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Abstract

Link prediction is a fundamental task in graph machine learn-
ing with applications ranging from social recommendation to
knowledge graph completion. Fairness in this setting is crit-
ical, as biased predictions can exacerbate societal inequali-
ties. Prior work adopts a dyadic definition of fairness, enforc-
ing fairness through demographic parity between intra-group
and inter-group link predictions. However, we show that this
dyadic framing can obscure underlying disparities across sub-
groups, allowing systemic biases to go undetected. More-
over, we argue that demographic parity does not meet the
desired properties for fairness assessment in ranking-based
tasks such as link prediction. We formalize the limitations of
existing fairness evaluations and propose a framework that
enables a more expressive assessment. Additionally, we pro-
pose a lightweight post-processing method combined with
decoupled link predictors that effectively mitigates bias and
achieves state-of-the-art fairness—utility trade-offs.

Code — https://github.com/joaopedromattos/MORAL
Extended version — https://arxiv.org/abs/2511.06568

1 Introduction

Link prediction is the task of discovering potential missing
or future links in a network. There is extensive literature on
link prediction models (Liben-Nowell and Kleinberg 2007;
Zhang and Chen 2018; Pan, Shi, and Dokmani¢ 2022; Zhu
et al. 2021; Chamberlain et al. 2023), which demonstrates
the relevance of this task and the variety of domains where
it can be applied, ranging from social networks to knowl-
edge graphs. Among these domains, many types of net-
works are prone to biases in their structure and features (Dai
et al. 2024; Stoica, Riederer, and Chaintreau 2018; Karimi
et al. 2018), requiring the adoption of fair machine learn-
ing methods to mitigate bias in model predictions (Li et al.
2021a, 2022; Current et al. 2022; Tsioutsiouliklis et al. 2022,
2021a). Our work is focused on the fair link prediction prob-
lem and, more specifically, on the evaluation and design of
link prediction models under fairness considerations.

As a motivational example, consider the recommendation
problem in social networks, where links represent social in-
teractions. On a professional network, such as LinkedIn, bi-
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ased connection recommendations can lead to persistent em-
ployment disparities between groups. Closed male network-
ing circles provide more job leads and higher status connec-
tions than female/minority ones (Calvo-Armengol and Jack-
son 2004), resulting in white women receiving 33% fewer
job leads on average, according to some models (McDon-
ald, Lin, and Ao 2009). In addition, bias in friendship can
lead to long-term accumulation (Gupta et al. 2021; Hofstra
et al. 2017), with the large majority of links occurring only
within the same communities, creating filter bubbles (Cinelli
et al. 2021; Bakshy, Messing, and Adamic 2015).

The graph representation learning literature has focused
on fair node representations (Zhu et al. 2024a,b; Ling et al.
2023; Agarwal, Lakkaraju, and Zitnik 2021; Laclau et al.
2021), and building upon these works, the current notion of
fairness adopted by fair link prediction methods is dyadic (Li
et al. 2021a; Current et al. 2022; Li et al. 2022; Luo et al.
2023). The main assumption behind dyadic fairness is to
categorize groups according to a protected attribute of in-
terest and obtain equalized positive outcomes across these
groups. In the social network example, two communities can
be identified (e.g., men and women), and we can define fair-
ness as links between men and women (inter) having the
same probability of occurring as links within these groups
(intra). To mitigate the disparity between these probabili-
ties, fair link prediction algorithms adopt different strategies,
evaluated through group fairness statistical metrics (Dwork
et al. 2012; Kusner et al. 2017; Masrour et al. 2020).

However, we show that fair node embeddings do not
translate to fair link prediction. The limited expressive
power of Graph Neural Networks (GNNs), outputs indis-
tinguishable node representations in symmetric neighbor-
hoods containing different sensitive groups. This prevents
the adoption of fair node embeddings in training objectives
that distinguish between edge groups to achieve parity.

In addition, the dyadic fairness applied by previous fair
link prediction methods (e.g., intra vs. inter) is unable to
capture biases that occur within sensitive groups of node
pairs, which is known as fairness gerrymandering (Kearns
et al. 2018). In the social network example, male-male con-
nections might be systematically more likely than female-
female connections, and the dyadic fairness evaluation met-
rics considered (in particular, demographic parity) are insen-
sitive to this phenomenon, thereby masking underlying bi-



ases. The consequence of this limitation is a “glass ceiling”
effect (Stoica, Riederer, and Chaintreau 2018), in which an
under-representation of a subgroup of pairs goes undetected.

A third limitation of existing work on fair graph machine
learning (including link prediction) is evaluating fairness as
a subset selection problem, instead of based on ranking (Han
et al. 2023; Kleinberg, Ryu, and Tardos 2024; Stoica, Litvak,
and Chaintreau 2024; Li et al. 2021b). We claim that by not
considering the ranking of candidate links, a link prediction
method can be prone to exposure bias. In this fashion, one
key property of a fair link prediction algorithm should be
to ensure equality of probabilities and exposure, preventing
one group from dominating the top positions of the ranking.

Our work is the first attempt at formalizing and demon-
strating empirically the above limitations in the context of
fair link prediction. To address these limitations, we propose
using an exposure-based fairness evaluation metric previ-
ously applied in information retrieval (Draws, Tintarev, and
Gadiraju 2021). Our experiments show that several existing
approaches (Rahman et al. 2019; Dong et al. 2022; Ling
et al. 2023; dai 2021; Wang et al. 2022b) fail at achieving
a good tradeoff between accuracy and fairness under this
evaluation metric. This motivates the design of a new post-
processing algorithm that can be combined with any existing
link prediction model to generate fair outcomes based on the
new metric, outperforming existing alternatives.

We summarize the contributions of this work as follows:
(1) we expose the limitations of demographic parity as a
fairness metric in the context of link prediction; (2) we pro-
pose using an exposure-based fairness metric that overcomes
the limitations of demographic parity and show that exist-
ing approaches for fair link prediction are ineffective un-
der the new metric; and (3) we introduce MORAL, a post-
processing algorithm that can de-bias the outputs of any link
prediction model and achieves good accuracy vs. fairness
tradeoffs under the new evaluation metric.

2 Preliminaries

Let a graph G = (V,E,S), v € V is the set of nodes,
(u,v) € FE the set of existing edges in the graph, and
S € {0,1}" is the vector of sensitive attributes, where
s, indicates the sensitive attribute of node v. In this work,
we consider binary sensitive attributes for simplicity and
the availability of datasets, but our analysis is also valid
for categorical and/or multiple sensitive attributes. The bi-
nary sensitive attribute S produces three subgroups of node
pairs, which for the remainder of the paper we denote as
E,o = {(u,v) € VXV | s, =18, =0}, Ess =
{(u,v) eV xV|s,=1,8,=1},and Ey.y = {(u,v) €
VxV | s, =0,s, = 0}, for simplicity. We consider a
link prediction classifier a score function f(-, ) that maps a
given input pair (u,v) to a score Y € [0, 1]. We denote the
scores of all candidate pairs as R € [0, 1]/°!, where C is the
set of candidate pairs.

Definition 1 (Demographic Parity - App). Let Y be the
prediction of a binary classifier. Demographic parity is de-

fined as: [P(Y | (u,v) € Einga) — P(Y | (4,0) € Einger)|-

In this scenario, we can define the objective of fair link
prediction with an output R as ming A.%Z4(R), where £
is an accuracy loss (usually Binary Cross Entropy), subject
to a constraint (or regularization term) based on a bias loss
ZB(R) < f. Previous works (Li et al. 2021a, 2022; Cur-
rent et al. 2022) follow the fair graph representation learn-
ing community practice of defining the task of fair link pre-
diction in a dyadic framework. In particular, these works
propose to divide pairs into intra-pairs (B = {(u,v) €
E | EssUFEy.s}) and inter-pairs (Eiyer = {(u,v) € E |
Ess}), and are trained and evaluated considering demo-
graphic parity (App) or one of its surrogates as the main
fairness metric (Xg =~ App).

3 Limitations of Demographic Parity for
Fair Link Prediction

Despite recent advances in fair graph learning, existing
bias mitigation techniques for link prediction remain lim-
ited in three fundamental ways. First, many approaches rely
on node representations from GNNs with constrained ex-
pressive power, restricting their ability to model the nu-
anced structural and demographic patterns necessary for
fairness. Second, common fairness metrics such as demo-
graphic parity (App) operate under a dyadic assumption
that aggregates across sensitive subgroups, masking imbal-
ances that occur within groups. Finally, these metrics are of-
ten permutation-invariant and insensitive to ranking order,
making them unsuitable for applications where exposure and
position matter. We systematically analyze these limitations
to motivate a new fairness criterion for link prediction.

3.1 Expressive Power Impact on Fairness

Fair link prediction methods typically fall into two cat-
egories: node-level and link-level approaches. Node-level
methods assume that fair node representations—often
learned via Graph Neural Networks (GNNs)—will natu-
rally result in fair link predictions (Li et al. 2021a). In con-
trast, link-level methods attempt to directly enforce fair-
ness on edge predictions, either by learning fairness-aware
edge embeddings or by modifying the graph structure (e.g.,
through unbiased adjacency matrices). These methods of-
ten rely on adversarial training or fairness-specific loss func-
tions to enforce demographic parity across intra- and inter-
group links (Li et al. 2021a; Current et al. 2022). However,
both approaches are fundamentally constrained by the lim-
ited expressive power of standard GNN architectures.

Most GNNs operate within the expressivity limits of the
Weisfeiler-Lehman (1-WL) test, which restricts their ability
to distinguish certain graph structures and node interactions
(Xu et al. 2019). This poses a problem for fairness in link
prediction, which often requires capturing subtle topologi-
cal and demographic asymmetries across node pairs. For in-
stance, a model must distinguish between link types (e.g.,
FEy o vs. By _s) and detect systematic under-representation.
Yet, 1-WL GNNs tend to produce similar embeddings for
nodes in symmetric neighborhoods, failing to differentiate
pairwise combinations that matter for fairness. See the ex-
tended version for an example of this limitation.



3.2 Bias Within Edge Groups (E;.s vs. Ey.4)
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Figure 1: Toy example showing how App fails to distin-
guish subgroup bias within aggregated edge groups. Both
panels depict top-10 link predictions (dashed edges) over the
same graph, achieving the optimal App value despite the
left scenario overrepresenting F,_ (blue) relative to Eg/_g
(red), while E/_s (gray) is the protected group.

As discussed, the limited expressivity of node-level rep-
resentations motivates the use of fair edge representations
for link prediction. However, most existing methods aim to
directly minimize App , which can introduce unintended
biases. Specifically, considering A p p at the edge level with-
out accounting for the combinatorial nature of sensitive at-
tributes can mask disparities between subgroup pairings.

In the case of a binary sensitive attribute (e.g., gender),
the graph naturally decomposes into three edge types: Fs._g,
Ey o, and Ey g, corresponding to all possible node pair-
ings. Existing methods often aggregate these into broader
categories—such as intra-group (Fs.s U Fy_s) and inter-
group (Ey_s) edges—to enforce fairness constraints. How-
ever, we show that such aggregation may overlook sys-
tematic biases within the aggregated subgroups. For ex-
ample, a model may consistently overpredict links of type
E,_; relative to Egy g, yet still satisfy App under the ag-
gregated grouping. More generally, the metric Ap,x =
maXg,,g,€G,91#92 |[P(Y | 1) = P(Y | go)] fails to pe-
nalize subgroup-level disparities when groupings G ignore
pairwise composition. As a result, traditional dyadic fairness
assumptions break down in the link prediction setting.

Example Figure 1 demonstrates how demographic parity
can obscure subgroup imbalances. Here, Fs_; (gray) repre-
sents inter-group links (designated as the protected class),
while FE, ¢ (blue) and FEg s (red) represent intra-group
links. Although the model disproportionately favors FE_ ¢
over E_y in the left panel, both panels yield identical App
scores due to aggregation into Fj,.,. Even alternative group-
ings (e.g., Es s U Eg_g vs. Eg_ ) fail to resolve the issue:
underexposure of certain subgroups remains undetected.

Toward Subgroup-Sensitive Fairness. Over multiple pre-
diction rounds, this skew can amplify structural dispari-
ties, akin to exposure bias (Singh and Joachims 2018), rein-
forcing phenomena such as the glass ceiling effect (Stoica,
Riederer, and Chaintreau 2018). To address this issue, we
propose a fairness criterion that preserves the distributional
structure of edge types as observed in the original graph.

Property 1 (Non-Dyadic Distribution-Preserving Fairness).
A fairness metric should treat all sensitive attribute pair-
ings as distinct subgroups, and aim to align the predicted
edge distribution with that of the original graph. Formally,
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Figure 2: App fails to capture exposure and subgroup pro-
portion bias. Three models (a)—(c) output top-10 link predic-
tions over a graph with original subgroup edge proportions
of 50% E_s (blue), 30% E:_g (red), and 20% E,_s (black).

let ™ = (ms.s, Tsr.s, Tsr-s7 ) denote the empirical distribution
of edge types defined by a binary sensitive attribute S. Let
7t = (5.5, Ts'-s, Ts-s7 ) be the predicted distribution. Then,
a fair link predictor should minimize dist(#, 7), where dist
is a suitable divergence metric (e.g., KL divergence).

3.3 Bias Across Edge Groups (Eintra VS. Einter)

Fair link prediction methods commonly frame the task as
binary classification, using utility metrics such as AUC-
ROC to evaluate model performance (Li et al. 2022, 2021a;
Current et al. 2022; Masrour et al. 2020). However, this
evaluation protocol often misaligns with real-world appli-
cations, where link prediction decisions are based on ranked
candidate lists (Tsioutsiouliklis et al. 2021b, 2022). Recent
work addresses this limitation using ranking-based evalua-
tion metrics (Mattos et al. 2025).

In terms of fairness, many approaches adopt the App re-
duction between Eiye; and Eiy, as the primary fairness met-
ric, which does not consider the proportion of pairs from
each group in the final ranking. As a result, a biased model
could produce a ranking heavily dominated by one pair type
(e.g., Finra) and still be evaluated as fair if the predicted
scores are numerically similar. We argue that A pp is inher-
ently ranking-insensitive, making it an inadequate fairness
measure for ranking-based tasks such as link prediction.

Even if the final ranking distribution of pairs of each type
in a ranking approximates the distribution from the original
graph, App is also limited by being permutation invariant.
This characteristic also enables another instance of exposure
bias (Singh and Joachims 2018), but this time in a dyadic
fashion. For instance, a (biased) link prediction algorithm
can output a ranking of pairs that promotes an unfair num-
ber of Fip (Fs.s|J Esr-s) pairs to the top positions while
still maintaining low values of demographic parity, charac-
terizing a case of exposure disparity against Ejne,. This is
problematic in many applications, in which user attention is
concentrated on the few top-ranked items.

Example Figure 2 presents three hypothetical top-10 rank-
ings produced by different link prediction models, each eval-
uated over the same input graph with subgroup edge distri-
bution 7w = (0.5,0.2,0.3). Model (a) exhibits severe bias
by over-representing I ¢ pairs, distorting both the group
proportions and their relative exposure in top ranks. Model
(b) preserves the global edge distribution but places Fiyya
edges disproportionately high, resulting in exposure bias
despite matching overall proportions. Model (c) maintains
both proportionality and fair exposure across groups. De-
spite these clear disparities, all three rankings could yield



the same App score, which is blind to ranking order and
group-specific position effects—highlighting the need for
rank-aware fairness evaluation.

Property 2 (Rank awareness). A fairness metric for link
prediction should be sensitive to the proportion and rank
of every type of pair. Specifically, it should ensure that any
group, when ranked, does not systematically have higher or
lower ranks compared to other groups. Let 7, denote the
distribution of each pair type in the top-k ranking of pairs
outputted by a link prediction classifier, and C the set of can-
didate pairs. A rank-aware fairness metric should minimize
ming, Zchll dist(7ty, )0 where O denotes the propor-
tional exposure decay attributed to the k-th position on the
ranking, which is usually monotonically decreasing.

Previous definitions of group exposure (Singh and
Joachims 2018; Zehlike and Castillo 2020) consider the sum
of the scores of items from the group weighted by the top-
1 position bias. Such a definition assumes that items in top
positions receive more attention (Joachims et al. 2005) and,
thus, should have larger weights associated with their scores.
Following the same assumption, Property 2 ensures that sig-
nificant deviations from the original graph distribution in the
top positions are more heavily penalized than deviations oc-
curring at the bottom positions.

4 Distribution-Preserving and
Ranking-Aware Fair Link Prediction

We first demonstrate how fair ranking evaluation metrics can
address previous limitations associated with App , and then
we propose a simple post-processing algorithm for bias mit-
igation in link prediction methods.

4.1 Fair Ranking Metrics

The limitations of A pp suggest the need for accounting not
only for group proportions but also for exposure in ranked
outputs. Inspired by previous works on fair ranking (Zehlike
et al. 2017), we pose fair link prediction as a group-aware
ranking problem over candidate links.

In standard fair ranking, items are ranked by relevance,
and fairness is enforced by controlling the representation of
protected groups in top positions. Although link prediction
differs from classical ranking—most notably, edges do not
carry scalar relevance scores—we observe that a model still
induces a ranking over predicted edges. Moreover, this in-
duced ranking affects which types of node pairs (e.g., Es.g,
E_¢) are prioritized in downstream model decisions.

Our setting breaks away from dyadic fairness assumptions
by considering group-level edge categories as ranking units.
Given this framing, we seek metrics and methods that jointly
account for (i) consistency with group-level edge propor-
tions and (ii) equitable exposure across ranking positions.

In this fashion, we adopt the Normalized Cumulative KL-
Divergence (NDKL) as our fairness metric. NDKL penalizes
deviation between the cumulative exposure of group cate-
gories in the top-k ranked edges and their expected distribu-
tion, capturing exposure fairness and subgroup proportions.

Definition 2 (Normalized Cumulative KL-Divergence -
NDKL). Let C be the set of candidate pairs ranked by score,
7 the original proportion of each sensitive edge group in the
graph, and 7 the distribution of sensitive groups up to the
k-th position of C, the NDKL is:

[C]
1 1
NDKL = — E — D T
Z & logy(k+1) " (),

where Dx1,(p||q) is the KL-Divergence between distribu-

tions p and ¢, and Z = Z‘q

1 . .
i=1 Tog, (i41) 18 @ normalizer.

Theorem 1. Let @ = [mg, 71, 2] be the target distribu-
tion over 3 sensitive groups, with ZZ m; = 1, and let
7, denote the empirical distribution over the top-k ranked
items. Under the constraint that the full ranking satisfies
demographic parity (i.e., the overall empirical distribution
matches 7), the NDKL score satisfies the following bounds:
0 < NDKL < maxc(o,1,2) log 7.

Theorem 1 establishes upper and lower bounds for the
NDKL score under the assumption of demographic parity
at the full-ranking level. To empirically validate this result,
we construct controlled scenarios where candidate rank-
ings are manipulated to explore different levels of exposure
bias—ranging from completely fair to maximally skewed
under a fixed 7. As shown in Section 5.2, the observed
NDKL scores in these settings consistently lie within the
theoretical bounds, confirming the expected behavior by re-
sponding sensitively to violations in exposure fairness.

NDKL satisfies both key properties required for fairness
in link prediction. By using KL-Divergence over group dis-
tributions, it supports multiple sensitive groups without re-
quiring dyadic aggregation (Property 1). It is also rank-
aware, which ensures top-ranked exposures are more influ-
ential (Property 2). While NDKL was previously used in
fair ranking (Geyik, Ambler, and Kenthapadi 2019) and is
our metric of choice, other metrics could be used—provided
they quantify divergence across multiple groups and incor-
porate exposure weighting in ranked outputs.

4.2 MORAL - Multi-Output Ranking
Aggregation for Link Fairness

We introduce MORAL (Multi-Output Ranking Aggrega-
tion for Link fairness), a simple and scalable post-processing
framework designed to improve fairness in link prediction.
MORAL decouples group-wise predictions and enforces ex-
posure parity through a ranking aggregation mechanism.
Specifically, MORAL trains three distinct link prediction
models: f,., fs.s, and fg_s, each trained exclusively on
edges corresponding to a specific sensitive group interac-
tion. This decoupling mitigates group-specific utility dis-
parities and prevents a single model from exhibiting im-
balanced predictive performance across groups. In addition,
MORAL remains computationally efficient even for sensi-

tive attributes with larger cardinality, as each model pro-

cesses only % gradients per epoch, where |E}.qn|
2



denotes the number of training edges, | S| the number of sen-
sitive attribute categories, and b the batch size.

At inference time, MORAL aggregates predictions from
the group-specific models into a unified ranking. This is ac-
complished by maintaining a running estimate of the expo-
sure distribution across the three edge types and greedily se-
lecting, at each rank position, the highest-scoring remaining
edge from the model whose inclusion most reduces the cu-
mulative KL divergence from a predefined target distribution
7 (see Algorithm 1 for pseudocode). This exposure-aware
ranking procedure ensures that the final output approximates
the desired group-wise exposure proportions.

Our greedy strategy solves the following fairness-
prioritized objective: ming Za(R) st ZLp(R) <
ming Zg(R’). Similarly, one could optimize a different
objective that balances accuracy and fairness through a
hyperparameter A\. A greedy algorithm can optimize this
weighted-sum objective by minimizing the combined loss
at each step (Celis, Straszak, and Vishnoi 2018). We opt
for the constrained formulation above to explicitly prioritize
fairness across all datasets, especially in imbalanced settings
where exposure risks are more severe.

MORAL addresses the challenges identified in Section 3
by combining group-specific models with KL-guided rank-
ing. Moreover, MORAL outputs group assignments per rank
position, meaning it can be seamlessly paired with any fair
ranking metric (like NDKL) that satisfies Properties 1 and 2.

Algorithm 1: MORAL: Multi-Output Ranking Aggregation
for Link Fairness
Input:

* Candidate sets C; = {(u, v, score)} for each group j €
{0, 1,2} (sorted by descending score);

¢ Target distribution 7 = (7, 71, 72);
* Total output size n.

Output: Ranking list R of n predicted edges with assigned
group labels
Initialize exposure counts: ¢ < (0,0,0) Initialize output
ranking: R <[]
fort < 1ton do
Initialize best objective: min_kl — 00,
selected_group <+ —1, selected_edge <— None
foreach group j € {0, 1,2} such that C; is not empty do
Let (u, v, score) < top element in C;
Temporarily update counts: ¢ < ¢; + 1, ¢} < %,
9j'#i < &
Compute KL divergence: Dxr,(q'||7)
if this KL is lower than min_kl then
Update min kl < Dky, selected_group < j,
selected_edge < (u,v)

end

end

Append (selected_edge, selected_group) to R
Remove top element from Cgciected_group
Update Cselected_group < Cselected_group 1 1

end
return R

5 Experiments

Dataset V] |E| Feat. Attr. Fy. (%) FE.;(%) FEy.s (%) Topo.
facebook 1045 18726 573 Gen. 42 44 14 Periph.
german 1000 15220 27 Age 20 61 19 Periph.
nba 403 7435 95 Nat. 27 63 10 Periph.
pokecn 66569 361934 276  Gen. 5 66 29 Comm.
pokec.z 67796 432572 265  Gen. 5 58 37 Comm.
credit 30000 96165 13 Age 12 86 2 Periph.

Table 1: Statistics from our six real-world datasets, covering
periphery and community graphs from different domains.

We evaluate link prediction approaches across multiple
datasets through fairness and link prediction metrics based
on ranking. Considering our previous claims, we formulate
three main research questions: RQI: To what extent does
App lead to hidden biases in the proportion of each group
type in link prediction tasks? RQ2: Does ranking-awareness
lead to a more faithful assessment of fairness in link pre-
diction, compared to dyadic or proportion-based measures?
RQ3: How does MORAL compare against existing fair link
prediction approaches under the ranking metric?

Baselines. To provide a robust comparison across differ-
ent approaches for fair link prediction, we evaluate a diverse
set of approaches and include the most competitive models.
These include a node embedding method (FairWalk (Rah-
man et al. 2019)); a pre-processing method (EDITS (Dong
et al. 2022)); in-processing methods (GraphAIR (Ling et al.
2023) and UGE (Wang et al. 2022a)); post-processing meth-
ods (DetConstSort (Geyik, Ambler, and Kenthapadi 2019)
and MORAL); and a (task-specific) fair link prediction ap-
proach (FairAdj (Li et al. 2021a)). For consistency, all
methods are applied to a Graph Convolutional Network
(GCN) encoder (fy) with a dot product decoder, follow-
ing the encoder-decoder framework outlined in Section 2.
We expect similar results when considering other GNNs/S-
GNNs (Wang, Yang, and Zhang 2024; Zhang and Chen
2018; Chamberlain et al. 2023). We use the hyperparameter
recommendations of the original papers in all experiments.

Datasets. We conduct experiments on six real-world
datasets considered in previous works (Dong et al. 2022; Li
et al. 2022; Current et al. 2022). These datasets represent
diverse domains and fairness contexts. The Credit dataset
is a credit scoring network where nodes represent individ-
uals and edges represent credit relationships, with age as
sensitive attribute. The Facebook dataset is a social network
where nodes are users and edges represent friendships, with
gender as sensitive attribute. The German dataset is a credit
approval network where nodes are individuals and edges
link similar individuals, with gender as sensitive attribute.
The NBA dataset is a network of NBA basketball players,
where edges represent relationships between the athletes on
Twitter, and nationality ("US’ and ’overseas’) is the sensi-
tive attribute. The Pokec-n/z datasets consist of all the data
from Pokec, a social network from Slovakia, in 2012, where
nodes are users, edges are friendships, and gender is the sen-
sitive attribute. Table 1 presents statistics for each dataset,
including the number of nodes, edges, and the distribution
of sensitive attributes. We selected datasets from two differ-
ent graph distributions (community and periphery).



Evaluation Metrics. We consider two metrics, adhering
to the evaluation scheme of ranking tasks. We adopt NDKL
as our fairness ranking metric and prec@k as our ranking-
based performance metric. We also establish comparisons
between NDKL and A pp in Section 5.2.

Implementation Details We implement all models using
PyTorch Geometric (Fey and Lenssen 2019) and the PyGDe-
bias (Dong et al. 2023a). We run experiments using NVIDIA
A40 GPUs, fixing random seeds, and run each experiment 3
times. Random edge splits are set as 70/10/20% for train-
ing/validation/testing. The sensitive attribute distribution is
preserved across all splits. We adopt the Adam optimizer
with learning rate 0.0003 for all experiments.

5.1 Hidden Bias in Dyadic Fairness

We first aim to answer RQ1, demonstrating the limitations
of dyadic fairness for link prediction. We analyze the distri-
butions of types of pairs in the top-k of each method, inde-
pendent of the order of the elements. In Figure 3, we com-
pare the proportions of pairs in the top-k (k = 100) of each
baseline. Our approach obtains the closest approximation to
the target distribution, while other methods overestimate one
pair type at the detriment of another, despite obtaining low
values of App . This result demonstrates the limitation of
A pp in detecting underrepresented aggregated groups, and
sheds light on the importance of adhering to Property 1.

5.2 Demographic Parity Gap

To answer RQ2, we demonstrate the effect of ranking on
fairness in link prediction by fixing the proportion of each
pair type. First, we compute the required proportions of each
pair type for optimal App . Then, we fix these propor-
tions, but consider the worst and best possible permutations
of these candidate pairs in terms of NDKL. To isolate the
fairness component from the utility measurement, we as-
sume in this experiment that the pairs being ranked are all
positive, meaning that regardless of the permutation of the
pairs, both rankings will obtain prec@k = 100%. We ex-
pose the NDKL gap for varying-sized rankings in the ex-
tended manuscript. Despite relevant exposure bias between
the worst and best rankings, the value of App is the same.
This indicates the necessity of incorporating Property 2 into
fair link prediction metrics.

5.3 Baselines Ranking Comparison

We compare our method against UGE, EDITS, FairAdj,
GRAPHAIR, FairWalk, DELTR, and DetConstSort. We
adopt NDKL as the fairness metric and prec@ 1000 as the
utility metric. For EDITS, we use the dot product between
the node embeddings obtained by training a GCN on the fair
graph generated as the pair scores. For GRAPHAIR, UGE,
and FairWalk, the scores are obtained through the dot prod-
uct of the fair node embeddings outputted.

We show our results in Table 2. MORAL achieves the
fairest rankings while still maintaining high link prediction
performance. Both periphery and community graph types
are challenging for all methods. We highlight the large fair-
ness improvements obtained by our approach across all
datasets, particularly in Credit, German, and NBA.

6 Related Work

We situate MORAL within two major areas: fair graph rep-
resentation learning and fair ranking. Our approach is an ex-
ample of a post-processing method, which has proven effec-
tive in fair ranking tasks (Xian, Yin, and Zhao 2023; Tifrea
et al. 2024; Gorantla, Deshpande, and Louis 2021; Zehlike
etal. 2017; Li et al. 2021b), and aligns with decoupling clas-
sifiers for group fairness, which has been successfully ex-
plored in the past (Dwork et al. 2018).

6.1 Fair Graph Representation Learning

Pre-processing. Methods such as EDITS (Dong et al. 2022)
and ALFR (Edwards and Storkey 2016) mitigate bias before
training by modifying node features or the graph structure.
Despite their effectiveness, these methods can be computa-
tionally expensive and face scalability issues.

In-processing. FairGNN (dai 2021), NIFTY (Agarwal,
Lakkaraju, and Zitnik 2021), GRAPHAIR (Ling et al. 2023),
FairVGNN (Wang et al. 2022b) , and UGE (Wang et al.
2022a) integrate fairness during training using adversarial
learning or graph augmentations. These methods assume
fairness can be enforced at the node embedding level, which
may encounter expressivity power limitations, and not gen-
eralize to pairwise tasks like link prediction.

Fair Embeddings. FairWalk (Rahman et al. 2019) and
RELIANT (Dong et al. 2023b) focus on debiasing unsu-
pervised embeddings via neighbor sampling and proxy re-
moval, respectively. However, these methods rely heavily on
the structural properties of the graph and are not designed for
post-hoc ranking fairness.

6.2 Fair Ranking and Information Retrieval

Post-processing approaches like FA*IR (Zehlike et al.
2017) and DetConstSort (Geyik, Ambler, and Kenthapadi
2019) re-rank outputs to satisfy fairness constraints. Though
model-agnostic, they can be computationally intensive and
inflexible. In-processing ranking methods, such as DELTR
(Zehlike and Castillo 2020), policy learning (Singh and
Joachims 2019; Yadav, Du, and Joachims 2021), and con-
strained optimization via SPOFR (Kotary et al. 2022),
jointly optimize fairness and relevance. However, they typ-
ically target dyadic ranking tasks in learn-to-rank settings,
which is misaligned with the structural nature of the link
prediction task considered in this work.

7 Conclusion

Fairness in link prediction is a relevant problem addressed
by a diverse set of previous approaches in the literature. In
this work, we scrutinize the main assumptions behind how
previous works evaluate the fairness of link prediction mod-
els. In particular, we shed light on pitfalls related to naively
adopting dyadic fairness notions for link prediction and how
this approach is prone to a hidden form of bias within aggre-
gated subgroups. Further, we demonstrate how not capturing
ranking notions in the fairness metric can potentially prevent
a given metric from capturing exposure bias.
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Table 2: Fairness performance comparison of all approaches considered (k = 1000). Lower NDKL and higher prec@ 1000 are
better. Best NDKL and prec@ 1000 values are in bold and underline, respectively.

Method Facebook Credit German NBA Pokec-n Pokec-z
UGE NDKL 0.05+0.00 0.80+0.07 0.08 +0.03 0.07 +0.02 0.06 = 0.00 0.06 & 0.00
prec@1000 0.97 £0.00 1.00 +0.00 0.69 +0.01 0.58 £0.01 0.90 +0.04 0.91 + 0.04
EDITS NDKL 0.21 £0.07 0.04 +0.02 0.08 &0.02 0.08 & 0.01 oOM OoOM
prec@1000 0.96 £ 0.00 0.36 £0.17 0.42 +0.20 0.49 £ 0.00 ooOM OoOM
GRAPHAIR NDKL 0.13£0.03 0.67+0.22 0.07 +0.02 0.09+0.01 0.09+0.03 0.26 + 0.25
prec@1000 0.96 £0.01 1.00£0.00 0.73 +0.01 0.69 £0.01 0.97 £0.03 1.00 & 0.00
FairEGM NDKL 0.09£0.01 0.11+£0.00 0.0540.01 0.07 £ 0.01 ooOM OoOM
prec@1000 0.97 £0.00 1.00 £0.00 0.62 +0.00 0.60 £ 0.01 OoOM OoOM
FairLP NDKL 0.18 £ 0.00 OoOM 0.06 £0.00 0.20 & 0.00 ooM OoOM
prec@1000 0.99 £ 0.00 OOM 0.97 +£0.00 0.86 £ 0.00 OoOM OOM
FairWalk NDKL 0.06 0.01 0.06 £0.03 0.11 £0.02 0.06 +0.01 0.07 &0.01 0.07 £ 0.00
prec@1000 0.96 £0.00 1.00 +0.00 0.94 +0.00 0.55=+0.01 1.0040.00 1.00 =+ 0.00
FairAdi NDKL 0.10 £ 0.05 OOM 0.10£0.01 0.11 +0.05 OOM OOM
J prec@1000 0.42 £+ 0.01 OoOM 0.54 £0.01 0.50 +0.01 ooOM OoOM
DetConstSort NDKL 0.15+0.00 0.06 £0.00 0.04 £0.00 0.09 4+0.00 0.07 +0.00 0.23 = 0.00
prec@1000 0.00 £0.00 0.00 +0.00 0.55+0.00 0.21 £0.00 0.07 +0.00 0.01 &+ 0.00
DELTR NDKL 0.10£0.03 0.03+0.00 0.094+0.06 0.09+0.02 0.23+0.23 0.22+0.20
prec@1000 0.91 £0.05 0.56+£0.29 031 +044 0.43+024 0.65=+0.01 0.48 +0.28
MORAL NDKL 0.04 = 0.00 0.01 + 0.00 0.03 +-0.00 0.02 & 0.00 0.03 = 0.00 0.04 + 0.00

prec@1000 0.95 £0.01 1.00 £0.00 0.96 £0.00 0.80 £ 0.00 0.98 £0.00 0.98 £ 0.00
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