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Abstract

Despite the recent interest in fairness-aware community de-
tection, existing methods only focus on fairness along a sin-
gle demographic, failing to account for multiple demographic
attributes and their intersections. This work investigates in-
tersectional fairness in social network community detection,
highlighting the impact of demographic distribution and al-
gorithm choice on fairness outcomes. Our findings empha-
size the need for community detection methods considering
intersectionality and demographic proportionality in order to
mitigate biases in social network analysis.

Code — https://github.com/uuinfolab/paper.
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Introduction

With the increasing interest in large-scale complex network
analysis, algorithmic fairness in social network analysis has
emerged as a nascent area of research. This is a direct re-
sult of recent work highlighting usage of fairness-oblivious
social network analysis methods can lead to bias and power
inequality issues, typically stemming from structural biases
in the network (Avin et al. 2017; Masrour et al. 2020). Thus,
the overall goal of the field is the design of methods that con-
sider network inequalities, where the outcome should not be
biased towards any specific demographic (Saxena, Fletcher,
and Pechenizkiy 2024).

An emerging area where algorithmic fairness can have
significant societal impact is community detection, partic-
ularly in large-scale systems such as online social media.
In platforms such as Facebook and X, community detec-
tion is used to group similar users and offer tailored rec-
ommendations (Meta 2023; Twitter 2023). However, most
current algorithms rely solely on sub-graph density, which
can unintentionally create echo chambers, such as grouping
users with similar political views, reducing exposure to di-
verse perspectives essential for a healthy democracy (Pariser
2012). To address this, we need community detection meth-
ods that balance user relevance with fair demographic repre-
sentation to avoid biased outcomes.
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While there have been recent efforts to incorporate fair-
ness constraints into community detection, the field still re-
mains underexplored compared to its non-graph counterpart
(Saxena, Fletcher, and Pechenizkiy 2024). Recent works
have introduced group fairness constraints for community
detection algorithms (Manolis and Pitoura 2023; de Vink
and Saxena 2025), and proposed the first fairness-aware
community detection methods (Panayiotou and Magnani
2025; Gkartzios, Pitoura, and Tsaparas 2025). However,
these methods focus on fairness along a single axis of iden-
tity, typically gender or race, failing to capture biases along
the intersections of these identities. As the impact of identity
intersections across multiple demographics produces unique
biases towards each subgroup (Crenshaw 1989), considering
intersectionality in community detection is crucial to pre-
vent amplifying existing inequalities within social networks.
This need is further highlighted by recent studies highlight-
ing algorithmic biases against intersectional subgroups (Go-
har and Cheng 2023; Martin-Gutierez, Cartier van Dissel,
and Karimi 2024).

In this short paper, we provide a preliminary exploration
of intersectional fairness within social network community
detection. Specifically, we examine the fairness of parti-
tions obtained through various community detection meth-
ods, centering on the following questions:

1. How balanced, with respect to each demographic, are
communities detected by various types of algorithms?

2. How well are combinations of demographics represented
in the obtained communities?

Considering the combinations of demographic variables,
albeit important, only provides a partial understanding to-
wards implementing the intersectionality framework into
quantitative methods (Walby, Armstrong, and Strid 2012).
Nevertheless, this experimental comparison provides in-
sights into designing intersectionally fair community detec-
tion methods.

Related work

With the growing reliance on automated decision-making
systems, algorithmic fairness has emerged as a key study
area (Pessach and Shmueli 2023; Caton and Haas 2024).
Clustering tasks, in particular, have received substantial at-
tention, with multiple works proposing algorithms for fair



clustering of non-graph data (Bera et al. 2019; Chhabra,
Masalkovaité, and Mohapatra 2021; Chierichetti et al.
2017). Recently, fairness definitions considering the inter-
sectionality framework have also been introduced for non-
graph applications (Gohar and Cheng 2023; Maheshwari
et al. 2023).

Within the context of fair community detection on net-
works, however, literature remains scarce (Saxena, Fletcher,
and Pechenizkiy 2024). Group fairness definitions, along
with experimental analyses of community detection meth-
ods, have been recently introduced (Manolis and Pitoura
2023; de Vink and Saxena 2025). These works showcase
the importance of considering both the community detec-
tion algorithm type and sensitive node attributes when incor-
porating fairness constraints into community detection, pro-
viding an important motivation for our work. Furthermore,
fairness-aware community detection methods based on mod-
ularity have been recently proposed (Panayiotou and Mag-
nani 2025; Gkartzios, Pitoura, and Tsaparas 2025). How-
ever, these works consider neither intersectional fairness,
nor multiple sensitive attributes.

Demographic fairness

In the present work, we focus on the well-studied fairness
definition of group balance, used in the seminal work of
(Chierichetti et al. 2017) and later, as the fairness score in
the Fair-mod method (Panayiotou and Magnani 2025). We
extend this definition to consider multiple groups under each
demographic (also referred to as a sensitive attribute) as fol-
lows.

Given a network G = (V, E), a disjoint partition P of the
nodes in V' into communities, a set D with lists of Kj; > 2
group classes under each demographic d € D, and a set H
containing | D| sets, each denoting the membership of nodes
in V in the groups under each demographic, the group bal-
ance of community C; € P with respect to a demographic
d € D, is given by:

. [Hay NV(Cy)|
bal d) = (Ky—1 1Ha; (17T 1
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where V(C;) is the set of vertices in community C;, Hy ;
denotes the vertices in group j of demographic d, and H ]’ all
other vertices not in group d, j. We scale the balance score
by K4 — 1 to achieve a maximum score of 1 in a perfectly
balanced community; note that when K4 > 2, the maximum
balance score becomes 1/(K; — 1) without scaling.

To further identify the impact of demographic intersec-
tions in community balance, we also want to consider the
fairness between the combinations of groups from differ-
ent demographics, a strategy also used in intersectionally
fair machine learning applications (Gohar and Cheng 2023).
We calculate the balance over a flattened membership set
H ombined as follows (for |D| = 2):

Hcombined == {{Hdl,gl N Hd2,g2} : dl 7& d2 € D}a

where g1 and g5 are groups under demographics d; and do
respectively.

Facebook, G/E | A B C
blue 608 | 1063 | 832
red 507 | 651 | 378

Twitch, M/L | EN FR DE | Others
blue 62783 | 2558 | 5778 | 7914
red 61628 | 4241 | 3650 | 19562

Table 1: Population under each demographic group for the
Facebook (above) and Twitch Gamers (below) networks.
Facebook demographics: gender (G, rows), education (E,
columns). Twitch demographics: maturity (M, rows), lan-
guage (L, columns). The group classes under the gender, ed-
ucation and maturity demographics are anonymized in the
datasets. For Twitch, we report the three largest language
groups; the other 18 languages in the dataset are summa-
rized under Others.

Experimental setup

To illustrate what aspects should be taken into account when
designing fair community detection methods, we want to
highlight the impact of various methods of community de-
tection on the fairness outcomes in attributed social net-
works. To achieve that, we evaluate to what extent the par-
titions obtained are balanced, with respect to each demo-
graphic attribute in the network, as well as the distinct
groups from both demographics, using H.ombined as the
membership set.

Settings

We evaluate the balance of partitions obtained using var-
ious types of methods for community detection. Namely,
we focus on three algorithms; the modularity-based Louvain
(Blondel et al. 2008), the random walk-based InfoMap (Ros-
vall and Bergstrom 2008) and SBM-DL, using the stochastic
block model (Peixoto 2014). We use the CDLib (Rossetti,
Milli, and Cazabet 2019) implementation of the algorithms
under the default settings.

Datasets

As an illustrative example for the evaluation, we use real so-
cial networks with node attributes, obtained from the Stan-
ford Large Network Repository !. We consider the following
(a summary of their demographic distributions can be found
in Table 1):

* Facebook: The dataset includes participants in a survey,
and their Facebook friendships. The nodes contain demo-
graphic information about their gender and education.

* Twitch Gamers: The network includes Twitch streamers
and their mutual following relationships. Node informa-
tion includes their stream maturity and language.
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Figure 1: Distribution of community balance scores per demographic, and for all combinations of intersectional groups
(H compined), for communities detected on the Facebook (top) and Twitch Gamers (bottom) networks, using the Louvain (left),
InfoMap (center) and SBM-DL (right) algorithms. Overlay dot colour represents community size.

Results

Looking at the communities detected by the three differ-
ent algorithms on the Facebook social network, we observe
some interesting trends. First, each algorithm discovers a
different number of communities with varying sizes. While
unsurprising, this has an effect on the distribution of the bal-
ance scores. In Fig. 1 above, SBM-DL and InfoMap discover
a large number of smaller communities in the same network
compared to Louvain, leading to a wider distribution of bal-
ance scores with respect to both the gender and education
attributes. We note, however, that the largest communities
identified by both SBM-DL and InfoMap also receive rel-
atively high balance scores, with respect to both sensitive
attributes.

Comparing the median demographic balance scores
(Fig. 1, top) to their proportional balance in the Facebook
network (calculated as the demographic’s balance score on
the entire network as a single community), all three algo-
rithms are fairly close to the expectation for the gender at-
tribute (0.613); the same can be observed for the gender bal-
ance scores of the largest communities (Fig. 2). In contrast,
the median education balance score is much lower than the
respective proportional balance score (0.763) for all meth-
ods. Overall, while gender balance is already reflected by
the identified communities to an extent, the education at-

"https://snap.stanford.edu/data/

tribute is not necessarily balanced proportionally in those
same communities. This further highlights the need for a
community detection method promoting fairness between
multiple demographic groups, especially in networks where
there is structural bias against one attribute.

However, when each group combination is considered
separately, the communities identified receive very low
scores in general. In the bottom row of Fig. 2, we observe
that community size also impacts the balance score for this
strategy. While larger communities receive a slightly higher
balance score, smaller communities are unlikely to contain
a good balance between all group combinations, especially
considering one group is underrepresented in the network
(cf. Table 1). This trend suggests that considering balance
between all demographic intersections as distinct groups
may not be an appropriate strategy for fairness-aware com-
munity detection methods, at least not without considering
their overall proportionality in the network.

The observed trends are further highlighted when we
compare the results to the much larger Twitch Gamers net-
work, where users streaming in English are heavily overrep-
resented. In Fig. 1 below, we note the trend of modularity-
based methods to discover fewer (and larger) communities
compared to other optimization methods, leading also to
higher maturity balance scores for the largest communities.
However, none of the algorithms is able to produce well-
balanced communities with respect to the users’ language,
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Figure 2: Comparison of balance scores for communities detected on the Facebook network using Louvain (left column),
InfoMap (center column), SBM-DL (right column). Top row: comparison of balance scores for the two demographics. The dot
colour represents community size. Bottom row: balance scores for H .o mpined-

with very few communities receiving a score over 0. The ef-
fect is also repeated when all demographic combinations are
considered as distinct classes, with only the largest commu-
nities detected (for Louvain and InfoMap) yielding a balance
score slightly over 0. This is largely due to the English users
representing roughly 74% of the network, in great contrast
to the other 20 languages in the dataset. These findings con-
firm the above observations: first, group balance may not be
an appropriate fairness function for imbalanced networks,
particularly when users are characterized by multiple demo-
graphics. Second, there is a need for fairness-aware commu-
nity detection methods taking into consideration multiple,
and disproportionally represented, demographics.

Discussion

Our experiments prompt several interesting questions con-
cerning fair community detection. First, what is a suitable
function to quantify fairness in community detection? While
group balance has been well-established as a fairness def-
inition, it might not be suitable for all types of networks;
especially when considering network data where one group
is heavily underrepresented. Alternative fairness definitions
can consider how the sensitive attributes are embedded into
the network structure, or the demographics’ proportionality
in the data.

Second, how should multiple demographics be integrated
into the fairness definition? Considering all identity intersec-
tions as distinct groups can be used as a strategy to extend
previously proposed fairness-aware methods for a single de-

mographic. However, this approach is not necessarily suit-
able for underrepresented subpopulations, nor scalable, as
the complexity of such a method would increase alongside
the number of groups in the data.

Finally, how does the choice of community detection al-
gorithm impact the fairness of the detected partition? Our
experiments, along with previous comparative work on fair-
ness in community detection (de Vink and Saxena 2025),
suggest that the type of optimization method impacts the
size of detected communities, and as a result, the balance
between different demographic groups. This emphasizes the
need for an appropriate fairness function taking into account
the types of communities each algorithm yields, or alterna-
tively, a method to adjust the importance of network struc-
ture over the partition’s fairness.

Due to space limitations, we report results on two social
networks and a particular definition of fairness, to illustrate
the impact of both the fairness constraint and underrepre-
sented demographics in the network in fairness outcomes.
Nevertheless, we already note several interesting aspects to
be taken into consideration when designing fairness-aware
community detection methods.

Our findings highlight the need for more extensive bench-
marking of community detection methods. This includes ex-
perimentation with more attributed social networks and fair-
ness definitions, and comparisons with fairness-aware com-
munity detection methods, to highlight how different algo-
rithms behave under various network structures. Finally, fu-
ture studies should also consider more complex network
structures (e.g. multilayer networks), as fairness-aware com-



munity detection methods have not yet been extended to
multiple layers (Panayiotou, Magnani, and Pinaud 2024).
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