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ABSTRACT

THE EFFECT OF NETWORK CHARACTERISTICS ON COMPETITIVE
PERFORMANCES OF CENTRALITY-BASED HEURISTICS IN INFLUENCE
MAXIMIZATION

Online social networks enable people to disseminate a variety of information to
masses easily, but under the budget and time constraints. To overcome these constraints,
many seed selection approaches have been proposed in the literature to start dissemination
from a small subset of people containing the most influential set of users in the network,
named as Influence Maximization (IM) problem. The studies in IM have been conducted
under the assumption that there is only one type of information spreading over a network.
However, in the real world, there are more than one opposing information spreading over
networks and performances of approaches are also affected by the competition between
them, which is named as Competitive Influence Maximization (CIM) problem. More
recently, it has been revealed that performances of approaches are also affected by the
network topology. This thesis aims to investigate the direct effects of the network
characteristics on performances of seed selection approaches in CIM. In this regard, a
simulation-based study is conducted on 13 real-world network datasets by using an extension
of Linear Threshold Model. The effects of the five network characteristics (average
clustering coefficient, average degree, normalized average path length, normalized degree
variance and density) are investigated. Furthermore, performances of the four most
commonly used centrality-based heuristics (Betweenness Centrality, Degree Centrality,
Closeness Centrality and Eigenvector Centrality) are compared in terms of their non-
competitive and competitive performances. To interpret how the performances of the
heuristics change in response to the network characteristics, regression tree method is used.
According to our concrete findings, heuristics are sensitive to the existence of an opponent
in the network and the type of the opponent as it is expected. Furthermore, the effects of the
network characteristics differ from non-competitive to competitive environment. The
findings emphasize the importance of an integrated perspective in the effects of network

characteristics and Competitive Influence Maximization.



OZET

ETKi ENBUYUKLEMESINDE AG YAPISI OZELLIKLERININ MERKEZIYET
TABANLI SEZGISELLERIN REKABET PERFORMANSLARI UZERINE ETKIiSi

Sosyal aglar zaman ve btce kisitlar: altinda insanlarin ¢ok cesitli bilgileri kolaylhikla
blyuk kitlelere yaymalarini saglar. Birgok arastirmaci bu kisitlara karsilik cesitli gekirdek
kiime secim yaklasimlari onermislerdir. Etki Enbiyuklemesi olarak adlandirilan bu
problemde 6nerilen gekirdek kiime se¢im yaklasimlar: yayilimi agdaki en etkili kullanicilart
iceren kicuk bir alt gruptan baslatmay: amaclamaktadir. Ancak gercek hayatta agda
yayilmakta olan ve birbiri ile rekabet eden birden fazla bilgi vardir ve cekirdek kiime se¢im
yaklasimlar: rakiplerin birbiri ile olan etkilesiminden de etkilenmektedir. Bu problem
Rekabetci Etki Enblyuklemesi olarak adlandirilir. Ayrica yakin zamanda onerilen
yaklagimlarin performanslarinin  agin yapisal 0Ozelliklerinden de etkilendigi ortaya
cikarilmigtir. Bu baglamda bu tezin amaci ag yapisal 6zelliklerinin ¢ekirdek kiime secim
yaklagimlarinin Rekabetci Etki Enbiylklemesi’ ndeki performanslar: dzerindeki dogrudan
etkisini arastirmaktir. Bu amaci gerceklestirmek icin 13 gercek ag veriseti tizerinde Dogrusal
Esik Modeli’ nin bir versiyonu kullanilarak benzetim tabanl bir galisma gergeklestirilmistir.
Bes ana ag yapisi Ozelliginin (ortalama kiumelenme Kkatsayisi, ortalama derece,
normallestirilmis ortalama yol uzunlugu, normallestirilmis derece varyansi, yogunluk) etkisi
arastirilmigtir. En yaygin sekilde kullanilan dort merkeziyet tabanl sezgiselin (arasindalik
merkezligi, derece merkezligi, yakinlik merkezligi, 6z vektor merkezligi) rekabetci olan ve
olmayan Etki Enbuyiklemesi’ ndeki performanslart kiyaslanmigtir.  Sezgisellerin
performanslarinin yapisal karakteristik degisimlerine kars: nasil degistigi regresyon agaci
metodu kullanilarak yorumlanmistir. Somut bulgular beklendigi lzere sezgisellerin
performanslarinin agdaki bir rakibin varligina ve bu rakibin tipine kars1 duyarh oldugunu
gostermistir. Ayrica ag yapisal 6zelliklerinin sezgiseller tizerindeki etkilerinin rekabet olan
ve olmayan etki enblytklemesi arasinda farklilik gosterdigi g6zlemlenmistir. Bulgular ag
Ozelliklerinin etkilerinin ve Rekabetci Etki Enblyiklemesi’ nin birlikte ele alinmasi gereken

iki konu oldugunun 6nemini vurgulamaktadir.
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1. INTRODUCTION

Online social networks connect people across the world. According to Global Digital
Overview Report (2020), more than 4.5 billion people around the world have been using the
internet at the beginning of 2020. Portable devices such as mobile phones and tablets enable
people to connect to social networks easily via the internet. Especially the group aged 16-64
among the 4.5 billion people spend 89% of the internet use time on various social networks
such as Facebook and Twitter (Global Digital Overview Report, 2020). As a stunning
example, there have been 152 million daily active users on Twitter and 1.66 billion daily
active users on Facebook according to quarterly reports of the companies (Twitter Inc., 2020;
Facebook Inc. 2020).

People use a wide variety of social networks such as online social networks,
collaboration and email networks to disseminate innovations, products, fashions, rumors and
advertisements; to share emails, blog links and status updates (Harrigan et al., 2012). To be
more precise, a variety of new information is introduced on a social network every day, e.g.,
when a new model of mobile phone is introduced to market, a party declares some political
statements, or rumors about famous people are reported. Individuals or organizations aim to
disseminate information to as many people as possible. However, some of information is
adopted by the masses while some of information is adopted by only a certain group of
people. Therefore, understanding the dynamics of information diffusion over social
networks, which can be affected by various factors such as social interactions between
people, draws great interest of researchers. On the one hand, exploring the mechanism
behind information diffusion helps the companies or politicians to disseminate information
originated by them efficiently and effectively. Besides, there are more than one competing
information spreading over the networks, thus the studies of information diffusion help to
prevent undesirable information dissemination such as rumors, unconvincing news and even

the advertisement of the rival company (Jiang et al., 2014).

Although social networks provide ease of information diffusion, there are budget and
time constraints to propagate an information over a network efficiently. The most critical

point for the information diffusion is to start propagation from a small subset of people



containing the most influential set of users in the network. For example, there is evidence
showing that a group of people change from a commonly adopted brand to another brand
because their friends in a social network have chosen it (Sumith et al., 2018). In addition to
this, there are examples where people are strictly loyal to some brands because of the same
reason (Sumith et al., 2018). Finding the most influential set of users on the network is
named as Influence Maximization (IM) problem (Kempe et al., 2003). However, there are
more than one type of information spreading over social networks simultaneously in the real
world. Thus, IM problem is extended to a competitive version named as Competitive
Influence Maximization (CIM) (Bharathi et al., 2007), and some researchers have taken into
consideration this reality in the couple of decades (e.g. Carnes et al., 2007; Budak et al.,
2011; Wu et al., 2015; Liu et al., 2016; Zhao et al., 2017). Besides, more recently, some
researchers have explored the effects of network topology on the information diffusion and
the performances of seeding approaches. Seeding approaches show varying performances
on different types of networks in terms of the number of adopters at the end of the diffusion
process (Peres, 2014).

This thesis contributes to the literature on Competitive Influence Maximization by
conducting a simulation-based study on the 13 real-world network datasets to investigate the
competitive performances of centrality-based heuristics in influence maximization under
different network topologies. In the literature, there are numerous studies conducted on the
information diffusion over social networks. In the next section, where I review the literature,
the most representative studies relevant to this thesis are summarized under three groups: (i)
Influence Maximization, (ii) Competitive Influence Maximization, (iii) Network Topology

Effect on Information Diffusion & the Performances of Seeding Approaches.



2. LITERATURE REVIEW

Influence Maximization problem is firstly defined by Kempe et al. (2003). Influence
Maximization is the problem of finding a small subset of nodes in a network, so as to
maximize the final spread of information, subject to the case that there is only one type of
information spreading over the network. Later, many researchers have focused on finding
better solutions for Influence Maximization under two categories: (i) algorithmic heuristics
with approximation guarantees while increasing the computation time (ii) metric-based
heuristics which do not guarantee or give weaker guarantee while reducing the computation
time.

2.1. Influence Maximization

The first category deals with Influence Maximization Problem is approximation
guaranteed heuristics such as Greedy Algorithm, Cost-effective Lazy Forward Optimization
(CELF) and CELF++. Firstly, Kempe et al. (2003) showed the optimal seed selection is a
NP-Hard problem. They developed a greedy algorithm achieving (1-1/e) approximation by
focusing on two fundamental diffusion models named Linear Threshold Model and
Independent Cascade Model (see Section 4.4 for detailed information about the diffusion

models).

Since the Greedy Algorithm is an expensive algorithm in terms of time, Leskovec et
al. (2007) focused on an efficient algorithm named CELF, which is 700 times faster than the
simple greedy algorithm. The idea behind CELF is that the marginal gain provided by a node
in the previous iteration cannot be worse than the marginal gain provided by the node in the

current iteration.

Later, Goyal et al. (2011) have proposed CELF++ with an improvement on CELF.
The idea behind CELF++ is to avoid repeated calculation of marginal gain for an already
selected node. They proved that CELF++ has provided an improvement of 35-55% over

CELF in terms of computational time efficiency.



Another improvement on the Greedy Algorithm is made by Kimura et al. (2010). The
authors improved the computation time by using bond percolations and graph theory
approximations. They tested the algorithm on both Linear Threshold and Independent
Cascade Model, and then it is reported that their algorithm is 4600 times faster than the
simple greedy algorithm, but it has limitations due to the need of extensive user profile

information and interaction data.

Later, Jiang et al. (2011) have come up with a totally new approach using simulated
annealing. They tested the proposed algorithm on four real-world networks. The results
indicate that the proposed algorithm outperforms the simple greedy algorithm up to 2-3
orders of magnitude in terms of computation time. Besides, it improves the accuracy of

simple greedy algorithm by around an average of 5%.

Estevez et al. (2007) proposed set covering greedy algorithm aiming to ensure that
neighbors of selected seeds do not overlap, which means that selected seeds can influence a
higher number of nodes. The authors report that set covering algorithm requires less time,

and it is also superior to the simple greedy algorithm in terms of information diffusion.

Cheng et al. (2013) proposed an algorithm, which is grounded in the simple greedy
algorithm. They focused on both of the computation time problem of the simple greedy
algorithm and accuracy problem of heuristics at the same time. Their results showed that the
proposed algorithm requires considerably less time than the simple greedy algorithm without

sacrificing accuracy.

To deal with computation time limitations of greedy algorithm, a random reverse
reachable set algorithm is introduced to IM by Borg et al. (2014). A reverse reachable set
for a random node v is generated by first sampling a network G(V,E) from the distribution
generated by removing each edge according to its propagation probability, and then taking
the set of nodes in G(V,E) that can reach v. A random reverse reachable set is simply a
random reverse set for a node selected uniformly at random. Random reverse reachable
algorithm achieves reducing computation time to almost linear with the size of the network
under Independent Cascade Model. Later, Tang et al. (2014) proposed TIM/TIM+ (Two-
phase Influence Maximization), and showed that random reverse reachable algorithm can



applied to Linear Threshold Model too. Later, Nguyen et al. (2016) presented SSA (Stop-
and-Stare Algorithm) and D-SSA (Dynamic Stop-and-Stare Algorithm), and Tang et al.
(2018) introduced OPIM-C (online processing of influence maximization-conventional),
which are proposed to reduce the number of random reverse reachable sets to achieve a more
effective algorithm in terms of computation time without a sacrificing approximation
guarantee. However, all these improved algorithms based on reverse reachable set have

scalability issues in large scale networks.

Kitsak et al. (2010) proposed the k-shell decomposition analysis building on the
heuristic degree centrality. In particular, the underlying mechanism behind k-shell
decomposition is identifying hierarchies in a network. The method begins with grouping the
nodes have only one neighbor in a network under 1-shell. This procedure continues as
assignment of the nodes with k neighbors to k-shell group until there is no node to be
grouped. Their results showed that the most influential nodes in a network are under the shell

groups with higher k values.

Since there are limitations of the algorithmic heuristics above in terms of
computation time and accuracy, Zhang et al. (2013) proposed a new method named as k-
medoid. This method uses a partitioning technique which clusters a set of n nodes into k
clusters, with the number of k of clusters assumed known a priori and the dissemination
probability between all pairs of nodes. This method is advantageous for the networks with a

community structure since it selects nodes from different communities in a network.

The solution approaches so far have limitations in terms of computation time.
Therefore, there is another direction in the literature, which improve the computation time

while sacrificing the approximation guarantee.

This second category is heuristics using different metrics about nodes in a network.
The most frequently used metrics are centrality-based metrics, which are betweenness
centrality, degree centrality, closeness centrality and eigenvector centrality. These metrics
are used to detect the influential nodes in terms of locating in a critical position in the
network or connecting nodes from different clusters. Selecting seeds among the nodes with

the highest values of these metrics are named as metric-based seed selection heuristics.



Besides, specifically, the heuristics using centrality metrics to select seeds are named as

centrality-based heuristics.

Firstly, the betweenness centrality is simply the ratio of the shortest paths that pass
through the node of interest among all the shortest paths in a network. The betweenness

centrality of a node v is defined as

BC(v) = Z % 2.1)

vEL vEU tFEU

where g'ut is the number of shortest paths among the nodes u and t and g"u is the number of

shortest paths which pass through node v (Ghalmena et al., 2018).

The degree centrality is simply the metric of number of connections a node has. The

degree centrality of a node v is defined as

DC(v) = nk_”l (2.2)

where n is the number of nodes on the network and n-1 is the maximum possible degree (L
et al., 2016).

The closeness centrality represents how close a node is to all other nodes in a

network. The closeness centrality of a node v is defined as

1
CC(v) = Z m (2.3)

v¥FEU

where dvy is the geodesic distance from node v node u, which means that the number of edges

in the shortest path between node u and v (Cohen et al., 2014).



The eigenvector centrality indicates how well a node is connected to a network by
considering the connectedness of its neighbors. The eigenvector centrality of a node v is

defined as

1
EC() = 2 anFC@) 2.4)

u

where a,,, is the value from the adjacency matrix of the network and it is equal to 1 if v and

u are connected and 0 if not. A is a predefined constant (Bonacich, 1987).

As an extension of eigenvector centrality, PageRank metric is proposed to measure
the time spent on a node in a given network. When at a node, there is an equal chance for all
the neighbors to be visited at the next step. However, there is an additional 15% chance of a
random step, going to a node not necessarily linked to the current one. The PageRank is

defined as

PR(v) = l;a+a z PR(W) (2.5)

k
ueN(w) %

where n is the number of nodes in the network, ky is the degree of node u, N(v) is the
neighborhood of node v. The PageRank is proposed with the motivation of distinguishing
the importance of different websites in Google search engine by considering the quantity

and the quality of the pages linked to the website of interest (LU et al., 2016).

Apart from the heuristics that use centrality-based metrics mentioned above, there
have also been other heuristics which use different metrics and extended from centrality-
based heuristics. One of these heuristics is degree discount heuristic which is similar to the
degree centrality heuristic. The difference between these two heuristics is calculating the
degree of the node of interest by excluding its already activated neighbors (Chen et al.,
2009). Another extended version of degree centrality, named twostep, is proposed by
Stonedahl et al. (2010). Unlike degree centrality, two-step considers also the degrees of

neighbors of neighbors for the node of interest.

As it can be concluded from the references above, a variety of seed selection

heuristics have been proposed for the problem of IM. All these studies discussed above have



been conducted under the assumption that there is only one type of information spreading
over a network, i.e. there is no competition. In the next section, the literature of the
comparison and extension of these heuristics in Competitive Influence Maximization
problem is reviewed. The studies for Competitive Influence Maximization are conducted
under the reality that there are more than one type of information spreading over social

networks.

2.2. Competitive Influence Maximization

The Influence Maximization problem has been extended to a competitive situation
where there are two or more competitors aiming to maximize its influence in a network
(Zhuang et al., 2017). Firstly, Bharathi et al. (2007) proposed CIM problem, which tries to
find a seed set to maximize the influence spread of their products’ information while the
competitor carries out the same strategy.

Carnes et al. (2007) addressed the problem of competition between two companies
aiming to propagate their new products via viral marketing while one of the products is
already being introduced. The authors assumed that the nodes can adopt only one of the
products due to the limited budget. They proposed two diffusion models inspired by the
Independent Cascade Model. The first one named A Distance-Based Model has been created
under the assumption that a node will be more likely to adopt the product of an early adopter
if the locations of these nodes are close enough in the network. In other words, the probability
that node v adopts a product is assigned depending on the sets of paths from all seed sets to
node v. In the second model, the same probabilities have been given to the nodes to adopt
one of the two competing products regardless of the distance between the nodes. They
conducted simulation experiments on one real-world collaboration network named HepTh
to assess the effectiveness of selecting seeds based on maximum degree and low average
distance while the initial seed set of the second competitor is known. The results of the
experiments indicated that selecting seeds based on the maximum degree metric outperforms

low average distance metric with both of the diffusion models.

Budak et al. (2011) addressed the problem of finding of a small subset of nodes that

need to be persuaded to adopt the intended product so as to minimize the number of nodes



that adopt the undesired product. The authors experimentally compared the performances of
greedy algorithm to various heuristics under a competitive version of Independent Cascade
Model. They showed that simple centrality-based heuristics such as degree centrality are

comparable to the greedy algorithm.

Later, Wu et al. (2015) extended the Linear Threshold Model to a competitive
situation. They addressed the objective function as selecting an optimal seed set under the
assumption that the seed set of the competitor has been known. The authors extracted 1000
nodes from a real-world network dataset and generated one new synthetic network. Then,
they tested the functionality of the greedy algorithm on these datasets. Their results showed

that the greedy algorithm can approximate the optimal result with 1/1-e.

Liu et al. (2016) proposed an extension of Linear Threshold Model for competitive
information diffusion and named the model as the Diffusion-Containment model. The idea
behind the model is that there is an information disseminating in the network to prevent the
spread of other type of information, which are named as C-influence and D-influence
respectively. The authors created a payoff strategy for the diffusion: If node u and node v
adopt the opposite behavior, both of them get a payoff zero. If node u and node v adopt the
same behavior (D-influence or C-influence), both of them get a payoff higher than zero.
Then, they tested the effectiveness of greedy algorithm, maximum degree (choosing the
seeds from the nodes with highest degree) and Random on two synthetic scale-free networks
and one real-world network named Wiki-Vote. Their results indicate that the greedy
algorithm performs better than maximum degree and Random heuristics to prevent D-
influence under Diffusion-Containment model, but it is not appropriate for larger scale

networks.

Zhao et al. (2017) approached the competitive influence maximization problem
differently compared to all the literature above. The other studies are conducted under the
same assumption that the initial seed set of the second competitor is known. In the study of
Zhao et al. (2017), different centrality-based seed selection heuristics are chosen by the
competitors at the beginning of the simulation, and the competitors select the initial seeds at
the same size depending on them. A competitive diffusion model inspired by game theory

perspective is used to simulate diffusion process. In this model, an inactive node becomes
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A-active or B-active at step t+1, if it has only one type active neighbors at step t, i.e. A or B.
If an inactive node has no active neighbor, it remains inactive until the next time step, and if
it has both type of A and B active neighbors, it becomes resistant to the diffusion process,
which means it cannot become A or B active until the end of the simulation. The authors
conducted simulation experiments on the six real-world network datasets ranging from 379
to 10680 nodes to compare the effectiveness of centrality-based heuristics, which are
betweenness, degree, closeness, eigenvector and k-shell. The results of the experiments
showed that there is a general ranking on all of the datasets such as betweenness and degree
centrality outperform the closeness centrality, besides betweenness centrality is more
appropriate strategy against closeness centrality. In addition to this, they stated that
eigenvector and k-shell centrality heuristics show always poorer performance than the other

three heuristics.

The major studies in the Influence Maximization and the Competitive Influence
Maximization fields are summarized above. As it is stated before, finding a small subset of
nodes consisting of the most influential set of nodes in the network is the key point to reach
higher information disseminations ultimately. The heuristics proposed for this purpose are
summarized in Section 2.1. Later, the studies considering there is a competitive environment
during the information diffusion are summarized. In these studies, performances of the seed
selection heuristics are compared. Apart from the competition, the recent studies have
revealed that ultimate information dissemination is affected by the network types and
characteristics (e.g. Barthélemy et al., 2004; Hussain et al., 2013; Peres, 2014; Liu and Hong,
2018). Hence, in the next section, the studies exploring the effects of network characteristics

on information diffusion processes are summarized.

2.3. Effect of Network Topology on Information Diffusion and the Performance of

Seeding Approaches

Classical works in information diffusion and influence maximization have been
conducted under the same assumption that seed selection algorithms and heuristics perform
similarly on all types of the networks and the behavior of the nodes are identical under

different network topologies (Peres, 2014). More recently, some researchers have begun to
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investigate the relation between diffusion processes and the types of the networks, and the

effect of network topology on the performances of seeding strategies.

Barthelemy et al. (2004) investigated the impact of the heterogeneity level of
connectivity in large scale networks on the dissemination of epidemics. The authors
associated the heterogeneity level of connectivity with the degree distributions of the
networks, i.e. the normalized degree variances of the networks. As the degree variance of
the nodes in a network increases, this network can be considered as more heterogeneous. In
their study, the hypothesis that an infection spreads to more people in scale-free networks is
tested by using the Susceptible Infected diffusion model on synthetic networks. The results
of the study indicated that if the nodes with highest degrees are infected at the beginning of
the epidemic, it can transmit to much more nodes in the network, and the number of these
infected nodes becomes higher in the networks with higher degree variance. The authors also
stated that this result can be associated with other diffusion domains such as innovation and

information diffusion.

Hussain et al. (2013) evaluated different behaviors of the four centrality-based
heuristics on four different types of networks, which are small-world, scale-free, hybrid
networks of small-world & scale-free and random networks. The degree, betweenness,
closeness and eigenvector centrality have been taken into consideration by the authors since
they have outperformed many approaches according to the literature. Both Independent
Cascade Model and Linear Threshold Model are used in the study. They conducted
simulation experiments on eight networks, four of which are synthetic and four of which are
real-world datasets. The datasets are classified into one of the four groups according to their
average clustering coefficient, degree distribution and average path lengths. The results of
the study demonstrated that all of the heuristics have performed similarly on the small-world
and random networks. On the other hand, they stated that all heuristics performed better on
the scale-free and hybrid networks of small-world and scale-free, but with the superiority of
betweenness centrality over other heuristics. The degree centrality followed the performance
of betweenness centrality. The closeness and eigenvector centrality showed better
performances on Twitter networks and scale-free networks respectively, but their

performances were behind betweenness and degree centrality.
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Peres (2014) studied how the network characteristics affect the diffusion of a new
product in a network by focusing on the effects of average degree, relative degree of social
hubs (the ratio between the overall average degree of the network and the average degree of
the most connected nodes in the network) and clustering coefficient instead of the effect of
different network types on innovation diffusion. The author evaluated two cases where there
is no competition in the network and there are two competing companies in the network by
using an agent-based model. The simulation experiments have been conducted on the
synthetic and real-world networks, which differ in terms of network characteristics taken
into consideration in the research. The results of the study concluded that the average degree
and the relative degree of social hubs affect the information diffusion positively while

clustering coefficient has a negative impact.

Liu and Hong (2018) examined the effect of network topological characteristics on
the performance of some centrality-based heuristics. The authors used the degree and k-shell
centrality measures as the sequential seeding strategies, which means that seeds are activated
at the subsequent time steps in a diffusion process. They conducted simulation experiments
on seven different real-world network datasets which differ in terms of their density, degree
distribution and assortativity coefficients. They used the classical Independent Cascade
Model as the diffusion model. Their results demonstrated that both of the centrality-based
heuristics perform better on the heterogeneous networks in terms of the degrees of the nodes.
In addition to this, they stated that the average degree and the density of the networks are
correlated and the final information dissemination increases as the density increases for both
of the centrality measures. Besides, they concluded that the coverage of the two centrality
measures decrease as the assortativity coefficient of the network increases, which means that
the information dissemination is negatively affected when the nodes with small degree (high
degree) tend to connect to the nodes with small degree (high degree).

To sum up, existing literature on the effects of network topology involve a limited
perspective. Barthelemy et al. (2004) considered only the effect of degree variance of the
networks on the information diffusion. Hussain et al. (2013) investigated the effects of
different network types on the standalone performances (performance in a non-competitive
environment) of some centrality-based heuristics by ignoring the fact that there are more

than one type of information spreading over the networks in the real world. Similarly, Liu
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and Hong (2018) worked in a non-competitive environment, and they investigated the direct
effect of a few network characteristics on the performance of some centrality-based
heuristics. Only Peres (2014) investigated the direct impact of network characteristics on
information diffusion in both competitive and non-competitive environment, but the author
assumed that the seeds of the competitors are selected based on the same seed selection

approach.

Consequently, there is a gap in the literature in terms of investigating the direct
impact of the network characteristics on the performances of different seed selection
heuristics in a competitive environment. In other words, to our knowledge, there has been
no study focusing on whether the network characteristics have an effect on the Competitive

Influence Maximization problem or not, and if they have what is the impact of them.
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3. PROBLEM STATEMENT AND OBJECTIVES

Many seeding approaches have been proposed and compared in the literature in the
context of both Influence Maximization and Competitive Influence Maximization problems.
More recently, the literature has highlighted that performance of a seed selection approach
(algorithmic and metric-based heuristics) is affected by the network characteristics (Peres,
2014), and it is also affected by the interaction with the seeding approach of the opponent in
the network (Zhuang et al., 2017). Thus, in order to provide efficient and wider information
disseminations with the seeding approaches, appropriate seeding approach should be
selected according to both the network characteristics and to the opponent’s seeding

approach.

Although the impact of the network topological characteristics on social influences
processes have been studied in a few studies (e.g. Barthélemy et al., 2004; Hussain et al.,
2013; Peres, 2014; Liu and Hong, 2018), the direct impact of the network topological
characteristics on the competitive performances of seed selection approaches has not been
studied thoroughly in the network analysis field yet. In this regard, the primary objective of
this thesis is to contribute to this gap in the literature by investigating the direct effects of
the network characteristics on competitive performances of the seed selection approaches in
influence maximization. Besides, the following secondary objectives have been set in order

to achieve the primary objective:

e Compare the standalone performances of the seed selection approaches on various
real-world networks, which means that the performances of the approaches in a non-
competitive environment.

e Evaluate the general ranking of the approaches in terms of their standalone
performances

e Examine the effects of network topological characteristics on the standalone
performances of the approaches.

e Compare the competitive performances of the approaches on various real-world
networks, which means that the performances of the seed selection approaches in a

competitive environment.
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e Evaluate whether there is a difference between the standalone performance ranking
and the competitive performance ranking or not.

e Examine the effects of network characteristics on the competitive performances of
approaches.

e Evaluate the similarities and differences between the effects of network
characteristics on the standalone performances and on the competitive performances

of the seeding approaches.

In this regard, a simulation-based study is conducted. The study covers the most
commonly used seed metrics for seed selection, which are betweenness centrality, degree
centrality, closeness centrality and eigenvector centrality. Besides, the study includes
average clustering coefficient, average degree, normalized average path length, normalized
degree variance and density in its scope as the network characteristics. The information
diffusion procedure is designed as an extension of Linear Threshold Model, and then the
experiments are conducted on 13 real-world network datasets, which differ in terms of their

characteristics.

The rest of the thesis is organized as follows: Section IV describes the methodology
of the study with the related literature. In Section V, the experimentation and analysis
procedure is presented. In Section VI, the results are summarized and interpreted. Section
VI discusses the results by combining both standalone and competitive performance results
of the heuristics. Finally, Section VIII contains a conclusion and suggestions for future
directions.
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4. METHODOLOGY

This section presents the design of the study with the related literature. Detailed
information about considered network characteristics, proposed centrality-based seed
selection heuristics, how the network datasets are selected, what are the features of these
networks, and the properties of utilized information diffusion model is given in the
corresponding sub-sections.

4.1. Network Topological Characteristics

The primary aim of this thesis is to study the direct impact of network characteristics
on the competitive performances of centrality-based heuristics. In this regard, five
topological characteristics have been taken into consideration: average clustering coefficient
(ACC), average degree (AD), normalized average path length (NAPL), density (D) and
normalized degree variance (NDV). There have been various network characteristics which
are investigated in the social network analysis field. These five metrics are considered in this
study since they are capable of measuring global features of networks and they are most
commonly used ones in the literature (Peres, 2014; Boccaletti et al., 2006). Detailed
information and mathematical definitions of these five topological characteristics are given

below:

4.1.1. Average Clustering Coefficient

Average clustering coefficient is the overall mean of the local clustering coefficient
of all nodes in the network. Before the average clustering coefficient, local clustering
coefficient is firstly proposed by Watts and Strogatz (1998) to evaluate whether a network

has small-world property or not. The local clustering coefficient of a node v is defined as:

2
CC(v) = % (4.1)
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where L(v) is the number of links between the neighbors of node v and ky is the degree of

node v. Thus, average clustering coefficient of a network N is defined as:

ACC(N) = %Zn_ CcC(v) 4.2)

where n is the total number of nodes in the network (Kemper, 2009).

Average clustering coefficient indicates the measure of a graph’s transitivity which
means the possibility that if nodes v and i are linked to each other, and nodes i and u are
linked to each other, then nodes v and u are also linked. It has been observed that most of
the complex networks have a tendency to cluster, within this context their average clustering
coefficient are much greater than zero, despite the fact that they are still significantly less
than one (Wang and Chen, 2003).

4.1.2. Average Degree

One of the simplest and the most significant characteristics of a node is its degree.
The degree ky of a node v is defined as the total number of its connections. Therefore, the
greater the degree, the “more significant” the node is in a network. The average degree of a
network is the mean of the degrees of all the nodes in the network, i.e. the average number
of edges per node in the network, and it is also an indicator of the network’s level of
connectivity. Mathematical calculation of the average degree of a network is relatively
straightforward as follows:

n

AD(N) = %k” (4.3)

where n is the total number of nodes in the network (Wang and Chen, 2003; Peres, 2014).
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4.1.3. Normalized Average Path Length

Average path length L(N) of the network is defined as the average shortest distance
between all pair of its vertices. This network characteristic indicates how many steps are
required on the average to reach a node from another node and it is one of the most important
metrics to classify networks (Chen et al., 2008). However, since average path length is a
distance-based metric, it cannot be a basis for comparison between different networks with
different number of edges and nodes. Therefore, average path length should be normalized.
Normalized average path length is one of the basic network characteristics and its
computation is crucial in the analysis of complex networks (Chechik et al., 2014). In the
literature, diameter, which is the largest distance among all distances between any pair of
nodes in the network, is used to normalize the average path length. Thus, normalized average
path length NAPL(N) of a network N is defined as:

I(N) -1

(4.4)

where I(N) is the average path length and d(N) is the diameter of the network N (Cancho et
al., 2004).

4.1.4. Density
The density D(N) of a network is defined as the ratio of the number of edges to the

number of possible edges in a network with n nodes. For an undirected graph G= (V, E) with

vertex set of size n and edge set E, graph density is defined as:

D(N) = ——— (4.5)
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For a directed graph G= (V, E) with vertex set of size n and edge set E, graph density

is defined as:

_ __|El
D(N) = Ey (4.6)

Therefore, the maximum density of a network can be one which is reachable only for
complete graphs, while the minimum density is zero, which is attained when E= @.
Networks are grouped as dense and sparse according to their density: As the density
approaches one, the network is defined as a dense network, on the other hand, as the density

approaches zero, the network is defined as a sparse network (Wasserman and Faust, 1994).

4.1.5. Normalized Degree Variance

Degree distribution is one of the most important characteristics to classify a network
as a random, small-world or scale-free network (Wang and Chen, 2003) The recent studies
(Albert and Barabasi, 2002; Dorogovtsev and Mendes, 2002; Newman, 2003) have showed
that most of the real-world networks consisting of collaboration networks, World Wide Web,
email networks and social networks are highly heterogeneous in terms of node degree, in
other words, degree variances of these networks are significantly high, which has a

significant impact on information diffusion.

In this study, degree variances and average degree are used to observe the effect of
degree distribution on the competitive performances of centrality-based heuristics. Two
fundamental features of any distribution are mean value and variance. Since average degree
represents the mean value and degree variance represents the variance of the degree
distribution of the networks, these two metrics are taken into consideration to reflect the
effect of degree distribution. However, degree variance cannot be used to compare different
networks due to different number of nodes and edges. In this study, degree variance values

of the datasets are normalized based on the equation below:
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n (k) — (AD(N))?
v=1 AD(N)

NDV(N) = z (4.7)

where ky is the degree of a node v, n is the total number of nodes in N and AD(N) is the

average degree of a network N (Zimmerman et al., 2004).
4.2. Network Datasets and Properties

In this study, the standalone and competitive performances of seed selection
heuristics are tested on 13 real-world networks, in which the minimum size is 379 nodes and
the maximum size is 23370 nodes: three from Facebook, two from email communication,
two from Twitter, three from collaboration, one from citation, one from Wikipedia and one
from online social friendship networks. The datasets are extracted from three reputable
libraries which are SNAP of Stanford University’, Network Data Repository?, and
KONECT?. In this regard, thirteen different networks in Table 4.1 are chosen by paying
attention to the diversity of the datasets in terms of network characteristics considered in this

study.
Table 4.1. Network Characteristics of the Datasets.

No Network Y E AD(N) | ACC(N) D(N) | NAPL(N) | NDV(N)
1 | Ego-Facebook 4039 | 88234 43.69 0.605 0.011 0.38 62.9
2 | Hamsterster 2426 | 16631 13.71 0.538 0.006 0.29 28.8
3 | Email-Eu-Core 1005 | 16706 33.24 0.399 0.033 0.26 41.9
4 | ca-GrQc 5242 | 14496 5.53 0.529 0.001 0.08 113
5 | Wiki-Vote 7115 | 100762 | 28.32 0.141 0.004 0.06 117.0
6 | Ca-Netsci 379 914 4.82 0.741 0.013 0.56 3.2
7 | Ca-Hepth 9877 | 25998 5.26 0.471 0.005 0.10 7.3
8 | cit-DBLP 12591 | 49635 7.88 0.119 0.006 0.38 35.8
9 ia-fb messages 1266 6451 10.19 0.068 0.008 0.29 17.2
10 | Ego-Twitter 23370 | 33101 2.80 0.069 0.0001 0.37 35.7
11 | rt-voteonedirection 2277 2460 2.16 0.001 0.001 0.25 142.1
12 | socfb-Hamilton 2314 | 96394 83.31 0.298 0.036 0.27 473
13 | Email-Univ 1133 5451 9.62 0.220 0.009 0.37 9.1

! http://snap.stanford.edu/
2 http://konect.uni-koblenz.de/
3 http://networkrepository.com/
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The network characteristics of the thirteen real-world datasets are given by Table 4.1.
As it is seen from the table, the average degrees of the networks are in the range of 2.16-
83.31, the average clustering coefficients are in the range of 0.001-0.741, and the densities
are in the range of 0.0001-0.036. The maximum and minimum values of normalized average
path length of the networks are 0.06 and 0.56 respectively. Lastly, the normalized degree of

variances ranges between 3.2 and 142.1.

Network definitions and main characteristics are mentioned below and some of the
networks are drawn visually to show the difference between the datasets in terms of
clustering level. Other networks are not shown visually because they do not give insights
into clustering levels of the networks. However, the figures below indicate that some of the

datasets are highly clustered while others can be classified as non-clustered.

Ego-Facebook: is an undirected and unweighted network based on the friend lists
from Facebook app. The network has 4039 nodes representing the users and 88234 edges
representing the friendship relation among the users of the Facebook app. The average
degree of the nodes is 43.69 (Leskovec and Mcauley, 2012).

Figure 4.1. Ego-Facebook Network with 4039 Nodes and 88234 Edges.
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Hamsterster: is an undirected and unweighted network based on friendship and
family links between users of the hamstersters.com website. The network has 2426 nodes

with 13.71 average degree and 16631 edges (Ryan and Nesreen, 2015).

Email-Eu-Core: is a directed and unweighted network consists of email data from a
large European research institution. The incoming and outgoing emails among the members
of the research institution have been used to extract the data. This dataset has 1005 nodes
with 33.24 average degree and 16706 edges representing that there has been an email
communication between the nodes (Leskovec et al., 2007).

Ca-GrQc: is an undirected and unweighted network based on the scientific
collaborations between authors through papers submitted to Arxiv GR-QC (General
Relativity and Quantum Cosmology) category. This network has 5242 nodes with 5.53
average degree and 14496 edges. If an author u co-authored a paper with author v, the
network includes an undirected link between u and v. If the paper is co-authored by n authors,
a completely connected (sub)graph on n nodes is created. This network data covers the
papers from January 1993 to April 2003 (Leskovec et al., 2007).

Wiki-Vote: is a directed and unweighted network consisting of 7116 nodes with
28.32 average degree and 100762 edges. The network data has been obtained from all the
Wikipedia votes between the inception date of Wikipedia and January 2008. The nodes in
the network represents the contributors of Wikipedia and a directed link between u and v

represents that u voted on contributor v (Leskovec et al., 2010).

Ca-Netsci: is a co-authorship network including 379 nodes with 4.82 average degree
and 914 edges. The nodes in the network represent authors and an undirected link between

u and v represents a paper co-authored by u and v (Ryan and Nesreen, 2015).

Ca-HepTh: is a collaboration network consisting of 9877 nodes with 5.26 average
degree and 25998 edges. The dataset has been obtained from the e-print arXiv and it
includes scientific collaborations between authors papers submitted to High Energy Physics

— Theory category. If an author u co-authored a paper with author v, there is an undirected
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link between u and v. If the paper is co-authored by n authors, this results in a completely

connected subgraph of n nodes (Leskovec et al., 2007).

Figure 4.2. Ca-Netsci Network with 379 Nodes and 914 Edges.

Cit-DBLP: is a citation network of DBLP, a database of scientific publications, such
as papers and books. The network dataset includes 12591 nodes with 7.88 average degree
and 49635 edges. Each node in the network represents a publication, and each directed and
unweighted edge is a citation of a publication by another. The graph contains loops since

the publications are allowed to cite themselves (Ryan and Nesreen, 2015).

ia-fb-messages: is a Facebook-like social network including 1266 nodes with 10.19
average degree and 6451 edges. The dataset has been derived from an online community
for students at a university in California, Irvine. Nodes denote the users of the application
and an undirected edge between the user u and v represents that u or v sent at least one

message to each other (Ryan and Nesreen, 2015).
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Figure 4.3. Ca-HepTh Network with 9877 Nodes and 25988 Edges.

Figure 4.4. ia-fb-messages Network with 1266 Nodes and 6451 Edges.
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Ego-Twitter: is a directed network consisting of 23370 nodes with 2.80 average
degree and 33101 edges. It has been extracted from Twitter user-user following information.
Nodes denote users of the Twitter application and edges indicate that the user u follows user

v (Leskovec and Mcauley, 2012).

rt-voteonedirection: is an undirected and unweighted network under the temporal
reachability networks category. The dataset has 2277 nodes with average degree 2.16 and
2460 edges. Nodes denote the users of Twitter application and directed edges represent that
node u retweet a tweet about One Direction music group of user v (Ryan and Nesreen,
2015).

Figure 4.5. rt-voteonedirection Network with 2277 Nodes and 2460 Edges.

socfb-Hamilton: is a social friendship network extracted from Facebook. The
dataset includes 2314 nodes with 83.31 average degree and 96394 edges. The nodes
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represent the users of the Facebook app and undirected edges denote that user u and user v

follow each other (Ryan and Nesreen, 2015).

Figure 4.6. socfb-Hamilton Network with 2314 Nodes and 96394 Edges.

Email-Univ: is an email network including 1133 nodes with 9.62 average degree and
5451 edges. It has been extracted from email communication network at the University
Rovira i Virgili in Tarragona in the south of Catalonia in Spain. The nodes represent the
users and a directed edge between user u and user v represent that user u sent at least an

email to user v (Ryan and Nesreen, 2015).
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Figure 4.7. Email-Univ Network with 1133 Nodes and 5451 Edges.

4.3. Seed Selection Heuristics

In the literature, a variety of seed selection heuristics based on different metrics of
nodes have been proposed. In this study, the heuristics based on betweenness centrality,
degree centrality, closeness centrality and eigenvector centrality have been selected and
Random seed selection has been used as the benchmark. In each centrality-based seed
selection heuristic, the nodes with the highest metric of interest are chosen to be activated
initially. These four centrality-based heuristics are the most commonly used heuristics in the
literature (Borgatti and Everett, 2006), but the relation between their competitive information
diffusion and the network characteristics has not been studied so far. Therefore, they are
taken into consideration in this study in terms of their competitive performances and the
relation between network topological characteristics and their performances. In the

remainder of this section, all the heuristics will be explained in detail. The notation used in
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the explanations for a simple network is G (V, E) with V being the set of nodes and E being
the set of edges respectively. Besides, v represents the node which a metric is calculated for
itself.

Random (R): Selecting seed set randomly.

Betweenness Centrality (BC): Selecting seeds among the nodes with the highest
betweenness centrality in the network. Mathematically, betweenness centrality of a node v
is indicated by BC(v) as

v
Yut

BC(v) = 7
ut

v#t v¥EU tFU

(4.8)

where gut is the number of shortest paths among the nodes u and t and g'ut is the number of
shortest paths which pass through node v.

Betweenness centrality is one of the well-known path-based centrality metrics which
consider the ability of node v to control the information flow in a network (Ghalmane et al.,
2018). It is generally described as the ratio of the shortest paths that pass through the node
of interest among whole the shortest paths in the network. The nodes with the largest
betweenness centrality are crucial in the network since they act like a bridge between two
communities of the network. If a node locates at the only way which other nodes have to go
through for information diffusion, then that node should have a high betweenness centrality

and should be significant for the ultimate information dissemination (L0 et al., 2016).

Degree Centrality (DC): Selecting seeds among the nodes with the highest degree
centrality in the network. Mathematically, kv => aw which is the average degree of a node v
and av is the matrix component of adjacency matrix A= {aw} of a network N. If vand u are

connected, aw, =1 and 0 otherwise. Degree centrality of node v can be defined as

DC(v) = nk—vl (4.9)
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where n is the number of nodes on the network and n-1 is the maximum possible degree.
Degree centrality is one of the basic neighborhood-based centrality measures which depend
on the significance of a node to its neighborhood topology. Generally speaking, when a node

has more connections, it gets more influence on the network (L0 et al., 2016).

Closeness Centrality (CC): Selecting seeds among the nodes with highest closeness

centrality in the network. Closeness centrality of a node v can be defined as

1
CCv) = Z e (4.10)

VFEU

where dvy is the geodesic distance from node v node u, which means that the number of edges

in the shortest path between node u and v.

Closeness centrality is another measure to understand the importance of a node in
terms of controlling information flow over the network. The closeness centrality of a node
is the average distance to all other nodes in a connected network. If the graph is not
connected, it is the distance of a node to all other nodes in the connected component.
Closeness centrality removes the noise, which means that uncontrollable factors during
information diffusion. To remove the noise, it summarizes the length of the shortest path
from one node to another node in the network. In general, the node with larger closeness

centrality is at a more central point of the network (Cohen et al., 2014).

Both of the betweenness centrality and closeness centrality are path-based centrality
metrics calculated based on the shortest paths between nodes. However, betweenness
centrality is used to find the nodes undertaking bridging roles in the network, while the
closeness centrality is used to find the closest nodes to other nodes in the network on average
(LU et al., 2016).

Eigenvector Centrality (EC): Selecting seeds among the nodes with highest
eigenvector centrality in the network. The eigenvector centrality for node v is defined by the

equation
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1
EC() = 2 anFC) (4.11)

u

where a,,, is the value from the adjacency matrix of the network and it is equal to 1 if v and
u are connected and 0 if not. A is a predefined constant. Eigenvector centrality is calculated
by power iteration method. Each node is initialized as one in the first iteration. In the next
iterations, every node shares its score with its neighbors and obtains new values. This process

continues until the values of the nodes remain the same with the values of previous iteration.

Eigenvector centrality assumes that the influence of a node depends on the influence
of each neighbor of the target node. In other words, the centrality of a node is correlated to
total centrality of the nodes connected to the target node (Bonacich, 1987). The nodes with
larger eigenvector centrality can influence many other nodes in the network through their
connections since they have edges between well-connected actors of the network (Valente
et al., 2008).

4.4. Diffusion Model

In this thesis, to investigate the effects of network characteristics on the competitive
performances of the heuristics, a simulation-based study is conducted. As required by the
nature of the study, there are three steps to conduct the simulation experiments as described
in Figure 4.8: (i) constructing the networks, (ii) selecting the seeds, and (iii) simulating the
diffusion process. In this regard, firstly, the 13 real-world networks are constructed through
NetworkX, which is a Python package to analyze social networks. This package provides
opportunities to create, manipulate, and study the structural dynamics and functions of
complex networks for users. In addition, the real-world network datasets in different formats
such as txt, mtx and json can be easily implemented into NetworkX. Furthermore, a
simulation model is constructed in Python for the procedures of seed selection and

information diffusion.

All of the steps are executed in Python. The procedures of seed selection and

information diffusion are explained in Section V with the pseudocodes. In this section, the
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conceptual design of information diffusion model is described with the background

information of Information Diffusion models.

Network Seed Simulate

Construction Selection Diffusion

Figure 4.8. Procedure Flow Chart of the Simulation Model.

There are two diffusion models that are commonly used in standalone information
diffusion experiments - the experiments which are simulated without a competitor- in the
literature; namely Independent Cascade Model (IC) and Linear Threshold Model (LT). In
the following two paragraphs, LT and IC models are explained. Then, the extension of LT

model used in this study is described in detail.

The Independent Cascade Model is firstly proposed by Goldenberg et al. (2001). In
IC model, a weight is assigned to each link, and the weights are classified as weak and strong
in the model. There is an alternative usage of the weights as continuous numeric values in
the range of [0,1]. These weights are considered as probabilities: When a node v is activated,
it triggers an information dissemination to all its inactive neighbors. Then, propagation
succeeds with wy, which is defined as the probability that node v influence node u. If node v
becomes active, it tries to activate all its inactive neighbors. The same procedure continues
until the whole active nodes try propagating their inactive neighbors.

Linear Threshold Model is firstly proposed by Granovetter and Schelling (1978), and
then it is generalized by Kempe et al. (2003). In the Generalized LT Model, each link has a
weight wyy, such that Y, w,,, < 1, which means the influence power of node v to activate
node u , i.e. this weight can be considered as the impact of node v on node u. Unlike IC
model, in the LT Model there is a threshold value t,, which is randomly selected and
uniformly distributed in the interval [0,1]. Besides, there is another study in the literature
where the threshold values are defined equal for all nodes to observe only the effect of link
strengths on the information diffusion (Berger, 1999). The threshold value is assigned to
each node as a characteristic of this model. The condition for an inactive node v to become
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active is as follows: Y, w,, > t,, where node u is an active neighbor of node v. The

propagation continues until the number of active nodes at t and t+1 is equal.

Later, Borodin et al. (2010) introduced two natural extensions of LT model for
competitive information diffusion (propagation of more than one type of information in the
network), which are The Weight-Proportional Competitive Linear Threshold Model and The
Separated-Threshold Model for Competing Technologies. Firstly, the process in the Weight-
Proportional Competitive LT model progresses as follows: The same uniformly distributed
thresholds and weights in the interval [0,1] for the two competitors A and B are assigned to
each node, i.e. they are assigned independently from the competitor type. Later, in every step
t, each inactive node checks the total weight incoming from its active neighbors. Once the
total weight coming from A_active and B_active nodes exceeds the threshold value of node
v, it becomes A_active (B_active) with probability that the ratio of the total weight incoming
from A_active (B_active) neighbors to the total weights incoming from all active neighbors.

The same process continues until the number of active nodes at t and t+1 becomes equal.

Secondly, the process in the Separated-Threshold Model for Competing
Technologies progresses as follows: Seeds at the same size are selected for competitors A
and B. Then, different uniformly distributed threshold and weight values in the interval [0,1]
are assigned to each node and each edge for A and B. For step t, an inactive node v becomes
A _active (B_active) if the total weight coming from A_active (B_active) neighbors exceeds
the threshold for A (B). If both threshold values are exceeded for inactive node v, it becomes

A or B active based on the flip-coin procedure.

The LT model used in this study has more similarities between Weight-Proportional
Competitive LT Model. The same weights (wyw) and thresholds (t,) for both competitors,
which are uniformly distributed in the interval [0,1] are randomly assigned to the edges and
the nodes respectively as in the Weight-Proportional Competitive LT model. Thus, the equal
conditions for the two opponents are created to compare their competitive performances
fairly. However, there are differences with the Weight-Proportional Competitive LT Model
in terms of the information diffusion process. For every step t, each inactive node v checks
the ratio between the total weight incoming from A_active and B_active neighbors and the
total weight coming from all inactive and active neighbors, i.e. mathematically, checks the
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ratio Zue,ﬁ Wy £ Yuert Wi, Tor the opponent A, and Zuaé Wy 7 Yuert Wy, for the opponent

B. I} and 15 represent the A_active and B_active neighbors of node v at step t while I¢
represent all neighbors of node v. If only the ratio for A or B exceeds ty, it becomes A_active
or B_active. However, if both of the ratios exceed the threshold of node v, it becomes

A _active or B_active depending on the magnitude of the ratios. If Zue,ﬁ Wy £ Duert Wiy 1S
higher than Zuag Wy / Yuert Wy, Node v becomes A_active. Otherwise, it becomes

B_active. Since it is more realistic to adopt the influence of more influential competitor, in
this study, selecting A or B randomly has not been found appropriate when both of the weight
ratios exceed ty.. Later, the process terminates when the number of active nodes at t and t+1

becomes equal.

Referring one of the secondary objectives of the thesis which is comparing the effects
of the network characteristics on the standalone and competitive performances of the
heuristics, the simulation experiments for the standalone performances of the centrality-
based heuristics are also conducted. In this regard, the same competitive information
diffusion model is used. However, this time, the seeds are selected and activated only for
one of the opponents, and 0 (inactiveness status) is assigned to whole nodes for the other
opponent. Thus, the model behaves appropriately also for the information diffusion in a non-

competitive environment.
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5. EXPERIMENTATION AND ANALYSIS PROCEDURE

As it is stated in the previous section, there are three steps of this simulation-based
study (see Figure 4.8). Before proceeding the experiments, all the three steps of the
simulation model is tested in terms of the consistency between the conceptual design and the
execution. After ensuring the accuracy of construction of networks, seed selection procedure
and the information diffusion procedure, the model is simulated in Python for both
standalone and competitive experiments. In this section, the criteria and the steps of the
model testing are detailed. Later, the steps of the seed selection and diffusion procedures are
described with the pseudocodes. Lastly, the procedure of analyzing the results of simulation

experiments are explained.

5.1. Model Testing

To ensure the accuracy of network construction step, the network datasets
topological characteristic values seen in network libraries are compared with the values seen
on NetworkX (number of edges, number of nodes, average clustering coefficient, average
degree, average path length and density). As a result, it was observed that NetworkX
reflected the datasets accurately.

To test the second step, it is checked whether the number of selected seeds is the
same with the initially defined seed set size (s) and whether the selected nodes are chosen
according to the selected heuristic properly or not. In this regard, all of the heuristics are
checked firstly for the standalone experiments, and then each heuristic combination is also
checked for the competitive experiments. The smallest dataset Ca-Netsci is utilized for the
test. In order to explain the steps of this test procedure, BC vs. DC heuristic combination is
chosen as an example and the steps of this test are detailed through this example. The seed
set size (s) is defined as 5% for all of the experiments depending on a value that works well
enough for the study. If s is too high, then whole the heuristics are expected to reach a very
high influence spread. On the contrary, if s is too low, all of the heuristics achieve a limited
influence spread (Erkol and Yicel, 2017). Thus, the number of initially active nodes should
be 19 in Ca-Netsci (0,05x379= 19) for both of the seed sets chosen based on BC and DC. A
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node can have highest betweenness and degree centralities at the same time. Besides,
although there is a low probability, seed selection priority might always belong to the same
opponent during the seed selection since it depends on a flip-coin procedure. Thus, in the
test conducted on Ca-Netsci, the same 19 nodes may have the highest betweenness and
degree centralities at the same time. Meaning that, if the selection priority belongs to the
same opponent during the seed selection, seeds can be chosen at most from the first 38 nodes
with highest betweenness centralities based on BC and the first 38 nodes with the highest
degree centralities based on DC. Besides that, a flip-coin procedure is defined for the seed
selection process for the competitive experiments. The competitors select the seeds one by
one, and the seed selection process is completed when both of the competitors reach

predefined s.

For the test, the first 38 nodes with the highest betweenness and degree centralities
of Ca-Netsci are listed. When the simulation model is run to activate nodes in Ca-Netsci
based on BC and DC, it seen that both of the seed sets contain the nodes belong that list.
Thus, the model selects seeds as it is designed. Apart from this observation, the selected
nodes based on the heuristic BC and DC do not overlap as it is planned. The same procedure
is repeated for each heuristic combination and also for each standalone case, and then it is

observed that seed selection procedures are working properly.

Lastly, the same dataset is utilized to verify the competitive diffusion model used in
this study since it has the smallest number of nodes and also it is a connected network, which
means that it is possible to activate all inactive nodes in the network. Two simulation
experiments are carried out by assigning zero and one combinations to the node thresholds
and the edge weights. Firstly, competitive information diffusion between BC and DC is
simulated when the node thresholds are zero and edge weights are one. At the end of the
simulation, all nodes became A active (the first competitor) or B_active (the second
competitor) as it is expected. On the contrary, when the node thresholds are one and the
weights of all edges are zero, the number of active nodes did not exceed the seed set size as
itis planned. Moreover, a synthetic network is created on NetworkX, which is also connected
and have only 15 nodes. The same verification procedure is repeated on this network with
each standalone case and for each heuristic combination. It is observed that if all threshold

values are assigned zero and all edge weights are assigned one, all of the nodes in the network



36

are activated at the end of the simulation. If the assignment is vice versa, only the nodes in

the seeds remain active.

5.2. Experimentation Procedure

For this study, thirteen different real-world network datasets have been selected.
Standalone experiments are conducted on each network for each heuristic (R, BC, DC, CC
and EC) with 40 replications. Thus, there have been 13x40=520 runs for the standalone
performance of each heuristic. Since all of the other heuristics are able to exceed the
standalone performance of R, they are compared against each other (BC vs DC, BC vs CC,
BC vs EC, DC vs CC, DC vs EC, and CC vs EC). Competitive experiments are also
conducted on each network with 40 replications, thus there have also been 520 runs for each
paired heuristic combination. Thus, there are 5720 simulation runs overall, 520x5=2600 for
the standalone experiments and 520x6=3120 for the competitive experiments. All
experimentation procedures are implemented in Python 3.7.0 and the following experiments
are conducted on Windows 64-bit OS with 2.90 GHz Intel Core i7-7500U and 8 GB memory.

At the beginning of each experiment, uniformly distributed node thresholds and the
edge weights are assigned randomly in a range between one and zero. The same random
seeds which are used to assign thresholds and weights for each of 40 replications are kept on
NetworkX for starting to each simulation experiment under the identical conditions (a total
of 80 random seeds are kept for 40 replications; 1 for thresholds and 1 for weights). After
the assignment of thresholds and weights, s (seed set size) is defined as 5% of total numbers
of nodes in the subjected dataset. Another step is to select the nodes to be activated initially
based on a heuristic for the standalone experiments or based on the two heuristics for the
competitive experiments. In Figure 5.1, R seed selection procedure for standalone
experiments is presented. In Figure 5.2, seed selection procedures of centrality-based
heuristics for standalone experiments are grouped and described. In Figure 5.3, seed
selection procedure for the competitive experiments of a centrality based heuristic vs.
another centrality-based heuristic are presented. In that figure, c>= 0.5 statement presents
the flip-coin rule. Since a node can have the highest values of different metrics at the same
time, flip-coin rule is applied to give competitors equal chance to activate the nodes to be

selected as seeds.
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After all initialization steps are completed, the simulation is run according to the
diffusion model used in our study. In Figure 5.4 and Figure 5.5, diffusion processes for

standalone and competitive influence maximization experiments are described respectively.

for randomly selected s nodes do:
activate

end for

Figure 5.1. Pseudocode of Random Seed Selection Procedure in Standalone Experiments.

for each node v do:

set vy: calculate BC/DC/CC/EC
end for
for s nodes with maximum vy

activate

end for

Figure 5.2. Pseudocode of Centrality-Based Heuristics” Seed Selection Procedure in

Standalone Experiments.
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a =0 //to iterate the total number of A_active nodes
b =0 // to iterate the total number of B_active nodes
for each node v do:
set vx: calculate BC/DC/CC/ EC
set vy: calculate BC / DC / CC/ EC
end for
while atb < 2s:
ifa<sand ¢>=0.5: // c is a random number in [0,1]
pick v with maximum vy from the list of inactive nodes
activate v
a=a+l
else:
ifb<s:
pick v with maximum vy from the list of inactive nodes
activate v
b=b+1
end if

end while

Figure 5.3. Pseudocode of Centrality-Based Heuristic vs. Another Centrality-Based

Heuristic Procedure in Competitive Experiments.
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for each inactive node v do:
set m: calculate the number of A_active neighbors
set n: calculate total weight coming from A_active neighbors
set p: calculate total weights coming from inactive neighbors
set n/ (n+p): average influence of competitor A
set t: threshold
end for
for each inactive node v do:
if m!=0:
if (n/(n+p)) >t
activate node v

end for

Figure 5.4. Pseudocode of Information Diffusion Process in Standalone Experiments.
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for each inactive node v do:
set m: calculate the number of A_active neighbors
set n: calculate total weight coming from A_active neighbors
set u: calculate the number of B_active neighbors
set p: calculate total weights coming from B_Active nodes
set r: calculate the number of inactive neighbors
set y: calculate total weights coming from inactive neighbors
set n/ (n+p+y): average influence of competitor A
set p / (n+p+y): average influence of competitor B
set t: threshold
end for
for each inactive node v do:
if (m+u)!=0:
if (n/(n+p+y)) > tand (p/(n+p+y)) > t:
if 0.5 <= (n/(n+p)): // to activate v based on the opponent with higher weight
activate node vas A
else:
activate node v as B
if (n/(n+p+y)) > t> (p/(n+p+y)):
activate node vas A
if (p/(n+p+y)) > t> (n/(n+p+y)):
activate node v as B

end for

Figure 5.5. Pseudocode of Diffusion Process in Competitive Experiments.
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5.3. Statistical Analysis Procedure

In this study, the results of the experiments contain one dependent variable and six
independent variables. The dependent variable is the average influence spread of the
heuristics while the independent variables are the five network characteristics, and
additionally the opponent type for the competitive influence maximization experiments. To
analyze how the average influence spreads of the heuristics change in response to the
network characteristics, regression tree is used. Regression tree is one of the methods of
decision tree methodology. In this section, background information for regression trees is
given, and the related procedure followed in this study is explained. Besides, detailed
information with an example which explains how to read regression trees can be found in

Appendix A.

Decision tree is one of the methods of Machine Learning and covers both
Classification and Regression trees (CART), which is commonly used as statistical tools for
modeling and analyzing complex data. Classification and regression trees explain the
variation of a single response (dependent) variable by one or more explanatory (independent)
variables. Selection of classification or regression tree method depends on the structure of
the response variable. Classification trees are utilized to explore categorical response
variables, while regression trees are used for numeric response variables. Apart from the
response variable, both methods can be used with categorical or numeric explanatory
variables (Breiman et. al., 1993). In this study, since the response variable representing the

average influence spreads of the heuristics is numeric, regression tree is used.

Regression trees are formed by repeatedly splitting the data depending on a single
explanatory variable. In each split, data is divided into two mutually exclusive groups which
are always uniform in itself. Then, the splitting rule is applied repeatedly to each group and
continues until all of the final groups named as terminal nodes are reasonably small and pure,
which means that each terminal node consists of one sample case. The main aim is to
partition the single response variable into uniform groups as possible, but also to obtain a
tree at an acceptably small size. The size of a tree is the total number of its terminal nodes.
In regression trees, terminal nodes are distinguished by the mean values of the response

variable, size of the node (amount of the data included in the node) and a certain criteria of



42

explanatory variables. These certain criteria are defined by inequalities (for numerical
response variables) or equalities (for categorical response variables) on the branch above the
terminal nodes, and thus why some of the data is included in the terminal node of interest is

explained according to these criteria (Breiman et. al., 1993).

Regression trees are illustrated as a decision tree, in which there is a root (parent)
node on the top which indicates the mean value of the non-partitioned data and there are
terminal nodes at the bottom which show the mean values of the split response variable.
Besides, the routes between the root node and each terminal node are named as branches
(Breiman et. al., 1993).

In this study, the results of the performances of heuristics are compared based on
their averages over 40 replications on each network dataset. Each individual replication
result is taken into consideration in the analysis as a percentage. The average influence
spread of the heuristics based on the individual results is the dependent variable while
average clustering coefficient, average degree, normalized average path length, normalized
degree variance and density are the independent variables. Apart from the network
characteristics, the type of the opponent spreading over the network is the additional
independent variable in the analysis of competitive experiment results. On the parent node
of the regression trees, the overall average influence spread of the heuristics are seen
regardless of the effect of independent variables. In the following nodes, it is presented that
a heuristic performs better or worse according to a decrease or increase in which network
characteristic. Besides, how the performance of a heuristic change depending on the
opponent type is presented in the regression trees for the competitive influence maximization

experiment results.

To sum up, the standalone performances of all centrality-based heuristics exceed the
performance of the heuristic Random on most of the datasets. Therefore, all the four
centrality-based heuristics’ both standalone and competitive performances are interpreted
through regression trees created with RPART package of RStudio program. Overall, the four
regression trees are created for the standalone and the four trees are created for competitive

experiment results.
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6. RESULTS

In this section, the results with the standalone and competitive performances of the
heuristics are represented separately. The effects of network characteristics are interpreted
on the standalone and competitive performances of each heuristic through regression trees.
At the end of both standalone and competitive performance results’ subsections, the findings
are summarized in an overview section. All the findings of Section VI will be discussed

further with respect to meaning, importance and relevance in Section V11 for Discussion.

6.1. Standalone Performances of the Centrality-Based Heuristics

In this study, the seed selection heuristic Random (R) is used as the benchmark, as
Zhao et. al. (2017) did. The authors studied competitive performances of several seed
selection heuristics including betweenness (BC), degree (DC), closeness (CC) and
eigenvector centrality (EC). They compared each heuristic against R on the two real-world
network datasets which have 379 and 1133 nodes. Then, since EC performed worse than R
on these two datasets, the authors eliminated EC from the comparative analysis of the
standalone performances of centrality-based heuristics (Zhao et al., 2017). In this study,
simulated standalone performances are listed in Table 6.2 according the averages over the
results of 40 replications, and then the heuristics are ranked in Table 6.1 based on these
average influence spreads. In Table 6.1, “1” represents the heuristic with the best average
standalone performance on the network of interest, while “4” represents the heuristic with
the worst performance. According to Table 6.1, the heuristic EC performed worse than R on
Ca-Netsci (N6), which is one of the two real-world datasets used in the study of Zhao et al.
(2011). On the contrary, EC performed better than the heuristic R on the eight networks
among all the 13 real-world datasets as shown in the Table 6.1. Besides, the heuristics BC,
DC and CC also influenced more nodes than R on all of the datasets. Hence, all of the
centrality-based heuristics are included in the analysis of standalone performances and

competitive performances as well.
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Table 6.1. Ranks of the Heuristics According to Standalone Performances.

N1 | N2 | N3 | N4 | N5 | N6 | N7 | N8 | N9 | N10 | N11 | N12 | N13
R 4 5 5 4 5 4 4 5 5 5 5 5 5
BC 1 1 1 1 1 2 1 1 1 2 2 1 1
DC 2 2 2 3 2 1 2 2 2 1 1 2 2
cC 3 3 3 2 3 3 3 3 4 3 3 4 3
EC 5 4 4 5 4 5 5 4 3 4 4 3 4

Table 6.2. Average Standalone Performances of the Heuristics on the Datasets (%).

No Network mean(R) | mean(BC) | mean(DC) | mean(CC) | mean(EC)
1 | Ego-Facebook 20.2 39.7 32.5 28.7 8.3
2 | Hamsterster 33.8 48.4 47.1 43.5 37.6
3 | Email-Eu-Core 19.8 57.5 56.1 55.2 53.0
4 | Ca-GrQc 15.6 34.9 23.5 25.4 12.6
5 | Wiki-Vote 22.1 815 81.4 77.0 75.1
6 | Ca-Netsci 17.5 37.1 41.7 28.8 12.8
7 | Ca-Hepth 16.7 38.5 34.2 27.8 21.9
8 | Cit-DBLP 19.2 68.3 63.0 48.8 44.8
9 | ia-fb messages 19.1 63.0 63.0 59.9 60.7
10 | Ego-Twitter 15.9 93.6 98.9 51.6 41.5
11 | rt-voteonedirection 17.3 91.5 95.5 65.4 55.8
12 | socfb-Hamilton 21.8 46.1 45.5 42.9 43.2
13 | Email-Univ 19.1 48.1 46.9 41.7 354

Overall Mean 19.9 57.6 56.1 45.9 38.7

From Table 6.1, it is shown that there is a general ranking of the four heuristics as
follows: BC>DC>CC>EC. However, when the results with R, BC, DC, CC and EC are
interpreted according to Table 6.2, it can be clearly seen that the network type significantly
affects the standalone performances of the heuristics within themselves. For example, all the
four centrality-based heuristics show better standalone performances on Wiki-Vote dataset
which has the lowest NAPL (normalized average path length) among the datasets. The
heuristics BC and DC apparently perform better on rt-voteonedirection which has the lowest
ACC (average clustering coefficient). On the other hand, CC and EC cannot increase their
performances as much as BC and DC on rt-voteonedirection. Hence, the standalone
performances of the heuristics are significantly affected by the network characteristics. The

sub-sections below will be helpful in understanding which network characteristics are
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influential on the performances of the heuristics. However, the reasons behind the effects of
network characteristics will be detailed in Section VII for Discussion by combining

standalone and competitive experiment results.

6.1.1. Betweenness Centrality

The results with the heuristic BC showed that average influence spread is 58% over
all of the networks, which is the highest average performance among all of the heuristic
performances. Considering the individual experiment results, the minimum performance is
observed as 30% on Ca-Netsci while the maximum performance is seen on Ego-Twitter with

94% influence spread.
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Figure 6.1. Regression Tree of BC’s Standalone Performance.

Figure 6.1 indicates that ACC (average clustering coefficient) is the most significant
network characteristic on the standalone performance of BC because the topmost split point
separates off 62% off the data with 44% average influence spread from 38% of the data with

80% average influence spread. Hence, it is found that the heuristic BC performance is better
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on slightly clustered networks. Barthelemy (2004) stated that lower ACC maximizes
betweenness centrality of some nodes since all shortest paths between different clusters are
prone to go through the same nodes. However, when the ACC is high enough, shortest paths
in a network go through much more nodes. Meaning that, the average betweenness centrality
of the network is also high, and it is less possible for the nodes to make a difference in
controlling communication on the network, i.e. being a node with higher BC is not a property
that makes this node superior to other nodes for information diffusion (Barthelemy, 2004).
Thus, selecting seeds based on the betweenness centrality of nodes is not sensible on highly

clustered networks.

The AD (average degree) is found as the second most important network
characteristic because the first split points of the left and the right branches in Figure 6.1 are
on AD. The best performance of BC is seen on slightly clustered networks with lower AD.
However, higher AD is more advantageous for BC on highly clustered networks (see the left
branch in Figure 6.1). When the network is highly clustered, propagation becomes limited
regardless of the seed selection heuristic. Thus, it can be concluded that the nodes with a

large number of neighbors impacts the propagation.

The last split points of the BC performance are on the NAPL (normalized average
path length). An increase in the NAPL negatively affects the performance of BC in
standalone experiments. Since betweenness centrality is a path-based centrality metric
Jahanpour and Chen (2013) expected to see that the nodes with higher betweenness centrality
have more potential to control communication in the networks with lower NAPL. Their
experimental results have supported their hypothesis (Jahanpour and Chen, 2013). The
results of our study are also in line with the authors’ claim. However, since the NAPL splits
a little amount of the data compared to the ACC and the average degree in Figure 6.1, it can
be concluded that it is not influential on the performance of BC as much as the ACC and the

average degree.

There is no split point on the NDV (normalized degree variance) and the D (density)
in the regression tree above. Meaning that, these two variables do not affect the performance
of BC as much as the ACC, the average degree and the NAPL.
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Overall speaking, the results indicate that standalone performance of BC is
significantly affected by the ACC and the AD. To obtain the best propagations from the
heuristic BC, it should be used in slightly clustered networks with low AD. A decrease in
the NAPL also increases the performance of the heuristic BC, but with a less significance
compared to the ACC and the AD.

6.1.2. Degree Centrality

The results with the heuristic DC showed that average influence spread is 56% over
all of the networks, which is the second highest average influence spread result among all of
the heuristic performances. Considering the individual experiment results, the minimum
performance is observed as 23% on Ca-GrQc while the maximum performance is seen on

Ego-Twitter with 99% influence spread.
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Figure 6.2. Regression Tree of DC’s Standalone Performance.
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In Figure 6.2, the topmost split point, according to the ACC (average clustering
coefficient), separates off 62% of the data with 41% average influence spread from 38% of
the data with 80% average influence spread. As the ACC decreases, the standalone
performance of DC increases too. Additionally, the first split point of the left branch is also
on the ACC. The heuristic DC also shows its best performances on the slightly clustered

networks.

The first split point of the right branch is on the AD (average degree). When the ACC
of a network is lower, the AD becomes the most significant characteristic on the standalone
performance of DC. The best performance of DC has been observed on slightly clustered
networks with low AD, which are Twitter networks, namely rt-voteonedirection and Ego-
Twitter. As it is presented in Subsection 6.1.1, BC performance is also affected negatively
by an increase in the average degree of the slightly clustered networks. The related split
points on the average degree of BC and DC have also the same thresholds AD>=5.3. Besides,
it is observed that both heuristics showed approximate average performances (BC: 71%;
DC: 69%) on the networks belong to these split points. Meaning that, the heuristics BC and
DC are affected similarly by the ACC and the AD of the networks.

The third most influential characteristic is found as the NAPL (normalized average
path length). It is interesting to see that an increase in the NAPL is advantageous for the
performance of DC on the highly clustered networks while it is disadvantageous on the
slightly clustered networks. However, the NAPL splits a little amount of the data compared
to the ACC and the AD. Hence, the NAPL is not influential as much as the ACC and the AD

for the performance of DC.

There is no split point on the NDV (normalized degree variance) and the D (density)
in Figure 6.2. Meaning that, these two variables do not affect the performance of DC as much
as ACC, AD and NAPL.

To sum up, the most significant characteristics affecting the standalone performance
of DC are the ACC, the AD and the NAPL respectively. The best performance of DC is on
the slightly clustered networks with lower AD. Moreover, when the AD of a slightly
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clustered network increases, a decrease in the NAPL is a supporting factor for the heuristic
DC to propagate better.

6.1.3. Closeness Centrality

The results with the heuristic CC showed that average influence spread is 46% over
all of the networks, which is the third highest average influence spread among all of the
heuristic performances. Considering the individual experiment results, the minimum
performance is observed as 22% on Ca-Netsci while the maximum performance is seen on
Wiki-Vote with 80% influence spread.
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Figure 6.3. Regression Tree of CC’s Standalone Performance.

The topmost split point in Figure 6.3 is on the ACC (average clustering coefficient)
which separates off 38% of the data with 31% average influence spread from 62% of the

data with 55% average influence spread. As in the regression trees of BC and DC standalone
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performance, CC also performs better on the networks with a lower ACC. However, the
threshold value of the first split points is 0.44 for CC while it is 0.18 for BC and DC. The
performances of BC and DC considerably decrease when the threshold of the networks
exceed 0.18. However, the performance of CC does not significantly change until the
threshold reaches 0.44. Thus, the results conclude that the ACC is the most significant
network characteristic on the performance of the three heuristics, but it has a smoother effect
on CC compared with the effects on BC and DC.

The first split point on the right branch is on the NAPL (normalized average path
length), and it separates 46% of the data with 50% average influence spread from 15% of
the data with 71% average spread. There is another split point on the NAPL on the left branch
of the regression tree. Both of the split points indicates that the heuristic CC propagates better
as the NAPL of the network decreases. Meaning that, the performance of CC is significantly
and positively affected by a decrease in the NAPL regardless of the clustering levels of the
networks. The closeness centrality of a node indicates the reciprocal sum of the shortest path
distances from that node to all other nodes in a network. Therefore, if the NAPL of a network
is low, the nodes with high CC value will have more capability to control the diffusion on
the network (Yen et al., 2013).

Another finding of Figure 6.3 is the fact that the AD (average degree) effect on the
performance of CC arises when the ACC of the network increases. It is found that the worst
CC performance occurs on the networks with highest clustering coefficient and lowest

average degree.

As shown in Figure 6.3, there is no split point on the D (density) and NDV
(normalized degree variance) in the regression tree. Thus, the results conclude that the

performance of CC does not change significantly due to the effects of the NDV and the D.

Consequently, the most important network characteristics for the performance of CC
are ranked as the ACC, the NAPL and the AD respectively. The effect of AD is important
only on the highly clustered networks which the heuristic CC propagates limitedly. To obtain
best influence spread performances, the heuristic CC should be used on the slightly clustered

networks with lower NAPL.



51

6.1.4. Eigenvector Centrality

The results with the heuristic EC showed that average influence spread is 39% over
all of the networks, which is the lowest average influence spread among all of the four
heuristics’ standalone performances. Considering the individual experiment results, the
minimum performance is observed as 7% on Ego-Facebook while the maximum

performance is seen on Wiki-Vote with 79% influence spread.
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Figure 6.4. Regression Tree of EC’s Standalone Performance.

Figure 6.4 shows that the ACC (average clustering coefficient) has the highest effect
on the performance of EC since the topmost and the first split point of the left branch are on
the ACC. As the ACC of a network decreases, the heuristic EC reaches higher influence
spreads. Similar to the heuristic CC, the threshold value for the topmost split point on the
ACC is 0.44 which is higher than the value for BC and DC (0.18 for BC and DC; 0.44 for
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DC and EC). Meaning that, the ACC has a smoother effect on also EC compared with the
effects on BC and DC.

The NAPL (normalized average path length) of a network is observed as the second
most significant characteristic on the performance of EC. The first split point on the right
branch separates off the 54% of the data with 48% average spread from the 8% of the data
with 75% average spread. Meaning that, the NAPL is the influential factor to obtain the best

propagation from the heuristic EC on the slightly clustered networks.

The AD (average degree) splits a small percentage of the data on the left branch of
the regression tree. The effect of the AD arises only on the highly clustered networks. An
increase in the AD fosters the higher performance of the heuristic EC, but with a less impact.
Moreover, there is no split point according to the NDV (normalized degree variance) and the
D (density). Thus, it can be concluded that the NDV and D do not have a significant impact

on the performance of the heuristic EC.

Overall, the ACC and the NAPL of the networks significantly affect the standalone
performance of EC. To obtain the best performance from the heuristic EC, it should be used

on the slightly clustered networks with lower NAPL.

6.1.5. Overview of the Standalone Performance Results

Before proceeding to the results of competitive performances of the heuristics, the
findings of standalone experiments are summarized in Table 6.3. In the table, positive
direction of correlation represents that as the value of network characteristic increases, the
performance of the heuristic tends to also increase. If the direction is negative, the

performance of the heuristic decreases with an increase in the network characteristic.

It is found that the average clustering coefficient (ACC) is the most influential
characteristic on the performances of the heuristics as shown in Table 5.3. All the four
centrality-based heuristics propagate better as the ACC of the network decreases. Besides,
although the heuristics BC and DC performs better than the heuristics CC and EC on both
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highly and slightly clustered networks, the results showed that the heuristics BC and DC are

more sensitive to a change in the ACC compared to CC and EC.

Table 6.3. Summary Table of Network Characteristics’ Effects on the Standalone

Performances of the Heuristics.

Significant Network Characteristics Direction of Correlation

BC Average Clustering Coefficient (ACC) Negative
Average Degree (AD Negative

& DC 9. gree (AD) g .
Normalized Average Path Length (NAPL) Negative
cc Average Clustering Coefficient Negative
Normalized Average Path Length Negative

& EC _
Average Degree Positive

The results indicate that the second most important characteristic for the standalone
performance of BC and DC is the average degree (AD). A decrease in the AD results in
higher influence spread for these heuristics on the slightly clustered networks. In other
words, the best standalone performances of both heuristics are observed on the slightly

clustered networks with low AD.

The second most influential network characteristic on the standalone performance of
CC and EC is found as the normalized average path length (NAPL). These heuristics show
better performances on the networks with lower NAPL. The best standalone performances

of both heuristics are observed on the slightly clustered networks with lower NAPL.

The results show that the average path length (NAPL) is the third most significant
characteristic for the performance of BC and DC. Compared with the ACC and the AD, it is
a less significant characteristic for explaining the influence spread performance of these two
heuristics. However, it is still important and a decrease in NAPL results in higher influence

spread performances of BC and DC on the slightly clustered networks.
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The third most influential characteristic on the performance of the heuristics CC and
EC are observed as the AD. However, the effect of the AD arises only when the network has
a low average ACC. An increase in the AD results in a better performance of the heuristics
CCand EC.

The results highlight that the D (density) and the NDV (normalized degree variance)
do not have a significant impact on the performances of all the four centrality-based

heuristics. The data has never been split on these two characteristics in any regression tree.

Considering the significant characteristics on the standalone performances of the four
heuristics, it can be concluded that all the four heuristics’ standalone performances are
affected by the same three network characteristics which are ACC, AD and NAPL.

6.2. Competitive Performances of the Centrality-Based Heuristics

The competitive performances of the heuristics BC, DC, CC and EC against each
other are indicated in Table 6.4 and Table 6.5. In the tables, average influence spread
percentages on the 13 real-world network datasets are listed, and overall average competitive

performances are indicated at the end of each column.

According to tables, there are many interesting results compared to the results of
standalone experiments. For example, it is expected to see that CC and EC would lose the
most from their standalone performances against BC since the performance ranking in
standalone performances is BC>DC>CC>EC. However, according to the results, the
heuristics CC and EC lose the most influence spread against the heuristic DC instead of BC.
The overall average competitive performance of CC against BC is 18.4 % while it is 17.5 %
against DC. In addition, for EC, it is 16.2 % against BC and 14.7% against DC.

Interestingly, the most successful heuristic on a dataset in the competitive setup may
differ from standalone experiments depending on the opponent type. Besides, the difference
between heuristics’ influence spread performances may become enlarger compared to the
standalone results. For example, the heuristics BC and DC show their best standalone

performances on the same network (Ego-Twitter) with 93.7% and 98.9% average influence
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spread respectively. However, the heuristic BC shows 27.2% competitive performance
against the heuristic DC on Ego-Twitter while the performance of DC is 71.2%. In the
competitive experiments, influence spread difference between the heuristics BC and DC is

quite large despite the fact that the standalone performance gap is much lower.

Moreover, the heuristic BC has showed roughly one point more influence spread than
the heuristic DC (BC: 46.1% vs DC: 45.5%) on socfb-Hamilton in the standalone
experiments, but DC has showed approximately six points more performance than BC in the
competitive experiments (BC: 17.3% & DC: 26.2%). The same situation occurs also
between the heuristics CC and EC. The standalone performances of these two heuristics are
65.4% and 55.8% respectively on the rt-voteonedirection. However, the heuristic EC has
showed approximately five points more competitive influence against the heuristic CC on
the same network (30.9% vs 36.0%).

Table 6.4. Average Competitive Performances of the Heuristics on the Datasets for the

First Three Heuristic Combinations (%).

BCvs. DC BCvs. CC BCvs. EC
Network mean(BC) | mean(DC) | mean(BC) | mean(CC) | mean(BC) | mean(EC)
Ego-Facebook 27.3 16.6 30.3 16.5 37.2 6.8
Hamsterster 25.8 22.6 27.4 18.6 30.2 16.9
Email-Eu-Core 25.0 23.9 25.6 22.2 27.1 21.2
Ca-GrQc 30.5 9.6 28.6 12.7 31.6 7.5
Wiki-Vote 38.9 33.6 39.2 26.4 46.0 27.5
Ca-Netsci 23.7 29.0 30.9 14.7 32.9 10.3
Ca-Hepth 25.7 19.8 30.6 144 32.2 10.1
Cit-DBLP 41.8 29.5 50.5 17.9 53.7 15.8
ia-fb-messages 28.8 27.6 33.8 21.5 33.0 22.2
Ego-Twitter 27.2 71.2 80.1 14.3 87.6 6.6
rt-voteonedirection 41.0 55.5 73.4 21.0 67.9 25.8
scofb-Hamilton 17.3 26.2 20.7 20.0 19.2 23.2
Email-Univ 27.8 25.1 30.5 18.6 35.2 16.7
Overall Mean 29.3 30.0 38.6 184 41.1 16.2
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Table 6.5. Average Competitive Performances of the Heuristics on the Datasets for the

Second Three Heuristic Combinations (%).

DCvs. CC DCvs. EC CCvs. EC
Network mean(DC) | mean(CC) | mean(DC) | mean(EC) | mean(CC) | mean(EC)
Ego-Facebook 23.9 15.7 31.3 6.2 26.5 8.2
Hamsterster 28.1 15.0 33.0 12.7 27.6 15.7
Email-Eu-Core 27.3 18.3 32.6 15.0 30.7 14.4
Ca-GrQc 135 21.2 20.8 9.0 23.2 8.0
Wiki-Vote 48.4 21.5 49.4 25.6 36.2 28.7
Ca-Netsci 32.2 17.4 36.1 9.2 22.7 11.7
Ca-Hepth 26.8 14.6 30.7 9.9 23.2 10.8
Cit-DBLP 44.9 15.6 49.2 14.9 32.7 19.0
ia-fb-messages 35.1 20.6 34.9 20.9 25.2 28.4
Ego-Twitter 84.5 14.3 94.0 5.3 46.7 13.7
rt-voteonedirection 76.1 20.6 63.5 33.2 30.9 36.0
scofb-Hamilton 23.3 14.1 24.1 13.3 16.1 19.7
Email-Univ 29.2 18.3 35.5 15.5 29.9 17.5
Overall Mean 37.9 175 41.2 14.7 28.6 17.8

Another example is that DC is approximately four points more successful than BC
on rt-voteonedirection (BC: 91.5% & DC: 95.4%) in the standalone experiment. In the
competitive experiment, DC has showed approximately 15 points better performance against
BC (BC: 41.0% & DC: 55.5%).

These interesting results of competitive experiments support the necessity for
extending this study to the analysis of the relation between the competitive performances of
the heuristics and the network characteristics. In the next subsections, this analysis is detailed

based on each heuristic as in the standalone experiment results.

6.2.1. Betweenness Centrality

The results with the competitive performance of the heuristic BC showed that the
overall average performance of BC is 36% in paired competitions with DC, CC and EC over
all the datasets. The average standalone performance of BC has been observed as 58%.
Meaning that, BC loses 37.9% on average from its performance due to the presence of an
opponent in the network regardless of the opponent type. Considering the individual

experiment results, the best competitive performance of BC is observed as 89% influence
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spread against CC on rt-voteonedirection, and the worst performance is seen again on rt-

voteonedirection with 5.7% influence spread against DC.

The AD (average degree) is found as the most significant characteristic for the
competitive performance of BC. The first split point on AD separates of 85% of the data
with 31% average influence spread from 15% of the data with 63% average influence spread.
It concludes that BC competes better on the networks with lower AD regardless of the

opponent type.

The second most influential characteristic is observed as the ACC (average clustering
coefficient). It separates 23% of the data with 41% average influence spread from the 62%
of the data with 28% average influence spread. The heuristic BC performs better against its

three opponents on the slightly clustered networks.

According to the right branch of the Figure 6.5, the heuristic DC dramatically worsen
the performance of BC on the networks with lower AD. Meaning that, the significance of

the opponent type arises only when the AD of the network decreases.
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28 41
62% 23%
l I
[ AD>=64 _‘ ACC<0.094
19 29 32 45 34 77
8% 54% 8% 15% 5% 10%

Figure 6.5. Regression Tree of BC’s Competitive Performance.
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There is no split point on the NDV (normalized degree variance), the NAPL
(normalized average path length) and the D (density). Hence, these three characteristics do

not affect the performance of BC against its opponents as much as the AD and the ACC.

To sum up, the AD and the ACC are the most influential characteristics on the
performance of BC regardless of the opponent type. The heuristic BC is robust to the
opponent type since there is only one split point depending on the opponents in the regression
three and the percentage of the data on that split point is only 15%. Considering the right
branch in Figure 5.5, it can be concluded that the performance of BC could worsen
significantly by only the heuristic DC on the networks with higher average degree.

6.2.2. Degree Centrality

The results with the competitive performance of the heuristic DC showed that the
overall average performance of DC is 36% in paired competitions with BC, CC and EC over
all the datasets. The average standalone performance of DC has been observed 56%.
Meaning that, DC loses 35.7% on average from its performance due to the presence of an
opponent in the network regardless of the opponent type. Considering the individual
experiment results, the best performance of DC is observed as 94.1% influence spread
against EC on Ego-Twitter, and the worst performance is seen on Ca-GrQc as 8.6%

influence spread against BC.

The leftmost split point in Figure 6.6 shows that the NAPL (normalized average path
length) splits 62% of the data, which means that the NAPL is one the most significant
characteristics on the performance of the heuristic DC against its opponents. If the network
is highly clustered and has a high AD, an increase in the NAPL becomes advantageous for
DC.

The first split point on the right branch splits equally only 15% of the data into two
groups, which means that the NDV (normalized degree variance) has not a significant effect
on the performance of the heuristic DC. Besides, there is no split point depending on the D
(density) in the regression tree. Meaning that, the performance of DC does not change

significantly depending on a decrease or an increase in the density of a network.
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Figure 6.6. Regression Tree of DC’s Competitive Performance.

When all the split points in Figure 6.6 are evaluated, it is seen that the opponent type

affects the performance of DC only on the highly clustered networks with high AD and

NAPL (see the left branch of Figure 6.6). Considering such networks, it can be concluded

that the heuristics BC and CC reduce considerably the influence spread of the heuristic DC.

There is no split point depending on the D (density) in the regression tree above.

Meaning that, the performance of DC does not change according to a decrease or an increase

in the density of a network.

Overall, the most significant characteristics on the competitive performance of DC

are the AD and the ACC of the networks. An increase in the NAPL becomes influential

when the network is highly clustered and has a high AD. The opponent type is observed as

less significant on the performance of DC than the network characteristics. Lastly, the D and

the NDV have not showed a significant effect as in the standalone performance results.
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6.2.3. Closeness Centrality

The results on the competitive performance of the heuristic CC showed that the
overall average performance of CC is 21% in paired competitions with BC, DC and EC over
all the datasets. The average standalone performance of CC has been observed 46%.
Meaning that, CC loses 54.3% on average from its performance due to the presence of an
opponent in the network regardless of the opponent type. Considering the individual
experiment results, the best performance of CC is observed as 56.1% influence spread
against EC on rt-voteonedirection, and the worst performance is seen on again rt-

voteonedirection with 5.9% influence spread against DC.
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Figure 6.7. Regression Tree of CC’s Competitive Performance.

Referring Figure 6.7, the heuristic CC is the mostly affected heuristic by the opponent
type since the topmost split point separates off 67% of the data with 18% average
propagation from 33% of the data with 29% average propagation rate. According to this split



61

point, CC performs considerably better when the opponent is EC than the case that the

opponent is BC or DC.

The first split point of the right branch showed that if the competition is with EC, the
ACC (average clustering coefficient) of a network is the most influential characteristic for
the competitive performance of CC. The heuristic CC propagates better against EC on the
networks with low ACC. The other split points on the right branch are not taken into
consideration because they separate a little amount of the data. Therefore, the most
significant characteristic for the competitive performance of CC is the ACC when its
competitor is the heuristic EC.

The first split point on the left branch separates 56% of the data with 17% average
influence spread from the 10% of the data with 22% average influence spread based on the
NDV (normalized degree variance) of the networks. As the NDV increases, the competitive
performance of CC against the heuristics BC and DC also increases. Apart from the NDV,
the regression tree points out that the AD (average degree) as the second most significant
characteristic when the competitor of CC is BC or DC. As the AD of a network increases,
the competitive performance of CC against the heuristics BC and DC increases also. It is
mentioned in the previous sections that both of the heuristics BC and DC significantly
perform better against their competitors on the networks with a lower AD. Hence, an increase
in the AD becomes advantageous for the heuristic CC when the competitor of it is BC or
DC.

According to Figure 6.7, the data has never been split on the NAPL (normalized
average path length) and the D (density). Therefore, the results show that the performance
of the heuristic CC does not change depending on the NAPL and the D of the networks.

To sum up, the type of the opponent is found as more influential on the performance
of CC than the effect of the network characteristics. The heuristics BC and DC dramatically
prevents CC from reaching higher influence spread in a network. Considering the network
characteristics, a decrease in the ACC of a network is found as advantageous for the

performance of CC against EC. Besides, the results show that CC competes better against
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BC and DC on the networks with higher AD and higher NDV, but it still reaches less

influence spread than BC and DC in paired competitions with them.

6.2.4. Eigenvector Centrality

The results with the competitive performance of the heuristic EC showed that the
overall average performance of EC is 16% in paired competitions with BC, DC and CC over
all the datasets. The average standalone performance of EC has been observed 39%.
Meaning that, EC loses 58.9% on average from its performance due to the presence of an
opponent in the network regardless of the opponent type. Considering the individual
experiment results, the best performance of EC is observed as 53.18% influence spread
against BC on rt-voteonedirection and the worst performance is seen on Ego-Facebook with

5.13% influence spread against DC.
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Figure 6.8. Regression Tree of EC’s Competitive Performance.
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According to Figure 6.8, the topmost split point separates off 85% of the data with
14% average influence spread from 15% of the data with 29% average influence spread
depending on the NDV (normalized degree variance) of the datasets. Meaning that, the
competitive performance of EC increases regardless of the opponent type as the NDV of the

networks increases.

From the first split point on the left branch, the AD (average degree) is the second
most significant characteristic for the competitive performance of EC. The AD separates
31% of the data with 9.3% average influence spread from the 54% of the data with 16%
average influence spread. As the AD of the networks increases, the competitive performance

of EC increases too.

The other influential characteristics on the competitive performance of EC are the
NAPL (normalized average path length) and the ACC (average clustering coefficient). The
heuristic EC performs better on the networks with a lower NAPL and a lower ACC

regardless of the competitor type.

The data is split depending on the all network characteristics except the D (density).
As in the results of the heuristics BC, DC and CC, the results show that the D has also not a

significant effect on the performance of EC against its competitors.

To sum up, the heuristic EC performs the worst competitive performance among all
of the four heuristics. The NDV and the AD are the most influential characteristics on its
competitive performance and an increase in their values increases the competitive
performance of EC as well. While the ACC and the NAPL affect the competitive
performance of the heuristic EC, D has not showed a significant effect on its performance.
Besides, the opponent type is not significant for the competitive performance of EC since

the heuristic EC usually lose much from its influence regardless of the opponent type.

6.2.5. Overview of the Competitive Performance Results

Before proceeding to Section VII for Discussion, the findings of competitive

experiments are listed in a table and summarized below. The influential network
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characteristics and changes in the effects of the characteristics from standalone to
competitive results are noted here, but the underlying reasons will be discussed in Section
VII. In the table, positive direction of correlation represents that as the value of network
characteristic increases, the performance of the heuristic tends to also increase. If the
direction is negative, the performance of the heuristic decreases with an increase in the
network characteristic. Since the opponent type is a categorical variable, direction of

correlation is not indicated for it.

Table 6.6. Significant Effects on the Competitive Performances of the Heuristics.

Significant Effects in Order Direction of
correlation
Average degree (AD) Negative
BC Average Clustering Coefficient (ACC) Negative
Opponent type None
Average degree Negative
Average Clustering Coefficient Negative
bC Normalized Average Path Length (NAPL) Negative
Opponent type None
Opponent type None
Normalized Degree Variance (NDV) Positive
cc Average Clustering Coefficient Negative
Average degree Positive
Normalized Degree Variance (NDV) Positive
Average Degree Positive
EC Normalized Average Path Length Negative
Average Clustering Coefficient Negative

It is found that AD and ACC are the most important characteristics on the competitive
performance of the heuristics BC and DC. Both of the heuristics accomplish higher influence
spreads on the slightly clustered networks with lower AD. Besides that, the results show that
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the AD becomes more important than the ACC for the performance of BC and DC when
there is another influence propagating in the network. On the contrary, in the standalone
experiments, ACC has been observed on the most influential characteristic on the

performances of the heuristics.

Considering the heuristics BC and DC, it is observed that the opponent type does not
affect the performance of the heuristics BC and DC as much as AD and ACC. Hence, it can
be said that the heuristics BC and DC are less sensitive to the opponent type compared to
their sensitivity to the network characteristics. Only exception is the case that they compete
against each other. When the two heuristics compete against each other on a network with
low AD and ACC, the heuristic DC outperforms the heuristic BC.

The NAPL is found as another influential characteristic on the competitive
performance of DC. If the heuristic DC is used on a highly clustered network with high AD,

a decrease in the NAPL is advantageous for the performance of DC.

The opponent type is found as the most significant characteristic on competitive
performance of the heuristic CC. Considering the all the four heuristics, the heuristic CC is
the only one that the effect of the opponent type on its competitive performance is observed
as more important than the effect of the network characteristics. When CC competes against
BC or DC can spread eleven points less on average compared to the case that it competes
against EC (see Figure 6.7).

Additionally, it is found that the heuristic CC competes better on the networks with

high NDV, high average degree and low ACC regardless of the opponent type.

The NDV is observed as the most significant characteristic on the competitive
performance of the heuristic EC. If the heuristic EC competes on a highly variant network
in terms of node degrees, it can reach 15% more influence on average compared to other
networks (see Figure 6.8). In addition to this, it seen that EC competes better on the networks
with NDV, a decrease in the NAPL and the ACC and an increase in the average degree are

advantageous for the performance of it.
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The opponent type is not found as an important characteristic on the competitive
performance of EC. The heuristic EC is significantly affected by the presence of another

competing influence on the network regardless of the opponent type.
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7. DISCUSSION

In this thesis, firstly, the four centrality-based heuristics are compared with Random
(R) seed selection heuristic in terms of their standalone performances. The results indicate
that all the four centrality-based heuristics outperform the performance of the heuristic R.
This result contradicts the claim of Zhao et al. (2017) that the performance of the heuristic
EC is worse than R. The authors have tested the standalone performances of the heuristics
EC and R on the two real-world datasets under a diffusion model inspired by the game theory
perspective (Zhao et al., 2017). However, in this thesis, the standalone performances of the
heuristic EC and R are tested on the thirteen real-world datasets and under an extension of
Linear Threshold Model. The results show that the heuristic EC outperforms R on the eight
networks among all the datasets. Thus, this study shows that the performances of the seed

selection heuristics are very dependent on the diffusion model and the network topology.

Table 7.1. Ranks of the Four Centrality-Based Heuristics According to Standalone

Performances.

N1 N2 | N3 | N4 | N5 | N6 | N7 | N8 | N9 | N10 | N11 | N12 | N13
BC 1 1 1 1 1 2 1 1 1 2 2 1 1
DC 2 2 2 3 2 1 2 2 2 1 1 2 2
CC 3 3 3 2 3 3 3 3 1 4 3 3 4 3
EC 4 4 4 4 1414141413 4 4 3 4

Considering the average influence spreads in the standalone experiments, Table 7.1
is created. In the table, “1” represents the most successful heuristic on the network of interest
in terms of average standalone performance, while “4” represents the heuristic with the worst
average standalone performance. It is seen from the table that there is a general ranking of
the four centrality-based heuristics: BC>DC>CC>EC. Although there is a general ranking,
the results also indicate that the most successful heuristic changes from one network to
another network. For example, Table 7.1 shows that the best performance on the three
networks among all the datasets belongs to the heuristic DC instead of BC. Additionally, the
heuristic CC outperforms the heuristic DC on the network N4 (Ca-GrQc), and the heuristic
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EC is better than the heuristic CC on the networks N9 (ia-fb-messages) and N12 (rt-

voteonedirection).

After completion of the competitive experiments, the performances of the four
heuristics on the thirteen different datasets are compared. For the comparison, the average
influence spreads (average of 40 replication) of a heuristic against another heuristic on a
dataset are listed as in Figure 7.1. Then, overall average of each row for every network is
calculated. For example, the average influence spread of the heuristic BC against its three
opponents on Ego-Facebook is calculated as 31.6% by taking the averages of 27.3%, 30.3%
and 37.2% (see the first row of Ego-Facebook in Figure 7.1). According to these overall
averages, the competitive performances of the four heuristics are ranked for each network
dataset in Table 7.2. In the table, “1” represents again the most successful heuristic on the
network of interest in terms of average competitive performance, while “4” represents the
heuristic with the worst performance. Referring Table 7.2, it is seen that there is also a
general ranking of the four centrality-based heuristics in terms of their competitive results:
DC>BC>CC>EC. Therefore, it is concluded that the performance ranking of the heuristics
differ in the standalone and the competitive experiments, which shows that performance of

a heuristic is sensitive to whether there is an opponent or not.

Table 7.2. Ranks of the Four Centrality-Based Heuristics According to Competitive

Performances.

N1 [ N2 | N3 | N4 | NS | N6 | N7 | N8 | N9 | N10 | N11 | N12 | N13
BC 1 2 2 1 2 2 1 1 2 2 2 2 1
DC 2 1 1 3 1 1 2 2 1 1 1 1 2
CC 3 3 3 2 3 3 3 3 4 3 4 4 3
EC 4 4 4 4 4 4 4 4 | 3 4 3 3 4

Although the heuristic DC outperforms the heuristic BC according to the competitive
performance ranking, there are only four networks (see Ca-Netsci, Ego-Twitter, rt-
voteonedirection and socfb-Hamilton results in Figure 7.1) that the heuristic DC
accomplishes higher influence spread than BC when they compete on the same network. The
reason for this contradiction is that the heuristic DC competes better than BC against the
heuristic CC and the heuristic EC. Thus, it is concluded that using DC against CC and EC is
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more strategical than using BC against CC and EC. This finding contributes a clear
understanding of the fact that the performance of a heuristic can differentiate according to

the opponent type.

The findings so far highlight that the performances of the four centrality-based
heuristics differ from one network to another network in both standalone and competitive
experiments. Apart from the main aim of this thesis, one of the secondary objectives is set
on clarifying whether the importance of network characteristics effects differ from the
standalone case to the competitive case. Therefore, the effects of the characteristics are

analyzed firstly for the standalone performances of the heuristics.

The results with the standalone performances show that the three network
characteristics among all the five characteristic are influential on the performances of the
heuristics: The ACC (average clustering coefficient), AD (the average degree), and the
NAPL (normalized average path length). The most influential one is found as the ACC for
each centrality-based heuristic. The second most influential characteristic is observed as the
AD for the heuristics BC and DC while it is observed as the NAPL for the heuristics CC and
EC. The NDV (normalized degree variance) and the D (density) are observed as the

insignificant characteristics for the standalone performances of the heuristics.

Considering the standalone case, the results indicate that all the heuristics perform
better on the slightly clustered networks. This finding is line with the study of Hussain et al.
(2013). The authors concluded that the heuristics BC, DC, CC and EC perform better on
scale-free and hybrid networks of small-world and random networks under the Linear
Threshold Model (Hussain et al., 2013), which are classified as the slightly clustered
networks due to their low ACC. Besides, in order to obtain the best performances from the
heuristic BC and DC, the results reveal that they should be used on the slightly clustered
networks with low AD. Contrary to this, an increase in AD is found as advantageous for the
performances of CC and EC. Peres (2014) showed that the AD has a positive and significant
effect on the information diffusion process. The author also concluded that the ratio between
the average degree of the top most 10% most connected nodes has also a positive and
significant impact on the information diffusion regardless of the seed selection approach

(Peres, 2014). Meaning that, since this ratio decreases probably when the AD of the network
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increases, the negative impact of the AD arises for the heuristic DC. The heuristic DC finds
the most connected nodes in the network. When the AD of the network is also high, selecting
the seeds according to their degree centralities becomes ineffective. Besides, Valente et al.
(2008) studied the correlation between the betweenness and degree centralities of the nodes.
They concluded that betweenness and degree centralities of the nodes are highly correlated
(Valente et al., 2008). According to this correlation, it can be interpreted that BC also selects
the most connected nodes for initial seed as well. the Thus, an increase in AD has also a
negative effect on BC by reducing the AD of social hubs (top most connected nodes) in the

network.

Additionally, the thesis confirms that all the heuristics perform better with a decrease
in the NAPL (normalized average path length). The NAPL represents the required steps on
average to reach a node in information diffusion (Chen et al., 2008). Therefore, it might be
expected that a decrease in the NAPL has a positive effect on all the four heuristics.

Referring the competitive experiment results, it is concluded that the presence of
another influence on the network dramatically reduces the average influence spread of all
the four heuristics. For each heuristic, the percentage of loss is calculated based on the
proportion of average influence spread percentages’ difference between standalone and
competitive experiments to average influence spread percentage in standalone experiment.
The heuristic DC is observed as the best heuristic in terms of losing the least influence from
its standalone performance in the competitive environment (-35.7%). The heuristic DC is
followed by BC (-37.9%), CC (-54.3%) and EC (-58.9%) respectively. Meaning that, the
heuristic DC is the most robust one to the effect of the presence of another influence on the

network while the heuristic EC is the most sensitive heuristic.

According to Table 7.3, the only thing that changes from the standalone case to
competitive environment is not the average influence spreads of the heuristics. Besides that,
the effects of the network characteristics on the heuristics’ performances change, which can
be grouped as: Firstly, the importance ranking of the effective characteristics differentiate.
Secondly, a significant characteristic in standalone case becomes insignificant. Thirdly, the
effect of an insignificant characteristic in the standalone environment arises in the

competitive environment. Thus, this thesis reveals that the effect of network characteristics
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on the influence maximization should be investigated by considering the reality that there

are more than one influences spreading on the networks unlike the existing literature (e.g.

Barthelemy et al., 2004; Hussain et al., 2013; Peres, 2014; Liu and Hong, 2018).
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Figure 7.1. Average Influence Spreads of the Heuristics Against Each Other on the

Network Datasets.



Table 7.3. Summary Table of the Ranked Significant Effects on the Standalone and

Competitive Performances of the Heuristics.

Characteristics with Significant Effects
Standalone Case Competitive Case
Average Clustering Coefficient Average Degree
BC | Average Degree Average Clustering Coefficient
Normalized Average Path Length | Opponent type
Average Clustering Coefficient Average Degree
Average Degree Average Clustering Coefficient
DC | Normalized Average Path Length | Normalized Average Path Length
Opponent type
Average Clustering Coefficient Opponent type
Normalized Average Path Length | Normalized Degree Variance
CC | Average Degree Average Clustering Coefficient
Average degree
Average Clustering Coefficient Normalized Degree Variance
Normalized Average Path Length | Average Degree
EC | Average Degree Normalized Average Path Length
Average Clustering Coefficient
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To evaluate the differentiated network characteristic effects and performance results
between the standalone and the competitive environments, the heuristics BC and DC are
firstly evaluated. Although BC and DC lose dramatically from their standalone performances
in a competitive environment, the opponent type is found as less influential than network
characteristics. The most influential characteristic on the competitive performance of BC and
DC is observed as the AD. In Figures 7.2, 7.3, 7.4 and 7.5, influence spread performances
of the heuristics in standalone and competitive experiments are indicated consecutively in
the box plots to compare them easily. In the box plots above standalone performances are
shown, and in the box plots below competitive performances are shown. The box plots
represent the distribution of the final influence spreads in replications. The mark in the
middle of each box plot represents the average influence spread of 40 replications in the

network of interest. When Figure 7.2 and 7.3 are examined, it is seen that the largest ranges
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belong to the competitive performance box plots of N10 (Ego-Twitter) and N11 (rt-
voteonedirection). These networks have the lowest average degrees among the thirteen
datasets. Besides that, the skewness pattern of the N10 and N11 competitive box plots of DC
is seen as symmetrical while the pattern for BC’s box plots is asymmetrical. Meaning that,
the heuristic BC’ s performance fluctuates with different opponent types on the networks

with low AD while DC performs steadily against its opponents.
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Figure 7.2. Box Plots of the Standalone & Competitive Performances of the Heuristic BC.
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Figure 7.3. Box Plots of the Standalone & Competitive Performances of the Heuristic DC.
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Figure 7.4. Box Plots of the Standalone & Competitive Performances of the Heuristic CC.
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Figure 7.5. Box Plots of the Standalone & Competitive Performances of the Heuristic EC.

The results also demonstrate that the effect of NAPL on the performance of BC
disappears in the competitive environment while it is still important for the performance of
DC. The betweenness centrality is a path-based centrality metric representing the ratio of the
shortest paths through the node of interest among all the shortest paths in the network (LU et

al., 2016). Therefore, using BC is even more strategical in the networks with higher NAPL.
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Although a decrease in NAPL promotes higher information diffusion regardless of the seed
selection heuristic, changes in the NAPL become insignificant for the performance of BC
against its opponents due to its nature controlling easily the path lengths in a network.
Besides that, the NAPL is still significant for DC, since BC limits DC’s propagation on the
networks with higher NAPL (see Figure 6.6).

Considering the changes in the significant effects on the standalone and competitive
performance of CC, the heuristic CC is found as the only heuristic affected more by the
opponent type than the network characteristics. When Figure 7.4 examined, it is seen that
the ranges of the competitive performance box plots become quite larger compared to the
standalone performance box plots regardless of the datasets. In Figures 7.2, 7.3 and 7.5, it is
not possible to see such a change in the ranges of the box plots for each dataset. Meaning
that, the heuristic CC is very sensitive to the seed selection strategy of the opponent
regardless of the network characteristics.

As it is stated in Section 6.2.4, the opponent type is not found as a significant
characteristic on the competitive performance of the heuristic EC. Although EC is the one
that loses the most from its standalone performance due to the existence of another influence
in the network, the amount of the loss does not change depending on the opponent type.
When Figure 7.5 is compared with the Figure 7.2, Figure 7.3 and Figure 7.4, it can be easily
seen that the least difference between the ranges of standalone performance box plots and
the competitive box plots belongs to the heuristic EC. This observation also supports the

finding that EC’s performance against its opponents is not affected by the opponent type.

Considering the results with the both heuristics CC and EC, the effect of the NDV
(normalized degree variance) becomes the most significant network characteristic on these
two heuristics’ competitive performances. In the standalone performances of all heuristics,
it has been observed that the NDV has no significant effect on the performance of any
heuristic. When Figure 7.4 and Figure 7.5 are examined, the best competitive performances
of both CC and EC are seen on N5 (Wiki-Vote) and N11 (rt-voteonedirection) which have
the highest NDV among all the datasets. In addition to CC and EC, according to Figure 7.2.

and 7.3, the datasets N5 and N11 are also among the networks where BC and DC perform
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better. Moreover, the performances of BC and DC outperform the performances of CC and

EC on these networks.

High NDV of a network indicates that there are many social hubs in the network.
Since CC and EC propagate limitedly against BC and DC, only social hubs promote better
performances of them against the superiorities of BC and DC. Thus, the NDV becomes the
most influential characteristic on the competitive performance of CC and EC. Kim et al.
(2017) highlighted that social hubs foster information diffusion regardless of seeding
approach, but the roles of social hubs in the network are also important. The authors
concluded that social hubs playing a bridging role in the network are more influential than
the hubs playing crucial position role. Social hubs with bridging roles are found based on
their betweenness centralities, while hubs with crucial positions are found based on their
other centrality metrics such as eigenvector and closeness centrality (Kim et al., 2017).
Besides that, degree centralities and betweenness centralities of the nodes in a network are
generally correlated (Valente et al., 2008). Meaning that, social hubs with bridging roles
may also have high degree centralities. This fact explains why BC and DC outperform CC
and EC on highly variant networks in terms of degrees despite the fact that the NDV has
positive and important effect on the performance of CC and EC.

Apart from the NDV, the AD and the ACC have found as influential on the
competitive performances of CC and EC as in their standalone performance results. An
increase in AD and a decrease in ACC result in higher influence spreads for both CC and
EC. As a difference between standalone and competitive results, the effect of NAPL has
disappeared for CC while a decrease in NAPL has still positive effect on EC in the
competitive results. The reason behind this can be explained as follows: Closeness centrality
is a path-based centrality metric, which measures the average distance of a node to all other
nodes in a network (Cohen et al., 2014). Moreover, a decrease in NAPL has a positive effect
on the performance of EC and other heuristics as it is stated before. To sum up, CC is more
robust to changes in the NAPL of the networks due to its nature, while a change in NAPL
means that losing one of the limited advantages against its opponents for EC.

Lastly, D (the density) has not showed a significant effect on the standalone or the

competitive performance of any heuristic. Katona et al. (2011) highlighted that the D of
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relationships among active nodes of potential inactive nodes may affect positively the
ultimate total number of the active nodes (Katona et al., 2011). Considering the same
perspective, it can be concluded that if the ties between inactive nodes denser than the ties
between the inactive nodes and initially activated seeds, D may affect negatively the
information diffusion. Thus, D creates negative and positive effects on information diffusion
simultaneously. Therefore, the results indicate that global D has not a significant effect on
the performances of the heuristics, and the effect of density should be investigated through

the densities of clusters, which include initial seeds.
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8. CONCLUSION

This study focuses on the problem of varying performances of seed selection
approaches depending on the network topological characteristics. Social networks enable
people to disseminate a variety of information to masses easily, but under the budget and
time constraints. Therefore, many seed selection approaches have been proposed to find a
small subset of nodes so that the influence spread could be maximized. More recently, it has
been revealed that the performances of seed selection approaches in a given network are
shaped and affected by the network characteristics. Many studies have explored the effects
of network characteristics or network types on the information diffusion processes and on
the performances of seed selection approaches in a non-competitive environment. However,
none of these studies considered the fact that there are more than one influences spreading
simultaneously over a network in the real world and the performances of the seed selection
approaches are also affected by the competition between them. Motivated by this gap in the
literature, this thesis aims to investigate the direct impacts of the network characteristics on
the competitive performances of seed selection approaches.

To be more precise, a simulation-based study for the effects of network
characteristics on the competitive influence maximization is conducted under the
circumstance that there are two opposing information spreading over the network. For that
purpose, a two-stage analysis is carried out. Firstly, the standalone performances of the
approaches (performance in non-competitive environment) are simulated, and the effects of
the network characteristics on their performances are observed. In the second stage, the
approaches are compared in terms of their performances against each other, and the effects
of network characteristics on their competitive performances are investigated. Whether there
is a difference between the effects of network characteristics on the standalone and the

competitive performances of the approaches or not is also interpreted.

In this regard, the direct effects of the following network characteristics are
investigated: Average clustering coefficient (ACC), average degree (AD), normalized
average path length (NAPL), normalized degree variance (NDV) and density (D).
Furthermore, the most popular four centrality-based heuristics namely betweenness (BC),
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degree (DC), closeness (CC) and eigenvector centrality (EC) are involved in the scope of
the thesis.

The experiments are conducted on 13 real-world network datasets, which differ in
terms of their network characteristics and categories. There are three Facebook, two Twitter,
three collaborations, one citation, one email communication, one Wikipedia and one online
social friendship network in the datasets. To conduct the experiments, the Linear Threshold
Model is extended to a competitive version according to the nature of the problem of the
thesis. The same uniformly distributed thresholds and weights in the interval [0,1] are
assigned to nodes and edges for the two types of the opponents, i.e. thresholds and weights
do not depend on the opponent type. Thus, the identical conditions are created to compare

the heuristics performances against each other.

To simulate the information diffusion, a simulation model is created through Python
programming language. Before the experiments, the model is tested in terms of consistency
between the conceptual design and the execution. After ensuring the accuracy of the model,
the simulation runs are firstly conducted with replications for the standalone experiments.
Since whole the heuristics performed better performance than R, all of them are included in
the competitive experiments. For each heuristic combination (BC vs DC, BC vs CC, BC vs
EC, DC vs CC, DC vs EC, EC vs CC), the results of the replications are averaged for each
heuristic in every heuristic combination. Later, the results and the dataset statistics are
combined through the regression trees to interpret the effects of network characteristics on

the heuristics’ performances easily.

The results indicated that there is general ranking of the heuristics in terms of their
standalone performances, which is as follows: BC>DC>CC>EC>R. Besides, the heuristics
BC and DC performed better than R on all of the datasets. Contrary to the existing literature
conducted on a few network dataset and with a different diffusion model, the heuristic EC
also performed better than R in this study. This contradiction highlights that the
performances of the heuristics are affected by the diffusion model and network

characteristics.
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Referring the regression trees created for the standalone performances of the
heuristics, the study reveals that the ACC is the most significant network characteristic for
the standalone performances of all the heuristics, and the heuristics perform better on the
slightly clustered networks. The other influential characteristics are found as the AD and the
NAPL. The best standalone performances of BC and DC are observed on the slightly
clustered networks with low AD and NAPL. Besides, CC and DC reach their highest
influence spreads on the slightly clustered networks with high AD and low NAPL.

According to the average influence spreads in the competitive experiments, the
performance ranking of the heuristics changes from non-competitive to competitive
environment as follows: DC>BC>CC>EC. In contrast with the general ranking, the results
demonstrate that BC outperforms DC on most of the networks except the ones with very low
AD. However, interestingly, using the heuristic DC against the heuristics CC and EC is more
strategical than using BC. Apart from the heuristics’ performance superiorities over each
other, the presence of an opponent in the network results in a dramatic influence loss from
the performances of the heuristics. In addition to this, the heuristic DC is found as the most
robust one to the existence of an opponent in the network, and it is followed by BC, CC and
EC respectively.

Comparing the effects of network characteristics between standalone and
competitive results, it is observed that the importance ranking of the significant
characteristics changes. For instance, the most influential characteristic on the performance
of BC and DC heuristics becomes the AD characteristic instead of ACC. Besides, it is
observed that DC outperforms BC on the slightly clustered networks with a very low AD,
although a decrease in AD is advantageous for both of the heuristics. The effect of the NAPL
disappears for the heuristics BC and CC while it is still important for DC and EC because
the path-based nature of betweenness and closeness metrics results in robustness to changes
in the NAPL characteristic of a network. Moreover, the effect of NDV arises on the heuristics
CC and EC. Although CC and EC are still behind BC and DC, they perform better on the
variant networks in terms of node degrees. Apart from the changes in the effects of
characteristics, the D has not showed a significant effect on any heuristic’s performance in

both standalone and competitive experiments. The reason behind this is probably the fact
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that the D creates positive and negative effects on the information diffusion at the same time

due to different effects of clusters’ densities including initial seeds.

By analyzing also the effect of the opponent type on the performances of the
heuristics, this thesis has shown that only the heuristic CC is affected more by the opponent
type than the network characteristics. In other words, the performance of CC fluctuates
quietly as type of the opponent changes. Apart from CC, influence loss of other heuristics in

competitive environment does not depend on the type of opponent.

To sum up, combining the results, this study has shown that all the four centrality-
based heuristics perform well on the slightly clustered networks with lower NAPL when
they are alone in the network. However, an increase in AD on such networks is advantageous
for the heuristic CC and DC while it is disadvantageous for BC and DC. In line with the
objectives of the study, the research clearly illustrates that the performances of the heuristics
and the importance of the network characteristics’ effects are sensitive to the presence of an
opponent in the network and to the type of it. Considering the four heuristics, it is concluded
that all of them lose from their performances dramatically in competing against each other.
Moreover, while BC outperforms DC, the best competitive results against CC and EC are
obtained from the heuristic DC. Unlike the standalone performances, the most influential
characteristic is AD for the competition between BC and DC, and the most supporting and
influential factor is an increase in the NDV for the competition of CC or EC against their
three opponents.

Overall, this thesis sheds light on how the network characteristics affect the
performances of the centrality-based seed selection heuristics against each other with an
integrated understanding in social network analysis and competitive influence maximization.
In the scope defined, 13 real-world datasets and an extension of Linear Threshold Model are
used, and it is assumed that there are two opposing information spreading over a network.
Therefore, there are several future directions that would be necessary to evaluate how these
findings can be extended and generalized in an effective manner. Firstly, it would be
beneficial to enlarge the number and the size of the network datasets in future studies.
Secondly, rather than using an extension of Linear Threshold Model, a similar study can be

conducted with different competitive information diffusion models. Finally, conducting a
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similar study with more than two opposing information spreading over a network may be

beneficial.
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APPENDIX A: REGRESSION TREE EXAMPLE

The study of Belsley et al. (2005) which investigates whether there is an effect of air
pollution concentration on housing values in Boston is explained in detail to give information
about how to read regression trees. The data includes mean value of houses in dollars and

thirteen explanatory variables listed in the table below:

Table A.0.1. Response and Explanatory Variables (Belsley et al., 2005)

y Mean value of houses in thousands of dollars
(MV)

X1 Crime rate (CRIM)

X2 Percent land zoned for lots (ZN)

X3 Percent nonretail business (INDUS)

X4 1 if on Charles River, 0 otherwise (CHAS)

Xs Nitrogen oxide concentration, pphm (NOX)

X6 Average number of rooms (RM)

X7 Percent built before 1940 (AGE)

Xs Weighted distance to employment centers (DIS)

X9 Accessibility to radial highways (RAD)

X10 Tax rate (TAX)

X11 Pupil/teacher ratio (P/T)

X12 Percent black (B)

X13 Percent lower-status population (LSTAT)

Each frame in Figure A.1. is named as node. The number on the top in the frames
represents the mean value of the response variable which is the housing value in this example
and the below percentage value represents what percentage of the data falls into that node.
The first frame, the root node, is the mean value of the houses in Boston with 22.5 thousands

of dollars.
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Figure A.0.1. Sample Regression Tree Chart (Belsley et al., 2005).

The rules that split the nodes are written below each frame. The left branch under
each frame contains the data of which the rule of inequality is valid for and the right branch
contains the data of the opposite. For example, the root node is partitioned into two nodes
according to the average number of rooms in the houses. It represents that 85% of the houses
in Boston have less than 6.9 rooms with the 19.9 thousand dollars value on average and the
15% of the houses have more than 6.9 rooms with the average value of 37.2 thousand dollars.
Then, the left branch is split according to the percentage of lower-status population around
the house. The 50% of the data goes left, and then it is split again into two. The first terminal
node is generated where DIS <= 1.4. According to that terminal node, only 1% of the houses
in Boston have less than 6.9 rooms, maximum 14% of the population around their
neighborhood comes from lower-status and the weighted distance to business centers is less

than 1.4 km. The average value of these houses is pretty high with 45.6 thousand dollars.

The right branch under the root node splits on number of rooms (RM) again.
According to this split, 9% of the houses in Boston have less than 7.4 rooms with 32.1
thousands dollars average value while 6% have more than 7.4 rooms with 45.1 thousand
dollars average. Then, both of the nodes are split based on CRIM explanatory variable. It

can be clearly seen from the terminal nodes; crime rate significantly changes the values of
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houses. As a result, the nodes are followed down with this approach and the other branches

can be interpreted in the same way.



