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A B S T R A C T  
 

The problem of class imbalance is an important problem in machine learning (ML), leading to bias in the 
trained models and poor accuracy, especially for the minority classes. This review performs a thorough 
characterization of Under-sampling, over-sampling, algorithm-level, and their hybrid techniques. It 
evaluates popular techniques such as Random Under-sampling (RUS), Synthetic Minority Over-
sampling Technique (SMOTE), and Cost-Sensitive Learning (CSL), and explores advanced hybrid 
strategies like SMOTE-ENN and SMOTE+Tomek Links. The effectiveness of these approaches is 
compared across a wide range of datasets and ML techniques, highlighting their advantages, trade-offs, 
and practical limitations, including risks of overfitting, information loss, and computational complexity. 
This paper also discusses challenges in multi-class imbalance scenarios and high-dimensional data. 
Finally, it discusses future research directions including balancing with Deep Learning (DL), AutoML, 
and fairness-aware modeling. It provides a reliable overview of the state of the art by presenting a 
summary of literature and details gaps, serving as a blueprint for researchers and potential users who are 
interested in accurate strategies to solve the class imbalance problem in various real-world applications. 

 

1. INTRODUCTION 

The increasing volume and complexity of data has led to the necessity of extracting knowledge from large datasets. Data 
Mining (DM) addresses this deficiency, drawing on foundations from statistics, probability, Artificial Intelligence (AI), and 
Machine Learning (ML), and other related fields [1]. ML is a significant branch of AI that draws on statistics, probability, 
and optimization. It allows systems to learn from data and make informed decisions or predictions [2]. ML techniques are 
classified into three primary paradigms, namely supervised, unsupervised, and reinforcement learning. Widely used 
supervised classifiers include Decision Tree (DT), Classification And Regression Tree (CART), Random Forest (RF), K-
Nearest Neighbors (KNN), Support Vector Machine (SVM), Logistic Regression (LR), Multilayer Perceptron (MLP), 
Artificial Neural Network (ANN), Adaptive Boosting (AdaBoost), Gradient Boosting, eXtreme Gradient Boosting 
(XGBoost), Light Gradient-Boosting Machine (LightGBM), Categorical Boosting (CatBoost), and Extra Trees (ET), while 
deep architectures such as convolutional networks (e.g., ResNet50) and graph convolutional networks (e.g., ESA-GCN) are 
applied to image and graph data [3]. Clustering and classification are two basics employed to extract knowledge from data. 
The capability of these techniques to identify hidden patterns and develop models from data is what gives them their 
efficiency strength [4]. The classification techniques aim to predict categorical classes, such as fault detection, sentiment 
analysis, image classification, plant species recognition, and disease diagnosis, based on a trained model [5],[6]. In fact, 
classification is the process of accurately predicting the class labels, while clustering is an unsupervised technique for 
knowledge extraction that groups data by their similarities, maximizing within-cluster similarity and between-cluster 
separation [7]. Learning from imbalanced data is a significant subarea of ML research. Imbalanced data refers to a significant 
difference in the number of objects between the various classes [8]. In the classification case, class imbalance occurs when 
the Majority Class (Maj-C) significantly outnumbers the Minority Class (Min-C). The misclassification of Min-C instances 
is more expensive than the misclassification of Maj-C instances [9], and this disparity results in biased model performance. 
As a result, various data balancing methods have been employed as crucial preprocessing steps in order to address this issue 
[10]. 

The primary motivation of this review paper is to address the persistent challenge of class imbalance in ML by analyzing 
and comparing existing data balancing methods with the goal of enhancing model performance, fairness, and applicability 
in real-world scenarios. The paper's primary objectives are: 
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• Review and classify the main data balancing techniques in ML, including data-level, algorithm-level, and hybrid 
methods. 

• Analyze the effectiveness of these techniques across various datasets and ML algorithms. 

• Identify and discuss limitations, including overfitting, information loss, class overlap, and computational complexity. 

• Compare the results of recent studies to evaluate the practical performance and trade-offs between different 
approaches. 

• Guide for selecting appropriate balancing techniques based on data characteristics and application requirements. 

• Highlight future research directions, including integration with DL, AutoML, meta-learning, and fairness-aware 
approaches. 

2. DATA BALANCING METHODS 

Class imbalance in the real world has a significant negative impact on the generalizability of ML models. Approaches 
intended to address this problem (as shown in Figure 1) are primarily classified into algorithm-level methods, data-level 
methods, and hybrid methods.  

 

Fig. 1. Data balancing Methods 

2.1 Data-Level Methods 

Data-level methods address the class imbalance by modifying the training dataset through techniques such as under-
sampling, over-sampling or hybrid [11]. In other words, instances are generated for the Min-C or removed from the Maj-C 
until the class distribution is rebalanced. These techniques target the challenge of class imbalance by rebalancing the class 
distribution within the training dataset. Figure 2 illustrates under-sampling and over-sampling. The main objective is to build 
a more balanced dataset that can effectively train a classification model [12]. 

 
Fig. 2. Under/ Over-sampling techniques [12]. 
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2.1.1  Under-Sampling Methods 

Under-sampling balances the class distribution by removing instances from the Maj-C. To achieve a balanced dataset, 
redundant, noisy, or borderline Maj-C instances are discarded from the original dataset [13]. Instances are selected either at 
random or through informed (heuristic) criteria, such as removing instances near the class boundary. Informed selection 
reduces the region of the feature space dominated by the Maj-C and thereby helps the classifier recognize Min-C instances; 
nevertheless, any removal of data may discard useful information. The under-sampling method has several techniques, 
including Near-Miss, Edited Nearest Neighbors (ENN), Tomek-Link (TL), Filtering of oversampled data using 
non‑cooperative game theory (NEATER), RUS technique, and Condensed Nearest Neighbor (CNNR) [14]. Table (1) shows 
the main advantages and disadvantages of under-sampling methods [15]. 

TABLE I.  THE MAIN ADVANTAGES AND DISADVANTAGES OF UNDER-SAMPLING METHODS 

Advantages Disadvantages 

Shrinks the training set, which lowers memory requirements and 

shortens training and tuning time, particularly for large datasets. 

Discarded Maj-C instances may carry information the model needs, and 

random removal offers no control over what is lost. 

When informed methods such as ENN or Tomek-Link are used, 
redundant and noisy Maj-C instances are removed, which 

sharpens the class boundary and reduces the classifier's 

preference for the Maj-C. 

When the dataset is small or the imbalance ratio is extreme, the retained 

Maj-C subset may no longer represent its true distribution, leading to 
underfitting and unstable results across runs. 

 

2.1.1.1 Near-Miss Method 

The Near-Miss method is a heuristic-based approach that reduces the number of negative category instances by identifying 
a subset of them that are comparable to the positive category instances [16]. The primary concept behind this technique is 
that by maintaining only the most relevant negative category instances, the model's performance can be improved by 
mitigating bias towards the negative category. There are three versions of the Near-Miss technique, NearMiss-1, NearMiss-
2, and NearMiss-3, each using a different criterion for selecting the negative category instances. NearMiss-1 retains the 
negative instances with the smallest average distance to their three nearest positive instances. NearMiss-2 retains the negative 
instances with the smallest average distance to the three farthest positive instances. NearMiss-3 is a two-step procedure: for 
each positive instance, a fixed number of its nearest negative neighbors are first shortlisted, and from these, the negative 
instances with the largest average distance to their nearest positive neighbors are retained [17]. Near-Miss computed the 
distances of K Nearest Neighbors (KNNs) of A^negativein A^positive. Then, the distances of each k-neighbor set are 
averaged. The instances with the smallest average distances are retained, and the rest are discarded. NearMiss may not be 
appropriate for datasets where categories overlap or have complex boundaries. Removing Maj-C instances exclusively based 
on distance to Min-C instances may not sufficiently address the challenges posed by overlapping categories [18]. 

2.1.1.2 Edited Nearest Neighbors (ENN) 

ENN is a data-cleaning technique used to eliminate samples that include noise from a dataset [19]. It operates by reviewing 
each instance and corresponding it to its KNNs [20]. The Edited Nearest Neighbors (ENN) algorithm identifies instances 
that are noisy by comparing the class label of each sample to the k-nearest neighbor classes (using distance based on 
Euclidean). Instances that have labels that differ from the majority of their counterparts are removed from the dataset. In 
under-sampling scenarios, only noisy negative (majority) samples are removed. While ENN is effective at reducing noise in 
the dataset, it may also remove important samples in scenarios where the classes are overlap. The selection of the kth 
hyperparameter has a significant impact on this trade-off, as a result, it's necessary to assess the effect of ENN on the 
performance of classifiers [21]. 

2.1.1.3 Tomek-Link (TL) 

Tomek-Link (TL) is a noise removal technique used in ML to clean noisy datasets. If two instances a and b belong to different 
classes and are each other's nearest neighbors, then they form a “Tomek-link” [22]. TL-based under-sampling removes such 
pairs, or only their Maj-C member, to reduce class overlap. This under-sampling methodology increases the distinction 
between classes and facilitates the learning of classifiers by removing ambiguous data points. While TL can enhance the 
effectiveness of classifiers by clarifying the boundary, it isn't effective all of the time. Deciding which instances to remove 
requires care to ensure that the dataset remains representative. Removing only the Maj-C member of each pair preserves 
scarce Min-C information, whereas removing both members cleans the boundary more aggressively but may discard 
informative Min-C instances and reduce discriminative power [23],[24]. 

2.1.1.4 Filtering of Oversampled Data Using Non-Cooperative Game Theory (NEATER) 

NEATER is a data-cleaning filter applied after over-sampling to remove noisy or misplaced synthetic instances. It is based 
on the idea of a non-cooperative game, where each data point in the over-sampled dataset is assumed to be a player in the 
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game. The objective is for each player to determine the category label that maximizes its utility. 𝑢(𝑚+𝑚𝑠𝑦𝑛)∗2 is a process 

matrix where 𝑢𝑗  is (1,0) if positive, (0,1) if negative, and (0.5,0.5) if synthetic. Over a fixed number of iterations, each 

synthetic instance updates its label-probability vector according to the payoffs received from its neighbors, and synthetic 
instances that converge toward the negative label are removed from the dataset [25]. 

2.1.1.5 Random Under-Sampling (RUS) technique 

RUS addresses the class imbalance issue by taking random turns in classifying instances to have a balanced distribution. 
While computational-efficient and simple to implement, this heuristic approach has significant flaws. The primary downside 
is its random selection process, which may eliminate the majority of the informative classes. This can lead to undershooting 
due to the lack of sufficient training data, a bias towards the minority class, and a reduced capacity to generalize on real-
world data. As a result, RUS is primarily ineffective for small datasets that require the preservation of important samples 
[26]. 

2.1.1.6 Condensed Nearest Neighbor (CNNR) 

The CNN rule under-samples the Maj-C by retaining only a consistent subset of the data, that is, a subset with which a 1-
nearest-neighbor (1-NN) classifier still correctly classifies the training instances; redundant Maj-C instances far from the 
decision boundary are thereby discarded. The CNN technique follows two primary steps[27]: 

• First, the condensed set is initialized with all Min-C instances and one randomly selected Maj-C instance. 

• Each remaining Maj-C instance is then classified by 1-NN using the condensed set; misclassified instances are added 
to the condensed set, whereas correctly classified ones are discarded. The pass is repeated until no further instances 
are added. 

2.1.2 Over-sampling Methods 

The Over-sampling technique addresses the initial varying dataset by creating new synthetic instances and assigning them 
to the juvenile group. The key aspect of this technique is either producing existing Min-C instances or creating new ones. 
Duplication is performed randomly or by determining instances from the boundary between majority and minority groups. 
This measure drives the classifier to allocate such indefinite areas to the minority instance class. The most prevalent 
techniques for Over-sampling are Random Over-sampling (ROS), SMOTE, and Adaptive Synthetic Minority Sampling 
Technique (ADASYN) [28]. Table (2) show the main advantages and disadvantages of over-sampling methods [12]. 

TABLE II.  THE MAIN ADVANTAGES AND DISADVANTAGES OF OVER-SAMPLING METHODS 

Advantages Disadvantages 

Enhances the model’s generalization capabilities by presenting a 

more comprehensive scope of variability within the Min-C, thereby 

conditioning the model for a broader range of overall scenarios. 

There is a risk of overfitting, as representatives may start to learn 

the noise inherent in the synthetically developed instances rather 

than learning to generalize from the existing data. 

Protection against the loss of vital information in Min-C instances is 

significant in datasets where each instance holds significant value. 

Promotes the computational limitation, specifically when using 

sophisticated synthetic generation methods, which can be 

resource-intensive. 

 

2.1.2.1 Random Over-Sampling (ROS) Method 

ROS is the simplest over-sampling method: Min-C instances are randomly duplicated (sampled with replacement) until the 
desired class ratio is reached. Although fast, exact replication increases the risk of overfitting. A smoothed variant, Random 
Over-Sampling Examples (ROSE), generates new artificial instances through a smoothed bootstrap instead of exact copies. 
ROSE creates instances for both categories up to a pre-selected size. First, it determines a category to start with a likelihood 
of 0.5. Considering it began with a positive category, a hyper-parameter 𝐻𝑃𝑝𝑜𝑠 specifies the possibility of determining an 
instance from a positive category. Then, the new positive number of instances to be created, 𝑛𝑛𝑒𝑤−𝑝𝑜𝑠 , is selected based on 
the entire instance numbers to be created. The new negative number of instances is 𝑛𝑛𝑒𝑤−𝑛𝑒𝑔 = 𝑛 − 𝑛𝑛𝑒𝑤−𝑝𝑜𝑠, where 𝑛 is 

the entire expected instance size. Then, it samples 𝑥𝑛𝑒𝑔 and 𝑥𝑝𝑜𝑠 using the likelihood distribution 𝐻𝐾𝑙(. , 𝑥𝑗), centered at 𝑥𝑗 

and dependent on the bandwidth matrix [29],[30]. 

2.1.2.2 Synthetic Minority Over-sampling Technique (SMOTE) 

SMOTE (Synthetic Minority Over-sampling Technique) overcomes the lack of diversity through linear interpolation 
between existing positive instances. For each minority sample 𝑥̂𝑝𝑜𝑠, the algorithm determines the k-nearest neighbors it has. 
A synthetic instance 𝑥𝑠𝑦𝑛 is then created along the line segment that connects x pos to a random neighbor 𝑥̂𝑝𝑜𝑠, the computed 
value of this is as follows [31]: 
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    (1) 

where γ is a random number with a distribution that is uniform between 0 and 1. The number of synthetic instances is decided 
by the desired ratio of minority to majority classes. This method effectively increases the size of the minority class region in 
the space of features, this will help classifiers to learn more complex boundaries for the decision. The most prominent of 
SMOTE Techniques are: First, Border-Line SMOTE (BL-SMOTE): This method centers on instances that are minority near 
the boundary of classes: these remain the most susceptible to misclassification. It produces samples that are synthetic 
specifically along this boundary to enhance and clarify the decision's scope (borderline Min-C instances) [32]. Second, K-
means SMOTE: K-means SMOTE includes three phases: clustering, filtering, and over-sampling: (1) clustering the data 
using K-means, (2) selecting clusters with a high proportion of minority instances, and (3) applying SMOTE within those 
clusters, which distributes more samples to clusters that have a lower concentration of minority instances. This results in a 
balanced distribution of samples [33]. Third, SMOTR Edited Nearest Neighbors (SMOTE-ENN): A hybrid method that 
employs SMOTE to oversample the minority class in the initial dataset, followed by ENN to clean the augmented dataset. 
ENN eradicates any instance (from either class) that has a different class label than the majority of its nearest neighbors, this 
diminishes noise and overlap [34]. Fourth, SMOTE Support Vector Machine (SMOTE-SVM): This variant employs the 
support vectors of an SVM (the instances that define the class boundary) to guide synthetic data generation. It generates new 
minority populations that follow the lines connecting the minority class to their nearest neighbors, this increases the 
reinforcing the boundary [35]. Fifth, SMOTE Nominal and Continuous (SMOTE-NC): SMOTE-NC is intended for datasets 
that have a mixture of numerical and categorical data types (e.g. It produces synthetic numerical values via interpolation, but 
for categorical attributes, it chooses the most common category from the nearest neighbors. Despite its benefits for combining 
data, it has problems with high-dimensionality, potential noise contamination, and a malleable k-neighborhood that 
disregards local variations [9],[36]. Finally, SMOTE+Tomek Links: This hybrid method combines the over sampling of 
SMOTE with the cleaning of data via Tomek links. First, SMOTE increases the percentage of minority students. Next, 
Tomek links (pairs of oppositely labeled close neighbors) are recognized, and the majority portion of each pair is excised. 
This procedure facilitates the distinction of classes by eliminating indecipherable, boundary samples that are ambiguous, this 
leads to a more distinct decision boundary [37]. 

2.1.2.3 Adaptive Synthetic Minority Sampling Technique (ADASYN) 

ADASYN is a developed Over-sampling technique created to manage class imbalance datasets, specifically for classification 
assignments. ADASYN aims to mitigate the effect of class imbalance by creating synthetic instances for the Min-C, 
generating more synthetic instances for Min-C instances that are harder to learn, i.e., those surrounded by a larger proportion 
of Maj-C neighbors. ADASYN assists the learning process in two ways: (1) it minimizes the bias induced by category 
imbalance, and (2) it adjusts the classification boundary to the complex issues. It also provides a balanced presentation of 
the data distribution based on the balance level set by the β coefficient. The dataset created by ADASYN enables the learning 
algorithm to focus on the challenging issues [38]. 

2.2 Algorithm-Level Methods 

Algorithm-level methods focus on developing or adapting ML techniques to handle imbalanced data effectively. These 
techniques prioritize improving the algorithms’ ability to classify samples from the Min-C accurately. By designing or 
adjusting algorithms to be additionally responsive to these underrepresented companies, these techniques contribute to 
enhancing the prevalent fairness, performance, and generalizability of ML techniques when encountered with an imbalanced 
dataset. Common algorithm-level techniques include CSL, class weighting in the loss function, decision-threshold moving, 
imbalance-aware loss functions such as focal loss, and ensemble methods that embed resampling (e.g., SMOTEBoost, 
RUSBoost, EasyEnsemble, and BalanceCascade); this section focuses on CSL and Weighted Shallow Neural Networks 
(WSNN) [10]. 

2.2.1 Cost-Sensitive learning (CSL) 

CSL addresses issues of classifying by adding to the cost of misclassification that is asymmetric. Unlike the typical model 
that handles all errors equally, CSL gives higher rewards for critical errors, particularly when misclassifying positive 
instances as negative. This approach reduces the total cost of misclassification while also enhancing the identification of 
important minority classes in datasets that are imbalanced, this is particularly beneficial in domains such as medical diagnosis 
and spatial modeling, where the error rates are significantly different for different classes [12]. 

2.2.2 Weighted Shallow Neural Networks (WSNN) 

WSNNs, integrated with imbalanced learning algorithms, have made comprehensive results in addressing  imbalanced data 
issues. WSNNs have quick training ability due to the shallow layer configuration characteristics. This characteristic is 
particularly advantageous for applications that require fast processing of imbalanced data and real-time responses  [39]. 



 

 

157 Nafea, Applied Data Science and Analysis Vol.2026, 152–162 

2.3 Hybrid Techniques 

Hybrid methods combine various techniques, often combining algorithm-level and data-level techniques to supply a 
complete explanation to handle category imbalance challenges, thereby improving the reliability, effectiveness, and 
resilience of ML techniques. By combining multiple techniques, they objective to address issues such as information loss, 
overfitting, and inadequate performance in Min-Cs, thereby improving the prevalent effectiveness of ML technique in 
mitigating category disproportionality [11].  

3. STRATEGIC CONSIDERATIONS FOR CHOOSING BETWEEN DATA BALANCING 

METHODS  

The selection of a sampling strategy that is appropriate for the dataset's size and the criticality of the minority classes' 
instances is dependent on computational limitations, the dataset's size, and the importance of the classes' instances. Over-
sampling is most common when it's necessary to accurately capturing rare, significant events (e.g., medical diagnoses or 
detection of fraud). Under-sampling is beneficial for large datasets that have sufficient redundancy, it's most effective when 
computational efficiency is of the essence. Hybrid methods, such as SMOTEEN, SMOTE+Tomeklinks, SMOTE-NC, or 
SMOTE-SVM, combine these approaches by improving the data quality while maintaining computational efficiency, 
making them more popular in practical applications. 

4. COMPARATIVE ANALYSIS 

To comprehensively evaluate the effectiveness of data balancing techniques, this section presents a comparative analysis 
across multiple studies, datasets, and ML algorithms. Table (3) shows some studies in balancing data and ML techniques. It 
includes references, publication year, dataset name, balancing data methods, type of balancing method, ML techniques, and 
accuracy. The comparative study emphasizes the practical performance and trade-offs among different balancing data 
methods. The ultimate goal is to provide insights into how different methodologies impact model performance and help 
determine which method is most suitable for a given dataset and desired classification task. 

The practical application of data balancing techniques plays a significant role in the model's performance. Each study in the 
comparative analysis is examined individually. A summary of the most recent studies displays different balancing techniques 
applied across domains. Al- Husam A. H. Al-Najjar et al. [40] applied GANs to landslide prediction with an accuracy of 
93.3% and reported instability in training. Other studies report results using SMOTE and some hybrid forms of SMOTE, 
such as SMOTE [41], returning an accuracy of 97.07% in a diabetes prediction application but still sensitive to overfitting 
and noise problems [35], [37], [42], [41], [43]. Zhang and Sun [44] proposed ESA-GCN, which extends GraphSMOTE with 
ENN-based cleaning and an attention mechanism for imbalanced node classification; on Cora, Citeseer, and PubMed with 
simulated imbalance, it achieved AUC-ROC scores of up to 0.8997 and outperformed GCN, GraphSAGE, DR-GCN, and 
GraphSMOTE in most settings. CSL-approaches [45] proved effective up to 93.92% accuracy with correct parameter tuning 
on cost. Majeed and Hwang [46] balanced poor-quality tabular data with a conditional GAN (CGAN) before applying 
differential privacy, showing that data balancing improves the utility of privacy-preserving data release, whereas Quantum-
SMOTE [47] achieved an accuracy of 91.2% at the cost of higher computational complexity. SMOTE-based pipelines 
integrated with DL and ensemble models [48], [49] nearly attain perfect accuracies between 99% and 98.7%. However, 
generalization remains open problem. Consistently, studies emphasize that technique selection depends on data 
characteristics, with all methods exhibiting specific trade-offs between performance preservation, computational cost, and 
risk of artifacts. 

TABLE III.  COMPARATIVE STUDIES IN BALANCING DATA AND ML TECHNIQUES 

Year+Ref. Dataset Name Balancing Data Technique Type of Balancing ML Algorithm 
Accuracy 

Best (%) 

2021 [40] 
Chukha Dzongkhag Landslide 

Dataset 
GAN Over-sampling 

ANN, RF, DT, KNN, 

SVM 
93.3 

2022 [35] Jeeran Restaurant Reviews 

SMOTE, ADASYN Over-sampling 

SVM 89.7 SVM-SMOTE, Borderline-

SMOTE 
Hybrid 

2023 [42] 
Trauma ICU patients, Besat 

Hospital, Hamadan, Iran (n = 

126) 

SMOTE, B-SMOTE1, B-
SMOTE2, SMOTE-NC, SVM-

SMOTE 

Over-sampling 
DT, RF, NB, ANN, 

SVM, XGBoost 
100 

2023 [36] 
High School Longitudinal 

Study 2009 

ROS Over-sampling 

RF 

98.4 

RUS Under-sampling 73.1 

SMOTE-NC + RUS Hybrid 90.5 

2023 [50] Daraz Bengali Reviews SMOTE Over-sampling SVM 92.8 

2024 [37] Kaggle Cyberbullying 

Random Over-sampling Over-sampling 

SVM 91.1 SMOTE Over-sampling 

SMOTE + TOMEK Hybrid 
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2024 [41] Kaggle Diabetes Dataset SMOTE Over-sampling 

RF, LightGBM, 

XGBoost, DT, MLP, 

SVM 

97.07 

2024 [43] 
Assisted Reproduction Medical 

Data 

SMOTE, ADASYN Over-sampling 
LR 84 

OSS, CNNR Under-sampling 

2024 [44] Cora, Citeseer, PubMed ENN-SMOTE Hybrid ESA-GCN 89.97 

2024 [45] 
Bombay Weather Dataset 

(Kaggle, 2009–2020) 
CSL Algorithm-level 

LR, DT, Ridge 

Classifier, SVM 
93.92 

2024 [51] 
Kaggle Distribution 

Transformer Data 
CSL Algorithm-level LR, SVM 80.9 

2024 [9] 

cleveland-0_vs_4, Haberman 

ecoli2, yeast-1_vs_7, glass0, 

abalone-21_vs_8, poker-
8_vs_6, and kr-vs-k-

zero_vs_eight 

LNE (Local Neighborhood 

Encodings) 
Hybrid 

CART, KNN, SVM, 

MLP 
94.5 

2024 [48] KAU-BCMD SMOTE Over-sampling ResNet50 99 

2025 [52] 
 

SEER Colorectal Cancer 
Dataset 

SMOTE Over-sampling 
DT, ET, RF, GBoost, 

LGBoost 

 

80.69 
ENN Under-Sampling 

Repeat ENN (RENN), RENN + 

SMOTE, SMOTE + RENN 

Hybrid 

 

2025 [46] 
Adult, German Credit, Stroke 

Prediction 
CGAN-based synthetic records Over-sampling RF 99.66 

2025 [47] Telco Customer Churn Quantum-SMOTE Hybrid RF, LR 91.2 

2025 [53] Phishing Website Dataset SMOTE, ROS, RUS 
Over-sampling, 

Under-sampling 
DT 95.1 

2025 [54] 
UCI, KEEL, Artificial (22 

datasets) 
MK-SMOTE Hybrid KNN, LR 91.0 

2025 [55] UCI Thyroid Disease Dataset ROS Over-sampling 

Voting (RF + DT), 

XGBoost, RF, CatBoost, 
LightGBM 

99.72 

2025 [56] 

Elderly care services survey 

(Guangzhou, Suzhou, Qingdao, 

China) 

SMOTE-TomekLink Hybrid RF, GBDT, LightGBM 84.6 

2025 [49] 
Differentiated Thyroid Cancer 

Recurrence 
SMOTE Over-sampling 

RF, LR, XGBoost, 

Adaboost, ANN, 

CatBoost, LightGBM, 
Bagging, ET 

98.7 

 

5. CHALLENGES AND LIMITATIONS OF DATA BALANCING TECHNIQUES 

Data balancing technique plays a vital role in dealing with class imbalance. However, it also brings major problems of 
overfitting, loss of information as well as computational overhead. This technique improves the prediction for minor classes 
but tradeoffs between them should be carefully considered. Acknowledging these limitations is essential for developing more 
robust and adaptive solutions in future work. 

5.1 Risk of Overfitting 

Common Over-sampling methods can increase the risk of overfitting; since they create the synthetic cases in the MinC by 
replicating the minority group or perturbing it in some way, the real pattern or structure of MinC is not always captured. This 
highlights the extent to which balancing is a double-edged sword that can, if not properly used, harm generalization causing 
the problem of extracting robust, credible models even harder [57]. 

5.2 Information Loss 

Information Loss is a problem associated more to data balancing and specifically to the under-sampling methods. A second 
potential limitation to the use of this class ratio balancing method is that, by discarding instances from the MajC to balance 
the datasets, important information and noise in the data could be removed, thus reducing the model's performance. The 
main issue, especially if the dropped instances include important features required to make accurate predictions [58]. 

5.3 Difficulty Handling Class Overlap 

Difficulty dealing with class overlap is still a problem as resampling does not take into account the overlap of multi classes 
with similar feature space. Over-sampling or under-sampling do not deal with conflicting zones, such that fake Min-C 
instances can be put in ambiguous regions, or critical majority samples are removed nearby the boundaries between classes. 
Consequently, models can find it difficult to disambiguate classes, especially with noisy or high-dimensional datasets [59]. 
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5.4 Computational Complexity 

Although advanced balancing techniques improve data representation, their high computational overhead and lack of an 
inherently distributed design limit their scalability to big datasets and real-time applications. Neighbor-based methods such 
as SMOTE require repeated k-nearest-neighbor searches, which are costly for large, high-dimensional data, forcing a trade-
off between accuracy and efficiency, most often using simpler under-sampling or selective filtering. This is a fundamental 
limitation that efficient, adaptive resampling algorithms with distributed operation in real-world scenarios [60]. 

5.5 Imbalance in Multi-Class Problems 

Multi-class imbalance is more complex than binary because of interclass dependencies and multi-majority effects, where 
majorities suppress minorities, and with more than one minority and majority class, simple resampling becomes completely 
inadequate as structural relationships across classes cannot be preserved by a simplistic decomposition approach into binary. 
Therefore, special solutions are required to address both the lack of samples and the structural complexity in multi-class 
distributions [61]. 

6. FUTURE DIRECTIONS 

Several future works trends for developing imbalanced data handling techniques are observed and summarized together with 
previous analyses in this paper. First, generating realistic minority-class samples by Generative Adversarial Networks (GAN) 
to make the final models robust and fair against minorities [40]. Second, an adaptive data balancing method can be 
encapsulated into Automated Machine Learning (AutoML) pipelines for automation in selecting methods and 
hyperparameters tuning [62]. Third, meta-learning frameworks will facilitate fast transfer of strategies between tasks on 
small data sets [63]. Fourth, Stream-based applications require incremental concept-drift-aware techniques due to 
dynamically changing class distributions typical IoT/cybersecurity environments [10]. Fifth, scalable solutions involve 
distributed parallel learning to address big data environments [64]. Sixth, fairness-aware balancing should integrate equity 
constraints directly into the resampling process so that the algorithm does not become biased against protected groups while 
maintaining accuracy [65]. Such actions indicate the necessity for efficient, adaptive, and mindful implementations. 

7. CONCLUSION 

To conclude, class imbalance is still a challenging problem for ML and has great impact on the robustness and generalization 
performance of predictive models. In this survey, we have investigated a variety of data balancing techniques such as under-
sampling, over-sampling, algorithm-level, and hybrid methods, describing their methods, advantages, and drawbacks. While 
traditional approaches, such as SMOTE and RUS, offer foundational solutions, advanced hybrid, and cost-sensitive methods 
provide more robust handling of complex and high-dimensional imbalanced datasets. However, challenges such as 
overfitting, information loss, and computational overhead persist, particularly in real-time and multi-class settings. The 
selection of a suitable balancing method should be based on the characteristics of the dataset, the application context, and 
resource limitations. Future research should focus on scalable, adaptive, and fairness-aware solutions, particularly those 
combining DL and AutoML. Above all, this review can serve as a guide to select effective balancing strategies for 
constructing increasingly accurate, fair, and generalizable ML models with imbalanced data. 
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