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Abstract

Algorithmic fairness aims to ensure the safe and responsible use of machine learning tools
in applications across domains. In graph learning, several “fair rewiring” approaches have
been proposed that perturb edges in the input graph to mitigate feature and relational
bias. However, these approaches can lead to a decrease in accuracy in downstream tasks.
On the other hand, classical rewiring approaches improve accuracy by mitigating over-
smoothing and over-squashing effects induced by the graph’s topology. In this work we
show that those classical rewiring approaches reinforce existing topological biases and boost
accuracy at the cost of fairness. We propose a novel fairness metric (topological bias)
that allows for evaluating relational bias separately from feature bias. We then propose a
fairness constraint that can be incorporated into classical rewiring techniques to mitigate
topological bias. We show that the resulting fairness-constrained rewiring balances fairness
and accuracy effectively in graph learning tasks.

Keywords: Graph Neural Networks, Algorithmic Fairness, Graph Rewiring, Fairness-
Accuracy Trade-Off

1. Introduction

Graph Neural Networks (GNNs) have emerged as one of the most popular architectures for
graph learning. The safe and responsible adoption of such tools in applications necessitates
specialized fairness concepts for graph domains. Notions of algorithmic fairness have been
previously studied on other domains, specifically for tabular (Feldman et al., 2015; Bird
et al., 2020), language (Blodgett et al., 2020; Sun et al., 2019), and vision data (Gustafson
et al., 2023; Luo et al., 2024), and fair predictions have been studied in the context of algo-
rithmic decision making in areas such as credit scoring (Bono et al., 2021), hiring (Raghavan
et al., 2020; Schumann et al., 2020), and legal proceedings (Sargent and Weber, 2021). One
difficulty in defining analogous notions on graph domains stems from the non-independent
and identically distributed nature of relational data (Ma et al., 2021). In addition, graph
fairness metrics should account for both feature bias and relational bias, which can be chal-
lenging to capture in practice. Recently, several fairness notions have been proposed in the
graph machine learning literature and leveraged for the design of bias mitigation strate-
gies (Rahman et al., 2019; Kang et al., 2020; Agarwal et al., 2021; Kang et al., 2022). While
these approaches have shown promise in mitigating biases, they can lead to a decrease in
performance in downstream tasks.
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Several of the proposed fairness approaches rely on graph rewiring, where edges in the
input graph are perturbed to mitigate bias encoded in the features and the connectivity of
the graph (Kang and Tong, 2022; Loveland et al., 2022). Rewiring as a preprocessing routine
has also been studied more broadly in graph learning as a tool for mitigating over-smoothing
and over-squashing effects that can impact accuracy in downstream tasks (Karhadkar et al.,
2022; Topping et al., 2022). In this context, the interplay between these two perspectives
on rewiring arises as an interesting question. We work towards addressing this question by
investigating trade-offs in accuracy and fairness in rewiring and by introducing techniques
to balance both effectively.

We begin by expanding the set of existing fairness metrics for graph learning by defining
a notion of topological bias that captures relational bias induced by the graph’s topology.
Next we investigate trade-offs between fairness and accuracy in node-level graph learning
tasks using topological bias and compare its utility with existing graph fairness metrics.
We will see that while classical rewiring approaches can improve accuracy in downstream
tasks, they do so at the cost of reinforcing existing topological biases in the learned node
representations. To mitigate this shortcoming, we will introduce a soft fairness constraint
based on our notion of topological bias that can be incorporated into existing rewiring
approaches. The resulting fairness-constrained rewiring ensures that the performed edge
perturbations improve accuracy in downstream tasks without amplifying topological biases.

1.1. Related Work

Recently, analogues of group, individual, counterfactual, and Rawlsian fairness were defined
on graphs (Rahman et al., 2019; Kang et al., 2020; Agarwal et al., 2021; Kang et al., 2022). In
addition, several graph-specific notions based on structural properties, such as node degrees
and subgraphs, were introduced (Liu et al., 2023; Ma et al., 2021; Subramonian et al., 2024).
Along with these fairness concepts, several strategies for combating bias in graph learning
tasks have been proposed. This includes model interventions, notably proposals for fair
message-passing (Jiang et al., 2022; Lin et al., 2024; Hoang et al., 2023; Tang et al., 2020),
data augmentation (Wang et al., 2022), as well as structural constraints that are imposed
during training (Li et al., 2022; Liu et al., 2021). While these techniques have shown promise,
they require significant changes in the GNN’s architecture and training procedure. A much
simpler approach for mitigating biases is via preprocessing routines, specifically rewiring of
the input graph. Here, the edges of the input graph are perturbed, such that underlying
biases are reduced (Spinelli et al., 2021; Loveland et al., 2022). While these methods mitigate
bias effectively, they can significantly reduce accuracy. Graph rewiring has also been studied
in the context of mitigating over-squashing and over-smoothing effects with the goal of
improving accuracy, resulting in a wide range of proposed rewiring approaches (Karhadkar
et al., 2022; Topping et al., 2022; Fesser and Weber, 2023; Black et al., 2023; Rong et al.,
2019). To the best of our knowledge, the impact of the general rewiring approaches on
fairness has not been studied systematically.

1.2. Summary of Contributions

The main contributions of this study are as follows:

1. We define a principled fairness metric (topological bias) for graph learning that cap-
tures relational bias separately from feature bias.
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2. We demonstrate that existing rewiring approaches either boost accuracy at the cost
of fairness or vice versa, leading to a fairness-accuracy trade-off.

3. We propose fairness-constrained rewiring, which allows for improving accuracy in
downstream task without reinforcing topological biases.!

2. Background and Notation

Throughout the paper we consider connected, undirected, and simple graphs G = (V, E)
with k-dimensional node attributes X € RIVI*% and edges E C V x V.

2.1. Message-Passing Graph Neural Networks

Most state-of-the-art Graph Neural Networks (GNNs) are based on the message-passing
paradigm (Gori et al., 2005; Hamilton et al., 2017), learning a joint representation of a
graph’s relational structure and attributes via the following iterative procedure: Let x|

denote the representation of node v in layer I. The representation in the next layer is given
by xbH = ¢, (@pe N,U{v} Y (xé,)) , where node representations x? are initialized by the node
attributes in the input graph. The function v; aggregates information from the neighbors
of the node v (the message), the function ¢; computes the updated node representation.
The specific form of both functions varies across architectures. In this work we consider
three popular instances of message-passing GNNs: Graph Convolutional Networks (short:
GCN) (Kipf and Welling, 2017), Graph Isomorphism Networks (short: GIN) (Xu et al.,

2018) and Graph Attention Networks (short: GAT) (Velickovi¢ et al., 2018).

2.2. Graph Rewiring

While GNNs have shown great success across graph domains, they are not without chal-
lenges. Two types of instabilities can significantly decrease downstream performance:

Over-squashing and Over-smoothing. Owver-squashing (Alon and Yahav, 2021) arises
from bottlenecks in the information flow between distant nodes, which form as the number
of layers increases. This can limit the GNN’s ability to accurately encode long-range de-
pendencies in the learned representations. Quver-smoothing (Li et al., 2018) describes the
effect that representations of dissimilar nodes become indistinguishable as the number of
layers increases. Both are known to negatively affect accuracy in downstream tasks.

Rewiring. Graph rewiring describes a preprocessing routine that perturbs the edges of the
input graph with the goal of mitigating over-squashing and/or over-smoothing to improve
accuracy. A range of rewiring techniques has been proposed in the literature, many of which
use classical graph characteristics to guide edge perturbations, including the spectrum of
the Graph Laplacian (Karhadkar et al., 2022), discrete Ricci curvature (Topping et al.,
2022; Nguyen et al., 2023; Fesser and Weber, 2023), effective resistance (Black et al., 2023),
and edge density (Rong et al., 2019), among others. Tab. 1 summarizes the three rewiring
techniques that we study here, which are the most popular representative of the three most
common paradigms in graph rewiring: spectral, curvature-based, and probabilistic rewiring.

1. Our code and experiment scripts are open-sourced and accessible at https://github.com/Weber-GeoML/
Rewiring_and_Fairmess.
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Approach Over-smooth  Over-squash Type Complexity
FoSR (Karhadkar et al., 2022) X v spectral O(n?)
BORF (Nguyen et al., 2023) v v curvature-based  O(m - d3,,.)
DropEdge (Rong et al., 2019) v X probabilistic O(m -n?)

Table 1: Rewiring approaches for mitigating over-squashing and over-smoothing considered
in this study. Here, n denotes the number of nodes, m the number of edges, and dyax the
maximum node degree.

2.3. Algorithmic Fairness

Notions of fairness have long been studied in the machine learning literature. We briefly
review statstical parity, a classical fairness notions that forms the basis of our subsequently
proposed graph fairness metric. We note that throughout this paper we focus solely on group
fairness, as opposed to individual fairness. Additional background on fairness metrics can
be found in Apx. A. Statistical parity is one of the most widely used algorithmic fairness
concepts; it states that the outcome should be independent of the protected attribute:

Definition 1 (Statistical Parity) Statistical parity is achieved when Pr [ff =1]A= O] =

Pr|Y =1]4= 1} . In practice, this is difficult to satisfy perfectly, so we measure the sta-
tistical parity deviation instead: ‘Pr {Y =1A= 0} —Pr [Y =1/A= 1] ’ . Smaller deviation

means fairer (closer to satisfying the fairness constraint).

For ease of notation, the formal definition is stated for a prediction task with binary out-
comes (Y € {0,1}) with respect to a binary protected attribute (A € {0,1}); an extension
to the multi-class setting is straightforward.

3. Fairness in Graph Machine Learning

3.1. Topological Bias

A crucial challenge in adapting fairness notions to graph learning lies in the observation that
biases can arise from feature information, as well as from the relational information encoded
in the graph’s topology (Fig. 1). A naive extension of the fairness metrics discussed above
may allow for evaluating the first but not the second type of bias. For example, two nodes
may have identical features, but disparate connections, which could change the resulting
prediction. To address this shortcoming, we incorporate a measure of topological bias into
classical fairness metrics, by treating relational similarity as a protected attribute. Let
T : G — R™" denote a topological function. Some examples of topological biases include:

1. Node popularity: If our downstream task demands that our predictions be in-
dependent of node popularity, we introduce protected attributes according to node
degree. In that case, we consider the topological feature set T'(V, E) = deg(V) =

[deg(vl)a M) deg(vn)]

2. Neighborhood composition: For neighborhood composition, we bin the percentage
compositions of the feature. In this case we set T(V, E) = (B1A+ A% +...)V, which
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is the “aggregated reachable attribute value” (a similar condition has been considered
in (Dong et al., 2022)). Note that A denotes the adjacency matrix here.

3. Community affiliation: For community affiliation, we identify groups as clusters
determined by a node clustering algorithm (e.g., spectral clustering (von Luxburg,
2007)). We set T'(V, E) = Cluster(V, E) = [c1,. .., Cp)-

Then, we can assert fairness for groups of similar topological features by treating the
topologically similar nodes together as a demographic group. In effect, this means replacing
the condition A = a for some sensitive label a with the condition that T = ¢ for some
neighborhood description ¢ (e.g., low-degree and high degree nodes).

Definition 2 (Topological Statistical Parity (SP-Topo)) Topological statistical par-

ity is achieved when Pr [Y =1T = 0} = Pr [Y =1T = 1} . Then, topological statistical
parity deviation is defined as ‘Pr [Y =1T = 0} —Pr [f/ =1T = 1} ‘ . Smaller deviation
means fairer (closer to satisfying the fairness constraint).

3.2. Fairness—Accuracy Trade—()ﬂ' "t Male, Low Feature "t Female, Low Feature

. . . . @ VMale, High Feature @ Female, High Feature
We begin by analyzing the impact of classical Low Topological Bias | High Topological Bias

graph rewiring techniques on fairness using our N N /.\I/
SV G G

proposed topological statistical parity metric.
We investigate three rewiring techniques that
are broadly representative of the main rewiring
paradigms in the literature: FoSR, BORF, and
DropEdge (see Sec. 2.2). In Tab. 2 we report
accuracy and topological statistical parity for a
GOCN trained on the original German, Credit, i
Recidivism (Agarwal et al., 2021) and AMiner- A A
S (Dong et al., 2024) datasets without rewiring e L
(‘Baseline’), or on the dataset after rewiring with Figure 1: Ilustration of topological bias.
DropEdge, FoSR, or BORF. We can see that Feature bias is most prominent when dif-
while all rewiring methods boost accuracy, they —ferent demographic groups have different
do so at the cost of worsening fairness metrics. 1€an features, whereas topological bias
In contrast, fair rewiring can improve fairness, i most prominent when different kinds
but at the cost of accuracy. We illustrate this on of nodes (e.g., leaf vs. central ring) have
one recently proposed approach, FairEdit (Love- different mean features.

land et al., 2022) (see Tab. 7, 2). We see that

FairEdit is able to mitigate both feature and topological bias. However, we observe a no-
ticeable drop in performance, especially on the German Credit data set. We remark that
FairEdit leverages a different fairness notion and is hence not directly comparable to the
fairness-constrained rewiring approaches that we introduce in the next section. Additional
details and results can be found in Apx. B.2.

Low Feature Bias

High Feature Bias

3.3. Fairness-constrained Rewiring

Following our observation of a fairness-accuracy trade-off in classical and fair rewiring ap-
proaches, we ask whether it is possible to balance both desirable properties. In this section
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Data Baseline FoSR BORF DropEdge FairEdit
German 0.684 0.708 0.711 0.693 0.628
0.0004 0.054 0.117 0.158 0.019
Credit 0.725 0.732 - 0.713 0.727
0.046 0.054 - 0.070 0.050
Recidivism 0.882 0.888 - 0.887 0.884
0.321 0.333 - 0.313 0.339
AMiner-S 0.912 0.918 0.927 0.922 -
0.177 0.212 0.225 0.196

Table 2: Fairness-Accuracy Trade-off. We report accuracy (1, top) and topological
statistical parity (J, bottom) for no rewiring (Baseline), classical rewiring techniques (FoSR,
BORF, DropEdge) and fair rewiring (FairEdit). Missing values indicate that experiments
were infeasible with the respective method (see discussion of computational complexity).
We note that FairEdit does not optimize for topological statistical parity, but for a different
fairness metric and is hence not directly comparable (see Apx. B.2 for additional results).

we propose a soft fairness constraint, which can be integrated into classical rewiring ap-
proaches to counteract the introduced topological biases. Classical rewiring approaches
perform edge perturbations according to their presumed contribution to over-smoothing
and over-squashing effects. FoSR approximates the effect that adding a new edge would
have on the graph’s spectral gap to determine which edges could most effectively mitigate
over-squashing. Curvature-based rewiring methods such as BORF compute the discrete
Ricci curvature of each given edge and remove the most positively curved edges to reduce
over-smoothing while adding additional edges to the neighborhoods of particularly nega-
tively curved edges to alleviate over-squashing. DropEdge randomly sparsifies the graph.

Soft fairness constraint We propose to weight the implicit .  Various Settings of Fairness Welght a

“edge score” computed by these approaches by a fairness fac- T ——aino o
a=1 (Equal)
—— a=10 (Strict)

tor with the goal of selecting edges to perturb not only ac-
cording to potential mitigation of over-smoothing and over-
squashing, but also to counteract topological biases. We define
fairness factors for adding an edge (u,v) that does not already

=
5

Scaled Fairness Factor
-
o

exist as F1(u,v) = % and for removing an exist-
) 0.5 A
ing edge (u,v) as F~(u,v) = W . Here, £ denotes a

loss function. In our setting, we choose a topological loss that | | |
encodes different types of topological bias. Let 7, denote the 00 oéiiginm o s Pt 20
distribution of values of the ith topological feature in the de- Figure 2: Different values
mographic group a. Then, the topological loss is computed of o to compute the ad-
as Liopo = % Zﬁl max, q [E[7] — E['Eal”) , 1.e., the max justed fairness factor.
absolute difference between the mean of a single topological
feature for each group, averaged over all features.

The rewiring methods described in Table 1 may add edges (FoSR)), remove edges (DropE-
dge), or both (BORF), so F*t will be used in Fair-FoSR and Fair-BORF and F~ will be
used in Fair-DropEdge and Fair-BORF.

Fair-FoSR For a given edge (u,v) € E, let z,, and x, be the eigenvectors of the graph
Laplacian corresponding to nodes v and v and let d,, and d, be their degrees (before adding

the edge). Then we compute the fairness score %}* (u,v) .
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The first term is the approximate effect on the spectral gap of G of adding (u,v). FoSR
seeks to minimize this term over all edges (u,v) that are not already in the graph. We
note that if adding (u,v) to G is beneficial for fairness, L(V, E U {(u,v)}) < L(V, E), so
F*(u,v) < 1, so the whole product becomes smaller and the edge (u,v) is more likely to
be selected and added to G. « is the weight on the fairness factor that controls how much
impact the fairness factor has (see the “Controlling Accuracy vs. Fairness” paragraph).

Fair-BORF. To mitigate over-squashing, BORF adds edges to the neighborhoods of par-
ticularly negatively curved edges (u,v) by adding an edge between the nodes p and ¢ that
account for the biggest contribution to the distance between the neighborhoods of the ad-
jacent nodes, i.e., Wi(pu, tw) = 32, T(P;q)d(p,q). In other words, BORF chooses to
add (p*,¢*) = argmax 7(p,q)d(p,q). Adding our fairness factor, the objective becomes
7(p,q)d(p,q) (FT(p,q))” " . If adding (u,v) to G is beneficial for fairness, we again have
FT(u,v) < 1, so multiplying with the inverse increases the objective, and hence makes
(u,v) more likely to be selected in this case. BORF also removes the k most positively
curved edges to reduce over-smoothing, where k is a hyperparameter. We propose a fair
variant of this by considering the 3k most positively curved edges. For each of these, we
compute x(u,v) (F~(u,v))”“ and sort the edges according to this product. The k edges
with the highest values are removed. Note that the factor 3 was selected based on best
empirical performance, but could be tuned separately, if desired.

Fair-DropEdge. DropEdge normally mitigates over-smoothing by removing an edge (u, v)
uniformly at random with probability p, where p is a hyperparameter. We propose to in-
stead drop a given edge (u,v) with probability p - F~ (u,v)™® so that edges whose removal
is more beneficial for fairness have a (slightly) higher chance of being removed.

Controlling Accuracy vs. Fairness. To be able to control how much we weight the
original objectives of the rewiring methods considered here compared to the fairness factor,
we propose to take the powers F T (u,v)® and F~ (u,v)®, where « is a hyperparameter that
can be freely chosen. For example, a =0 will place no value on fairness and reduce the
objective to what it was in the original method. Conversely, choosing o >> 1 will place
most of the weight on the fairness factor.

4. Experiments

Experimental Setup. We consider six node classification datasets commonly used in the
graph fairness literature (see Apx. B.1). For each dataset, we use a 50/25/25 train/val/test
split and train for up to 500 epochs or until the validation accuracy has not improved for
100 consecutive epochs.

Results. Our results show that fairness-constrained rewiring allows for interpolating be-
tween classical and fair rewiring. As we see in Figure 3, for AMiner-Small, fairness-
constrained approaches (a > 0) consistently improve statistical parity over unconstrained
rewiring (a = 0) across all three approaches. This is corroborated by our systematic
experiments across data sets (Tables 3, 4, and 5). In addition, Figure 3 shows that fairness-
constrained rewiring leads to a higher accuracy in comparison to the baseline (no rewiring)
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Dataset FoSR (a=0) a=1/10 a=1 a=10 Baseline
AMiner-S 0.918 £ 0.004 0.916 £ 0.004 0.915 £ 0.005 0.916 £ 0.003 0.912 £ 0.003
0.21238 £ 0.03750 0.18562 + 0.03256 0.18829 + 0.03389 0.18160 £ 0.02643 0.17731 £ 0.03421
Credit 0.732 £ 0.021 0.729 £ 0.020 0.731 £ 0.019 0.728 £ 0.017 0.725 £ 0.017
0.05431 £ 0.01577 0.04750 £ 0.01389 0.05237 £ 0.01164 0.04828 + 0.00967 0.04577 £ 0.01222
Facebook 0.783 £ 0.007 0.784 4+ 0.011 0.783 £ 0.008 0784 + 0.004 0.777 £ 0.005
0.19199 4+ 0.06777 0.13079 4+ 0.02833 0.14013 + 0.01674 0.14345 4+ 0.00867 0.17838 + 0.00705
German 0.708 £ 0.014 0.702 £+ 0.009 0.695 £+ 0.010 0.688 £+ 0.006 0.684 + 0.007
0.05390 + 0.00468 0.00643 + 0.00151 0.00326 + 0.00117 0.00131 4+ 0.00089 0.00041 + 0.00033
Recidivism 0.888 £ 0.003 0.891 £ 0.008 0.889 £ 0.006 0.886 £ 0.005 0.882 £ 0.003
0.33282 + 0.01145 0.32548 + 0.00971 0.32857 £+ 0.00924 0.30047 + 0.01326 0.32053 + 0.01278
Tolokers 0.683 £ 0.013 0.680 £ 0.011 0.677 £ 0.010 0.672 £ 0.018 0.666 £ 0.022
0.26374 £ 0.05228 0.25409 £ 0.04521 0.25736 + 0.03892 0.24452 £ 0.03662 0.24941 £ 0.03074

Table 3: Comparison of accuracy (top, T) and topological statistical parity (bottom, J) of
Fair-FoSR with different values of a. Results for additional values of o« can be found in

Apx. B.4. Baseline is no rewiring.

Table 4: Comparison of accuracy (top, 1) and topological statistical parity (bottom, |) of

Rewiring AMiner-S Facebook German
BORF (a=0) 0.927 £+ 0.005 0.796 £ 0.017 0.711 £ 0.014
0.22459 + 0.04278 0.19842 4+ 0.01681 0.11723 4+ 0.07382
a=0.01 0.928 £+ 0.007 0.781 £ 0.016 0.708 £ 0.010
0.18823 £ 0.03995 0.16101 + 0.02887 0.06614 £ 0.01452
a=0.1 0.923 £ 0.005 0.789 £ 0.09 0.702 £ 0.009
0.17016 £ 0.03820 0.18891 + 0.02301 0.05572 + 0.01870
a=1 0.924 £ 0.006 0.784 £ 0.005 0.704 £ 0.011
0.17358 + 0.04472 0.18209 + 0.00788 0.04581 4+ 0.01392
a=10 0.920 £ 0.004 0.777 £ 0.015 0.707 £ 0.010
0.16927 + 0.04810 0.17881 4+ 0.01924 0.01008 4 0.00766
a=100 0.921 £ 0.003 0.783 £ 0.017 0.700 £ 0.011
0.16744 + 0.03824 0.16014 + 0.03207 0.00642 4+ 0.00147
Baseline 0.912 4+ 0.003 0.777 £ 0.005 0.684 + 0.007
0.17731 £ 0.03421 0.17838 + 0.00705 0.00041 + 0.00033

Fair-BORF with different values of . Baseline is no rewiring.

on AMiner-Small, which is again cons

analysis shows that this can be observe

Varying « in our experiments con-
firms that higher values generally
lead to lower statistical parity (i.e.,
better mitigation of biases) and lower
values to higher accuracy (i.e., bet-
ter mitigation of over-smoothing and

Statistical Parity w.r.t. Degree (Reversed, =)

over-squashing effects). However, the
results for different values of a are of-
ten close, indicating that the parame-

ter should be carefully tuned in prac-

0.20 4

0.21 A

AMiner-Small
BORF. 100
BORF.'. 10. BORF, 0.1
0.17
BORF, 1
DropEdge. 1 *
o Rewiring
L]
0.18 FoSR. 10
FoSR, 100 o
o FOSR, 0.1
FosR, 1 BORF, 0.0
L]
0.19
FoSR, 0.01
* DropEdge,0

FoSR, 0

BORF, 0

0912 0.914 0.916

0.920 0.922

Accuracy (=)

0918

0.924 0.926 0.928

tise. When cross-comparing rewiring
approaches across data sets, we ob-
serve that BORF generally provides
the best fairness-accuracy trade-off.
However, BORF has limited scalabil-
ity, as it requires the computation of Ol

Figure 3: Fairness-accuracy trade-off for all three
rewiring methods. The number indicates the fair-
ness weight «; darker colors indicate more weight
on fairness. Note that the y-axis is flipped —better
is up and to the right. Full results in Tab 3, 4, 5.

livier’s Ricci curvature for each edge, which scales as

O(|E|d2,,.) (Where dpnq: denotes the maximum degree). Due to this, we only tested BORF

on the three smaller data sets, as the ¢

urvature computation was not feasible on the larger

data sets with >100k edges and high edge density (i.e., high node degrees).
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0.15768 + 0.02681

0.09831 + 0.00765

Dataset DropEdge Fair DropEdge Baseline
AMiner-S 0.922 £+ 0.002 0.919 £ 0.002 0.912 £ 0.003
0.19590 4+ 0.02601 0.17581 + 0.00391 0.17731 4+ 0.03421
Credit 0.713 £ 0.023 0.738 £ 0.013 0.725 £ 0.017
0.07011 4+ 0.01549 0.07661 + 0.05029 0.04577 4+ 0.01222
Facebook 0.782 £+ 0.013 0.793 £ 0.019 0.777 £ 0.005
0.18798 + 0.02750 0.15878 £ 0.02541 0.17838 + 0.00705
German 0.693 £ 0.006 0.691 + 0.006 0.684 £ 0.007

0.00041 + 0.00033

Recidivism

0.887 £ 0.004
0.31312 + 0.04493

0.886 £ 0.002
0.29020 + 0.02525

0.882 £ 0.003
0.32053 + 0.01278

Tolokers

0.662 £ 0.043
0.22546 + 0.03769

0.709 £ 0.034
0.21977 £ 0.03521

0.666 £ 0.042
0.24941 + 0.03074

Table 5: Comparison of accuracy (top, 1) and topological statistical parity (bottom, J) of
Fair-DropEdge (o = 1) with vanilla DropEdge. Baseline is no rewiring.

5. Discussion

To the best of our knowledge, this paper is the first to explicitly evaluate fairness-accuracy
trade-offs in graph rewiring. We define a first metric for evaluating this trade-off, which
captures relational bias as a distinct quantity from feature bias. We restrict ourselves to
group fairness notions with a specific focus on statistical parity. Future work could extend
this metric to a wider range of classical fairness notions, including individual fairness notions.

Our second main contribution is a fairness-constrained rewiring approach, where we
impose our new fairness metric as a soft constraint in classical rewiring approaches. Our
experimental results illustrate that adding such a constraint effectively balances fairness and
accuracy in node-level tasks. Our framework is modular in that both the fairness metric
and the rewiring technique could be easily exchanged for other approaches. In this work we
consider three rewiring approaches which are popular representatives of three main types
of rewiring techniques. A systematic comparison of a wider range of rewiring approaches
could be an interesting direction for future work. We observed that fairness-constrained
curvature-based rewiring (BORF') performs well, but is limited in scalability due to the high
complexity of the curvature computation. Future work could investigate other curvature-
based rewiring approached with more scalable curvature notions (Fesser and Weber, 2023)
(see Apx. F for some early insights).

Furthermore, we have focused our evaluation on the rewiring step, which is a pre-
processing routine performed prior to training. While we have tuned the hyperparameters
of the baseline, additional ablations on the architecture design, such as the choice of the
GNN base layer or the role of encodings, could be considered in future work. In addition, we
hope to expand the comparison with fair rewiring approaches beyond the ablations in this
work. However, we note that fair rewiring approaches are typically designed to enforce a
specific fairness notion, which makes cross-comparison of these approaches and comparison
with our fairness-constrained rewiring approach challenging. Defining a unified framework
of fairness metrics for graph rewiring approaches and performing a systematic comparison
is a valuable avenue for further investigation.

Lastly, the experimental evaluation in this paper has focused on node-level tasks. Classi-
cal rewiring approaches are often benchmarked on graph-level tasks; it would be interesting
to investigate fairness-accuracy trade-offs in these settings, too. A key roadblock for such an
analysis is the lack of a dedicated graph-level benchmark data set with protected attributes.
Creating such a benchmark is an important direction for future work.
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Appendix A. Additional Background
A.1. Other Fairness Metrics
A key shortcoming of statistical parity, which we introduced in the main text, is that it
may not allow for learning an optimal predictor (Dwork et al., 2012), inducing a significant
fairness-accuracy trade-off. This has motivated the introduction of several refinements,
including equalized odds and equal opportunity (Hardt et al., 2016). Fqualized odds ensures
equal true positive and false positive rates across demographic groups.
Definition 3 (Equalized Odds) FEqualized odds is satisfied when

Pﬂ?:ﬂA:OqudzpﬂquAzLyzﬂ vy € {0,1} .
Fqualized odds deviation is measured as

max (‘Pr [Y =1A4=0,Y :y} —Pr [Y =1A=1Y = y”) .

yE{O,l}

Equal opportunity is weaker than equalized odds in that it only equalizes true positive
rates across demographic groups.
Definition 4 (Equal Opportunity) FEqual opportunity occurs when

Pr[V=1lA=0,Y =1| =Pr [V =1jA=1,y =1] .

The equal opportunity deviation is thus

Pr|Vy=1A4=0Yy=1]-Pr|[V =1/4=1,Y = 1]

Remark 5 We note that notions of topological equalized odds and topological equal op-
portunity that account for topological bias can be introduced in analogy to sec. 3.1.
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Appendix B. Additional Experimental Details and Results

B.1. Datasets

To verify the effectivenss of our proposed method, we consider six node classification datasets
that are commonly used in the graph fairness literature. We list the topological charac-
teristics and the protected attributes of all datasets in Table 6. We note that some of the
data sets (especially German and Tolokers) have a large class imbalance, which can cause
challenges during training. Additional details and hyperparameter choices for all data sets
are reported in Apx. G.

Dataset # Nodes # Edges # Features Label Protected Attribute
AMiner-S (Dong et al., 2024) 39,424 52,460 5,694 Subject Continent
Credit (Agarwal et al., 2021) 30,000 200,526 13 Default Age
Facebook (Leskovec and Mcauley, 2012) 1,045 53,498 573 Education Gender
German (Agarwal et al., 2021) 1,000 24,970 27 Behavior Gender
Recidivism (Agarwal et al., 2021) 18,876 403,977 18 Recidivism Race
Tolokers (Likhobaba et al., 2023) 11,758 519,000 10 Banned English

Table 6: Overview of node classification datasets.

B.2. Comparison with Fair Rewiring baselines

Fairness-informed rewiring has a short history with various incarnations still being proposed.
Previous works in this area are the FairEdit (Loveland et al., 2022) and EDITS (Dong et al.,
2022) algorithms. FairEdit seeks to edit edges to minimize counterfactual loss based on the
graph fairness of a trained model on the edited graph, identifying edges by the magnitude of
the loss gradient on the adjacency matrix. On the other hand, EDITS optimizes against the
Wasserstein distance of the distribution of neighborhood node features for various sensitive
groups via proximal gradient descent. Both of these methods compute gradients on the
adjacency matrix—a tough task. The strength of our method, however, is that our method
is a preprocessing technique with interpretable fairness weights, and it is model-agnostic.

While our method is thus not directly comparable to these previous methods for those
reasons, we provide fairness measures of the rewired graphs given by FairEdit for the fol-
lowing three datasets: German, Recidivism, and Credit.

Dataset Acc (1) | CI Time | SP-Demo | SP-Topo | EO-Demo | EO-Topo
German 0.628 0.032 | 0.294 0.003 0.019 0.003 0.279
Credit 0.727 0.019 | 0.274 0.049 0.050 0.050 0.178
Recidivism | 0.884 0.004 | 0.391 0.060 0.339 0.023 0.764

Table 7: FairEdit Baseline

In general, we find that the FairEdit baseline results in worse performance than the
no rewiring baseline. This is probably more revealing of the inability for FairEdit-rewired
graphs to generalize to even slightly different GCN architectures.

B.3. Comparison of accuracy-preserving and fairness-promoting rewiring

We illustrate the difference between both types of rewiring approaches by visualizing dif-
ferences in the edges they target in Fig. 4.
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Edges colored according to their Edges colored according to the fairness
Ollivier-Ricci curvatures. Darker blue factors that their removal would yield.
indicates a higher curvature value. Darker red indicates a higher value.

Figure 4: We illustrate differences in the edges that classical and fair rewiring methods
target. We show a subgraph of the Toloker dataset with its edges colored according to
(a) their Ollivier-Ricci curvatures and (b) their topological fairness factors. We expect that
rewiring based on (a) yields a higher accuracy at the cost of higher topological bias (observe
that curvature picks up only on the dense subgraph on the bottom-right), and (b) yields
better statistical parity at the cost of reduced accuracy. Note that our proposed fairness-
constrained rewiring methods allow for interpolating between both cases.

B.4. Additional rewiring results

For completeness, we provide results for FOSR for a wider range of values of « included in
Fig. 3 in Tab. 8.

Dataset a=1/100 a=100
AMiner-S 0.918 + 0.006 0.913 £+ 0.004
0.19352 £ 0.04182 | 0.18352 £ 0.02856
Credit 0.734 £ 0.017 0.729 + 0.018
0.05761 £ 0.01466 | 0.04623 £ 0.01438
Facebook 0.789 £ 0.010 0.781 £+ 0.004
0.14787 £ 0.03367 | 0.13179 £ 0.00858
German 0.706 + 0.011 0.687 = 0.005
0.02317 £ 0.00613 | 0.00062 £ 0.00046
Recidivism 0.894 £+ 0.007 0.881 £+ 0.007
0.32922 £ 0.01108 | 0.30621 £ 0.01235
Tolokers 0.682 + 0.014 0.669 + 0.016
0.25352 £ 0.03124 | 0.22163 £+ 0.04172

Table 8: Comparison of Fair-FoSR with different values of a.. For each dataset, the top row
represents accuracy (1) and the bottom row represents topological statistical parity ({).
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Appendix C. Equal Opportunity

Figure 5 shows how statistical parity and equal opportunity are not the same (e.g., DropE-
dge is the worst in terms of statistical parity but only third-worst in terms of equal opportu-
nity). That being said, the overall trends are unchanged between the two fairness measures.

recidivism - statistical_parity_degree recidivism - equal_opportunity_degree
p g (fair_dropedge’, 0,01)
(fair_dropgdge", 0.0) fair_dfopgs
~P@R0dtopedge, 0.01) (fair_dropedge’, 100.0)
B L —0.70
(‘fair_dropedge; 108,) (fair_dropgdge, 0.0)
[ ]
—-0.325 4 o 97
u o
] & ol .
g 4 (*fair_dropedge", 1.0)
g 3, -0.72 1 s
3 i
P:: S (fair_dropedge’, 10.0)
3 0330 7 1‘fa|r,dmp.edge', 1.0) £ -0.73 *
5 fai 9
S ('none’, 1.0) g (fair_dropedge, 0.1)
2 (‘fair_dropedge’, 10.8f 9
S o 5 —0.74 1
(osr 1.0)
B 0335 1 g ¢
—0.75 4 1‘dr0ped'qe‘, 1.0)
(fair_dropedge’, 0.1)
airedit’, 1.0)
—0.340 hd 0781 (fairedt, 1.0)
1‘drcped.ge‘, 1.0 1‘none", 1p)
—0.77 1
0872 0874 0876 0878 0880 0882 0884  0.886 0872 0874 0876 0878  0.880 0882 0884  0.886
Accuracy Accuracy

Figure 5: Statistical Parity vs. Equal Opportunity. Fairness measures graphed in negative
to match visual default of up is better.
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Appendix D. Results for GIN

We present additional results for Fair-FoSR and Fair-BORF for GIN in Tab. 9 and 10.

Dataset FoSR Fair FoSR (o =1) Baseline
AMiner-S 0.836 + 0.072 0.833 £+ 0.081 0.821 £ 0.067
0.389 £+ 0.041 0.346 £ 0.038 0.331 £ 0.026
Credit 0.773 £+ 0.038 0.770 £ 0.032 0.754 £+ 0.021
0.481 £ 0.064 0.446 £ 0.057 0.419 4 0.036
Facebook 0.764 + 0.017 0.765 £+ 0.021 0.752 £ 0.013
0.130 + 0.014 0.092 £ 0.012 0.084 £ 0.007
Recidivism | 0.903 £ 0.016 0.891 £ 0.009 0.882 £ 0.007
0.182 £+ 0.043 0.145 £ 0.032 0.137 £ 0.028
Toloker 0.790 + 0.027 0.782 £ 0.045 0.784 £+ 0.023
0.518 £ 0.121 0.439 £ 0.077 0.417 £ 0.062

Table 9: Comparison of Fair-FoSR (o = 1) with vanilla FoSR using GIN. For each dataset,
the top row represents accuracy (1) and the bottom row represents topological statistical

parity ().
Dataset BORF Fair BORF (o =1) Baseline
AMiner-S | 0.836 £ 0.032 0.839 £ 0.034 0.821 £ 0.037
0.396 + 0.047 0.411 £+ 0.055 0.331 + 0.026
Facebook | 0.773 £ 0.022 0.767 £ 0.019 0.752 £ 0.013
0.183 £ 0.015 0.119 + 0.016 0.084 £+ 0.007

Table 10: Comparison of Fair-BORF (a = 1) with vanilla BORF using GIN. For each
dataset, the top row represents accuracy (1) and the bottom row represents topological

statistical parity ({).
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Appendix E. Results for GAT
We present, additional results for Fair-FoSR and Fair-BORF for GAT in Tab. 11 and 12.

Dataset FoSR Fair FoSR (a =1) Baseline

AMiner-S 0.903 £ 0.004 0.901 £ 0.003 0.898 £ 0.005
0.19882 £ 0.03305 0.17280 £ 0.02721 0.14368 £ 0.02988

Facebook 0.773 £ 0.006 0.771 £ 0.007 0.764 £+ 0.004
0.17412 £ 0.05332 0.13986 £ 0.01536 | 0.14163 £+ 0.00634

Table 11: Comparison of Fair-FoSR (o = 1) with vanilla FoSR using GAT. For each dataset,
the top row represents accuracy (1) and the bottom row represents topological statistical

parity ().

Dataset BORF Fair BORF (o =1) Baseline

AMiner-S 0.908 = 0.006 0.906 £ 0.007 0.901 £ 0.004
0.20532 £ 0.03720 0.15641 £ 0.04227 0.15769 £ 0.02678

Facebook 0.788 = 0.013 0.781 £ 0.004 0.775 £ 0.005
0.17257 £+ 0.01422 0.14613 £ 0.00625 0.00153 £ 0.00129

Table 12: Comparison of Fair-BORF (a = 1) with vanilla BORF using GAT. For each
dataset, the top row represents accuracy (1) and the bottom row represents topological
statistical parity ({).

Appendix F. Results with AFRC

Dataset AFR-3 Fair AFR-3 (o =1) Baseline

AMiner-S 0.931 £+ 0.008 0.926 + 0.011 0.912 £+ 0.003
0.21461 £ 0.03379 0.14968 £ 0.04082 0.17731 £ 0.03421

Facebook 0.794 £ 0.016 0.788 + 0.007 0.777 £ 0.005
0.19672 £ 0.01623 0.17664 £ 0.00625 0.17838 £ 0.00705

Table 13: Comparison of Fair-AFR-3 (o = 1) with vanilla AFR-3 using GCN. For each
dataset, the top row represents accuracy (1) and the bottom row represents topological
statistical parity ({).

BORF has rather large time complexity (cubic in max degree, see Table 1), but there do
exist faster-to-compute alternatives. Augmented Forman Curvature (AFRC) (Fesser et al.,
2023) is a different formulation that takes O(m - dag) to compute for every edge (this
kind of curvature, AFR-3, uses cycles of length at most 3). We present results in Table
13, which shows Fair AFR-3 (Fair BORF with the curvature notion replaced) indicates a
drop in topological statistical parity deviation compared to the vanilla rewiring. There is
an insignificant difference between Fair BORF and Fair AFR-3.

Appendix G. Hyperparameter Choices

For each dataset, we tested GNNs with 3, 4, or 5 layers; hidden dimension 128, 256, and
512; learning rate le-3, le-4, and le-5; dropout rate 0, 0.1, and 0.2; and with and without
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skip connections. We always use the architecture with the highest baseline accuracy, i.e.
without any rewiring. For the number of edges to add with FoSR, we tried 100, 200, 300,
400, and 500, and use the number that gave the highest accuracy on a given dataset. We
did the same with the number of edges to add and to remove in BORF. For DropEdge, we
tried 0.1, 0.2, and 0.3.

We note that our analysis focuses on evaluating the effect of different rewiring ap-
proaches and fairness weights. This has motivated the aforementioned protocol, where the
hyperparameters are tuned for the baseline and the used for all rewiring approaches.

Hyperparameters | AMiner-S | Credit | Facebook | Recidivism | Toloker
Num. Layers 4 4 4 4 5
Hidden Dim. 128 128 128 128 512
Learning Rate le-5 le-5 le-5 le-5 le-5
Dropout 0 0 0 0 0.2

Skip Connections No No No No Yes
FoSR TIter. 100 500 100 500 500
BORF Add 100 500 100 500 500
BORF Remove 100 0 100 100 0
DropEdge 0.2 0.2 0.2 0.2 0.2

Table 14: Overview of parameter choices.
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