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Abstract

Since full coverage treatment is not feasible due to limited resources, we

need to utilize an immunization strategy to e�ectively distribute the available

vaccines. On the other hand, the structure of contact network among people

has a signi�cant impact on epidemics of infectious diseases (such as SARS and

in�uenza) in a population. Therefore, network-based immunization strategies

aim to reduce the spreading rate by removing the vaccinated nodes from contact

network. Such strategies try to identify more important nodes in epidemics

spreading over a network. In this paper, we address the e�ect of overlapping

nodes among communities on epidemics spreading. The proposed strategy is

an optimized random-walk based selection of these nodes. The whole process is

local, i.e. it requires contact network information in the level of nodes. Thus, it

is applicable to large-scale and unknown networks in which the global methods

usually are unrealizable. Our simulation results on di�erent synthetic and real

networks show that the proposed method outperforms the existing local methods

in most cases. In particular, for networks with strong community structures,

high overlapping membership of nodes or small size communities, the proposed

method shows better performance.
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1. Introduction

Understanding the behavior of an infectious disease is essential because the

disease can turn to a crucial situation if it is not completely eradicated on

time[1, 2, 3]. The process of disease di�usion can be modeled by a network

representation of people and interactions among them[4]. An infection spreads5

from one individual to another in the network, and therefore immunization or

vaccination of each person excludes him/her from the process of spreading[5].

An important goal in epidemiology is to �nd a way to stop or at least slow

down the speed of contagion[6, 7]. Simplifying by mass-action approximation,

elimination of a disease requires a speci�c amount of immunization coverage[5].10

This quantity of coverage is impossible to be reached due to the constraints of

time, vaccine supply, etc[8, 9, 10]. For stopping epidemics in social networks,

�nding in�uential spreaders is a signi�cant target [3, 11, 12]. Consequently,

investigating e�cient immunization methods is still a particularly interesting

area for researchers[10].15

Using centrality measures, like degree[13] and betweenness[14] methods is

believed to be e�ective for immunization. These methods are classi�ed as global

immunization methods. Assuming the knowledge of the whole network, they

rank all nodes according to their centrality and then pick the highest central

nodes for immunization. As it is obvious, this process is impractical in large-20

scale networks. In fact, computation of the whole network becomes impossible

as the network size grows. Moreover, the whole structure of real-world networks

are often unknown. Another group of immunization methods is the group of

local methods[8, 15, 9, 16, 17, 18], in which the target nodes are found via local

search. Of course, it is unreasonable to expect local methods to outperform25

global methods, because of the limited amount of knowledge they use, but some

properties make local methods interesting: �rst, they don't need to know the

complete structure of the contact network, and second, they �nd target nodes

faster than global methods. These properties make local methods applicable

in large-scale and especially real-world social networks where the topologies are30
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usually unknown.

The structure of networks in�uences epidemic spreading patterns. Many

real-world networks consist of communitie [19], i.e. structures that exhibit

denser connections between nodes of the same group compared to nodes of

di�erent groups[20]. Bridge nodes connect di�erent communities to each other35

and create a pathway of spreading disease. The e�ect of bridge nodes on epi-

demics has been investigated in the previous works[9, 17]. In community struc-

tures, we meet the concept of overlapping nodes that belong to more than one

community[21, 22]. In social networks, the existence of overlapping nodes is un-

deniable and communities are not completely separated from each other. Hebert40

et al.[18] immunized these nodes by the order of their community membership.

As mentioned before, the main drawback of local methods is their �nal result

which is far from global methods, while their most valuable bene�ts are being

independent of the whole knowledge of the network and lower time complexity.

In this paper, we propose an immunization method by focusing on overlap-45

ping community structure of networks. Our general idea is to utilize the role

of overlapping nodes in epidemic dynamics. This method is local, so it doesn't

require detailed information of the contact network. We also compared our

method with di�erent global and local immunization methods in both synthetic

and real networks. Simulation results show that:50

• Proposed method usually achieves the least epidemic size among other

local methods and in some cases, outperforms global methods.

• Its' performance enhances by increasing the community structure and the

membership degree of overlapping nodes. Particularly, in networks with

small-size communities, it is a highly e�ective method.55

• Selecting overlapping nodes in an order di�erent from what membership

method uses, the only method which immunizes overlapping nodes, results

in better performance and less time complexity.
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Figure 1: Local Immunization Methods.

2. Related Works

A group of global immunization methods use centralities like degree and be-60

tweenness to pick nodes for immunization. It is shown that degree immunization

is e�cient in scale-free networks and results in a drastic decrease even when a

small percentage of population are immunized[13]. Although global methods are

e�ective for immunization, the main problem is the high amount of information

they require; a feature which makes them infeasible in real-world networks.65

Local immunization methods focus on using information in the node level

(refer to Figure1). The simplest local method is uniform immunization that

selects nodes in a completely random manner without any information. This

approach is totally ine�cient in scale-free networks because of heterogeneity in

degree distribution[13]. In 2003, Cohen et al.[8] proposed acquaintance method70

which selects random neighbors of randomly selected nodes and immunizes them

if they have been selected n times.

This approach is local and it is more e�cient than uniform selection since

randomly chosen neighbors may have greater degrees than each random individ-
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ual. In fact, high-degree nodes are the neighbor of many nodes, and therefore75

they are more likely to be chosen in this process. Another method which needs

more information compared to acquaintance method is based on immunizing the

node with the highest degree among a random node's neighbors[15]. Threaded-

tree is another local method which seeks high-degree nodes in a di�erent way.

First, it starts from a random node, and then recursively visits each node's80

neighbors. Finally, the most visited nodes are selected for immunization[16].

Salathe et al.[9] proposed a local community bridge �nder (CBF) method

which investigates the e�ect of communities in the di�usion of epidemics. The

CBF method �nds bridge hubs in a self-avoiding random-walk and immunizes

them in order to prevent the spreading of an infection from one community to85

another. The bridge-hub detector (BHD)[17] is another method which considers

friendship circles of visited nodes to �nd communities and then utilizes bridge-

hub nodes for immunization. Both CBF and BHD, assume that communities

are disjoint, and overlaps between communities are not taken into account.

The third group of immunization methods, known as overlapping commu-90

nities, consider overlaps between communities of a network. The Membership

method[18] �nds communities in a local manner and immunizes overlapping

nodes by the order of their membership to communities. The results con�rm

the role of overlapping nodes, especially in higher infection rates and denser

communities in which the membership method has its best performance. Be-95

sides �nding communities, this method has the time complexity of ordering

overlapping nodes based on their membership degree.

3. The Proposed Immunization Strategy

Overlapping nodes don't necessarily have high centrality measures, but they

play an important role in spreading epidemics from one community to another.100

Our method, selects overlapping nodes for immunization in a speci�c order. It

is local, unaware of global knowledge, and through the process of �nding nodes

for immunization, it only requires the information in node level. Figure 2, shows
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Figure 2: proposed immunization method.

the process of our proposed method.

First, we extract communities (if ground community is unavailable) with105

OSLOM1[23], as an existing local overlapping community detection algorithm.

Evaluated by Normalized Mutual Information (NMI) measure, OSLOM is one

of the high-ranked algorithms among others[22]. Next, overlapping nodes are

obtained from extracted communities. Then, we run random-walk overlap se-

lection (RWOS), which is a random-walk starting from a random node of the110

network. At each step, if a visited node is in the list of overlapping nodes, it will

be nominated as a target node for immunization, otherwise, our random-walk

proceeds. This process continues until we reach the desired immunization cover-

age. In fact, the probability of visiting any node in a random-walk is shown to be

proportional to the degree of the node[5]. Therefore, this approach tries to pick115

overlapping nodes according to their degree centrality. Extracting overlapping

communities by OSLOM, �nding overlapping nodes from extracted communi-

ties and running RWOS has the time complexity of O(n2), O(n2) and O(n),

respectively. Therefore, the time complexity of whole framework is O(n2).

1Order Statistics Local Optimization Method
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4. Performance Analysis120

We have evaluated our method in both real and synthetic datasets. Two

metrics have been used to compare the results of proposed method with those

of previously introduced methods: epidemic size and peak prevalence.

4.1. Datasets

Selecting appropriate datasets is important to analyze the performance of125

di�erent methods. In our framework, it is important to utilize an overlapping

community structure. Thus, we use di�erent real and synthetic datasets to

evaluate our method. Two advantages of our synthetic networks are the avail-

ability of ground truth communities and the capability of manipulating di�erent

features of the network.130

4.1.1. Real-World Networks

Traud et al.[24] have gathered a collection of data from Facebook. This data

illustrates student friendship links within universities. In addition, other useful

information such as dormitory, majoring class, and year of class are included

in datasets. Obviously, a relationship in Facebook doesn't guarantee a relation135

in the real world and thus a pathway for epidemic. So, only the relationship

of individuals who live in the same dormitory or study the same major in the

same class year is extracted. The largest connected component of the obtained

network is used in our experiment. The datasets of three universities, namely

Princeton, Georgetown and Oklahoma are used (Table. 1). We observed that140

the degree distribution in all three networks is scale-free, like many networks in

the real world[25].
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Table 1: Structural properties of real networks, including

number of nodes (N), number of edges (E), number of over-

lapping nodes (on), modularity (Q), average degree (<k>)

and number of clusters (Nc).

Network N E on Q <k> Nc

Princeton 5112 28684 602 0.753 11.22 210

Georgetown 7651 79799 876 0.662 31.48 343

Oklahoma 10386 163225 893 0.914 20.85 423

4.1.2. Synthetic Networks

To generate synthetic networks, we utilize LFR benchmark[26] which can

create networks with overlapping communities. It is possible to manipulate145

di�erent parameters when generating networks with this model. Mixing param-

eter µ, determines the ratio of the number of external neighbors of a vertex to

the total degree of the vertex. Therefore, as the value of this parameter de-

creases, communities are well separated from each other. Two other parameters

are speci�cally related to an overlapping structure: the number of overlapping150

nodes on and overlap membership om that de�nes the number of communities

an overlap node belongs to them. The other parameters are: average degree

<k>, maximum degree kmax, exponents of the power law distributions τ1 for

degree and τ2 for community size and the range of community sizes.

4.2. Epidemic Dynamics155

Standard SIR simulation model is used to compare the performance of di�er-

ent immunization methods. In this model, each person is in one of the following

states: Susceptible (S), Infected (I) and Recovered (R). Initially, the state of the

nodes that are selected for immunization is set to be R, and all remaining nodes

are in S state. Infection starts from a random susceptible node and changes its160

state to I. At each time step, each susceptible node would be infected with the

probability of 1− (exp(−βi)), where i is the number of infected neighbors of the
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node and β is the infection rate. Moreover, an infected node will go into R state

with the probability of γ. Finally, simulation stops when there is no infected

node in the network. Simulations are run with β = 0.08 and γ = 0.2.165

4.3. Main Results

In this section, we show the obtained results in terms of two metrics[9]:

(1)epidemic size (i.e., the total number of infected nodes) and (2)peak preva-

lence (i.e., the maximum proportion of infected nodes). Our immunization

method is compared with two global methods (degree[13] and betweenness[14])170

and four local methods (acquaintance[8] with n = 2, CBF[9], BHD[17] and

membership[18]). Moreover, in order to show the impact of selecting overlap-

ping nodes with the speci�c order performed by RWOS, we also studied random

selection method. In LFR datasets, all overlapping nodes have an equal com-

munity membership value, so the result of the membership method would be175

the same as that of random overlap selection. Consequently, the results of

membership method are excluded from synthetic networks.

4.3.1. Epidemic Size

Figure 3 illustrates the epidemic size of di�erent immunization methods in

the above-mentioned test networks. The LFR network is con�gured with val-180

ues of N=20000, <k>=30, kmax=60, µ=0.1, community size range=[10,80],

on=2500, and the exponents of degree and community size distributions are

τ1=2 and τ2=1, respectively. We set the maximum immunization coverage for

each network equals to the ratio of overlapping nodes in each of them.

Compared to the degree method, our method results in larger epidemic sizes185

for all immunization coverage values in the LFR network and most of the im-

munization coverage values in the Princeton network. However, in half of the

immunization coverage values for Georgetown, our method results in a smaller

epidemic size. Moreover, it always yields a smaller epidemic size in the Okla-

homa network, as a network with high modularity value (refer to Table 1). For190

example, in immunization fraction of 0.08, there is a reduction of more than %3
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Figure 3: The epidemic size in real and synthetic networks for di�erent immu-

nization methods. Each point shows the di�erence in epidemic size between two

methods. Positive values indicate the e�cacy of our method by the population

size. Each value is the average of 500 runs per method, immunization coverage

and network.

(more than 311 nodes) in the number of infected nodes. Note that the degree

method is global which means it needs to compute the degrees of all nodes in

the starting point of immunization process, i.e. it is needed to know the whole

information at �rst step. However, our method is local in which the needed195

information is in the level of each node. In particular, at each step, proposed

method only searches among current node's neighborhoods.

It is shown in [9] that by increasing modularity, betweenness-based immu-

nization method becomes even more e�ective than the degree-based method.

On the other hand, we found that a signi�cant amount of overlapping nodes200
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have high betweenness centrality. In particular, %71, %61 and %65 of overlap-

ping nodes in Princeton, Georgetown and Oklahoma, respectively, lie among

a quarter of nodes with high betweenness. It means that the di�erence be-

tween our method and betweenness, can be smaller in the networks with higher

modularity.205

Comparing with local immunization methods, the epidemic size in our pro-

posed method outperforms CBF, BHD and acquaintance methods in all net-

works and with all values of immunization coverage. Moreover, it mostly out-

performs simple overlap immunization methods except for immunization cov-

erage values of 0.01 in Princeton and Georgetown and coverage values of 0.01,210

0.03, 0.06 and 0.07 in Oklahoma. In Princeton, using an immunization fraction

of 0.1, a reduction of about %2 in the number of nodes (or equivalently more

than 100 individuals) is obtained compared to the membership method.

4.3.2. Peak Prevalence

Figure 4 shows the performance of our method in comparison with other local215

and global methods in terms of peak prevalence. As shown, in real networks,

betweenness is always the best method with fewer peaks values. Moreover, in

synthetic networks generated by LFR model, degree method outperforms others.

Our proposed method outperforms the degree method in Oklahoma network.

Local methods, i.e. CBF and acquaintance, never show a better performance220

compared to our method; and the highest di�erence is for Princeton network

with more than %5 e�ciency. The results of the membership method are nearly

%2 worse than the proposed method. Furthermore, weakest results belong to

BHD in all networks.

4.3.3. E�ects of Community Structure225

In order to evaluate the e�ect of community structure, we have created three

LFR networks with di�erent mixing parameters 0.1, 0.2, and 0.3. This parame-

ter controls the strength of community structure. As this value becomes smaller,

communities are separated well from each other. In LFR model, all overlapping
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Figure 4: Peak prevalence of di�erent immunization methods in real networks.

Each point shows the di�erence in peak ratio between two methods. Positive

values indicate the e�cacy of our method by the population size. Each value is

the average of 500 runs per method, immunization coverage and network.

nodes have an equal community membership, so the results of membership im-230

munization would be the same as those of random selection. So, we only plot

the result of random overlap in the �gures. As shown in Figure 5, our method

results in better performance in networks with a smaller mixing parameter. In

comparison with CBF, BHD and acquaintance methods, and for immunization

fraction of 0.12, it leads to a reduction of more than 40 individuals. Moreover,235

the peak value decreases about 200 individuals (%10 of network). As it can be

seen, by decreasing the value of the mixing parameter, di�erences between our

methods and global ones become smaller.
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Figure 5: E�ect of community structure in terms of epidemic size and peak.

Positive values indicate the e�cacy of our method by the population size. For

each network, N=2000, <k>=20, kmax = 50, community size range=[10,50],

on=250, om=4, and the exponents of degree and community size distributions

are τ1=2 and τ2=1, respectively. Each value is the average of 500 runs per

method, immunization coverage and network.

4.3.4. E�ects of Overlapping Community Membership Degree

Each overlapping node is a member of at least two communities. We ad-240

dressed how increasing the community membership of each node will a�ect the

behavior of epidemic spreading on contact networks. As shown in Figure 6, the

overlapping nodes play more important role in epidemic spreading by increasing

membership degree. The results for three networks with di�erent community

membership values of 2, 4 and 8, show that our method outperforms local245

methods all the times, but the di�erence in performance grows by increasing

the membership value. In the network with a membership value of 8, we ob-

serve that our method has a smaller epidemic size and peak prevalence values for
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Figure 6: E�ect of overlapping membership in terms of epidemic size and peak

prevalence. Positive values indicate the e�cacy of our method by the population

size. For each network, N=2000, <k>=20, kmax=50, µ=0.1, community size

range=[10,50], on = 250, and the exponents of degree and community size

distributions are τ1=2 and τ2=1, respectively. Each value is the average of 500

runs per method, immunization coverage and network.

immunization fractions of 0.11 and more, even in comparison with degree and

betweenness methods. The best performance of our method is for network with250

om = 8 which the epidemic size reduces more than 110 nodes in comparison

with CBF, BHD and acquaintance method.

4.3.5. E�ects of Community Size Range

The performance of proposed method is also evaluated in the networks with

community size in the range of [10,50] and [20,100], and network size of 2000255

and 5000 nodes. For both epidemic sizes (Figure 7) and peak prevalence values

(Figure 8), the results show that our method has higher performance in networks

with smaller community size. For community size in the range of [10,50], the
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Figure 7: E�ect of community size range in terms of epidemic size. Positive

values indicate the e�cacy of our method by the population size. For each

network, <k>=20, kmax=50, µ=0.1, om=4, and the exponents of degree and

community size distributions are τ1=2 and τ2=1, respectively. on is 12 per-

cent of each network size. Each value is the average of 500 runs per method,

immunization coverage and network.

proposed method outperforms CBF in epidemic size about %2 for both network

size of 2000 and 5000. In terms of peak prevalence, there is a reduction of almost260

%10 and %8 for network size of 2000 and 5000, respectively, in the CBF and

acquaintance methods compared to %1 and %11 in BHD method.

Moreover, in larger ranges of community size, other local methods outper-

form the proposed method by a maximum di�erence of %1 in terms of epidemic

size. In addition, the di�erences between proposed and global methods be-265
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Figure 8: E�ect of community size range in terms of peak prevalence. Positive

values indicate the e�cacy of our method by the population size. For each

network, <k>= 20, kmax=50, µ=0.1, om=4, and the exponenst of degree and

community size distributions are τ1=2 and τ2=1, respectively. on is 12 per-

cent of each network size. Each value is the average of 500 runs per method,

immunization coverage and network.

comes lower for networks with smaller ranges of community size. In network

with N = 2000, the di�erence of each global method with the proposed method

is less than 10 nodes (%0.05) and 50 nodes (%2) in terms of epidemic size peak

prevalence, respectively.
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5. Conclusion270

We proposed a network-based immunization strategy which is an optimized

random-walk based selection of overlapping nodes among communities. The

proposed method is local and does not require knowledge of whole network

topology. We evaluated this method in di�erent synthetic and real networks.

Results show that performance of local methods, including proposed one, is far275

from global ones and it's because of their constraints of node level computations.

Local methods, at each step of �nding nodes, only seek current node's neigh-

borhoods, unlike global methods which have access to whole network structure.

On the other hand, local methods have the advantage of being feasible on large

networks and less sensitivity to incomplete or incorrect data compared to global280

ones.

As shown, our method is more e�cient in comparison with other local meth-

ods. In addition, most of the times, our method has a smaller epidemic size

compared to the membership method and the method which selects overlap-

ping nodes randomly. This fact clearly illustrates that the overlapping nodes285

don't have equal in�uence on epidemic spreading. In fact, instead of immunizing

by membership, which has an extra complexity of sorting nodes, a random-walk

which visits high degree nodes with higher probability, is more e�cient.

The proposed method shows better performance in LFR networks with a

smaller mixing parameter. In other words, in networks with stronger community290

structure, the proposed method results in better performance. In Oklahoma

dataset, our method outperforms degree method too. We observed that this

network has a high modularity and heterogeneity of node degrees. Moreover,

in networks with greater overlap membership values, the performance of our

method improves. The community size range also proved to be e�ective in295

the di�usion process. Our method performs better in networks with small size

communities compared to those with big size communities.

In summary, in networks with dense community structures and heteroge-

neous degree distributions, networks with high overlap membership values, and
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networks containing a small range of community sizes, our method shows its300

best performance. As future work it is suggested that the extension of proposed

framework to multilayer networks[27] .
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