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Abstract. Despite the recent interest in fairness-aware graph cluster-
ing, most existing community detection approaches have not yet been
extended to include measures of fairness in the community detection
process. In this paper, we introduce Fair-mod, a group fairness-aware
method for community detection optimizing for both modularity and
fairness. We evaluate our method on real-world social network datasets,
highlighting the trade-offs between modularity and fairness. We also com-
pare our approach with state-of-the-art fair graph clustering based on
spectral methods.
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1 Introduction

Given the increasing usage of automation in decision making systems, algorith-
mic fairness has emerged as an important way of studying algorithms, looking
beyond features that have traditionally received more attention such as accu-
racy and execution time [11,25,6]. Concepts of algorithmic fairness have been
discussed in the context of a variety of critical decision-making systems, such as
pre-trial risk assessment [22], credit scoring [9], and education [18].

One emerging area where we expect algorithmic fairness to have an impor-
tant societal impact is graph clustering, also known as community detection.
This is due to the usage of graph data to represent social networks in very large
platforms, including online social media and online retail systems. In these sys-
tems, community detection methods are used to group together similar users
and provide similar recommendations to users belonging in the same commu-
nity [12,30]. In this context, the application of community detection algorithms
only based on sub-graph density, as are the majority of state-of-the-art graph
clustering algorithms, may have detrimental effects. For example, in online so-
cial media platforms such as Facebook and X [27,21], individuals with extremely
similar interests and political views would likely be grouped together, leading to
filter bubbles and reduced access to the diversity of opinions and facts that is
needed to support democratic societies [24]. Instead, we need methods to iden-
tify well-connected communities to ensure relevance of the provided services (e.g.
recommendations), but at the same time maintain a diverse representation of
demographics in the communities, so as to avoid bias stemming from dispropor-
tional representation.
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Fig. 1: Two clusterings of the same graph: (a) a highly modular clustering, with
two completely non-diverse clusters, and (b) two more diverse clusters, still
highly modular

Unfortunately, while fairness has been extensively examined in the field of
clustering in general, it has received comparatively less attention in the context
of graph clustering [10,26]. So far, research on fair community detection has
focused primarily on spectral clustering methods [19,29,16], while there is no
fairness-aware community detection algorithm optimizing the concept of modu-
larity, which is used significantly more often in practical applications [15]. Recent
work on fairness has targeted modularity-based clustering, but only providing an
assessment of the fairness of the results of modularity-based community detec-
tion, without designing algorithms able to identify fair and modular communities
[20].

Modularity captures how well-connected individuals in the same group are, in
comparison to individuals belonging to separate groups [23]. However, only opti-
mizing modularity without considering fairness can lead to communities without
proportional representation of sensitive demographics. Consider, for example, the
graph in Figure 1, with 14 nodes and a sensitive node attribute with two values
(for example, male and female), represented respectively by vertical red lines
and horizontal blue lines. A community detection method optimizing modular-
ity alone identifies the three well-connected communities in Figure 1a. However,
two of the three communities are only containing one value (in this case, all
males, or all females). A fair community detection algorithm should aim to keep
a more balanced male-female ratio within the produced communities, while also
maintaining a high modularity score, as is the case for the two communities in
Figure 1b.

In this paper, we present preliminary results concerning the incorporation of
fairness constraints into modularity-based clustering. We provide the following
contributions. We introduce Fair-mod, a modularity-based clustering method
considering demographic fairness constraints. We also discuss alternative ways
to incorporate fairness into the modularity objective function. We evaluate the
proposed algorithm on various social network datasets, assessing the impact of
different trade-offs between modularity and fairness on the resulting communi-
ties. Finally, we compare the proposed method with a state-of-the-art approach
based on spectral clustering, showing that our method is significantly faster and
can identify significantly more modular communities.
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2 Related work

The field of algorithmic fairness in clustering has attracted substantial attention
recently [3,7]. A prominent example is the seminal work of Chierichetti et al.
[8] codifying the notion of disparate impact [14]. Other relevant works include
methods for fair correlation- [1], hierarchical- [2] and probabilistic clustering [13].

Algorithmic fairness has also been explored within graph mining applica-
tions in general [10], and within the context of social network analysis [26].
The task of fairness-aware graph clustering, however, has received less attention
compared to its non-graph counterpart [10,26]. Most of the fair graph cluster-
ing algorithms introduced consider group (or demographic) fairness constraints.
Recently, a spectral graph clustering algorithm considering group fairness con-
straints was introduced [19], which was later extended for scalability [29], with
a fairness function based on sensitive group balance. Demographic fairness was
also explored in the context of correlation clustering [17,5]. Individual fairness
constraints for graph clustering have been implemented by Ghodsi et al. intro-
ducing a nonnegative matrix tri-factorization solution [16].

Finally, a demographic fairness definition based on modularity has been pro-
posed in [20]. While based on modularity, when applied to a community, this
definition only quantifies fairness. Instead, in this paper, we evaluate the inte-
gration of fairness and modularity into an objective function, so that both can
be considered by the clustering algorithm. The fairness measure proposed in [20]
is used to evaluate the result of the Louvain algorithm [4] when applied to social
networks. The study highlights how these results may include low-fairness clus-
ters. This observation provides an important motivation for our work. However,
the authors of [20] do not propose fairness-aware clustering algorithms, which
we introduce and evaluate in this paper.

To our best knowledge, this paper is the first to provide a fairness-aware
community detection algorithm also explicitly optimizing modularity.

3 Fair Modular Community Detection

In this work, we consider the following problem: given a feature-rich network
G = (V,E) with a sensitive node attribute S, and a weight « controlling the
trade-off between modularity and fairness, we want to obtain a partitioning C(G)
of the graph’s vertices maximizing a weighted sum of modularity and fairness.
Therefore, we want to obtain a partitioning C(G) that maximizes the following
objective function:

Obj=axQ+(1—a)*F (1)

where @ is the global modularity score for the partitioning C(G) and F is the
fairness score assigned to the current partition C(G).

The formula above is a very common way to handle two objective functions,
and allows us to use existing optimization algorithms. However, when used in
this context, this approach raises two questions. The first is the definition of F,
which must be usable inside the chosen optimization algorithm. This aspect is
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discussed in the remainder of this section. The second question is empirical: the
extent to which the two parts of the objective function can both be optimized
depends again on the choice of the fairness function, but also on the choice of
« and on the distribution of attribute values with respect to the position of the
edges in the input graph. We address this second question through experiments
on real data in the next section.

Fairness score In this work, we consider a group fairness definition aimed at
achieving a proportional representation of the sensitive attribute groups. We
use the notion of group fairness of [8], measuring the balance between nodes
having different values for S in each cluster. For simplicity, we consider a single
protected group with two colors, red and blue, although the definition can be
extended for multiple protected groups, as in [19]. The fairness of community C;

is defined as: |B(Cy)| |R(Cy)|
F(Gy) = min (|R<ci>|’ |B<ci>|) ?

where B(C;) and R(C;) is the count of red and blue nodes in community C;
respectively.

In [8] the fairness for the whole clustering is defined as the minimum balance
over all partitions. While this is a reasonable way to measure the fairness of a
given clustering, it is not a good choice for our objective function: improvements
in the fairness of one community may not result in improvements of the overall
fairness score, if there is another community with an even lower score. Instead,
we need an objective function that increases when the fairness of any of the
communities improves.

A way to address this problem is to use the average fairness over all commu-
nities instead of the minimum. However, this would favor clusterings made of a
large number of two-node communities, with the two nodes in the same cluster
having different colors. Therefore, average fairness is also an imperfect choice for
our objective function.

As a result of this discussion, we argue that an appropriate choice for the F’
function is the weighted average of F(C;) over all communities, considering both
the ratio of the sensitive groups and the relative size of the community into our
overall fairness score:

_ Zciec(G) (ICs] = F(Cy))

F
Vi

3)

In our experiments, we not only use this formula to assess the quality of the
results, but also evaluate its appropriateness within the chosen optimization
approach for the objective function in Eq. 1.

Algorithm The algorithm tested in the next section uses the optimization ap-
proach of the Louvain algorithm [4] applied to our objective function, henceforth
Fair-mod. The algorithm first assigns each node in the network to its own com-
munity. It then merges neighbouring communities if the move yields an overall
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Table 1: Network characteristics

Network #Nodes #Edges Attribute #Blue nodes #Red nodes
Facebook 4,039 88,234 Gender 2,503 1,536
Deezer 28,281 92,752 Gender 15,743 12,538
Twitch Gamers 168,114 6,797,557 Maturity 89,081 79,033
Pokec-a 1,138,314 10,794,057 Age 623,704 514,610
Pokec-g 1,632,640 22,301,602 Gender 828,304 804,336

gain in the objective function. Instead of using modularity as the objective func-
tion, as in the original Louvain algorithm, Fair-mod calculates the gain for the
objective function in Eq. 1, using the group fairness definition of Eq. 3 instead.

4 Experimental evaluation

In this section, we evaluate the Fair-mod algorithm on various social network
datasets. We specifically examine the trade-off between modularity and fairness
as the weight « increases, and the number of communities obtained with respect
to the Louvain method. We also compare our findings with the recently proposed
Scalable Fair Spectral Clustering (sFairSC) algorithm [29].

Datasets For this illustration of the algorithm, we consider real datasets from
the Stanford Large Network Dataset Collection, listed in Table 1. Specifically,
we select the following networks:

— Facebook': The dataset includes Facebook friend lists of survey participants.

— Deezer?: The social network consists of European users of the Deezer online
social network, where an edge between two users means they both follow the
same artist online.

— Twitch Gamers®: The network includes Twitch users, and their mutual
streamer following relationships.

— Pokec*: The dataset consists of users of the Pokec online social network, and
friendships on the site between them. For this dataset, we consider both age
(Pokec-a) and gender (Pokec-g) of the users as sensitive attributes. Following
the paradigm of [20], for the age attribute we split the nodes into red and
blue according to the median age, after removing nodes without an age value
set in their profile.

Settings We implement Fair-mod as described above, by modifying the open
source code for Louvain community detection in the NetworkX library®. We

! http://snap.stanford.edu/data/ego-Facebook.html

2 https://snap.stanford.edu/data/feather-deezer-social. html

3 https://snap.stanford.edu/data/twitch_gamers.html

4 https://snap.stanford.edu/data/soc- Pokec.html

® https://networkx.org/documentation /stable/_modules/networkx/algorithms/
community /louvain.html


http://snap.stanford.edu/data/ego-Facebook.html
https://snap.stanford.edu/data/feather-deezer-social.html
https://snap.stanford.edu/data/twitch_gamers.html
https://snap.stanford.edu/data/soc-Pokec.html
https://networkx.org/documentation/stable/_modules/networkx/algorithms/community/louvain.html
https://networkx.org/documentation/stable/_modules/networkx/algorithms/community/louvain.html
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compare our results against the original NetworkX implementation of Louvain,
as well as an implementation of sFairSC in Python, available online.

Results In Figure 2, we report the values of modularity and fairness, along with
the number of communities, for partitions obtained through Fair-mod for various
values of the weight parameter . Our baseline for comparison is the Louvain
algorithm.

As we can observe from Figure 2, Fair-mod produces a partition less modular
but more fair than Louvain for all values of o > 0.6 for all networks except for
Pokec-g, where this is the case only for a = 0.9. We note that these partitions
always identify a larger amount of communities than Louvain, sometimes in
orders of magnitude.

As expected, for a = 1.0 the quality of Fair-mod’s partition is similar to the
partition Louvain produces. Small differences in both the obtained modularity
and fairness scores, as well as the number of communities obtained, are simply
due to the node shuffling done to initialize the algorithm.

However, Fair-mod obtains lower fairness with low values of « (in particular,
o = 0) than what it can achieve with the best values of a. This is an un-
expected result, also different from the well-behaved trend we observed on the
small synthetic data on which we tested the correctness of the algorithm, such as
the graph in Fig. 1 (not reported here for space reasons). In most experiments,
a = 0 produces a value of fairness even lower than the one produced by the
Louvain algorithm. Here we observe the correlation between ability to improve
fairness and number of communities, which we discuss in the next section.

Comparing our algorithm with the recently introduced sFairSC algorithm, we
observe that Fair-mod performs better in both partition quality and algorithm
performance. Notice in Figure 3 that the partitions sFairSC yields receive a
relatively similar group fairness score as the one produced by Fair-mod, but
the modularity score is significantly lower. We also note that the performance
of sFairSC under the default settings (&~ 2 minutes) is much slower than Fair-
mod (= 0.7 seconds). As indicated in the figure, we tested sFairSC only on the
Facebook data, which is the smallest of the real datasets we used, because of the
limited scalability of the algorithm.

5 Discussion

As we see from the experiments, our algorithm is successful at producing commu-
nities that, while only slightly less modular than those produced by the Louvain
algorithm, improve upon the balance between the sensitive groups. This is ap-
parent for a range of a between 0.6-0.9, while the best effect is seen for a = 0.9.
For these values, the algorithm tends to generate a partitioning into a larger
number of communities. Merging them together would generate a more modular
partitioning, but the overall fairness score would decrease.

5 https://github.com/uuinfolab/paper.24_ComplexNetworks_Fair-Mod.git
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Fig. 2: Comparison of average values of modularity (blue line), fairness (orange
line) and number of communities (inset figures — brown line) obtained by Fair-
mod over different values of «, versus the respective partition scores for Louvain
community detection (dashed lines).
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Fig.3: Comparison of Fair-mod (a = 0.5) and sFairSC (for a number of clusters
k € [2,125]) on the Facebook network

Comparing our results with the state-of-the-art method sFairSC, we find
that Fair-mod can achieve a much more modular partition for large values of
«, while still maintaining a high fairness score. The performance of the greedy
Fair-mod algorithm is also significantly better than spectral clustering. As a
result, sFairSC cannot execute for larger networks; we also note that, due to
the adjacency matrix format needed for spectral clustering, sFairSC cannot load
Twitch Gamers, the third largest network in our list.

The experiments also highlight an interesting unwanted behaviour for low
values of a. As we discuss in Section 3, our assumption when designing the al-
gorithm was that some objective functions for fairness would favor results with
a large number of small communities. While the function we chose does not, it
still generates a large number of communities when used inside the Louvain op-
timization approach trying to mostly optimize fairness by setting a low value of
«. This is due to the design of the algorithm, as the decision to merge two com-
munities is based on calculating the overall gain on the objective function that
the move can yield. When merging communities together at the early stages,
the algorithm tries to merge nodes with different colors, easily succeeding espe-
cially for @« = 0 where no structural constraints are imposed apart from the two
nodes being adjacent. Once a two-node cluster with two different colors (that
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is, optimal local fairness) has been produced, the addition of any node would
reduce the fairness of the cluster, preventing the algorithm from performing the
move. This behavior can be prevented when structural information is given a
sufficient weight, as we see in our experiments. This points towards the need for
an improved algorithm, if our goal is to optimize primarily for fairness and not
modularity. Other methods of normalizing the modularity and fairness scores
should also be explored. This discussion and experimental results indicate the
part of the algorithm that has to be modified.

Additionally, we observe that calibrating « to an appropriate value depends
on the data. Therefore, while the behavior of « for large values is intuitive (one
should set a larger alpha to increase modularity, at the potential expense of
fairness), « should in general be treated as a hyperparameter. Being the only
hyperparameter (with the possible addition of modularity resolution) and one
with a smooth effect, it is also easy to set experimentally. Generally, the max-
imum scores for the objective function depend on modularity and the balance
between the two sensitive groups, and therefore largely depend on the interplay
between network structure and attribute values.

This discussion spotlights the need for alternative algorithmic approaches
to the fair modular community detection problem. Such alternatives can, for
example, integrate other notions of fairness into the objective function, which
consider both nodes and edges in a community (e.g. modularity-based fairness in
[20]), or consider constraining the produced communities to contain an amount
of sensitive nodes each (e.g. constrained modularity community detection [28]).

6 Conclusions

In this paper, we delve into the relatively unexplored problem of fair modular
community detection in graphs. We introduce Fair-mod, a group fairness-aware
modification of the popular Louvain algorithm based on the balance of sensitive
groups in each community. Finally, we evaluate Fair-mod against real social net-
works and an alternative approach for fair graph clustering, and discuss possible
future steps and directions.

Our Fair-mod algorithm is able to produce a set of communities that are
slightly less modular but fairer than partitions Louvain yields. We also show
that our approach outperforms group-fair spectral clustering algorithms when
tuned correctly, while it is also able to produce partitions for large networks be-
cause of its significantly lower execution time. The observation that the proposed
algorithm fails to consistently yield more fair partitions when less emphasis is
placed on maximizing fairness also generated knowledge about the choice of ob-
jective function for fairness, and how the Louvain optimization approach could
be modified to avoid getting stuck in local maxima.

Future work includes exploring alternative fairness score integrations into
the objective function of our algorithm, such as individual fairness constraints
[16], or the recently introduced modularity-based fairness, which as mentioned
in Section 2 cannot be used alone to obtain highly-modular communities [20].



10 G. Panayiotou and M. Magnani

Another potential direction is defining fairness metrics simultaneously consider-
ing multiple sensitive attributes and groups. Alternative algorithmic approaches
to the fair modular community detection problem should also be identified, con-
sidering the limitations of the Louvain-like approach in yielding partitions of
optimal fairness for lower values of «. Finally, the fair modular community de-
tection problem should also be extended to other types of feature-rich networks
commonly used in social network analysis, such as multilayer networks.

Data availability

The implementation of the Fair-mod algorithm is available at https://github.
com/uuinfolab/paper.24_ComplexNetworks_Fair-Mod.git. The datasets used for
the experiments are available on the Stanford Large Network Dataset Collection
(https://snap.stanford.edu/data/).
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