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Abstract

Graph Neural Networks (GNNs) have become essential tools
for graph representation learning in various domains, such as
social media and healthcare. However, they often suffer from
fairness issues due to inherent biases in node attributes and
graph structure, leading to unfair predictions. To address these
challenges, we propose a novel GNN framework, DAB-GNN,
that Disentangles, Amplifies, and deBiases attribute, structure,
and potential biases in the GNN mechanism. DAB-GNN em-
ploys a disentanglement and amplification module that isolates
and amplifies each type of bias through specialized disentan-
glers, followed by a debiasing module that minimizes the dis-
tance between subgroup distributions. Extensive experiments
on five datasets demonstrate that DAB-GNN significantly out-
performs ten state-of-the-art competitors in terms of achieving
an optimal balance between accuracy and fairness.

Code — https://github.com/Bigdasgit/DAB-GNN

1 Introduction
Background. In the real world, data from various domains
such as social media, healthcare, and finance can be repre-
sented as graph data (Rozemberczki et al. 2022; Tang and
Liu 2009; Yoo et al. 2023; Kim et al. 2024). In these graphs,
entities (e.g., users) are depicted as nodes, and pairwise rela-
tionships between these entities (e.g., friendship) are depicted
as edges. This structural representation enables the effective
analysis of complex relationships within the graph data.

Recent advancements in graph representation learning
have utilized Graph Neural Networks (GNNs) to map nodes
into low-dimensional embedding space (Kipf and Welling
2017; Kim, Lee, and Kim 2023; Sharma et al. 2024). Using
a message-passing framework, GNNs iteratively aggregate
information from a node and its neighbors to produce the
final embedding of the node that effectively captures both
node attributes and the graph’s structure (Hamilton, Ying,
and Leskovec 2017; Kipf and Welling 2017). Consequently,
GNNs have demonstrated superior performance in a variety
of tasks like node classification and link prediction (Sun et al.
2024; Chamberlain et al. 2023; Kim, Lee, and Kim 2024).

*Corresponding author.
Copyright © 2025, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

Motivation. However, predictions based on node embeddings
learned by GNNs can be unfair due to the biases inherent
in the input graph data, such as node attributes and graph
structure, as well as the biases introduced by the message-
passing mechanism of GNNs (Dai and Wang 2021; Wang
et al. 2022; Ling et al. 2023; Li et al. 2024; Jiang et al. 2024;
Neo et al. 2024). Specifically, node attributes may exhibit
different distributions across subgroups (e.g., male and fe-
male) defined by sensitive attributes (e.g., gender), referred
to as attribute bias (Dong et al. 2022). For instance, in job
application data, the average income of employees may differ
across genders. Additionally, the graph structure itself can be
biased, as nodes with similar sensitive attributes tend to form
connections, known as structure bias (Dong et al. 2022). For
example, on social network platforms, users predominantly
form friendships within same sensitive attributes (Rahman
et al. 2019; Dai and Wang 2021).

Moreover, the message-passing mechanism in GNNs can
introduce what we call potential bias by combining existing
attribute and structure biases. When node attributes and graph
structure interact, new biases may emerge that were not evi-
dent in either aspect alone. As one instance of potential bias,
Wang et al. (2022) observed that biases related to sensitive at-
tributes can unintentionally spread to non-sensitive attributes
during the GNN process. This type of bias is distinct as it
arises from the interplay between node attributes and graph
structure.1 As a result, a GNN method may inadvertently
encode these biases in the final embeddings, leading to unfair
predictions correlated with sensitive attributes.
Challenges. To mitigate these issues, various fairness-aware
GNN (FGNN) methods, such as FairGNN (Dai and Wang
2021), EDITS (Dong et al. 2022), and FairVGNN (Wang et al.
2022), have been proposed (Dong et al. 2023a), which will be
discussed in detail in Section 2. They are generally classified
into three categories: pre-processing, in-processing, and post-
processing (Chen et al. 2024). The pre-processing approach
aims to eliminate biases before model training, while the
in-processing approach modifies the objective function or
model architecture aiming to learn bias-free node embeddings
during training. The post-processing approach aims to adjust

1It might be an amplified form of attribute or structure bias, or
something entirely new. However, given the uncertainty of its nature,
we refer to it as potential bias in this paper.
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the final embeddings or predictions after training.
However, existing methods often overlook a critical as-

pect in removing sensitive information from the final node
embeddings: “Not All Biases Are the Same.” Attribute bias,
structure bias, and potential bias each causes sensitive at-
tributes to affect the model: (i) attribute bias affects how node
attributes are distributed across subgroups; (ii) structure bias
stems from connections between nodes with similar sensi-
tive attributes; (iii) potential bias arises when the interplay
between node attributes and graph structure makes neutral at-
tributes strongly correlated with sensitive attributes. Recently,
some methods have attempted to identify and address specific
biases (e.g., attribute and structure biases for EDITS (Dong
et al. 2022)). However, all FGNN methods, including ED-
ITS, still try to tackle all biases at once by using a single,
entangled embedding for each node. This one-size-fits-all
strategy may fail to address the unique nature of each bias,
leading to inadequate debiasing and persistent unfairness.
Consequently, effectively disentangling these biases within
node embeddings remains a significant challenge.
Our Work. To address the challenge, we propose a novel
method named DAB-GNN, which Disentangles, Amplifies,
and deBiases the attribute, structure, and potential biases
through a GNN framework. DAB-GNN operates with two key
modules: disentanglement and amplification, and debiasing.

The disentanglement and amplification module uses
three disentanglers, each dedicated to isolating a specific
type of bias–attribute, structure, or potential–from the input
graph, and encoding them into three disentangled embed-
dings for each node. In this module, we deliberately amplify
these biases by leveraging the message-passing mechanism
of GNN. This amplification preserves the distinct property of
each bias, significantly enhancing the effectiveness of the sub-
sequent debiasing process. The debiasing module employs
two regularizers: the bias contrast optimizer (BCO) and the
fairness harmonizer (FH). The BCO ensures that different
bias embeddings remain clearly distinct, while the FH re-
duces the impact of sensitive attributes by aligning subgroup
distributions within each bias-specific embedding.

Once the disentangled embeddings have been created, they
are concatenated and used to train model parameters for vari-
ous downstream tasks like node classification and link pre-
diction. Extensive experiments demonstrate that DAB-GNN
successfully captures different biases from the input graph,
and its strategies for disentangling, amplifying, and debiasing
these biases are highly effective in mitigating unfairness.
Contributions. Our contributions are as follows:

• Observation: We identify and address the critical limita-
tions of learning entangled embeddings in GNNs, high-
lighting their impact on fairness.

• Novel Framework: We introduce DAB-GNN, a framework
that learns disentangled embeddings for fair GNNs.

– We design a three-disentangler architecture that effec-
tively isolates and amplifies attribute, structure, and po-
tential biases in the embedding space.

– We devise a multi-objective loss function that further
separates these disentangled biases while minimizing

the influence of sensitive attributes in the embeddings.

• Experimental Validation: We validate DAB-GNN by com-
paring it with ten state-of-the-art competitors across five
real-world datasets, achieving a superior trade-off between
accuracy and fairness metrics.

2 Preliminaries
Related Work
Fairness in graph mining, particularly in the context of GNNs,
is a crucial area of research. Commonly studied notions in
FGNN include group fairness and individual fairness (Du
et al. 2021). Group fairness ensures that an algorithm does
not produce biased outcomes against minority groups defined
by sensitive attributes On the other hand, individual fairness
ensures that an algorithm gives similar outcomes to similar
nodes. We focus on group fairness, the most widely stud-
ied concept in FGNN research, and review recent studies
proposed to ensure group fairness in GNNs.

FairGNN (Dai and Wang 2021) uses an adversarial net-
work to remove sensitive information from embeddings and
designs a sensitive attribute estimator when such informa-
tion is limited. EDITS (Dong et al. 2022) modifies graph
data to reduce the Wasserstein distance between subgroups
before training, while FairVGNN (Wang et al. 2022) min-
imizes sensitive attribute leakage through adversarial net-
works. PFR-AX (Merchant and Castillo 2023) uses Pairwise
Fair Representation (PFR) technique (Lahoti, Gummadi, and
Weikum 2019) to decrease subgroup separability, and Post-
Process (Merchant and Castillo 2023) adjusts outcomes to
close the prediction gaps for minorities. BIND (Dong et al.
2023b) introduces Probabilistic Distribution Disparity (PDD)
to measure and remove bias-contributing nodes.

In contrast, methods like NIFTY, CAF, and GEAR leverage
counterfactuals to ensure group fairness. NIFTY (Agarwal,
Lakkaraju, and Zitnik 2021) enhances fairness and stability
by utilizing edge drops, attribute noise, and counterfactuals
that flip sensitive attributes. CAF (Guo et al. 2023) gener-
ates counterfactuals by finding similar nodes from other sub-
groups to minimize discrepancies. GEAR (Ma et al. 2022)
uses GraphVAE (Kipf and Welling 2016) to generate coun-
terfactuals when sensitive attributes are altered, reducing the
gap between the original and counterfactual embeddings.

Fairness Analysis on Real-World Datasets
We begin by reviewing the fairness metrics commonly used
in FGNN research, followed by an analysis of real-world
graph datasets based on these metrics.
Embedding-Level Fairness Metrics. A key measure of bias
in GNNs is the distribution difference of node attributes or
learned embeddings between subgroups (Dong et al. 2022).
A greater distribution difference can lead to more-biased
outcomes by making it easier for GNNs to infer a node’s
sensitive attribute (Buyl and Bie 2020; Chen et al. 2024).
To assess this, we use two metrics related to distribution
difference, which are proposed by Dong et al. (2022):

• Attribute Bias (AttrBias) measures the distribution differ-
ence in the attribute matrix between subgroups.
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Datasets Nodes Edges
Intra-Group

Edges
Inter-Group

Edges

NBA 403 10,822 7,887 2,935

Recidivism 18,876 321,308 172,259 149,049

Credit 30,000 1,436,858 1,379,322 57,536

Pokec_n 66,569 550,331 526,038 24,293

Pokec_z 67,797 651,856 621,337 30,519

Table 1: Dataset statistics.

• Structure Bias (StruBias) measures the distribution dif-
ference of node embeddings between subgroups after ap-
plying a GNN method.

Neighborhood-Level Fairness Metrics. In GNNs, the aggre-
gation of neighborhood information heavily influences node
embeddings (Wu et al. 2021). When intra-subgroup connec-
tions dominate and inter-subgroup connections are sparse,
GNNs tend to learn embeddings that are similar within sub-
groups and distinct across subgroups (Chen et al. 2024; Wang
et al. 2022; Dai and Wang 2021). We measure this effect by
using two neighborhood-level metrics:

• Homophily Ratio (HomoRatio) measures the proportion
of intra-subgroup edges to all edges in a graph dataset.

• Neighborhood Fairness (NbhdFair) captures the average
entropy of each node’s neighbors in a graph dataset.

Detailed equations for calculating each of these metrics
can be found in the online appendix at https://github.com/
Bigdasgit/DAB-GNN.

Using the metrics discussed above, we analyzed the inher-
ent biases in various real-world graph datasets (Dai and Wang
2021; Takac and Zabovsky 2012; Agarwal, Lakkaraju, and
Zitnik 2021), including NBA, Recidivism, Credit, Pokec_z,
and Pokec_n, detailed in Table 1.

• NBA: This dataset includes NBA player demographics and
Twitter friendships. The sensitive attribute is nationality
(American or not), and the task is to predict whether a
player earns above the median salary.

• Recidivism: This dataset contains defendants released on
bail, with relationships based on crime records and demo-
graphics. The sensitive attribute is race, and the task is to
predict bail eligibility.

• Credit: This dataset includes credit card users, with re-
lationships based on payment similarity. The sensitive at-
tribute is age, and the task is to predict credit card default.

• Pokec_n and Pokec_z: These datasets are from the Slovak
social network Pokec, divided by region, with friendships
forming the relationships. The sensitive attribute is region,
and the task is to predict the user’s working field.

Table 2 presents the results of the fairness metrics. Higher
values for attribute bias and structure bias, along with a ho-
mophily ratio closer to 1 and neighborhood fairness closer to
0, indicate a higher degree of inherent bias in each dataset.
The analysis reveals that biases vary across datasets, with
each exhibiting different dominant biases. For example, the

Datasets AttrBias (↑) StruBias (↑) HomoRatio (↑) NbhdFair (↓)

NBA 4.148 5.898 0.729 0.499

Recidivism 0.953 1.098 0.536 0.657

Credit 2.463 4.451 0.960 0.158

Pokec_n 0.142 0.248 0.956 0.114

Pokec_z 0.009 0.179 0.953 0.132

Table 2: Fairness analysis for graph datasets. (↑) and (↓)
indicate that higher and lower values correspond to greater
inherent bias for the corresponding metric, respectively.

NBA dataset shows significant attribute and structure biases,
high homophily, and moderate neighborhood fairness, while
the Pokec datasets show low attribute and structure biases
but high homophily and low neighborhood fairness. These
findings support our claim in Section 1, emphasizing the
importance of addressing each bias according to its unique
characteristics, as biases manifest differently and do not al-
ways follow consistent patterns in different datasets.

3 The Proposed Framework: DAB-GNN
Problem Definition
Given an attributed graph G = (V, E ,X), where V and E
denote the sets of n nodes and m edges, respectively, and
X ∈ Rn×d represents the node attribute matrix with d at-
tributes, GNNs aim to learn p-dimensional node embeddings
H ∈ Rn×p that capture the graph’s structure and attribute
information. However, the presence of a sensitive attribute
(e.g., gender) in the nodes can introduce biases that lead to
unfair predictions. This attribute, which can be represented
as S ∈ {0, 1}n if it is binary, may cause the embeddings to
inadvertently encode discriminatory patterns against certain
subgroups. Thus, the goal of FGNN methods is to learn node
embeddings that are both fair and accurate.

Overview
Figure 1 provides an overview of DAB-GNN, and Table 3 lists
the notations used in this paper. DAB-GNN consists of two key
modules: (M1) Disentanglement and Amplification Module,
and (M2) Debiasing Module. In (M1), DAB-GNN disentan-
gles node embeddings into three components: attribute bias,
structure bias, and potential bias. Each component is handled
by a specialized disentangler that identifies and amplifies the
corresponding bias. These disentangled embeddings are then
concatenated into a comprehensive representation, which
is used for training in various downstream tasks like node
classification or link prediction. In (M2), DAB-GNN refines
the disentangled embeddings to ensure they are distinct and
fair. This is achieved through two key regularizers: the bias
contrast optimizer (BCO), which enforces clear separation
between different bias embeddings, and the fairness harmo-
nizer (FH), which reduces the impact of sensitive attributes
by minimizing the distance between subgroup distributions.

Key Modules
(M1) Disentanglement and Amplification Module. The
goal of this module is to disentangle the node embeddings
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Figure 1: Overview of DAB-GNN, which consists of (M1) disentanglement and amplification module, and (M2) debiasing module.

Notation Description

G = (V, E,X) Attributed graph with node set V , edge set E , and node
feature matrix X

S ∈ {0, 1}n Sensitive attribute that may introduce bias

Aattr,Astru Adjacency matrices of the k-NN graph based on attribute
similarity and the input graph.

Hattr, Hstru, Hpot Disentangled node embeddings for attribute, structure,
and potential biases

Table 3: Notations used in this paper.

into three distinct components, each addressing a specific
type of bias: attribute bias, structure bias, and potential bias.
As discussed in Section 1, biases in graph data can originate
from various sources, including the node attributes, the graph
structure, or the interactions between these two elements.
By separating these biases, DAB-GNN can independently ad-
dress each one, making it more effective in identifying and
mitigating their effects.
• Attribute Bias Disentangler (AbDisen): This component

leverages a specialized GNN to effectively capture the
attribute bias. The process begins with the attribute matrix
Xattr ∈ Rn×d, which represents the node attributes of
the input graph. Using Xattr, we construct a k-Nearest
Neighbors (k-NN) graph based on the Euclidean distance
between node attributes. The distance between two nodes
i and j is quantified as De(i, j) =

√∑d
r=1(xir − xjr)2,

where xi and xj represent the attribute vectors for nodes i
and j in Xattr, respectively. Based on De(i, ·), the k nearest
neighbors for each node i are identified. The k-NN graph
is then represented by the adjacency matrix Aattr ∈ Rn×n:

Aattr(i, j) =

{
1 if j is the k nearest neighbors of i,
0 otherwise.

(1)

Next, the AbDisen performs message passing by using the
adjacency matrix Aattr and node attributes Xattr, generat-
ing the attribute bias embeddings (AbEmb). This process

inherently amplifies the attribute bias, as the message-
passing mechanism propagates and aggregates only the
information related to node attributes in Xattr and Aattr.
The AbEmb matrix H

(l+1)
attr ∈ Rn×p at layer (l + 1) is

computed as follows:

H
(l+1)
attr = σ

(
Aattr ·H(l)

attr ·W
(l)
attr + b

)
, (2)

where H
(0)
attr = Xattr, W

(l)
attr indicates the learnable weight

matrix at layer l. σ(·) and b ∈ Rp denote an activation
function and a bias vector, respectively. The final AbEmb
Hattr is obtained after L layers of AbDisen GNN.

• Structure Bias Disentangler (SbDisen): This compo-
nent leverages another specialized GNN to capture the
structure bias, where the message-passing mechanism
updates node embeddings based solely on the graph’s
structure. The process begins with the adjacency matrix
Astru ∈ Rn×n, which represents the input graph’s connec-
tivity, and (randomly initialized) learnable node features
Xstru ∈ Rn×d. By using these (random) features instead
of actual node attributes, the SbDisen ensures that only
the structure bias is amplified.
The matrix of structure bias embeddings (SbEmb)
H

(l+1)
stru ∈ Rn×p at layer (l + 1) is computed as follows:

H
(l+1)
stru = σ

(
Astru ·H(l)

stru ·W
(l)
stru + b

)
, (3)

where H
(0)
stru = Xstru, and W

(l)
stru indicates the learnable

weight matrix at layer l. The final SbEmb Hstru is obtained
after L layers of SbDisen GNN.
Note that the two GNNs used in the AbDisen and the
SbDisen have independent architectures and do not share
their parameters (e.g., Wattr and Wstru). This design al-
lows the attribute and structure biases to be captured and
amplified separately, minimizing any cross-contamination
between these two distinct types of biases.

• Potential Bias Disentangler (PbDisen): This component
addresses the potential bias that arises from the interaction
between attribute and structure biases. The process begins
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by creating an entangled embedding matrix Hent, which
is generated by concatenating AbEmb and SbEmb and
passing them through a multi-layer perceptron (MLP):

Hent = MLP ([Hattr |Hstru]) , (4)

where [· | ·] represents the concatenation of two matrices.
The entangled embeddings preserve correlations between
the two types of biases that might not be apparent individ-
ually. To produce the matrix of potential bias embeddings
(PbEmb) Hpot ∈ Rn×d, the PbDisen subtracts AbEmb
and SbEmb from the entangled embeddings Hent:

Hpot = Hent −Hattr −Hstru. (5)

This subtraction effectively eliminates the individual im-
pact of attribute and structure biases, revealing the more
nuanced bias that emerges from their interaction.

After disentangling and amplifying each bias, the final
step is to concatenate the disentangled embeddings into a
comprehensive representation for each node, i.e., Hfinal =
[Hattr|Hstru|Hpot]. This concatenated embedding is then used
to train the model for various downstream tasks. For instance,
in a node classification task, the loss function is typically the
Negative Log-Likelihood (NLL) loss (Bishop 2007):

Lprimary = −
n∑

i=1

[yi log(ŷi) + (1− yi) log(1− ŷi)], (6)

where yi and ŷi indicate the true label of node i and the
predicted probability for the label of node i, respectively. For
other tasks, the appropriate loss function should be applied.
(M2) Debiasing Module. The goal of this module is to refine
the disentangled embeddings to ensure that predictions are
free from biases related to sensitive attributes. Despite the ini-
tial disentanglement, the embeddings for different bias types
may still overlap in the embedding space due to residual sim-
ilarities or interdependencies. Thus, it is crucial to achieve
a clear separation of each bias in the embedding space and
most importantly, to eliminate any sensitive information from
the corresponding embeddings. To do this, this module lever-
ages two regularizers: the bias contrast optimizer (BCO) and
the fairness harmonizer (FH).

• Bias Contrast Optimizer (BCO): This component en-
sures that the three types of disentangled embeddings–
attribute, structure, and potential biases–remain distinct
and clearly represent their respective bias. The regularizer
Lbco for this process is formally defined as:

Lbco = −
∑
q ̸=r

Df (Hq,Hr) , (7)

where q, r ∈ {attr, stru, pot}. The distance function
Df (·, ·) is defined by using the Frobenius norm (Golub
and Van Loan 2013) as follows:

Df (Hq,Hr) = |Hq −Hr|F . (8)

This regularizer enforces a strong separation between em-
beddings from different bias components.

• Fairness Harmonizer (FH): This component reduces
sensitive information in the disentangled embeddings by
minimizing the Wasserstein-1 distance (Villani 2003) be-
tween subgroup distributions for each bias type q. The
regularizer Lfh is formally defined as follows:

Lfh =
∑

q∈{attr,stru,pot}

W (P(Hq(0)),P(Hq(1))) , (9)

where W(·, ·) denotes the Wasserstein distance between
two probability distributions P(Hq(0)) and P(Hq(1)),
representing the distributions of disentangled embeddings
for the bias type q in subgroups 0 and 1, respectively. The
Wasserstein distance W(P,Q) is calculated as follows:

W(P,Q) = inf
γ∈Γ(P,Q)

E(x,y)∼γ [∥x− y∥1], (10)

where Γ(P,Q) denotes the set of all joint distributions
γ(x, y) whose marginals are P and Q. However, since
directly calculating the Wasserstein distance is intractable,
we adopted an approximation from Dong et al. (2022) to
enable end-to-end gradient optimization.

It should be noted that Lbco operates across different types
of bias embeddings–AbEmb, SbEmb, and PbEmb, while Lfh
refines the embeddings within each bias type.

Training
For each node i in the input graph G, its disentangled embed-
dings and associated parameters (e.g., Wattr and Wstru) are
learned by optimizing the following loss function:

Ltotal = Lprimary + α · Lfh + β · Lbco, (11)

where α and β denote hyperparameters that balance the con-
tributions of the FH and BCO regularizers, respectively.

4 Evaluation
We designed our experiments, aiming at answering the fol-
lowing key evaluation questions (EQs):

• (EQ1) Does DAB-GNN outperform competitors in balanc-
ing accuracy and fairness?

• (EQ2) What is the impact of bias disentangling, amplifying,
and debiasing strategies on model performance?

• (EQ3) How well are the different biases isolated in the
embedding space?

• (EQ4) How sensitive is the performance of DAB-GNN to
the hyperparameters α and β?

We also showed that DAB-GNN requires a reasonable
computational cost, with training time increasing approx-
imately linearly as the number of nodes grows. Detailed
experimental results are available in the online appendix at
https://github.com/Bigdasgit/DAB-GNN.

Experimental Setup
Datasets. We used 5 real-world graph datasets for our ex-
periments: NBA, Recidivism, Credit, Pokec_n, and Pokec_z,
which are all publicly available. Table 1 provides key statis-
tics for these datasets (more details in Section 2).
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Metrics L1-Vanilla L3-Vanilla FairGNN NIFTY EDITS FairVGNN CAF GEAR BIND PFR-AX PostProcess FairSIN DAB-GNN
N

BA

ACC (↑) 57.97 58.73 60.76 63.29 69.11 65.57 60.51 57.98 60.76 70.63 58.73 66.58 71.39
AUC (↑) 63.75 63.33 74.91 70.75 71.82 79.96 67.06 60.04 79.33 73.26 63.33 71.72 80.56

F1 (↑) 61.55 62.00 70.69 66.86 74.99 72.93 68.81 65.08 70.50 74.06 62.00 74.21 73.51

SP (↓) 32.94 32.83 6.39 9.82 8.98 7.82 0.00 20.53 4.55 4.03 32.83 12.96 1.12
EO (↓) 33.68 35.95 10.14 8.60 4.39 13.28 0.00 21.94 1.77 13.56 35.95 2.34 0.80

R
ec

id
iv

is
m

ACC (↑) 84.18 83.73 84.50 79.94 78.18 83.64 86.79 78.32 84.49 85.41 81.28 86.59 89.99
AUC (↑) 86.90 86.84 89.05 81.23 83.62 84.38 87.07 81.30 89.13 89.48 83.23 89.08 93.41

F1 (↑) 78.65 78.10 79.77 69.77 73.16 76.89 80.63 71.18 79.82 79.48 75.91 80.87 86.31

SP (↓) 7.79 8.13 6.64 3.69 10.89 5.42 5.73 5.81 9.24 6.13 1.43 5.65 0.73
EO (↓) 5.23 5.65 3.16 2.97 7.62 3.92 3.41 4.11 4.61 4.14 2.92 3.59 0.90

C
re

di
t

ACC (↑) 73.57 73.92 73.99 73.43 74.77 77.92 76.00 o.o.m 74.60 63.96 73.21 77.60 78.19
AUC (↑) 73.48 73.40 64.19 72.14 72.30 68.67 65.72 o.o.m 71.91 66.90 70.10 71.57 71.41

F1 (↑) 81.87 82.16 83.08 81.70 82.99 87.48 85.15 o.o.m 82.76 73.95 82.03 87.23 87.39

SP (↓) 13.88 12.18 3.17 11.60 7.98 0.40 11.70 o.o.m 11.76 19.19 1.39 0.69 0.44
EO (↓) 11.68 10.04 1.73 9.30 6.09 0.16 8.51 o.o.m 9.15 22.66 1.83 0.66 0.45

Po
ke

c_
n

ACC (↑) 66.97 65.27 63.56 67.86 o.o.m 69.51 o.o.m o.o.m 55.69 o.o.m 66.54 65.69 67.18
AUC (↑) 72.73 70.74 67.10 73.92 o.o.m 73.99 o.o.m o.o.m 58.99 o.o.m 71.76 72.89 73.68

F1 (↑) 65.70 64.91 59.79 66.25 o.o.m 66.01 o.o.m o.o.m 52.36 o.o.m 65.91 67.44 62.34

SP (↓) 7.90 17.19 3.28 1.20 o.o.m 2.77 o.o.m o.o.m 6.78 o.o.m 14.97 2.40 0.71
EO (↓) 7.09 14.88 5.05 1.23 o.o.m 3.38 o.o.m o.o.m 5.96 o.o.m 11.38 1.64 1.09

Po
ke

c_
z

ACC (↑) 64.92 65.40 62.97 65.71 o.o.m 63.38 o.o.m o.o.m 58.38 o.o.m 64.39 62.21 68.56
AUC (↑) 70.03 69.84 65.81 70.57 o.o.m 68.99 o.o.m o.o.m 61.20 o.o.m 69.08 68.81 74.85

F1 (↑) 65.48 65.08 64.47 65.00 o.o.m 67.31 o.o.m o.o.m 58.13 o.o.m 65.45 65.37 67.94

SP (↓) 7.27 10.91 4.79 5.03 o.o.m 5.04 o.o.m o.o.m 6.13 o.o.m 12.18 0.96 0.67
EO (↓) 4.05 7.88 3.65 1.24 o.o.m 3.06 o.o.m o.o.m 4.96 o.o.m 7.14 1.64 0.73

Table 4: Accuracy and fairness results of DAB-GNN and competitors across five real-world datasets. (↑) and (↓) mean higher and
lower values are better, respectively; ‘o.o.m’ denotes ‘out of memory.’

Competitors. We compared DAB-GNN against two baselines–
Vanilla GCN with one layer (L1-Vanilla) and three layers
(L3-Vanilla)–as well as ten state-of-the-art FGNN meth-
ods: FairGNN (Dai and Wang 2021), NIFTY (Agarwal,
Lakkaraju, and Zitnik 2021), EDITS (Dong et al. 2022),
FairVGNN (Wang et al. 2022), CAF (Guo et al. 2023),
GEAR (Ma et al. 2022), BIND (Dong et al. 2023b), PFR-
AX (Merchant and Castillo 2023), PostProcess (Merchant
and Castillo 2023), and FairSIN (Yang et al. 2024).

Evaluation Tasks. Following previous studies (Agarwal,
Lakkaraju, and Zitnik 2021; Dai and Wang 2021; Dong et al.
2022; Wang et al. 2022), we assessed the methods by using
a node classification task, splitting the nodes into training
(50%), validation (25%), and test (25%) sets. We measured
accuracy with three metrics: Accuracy (ACC), Area Under
the Curve (AUC), and F1-Score. In addition, we evaluate
fairness by using Statistical Parity (SP) (Dwork et al. 2012)
and Equality of Opportunity (EO) (Hardt, Price, and Srebro
2016), where lower values indicate better model fairness. De-
tailed equations for calculating SP and EO are provided in
the online appendix.

Implementation Details. We used Vanilla GCN as the back-
bone for both the competitors and DAB-GNN, carefully tun-
ing their hyperparameters via grid search. For DAB-GNN, we
used a 3-layer GCN with a hidden layer of size 16, a gradient
penalty (Gulrajani et al. 2017) of 10, 1,000 epochs, the em-
bedding dimensionality of 48, and a weight decay of 0.00001.
The hyperparameters k for k-NN graph construction and α

for Lfh were tuned within the range of {1, 100}, while β for
Lbco was tuned within {0.00001, 0.1}. All experiments were
conducted by using five different seed settings, and we report
the average accuracy. For complete implementation details,
please refer to the online appendix.

Results
(EQ 1) Comparison with 12 Competitors. To evaluate how
well DAB-GNN balances accuracy and fairness, we compared
it against two baselines and ten state-of-the-art FGNN meth-
ods. In Table 4, boldface and underlined values indicate
the best and 2nd-best performance in each row, respectively.
Higher ACC, AUC, and F1-score values indicate better accu-
racy, while lower SP and EO values indicate better fairness.
DAB-GNN shows substantial improvements over the base-

lines in almost all cases. For example, on the Recidivism
dataset, DAB-GNN improves AUC by about 7.57% and re-
duces SP by around 91.02% compared to L3-Vanilla. This
demonstrates that DAB-GNN not only addresses fairness effec-
tively but also enhances accuracy, which is typically challeng-
ing under fairness constraints. Compared to state-of-the-art
FGNN methods, DAB-GNN consistently achieves the best bal-
ance between accuracy and fairness. Although there are a
few cases where DAB-GNN may have slightly lower accu-
racy or higher fairness values than certain competitors, these
competitors often sacrifice significantly one metric for the
other. For instance, CAF on the NBA dataset achieves perfect
fairness metrics (SP and EO of 0), but this comes at the cost
of a significant drop in accuracy. This trade-off underscores
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Metrics (a) Disen. and Amp. Module (b) Debiasing Module
DAB-GNN

w/o AbD. w/o SbD. w/o PbD. w/o Lfh w/o Lbco

(i) NBA
ACC 70.38 70.89 71.65 69.11 69.37 71.39
AUC 79.51 81.13 81.86 77.68 81.14 80.56

F1 73.14 74.07 73.36 70.48 72.05 73.51

SP 6.08 5.97 6.52 9.50 6.76 1.12
EO 8.66 8.26 12.25 12.65 8.03 0.80

(ii) Recidivism
ACC 88.82 91.59 91.25 91.63 91.01 89.99
AUC 92.38 94.13 94.07 94.24 94.04 93.41

F1 84.20 88.17 87.72 87.73 87.53 86.31

SP 1.13 1.21 1.03 3.30 0.86 0.73
EO 0.77 2.18 1.45 2.26 1.61 0.90

(iii) Credit
ACC 74.22 75.06 75.75 76.47 74.10 78.19
AUC 72.86 68.45 72.05 64.08 69.66 71.41

F1 82.84 84.04 84.80 85.93 83.16 87.39

SP 6.89 5.68 4.73 2.59 5.98 0.44
EO 5.67 4.90 3.76 2.30 5.12 0.45

(iv) Pokec_n
ACC 61.18 67.33 66.50 66.79 67.75 67.18
AUC 67.87 72.89 72.96 73.62 72.82 73.68

F1 58.22 61.48 63.85 64.54 62.78 62.34

SP 2.03 2.21 2.04 4.05 1.38 0.71
EO 2.57 3.30 2.64 5.40 3.61 1.09

(v) Pokec_z
ACC 67.32 68.92 68.82 69.02 67.99 68.56
AUC 73.70 75.14 74.49 75.39 75.05 74.85

F1 65.89 67.60 67.16 68.30 69.17 67.94

SP 3.55 1.88 4.82 4.59 2.43 0.67
EO 3.70 1.94 3.97 3.61 2.51 0.73

Table 5: The ablation studies for DAB-GNN.

the difficulty in balancing accuracy and fairness.
(EQ 2) Ablation Studies. We performed ablation studies to
evaluate the impact of excluding specific components from
the key modules in DAB-GNN. The variants include: (a) Dis-
entanglement and Amplification–w/o AbDisen, w/o SbDisen,
and w/o PbDisen; and (b) Debiasing–w/o Lfh and w/o Lbco.

In terms of accuracy, removing a specific component from
the key modules can slightly improve accuracy in some cases.
However, DAB-GNN generally maintains accuracy compara-
ble to the best-performing variants. Additionally, the most im-
pactful disentangler or regularizer for accuracy varies across
datasets, highlighting DAB-GNN’s ability to achieve general-
ized accuracy across diverse datasets by addressing all biases
comprehensively. In terms of fairness, DAB-GNN achieves
the best results across all variants (except for 2nd best in
EO on Recidivism), underscoring the crucial role of disen-
tangling, amplifying, and debiasing biases to achieve fair
outcomes. This analysis highlights the importance of each
module in DAB-GNN for balancing accuracy and fairness.
(EQ 3) Disentangled Embeddings Analysis. As shown in
Figure 2, we visualized the final disentangled embeddings
using t-SNE (van der Maaten and Hinton 2008). Different
colors indicate different types of bias embeddings: purple for
AbEmb, red for SbEmb, and yellow for PbEmb. The visualiza-
tions clearly show that the attribute, structure, and potential
bias embeddings are well-separated into distinct clusters,

(a) Recidivism (b) Credit

Figure 2: Visualization of disentangled node embeddings by
using t-SNE: AbEmb, SbEmb, and PbEmb.

(i) AUC

(ii) EO
(a) Recidivism (b) Credit

Figure 3: The effects of α and β on AUC (↑) and EO (↓).

demonstrating that our disentanglement process successfully
isolates the various biases present in the graph data.
(EQ 4) Hyperparameters Analysis. To evaluate the sensitiv-
ity of the performance with DAB-GNN to the hyperparameters
α (for Lfh) and β (for Lbco), we analyzed their impact on
AUC for accuracy and EO for fairness on the Recidivism
and Credit datasets (see Figure 3). In both datasets, high val-
ues for α and β generally provide the best balance between
accuracy and fairness, highlighting the importance of both
regularizers. The optimal ranges are approximately greater
than 60 for α and 0.001 for β.

5 Conclusion
In this work, we identified a significant challenge inherent
to existing fairness-aware GNN methods: the entanglement
of different bias types in the final node embeddings leads
to difficulty in their comprehensive debiasing. To address
this challenge, we introduced DAB-GNN, a novel GNN frame-
work that disentangles, amplifies, and debiases the attribute,
structure, and potential biases within node embeddings. Ex-
tensive experiments on five real-world graph datasets show
that DAB-GNN outperforms ten state-of-the-art competitors
in balancing accuracy and fairness, while validating the ef-
fectiveness of our design choices.
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