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1 Introduction
Identifying influential nodes is a fundamental issue in complex networks. Several cen-
trality measures take advantage of various network topological properties to target the
top spreaders. However, the vast majority of works ignore its community structure while
it is one of the main properties of many real-world networks. In our previous work4, we
show that the centrality of a node in a network with non-overlapping communities de-
pends on two features: Its local influence on the nodes belonging to its community, and
its global influence on nodes belonging to the other communities. For this end, we intro-
duced a framework to adapt all the classical centrality measures proposed for networks
with no community structure to non-overlapping modular networks. We proposed a
two-dimensional vector (the so-called ”Modular centrality”), where each dimension ac-
counts for a different type of influence that the nodes can exert in the network. Its first
component is measured by computing the classical centrality on the Local network.
This network is formed only from the intra-community links of the original network.
Additionally, its second component is quantified by computing the classical centrality
on the Global network. This network is formed only from the inter-community links of
the original network. Depending of the strength of the community structure, these two
components are more or less influential. In a recent study5, we extended this framework
to networks with overlapping modules. Indeed, it is a frequent scenario in real-world
networks where nodes usually belong to several communities, especially for social net-
works. The “Overlapping Modular Centrality” is a two-dimensional measure that quan-
tifies the local and global influence of overlapping and non-overlapping nodes. The
global component of this vector is defined in the same way as the Modular centrality.
It is computed on the global network obtained by removing all the intra-community
links from the original network. However, the local component computation depends
on the nature of nodes. For a non-overlapping node, as previously, only members of
its community are considered. For an overlapping node, all the communities that the
node belongs to are merged in a single community. Extensive experiments have been
performed on synthetic and real-world data using the Susceptible-Infected-Recovered
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(SIR) epidemic model. Results show that the proposed framework (the Modular central-
ity for networks with non-overlapping modules and the Overlapping Modular Centrality
for networks with overlapping modules) outperforms its standard centralities designed
for non-modular networks. These investigations provide better knowledge on the influ-
ence of the various parameters setting the community structure on the nodes’ centrality.
Moreover, a straightforward combination of both components (modulus of the two-
dimensional vector) has been evaluated. Comparative analysis with competing methods
shows that they produce more efficient centrality scores.

2 Proposed approach

We restrict our attention to non-overlapping community structure. We only present the
algorithm used to compute the Modular centrality. It can be summarized as follows:
Step 1. Choose a standard centrality measure β .
Step 2. Remove all the inter-community edges from the original network G to obtain
the set of communities C forming the local network Gl .
Step 3. Compute the local measure βL for each node in its own community.
Step 4. Remove all the intra-community edges from the original network to reveal the
set of connected components S formed by the inter-community links.
Step 5. Form the global network Gg based on the union of all the connected component.
Step 6. Compute the global measure βG of the nodes linking the communities based on
each component of the global network.
Step 7. Add βL and βG to the Modular centrality vector BM .

3 Results

In Figure 1, we report the results of the SIR simulations using the Degree centrality. The
relative difference of the outbreak size ∆r between the various measures (Local compo-
nent, Global component, and the modulus of either the Modular Degree centrality or the
Overlapping Modular Degree centrality) and the classical Degree centrality have been
computed while varying both the fraction of initial spreaders and the mixing propor-
tion parameter µ . The relative difference of the outbreak size represents the difference
between the final number of recovered nodes for the centrality measure under test and
the standard centrality. It is positive if the centrality under test is more efficient than
standard centrality. Moreover, the mixing parameter µ allows to control the strength of
the community structure. For low values of µ , the communities are well separated (few
inter-community links), while high values of µ indicates a weak community structure.
Results for networks with strong community structure are illustrated in the left panel of
Figure 1. We notice that in both type of networks, ∆r is always positive for the local
component , while it is always negative for the global component. Indeed, in networks
with strong community structure the local influence predominates. The same type of
results are shown in the right panel of Figure 1 for networks with weak community
structure strength. This time, one can notice that ∆r is always positive for the global
component, while it is negative for the local component. Indeed, in this situation, the
global influence takes over the local influence. Furthermore, we notice that the measure
that combines both components is always the most efficient in any case.
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(a)    Non-overlapping community strucutre
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(b)    Overlapping community strucutre
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Fig. 1. Relative difference of the outbreak size ∆r as a function of the portion of the initial spread-
ers f0. Where ∆r = (Rc −Rs/Rs), Rc and Rs are the final number of recovered nodes for the
centrality measure under test and the standard Degree centrality. Each value is the average of 100
SIR simulations per method and fraction of initially infected nodes. Positive value of ∆r means
that the centrality under test is more efficient than the standard centrality. Synthetic networks
generated with the LFR algorithm are used with various community structure strength µ . (a) is
for networks with non-overlapping community structure. (b) is for networks with overlapping
community structure, where the number of overlapping nodes on is fixed to 5% of the size of the
network, and the community membership parameter om is equal to 5% of the total number of
communities.

To summarize, in order to evaluate efficiently the centrality of nodes in networks
with community structure (overlapping communities and non-overlapping communi-
ties), we cannot rely on the traditional centrality measures that do not take into account
this topological property. It is necessary to consider and combine properly the two types
of influence (local, global) occurring in such networks. In this study, we ignored the po-
sitional hierarchy of nodes in the original network. In our future work, we intend to take
into account this property.
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