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Abstract: Imbalanced node classification is an important research topic in graph learning. With the
rise of deep learning, powerful models like graph neural networks (GNNs) have been widely used in
node classification tasks and achieved promising performance. However, real-world graphs are usually
imbalanced, characterized by some classes having an adequate amount of data while others lack data.
This imbalance presents the suboptimal classification performance of the model. Therefore, research on
the GNNs-based imbalanced node classification is crucial. This article aims to systematically summarize
the development status of GNNs in imbalanced node classification. First, the related concepts of GNNs
and imbalanced node classification are introduced to establish a solid foundation for readers. Second,
the methods are divided into data-level methods and algorithm-level methods, then subdivided into seven
subcategories. Especially, we discuss the key thoughts, relative strengths, and weaknesses of classic
methods in each subcategory. Then, datasets and common evaluation metrics are compiled to provide
a wealth of useful resources. Finally, future research directions for imbalanced node classification on
graphs are introduced to promote the boom of this field.

Keywords: imbalanced node classification; class imbalance; graph neural networks; graph learning;
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1. Introduction

With the rapid development of technologies, a mass of data is captured and stored by computers [1].
The data obtained can be shown as graphs that show the connections between the various entities [2].
For instance, online social networks can be shown as graphs, with people acting as nodes and the social
relationship between them being as edges [3]. Graphs are typical non-euclidean structures with arbitrary
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size and complex topology [4]. Graphs have performed remarkably in various fields, such as social
sciences [5] and knowledge graphs [6].

Deep learning is a powerful method that is frequently used for images [7–10]. Convolutional
neural networks (CNNs) [11] are extensively employed in computer vision [12], such as semantic
segmentation [13] and image processing [14]. Recurrent neural networks (RNNs) [15] or long short-
term memory networks (LSTMs) [16] are utilized in natural language processing [17], involving machine
translation [18] and sentiment analysis [19]. While deep neural networks can process euclidean structure
data such as images [20, 21], text, and audio, they exhibit suboptimal performance in graphs [22].

Graph neural networks (GNNs) have emerged as effective tools for dealing with non-euclidean
structure data, garnering increasing attention in recent years [23, 24]. GNNs are widely used in various
graph analysis tasks like link prediction [25], text classification [26], graph classification [27], and
networks synthesis [28]. The prevalent application case for GNNs is the node classification task, in
which a model is trained to predict unknown node labels by comparing or contrasting them with known
nodes [29].

However, in the real world, graphs are usually imbalanced, where the number of one class sig-
nificantly exceeds that of others [30], a pervasive issue in high-stakes applications such as financial
fraud detection [31], disease prediction [32], crime forecasting [33], and spam filtering [34]. In these
scenarios, the target nodes (e.g., fraudsters) constitute only a minute fraction of the population. Standard
GNNs struggle in these settings not merely due to data scarcity, but due to fundamental conflicts
between the message-passing paradigm and skewed distributions. From an optimization perspective,
the sheer volume of majority nodes dominates the gradient updates, which leaves minority nodes with
insufficient training participation [35, 36]. Simultaneously, regarding topological propagation, GNNs
rely on aggregating neighborhood information. Consequently, during the message-passing process,
the discriminative features of minority nodes are prone to being assimilated by the dominant majority
signals, leading to indistinguishable node embeddings [37]. This structural sparsity eventually results
in representation collapse, where the model over-learns the robust features of the majority class while
overlooking the subtle, structure-dependent patterns of the minority class [38,39]. Therefore, developing
specialized GNN-based methods that explicitly address these topological and optimization biases is
crucial. The diagram of imbalanced node classification on graphs is shown in Figure 1.

GNN

classifierMinority class node

Unlabeled node

Majority class node

Figure 1. An illustration of imbalanced node classification on graphs. Nodes with known
labels are shown as blue and red, while unlabeled nodes are gray. The goal of imbalanced
node classification is assign a label to each unknown node and determine its category.

The differences between this article and existing research are as follows.
Previous studies focus on node classification GNNs-based on particular scenarios, and there is a
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lack of a comprehensive review that contrasts current methods and directs improvement directions
for GNNs. For instance, [40] explored the application of GNNs in recommendation systems. [41, 42]
investigated GNNs-based anomaly detection tasks, [43] examined the use of GNNs in traffic flow
prediction. [44] classified the previous class-imbalanced learning methods into two categories, but
did not provide a detailed introduction to potential avenues for future development. [45] studied the
strengths and weaknesses of GNNs in node classification from four perspectives: class distribution, edge
connection ratio, attribute values, and graph size. Another study [46] talked less about the advantages
and disadvantages of the current methods. However there are some extensive studies on GNNs [47–49],
that touched on imbalanced node classification in brief as one of the application scenarios. This
article provides an overview of the research state and development of GNNs-based imbalanced node
classification methods, classifies and summarizes various methods, and proposes a comprehensive
assessment system. As well, three future research directions are pointed out to provide guidelines for
researchers in this field. The main contributions of our work are as follows:

• A detailed summary of the background and related research on graph neural networks and im-
balanced node classification is provided in Section 2, which highlights the characteristics of
imbalanced node classification on graphs.
• The GNN-based imbalanced classification methods are classified into data-level methods and

algorithm-level methods in Section 3. Data-level methods are further divided into data interpolation,
generating adversarial, generating pseudo-label, and methods based on large language models.
Algorithm-level methods are categorized into loss modification, enhancement strategy, and model
optimization. The methods under each classification standard are introduced and contrasted in
detail.
• A comprehensive evaluation framework is summarized in Section 4, including benchmark datasets

and a critical assessment of performance metrics.
• The shortcomings of existing methods in this field and the directions for future research are

identified in Section 5.

2. Related works

2.1. Node classification on graphs

This section gives the definitions of graph and node classification. The graph is defined as G =
(V, A, X), where V is the set of nodes, |V| = n is the total number of nodes, A is the set of edges, and X
is the node feature matrix corresponding to V. The relationship between node i and j is represented by
edge ai j in the graph. N(v) represents the set of neighbour nodes with node v. The node classification
on graphs can be defined as follows: Given G and a set of labeled nodes Vl ⊆ V, the eventual task is to
learn an unbiased classifier f that accurately classifies nodes and assigns a label to each unlabeled node
in Vu = V\Vl.

Node classification uses a message-passing mechanism that learns node properties from the graph
to compare neighbors and determine the category of the central node [50]. Node classification plays
an essential role in many fields, such as inferring the research topic to which each article belongs in
the citation networks [51], ratiocinating the categories of products in co-purchasing networks [52], and
identifying the effect of proteins in protein-protein interaction graphs [53–55]. In the case of social
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networks, users may not expose all the information about themselves, including their hobbies and
interests [56]. These attributes can be viewed as labels connected to the users [57, 58]. Labels can
categorize users in various ways, such as by interests [59]. Node classification tasks predict these labels
so that online platforms can assist users to suggest friends or recommend new products [60].

Currently, a few studies are focusing on graph classification [27], and most of them concentrate on
node classification, which is the subject of this paper as well.

2.2. Class imbalance problem

The class imbalance problem exists in various datasets [29, 61]. It refers to the significant difference
in sample numbers between classes, where the majority class has a larger number of samples than the
minority class [62].

Suppose there is a training set x = {x1,...,xn} and its corresponding label set y = {y1,...,yn}. Ci denotes
the set of nodes belonging to class i. The imbalance ratio h = mini(|Ci |)

maxi(|Ci |)
is used to represent the ratio of

the smallest number of samples to the largest number of samples among different classes. Here, |Ci|

indicates the total number of nodes in class i. When h < 1, it indicates class imbalance, and a smaller h
signifies a more severe imbalance.

The node classification on imbalanced datasets has additional difficulties due to the unique graph
structure.

• The degree and category of nodes in the graph typically exhibit a long-tail distribution [63], meaning
that there are more nodes in some categories than in others and few high-degree nodes have more
links than most low-degree nodes. As a result, high-degree nodes have more influence, making
them more likely to attract the attention of the model, while low-degree nodes are overlooked [64].
• The connections between nodes in a graph show a locality structure [65]. It means that nodes

in one category are more likely to connect with nodes of specific other categories, leading to an
imbalanced class distribution in local regions [66, 67].
• The information propagation in a graph can be affected by class imbalance [68, 69]. When

certain categories have fewer nodes, the information spread from these nodes may be limited [70],
impacting the local or global structure of the entire graph. Therefore, it is essential to design
algorithms that can adapt to various types of graphs.

The existing methods are divided into data-level methods and algorithm-level methods. Data-level
methods involve over-sampling the minority class [71], under-sampling the majority class [72], and
hybrid sampling [73]. Algorithmic-level methods aim to modify the underlying learning [74] or
decision-making process [65, 75] of the model to address the class imbalance. Training a model for
node classification on an imbalanced graph is difficult because the imbalance can lead to the bias of the
model [76].

2.3. Graph neural networks

Traditional machine learning methods, such as graph feature engineering [77] and neighbor
relationship-based [78], are the primary means of early graph data processing. These methods typically
transform graphs into a vector or matrix format, which is subsequently processed using conventional
machine learning models [79]. However, the information contained in graphs cannot be fully exploited
utilizing these strategies.

Electronic Research Archive Volume 34, Issue 3, 1742–1784.



1746

Analogous to convolutional neural networks (CNNs) used for image data, [80] put forward graph
convolutional networks (GCNs), which introduce convolution operations to handle graphs. This is
a significant breakthrough in the domain of graph processing. GCNs have demonstrated impressive
performance in tasks including node classification [81] and graph classification [27], demonstrating
their ability to learn node relationships in graphs. The fundamental principle of GCNs is to take the
adjacency matrix of graphs as input and learn node representations through multi-layer convolution
and pooling operations [23]. As graph learning advanced, graph attention networks (GATs) were
proposed by [82]. This work introduced a dynamic attention mechanism based on GNNs that adjusts
the relationship weight between nodes to better capture local and global information. [83] put forward
the graph sample and aggregate (GraphSAGE), which concentrates on inductive learning and uses
sampling and aggregation to learn the low-dimensional representation of nodes. It can generalize to
unseen nodes during the training. [84] proposed a powerful message-passing scheme based on deep sets
and graph isomorphism networks (GIN), enhancing the expressive power of GNNs. [85] generated the
graph self-attention networks to enhance the capacity of the model and represent graphs by taking into
account both the information of nodes and their relationships. Additionally, graph neural networks [86]
and graph generation models [87] have also emerged, which are employed to handle a wider range of
intricate and varied graphs.

GNNs aggregate information from neighboring nodes and edges to update node representations [88].
After k rounds of aggregation iterations, the structural information from the node k-hop neighbors is
captured in the node representation, defined as follows:

uk
v = aggr(uk−1

v ,u
k−1
N(v)), (2.1)

where uk
v is the feature vector of node v after k-hop aggregation, and N(v) denotes the neighbor set

of node v. The information propagation mechanism in Eq (2.1) is crucial because it generates high-
level embeddings that capture complex topological dependencies. These node representations are
subsequently encoded and fed into subsequent prediction modules or classification layers to predict
node labels. Technically, the function aggr(·, ·) serves as a unified abstraction that is instantiated
differently across various GNN architectures. Specifically, GCNs implement it as a fixed weighted sum
based on node degrees [80], while GATs employ learnable attention coefficients to dynamically weigh
the importance of edges [82]. Through this mechanism, the propagation fuses node attributes with
complex topological dependencies, generating high-level embeddings fed into subsequent classification
layers. However, it is worth noting that when k is set too high, the receptive field N(v) of each node
grows exponentially, leading to over-squashing [89]. This typically results in information loss during
transmission between distant nodes. Simultaneously, as GNNs increase in depth, repeated aggregation
of local information often causes embedded vectors to lose their ability to distinguish between different
categories of nodes. This phenomenon, known as over-smoothing [90], prevents GNNs from accurately
conveying information from distant nodes.

In Figure 2, the traditional GNN framework is shown. In class-imbalanced scenarios, minority nodes
are typically surrounded by majority neighbors. Consequently, during aggregation, the discriminative
features of minority nodes are easily overwhelmed by the dominant majority signals, resulting in
generated node embeddings that are difficult to distinguish.
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Figure 2. Gray indicates unlabeled nodes, while blue and red indicate positive and negative
classes with known labels, respectively. Convolution and recurrent operations are used to
collect neighbor information from the input graph. The sampling module can be used to
sample a large graph for tasks like prediction, classification, and others.

3. The methods for imbalanced node classification

This section reviews the imbalanced node classification methods based on GNNs, categorizing them
into data-level methods and algorithm-level methods. Data-level methods are further divided into data
interpolation, generating adversarial, generating pseudo-label, and methods based on large language
models. Algorithm-level methods are divided into loss modification, enhancement strategy, and model
optimization. Additionally, several popular algorithms within each category are introduced. Figure 3
shows a summary of imbalanced node classification methods.
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LLM4NG, GraphALP, LLM-HetGD, SAVE-TAG, FGDS, LLM-GNN, DMA, 
Locle, SEGA, GraphST, KICGPT, KGCD

Methods based on LLM

Figure 3. Classification and summary of imbalanced node classification methods based on
GNNs.

3.1. Data-level methods

Data-level methods primarily adjust the node distribution through preprocessing or generating
new samples, which helps the model better learn the relationships and features among nodes of
various classes.
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3.1.1. Data interpolation

Data interpolation synthesizes nodes of the minority class with a linear combination of existing
samples, as shown in Figure 4.

GNN

Node embedding

Linear 

combination

GNN …

…

Input

New node embedding

Figure 4. The framework of the data interpolation method. In the original imbalanced
network, minority and majority nodes are represented in red and blue, respectively. The
synthetic minority nodes generated by data interpolation are indicated by red dashed circles.
Edges between original nodes are shown as solid lines, while edges between synthetic minority
nodes and original minority nodes are shown as dashed lines.

One classic data interpolation method for addressing class imbalance is the synthetic minority
oversampling technique (SMOTE) [81]. Since the random oversampling method directly resamples the
minority class, there will be many repeated samples in the training set, which can cause overfitting [71].
SMOTE [81] addresses this problem via interpolating between minority samples to synthesize samples.
Neighboring samples are randomly selected based on the required oversampling rate to sample each
minority class. The new nodes are synthesized by

x̃ = xi + β|x j − xi|, (3.1)

where xi represents a random minority class node, β ∈ [0, 1], and x j is one of the neighbors from the
same minority class as xi.

The main disadvantage of SMOTE is that it does not consider the majority class in the neighborhood
when generating new synthetic samples, which leads to class overlap and introduces additional noise.
Borderline-SMOTE [91] focuses on sampling minority samples that are on the border, synthesizing new
samples in these critical areas. SafeLevel-SMOTE [92] samples within safe regions computed from the
nearest neighbors of the minority class, aiming to prevent oversampling in overlapping or noisy regions.
However, these methods present the following challenges when used in graphs. First, the complicated
information of the graph is not fully taken into account by the nodes synthesized in the original feature
space. Second, the synthesized nodes are unable to establish edges with existing nodes, which makes it
difficult for GNNs to make full use of the information of synthesized nodes.

By creating an embedding space to encode node similarity, GraphSMOTE [73] overcomes these
difficulties. New synthetic nodes are formed in the embedding space between two minority nodes.
Furthermore, an edge predictor is built to establish links between the prior nodes and the synthetic
nodes. However, GraphSMOTE synthesizes new nodes by interpolating nodes within the same minority
class, which can limit the diversity of the synthetic nodes.
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Mixup [93] creates a synthetic sample training set and interpolates all class samples rather than
concentrating on the minority class. Concretely, it generates node set by

x̃ = xi + β|x j − xi|, ỹ = yi + β|y j − yi|, (3.2)

where (xi, yi) and (x j, y j) are any two nodes of different types, β ∈ [0, 1]. Due to the extremely sparse
distribution of minority class, performing mixups directly in the original space or feature space can result
in out-of-distribution samples. GraphMixup [29] constructs semantic relation space, which enables the
mixup of features to be processed at the semantic level.

When synthesizing nodes, the connection relationship between nodes in the graph is prone to
neighbor memory problems. To address this problem, GraphENS [94] synthesizies an ego network for
the minority class by neighbor sampling and saliency-based node mixing. Specifically, the synthesized
nodes vmixed can be formulated as follows given minor nodes vminor, target node vtarget from entire classes,
and hyperparameter K:

vmixed = (1−ΛK) ⊙ vminor + ΛK ⊙ vtarget,

ΛK = φMK ,
(3.3)

where MK is a binary matrix, which masks the K% of node features to 0, ⊙ indicates element-wise
multiplication, and φ is a random mixing ratio. GraphBoost [95] starts from the difficult-to-classify
nodes and generates the topology and features of synthetic nodes by minimizing the distance of synthetic
nodes and misclassified nodes from training stages. GNN-CL [50] puts forward a two-step curriculum
learning method for the node imbalance issue. In the first step, it identifies confidence labeled nodes and
edges using an innovation oversampling method. Graph-DAO [96] first obtains node representations and
synthesizes minority nodes through multilayer perceptron (MLP), and then aggregates information from
GNNs. It also introduces the sum-product network (SPN) to better learn minority class information.
Sun et al. [97] proposed F factor to measure the importance of majority class samples in the overlapping
region and applied it to the nearest neighbors and density-based undersampling (NDU) strategy. NDU
is employed for the majority class, while SMOTE is applied to the minority class, ultimately balancing
the number of samples between the two classes and effectively alleviating the class overlap problem.

3.1.2. Generating adversarial

The generating adversarial method combines various variants of GANs to synthesize minority class
nodes, improving the learning effect of the model on the minority class, as shown in Figure 5. GAN [98]
generates realistic nodes by training two adversarial neural networks (a generator and a discriminator),
training D to maximize the probability of assigning the correct label to both trai ning examples and
samples from G [98].

min
G

max
D

V(D,G) = Ex∼Pdata(x)[log D(x)]+

Ez∼pz(z)[log(1 − D(G(z)))],
(3.4)

where G is a differentiable function represented by a multilayer perceptron, and D is a second multilayer
perceptron that outputs a single scalar. pz(z) represents a prior over the input noise variables, D(x) is the
probability that the discriminator discerns x is a real node, and pdata(x) denotes the distribution of real
nodes. Ex∼pdata(x)[log D(x)] represents the mathematical expectation of the probability that a node taken

Electronic Research Archive Volume 34, Issue 3, 1742–1784.



1750

from the real data distribution is classified as a real node by the discriminator. Ez∼pz(z)[log(1−D(G(z)))]
is the expectation of the negative logarithm of the probability predicted by the discriminator. The
accuracy of the discriminator in identifying real or false data grows with the size of this value.

Original imbalanced Network
Updates for discriminator

Generated balanced network
Discriminator

Updates for Generator

Generator

Generate node topological and features

discriminate

Figure 5. The framework of the generating adversarial method. The generator creates
samples that resemble the training data, while the discriminator distinguishes original data
and generated samples. Through the adversarial training, the generator can generate samples
that are very close to the real data. Thus, the number of nodes can be balanced.

ImGAGN [99] is the first to apply GANs to graphs, introducing the GraphGenerator to simulate
the distribution of minority class and network topology. However, since each generator can only
generate new nodes for a single class, while it achieves good results in binary classification, it cannot
effectively extend to multi-class classification. SORAG [100] integrates GAN and cGAN as a node
generator and is used for multi-label classification in graphs. GAN is used to generate unlabeled
synthetic minority nodes, while cGAN is used to create labeled synthetic minority nodes. Two kinds
of regularization are created by DR-GCN [101] and combined with a conditional adversarial training
process to separate the labeled node representations from various classes. CapsAN [102] propose
a lightweight capsule adversarial network that effectively prevents overfitting while generating new
samples for the minority class. CDCGAN [103] is proposed as a class distribution-aware conditional
generative adversarial network, in which the model consists of a class distribution-aware module and a
minority class enhancement module. The embedding representations of the nodes are first extracted,
followed by the computation of the class distribution in the latent space. Finally, diverse minority class
samples that conform to the class distribution are generated by the enhancement module.

Zhou et al. [104] proposed GNN-GAN, which jointly trains GAN and GNN, effectively addressing
the limitation of traditional sequential training where models cannot dynamically adapt. Zeng et al. [105]
drew inspiration from GANs to propose the GraphIFE framework, addressing the non-distributional
(OOD) problem prevalent in existing node synthesis methods. This framework comprises two key
components: the invariant feature extractor (IFE) and the environmental feature extractor (EFE).
The IFE ensures consistency between synthesized and original nodes at the feature level, effectively
mitigating OOD bias. The EFE introduces controlled perturbations, and it enhances the model’s ability
to distinguish minority class samples.
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3.1.3. Generating pseudo-label

In real-world graphs, there are numerous unlabeled background nodes [106], and their information
has not been utilized efficiently. Generating pseudo-labels for background nodes to balance the training
data is a feasible direction, as shown in Figure 6.

Add

pseudo-labels

GNN

Input

Augmented labeled setGraph embedding

Parameter updating

Figure 6. The framework of the generating pseudo-label method. First, input the graph to
obtain node embeddings. Second, add pseudo-labels to the unlabeled nodes. Finally, combine
these nodes with the original node to update the initial model. These processes yield optimal
pseudo-labeled nodes, which are used to train the subsequent node classification model.

The classic graph-based pseudo-label generating method uses label propagation (LP) [107]. Each
node label is propagated to its neighboring nodes based on similarity [108]. LP employs a weighted
averaging method for label updates.

Y(t+1)
i =

1∑
j wi j

∑
j∈N(i)

wi jY(t)
j , (3.5)

where Y(t)
i represents the label of node i at the t-th iteration, N(i) denotes the neighbor set of node

i, and wi j is the weight between node i and j. The similarity metric between nodes determines how
well LP performs, and it is quite sensitive to the original labels. An inappropriate number of iterations
can result in either overfitting or underfitting [109]. The label efficient regularization and propagation
(LERP) method was put forward by [110]. In each round of alternation, reliable pseudo-labeled nodes
are adaptively determined through their distance to labeled nodes.

Other methods include enhancing the training samples for minority class by utilizing self-training
[111] to generate pseudo-labels. Self-training utilizes labeled nodes to train an initial model, generates
pseudo-labels for unlabeled nodes, and combines them with the original nodes for model updates [112].
High-confidence unlabelled nodes are more likely to be predicted correctly in self-training, whereas
discovering them incorrectly leads to mislabelling [113]. Thus, correctly discerning high-confidence
unlabeled nodes is a critical issue.

Most of the present methods [31, 76] aim to improve the reliability of pseudo-labels by combining
self-training with other algorithms. Deep clustering and self-training are combined in M3S [76], which
concentrates on graphs with fewer labeled nodes. GraphSR [31] incorporates reinforcement learning and
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similarity selection to enhance the precision of choosing high-confidence nodes and adjusts the sampling
scale adaptively. To obtain pseudo-labels for unlabeled nodes, INS-GNN [114] utilizes self-training
based on the node and topologyical attributes of the graph, and it enhances the edges of minority nodes,
increasing their participation. DeLU-BGNN [115] investigates graph imbalance learning from both
quantitative and topological perspectives. It combines a self-training mechanism with Bayesian graph
neural networks to optimize the topological structure of specific nodes, thereby facilitating message
propagation.

3.1.4. Methods based on large language models (LLM)

Large language models (LLM) pre-trained on massive corpora demonstrate exceptional performance
in knowledge generation and capturing long-term dependencies [116]. Consequently, they offer novel
approaches to address class imbalance in graph learning.

Yu et al. [117] pioneered the application of LLM to node generation in text-attributed graphs (TAGs),
proposing LLM4NG (LLM for node generation). LLM4NG guides the LLM to generate labeled samples
through prompts and label information, denoted as:

V ′ = LLM (Promptnode(C)) , (3.6)

where C denotes the category label, and V ′ represents the generated sample. To integrate the generated
sample into the original dataset, the authors first feed both the generated sample V ′ and the original
dataset sample V into an embedding model to extract their vector representations H′ and H. Subse-
quently, cosine similarity is used to select suitable node pairs, which are then input into a multi-layer
perceptron (MLP)-based edge predictor, as shown below:

ŷe(H′,H) = MLP(H′ || H), (3.7)

where ŷe represents the probability of an edge existing between two nodes, and H′ || H denotes the
feature concatenation of node pairs. Finally, the top-k edges with the highest selection probability are
added to the original graph.

Additionally, GraphALP [118] and LLM-HetGDT [119] also employ LLMs to synthesize minority
class nodes. Unlike LLM4NG, GraphALP introduces a pseudo-labeling mechanism and further adopts
an LLM-based secondary oversampling strategy to mitigate potential category distribution offset caused
by pseudo-labels. On the other hand, when synthesizing nodes using LLMs, LLM-HetGDT does not
rely on category labels. Instead, it takes the corresponding data T as input and uses the LLM to generate
node V ′ and its corresponding data T ′. Subsequently, the LLM is further utilized to generate edges
between the synthetic node V ′ and the original node V , namely edge = LLM

(
Promptedge(V ′,V)

)
.

Based on the vicinal risk minimization (VRM) principle, SAVE-TAG [120] performs LLM-based
semantic interpolation on pairs of vicinal twins within minority class nodes, defined as: t̂ = Lτ(ti, t j|C),
where Lτ is a temperature controlled LLM, ti, t j are text attributes of minority-class nodes in the same
category, and C is the class label. FGDS [121] integrated three key factors tailored to the structure
of streaming graphs, enabling LLMs to better understand graph structural information and generate
samples that better align with temporal and topological relationships. LLM-GNN [122] designed a
difficulty-aware heuristic to select suitable nodes for generating pseudo labels using LLM. Sheng et
al. [123] revealed that pseudo-labels generated by LLMs often contain noise and semantic bias. To
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address this issue, they designed the Dataset- and LLM-aware graph active learning framework (DMA),
which utilizes noise distributions to measure node reliability and adaptively selects nodes with the most
reliable information content. Locle [124] selects representative nodes for annotation through subspace
clustering, ensuring that minority clusters also have representative nodes chosen.

SEGA [125] guides the LLM synthesis process by establishing explicit principles to ensure enhanced
data integrity, respectfulness, and diversity in sensitive domains such as mental health. GraphST [126]
employs the multimodal model CLIP to generate class semantic descriptions and optimizes node
representations through contrastive learning, thereby effectively improving the discriminative capability
for minority-class nodes. Addressing cost and privacy concerns in large models, Pan et al. [127] propose
a two-stage distillation framework. First, an LLM (teacher model) identifies node features and generates
reasoning evidence to train an intermediate interpreter. Subsequently, the TAG model (student model)
distills knowledge from the interpreter through semantic and structural alignment.

Traditional knowledge graph completion methods often suffer from performance degradation due to
sparse long-tail entity structural information. KICGPT [128] employs LLMs as external common-sense
knowledge bases, encoding knowledge through knowledge prompt to refine retriever candidate results
and prevent unrestrained generation. KGCD [129] addresses LLM generation bias and data imbalance
by synergizing rethink prompts with open prompts.

Unlike traditional data interpolation (e.g., SMOTE) or GAN-based methods that operate in numerical
feature space or latent space, the uniqueness of LLM-based methods lies in their ability to utilize
semantic reasoning and open-world knowledge. LLMs can generate high-quality synthetic nodes with
rich textual attributes by understanding the semantic context of the graph, rather than merely fitting the
statistical distribution of the minority class. This allows for zero-shot or few-shot generation capabilities
that purely structural methods lack. However, these advantages come with substantial costs. LLM-based
methods incur extremely high computational overhead due to the massive parameter of models (requiring
significant GPU memory and inference time) or financial costs associated with commercial APIs.

3.2. Algorithm-level methods

Algorithm-level methods mostly focus on enhancing the weights of a minority class or modifying
current methods to make them appropriate for imbalanced datasets.

3.2.1. Loss modification

By modifying the objective function, loss modification methods address the issue of class imbalance.
Typically, there are two methods. First, methods may set greater weights to the loss of a minority class
nodes [32, 71, 130]. This adjustment ensures the model is more attentive to the loss of minority class,
mitigating the problem of the majority class dominating the loss function [64]. Second, methods can
expand the decision boundary between the minority class and the majority class by modifying the loss
function, which reduces the probability of misclassification [65, 75]. To enhance the performance of the
model, these techniques can be applied singly or in combination.

Boosting-GNN [71] reduces the weights for training nodes that the classifier properly classifies
while assigning higher weights to those that are misclassified. CoSen CNN [130] optimizes neural
network parameters and the misclassification cost together to mitigate class imbalance. [32] proposed
the reweighted adversarial graph convolutional network (RA-GCN), which reweights the nodes to
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change the importance of each node to the classifier, helping the classifier better fit both the majority
and minority class.

However, in graphs, training samples of different classes not only differ in quantity but may also
occupy distinct positions in the topological structure. Graph topology information is incorporated into
the loss function design of ReNode [65] and topology-aware margin (TAM) [75]. In node representation
learning, nodes near class boundaries are at risk of information conflict, while nodes far from labeled
nodes lack sufficient information [70].

ReNode [65] decreases the weight of nodes near class boundaries and raises the weight of nodes
near class centers. The design of loss function is

LReNode =
1
|Vl|

∑
v∈Vl

ωv
|C̄|
|Cyv |

L(lv, yv), (3.8)

where ωv is the trainable weight of node v, lv denotes the logit of node v, |C̄| represents the average size
of the class training samples, |Cyv | signifies the total number of training nodes in the class that node v is
a part of, and L(, ) denotes the initial loss function.

TAM [75] observes a higher false positive rate around a few nodes in regions with high heterophily.
Therefore, TAM suggests that when a small number of nodes possess an unusually large number of
major neighbors, their weights should be reduced. TAM designs the anomalous connectivity-aware
margin (ACM) and anomalous distribution-aware margin (ADM), and calculates the confusion level
based on the average statistics of neighboring nodes. The final loss function is shown as

LT AM =
1
|Vl|

∑
v∈Vl

L(lv + αmACM
v + βmADM

v , yv), (3.9)

where L(, ) represents the initial loss function, lv is the logit of node v. mACM
v denotes the adjustment of

class margins by calibrating the deviation in the neighbors label distribution (NLD) for node v. mADM
v

indicates the adjustment of the margin based on the relative distance computed using the average NLD
of the target class and the node’s own class. α and β are hyperparameters.

Another method is graph contrastive learning (GCL) [131]. GCL randomly samples a batch of graphs
and performs data augmentation on each graph (such as deleting several nodes) to obtain enhanced views.
To determine whether the generated views are identical to the original graphs, GNN is utilized to encode
the views and compute the InfoNCE loss. [132] showed that the message-passing mechanism of GNNs
and the contrastive loss are strongly related, building a connection between contrastive learning and
GNNs. [133] proposed a new dynamic graph contrastive learning framework (DyGCL) that captures the
temporal consistency of dynamic graphs by constructing a GCL trainer. In unlabeled or sparsely labeled
datasets, it can also perform effectively. However, nodes evolve over time in real-world circumstances,
and the subgraph sampler of DyGCL is unable to capture large time spans. One avenue for future
enhancement is to identify better long time interval subgraph sampling methods [134]. Motivated by
curriculum learning, [50] fuses node classification and metric learning loss to modify the distance with
distinct nodes linked to minority classes. This mechanism can improve the capacity to discriminate and
generalize. AutoLoss for imbalanced node classification (AutoLINC) was proposed by Guo et al. [135],
in which poorly performing loss functions are actively filtered out through task evaluation with a
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loss-checking strategy, and Monte Carlo tree search algorithms are optimized to accelerate the searching
process. It was found by Yang et al. [136] that an imbalance in the norm of node feature representations
leads to poor performance of GNNs in node imbalance and out-of-distribution generalization problems.
To address this issue, NodeReg was proposed to ensure the consistency of the node representation norm,
thereby improving classification performance in both cases.

In multi graphs classification tasks also plagued by imbalance, Qin et al. [137] proposed an energy-
guided structural smoothing framework (SIMBA). This framework introduces an energy-based graph
reweighting module that calculates the final energy score for each graph through an energy belief
propagation mechanism. Subsequently, a cosine annealing mechanism assigns training weights to each
graph based on the propagated energy values, thereby achieving smoothing of structural differences in
local regions.

3.2.2. Enhancement strategy

The enhancement strategy aims to improve model training by incorporating additional information.
Most real-world graphs exhibit long-tail distributions in both categories and node degrees, i.e., the node
degrees follow a power-law distribution [4, 70]. GNNs cannot generalize to the minority class and favor
the majority class in terms of categories [138]. Regarding node degree, high-degree nodes (majority
nodes) often possess plentiful connections, while the low-degree nodes (minority nodes) have fewer
connections, causing GNNs to be biased towards majority nodes [139].

Tail-GNN [70] addresses the long-tail distribution problem by simulating connections between nodes
and their neighborhoods, where information flows from high-order nodes to low-order nodes to enhance
their representations. But, it does not account for the long-tail distribution of the class. Yun et al. [63]
proposed long-tail experts for GNNs (LTE4G), which takes into account the long tail of both classes
and node degrees. The graph is divided into four balanced subsets and trains an expert model on each
subset. Next, using a prototype-based method and a knowledge distillation technique [140], each test
node is allocated to the class that has the highest similarity score based on how similar it is to the class
prototype. [74] put forward the co-modality graph contrastive learning (CM-GCL). CM-GCL jointly
trains encoders with different modalities to enhance node representation learning. Contrastive pairs
are generated from unlabeled data automatically, which facilitates the learning of more balanced node
representations. The cross-modal contrastive loss can be expressed as

LGCL = − log
∑
υi∈V

exp(sim(zi, z+i )/τ)∑2n
j=1 exp(sim(zi, z+j )/τ)

, (3.10)

where zi and z+i represent the embeddings of the original node, respectively. The term z+j denotes
the embeddings of other nodes in the batch, which serve as negative samples. The function sim(·, ·)
computes the cosine similarity between two vectors, n is the size of the mini-batch, and τ is a temperature
hyperparameter that regulates the discrimination sensitivity.

BeMap [141] is designed to achieve a balanced graph structure by discarding points in the local
neighborhood of a node (i.e., through edge deletion), thereby facilitating the fair delivery of messages.
SAug [142] is proposed with a PageRank-based strategy to distinguish hub nodes and tail nodes.
Noisy neighbors are removed for hub nodes, potential neighbors are discovered for tail nodes, and
pseudo-neighbors are generated to alleviate the structural imbalance between the two types of nodes.
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To better handle structural information, Uni-GNN [143] integrates structural and semantic coders.
This design enables message propagation to non-adjacent yet similar nodes, thereby generating com-
prehensive node embeddings. A pseudo-label generation strategy is also introduced to enhance the
robustness and effectiveness of the framework. ImbGNN [144] proposes that structural imbalance and
class imbalance often co-occur. To mitigate structural imbalance, ImbGNN designed a degree-aware
optional augmentation method that samples augmentation techniques from distinct distributions for
both degree-head and degree-tail graphs.

3.2.3. Model optimization

Model optimization is the process of updating the underlying architecture of graph learning. It can
be achieved by integrating specific modules to change the overall network change or modifying the
learning paradigm.

For network embedding methods, deepwalk [145] treats random walk sequences as sentences and
nodes as words, employing the skip-gram model to learn latent representations. Specifically, for
a random walk sequence W = {w1, . . . ,wL}, it aims to maximize the co-occurrence probability of
nodes within a context window w. The objective function is formulated as minimizing the negative
log-likelihood:

L = −
∑
v∈W

∑
u∈Nw(v)

log P(u|Φ(v)), (3.11)

where Φ(v) is the embedding of the central node v, and Nw(v) represents its context neighbors in the walk.
To ensure computational efficiency on large graphs, hierarchical softmax is utilized to approximate the
probability P(u|Φ(v)), reducing the complexity from O(|V |) to O(log |V |). However, deepwalk performs
less well on graphs with intricate local patterns or community structures since it is unable to extract
the local structural information of graphs [146]. ImVerde [147] adjusts the transition probabilities of
random walks to ensure that minority nodes are more likely to remain within the same class, thereby
producing better node representations. In RSDNE [148], auxiliary learning objectives are incorporated
to ensure intra-class similarity and inter-class dissimilarity in the embedding space.

For optimizing GNNs, GNN-INCM [62] designs embedding clustering-based optimization (ECO)
and graph reconstruction-based optimization (GRO). Node embeddings are obtained using a two-layer
GCN in ECO, followed by clustering analysis to improve the representativeness of node embeddings
and simplify classification. In GRO, an inner-product decoder is utlized to reconstruct the graph, thereby
reducing information loss. The graph reconstruction loss is formulated as follows:

Lg−re =

|V |∑
i=1

|V |∑
j=1

Ai j log Âi j + (1 − Ai j) log
(
1 − Âi j

)
. (3.12)

Lg−re aims to compute the binary cross-entropy, which measures the difference between the original
matrix A and the reconstructed matrix Â.

ACS-GNN [149] and EGCN [150] modify the aggregation operations within standard GNN ar-
chitectures. An attention mechanism is performed by ACS-GNN to set various weights to different
nodes. EGCN limits inter-class edge aggregation using estimated density and pays more attention to
the minority class. GraphGAN [151] updates node representations using the generative adversarial
framework, with graph softmax employed to compute the estimated connection distribution. GraphGAN

Electronic Research Archive Volume 34, Issue 3, 1742–1784.



1757

performs a breadth-first search (BFS) for each node, which consumes additional space complexity.
However, it is thought that applying GAN to network representation learning is a worthwhile direction
to explore [152]. GATE-GNN [153] is proposed with the graph ensemble weight attention (GEWA)
mechanism. GEWA is designed to integrate inputs from graph node feature extraction, node ensemble,
and transfer learning. The most informative features can receive priority attention, while the overbearing
influence of the majority class is minimized. This enables a balanced representation of each class to be
provided by the model. IceBerg [154] is proposed with double balancing (DB) to address the Matthew
effect and label distribution bias that occur in self-training. To mitigate the over-smoothing problem
caused by increasing the number of model layers, the framework is designed to decouple propagation
and transformation, thereby redesigning the architecture to optimize message passing.

3.3. Comparative analysis

Although the aforementioned methods address the imbalance problem from different perspectives, a
thorough understanding of their inherent trade-offs is crucial for practical model selection. We analyze
various approaches from two dimensions: mechanism and applicability.
1) Mechanism analysis

Most data interpolation and GAN-based methods typically rely on the homophily assumption, where
edges tend to connect nodes with the same category labels [155]. This approach often fails to construct
heterogeneous edges, introducing structural bias that degrades model performance. Additionally,
GAN methods face risks of training instability and mode collapse, where the generator may fail to
capture the diversity of minority class samples, leading to generated samples becoming monotonous.
Pseudo-labeling methods typically select high-confidence nodes to expand the training set, but early
mispredictions by the model may be reinforced as true labels, causing cumulative errors. LLMs possess
robust semantic reasoning capabilities and extensive external knowledge, excelling at text attributes but
typically exhibiting weak understanding of graph topology. Moreover, the hallucination risk inherent in
large models is difficult to eliminate, potentially leading to generated node features or labels containing
erroneous information.

Loss modification avoids altering graph structure by adjusting sample weights or boundaries, thereby
preserving the integrity of the original topology. However, as a passive adjustment strategy, it cannot
physically increase the information content of minority classes and has limited effectiveness for struc-
turally isolated nodes. Enhancement and model optimization enhance representational capabilities by
introducing auxiliary tasks (e.g., GCL) or designing specialized message-passing mechanisms. While
these approaches extract more robust features, they often introduce additional hyperparameters and
complex optimization objectives, increasing model training complexity.
2) Applicability analysis

First, the core mechanism of loss modification solely involves sample reweighting within the objective
function, with computational complexity determined by the loss function and reweighting algorithm
design. Compared to other methods, it exhibits lower computational costs and more manageable
implementation difficulty. This also grants it superior scalability when handling large-scale graph
data. Enhancement strategies and model optimization typically require introducing additional training
processes or redesigning the model architecture, incurring computational costs and resulting in steeper
implementation curves. Consequently, scalability on large graphs is reduced.

Second, data interpolation and pseudo-labeling methods are technically mature with moderate
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implementation difficulty. They primarily rely on interpolation algorithms and LP algorithms, resulting
in low computational costs on small-scale graphs. GAN methods require training additional network
structures (generator and discriminator), entailing significant computational overhead and involving
stability debugging for adversarial training, making implementation more challenging. For LLM
approaches, local deployment incurs substantial GPU memory and inference latency, while commercial
API calls entail economic costs. Since LLM methods primarily utilize pretrained LLMs to generate
node or label information and comprehensive deployment guides are available, implementation difficulty
is relatively low. It is worth noting that these generative methods often struggle to be directly applied to
large-scale graph data, frequently requiring complex sampling strategies. Consequently, scalability in
large-scale scenarios is poor.

In Table 1, the core ideas of the different approaches, their relative advantages and their limitations
are clearly compared.

Table 1. Summary of methods for addressing imbalanced node classification in GNNs,
highlighting their core mechanisms, relative strengths, and potential limitations.

Categories Subcategories Key concepts Relative strengths Weaknesses

Data
interpolation

Generation of synthetic
samples by linear
combination

Simple and easy to
implement, low
computational cost

May lead to overfitting

Data-level
Generating
adversarial

Generation of synthetic
samples by GANs

Higher quality generation,
avoiding oversampling

High training complexity
high computational cost

Generating
pseudo-label

Generating pseudo-labels
using unlabeled data

Effective use of
unlabeled data to
reduce labeling costs

Sensitive to initial labeling
and high risk of
mislabeling

Methods based
on LLM

Semantic-Level
reasoning

Strong semantic
comprehension ability

High computational cost;
Prompt sensitivity

Loss
modification

Adjusting the loss function
or sample weights

Direct optimization
of the loss function
with high flexibility

Possible overfocus on
a few classes
leading to overfitting

Algorithm-level
Enhancement
strategy

Enhancing model
training with
additional information

Improves model
generalization capabilities

Dependence on the quality
of additional information

Model
optimization

Adaptation of network
architectures or
training paradigms

Improved model architecture
to enhance the quality
of minority class representation

Increased model complexity
and computational overhead

4. Assessment setup

We offer a thorough overview of the imbalanced node classification assessment setup in this section,
including commonly used datasets and evaluation metrics.
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4.1. Datasets

This section introduces the public datasets for GNN-based imbalanced node classification. These
datasets are summarized in Table 2, which includes imbalance rates, label rates, numbers of nodes,
edges, classes, and feature information. The datasets are categorized based on their sources.

Table 2. A detailed summarization of benchmark datasets.

Domain Dataset
Imbalance
rate

Label
rate

Nodes Edges Features Classes

Cora [156] 24% 5.2% 2708 5429 1433 7
Citation datasets Citeseer [156] 38% 0.56% 3327 4732 3703 6

Pubmed [80] 40% 0.03% 19717 44,338 500 3
protein-protein PPI [157] – – 56,944 818,716 50 121
interaction datasets ogbn-proteins [158] 13.88% 100% 132,534 39,561,252 8 2
Knowledge graph Wiki-CS [159] 2.2% 0.17% 11,701 216,123 300 10

Coauthor-CS [160] 22.6% 0.16% 18,333 81,894 6805 15
Co-authorship datasets Coauthor-Physics [160] – 0.03% 34,493 247,962 8415 5

Amazon-Photo [161] – 2.14% 7487 119,043 745 8
Co-purchase datasets Amazon-Computers [161] – 1.49% 13,381 245,778 767 10

Flickr [162] – 4.9% 80,513 5,899,882 1282 195
Weibo [163] – 10.3% 8405 407,963 400 –

Social datasets YouTube [164] – – 1,157,827 4,945,382 4000 47
BlogCatalog [165] 0.2% – 10,312 333,983 – 39
Github [166] – 0.01% 37,700 289,003 4005 2
DGraphFin [106] 1.3% 23.2% 3,700,550 4,300,999 17 3

Financial dataset Elliptic++ [167] 10.82% 22.85% 203,769 234,355 183 2

1) Citation datasets
Cora [156], Citeseer [156], and Pubmed [80] are typical examples of citation networks, where

documents and their citation relationships are represented by nodes and edges, respectively. The node
features are derived from the bag-of-words representation of the documents. The study domain of each
document node is indicated by a label. These datasets can be utilized for tasks such as studying the
relationships between academic documents, information retrieval and recommendation [6], and graph
data mining [168].
2) Knowledge graph

The Wiki-CS dataset [159] is a reference network based on wikipedia. Nodes represent articles,
and edges are the links between article nodes. Node features are obtained from the embeddings
of words [169] in each computer science article. Each node is labeled with one of ten categories,
representing a different branch of computer science. This dataset is used to construct knowledge graphs
in the computer science domain, aiding research in question answering systems [6] and other related
tasks.
3) Protein-protein interaction datasets

Protein-protein interaction (PPI) [157] refers to the graph formed by the binding process of two
or more proteins. Each node has a feature vector with a length of 50, including positional gene
sets, motifs, and immunological features. This dataset provides a crucial foundation for biological
research and medical applications, facilitating the understanding of the structure and function of
protein interaction networks. It is used for tasks such as drug design and development [170], disease
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diagnosis and treatment [32], and protein structure prediction [157]. The ogbn-proteins dataset is
an undirected, weighted, multi-task protein-protein interaction network provided by the Open Graph
Benchmark [158]. Nodes represent proteins, while edges denote different types of biological associations
between proteins, such as physical interactions, co-expression, or homology [171]. This dataset
comprises 112 classification tasks, many of which exhibit extremely imbalanced sample distributions,
with an average imbalance rate of 13.88%.
4) Co-authorship datasets

The Coauthor-CS and Coauthor-Physics datasets [160] are academic networks composed of coauthors
from Microsoft. Nodes represent authors, and edges are formed if they have coauthored a paper. A node
is characterized by a sparse bag-of-words feature based on the keywords of the author’s papers and is
labeled with the research field in which the corresponding author is most active. These datasets are
utilized for tasks such as coauthor analysis [172] and disciplinary field analysis [173], promoting the
development of academic networks.
5) Co-purchase datasets

Amazon-Computers [161] and Amazon-Photo [161] are subsets of the Amazon co-purchase graph.
Products are represented as nodes and frequent co-purchase relationships are represented as edges. These
datasets provide valuable resources for research and applications in the e-commerce field, facilitating the
mining of association rules between products, prediction of user behavior [174], and market trends [175].
6) Social datasets

Flickr [162], Weibo [163], YouTube [164], BlogCatalog [165], and Github [166] are social networks
where nodes represent individual users and edges represent relationships between different users.
Flickr [162] is an online photo management and sharing dataset, where the interests of users are
identified with node labels. Weibo [163] is a platform where users can post topic tags, with edge weights
representing the number of specific tags posted by users and temporal information marking the users.
YouTube [164] is a social network of YouTube users, with labels indicating groups of users who favor
similar video types. BlogCatalog [165] represents a social relation network of bloggers, where labels
infer the interests of bloggers from the metadata provided. In Github [166], node features are detailed
information about developers, edges represent that two people follow each other on Github, and node
labels show the areas in which developers are mainly engaged.
7) Financial datasets

DGraphFin [106] is a real financial dataset where labels indicate whether a user has defaulted or not.
Rich information and contexts are provided by these datasets, which can be utilized for tasks such as
social network analysis [176], default prediction [31], and understanding user behavior [174]. Elliptic++
[167] is a cryptocurrency graph dataset consisting of approximately 203,000 Bitcoin transaction records
and 822,000 wallet addresses. By leveraging the underlying graph structure, this dataset enables the
detection of fraudulent transactions and illicit addresses (actors) within the Bitcoin network.

4.2. Evaluation metrics

4.2.1. Performance evaluation metrics

The evaluation metrics commonly used in imbalanced node classification are summarized in this
section.

Appropriate evaluation metrics are crucial for optimizing model performance [177]. Using a binary
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classification problem as an example, the concepts can be extended to multi-class classification problems.
The correct or incorrect classification results for each class are recorded in the confusion matrix, as
shown in Table 3. In these binary classification problems, the minority class is defined as the positive
class and the majority class as the negative class. True Positive (TP) and True Negative (TN) denote
the number of correctly classified positive and negative instances, respectively. False Positive (FP) and
False Negative (FN) represent the misclassified positive and negative instances.

Table 3. Confusion matrix for a two-class problem.

Positive prediction Negative prediction
Positive class True positive (TP) False negative (FN)
Negative class False positive (FP) True negative (TN)

1) ACC
Accuracy [178] is a typical method for evaluating classifier performance, representing the proportion

of correctly classified samples to the total number of samples in the test set. It is one of the most
commonly used evaluation metrics in classification tasks. The calculation formula is as follows:

ACC =
T P + T N

T P + FP + T N + FN
. (4.1)

ACC is affected by the model tends to predict the majority class in imbalanced settings. Thus, it is
crucial to combine accuracy with other evaluation criteria in real-world applications.
2) bACC

Balanced Accuracy [75] is the arithmetic mean of sensitivity and specificity. It takes into account
the differences in sample sizes between classes, making it suitable for handling imbalanced datasets.
The calculation method is as follows:

bACC =
1
2

( T P
T P + FN

+
T N

FP + T N

)
. (4.2)

The bACC better reflects the performance of the classifier for each category and avoids bias in most
categories.
3) GM

Geometric mean [179] is the geometric average of Precision and Recall, used to balance the impact
of both metrics. Precision is the proportion of true positives among the samples predicted as positive
[180]. Recall represents the proportion of actual positive samples correctly predicted by the model
among all actual positives [180].

Precision =
T P

T P + FP
, (4.3)

Recall =
T P

T P + FN
, (4.4)

GM =
√

Precision × Recall. (4.5)

Compared to accuracy, the GM can better assess the performance of classification methods on
imbalanced datasets. It has become one of the common evaluation metrics in the field of imbalanced
data processing.
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4) F1 − measure
F1 − measure [181] is the weighted average of precision and recall, considering the classification

accuracy of the model on both positive and negative examples. It effectively evaluates the performance
of the model when there is a significant difference in the number of positive and negative samples. The
calculation formula is as follows:

F1 − measure =
2T P

2T P + FN + FP
. (4.6)

The value range of F1 is [0, 1], which is suitable for datasets with a contradiction between accuracy
and recall rate.
5) AUC − ROC

Area under the receiver operating characteristic curve describes the relationship between the
true positive rate (T PR or recall) and the false positive rate (FPR) under different thresholds for a
classification model [182]. T PR represents the proportion of actual positive samples that are correctly
predicted by the model, while FPR indicates the proportion of negative samples that are incorrectly
classified as positive. The ROC curve is plotted with FPR on the x-axis and T PR on the y-axis, where
each point on the curve corresponds to the T PR and FPR values at different classification thresholds.

T PR =
T P

T P + FN
, (4.7)

FPR =
FP

FP + T N
. (4.8)

The AUC −ROC measures the overall performance of the model across various thresholds. A higher
AUC − ROC value indicates better model performance.
6) MCC

The range of Matthews correlation coefficient [183] is [−1, 1]. A higher MCC value indicates better
predictive performance, while a lower or negative value suggests poorer performance or significant bias
in the predictions. It can be calculated using the following formula:

MCC =
T P × T N − FP × FN

√
(T P + FP)(T P + FN)(T N + FP)(T N + FN)

. (4.9)

Selecting appropriate metrics is critical in imbalanced scenarios [184, 185], as performance metrics
can be deceptive. The most significant pitfall lies in ACC, which yields misleadingly high scores by
simply predicting the majority class, masking the model’s failure to detect minority nodes; thus, it
should never be used as the sole metric. While AUC − ROC effectively assesses ranking quality, it can
be overly optimistic when the majority class is dominant, as the large number of T N suppresses the
FPR. Regarding the F1-measure, when dealing with multiclass classification, it is not recommended to
directly compute the F1-measure (micro-F1) [186] using the overall sample. Instead, the F1-measure
should be calculated independently for each class, and then averaged (macro-F1) [186]. This is because
micro-F1 is heavily biased toward the majority class, exhibiting behavior similar to ACC. MCC, GM,
and bACC are recommended as robust benchmarks. MCC, in particular, is regarded as a balanced
measure even if classes are of very different sizes, ensuring that a high score reflects accurate predictions
for both majority and minority classes.
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4.2.2. Homophily-aware measures

Homophily refers to the tendency for nodes in a graph to connect with nodes bearing the same la-
bel [187]. In the context of imbalanced node classification, the interaction between category distribution
and structural topology is crucial. For instance, minority class nodes residing in heterophilous neighbor-
hoods are susceptible to being overwhelmed by majority class neighbors, leading to the neighborhood
assimilation problem. Therefore, relying solely on predictive performance metrics is insufficient to fully
characterize the difficulty of a learning task. To comprehensively evaluate structural bias and topological
difficulty, introducing homophily-aware metrics is essential.

We first define the symbols used to evaluate homophily. Given an undirected, unweighted graph
G = (V, E) with |V | = n nodes and |E| edges. Let yv denote the label of node v, N(v) be the set of
neighbors of v, and d(v) = |N(v)| be the degree of v. Finally, let Dk denote the total degree of the kth

class, namely Dk =
∑

v:yv=k d(v).
1) Edge homophily

Edge homophily [188] measures the proportion of edges connecting nodes within the same category.
The calculation formula is as follows:

hedge =
|{{u, v} ∈ E : yu = yv}|

|E|
. (4.10)

2) Node homophily
Node homophily [189] calculates the homophily of each node, then takes the average of all nodes’

values:
hnode =

1
n

∑
v∈V

|{u ∈ N(v) : yu = yv}|

d(v)
. (4.11)

3) Assortativity coefficient
Assortativity coefficient [190] is defined as

h =
hedge −

∑m
k=1 D2

k/ (2|E|)2

1 −
∑m

k=1 D2
k/ (2|E|)2 . (4.12)

It is important to note that hedge is highly sensitive to class imbalance and is typically dominated by
the majority class. Both hnode and h represent global average metrics, which may obscure the extreme
heterophily faced by minority class nodes. Therefore, a high homophily score does not necessarily
guarantee superior classification performance [90].

4.3. Comparative results and setup configurations

To provide more intuitive references for model selection and enhance the practical value of this
survey, Tables 4 and 5 present quantitative performance comparisons of representative methods on
F1-measure and ACC. All methods use a two-layer GCN [80] backbone and hidden layer dimension of
128. The experimental setup includes the Adam optimizer (learning rate: 0.001, weight decay: 5e-4)
and setting dropout to 0.3.

To facilitate reproducibility and practical application, access to standardized codebases and experi-
mental protocols is essential. We summarize the recommended hyperparameter ranges and available
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code resources for several representative methods in Table 6. In terms of model implementation,
general-purpose libraries such as PyG [191] and DGL [192] provide foundational support. Additionally,
specialized resources like IGL-Bench [193] serve as the first open-source benchmark platform dedicated
to graph-specific imbalanced learning.

Table 4. Quantitative comparison of representative methods in terms of ACC.

Methods\Datasets Cora [156] CiteSeer [156] PubMed [80] Computers [161] Photo [161]
LTE4G [63] 80.85 63.85 83.15 78.90 88.65
ReNode [65] 82.15 71.55 83.92 80.15 90.12
Tail-GNN [70] 79.95 70.65 84.45 86.85 92.88
GraphSMOTE [73] 77.32 53.25 71.35 76.88 88.55
TAM [75] 80.80 64.25 81.55 81.15 90.52
DR-GCN [101] 71.65 54.85 64.12 69.25 86.95
GraphENS [94] 79.52 64.25 80.90 80.95 90.55
ImGAGN [99] 74.55 54.15 72.85 75.65 82.25

Table 5. Quantitative comparison of representative methods in terms of F1-measure.

Methods\Datasets Cora [156] CiteSeer [156] PubMed [80] Computers [161] Photo [161]
LTE4G [63] 76.55 58.50 81.25 68.45 84.22
ReNode [65] 81.98 70.32 83.06 70.92 88.45
Tail-GNN [70] 77.40 65.98 84.30 72.60 89.55
GraphSMOTE [73] 72.08 51.25 68.95 55.48 78.80
TAM [75] 79.40 61.98 78.31 78.60 85.55
DR-GCN [101] 66.52 51.35 55.62 46.12 77.29
GraphENS [94] 78.30 59.92 82.08 76.45 85.70
ImGAGN [99] 68.65 51.75 72.98 69.85 75.83

5. Future research directions for imbalanced node classification on graphs

Our research shows that imbalanced node classification tasks on graphs confront multiple complicated
challenges, due to the complexity of graphs and the infancy of graph learning. Additionally, there is a
lack of study on the graph and edge levels in existing classification tasks on imbalanced datasets, which
mostly concentrate on the node level. To further explore the classification tasks on imbalanced graphs,
three future research directions are proposed.

5.1. Tasks at different levels - edge, graph

The tasks of edge- and graph-level have extensive applications in real scenarios, such as network
security [194] and traffic control [195]. Although research in these areas is relatively sparse, it should
not be overlooked.
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Table 6. Hyperparameter search spaces and code resources for representative imbalanced
graph learning algorithms.

Algorithm Hyperparameter Search space Code

LLM4NG [117]
δ for the similarity threshold 0.1–0.8

Link
k for the top-k edges 10, 50, 100, 300

LTE4G [63]
α for focal loss 0.5, 0.6, 0.7, 0.8

Link
γ for curve shape control 0, 1, 2

ReNode [65]
PageRank teleport probability 0.05, 0.1, 0.15

Linklower bound of reweighting 0.25, 0.5, 0.75
upper bound of reweighting 1.25, 1.5, 1.75

LLM-HetGDT [119]
δ for the node embedding weight 1e-2, 5e-2

Link
λ for the weight loss coefficient 1e-3, 2e-3

Tail-GNN [70]
µ for Lm 0.01, 0.001

Link
η for Ld 0.1, 1.0

GraphSMOTE [73] λ for Ledge 1e-6, 2e-6, 3e-6 Link

TAM [75]
ϕ for the class-wise temperature 0.8, 1.0, 1.2

Linkα for the ACM term of node v 0.25, 0.5, 1.5
β for the ADM term of node v 0.125, 0.25, 0.5

GATE-GNN [153] λ for the weight loss coefficient 1e-6, 2e-6, 3e-6 Link
DR-GCN [101] α for loss trade-off 0.5, 0.6, 0.7, 0.8 Link

GraphENS [94]
number of warming up epochs 1, 5

Linkk for feature masking 1, 5, 10
τ for temperature 1, 2

ImGAGN [99]
λ1 for minority nodes ratio 0.2, 0.3, 0.4, 0.5

Link
λ2 for discriminator training steps 30, 40, 50, 60

5.1.1. Learning tasks at the edge-level

In class-imbalanced scenarios, edge learning aims to predict the connection of nodes, categorize
edges in a graph, and address problems caused by uneven edge distribution [196]. While edges between
nodes in the majority class have a high connectivity density, those in the minority class have sparse
connectivity [197]. This creates a unique structural sparsity problem where traditional link prediction
methods tend to suppress connections involving minority nodes due to their low prior probability. Jo et
al. [198] proposed the dual hypergraph transformation (DHT), in which original edges are transformed
into nodes of a hypergraph, and message-passing of node representation are applied to the edges. After
obtaining edge representations from the hypergraph, clustering or edge deletion is performed to obtain
an overall representation. Future research should improve the edge pooling methods and extend them to
graph- or node-level tasks. Topological entropy (TE) was introduced by Cheng et al. [199] to measure
the topological imbalance of each edge. Topological reweighting and TE wedge-based mixup are
developed and integrated into a new classification of edge strategies, referred to as TopoEdge. In the
future, the impact of topological imbalance can be further quantified and other methods of measuring
topological imbalance can be explored. A study on the topological imbalance in different types of
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graphs could be conducted, and the applicability of TE in different scenarios could be examined.

5.1.2. Learning tasks at the graph-level

An important learning task at the graph-level is the graph classification, which needs to consider the
global information of graphs, including the structure of graphs and the attributes of nodes [200]. Given
multiple graphs and their corresponding labels, the task involves learning a model that maps graphs to
their respective labels. Node imbalance can be mitigated via propagating information from neighboring
nodes to gain additional supervision. However, graphs are isolated with no interconnections between
them. Therefore, learning an effective global representation of a graph is a challenge.

The graph-of-graph neural networks (G2GNN) method proposed by [201] aggregates globally neigh-
boring graph representations and generates locally random augmentations for each graph. Future graph
classification methods can enhance the G2GNN method to accommodate varying graph scales. For
instance, incorporating attention mechanisms into G2GNN propagation [202] adaptively aggregates
information based on the topological similarity of neighboring graphs, thereby enhancing the appli-
cation of graph-level tasks. To address the limitation of traditional GNNs in modeling higher-order
dependencies between nodes, the hypergraph-enhanced dual framework (HEAL) was proposed by Ju et
al. [203]. In HEAL, a low-rank strategy is employed to model the hypergraph structure matrix, while
hypergraph convolution is designed to learn node representations. A line graph is then introduced to
identify potential semantic structures within the hypergraph. Finally, graph representations from both
perspectives are integrated to fully utilize unlabeled graphs and better optimize the model results. A
promising direction is to improve the adaptivity and computational efficiency of hypergraph for large
graph datasets. Meanwhile, integrating more information in hypergraphs to enhance expressiveness
would be another research direction.

5.2. Node classification on complex graphs

The majority of imbalanced node classification on graphs focuses on simple graphs, while complex
graphs are prevalent in practical applications. Dynamic and heterogeneous graphs are two types of
complex graphs that can be influenced by imbalance.

5.2.1. Node classification on dynamic graphs

The nodes and edges change over time in dynamic graphs. In the context of imbalance, this manifests
as a temporal distribution shift, where the imbalance ratio fluctuates over time [43] (e.g., a burst of
minority class events), rendering static re-balancing strategies ineffective and hindering effective node
classification. Data is continuously generated as streams in dynamic graphs. There are two tasks that
must be considered. The first is the spatiotemporal information that is contained in each graph snapshot
in different periods. The second is the evolution patterns of nodes and edges and the connections among
their attributes.

Incremental learning [204] or online learning [205] offer promising avenues research. These methods
allow the model to continuously receive new data and update its parameters while preserving the original
graph information [206], thereby accommodating the dynamic changes of graphs. Both of these methods
require far less time and computational cost by updating a few parameters instead of retraining the
whole model.
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5.2.2. Node classification on large-scale graphs

The scalability of node classification methods for high-dimensional, large-scale data has long been
a major challenge. Large databases like DGraphFin [106] contain millions of users and connections,
exhibiting substantial data scale in both graph size and node attributes. Some studies reduce graph
structure through sampling to enhance learning efficiency [207]. However, this may inadvertently
filter out sparse minority nodes, compromising structural integrity. Other research has redesigned
node information propagation in large-scale graphs, proposing adaptive topology-aware propagation
optimization strategies [208].

Future directions may explore hierarchical subgraph sampling or class-balanced partitioning algo-
rithms to ensure minority nodes are retained in each training mini-batch without compromising training
speed. Additionally, decoupling representation learning from classifier training (e.g., using precomputed
embeddings) may offer a viable approach for large-scale imbalanced learning.

5.2.3. Node classification on heterogeneous graphs

In a homogeneous graph, one type of node and edge exists [209]. However, a heterogeneous graph
has multiple types of nodes and edges, which permits different kinds of nodes to have features with
various dimensions [210]. Learning on heterogeneous graphs presents the following challenges. First,
heterogeneous graphs comprise multiple types of entities and relationships [211]. Most solutions
[212, 213] rely on metapaths to show the complex structure of heterogeneous graphs, but it is difficult to
capture information comprehensively, which can easily lead to the omission of semantic information
[214]. Second, heterogeneous graphs consist of multiple relationships, each of which represents a
different aspect. The different connections and node features drive the formation of diverse underlying
graphs [209]. The efficiency of learning graphs is hampered if these interactions are trained uniformly
[215].

Future studies can first distinguish meta paths based on their features [216], and then learn node
embeddings for each of these meta paths separately. Higher-order neighbor information should be
effectively utilized during the message propagation process [217]. Heterogeneous graphs and GNN
parameters can be integrated to learn the classification objective in the training process. The internal
relationships within the heterogeneous graph can be leveraged to generate feature similarity graphs,
feature propagation graphs, and semantic graphs, allowing the optimal graph structure to be learned.

5.3. Node classification with topological imbalance

Unlike quantity imbalance which focuses on label ratios, topological imbalance refers to the structural
asymmetry where nodes of different classes occupy distinct topological positions within the graph.
This phenomenon presents two specific unresolved challenges. First, A minority of nodes typically
reside near the periphery of the graph or close to class boundaries, while the majority often occupy
central hubs. This structural bias can lead to learning decision boundary drift [65]. Second, When
minority-class nodes are surrounded by majority-class neighbors, their distinguishing features can be
overwhelmed by majority signals during aggregation. This leads to indistinguishable node embeddings
and information inadequacy [75]. Current research on imbalance mainly focuses on quantity imbalance,
thus it is crucial to thoroughly investigate topological imbalance and create suitable solutions.

Although ReNode [65] and TAM [75] shown promising outcomes for topological imbalance, the
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impact is less evident in situations when there is a low labeling ratio and inadequate connection.
TopoEdge [199] uses TE to effectively measure the local class distribution variance on edges, and
subsequent researchers can apply the idea to the domain of node topological imbalance. Active
learning [218] and self-training [111] can be explored in the learning of labeled nodes, generating
representations for unsupervised nodes, achieving a balanced labeled dataset. These methods can be
used for node-, edge-, and graph-level tasks. Additionally, the characteristics of datasets in special
scenarios, such as biomedical applications [219], should be considered.

6. Conclusions

This paper provides a comprehensive review of GNNs for classifying imbalanced nodes. We
systematically review the evolution of GNN-based approaches, categorizing them into data-level
methods (such as interpolation, generation, pseudo-labeling, and LLM methods) and algorithm-level
strategies (such as loss modification, enhancement, and model optimization). Beyond hierarchical
classification, we conduct an in-depth comparative analysis to highlight the inherent trade-offs among
these techniques, revealing how the generation method brings the risk of topological noise while
providing semantic richness, whereas algorithmic adjustments preserve structural integrity but may
struggle with information sparsity. Looking forward, the field stands at a juncture where research must
transcend simple data rebalancing. Future endeavors should focus on tackling complex challenges
in dynamic and heterogeneous graph structures, explicitly addressing interactions between inherent
graph properties like imbalance and heterophily and leveraging the semantic reasoning capabilities
of emerging LLMs to overcome data scarcity. We hope this review serves not only as a reference for
existing techniques but also as a roadmap to inspire the emergence of robust, scalable, and topology-
aware solutions for learning on imbalanced graphs.
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real world graphs, preprint, arXiv:2507.16991. https://doi.org/10.48550/arXiv.2507.16991

192.M. Wang, D. Zheng, Z. Ye, Q. Gan, M. Li, X. Song, et al., Deep graph library: A graph-
centric, highly-performant package for graph neural networks, preprint, arXiv:1909.01315.
https://doi.org/10.48550/arXiv.1909.01315

193.J. Qin, H. Yuan, Q. Sun, L. Xu, J. Yuan, P. Huang, et al., IGL-bench: Establishing the comprehensive
benchmark for imbalanced graph learning, in The Thirteenth International Conference on Learning
Representations, (2025), 1–58. https://doi.org/10.48550/arXiv.2406.09870

194.X. Zhou, W. Liang, W. Li, K. Yan, S. Shimizu, I. Kevin, et al., Hierarchical adversarial attacks
against graph-neural-network-based iot network intrusion detection system, IEEE Internet Things
J., 9 (2021), 9310–9319. https://doi.org/10.1109/JIOT.2021.3130434

195.J. Yoon, K. Ahn, J. Park, H. Yeo, Transferable traffic signal control: Reinforcement learning with
graph centric state representation, Transp. Res. Part C Emerging Technol., 130 (2021), 103321.
https://doi.org/10.1016/j.trc.2021.103321

196.B. Pandey, P. K. Bhanodia, A. Khamparia, D. K. Pandey, A comprehensive survey of edge prediction
in social networks: Techniques, parameters and challenges, Expert Syst. Appl., 124 (2019), 164–181.
https://doi.org/10.1016/j.eswa.2019.01.040

197.Z. Kang, H. Pan, S. C. Hoi, Z. Xu, Robust graph learning from noisy data, IEEE Trans. Cybern., 50
(2019), 1833–1843. https://doi.org/10.1109/TCYB.2018.2887094

198.J. Jo, J. Baek, S. Lee, D. Kim, M. Kang, S. J. Hwang, Edge representation learning with
hypergraphs, in Advances in Neural Information Processing Systems, 34 (2021), 7534–7546.
https://doi.org/10.48550/arXiv.2106.15845

199.X. Cheng, Y. Wang, Y. Liu, Y. Zhao, C. C. Aggarwal, T. Derr, Edge classifica-
tion on graphs: New directions in topological imbalance, preprint, arXiv:2406.11685.
https://doi.org/10.1145/3701551.3703518

200.Y. Wang, H. Wang, H. Jin, X. Huang, X. Wang, Exploring graph capsual network for graph
classification, Inf. Sci., 581 (2021), 932–950. https://doi.org/10.1016/j.ins.2021.10.001

201.Y. Wang, Y. Zhao, N. Shah, T. Derr, Imbalanced graph classification via graph-of-graph neural
networks, in Proceedings of the 31st ACM International Conference on Information & Knowledge
Management, (2022), 2067–2076. https://doi.org/10.48550/arXiv.2112.00238

202.S. Miao, M. Liu, P. Li, Interpretable and generalizable graph learning via stochastic atten-
tion mechanism, in International Conference on Machine Learning, (2022), 15524–15543.
https://doi.org/10.48550/arXiv.2201.12987

203.W. Ju, Z. Mao, S. Yi, Y. Qin, Y. Gu, Z. Xiao, et al., Hypergraph-enhanced dual semi-supervised
graph classification, preprint, arXiv:2405.04773. https://doi.org/10.48550/arXiv.2405.04773

Electronic Research Archive Volume 34, Issue 3, 1742–1784.



1783

204.Z. Tan, K. Ding, R. Guo, H. Liu, Graph few-shot class-incremental learning, in Proceedings of
the Fifteenth ACM International Conference on Web Search and Data Mining, (2022), 987–996.
https://doi.org/10.1145/3488560.3498455

205.C. Wang, Y. Zhang, X. Zhang, Z. Wu, X. Zhu, S. Jin, et al., Offline-online learning of deformation
model for cable manipulation with graph neural networks, IEEE Rob. Autom. Lett., 7 (2022),
5544–5551. https://doi.org/10.1109/LRA.2022.3158376

206.Q. Yuan, S. U. Guan, T. Luo, K. L. Man, E. G. Lim, IMCGNN: Information maximization based
continual graph neural networks for inductive node classification, Neurocomputing, 624 (2025),
129362. https://doi.org/10.1016/j.neucom.2025.129362

207.J. Vatter, M. L. Rochau, R. Mayer, H. A. Jacobsen, Size does (not) matter? sparsification and graph
neural network sampling for large-scale graphs, Proc. VLDB Endow., 2150 (2024), 8097.

208.X. Li, J. Ma, Z. Wu, D. Su, W. Zhang, R. H. Li, et al., Rethinking node-wise propagation for
large-scale graph learning, in Proceedings of the ACM Web Conference 2024, (2024), 560–569.
https://doi.org/10.1145/3589334.3645450

209.N. Chairatanakul, X. Liu, N. T. Hoang, T. Murata, Heterogeneous graph embedding with
single-level aggregation and infomax encoding, Mach. Learn., 112 (2023), 4227–4256.
https://doi.org/10.1007/s10994-022-06160-5

210.X. Wang, N. Liu, H. Han, C. Shi, Self-supervised heterogeneous graph neural network with co-
contrastive learning, in Proceedings of the 27th ACM SIGKDD Conference on Knowledge Discovery
& Data Mining, (2021), 1726–1736. https://doi.org/10.1145/3447548.3467415

211.L. Chen, W. Liang, Disentangling multi-factor effects via graph contrastive learning for travel rec-
ommendation, Appl. Soft Comput., 186 (2026), 114095. https://doi.org/10.1016/j.asoc.2025.114095

212.A. Noori, M. A. Balafar, A. Bouyer, K. Salmani, Review of heterogeneous graph embedding
methods based on deep learning techniques and comparing their efficiency in node classification,
Social Network Anal. Min., 14 (2024), 17. https://doi.org/10.1007/s13278-023-01178-6

213.L. Chen, X. Zhu, G. Zhu, Exploiting attributes and keywords for session-based recom-
mendation with multi-view graph neural network, Expert Syst. Appl., 296 (2026), 128990.
https://doi.org/10.1016/j.eswa.2025.128990

214.Y. Chen, F. Chen, Z. Wu, Z. Chen, Z. Cai, Y. Tan, et al., Heterogeneous
graph embedding with dual edge differentiation, Neural Networks, 183 (2025), 106965.
https://doi.org/10.1016/j.neunet.2024.106965

215.X. Fu, J. Zhang, Z. Meng, I. King, MAGNN: Metapath aggregated graph neural network for
heterogeneous graph embedding, in Proceedings of the Web Conference 2020, (2020), 2331–2341.
https://doi.org/10.1145/3366423.3380297

216.Y. Zhao, S. Wang, H. Duan, LSPI: Heterogeneous graph neural network classification aggregation
algorithm based on size neighbor path identification, Appl. Soft Comput., 171 (2025), 112656.
https://doi.org/10.1016/j.asoc.2024.112656

217.Y. Li, C. Jian, G. Zang, C. Song, X. Yuan, Node classification oriented adaptive multi-
channel heterogeneous graph neural network, Knowledge-Based Syst., 292 (2024), 111618.
https://doi.org/10.1016/j.knosys.2024.111618

Electronic Research Archive Volume 34, Issue 3, 1742–1784.



1784

218.K. Madhawa, T. Murata, Active learning for node classification: An evaluation, Entropy, 22 (2020),
1164. https://doi.org/10.3390/e22101164

219.R. Li, X. Yuan, M. Radfar, P. Marendy, W. Ni, T. J. O’Brien, et al., Graph signal processing, graph
neural network and graph learning on biological data: A systematic review, IEEE Rev. Biomed.
Eng., 16 (2021), 109–135. https://doi.org/10.1109/RBME.2021.3122522

© 2026 the Author(s), licensee AIMS Press. This
is an open access article distributed under the
terms of the Creative Commons Attribution License
(http://creativecommons.org/licenses/by/4.0)

Electronic Research Archive Volume 34, Issue 3, 1742–1784.

http://creativecommons.org/licenses/by/4.0

	Introduction
	Related works
	Node classification on graphs
	Class imbalance problem
	Graph neural networks

	The methods for imbalanced node classification
	Data-level methods
	Data interpolation
	Generating adversarial
	Generating pseudo-label
	Methods based on large language models (LLM)

	Algorithm-level methods
	Loss modification
	Enhancement strategy
	Model optimization

	Comparative analysis

	Assessment setup
	Datasets
	Evaluation metrics
	Performance evaluation metrics
	Homophily-aware measures

	Comparative results and setup configurations

	Future research directions for imbalanced node classification on graphs
	Tasks at different levels - edge, graph
	Learning tasks at the edge-level
	Learning tasks at the graph-level

	Node classification on complex graphs
	Node classification on dynamic graphs
	Node classification on large-scale graphs
	Node classification on heterogeneous graphs

	Node classification with topological imbalance

	Conclusions

