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Community Robustness in Temporal Networks under Edge Addition

Background

e A community is a subset of nodes
within the graph such that connections
between the nodes are denser than
connections with the rest of the network.
It often represents essential functional or
behavioral units in complex networks.
Communities in real networks with
unknown properties are usually detected
by algorithms based on various methods.

e Community robustness 2] tells how
strong a community structure 1s against
network perturbations such as edge
rewiring and node/edge removal. It is
important since real-world networks
usually evolve over time.

e We study community robustness under
edge addition in synthetic and empirical
temporal networks.
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Figure: The Santa Fe Institute
collaboration network where vertex shapes
indicate primary divisions detected by

algorithm [1].

Methods

Networks:

e Synthetic: Lancichinetti-Fortunato-Ra
different mixing parameter, p

e Fmpirical: Preprocessed sub-networks

Community Detection:
e Information-theoretic-based algorithm
e Message-passing-based algorithm (b)

dicchi (LFR) benchmark graphs |3] with

from temporal email networks

(a) Infomap,
Label Propagation,

e Modularity-based algorithms (c) Leiden and (d) Louvain

Community Similarity: ranging from 0 (least similar) to 1 (most similar)

e Normalized Mutual Information (NMI
e Fllement-Centric Clustering Similarity

) 4]

5] - better deals with bias in the number of

clusters but has larger time complexity compared with NMI

Procedures:
e Synthetic

e Generate LF'R benchmark graphs with
e At each step:

(i) Add a number of edges selected from all or
across-community non-edges uniformly at random

(analogous to random failures and del

attacks resp.) while avoiding multi-ed

oground-truth communities

iberate
oes

(ii) Detect communities in the pertur

(iii) Compute the community similarity metric
score with respect to the original ground-truth

communities
(iv) Repeat steps (i), (ii) and (iii) for
realizations and average scores

e Fmpirical

bed network

independent

e At initial time, use fast concensus 6] to find initial communities

e At each time step:
(i) Add a number of temporal edges

(ii) Detect communities in the evolved network
(iii) Compute the community similarity metric score with respect to the initial

communities

(iv) Repeat steps (ii) and (iii) for independent detections and average the scores
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Synthetic Networks

LEFR benchmark graphs with 1000 nodes. Results on 10000 nodes and with Element-Centric
Similarity metric demonstrate similar qualitative trends.

Random edge addition:
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Targeted edge addition across communities:
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Empirical Networks
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Conclusions

e The robustness of communities under edge addition depends strongly on the community
detection algorithms. In particular, we observe:

e Modularity-based algorithms are able to detect communities in the perturbed
networks that are closer to the initial community structure in synthetic experiments.
e Label Propagation is not good at detecting communities similar to the initial
communities after perturbations in both synthetic and empirical experiments.
e [n synthetic networks:
e Communities with lower u (i.e. clearer divisions into modules) are more robust.
e Targeted edge addition leads to faster drops in community similarity as expected.
e A tuture direction - In empirical networks:
e Intrinsic network properties (degree distributions, edge-addition rules...) and
community similarity metric also play roles in the community robustness.
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