the corpus from the perspective of skills and presents
this in the formof tables, figures andnetwork. The third section visualises
the corpus from the perspective of authors and describes it according
to their characteristics. Furthermore statistics regarding the top authors
basedon thenumberof publication andcitations are given. Thefinal sec-
tion visualises the networks derived fromCompScholarCorp. The collab-
oration network is explored, then the citation network is scrutinised and
relative visualisations are illustrated.

65
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5.1 CompScholarCorp Overview

CompScholarCorp encompasses a big body of publications in the field
of computer science. It contains 1,044,454 publications including 21,108

bookchapters (books, bookchapters, thesis andcollections), 570,101 con-
ferences (conference proceedings and workshop papers), 48,209 editor-
ships (editorship and informal publications), and 405,036 journal papers.
These publications relate to the period 1974-2016 (March 10 2016). Fig-
ure5.1demonstrates thenumberofpublications included inCompSchol-
arCorp in each year with the publication type.

As observed from Figure 5.1, conference papers have the highest oc-
currence rate followed by journal articles, book chapters and editorships
respectively in this corpus. The reason for this is that the number of con-
ferences held in computer science are generally very high thus confer-
ences proceedings outnumber other types of publications. Moreover, the
number of publications has increased over time and more recent years
exhibitmore publications when comparedwith previous years. One pos-
sible reason for this is the popularity that the field of computer science
has been gaining over the years among researchers. The advent of new
technology and its influence on interdisciplinary fields are themain drive
for this popularity. The linear rise of the the number of publications over
the years suggest that this rise will continue to appear in the future.

In addition to the date and type, publications in CompScholarCorp
contain other useful information such as author(s), title, venue, DBLP-
key, URL to publication web pages, citations, and finally abstracts and
keywords. To give an overview of my corpus, Table 5.1 summarises the
number of key entities including keywords, authors, publications, and
citations and provide statistical measures including highest, lowest, av-
erage and median values. There are 472,365 unique authors where each
are in collaboration with at least one other author. In addition, there are
24,500 unique keywords which represent publications as well as the au-
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Figure 5.1: Number of Publications per year/type in CompScholarCorp

thors. The overall number of citations in CompScholarCorp is 3,466,859.
It is important to emphasise that no corpus is complete. It is because a

corpus is a representative samples which provides an opportunity to test
and challenge ideas and intuitions about the information it represents,
as apposed to digital libraries, datasets, and online indexing services that
focus on storing and serving up-to-date all-inclusive data. The main ob-
jective of CompScholarCorp is to provide data for studying the charac-
teristics of computer science research communities such as, trends, be-
haviour, scale of collaboration, scale of influence, and underlying rela-
tionships. Albeit being comprehensive, it mirrors a snapshot of research
communities and has been compiled to serve as a testbed for ChemoTF
experiment. The is the main reason why the number of publications,
authors and citations in CompScholarCorp is lower compared to well-
knowndigital bibliographical services such as,Google Scholar1, Aminer2,

1www.scholar.google.com
2www.aminer.org
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Table 5.1: Overview of CompScholarCorp with respect to various entities

Value Keyword Author Publication Citation

Per Pub. Auth. Pub. Keyw. Cit. Auth. Pub. Auth.

Highest 15 89 16 48,203 181 1,290 21,008 26,221
Lowest 2 2 2 31 0 1 0 0
Average 6.13 20.46 5.13 1,922.1 19.20 14.23 13.18 16.94
Median 5 11 4 1,081 12 8 7 8

Total 24,500 472,365 1,044,454 3,466,859

and SemanticScholar3. In addition, some publication types have been
excluded from CompScholarCorp which reduces the overall number of
publications as well as citations and authors. These publication types in-
clude technical reports, book reviews, dictionaries, encyclopedias, news-
paper andmagazine articles, textbooks and posters.

In order to provide a more detailed look over the corpus, the rest of
this chapter has been dedicated to inspecting CompScholarCorp from
the perspective of the key entities demonstrated in Table 5.1. First the
keywords of the publications are explored and related data is visualised.
Then the authors are investigated and some statistics are provided. Fi-
nally the networks drawn from the corpus including collaboration and
citation networks are visualised and discussed.

5.2 Keywords: Skills

Keywords are the unique entities of CompScholarCorpwhich distinguish
this corpus from corpora with similar purposes. As discussed earlier, the
keywords of each publication are gathered from the keywords appearing

3www.semanticscholar.org
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in the scientific article. The assumption is that these keywords represent
the key concepts of a research or the methods used in a study. From this
perspective, keywords can be considered skills required to produce the
corresponding work.

As demonstrated earlier in Table 5.1, 24,500 unique keywords have
been identified in CompScholarCorp. The highest number of keywords
appearing in a publication is 15 whereas the lowest number of keywords
in apublication is 2. Moreover, the average andmedian value of keywords
throughout the corpus are 6.13 and 5 respectively. These values for key-
words per authors are 89 as the highest, 2 as the lowest, 20.46 as the av-
erage, and 11 as the median value. Figure 5.2 illustrates keywords in this
corpus as a text cloud. The larger the size of the font is, the more fre-
quently the keyword has appeared in the corpus.

Keywords can be utilised for a variety of purposes. One application
which has been introduced in this thesis is skill cost. Considering key-
words as skills and authors as experts, the cost of a skill is calculated as
the average cost of experts who possess the skill. As described in Chap-
ter 3, ChemoTF uses skill cost as a budget constraint to select financially
affordable experts. Table 5.2demonstrates top20keywordswith thehigh-
est number of frequency and their cost.

Another purpose keywords can be utilised for is to determine the re-
lationships between skills and analyse the corpus accordingly. The in-
tuition behind such analysis is that there are research areas for which
some keywords commonly appear together. Identifying these areas and
the common keywords for each area provides an understanding of nec-
essary skills and the scale of their influence in each area of expertise.

Figure 5.3 visualises the collaboration network derived from Comp-
ScholarCorp and highlights themost frequently used keywords using the
Fruchterman-Reingold method [56]. In this network, vertices represent
authors possessing keywords and edges represent the collaboration be-
tween them. Thismethod isbasedonaForce-Directed algorithm inwhich
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Table 5.2: Top 20 Most Frequently Used Keywords in CompScholarCorp

# Keyword Freq. Cost # Keyword Freq. Cost

1 InformationRetrieval 67,660 2.81 11 Learning 11,613 4.03

2 SearchEngine 33,327 3.26 12 MachineLearning 9,100 3.99

3 WWW 31,112 3.29 13 Probability 8,331 3.98

4 SocialNetwork 25,439 3.38 14 Ranking 7,977 4.09

5 Database 21,893 3.41 15 TextCorpus 7,829 3.18

6 Statistics 15,334 3.54 16 Prediction 7,829 4.96

7 Computing 14,152 3.71 17 Ontology 7,445 3.24

8 ClusterAnalysis 13,148 3.70 18 Recommender 7,416 4.98

9 Semantics 12,468 3.82 19 LanguageModels 6,766 4.84

10 Software 12,291 3.97 20 Algorithm 6,706 5.10

Figure 5.2: A text cloud highlighting keywords in CompScholarCorp. The
larger the font size is, the higher the frequently of keyword is.
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Figure 5.3: Visualisation of CompScholarCorp collaboration network us-
ing Fruchterman-Reingold method [56] highlighting top 10 keywords

the vertex layout is determinedby the forces pulling vertices together and
pushing them apart. Attractive forces occur between adjacent vertices
only, whereas repulsive forces occur between every pair of vertices. Each
iteration computes the sum of the forces on each vertex, then moves the
vertices to their new positions.

Figure 5.3 shows there are close bonds between somehighlighted key-
words. For example the bonds between SearchEngine (red) and WWW
(yellow), Computing (light pink) and Statistics (orange), andWWW (yel-
low) and InformationRetrieval (light blue) are noticeable. 78.2% of the pa-
pers that have used SearchEngine as their keyword, have also usedWWW.
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The rate for paperswithComputing and Statistics is 53.5%, and for papers
withWWW and InformationRetrieval is 38.6%. This suggests a chemistry
between various keywords which might lie in the nature of the concepts
these keywords create together. For an instance, the concept of Online
Search Engines demands knowledge of both SearchEngine and WWW.
Furthermore, I found that this chemistry is asymmetric – meaning that
the reverse ratio does not necessarily apply if the propositions are re-
versed. For example, only 11.4% of the papers with WWW keyword ac-
commodate SearchEngine, as opposed to the ratio 78.2% discussed ear-
lier for these keywords – of course this because there are other bondswith
other less frequently used keywords that have not been highlighted inmy
visualisation.

Another noticeable point is the heterogeneous nature of some key-
words that are distributed across the network and are coupled with other
keywords. Some good examples of these keywords are InformationRe-
trieval (light blue) and Software (dark pink) which both have bonds with
multiple keywords. This suggests that they are necessary part of multiple
areas of expertise and can be associated with various fields. I found that
5.3% of all the keywords have bonds with InformationRetrieval. This ratio
is 2.1% for Software.

Having visualised the corpus from the perspective of keywords, the
following section visualises it from the perspective of authors.

5.3 Authors: Experts
Authors are important entities of CompScholarCorp. They possess differ-
ent skill-sets and together they construct the richmulti-skilled society. TF
algorithms which use bibliographical information as their dataset con-
sider authors as experts and the society of authors as a pool of experts
where the best team is selected from based on criteria. In this respect,
ChemoTF also consider authors as experts.
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CompScholarCorp encompasses all the authors in the field of Com-
puter Science regardless of their number of publications or level of exper-
tise. However as the aim of ChemoTF is to form teams with the highest
level of expertise possible, I acknowledge top 10 authors with the highest
number of publications in CompScholarCorp in Table 5.3. The table also
reveals the highest Expertise Level of each author given his or her most
frequently used keyword aswell as some largely used keywords. As stated
in Chapter 3, the Expertise Level is calculated as the sum of experiences
associatedwith a particular skill. In the context of CompScholarCorp, Ex-
pertise Level of an author in a keyword refers to the sum of the number
of the publications of the author where the particular keyword appears.

In addition to the number of publications, authors are also associated
with the number of citations to their publications. The number of cita-
tions to a publication reveals how much the publication has been en-
dorsed in the scientific community. In this thesis, citations are used to
calculate the Expert Cost of authors which is computed based on the h-
index [68] of authors. The logic behind using h-index as Expert Cost is
that thismetric considers both the number of publications and the num-
ber of citations. Table 5.4 demonstrates top 10 authors with the highest
number of citations in CompScholarCorp along with their Expert Cost.

It is crucial to understand that neither the number of publications nor
the number of citations are indications for the quality of authors. It is
highly debatablewhether numerical ranking of authors leads to fair com-
parisons. The reason for such dispute lies in fourmain reasons including
theunclear representationof authors, various behaviour patterns of pub-
lications in different research areas, the subjective nature of such com-
parison, and inability to cover all the publications of all authors.

The first reason for discouraging quantitative comparison between
authors is that numerical reasoning fails to provide a complete image of
the quality of a publication or an author. There are prolific authors with
extraordinarily high impact on research communities but with relatively
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Table 5.3: Top 10 authors with the highest number of publications in
CompScholarCorp with their highest Expertise Level and keywords

Rank Author # Pub. Highest
ExpLvl

Top
Keyword Other Keywords

1 H. V. Poor 1,290 371 | Information Theory Signal Processing,
Decoding, Game Theory

2 P. S. Yu 910 491 | Data Mining Database, Indexing,
Social Network, Internet

3 W. Gao 891 210 | Video Coding Face Recognition, Decoding,
Feature Extraction, Encoding

4 Yang Liu 885 387 | Artificial Intelligence Algorithms, Neural Networks,
Image Processing, Learning

5 M. Alouini 870 475 | Signal Processing Fading, Bit Error Rate,
Fading Channel, Cognitive Radio

6 Y. Zhang 852 292 | Nanoparticles Second Order, Nonlinear Optics,
Imaging, Image Processing

7 J. Li 833 301 | Wireless Networks Sensor Networks, Optimization,
Distributed Systems

8 L. Hanzo 829 265 | Bit Error Rate Decoding, Signal Processing,
Fading, Channel Coding

9 L. Zhang 796 251 | Numerical Simulation Human Error, Apoptosis,
Combustion, Analysis

10 J. Wang 788 355 | Neural Network Genetic, Algorithms,
Networks, Genomics
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Table 5.4: Top 10 authors with the highest number of citations in Comp-
ScholarCorp with Expert Cost and most frequent keywords

Rank Author # Cit. Expert
Cost Keywords

1 W. H. Press 26,221 3 Numerical Recipes, Computing, Monte Carlo

2 L. A. Zadeh 21,461 9 Fuzzy Logic, NLP, Soft Computing, Fuzzy Set

3 V. Vapnik 20,354 6 Machine Learning, Pattern Recognition, Vector

4 H. A. Simon 19,291 10 AI, Computer Simulation, Cognitive Processes

5 D. E. Goldberg 15,683 7 Genetic, Evolutionary Computation, Bayesian

6 G. Hinton 14,608 11 Neural Networks, Speech Recognition, Boltzmann

7 J. Han 12,710 13 Data Mining, Information Retrieval, Databases

8 R. Rivest 12,321 7 Cryptography, Public Key, Complexity

9 T. J. Sejnowski 12,105 12 Component Analysis, Oscillations, Simulation

10 A. Zisserman 11,889 11 Computer Vision, Pattern Recognition, Imagaging

small number of publications. A good example is the renowned scien-
tist E. F. Codd, the inventor of the relational data models in [34], who has
only 71 publications on CompScholarCorp but is acknowledged as an in-
spirational figure in field of Computer Science particularly in the area of
Database. This leads to a belief that numerical ranking is not an appro-
priate method to draw conclusions.

The second reason to dismiss drawing judgements based on the num-
ber of publications or citations is that various sub-disciplines demon-
strate a very different publication behaviour. For example authors in fun-
damental areas of Computer Science such as Information Theory orData
Analysis tend to have more publications thus higher number of citations
compared to researchers in specific areas such as Heuristic Algorithms.
The reason for a research area to be fundamentalmight be driven from its
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historical background, practicality or popularity among the researchers.
These are only few of the factors which needs to be considered during the
comparison.

The third reason to support the discussion above is that comparing
the quality of publications can be very subjective. Although CompSchol-
arCorpencompasses comprehensivedata regarding the typesandvenues
of the publications, it is debatablewhether this data can be used to assess
the quality of a study. On one hand, there are inspirational conference
papers which have been overwhelmingly embraced by scholars. On the
other hand, there are journal articles which have not been acknowledged
much. Even the reputability of venues is disputable.

The last reason to repudiate the idea of comparing authors based on
numerical ranking is that CompScholarCorp includes only publications
related to the field of computer science based on DBLP and Arnetminer
dataset. Given that the coverage of various research areas in these two
datasets is still quite inhomogeneous, somepublicationsmighthavebeen
unintentionally discarded. Thismay effect the variation of the total num-
ber publications for authors.

To this end, it is difficult to draw an objective conclusion and a fair
comparison based on the number of the publications or Expertise level
of the authors. Having visualised the corpus from keywords and authors
perspective, the rest of this chapter describes the networks derived from
CompScholarCorp and elucidates their characteristics.

5.4 Network of Experts
Data offered by CompScholarCorp in an organised fashionmakes it pos-
sible to use this corpus for different types of analysis. One interesting type
is to derive networks from this corpus and analyse them accordingly. For
the purpose of this thesis, I constructed two networks including Collabo-
ration Network and Citation Network. Collaboration Network was drawn
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by connecting the authors based on their collaborations. This is the so-
cial network for which ChemoTF was implemented. The analysis run on
this network leads to the calculation of the majority of ChemoTF param-
eters. Citation Network was constructed by connecting authors based on
citations to their publications in Arnetminer dataset and the publication
records inCompScholarCorp. Thisnetwork isused to calculate theExpert
Cost. The rest of this chapter visualises these two networks and provides
a big picture of their attributes.

5.4.1 Collaboration Network

Collaboration network is a network of authors connected through their
mutual publications. It is an undirected, unweighted looped multigraph
and in my case it has 472,365 vertices and 1,044,454 edges in total. It is
undirected because the collaboration relationship is symmetric. It is a
loopedmultigraphas vertices represent authors rather thanpublications.

The first method I employ to visualise the collaboration network is
Barabási-Albert model [13]. It is an iteration of Power Law Degree Dis-
tribution in which the distribution of edges to vertices (degree) are plot-
ted on a log-log scale on which power law render as straight lines. This
method assumes that the network is scale-free and the degree distribu-
tion over the vertices asymptotically follows a power law. The left graph
in Figure 5.5 depicts this visualisation where y axis is the number of the
vertices and x axis is devoted to degree function. The graph suggests that
the degree distribution is a power law with exponent γ = 3.12 beginning
at the minimum degree of dmi n = 51. The actual minimum degree of this
network is 1, whereas the maximum degree is 1,290 and the median de-
gree is 14.23. It is observable that as the degree increases for a vertex,
the number of vertices possessing such degree become scarce. This be-
haviour suggests a negative correlation between degree and frequency of
the vertices which I calculated at the rate −87%. Moreover, the graph gets
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Fig. 5. CompScholarCorp Collaboration Network Visualisation. From left to right: Power Law Degree Distribution, Cumulative Degree
Distribution, and Local Clustering Coefficient

10, 2016 in TXT format which contains 3,272,991 pub-
lications and 8,466,859 citation information dated up
to July 17, 2016. This information was mapped into the
corpus for each publication.
In terms of execution, we retrieved the information

for the corpus from 276 publishers over a time period
of 134 days.

VI. VISUALISATION AND ANALYSIS
In order to characterise the data in CompScholar-

Corp and provide a big picture of its attributes, the rest
of this paper is dedicated to visualising two networks
derived from this corpus, a collaboration and citation
network.

A. Collaboration Network
Collaboration network is a network of authors con-

nected through their mutual publications. It is an undi-
rected, unweighted looped multigraph and in our case
it has 472,365 vertices and 1,044,454 edges in total. It
is undirected because the collaboration relationship
is symmetric. It is a looped multigraph as vertices
represent authors rather than publications.
The first method we employ to visualise the col-

laboration network is Barabási-Albert model [40]. It
is an iteration of Power Law Degree Distribution in
which the distribution of edges to vertices (degree) are
plotted on a log-log scale on which power law render as
straight lines. This method assumes that the network is
scale-free and the degree distribution over the vertices
asymptotically follows a power law. The left graph in
Figure 8 depicts this visualisation where y axis is the
number of the vertices and x axis is devoted to degree
function. The graph suggests that the degree distribu-
tion is a power law with exponent γ= 3.12 beginning at
the minimum degree of dmi n = 51. The actual minimum
degree of this network is 1, whereas the maximum
degree is 1,290 and the median degree is 14.23. It is
observable that as the degree increases for a vertex,

the number of vertices possessing such degree become
scarce. This behaviour suggests a negative correlation
between degree and frequency of the vertices which
we calculated at the rate −87%. Moreover, the graph
gets thicker as the degree increases. This is because
the vertices possessing degree lower than average out-
number those vertices with higher than average degree.
More specifically in this network, 89.9% of authors have
fewer publications than the median average number of
publications which is 8.
The degree distributions discussed above provide an

overall picture of the network. However, it is often
argued that many distributions are misidentified as
power laws whereas in fact they are not [41]. In order
to clarify this, we visualise the collaboration network
using Cumulative Degree Distribution in a log-log scale
on the middle graph in Figure 8. This visualisation
indicates the probability of the degree of a randomly
picked vertex being larger than the degree calculated
by degree function. In other words, it demonstrates
how often degree of a given size or larger occurs
throughout the network. The y axis gives the proba-
bility of random degrees larger than the degree. This
visualisation confirms that the degree distribution is a
power law. The degree distribution function has a 96%
goodness of fit with y = 105nx−m while 3.69 ≤ n ≤ 5.70
and 1.41 ≤ m ≤ 1.81.

Furthermore, the right graph in Figure 8 visualises
our corpus using Local Clustering Coefficient. It is a
method to numerically measure the number of clusters
in order to identify the extent to which edges in a
collaboration network tend to form triangles. In other
words, the local clustering coefficient of a vertex is
the probability of two randomly picked vertices of its
adjacent vertices being connected. The y axis reveals
the probability of adjacent vertices being connected
while the x axis indicates the scale of clusters. A value
of 1 on x axis, denotes that all possible triangles are

Figure 5.4: CompScholarCorp Collaboration Network Visualisation.
From left to right: Power Law Degree Distribution, Cumulative Degree
Distribution, and Local Clustering Coefficient

thicker as the degree increases. The reason for this behaviour is that the
vertices possessing degree lower than average outnumber those vertices
with higher than average degree. More specifically in this collaboration
network, 89.9% of authors have fewer publications than themedian aver-
age number of publications which is 8.

The degree distributions discussed above provide an overall picture
of the network. However, it is often argued that many distributions are
misidentified as power laws whereas in fact they are not [94]. In order to
clarify this, I visualise the collaborationnetwork usingCumulativeDegree
Distribution in a log-log scaleon themiddle graph inFigure 5.5. This visu-
alisation indicates the probability of the degree of a randomly picked ver-
tex being larger than the degree calculated by degree function. In other
words, it demonstrates how often degree of a given size or larger occurs
throughout the network. The y axis gives the probability of random de-
grees larger than the degree. This visualisation confirms that the degree
distribution is a power law. The degree distribution function has a 96%

goodness of fit with y = 105nx−m while 3.69 ≤ n ≤ 5.70 and 1.41 ≤ m ≤ 1.81.
Furthermore, the right graph in Figure 5.5 visualises my corpus us-

ing Local Clustering Coefficient. It is a method to numerically measure
the number of clusters in order to identify the extent to which edges in
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a collaboration network tend to form triangles. In other words, the lo-
cal clustering coefficient of a vertex is the probability of two randomly
picked vertices of its adjacent vertices being connected. The y axis reveals
the probability of adjacent vertices being connectedwhile the x axis indi-
cates the scale of clusters. A value of 1 on x axis, denotes that all possible
triangles are formed, and value of zero suggests a triangle free cluster. It
was found that 51% of the network is tightly clustered which signifies a
rate of strong collaboration among communities. In addition 29% of the
network is average to poorly clusteredwhich specifies a weak level of col-
laboration between authors. The rest of the network is cluster-free which
indicates thenumber of independent authorswhohavenot collaborated.
I calculated the clustering coefficient at 18% which indicates that 18% of
the communities found in the network have authors who collaborate.

5.4.2 Citation Network

The second network of this thesis is CitationNetwork. Themain purpose
toproduce this networkwas to calculate theExpert Cost as aparameter in
ChemoTF. A citation network is a network of authors connected through
the citations to/from their publications. This means that unlike the col-
laboration network, citation network is a directed graph. The direction
of an edge represents the direction of the citation. In other words, given
two experts xa and xb, the connection xa → xb suggests xa cites xb and
vice versa. Apart from being directed, a citation network has similar at-
tributes to the collaboration network. This is to say that this network is a
directed, unweighted, and looped multigraph. It is looped to cover self-
citations and it is a multigraph because the vertices are denoted to au-
thors with multiple publications. Similar to the collaboration network,
citation network accommodates 472,365 vertices, however it embodies
3,466,859 edges referring to the total number of citations.

The techniques employed to visualise the collaboration network are
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Fig. 8. CompScholarCorp Citation Network Visualisation. Row 1 is Power Law Degree and Row 2 is Cumulative Degree Distributions.

more, we found that this chemistry is asymmetric –
meaning that the reverse ratio does not necessarily ap-
ply if the propositions are reversed. For example, only
11.4% of the papers withWWW keyword accommodate
SearchEngine, as opposed to the ratio 78.2% discussed
earlier for these keywords – of course this because
there are other bonds with other less frequently used
keywords that have not been highlighted in our visual-
isation.
Another noticeable point is the heterogeneous nature

of some keywords that are distributed throughout the
network and are coupled with various other keywords.
Some good examples of these keywords are Informa-
tionRetrieval (light blue) and Software (dark pink) both
having bonds with multiple keywords. This suggests
that they are necessary part of multiple areas of ex-
pertise and can be associated with various fields. We
found that 5.3% of all the keywords have bonds with
InformationRetrieval. This ratio is 2.1% for Software.
B. Citation Network
A citation network is a network of authors connected

through the citations to/from their publications. This
means that unlike the collaboration network, citation
network is a directed graph. The direction of an edge
represents the direction of the citation. In other words,
given two experts xa and xb , the connection xa → xb

suggests xa cites xb and vice versa. Apart from being
directed, a citation network has similar attributes to the
collaboration network. This is to say that this network
is a directed, unweighted, and looped multigraph. It
is looped to cover self-citations and it is a multigraph
because the vertices are denoted to authors with multi-
ple publications. Similar to the collaboration network,
citation network accommodates 472,365 vertices, how-
ever it embodies 3,466,859 edges referring to the total
number of citations.

The techniques employed to visualise the collab-
oration network are also applicable to visualise the
citation network. Since this network is directed, we
visualise this network in 6 graphs on log-log scale
including degree, out-degree and in-degree Power Law
Degree Distribution depicted on row 1 of Figure 8, and
degree, out-degree and in-degree Cumulative Degree
Distribution demonstrated on row 2 of this figure. As
observed from row 1, similar to collaboration network,
the degree distribution of citation network is a power
law. The power low exponent beginning with the min-
imum degree of dmi n = 51 is estimated γ = 3.28. A
negative correlation between degree and frequency is
also identifiable which we calculated at the rate of
−82.3%. In addition, vertices with lower degree than
median average are abundant. This is because 88.1%

Figure 5.5: CompScholarCorp Citation Network Visualisation. Row 1 is
Power Law Degree and Row 2 is Cumulative Degree Distributions.

also applicable to visualise the citation network. Since this network is di-
rected,we visualise this network in 6 graphson log-log scale includingde-
gree, out-degree and in-degree Power Law Degree Distribution depicted
on row 1 of Figure 5.5, and degree, out-degree and in-degree Cumulative
Degree Distribution demonstrated on row 2 of this figure. As observed
from row 1, similar to collaboration network, the degree distribution of
citation network is a power law. The power law exponent beginning with
the minimum degree of dmi n = 51 is estimated γ= 3.28. A negative corre-
lation between degree and frequency is also identifiable which we calcu-
lated at the rate of −82.3%. In addition, vertices with lower degree than
median average are abundant. This is because 88.1% of the authors have
less than median average citations which is 8 for this network.

Comparing out-degree and in-degree distributions in graphs 1(b) and
1(c) of Figure5.5, it is found that theboundariesof frequency for in-degree
distribution are higher. This is because the number of citations gained by
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some authors overwhelmingly exceeds the number of publications au-
thors cite. In other words, while the median average ratio of in-degree to
out-degree citations is deg r ee(d−)

deg r ee(d+) = 4.45, this ratio for highly influential au-
thors who constitute 2.1% of the network is deg r ee(d−)

deg r ee(d+) = 209.45. It is also
found that unlike in-degree distribution which stays a power-law with
the goodness of fit of 98.2%, the out-degree distribution changes its be-
haviour as the frequency increases. This can be observed by comparing
the steadygrowthof in-degreedistribution shown in theFigure 5.5 graphs
1(c) and 2(c) to the top curve of out-degree distribution demonstrated in
graphs 1(b) and 2(b). The out-degree distribution shows a gradual neg-
ative growth rate of k = −1.21 as the frequency raises. The steady growth
of in-degree distribution suggests a homogeneous distribution of refer-
ences used by authors which are dependant upon the number of publi-
cations. The curve on top of the out-degree function, however, suggests
that the number of publications authors are cited for does not generally
go beyond η = 181±1 and is likely to stay this way. As a rule of thumb, it
can be stated that:

Statement 5.4.1. (Rule of Thumb for Citations)
There is 87% probability that a random selection from a citation net-

work of any size will yield a publication with less than η= 181±1 citations.

In this chapter I characterised the data in CompScholarCorp from the
perspective of keywords and authors, and visualised the research com-
munities derived from the corpus in the form of large collaboration and
citationnetworks. Imanaged to achieveup to 98.2% goodness of fit formy
model and revealed the characteristics such as trends, behaviour, scale
of collaboration, scale of influence, and underlying relationships of re-
search communities and other attributes featured in CompScholarCorp.
The richness of this corpus makes it an asset with various research aims.
However, the subjects covered in this chapter are limited to the use of
CompScholarCorp as data source for ChemoTF experiment.
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In the following chapter, I use probabilistic semantic analysis to de-
rive latent topics of the publications andmodel existing relationships be-
tween authors. Moreover, I employ approximation techniques to com-
pute the scale of contribution of each topic in relationships as well as the
probability of belonging each publication to a topic. I will refer to author
as expert, publication as experience, keyword as skill, and topics as areas
of expertise or AoE. The rationale for using TF terminology is to provides
better understanding of the problem an a clear picture of my solution.



“Mathematics ismuchmore thana
language for dealingwith the phys-
ical world. It is a source of models
and abstractions which will enable
us to obtain new insights into the
way in which nature operates.”

Melvin Schwartz [114]

Chapter 6

Modelling and Analysis

The next stage of preparations for ChemoTF experiment involves mod-
elling relationships between experts and constructing a network of ex-
perts which is inclusive of the scale of relationships in each area of ex-
pertise. In order to achieve this, I modelled relationships between ex-
perts using a specific instance of probabilistic generative topic models
called Latent Dirichlet Allocation (LDA). I used the the concept of gen-
erated model to build discover latent areas of expertise and formed the
relationship between experts in each area accordingly.

In order to calculate the scale of contribution of each area of exper-
tise in relationships, I employed amachine learning inference technique
called Variational Inference. Using this technique, I approximated the
probability of belonging experiences to each area of expertise as well as
the probability of appearance of skills in areas of expertise. Finally, in or-
der to ensure that the generated model reflects the reality as expected, I
evaluated the model using an approximation technique called Perplex-
ity. I repeated the process of evaluation by adjusting the number of areas
of expertise for each run and obtained a desirable model. Having a fit
model in hand, I ran the analysis and generated the entities of ChemoTF.
Thenext three sections of this chapter havebeendedicated to elucidating
the above mentioned topics.
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6.1 Modelling relationships using LDA

The notion of relationships between experts lies in their collaborations.
In an expert network where each expert is associated with various skills,
the relationships aremultinomial. Thismeans that relationships encom-
pass several aspects each providing a unique view of the previous expe-
riences. In other words, these aspects which were defined as area of ex-
pertise in Chapter 3, make it possible to interpret relationship according
to the circumstances and historical events.

Areas of expertise can be extracted using semantic analysis or other
similar techniques, however the result of this type of analysis does not
reflect the scale each area of expertise contributes to the relationships. In
other words, the probability of each area of expertise appearing in a set
of collaborations cannot be extracted from such analysis. This gap is the
subject of a set of techniques called Latent Dirichlet Allocation (LDA) [22]
which is aprobabilistic formofLatent Semantic Indexing (pLSI) [62]. LDA
is a generative probabilistic model for collections of discrete data (such
as text corpora) in a semantic manner. It is considered a hierarchical
Bayesian model based on a specific type of topic models, called genera-
tive topic models [66], in which each item of a collection is modelled as a
finitemixtureover anunderlying set of topics. Documents are considered
as mixtures of topics and each topic is defined as a multinomial proba-
bility distribution over words.

These models assumes that there is bag of documents with no struc-
ture (i.e meta-data, keywords or hierarchical information), and aim to
discover the underlying structures by regenerating documents from ob-
served words. To achieve this, LDA considers words inside documents as
observations arisen from a generative probabilistic process and applies
a sequence of probabilistic steps based on posterior inference. Then the
inferred data is situated into the estimatedmodel to see if a specific query
about a new document can fit into the estimated topic structure.
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There are several reasonswhy I chose LDA for the purpose ofmy anal-
ysis. The first reason relates to how LDA defines its components. LDA
defines topics as multinomial space consisting of all the combination of
words in the vocabulary list given their probabilities. In addition, doc-
uments in LDA are defined as random mixture of corpus wide topics.
In other words, documents are probability distributions over topics and
topics are probability distributions overwords in the vocabulary list. This
definition of documents, topics, and words in the vocabulary list in LDA
can be interpreted as abstracts, research areas, and keywords for Comp-
ScholarCorp which correspond to the definition of experiences, areas of
expertise, and skills in ChemoTF. This leads to the assumption that the
word proportion of a topic in LDA can be considered as the probability of
appearanceof skills in eachareaof expertise. Inaddition topicproportion
of a document in LDA canbe considered as the probability of appearance
of areas of expertise in each experience occurred during a contribution
between a set of experts.

Another reason to use LDA for the purpose ofmy analysis was its sim-
plicity and relatively good accuracy in modelling large datasets. One dif-
ficulty semantic analysis in modelling large datasets brings is the com-
plexity of the topics, particularly inmatrix factorisation based techniques
such as Latent Semantic Analysis (LSA) [46]. These techniques assume
that there is an entry for every topic in a document. Given that in reality
documents generally contain a small number of topics, such an assump-
tion is inapplicable to large datasets. LDA addresses this issue by adopt-
ing a generative approach andapplying aDirichlet prior so that the topics
and their proportions canbe learnt as the generativeprocess continues to
observe more documents. Given that CompScholarCorp contains over 1

million publications, LDA can be employed as an ideal technique to gen-
erate an accurate model.

Thefinal reason for choosing LDAwas its scalability and compatibility
with fast inference techniques. Although LSA is considered faster in gen-
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eral, the way LDA models large datasets allows the inference task to be
performed in a parallel fashion. Methods such as Variational Inference
are adjustable for this purpose. Considering that computing the infer-
ence is usually very costly, parallelisation can significantly decrease the
computation time. In addition, the ability to evaluate the generated in-
ference results of LDA bymetrics such as Perplexity can potentially elim-
inate the necessity of using human-based evaluation techniques such as
word intrusion. This feature can further accelerate the whole process.

As stated above, for the purpose of my analysis I considered experi-
ences as documents, words which describe each experience as discrete
observations of skills, and skills as the words in vocabulary lists. Blei et
al [22] generate their vocabulary list by adding the most common words
throughout thecorpus intoa list, computing theoccurrenceof everyword
in the list, while only consideringwordswhich exceed aparticular thresh-
old in termsof their frequency. Their list excludes stopwords (i.e but, and,
comma, full-stop, etc). Considering that skills are actually publication
keywords which are the most common words in that publication reflect-
ing the topic, the vocabulary list in the case of my analysis is the list of
distinct skills throughout the corpus. The vocabulary size ofmymodel in
this research contains a 24,500 unique keywords which reflect skills used
in 1,044,454 experiences. After I built the list, I used the generative prob-
abilistic process of LDA as a machine learning technique to cluster dis-
crete observations into areas of expertise. Then I used these clusters to
label previously unlabelled experiences.

In order to describe the mechanism of LDA, it is essential to under-
stand its main building block called Dirichlet. A Dirichlet is defined as a
distribution over multinomial, which itself is a distribution over discrete
outcomes [66]. A Dirichlet distribution is usually parameterised by a vec-
tor, oftendenotedbyα, anddescribedby amultivariate continuousprob-
ability distribution in the form of a normalising constant, often denoted
by Γ. The parameter α controls the scale and the centrality of a Dirichlet.
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Equation 6.1 is the formal definition of a Dirichlet distribution.

Di r (α1, ...,αT ) = Γ(
∑

jα j )∏
jΓ(α j )

T∏
j=1

p
α j−1
j (6.1)

I have illustrated themechanism of LDA using a plate notation in Fig-
ure 6.1. In this graphical model, random variables are represented by
nodesand thepossibledependenciesbetween themaredenotedbyedges.
The reason for shading the skill node is that skills in each experience are
the only components of the model which are directly observed whereas
other components are hidden and cannot be directly observed. In addi-
tion, the structure of the graph defines the pattern of conditional depen-
dence between the ensembles of random variables that the nodes repre-
sent. The indices in the boxed indicate the number of replication of each
random variable.

To cast this model into a generative probabilistic process, consider-
ing the definition of theDirichlet explained earlier, I adjusted the original
LDA algorithm to reflect the definitions of variables in ChemoTF and ap-
plied it into CompScholarCorp. This adjustment has been portrayed in
Algorithm 3 where the modelling has been performed for each observed
skill of each experience.

Apart from parameters α and λ of Dirichlet prior and skills se,n, the
rest of the components (ze,n, θe , βk) are hidden variables and often called
latent variables. These are the variables that need to be inferred in step
2 of the given algorithm. Given that computing the posterior for these
variables is complex, approximation techniques are often employed in-
stead. Techniques such asMean-FieldVariational [22],ExpectationProp-
agation [101], and Gibbs Sampling [66] are probably themost significant
methods in this area. One common thing among all these techniques
is that they all try to approximate latent variables through a process in
which parameters are learnt and adjusted to best fit in the model.

For the purpose of this analysis and in order to accomplish the anal-
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Figure 6.1: LDA Plate Notation adjusted for ChemoTF

ysis task, I adopted Variational Inference [22]. The next section explains
why this particular technique was adopted and elaborates my analysis.

6.2 Analysis using Variational Inference
Variational Inference is a technique for approximating intractable inte-
grals which arise in Bayesian inference and machine learning [75]. This
technique is typically used in complex statisticalmodels consisting of ob-
served variables as well as unknown parameters and latent variables.

TheaimofVariational Inference is toprovideananalytical approxima-
tion to the posterior probability of the unobserved variables, in order to
perform statistical inference over complex distributions that are difficult
to directly evaluate. An alternative to Variational Inference to perform
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Algorithm 3: Adjusted LDA Algorithm For ChemoTF
1 foreach area of expertise in corpus do

/* draw a multinomial distribution βk from a Dirichlet

distribution with parameter λ */

βk ∼ Di r (λ) ⇒ p(βk |λ) =βk,λ

2 foreach experience in corpus do
2a /* draw a multinomial distribution θe from a Dirichlet

distribution with parameter α */

θe ∼ Di r (α) ⇒ p(θe |α) = Γ(
∑

iαi )∏
iΓ(αi )

∏
k
θ
αk−1
e,k

foreach skill in vocabulary list do
2b /* select a hidden area of expertise zn from the

multinomial distribution parameterized by θ */

ze,n ∼ Mul t (θe ) ⇒ p(ze,n |θe ) = θe,ze,n

// select observed skills se,n from the distribution βzn

se,n ∼ Mul t (βze,n ) ⇒ p(se,n |βze,n ) =βze,n ,se,n

3 return(ze,n , se,n)

such a task is Markov Chain Monte Carlo (MCMC) [8] oriented methods
such as Gibbs sampling [61]. The difference basically lies in the form of
approximation each provides. Gibbs Sampling provides a numerical ap-
proximation to the exact posterior using a set of samples, whereas Vari-
ational Inference provides a locally-optimal, exact analytical solution to
an approximation of the posterior [20]. This difference between the two
method along with the two main reasons bellow constitute the rationale
behind my preference of Variational Inference over Gibbs Sampling.

The first reason for choosing Variational Inference is that it is deter-
ministic. This means that, unlike MCMC oriented inference techniques,
there is no randomness involved in the nature of Variational Inference
and the outputs are always the same for identical data in multiple runs.
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This is an advantage as I ran the analysis and evaluated the results mul-
tiple times. The evaluation was particularly useful to judge how well the
constructed areas of expertise represented the experiences and the re-
lationships. Therefore, I was able to make a decision for the number of
AoEs in a way that best fit the model. In addition, the requirement of
this research demanded devising amethod that could be compared with
other approaches, hence Variational Inference outweighed other infer-
ence techniques such as Gibbs Sampling.

The second advantage of Variational Inference over other techniques
is that it is easier and faster to gauge convergence. In other words, it is
clear when it reaches the answer. The reason is that Variational Inference
only requires a small number of iterations to accomplish the inference
task. In addition, Variational Inference can be easily devised in a parallel
manner where steps in its algorithm are processed diversely and inde-
pendently regardless of outcome of each step. This was an important ad-
vantage unique to Variational Inference which significantly reduced the
process time particularly for my relatively large dataset. Although other
inference methods such as MCMC-oriented algorithms are considered
faster per step, the overall computation time of Variational Inference for
large-scale datasets has been said to be lower in general [75].

The purpose of using Variational Inference was to adjust its inference
functionandestimate the latent variables. Variational Inference takes ad-
vantage of an objective functionL with four parameters including γ,ϕ,α,
and β and is defined as demonstrated in Equation 6.2. Appendix A eluci-
dates this function and explains its origin.

L (γ,ϕ;α,β) = Eq [log p(θ|α)]+Eq [log p(z|θ)]+Eq [log p(s|z,β)]

−Eq [log q(θ)]−Eq [log q(z)]
(6.2)

Assuming thatVariationaldistribution in thecaseofmy thesis ismean-
field and all the AoE assignments are derived from a multinomial distri-
bution ϕ, this objective function reflects the inference function I used to
perform the analysis. Following the work in [22], I configured the original
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Variational algorithm to solve the objective function given in Equation
6.2. Algorithm 4 elaborate my adjusted version of Variational Inference
for ChemoTF. In this algorithm, The parameters are estimated and the
results of the convergence are examined in each round. The process is
repeated for each skill in the each experience with respect of the AoE and
stops when the convergence is reached. The calculation of expectations
and update functions in the given algorithm requires an extensive math-
ematical background and elaborations. For the purpose of integrity of
this thesis, the discussion and formulas involved in the calculations have
been moved to Appendix B.

Using the Algorithm 3, I first fit the corpus data into a generative topic
model that I already constructed and then concluded the analysis by per-
forming the steps described in Algorithm 4. In order to evaluate the fit-
ness of themodel andaccuracyof the analysis, I obtainedamethodcalled
“perplexity” which has been expounded in [22]. The last section of this
chapter delineates the undertaken evaluation and demonstrates the fi-
nal results in details.

6.3 Evaluation and Results
The final task in modelling is to ensure that the model is reliable and re-
flects the reality as expected. To achieve this in LDA, two typical meth-
ods have been developed to determine the goodness of fit of the model.
The first method is known as “evaluation of clustering result” [22]. This
technique evaluates themodel bymeasuring its performanceonmultiple
secondary tasks. The quality of the model is specified by various metrics
such as the semantic relationship between each latent variable, the sim-
ilarity of inter-class documents, etc. Although this method encompasses
comprehensive evaluation criteria, it requires multiple datasets or divid-
ing the dataset into various sub-datasets which is out of the scope of this
thesis.
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Algorithm 4: Adjusted Variational Inference Algorithm For
ChemoTF
1 initialize (random(γ , ϕ))
2 foreach iteration i and j do
2a foreach experience in corpus do

/* update Dirichlet distribution γi and multinomial ϕn,i

by solving the first partial derivative of the

objective function for γi and ϕn,i */

δL

δγi

ud pate=====⇒ γi =αi +∑
nϕn,i

δL

δϕn,i

ud pate=====⇒ ϕn,i ∝βi ,v E(Ψ(γi )−Ψ(
∑

j γ j ))

// Ψ is the digamma function, first derivative of logΓ

2b foreach area of expertise in corpus do
/* update AoE distribution β by solving the first

partial derivative of the objective function for βi , j

*/

δL

δβi , j

ud pate=====⇒ βi , j ∝∑
e
∑

nϕe,n,i s j
e,n

2c if converged(compute(L (γ,ϕ;α,β))) then break
3 return(Eγ,Eϕ)

The second method is commonly referred to as “likelihood of held-
out data” [128]. It calculates the probability of held-out data that are not
used for training. This probability is proven intractable hence various ap-
proximation techniques have been developed to estimate it. Wallach et
al [128] summarise several estimationmethods such as importance sam-
pling method, harmonic mean method, annealed importance sampling,
and perplexity. For the purpose of this thesis I adopted perplexity as de-
scribed in [22]. The decision was made to avoid the mathematical com-
plexity involved in other estimation techniques.
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Perplexity is defined as the reciprocal geometric mean of the token
likelihoods in the test corpus [22]. Equation 6.3 describes this definition
for my testbed, where M is the number of experiences, se represents the
skills involved in each experience e, and Ne is denoted to the number of
skills in each experience. Lower values of perplexity indicate lower mis-
representation of the skills in experiences by the generated areas of ex-
pertise. Hence, the lower the value of perplexity gets, the more reflective
of data the model becomes.

Per plexi t y = exp

{
−

∑M
e=1 log p(se )∑M

e=1 Ne

}
(6.3)

As it can be concluded from the Equation 6.3, the number of areas of
expertise plays an important role in perplexity value. The right number
of hidden areas of expertise results in lower perplexity value thus a desir-
ablemodel and a reliable analysis. For this reason, I followed themethod
explained in [22] and used perplexity after each round of test to verify the
number of areas of expertise. I held out 10% of the data for testing pur-
poses and trained the models on the remaining 90%. I repeated the pro-
cess of evaluation until the perplexity returned its lowest value. Figure 6.2
displays the evaluation results.

As observed from Figure 6.2, the evaluation was started by 10 areas of
expertise. Increasing this number on each test had a positive effect on
perplexity value until the the perplexity gets to its lowest value which is
3490 in my case. The number of areas of expertise when the perplexity
returns the lowest value for the first time is 140. Further increase in the
number of areas of expertise had no effect on perplexity value as it re-
mained low for the duration of the test with 200 areas of expertise respec-
tively. This indicates that any number of areas of expertise between 140
to 200wouldmake themodel fit formy experiment. Therefore, I specified
160 areas of expertise for my experiment.

Having a fit model and the number of areas of expertise in hand, I
performed the analysis on the whole corpus. I began by eliminating the
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Figure 6.2: Perplexity results on CompScholarCorp

stop words in the corpus. Then I used Algorithm 3 to find the Dirichlet
and conditional multinomial parameters for my LDAmodel. Then I con-
cluded the analysis by using Algorithm 4 to compute the Variational pos-
terior Dirichlet parameters for all experiences and Variational posterior
multinomial parameters for each observed skills.

Figure 6.3 illustrates applying my model and performing analysis on
the example I discussed in Section 4.3.1 of the previous chapter. In this
figure, the top skills from some of the resultingmultinomial distributions
are illustratedat the top. These skills capture someof theunderlyingareas
of expertise in the corpus, thus I have named them according to these ar-
eas of expertise. Due to the space limitation, only 9 skills with the highest
probability of appearance have been demonstrated for each area of ex-
pertise whereas in reality, each area of expertise contain all the skills with
their probability of appearance. At the bottom of the figure, the experi-
ence of my example has been illustrated. Each observed skill correspond
to one or more areas of expertise which are highlighted accordingly. For
simplicity, I have only demonstrated 4 areas of expertise in which the ob-
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served words have higher probability of appearance.
To this end, I first identified the areas of expertise of each experience.

Then I computed the probability by which each experience belongs to
each area of expertise. I then formed the relationships according to this
probability value. In addition, following the definition given for relation-
ships inChapter 3, I formed skill-oriented relationshipsby embeddingar-
eas of expertise and their probability values into the mutual experiences
between experts. Therefore, the relationships mirror various unique as-
pects according to the skills chosen from each expert.

Finally, in order to avoid complexity and echo a real-world simulation
of experts, I specified themost frequently used skills for each experts and
represented experts with their top skill-set. Given that experts represent
themselves with a small number of their top skills in real life, my simu-
lation of experts with limited top skills reflect a better representation of
reality. Therefore, I condensed the long list of skills for each expert into a
skill-sets with the maximum number of 6 skills of the highest frequency
of appearance. This filter was only applied for skill-set of experts mean-
ing that the number of skills in areas of expertise remained untouched
as they will be required for calculating metrics such as Chemistry Level,
Communication Cost, and Expertise Level.

To conclude this chapter, I modelled the relationships using LDA and
generated 160 areas of expertise to cover 2400 unique skills in the vocab-
ulary list. I quantified the scale of relationships and calculated the prob-
ability of each experience belonging to areas of expertise as well as the
probability of skills appearing in area. The next chapter describes how I
designed and implemented a software to experiment ChemoTF aswell as
the decisions I made during this process.
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Mobile social networks (MSNs) are specific types of social media
which consolidate the ability of omnipresent connection for mobile
users/devices to share user-centric data objects among interestedusers.
Taking advantage of the characteristics of both social networks and op-
portunistic networks (OppNets), MSNs are capable of providing an ef-
ficient and effective mobile environment for users to access, share, and
distribute data. However, the lack of a protective infrastructure in these
networks has turned them into convenient targets for various perils.
This is the main impulse whyMSNs carry disparate and intricate safety
concerns and embrace divergent safety challenging problems. In this
paper, we aim to provide a clear categorization on safety challenges and
a deep exploration over some recent solutions in MSNs. This work nar-
rows the safety challenges and solution techniques down fromOppNets
and delay-tolerant networks to MSNs with the hope of covering all the
work proposed around security, privacy, and trust in MSNs.

Figure 6.3: An example experience as appears inCompScholarCorp. Each
colour codes a different factor from which the skill is generated.



“Programming is the art of or-
ganizing complexity, of mastering
multitude and avoiding its bastard
chaos as effectively as possible.”

Edsger W. Dijkstra [42]

Chapter 7

Implementation

Having prepared and modelled all the required components for the ex-
periment, the last step to experiment ChemoTF is implementation. The
implementation in the case of this thesis involves developing a software
in order to experiment ChemoTF along with three well-known TF algo-
rithms. This software produces reliable and reputable results that can
make it possible to conduct a comparative study in an extendable, re-
peatable, and efficient manner. This chapter discusses the steps taken to
develop such software. These steps include requirement analysis, con-
structionof a relational database, implementationof core functionalities,
and expanding the implementation to cover all requirements.

In the first section, a requirement analysis is conducted to identify the
core objective and mechanism of each algorithm. In addition, the re-
quirements regarding the implementation techniques and technologies
are identified and decisions aremade accordingly. In the second section,
a database was designed and built to facilitate the process of providing
necessary data from CompScholarCorp for the algorithm during the ex-
periment. In the third section a test harness was built and the identified
core objectives were implemented and verified. In the final section, the
implementation was expanded to cover all the requirements, including
data and functionalities, and the final software was developed.

97
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7.1 Requirements Analysis

The software requirements are a series of descriptions regarding objec-
tives and functionalities of required software. The process of gathering,
analysing and documenting these requirements is known as requirement
analysis (often called requirement engineering) [65]. Requirement anal-
ysis has traditionally been one of the first steps of any software develop-
ment project. The aim of such analysis is to clarify the expectations of
a software product by an expository document which includes compre-
hensive list of declarations ofwhat theproject is supposed to achieve [83].

I began the process of requirement analysis by summarising the core
objectives. Part of these objectives includes the requirements ofmy algo-
rithm as the main contribution of this thesis. Given that I had already
gathered the required data and compiled CompScholarCorp, designed
and built a database, and modelled the social network, the scope of my
implementation was clear and contained all the requirements, metrics
and functionalities discussed in previous chapter. The aim of implemen-
tation with regard to ChemoTF was to develop a reliable, reusable, and
scalable software to experiment ChemoTF in fast and accurate fashion.

In order todemonstrate thatmyalgorithm is an improvement over the
existing TF algorithms, I adopted a comparative approach in which the
experimental results of ChemoTF is evaluated against some of the well-
known TF algorithms. This comparative approach opened up a new set
of requirements. It was found necessary to implement these algorithms
as well as ChemoTF because their corresponding implementation codes
have not been made available by their authors. Although the compar-
ative study conducted by [130] implements these algorithms in TF and
promises a repeatable experiment, I could neither replicate the exper-
iment nor obtain the code from the authors. A significant part of the
implementation is missing from the code made available by the authors
thus their implementation could not be utilised.
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For the purpose of this thesis, I chose three well-know algorithms to
implementandcompare their results againstChemoTF.Thesealgorithms
include EnSteiner [86], MinSD [76], and RarestFirst [86]. The main rea-
son for selecting these algorithms is their considerable influence among
research conducted in the area of TF. These algorithms have been used
in [7, 51, 57, 76, 78, 89–91, 119, 129, 130, 137] for the purpose of compar-
ative analysis. All the three algorithms are from the first category of TF
algorithms discussed in Chapter 2 aiming to find teams with minimum
Communication Cost. Given that the three algorithms mentioned above
define Communication Cost differently, themain requirement inmy im-
plementation was to ensure that the Communication Cost function gen-
erated valid and accurate results as expected.

The rest of this section has been dedicated to describing the compar-
ative algorithmnamely EnSteiner,MinSD, andRarestFirst. For each algo-
rithm, a short background has been given, themechanismof forming the
final team has been expounded, the definition of Communication Cost
has been elucidated, and the time complexity has been described. In ad-
dition, the decisions made with regards to the techniques, and technol-
ogy to achieve a high-quality implementation has been described.

7.1.1 Comparative Algorithm 1: EnSteiner

The first algorithm I chose to conduct experimental comparisons against
wasEnhanced Steiner(EnSteiner) [86]. It iswell-knownalgorithmandhas
been inspirational formuch research in the area of TF in social networks.
The EnSteiner algorithm is motivated by the obvious similarity between
the Minimum Spanning Tree problem and the Group Steiner Tree prob-
lem [87]. This algorithm is best known for finding cohesive sets of experts
thanks to its deviation mechanism conducted by Steiner-Tree. In addi-
tion, the greedy nature of this algorithmmakes it possible to form teams
with small size even although such an achievement comes with a draw-
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back of extensively high processing time. This drawback is noticeable in
large networks where the iterations of Spanning Steiner-Tree are gener-
ally high in number.

Algorithm5presents themechanismemployed inEnSteiner algorithm.
Given a task T , the process begins in step 1 by generating an enhanced
graph H from graph G according to the task. This graph encompasses
only experts that posses required skills. Then in step 2, an expert from
this graph is randomly chosen. In step 3 to 6, the algorithmadds theundi-
rected edges between experts and their corresponding skill vertex based
on the minimum Communication Cost of the artificially added edge. In
step 7, these edges along with their nodes at both ends are removed and
the solution XH is obtained as the final team.

The Communication Cost in this algorithm is defined as the sum of
pairwise Communication Costs of graph G. In other words, Communi-
cation Cost for EnSteiner algorithm is the weight cost of the minimum
spanning tree for graphG which is calculated as demonestrated in Equa-
tion 7.1 where xi and xs j are the vertices in H and correspond to xn and
xm in social graphG.

ComCost (xi , xs j ) =∑
d(xm , xn) (7.1)

The overall running time of EnSteiner isO(k×|E |) where k is the num-
ber of iterations in a spanning tree and |E | is the number of edges in the
social network. There have been some efforts to reduce this time com-
plexity by employing other approximation techniques. Authors in [58]
achieveanapproximation ratioofO(log3 nlog k)wheren refers to thenum-
ber of nodes. In the case ofG being a tree, this complexity can be reduced
to O(log2 n). However, given that the nature of social networks demands
it to be a graph, this problem is not approximable withinΩ(log2−ε) unless
NP admits quasi-polynomial-time Las Vegas algorithm. [67].

In the following section, I demonstrate the mechanism of MinSD as
the second comparative algorithm.
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Algorithm 5: EnSteiner for TF problem regenerated from [86]
Input: Social NetworkG(X ,E), A pool of Expert X each with

multiple skills s ∈ S, and a Task T

Output: An expert team to cover T

(1) H(XH ,EH ) ← EnhancedGr aph(G ,T )

(2) XR ← Random({x|x ∈ XT })

(3) while (XR \ XH ) 6=∅ do
(4) ComCost (x, s) ← Di st ance(XH , s)

(5) sel ectedE xper t ← ar g mi ns∈T \XH ComCost (x)

(6) if Path(sel ectedE xper t , XH ) 6=∅ then
(7) XH ← XH ∪ {Path(sel ectedE xper t , XH }

(8) team ← XH \ T

(9) return team

7.1.2 Comparative Algorithm 2: MinSD

ThesecondalgorithmIchose to conduct experimental comparisonsagainst
was Minimum Sum of Distance(MinSD) [76]. This algorithm is an im-
provementoverMinimumSpanningTree (MST)algorithmproposed in [86].
It addresses the unstable nature ofMST in a dynamic social networks and
proposes anew function tocalculateCommunicationCostbasedonmin-
imum distance to the spanning tree. Themechanism ofMinSD has been
explicated in Algorithm 6.

As demonstrate in this algorithm, the first step initialises the desired
Communication Cost for the team that algorithm aims to form (denoted
by leastSumComCost) to +∞. This step guarantees an answer for the al-
gorithm. The algorithm then goes into a nested loop in step 2, and 3. For
each skill in the task T and for each expert x possessing the chosen skill,
the sum of Communication Cost is initialised to zero in step 4 and the
chosen expert is added into candidates pool along with his or her skill si

in step 5. Then in the steps 6 to 10, for each one of the other required
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skills (denoted by s j ), the algorithm first calculates the Communication
Cost of each expert x given s j , and adds the closest neighbour to the can-
didates pool. In addition, sumComCost is updated by adding the Com-
municationCost of the candidate and the selected expert. Finally in steps
11 to 13, if Communication Cost of the discovered team is the lowest ever
found, the team is replaced by the candidates.

MinSD defines Communication Cost based on distance between ex-
perts and derives it from Di st ance function. This function returns the
shortest path between an expert x and the set of experts X (s j ) consist-
ing of all the experts who posses the skill s j . Equation 7.2 formulates
this Communication Cost. Taking advantage of the Nei g hbour function
which returns the nearest neighbour to an expert x in X (s j ), the algorithm
ensures that the candidates are selected based on their shortest path to
their nearest neighbour.

ComCost (xi , x j ) = mi n d(xi , x j ) (7.2)

The time complexity of MinSD is O(|T |2 ×X 2
max) where |T | is the num-

ber of required skills (cardinality of the task) and |Xmax | is the maximum
number of generated sub-graph of experts possessing a particular skill
|Xmax | = max|X (s)|. The value |Xmax | is the complexity of Di st ance and
Nei g hbour functions pre-computed for all pairs and stored in a hash ta-
ble. The authors indicate that in the case of the hash table becoming
very large, other database indexing techniques suggested in [63] can be
employed. In the worst case scenario where the number of sub-graphs
is equal to the n number of experts |Xm ax| = O(n), the running time in-
creases to O(|T |2 ×n2). However in real data sets |Xm ax| is much smaller
than n [86].

The next section is devoted to describing RarestFirst as the last algo-
rithm I implemented to evaluate my algorithm against.
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Algorithm 6:MinSD for TF problem regenerated from [76]
Input: Social NetworkG(X ,E), A pool of Expert X each with

multiple skills s ∈ S, and a Task T

Output: An expert team to cover T

(1) leastSumComCost ←+∞
(2) for i ← 1 to |T | do
(3) foreach expert x ∈ X (si ) do
(4) SumComCost ← 0

(5) candi d ates ← {〈si , x〉}
(6) for j ← 1 to |T | : j 6= i do
(7) ComCost (x, s j ) ← Di st ance(x, X (s j ))

(8) sel ectedE xper t ← Nei g hbour (x, X (s j ))

(9) sumComCost ← sumComCost +ComCost (x, s j )

(10) candi d ates.Add(〈s j , sel ectedE xper t〉)
(11) if sumComCost < leastSumComCost then
(12) l easSumComCost ← sumComCost

(13) team ← candi d ates

(14) return team

7.1.3 Comparative Algorithm 3: RarestFirst

The last algorithm I have chosen to conduct comparison against is called
RarestFirst [86]. It is an instance of Multichoice Algorithms [9] and has
been influential among the researchers in the field of TF. One reason for
such influence comes from its simplicity which facilitates the capability
of running this algorithm in a distributed fashion. Authors in [130] ac-
complished this by using a cloud based platform. Another reason for this
influence is the fast nature of this algorithm. Although the quality of the
teams formed by RarestFirst are questionable, the ability to obtain rapid
answers has been popular among researchers to some extends.
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Algorithm 7 demonstrates the mechanism employed in the original
RarestFirst algorithm. For each skill sa , the algorithmfirst generates X (sa)

which is a set of experts possessing the skill sa . Step 1 and 2 of the given
algorithm depict this action. Then in step 3, given a task T , the algorithm
chooses the rarest skill possessed among all the experts. In other words,
thefirst skill sr ar e this algorithmchooseshas the lowest cardinality of X (s).
This is most likely why the algorithm has been called RarestFirst by the
authors. Then the algorithm in step 4 to 7 computes the Communication
Cost for all experts in X (sr ar e ) and chooses the expert with the minimum
diameter. For other required skills sb, the algorithm chooses experts with
the lowest communication compared to X (sb)aswell as the experts on the
shortest path. The communication function employed in this algorithm
is defined as the longest shortest path between any experts in team and
can be calculated as shown in Equation 7.3.

ComCost (xi , x j ) = maxxi ,x j mi n d(xi , x j ) (7.3)

The running timeof RarestFirst isO(|X (sr ar e )×N |)while theworst-case
can get to up toO(N 2). However, Wang et al. [130] argue that with a slight
change the worst-case running time can be reduced to O(N ). They sug-
gest that instead of iterating through X (sr ar e ), every expert with the rarest
skill can be assigned to one node in the cloud for which the Communi-
cation Cost can be computed separately. This can potentially decrease
the time complexity unless the number of experts with rare skills ismuch
larger than the nodes in the cloud.

I presented all three algorithms I chose to implement and described
the mechanism involved in each algorithm. In the following section, I go
through the important decisions I made before initiating the implemen-
tation. These decisions include choosing appropriate techniques, tech-
nologies and tools tomeet the requirements and adjust the implementa-
tion accordingly.
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Algorithm 7: RarestFirst for TF problem regenerated from [86]
Input: Social NetworkG(X ,E), A pool of Expert X each with

multiple skills s ∈ S, and a Task T

Output: An expert team to cover T

(1) foreach skill sa ∈ T do
(2) X (sa) = {xa |s ∈ X }

(3) sr ar e ← ar g mi nsa∈T |X (sa)

(4) foreach expert x ∈ X (sr ar e ) do
(5) foreach skill sb ∈ T − {sr ar e } do
(6) ComCost (x, sa) ← Di st ance(x, X (sb))

(7) ComCost (x, sb) ← maxsb ComCost (x, sb)

(8) sel ectedE xper t ← ar g mi n ComCost (x)

(9) team = sel ectedE xper t ∪ {Path(sel ectedE xper t , X (s)|s ∈ T }

(10) return team

7.1.4 Techniques and Technology
Studying the mechanism of ChemoTF along with the comparative algo-
rithms including EnSteiner, MinSD, and RarestFirst, it became evident
that the algorithms operate very differently. This dissimilarity demands a
separate set of validations for each algorithm. Furthermore, it was found
that each algorithm defines Communication Cost in its own way. There-
fore the implementation is required to a offer a separate Communication
Cost function for each algorithm. In addition, conducting a fair and accu-
rate experiment demands a data structure which can be equally accessi-
ble for all the algorithms. This necessitates an integrated platformwhere
all the algorithms can run independently with the same input.

The above mentioned findings encompass the core objectives of my
implementation. In order to achieve these objectives, I adopted Test-
Driven Development (TDD) approach. The decision was made for two
key reasons. The first reason was that TDD provides the capability of ac-
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curate implementation in small steps. This is particularly useful when
the projects has the potential to be decoupled into smaller units. Given
that the test cases were transparent in my case, TDD could serve as a
good software development techniques to be employed. The second rea-
son was that the fast approach TDD offers for implementing key require-
ments. Given the scale of work in my thesis and the short deadline for
the implementation, TDD was an ideal technique to rapidly achieve the
desirable and accurate results.

Adjusting test cases tomirror the key objectives, TDD ensures that the
implementation satisfies the core functionalities. These test cases can
also be adjusted to serve as validation units. In this case, the expected
results are turned into test cases and functions are implemented to pass
these cases. Equipped with a test harness where all the algorithms can
be developed in interactive and evaulable modules, TDD integrates the
implementation of key functions with the validation which accelerates
the implementation process for all three comparative algorithms.

In the case of ChemoTF functions including Chemistry Level, Exper-
tise Level, and Expert Cost, the implementation must ensure that these
functions can also be utilised by comparative algorithms. This is because
the result of these functions are used as metrics to assess the quality of
final teams. In order to achieve this, I adoptedObject-Oriented Program-
ming (OOP) approach. The main reason for this decision is that OOP is
one of the best techniques to implement functions with similar objec-
tives but different mechanism. Thanks to the concept of inheritance, a
base class is defined to cover the similar attributes and each algorithm
inherits them according to itsmechanism. For dissimilar attributes, each
algorithmoverrides the attributes that have been inherited from the base
class. Furthermore, the required data is defined as a public class which is
accessible for all the algorithms during the run time.

In addition to TDD and OOP which I chose as my implementation
techniques, I also choseRelational Databases as an efficient way to pro-
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vide data for the implemented algorithms. Although the XML-oriented
corpusdescribed inChapter 4 can fulfil this requirement, RelationalDatabases
provide a more logical form of data structure which is both easier and
quicker to interact with thanks to the tools, often referred to asRelational
Database Management Systems (RDBMSs), offered for them [41]. There-
fore I designed a schema to model CompScholarCorp along with the re-
sults of analysis described Chapter 6.

Another important decision made during the process of requirement
analysis was with regards to the technology through which I implement
thealgorithmsanddatabase. For thedatabase, I choseMicrosoft SQLServer 2014 1
as the RDBMS. The decision was made to avoid any compatibility issues
with the ChemoTF development which at that stage was decided to be
implemented inMicrosoft .Net 2. The language I used for the implemen-
tationwasMicrosoft C#.Net version 4.5. Since C# is anOOP language and
can be easily used for TDD using Test Explorer offered in Microsoft Vi-
sual Studio (VS)3, this language was ideal for my implementation. In ad-
dition, the built-in functionalities of VS for visualising the code through
Class Diagrams facilitated software development process.

To this end, I adoptedRelationalDatabase to feed thealgorithms, TDD
to implement the core functions andOOP to expand the implementation
to its final stage. I also choseMicrosoft SQL Server andC#.NET to achieve
such implementation. In the following section, I describe how I designed
a database to make practical use of CompScholarCorp. Then I explain
how I turned the core objectives into test cases using Test-Driven Devel-
opment (TDD). In addition I expound how I set up an integrated plat-
form to run each algorithm independently with the same input. Finally
I demonstrate how I implemented such functionalities to pass the test
cases and how I validated them against the previously obtained results.

1www.microsoft.com/en-us/sql-server/sql-server-2016
2www.microsoft.com/net
3www.visualstudio.com/
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7.2 Relational Database

Although a well-designed XML-oriented dataset can be utilised in imple-
mentation, I used theRelationalDatabase [34] for thepurpose this imple-
mentation. The reason for my preference was that a Relational Database
provides adata structurewhich is botheasier andquicker to interactwith.
It is a collection of data structured in terms of schema, tables, queries, re-
ports, views, and other objects and encompasses a model which reflects
relationships between various entities of the structure.

I started the process by listing required fields, specifying the defini-
tion of each field, and omitting any unnecessary data. Then I matched
the definition of each field with the definition given in the TF terminol-
ogy and renamed the field accordingly. In addition, I broke the data into
logical pieces and derived the relationships between each field. In doing
so, I organised the data into columns and tables and drew the relation-
ships between tables. In order to reduce data redundancy and improve
data integrity, I used the normalisation technique suggested in [35] and
produced a database in 3rd normal form (3NF). Each table has a primary
key and is connected to other tables via foreign keys. The primary keys are
marked with the word “ID” as part of their names, and foreign keys are
named to end with “Ref” respectively. The names of the other fields were
also carefully selected and reviewed so that they become self-descriptive.

Figure 7.1 depicts the schema of this database describing its differ-
ent entities and the relationships between them. As observed from this
figure, some of the fields of this database do not correspond to any field
in CompScholarCorp (i.e TableAoE, TableSkillAoe, TableExperienceAoE).
This is because the database includes post-analysis information done in
Chapter 6 as well as the corpus data.

To this end, I built a database tobeutilised throughout the experiment
as a common gateway for all the algorithms. The rest of this chapter has
been dedicated to describing the implementation process.
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Figure 7.1: The Schema of ChemoTF Relational Database

7.3 Ticking Objectives: A TDD Approach
Test-Driven Development (TDD) is a software development process that
uses test cases as requirements for which software are developed. [17].
The aim of TDD is to prioritise the design of the core requirements over
the implementation of software features. From this perspective, TDDcan
be considered an Agile software development technique [98]. TDD pro-
cess relies on the repetition of short development cycles. In each cycle
the requirements are turned into specific test cases often calledunit tests.
The goal in each cycle is to implement just enough functionality to im-
prove the software by passing the new tests only. The new cycle only be-
gins if all the tests are passed. Figure 7.2 illustrates a single cycle in TDD.

As depicted in this figure, the process begins by writing a functional
test case. It is important to run the test prior to any implementation and
ensure the test fails in order to guarantee that the test case is correct.
Then, theprocess of “writingminimal code” begins. In this step, the func-
tional test case is broken into one or more smaller unit tests and a mini-
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Figure 7.2: A Single Cycle of TDD, Obtained From [108]

mal code is developed until all the unit tests have passed. Having passed
all the tests, it checks whether the functional test has passed and decides
whether theexpectedbehaviourof the software ispreservedormore func-
tional test is required. Depending on the outcome of this decision, the
process finishes or moves to another cycle.

In order to use TDD efficiently for all the algorithms, I designed an
integrated test harness where all algorithms are executed independently
with the same input and the required data is equally accessible for all al-
gorithms. Having the test harness ready, I devised test cases according to
the objectives determined in requirement analysis. These test cases mir-
ror the key objectives of all the algorithms and correspond to the func-
tionalities for which the implementation is initiated. The implementa-
tion is accomplished only if all the test cases pass successfully.
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Apart from the test cases for core objectives, some test cases were also
required to be able to validate the output of each algorithm. This vali-
dation was necessary – particularly for the three comparative algorithms
because it ensured that the implementation had been done correctly. In
order to perform such validation, I obtained the results of use-cases from
the original papers where the three algorithms were experimented. Then
I devised test cases according to these results and implemented the al-
gorithms to pass these test cases. In the next two sections, I expand the
approach taken in every step of implementing the core functions. I first
illustrate anddiscuss the architecture of thedeveloped test harness. Then
I describe the process of the implementation. Finally, I demonstrate the
steps taken in order to validate the outcome of implementation.

7.3.1 Test Harness

One prerequisite for the experiment is to ensure that the comparative al-
gorithms can run independently. This is because the high level of depen-
dency between algorithms complicates the process of assessment and
validation. In order to achieve this, the algorithms must have indepen-
dent access to the required data prior and during the run-time. This is
one of the objectives of a test harness which rose in the early 1970’s for
the purpose of integrated testing [104]. Test harness is commonly used
for assessing the behaviour of modules with different sizes and natures
during their interactive process. It is specific to a development environ-
ment and is built and configured according to the requirements [72].

The testing tools offered in Visual Studio cover all the required abili-
ties of a test harness including automated and integrated testing. Hence
in the case of my study, I was only required to design an appropriate so-
lution with three goals. The first goal was to ensure the required data was
accessible by all the four algorithms from a single source. The second
goal was to ensure the required data for each algorithm was accessible
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Figure 7.3: Class Dependecy Diagram of implemented solution

during the execution. The final goal was to guarantee that the execution
of all four algorithms was independent and could not be affected or in-
terrupted by any process. With the three abovementioned goals inmind,
I designed a platform for implementing the algorithms. Figure 7.3 illus-
trates the dependency of each class corresponding to algorithms.

As observed from this figure, Program (shown by green colour on the
top) is initiated from a single point by calling User Interface (UI) class.
UI has dependency with five other classes including the algorithms and
a class called TFP Data. TFP Data class (highlighted by red colour) con-
tains all the required data for the algorithms. This data includes the so-
cial network and its all components such as experts, skills, areas of exper-
tise, experiences, etc. This class has only one dependency with UI class,
meaning that (1) the data is available from one source and (2) the data is
available upon the execution and remains accessible during the execu-
tion for all the algorithms. This description satisfies the first two design
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goals elaborated in the previous paragraph.
Furthermore, it can be observed that there is no dependency between

the classes corresponding to the algorithms. Apart from the UI class, the
Algorithm and Result (highlighted by dark blue colour) are the only point
of dependency for the algorithms. This is because all the algorithms are
defined in separate classes while inheriting common characteristics of
Algorithm and Result classes. In other words, the Algorithm and Result
classes reflect the similaritiesbetweenalgorithmswhereas eachalgorithm
defines its own dissimilarity. Such a design suggests that (3) the algo-
rithms run independently without any deflectionswhich satisfies the last
goal discussed earlier.

In summary, I designedaplatform for reliable executionof algorithms.
In the next section I discuss the process of implementing key functional-
ities of the algorithms using TDD.

7.3.2 Implementing Core Functions

I began the process of development by designing test cases for the the
algorithms. The ultimate goal of all four algorithms is to find the best
team of experts according to their own criteria. Given that the metrics
employed in each algorithmare calculated differently, a separate test unit
for each algorithmwas developed to ensure the results of the calculations
were accurate. Figure 7.4 demonstrates a snapshot of the designed test
cases which were passed by implemented functions.

The first algorithm I designed test cases for and implemented accord-
ingly was ChemoTF. Given that this algorithm uses four metrics to form
thefinal team, the validity of eachmetric is an essential requirement. The
aim of implementation in this case was to turn the mathematical defini-
tion of the metrics discussed in Chapter3 into functions that could pass
the corresponding test case. Thesemetrics includeCommunicationCost,
Chemistry Level, Expertise Level, Expert Cost, Expert Cost. Thus I devised
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Figure 7.4: An snapshot of test cases passed for implementation

a set of test cases to ensure that the outcome of each corresponding func-
tion was as expected. The test cases for these metrics have been given in
the first four lines of the Figure 7.4. The next three use-cases in this figure
ensure that the comparison between various metrics are implemented
correctly. The implementation in this case covered the mechanism em-
ployed in ChemoTF.

I implemented the core functions of comparative algorithms namely
EnSteiner,MinSD, and RarestFirst. Communication Cost is the only met-
ric these algorithms use while forming the final team thus developing
corresponding functions to calculate this metric was the the main re-
quirement. Since each algorithm calculates Communication Cost differ-
ently, I devised separate test cases for each algorithm. These test cases
have been demonstrated in Figure 7.4 and are recognisable by their name
which ends with “_ShouldReturnValidComCost”. In addition, given that
each one of the comparative algorithms employ a different mechanisms
to form teams, extra test cases were required to guarantee the validity of
final teams generated by each algorithm. These cases have been demon-
strated in Figure 7.4 for each one of the comparative algorithms and are
recognisable by their names which end with “_ShouldReturnValidFinal-
Team”. The next section describes the steps taken to pass these use-cases
and validate the results of the comparative algorithms.
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Table 7.1: The result of three comparative algorithms used as test cases

Required Skills

Algorithms
Diversity

Dissmilarity
Coverage

Unified
Ranking

Probablistic
Database

Multilingual
Interface
Ranking

Constraints

Subgraph
Maintenance
Streaming
Real-time

Identification

Ensteiner E. Pitoura,
C. Faloutsos A. Deshpande

A. Kumaran,
H. Jagadish,
M. Ramanath,

W. Fan

P. Indyk

MinSD R. Agrawal
A. Deshpande
N. Koudas
J. Yang

A. Kumaran,
R. Agrawal,
K. Shim

R. Motwani,
Lakshmanan

RarestFirst H. V. Jagadish,
R. Agrawal

A. Deshpande,
R. Motwani,
J. Widom

A. Kumaran,
H. Jagadish,
M. Ramanath,

W. Fan

P. Indyk,
N. Koudas

7.3.3 Validating the Outcome
In order to guarantee thatmy implementation of comparative algorithms
reflects the exact mechanism employed in each algorithm and returns
valid results, I obtained the experimental results of use-cases for each
algorithm from their original papers. I then verified the results to the
comparative study conducted in [130] and devised a list of use-cases to
cover all thepossible scenarios. Table 7.4 demonstrates theuse-cases and
the generated results for each one of the comparative algorithms. I then
turned theseuse-cases and their corresponding results into test cases and
devised functional test cases. Passing these test promise that my imple-
mentation returns the expected results as obtained in the original papers.

In summary, I implemented the core functionality required for all al-
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gorithms in an accurate and reliable fashion. I first prepared a test har-
ness to guarantee that the implementation was fair and accurate. Then I
devised test cases for each algorithm according to the core requirements
listed earlier in requirement analysis. I turned the parameters and the
logic behind themechanisms into test cases and programmed a software
to pass the tests. I verified the mechanism and results of each algorithm
against the experimental results obtained from the original papers by im-
plementing such functions that passed devised test cases.

Using TDD helps to start the project rapidly and accurately without
any consequent evaluation or validation. However, as mentioned earlier,
the nature of TDD demands minimal code to only fulfil the core require-
ment. This is why TDD is usually equipped with Object Oriented Pro-
gramming (OOP) to help develop the core functions implemented in the
beginning and expand them into complete software. The next section
discusses how I used this approach to develop a reliable software for the
four mentioned algorithms.

7.4 Implementation: An OOP approach
Object-Oriented Programming (OOP) is a software programming tech-
nique based on the concept of “objects”, which are data structures con-
taining both functions (often refereed to asmethods) and data (often ref-
ereed to as fields, attributes or properties). [106]. Objects are building
blocks of OOP and are the main point of difference between OOP and
procedural programming. They have characteristics of their existence
(states); they are informative of their functionality (methods); they hold
information (attributes); they live and die (instantiated or disposed); and
they have definitions (class).

OOP have numerous advantages which havemade it favourable since
its emergence in mid 1980’s. The characteristics such as robustness, ex-
tendability, compatibility, efficiency, portability, ease of use, functional-



7.4. IMPLEMENTATION: AN OOP APPROACH 117

ity, timeliness, inheritance,memorymanagement, etc. are all advantages
of using OOP [106]. However the last key benefits of OOP mentioned
above (inheritance and memory management) were the two main rea-
sons I adopted this technique for the purpose of my implementation.

Being able to take advantage of the concept of inheritance, I imple-
mented similar attributes differently for all the algorithms. An evident
example of these attributes is Communication Cost which is calculated
differently across the algorithms. I devised a base class containing the
similar attributes and methods and have each algorithm as a child class
inheriting these attributes and methods. The algorithms then override
the inherited attributes and methods according to their own definition
and interest. Furthermore, the memory management capability offered
as Garbage Collection (GC) in OOP made it easy to take advantage of the
hash tables. Recall from Chapter 3 that the use of hash tables reduced
the time complexity of generating sub-graphs of experts to linear time
complexity. These hash tables reside in thememory and can grow big for
large social networks. Taking advantage of GC and defining the classes
accurately, each object is disposed as soon as its process is finished.

The rest of this chapter has been dedicated to explaining the steps
taken for implementation of all the required features of the algorithms.
These steps include devising a class to make the data available for algo-
rithms during their execution, and implementing classes containing the
attributes and methods for each algorithm.

7.4.1 Mapping Data

In order to make the required data available for the algorithms, I devel-
opedabase class calledClassLoadable consistingof afield calleddataRow.
The aim was to create a capability in which any instantiated object of a
class that inherits ClassLoadable can access data directly from database
in the form of dataRow. Then, I developed 8 classes corresponding to
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Figure 7.5: UML Class Diagram of Data Mapping Design

the 8 tables of the database in Figure 7.1, such that they all inherit Class-
Loadable. Such design enables an efficient data mapping and provides
a unified data platform for all the algorithms. Figure 7.5 illustrates the
UML class diagram of this design. ClassLoadble depicted in the top right
corner of the figure is the base class. The 8 classes which inherits this
class are Experience, Experience_Skill, Exert, Experience_AoE, AoE, Expe-
rience_Expert, Skill_AoE, and Skill. They access the database directly and
make the required data available by mapping it into TFPData demon-
strated on the right side of the figure. The arrows from these classes to
ClassLoadable demonstrates their dependence.

Apart from TFPData, there are other classes that have no dependency
to the base class. These classes includes Node, Edge, Graph, and Social-
Network andhavebeendemonstratedon the left bottomof theFigure 7.5.
They are used to construct the social network and populate the hash ta-
ble containing sub-graphs of experts prior to the execution. Both social
network and hash table reside in thememory during the run-time hence
they are accommodated upon the initiation of the programme.
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Figure 7.6: UML Class Diagram of Algorithms Design

7.4.2 Developing Algorithms

Havingmapped thedata into classes and constructed thenecessary com-
ponent of the application, I expanded thedevelopment of key functional-
ities of algorithms which previously implemented using TDD. In order to
achieve this, I designed an abstract base class called Algorithm that is in-
heritedby four classes corresponding to four algorithms in this. Figure 7.6
illustrates theUMLclassdiagramof thisdesign. These classes includeEn-
Steiner, RarestFirst, ChemoTF andMinSD. The arrows from these classes
to the base class specify the dependency.

The Algorithm class is an abstract class meaning that it contains no
implementation and only indicates the common attributes necessary for
a TF algorithm. In other words, any class that inherits it can implement
the indicated attributes according to its own requirements. Each algo-
rithm has their own class and implementations. The common attribute
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between all the algorithms is the method Solve. This method executes
the algorithm and is the only method that is called from Program class.
Program class depicted on the left bottom of the figure is the only static
class throughout the application. This is because it is the point where the
application is initiated. Furthermore, Result and Team classes shown in
the right side of the figure contain the results of the execution and are in-
stantiated for every algorithmupon finding the desired team. The data in
these classes is reported and stored into files as soon as the process in all
algorithms are finished. The programme is terminated upon obtaining
the results.

To summarise this chapter, I implementeda reusable, expandable and
efficient software to produce reliable results for all the four algorithms.
TDD was used to implement the core objectives identified in require-
ment analysis and validate the results. This process relies on the data
offered from a single source thanks to the test harness. Then OOP was
used expand the implementation to cover all functionality of the soft-
ware. Thanks to the concepts of inheritance, the algorithms run inde-
pendently with the same input under the same conditions. The following
chapter provides an analysis based on the experimental results ofmy im-
plemented software for all the algorithms discussed in this thesis. The
experiment is conducted for tasks with different size and nature and is
repeated to conclude a reliable analysis. First the metrics for the analysis
is outlined. Then an analysis based on the results of ChemoTF is given.
Moreover, a comparative analysis between all four algorithms based on
the experimental results is provided. Finally sensitivity analysis for the
employed metrics and parameters is presented.



“The fundamental principle of sci-
ence, the definition almost, is this:
the sole test of the validity of any
idea is experiment.”

Richard P. Feynman [52]

Chapter 8

Results and Analysis

Having designed, implemented, tested and validated all the algorithms
and their corresponding entities in the previous chapter, an experiment
was conducted on theCompScholarCorp. Evaluating the result of this ex-
periment in real-life scenarios requiresmeasuring the success rate of var-
ious tasks performed by teams consisting of real people who are formed
by each algorithm. This necessitates an overwhelming amount of time
and budget whichmakes a real-life experiment and the consequent eval-
uations impractical. Instead, I conducted a comparative analysis to eval-
uate my results against three TF algorithm with respect to well-known
metrics. In addition I conducted a sensitivity study to determine the ef-
fect of inputs on the parameters and the effect of metrics on each other.

First the environment of the experiment and it configurations are dis-
cussed. In addition, the metrics used for the analyses are elaborated and
the characteristics of each metric are explained. Then in the second sec-
tion, the experimental results of ChemoTF are analysed and the quality
of teams formed by my algorithm with respect to its parameters are as-
sesses. In the third section, the results of comparative study for the four
algorithmswith respect to the selectedwell-knownmetrics are explained
and the findings are outlined. Finally the results of the sensitivity study
are elaborated and the findings are summarised.

121
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8.1 Experiment Configurations

The experiment was conducted using a single machine. The machine
used for this purpose was equipped with an Intel® Core™ i5-7300HQ
CPUwith 6MBof cash and 3.50GHz frequency, 8GBof RAM, and 1TB lo-
cal hard disk. This machine was running Windows 10 Enterprise Edition
as Operating System. The database and the software were copied into
the local drive of the machine prior to the experiment. A 2% CPU usage,
7.1 GB available RAM, and 420 GB space in the local dive was detected
before the experiment. In addition, the machine was connected to LAN
due to the university policies.

The input generation procedure was adjusted to randomly generate
tasks with p number of skills p ∈ {2,3, . . . ,20}. For each configuration, the
task generation is repeated 100 times and the results were reported ac-
cordingly. This adjustment is based on the pattern followed by the origi-
nal authors of the comparative algorithms. The results of the experiment
were stored in a local CSV file for each algorithm. The rest of this chapter
has been dedicated to discussing the metrics used for the analysis and
explicating the result of the experiment with respect to this metrics.

8.2 Analysis Metrics

For the purpose of this study two sets of metrics are used to analyse the
experimental results. The first set of metrics include the parameters in-
troduced and defined earlier in Chapter 3 for ChemoTF. These parame-
ters include, Chemistry Level, Dynamic Communication Cost, Expertise
Level, and Expert Cost. These parameters are used as metrics to analyse
the experimental results of ChemoTF in order to provide an insight of the
quality of the generated teams. The best team with respect to these pa-
rameters is the one which has Communication Cost lower than Chem-
istry Level, the highest Expertise Level, and Expert Cost lower than the
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average cost of the teams possessing the same skills in social network.
Among these parameters, Chemistry Level and Dynamic Communica-
tion Cost are unique to ChemoTF and cannot be used to analyse the re-
sults of other algorithms. However Expertise Level and Expert Cost are
compatible with other algorithms thus they have been used for the pur-
pose of comparative analysis.

The second set of metrics used in this study are the well-known met-
rics commonly used in the literature to assess the quality of a success-
ful team. These metrics include the cardinality, sum of degree centrality,
and density. Since the execution time is an essential factor of of any algo-
rithm, the performance of each algorithm with respect to time (seconds)
has been considered as a metric as well. The above mentioned four met-
rics have been employed in the comparative analysis as well as the sensi-
tivity analysis conducted in this chapter. The intuitionbehindusing these
metrics is to provide a fair comparison between ChemoTF and the three
algorithms including RarestFirst, EnSteiner, and MinSD. In order to un-
derstand the notion of these metrics and the rationale behind choosing
them for my analysis, the rest of this section has been dedicated to pro-
viding a background on eachmetric and describing their characteristics.

8.2.1 Cardinality: The smaller, the better

The first metric of this study is the cardinality of final team which is re-
ferred to as the number of vertices in a graph. The consensus among re-
searchers is that teamswith smaller cardinality aremoredesirable. Teams
with lower number of experts are expected to be more cost-effective. A
huge part of the budget for every project is assigned to cover the person-
nel cost and coordination [7], hence teams with small size have been the
target for many algorithms in the area of TF. In addition it is suggested
that teams with smaller cardinality have higher level of productivity [24]
and are more effective when it comes to decision making [23].
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8.2.2 Centrality: The higher, the better

The secondmetric is the centralitywhichdetermines themost significant
vertices within a graph [25]. Historically, the most basic centrality mea-
sure for undirected graph is the degree centrality which is determined by
the number of neighbours for a vertex. The degree centrality is first pro-
posedand formulatedbyFreeman [55] andhasbeenused since in various
fields including social networks. For the purpose of this analysis, this for-
mula has been used to calculate the centrality. I have referred to degree
centrality simply as “centrality” in this chapter. The consensus among
researchers is that the more the centrality for a vertex gets, the more in-
fluence that vertex becomes. [26]. Base on this agreement, teams with
higher centrality are more desirable.

8.2.3 Density: The higher, the better

Density is the third metric I employed for the purposed of analysis in
this study. As described earlier in Chapter2, the density of a graph de-
termines the sum of the edges to all its vertices [37]. The motivation be-
hind using the density as a metric is that the teams with higher density
aremore interconnected hence their communication channels are abun-
dant. In the areaofTF, thismetric hasbeenused in various studies includ-
ing [57], [119],and [109]. The consensus is that higher density is desirable
for the teams.

8.2.4 Performance: The faster, the better

The final metric used in this analysis is performance of algorithms with
respect to time. The consensus is that the lower the time of execution for
an algorithm is, the better the performance of that algorithm becomes.
However, this measure does not solely represent the quality of an algo-
rithm for it relies on the process rather than the results.
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Chapter 1

Experimental Results and
Analysis
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1.2 Key Findings

The effect of number of required skills in the task on Communication
Cost, ChemistryLevel andExpertiseLevelhasbeen illustrated inFigure1.2.
As observed from the left plot in this figure, Communication Cost and
Chemistry Level of ChemoTF both increases exponentially as the num-

1

Figure 8.1: The effect of the number of skills on the final teams formed by
ChemoTF with respect to its parameters

In summary, three analyses are conducted using two sets of metrics
including 4 metrics from ChemoTF and 4metrics commonly used in the
literature. These metrics are Communication Cost and Chemistry Level
for ChemoTF only, Time performance for comparative analysis only, and
Expertise Level, Expert Cost, cardinality, centrality, and density for both
comparative and sensitivity analysis. The rest of this chapter has been
dedicated to elaborating these analyses and discuss the findings.

8.3 ChemoTF Results and Analysis

In this section, I present the experimental results of ChemoTF and anal-
yse the final teamswith respect to five parameters employed inChemoTF
given various number of required skills. The effect of number of required
skills in the task on the final teams generated by ChemoTF given various
metrics has been illustrated in Figure 8.1. These metrics include Chem-
istry Level (C hemLvl), Communication Cost (ComCost), Expertise Level
given the skills (E xpLvl), Average Cost of experts possessing the skills in
social network (Av gCost), and Expertise Cost (E xpCost). Given the simi-
lar nature ofC hemLvl compared toComCost , and Av gCost compared to
E xpCost , these metrics have been studied together.
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8.3.1 Communication Cost and Chemistry Level
The Communication Cost (ComCost) and Chemistry Level (C hemLvl) of
teams formed by ChemoTF have been demonstrated on the left side of
the Figure 8.1. As observed from this figure, ChemoTF always finds teams
with ComCost less than C hemLvl . The difference between the values of
these function is 163 at the highest, 87 at the lowest, and 128 as median
average. This is because the mechanism of ChemoTF has been designed
such that the Dynamic Communication Cost of a pair of experts given
their skills is compared to the Chemistry Level of skills in each round.
Pairs for which the Dynamic Communication Cost exceeds the Chem-
istry Level are ignored which results in teams with ComCost less than
C hemLvl . Given that C hemLvl represents the required level of commu-
nication for a team to succeed, this observation can be summarised as
the following statement:

Statement 8.3.1. (ChemoTF Communication Effectiveness)
Teams formed by ChemoTF communicate effectively with the rate of

100% of the required communication level.

It is also observed that both ComCost and C hemLvl increase expo-
nentially as the number of skills grows. Both functions are fit for y = nemx

function. The goodness of fit for C hemLvl with values n = 127.25 and
m = 0.0821 is calculated as R2 = 0.99. The goodness of fit for ComCost

with values 6.58 ≤ n ≤ 15.67 and 0.19 ≤ m ≤ 0.25 is R2 = 0.91. This suggests
that the growth of both functions depends on the number of the skills.
The exponential growth rate for ComCost is k = 0.369 and for C hemLvl is
k = 0.323. The reason for such behaviour is that an increase in the number
of skills results in larger teams and consequently a decline in the number
of communication channels. This forces ChemoTF to formmore diverse
teamswith relatively higherComCost . The impact of the number of skills
on ComCost is calculated at the rate of 36%. The statement bellow sum-
marises this observation:
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Statement 8.3.2. (Impact of Number of Skills on Communication Cost)
The growth of the number of skills has a negative impact of 36% on the

level of communication in ChemoTF formed teams.

Furthermore, C hemLvl and ComCost gradually converge. The dis-
tance between two functions at the beginning is 163 and decreases to 87
at the end. This is due to the reduction of commonality between the indi-
vidual skills which leads to less overall C hemLvl . ChemoTF uses this op-
portunity to form teamswith high overall expertise level whosemembers
have weaker social ties in the network which results in higher ComCost

in overall. Having said that, the two functions will never intersect due to
the C hemLvl limit. This observation can be stated as bellow:

Statement 8.3.3. (Communication Cost with Large Number of Skills)
Teams formed by ChemoTF that cover tasks larger than 20 skills are

likely to communicate at rate of 90% of Chemistry Level.

Finally, the curves in both functions suggest that when the number of
required skill is low, ChemoTF finds smaller teams with high level of ex-
pertise and less ComCost . The possibility of finding more experts with
multiple skills is higher compared to when the number of required skills
are high. This behaviour causes near-mirror curve in E xpLvl demon-
strated on the middle graph of the figure. This is particularly accurate
for tasks with 5 to 15 skills. The dissimilarity of E xpLvl and ComCost in
this area is calculated using Kolmogorov-Smirnov (KS) test at its lowest
rate of DK S = 189.33. This rate is 53% lower compared to smaller tasks and
76% lower compared to larger tasks which suggests:

Statement 8.3.4. (Task with 5 to 15 Skills in ChemoTF)
Teams formed by ChemoTF for covering 5 to 15 skills have Low Com-

munication Cost and high Expertise Level with the best median average
ratio of E xpLv

ComCost = 1.04 which is 53% better compared to smaller tasks and
76% better compared to larger tasks.
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Having analysed the results of ChemoTF with respect to Chemistry
Level and Communication Cost, I conclude that ChemoTF performs as
expected with regards to efficient Communication Cost. In the next sec-
tion I elaborate the results of ChemoTF with respect to Expertise Level.

8.3.2 Expertise Level
The result of ChemoTF with respect to Expertise Level (E xpLvl) of the
team given various number of skills have been demonstrated in themid-
dle graph of Figure 8.1. As stated in Chapter 3, one objective of ChemoTF
is to find teams with maximum possible E xpLvl hence no limitation has
been set for this metric.

As suggested in previous section, the curve in E xpLvl is the result of
highnumberofmulti-skilled expertswithhighE xpLvl . In addition to this
curve, it can be observed that E xpLvl experiences logarithmic growth as
the number of required skills rises. The function y = n ln x−m with values
107.54 ≤ n ≤ 111.64 and 84.129 ≤ m ≤ 90.156 is 98% fit for E xpLvl function.
The growth of this function at the beginning is calculated at the rate of
k = 1.01 which drops to k = 0.34 for larger tasks with 20 skills. The reason
for this behaviour is that E xpLvl becomes unified across the network.
More specifically, the average sum of E xpLvl of experts who can com-
municate efficiently and fulfil the task becomes very similar across the
network. This is governed by C hemLvl to guarantee the communication
efficiency. As a rule of thump, this observation can be stated as bellow:

Statement 8.3.5. (Normalisation of Expertise Level in ChemoTF)
Teams formed byChemoTF that cover tasks larger than 20 skills are 98%

likely to have similar overall expertise level of E xpLvl20±εwhere E xpLvl20

is the Expertise Level for 20 skills and ε< 4.23.

As described earlier in Chapter 3, finding experts with maximum Ex-
pertise Level can potentially result in very costly teams. In order to con-
trol this cost, ChemoTF has been equipped with a mechanism to control
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the Expert Cost. This function is referred to as Average Cost and is calcu-
lated for a teamas the sumof the average cost of experts in social network
with the required skills. The following section discusses the experimental
results with respect to Expert Cost and Average Cost.

8.3.3 Expert Cost and Average Cost
The Average Cost (Av gCost) of skills in the social network and the Expert
Cost (E xpCost) of the teamgiven required skills havebeen representedon
the right graph in the Figure 8.1. Av gCost has a goodness of fit of R2 = 0.95

with the polynomial function y =−0.056x2+4.52x. The goodness of fit for
E xpCost is R2 = 0.96 with the polynomial function y = nx2 + mx where
−0.012 ≤ n ≤ 0.008 (n 6= 0)and 3.121 ≤ m ≤ 3.728. This suggest a similar be-
haviour between the two functions which is proven by DK S = 27.45 and is
observed by their polynomial growth as the number of skills rises.

ChemoTF has been designed such that if E xpCost of a selected can-
didate is foundmore costly than Av gCost of experts possessing the same
skills throughout the network, the candidate is substituted with another
expert until a candidate with a E xpCost lower than Av gCost is found.
This leads to a consistently lower overall E xpCost of the team and shows
that teams formed by ChemoTF are always less costly than the Av gCost .
Considering that Av gCost represents the required cost of a selected ex-
pert and E xpCost is never above the threshold set by Av gCost , the state-
ment bellow is given:

Statement 8.3.6. (ChemoTF Cost-Effectiveness)
Teams formed by ChemoTF are 100% cost-efficient with respect to the

average cost of experts possessing the same skills in social network.

Furthermore, there is a positive correlationbetween the two functions
E xpCost and E xpLvl which is calculated using Pearson Correlation Co-
efficient at the rate of r = 0.95. Given the positive growth of E xpLvl dis-
cussed earlier, the values of E xpCost gets to thehighest allowed values fil-
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tered by Av gCost function. This correlation reveals interesting findings.
One finding is regarding the polynomial growth of E xpCost between 5 to
15 skills. E xpCost has a linear growth of the rate of 0.33 in the beginning
and then turn to polynomial with a growth rate of 1.21 between 5 to 15
skills. This is the same area where a near-mirror is detected in E xpLvl

function. Teams in this area have high level of E xpLvl . Given the positive
correlationbetween E xpLvl and E xpCost , this phenomena is interpreted
as a reaction to rise of E xpLvl .

Finally, E xpCost and Av gCost stay close to each other throughout the
experiment. The median average difference between these functions is
4.55. Given that Av gCost is the upper bound for teams formed by my
algorithm, the closeness of these two functions suggests that ChemoTF
forms teams near the upper limit of cost. The difference is higher in the
beginning but two functions converge as the number of skills grows. The
highest difference is 6.153 for task with 6 skills, and the lowest difference
is 3.10 for task with 19 skills. The reason is that the cardinality of teams
for small tasks is small due to high number of multi-skilled experts. The
statement bellow can be given:

Statement 8.3.7. (MaximumExpertise Level in ChemoTF)
Teams formed by ChemoTF have the highest Expertise Level among the

teams filtered by the average cost constrain of similar teams.

In summary, analysing the experimental results of ChemoTF with re-
spect of various metrics demonstrates that this algorithm forms teams
in which members can communicate effectively within the range of re-
quired communication level. This level of communication is particularly
effective for small to large tasks and reaches the highest boundary for ex-
tra large tasks. On the other hand, the teams formedbyChemoTFpossess
maximum possible level of expertise while being cost-effective. The cost
of the team never exceeds the average cost of similar teams in the social
network thus their cost-effectiveness is guaranteed.
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In order to be able to validate the results of ChemoTF, I ran a compar-
ative analysis and evaluated the results against three well-known algo-
rithms. The experiment was conducted in a fair environment with the
same inputs for all algorithms. The next section has been devoted to
analysing the outcome of this comparative analysis.

8.4 Comparative Analysis
To determine the quality of the teams formed by ChemoTF, I evaluated
my algorithm against three prominent state-of-the-art team formation
algorithms; RarestFirst [86], EnSteiner [86], and MinSD [76]. My imple-
mentations of these algorithms were verified against the use-cases pro-
vided in the source papers and tested in a uniformcontext in the previous
chapter. Themetrics used for this analysis include Expertise Level, Expert
Cost, cardinality, sum of degree centrality, and density. Given the differ-
ent definitions of Communication Cost function across algorithms, this
parameter has been removed from the comparative analysis. Figure 8.2
illustrates the result of the experiment with respect to these metrics. The
left panel (1) depicts the distribution box plots and the graphs on right
panel (2) gives the median average trends for four algorithms.

The first observation I make is that the results of ChemoTF (shown
in green) are less variable than the other algorithms. Examination of the
box plots in Figure 8.2(1) reveals that the lower and upper extremes of
ChemoTF are very close to themedian values in almost every case across
the tasks – regardless of their size and complexity. With respect toE xpLvl ,
themedian averagedistancebetween lower andupper extremes inmyal-
gorithm is 2% lower than RarestFirst, 58% lower than EnSteiner, and 33%

lower than MinSD. This distance with respect to E xpCost , is 64% lower
than RarestFirst, 59% lower than EnSteiner, and 41% lower than MinSD.
This distance with respect to the other metrics is also consistently lower
than all three algorithms. This is a significant achievement for ChemoTF
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Figure 1.3: CompScholarCorp Citation Network Visualisation. Row 1 is
Power Law Degree and Row 2 is Cumulative Degree Distributions.
Figure 8.2: Comparison between experimental results of TF algorithms
with respect to variousmetrics. The graphs on left demonstrate distribu-
tion box plots and the graphs on right display themedian average trends.
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particularly because of the fact that TF problem is NP hard. The state-
ment bellow summarises this observations:

Statement 8.4.1. (ChemoTF Predictability)
ChemoTF consistently generates more predictable results for TF prob-

lem compared to RarestFirst, EnSteiner, and MinSD with 61%, 68%, 36%

more accuracy.

Apart from the predictability, the results suggest that ChemoTF per-
formsbetterwith respect to themetricsof thequalityof a successful team.
The rest of this section has been dedicated to conducting a comparative
analysis on the all algorithms and providing an insight of the results of
ChemoTF in a comparative manner.

8.4.1 Comparing Expertise Level of the Teams

The first metric used in this analysis is Expertise Level (E xpLvl). This
metric is one of themain parameters of ChemoTF and has been fully dis-
cussed earlier inChapter 3. Since it reflects the level of expertise of a team
in a particular set of skills, teamswith higher Expertise Level are expected
to have higher potential to perform a task better.

As observed from row (a) in Figure 8.2, ChemoTF is exceptional with
respect to E xpLvl . The results of E xpLvl function for ChemoTF are 87.2%

higher than RarestFirst, 82.1% higher than EnSteiner, and 81.12% higher
than MinSD at their best, with respect to the highest achievable E xpLvl

values. In the worst case, these results are 52% higher than RarestFirst,
52.7% higher than EnSteiner, and 28.12% higher thanMinSD. The dissim-
ilarity of ExpLvl for ChemoTF using KS Test is calculated at the rate of
672.17 compared to RarestFirst, 706.98 compared to EnSteiner, and 597.14

compared toMinSD.These results demonstrate thatChemoTF isworking
as intended as it has been designed to prioritise E xpLvl . This the state-
ment bellow can be given:
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Statement 8.4.2. (TheMost Expert Teams with ChemoTF)
The teams formed by ChemoTF have the highest Expertise Level, 73%

higher than RarestFirst, 72.3% higher than EnSteiner, and 56.66% higher
thanMinSD at themedian average rate with respect to the highest achiev-
able Expertise Level.

Given the consistency of ChemoTF in forming teams with highest Ex-
pertise Level for taskswith various complexities, this algorithm is the best
choice when high expertise of the teammembers is a priority.

8.4.2 Comparing Expert Cost of the Teams
The second metrics I used for the purpose of this comparative analysis
is Expert Cost (E xpCost). As described in Chapter 3, the less the value of
E xpCost gets for a team, the more cost-effective the team becomes.

The experimental results with respect to E xpCost are given in row (b)
of Figure 8.2. The results of E xpCost for ChemoTF are 38.9% lower than
RarestFirst, 36.1% lower than EnSteiner, and 45.8% lower than MinSD at
their best rates with respect to average cost of team in the network. In
addition, these results are 7.3% lower than RarestFirst, 10.16% lower than
EnSteiner, and 14.78% lower thanMinSD at their worst rates with respect
to average team cost. Furthermore, ChemoTF is the only algorithm that
achieves a success rate of 100% in forming teams with E xpCost bellow
the average cost. The success rates for RarestFirst, EnSteiner and MinSD
are 11.5%, 9.8%, and 5.4% respectively. This is due to the cost function
embedded in ChemoTF, whereas the other algorithms do not employ any
mechanism to control the cost of the final teams. This observation can
be included as the statement bellow:

Statement 8.4.3. (Lowest Expert Cost with ChemoTF)
ChemoTF achieves forming teams with the lowest Expert Cost with the

success rate of 100% compared to RarestFirst, EnSteiner and MinSD with
the success rate of 11.5%, 9.8%, and 5.4% respectively.



8.4. COMPARATIVE ANALYSIS 135

In addition, it is evident that the E xpCost for all algorithms increases
as the number of skills grows. This is because, more experts are required
to cover the skills as the number of skills grows hence the associated cost
increases accordingly. Apart from ChemoTF which consistently forms
cost-effective teams, other algorithms form teams with almost similar
E xpCost . The dissimilarity rates between ChemoTF and RarestFirst, En-
Steiner, andMinSD are 46.58, 41.91, and 65.89 respectively.

8.4.3 Comparing Cardinality of the Teams
Asdiscussed earlier, a significant part of the budget for every project is as-
signed to cover personnel cost and coordination [7]. In fact it was found
that the cardinality of the team has a positive correlation at the rate of
98.82% with E xpCost . Thus teams with small sizes are more desirable.
As observed from row (c) of Figure 8.2, ChemoTF has the best perfor-
mancewith respect to thismetric. Themedian average cardinality rate in
ChemoTF is 27.8%of the best achievable ratio. This value for RarestFirst is
18.94%, for EnSteiner is 25.98% and for MinSD is 21.56% respectively. The
reason lies in the low number of intermediate nodes in the teams formed
by ChemoTF. This is achieved by Nei g hbour function described earlier
which leads to cohesive teams with small sizes. Thus I state that:

Statement 8.4.4. (Lowest Cardinality with ChemoTF)
Teams formed by ChemoTF have the lowest cardinality among all the

algorithms. Themedianaverage cardinality achieved inChemoTF is 8.86%

lower than RarestFirst, 1.82% lower than EnSteiner, and 6.24% lower than
MinSD with respect to the best achievable cardinality.

Theability ofChemoTF to consistently formsmall teams for taskswith
different types andcomplexitiesmakes it thebest choice for the scenarios
where the budget is limited. In addition, given that small teams are easy
to manage and more productive [74], ChemoTF stands out when the ef-
ficiency of management or coordination is crucial.
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8.4.4 Comparing Density of the Teams
As discussed earlier, teams with higher density are associated with ef-
fective communication due to the abundance of communication chan-
nels. [37]. The experimental results with respect to the density shown on
row (d) of Figure 8.2 suggests that ChemoTF achieves the density rates
of 60.27%, 25.51%, 15.67%, 11.05%, and 7.04%, for the tasks with 4, 8, 12,
16, and 20 skills with respect to the density of the perfect graph. These
rates are 32.51%, 16.35%, 11.26%, 9.24%, and 6.23% higher than RarestFirst,
39.79%, 19.74%, 13.36%, 10.23%, and 6.50% higher than EnSteiner, and fi-
nally −0.19%, 1.52%, 1.15%, 1.59%, and 1.11% higher thanMinSD. The me-
dian average rate of the density for ChemoTF is 23.9% which is 15.12%

higher than RarestFirst, 17.92% higher than EnSteiner, and 1.03% higher
thanMinSD.

The reason for the remarkable results achieved by ChemoTF is that
teams formed by this algorithm take advantage of small number of me-
diators. Themediators are thoseexperts that connect twoormoreexperts
to each other in social network and are chosenwhen theCommunication
Cost on the route through them is minimum. Given that ChemoTF does
not aim at forming teamswithminimumCommunication Cost thanks to
its novel parameters, it uses less mediators thus forms team with higher
coherency and consequently higher density. To summarise this observa-
tion, it can be stated that:

Statement 8.4.5. (Highest Density with ChemoTF)
Teams formed by ChemoTF have the highest density of a median aver-

age ratio of 23.9% among all the comparative algorithms which is 15.12%

higher than RarestFirst, 17.92% higher than EnSteiner, and 1.03% higher
than MinSD respectively.

The difference between the density of ChemoTF andMinSD is subtle
for small tasks but becomes larger as the number of skills rises. The dis-
similarity between these two algorithms starts at DK S = 41.1 and rises to
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DK S = 73.77 at the end. This is becauseMinSD also forms coherent teams
for small tasks thanks to its definition of ComCost based on the shortest
distance between neighbouring nodes. However as the number of skills
grows and more experts are required for the team, the possibility of the
distance between neighbouring nodes being the shortest path decreases
and more intermediate nodes are employed. Compared to RarestFirst
and EnSteiner, ChemoTF is significantly better with respect to the den-
sity of the team. The dissimilarity between ChemoTF and RarestFirst is
DK S = 669.39whereas this valuebetweenChemoTFandEnSteiner isDK S =
772.15. The reason for this significant difference is that both the algo-
rithms use an extensive number of intermediate connectors to reduce
ComCost asmuch as possible which reduces the coherency of the teams.

Finally, the density of teams decline for all the algorithms as the num-
ber of skills grows. The reason is the growth of the team cardinality ac-
cording to the number of skills. As the cardinality of the team increases,
more communication channels are required to maintain the density of
the final team. This can be easily observed in the equation D = 2|E |

|V |(|V |−1)

[37]. In order tomaintain the level of density D for an increasing number
of vertices |V |, it is required tomaintain the number of edges |E |. Because
neither the network nor the final teams are perfect graphs, the density
declines as the size of the task grows.

8.4.5 Comparing Centrality of the Teams

As stated earlier in this chapter, sumof the degree centrality [55] is a well-
knowmetric commonly used in social network analysis which is often re-
ferred to as centrality. Nodes with higher value of centrality are believed
to have higher influence across the network [26]. Considering the high
centrality values of teams formed by ChemoTF shown in row (e) of Fig-
ure 8.2, this algorithm is the best choice when teams with higher impact
are preferred. ChemoTF achieves the degree ratios of 59.3%, 51.3%, 47.8%,
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45.1%, and 38.2% for tasks with 4, 8, 12, 16, and 20 skills. Themedian aver-
age degree forChemoTF is 48.34%which is 27.74%higher thanRarestFirst,
24.54% higher than EnSteiner, and 5.36% higher than MinSD. Essentially,
ChemoTF forms teams with the highest level of expertise possible. Given
that the E xpLvl of a team reflect the sumof the number of edges to all the
nodes in the team (sum of degree), the formed team naturally expresses
a high centrality value. In addition, the centrality values follow the same
pattern observed for the density. For all the algorithms, bothmetrics sim-
ilarly decline as the number of skills grows. The reason is the positive cor-
relation between centrality and density which has been proven in [126]
which I calculated at the rate of 0.98%. I conclude that:

Statement 8.4.6. (Highest Centrality with ChemoTF)
Teams formedbyChemoTFhave thehighest sumof thedegree centrality

of the median average of 48.34% which is 27.74% higher than RarestFirst,
24.54% higher than EnSteiner, and 5.36% higher than MinSD.

8.4.6 Comparing Performance of the Algorithms

The experimental results with respect to performance are presented in
row (f) of Figure 8.2. Although my experiments were executed up to 20
skills, scaling on this parameter has limited value in reality – as issuing
tasks with a high number of required skills has a negative impact on the
performance of the team [24]. In fact, Miller [100] suggests that an ideal
size of the team should be 7±2. In addition, Blenko et al. [23] prove that
teams consisting of more than 7 people suffer from lack of decision ef-
fectiveness. Analysing the records of my corpus, I found that the median
value and average number of skills used in publications throughout the
corpus are 5 and 6.13. Considering keywords as skills and publications as
the outcomeof collaborationbetween experts, the performance of the al-
gorithms should be ideally be considered for a maximum of 12 skills – as
any task larger than this will result in teams with undesirable cardinality
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(for all four algorithms).
Overall, the performance of ChemoTF for taskswithmaximum8 skills

is comparable to the performance of the other algorithms. The median
average performance of ChemoTF is 2.5 times faster than EnSteiner. My
algorithm at its best case performs equally well compared to RarestFirst
and 5.1 seconds slower at its worst case. This performance is 0.8 ± 0.2

seconds slower than MinSD in average. Although the performance of
ChemoTF drops for 8 to 12 skills, it remains tractable for the entire pro-
cess. This can be observed from the extremely low difference between
lower andupper extremes on row (f).1 of the Figure 8.2 indicating notable
execution time stability. It can be stated that:

Statement 8.4.7. (Ideal Performance of ChemoTF)
ChemoTF forms teams in an ideal time-line and is and in a more pre-

dictable fashion compared to other algorithms,withamedianaverage rate
of 1.2, 15.4, and 5.6 times better than RarestFirst, EnSteiner, and MinSD.

In order to determine the impact of ChemoTFparameters on themet-
rics used in this study, a sensitivity analysis is conducted with respect to
different tasks. The next sections elaborates the outcome of this analysis.

8.5 Sensitivity Analysis

Sensitivity analysis is referred to as the study of how uncertainty in the
output of a model can be attributed to different sources of uncertainty
in the input of the model [113]. It is often employed to determine how
changes in inputs, definitions or parameters can improve the accuracy or
robustness of the results. [112]. Given that the parameters for ChemoTF
were introduced for the first time in this thesis, I conduct a sensitivity
analysis to study the impact of the parameters andmetrics on each other.
The parameters includeCommunication Cost (ComCost), Expertise Level
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(E xpLvl), and Expert Cost (E xpCost). The metrics include the cardinal-
ity, density, and centrality.

Figure 8.3 depicts the sensitivity analysis result. Each graph represent
three factor including a parameter, a metric and a task consisting of var-
ious skills. The graphs (a) to (e) illustrate the impact of ComCost , graphs
(f) to (i) demonstrate the effect of E xpLvl , and graphs (j) to (l) depict the
effect of E xpCost on the three metrics mentioned above. Since E xpLvl

and E xpCost were previously used as metrics for comparative analysis,
the effect ofComCost on these two parameters have been studied aswell.

8.5.1 Effect of Communication Cost

The effect of ComCost on the metrics has been illustrated in graphs (a)
to (e) of Figure 8.3. As observed from graph (a), ComCost has a positive
correlation with E xpLvl which is almost independent of skills. I calcu-
lated thus correlation at the rate of 79%. This suggest that as theComCost

increases, the number of communication channels decreases and the ex-
perts become more individual. This is governed by Chemistry Level and
enables ChemoTF to maximise E xpLvl as much as possible. I state that:

Statement 8.5.1. (Effect of Communication Cost on Expertise Level)
There is +79% correlation between Communication Cost and Expertise

Level in ChemoTF which is independent of the number of skills.

The sensitivity between ComCost and E xpCost has been shown in
graph (b) of Figure 8.3. There is also a positive correlation between these
two parameters. This correlation has been calculated at the rate of 77%

which is found to be almost independent of skills. The reason lies in the
positive correlationbetweenE xpLvl andComCost shown in the graph (a)
and the positive correlation between E xpCost and E xpLvl shown in the
graph (f). AsComCost rises, E xpLvl rises as well which enforces E xpCost

to rise accordingly. The statement bellow summarises this observation.
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Figure 8.3: Sensitivity Analysis on the parameters and the metrics of
ChemoTF given various required skills
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Statement 8.5.2. (Effect of Communication Cost on Expert Cost)
There is +77% correlation between Communication Cost and Expert

Cost in ChemoTF which 12% depends on the number of skills.

In addition, the graphs (c) and (d) of Figure 8.3 demonstrate that the
effect of ComCost on the centrality and density is negative. Apart from
small teams, the value for these metrics fall dramatically at the rate of
81% and 79% as ComCost increases. The reason is that teams with higher
ComCost contain less communication channels or less edges between
their experts compared to the teams with lower ComCost . Considering
that the number of edges have a positive and direct effect on the central-
ity anddensity, bothmetrics decline for the teams accordingly. This is not
a new observation and has already been fully discussed in [126].

Finally,ComCost has+72% correlationwith cardinality. This effect has
beendemonstrated on graph (e) of the Figure 8.3. Themain reason is that
the elevation of ComCost causes the team to be more diverse and less
connected. The growth of the number of experts is the compensation
payed by ChemoTF to keep the communication effective. This effect is
63% dependant upon the skills and becomes evenmore dependant as the
number of skills rises. This suggests that ChemoTF chooses wider range
of experts for large tasks than for small tasks. There is simply more room
for manoeuvre when the number of required skills are abundant.

8.5.2 Effect of Expertise Level

The effect of E xpLvl on variousmetrics has beendemonstrated in graphs
(f), (g), (h), and (i) of the Figure 8.3. As discussed earlier, there is a posi-
tive correlationbetweenE xpLvl andE xpCost depicted in graph (f)which
corresponds to the correlation between ComCost and E xpCost demon-
strated in graph (b). E xpCost rises according to E xpLvl because teams
with higher E xpLvl are more costly. It is common sense that individuals
with higher expertise are competitively more costly than those with less
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expertise. As ChemoTF forms teams with the highest level of expertise
possible, E xpLvl rises according to the size of the tasks. This rise causes
an increase in E xpCost consequently. This finding can be expressed as:

Statement 8.5.3. (Effect of Expertise Level on Expert Cost)
There is +83% correlation between Expertise Level and Expert Cost in

ChemoTF which 16% depends on the number of required skills.

Given the correlation between E xpLvl andComCost as an effect inde-
pendentof skills discussedearlier, the effect ofE xpLvl on thedensity, car-
dinality, and centrality is expected to be similar to the effect of ComCost

on thesemetrics. As illustrated in graphs (g), (h), and (i) of the Figure 8.3,
the values of metrics rise and fall similarly for ComCost and E xpLvl .

8.5.3 Effect of Expert Cost

The effect of E xpCost on themetrics has been depicted on the graphs (j),
(k), and (l) of the Figure 8.3. Asmentioned earlier in Statements 8.5.3 and
8.5.2, bothComCost and E xpLvl have positive effects on E xpCost . Given
thesepositive effects, the effect ofE xpCost on thedensity, cardinality and
centrality is expected to be similar to the effect of ComCost and E xpLvl

on these metrics. I calculated the effect within the range of 83% to 91%

which is noticeable by comparing graph (j) to (g) and (d) for the density,
graph (k) to (h) and (e) for the cardinality, and finally graph (l) to (i) and
(c) for the centrality.

In addition, the effect ofE xpCost on themetrics is found 18%morede-
pendant to skills compared to this effect for ComCost and E xpLvl . This
is because the effect ofComCost and E xpLvl on E xpCost also slightly de-
pends on thenumber of skills. This iswhy the graphs are slightlywider to-
wards the z axiswhere thenumber of skills has been represented. In order
to expand this observation for all the parameters, the statement bellow is
given:
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Statement 8.5.4. (Effect of ChemoTF Parameters onMetrics)
The parameters Communication Cost, Expertise Level, and Expert Cost

have similar effects on the metrics density, cardinality and centrality. This
effect is positive on cardinality and negative on the density and centrality.

Analysing the experimental results of ChemoTF with respect to vari-
ousmetrics demonstrates thatmy algorithm forms teams inwhichmem-
bers can communicate effectively with the rate of 100% of the required
communication level for tasks consisting of up to 20 skills. This level of
communication is particularly effective for tasks with 5 to 15 skills and
reaches to the highest boundary of 90% of the required communication
level for larger tasks. On the other hand, teams formed by ChemoTF pos-
sess the best ratio of the highest expertise level to the lowest communica-
tion cost at the rate of 1.04 for the tasks with 5 to 15 skills while remaining
tractable for larger tasks. The cost of the teamnever exceeds the expected
value and remains 100% tractable for any task.

The 98% goodness of fit for cost function and 99% goodness of fit for
Chemistry Level, Communication Cost, and Expertise Level achieved in
this experimentmanifest the accuracy of the results. Evaluating the result
of ChemoTF against three state-of-the-art algorithms suggests that my
approach is better with respect to well-known metrics and at least 46%
more predictable regardless of the size or complexity of the input.

Finally, sensitivity analysis suggests +79% correlation between Com-
municationCost andExpertise Level,+77% correlationbetweenCommu-
nication Cost and Expert Cost, and +83% correlation between Expertise
Level and Expert Cost in ChemoTF. The majority of the correlations are
independent of the input. However the number of teams or the cardi-
nality of the team is 63% dependant to the number of skills and becomes
even more dependant as the number of required skills rise.

The next chapter concludes this thesis by looking back at the road
taken to achieve the objectives and indicating the open roads for future
research.



“With four parameters I can fit an
elephant, and with five I can make
him wiggle his trunk.”

John von Neumann [47]

Chapter 9

Conclusions

Given a social network and a task consisting of required skills, Team For-
mation (TF) aims at forming a team of experts who cover the required
skills andcommunicate effectivelywithoneanother. Howeverprior stud-
ies consider effective communication as communication withminimum
cost, disregarding other aspects of the quality of successful teams. As de-
scribed in Hypothesis 1.1, assuming the success of a team rely upon vari-
ous parameters, the minimum communication cost requirement can be
relaxed tomake roomfor otherparameters suchas theoverall expertise of
teams members. I also emphasised in Hypothesis 1.2 that given a quan-
tifiable chemistry between skills, a threshold can be set according to the
task reflecting the communication cost required to perform the task. Fi-
nally, I outlined in Hypothesis 1.3 that assuming costly experts lead to
costly projects, teams with the least cost are likely to succeed.

Based on the hypotheses above, I proposed the Chemistry Oriented
Team Formation (ChemoTF) and experimented it on a large corpus. I
found that ChemoTF forms communicative, cost-effective, and highly
expert teams. Evaluating ChemoTF results against state-of-the-art algo-
rithms showed that team formed by ChemoTF have higher qualities with
respect to well-known metrics. This chapter summarises my contribu-
tions towardsTF in thefieldof computer scienceandoutlines futurework.
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9.1 Contributions
TF has been often considered as the problem of finding teams with min-
imum cost of communication. This view over the problem is subjective
and far from ideal. It is debatable whether teams with minimum over-
all communication cost can in fact communicate effectively. Given the
complex multi-faceted relationship between multi-skilled experts, com-
munication cost is expected to be dynamic and change according to the
skills employedduringanexperience. Thus simplifying relationships into
a single channel with a static cost value and forming teams according
to the minimum cost overlooks the existing aspects of relationships. In
addition, forming teams based on the lowest communication cost disre-
gards teams with an overall higher expertise level which can still satisfy
required communication level. This raises a profound question that this
study has addressed:

• How to form cost-effective team of experts with the highest level of
expertise possible that can cover the required skills in a given task and
its members are able to communicate with each other effectively?

In addressing this question in this thesis, I proposed a novel approach
towards team formation in social networks called Chemistry Oriented
TeamFormation (ChemoTF).ChemoTFdefineseffective communication
as the expected level of communication required to perform a task and
measures it using an innovative metric called Chemistry Level. Teams
that can satisfy this measure of required communication are considered
to communicate in an effective manner. Chemistry Level takes away the
emphasis from finding teams with minimum communication cost and
makes it possible to consider teams with the highest possible Expertise
Level. In order to insure the selected experts are not unusually costly,
ChemoTF takes advantage of another metric called Expert Cost and fil-
ters teams with higher personnel cost compared to the average cost of
experts possessing the same skills throughout the social network.
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The experimental results suggests that the algorithm I designed for
ChemoTF forms teams in which members can communicate effectively
with the rate of 100% of the required communication level for tasks con-
sisting of up to 20 skills. This is particularly effective for tasks with 5 to 15
skills and reaches the highest boundary of 90% of the required commu-
nication level for larger tasks while remaining tractable for larger tasks.
The cost of the teamnever exceeds the expected value and remains 100%
tractable for any task.

More specifically, the contributions of this study are summarised by
providing objective answers to the following research questions in the
context of computer science:

1. How to estimate dynamic communication cost which is computed
according to the communication channel employed ina relationship?

I consideredcommunicationcost adynamicvariablewhichchanges
according to dimensions of multinomial relationships. Thanks to
novel definition of areas of expertise serving as the dimensions of
multidimensional social network, Dynamic Communication Cost
is derived from relationships between experts according to the skills
they have used during their mutual experiences.

2. How to discover the required communication level for a given task
according to the chemistry level between the skills it contains?

I introduced Chemistry Level as a required level of communication
andmeasured it according the extent a pair of skills share the same
areas of expertisewithin all the relationships in thenetwork. The ex-
perimental results suggests that this measure is 100% effective and
leads to better results compared to state-of-the-art algorithms. The
99% goodness of fit for Chemistry Level and Communication Cost
functions accentuates the accuracy of my approach.

3. How to quantify the expertise level of a team of experts?
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I quantified Expertise Level of an expert based on the number of ex-
perience he or she has had using a particular skill. This means that
my estimation of Expertise Level ismore accurate compared to sim-
ilar approaches. This is verified by 99% goodness of fit for Expertise
Level function. Using this estimation, my approach produced up to
73% better results compared to state-of-the-art algorithms.

4. How to ensure the formed teams are cost-effective?

I employed a metric called Expert Cost to filter experts whose per-
sonnel cost is higher than the average cost of the experts possessing
the sames skills throughout the social network. The experimental
results suggests that my approach can form teams with the up to
45.8% lower Expert Cost with the success rate of 100% compared to
state-of-the-art algorithms. The 98% goodness of fit for Expert Cost
functions determines the accuracy of my implementation.

5. How to design a mechanism in which all the essential parameters of
team formation are incorporated?

I devised an approach called Chemistry-Oriented Team Formation
(ChemoTF) in which cost-effective teams are formed based on the
required level of communication and maximum level of expertise.
Using this approach, Imanaged toproduce results that are46%more
predictable and up to 73%, 11.5%, 48.34%, 23%, and 8.8% better
with respect to well-known metrics including Expertise Level, Ex-
pert Cost, centrality, density, and cardinality compared to state-of-
the-art algorithms.

In order to experiment ChemoTF, I compiled a corpus called Com-
prehensive Scholarly Corpus (CompScholarCorp) and used it a test-bed.
This corpus features 472,365 experts, 24,500 skills, 1,044,454 experiences,
and 3,466,85 citations for which 160 areas of expertise were generated
using machine learning techniques. The experimental results suggests
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that ChemoTF forms teams with the highest level of expertise and effec-
tive communication within the range of required communication level.
Teams formed by ChemoTF for covering 5 to 15 skills were found to have
low Communication Cost and high Expertise Level which is 53% better
compared to smaller tasks and 76% better compared to larger tasks. The
formed teams are 100% cost-efficient with respect to the expected cost
regardless of the number of skills.

The result of ChemoTF were evaluated against three state-of-the-art
TF approaches including RarestFirst, EnSteiner, andMinSD with respect
to well-known metrics. It was found that ChemoTF consistently gener-
ates teams with higher qualities in a more predictable fashion. The per-
formance of ChemoTFwith respect to timewas found to be ideal for cov-
ering up to 15 skills and tractable for larger tasks. In addition, the sensi-
tivity analysis conducted on variousmetrics employed in evaluation sug-
gested that these metrics are up to 84% independent of the input.

This thesis contributes to the concept of team formation in the field
of computer science by proposing ChemoTF as a novel and unique ap-
proach. This approachovercomes thechallenges encounteredwhilefind-
ing team of experts that can perform tasks with the best possible out-
come. To the best of my knowledge, the scale of the experiment con-
ducted for ChemoTF is unprecedented throughout the literature and the
results of this experiment was better than prior TF algorithms. This re-
search brings to light the missing pieces of team formation in social net-
works and opens up new doors for future research.

Apart from the contributions made towards optimising team forma-
tion, the compiled corpus itself is a valuable output for future research. It
includesunique information suchaskeywords andabstracts that corpora
with the same nature and comparable scale has not been able to provide.
Moreover, the design CompScholarCorp guarantees its compatibility to
all prior and future DBLP-oriented approaches by which they can be re-
peated or expanded for further research.
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9.2 FutureWork
The approach discussed in this thesis provides a number of opportuni-
ties in the area of TF. One possible next step in this research would be
include other parameters of a successful teams which were not covered
in this study. These parameters include but not limited to: personal com-
mitment, productivity, growth potential, availability, project time-frame,
personal capacity, initiation, innovation, diversity in the team, level of
trust between team members, etc. Employing each one of these param-
eters could contribute towards the success of the team.

Another major step forward would be to turn ChemoTF into a more
dynamic form of team formation approach inwhich the concept of cause
and effect would be considered. By simulating the result of a teamwork
on a project, the quality of the team could be assessed. Based on this
assessment, a parameter could be devised to represent the reputation of
the experts or the teams andutilisedwhile forming future teams. It would
also be possible to generate a scheme in which this reputation would de-
cay over time. Such a scheme would be more inline with reality.

Finally, ChemoTF can be implemented as an interesting feature for
existing online social networks such as Facebook 1, Twitter 2, LinkedIn 3,
ResearchGate 4, Academia 5, etc. Using the functionalities ChemoTFpro-
vides, project managers would be able to receive recommended teams
based on the required skills for their projects. This capability can be fur-
ther enhanced by devising parameters based on the information avail-
able in these social networks such as past experience, user-defined skills,
geographical location, personal preferences, endorsements, friendship
status, etc.

1www.facebook.com
2www.twitter.com
3www.linkedin.com
4www.researchgate.net
5www.academia.edu



Appendix A

Measuring the Divergence

The aimof Variational Inference is to findparameters such that the Varia-
tional distribution q is close to its posterior p. In order to be able to apply
convergencemethods to calculate the closeness of q and p, LDA assumes
that Variational distribution is mean-field [127] as defined bellow:

q(~θ,~z) =∏
e

q(θe |γe )
∏
n

q(ze,n |ϕe,n) (A.1)

In this equation, multinomial θ for each experience e is drawn from
a Dirichlet distribution γ, and latent AoE assignments z is derived from
a multinomial distribution ϕ. In addition, the components ~θ and ~z are
none-negative vectors of length K . ~θ is the Variational experience distri-
bution over γd whereas~z is the Variational token distribution over ϕd ,n .

One classicmethodwhichmeasures amountof information lostwhen
q is used to approximate p is Kullback-Leiber (KL) divergence [85]. q and
p are called close if the result of divergence is lowwhich can only happen
if q and p are both high. KL divergence is formulated bellow:

DK L(q||p) ≡ Eq [log
q(z)

p(z|x)
] (A.2)

Considering the definition of conditional probability of random vari-
ables z and x, KL divergence can be written as bellow:
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DK L(q||p) =−
A︷ ︸︸ ︷

Eq [log p(z, x)]−
B︷ ︸︸ ︷

Eq [log q(z)]+
C︷ ︸︸ ︷

log p(x) (A.3)
From Jensen’s Inequality for concave functions [40], it is proved the

average of the function (concave evaluated at two points) is less than the
function applied to the average of the two points. Considering expecta-
tions, this inequality can be generalised to multiple points as bellow:

f (E[x]) ≥ E[ f (x)] (A.4)
On the other hand, from the log probability of data [48] for latent vari-

able z, the component C of the Equation A.2 can be rewritten as bellow:

log p(x) = log
∫

z
p(x, z)d zk = log

∫
z
Eq [log

p(x, z)

q(z)
]d zk (A.5)

Applying Jensen’s inequality to the equation above, results in:

C︷ ︸︸ ︷
log p(x) ≥

A︷ ︸︸ ︷
Eq [log p(z, x)]−

B︷ ︸︸ ︷
Eq [log q(z)] (A.6)

It is noticeable that this formula and Equation A.3 are constructed by
the same terms. The term A refers to Evidence Lower Bound (ELBO) [21]
and B is called Entropy [115]. Since the term C is independent of q, max-
imising ELBO has the same effect as minimising KL divergance. Expand-
ing terms A andB , the general objective function for Variational inference
can be devised as demonstrated in Equation A.7. This is the same objec-
tive functiondiscussed inChapter 6 forwhichAlgorithm4waspresented.

L (γ,ϕ;α,β) =
ELBO︷ ︸︸ ︷

Eq [log p(θ|α)]+Eq [log p(z|θ)]+Eq [log p(s|z,β)]

−Eq [log q(θ)]−Eq [log q(z)]︸ ︷︷ ︸
ENTROPY

(A.7)

The next appendix describes how to calculate each one of the expec-
tations in ElBO and ENTROPY terms of this objective function.



Appendix B

Calculating Expectations

In order to calculate the expectations in ELBO given in Equation A.7, one
needs to calculate the expectation of logDirichlet first. Recall fromEqua-
tion 6.1 that Dirichlet is parameterised by a vector α, and described by a
multivariate continuous probability distribution Γ as bellow:

Di r (α1, ...,αT ) = Γ(
∑

jα j )∏
jΓ(α j )

T∏
j=1

p
α j−1
j (B.1)

Considering the definition of Dirichlet, the expectation of log Dirich-
let can be calculated by the following equation where Ψ is the digamma
function which is the first derivative of logΓ:

Edi r [log p(θi |α)] =Ψ(αi )−Ψ(
∑

j
α j ) (B.2)

Having the expectation of log Dirichlet in hand, the expectations of
the Dirichlet distribution in ELBO are calculated as bellow:


Eq [log p(θ|α)] = logΓ(

∑
i αi )−∑

i logΓ(αi )+∑
i (αi −1)(Ψ(γi )−Ψ(

∑
j γ j ))

Eq [log p(z|θ)] =∑
n
∑

i ϕn,i (Ψ(γi )−Ψ(
∑

j γ j ))

Eq [log p(s|z,β)] =∑V
v

∑K
i ϕn,i sv

e,n logβi ,v

(B.3)
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The equations above calculate the expectations of ELBO of the objec-
tive function. Recall from Equation A.7 that the second part of the func-
tion reflects Entropy. In order to calculate the expectations in Entropy,
first the entropy of Dirichlet is calculated using the equation bellow:

Hq [γ] =− logγ(
∑

j
γ j )+∑

i
logΓ(γi )−∑

i
(γi −1)(Ψ(γi )−γ(

K∑
j=1

γ j )) (B.4)

Having the entropy of Dirichlet in hand, the expectations in the En-
tropy term of the objective function is calculated by the entropy ofmulti-
nomial as bellow:

Hq [ϕe,n] =−∑
i
ϕe,n,i logϕe,n,i (B.5)

Plugging the Equation B.3 and B.5 into the Equation A.7, the complete
objective function for Variational inference can be written as follows:

L (γ,ϕ;α,β) = logΓ(
K∑

j=1
α j )−

K∑
i=1

logΓ(αi )+
K∑

i=1
(αi −1)(Ψ(γi )−Ψ(

K∑
j=1

γ j ))

+
N∑

n=1

K∑
i=1

ϕn,i (Ψ(γi )−Ψ(
K∑

j=1
γ j ))+

N∑
n=1

K∑
i=1

V∑
j=1

ϕn,i s j
n logβi , j − logΓ(

K∑
j=1

γ j )

+
K∑

i=1
logΓ(γ j )−

K∑
i=1

(γi −1)(Ψ(γi )−Ψ(
K∑

j=1
γ j ))−

N∑
n=1

K∑
i=1

ϕn,i logϕn,i

(B.6)
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