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Abstract
Graph neural networks (GNNs) have emerged as the main-
stream paradigm for graph representation learning due to
their effective message aggregation. However, this advantage
also amplifies biases inherent in graph topology, raising fair-
ness concerns. Existing fairness-aware GNNs provide satis-
factory performance on fairness metrics such as Statistical
Parity and Equal Opportunity while maintaining acceptable
accuracy trade-offs. Unfortunately, we observe that this pur-
suit of fairness metrics neglects the GNN’s ability to pre-
dict negative labels, which renders their predictions with ex-
tremely high False Positive Rates (FPR), resulting in nega-
tive effects in high-risk scenarios. To this end, we advocate
that classification performance should be carefully calibrated
while improving fairness, rather than simply constraining ac-
curacy loss. Furthermore, we propose Fair GNN via Struc-
tural Entropy (FairGSE), a novel framework that maximizes
two-dimensional structural entropy (2D-SE) to improve fair-
ness without neglecting false positives. Experiments on sev-
eral real-world datasets show FairGSE reduces FPR by 39%
vs. state-of-the-art fairness-aware GNNs, with comparable
fairness improvement.

Introduction
Graph neural networks (GNNs) have developed as one
of the most prominent techniques for modeling graph-
structured data. The outstanding performance of GNNs can
be attributed to the message aggregation mechanism (Ying
et al. 2019), which iteratively updates a node representa-
tion by aggregating the feature information from its neigh-
bors. However, recent studies (Agarwal, Lakkaraju, and Zit-
nik 2021; Dai and Wang 2021) have shown that message
aggregation can introduce biases inherent in graph topol-
ogy. Such biases inflict discrimination on specific sensitive
groups, which are represented by subsets of nodes shar-
ing the same sensitive attribute (e.g., gender (Lambrecht
and Tucker 2019), race (Agarwal, Lakkaraju, and Zitnik
2021)), raising group fairness concerns of GNNs in high-
stakes scenarios. Group fairness in GNNs is often evalu-
ated using metrics like Statistical Parity (∆SP) (Dwork et al.
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Figure 1: FPR, ∆SP and ∆EO of Fairness-aware GNNs on
Credit dataset.

2012) and Equal Opportunity (∆EO) (Hardt, Price, and Sre-
bro 2016). Recent state-of-the-art (SOTA) fairness-aware
GNNs achieve a reasonable trade-off between accuracy and
group fairness.

However, enhancing group fairness such as ∆SP and ∆EO
alone may encourage models to adopt a misguided shortcut,
called FPR shortcut, in which fairness is improved at the
cost of excessively lifting the false positive rates (FPR). As
shown in Fig. 1, despite mitigating both ∆SP and ∆EO, ex-
isting fairness-aware methods exhibit extremely high false
positive rates in the Credit defaulter graph(Yeh and Lien
2009). In particular, the FairSIN FPR (Yang et al. 2024a)
is close to 100%, indicating that it classifies nearly all cus-
tomers as credit card defaulters, which is clearly unreason-
able. This phenomenon cannot be captured by ∆SP and ∆EO,
which primarily focus on the probability of positive predic-
tions within each sensitive group. Fairness-aware GNNs are
often deployed in high-stakes scenarios, such as assessing
credit risk on the German credit graph (Dua, Graff et al.
2017) or deciding bail eligibility on the Recidivism graph
(Jordan and Freiburger 2015). In these contexts, models with
high FPR tend to misclassify high-risk offenders as low-risk
or incorrectly assess poor-credit users as reliable, raising se-
rious trustworthy concerns.

In this paper, we pioneer how to improve the fairness
of GNNs while avoiding the FPR shortcut. To this end,
we formulate the fairness-FPR trade-off as an optimiza-
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tion problem constrained by an upper bound on a two-
dimensional structural entropy (2D-SE) objective. Further-
more, we propose FairGSE (Fair GNN via two-dimensional
Structural Entropy), a framework that adaptively reweights
graph edges to maximize 2D-SE. FairGSE can provide bal-
anced message aggregation across sensitive groups, discour-
aging reliance on the FPR shortcut to achieve fairness.

Our contributions are as follows:

• We pioneer an important yet underexplored issue in
fairness-aware GNNs: the tendency to improve fairness
by excessively lifting high FPR.

• We formulate the trade-off between fairness and FPR
as an upper-bound optimization problem based on two-
dimensional structural entropy.

• We propose FairGSE, a novel GNN framework that
adaptively reweights graph edges to maximize the two-
dimensional structural entropy objective.

• We evaluate FairGSE on multiple real-world datasets.
Experimental results demonstrate that FairGSE achieves
competitive accuracy and group fairness compared to
SOTA methods without significantly lifting FPR.

Related Work
Fairness in Graph Fairness in GNNs is typically studied
under two paradigms: group fairness (Agarwal, Lakkaraju,
and Zitnik 2021; Dai and Wang 2021; Dong et al. 2022b;
Cong et al. 2023) and individual fairness (Dong et al. 2021;
Kang et al. 2020; Zhang, Yuan, and Pan 2024). Group
fairness, commonly measured by Statistical Parity (∆SP)
(Dwork et al. 2012) and Equal Opportunity (∆EO) (Hardt,
Price, and Srebro 2016), aims to ensure equal treatment
across sensitive groups, and has been the primary focus in
fair GNN research. For instance, FairGNN (Dai and Wang
2021) leverages adversarial learning to minimize reliance
on sensitive attributes, while FairVGNN (Wang et al. 2022)
and FairINV (Zhu et al. 2024) employ dynamic masking
and invariant learning to suppress spurious correlations, re-
spectively. Representation-level interventions such as ED-
ITS (Dong et al. 2022a) adjust features and structure dis-
tributions to mitigate bias, DAB-GNN (Lee, Shin, and Kim
2025) further utilizes the Wasserstein distance to constrain
the differences between various representations in order to
debias. FairSIN (Yang et al. 2024a) neutralizes sensitive in-
formation using a heterogeneous neighbor mean representa-
tion estimator. Recently, group fairness has been extended
to Graph Transformers (Luo et al. 2025). Despite these ad-
vances, most existing methods focus solely on optimizing
fairness metrics (e.g., ∆SP and ∆EO). As we show in this
work, enforcing group fairness alone can lead to trivial or
misleading solutions, such as classifying most nodes as pos-
itive, achieving optimal fairness at the cost of a high FPR.

Structural Entropy Information entropy (a.k.a. Shannon
entropy) (Shannon 1948) is a fundamental measure in in-
formation theory that quantifies the uncertainty of a ran-
dom variable or probability distribution. Extending this con-
cept to the graph domain, structural entropy (SE) (Li and

Pan 2016) is designed to measure the uncertainty associ-
ated with the hierarchical partition of graphs. Specifically,
the nodes of a graph can be partitioned into different groups
(e.g., communities or clusters), and each group can be fur-
ther divided into hierarchical subgroups. This hierarchical
partition of the graph can be naturally abstracted as an en-
coding tree (Li and Pan 2016; Li et al. 2018), and each tree
node represents a specific group. N -dimensional structural
entropy, which quantifies the number of bits required to en-
code a graph given an n layers encoding tree, has been in-
creasingly adopted in various graph learning tasks, includ-
ing adversarial robustness (Liu et al. 2022a), node classi-
fication (Duan et al. 2024), and anomaly detection (Zeng,
Peng, and Li 2024; Yang et al. 2024b; Xian et al. 2025). In
our work, we leverage two-dimensional structural entropy,
which is defined over a one-step partition of nodes based on
sensitive attributes, as a principled measure to balance mes-
sage aggregation across sensitive groups and to avoid FPR
shortcut.

Preliminaries
Notation In this paper, we denote matrices with boldface
uppercase letters (e.g., H) and represent the (i, j)-th en-
try of H as H(i,j). We denote sets with calligraphic fonts
(e.g., V) and the number of elements in the set V as |V|.
Given an undirected attribute graph G = (V,A,X), where
V = {v1, v2, . . . , vn} is the set of nodes, X ∈ Rn×d is
the feature matrix of dimension d and A ∈ Rn×n is the
adjacency matrix. For weighted graphs, A(i,j) denotes the
edge weight between vi and vj ; for unweighted graphs,
A ∈ {0, 1}n×n, where A(i,j) = 1 indicates the existence
of an edge e(i,j). We use yi to denote the ground-truth la-
bel of node vi. For simplicity, we follow previous work(Dai
and Wang 2021; Wang et al. 2022; Dong et al. 2022a; Yang
et al. 2024a) and assume that each node vi has a binary sen-
sitive attribute si ∈ {0, 1} and a binary ground-truth label
yi ∈ {0, 1}, which we define yi = 1 as a positive label and
yi = 0 as a negative label. We use S = {s1, s2, · · · , sn}
and Y = {y1, y2, · · · , yn} to denote the set of sensitive at-
tributes and ground-truth labels, respectively. A GNN model
f consists of a GNN encoder fθ and a linear classifier cϕ. For
the node classification task, a GNN model f learns the pre-
diction of the label ŷi = cϕ(fθ(vi, G)) for node vi ∈ V .

Fairness Metrics To quantify group fairness, we follow
studies (Dwork et al. 2012; Hardt, Price, and Srebro 2016)
to adopt statistical parity (∆SP):

∆SP = |P (ŷv = 1|sv = 0)− P (ŷv = 1|sv = 1)|, (1)

where P (ŷv = 1|sv = i) denotes the probability that a node
v with the sensitive attribute sv = i is predicted as a posi-
tive outcome (ŷv = 1), which can be interpreted as the ac-
ceptance rate of a sensitive group. And equal opportunity
(∆EO):

∆EO = |P (ŷv = 1|sv = 0, yv = 1)

−P (ŷv = 1|sv = 1, yv = 1)|, (2)

where P (ŷv = 1|sv = i, yv = 1)| denotes the probability
that a node v with the sensitive attribute sv = i and the posi-
tive label yv = 1 is predicted as a positive outcome (ŷv = 1),
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which can be considered the true positive rate of a sensitive
group. Therefore, ∆SP and ∆EO measure the disparity in ac-
ceptance rates (i.e., positive predictions) and true positive
rates between different sensitive groups, respectively. Note
that a model with lower ∆SP and ∆EO implies better group
fairness performance. In the context of node classification,
a model that predicts all nodes as positive outcomes implies
that both acceptance rate and true positive rate are equal to
1, thereby leading to perfect fairness, i.e., ∆SP = ∆EO = 0.
However, this may result in an excessively high FPR.

Theoretical Analysis
To address the above problem, we refine the notion of two-
dimensional structural entropy proposed in (Li and Pan
2016), which measures the uncertainty of a graph given by
the partition of nodes. To incorporate this notion, we for-
mally define the two-dimensional structural entropy w.r.t.
sensitive attribute as follows:
Definition 1 (2D-SE w.r.t. sensitive attribute) Given
a graph G, the node set V of G is partitioned by
PS = {VS0

,VS1
}, where the sensitive group VSi

de-
notes a group of nodes with the same sensitive attribute. The
two-dimensional structural entropy (2D-SE) w.r.t. sensitive
attribute HPS (G) of G is:

HPS (G) = −
∑

VSi
∈PS

vol(VSi
)

vol(G)

∑
v∈VSi

dv

vol(VSi
)
log

dv

vol(VSi
)

−
∑

VSi
∈PS

g(VSi
)

vol(G)
log

vol(VSi
)

vol(G)
,

(3)

where the degree of node v is dv =
∑

u∈N(v) A(v,u) and
N(v) is the set of neighbors of v. For a sensitive group VSi

∈
PS , the volume vol(VSi

) is defined as the sum of the degrees
of all nodes in VSi

. The volume vol(G) denotes the sum
of the degrees of all nodes in G. g(VSi

) is the sum of the
weights of the edges with exactly one endpoint in VSi

.
Our motivation for using HPS (G) stems directly from the

intuition behind its definition. From the perspective of fair-
ness in GNNs, a higher HPS (G) encourages message aggre-
gation across different sensitive groups, preventing GNNs
from overfitting to group-specific information. This reduces
the dependency of node representations on sensitive at-
tributes and thereby improves fairness. From the perspective
of GNN prediction, a higher HPS (G) suggests that nodes
with different labels within each sensitive group tend to ex-
hibit more uniform degrees, which may help alleviate the
issue of insufficient message aggregation for the negative la-
bel and thus reduce FPR.

To demonstrate the feasibility of optimizing HPS (G) for
reducing fairness metrics (∆SP, ∆EO) and FPR, we provide
the following analysis:
Lemma 1 (Optimization Feasibility) Under two assump-
tions: (1) vol(G) > 0; (2) vol(VSi

) > 0, ∀VSi
∈ PS . the

2D-SE HPS (G) is differentiable w.r.t. every edge A(i,j)(>
0), with:

∂HPS (G)

∂A(i,j)
=

1

ln 2

∑
i∈{0,1}

(αSi
+ βSi

), (4)

where αSi and βSi are scalar coefficients that are only re-
lated to the degrees of the nodes within the sensitive group
VSi , the detailed proof of this lemma is given in Appendix.
Hence HPS (G) is differentiable and enables gradient-based
optimization.

Theorem 1 (Fairness via 2D-SE bound) Maximizing the
2D-SE of the sensitive attribute partition yields provable up-
per bounds on both ∆SP and ∆EO. Formally,

∆SP ≤
√
2(Hmax −HPS (G)), (5)

∆EO ≤
√
2(Hmax −HPS (G)), (6)

where Hmax = log2 |V| −
∑

VSi
∈PS

|VSi
|

|V| log2
|VSi

|
|V| is the

maximum achievable 2D-SE under the partition PS when
the graph is fully random and every node has uniform de-
gree.

Proof Sketch. (1) We first rewrite HPS (G) as the entropy of
a single-step random walk encoding. (2) Applying the data-
processing inequality yields I(H;S) ≤ Hmax − HPS (G),
where I(H;S) represents the mutual information between
the node representation H = fθ(V, G) and sensitive at-
tribute S . (3) Pinsker-type inequalities bound ∆SP and ∆EO

by
√
2I(H;S). Full proofs are deferred to Appendix.

Theorem 2 (FPR via 2D-SE bound) Let r = |{v|yv=0}|
|V|

be the proportion of negative label. For any classifier cϕ
trained on node representations H:

FPR ≤ r

1 + r
+

√
2(Hmax −HPS (G)). (7)

Proof Sketch. (1) The FPR is decomposed as a weighted
average over sensitive groups conditioned on the negative
label. (2) Using the Jensen-Shannon Pinsker inequality, we
bound the difference in FPRs between sensitive groups by
Hmax − HPS (G). (3) Under the worst-case configuration
where the difference in FPR between sensitive groups is
maximal, the overall FPR is upper-bounded by combining
this disparity with the ratio r and full proofs are deferred to
the Appendix.
Summary. Theorems 1 and 2 show that optimizing the
graph structure to maximize 2D-SE can improve GNN fair-
ness and avoid FPR shortcuts. This encourages more bal-
anced message aggregation from different sensitive groups,
and effectively reduces the influence of group imbalance in
node representations.

The Proposed Framework: FairGSE
Overview
Guided by the theoretical insights above, FairGSE aims to
enhance fairness and avoid FPR shortcut by optimizing the
2D-SE of the graph structure, while preserving the criti-
cal information in the original graph structure through con-
trastive learning. An overview of FairGSE is illustrated in
Figure 2. First, a graph structure learner qω learns a train-
able adjacency matrix Al by optimizing edge weights via
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Figure 2: Overview of FairGSE, which consists of graph structure learner, contrastive learning component and structure boot-
strapping mechanism.

2D-SE maximization. Second, a contrastive learning com-
ponent constructs two graph views: the original graph as the
anchor view, and the learner view, defined as the learnable
graph Gl formed by Al. Both views are encoded by a shared
GNN, and their projected node representation are aligned
using a contrastive loss to preserve structural consistency
while promoting fairness. Finally, we employ a structure
bootstrapping mechanism to progressively refine the anchor
view, aiming to mitigate inherited biases from the original
graph and prevent potential overfitting during training.

Graph Structure Learner
The graph structure learner qω in FairGSE learns a learnable
graph Gl by optimizing a trainable adjacency matrix Al,
with the goal of maximizing the 2D-SE HPS (Gl). Initially,
qω associates each existing edge e(i,j) in the original graph
(where A(i,j) > 0) with a trainable parameter a(i,j). Dur-
ing each training step, these parameters are transformed via
a sigmoid function σ(·) to produce edge weights in (0, 1):
Al

(i,j) = σ(a(i,j)), thus constructing the weighted adjacency
matrix Al of Gl. The 2D-SE HPS (Gl) is then computed on
Gl according to Definition 1. To maximize HPS (Gl), we
minimize the negative entropy objective:

min LSE = −HPS (Gl). (8)
Gradients are backpropagated through the computational
graph to update the parameters a(i,j). Specifically, the gra-
dient with respect to each a(i,j) is:

∇a(i,j)
HPS (Gl) =

∂HPS (Gl)

∂Al
· ∂Al

∂σ(a(i,j))
·
∂σ(a(i,j))

∂a(i,j)

. (9)

Contrastive Learning Component
We note that only using the 2D-SE may struggle to opti-
mize due to two fundamental challenges: (1) Optimization

instability. qω updates the entire adjacency matrix Al at each
training step, continuously changing the graph structure and
hindering stable optimization of the GNN encoder. (2) Struc-
ture distortion. Optimizing the learnable graph Gl may lead
to deviations from the original graph structure, which can
indirectly degrade the classification performance. To miti-
gate such deviations, we incorporate a contrastive learning
objective.
Graph View Establishment. Anchor view supplies the crit-
ical information in the original graph by adopting the orig-
inal adjacency matrix A. We init anchor view as Ga =
(V,Aa,X) = (V,A,X). To provide a more effective fair-
ness enhancement, anchor view is not updated by gradient
descent but a structure bootstrapping mechanism, which will
be introduced in the next subsection. Unlike standard graph
contrastive learning, our learner view Gl is optimized by
graph structure learner qω , which enables simultaneous fair-
ness enhancement and representation learning. The learner
view is denoted as Gl = (V,Al,X).

Both views share the same GNN encoder fθ and projector
gφ (2-layer MLP):

Za = gφ(fθ(V, Ga)) = gφ(H
a),

Zl = gφ(fθ(V, Gl)) = gφ(H
l),

(10)

where Ha,Hl are the node representation matrices and
Za,Zl are the projected node representation matrices for an-
chor view and learner view, respectively.

A symmetric normalized temperature-scaled cross-
entropy loss (NT-Xent) (Chen et al. 2020) is then applied
to maximize the agreement between the corresponding pro-
jected node representation:

Lcont =
1

2n

n∑
i=1

[
l
(
Za

(i,:),Z
l
(i,:)

)
+ l

(
Zl

(i,:),Z
a
(i,:)

)]
, (11)
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where Za
(i,:) and Zl

(i,:) denote the i-th row of Za and Zl, and

l
(
Za

(i,:),Z
l
(i,:)

)
= log

esim(Za
i,:,Z

l
(i,:))/t∑n

k=1 e
sim(Za

(i,:)
,Zl

(k,:)
)/t

, (12)

sim(·, ·) is the cosine similarity function, and t > 0 is the
temperature parameter. l

(
Zl

(i,:),Z
a
(i,:)

)
is computed follow-

ing l
(
Za

(i,:),Z
l
(i,:)

)
.

Intuitively, the contrastive loss Lcont is leveraged to en-
force maximizing the agreement between the projected rep-
resentation Za

(i,:) and Zl
(i,:) of the same node i on anchor

view and learner view. This joint update maximizes 2D-
SE while constraining the deviation of Gl from the original
graph structure. Theoretical support for this approach is pro-
vided by Theorem 2 in (Ling et al. 2023), which states that
−Lcont ≤ I(Ga, Gl). This inequality indicates that mini-
mizing the contrastive loss Lcont is equivalent to maximiz-
ing the mutual information I(Ga, Gl) between the anchor
view and learner view, thereby ensuring that the learned rep-
resentations capture the essential structural information of
the graph.

Structure Bootstrapping Mechanism
While fixing the anchor view as the original graph structure
Aa = A simplifies contrastive learning, it introduces two
barriers to fairness optimization: (1) Inherited Bias. The
anchor view inherits biases from the original graph, which
fundamentally limits the fairness performance of FairGSE.
(2) Progressive Overfitting. Due to the fixed anchor view,
the learner view is repeatedly trained to align with the bias
hidden within the anchor view, ultimately inheriting similar
unfairness.

To address these issues, inspired by (Grill et al. 2020; Liu
et al. 2022b), we design a structure bootstrapping mecha-
nism to provide a self-enhancing anchor view. The core idea
of our approach is to update the anchor structure Aa with
a slow-moving augmentation of the learned structure Al. In
particular, given a decay rate τ ∈ [0, 1], the anchor structure
Aa is updated in epochs as follows:

Aa = τAa + (1− τ)Al, (13)

where τ are set to 0.9999 in this paper. Benefiting from the
structure bootstrapping mechanism, FairGSE gradually in-
creases the uncertainty of sensitive attribute in the anchor
view by incorporating high 2D-SE from Al into Aa.

Training Objective
Assembling the previously discussed components, the final
objective function of FairGSE is depicted in Equation 14:

min L = Ltask + λ1Lcont − λ2LSE. (14)

This loss function consists of three parts and is controlled
by the tunable hyperparameters λ1 and λ2 to balance the
contributions of the various elements in the overall loss
function. Since we focus on the task of node classification,
the first term Ltask aims to minimize the classification loss.

Specifically, the prediction ŷi for node vi is obtained by
passing Ga into the GNN encoder fθ, followed by a lin-
ear classifier cϕ, i.e., ŷi = cϕ(fθ(vi, Ga)). The classifica-
tion loss is defined as Ltask = 1

|V|
∑n

i=1[yi log(ŷi) + (1 −
yi) log(1− ŷi)].

Experiments
In this section, we evaluate and analyze the effectiveness
of FairGSE. Specifically, we aim to answer the following
questions: RQ1: Does FairGSE outperform baselines in ad-
dressing FPR shortcut?. RQ2: What is the impact of each
component in the FairGSE framework on its overall perfor-
mance and fairness? RQ3: How sensitive is the performance
of FairGSE to the hyperparameters λ1 and λ2?

Experimental Setup
Datasets. Three real-world fairness datasets, namely Credit
(Yeh and Lien 2009), Pokec n and Pokec z (Takac and
Zabovsky 2012), are employed in our experiments. Table
2 provides key statistics for these datasets (more details
in Appendix). Baselines. We compare FairGSE with eight
baselines, including Vanilla GCN with two layers and seven
SOTA fairness-aware GNN methods: FairGNN (Dai and
Wang 2021), EDITS (Dong et al. 2022a), FairVGNN (Wang
et al. 2022), FairSIN (Yang et al. 2024a), FairINV (Zhu et al.
2024), DAB-GNN (Lee, Shin, and Kim 2025) and FairGP
(Luo et al. 2025). We use the source codes provided by the
authors. Evaluation Metrics. To evaluate the utility perfor-
mance, we use ACC, F1, AUC and FPR as the metrics. To
evaluate group fairness, we employ the fairness metrics ∆SP
and ∆EO. Implementation Details. We use Vanilla GCN as
the backbone for both the baselines and FairGSE. Hyperpa-
rameter settings for all baseline methods adhere to the guide-
lines provided by the respective authors. For FairGSE, we
use a 2-layer GCN with a hidden layer of size 64, the pro-
jector with a 32-dimensional 2-layer MLP and the classifier
with a 2-layer MLP. The hyperparameter λ1 for contrastive
learning is tuned within the range of {0.1, 1}, λ2 for 2D-SE
is tuned within {0.5, 5}. We use the same learning rate and
weight decay for all datasets, and they are 0.001 and 1e-5,
respectively. Following previous studies, all the methods are
evaluated by using a node classification task and splitting the
nodes into training(50% or the default setting of the number
of label nodes), validation(25%), and test (25%) sets. All
evaluations of FairGSE are conducted on a single NVIDIA
RTX 3090 GPU with 24GB memory. All models are imple-
mented with PyTorch and PyTorch-Geometric.

Comparison Results (RQ1)
To answer RQ1, we compare FairGSE with eight baseline
methods across three real-world datasets. As shown in Ta-
ble 1, FairGSE consistently outperforms all baselines in
terms of AUC and FPR, while achieving competitive fair-
ness performance.

On the imbalanced Credit dataset (78% positive labels, cf.
Table 2), FairGSE reduces the FPR by 9.81% compared to
Vanilla GCN, while decreasing ∆SP and ∆EO by 65.21% and
72.62%, respectively. When compared to the SOTA fairness
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Datasets Metrics Vanilla GCN FairGNN EDITS FairVGNN FairSIN FairINV DAB-GNN FairGP FairGSE

Credit

ACC 75.710.47 73.403.49 73.350.40 70.790.90 77.880.01 57.4218.73 77.021.74 77.967.00 75.080.13
AUC 74.071.40 70.262.94 71.630.66 70.790.90 71.990.86 71.062.60 62.2313.15 64.235.82 74.530.39
F1 83.970.84 81.983.62 81.770.45 87.600.07 87.560.01 59.9230.12 86.112.21 87.110.31 83.290.16

FPR(↓) 45.9611.38 46.4821.67 42.732.32 90.708.44 99.760.37 70.869.13 78.3625.23 84.679.92 41.451.23
∆SP(↓) 14.634.27 8.613.86 11.544.81 3.062.85 0.520.45 4.853.31 1.612.19 0.740.72 5.091.81
∆EO(↓) 12.314.14 6.843.19 9.664.81 1.431.38 0.400.34 3.173.52 1.341.71 0.870.37 3.371.91

Pokec n

ACC 69.720.71 69.750.84 OOM 68.521.00 67.081.39 68.790.29 68.120.30 64.231.22 71.100.41
AUC 75.221.76 76.301.44 OOM 75.160.36 71.390.89 73.680.12 73.700.10 67.431.99 77.240.15
F1 68.080.70 64.991.97 OOM 67.180.56 62.882.07 65.300.45 67.550.05 54.254.73 67.220.70

FPR(↓) 27.063.58 19.106.44 OOM 30.435.30 23.928.89 23.780.12 32.451.29 18.984.10 18.460.34
∆SP(↓) 1.681.28 2.451.53 OOM 0.940.84 1.060.93 1.010.88 1.961.56 1.060.75 0.900.46
∆EO(↓) 2.441.22 2.671.57 OOM 2.530.95 1.991.02 2.511.17 2.391.62 1.932.00 1.381.10

Pokec z

ACC 69.620.77 70.060.69 OOM 61.964.45 65.673.78 69.510.23 68.540.62 66.961.05 70.300.07
AUC 75.771.06 77.430.30 OOM 72.570.82 73.520.52 76.050.21 73.850.32 72.282.36 78.080.13
F1 70.041.06 70.050.78 OOM 69.001.77 68.151.73 70.430.22 69.580.91 67.952.71 70.040.12

FPR(↓) 27.565.96 27.226.20 OOM 58.9626.78 38.4922.38 26.620.21 29.922.92 32.3011.83 22.800.75
∆SP(↓) 2.281.75 1.300.71 OOM 2.950.77 1.400.75 4.750.70 0.960.73 3.191.48 0.960.25
∆EO(↓) 2.131.62 2.570.84 OOM 2.400.77 1.010.84 3.500.50 3.460.51 3.822.30 1.380.11

Table 1: Comparison results of FairGSE and baseline fairness methods on GCN. In each row, the best result is indicated in
bold, while the runner-up result is marked with an underline. OOM: out-of-memory on a GPU with 24GB memory.

Dataset Credit Pokec n Pokec z

# Nodes 30,000 66,569 67,797
# Features 14 266 277
# Edges 2,873,716 1,100,663 1,303,712
Positive label ratio 0.78 0.51 0.54
Sensitive attribute Age Region Region
Avg. degree 95.79 16.53 19.23
Avg. inter-edge 3.84 0.73 0.90

Table 2: Dataset statistics. ‘Avg.’ means ‘Average number
of’, ‘inter-edge’ means the edge with the two endpoints that
have different sensitive attributes.

method FairSIN, FairGSE improves AUC by 4.88% and re-
duces FPR by 58.45%, albeit with slightly higher ∆SP and
∆EO values. Notably, several baselines achieve near-perfect
fairness (e.g., ∆SP and ∆EO close to zero) by exploiting the
FPR shortcut, as evidenced by their significantly high FPR
values.

On the Pokec n and Pokec z datasets, which have more
balanced label, FairGSE achieves the best or second-best
performance across all evaluation metrics. For instance, on
Pokec n, FairGSE achieves the best ∆SP performance and
reduces the FPR by nearly 39.34% compared to the second-
best method.

Overall, Table 1 illustrates that FairGSE achieves the most
favorable trade-off between group fairness and FPR control
among all evaluated methods. These gains are attributed to
its principled joint optimization strategy, which maximizes
2D-SE while preserving critical information in the original
graph structure through contrastive learning.

Ablation Study (RQ2)
We conduct an ablation study to evaluate the impact of
removing individual components from the core modules
of FairGSE. Specifically, we consider the following vari-
ants: (a) FairGSE without Graph Structure Learner
(w/o GSL): this variant retains only the contrastive learn-
ing component. We follow the data augmentation strategy
described in GraphCL (You et al. 2020), including ran-
dom edge dropout, feature masking, and node dropping.
(b) FairGSE without Contrastive Learning (w/o CL):
this variant removes the contrastive learning objective and
trains the model solely by optimizing the adjacency matrix
A to maximize 2D-SE, while keeping all other settings un-
changed. (c) FairGSE without Structure Bootstrapping
Mechanism (w/o SBM): In this variant, we evaluate the im-
pact of removing the structure bootstrapping mechanism on
model performance and fairness. The results across three
datasets — Credit, Pokec n, and Pokec z — are shown in
Figure 3, from which we make the following observations:
• (a) FairGSE w/o GSL: When graph structure learner is re-
moved and only contrastive learning is used, the model ex-
hibits a significantly higher FPR on the imbalanced Credit
dataset. However, fairness metrics (∆SP and ∆EO) remain
relatively strong. This is due to the fairness-enhancing ef-
fect of augmentations used in GraphCL, such as edge drop
and feature masking, which have been shown in prior work
to mitigate bias (Spinelli et al. 2021). Nevertheless, fairness
strategies alone tend to cause a high FPR on imbalanced
data, confirming our earlier analysis.
• (b) FairGSE w/o CL: When contrastive learning is re-
moved and the model is trained solely via 2D-SE max-
imization, both FPR and group fairness metrics improve
compared to Vanilla GCN. However, performance is less
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Figure 3: Ablation study results for FairGSE on all datasets. Higher value indicating better performance for AUC, and lower
values preferred for FPR, ∆SP and ∆EO.

stable and falls short of the optimal trade-off achieved by
the full FairGSE. This suggests that while graph structure
learner can promote fairness, it continuously altering the
graph structure and hindering stable optimization, thereby
degrading classification performance.
• (c) FairGSE w/o SBM: Our experimental results show
that even without the structure bootstrapping mechanism,
the model maintains comparable performance metrics to the
full FairGSE. However, on the Credit dataset, we observe
a notable improvement in fairness when the structure boot-
strapping mechanism is included. This is because, without
bootstrapping, the structure learner repeatedly aligns with
a fixed, potentially biased anchor view. Then, the model is
easier to learn the bias within the anchor view.

These findings underscore the importance of FairGSE’s
joint optimization strategy: maximizing 2D-SE to promote
fairness and reduce FPR while using contrastive learning to
preserve the critical information in the original graph struc-
ture. As shown in Figure 3, full FairGSE achieves the highest
AUC on Credit while effectively reducing FPR. Moreover,
contrastive learning improves training stability and general-
ization beyond what 2D-SE alone can provide. These results
validate our theoretical hypothesis — that entropy-guided
re-weighting, combined with contrastive learning, is key to
breaking the ‘fairness–FPR’ trade-off.

Hyperparameters Analysis (RQ3)
We explore the sensitivity of FairGSE with respect to
two key hyperparameters: λ1 and λ2. We assess the im-
pact of these hyperparameters on the FairGSE’s perfor-
mance and fairness by conducting experiments where λ1

and λ2 are varied across the set {0.1, 0.2, · · · , 0.9, 1.0} and
{0.5, 1, · · · , 4.5, 5}, respectively. We use the imbalanced
dataset Credit as a case study, the outcomes are depicted in
Figure 4. The results indicate a clear trend: an increase in
λ1 generally leads to better fairness, which means FairGSE
benefited from the learner view by contrastive loss. This is
attributed to the maximum 2D-SE strategy, which enhances
the fairness of GNN. Correspondingly, when λ1 continuous
growth, FairGSE is also affected by the anchor view, which
causes high FPR. When λ1 is 0.5, FairGSE achieves the
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Figure 4: The hyperparameters study results on the Credit.

best trade-off of fairness-FPR. The coefficient λ2 controls
the magnitude of the 2D-SE maximization. Since the objec-
tive is to minimise −λ2LSE , if λ2 is set too large, the loss
term itself becomes dominated by its magnitude, preventing
the optimizer from effectively maximizing the 2D-SE. As
shown in Figure 4, the smaller λ2 will have a better trade-
off of ‘fairness-FPR’.

Conclusion
In this work, we investigate the problem of high false pos-
itive rates (FPR) in fairness-aware GNNs. To address this
challenge, we introduce two-dimensional structural entropy
(2D-SE) and theoretically formulate the trade-off between
fairness and FPR as a 2D-SE maximization problem. Based
on this insight, we propose a novel framework, FairGSE,
which leverages contrastive learning to preserve critical
structural information from the original graph while opti-
mizing 2D-SE. Experiments demonstrated that FairGSE sig-
nificantly outperforms existing methods in terms of both
fairness metrics (∆SP and ∆EO) and prediction reliability
(AUC and FPR). As future work, we aim to extend FairGSE
to handle more complex tasks (e.g., multi-class or edge pre-
diction) and the case of limited or unavailable sensitive at-
tributes.
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