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Abstract

Graph Neural Networks (GNNs) have demon-
strated strong predictive performance across a wide
range of applications. However, their increasing
deployment has raised critical fairness concerns, as
these models can inherit and amplify existing bi-
ases. Most existing fairness approaches rely on
explicit demographic information, either directly
available or inferred, to measure and mitigate bias.
In real-world settings, however, such information
is often unavailable or legally prohibited to infer
due to privacy concerns, legal restrictions, or regu-
latory constraints, which substantially limits the ap-
plicability of these methods. To address this chal-
lenge, we propose Demographic-Independent Fair
Graph Learning (DIFGL), a novel framework for
fair graph learning without demographic supervi-
sion. DIFGL mitigates group unfairness by min-
imizing disparities in individual treatment across
implicitly identified subgroups, thereby enforcing
fairness without requiring explicit demographic in-
formation. Extensive experiments on benchmark
datasets demonstrate that DIFGL achieves signif-
icant improvements in fairness while maintaining
competitive predictive performance.

1 Introduction
With the increasing popularity of graph learning models for
high-stakes decision-making, fairness has become an impor-
tant topic in graph learning in recent years [Wang et al.,
2026a; Chen et al., 2024; Zhang et al., 2025]. Many efforts
have been made to achieve fair graph learning, highlight-
ing algorithmic decisions that neither discriminate against
nor unfairly favor specific demographic groups [Wang et al.,
2025h]. However, most of these methods assume the com-
plete availability of demographic information (e.g., gender or
race), which often does not hold in practice. In many real-
world applications, explicit demographic information is un-
available due to privacy concerns, legal limitations, or ethical
constraints that restrict the collection or use of demographic
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information [Ashurst and Weller, 2023]. For example, in em-
ployment decision-making scenarios, job applicants may hes-
itate or refuse to disclose demographic information because
of fears of potential discrimination [Arvey, 1979]. Hence,
existing fairness methods relying on explicit demographic in-
formation become infeasible.

To this end, several methods have started exploring
fairness-aware graph models without explicit demographic
information. Among these, a popular and well-studied ap-
proach involves inferring proxies for the missing demo-
graphic information, then treating these inferred proxies as if
they were known demographic information for enforcing fair-
ness constraints [Wang et al., 2025i]. For example, fairGNN-
WOD [Wang et al., 2025e] addresses this issue through a
two-stage framework, explicitly designed to first infer de-
mographic proxies and then use these inferred attributes in
downstream fairness-aware graph learning. However, such
models overlook critical limitations of proxy inference. For
example, inference of sensitive attributes might itself be re-
stricted or prohibited under regulatory frameworks such as
the EU General Data Protection Regulation (GDPR) [Voigt
and Von dem Bussche, 2017], which explicitly limits or for-
bids processing of sensitive personal data like race, political
opinions, religion, health status, biometrics, and sexual orien-
tation. Moreover, inaccuracies or errors in the proxy estima-
tion process may significantly compromise the reliability and
effectiveness of fairness measurements, ultimately leading to
unintended biases in downstream decisions.

To this end, it is essential to develop fairness-aware models
that neither rely on explicit nor infer demographic informa-
tion, thus avoiding regulatory conflicts and inaccuracies in-
herent to proxy-based approaches. Despite the importance of
achieve fairness without direct demographic supervision, this
remains a highly open research area with several unaddress
and unique challenges: i) Quantifying Bias without Explicit
Demographic Information. The critical challenge in sce-
narios where demographic inference is explicitly prohibited
is to develop novel fairness measures and methodologies ca-
pable of comprehensively detecting and quantifying implicit
biases across the entire spectrum of nodes with varying pre-
diction costs, without relying on explicit demographic infor-
mation or subgroup identification. ii) Mitigating Bias with-
out Demographic Supervision. Existing fairness constraints
depend on explicit demographic information to enforce fair-
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ness. When demographic inference is explicitly prohibited,
bias mitigation becomes even more challenging, as fairness
constraints must be enforced solely based on observed pre-
diction outcomes without referencing demographics at all.
The core challenge in this setting is designing novel and effi-
cient optimization strategies capable of reliably reducing im-
plicit biases identified from predictive disparities alone, with-
out incurring substantial losses in predictive performance.
iii) Meeting User-Specified Fairness Thresholds. Ensuring
that user-defined fairness constraints are reliably satisfied be-
comes particularly challenging without demographic super-
vision, since the absence of explicit group information makes
fairness measurement and constraint-aware optimization non-
trivial. Hence, designing mechanisms that can both verify
fairness compliance and enforce fairness guarantees remains
difficult in practical deployments.

To address these challenges, this paper studies a novel
problem of fair graph learning without explicit or in-
ferred demographics. We propose a novel framework,
termed Demographic-Independent Fair Graph Learning
(DIFGL), specifically designed to enable fairness evaluation
and mitigation by addressing treatment disparities without
demographic supervision. To best of our knowledge, this is
the first work that achieve fair graph learning without rely-
ing on demographic supervision. Specifically, we propose
a novel fairness notion based on principled variance analy-
sis, which identifies implicit biases by quantifying disparities
in individual-level treatment. Building upon our proposed
fairness notion, we develop a structured optimization frame-
work grounded in the Rawlsian difference principle to sys-
tematically mitigate these disparities. Our proposed frame-
work iteratively improves outcomes for implicitly identified
least-advantaged nodes while ensuring no adverse impacts on
other nodes. Additionally, we introduce a randomized op-
timization strategy explicitly designed to reduce node-level
treatment variance, thus consistently maintaining compliance
with predefined fairness threshold. Our contributions are out-
lined below:

• We propose a novel fairness notion that accurately iden-
tifies implicit biases without relying on explicit demo-
graphic information or inferred proxies.

• We design a novel optimization framework that builds
on the fairness notion we proposed, explicitly target-
ing and reducing disparities among the least advantaged
nodes through iterative variance-aware updates, thereby
achieving graph fairness without demographic informa-
tion or inferred proxies.

• We validate the effectiveness of our proposed methods
through extensive experiments on three graph datasets,
demonstrating significant improvements in fairness re-
sults without compromising model utility.

2 Related Work
2.1 Fairness in Graph Learning
Fairness has been widely studied in graph learning, and
numerous fairness notions have been proposed in recent
years [Wang et al., 2026d; Wang and Zhang, 2025; Wang

et al., 2025c]. Among these, one of the most extensively
studied concepts is group fairness, which emphasizes ensur-
ing algorithmic decisions do not discriminate against or favor
specific demographic subgroups based on demographic in-
formation like race or gender [Jiang et al., 2024]. In other
words, group fairness seeks to make the predictions of GNNs
independent of demographic information [Wang et al., 2023c;
Wang et al., 2025g; Wang and Zhang, 2024]. For exam-
ple, FAHT [Zhang and Ntoutsi, 2019], an extension of the
Hoeffding Tree algorithm, introduces fairness into online
stream-based decision-making by accounting for the evolu-
tion of the underlying data population, mitigating discrimi-
nation as new instances arrive. Similarly, RFCGNN [Wang
et al., 2023a] addresses label bias in GNNs through counter-
factual fairness, identifying authentic counterfactual samples
within graph structures and applying causal analysis to miti-
gate bias in downstream predictions. However, these methods
rely on the assumption that accurate demographic informa-
tion is readily available to use, a condition that often does not
hold in practical scenarios due to data collection constraints,
privacy considerations, and regulatory requirements [Andrus
et al., 2021]. Given these requirements, there is an emerging
trend in the research community to explore fairness methods
without demographic information.

2.2 Fairness without Demographics in Graph
Learning

There has been growing interest in achieving fair graph learn-
ing in settings where explicit demographic information is un-
available [Ashurst and Weller, 2023; Wang et al., 2025h;
Wang et al., 2026b]. A common line of work addresses
this problem by inferring proxies for missing demographic
information and then treating these inferred proxies as sub-
stitutes to satisfy fairness constraints [Kenfack et al., 2024].
For example, the approach proposed in [Wang et al., 2025f]
leverages partially available demographic information to in-
fer the missing demographics, while simultaneously evalu-
ating and optimizing model fairness during training. How-
ever, such methods still rely on the availability of partial de-
mographic labels to guide the inference process, which lim-
its their applicability. More recent studies have taken initial
steps toward fair graph learning without assuming fully ob-
served demographics. For instance, fairGNN-WOD [Wang et
al., 2025e] adopts a two-stage framework that first infers de-
mographic information from node features and graph struc-
ture, and then applies these inferred proxies in downstream
fairness-aware GNN training. Similarly, FairWOS [Wang et
al., 2025a] introduces pseudo-demographic information com-
bined with graph counterfactual reasoning to improve fair-
ness without demographics. Despite removing the need for
ground-truth demographic information, these approaches still
assume that inferring demographic information is permissi-
ble and reliable. In practice, however, such assumptions may
not hold due to privacy concerns, legal restrictions, or regu-
latory prohibitions on demographics inference [Wang et al.,
2025i]. These limitations highlight a fundamental gap in ex-
isting work and underscore the need for fairness-aware graph
learning methods that neither require explicit demographic
information nor attempt to infer the proxy of missing demo-
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graphics indirectly.
Unlike existing demographic-dependent and proxy-

inference-based approaches, the proposed method adopts
an individual-level treatment perspective to identify and
mitigate bias without relying on explicit or inferred demo-
graphic information. In addition, a structured optimization
framework grounded in the Rawlsian difference principle is
developed to systematically improve outcomes for implicitly
identified disadvantaged individuals while explicitly enforc-
ing a predefined fairness threshold, yielding a principled
and practically applicable solution for fair learning without
demographic supervision.

3 Notation
In this paper, we consider an attributed graph G, repre-
sented as (G = (V, E ,X)), consisting of a set of nodes
(V = {v1, v2, . . . , vn}) and a set of undirected edges (E ⊆
vi, vj | vi, vj ∈ V). Each node vi is characterized by a (d)-
dimensional feature vector (xi ∈ Rd), and collectively, these
vectors form the node feature matrix (X ∈ Rn×d). The con-
nectivity between nodes is encoded by an adjacency matrix
(A ∈ {0, 1}n×n), with (Ai,j = 1) if an edge connects nodes
vi and vj , and (Ai,j = 0) otherwise. Additionally, each node
(vi) has an associated binary sensitive attribute (si ∈ {0, 1}),
collectively represented by the vector (S ∈ {0, 1}n×1). This
sensitive attribute partitions the node set into two groups: the
deprived group (Sd = {vi | si = 0}) (e.g., female) and the
favored group (Sf = {vi | si = 1}) (e.g., male). Each node
vi also carries a binary outcome label (yi ∈ {0, 1}) represent-
ing a granted decision outcome such as approval (yi = 1) or
rejected decision such as rejection (yi = 0). The outcomes
predicted by a model for each node are denoted as ŷi.

4 Methodology
4.1 Quantifying Group Unfairness without

Demographics
Existing fairness approaches typically depend on explicit de-
mographic information, either directly available or inferred,
to identify and measure bias, thus limiting their applicability
when demographic information is unavailable [Ashurst and
Weller, 2023]. To this end, we propose a novel fairness notion
that evaluates unfairness through the training perspective by
examining disparities in model performance as reflected by
training losses, without relying on demographics supervision.
Specifically, the training loss reflects how accurately a model
learns each individual, and systematic differences in these
losses indicate consistent advantages afforded to certain in-
dividuals over others during the learning process. These per-
sistent disparities can signal underlying structural or societal
biases, even when the affected subsets are not explicitly la-
beled. By shifting evaluation away from final outcomes (e.g.,
approval or rejection) toward analyzing consistency in train-
ing performance, this method enables fairness assessments
independent of demographic groupings, offering detailed in-
sights into model behavior. By shifting evaluation from fi-
nal outcomes (such as approval or rejection) to consistency in

training performance, this approach enables fairness assess-
ment without relying on demographic groupings, while pro-
viding more fine-grained insights into model behavior. For
instance, in a graph-based classifier predicting financial re-
liability without access to demographic information such as
race, if a subset of nodes {v1, . . . , vk}, possibly representing
Black individuals, routinely experiences higher losses, this
persistent disparity signals latent unfairness. To quantify this
implicit subgroup unfairness without demographic informa-
tion, the most direct approach is to measure how significantly
the average loss among individuals with the highest losses de-
viates from the other population average. By capturing these
disparities, it becomes possible to approximate implicit max-
imum subgroup-level unfairness, thereby providing a clear
and systematic way to evaluate fairness even in the absence
of explicit demographic information.

However, while conceptually intuitive, directly using the
average loss of individuals with the highest training losses in-
troduces practical limitations. In particular, this measurement
uses the experience of these particular individuals as a proxy
for group-level disparity, which may overlook the experiences
of other individuals across the population. To address this
limitation, we propose quantifying fairness using the empir-
ical variance of training losses instead. The core idea is that
variance, by accounting for the loss of every individual in
the population, reflects how consistently the model performs
across implicitly defined regions of the data and offers a more
stable measure of latent unfairness. Moreover, variance is
smooth and differentiable, enabling gradient-based optimiza-
tion. Motivated by these properties, we define the Latent
Disparity Index (LDI), a variance-based fairness measure that
quantifies the extent to which the individuals with the highest
training losses diverge from the rest of the population mean,
providing a principled and practical framework for evaluating
fairness without explicit demographic information. Formally,
LDI is defined as follows:
Definition 4.3 (Latent Disparity Index). Given a graph
learning model parameterized by θ, the latent disparity index
quantifies implicit bias by measuring the extent to which the
subset of individuals with the highest training losses deviates
from the average loss of the remaining population:

LDI(θ) =

∣∣∣∣∣1k ∑
i∈Qk

(
ℓ(i; θ)− ℓ̄(θ)

)2
− 1

N − k

∑
i∈Qrest

(
ℓ(i; θ)− ℓ̄(θ)

)2∣∣∣∣∣ (1)

where Qk denotes the subset containing the k nodes with the
highest training losses, andQrest denotes the complementary
subset with N denotes the total number of the nodes. In addi-
tion, ℓ(i; θ) represents the training loss of one individual node
i, while ℓ̄(θ) denotes the mean training loss over all nodes,
defined as:

ℓ̄(θ) =
1

|Qtrain|
∑

i∈Qtrain

ℓ(i; θ) (2)
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where Qtrain denotes the empirical training set across all N
nodes.

In summary, LDI provides a without demographic super-
vision mechanism to quantify latent disparity by contrasting
the loss dispersion of the worst-off (top-k) nodes against the
remaining population. Due to the top-k operator defining
Qk and the absolute-value operation, LDI inherently becomes
non-smooth when node membership in Qk changes or when
the disparity gap reaches zero. To this end, in our framework,
LDI primarily serves as a fairness criterion to be monitored
or enforced at the objective or constraint level. To achieve
stable optimization, we instead utilize node-level residual sig-
nals, defined as the standardized deviation of each node’s loss
from the global mean loss, for reweighting. These node-level
residuals continuously vary with individual losses, enabling
stable gradient-based updates. This method progressively re-
duces the underlying loss imbalance and, as a result, robustly
decreases the LDI value throughout training iterations. This
strategy effectively addresses the non-smoothness inherent in
LDI, ensuring a practical and stable approach to fairness eval-
uation and enforcement.

4.2 Mitigating Unfairness without Explicit
Demographics

Building on the proposed LDI, a novel framework is intro-
duced to systematically mitigate bias without requiring ex-
plicit demographic information. The core idea is inspired by
the Rawlsian difference principle [Rawls, 1971], which aims
to improve the outcomes of the least advantaged group with-
out reducing the welfare of others. In this framework, wel-
fare is represented by individual training losses, with dispar-
ity measured through variations in these losses. Under the
absence of explicit demographic information, the “least ad-
vantaged group” is naturally defined as the top-k highest-loss
nodes identified by LDI.

Guided by this principle, we develop the Demographic-
Independent Fair Graph Learning (DIFGL) framework,
which implements Rawlsian fairness through two iterative
steps. First, at each training iteration, nodes experiencing
the greatest disadvantage are identified based on their indi-
vidual training losses. This criterion directly leverages train-
ing loss as a proxy signal for implicit disadvantage in set-
tings where explicit demographic information is unavailable.
Second, after this subset of high-loss nodes is identified, the
training process explicitly prioritizes these nodes, guiding
model updates to reduce their losses toward the overall pop-
ulation average and thereby shrinking the LDI-based dispar-
ity. Since the composition of the least advantaged group may
change dynamically during training, this identification-and-
correction procedure is repeated at each iteration. Specifi-
cally, at iteration t, the identification step is implemented by
ranking training nodes according to their current loss values
and selecting the top-k nodes with the highest losses. For-
mally, an ordering πθ over the training nodes is defined as
follows:

ℓ
(
v1i ; θi

)
≥ ℓ

(
v2i ; θi

)
≥ · · · ≥ ℓ

(
vNi ; θi

)
(3)

where Vtrain ⊆ V denotes the set of training nodes with car-
dinality N = |Vtrain|, while ℓ(vi; θ) represents the training

loss of node vi under parameters θ.
Using this sorted order, we dynamically define the least

advantaged subset and advantaged subset as:

Vdis(θ) =
{
v1i , . . . , v

k
i

}
, Vadv(θ) = Vtrain \ Vdis(θ) (4)

This subset, Vdis(θ), is re-identified after every model up-
date, ensuring that the framework consistently targets the
nodes currently most disadvantaged under the latest model
parameters.

Armed with the identification of the least advantaged
group, the next step is to translate this fairness criterion into a
stable, node-level update rule. Specifically, while LDI effec-
tively signals the existence of disparities, it remains a global
scalar measure, offering no explicit indication of which indi-
vidual nodes require correction or the extent to which each
node should influence subsequent updates. To this end, we
propose a two-stage mechanism that explicitly bridges the
gap between global fairness signals and actionable node-level
guidance. First, a diagnostic component (the separating ora-
cle) translates the overall loss disparity into individual resid-
ual scores, clearly indicating how much loss is caused if each
node deviates from the population mean. Second, a cor-
rective component (the weighted optimization oracle) trans-
forms these residual scores into training weights, systemati-
cally assigning greater emphasis to nodes with above-average
losses, thus directly reducing their disadvantage. Guided by
this mechanism, DIFGL maintains and iteratively updates a
distribution over candidate models, systematically reducing
loss variability across all nodes. By repeatedly applying this
diagnostic and corrective process, DIFGL ensures that no
subgroup consistently experiences disproportionately higher
losses and progressively reduces the disparities captured by
LDI, resulting in stable and sustained fairness improvements
throughout training. Specifically, we first introduce the sepa-
rate oracle and formally define how it computes the residual
scores. Formally, the separating oracle outputs the residual
vector, which captures node-level deviations from the global
average loss as follows:

ri(θ) =
ℓ(vi; θ)− ℓ̄(θ)

σℓ(θ) + ϵ
(5)

where ϵ > 0 ensures numerical stability. To clarify why the
residual is an appropriate node-level signal for reducing dis-
persion, we view the empirical variance as a function of the
loss vector. Let ℓi = ℓ(vi; θ) and µ = ℓ̄(θ) = 1

N

∑N
i=1 ℓi, so

that:

σ2
ℓ (θ) =

1

N

N∑
i=1

(ℓi − µ)2 (6)

Differentiating σ2
ℓ (θ) with respect to the ith loss compo-

nent yields:

∂

∂ ℓ(vi; θ)
σ2
ℓ (θ) =

2

N

(
ℓ(vi; θ)− ℓ̄(θ)

)
(7)

which shows that the centered loss ℓ(vi; θ) − ℓ̄(θ) is exactly
the direction that increases the variance most. The residual
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ri(θ) is a normalized version of this gradient component (up
to a global scaling factor), since:

ri(θ) =
ℓ(vi; θ)− ℓ̄(θ)

σℓ(θ) + ϵ
∝ ∂

∂ ℓ(vi; θ)
σ2
ℓ (θ) (8)

Therefore, if we view σ2
ℓ (θ) as a function of the loss vector(

ℓ(v1; θ), . . . , ℓ(vN ; θ)
)
, then decreasing the losses of nodes

with positive residuals (that is, nodes whose losses lie above
the mean) reduces σ2

ℓ at the first-order level, making the loss
profile more uniform across nodes. Up to this point, we have
described the deterministic variant that maintains a single pa-
rameter vector θ. By doing so, DIFGL can be implemented
in a deterministic form by updating a single parameter vector
θ ← θ+. To avoid abruptly replacing the current model after
each oracle call, we maintain a mixture state over candidate
parameters. Concretely, we represent the current state by a
distribution D and evaluate each node by its expected loss:

ℓ(vi;D) = Eθ∼D ℓ(vi; θ) (9)
Given the residual vector produced by the separating or-

acle, the weighted optimization oracle performs the second
step of the framework by translating these residuals into a
concrete model update. Specifically, we update the state by a
convex mixture Dnew = (1−γ)Dold+γ δθ+ , where the mixing
rate γ controls how much probability mass is assigned to θ+

(smaller γ yields a more gradual update). This distributional
form includes the single-model case as a special instance: if
D = δθ, then ℓ(vi;D) = ℓ(vi; θ). After receiving the residual
vector from the separating oracle, the weighted oracle reduces
the loss disparity by solving a weighted training problem that
assigns larger influence to nodes whose losses are above the
population level. With step size η > 0 and an optional regu-
larizationR(θ), we compute:

θ+ = argmin
θ

1

N

N∑
i=1

(
1+η ri

)
ℓ(vi; θ) + λregR(θ) (10)

where ri can be ri(θ) for a single model or ri(D) for ran-
domized distributions. Notably, we use wi = clip(1 +
ηri, wmin, wmax) to ensure nonnegative, bounded weights.
Minimizing 1

N

∑
i wi, ℓ(vi; θ) + λregR(θ) aligns the update

direction with −∇σ2
ℓ at the loss level, systematically reduc-

ing node loss variance.
Intuitively, because ri > 0 indicates that node vi lies above

the global mean loss, upweighting such nodes increases the
training pressure to reduce their losses, which in turn makes
the loss distribution more uniform across nodes. In DIFGL,
this idea is applied to the current model state in a gradual
manner by maintaining a distribution Dt over candidate pa-
rameters, so that node-level quantities are evaluated in expec-
tation rather than relying on a single point estimate. Accord-
ingly, at iteration t the separating oracle first computes each
node’s expected training loss under Dt, and then derives the
population mean and dispersion from these expected losses:

σℓ(Dt) =

√√√√ 1

N

N∑
i=1

(
ℓ(vi;Dt)− ℓ̄(Dt)

)2
(11)

where ℓ̄(Dt) = 1
N

∑N
i=1 ℓ(vi;Dt), and N = |Vtrain|.

The separating oracle then recalculates node-level residuals
from {ℓ(vi;Dt)}Ni=1, providing a quantitative assessment of
how each node deviates from the global mean. Subsequently,
the weighted oracle uses these residual scores to perform a
reweighted training step and returns a new candidate param-
eter vector θ+.

To update the model state in a controlled and gradual man-
ner, DIFGL does not fully replace the current state with the
new candidate. Instead, it mixes θ+ into the current distribu-
tion using a tunable mixing rate:

Dt+1 ← (1− γt)Dt + γt δθ+ (12)
where γt ∈ (0, 1] controls how aggressively the state moves
toward θ+ at iteration t. In practice, we choose γt by a short
line search along the mixture path D(γ) = (1−γ)Dt+γδθ+ ,
selecting γt so that the variance of the expected losses does
not increase:

σ2
ℓ (Dt+1) = σ2

ℓ

(
D(γt)

)
≤ σ2

ℓ

(
D(γ = 0)

)
= σ2

ℓ (Dt)
(13)

After updating Dt+1, we recompute ℓ(vi;Dt+1) and the
residual vector and repeat the loop.

Finally, we stop once the dispersion is small enough to im-
ply the target LDI threshold. Let α = k/N for the top-k split
used in LDI. The mean-loss gap between the top-k set and the
remaining set admits the bound:

Therefore, a sufficient stopping condition for ensuring
LDI(·) ≤ ε is:

σℓ(·) ≤ ε
√
α(1− α) (14)

Under Equation (14), the resulting model state satisfies the
LDI-based fairness requirement in Definition 4.3.

4.3 Overall Optimization Objectives
In this subsection, we introduce our overall training objective
that jointly considers predictive accuracy and fairness crite-
ria. Specifically, our optimization framework involves two
key components: i) predictive performance evaluated through
the binary cross-entropy loss on labeled nodes, and ii) fair-
ness constraints measured by disparities between the top-k
highest-loss nodes and the rest of the training population. We
define the predictive accuracy component using the standard
binary cross-entropy loss across labeled training nodes VL:

LP =
1

|VL|
∑

vi∈VL

−
(
yvi

log(ŷvi
) + (1− yvi

) log(1− ŷvi
)
)

(15)
In addition, we then formalize a fairness constraint based

on the proposed LDI measure. Mathematically, this is repre-
sented as:

LF =
[∣∣∣1
k

∑
i∈Qk

ℓ(i; θ)− 1

N − k

∑
i∈Qrest

ℓ(i; θ)
∣∣∣− ε

]
(16)

Finally, the overall training objective combines predictive
loss and fairness loss as:
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Dataset Metrics
Methods GCN GIN KSMOTE Reckoner Themis fairGNN-WOD DIFGL

Credit

AUC (↑) 0.681 ± 0.056 0.707 ± 0.048 0.656 ± 0.059 0.668 ± 0.021 0.675 ± 0.032 0.680 ± 0.052 0.701 ± 0.052
F1-Score (↑) 0.794 ± 0.023 0.807 ± 0.028 0.755 ± 0.052 0.763 ± 0.045 0.760 ± 0.048 0.785 ± 0.027 0.790± 0.038
∆DP (↓) 0.118 ± 0.013 0.147 ± 0.030 0.073 ± 0.043 0.068 ± 0.027 0.049 ± 0.021 0.041 ± 0.021 0.038 ± 0.020
∆EO(↓) 0.098 ± 0.027 0.089 ± 0.023 0.065 ± 0.023 0.055 ± 0.014 0.042 ± 0.023 0.038 ± 0.023 0.033 ± 0.013

German

AUC (↑) 0.746 ± 0.045 0.728 ± 0.030 0.679±0.034 0.662 ± 0.051 0.713 ± 0.041 0.728 ± 0.043 0.733 ± 0.021
F1-Score (↑) 0.807 ± 0.032 0.823 ± 0.027 0.775 ± 0.048 0.738 ± 0.046 0.747 ± 0.032 0.752 ± 0.042 0.783 ± 0.032
∆DP (↓) 0.365 ± 0.032 0.159 ± 0.046 0.086± 0.027 0.077 ± 0.018 0.071 ± 0.037 0.063 ± 0.017 0.057 ± 0.013
∆EO(↓) 0.315 ± 0.041 0.097 ± 0.037 0.062 ± 0.020 0.055 ± 0.018 0.040 ± 0.013 0.044 ± 0.013 0.038 ± 0.015

NBA

AUC (↑) 0.691 ± 0.035 0.683 ± 0.048 0.680 ± 0.053 0.681 ± 0.028 0.679 ± 0.054 0.678 ± 0.024 0.681 ± 0.024
F1-Score (↑) 0.631 ± 0.022 0.629 ± 0.042 0.624 ± 0.019 0.621 ± 0.032 0.616 ± 0.029 0.626 ± 0.029 0.626 ± 0.029
∆DP (↓) 0.081 ± 0.033 0.075 ± 0.017 0.032 ± 0.025 0.027 ± 0.018 0.031 ± 0.019 0.023 ± 0.008 0.021 ± 0.023
∆EO(↓) 0.156 ± 0.049 0.132 ± 0.057 0.039 ± 0.020 0.033 ± 0.011 0.038 ± 0.025 0.034 ± 0.017 0.031 ± 0.016

Table 1: Comparison results of DIFGL 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.

Ltotal(θ) = LP + aLF (17)

where a controls the balance between predictive performance
and the strength of fairness enforcement.

5 Experiment
5.1 Datasets
Our experiments are conducted on two widely used datasets:,
namely Credit, German, and NBA. The Credit dataset [Yeh
and Lien, 2009] consists of credit card holders represented
as nodes, with edges capturing similarities in their purchas-
ing and repayment behaviors. Age is considered the sensi-
tive attribute, and the task aims to determine whether a card-
holder is likely to default on future payments. The Ger-
man dataset [Asuncion and Newman, 2007] models clients
of a German financial institution as nodes, where edges are
constructed between individuals exhibiting similar credit ac-
count characteristics. In this dataset, gender is treated as
the sensitive attribute, and the learning objective is to pre-
dict whether a client presents a high or low credit risk. The
NBA dataset [Dai and Wang, 2021] is professional basketball
players from the 2016–2017 season as nodes, while edges de-
note social interactions among players on Twitter. National-
ity, categorized as American or overseas, serves as the sensi-
tive attribute, and the classification task focuses on predicting
whether a player’s salary is above the median level.

5.2 Baselines
We evaluate the proposed DIFGL method against a set of
representative baseline approaches, which are grouped into
two categories. i) Vanilla graph models: GCN [Kipf and
Welling, 2016] and GIN [Xu et al., 2018]. ii) Fairness-
enhanced methods: KSMOTE [Yan et al., 2020], which
constructs pseudo-groups through clustering and enforces
fairness using prediction regularization; Reckoner [Ni et
al., 2024], which promotes group fairness through learnable
noise injection and knowledge sharing in a dual-model frame-
work; Themis [Wang et al., 2025d], which addresses fair
graph learning without demographic information by infer-
ring demographic proxies via a Bayesian variational autoen-
coder and enforcing fairness through disentangled latent; and
fairGNN-WOD [Wang et al., 2025e], which mitigate bias

without demographics by leveraging disentanglement learn-
ing to separate sensitive and task-related information. For ap-
proaches not originally developed for graph-structured data,
we adapt their implementations to operate with our GNN
backbone following the authors’ original designs.

5.3 Evaluation Metrics
We adopt two predictive performance metrics, namely AUC
and F1-score, with higher scores indicating better predic-
tive accuracy. For fairness evaluation, we utilize two com-
monly used metrics: Demographic Parity (∆DP ) [Dwork et
al., 2012] and Equalized Odds (∆EO) [Hardt et al., 2016],
where values approaching zero represent greater fairness.

5.4 Experiment Results
Comparison Study. Table 1 presents a detailed comparison
of DIFGL against six baseline methods on three benchmark
datasets, evaluating both predictive performance metrics and
fairness metrics. We first observed that DIFGL consistently
achieves the best fairness outcomes across all datasets, re-
flecting lower values of fairness metrics compared to baseline
methods. This improvement in fairness arises from DIFGL’s
explicit strategy of targeting the highest-loss nodes, identi-
fied via the LDI perspective, and incrementally adjusting their
weights during training. In contrast, standard GNN methods,
such as GCN and GIN, optimize only average predictive per-
formance, often leaving persistent disparities among certain
node subpopulations. Data-level approaches (e.g., KSMOTE)
attempt to mitigate disparity by altering the training data dis-
tribution, but this can cannot guarantee a balanced representa-
tion across different subgroups, nor can they ensure indepen-
dence between demographic attributes and model decisions.
Similarly, approaches based on demographic inference may
suffer from inaccuracies in inferred demographic labels, pre-
venting them from accurately enforcing fairness constraints at
the group level. In addition, we also observed that DIFGL re-
liably maintains competitive predictive performance, closely
matching or slightly trailing behind the top predictive back-
bones, while substantially improving fairness. This is due
to DIFGL’s incremental correction mechanism guided by sta-
ble node-level residual signals, which avoids drastic parame-
ter updates and thus preserves predictive accuracy. Overall,
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Figure 1: Ablation study results on the on the Credit, German and NBA dataset.

Figure 2: Parameter sensitivity analysis of hyperparameters on the Credit, German and NBA dataset.

DIFGL consistently achieves a balanced trade-off between
fairness and predictive performance, demonstrating its effec-
tiveness in practical scenarios where explicit demographic in-
formation is unavailable or restricted.
Ablation Study. We conduct an ablation study to gain
deeper insights into the design and effectiveness of the LDI
in DIFGL. Specifically, we compare DIFGL against a vari-
ant (denoted as DIFGLmax) that directly defines model bias
as the maximum individual loss gap, representing a stricter,
worst-case definition of latent disparity. Figure 1 shows the
results, indicating that the DIFGLmax variant yields both
worse predictive performance and weaker fairness outcomes
compared to the original DIFGL. This occurs because the
max–min loss range used by LDImax is dominated by only
a few extreme nodes, and as training progresses, the identi-
ties of these nodes (maximizer and minimizer) often change
abruptly. Such instability generates unreliable update signals,
causing the model to chase after outlier nodes rather than
systematically enhancing outcomes for the genuinely least-
advantaged subset. Moreover, reducing LDImax may involve
overly suppressing the loss of the highest-loss node or artifi-
cially inflating the lowest-loss node, neither of which neces-
sarily decreases the average disparity experienced by a mean-
ingful fraction of the population. Hence, DIFGL with the
original LDI effectively maintains a better balance between
predictive utility and fairness compared to the DIFGLmax.
Parameters Sensitivity. We investigate DIFGL’s sensitivity
to the fairness–utility trade-off parameter a, varying it across

the set {e−4, e−3, · · · , e4}. The results are presented in Fig-
ure 2. We observe that increasing a places greater emphasis
on minimizing the LDI-based disparity, typically resulting in
improved fairness metrics. However, this improvement often
comes with a trade-off in utility, as the model focuses more
heavily on mitigate bias, potentially diverting capacity from
overall prediction accuracy. Conversely, smaller values of a
push the training closer to standard, accuracy-driven learning,
which generally produces higher predictive performance but
offers weaker fairness.

6 Conclusion
Given the observed gap between the assumptions made by
existing AI fairness methods regarding the availability of de-
mographic information and the reality of practical constraints
in real-world applications, we introduced a novel framework
for fair graph learning without explicit or inferred demo-
graphic information. Furthermore, we developed a random-
ized optimization strategy explicitly targeting variance re-
duction in node-level losses, ensuring consistent compliance
with fairness threshold. Extensive experiments confirmed our
framework’s effectiveness, showing significant fairness gains
without major drops in predictive accuracy. Our work thus
provides a practical solution for achieving fairness in graph
learning scenarios constrained by privacy or regulatory limi-
tations, paving the way for future research in fairness without
demographic supervision.
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