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Extended Abstract
The increasing reliance of contemporary decision-making systems on automation has led to
algorithmic fairness becoming a critical field of study [1]. More recently, attention has turned to
algorithmic fairness within the context of social network analysis, with recent studies showing
that use of fairness-oblivious methods can reinforce latent biases in the data [2–4]. As a result,
algorithmic fairness in social network science has emerged as a nascent field of study, where
the aim is to design methods that mitigate network inequalities, ensuring outcomes do not
disproportionately favor any particular groups [5].

One area where algorithmic fairness can have an important societal impact is community
detection, due to its usage in grouping together similar users and providing similar recommen-
dations in very large platforms, including online social media and retail systems. However,
using standard community detection algorithms can often exacerbate biases present in the data
by reinforcing homophily and demographic imbalances, resulting in homogeneous communi-
ties that can amplify echo chambers and undermine diversity in information exposure. Thus,
we need community detection methods that are not only based on sub-graph density, but also
are able to maintain a diverse demographic representation in the identified communities (cf.
Fig. 1).

Recent studies have started to explore fairness outcomes in community detection methods
[6–8], and adapt modularity-based methods to consider fairness constraints [9, 10]. These
contributions, albeit important, remain restricted in scope: current methods often only handle
binary sensitive attributes, do not account for imbalanced group sizes, and provide limited con-
trol over the trade-off between fairness and community quality. Simultaneously, these works
highlight several open challenges: how can we extend fairness metrics beyond two sensitive
demographic groups, or consider multiple demographics and their intersections? How can fair-
ness constraints be integrated to community detection without sacrificing partition quality?

This work reviews the state of modularity-based, fairness-aware community detection, il-
lustrating the current capabilities and limitations in the field. Specifically, we compare the
aforementioned fair community detection methods, examining their ability to offer a trade-off
between modularity and fairness outcomes, their ability to support multiple sensitive attributes,
as well as their scalability to large networks. Drawing from these empirical results, we also
highlight the current challenges in the field, and discuss extending such methods to still more
complex network structures, such as multilayer networks.
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Figure 1: Example of group balance-aware community detection. Two clusterings of the
same network. Dashed lines: two highly modular communities identified using traditional
methods. Solid lines: two more balanced communities, still highly modular.
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