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Rapid advancement in machine learning is increasing the demand for effective graph data analysis. However,

real-world graph data often exhibits class imbalance, leading to poor performance of standard machine learn-

ing models on underrepresented classes. To address this, Class-Imbalanced Learning on Graphs (CILG) has

emerged as a promising solution that combines graph representation learning and class-imbalanced learning.

This survey provides a comprehensive understanding of CILG’s current state-of-the-art, establishing the first

systematic taxonomy of existing work and its connections to traditional imbalanced learning. We critically

analyze recent advances and discuss key open problems. A continuously updated reading list of relevant

articles and code implementations is available at https://github.com/yihongma/CILG-Papers.
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1 Introduction

Graphs are a powerful and prevalent data structure for representing complex relational systems,

such as social networks, citation networks, and knowledge graphs. In these systems, nodes repre-

sent entities, while edges represent their relationships. In recent years, graph representation learn-

ing techniques have proven effective in discovering meaningful vector representations of nodes

or the entire graph, resulting in successful applications across a wide range of downstream tasks

[49, 51, 68]. Despite these advances, graph data often presents a significant challenge in the form of

class imbalance, where instances of one class significantly outnumber those of other classes. When

left unaddressed, such class imbalance can significantly degrade model performance, particularly

for minority classes that often represent the most critical cases in real-world applications.

Class-Imbalanced Learning on Graphs (CILG) is an emerging research area addressing class

imbalance in graph data, where traditional methods for non-graph data might be unsuitable or in-

effective for several reasons. Firstly, the unique, irregular, and non-Euclidean structure of graph
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data complicates traditional class-imbalanced techniques designed for Euclidean data [76]. Further-

more, graph data often contain rich relational information, requiring specialized techniques to pre-

serve and leverage such information during the learning process [53]. Finally, node dependencies

and interactions in a graph make class rebalancing techniques complex, as naive oversampling or

undersampling methods may disrupt the graph’s structure and thus lead to poor performance [42].

Although class-imbalanced learning has already attracted significant attention in areas such as

computer vision [73] and natural language processing [21], its application to graph data remains

relatively underexplored. This survey addresses this gap by providing the first comprehensive

overview of CILG. We introduce the background of CILG, systematically categorize existing CILG

techniques under our proposed taxonomies, and present a thorough evaluation framework that

includes benchmark datasets and a critical assessment of current performance metrics.

In addition to reviewing existing work, this survey identifies three critical future research di-

rections to advance CILG. First, we explore opportunities beyond node classification, examining

both other node-level tasks and graph-level tasks where class imbalance affects the entire graph

structure. Second, we discuss the application of CILG to more complex graph types beyond tradi-

tional homogeneous and homophilic settings, where existing methods may fall short. Third, we

investigate topology imbalance as a fundamental challenge distinct from class imbalance, consid-

ering how factors such as positional distributions of nodes, subclass-level topological motifs, and

hierarchical structures in graphs can impact graph learning. These research directions highlight

fundamental challenges that must be addressed to develop more comprehensive CILG solutions.

The article is organized as follows: Section 2 introduces the notations for CILG and provides

a background on graph representation learning, class-imbalanced learning, and their relationship

with CILG. Section 3 details recent CILG methods, including the data level (Section 3.1) and the

algorithm level (Section 3.2). Section 4 discusses benchmark datasets, train-test split strategies, and

evaluation metrics for CILG. Finally, Section 5 discusses three important future research directions.

In summary, the main contributions of this article include:

— We present the first comprehensive survey on CILG, analyzing recent advances in addressing

class imbalance challenges unique to graph data;

— We propose a systematic taxonomy of CILG methods, organizing them into two primary cat-

egories with six distinct sub-categories, providing a clear framework for existing solutions;

— We identify three future directions in CILG: (1) exploring tasks beyond node classification

at both node and graph levels, (2) extending to heterogeneous or heterophilic graphs, and

(3) investigating topology imbalance beyond traditional class imbalance;

— We maintain a continuously updated reading list of relevant articles and code implementa-

tions at https://github.com/yihongma/CILG-Papers.

2 Background

2.1 Notations

Consider an attributed graph G = (V,E) with a set of n nodes V = {v1, . . . ,vn} and a set of m
edges E ⊆ V × V . Let A ∈ Rn×n denote the adjacency matrix where Ai j = 1 if (vi ,vj ) ∈ E and

0 otherwise. The node feature matrix X ∈ Rn×d has each row xi representing the node feature

vector of node vi with a feature dimension of d .

For node classification, lety = {y1, . . . ,yn} denote the set of node labels, where yi ∈ {1, . . . ,K}

corresponds to the label of node vi with K classes. The node class distribution Pk =
|Ck |∑

K

i=1 |Ci |

represents the proportion of nodes in class k , where Ck is the set of nodes in class k .

ACM Comput. Surv., Vol. 57, No. 8, Article 207. Publication date: March 2025.
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2.2 Graph Representation Learning

Graph representation learning [74] focuses on discovering meaningful representations of nodes

or the entire graph for various downstream tasks. Current methods fall into three categories:

(1) Network embedding methods [8] that learn node representations by preserving structural

proximities. These methods (e.g., DeepWalk [43] and node2vec [17]) can only capture purely

structural information, making them less suitable for attributed graphs.

(2) Graph neural networks (GNNs) [63] that learn node representations through iterative

neighborhood aggregation operations. By jointly leveraging both graph structure and node

features, GNNs have become particularly effective for attributed graphs, leading to their

dominance in modern graph learning.

(3) Knowledge graph embedding methods [56] that learn representations by optimizing scoring

functions over fact triplets (head entity, relation, and tail entity). These methods are specifi-

cally designed for multi-relational graphs where edges have different types or meanings.

GNNs have emerged as the dominant backbone for CILG methods due to their ability to: (1) cap-

ture both structural and feature information, (2) propagate information across the graph through

message passing, and (3) naturally incorporate task-specific downstream objectives. GNNs adopt

a message-passing mechanism [15], which updates a node’s representation by aggregating infor-

mation from its neighboring nodes and edges. After k iterations of aggregation, the representation

of node vi captures the structural information within its k-hop neighborhood:

h(k)
i = Update

(
h(k−1)

i ,Aggregate({h(k−1)
j | ∀vj ∈ N(vi )})

)
, (1)

whereh(k)
i is the representation vector of nodevi in the kth GNN layer; N(vi ) represents the set of

neighbors of node vi . Common choices for Aggregate(·) include mean, max, or sum operations,

while Update(·) typically involves neural networks that combine the aggregated neighborhood

information with the node’s current representation. The initial representation h(0)
i is initialized

with the node feature vector xi , allowing the GNNs to leverage node attributes as well.

2.3 Class-Imbalanced Learning

Class-imbalanced learning [20, 23] addresses the challenge of learning from skewed class distri-

butions, where certain classes (majority classes) have significantly more training instances than

others (minority classes). The severity of class imbalance is quantified by an imbalance ratio ρ:

ρ =
maxk |Ck |

mink |Ck |
, (2)

where |Ck | denotes the number of samples in class k .

Traditional class-imbalanced learning methods can be categorized into two main approaches: (1)

data-level methods that modify the distribution of training data by oversampling minority classes

[4], undersampling majority classes [34], or hybrid approaches [47] that combine both; and (2)

algorithm-level methods that modify the learning algorithm through cost-sensitive learning [80],

ensemble methods [5], or loss function engineering [3, 9, 10, 30].

2.4 CLIG

CILG focuses primarily on node classification tasks where the distribution of node classes is

skewed. While CILG can also encompass graph classification [59, 65], this survey focuses on node

classification, which has received the majority of research attention. We formally define the node

classification task under the class-imbalanced setting:

ACM Comput. Surv., Vol. 57, No. 8, Article 207. Publication date: March 2025.
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Table 1. A Comprehensive Summary of Representative CILG Models, Arranged in Chronological Order,
where “D.I.” Stands for Data Interpolation (Section 3.1.1), “A.G.” Stands for Adversarial Generation

(Section 3.1.2), “P.L.” Stands for Pseudo-Labeling (Section 3.1.3), “M.T.R.” Stands for Model and Training
Refinement (Section 3.2.1), “L.E.” Stands for Loss Function Engineering (Section 3.2.2), and “P.A.” Stands

for Post-hoc Adjustment (Section 3.2.3)

Model Year Venue
Data-Level Algorithm-Level

Key Components Code
D.I. A.G. P.L. M.T.R. L.E. P.A.

RSDNE [60] 2018 AAAI � � DeepWalk + Intra/Inter-class similarity link

SPARC [78] 2018 KDD � � � Label propagation + Curriculum learning link

ImVerde [61] 2018 Big Data � DeepWalk + Balanced mini-batch sampling link

DR-GCN [52] 2020 IJCAI � � � GAN + Distribution alignment (labeled/unlabeled) link

GraphSMOTE [76] 2021 WSDM � � � SMOTE + Pre-trained edge generator link

GraphENS [42] 2021 ICLR � � Ego network Mixup + Saliency-based feature filtering link

ImGAGN [46] 2021 KDD � GAN + Class-conditional generation link

ReNode [6] 2021 NeurIPS � Topology-aware reweighting link

SET-GNN [24] 2021 ICONIP � Label propagation + Noise-aware self-training −

TAM [53] 2022 ICLR � Topology-aware margin adjustment link

ALLIE [7] 2022 WWW � � � Active learning + RL-based sampling −

GATSMOTE [37] 2022 Mathematics � � � SMOTE + Homophily-guided attention edge generator −

ACS-GNN [39] 2022 ICNSC � � Attention message passing + Class-aware reweighting −

EGCN [55] 2022 ICNSC � Class-aware message passing −

KINC-GCN [1] 2022 ICNSC � � Kernel-based message passing + Node clustering −

FACS-GCN [50] 2022 IJCNN � � � Class-aware reweighting + GAN link

DPGNN [58] 2022 MLG � � Prototype label propagation + Distance metric learning link

LTE4G [69] 2022 CIKM � � Knowledge distillation + Class prototype inference link

GraphMixup [62] 2022 ECML PKDD � � � Semantic-space Mixup + RL-based sampling link

SORAG [11] 2022 ECML PKDD � � Dual-generator synthesis (labeled/unlabeled) −

CM-GCL [45] 2022 NeurIPS � � Contrastive learning + Topology-aware pruning link

GraphSR [79] 2023 AAAI � � Label propagation + RL-based sampling −

ImGCL [70] 2023 AAAI � � Contrastive learning + Topology-aware sampling −

BNE [81] 2023 Info. Sci. � Balanced neighbor influence exploration −

INS-GNN [25] 2023 Info. Sci. � � � Self-supervised pre-training + Self-training link

GraphSANN [33] 2023 IJCAI � � � Homophilic/Heterophilic feature Mixup −

DataDec [71] 2023 ICML � � Contrastive learning + Dynamic sparse training link

GraphSHA [27] 2023 KDD � � Mixup + Neighbor class sampling link

SNS [14] 2023 CIKM � � � Semantic-aware sampling + Graph augmentation link

ReVar [66] 2023 NeurIPS � � Variance reduction + Graph augmentation link

GNN-CL [28] 2024 Neurocomp. � � SMOTE + Curriculum learning −

�: Primary Category, �: Secondary Category.

Definition 1 (Class-Imbalanced Node Classification). Given a graph G and a set of labeled nodes

V� ⊆ V with imbalanced class distribution Pk , learn a classifier f : V → {1, . . . ,K} that accu-

rately predicts labels for unlabeled nodes Vu = V \V� across all classes.

3 Methods

This section reviews existing CILG approaches, categorizing them into two main groups: (1) data-

level methods and (2) algorithm-level methods. Data-level methods are further divided into (i)

data interpolation, (ii) adversarial generation, and (iii) pseudo-labeling. Algorithm-level methods

are further classified into (i) model and training refinement, (ii) loss function engineering, and (iii)

post-hoc adjustment. Table 1 presents a comprehensive summary of representative CILG models.

3.1 Data-Level Methods

Data-level techniques are crucial for addressing class imbalance problems by modifying training

data in feature or label spaces to achieve a more balanced learning environment. Basic data-level

approaches include oversampling, which increases the number of minority class samples, and un-

dersampling, which decreases the majority class samples. However, new techniques are required

to augment training data within the graph structural space due to node dependencies and inter-

connections in graph data. In the context of CILG, we further classify data-level methods into data

interpolation, adversarial generation, and pseudo-labeling. Each method differs in its approach to

generating features, structures, or labels for synthetically created minority data instances.
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3.1.1 Data Interpolation. Data interpolation generates synthetic training samples for minor-

ity classes through linear combinations of existing samples. The foundational approach is the

Synthetic Minority Over-sampling Technique (SMOTE) [4], which creates minority training

samples x̃ by interpolating between two training instances from the same minority class:

x̃ = xi + λ(x j − xi ), (3)

wherexi is a random minority instance,x j is one of itsk-nearest neighbors from the same minority

class, and λ ∈ [0, 1]. However, directly applying SMOTE to graphs presents unique challenges, as

the interpolation process must also consider the topological structure of graph data. Specifically,

after synthesizing new nodes through interpolation, we must determine how these synthetic nodes

connect to existing nodes while preserving a meaningful graph structure.

To address this challenge, several graph-specific SMOTE adaptations have been proposed.

GraphSMOTE [76] is the first to adapt SMOTE for graphs by performing interpolation in the node

embedding space and using a pre-trained edge predictor to determine the connectivity between

synthetic and real nodes. GATSMOTE [37] improves this approach by employing a neighborhood-

constrained attention mechanism and homophily principles to generate edges that preserve local

structures. GNN-CL [28] further advances the field by combining adaptive oversampling with cur-

riculum learning to gradually expose the model to increasingly complex synthetic samples.

Another significant development is the adaptation of Mixup [72] to graphs. Unlike SMOTE’s fo-

cus on minority classes only, Mixup interpolates across all classes in both feature and label spaces:

x̃ = λxi + (1 − λ)x j , ỹ = λyi + (1 − λ)yj , (4)

where (xi ,yi ) and (x j ,yj ) are two random instances, and λ ∈ [0, 1].
Recent works have proposed various innovations in graph-based Mixup. GraphENS [42] ad-

dresses the limited neighbor views of minority nodes by synthesizing their ego networks through

interpolation between the ego networks of the minority node and a random node. It also uses

gradient-based feature saliency to filter out class-specific attributes during mixing. GraphMixup

[62] performs Mixup in the semantic space to prevent the generation of out-of-domain samples, in-

corporates self-supervised objectives to preserve node connections, and uses reinforcement learn-

ing to adaptively determine oversampling ratios for minority classes. GraphSHA [27] expands mi-

nority class boundaries through Mixup between hard minority samples and neighbor class nodes

with selective edge sampling only from the minority node’s subgraph. GraphSANN [33] extends

Mixup to heterophilic graphs by enabling both homophilic and heterophilic interpolation. For het-

erogeneous graphs, SNS [14] addresses the semantic imbalance through meta-path based graph

decomposition and personalized PageRank to identify influential neighbors for minority nodes.

3.1.2 Adversarial Generation. Adversarial generation methods utilize generative adversarial

networks (GANs) to create synthetic minority nodes. GANs [16] are a class of neural networks

comprising a generator and a discriminator. The generator G aims at creating fake data that closely

resemble real data, while the goal of the discriminator D is to differentiate between the real and

generated data. GANs are trained using a minimax objective function:

min
G

max
D
Ex∼pdata

[logD(x)] + Ez∼pz
[log (1 − D(G(z)))], (5)

where pdata is the distribution of real data x , and pz is the distribution of random noise z.

DR-GCN [52] is the first work to leverage adversarial learning in CILG, using a GAN to gen-

erate synthetic nodes and incorporating KL-divergence to align labeled and unlabeled node rep-

resentations. ImGAGN [46] expands this by introducing a GAN that synthesizes both minority

nodes and their connections to the graph, with a shared GCN [26] serving as both a discriminator

ACM Comput. Surv., Vol. 57, No. 8, Article 207. Publication date: March 2025.
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to distinguish real nodes from synthetic nodes and a classifier to identify minority class member-

ship. However, ImGAGN is restricted to binary classification, as extending it to multi-class settings

would require non-trivial modifications. FACS-GCN [50] integrates adversarial learning with class-

adaptive reweighting, where the adversarial component helps generate balanced feature represen-

tations while the reweighting mechanism dynamically adjusts the importance of different classes

during training. SORAG [11] introduces a dual-generator architecture combining a standard GAN

and a conditional GAN [40]: the former generates unlabeled nodes to prevent over-aggregation of

majority features in minority regions, while the latter creates labeled synthetic nodes in regions

where minorities form local majorities. The method incorporates both global and local minority

perspectives in seed node selection and determines connections between synthetic and real nodes

using an edge predictor, ensuring structural coherence in the augmented graph.

3.1.3 Pseudo-Labeling. Pseudo-labeling has emerged as a powerful approach for handling class

imbalance in partially labeled graphs. Unlike data interpolation or adversarial generation methods

that create synthetic data, pseudo-labeling exploits the abundant unlabeled nodes naturally present

in graphs while preserving the original graph structure and node distribution.

The development of graph-based pseudo-labeling methods has been built on the basis of la-

bel propagation [64], a foundational work in semi-supervised learning. SPARC [78] enhances this

foundation by combining label propagation with self-paced curriculum learning to enable grad-

ual learning from easy to hard samples when enriching minority classes. SET-GNN [24] further

advances label propagation by reducing noise in self-training through iterative refinement, while

promoting the propagation of minority classes through reweighting. DPGNN [58] enhances label

propagation with class prototypes and distance metric learning to better capture the node rela-

tionships with class prototypes. GraphSR [79] improves the reliability of pseudo-labels through a

two-stage selection process: first filtering potential candidates based on similarity and then using

reinforcement learning to adaptively select reliable unlabeled nodes for minority class augmenta-

tion. INS-GNN [25] advances this direction through a model-agnostic framework. The framework

first employs pre-training with self-supervised objectives that naturally mitigates class imbalance,

and then generates pseudo-labels using both node and structural information, while performing

targeted edge augmentation for minority nodes to increase their engagement in message passing.

3.2 Algorithm-Level Methods

Algorithm-level methods aim at modifying learning algorithms to address class imbalance. These

approaches adjust the model’s training process to mitigate problems arising from class imbalance.

We classify CILG algorithm-level methods into three categories: model and training refinement,

loss function engineering, and post-hoc adjustment, each targeting distinct components of the

learning algorithm. Each category represents a distinct strategy to address the class imbalance.

3.2.1 Model and Training Refinement. Model and training refinement approaches handle class

imbalance by modifying model architectures or training pipelines. Rather than addressing imbal-

ance through pre-processing or post-processing steps, these methods integrate robustness to class

imbalance directly into how graph representation learning methods process and learn from data.

Model architectural modifications focus on re-designing the core components of network em-

bedding models or GNNs. For network embedding methods, several approaches improve upon

DeepWalk [43]: RSDNE [60] introduces auxiliary components to balance intra-class similarities

and inter-class dissimilarities in the embedding space, while ImVerde [61] adjusts the random

walk process by modifying the transition probabilities and implemented balanced mini-batch sam-

pling. Recent GNN-based approaches focus on modifications to message passing: ACS-GNN [39]

ACM Comput. Surv., Vol. 57, No. 8, Article 207. Publication date: March 2025.
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incorporates an attention mechanism for class-aware neighbor weighting during message passing,

EGCN [55] implements class-proportional message passing to balance information flow between

nodes of majority and minority classes, and KINC-GCN [1] introduces kernel-based message pass-

ing combined with node clustering to capture both local and global structural patterns.

Meanwhile, adjustments in the training pipeline modify how models learn from imbalanced

data while maintaining the underlying model architecture. ALLIE [7] employs active learning

that samples instances from both majority and minority classes based on reinforcement learning,

guided by an imbalance-aware reward function. LTE4G [69] leverages knowledge distillation by

training class-specific student models guided by teacher GNNs that operate on node subsets with

balanced class distributions and node degrees. BNE [81] achieves efficient balanced training by

identifying nodes that are heavily influenced by minority classes during message passing.

3.2.2 Loss Function Engineering. Loss function engineering adapts training objectives to ad-

dress class imbalance in machine learning models. Traditional approaches either reweight losses

to emphasize the minority class samples [9, 30] or modify decision boundaries to increase the

separation between the majority and minority classes [3, 10].

Early CILG methods used loss function engineering as an auxiliary component. ReNode [6] later

made it central to the approach through topology-aware reweighting. ReNode adjusts the influence

of labeled nodes based on their positions relative to class boundaries in the graph structure:

LReNode =
1

|Vl |

∑
v ∈Vl

wv
|C|

|Cyv
|
LCE(lv ,yv ), (6)

where LCE(·, ·) is the cross-entropy loss, lv ∈ RK is the logit of node v , and wv reweights nodes

based on their proximity to topological class centers. |C| denotes the average number of samples

per class, while |Cyv
| is the number of samples in node v’s class.

TAM [53] focuses on decision boundary expansion. Recognizing that minority nodes with high

connectivity to majority classes are more likely to be misclassified, TAM adjusts decision bound-

aries through topology-aware margin calibration:

LTAM =
1

|Vl |

∑
v ∈Vl

LCE(lv + αm
ACM
v + βmADM

v ,yv ), (7)

wheremACM
v ∈ RK reduces class margins when a node shows anomalously high neighbor density

for specific classes and mADM
v ∈ RK further adjusts margins based on the deviation between the

node’s neighbor distribution and class-wise average statistics.

On the other hand, ReVar [66] introduces a fundamentally different theoretical perspective

by connecting class-imbalanced node classification with bias-variance decomposition theory.

Through theoretical analysis, ReVar demonstrates that class imbalance leads to poor prediction

accuracy due to increased model variance. This insight led to a composite loss function:

LReVar = λ1LVR + λ2LIR + LCE (8)

where LVR implements confidence-based consistency regularization to mitigate confirmation bias

in pseudo-labeling for unlabeled nodes and LIR introduces intra-class aggregation to maintain

representation invariance within classes. ReVar’s key innovation lies in using graph data augmen-

tation to model different training set distributions, enabling practical estimation of model variance.

Another line of research uses self-supervised learning to address class imbalance. Pretraining

a feature encoder through self-supervised objectives helps capture inherent data structures inde-

pendent of class labels, naturally leading to a more balanced representation space [22, 67]. Among

ACM Comput. Surv., Vol. 57, No. 8, Article 207. Publication date: March 2025.



207:8 Y. Ma et al.

self-supervised approaches, contrastive learning is dominant in graph learning [36]. It learns node

representations by preserving similarity between structurally related nodes using an anchor node

u, a positive sample v+, and a set of negative samples V−, combined in the InfoNCE loss [41]:

LInfoNCE = − log
exp(sim(eu ,ev+)/τ )

exp(sim(eu ,ev+)/τ ) +
∑

v−∈V− exp(sim(eu ,ev−)/τ )
, (9)

where ev represents node embeddings, sim(·, ·) measures embedding similarity, and τ is a temper-

ature parameter that controls distribution concentration.

Recent work has improved contrastive learning for class imbalance. CM-GCL [45] combines

multi-view contrastive learning with topology-aware network pruning to capture diverse node re-

lationships, ImGCL [70] develops sophisticated sampling strategies that are topology-aware when

selecting positive and negative samples, and DataDec [71] combines dynamic sparse training with

contrastive learning to improve representation learning quality.

3.2.3 Post-hoc Adjustment. Post-hoc adjustments modify model predictions during inference

to mitigate class imbalance. Unlike methods that modify the training process, these approaches

recalibrate model outputs after training, offering a computationally efficient solution for large-

scale graphs. Despite this advantage, these approaches remain notably underexplored in CILG.

Current approaches in this category focus primarily on embedding-based adjustments. LTE4G

[69] introduces class prototype-based inference. It constructs class prototypes by averaging the

learned node embeddings of each class to create reference points in the embedding space. Test

nodes are then classified based on their similarities to these prototypes rather than using a classifier,

helping to mitigate bias toward majority classes. ALLIE [7] incorporates post-hoc evaluation to

guide its active learning process. ALLIE evaluates performance on a validation set to generate

imbalance-aware reward signals. These signals, which treat minority and majority predictions

differently, are then used to optimize the node selection policy by maximizing expected rewards.

The limited exploration of post-hoc adjustments in CILG opens up promising research direc-

tions. Future work could investigate graph-specific threshold adjustment techniques that account

for local neighborhood structure and feature similarity when modifying decision boundaries for

individual nodes [31]. Another direction is to develop topology-aware calibration methods that

consider both node relationships and structural roles when recalibrating predictions [18, 44].

4 Evaluation

The following sections provide a critical overview of the evaluation settings for CILG, including

benchmark datasets for node classification, class-imbalanced train-test split strategies, and com-

monly used performance metrics in CILG research.

4.1 Datasets

Table 2 summarizes commonly used real-world benchmark datasets for graph node classification.

These datasets span diverse application domains, from citation networks where nodes represent

articles to be classified by research area to co-purchase networks where nodes represent products

to be categorized. While not specifically designed for studying class imbalance, many of these

datasets naturally exhibit imbalanced class distributions, with imbalance ratios ranging from 1.92

to 17.73. The Amazon-Computers dataset [51] represents the most extreme case with an imbalance

ratio of 17.73:1, making it particularly challenging for standard classification approaches.
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Table 2. A Comprehensive Overview of Benchmark Datasets for Real-world Node Classification on Graphs

Domain Dataset
Properties Class Distribution (%)

|V| k̄ ρ C0 C1 C2 C3 C4 C5 C6 C7 C8 C9

Citation

Cora [68] 2,708 1.95 4.54 30.21 15.73 15.44 12.96 11.00 8.01 6.65 − − −

CiteSeer [68] 3,327 1.37 2.66 21.07 20.08 17.91 17.73 15.27 7.94 − − − −

PubMed [68] 19,717 2.25 1.92 39.94 39.25 20.81 − − − − − − −

Social
GitHub [49] 37,700 7.67 2.87 74.17 25.83 − − − − − − − −

Facebook [49] 22,470 7.61 2.07 30.62 28.91 25.67 14.81 − − − − − −

Co-purchase
Amazon-Photo [51] 7,650 15.57 5.86 25.37 22.04 11.96 11.53 10.76 9.19 4.82 4.33 − −

Amazon-Comp. [51] 13,752 17.88 17.73 37.51 15.68 15.58 10.28 5.95 3.94 3.54 3.17 2.24 2.12

Notes: |V |: number of nodes; k̄ : average degree; ρ : imbalance ratio (largest/smallest class); Ci : percentage (%) of class i .

4.2 Class-Imbalanced Train-Test Split

Although real-world datasets provide natural examples of class imbalance, the evaluation of CILG

models often requires more extreme scenarios to thoroughly assess their robustness. To create

such controlled scenarios, researchers have developed specialized train-test split strategies. The

process first constructs a class-balanced test set by randomly selecting an equal number of nodes

from each class. The remaining nodes are then assigned to the training set and sampled using one

of two strategies: (1) long-tailed sampling, which creates a smooth exponential decline in class

sizes suitable for supervised learning, or (2) step sampling, which creates a stark division between

majority and minority classes to simulate semi-supervised learning with limited labeled data.

4.2.1 Long-Tailed Sampling. Long-tailed sampling, characterized by an imbalance ratio ρ,

adapts techniques originally developed for computer vision datasets such as CIFAR [9] to the graph

domain. This method carefully reduces the number of nodes per class while maintaining graph

connectivity [42]. The sampling follows an exponential decay pattern across classes, where each

successive class contains ρ1/(K−1) times fewer samples than the previous one, ultimately achieving

a head-to-tail class ratio of ρ. This approach creates a smooth transition from majority to minority

classes, mimicking natural power-law distributions often observed in real-world networks.

4.2.2 Step Sampling. An imbalance ratio ρ and a parameter μ define the step sampling method,

following a well-established semi-supervised node classification setting [26, 68]. A small number n
of training samples (e.g., 20) are selected for each class. The method randomly chooses μK classes

as minority classes and (1 − μ)K classes as majority classes, where K is the number of class labels.

From the minority classes, it randomly selects ρn nodes to form a class-imbalanced training set.

4.3 Performance Metrics

Performance evaluation in class-imbalanced settings requires metrics that effectively capture

model behavior across all classes. While we present these metrics for binary classification, they

generalize to multiclass scenarios through micro- or macro-averaging. These metrics are computed

with true positives (TP), true negatives (TN), false positives (FP), and false negatives (FN).

4.3.1 Accuracy: A Misleading Metric for Class Imbalance. Acc (accuracy) is the ratio of the num-

ber of correct predictions to the total number of predictions:

Acc =
TP + TN

TP + TN + FP + FN
. (10)

Although commonly used, accuracy is inappropriate for imbalanced learning. It exhibits a strong

bias towards majority classes, as a naive classifier that always predicts the majority class can

achieve deceptively high accuracy while failing entirely in minority classes [38].
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Fig. 1. Frequency analysis of performance metrics in CILG literature, with accuracy (shown in orange) being
an improper metric for imbalanced learning scenarios.

4.3.2 Class-Balanced Evaluation Metrics. To address this limitation and provide a more compre-

hensive assessment of model performance across all classes, we recommend the following metrics:

— F1 is the harmonic average of Precision (positive predicted values) and Recall (sensitivity):

Precision =
TP

TP + FP
, Recall =

TP

TP + FN
, F1 =

2 · Precision · Recall

Precision + Recall
, (11)

— bAcc (balanced accuracy) equally weights the performance of both classes:

bAcc =
1

2

(
TP

TP + FN
+

TN

FP + TN

)
. (12)

— G-mean (geometric mean) captures performance balance through geometric averaging:

G-mean =

√
TP

TP + FN
·

TN

FP + TN
. (13)

— AUC-ROC (area under the ROC curve) measures the model’s ability to distinguish between

classes across different classification thresholds by calculating the area under the receiver

operating characteristic (ROC) curve.

As is shown in Figure 1, our analysis reveals concerning evaluation practices. Accuracy, despite

its known limitations in imbalanced settings, remains the main metric in 55% of the articles (17/31).

Furthermore, one article reports only precision and two reports only recall, providing incomplete

performance assessment. For meaningful evaluation in imbalanced scenarios, we strongly advo-

cate adopting the recommended metrics above, which collectively provide a comprehensive view

of model performance across all classes. Continuing to use accuracy can mask critical failures in

minority class prediction and lead to over-optimistic performance assessments.

5 Future Directions

Most existing research on CILG mainly focuses on node classification in simple homogeneous and

homophilic graphs. However, imbalance issues appear in various graph mining tasks and complex

graph types. Beyond quantity imbalances in node classes, the field also needs to address topology

imbalances and other scenarios that affect graph-based applications in real-world situations.

5.1 Beyond Node Classification

While node classification has been well-studied in CILG, other graph mining tasks at both node

and graph levels present unique challenges in handling imbalance.
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5.1.1 Other Node-Level Tasks.

Link Prediction. In real-world graphs, the number of non-existent edges typically far exceeds

the number of existing edges, creating a natural imbalance that makes link prediction particularly

challenging [29]. Similar to node classification, this extreme ratio between positive (existing) and

negative (non-existing) edges can lead to biased predictions favoring the majority class. The local

structures and features characterizing true connections might be overwhelmed by the abundance

of non-connections during training, affecting the model’s ability to identify meaningful potential

links. This challenge becomes especially significant in evolving networks where new nodes or com-

munities have limited connection patterns, creating scenarios where certain edge types effectively

become minority classes that are difficult to predict accurately.

Node Regression. In node regression, the objective is to predict underrepresented numerical tar-

get values of nodes. Unlike classification where class distributions provide clear metrics, defining

and measuring imbalance in continuous target spaces remains challenging [48]. Models tend to be

biased toward mean values and struggle to accurately predict extreme values in the tails of the tar-

get distribution, leading to systematic underestimation of high values and overestimation of low

values. Additionally, traditional regression metrics may not adequately reflect model performance

on rare extreme values, as they are dominated by errors in common cases [2].

5.1.2 Graph-Level Tasks.

Graph Classification. Class-imbalanced graph classification aims to predict labels for entire

graphs while dealing with challenges caused by multiple forms of imbalance. Unlike node clas-

sification, where minority nodes can leverage neighboring information, graphs are independent

entities, making it difficult to share information between samples in minority classes [59]. This

independence prevents the direct application of traditional neighborhood-based techniques for

handling imbalance, particularly in applications such as chemical compound classification, where

a vast majority of compounds are labeled as inactive while only a small portion is labeled as active.

Moreover, minority class graphs may also exhibit distinct characteristics in terms of their overall

structure [65]. This combination of sample scarcity and unique topological properties in minority

classes requires sophisticated approaches that can address both aspects simultaneously.

Graph Regression. Graph regression tasks, such as molecular property prediction [19], face im-

balance challenges when annotated data concentrate on popular property ranges while leaving

other areas of the property space underrepresented. Unlike node regression, addressing this im-

balance requires considering how entire graph structures correlate with property values, while

expensive experimental costs often limit data collection for underrepresented ranges. Recent work

has shown promising results in adapting pseudo-labeling methods mentioned in Section 3.1.3 orig-

inally developed for imbalanced node classification to imbalanced graph regression tasks [32].

5.2 Beyond Homogeneous and Homophilic Graphs

Although a significant portion of existing research in graph mining has focused on simple graphs

that are homogeneous and homophilic, it is crucial to explore the potential for addressing class im-

balance in more complex graph types. In particular, heterogeneous graphs with multiple node and

edge types, and heterophilic graphs with diverse connectivity patterns, present unique challenges

in handling class imbalance that extend beyond those found in simple graphs.

5.2.1 Heterogeneous Graphs. Heterogeneous graphs [57] contain multiple types of nodes and

edges, reflecting complex relationships in various real-world scenarios. While most CILG research
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focuses on homogeneous graphs, addressing class imbalance in heterogeneous graphs presents

unique challenges beyond those in homogeneous graphs. Different node types may exhibit vary-

ing degrees of imbalance, and the semantic relationships between node types can affect how the

imbalance issue propagates through the graph [14]. For example, in financial networks, the scarcity

of bankrupt companies (minority class) affects not only the company nodes but also their associ-

ated transaction patterns and relationships with other entity types [35]. The interplay between

different node types and their relationships requires careful consideration of how imbalance miti-

gation strategies might affect the overall semantic structure of the heterogeneous graph.

5.2.2 Heterophilic Graphs. Heterophilic graphs [77] exhibit variations in the connectivity pat-

terns and attributes of nodes, leading to diverse subpopulations within the graph. In the context of

class imbalance, heterophilic graphs present unique challenges that extend beyond simple quan-

tity imbalance. The heterophilic nature of connections means minority class nodes often receive

messages primarily from majority class nodes during feature propagation, which can lead to their

characteristics being overwhelmed or assimilated by the majority class [13, 33]. This interaction

between heterophily and class imbalance creates a compounded challenge: not only are minority

class instances rare, but their feature representations may also be distorted due to the dominance

of different-class neighbors in the message passing process. These challenges require careful con-

sideration of node similarity metrics and neighbor selection strategies that can preserve minority

class characteristics while still leveraging the graph structure.

5.3 Beyond Class Imbalance

In this section, we investigate topology imbalance, which focuses on how the structural positions

and patterns of the labeled nodes affect learning, rather than just their quantity. While class imbal-

ance focuses on the number of samples per class, topology imbalance spans multiple dimensions:

(1) the asymmetric distribution of nodes in the graph topology [6], (2) the uneven representation

of subclass-level topological motifs in training data [75], and (3) the hierarchical roles of nodes in

the graph structure [12]. Each dimension of topology imbalance presents distinct learning chal-

lenges. In positional distribution, nodes near topological class boundaries can disproportionately

influence decision boundaries [6]. At the subclass level, underrepresented topological motifs can

lead models to overfit to majority patterns [75]. In hierarchical structures, the distribution of la-

beled nodes across different levels can significantly impact model learning, causing severe decision

boundary shifts despite having balanced quantities and positions in the graph [12].

The flow of supervision information through the graph reveals additional challenges. Two key

phenomena emerge [54]: under-reaching, where nodes distant from labeled examples receive in-

sufficient supervision, and over-squashing, where supervision information becomes diluted when

traversing narrow paths between different regions of the graph. These effects intensify in hierar-

chical structures, where cross-hierarchy connectivity creates information bottlenecks [12].

6 Conclusion

In conclusion, this article presents the first comprehensive survey on CILG, addressing the signif-

icant challenges of class imbalance in graph data. By systematically categorizing existing CILG

methods, discussing pressing research questions, and offering a roadmap for future investigations,

the article aims to raise awareness within both the graph learning and imbalanced learning com-

munities and to encourage further research in this emerging area. As the applicability of class-

imbalanced learning techniques expands across various graph-based domains, researchers and

practitioners will be better equipped to develop effective and efficient solutions for handling class

imbalance problems, benefiting a wide range of applications.
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