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Abstract: This work examines the interaction between diffusion dynamics, community-
aware centrality measures, and network topologies. We evaluate how the diffusive power of
nodes, selected based on various community-aware measures, evolves with the diffusion model
and the network structure.

This work has applications across various domains, including social network analysis [1-
3], disease modeling [4-7], internet structure analysis [8], and infrastructure resilience [9-11].
Challenges include limited studies on multiple-spreader phenomena and insufficient
comparison of community-aware centrality measures in diverse networks [12-15]. Previous
research focused on a small set of networks, limiting rigorous performance evaluation and
bottlenecks. To address these challenges, we simulate four diffusion models: Susceptible-
Infected (SI), SIR, Independent Cascade (IC), and Linear Threshold (LT) models, using seed
nodes selected based on community-aware measures on synthetic and real-world networks
under a multiple-spreader scheme [16].

The community-aware centrality measures under investigation include 8 influential
solutions to identify influential nodes in modular networks. We describe them briefly. In 2005,
Guimera and Amaral [17] introduced the Participation Coefficient to uncover key metabolites
across species in metabolic networks. Zhao et al. [18] proposed Community-based Centrality,
which identifies influential nodes that classical centralities (degree, betweenness, and
eigenvector) miss in the Susceptible-Infected-Recovered (SIR) model with a single-spreader
scheme. Gupta et al. [19] introduced Comm centrality, which identifies hubs and bridges and
adapts to the network’s community structure strength. Bridges are prioritized in an
immunization scenario using the SIR model. Luo et al. [20] combined community structure
and hierarchy to develop a K-shell with Community, outperforming classical centrality
measures in the SIR model with a single-spreader scheme. Tulu et al. [21] used the entropy of
a node’s intra-community and inter-community links to identify nodes that disseminate
information quickly in the SIR model. Ghalmane et al. [22] proposed a Community Hub-
Bridge, which effectively hinders epidemics by immunizing influential nodes in networks with
strong community structures under SIR dynamics. Magelinski et al. [23] used modularity to
identify hubs and bridges. Their community-aware centrality could dismantle large networks
more effectively than other measures in the SIR model. Recently, Blocker et al. [24]
demonstrated the value of an information-theoretic community-aware centrality measure based
on the map equation in the SIR model (single-spreader) and the Linear Threshold (LT) model
(multiple-spreader).

Three main parameters are investigated: diffusion model dynamics, community-aware
centrality measures, and network characteristics. Synthetic networks are generated using the
Lancichinetti, Fortunato, and Radicchi (LFR) algorithm, varying community structure strength,
size distribution, and degree distribution. Real-world networks belong to various domains (i.e.,
infrastructural, social, acting, biological, and collaborative). They cover a large scale of
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community structure strength. We use Infomap and Louvain algorithms for uncovering their
community structure.

Figure 1 and 2 illustrates the behavior of the community-aware centrality measures under
various dynamic models in synthetic and real-world networks with varying community
structure strengths. The first, second, third, and fourth rows indicate the results of the (A) SI
model, (B) SIR model, (C) IC model, and (D) LT model.

Results show that community structure strength and budget significantly impact diffusion
spread. Sl, SIR, and IC dynamics converge, while LT dynamics diverge based on community
structure strength and budget. Community-aware centrality measures are more effective in
synthetic networks with strong community structures. In real-world networks with strong
community structures, bridges are more effective for Sl, SIR, and IC dynamics, regardless of
budget.

For LT dynamics, hub-like nodes are more effective with limited or high budgets; with
increasing budgets, both hub-like and bridge-like nodes are preferred.

In networks with weak community structures, bridge-like nodes are preferred for S, SIR,
and I1C dynamics at low budget. Distant hub-like nodes are preferred at a high budget. For LT
dynamics, hub-like nodes are preferred at low budget; more interlinked hub-like nodes are
preferred from medium to high budget.

We also analyzed the impact of community detection algorithms. Performance changes
with a limited budget in S, SIR, and IC dynamics, while in LT dynamics, differences are seen
with a high budget. Differences at limited budget are due to the Sl, SIR, and IC models favoring
bridge-like nodes for easier information circulation between communities, unlike the LT
model, where well-connected communities may not participate in diffusion.

Extensive experiments highlight the interconnections between diffusion dynamics, initial
node positions, network community structure strength, and budget availability. Understanding
these factors helps choose suitable measures for effective network diffusion.

References

[1] K. A. Qureshi, R. A. S. Malick, M. Sabih and H. Cherifi, "Complex Network and Source
Inspired COVID-19 Fake News Classification on Twitter," in IEEE Access, vol. 9, pp. 139636-
139656, 2021, doi: 10.1109/ACCESS.2021.3119404.

[2] Khubaib Ahmed Qureshi, Rauf Ahmed Shams Malick, Muhammad Sabih, Hocine Cherifi,
Deception detection on social media: A source-based perspective, Knowledge-Based Systems,
Volume 256, 2022, 109649, ISSN 0950-7051, https://doi.org/10.1016/j.knosys.2022.109649.

[3] Eeti, A. Singh and H. Cherifi, "Centrality-Based Opinion Modeling on Temporal
Networks," in IEEE Access, vol. 8, pp. 1945-1961, 2020, doi:
10.1109/ACCESS.2019.2961936

[4] M. Arquam, A. Singh and H. Cherifi,”Impact of Seasonal Conditions on Vector-Borne
Epidemiological Dynamics,” in IEEE Access, vol. 8, pp. 94510-94525, 2020, doi:
10.1109/ACCESS.2020.2995650.

[5] M. Kumar, A.Singh, and H.Cherifi An Efficient Immunization Strategy Using Overlapping
Nodes and Its Neighborhoods. In Companion Proceedings of the The Web Conference 2018
(WWW ’18) doi.org/10.1145/3184558.3191566.

[6] Chakraborty, D., Singh, A., Cherifi, H. Immunization Strategies Based on the Overlapping
Nodes in Networks with Community Structure. In: Nguyen, H., Snasel, V. (eds) Computational
Social Networks. CSoNet 2016. Lecture Notes in Computer Science, vol 9795. Springer

[7] N. Gupta, A. Singh, and H. Cherifi, Community-based immunization strategies for
epidemic control, 71 International Conference on Communication Systems and Networks
(COMSNETS), Bangalore, India, 2015, pp. 1-6, doi: 10.1109/COMSNETS.2015.70987009.



10™ International Conference on Computational Social Science 1C2S?
July 17-20, 2024 — Philadelphia, USA

[8] Ghalmane, Z., Cherifi, C., Cherifi, H. et al. Extracting backbones in weighted modular
complex networks. SciRep 10, 15539 (2020). https://doi.org/10.1038/s41598-020-71876-0.
[9] Diop, I.M., Cherifi, C., Diallo, C., Cherifi, H. (2022). Targeted Attacks on the World Air
Transportation Network: Impact on Its Regional Structure. In: Pacheco, D., Teixeira, A.S.,
Barbosa, H., Menezes, R., Mangioni, G. (eds) Complex Networks XIII. Springer Proceedings
in Complexity. Springer, Cham.

[10] Issa Moussa Diop, Cherif Diallo, Chantal Cherifi, Hocine Cherifi, "Robustness Analysis
of the Regional and Interregional Components of the Weighted World Air Transportation
Network”,  Complexity, vol. 2022, Article 1D6595314, 17 pages, 2022.
https://doi.org/10.1155/2022/6595314.

[11] Diop, .M., Cherifi, C., Diallo, C. et al. Revealing the component structure of the world
air transportation network. Appl Netw Sci 6, 92 (2021). https://doi.org/10.1007/s41109-021-
00430-2.

[12] Rajeh, S., Savonnet, M., Leclercq, E. et al. Comparative evaluation of community-aware
centrality measures. Qual Quant 57, 1273-1302 (2023). https://doi.org/10.1007/s11135-022-
01416-7

[13] S. Rajeh, M. Savonnet, E. Leclercq and H. Cherifi,”Interplay Between Hierarchy and
Centrality in ComplexNetworks,” in IEEE Access, vol. 8, pp. 129717-129742, 2020, doi:
10.1109/ACCESS.2020.3009525.

[14] Rajeh S, Cherifi H Ranking influential nodes in complex networks with community
structure. PLoS ONE 17(8): e0273610. https://doi.org/10.1371/journal.pone.0273610

[15] Rajeh, S., Savonnet, M., Leclercq, E. et al. Characterizing the interactions between
classical and community-aware centrality measures in complex networks. Sci Rep 11, 10088
(2021). https://doi.org/10.1038/s41598-021-89549-x

[16] Rajeh S, Cherifi H On the role of diffusion dynamics on community-aware centrality
measures. PLoS ONE 19(7): e0306561. (2024) https://doi.org/10.1371/journal.pone. 0306561
[17] Roger Guimera and Luis A Nunes Amaral. Functional cartography of complex metabolic
networks. nature, 433(7028):895-900, 2005.

[18] Zhiying Zhao, Xiaofan Wang, Wei Zhang, and Zhiliang Zhu. A community-based
approach to identifying influential spreaders. Entropy, 17(4):2228-2252, 2015.

[19] Naveen Gupta, Anurag Singh, and Hocine Cherifi. Centrality measures for networks with
community structure. Physica A: Statistical Mechanics and its Applications, 452:46-59, 2016.
[20] Shi-Long Luo, Kai Gong, and Li Kang. ldentifying influential spreaders of epidemics on
community networks. arXiv preprint arXiv:1601.07700, 2016.

[21] Muluneh Mekonnen Tulu, Ronghui Hou, and Talha Younas. Identifying influential nodes
based on community structure to speed up the dissemination of information in complex
network. IEEE Access, 6:7390-7401, 2018.

[22] Zakariya Ghalmane, Mohammed El Hassouni, and Hocine Cherifi. Immunization of
networks with non-overlapping community structure. Social Network Analysis and Mining,
9(1):45, 20109.

[23] Thomas Magelinski, Mihovil Bartulovic, and Kathleen M Carley. Measuring node
contribution to community structure with modularity vitality. IEEE Transactions on Network
Science and Engineering, 8(1):707-723, 2021.

[24] Christopher Blocker, Juan Carlos Nieves, and Martin Rosvall. Map equation centrality:
community-aware centrality based on the map equation. Applied Network Science, 7(1):1-24,
2022.



https://doi.org/10.1038/s41598-020-71876-0
https://doi.org/10.1155/2022/6595314
https://doi.org/10.1007/s41109-021-00430-2
https://doi.org/10.1007/s41109-021-00430-2
https://doi.org/10.1007/s11135-022-01416-7
https://doi.org/10.1007/s11135-022-01416-7
https://doi.org/10.1038/s41598-021-89549-x
https://doi.org/10.1371

10™ International Conference on Computational Social Science 1C2S?

July 17-20, 2024 — Philadelphia, USA

[spow 17 (A) pue ‘|lspow D (D) ‘|8pow HIS (g) ‘|epow |S (v) (1)
Joeweled  Buixiw sy  Bulkren  sjiym  syliomiau pllom-leal Ul S|gpow  dlweuAp
ayl Jo uonnoAg T

SnouUeA  Japun  salnseaw  AleNUdD  dleme-ANuNnwwod

S0 o €0 o o W0 so vo £0 0 o 1w S0 vo £0 o o 100

o o
50 vo e 7 7o To 00 50 vo e ! 7o To 00 £0 i £0 ro 1) yo
‘o€ or
3
sep | o— it sef
i = o
\ : lost 3
ovg H mqm
N iy
i N— st oss
srg 2 3
H loo¥ ss3
o5t H oof
H 3
s9 59
ss :
loe o

(99t°0 = ™) 2110qe32 1\ S8

(862°0 = M) 423s4935WEH (TTT°0 = 1) saled uenn|od yooqadey

0

o o

o €0 o o

b4

(££0°0 = 1) yoogadeq 033

IS (9)

1S (v)



10™ International Conference on Computational Social Science 1C2S?

July 17-20, 2024 — Philadelphia, USA

Jorowered  Buixiw
snoueA  Japun

AT

\e P3N

ay)

[gpow 17 (Q) pue ‘|lspow | (D) ‘|spow HIS (g) ‘|lepow |S (v) *(f)

BuiAren

alIym

salnseaw  Aljenuad

SyI0MIBU

J118YlUAs

aljeme-Ajunwwod syl

ul
jo

s|apow
uonnjons

JlWeuAp
Z b4

23 8 ®
SU0NRIAY JO JAqUINN dTesany

°
~

yIs (g)

IS (v)



	References

