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Abstract. Graph neural networks (GNNs) provide an approach for ana-
lyzing complicated graph data for node, edge, and graph-level prediction
tasks. However, due to societal discrimination in real-world applications,
the labels in datasets may have certain biases. This bias is magnified as
GNNs iteratively obtain information from neighbourhoods through mes-
sage passing and aggregation, generating unfair embeddings that implic-
itly affect the prediction results. In real-world datasets, missing sensitive
attributes is common due to incomplete data collection and privacy con-
cerns. However, research on the fairness of GNNs in incomplete graph
data is limited and mainly focuses on group fairness. Addressing individ-
ual unfairness in GNNs when the sensitive attributes are missing remains
unexplored. To solve this novel problem, we introduce a model named
IFGNN, which leverages a GNN-based encoder and a decoder to generate
node embeddings. Additionally, IFGNN adopts the Lipschitz condition
to ensure individual fairness. Through comprehensive experiments on
four real-world datasets compared with baseline models in node classifi-
cation tasks, the results demonstrate that IFGNN can achieve individual
fairness while maintaining high prediction accuracy.
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1 Introduction

Graph-structured data has been employed to represent real-world complex sys-
tems, such as social networks [32, 33, 36], financial networks [5, 6], knowledge
graphs [7], etc. GNNs have appeared as a solution for various downstream tasks,
including node classification, link prediction, community detection, and graph
search. GNNs provide an analytical approach to comprehend graph data [2, 35].
For example, GNN-based recommender systems can personalize recommenda-
tions based on user preferences. The message-passing mechanism within GNNs
plays an important role in enabling its powerful learning ability, capturing and
aggregating the graph structure and node attribute information to generate node
embeddings [13].
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However, the message-passing mechanism is prone to be influenced by sensi-
tive attributes, resulting in biased representations for downstream tasks [1]. Dur-
ing the message-passing process, nodes incorporate neighbourhood information
through diverse mechanisms, such as graph convolutional and attention mecha-
nism [27, 30]. Consequently, sensitive attributes (e.g., race, gender and age) from
neighbour nodes are inherently included and amplified during the process, lead-
ing to bias within GNNs [3, 28, 37]. This bias becomes particularly concerning
in high-risk decision-making and classification applications, as it can result in
unfair implicit preferences towards privileged individuals, potentially leading to
social discrimination [11, 21, 24]. For instance, if a particular age group has more
positive labels in the dataset than other age groups, GNNs are inclined to pro-
duce positive predictions for individuals within that age group while ignoring
the influence of other attributes.

To address the discrimination problem caused by sensitive attributes, re-
searchers introduced the concepts of group fairness and individual fairness [24].
Group fairness ensures equal treatment across different demographic subgroups.
For example, when considering different groups determined by race, the model
should produce the same predictions for nodes within the same group [17]. On
the other hand, individual fairness aims to mitigate the model’s bias towards
each individual and yield the same treatment to similar individuals [10, 12].
Given that individual fairness imposes finer-grained constraints on the model,
it is essential to consider how to minimize individual unfairness [34]. Particu-
larly, when considering the missing sensitive attributes in graph data, individual
fairness may be the only fairness criterion [37].

In many real-world applications, graphs usually suffer from missing informa-
tion due to incomplete data collection and privacy concerns [4]. For instance,
users may choose the ‘prefer not to tell’ option in social network applications,
leading to missing sensitive attributes such as income and age. Existing re-
search primarily falls into assuming that the graph data is complete without
missing sensitive attributes or employing GNNs to predict the missing infor-
mation [4, 14, 22]. FairGNN [9] is a notable model that utilizes an independent
Graph Convolutional Networks (GCN) estimator to predict the limited missing
sensitive attributes and subsequently evaluates the fairness of the node classi-
fication task. However, this approach of completing information may introduce
noises and errors that significantly affect the model’s accuracy and fairness [16,
22]. While FairAC [14] mainly focuses on mitigating feature and topology-level
unfairness by excluding sensitive features when the entire node attributes are
missing. Although these two studies discuss the mitigation of GNNs fairness in
an incomplete graph, they do not aim to solve the individual unfairness issue.
Thus, they cannot be treated as baselines. To our best knowledge, no research
has focused on individual fairness without constraining the number of missing
sensitive attributes.

In this paper, our focus lies in ensuring the model’s individual fairness while
preserving the prediction accuracy without predicting the missing sensitive at-
tributes, especially under various rates of missing sensitive attributes. To address
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this problem, we propose a novel GNN-based model named Individual Fairness
Graph Neural Network (IFGNN). The IFGNN model incorporates the Lipschitz
condition, a well-established and widely used mathematical approach for achiev-
ing individual fairness [18]. Unlike existing works, we introduce a GNN-based
encoder and a decoder that obtain the latent neighbourhood information to
generate node embeddings, thereby solving the issue of missing sensitive infor-
mation.

Contributions. The main contributions of this paper are shown as follows.

– We present a novel problem of addressing individual unfairness and ensur-
ing prediction performance for graph data with unlimited missing sensitive
attributes.

– We propose a GNN-based encoder and a decoder with Lipschitz constraint
model IFGNN, to solve the problem without predicting the missing infor-
mation.

– Our proposed model outperforms baseline models regarding individual fair-
ness and prediction accuracy on four real-world datasets.

Roadmap. The rest of the paper is organized as follows. In Section 2, we give
a comprehensive overview of existing related work. In Section 3, we introduce
the preliminaries and the formal problem definition. In Section 4, we present the
details of our proposed model IFGNN. In Section 5, we conduct comparative
experiments and the ablation study and conclude the paper in Section 6.

2 Related Work

In this section, we introduce the related works of fairness within graph data.
Specifically, we introduce approaches dealing with incomplete graph data. Ap-
proaches to promote fairness can be categorized into three strategies: pre-processing,
in-processing and post-processing. In the pre-processing phase, biased attributes
within the original dataset are explicitly modified or fair node embeddings are
directly introduced [8]. For instance, Rahman et al.’s Fairwalk framework [26]
employs node2vec to generate fair node embeddings through a fairness-aware
embedding method. In the in-processing phase, fairness is maintained by inte-
grating fairness constraint objective functions into the model [39]. Zhang et al.
proposed an adversarial learning framework [41], which balances the model’s
fairness by optimizing the prediction function while weakening the adversary
function. The post-processing phase is processed after the model’s execution,
alleviating the discrimination found in the output embedding [17]. In the work
of Masrour et al. [23], a dyadic-level fairness criterion was introduced, gener-
ating supplementary links to mitigate the problem of Internet users receiving
excessively sensitive-attributes-dominated information.

These three strategies encompass both conventional and GNN-based ap-
proaches. Among conventional approaches, Zemel et al.’s framework [40] achieves
bias-reduced data encoding by obfuscating non-sensitive attributes of individ-
uals. Another conventional technique is the ifair framework [20], which maps
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personal attributes to low-rank representation while ensuring data integrity. In
recent years, GNNs have experienced significant development [31, 42, 43]. A rep-
resentative GNN-based technique is the GFairHint model [37], which generates
fairness awareness graph data by determining if two nodes are similar and em-
ploys GNNs to generate fair node embeddings.

Inspired by the fairness research within non-graph data, introducing the Lip-
schitz condition as a fairness constraint is a common strategy in existing research
[12]. A representative framework that employs Lipschitz conditions to solve fair-
ness is InFoRM [18]. Furthermore, the GUIDE model [28], a GNN-based model
that considers both individual and group fairness, achieves individual fairness in
subgroups by minimizing the Lipschitz constant.

Fairness research within incomplete graphs remains limited. The most rel-
evant to our work is the FairGNN mentioned above [9]. FairGNN uses a sen-
sitive attribute estimator to predict the missing sensitive attributes and intro-
duces it into adversarial learning to generate fair node embeddings [9]. However,
FairGNN is only applicable when the number of missing sensitive attributes is
limited, and it is designed to ensure group fairness instead of individual fair-
ness [9]. It is worth considering that predicting sensitive attributes may not
only affect the model performance but also violate privacy policies [16, 22]. In
contrast, our model effectively addresses the individual unfairness problem in in-
complete graphs without having to know users’ hidden sensitive attributes, and
it remains unaffected by the number of missing sensitive attributes. Therefore,
our proposed model has broader applicability for solving real-world problems.

3 Preliminaries

Let G = (V, E ,X ) denote an undirected attributed graph, where V = {v1, v2, . . . ,
vN } is the set of N nodes. For each node v ∈ V, it is associated with a set of M
attributes {x1

v, x
2
v, . . . , x

M
v }. Following the general setting, among the attributes,

one attribute xs ∈ {0, 1} is considered as the sensitive attribute. We use VS ⊆ V
to denote the set of nodes with the missing sensitive attribute. rs is the missing
proportion, which is the ratio of the number of nodes in VS to that in V. E ⊆ V×V
is the set of edges and X ∈ RN×M is the node attribute matrix where M is the
dimension of attributes. The value of the matrix S ∈ RN×N represents the cosine
similarity between input feature vectors of pairs of nodes. Y = {y1, y2, . . . , yN }
denotes the node labels where yN ∈ {0, 1}.

Problem statement. Given a graph G = (V, E ,X ) with the sensitive attribute
xs, which includes missing values, in this paper, we aim to learn a fair model f
for node label prediction. It can be formulated as follows:

f(G, xs) → Ŷ. (1)
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Fig. 1. The overview of the proposed IFGNN.

4 Proposed Model

We propose to solve the problem with a node representation learning model
IFGNN. Figure 1 shows the general framework of our proposed model, which
consists of a GNN-based encoder, a multi-layer perceptron (MLP) decoder, an
individual fairness mechanism and a label classifier. The encoder generates node
embeddings, while the decoder assists the encoder in learning more expressive
node embeddings. The fairness mechanism addresses unfairness issues by mini-
mizing the distance between the input pairwise similarity matrix and the output
pairwise similarity matrix.

4.1 Encoder and Decoder

Figure 1 shows an example of an incomplete graph with missing sensitive at-
tribute xs. For demonstration, we intentionally set the rate of missing sensitive
attributes rs to 0.5. In the example graph, nodes v3, v5 and v6 have missing
sensitive attributes, while the sensitive attributes (xs ∈ {0, 1}) of other nodes
are represented by distinct colours. Intuitively, when there are missing node
attributes, an estimator can be deployed to predict the missing information.

However, utilizing a GNN-based estimator for completing the node informa-
tion might result in the amplification of error and noise in the subsequent oper-
ations (e.g., fairness-aware processing). To prevent this issue, it is imperative to
leverage the characteristic of the message-passing mechanism in GNNs, which
enables the information aggregation from neighbour nodes to generate node em-
beddings [38]. The missing sensitive information including the latent structural
information will be implicitly compensated [16]. The GNN-based encoder f takes
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the original informative node feature matrix denoted by X ∈ RN×M . For each
node v, the embedding at the l-th layer will be:

hl
v = Combine(hl−1

v , Aggregate(hl
u,∀u ∈ N (v))), (2)

where hl
v is the output embedding of node v at l-th layer andN (v) denotes the set

of neighbour nodes of node v. The Aggreagte(·) operation iteratively aggregates
and obtains the embeddings of neighbour nodes and the Combine(., .) operation
combines the updated embedding of neighbour node u with the own embedding
of node v from the previous layer.

The GNN-based encoder will generate the output embedding matrix H =
f(X ), where H ∈ RN×d. It is important to note that any model with GNN as a
backbone, such as GCN and Graph Attention Networks (GAT), can be utilized
as an encoder.

We employ the MLP with a nonlinear activation layer as the decoder g. The
output of the decoder is defined as X ′ = g(H). X ′ is the reconstructed attribute
matrix, where X ′ ∈ RN×M . The encoder and decoder are trained to minimize
the following:

L1 =
1

N
(X ′ −X )2, (3)

By minimizing the difference between X ′ and X , the model is enabled to re-
utilize the input feature matrix during the training process. The Eq. (3) not
only helps the encoder obtain more representative node feature embeddings but
also improves the overall training stability, thereby strengthening the robustness
of the entire model.

4.2 Fairness Mechanism

To achieve individual fair node embeddings within the encoder, we adopted
the Lipschitz condition. It is initially proposed by [12], indicating that any two
similar individuals should receive the same outputs.

Definition 1. Given any pair of nodes vi and vj, Lipschitz constraint ϵij re-
stricts the output distance between vi and vj by:

Dout(f(vi), f(vj)) ≤ ϵij ·Din(vi, vj),∀vi, vj ∈ V, (4)

where Dout(., .) denotes the output similarity distance of a pair of nodes, Din(., .)
denotes the input similarity distance.

The intention is that a model constrained by the Lipschitz condition will
assign a smaller output similarity distance to any pair of nodes with a higher
input similarity, aiming to treat similar node pairs equally, even in the existence
of sensitive attributes. The Eq. (4) in Definition 1 can be written as follows:

Dout(f(vi), f(vj)) ·
1

Din(vi, vj)
≤ ϵij ,∀vi, vj ∈ V. (5)
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Given the input similarity distance of all node pairs, the sum of the total
output similarity distance is minimized by minimizing the sum of ϵij of all node
pairs. Therefore, we propose to enhance the model’s fairness awareness that
minimizes:

L2 =
∑
vi∈V

∑
vj∈V

cos(H[i, :],H[j, :])S[i : j], (6)

where H[i, :] and H[j, :] is the encoder output node embeddings for node vi and vj ,
S[i, j] is the corresponding similarity value in the input feature similarity matrix
S, and cos(., .) denotes the cosine similarity distance of the node pair. Note that
any differentiable similarity metric can be used for similarity calculation. We
employ cosine similarity for its efficiency in evaluation [25]. Training the encoder
with the objective function L2, we can achieve the goal of tackling unfairness in
the model, as it minimizes the sum of the Lipschitz constraint ϵij .

4.3 Node Classifier

The node classifier consists of an MLP layer and a nonlinear activation layer. It
takes the node attribute embedding matrix H as the input, which is generated
by the encoder and mitigated unfairness by L2, to predict the node labels Ŷ.
The output of the MLP layer will be:

ŷv = σ(Whv + b). (7)

Here, we use binary cross-entropy with logits loss, which implicitly applies
the nonlinear activation function, as the objective function for the classifier. It
should be noted that the threshold τ should be set to obtain the label of each
node. The objective function of the classifier is to minimize:

L3 = −[yv · logŷv + (1− yv) · log(1− ŷv)], (8)

where yv is the label of node v and σ is the sigmoid function.

4.4 IFGNN Learning Objective

To train IFGNN, the final learning objective is to minimize:

L = λ1L1 + λ2L2 + λ3L3, (9)

where λ1, λ2 and λ3 are hyperparameters and the sum of them is 1. Given that
the L3 function is the primary loss function, while L1 and L2 are employed as
auxiliary assurance for accuracy and individual fairness in the node classification
task, we judiciously decrease the weights of L1 and L2 to mitigate the risk of
overfitting without dampening the influence of L3.

By minimizing the overall objective function, IFGNN is optimized to generate
node embeddings that capture the latent information with the missing sensitive
attribute and deal with individual unfairness.
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Table 1. Experiment results when the missing rate of the sensitive attribute is 0.3.

Dataset Metrics IFGNN GCN GAT GraphSAGE

Credit
ACC(↑) 0.7992 0.7939 0.7772 0.7868
AUC(↑) 0.7297 0.7331 0.6967 0.7077
IUF (↓) 0.0043 0.0600 0.0739 0.0443

German
ACC(↑) 0.7360 0.6760 0.7200 0.7000
AUC(↑) 0.6674 0.6257 0.6569 0.6753
IUF (↓) 0.0120 0.0560 0.6398 0.0560

Income
ACC(↑) 0.8325 0.8122 0.7928 0.8214
AUC(↑) 0.8520 0.7891 0.7778 0.8288
IUF (↓) 0.0084 0.0267 0.0302 0.0340

Recidivism
ACC(↑) 0.7722 0.7449 0.7315 0.7353
AUC(↑) 0.8692 0.8328 0.8470 0.8231
IUF (↓) 0.0182 0.0481 0.0619 0.0612

5 Experiments

In this section, we conduct experiments on four real-world graph datasets to eval-
uate the performance of our proposed IFGNN. We aim to answer the following
research questions:

– RQ1 Compared to several baseline models, can the proposed IFGNN main-
tains the best individual fairness and prediction accuracy under different
sensitive attribute missing rates?

– RQ2 How well the GNN-based encoder and the encoder affect the prediction
accuracy of the proposed IFGNN?

– RQ3 Can the fairness mechanism help tackle individual unfairness in the
IFGNN?

5.1 Experimental Setup

In our experimental setup, we implemented the random data split, taking 50%
for the training set, 25% for the validation set, and the remaining 25% for the
test set. We set the threshold τ = 0.5. The proposed IFGNN is compared with
three baseline models on datasets with different rates of the missing sensitive
attribute. For each dataset, we set three missing rate values rs as 0.3, 0.5 and
0.7, to simulate real-world scenarios where sensitive attributes are missing. We
randomly select |rsN | nodes from the dataset and set the corresponding sensitive
attribute value to −1. To reduce the training time for large datasets and demon-
strate the utility of the fairness mechanism in addressing individual unfairness,
we sampled only 20% of the nodes from the training set to participate in the
process outlined in Eq. (6), such as the generation of node pair-wise similarity
matrices.
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Table 2. Experiment results when the missing rate of the sensitive attribute is 0.5.

Dataset Metrics IFGNN GCN GAT GraphSAGE

Credit
ACC(↑) 0.7992 0.7904 0.7765 0.7856
AUC(↑) 0.7381 0.7162 0.7057 0.7095
IUF (↓) 0.0031 0.0372 0.0407 0.0425

German
ACC(↑) 0.7280 0.6680 0.7240 0.6720
AUC(↑) 0.6520 0.6249 0.6398 0.6317
IUF (↓) 0.0180 0.0600 0.0480 0.0520

Income
ACC(↑) 0.8281 0.8160 0.7976 0.8170
AUC(↑) 0.8511 0.8265 0.7776 0.8274
IUF (↓) 0.0108 0.0208 0.0240 0.0379

Recidivism
ACC(↑) 0.7703 0.7391 0.7052 0.7347
AUC(↑) 0.8719 0.8564 0.8812 0.8275
IUF (↓) 0.0125 0.0320 0.0521 0.0562

Datasets. The datasets including Credit Defaulter (Credit), German Credit
(German), Income and Recidivism. The summaries of dataset details are pre-
sented as follows:

– Credit. The Credit dataset is comprised of 3,000 nodes, each representing
individuals who are using credit card payments. There are 13 attributes for
each node, including education level and other bills and payments-related
features. The classification task is to predict whether an individual will
choose to set a credit card as the default payment method for the next
month, considering age as the sensitive attribute.

– German. The German dataset is constructed on 1,000 nodes, where each
node represents individuals who are customers of a German bank. Individu-
als are described with the 30 attributes, such as employment statement, loan
amounts and the number of loans. The gender attribute is considered a sen-
sitive attribute. The classification task is to determine whether an individual
is a creditworthy customer based on all attributes.

– Income. The Income dataset consists of 14,821 nodes, where each node rep-
resents a person with income. There are 14 attributes for each node, and
we choose race as the sensitive attribute. Other attributes include working
hours per week and work classes. The task is to predict if the income of an
individual is over $50, 000 annually.

– Recidivism. The Recidivism dataset has 18,876 nodes, each representing a
defendant who got released on bail during 1990-2009 [21]. There are 18 at-
tributes for each node, such as age, education level and marital status. The
task is to determine if a defendant would receive bail based on all attributes
of the defendant. The sensitive attribute used here is race.
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Table 3. Experiment results when the missing rate of the sensitive attribute is 0.7.

Dataset Metrics IFGNN GCN GAT GraphSAGE

Credit
ACC(↑) 0.7992 0.7904 0.7765 0.7648
AUC(↑) 0.7992 0.7236 0.6775 0.7200
IUF (↓) 0.0023 0.0312 0.0360 0.0275

German
ACC(↑) 0.7230 0.6960 0.7360 0.7040
AUC(↑) 0.6498 0.6316 0.6515 0.6746
IUF (↓) 0.0080 0.0480 0.0320 0.0440

Income
ACC(↑) 0.8230 0.8133 0.7955 0.8194
AUC(↑) 0.8468 0.7902 0.7616 0.8177
IUF (↓) 0.0067 0.0197 0.0189 0.0351

Recidivism
ACC(↑) 0.7654 0.7179 0.7004 0.7417
AUC(↑) 0.8716 0.8424 0.8622 0.7926
IUF (↓) 0.0119 0.0301 0.0403 0.0430

Evaluation metrics The model will be evaluated on utility (node classification
performance) and individual fairness performance. The evaluation metrics are
presented as follows.

– Utility. For evaluating the model’s utility in node classification tasks, we em-
ployed widely used metrics: Accuracy (ACC) and AUCROC (AUC) scores.

– Individual fairness. An individual fairness awareness model should not be
affected by the sensitive attribute and generate the same predictions for
similar nodes, as highlighted by Dwork et al. [12]. Building upon this con-
cept, we introduce a novel metric termed Individual Fairness (IUF), designed
to measure individual fairness. In cases where the sensitive attribute is not
considered, node predictions depend only on non-sensitive attributes. Con-
sequently, the model should produce the same predictions for nodes with
similar non-sensitive attributes. Therefore, when the sensitive attribute is
considered, a model with individual fairness should yield predictions the
same as those generated by the model that do not consider the sensitive at-
tribute. IUF aims to quantify the inconsistency between predictions in these
two cases. A lower IUF value implies enhanced individual fairness in the
model.

Baseline. To our best knowledge, there is no research focusing on individual
fairness in graph data with missing sensitive attributes, the proposed IFGNN
is compared against three baseline models: GCN [19], GAT [29] and Graph-
SAGE [15].

5.2 Performances and Discussions

To solve RQ1, we conduct experiments under different rs: 0.3, 0.5, and 0.7, to
compare the performance of the proposed IFGNN with three baseline models.
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The results of these experiments are presented in Table 1, 2, and 3. The results
reveal that variations in rs do not affect the effectiveness of the proposed IFGNN
in maintaining individual fairness, as it consistently outperforms the baseline
models significantly.

Moreover, the proposed IFGNN shows superior performance in terms of both
ACC and AUC compared to the three baseline models in most cases. This ob-
servation indicates that the encoder and decoder enable the model to learn more
representative node embeddings. It is worth noting that when the dataset con-
tains a small number of nodes, such as the German dataset, the ACC and AUC
of all the compared models are generally lower, including the proposed IFGNN.
This can be attributed to the insufficient information in the dataset, which makes
it a challenge for models to learn sufficient feature representations. However, the
proposed decoder assists the encoder in enhancing feature learning, thereby lead-
ing to higher ACC and AUC for the proposed IFGNN compared to the baseline
models. Although in rare cases, the three baseline models slightly outperform
the proposed IFGNN in terms of ACC and AUC, they show severe individ-
ual discrimination at the same time. It indicates that the proposed IFGNN
effectively addresses individual unfairness while maintaining satisfactory utility
performance.

As for the baseline models, we observed that they do not show remarkable
differences in terms of ACC and AUC. It implies that the aggregation processes
among GCN, GAT and GraphSAGE do not significantly impact the utility per-
formance in the node classification task. Therefore, the encoder in the proposed
IFGNN can be replaced with any model using GNN as a backbone.

Table 4. Experiment results in the ablation study of IFGNN.

Metrics Credit German Income Recidivism

IFGNN w/o L1

ACC (↑) 0.7756 0.7320 0.8200 0.7300
AUC (↑) 0.7129 0.6352 0.8362 0.8326
IUF (↓) 0.0131 0.0120 0.0121 0.0303

IFGNN w/o L2

ACC (↑) 0.7785 0.7360 0.8214 0.7196
AUC (↑) 0.7131 0.6472 0.8392 0.8382
IUF (↓) 0.0200 0.0160 0.0167 0.0476

IFGNN
ACC (↑) 0.7992 0.7360 0.8325 0.7722
AUC (↑) 0.7297 0.6674 0.8520 0.8692
IUF (↓) 0.0043 0.0120 0.0084 0.0182

5.3 Ablation Study

In this section, we aim to answer RQ2 and RQ3 on how the encoder, decoder
and fairness mechanism affect the performance of IFGNN. In ablation experi-
ments, we set the missing sensitive attribute rate to 0.3 for the four datasets. We
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explore the performance under two cases by excluding the objective functions:
L1 and L2, respectively. These cases are denoted as IFGNN w/o L1 and IFGNN
w/o L2. The results of the experiments are presented in Table 4.

When the IFGNN is without the learning objective function L1, the model
does not employ the encoder and decoder to learn node feature embeddings for
the node classification task. The ACC and AUC, which are used to evaluate the
performance of the binary classification model, become unsatisfactory compared
to the results of IFGNN w/o L2 and the IFGNN model. The encoder and decoder
are employed to gather information from neighbourhoods, thereby alleviating the
effect of missing sensitive attributes. The unsatisfactory prediction performance
indicates that the IFGNN w/o L1 model loses the ability to obtain sufficient
structure and node attribute information on the graph to generate representative
node embeddings. In contrast, IFGNN achieves the highest utility performance
with the help of L1.

When the IFGNN is without the learning objective function L2, the model
does not under the constraint of the Lipschitz condition. As a result, the model
can only produce biased results using the encoder, decoder, and node classifier,
leading to higher IUF values compared to the results of IFGNN w/o L1 and the
IFGNN model. While IFGNN consistently achieves the lowest IUF values across
all four datasets. It indicates the superiority of our overall learning objective of
IFGNN, which effectively enhances the model’s individual fairness awareness.

6 Conclusion

In this paper, we study a novel problem of maintaining individual fairness while
ensuring prediction performance in graph data with unlimited missing sensitive
attributes. To solve this problem, we propose a novel model IFGNN which incor-
porates a GNN-based encoder and a decoder for learning node feature embed-
dings when the sensitive attribute is missing. To address the individual unfairness
within IFGNN, we employ the Lipschitz condition that helps mitigate the dis-
crimination caused by the sensitive attribute. We conduct extensive experiments
on four real-world datasets to demonstrate that IFGNN outperforms the base-
line models in terms of enhancing individual fairness awareness and prediction
accuracy.
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