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Abstract

Fair Graph Neural Networks (GNNs) have
been extensively studied in graph-based ap-
plications. However, most approaches to fair
GNNs assume the full availability of demo-
graphic information by default, which is of-
ten unrealistic due to legal restrictions or pri-
vacy concerns, leaving a noticeable gap in
methods for addressing bias under such con-
straints. To this end, we propose a novel
method for fair graph learning without demo-
graphic information. Our approach leverages
a Bayesian variational autoencoder to infer
missing demographic information and uses dis-
entangled latent variables to separately cap-
ture demographics-related and label-related
information, reducing interference when infer-
ring demographic proxies. Additionally, we
incorporate a fairness regularizer that enables
measuring model fairness without demograph-
ics while optimizing the fairness objective. Ex-
tensive experiments on three real-world graph
datasets demonstrate the proposed method’s
effectiveness in improving both fairness and
utility.

1 Introduction

Graph-structured data is prevalent in many real-world
scenarios, including financial markets (Zhang et al.,
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2017), item recommendations (Wu et al., 2021), and
social networks (Wan et al., 2019), which has spurred
the development of various graph neural networks
(GNNs) in recent years. However, despite their strong
representation learning capacity, GNNs can uninten-
tionally incorporate and amplify societal biases re-
lated to demographic information, such as age, gender,
and race (Wang et al., 2023a). Consequently, numer-
ous efforts have been directed towards developing fair
GNNs (Dai and Wang, 2021; Wang et al., 2023a, 2024b).
Most of these approaches focus on ensuring that the
outcome statistics of classifiers are equitable across
different demographic subgroups (Hardt et al., 2016),
assuming that demographic information is available to
identify both the deprived group (e.g., female) and the
favored group (e.g., male) for bias quantification and
mitigation (Wang et al., 2025).

However, this assumption is unrealistic in many real-
world scenarios where collecting or using demographic
information (i.e., sensitive attribute) is infeasible due
to privacy concerns, legal and regulatory restrictions, or
fears of discrimination and social desirability (Krumpal,
2013; Lahoti et al., 2020). For instance, a tech company
may employ GNNs to enhance its hiring process for
software engineering positions by analyzing connections
between applicants’ professional networks and internal
teams (e.g., coding collaboration potential) (Liu et al.,
2024). In some cases, applicants from certain gender
groups may choose not to disclose their gender, par-
ticularly when applying for roles in male-dominated
fields like software engineering (Friedmann and Efrat-
Treister, 2023). This scenario highlights a significant
gap between current fair graph learning models and
their application in real-world settings. Indeed, reg-
ulations such as the European Union’s General Data
Protection Regulation (GDPR), introduced in 2018,
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strictly control the collection and use of sensitive per-
sonal data (Hoofnagle et al., 2019). Article 9(1) of the
GDPR prohibits processing data related to race, eth-
nicity, political opinions, religion, health, and similar
categories to ensure non-discriminatory algorithms.

Despite the practical importance of achieving fairness
without demographic information, this area remains
largely unexplored due to several critical challenges: i)
Difficulties of excluding presumed interfering
information: Inferring demographics from observed
graph data often relies on unsupervised learning, which
requires careful exclusion of irrelevant information. For
example, significant issues arise when models infer de-
mographic information from labels (e.g., assuming that
loan applicants are male if their applications are ap-
proved). A robust design is thus required to prevent
interference from noisy or misleading information dur-
ing the inference process. ii) Inability to define
fairness loss without demographics: In scenarios
where demographic information is missing, the fairness
loss across different subgroups cannot be directly cal-
culated. Consequently, a differentiable fairness loss
needs to be integrated into the learning framework to
simultaneously optimize performance and fairness with-
out relying on explicit demographic information. iii)
Disentangling demographic inference and label
prediction: Unlike existing fair graph models that can
focus solely on bias mitigation for fairness, the absence
of demographic information necessitates simultaneously
inferring missing demographic information and predict-
ing node labels. In addition, it is crucial to avoid model
manipulation that skews demographic inference to arti-
ficially enhance the fairness of the classifier during this
dual process.

In response to these challenges, this paper introduces a
novel framework, Towards fair grapH [Earning without
deMographlIcS (Themis), designed to tackle the open
research question of mitigating bias in graph learning
algorithms without demographic information—marking
the first work, to the best of our knowledge, to en-
able fair graph learning under these practical condi-
tions. Specifically, Themis first conducts a compre-
hensive causal analysis to construct a latent causal
model, which forms the basis for variable separation.
Guided by the causal insights, Themis decomposes
the different causal effects into multiple latent vari-
ables, allowing the separation of demographics-related
information (such as height when the demographics
is gender) from label-related information (such as job
performance when the label is income). With this disen-
tangled structure, demographics-related information is
effectively prevented from leaking into label prediction,
ensuring that the inference of demographic information
remains unaffected by noisy inputs. Additionally, a

differentiable fairness loss is introduced, which enables
measuring model fairness without demographics while
optimizing the fairness objective. This fairness loss can
be directly integrated into other methods that tackle
fairness without demographic information, enabling
regularization of the learned posterior distribution to
minimize risks in both utility and fairness.

The main contributions of this paper are summarized
as follows:

e We address new challenges in fair graph learn-
ing when demographic information is unavailable.
We then propose Themis, a Bayesian variational
autoencoder that infers demographic information
and integrates it with a differentiable fairness loss
to achieve fairness without relying on demographic
information.

e A new differentiable fairness loss is proposed to es-
timate fairness loss in the absence of demographic
information, enabling the assessment of model
bias.

e A novel strategy is proposed to improve demo-
graphic recovery by mitigating noisy information,
thereby accurately inferring missing demographic
information.

e Extensive experiments on real-world datasets
demonstrate Themis outperforms existing base-
lines in multiple fairness metrics while achieving
comparable utility.

2 Related Work

2.1 Fairness-Aware Graph Learning

Fairness-aware graph learning has gained significant at-
tention as the use of GNNs has expanded into high-risk
decision-making scenarios (Zhang and Ntoutsi, 2019;
Zhang and Weiss, 2022; Zhang et al., 2023; Wang et al.,
2023b,c, 2024b). Numerous approaches have been pro-
posed to achieve fairness in graph learning, with most
focusing on ensuring that algorithmic decisions neither
favor nor disadvantage specific demographic groups.
For instance, FairOT (Laclau et al., 2021) employs pre-
processing techniques to eliminate bias in the graph or
node features before training the GNN. GEIF (Wang
et al., 2024c) and FDGNN (Wang et al., 2024a) modify
the objective function by incorporating fairness con-
straints during training to ensure the learning of fair
representations. However, the widespread assumption
in these methods that demographic information is read-
ily available is often unrealistic in many real-world
applications due to practical challenges and regulatory
restrictions (Grari et al., 2021). FairGNN (Dai and
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Wang, 2021) is the initial approach that addresses the
challenge of learning fair GNNs with limited demo-
graphic information by employing a demographic esti-
mator to predict missing data while enhancing fairness
through adversarial learning. However, it still relies on
the availability of partial demographic information.

2.2 Fairness without Demographic
Information

There is a growing trend in the research community for
achieving fairness without demographic information,
primarily focusing on simplified non-graph domains,
which can be broadly divided into two categories: us-
ing proxy features (Zhao et al., 2022) or adhering to
Rawlsian Max-Min fairness Ashurst and Weller (2023).
Specifically, proxy features (Gupta et al., 2018; Chen
et al., 2019; Kallus et al., 2022) are designed to approx-
imate missing demographics and correlate these with
predictions to enhance fairness. However, these meth-
ods rely on the notion of binary group membership
fairness but are not modeled by the method, leading
to potential inferred biases. Another line of research,
Max-Min fairness Hashimoto et al. (2018); Lahoti et al.
(2020), focuses on minimizing harm to the most dis-
advantaged subgroup but can significantly degrade
overall model utility. In addition, this approach en-
forces uniform utility across all subgroups and may not
necessarily enhance group fairness, as improving the
worst-group utility does not always reduce inter-group
disparities. Note that these methods are not specif-
ically designed for graph data and cannot be easily
applied to such contexts.

Different from cited works, our work takes a fresh look
at achieving fairness in graph learning without demo-
graphic information, rather than focusing on fairness
in tabular data. Additionally, our approach explicitly
considers the impact of noisy information on the infer-
ence of missing demographic data, minimizing potential
inference errors. Furthermore, we take one more step
to address the risk of model manipulation during the
inference process, which could artificially enhance per-
ceived fairness, a concern often overlooked by existing
methods.

3 Notations

We denote a graph by G = (V,€,X) with the node
set |V| = n nodes and a set of |£] = m edges.
X € R™? is node feature matrix whose i-th row
represents a d-dimensional feature vector of the i-th
node v;. A € {0,1}"*" is the adjacency matrix where
A;; = 1 indicates that there exists edge e; ; € £ be-
tween node v; and v;, and A;; = 0 otherwise. In
this paper, we assume that both ground-truth labels

and demographics are binary variables for convenience.
We let S € {0,1}"*! denote the binary demographic,
where s; is the demographic value of v;. We use
Sq ={¥Yv; € V| s; =0} denotes the deprived group
(e.g., female) and Sy = {V v; € V| s; = 1} denotes the
favored group (e.g., male). For node classification, each
node is also associated with a one-hot ground-truth
node label y; where g; is the predicted label of v;. We
also assume y; = 1 denotes the granted label and y; = 0
denotes the rejected label.

4 Methodology

This section introduces the novel framework, Themis,
designed to enable fair graph learning without demo-
graphic information. It begins with the causal model
presented in Section 4.1, which lays the foundation for
the framework. Following that, Section 4.2, we explain
how to accurately impute missing demographic infor-
mation from observational data. We focus on two key
aspects: 1) identifying demographics-related informa-
tion while excluding noisy data during the inference
process; ii) measuring model fairness without demo-
graphic information, and ensuring that the model does
not artificially improve fairness by manipulating the
inferred demographic information.

4.1 Causal Method

This section presents the Structural Causal Model
(SCM), essential for addressing bias in graph learn-
ing without demographic information, focusing on four
key variables: demographic information (S), node fea-
tures (X), graph structure (A), ground-truth label (Y),
and two exogenous variables (Ugs and Uy ), represent-
ing the stochastic elements of a variable, as shown in
Figure 1. Each connection in SCM reflects a causal
relationship, with reasoning and explanations detailed
below:

D hi Exogenous Variable for
emogra? e U Demographics-related
Information S Information
Exogenous Variable for
Graph
@ P UY Label-related Information

Structures

Node Features Ground Truth Label

Generative , Inference
Process Process

Figure 1: The causal model of Themis includes unob-
served demographic information S, observed attributes
(Y, A, X), and two exogenous variables Ug and Uy,
where solid-line arrows denote the generative process
and dashed-line arrows represent the inference process.

e A+ S — X: Demographic information S, typi-
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cally determined at birth, influences both the node
features X and the graph structure A. For exam-
ple, a demographic attribute like “gender” can
affect features like “height”, as well as the graph
structure in social networks, where individuals may
form connections with others of the same gender.
However, these connections do not influence the
demographic attribute itself.

e A —» Y < X: Both the node features X and
the graph structure A provide critical information
for determining the ground-truth label Y. For
instance, in a job application scenario, an appli-
cant’s qualifications (X) and their professional
network (A) can both significantly influence the
hiring decision (Y).

e S | Y: Demographic information S should be
independent of the ground-truth label Y to prevent
biased predictions. For example, individuals of
different genders (represented by S) should have
equal chances of acceptance in job applications.

e A — X: The graph structure A affects the node
features X. For example, if an applicant’s profes-
sional network is primarily composed of individuals
with experience in a specific technology or field,
it increases the likelihood that the applicant has
developed expertise in that area as well, reflecting
the influence of their connections on their skills
and qualifications.

Building on these deterministic causal relationships,
we introduce two exogenous variables, Ug and Uy.
Specifically, Ug captures latent information related to
demographic information (i.e., demographics-related
information) and serves as a proxy for missing demo-
graphic information .S, while Uy captures latent infor-
mation relevant to label prediction (i.e., label-related
information). This design allows us to effectively model
positional and structural representations, improving
the inference of missing demographic information.

4.2 Fairness-Aware Missing Demographics
Imputation

Building on the proposed causal model, we then take
the problem of identifying missing demographic in-
formation by using variational autoencoders to infer
Us to be used as the proxy of the demographic infor-
mation and approximately recover joint distribution
P(X, A, S,Y) among node features X, graph structures
A, ground-truth label Y, and the unobservable demo-
graphics S. Specifically, we leverage Bayesian inference
approximation based on the proposed causal model in
Section 4.1, where the two exogenous variables, Ug and
Uy, in the causal graph are represented as two latent

variables in the Bayesian network. Mathematically,
this is represented as follows:

P(X,A,Y,Us,Uy) =P(Us)P(Uy)P(Y|Uy, X, A)
P(X|US7A7 UY)P(A‘US7UY)

where P(Ug) represents the marginal distribution of S,
typically modeled as a standard Gaussian distribution
N(0,1), where I denotes the identity matrix, and the
prior for P(Uy ) is defined similarly.

= ® @ 0

[0 N [ 50 | \owmieow ] \owotrow]  \ososerinnf

/ Encoder (qgs) \ / Encoder (qgy) \

[ncoder @ \

Neural Network (in min phase)

Neural Network (in max phase)

Figure 2: Neural network architecture of Themis.

Building on the Equation 1, the structure of Themis is
illustrated in Figure 2, which provides an overview of
the proposed neural network architecture. Specifically,
the neural network consists of an inference structure
on two latent random variables, i.e., ¢o5 and gg, , and
the decoder distribution py(X, A,Y|Us,Uy)) can be
factorized as below:

p¢(X7Aa Y‘USa UY) =Pox (X‘U37 A7 UY)
Poa (A|U37 UY)p¢>Y (YlX’ A, UY)
(2)

Building on this, we aim to approximate the joint dis-
tribution of the observed graph data (i.e., X, A,Y)
by maximizing a variational lower bound on the log-
probability. Specifically, we use two latent variables:
Us, which acts as a proxy for the unobserved demo-
graphic information S, and Uy, which captures latent
factors related to predicting Y. Since S is unobserved
and needs to be inferred, we cannot directly com-
pute the posterior distribution P(Ug, Uy |X, A,Y) due
to its intractability. To approximate the intractable
posterior distributions of these latent variables, we
introduce variational distributions Q(Ug|X, A) and
Q(Uy|X, A,Y), which use a parametric family of distri-
butions to approximate the true posteriors P(Ug|X, A)
and P(Uy|X,A,Y). The parameters of this inference
model are learned by maximizing the evidence lower
bound (ELBO) on the marginal likelihood of the data,
as described in Section 4.1. To optimize the parame-
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ters of the inference model, we maximize the ELBO as
follows:

log P(X,A,Y|Us,Uy) >Equs|x,4),0Uy|x,4,7)]
log P(Y|Uy, X, A)
+log P(X|Us, A, Uy)
+log P(A|Ug, Uy)]
- KL(QUy|X, A, Y)|P(Uy))
- KL(Q(Us|X, A)[|P(Us)) -

where KL denotes the Kullback-Leibler divergence of
the posterior g, and gg, from a prior P(Ug) and
P(Uy), showing as follow:

_ Equyix,ay) logQ(Uy| X, A,Y)
KLQ(Uy X, A, V)| P(Uy) = = A e O]

KL(QUs X, 4)|P(Us) = Eawsixn (o8 QTS 4)

(4)

The ELBO can now be maximized through stochastic
gradient ascent, facilitated by the reparameterization
trick (Kingma and Welling, 2013). Additionally, the
likelihood term pg(X, A, Y|Ug, Uy ) is parameterized
by neural networks, where the parameters ¢ represent
the model’s architecture. Given that Ug is attracted
by a standard prior, we must remove task-related infor-
mation from its posterior distribution. In other words,
accurate inference requires decorrelation between S
and Y to prevent bias in the inference of S. How-
ever, optimizing the ELBO alone does not guarantee
independence. To address this, we introduce a penaliza-
tion term in the loss function. Specifically, we extend
the Hirschfeld-Gebelein-Rényi (HGR) (Gebelein, 1941)
measure to quantify the correlation between S and Y,
as detailed in Definition 4.1.

Definition 4.1 (Ug, Y-correlation). Given a latent
space Ug and an outcome variable Y, the HGR maximal
correlation between Ug and Y is defined as:

HGR(Us,Y) = sup p(f1(Us), f2(Y))

f1,f2
o E(f1(Us) f2(Y))
= sup
Fi.f \/E( 12 (U)E(f22(Y))

()

where p signifies the Pearson correlation coefficient,
f1 and fo are measurable functions with finite, posi-
tive variances. To ensure that comparisons are made
on a consistent scale, we normalize these functions
such that E[f;(Us)] = E[f2(Y)] = 0 and E[f2(Us)] =
E[f?(Y)] = 1. It is important to note that the HGR
maximal correlation coefficient equals zero when Ug

and Y are independent, and equals one when there is
a deterministic relationship between them.

Building on this, the ELBO can be reformulated as
follows:

log P(X, A, Y|Us,Uy) >Equs|x,4),0Uy|x,4,7)]
log P(Y|Uy, X, A)
+log P(X|Us, A, Uy)
+log P(A|Ug, Uy)]
- KL(QUy|X, A, Y)|P(Uy))
- KL(Q(Us| X, A)|| P(Us))
+ A -HGR(Us,Y)

(6)
where A\ denotes the hyperparameter that balances the
contribution of the penalization term. To optimize
the updated ELBO, our objective becomes the min-
max structure correspond to accurately infer missing
demographic information and exclude label informa-
tion. Specifically, as shown in Figure 2, in the max
phase, we use gradient ascent to estimate the HGR
maximal correlation between Ug and Y by optimizing
the functions f; and f5 in Equation 5. These functions
are parameterized by neural networks and are trained
to maximize the Pearson correlation p(f1(Us), f2(Y)).
In the min phase, we minimize the overall objective,
which includes the ELBO and the penalization term
A - HGR(Ug,Y'), with respect to the model parame-
ters. This iterative min-max optimization allows us
to effectively reduce the dependency between Ug and
Y, promoting the independence necessary for accurate
inference of the demographic information S.

With the strategy to infer demographic information,
we proceed to mitigate bias. However, existing bias
mitigation methods cannot be directly applied because
they typically assume the prior availability of com-
plete demographic information, which is not the case
during this integrated process until it is fully com-
pleted. To address this, we introduce a differentiable
fairness loss that utilizes the inferred demographic in-
formation during the training process. Specifically, we
estimate the demographic information S by leveraging
Us through an auxiliary classifier (i.e., P(S = 1|Ug) =
0(faux(Us))), without requiring complete demographic
information. Notable, o(-) is the Sigmoid function.
The auxiliary classifier predicts the demographic in-
formation S based on Us, which serves as a proxy
for the incomplete demographic information. This al-
lows us to compute the fairness loss using the inferred
demographic information in a differentiable manner.
Notable, we design the auxiliary classifier using un-
supervised methods to improve the estimation of S.
Specifically, we impose an entropy minimization loss
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on the outputs of the auxiliary classifier to encourage
it to produce confident and consistent predictions. The
entropy minimization loss is defined as follows:

Ly==) [P(5; =1|Us)log P(5; = 1|Us) -
i 7
P(S; =0|Us)log P(S; = 0|Us)]

Building on this, the proposed fairness loss can be
defined as follows:

Definition 4.2 (Estimated Fairness Loss). Given
an input graph G, the Estimated Fairness Loss (EFL)
is formally defined as:

(22 PBi=1|Us) pgy (3 = 1)
EFL*( > P(3=1|Us) )
B (Z¢P(§z‘:0|US)'P¢V(Q¢:1|%)>

> P(3i=0]Us)

(®)

where P(3; = s|Ug) denotes the probability that
the auxiliary classifier assigns node v; to demographic
group S;, and pe, (§; = 1]|v;) is the probability that
node v; is predicted to have a granted label by the
model. In practice, EFL computes the estimated fair-
ness loss by comparing the probability means of the
predicted positive outcome between different demo-
graphic groups as identified by the inferred S. We will
begin this approach by primarily using simple averag-
ing while also exploring alternative estimation methods,
such as kernel density estimation (Cho et al., 2020).

However, simple incorporation of EFL may lead to
manipulated predictions in the model’s inference of
demographic information. Specifically, when inferring
S, because the ready-to-use solution simultaneously in-
fers prediction outcome and demographic information,
there is a risk that the model might manipulate an
individual’s demographic information to improve its
fairness (e.g., randomly changing a male with positive
outcome to female to achieve statistical parity). This
issue arises specifically when jointly optimizing Pg and
Dey, but it does not occur when demographic infor-
mation is fully available, either through the complete
demographic assumption or demographic information
identification. To this end, to prevent the learning of
Pg from being influenced by pg, through shared back-
bones, the stop-gradient technique will be employed.
Specifically, during backpropagation, the gradient of
the EFL with respect to Ps(S|Us) will be halted (i.e.,
set to zero), effectively treating it as a constant. This
strategy helps maintain separation in the learning path-
ways to avoid potential fairness manipulation while
simplifying the training process.

Furthermore, during the inference of Y, the expecta-

tion Eywzwy (yilzs,A;,5;) can also benefit from the use

of gradient stopping, though this introduces additional
complexity and design considerations. Specifically, the
prediction of Y should not be guided solely by its pre-
dictive performance, as Y also contributes to fairness
performance. Essentially, as pgs, is subject to both
fairness and performance losses, applying stop-gradient
prevents the simultaneous optimization of these ob-
jectives. Consequently, we plan to train a separate
semi-supervised classifier to impute y; without incor-
porating fairness constraints directly. Next, the pre-
dictions from Pgy, clamps gi' to D¢y as the observed
labels for training. For the remaining samples without
observed labels, we infer class probabilities py (Y|x;)
using semi-supervised learning strategy, leading to the
following update in the EFL:

> P(Si=1|Us)

_ (ZiP(SiOUS)'yi>
> P(Si=0|Us)

> P(Si =1|Us) - yi
EFL ~Byinp,y (Vizs,Auii=D) ( -
9)

Armed with the proposed EFL, we augment the ELBO
as follows:

log P(X, A, Y |Us,Uy) 2Eqs|x,4),QUy | X,4,)]
log P(Y|Uy, X, A)
+log P(X|Us, A, Uy)
+10gP(A|U5,Uy)]
—KL(Q(Uy|X, A, Y)|[P(Uy))
- KL(Q(Us|X, A)|P(Us))
+ A-HGR(Us,Y) — v-EFL

(10)

where v denotes a tradeoff hyperparameter.

Overall, Themis employs a disentangled structure to
prevent noisy information from affecting the inference
of missing demographic data. It measures fairness loss
between the predicted output and the inferred demo-
graphic proxy while simultaneously optimizing both
prediction loss and fairness loss. By doing so, Themis
can improve fairness performance while maintaining
comparable accuracy.

5 Experiment

Datasets. We assess the effectiveness of Themis using
three widely used graph datasets in fairness research:
Credit, Pokec-z, and Pokec-n (Zhang et al., 2025). In
Credit dataset (Yeh and Lien, 2009), each node repre-
sents a default payment record of a credit card holder,
with connections formed based on similarities in pur-
chase and payment patterns. The demographic infor-
mation here is “age”, and the task involves predicting
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Table 2: Comparison results of Themis with baseline methods across real-world datasets. In each row, the best
result is indicated in bold, while the runner-up result is marked with an underline.

Dataset ‘ Metrics Methods GCN GIN H FairGNN RFCGNN Graphair FairAGG H Themis
Accuracy (1) 0.737 £ 0.071  0.751 4 0.013 || 0.687 £+ 0.012 0.723 + 0.023 0.531 £+ 0.054 0.653 £ 0.028 || 0.767 + 0.032
Credit F1-Score (1) 0.812 + 0.028 0.831 £ 0.018 || 0.783 + 0.043 0.821 &+ 0.062 0.728 £+ 0.082 0.747 £ 0.008 || 0.865 + 0.018
SPD(]) 0.111 + 0.010  0.133 £+ 0.037 || 0.123 £ 0.036  0.076 + 0.043 0.085 £+ 0.077 0.074 £ 0.044 || 0.016 + 0.021
EOD(/) 0.097 £ 0.007  0.128 £ 0.047 || 0.115 £ 0.042 0.078 £ 0.033 0.088 + 0.068 0.056 + 0.045 || 0.026 + 0.013
Accuracy (1) 0.813 + 0.014 0.792 £ 0.001 || 0.689 + 0.091 0.813 &+ 0.041 0.655 + 0.024 0.735 £ 0.032 || 0.846 + 0.041
Pokec-z F1-Score (1) 0.782 + 0.002  0.787 £ 0.007 || 0.687 + 0.033 0.794 + 0.038 0.647 + 0.019 0.716 + 0.002 || 0.835 + 0.032
SPD(|) 0.041 + 0.005 0.048 £ 0.004 || 0.038 £ 0.022 0.023 + 0.021 0.035 £+ 0.008 0.022 £ 0.014 || 0.015 + 0.007
EOD(/) 0.053 = 0.003  0.057 £+ 0.007 || 0.033 £ 0.029 0.028 + 0.018 0.032 £+ 0.006 0.025 £ 0.011 || 0.010 + 0.013
Accuracy (1) 0.789 + 0.007 0.809 & 0.008 || 0.726 + 0.013 0.811 &+ 0.022 0.641 £+ 0.009 0.694 + 0.017 || 0.831 + 0.024
Pokec-n F1-Score (1) 0.661 + 0.001 0.686 + 0.012 || 0.637 £+ 0.019 0.683 + 0.026 0.553 &+ 0.012 0.603 £ 0.032 || 0.756 + 0.029
SPD(|) 0.049 + 0.004 0.054 £ 0.006 || 0.036 + 0.012 0.053 + 0.013 0.055 £+ 0.028 0.049 + 0.011 || 0.022 + 0.016
EOD(|) 0.036 + 0.003  0.045 £ 0.007 || 0.044 £ 0.020 0.049 + 0.017 0.053 £+ 0.016 0.046 £ 0.015 || 0.020 £+ 0.005

Table 1: Summary of the datasets used in the experi-
ments.

Dataset Credit Pokec-z  Pokec-n
# Vertices 30,000 67,797 66,569
# Edges 200,526 882,765 729129
Feature 13 59 59
Dimension
Demographic Age Region Region

information

the likelihood of a user defaulting on their credit card
payments. The Pokec-z and Pokec-n datasets (Takac
and Zabovsky, 2012) are derived from a popular so-
cial networking platform in Slovakia, capturing social
network data from two different provinces. Nodes cor-
respond to users with features such as gender, age, and
interests, while edges represent friendships between
users. Using “region” as the demographic information,
the objective is to predict the working field of each
user.

For all datasets, we exclude nodes that are not con-
nected to others. We randomly allocate 20% of the
nodes for validation and 30% for testing. To simulate
scenarios with demographic information is completely
absent, we mask all demographic information in the
dataset (i.e., S = 00). This masking is applied to both
the training and validation sets, and no demographic
information is utilized during the testing phase. Details
of these datasets are summarized in Table 1.

Baselines. We evaluate the performance of our pro-
posed Themis' method by comparing it with sev-
eral baseline methods, categorized into two groups:
i) Vanilla Graph Models: GCN (Kipf and Welling,
2016) employs spatial graph convolutions to aggre-
gate information from neighboring nodes. GIN (Xu
et al., 2018) enhances node representation learning
using multilayer perceptrons. ii) Fairness-aware Meth-
ods: FairGNN (Dai and Wang, 2021) utilizes a demo-

graphic information estimator to predict demographic
information and improve fairness through adversar-
ial training. RFCGNN (Wang et al., 2023a) learns
the fair node representation by masking demographics-
related information. Graphair (Ling et al., 2023) aims
to automatically generate fair graph data to deceive the
discriminator via adversarial learning. FairAGG (Zhu
et al., 2024) implements a fair aggregation scheme based
on the Shapley value to ensure group fairness.

Note that the vanilla graph models do not utilize de-
mographic information. In contrast, the fairness-aware
methods we provide demographic information, aligning
with their design requirements.

Evaluation Metrics. We evaluate Themis with re-
spect to two key aspects: prediction performance and
fairness. For prediction performance, we use the widely
adopted node classification metrics: Accuracy and F1-
score (Sokolova and Lapalme, 2009). To assess the
fairness, we employ two commonly used fairness met-
rics: Statistical Parity Difference (SPD) and Equal
Opportunity Difference (EOD) (Zhang et al., 2025).
Fairness is considered improved when fairness metrics
are closer to zero.

5.1 Experimental Results

Prediction Performance and Fairness. The pre-
diction performance and fairness results, shown in Ta-
ble 2, indicate that Themis consistently outperforms
the six baseline methods across all evaluation metrics.
Specifically: i) Themis demonstrates significant im-
provement in fairness over the vanilla model. This is
largely because Themis effectively infers a proxy for
demographic information that closely approximates
true demographic data, which provides a more reliable
basis for mitigating unfairness. ii) Themis achieves
better fairness than the state-of-the-art fairGNN. This
improvement is due to its separated structure, which

"https://github.com/LavinWong/Themis
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Figure 3: Ablation study results for Themis, Themis-NY, Themis-NF, and Themis-NA.

Table 3: Recovered demographic information results of
Themis and Themis-NY.

Accuracy Methods
Themis | Themis-NY
Datasets
Credit 0.745 0.723
Pokec-z 0.726 0.692
Pokec-n 0.738 0.701

isolates the demographics-related information in the
graph data. By doing so, the model better captures
latent factors behind data compared to methods that
apply fairness constraints to all information indiscrimi-
nately, enabling superior fairness outcomes. iii) Themis
also surpasses other methods in utility performance in
most cases, underscoring its ability to preserve im-
portant task-relevant information while enforcing fair-
ness. Overall, the experimental results demonstrate
that Themis effectively improves fairness without com-
promising performance.

Quality of Proxy to Recovery Demographics.
To assess the effectiveness of Themis in inferring ac-
curate demographic proxies, we compared the model-
generated proxies with the ground-truth demographic
information. Specifically, we evaluated the quality of
demographic proxies produced by the standard Themis
and a variant, Themis-NY, which does not mitigate the
influence of label information (i.e., A = 0). The results,
summarized in Table 3, are based on three real-world
datasets. Themis-NY generated significantly lower-
quality demographic proxies than the standard Themis.
This degradation is attributed to the leakage of label in-
formation into the demographic reconstruction process,
leading to biases where granted labels are associated
with favored groups and refused labels with deprived
groups, thus reducing the accuracy of the demographic
inference. These findings highlight the critical impor-
tance of effectively separating label information from
the demographic inference process in Themis to ensure
the integrity and accuracy of the generated proxies.

Ablation Studies. To evaluate the effectiveness of

each part of Themis, an ablation study was conducted.
First, we evaluated the impact of excluding label inter-
ference during demographic inference using the Themis-
NY variant. The results on the Credit, Pokec-z, and
Pokec-n datasets, as shown in Figure 3, demonstrate a
significant reduction in fairness for Themis-NY. This
drop is attributed to the model’s inability to filter
out noisy label information, compromising the quality
of the demographic proxy and affecting bias mitiga-
tion. Next, we assessed the effect of removing the
fairness constraint (i.e., EFL) by testing the Themis-
NF variant, which focuses solely on utility (i.e., v = 0).
The comparison with the original Themis configura-
tion revealed a marked decline in fairness, emphasizing
the essential role of the fairness constraint in mitigat-
ing demographic biases in graph datasets. Finally, to
evaluate the causal relationship between graph struc-
ture and node features established in the causal model,
we introduced Themis-NA, which omits graph struc-
ture information in the X-reconstruction process (i.e.,
log P(X|Ug,Uy)). The results showed declines in both
fairness and overall model performance, underscoring
the importance of this causal connection. In summary,
these ablation studies affirm the critical role of each
component within the Themis framework for both fair-
ness and utility.

6 Conclusion

Despite the growing attention on fairness in graphs,
existing research often assumes the default availability
of demographic information, which limits its real-world
applicability. Motivated by this, this paper proposes
a disentangling structure that identifies demographics-
related information from observed graph data while
preventing the model from manipulating the inferred de-
mographic information to artificially enhance fairness,
thereby achieving graph fairness without demographic
information. Extensive experiments demonstrate that
the proposed method can achieve state-of-the-art per-
formance on three real-world datasets with respect to
the prediction fairness trade-off.
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