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Abstract—Graphs are a prevalent data structure used across
various domains, but they often inherit human biases that can
propagate into downstream systems. For instance, recommenda-
tion systems for social networks may amplify gender or ethnic
homophily, leading to biased recommendations that influence
critical decisions. The increasing complexity of graph neural
networks (GNNs) has made identifying and mitigating such biases
particularly challenging. This paper introduces a novel debiasing
framework for GNNs, leveraging the widely adopted contrastive
learning paradigm. In contrastive learning, GNNs are trained to
differentiate between observed and randomly generated graphs,
with bias often serving as a useful feature for this discrimination
task. Our approach counteracts this by explicitly introducing bias
into the random graphs, rendering it an ineffective feature for
discrimination and preventing its propagation into the model. By
making the bias model explicit, our framework enhances control
and transparency in bias mitigation. Evaluations on link predic-
tion tasks demonstrate that our framework significantly reduces
bias while preserving overall predictive accuracy, advancing the
fairness and reliability of GNN-based systems.

I. INTRODUCTION

The increasing reliance on algorithms in text and image
processing has brought attention to human biases [1] and a
critical need for fairness in the use of machine learning mod-
els [2], [3], [4], [5], [6]. Yet, another common and ubiquitous
type of data—graphs—has received far less attention than
they deserve. Graph data is not only the foundation of social
and biological data [7] but ubiquitous across a huge range of
computational problems [8], [9], [10]. For example, because
social networks exhibit a strong homophily—the tendency for
individuals to form connections with others who share similar
characteristics such as gender, ethnicity, and culture [11]—
Al systems trained on these social networks may make biased
recommendations based on the homophily in high-stakes areas,
such as professional networking that can influence hiring and
promotions. For instance, it is well-known that the leadership
roles in firms are dominated by white male population. If the
recommendation engine of a professional networking service
(e.g., LinkedIn) is optimized to predict the existence of actual
professional acquaintance, the system is more likely to, from
the homophily signal that it has learned from the existing data,
recommend connections between white male professionals
in the majority group, depriving opportunities from other
populations and strengthening existing biases in the industry.

Let us demonstrate a potentially harmful consequence
of network biases by using a small network of political
books [12]. This network consists of 105 books written
around the time of 2004 US presidential election consisting

of 441 edges (co-purchase relation) between books. Many
Al systems hinge on graph embedding [13], [14], [15], [16],
where each node is represented as a point in space, with
geometry reflecting the network structure. The network has
a strong political discrimination, and so does the embed-
ding generated by a standard graph embedding—LINE [17]
(Fig.??B). Recommendation systems based on the embedding
may promote books with a specific ideology and reinforce
echo chambers while sidelining other viewpoints, ultimately
exacerbating political polarization.

A common debiasing approach is based on the manipula-
tion of the input data and output embedding, e.g., balancing
the training data [18], [19], [20] or removing embedding
dimensions associated with bias [2], [21]. However, these
manipulation approaches may degrade embedding quality, fail
to remove the bias, or even worse, introduce a new bias [21],
[22], [23]. An alternative approach is adversarial learning, in
which an adversarial model attempts to extract any biased
features from the embedding, while the embedding is modified
to be resistant to the adversary’s attempts. However, the
adversarial learning is often hindered by its high instability
and sensitivity to hyperparameters [24].

We propose a simple yet effective framework for debiasing
graph data that utilizes the inherent capacity of neural net-
works [25]. Our key idea is to use a biased contrastive learn-
ing, which trains a neural network to discriminate between
actual data and random data. By introducing a specific bias
into the random data, we ensure that sensitive attributes are
not informative in the discrimination, preventing biases from
entering the neural network (Fig. ??C). The proposed training
framework can be applied to a wide range of models from sim-
ple graph embedding methods (e.g., DeepWalk and node2vec)
to deep graph neural networks (e.g., GCN and GAT), offering a
flexible and practical alternative to existing debiasing methods.
We test our approach by using link prediction task, demonstrat-
ing that our proposed framework substantially reduces biases
while maintaining high link prediction accuracy as compared
to the prevailing debiasing methods.

II. METHOD

A. Networks

We assume that a network consists of N nodes and M
edges. Each node ¢ has a C-dimensional vector x; representing
the 4’s attributes. Each edge (7, j) between nodes ¢ and j can
be directed and have weight w;;. We assume that the given



network is weakly connected—every node is reachable from
every other node when we ignore the direction of the edges.

B. Link prediction

Missing link prediction is a central task of graph represen-
tation learning and the basis of recommendation systems for
social networks. We test graph neural networks with a standard
benchmark of link prediction as follows. First, we randomly
partition the set of edges in a given undirected network into
a training set and a test set of almost an equal size while
keeping the network constructed from the train edges being
connected [13], [26]. We ensure the connectedness of the test
network by adding the edges in a minimum spanning tree to
the train set [13], [26]. Second, we generate negative edges—
the pairs of unconnected nodes (4, j)—from the given network
by sampling ¢+ and j uniformly at random. We generate the
same number of negative examples as the number of test edges.
Third, we train a graph embedding model using the network
constructed with the train edge set. Fourth, for each test edge
and negative edge, we calculate the likelihood of edge between
two nodes by the dot similarity of the nodes’ embedding
vectors. We evaluate the likelihood of edge by using the area
under curve of the receiver operating characteristics curve
(AUC-ROC). We run the experiment five times with different
random seeds.

C. Key idea

Graph neural network for link prediction is trained to
differentiate the presence and absence of edges, a training
framework called contrastive learning [25], [27], [28]. Con-
trastive learning has been used not only for link prediction
but also for a variety of tasks including natural language
processing and image recognition. For example, in a face
recognition task, a neural network learns a person’s face z
by contrasting it with a reference face z’ of a randomly-
sampled person. The neural network recognizes target face x
by focusing on the differences to the reference face z’. Now, if
we sample reference =’ from the same ethnic group as target
z, the neural network learns the differences within the group,
rather than learning ethnic traits. This can prevent the neural
network from developing ethnic bias.

In context of graph embedding, a positive example is an
edge © = (i,j) between nodes ¢ and j. A negative example
(or negative edge) is a pair of unconnected nodes =’ = (7, j’)
in a given network [25]. As in the case of face recognition
task, a graph embedding model learns the difference between
the positive edge x and negative edge z’. Our key idea is to
generate the negative edges with the same biases so that the
positive and negative edges are indistinguishable in terms of
the biases, which prevents the graph embedding model from
learning the biases.

Let us demonstrate our key idea by using the political
book network. Consider the political orientations as a sensitive
attribute, and we want remove them from the embedding.
The political attribute correlates with the network structure,
namely a book is likely to be connected with the one with

the same political leaning, resulting in many positive edges
formed by books with the same political leaning (Fig. ??E).
Now, many graph neural networks including LINE are trained
on negative edges that are sampled uniformly at random.
Since the sampling of negative edges are independent of
political leaning, the sampled negative edges do not have
strong political homophily. This results in the misalignment of
the positive and negative edges in terms of political homophily,
which is then picked up by a graph embedding model as a
useful feature for discrimination.

We prevent the model from using the sensitive attribute by
generating negative examples with the same bias character-
istics as the positive examples. To this end, we randomize
the structure of a given network while preserving the joint
probability of political leaning based on the maximum-entropy
framework (Fig. ??F; see the Model of network bias section).
This results in a random network that is indistinguishable
from the given network in terms of the political assortativity
(Fig. ??E), and the resulting graph embedding has no visible
political separation accordingly (Fig. ??C).

D. Contrastive learning for debiasing

We focus on graph neural networks that generate a node
embedding based on the network structure and node features.
We express a graph neural network as a function ¢ param-
eterized by g that produces an embedding of node ¢, i.e.,
¢(i;6) € RE*! In link prediction, a graph neural network
learns the probability P(i,j) that an edge appears between
two nodes (4, j), a common form being the softmax function,
ie.,

. 1 NT s
P(i, j) = - exp(¢(i) " 6(7))- (D
Variable Z is a normalization constant. Fitting the softmax
function is notoriously difficult since Z is computationally
demanding as it extends over all node pairs. Thus, several
efficient estimation methods have been developed.

Noise contrastive learning (NCE) is an efficient estimation
method for Eq. (1) [28]. The key idea underlying NCE is to
train a different computationally-cheaper model whose best
parameter 6* in terms of the likelihood being the same as
Eq. (1). Operationally, NCE trains a logistic regression model
by classifying a set of node pairs (4, ) into connected node
pairs and randomly-sampled node pairs, i.e.,

1

L+ exp(—f(i,4) +In Po(i, 5))’
where Y;; = 1 if nodes ¢ and j are connected, Y;; = 0 if they
are not, and f(i,7) = ¢(i) " ¢(j) is the node similarity. It is
shown that NCE is asymptotically unbiased for an exponential
probability model given by [28], [27]:

P(i,) = & exp(£(i, ), ®
which corresponds to the edge probability learned by a graph
neural network given inEq. (1).

A key feature of NCE is that it is unbiased estimator
agnostic to the choice of Py(i, j) because the effect of Py(4, j)

P, =1): 2)



is offset by In Py(4, ) in Eq. (2). Removing the offset gives
rise to a powerful capacity of debiasing, as is demonstratd by
[25]. Let us consider NCE without the offset In Py(4, j), i.e.,
discriminating the connected and unconnected node pairs by

1
P(Yy=1):= 1= exp(—¢(i) To(j))

Because we drop In Py(i,7), Eq. (4) gives a biased estimate.
To see the effec of the bias, we derive a model for which Eq. 4
is unbiased for by rewriting Eq. (4) in form of NCE as
B 1

B 1 + exp (7]“(13.7) + lnPO(Za])]
where f(i,j) := ¢(i)T¢(j) + In Py(i,7). Since Eq. (2) is
unbiased estimator for Eq. (3), Eq. (5) is asymptomatically
unbiased for

P(i,) = o exp(f'(i,)

= 2 Poli ) exp(6(0) (7)) (©)

“4)

P(Y;=1):
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Equation (6) decomposes the probability of edge P(i,j) into
Py(i,5) and node similarity ¢(i)'¢(j). From a different
perspective, noise distribution Py (4, j) serves as a null model
for networks, accounting for trivial relationships of nodes.
The node similarity captures the residuals from Py(i,7),
reflecting the non-trivial relationships not explained by the
null model. This insight enables us to debias graph embedding,
i.e., by introducing a bias into the null model, we can in turn
remove the bias in the residual, from which the embedding is
constructed.

The advantage of our approach is that the bias model is
clear and explicit. All debiasing methods assume some null
models because they must make judgment about when two
nodes should be closer to each other than others. However,
the assumptions are often unclear, even when the algorithm
itself is simple. By making clear the bias model, we gain
greater control over the process of debiasing and a deeper
understanding of its consequences.

E. Models of network bias

The bias model should exhibit the same type and extent
of bias while having no other structure. We construct such
a bias model based on the maximum entropy principle [29],
[30]. Specifically, we want the noise distribution Py(i, ) to
be maximally random, i.e., maximizing the entropy

= Po(i, ) log Po(i, §), @
.
while preserving the assortativity over the protected groups:
YOS R =YY Pij), 8)
1€Cp i€Cy 1€Cp 1€Cy,

for all 1 < k,f < L, where L is the number of unique
protected groups, and Cj, is the set of nodes in the kth group.

Finding the Py(i,j) is a constrained optimization problem,
which can be formulated as a Lagrangian:

L£:=—=3" Pyli,5)log Po(i, )

2%
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By taking a functional derivative with respect to F, and
solving 0L/0P, = 0, we obtain

PO(’L)j) = POiSSOH(Ai]’L

1 ..
Aij = 7|Cci||cc]| Z Z P(i, 7).

i€Cy jECk,

(10)
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This bias model is maximally random while preserving the
same type and extent of bias in the given network. One can
have additional constraints to model a more complex network
bias, i.e., degree heterogeneity, degree-degree correlation, and
edge directionality. See [29], [30] for other network models
based on the maximum entropy principle.

III. RESULTS
A. Datasets

We test GNNs with four different networks (Tablel): the
political books [?], the political blogs [31], the airport net-
work [32], twitch gamers [33] and Facebook network [34].
These networks include categorical attributes for nodes that
we do not want to use to make link prediction (i.e., protected
attributes). For all networks, we ignore the edge directionality.

The political blog network represents the political blogs
about the 2004 US presidential election connected by hyper-
links. We use the political affiliation assigned to the blogs as
the protected attribute.

The airport network is the network of airports connected
by edges indicating direct commercial flight. We use the
geographical region of the airports as the protected attribute.

Twitch dataset is a social network of Twitch gamers which
was collected using public Twitch API. Graph represents a
single strongly connected component and edges are the mutual
follower relationships between them. We have few features as
the metadata for nodes, but for this paper we used language
as the protected attribute.

Facebook dataset used here is a friendship network of
100 american colleges and universities. We use gender as a
protected attribute. Nodes for which gender is unknown are
given a separate group.

B. Graph neural network models

We test three graph neural networks with different architec-
tures: word2vec (a neural network with one hidden linear layer
and the softmax output layer) [35], GCN [36], and GAT [?].
The GCN and GNN needs node features as input, for which
we use K = 128 dimensional embedding vectors generated by
DeepWalk. We find that using node2vec instead of DeepWalk
yield qualitatively the same results (Appendix). To see the



TABLE I: Statistics of network data for link prediction. Information modularity indicates the strength of the communities in
a network, where each community is a set of nodes with the same protected attribute. See ??add the robustness modularity

paper.
2*Network 2*Nodes  2*Edges  Protected category 2*Information Modular-
ity
(# of categories)
Political Books 105 441 Political leaning (3) 0.061
Political Blogs 1224 16715 Political leaning (3) 0.0925
Airport 2898 15564 Geographical regions (5)  0.112
Twitch 168114 6797557  Language (20) 0.05
Facebook 41554 1362229  Gender (3) -0.004

effect of debiasing, we compare each model trained with the
proposed bias sampling of negative examples with the one
with with a conventional uniform sampling. We also employ
two families of debiasing methods as baselines. One family is
based on the manipulating network data to balance the training
data for DeepWalk, i.e., FairWalk [19] and CrossWalk [18].
The other family is based on the manipulation of the output
embedding, for which we use a debiasing method based on
linear projection [2]. For a stable baseline we use the method
proposed in [2]. To apply this method to a graph, we use PCA
to determine the bias direction using 20% of the nodes nearest
to group centroids. As opposed to the previous work we do
not have any gender neutral nodes. We use all the nodes as
equalize nodes. We change embedding of each node as

W = W/prrojv—&B

where B is the bias direction.

12)

C. Bias in graph embedding

We quantify the biases in graph embedding by the extent to
which the sensitive attribute shapes the structure of the embed-
ding. If we were to have an well-debiased graph embedding,
the sensitive attributes should not be the main dimensions of
the graph embedding. Following the previous study [2], we
identify the embedding dimensions that are the most coherent
to sensitive attributes and then quantify the ratio of explained
variance to total variance of the nodes in the embedding as
the level of bias (Fig. ??). We find that ...

While the sensitive attributes may not entirely shape the
embedding structure, they could still have a local impact on
the proximity of nodes. To examine the impact on the local
proximity, we test to what extent each node is equidistance to
the protected groups. More specifically, for each node ¢ with
embedding vector ;, we compute the cosine similarity (i.e.,
cos(i;,Uy)) to the centroid vector @, of each group ¢ = /.
Then, we compute the local disparity D; by the variance over
all groups, i.e.,

1 & 1 & ’
D; = I ; (cos(zl’i,zl'g) -7 Z COS(U,‘,U[/)) . (13)

=1

We find that the local disparity drops for majority of nodes
in the network when trained using biased negative sampling

(Fig. ??). The reduction of disparity is overall consistent across
different model architecture and networks.

In summary, our training framework consistently brings
a reduction of biases in graph neural networks compred to
their unbiased counterparts across different networks both at
global and local levels. The reduction of bias is comparable or
substantial compared to the baseline debiasing methods. These
results demonstrate that our training framework for debiasing
is consistently effective and model-independent in reducing
the biases in graph embedding.

D. Prediction performance

Debiasing an embedding involves masking certain informa-
tion within the embedding, which can potentially lead to a
significant reduction in the embedding’s utility. Indeed, the
debiasing methods including our method and the baselines all
results in the decreased link prediction performance. However,
the amount of the decrease differs method by methods. In
fact, our training method results in the least decreases in the
performance among all the debiasing methods (Fig. xxx).

We also examine the utility of embedding at a local node.
For each node, we find the 50 closest neighbors in the given
embedding. Then, we calculate the average precision of the
node similarity for the test edges.

IV. CONCLUSION

We proposed a novel training framework to jointly improve
fairness and quality of graph embeddings. We validated the
proposed framework by training three models ranging from a
shallow to deep neural networks. Notably, our approach makes
the biased structural features inconseqgential to model training,
rather than heuristically removing biased input data or biased
dimensions in the generated embedding. Overall, our proposed
framework presents a new way to address the issue of biases
in graph data, and can be applied to a variety of downstream
Al applications.

There are certain limitations to be acknowledged. First, our
approach requires a biased model encoding biased associa-
tions. We used the degree-corrected stochastic block model
as the biased model by following the previous study [25].
Learning a suitable biased model for debiasing warrants future
work. Second, our approach assumes that the sensitive attribute
is known and labeled, which may not always be the case
in real-world scenarios. Third, while we have focused on



direct associations between sensitive attributes, our approach
may not completely eliminate bias due to indirect associations
of biased attributes through other attributes [37]. Despite
these limitations, our study demonstrates that by biasing the
sampling of negative examples, it is possible to reduce bias
while maintaining high accuracy in graph embedding.
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