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Abstract

The high connectivity of the modern day world has lead to the easy diffusion of harmful information content like rumors, computer
viruses, and contagions like diseases. This is detrimental to human societies in terms of compromised security, monetary loss
and life threats. Therefore, to mitigate such damages, identifying and timely quarantining the sources of such diffusion processes
is highly critical. Despite the difficulty and challenges of the problem, researchers have extensively studied source identification
in complex networks over the past decade. Several approaches have been proposed, but limited attention has been given to the
classical graph centrality measures. Moreover, researchers have generally advised against employing these measures for identifying
infection sources. Motivated by the same, in this paper, we revisit these measures in context to source identification and raise the
question: “Are classical graph centrality measures really not good enough?”, and perform an extensive experimental journey. We
pick five such measures, viz., betweenness, closeness, degree, eigenvector and eccentricity, and conduct an in-depth analysis of their
effectiveness in source detection. Our extensive results show that, contrary to the popular belief, a combination of eccentricity and
closeness (EC+CC) generally performs better than several state-of-the-art source identification techniques, with higher accuracy
and lower average hop error. We also analyze the impact of infection size on source identification and observe that EC+CC
is generally highly scalable and stable as well. We also understand that as the infection size increases, the detection accuracy
decreases, irrespective of the technique used. However, when we examine the effect of graph density, we observe that as the graph
density increases, the detection accuracy increases as well, with EC+CC again outperforming state-of-the-art.

Keywords: Infection Source Identification, Graph Centrality, Complex Graphs, Susceptible-Infected Model, Online Social
Networks, Information Diffusion

1. Introduction

The technological advances of the modern day has resulted
in a highly cohesive and closer world. Be it with people, who
are connected via online social networks like Facebook [1] and
Twitter [2], or any form of technology like computer networks,5

power-grid networks, connectivity is prevalent everywhere. Also,
due to rapid urbanization, human communities keep getting big-
ger and denser over time. While this connectivity has eased our
way of living, it has its own drawbacks, making us vulnerable
to undesired situations. One such drawback of networks is the10

risk of the diffusion of harmful content. For example, rumor
[3] or false news [4] spreading through online social networks
could potentially have drastic effects. Similarly, virus propa-
gation on computer networks poses security [5] and monetary
threats. Also, in the tightly knit human societies, the chances of15

the diffusion of infectious diseases (Zika virus [6], Ebola virus
[7]) are very high, resulting in loss in the form of human lives.

∗Corresponding author

Therefore, to mitigate the harm caused by such diffusion pro-
cesses, it is of immense significance to identify their infection
sources and quarantining them as soon as possible [8, 9].20

Researchers, over the years, have studied the infection source
identification problem, beginning with the work of Shah and
Zaman [10]. They studied the problem on tree-like networks
and assumed the information diffusion follows SI model. Fol-
lowing that, [11, 12, 13] also approached the problem in the25

same vein under the similar assumptions. Later on, the prob-
lem was expanded and explored under more difficult and real-
world-prevalent assumptions that the underlying models of dif-
fusion are SIR and SIS [14, 15, 16, 17]. In reality, however, the
networks are generally graphs and trees-like networks are un-30

common. Therefore, researchers eased the constraints of tree-
like networks for general graphs to identify infection sources
[18, 19, 20].

Besides these methods which are solely designed to focus
on source identification problem, [21] have explored and ana-35

lyzed the efficiency of classical graph centrality measures for
the same. However, since then researchers have generally ad-
vised against using these measures for source identification.
[22] have argued that any node in a graph is equally likely to be
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the source of infection. However, if we consider the spreading40

mechanism of an infection, the source generally tends to have
higher centrality rank in the infection graph [21] (sub-graph of
the original graph with infected nodes only [23]). Furthermore,
[20] have indicated that center of the graph is not enough to
be considered as the source due to the exoneration effect from45

its non-infected neighbors. However, while non-infected neigh-
bors may exonerate a “central” node c from being the source,
there are chances that the infection probability between c and its
non-infected neighbors is close to 0 in the first place. Therefore,
if infection started from c, it is highly unlikely that it would50

infect all its neighbors. In that case, taking the exoneration
effect into consideration will have the opposite impact to that
discussed in [20]. That is to say, we may wrongfully exoner-
ate the actual source. Therefore, in this paper, we revisit the
classical graph centrality measures and explore whether these55

measures are really bad estimators of the source, through an ex-
tensive experimental journey. For the same, we pick between-
ness [24, 25], closeness [24, 26, 10], degree [27], eigenvector
[28, 29] and eccentricity [30, 31].

We split our experimental journey and analyses into two60

phases. In the first phase we analyze the performance of clas-
sical graph centrality measures for source estimation using 4-
regular graph topology under heterogeneous SI model. Since,
here we can have multiple nodes with same degree and eccen-
tricity rank, we observe that degree and eccentricity measures65

produce more than one estimated source. Therefore, we break
the ties using closeness centrality, resulting in two more central-
ity measures, i.e., eccentricity + closeness (EC+CC) and degree
+ closeness (DC+CC), and analyze their efficiency in source es-
timation as well. By the end of the first phase, we observe that70

EC+CC comes out to be the best centrality measure to iden-
tify the source of a diffusion process. In the second phase,
we compare EC+CC with three state-of-the-art source estima-
tion techniques, viz., Dynamic Age (DA) [18], Minimum De-
scription Length (MDL) [20, 32] and Label Propagation based75

Source Identification (LPSI) [33], using four network topolo-
gies - two synthetic, i.e., 4-regular and Erdös-Renyi random
graph [34, 35], and two real-world, i.e., Facebook [36] and US
Power Grid [37]. Our results show that EC+CC performs better
than all three state-of-the-art techniques on both the synthetic80

networks and on US Power Grid. On Facebook, a scale-free
network, however, EC+CC slightly underperforms when com-
pared against DA. This goes on to corroborate the findings of
[18] that DA performs very good on scale-free networks. Hav-
ing said that, EC+CC still is significantly better than MDL and85

LPSI on Facebook. Therefore, surprisingly and contrary to the
popular belief, we found that classical graph centrality mea-
sures not only can give a strong competition to state-of-the-art
methods, but can also outperform them in identifying the infec-
tion source in complex networks. We also went on to examine90

the scalability of these methods to understand the effect of in-
fection graph size on source estimation. For the same, we used
four infection graph sizes, i.e., infection graphs containing 2-
5% nodes, 20-25% nodes , 40-60% nodes and ≥80% of the
number of nodes present in the underlying graph topology. We95

found that, on both the synthetic and US Power Grid, EC+CC,

generally, not only outperforms all the three state-of-art meth-
ods irrespective of the infection size, but the results are consis-
tent as well. However, on Facebook, DA performs better than
EC+CC for some infection sizes due the network’s scale-free100

property.
In addition, we also analyzed the effect of infection size and

graph density on source identification. Our results show that as
the infection size increases, the detection accuracy decreases,
irrespective of the technique used. However, when we exam-105

ined the effect of graph density on random graphs, we observed
that as the graph density increases, the detection accuracy in-
creases as well even if the infection size increases. Therefore,
we understand that density is a critical factor in the process of
identifying infection sources. In other words, higher graph den-110

sity compensates for the loss in source detection performance as
the infection size increases. While the performance of all state-
of-the-art methods gets better as density increases, EC+CC con-
tinues to remain the best source estimator, irrespective of the
graph density. In addition to this, we theoretically justify the115

effect of density on source identification using k-regular trees.
The contributions of this paper are three-fold:

• We analyze the performance of classical graph centrality
measures in infection source identification through an ex-
tensive experimental journey, and find that a combination120

of eccentricity and closeness (EC+CC), apart from scale-
free networks, can perform better than several state-of-
the-art techniques on different topologies.

• We analyze the impact of infection size on source de-
tection and observe that the detection becomes harder as125

infection size increases, irrespective of the technique em-
ployed, while EC+CC generally tends to produce better
results on different infection graph sizes when compared
against other state-of-the-art methods.

• We also examine the effect of graph density and find that130

its harder to detect a source on sparse graphs compared
to dense graphs. Also, as the graph density increases the
source detection becomes easier, irrespective of the in-
fection size. Again, EC+CC continues to outperform all
state-of-the-art methods, irrespective of the graph den-135

sity. We also present theoretical justification of the ob-
served effects of graph density on source identification.

The rest of the paper is organized as follows. Section 2 de-
scribes the related work in infection source identification. In
this context, both state-of-the-art and classical graph centrality140

measures have been explored. In section 3, we present and ex-
plain various classical graph centrality measures with the help
of examples. Section 4 gives a detailed structure of our exper-
imentation, present the infection model used in this study and
discuss evaluation measures. In Section 5 (phase I), we con-145

centrate on classical graph centrality measures and in Section
6 (phase II), we compare the performance of state-of-the-art
methods with classical measures. In Section 7, we examine the
effect of infection size and density on source identification. The
concluding section, Section 8, summarizes the outcome of this150

study and explores possible future direction.
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2. Related Work

Given the importance of the problem, infection source iden-
tification has attracted a lot of attention and has been extensive
studied over the past decade. In the early years, the problem155

was studied in its most ideal form, i.e., under SI model on tree-
like networks, and began with the seminal work of Shah and
Zaman [10]. They introduced the concept of rumor centrality
of a node u in the network, defined as the number of unique
diffusion paths originating from u. The node with the highest160

rumor centrality is called the rumor center and is considered
as the source. Later, they extended rumor centrality to find
source in general graphs by using BFS trees as a representa-
tion of the original graphs. Other works [11, 12, 13] followed
and worked under the same assumptions, i.e., the underlying165

network topology is tree-like and information diffuses under
SI model. However, with SI model we get complete observa-
tion of infection graphs, i.e., we can easily tell which nodes are
infected and which or not, but in real-world, complete obser-
vations are rare. Therefore, later, the researchers tackled this170

problem under more difficult assumptions, i.e., the underlying
models of infection are SIR and SIS [14], i.e., with partial ob-
servations. [17] proposed a sample path based approach to iden-
tify infection source in tree graphs under SIR model, and later,
Lou, et al., [15, 12] examined the sample path based approach175

under SI and SIS models of infection. Moving away from trees,
[18, 19, 20] relaxed the constraints of tree networks to find in-
fection source on general graphs. [18] introduced the concept
of Dynamical Age (DA) of a node inspired by its dynamical
significance [38]. DA computes the amount of reduction in the180

largest eigenvalue of adjacent matrix, corresponding to a graph,
after a node is removed. The larger this reduction the higher
the chances of a node to be the source. [20, 32] introduced
the concept of Minimum Description Length (MDL) for source
identification. They first compute the Laplacian matrix L cor-185

responding to the graph and find the eigenvector corresponding
to the smallest eigenvalue of L. Any node with highest score
in this eigenvector is considered to be the source. Further-
more, Label Propagation based Source Identification (LPSI)
[33] exploits the idea of source prominence to find the source190

using label propagation mechanism much like a Markov chain
process. In addition to this, [39] introduced multi-source de-
tection algorithm in which they employ a reverse propagation
model to identify the unobserved and recovered nodes. They
then use community detection mechanism to form clusters of195

multiple infected communities and identify sources using max-
imum likelihood estimation on each infected community. Be-
sides complete and partial observations, researchers have also
used sensor-based observations in order to find the source of
diffusion processes. Sensors are special nodes whose solely200

purpose is to provide the information of the time they got in-
fected and the direction from where they received infection.
Their advantage is that they significantly reduce the search do-
main of the graph where the source is mostly likely to be found.
Pinto et al. [40] designed a Gaussian based approach for single205

source estimation where they assumed that infection dissipation
follows SI model in tree-like networks. Afterwards, [22] used

high betweenness sensors to identify the bridge nodes between
communities in a network. They were able to achieve better
results while reducing the number of sensors in the network.210

In addition to this, [41] used Monte-Carlo method to identify
sources in generic networks using sensors. [42] used Bayesian
belief propagation model and [43] employed moon-walk tech-
nique to identify sources under sensor-based observations.

The approaches discussed above, i.e., based on complete,215

partial and sensor observations, can be found in [44]. The work
is a thorough survey paper on infection source identification,
discussing every important method deeply, both theoretically
and experimentally, and thereby, could be helpful to the readers
understand the source identification problem better. Another220

most recent review paper on infection source identification [3]
follows [44] in defining the problem, discussing various dif-
fusion models and explaining different approaches researchers
have taken to tackle the problem. The review goes a little deeper
by contrasting between single source and multi-source meth-225

ods and provides insight into the different techniques existent
in both the domains. In addition to this, the authors also discuss
the potential future directions that researchers could consider,
and given the work is relatively recent, the ideas are still rele-
vant and can be explored for further research in this area.230

Classical graph centrality measures like betweenness, close-
ness, degree, eigenvector and eccentricity are an important facet
of core graph theory. They help in identifying the most central
nodes in a graph. These centralities have been extensively stud-
ied by Friedkin [45] and Freeman [24, 25], Koschutzki [46] and235

Tavassoli [47]. These classical measures have been extensively
applied in varied fields of study. For example, in social network
analysis, they have been employed to spot the most influential
people [48, 49], identifying positive and negative ties [50], and
in biological networks, they have been used to analyze the evo-240

lution of protein-protein interaction networks to identify essen-
tial proteins [51]. Although, these measures have been used to
identifying the starting point of a diffusion process, their effec-
tiveness towards the problem has generally been criticized. To
the best of our knowledge, there is only one such work [21]245

where these measures have been analyzed in context to finding
the infection source. In [21], Comin and Costa used degree,
closeness, betweenness and eigenvector centralities and found
that the infection sources tend to have higher centrality ranks
than other nodes, and therefore, argued that classical graph cen-250

trality measures are good indicators of the source. Their results
showed that a simple combination of these measures, i.e., be-
tweenness and degree, offer remarkable performance of more
than 95% accuracy for small scale-free networks. However,
following this work, researchers have generally maintained a255

opposing stance towards using these measures to estimate in-
fection sources. For example, [22] have argued that there is
an equal chance for any node in a graph to be the source and,
therefore, its centrality rank should be inconsequential. Further-
more, [20] have indicated that center of the graph is not enough260

for it to be considered as the infection nodes. They argued it us-
ing the concept they introduced called node exoneration, where
the chances of an infected node of being the source, even if
it’s the most central, diminishes if its neighbors are uninfected.

3



However, as discussed in Section 1, this is not always the case.265

Therefore, motivated by this, we revisit the basic centralities as
were used in [21] and with the addition of eccentricity, we aim
at analyzing the efficiency of these measures in infection source
identification.

3. Preliminaries270

In this section, we briefly discuss the basic graph central-
ity measures, viz., betweenness (BC), closeness (CC), degree
(DC), eigenvector (EVC) and eccentricity (EC), employed in
this paper. These measures, as discussed in Section 2, are used
to identify the most influential nodes in a network and have275

been employed in detecting the source of a diffusion process
[21].

Betweenness (BC): The betweenness of a node is defined
as the number of geodesic paths passing through it [24, 25]. In
essence, betweenness tells us the bridging capability of a node -280

the more number of times a node acts as a bridge on the shortest
paths between all the combinations of any other two nodes in
a graph, the higher the betweenness it has. One might think
of high betweenness nodes as communication amplifiers which
help dissipate information from one community to another. As285

shown in Figure 1(a), node 7 has the highest betweenness in
the given graph, as indicated by it’s size. Mathematically, the
betweenness of a node u is defined as:

betweenness (u) =
∑

v,u,w

σvw (u)
σvw

(1)

where σvw is the total number of shortest paths from node v to
w and σvw(u) is the number of such paths passing through node290

u.
Closeness (CC): The closeness of a node is defined as the

mean shortest path distance from this node to all the other nodes
in a graph [24, 26, 10]. Therefore, the closer a node is to all the
other nodes, the higher the closeness it has. In essence, the295

node with the highest closeness, intuitively, could be thought of
as the potential information dissipater. To exemplify the same,
if we are to promote a product on a social network, our aim
should be to target and influence as many users as possible
in lesser time (influence maximization) [52, 53, 54]. There-300

fore, the seed/source selection should be based on the closeness
centrality - the higher the closeness of a node, the better it’s
seed/source prospect. Thus, closeness centrality focuses on in-
formation dissemination speed [26]. As shown in Figure 1(b),
nodes 3 and 4 have the highest closeness among all the nodes in305

the graph. Mathematically, the closeness of a node u is defined
as:

closeness (u) =
N∑

v∈V,u,v d (u, v)
(2)

where d(u, v) is the distance between nodes u and v and N is the
total number of nodes in the graph.

Degree (DC): The degree of a node is defined as number310

of nodes adjacent to it. In the social network perspective, the
degree of a user determines his/her popularity [27]. A node

with a very high degree tends to have higher betweenness and
closeness, which is intuitive. Therefore, such a node could po-
tentially act both as the bridge of the network as well as the315

ideal information propagation prospect. As shown in Figure
1(c), nodes 2, 6 and 9 are the nodes with highest degree. Math-
ematically, the degree of a node u is defined as:

degree (u) =| N (u) | (3)

where N(u) is the set of neighbors of node u.
Eigenvector (EVC): Eigenvector centrality is defined as the320

eigenvector corresponding to the largest eigenvalue of the adja-
cent matrix of a graph [28, 29]. Eigenvector centrality of a node
is characterized by how many “good nodes” are connected to it,
i.e., it is proportional to the combined centrality score of its
neighbors. Therefore, a node with higher eigenvector centrality325

has a strong influence on its surroundings. As we can see from
Figure 1(d), nodes 1 and 3 have the highest eigenvector central-
ity in the graph. Mathematically, the relative eigen centrality
score of a node u is defined as:

eigen (u) =
1
λ

∑
v∈N(u)

eigen (v) (4)

where N(u) is the set of neighbors of node u and λ is a constant.330

Eccentricity (EC): Eccentricity of a node is defined as the
largest shortest path from this node to any other node in a net-
work [30, 31]. The smaller the eccentricity of a node, the more
central it is. Therefore, akin to closeness, eccentricity of a node
plays a vital part in information dissipation. As shown in Figure335

1(e), node 3 has the least eccentricity in the given graph. Node
3 reaches every other node in the maximum of 2 hops, which is
the least among all the other nodes. Mathematically,

eccentricity (u) = maxv∈V,u,vd (u, v) (5)

where d(u, v) is the distance between nodes u and v.

4. Experimental Journey340

In this section, we first present the SI model of infection
which we shall use to simulate infection over graphs throughout
our experimentations. Besides this, we also present a general
experimentation setup and give an overview of the evaluation
measures used in this study. All our experimental data, source345

code, and detailed results, are publicly available1.

4.1. Infection Model

Given a graph G(V, E), where V is the set of nodes and E
the set of edges, and an infection source s∗, we use the classic
SI model [55] [14] to simulate an infection spreading across G.350

In SI model, every node is in either of the two states: suscep-
tible (S) or Infected (I). When a node gets infected, either by
being the source or by any of its infected neighbors, it remains

1https://drive.google.com/drive/folders/
1P2BAEoRfI_YOfzJh8fqE1mExY5HECFGV
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(a) (b) (c) (d) (e)

Figure 1: Illustration of various classical graph centrality measures: (a) Betweenness, (b) Closeness, (c) Degree, (d) Eigenvector and (e) Eccen-
tricity. Size of a node indicates its centrality rank

infected. In each time step (discrete in this study), each node
tries to infect their susceptible neighbors with some probability355

p, depending on the intensity of infection. In this study, since
we use heterogeneous SI model, we keep the infection propa-
gation probability on each edge uniformly distributed over (0,1)
[56, 15, 17] and also assume the infections are independent of
each other. If at any time-step t, a node w is susceptible to infec-360

tion from any two of its neighbors u and v, w gets infection with
probability p = 1−(1−puw)(1−qvw) at time-step t+1, where puw

and qvw are the infection probabilities of edges between nodes
u and w, and v and w, respectively. The infection process is
stopped when the desired number of nodes are infected (infec-365

tion size), resulting in an infection graph G (V,E) ⊂ G(V, E),
where V is the set of infected nodes and E is the set of edges
connectingV.

4.2. General Experimentation Setup
In this study, we analyze the performance of infection source370

identification techniques (classical measures and state-of-the-
art) on different network topologies. Generally, given a graph
G(V, E), we employ the classic SI model, described in Section
4.1), to simulate the infection spreading process on G over 100
independent runs, picking source, s∗, at random in each run.375

In each run, we stop the infection process when the desired in-
fection size is achieved. This results in 100 infection graphs,
G100

i=1 (Vi,Ei). The size of each infection graph will depend on
the type of analysis and will be mentioned in the subsequent
sections wherever need be.380

This experimentation setup is applicable to all our analy-
ses, i.e., Phase I (Section 5), phase II (Section 6), impact of
infection size (Section 7.1) and density (Section 7.2) on source
identification.

4.3. Evaluation Measures385

Throughout this study, we use three evaluation measures
to quantify the performance of source estimation as computed
by various methods (classical as well as state-of-the-art): fre-
quency of hop error, accuracy and average hop error. Given
an estimated source ŝ and the actual source s∗, hop error h is390

calculated as the minimum distance d between ŝ and s∗. For-
mally, h = d(ŝ, s∗). Accuracy is defined as the number of cor-
rectly identified sources (i.e. h = 0) over all the infection graphs
(100 in our case). To calculate the average hop error, we take
the average of hop errors between estimated and actual source395

produced over all infection graphs. These evaluation measures
have previously been used in [44], [10], [11], etc.

5. Phase I: Analysis of Classical Graph Centrality Mea-
sures

In this section, we compare and contrast the performance of400

classical graph centrality measures in infection source identifi-
cation. Besides this, we also analyze a few of their combina-
tions.

5.1. Dataset and Experimentation

We analyze the performance of classical graph centrality405

measures in infection source identification on a synthesized 4-
regular graph G(V, E) with 5,000 nodes and 10,000 edges. While
keeping the experimental settings same as described in Section
4.2, here we set the infection size between 40-60%. We pick
regular graph for a very strong reason, i.e., to negate the cen-410

trality bias. Since, we are analyzing the performance of classi-
cal graph centrality measures in infection source identification,
any centrality bias towards any node is not desirable. In a reg-
ular graph, there is a very reduced or negligible centrality bias.
For example, in our 4-regular graph here, the eccentricity val-415

ues of all the nodes range from 9 to 10 and closeness values
range from 0.136 to 0.142, which is a very small or negligi-
ble variation. In contrast, in an ER-random graph, there are
high chances that many nodes will have high centrality ranks,
subsequently favouring different centrality measures in differ-420

ent contexts, which is highly undesired for a fair evaluation.

5.2. Source Estimation

To estimate a source from an infection graph G (V,E) using
betweenness centrality, we calculate the betweenness of each
node u ∈ V. The node with the highest betweenness score is
considered as source. Formally,

ŝBC = argmaxu∈V (betweenness (u)) (6)

Similarly, for closeness, degree, eccentricity and eigenvector,

ŝCC = argmaxu∈V (closeness (u)) (7)

ŝDC = argmaxu∈V (degree (u)) (8)

ŝEVC = argmaxu∈V (eigen (u)) (9)

ŝEC = argminu∈V (eccentricity (u)) (10)

5



If any measure produces more than one estimated source,
we break the ties at random. In our experiments, we observe
that amongst these measures, only degree (DC) and eccentric-425

ity (EC) consistently produce more than 1 estimated source.
Therefore, besides breaking the ties at random (Equations 6 -
10), we also apply closeness measure on the sources identified
by degree and eccentricity measures. Since closeness focuses
on infection dissemination speed of a node, we believe it is ideal430

to break the ties [26]. This results in two more centrality-based
source estimation measures: DC+CC and EC+CC. The defini-
tions of both are given below.

DEFINITION 1: (DC+CC) DC+CC is a combination of de-
gree centrality and closeness centrality. In DC+CC, first DC
(degree centrality) selects nodes with highest degree in the in-
fection graph G (V,E). Then CC (closeness centrality) picks
the node with highest closeness centrality rank among the nodes
selected by DC. This node, finally, is considered as the source.
Formally, the source estimated by DC+CC is given as:

ŝDC+CC = argmaxw∈u (argmaxu∈V (degree (u))) (11)

DEFINITION 2: (EC+CC) EC+CC is a combination of ec-
centricity and closeness centrality. In EC+CC, first EC (eccen-
tricity) selects the nodes with minimum eccentricity in the in-
fection graph G (V,E). Then CC (closeness centrality) picks
the node with highest closeness centrality rank among the nodes
selected by EC. This node, finally, is considered as the source.
Formally, the source estimated by EC+CC is given as:

ŝEC+CC = argmaxw∈u (argminu∈V (eccentricity (u))) (12)

We evaluate the performance of these measures, using the
evaluation measures explained in Section 4.3.435

5.3. Results and Discussions
Figure 2 shows the frequency of hop errors on 4-regular

graph for all the above defined classical graph centrality mea-
sures. We observe that DC and EVC are the worst perform-
ing source estimators which is highlighted by their lesser fre-440

quency at lower hop error distances (hops 0-2). At higher error
distances (hops 6-8), their frequency is the highest compared
to other estimators. This means, DC and EVC generally esti-
mate sources which are undesirably farther away from the ac-
tual sources. BC and CC perform slightly better, but their re-445

sults are again not good enough when compared against EC,
which generally produces estimated source within hops 0-2 to
the actual source. Interestingly, when closeness is used to break
the ties among the sources estimated by eccentricity and degree
individually, we observe a significant improvement in source450

estimation. As previously seen, degree centrality (DC) was one
of the worst performing source estimators when ties were bro-
ken at random, but when closeness (CC) is employed as the tie
breaker (referred as DC+CC), the results are improved. A sim-
ilar pattern can be observed for eccentricity as well (referred as455

EC+CC). It is clear from Figure 2, EC+CC turns out to be the
best source estimator among all the classical measures seen so
far, generally covering estimated sources within hops 0 and 1 to
the actual source.

To supplement the above findings, we also analyze the ac-460

curacy of these measures. As can be observed from Figure 3,
EC+CC is the most prominent source detector with the accu-
racy of 36%. EC, with the accuracy of 23%, follows EC+CC as
the second best source detector. DC and EVC remain the worst
performing source detectors. In addition to this, EC+CC has465

the least average hop error (1.31), again followed by EC (1.41),
as shown in Figure 4. DC and EVC, with average hop errors of
6.76 and 6.3, respectively, continue to remain the worst source
estimators.

In this paper, we aimed to understand whether classical cen-470

trality measures can be used in infection source identification in
complex graphs. From the above discussion, it is quite clear
that EC+CC has the best performance among all the classic
measures analyzed so far. Not only its average hop error is
substantially satisfactory, but EC+CC has significantly high ac-475

curacy as well. Therefore, to answer our question, “Are clas-
sical centrality measures really not good enough?”, we com-
pare EC+CC with state-of-the-art source identification meth-
ods, viz., DA [18], MDL [20, 32] and LPSI [33] in the follow-
ing subsection.480

6. Phase II: Comparison with State-of-the-Art Source De-
tection Methods

In Phase I (Section 5), we understood that EC+CC is the
best source estimator among all the classical measures we ana-
lyzed. In this section, we examine the performance of EC+CC485

against state-of-the-art source identification methods.

6.1. Datasets and Experimentation

We evaluate the performance of EC+CC against three state-
of-the-art techniques on four different network topologies: two
synthetic, i.e., 4-regular and Erdös-Renyi random graph [34,490

35] (wiring probability 0.002 as used in [57]), and two real-
world, i.e., Facebook [36] and US Power Grid [37]. The statis-
tics of these four datasets is given in Table 1. The choice of
the above mentioned real-world graphs is based on the graph
density factor. The density of a graph, in turn, contributes to495

the factors like its average path length and diameter. As shown
in Table 1, the density of Facebook network is larger than US
Power Grid network by a factor of 22, which in turn results in
comparatively smaller diameter and average path length. This
gives us an opportunity to analyze and understand the impact of500

density of a graph on source identification.
Here, while keeping the experimental setup as described in

Section 4.2, again we keep the infection size between 40-60%
for each of our four networks.

6.2. Source Estimation and Comparing Methods505

We compare EC+CC with three state of art methods: Dy-
namic Age (DA) [18], Minimum Description Length (MDL)
[20, 32] and Label Propagation based Source Identification (LPSI)
[33].

In DA [18], the dynamic age of a node u in graph G (V,E)
is understood in terms of the difference in the largest eigenvalue
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Figure 2: Frequency of hop errors for different classical graph centrality measures in 4-regular graph.

Table 1: Dataset statistics of various topologies

Topology # Nodes # Edges Avg. Degree Diameter Density Avg. path length
4-Regular 5,000 10,000 4.0 7 0.001 3.95
Random 5,000 24,943 9.98 10 0.002 7.10
Facebook 4,039 88,234 43.69 8 0.011 3.70
US Power Grid 4,941 6,594 2.67 46 0.0005 18.99
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Figure 3: Detection accuracy of classical graph centrality measures in
4-regular graph.

of G and the largest eigenvalue of G when node u is removed.
The node with the highest difference is considered to be the
source. Formally,

ŝDA = argmaxu∈V
| λl − λ

u
l |

λl
(13)

where λl is largest eigenvalue of the adjacency matrix corre-510

sponding to the infection graph G (V,E) and λu
l is the largest

eigenvalue when u is removed from G (V,E).
MDL [20, 32] makes use of the Laplacian matrix L corre-

sponding to the underlying graph G(V, E) and extracts the sub-
matrix Ls from L corresponding to the infection graphG (V,E).
It then finds the node with the largest component of the eigen-
vector corresponding to the minimum eigenvalue of Ls. This
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Figure 4: Average hop error of classical graph centrality measures in
4-regular graph.

node is considered to be the source. Mathematically,

ŝMDL = argmaxu∈V

(
zu ∈ ~Zmin

)
(14)

where ~Zmin is the eigenvector corresponding to the smallest eigen-
value of Ls and zu is uth component of this vector.

LPSI [33] takes the advantage of ’source prominence’, i.e.,
the infected nodes surrounded by a large number of nodes have
higher probability to be the source. To this end, the authors take
the normalized adjacency matrix S corresponding to the under-
lying graph G(V, E) and a vector Y corresponding to the nodes
in G, containing a series of 1 and 0 entries (labels), where 1 and
0 indicate whether a node is infected or not, respectively. Then,
much like a Markov chain process, they propagate these labels
across the network using a parameter α, which is the fraction

7



of label information any node u gets from its neighbors. This
process is repeated until either the convergence is reached, or all
the pre-set iterations are completed. If any node has higher label
score than all its neighbors, it is considered as the source. This
process is repeated for all the nodes in the graph for multiple
source detection. Since, in this work, we are dealing with sin-
gle source detection, therefore, instead of inspecting the neigh-
borhood scores of nodes, we consider the node with the highest
label score among all the nodes to be the source. Formally,

ŝLPS I = argmaxu∈V

(1 − α)

I − α
∑

w:w∈N(u)

S uw

−1

Y

 (15)

where N(u) is the set of neighbors of node u. In their experi-515

ments, Wang et al. [53] show that LPSI converges in 5 itera-
tions. Since in our experiments, the convergence is reached in
4 iterations, we keep number of iterations for label propagation
at 4.

It is worth highlighting that while DA and MDL can be used520

to identify a single source [44], they can also be used for mul-
tiple source detection. For example, in DA the node with the
second highest dynamic age score is understood to be second
source of infection and so on. In MDL, if we remove the node
estimated as source from the infection graph G (V,E) and re-525

peat the MDL method for the updated infection graph, the node
which MDL would next estimate as source would be considered
as the second source, and so on. However, LPSI is a multiple
source detection method, but it could be used to single source
detection as well. Instead of locating multiple nodes having530

the highest label scores amongst their respective infected neigh-
bors, we use LPSI to find only one node with the highest label
score.

6.3. Results and Discussions

The results produced by state-of-the-art source identifica-535

tion methods (DA, LPSI and MDL) and EC+CC are evaluated
in terms of frequency of hop error, detection accuracy and av-
erage hop error (discussed in Phase I in Section 5.3).

(A) Performance on Synthetic Networks.
Random: Figure 5 shows the frequency of hop errors and540

accuracy on random network. In Figure 5(a), we observe that
EC+CC has higher frequency at lower error distances (i.e. at
hops 0-2) compared to all state-of-the-art source identification
methods, surprisingly showing its prominence as the best source
estimator. DA comes close covering the source within hops 1-545

3. It is worth noting that both LPSI and MDL are the worst
performing source estimators, covering majority of the sources
within hops 3-5. As for accuracy, as shown in Figure 5(b), again
EC+CC staggeringly outperforms all the state-of-art methods
with accuracy @hop-0 of 40%. In contrast, the source detec-550

tion accuracy of all state-of-the-art methods is close to being
inconsequential.

4-Regular: Similar results can be observed on 4-regular
graph by referring to Figure 6. As can be observed from Figure
6(a), EC+CC generally finds the actual source within hops 0555
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Figure 5: Performance on random graph: (a) Frequency of hop errors
and (b) Detection accuracy (@hop-0).

and 1, followed by DA covering majority of the sources within
0 and 2 hops. We also observe that MDL performs on 4-regular
graph than on random, finding majority sources within 0 and 2.
LPSI continues to be the worst performing state-of-art method
here. As for accuracy on 4-regular graph shown in Figure 6(b),560

we again see EC+CC emerging as the clear winner, completely
outclassing all the three state-of-the-art techniques as was seen
with random graph topology.

0

15

30

45

0 1 2 3 4 5 6 7 8

Fr
eq

u
en

cy

Error distance (hops)

4-RegularDA LPSI MDL EC+CC

(a)

0

15

30

45

@hop-0

4-Regular DA

LPSI

MDL

EC+CC

D
et

ec
ti

o
n

 a
cc

u
ra

cy
 

(i
n

 p
er

ce
n

t)
 

(b)

Figure 6: Performance on 4-regular graph: (a) Frequency of hop errors
and (b) Detection accuracy (@hop-0).

(B) Performance on Real-World Networks.
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Facebook: Figure 7 shows the frequency of hop errors and565

accuracy on Facebook network. From Figure 7(a), we can ob-
serve that there is a slight dip in the performance of EC+CC,
covering the majority of sources within 2 hop error distance,
whereas DA finds the same within hops 1 and 2. So, it can be
said that DA has a very good performance in scale-free network570

(in this case Facebook). This finding is important for DA be-
cause the authors in [18] show that DA can perform very good
on synthetic scale-free networks. Clearly, the scale-free prop-
erty of the graphs (either synthetic or real-world) is the key for
DA to have a good performance in comparison to other meth-575

ods. Interestingly, while DA finds most of the sources within 1
and 2 hops in our experiment, it also estimates sources which
are 4 and 5 hops away from the actual source. On the other
hand, EC+CC covers all of the sources within 4 hop errors only.
This shows DA has higher deviation from the mean which is580

not desired, whereas EC+CC is much stable. As was the case
with synthetic networks, LPSI and MDL continue to remain
the worst performing state-of-art methods. Since the detection
accuracy (@hop 0) for all the methods was negligible on Face-
book, we analyzed the accuracy @hops 0-1, i.e, source esti-585

mated within hop distances 0 and 1 from the actual source. As
can be observed from Figure 7(b), DA again performs better
than EC+CC when sources are 0 and 1 hops away. Interesting,
EC+CC continues to significantly outperform LPSI and MDL.
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Figure 7: Performance on Facebook network: (a) Frequency of hop
errors and (b) Detection accuracy (@hops 0-1).

US Power Grid (USPG): Figure 8 shows the frequency of590

hop errors and accuracy on US Power Grid network. Being a
very sparse graph, the hop error distances produced by all the
methods were very high (maximum of 26 hop error distance).
Therefore, for better visualization, we combined our results into
9 hop error bins, each of size 3 (0-2, 3-5, . . . , 24-26). From595

Figure 8(a), we observe that EC+CC is the best source estima-
tor here as well, finding majority of the sources within hops
3-11 from the actual sources. MDL comes second with ma-

jority of the source estimated within 6-14 which is followed
by LPSI with sources estimated within 7-18 from the actual600

sources. Surprisingly, the performance of DA which was the
best in Facebook graph, takes a significant dip when analyzed
on USPG, covering majority of the estimated sources at farthest
distances, i.e., within hops 9-20, from the actual ones. As was
the case with Facebook, the detection accuracy for all the meth-605

ods was negligible on USPG as well. Therefore, we take the
same approach by analyzing accuracy @hops 0-1. As Figure
8(b) indicates, EC+CC has the best @hops 0-1 accuracy, fol-
lowed by MDL, LPSI, while DA continues to remain the worst,
supplementing the above findings.610

From the above discussion, it becomes clear that a combi-
nation of the classical graph centrality measures, i.e., eccentric-
ity+closeness (EC+CC) in our case, can produce significantly
better performance than several state-of-the-art source identifi-
cation techniques on both synthetic networks and USPG. Only615

DA performs better than EC+CC on Facebook due to the net-
work’s scale-free property. Therefore, the general notion, that
the theoretical graph centrality measures are not good estima-
tors of infection sources [22, 20, 32], is not in agreement with
what our results indicate.620
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Figure 8: (a) Frequency of hop errors and (b) Detection accuracy
(@hops 0-1) on US Power Grid network

7. Impact of Infection Size and Graph Density on Source
Identification

In this section, we examine the impact of infection size on
the performance of EC+CC and other state-of-the-art methods.
This, in turn, would result in providing us with insights regard-625

ing the scalability of various methods. In addition to this, in-
spired by our observation in Section 6.3 where we found it was
harder to detect a source in US Power Grid (a very sparse graph)
compared to other graphs with higher densities, we also ana-
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lyze the impact of graph density on source identification. Fur-630

thermore, we present a theoretical justification to explain the
observed effects of the same.

7.1. Effect of Infection Size

In order to analyze the impact of infection size on source
identification, besides 40-60%, we use three more infection graph635

sizes: graphs containing 2-5%, 20-25% and≥80% infected nodes
for each of the four network topologies used in Section 6. For
performance evaluation, we use average hop error. Figures 9
and 10 show the average hop error for different infection graph
sizes on synthetic and real-world networks, respectively.640

(A) Performance on Synthetic Networks. For random graph,
we observe that EC+CC completely outperforms all the state-
of-art methods for 2-5%, 20-25% and 40-60% infection sizes,
as far as average hop error is concerned, as indicated in Figure
9(a). DA very slightly takes the edge on infection size ≥80%,645

but EC+CC continues to outperform MDL and LPSI. More-
over, the average hop error for EC+CC, when compared against
all state-of-art methods, is significantly low and is consistently
stable for all four infection sizes, showing desirable scalabil-
ity of EC+CC. This performance of EC+CC on different graph650

sizes, can also be observed when tested on another synthetic
network, i.e., 4-regular graph, as shown in Figure 9(b). Here,
barring ≥80% infection size, EC+CC has significantly low aver-
age hop error when compared against all state-of-the-art meth-
ods, meaning it estimates a source far closer to the actual source655

than the comparing methods. Moreover, we also observe that as
the infection size increases, the source detection becomes dif-
ficult, accentuated by the higher average hop error for larger
infection graph sizes, as evident from Figures 9(a) and 9(b).
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Figure 9: Performance of different methods on various infection graph
sizes for synthetic networks - (a) random, (b) 4-regular.

(B) Performance on Real-World Networks. For Facebook graph,660

as shown in Figure 10(a), EC+CC shows better performance
when compared against LPSI and MDL across all the four in-
fection sizes. DA, again due to the scale-free nature of Face-
book graph, slightly performs better than EC+CC for 2-5% and
40-60% infection sizes. However, for infection sizes 20-25%665

and ≥80%, EC+CC turns up with significantly better perfor-
mance than DA, with 0.48 and 0.7 lesser average hop errors, re-
spectively. As for USPG, EC+CC outclasses all state-of-the-art
methods by a significant margin across all the infection sizes,
as shown in Figure 10(b). This in turn goes onto show the con-670

sistency of EC+CC as was observed on synthetic networks. Be-
sides this, as was the case with synthetic networks, the perfor-
mance of source identification methods degrades as the infec-
tion size increases on real-world networks as well, as can be
observed from Figures 10(a) and 10(b).675

From the above discussion, we observe that as the infection
size increases, it becomes harder to detect an infection source,
irrespective of the method used. Having said so, it is worth-
while to note that EC+CC, barring Facebook on some infection
sizes (where DA performs better), generally continues to esti-680

mate a source closer to the actual source than other competing
methods on different topologies, irrespective of the infection
size.
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Figure 10: Performance of different methods on various infection
graph sizes for real-world networks - (a) Facebook, (b) US Power Grid

7.2. Effect of Graph Density
In Section 6.3, we observed that on US Power Grid network685

(a very sparse graph) all the methods, not only struggled to pin-
point the location of the infection source, but couldn’t even es-
timate the source within 2 hops of the actual source. However,
on a very dense graph like Facebook, the source estimation was
relatively easier. Therefore, in this subsection, following this690

critical observation, we study the impact of density of infection
graphs on infection source identification. For experimentation
purposes, we synthesized three Erdös-Renyi graphs, with dif-
ferent densities, whose statistics are given in Table 2. Based on
their densities, we refer to them as Very Sparse (VS), Sparse695

(S), Dense (D) and Very Dense (VD). We generate 100 infec-
tion graphs for each of these graphs using SI model of infection,
as previously done. The average infection graph size for each
are 50 (VS), 100 (S), 150 (D) and 400 (VD).

Our results indicate that graph density is an important fac-700

tor affecting the performance of source identification methods.
Source identification becomes easier when the graph is com-
paratively denser, and this seems to be true irrespective of the
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Table 2: Dataset statistics of random graphs with various densities

Very-Sparse (VS) Sparse (S) Dense (D) Very Dense (VD)
# Nodes 1,000 1,000 1000 1000
# Edges 2,526 3,570 10,050 25,037
Density 0.005 0.007 0.02 0.05

method used. As can be observed from Figure 11(a), the av-
erage hop error for all the methods is higher for very sparse705

infection graphs as compared to the dense. It is worthwhile
to highlight that this result holds even when the average in-
fection graph size in sparse graphs is smaller as compared to
the dense graphs. This finding could further by supplemented
by observing the accuracy of the source identification methods710

from Figure 11(b). Both MDL and EC+CC tend to get better
as the graph density increases, incredibly, irrespective of the in-
fection size - showing their stability. DA and LPSI improve as
well as the graph grows denser, however experience a dip in
performance as the number of nodes increase. As was seen in715

Section 6.3, EC+CC continues to dominate every other state-of-
the-art technique on random graph, irrespective of the infection
size or graph density. As we can see from Figure 11(b), with
the source detection accuracy of 72%, 87%, 100% and 100%
for very sparse, sparse, dense and very dense random graphs,720

EC+CC thoroughly outclasses rest of the competing methods.
As the infection size increases, intuitively, source identi-

fication should become difficult, as was seen in Section 7.1.
However, our results here are counter-intuitive. The only fac-
tor, therefore, making it easier to locate the source is the higher725

graph density - the statement we have empirically proved in
this section. Therefore, it can be understood that as the infec-
tion size increases, a comparatively higher graph density com-
pensates for the supposed dip in source identification methods’
performance in locating the infection source.730

Justification: We understand that as the graph density in-
creases, the source identification becomes relatively easier. So
far, we have witnessed the empirical evidence of the same, but
the question arises why is it the case? We try to answer it in
simple terms by visiting tree graphs. However, at first, let us735

consider two k-regular graphs of N nodes. It is understood that
the density of a k1-regular graph of N nodes is lesser than a
k2-regular graph of the same number of nodes, where k1 <
k2. Now, if we extract any k1-regular tree of n nodes from
k1-regular graph, it will have the tendency to have a spread-740

out topology as compared to any k2-regular tree of n nodes
extracted from k2-regular graph. The k2-regular tree will be
more compact. That is to say k1-regular tree will have more
levels than k2-regular tree. Furthermore, as we have empiri-
cally seen in this section, given the effect of density, it will be745

easier to detect a source in k2-regular graph than in k1-regular
graph. Therefore, it should be easier to detect a source in a
k2-regular tree of n nodes extracted from k2-regular graph than
in a k1-regular tree of n nodes extracted from k1-regular graph.
Also, since k1-regular tree of n nodes is more spread-out than750

k2-regular tree of the same number of nodes, therefore, for in-
fection of any size, m, where m is the number of infected nodes
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Figure 11: Effect of density on source identification: (a) average hop
error, (b) accuracy

and n ≥ m > 2, infection will also be more spread-out in k1-
regular tree, and will go farther down the levels and away from
the root (source of infection) as compared to k2-regular tree,755

thereby, making it harder to locate the source in k1-regular tree.
Therefore, based on the above discussion, we will try to show
that the probability to find an infection source in a k2-regular
tree of n nodes is greater than or equal to that in k1-regular tree
of the same number of nodes.760

Now, given n, firstly we have to know the possible k-regular
trees which we can form. This can be derived using Hand-
shaking lemma. If a k-regular tree, having p nodes of degree
k and n− p nodes of degree 1, then by the Handshaking lemma,∑

degree = 2× | edges |, we have765

kp + (n − p) = 2 (n − 1), which results in

(k − 1) p = n − 2 (16)

Therefore, for any n and k, k − 1 must divide n − 2 to form a
k-regular tree of n nodes. If we consider a k-regular tree of 10
nodes, then we understand 10− 2 = 8 is divisible by 1, 2, 4 and
8. Therefore, possible k values for n=10 are 2, 3, 5 and 9, and if770

we take the smallest two values of k, i.e., 2 and 3, we can have
k1=2 and k2=3. Now, we know we can form a 2-regular tree
and a 3-regular tree of 10 nodes each as shown in Figure 12,
which we can easily assume to have extracted from 2-regular
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graph (lesser density) and 3-regular graph (higher density), re-775

spectively. As discussed above, we can see from Figure 12(a),
2-regular tree of 10 nodes has a more spread-out topology than
3-regular tree with the same number of nodes in Figure 12(b),
which is more compact. Now, we have to show that the prob-
ability of finding the source in 3-regular tree (a more compact780

tree) is greater than or equal to that in 2-regular tree. For the
same, we consider minimum eccentricity node (used in this
study) as the estimated source ŝ. When the estimated source
ŝ is the real source s∗, we say the source is correctly estimated.

Let’s suppose the infection source is the root of the tree and
infection size is m, where m is the number of infected nodes.
Therefore, the overall probability of root node u to be correctly
estimated as the source, is given as

Pm
k-regular =

∑
z∈Z pz

| Z |
(17)

where Z is the set of all possible infection graphs of size m785

rooted at u and pz is the probability of the real source s∗ to be
the correctly estimated in z ∈ Z.

Let’s consider the root node A of each tree as the real in-
fection source, s∗ (Figure 12). When the infection size, m = 1,
source detection is trivial in each case. Also, for m = 2 and 3,790

it can be verified using Equation 17 that Pm
2-regular = Pm

3-regular.
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Figure 12: Trees extracted from 2-regular graph (lesser density) and
3-regular graph (higher density): (a) 2-regular tree with 10 nodes
(spread-out topology), (b) 3-regular tree with 10 nodes (compact topol-
ogy)

Now, for m = 4, possible infection graphs in 2-regular tree
(Figure 12(a)) are Z={ABCD, ABCE, ABDF, ACEG}. We can
see that in the subgraph induced by ABCD and ABCE, A has
the probability of 1

2 to be correctly estimated as source (using795

minimum eccentricity), whereas in the rest of the subgraphs this
probability is 0. Hence, the overall probability for A to be cor-

rectly estimated as source is P4
2-regular =

1
2×2+0×2

4 = 1
4 . Now,

for 3-regular tree in Figure 12(b), possible infection graphs of
size m = 4, are Z={ABCD, ABCE, ABCF, ABCG, ABCH,800

ABDE, ABDF, ABDI, ABDJ, ACDG, ACDH, ACDI, ACDJ,
ABEF, ACGH, ADIJ}. Out of these 16 combinations, in only
one infection subgraph (induced by ABCD), A has the prob-
ability of 1 to be correctly estimated as source; in 12 infec-
tion subgraphs, this probability is 1

2 and for the rest, it is 0.805

Therefore, overall probability for A to be correctly estimated as

source is P4
3-regular =

1×1+ 1
2×12+0×3
16 = 7

16 . Here we can see that
P4

3-regular > P4
2-regular. So far we have seen that for m=2, 3, 4,

Pm
3-regular ≥ Pm

2-regular. Similarly, we can show that Pm
3-regular ≥

Pm
2-regular ∀m ≤ n. Also, generally, Pm

k2-regular ≥ Pm
k1-regular,810

∀m ≤ n and k2 > k1, where n and both k1, k2 ∈ k satisfy Equa-
tion 16.

Therefore, from the discussion above, we can see how it
is easier to detect a source in a dense graph as compared to a
sparse graph.815

8. Conclusion

In this paper, we aimed to analyze the performance of clas-
sical graph centrality measures in infection source identifica-
tion. For the same, we conducted the experiments in two phases.
In Phase I, we compared the performance of five such measures820

against each other on 4-regular graph. We found that a com-
bination of eccentricity and closeness (EC+CC) significantly
performs better than the rest. Thereafter, in Phase 2, EC+CC
was compared against several state-of-the-art techniques - DA,
MDL and LPSI, specially designed to identify infection sources.825

Interestingly, contrary to the popular belief that classical graph
centrality measures are not good source estimators, our results
showed that EC+CC, an amalgamation of two such measures,
outperforms all the three state-of-the-art techniques on random,
4-regular and US power grid networks. On Facebook network -830

a highly dense, scale-free graph - although EC+CC slightly un-
derperforms in comparison to DA, it continues to outclass rest
of the two state-of-the-art.

Furthermore, we also analyzed the impact of infection size
on source identification and observed that EC+CC not only gen-835

erally outperforms all the three state-of-the-art techniques in
most of the settings, but is, generally, highly consistent and
scalable. However, it is important to state that DA, in real-world
scale-free network (Facebook in our case), performs better than
EC+CC for some infection sizes. We also found that as the840

infection size increases, intuitively, the detection accuracy de-
creases, irrespective of the technique used. Moreover, when
we examined the effect of graph density on random graphs, we
observed that as the graph density increases, the detection accu-
racy increases as well. Therefore, we understand that density is845

a critical factor in the process of identifying infection sources.
Again, EC+CC continues to remain the best source detector,
irrespective of the graph density. In addition to this, we theo-
retically justified the effect of density on source identification
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using k-regular trees. In future, we aim to focus on improving850

the performance of classical graph centrality measures. In par-
ticular, we shall look to develop methods around EC+CC where
the results produced by EC+CC may be used as prior informa-
tion for infection source identification.
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