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Abstract— Data imbalance threatens a medical dataset 

where the dominant class is typically viewed as unfavorable. In 

contrast, the minority class is supposed to be the positive one, 

affecting the machine learning prediction performance. This 

aims to examine how resampling strategies in Machine Learning 

(ML) have recently been used in medical data sets. Many 

researchers used the preprocessing stage's data-level approach 

to resample the imbalanced medical data. Thirty-two sources 

were reviewed in which data level techniques of balancing the 

imbalanced data were applied to medical datasets spanning 

2018 to 2023, with oversampling methods outperforming the 

under-sampling methods. 

Keywords— Data-level approach, Medical data, 

Oversampling, SMOTE, Under-sampling. 

I. INTRODUCTION  

The class imbalance (CI) distribution is an issue of real-
world medical data  [1]. The unequal quality of the minority 
and majority classes is a severe problem when employing data 
analysis for diagnosis and therapy [2]. When comparing data 
sets that are imbalanced, representative samples spread 
unevenly across classes, and some classes have fewer samples 
than others.  

A class-imbalanced dataset has one class that has a 
disproportionately smaller samples than the other [3], [4]. 
Rare minority samples could be considered noise, which 
might be a mistaken label for the sample. Such an imbalance 
issue is relatively common in the medical industry. Class 
imbalance approaches have previously been implemented in 
various applications within the realm of various instances, 
such as gene expression and medical diagnostics. Real-life 
data are naturally imbalanced, which is the primary reason of 
decreased generalization in machine learning (ML) 
algorithms. 

In imbalanced classification problems, the dominating 
class is often measured as the negative class, while the 
minority class (MNC) is typically viewed as the positive class  
because it is frequently of more interest in medical datasets, 
and classification errors for the MNC can have more severe 
consequences than errors in the majority class (MJC). The 
imbalance between the classes can pose a challenge for ML 
algorithms, as they are often geared towards the MJC 
examples, which results in poor performance in predicting the 
MNC. To address the issue, various techniques can be used, 

including data-level, algorithm-level, and hybrid approaches 
[5]. 

In the data-level approaches, objects are redistributed 

throughout the data space to generate the class balance before 

any input data is processed. Either increasing the minority 

class size or decreasing the size of the majority class is used 

to establish balance [6].  

To address the problem of imbalanced data sets, the 

learning algorithm is either changed or developed from 

scratch in algorithm-level approaches. Several methods have 

relied on biased existing classifiers at the algorithmic level 

rather than rebalancing the class distribution at the data level 

[3]. 

Both the data-level and algorithm-level methods are used 

to handle class imbalance in medical datasets in the hybrid 

approach. The approaches aim to leverage the strengths of 

both approaches to achieve better results by handling data 

externally and modifying the distribution of classes in the 

sample using data-level approaches [7]. 

II. RELATED WORK 

Class imbalance is a prevalent problem in ML, 

particularly in medical diagnosis jobs when the majority of 

patients are healthy and disease detection is more important. 

Imbalanced training data can have a significant detrimental 

impact on performance, necessitating the use of non-standard 

ML approaches to attain desirable outcomes. Various 

techniques have been developed to address this issue, 

including data-level approaches, algorithm-level approaches, 

and hybrid approaches. 

A survey conducted by [8] identified several machine-

learning techniques for handling class imbalance, including 

resampling, cost-sensitive learning, and evaluation metrics. A 

systematic mapping study [9] identified various 

preprocessing methods to balance imbalanced datasets for 

ML training. 

Some authors presented a review of approaches used to 

classify imbalanced datasets and their various application 

areas [19]. Classification of imbalanced data review [10] 

revealed that leading ML strategies were discovered to handle 

imbalanced datasets by focusing on avoiding the minority 

class and reducing inaccuracy for the majority class. High-
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quality review papers on imbalanced data and related topics 

have been published over the past years. However, to our 

knowledge, a review has yet to be made on imbalanced 

problems/solutions to medical data. The inspiration for this 

survey is to introduce the bigger picture of the issues and 

developments of the imbalanced behavior of medical data and 

to investigate the different resampling strategies used. 

III. METHODS OF BALANCING IMBALANCED DATA 

The strategies for solving the imbalance problems are: 

data level, algorithm level, and hybrid approach.  

A. Data-level approach 

Data-level approaches are used to externally manipulate 

data and govern the distribution of groups in the sample. To 

address the problem of class imbalance, sampling procedures 

have been employed to either eliminate some data from the 

majority class (under-sampling) or add some intentionally 

generated or duplicated data to the minority class 

(oversampling). [15]. 

1) Under-sampling 

In order to reach a predetermined balanced-ratio by 

under-sampling, specific samples that are repeated from the 

initial data set are removed. The proper categorization of the 

minority sample results from the second method's effective 

reduction of the space allotted to the majority class which 

might lead to data loss [3, 4]. The frequently used techniques 

include Random Under-Sampling (RUS), Condensed Nearest 

Neighbor (CNN), Tomek Links (TL) and the Edited Nearest 

Neighbors (ENN). 

2) Oversampling 

This technique addresses the initial uneven dataset by 

generating fresh artificial samples and then add them to the 

minority group. The major drawback of this approach is that 

over-fitting may occur. In order to solve this shortcoming, 

approaches for producing additional synthetic samples are 

being explored in potential regions [4]. The most general 

approaches for oversampling are Random Over-Sampling 

(ROS), Adaptive Synthetic sampling technique (ADASYN) 

and the Synthetic Minority Over-Sampling Technique 

(SMOTE). 

3) Hybrid method 

Hybrid resampling, which uses both oversampling and 

under sampling, is proposed to get reliable results from data 

processing. To correct the sample imbalance, the main idea is 

to increase the number of samples from minorities while 

decreasing the number of samples from the majority [16]. 

B. Algorithm Level Approach 

Instead of modifying data, these approaches create new 

algorithms or enhance existing ones, working from the inside 

out to achieve optimal performance [17]. The algorithmic 

level approaches include threshold, learning techniques (one-

class and cost-sensitive learning), and ensemble-based 

strategies [18-21]. 

C. Hybrid Approach 

Hybrid methodologies encompass a fusion of both data-

level and algorithmic techniques for addressing class 

imbalance in medical datasets [22]. These approaches 

leverage data-level methods for external data processing, 

thereby adapting the distribution of categories within the 

sample. Subsequently, algorithmic methods come into play to 

internally modify the learning process [23]. This combination 

of data and algorithmic strategies within hybrid approaches 

proves instrumental in enhancing the efficacy of machine 

learning models when confronted with imbalanced datasets. 

Such strategies may encompass a diverse set of techniques 

including oversampling, undersampling, cost-sensitive 

learning, and adaptations to learning algorithms [24].  

IV. METHODOLOGY  

Before Articles published recently identified different 
machine learning strategies utilized in balancing out. It 
ensures that the search process entails finding good digital 
libraries, specifying search terms, and choosing the time gap 
between published articles. 
 We looked at the essential online digital resources for 
computer science and a Medline digital library that produced 
peer-reviewed publications. ACM, ScienceDirect, IEEE, 
Springer, PubMed, PLOS and HINDAWI are the digital 
libraries examined. Several relevant journals and conference 
proceedings in AI were also reviewed. The search was 
restricted to items published between 2018 and 2023. In this 
search, the following search string was used: “disease 
imbalanced data” OR “imbalanced medical data” OR 
“imbalanced clinical data”  AND “ artificial intelligence” 
OR “machine learning” OR “data mining”.  

V. STATE-OF-THE-ART FOR BALANCING IMBALANCED 

MEDICAL DATASETS 

Medical data is available from various sources in this era 

of big data, including disease prediction/forecasting, public 

health records, biometric data, and medical imaging, which is 

rapidly expanding [25]. The data level approach for balancing 

is more effective and is applied before the learning process at 

the data preparation step. Hence, many researchers utilized 

this approach in the preprocessing stage [17]. Table I, Table 

II and Table III summarizes the papers that utilized data-level 

approaches for resampling the imbalanced data, Algorithm-

level techniques and Hybrid Techniques. 

Researchers employed many forms of medical databases 

to study various diseases/medical cases with data imbalanced 

problems. The main criteria used for evaluating the 

classification of imbalanced medical data based on the 

reviewed document are sensitivity, specificity, and accuracy 

[39-41]. Some researchers [3,33,35], use Area Under Curve 

(AUC) and Mathew correlation coefficient (MCC) as part of 

the evaluation metrics. The equations below describe the 

performance metrics used. 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑎𝑐𝑐𝑢𝑟𝑎𝑡𝑒 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠

𝑡𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠 
  [4] 

𝑅𝑒𝑐𝑎𝑙𝑙/𝑠𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =  
𝑡𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒

𝑇𝑟𝑢𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒 + 𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒
   [5] 

Specificity =  
𝑇𝑟𝑢𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒

𝑇𝑟𝑢𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒 + 𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒
    [6] 

𝐹1 − 𝑠𝑐𝑜𝑟𝑒 = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ×𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 +𝑅𝑒𝑐𝑎𝑙𝑙
     [7] 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒

𝑇𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒+𝐹𝑎𝑙𝑠𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒
     [8] 

𝐺𝑚𝑒𝑎𝑛 =  √𝑠𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 × 𝑠𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦    [9] 

𝐴𝑈𝐶 =
1+𝑇𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑟𝑎𝑡𝑒−𝐹𝑎𝑙𝑠𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑟𝑎𝑡𝑒

2
  [10] 

Mathew correlation coefficient (MCC) = 

((𝑇𝑃.𝑇𝑁)−(𝐹𝑃.𝐹𝑁)) 

√((𝑇𝑃+𝐹𝑃)(𝑇𝑃+𝐹𝑁)(𝑇𝑁+𝐹𝑃)(𝑇𝑁+𝐹𝑁))
                [11] 
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TABLE I.  SUMMARY OF REVIEWED PAPERS THAT USES DATA-LEVEL  TECHNIQUES 

Authors Method Datasets used Findings Evaluation Metrics 

[26] SMOTE Heart  Extra Trees (ET) and SMOTE exhibited excellent 
performance compared to other models in the diagnosis 

of CVD. 

ACC, PRC R, F, MCC 

[27] Borderline-SMOTE 

with ANN-MLP 

Parkinson  Borderline-SMOTE outperformed other techniques. ACC, Gmean, IBA, AUC  

[28] D-SMOTE and BP-

SMOTE 

COVID-19, Breast and 

Framingham  

BP-SMOTE and D-SMOTE exhibit improved accuracy 

over standard SMOTE. 

ACC, PRC, R, ROC  

[29] SMOTEEN Heart, breast cancer, 

Pima, Indian liver 
patient, diabetes, and 

coronary kidney 

SMOTEEN outperformed all other data-balancing 

techniques. 

ACC, R, F 

 

[30]  (STL) Epilepsy  Achieved robust high sensitivity and AUC, 
outperforming other methods currently in use. 

F, SEN, ACC, AUC  

[31] SMOTE Heart Disease  SMOTE-based ANN outperform other models. PRC, R, F 

[32] SMOTEEN lung cancer  SMOTEEN standard deviation is substantially lower 

than that of under-sampling.  

AUC  

[33] RCSMOTE 15 medical data from 
UCI repository  

Addresses the issue of over-generalization problem 
caused by over-sampling. 

AUC  

[34] SMOTE Heart  Improved the predictive capabilities of tree-based 

classifiers in determining the survival of individuals 
with cardiac conditions.  

ACC, PRC, R, F  

[35] ADASYN Epilepsy  Adaptive Synthetic Sampling (ADASYN) 

demonstrated an outstanding result outperforming other 

method. 

AUC 

[36] Outlier SMOTE COVID 19 Outlier-SMOTE performs significantly better than the 

classic SMOTE algorithm. 

R, PRC, F 

 

[37] SMOTE Heart  High accuracy obtained showed that the model beat 
existing models and earlier study findings.  

ACC, PRC, F, MCC, FPR, 
FNR, TNR, R 

[38] SMOTE Athletes  Enhanced cardiovascular risk assessment by increasing 

the area under the curve. 

TPR, TNR, J, AUC  

[39] SMOTE Parkinson’s Disease  Improved in terms of accuracy and AUC. ACC, Kappa, PRC, R, F, 
AUC 

[22] ADASYN and 

Borderline-SMOTE. 

Cancer Oversampling balancing techniques result in better 

outcomes than under sampling ones. 

AUC 

[40] ADASYN Cholera It improved the overall performance of the prediction 
result 

SEN, SPE, ACC  

[41] SMOTE Cholera  The overall performance of the model is improved SEN, F1, ACC 

[42] SMOTE and SPIDER Epilepsy Improved sensitivity in detecting epileptic seizure 

detection. 

ACC, PRC, R, F  

[43] SMOTE  Lasa Improved the accuracy of the medical data due to look-
alike sound-alike (LASA) mix-ups. 

R, PRC, F, ACC 

[44] SMOTE CKD  Improve classification algorithm performance, and 

learning rate on multilayer perceptron performance. 

PRC, R, F, RMSE  

[3] SMOTE Osteoporosis  Highest efficiency was obtained when the SMOTE and 
Random Forest classifier were used. 

SPC, SEN, AUC, GMean, 
BAcc, MCC  

[45] ROS Cholera ROSE resampling with random forests method results 

in a high (AUC), balanced sensitivity and specificity. 

AUC, SPC, SEN  

[46] SMOTE Heart  SMOTE technique improved the performance of the 
KNN-algorithm 

Accuracy  

[47] Borderline-smote Appendicitis, Breast  

 

Improved the accuracy of AIRS performance due to the 

influence of SMOTE techniques. 

ACC, Gmean, SEN, SPE  

ACC: Accuracy, SEN: Sensitivity, SPC: Specificity, R: Recall, F: F1 score, PRC: precision, RMSE: Root Mean Squared Error, 

AUC: Area Under Curve, MCC: Matthew Correlation coefficient. 

Table 1 provides a comprehensive overview of the 

datasets and techniques employed at the data-level in the 

analyzed articles. The results reveal that the heart disease 

dataset was utilized in 9 articles, breast cancer dataset in 6 

articles, and cholera, epilepsy, and Parkinson's datasets in 3 

articles each. Hepatitis, Pima, COVID-19, diabetes, 

Haberman, and liver datasets were featured in 2 articles each, 

while various other datasets were the focus of 1 article. 

In terms of dataset balancing techniques, the majority of 

articles (17 in total) employed SMOTE, while 3 articles 

utilized SMOTE-Tomek. Additionally, 2 articles each 

utilized ADASYN, SMOTEEN, and Borderline SMOTE, and 

1 article each used RUS, ROS, and SPIDER. 

Regarding performance metrics, the analysis revealed that 

Recall was the most commonly employed metric, appearing 

in 16 articles. Accuracy closely followed, featured in 14 

articles, while the F1 score was used in 11 articles. MCC 

(Matthews Correlation Coefficient) and G-mean were each 

utilized in 8 articles, while SPC (Specificity) was the chosen 

metric in 4 articles. G-mean appeared in 3 articles, and other 

accuracy measures were employed in 5 articles. All this are 

shown in Fig 1, Fig 2 and Fig 3 respectively.
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Fig.1: Datasets used 

 

 
Fig. 3: Performance Metrics Frequently Used 

 
Fig 2: Balancing Technique used 

 

Table II below provides an overview of the datasets and 

techniques employed at the algorithm in the analyzed articles. 

The results reveal that the breast cancer Disease was utilized 

in 2 articles while various other datasets were the focus of 1 

article. 

In terms of dataset balancing techniques, the majority of 

articles (2 in total) employed Modified SMOTE coupled with 

stacked deep learning algorithm. Regarding performance 

metrics, the analysis revealed that all the 3 articles analyzed 

used Accuracy, sensitivity, specificity and F1-score. 

 

TABLE II.  SUMMARY OF REVIEWED PAPERS THAT USES ALGORITHM LEVEL APPROACH 

 
Authors Method Datasets used Findings Evaluation Metrics 

[29] Modified 

SMOTE coupled 
with stacked deep 

learning 

algorithms 

Breast Cancer Disease, 

Coronary Kidney 
Disease, Indian Liver 

Patient, Coronary 

Heart Disease, and 
Pima Indians Diabetes 

The approach surpassed other methods in terms of 

accuracy, sensitivity, specificity, and F1-score. 

ACC, SEN, SPC, F1 

[48] Modified 

SMOTE coupled 
with stacked deep 

learning 

algorithms 

Framingham, breast 

cancer and COVID-19  

The proposed method outperformed other methods in 

terms of sensitivity, specificity, and F1-score. 

ACC, SEN, SPC, F1 

[49] Hybrid approach 
combining data-

level and 

algorithm-level 
techniques 

Healthcare  When compared with other techniques. It outperformed 
them all in terms of sensitivity, specificity, and F1-score. 

ACC, SEN, SPC, F1 

 

TABLE III.  SUMMARY OF REVIEWED PAPERS THAT USES HYBRID APPROACH 

14

8

8
34

16

11

3
5

ACC AUC PRC
Gmean SPC RC
F1 MCC Others

0 5 10 15 20

SMOTE

SMOTE-Tomek

Borderline-smote

SMOTEEN

ADASYN

RUS

ROS

SPIDER

Authors Method  Datasets used Findings Evaluation Metrics 

[50] SMOTE-ENN with 

Linear Regression 

 

Kidney  Resampling was able to solve the problem of an 

imbalanced data structure. 

ACC, RC PRC, F1  

[51] SMOTE-ENN with 

Random Forest  

 

Heart failure  Presents how the SMOTE-ENN algorithm aids 

ML algorithms perform better on datasets that 

are imbalanced in terms of 

ACC, PRC, F1, RC, 

ROC_AUC  

[52] TRIM-Smoothed 
Bootstrap Resampling 

(TRIM-SBR) 

COVID-19 The result shows that the approach surpasses all 
alternative oversampling techniques in terms of 

AUC, sensitivity, specificity, and F1-score. 

ACC, SEN, SPC, 
Gmean, F1, AUC 

[53] NCL+SMOTE Breast Cancer, ILPD,  
Pima Indians, Fertility, 

Haberman 

NCL+SMOTE technique revealed that all 
adjusted dataset causes the recall measure to 

increase. 

RC 

[16] M-SMOTE and ENN Haberman The experimental findings indicate that RFMSE 

yields notably better results on 10 UCI datasets 
compared to alternative sampling algorithms. 

F-1, MCC, SEN, SPC  
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ACC: Accuracy, SEN: Sensitivity, SPC: Specificity, R: Recall, F: F1 score, PRC: precision, MCC: Matthew Correlation 

coefficient, AUC: Area Under Curve, RMSE: Root Mean Squared Error.  

Table III provides a comprehensive overview of the 

datasets and techniques employed that uses the Hybrid 

approach in the analyzed articles. The results reveal that the 

breast cancer dataset was used in 2 articles while various 

other datasets were the focus of 1 article. 

In terms of dataset balancing techniques, the majority of 

articles (6 in total) employed SMOTE as the oversampling 

technique together with other undersampling and the 

algorithm technique. Additionally, 1 article SMOTE, ROS, 

ADASYN along with two RUS and Near Miss paired with 

cleaning methods and 3 data reduction namely Tomek Links, 

One Sided Selection and ENN. One study, each utilized 

HUSDOS – Boost, EUSBoost, TRIM-Smoothed Bootstrap 

Resampling (TRIM-SBR), SMOTE, BLSMOTE, kmUnder, 

OBU, AdaOBU, and BoostOBU. 

Regarding performance metrics, the analysis revealed that 

Recall, F1-score, Gmean and Accuracy were utilized in 3 

articles each, while sensitivity and specificity are featured in 

7 articles.  AUC appeared in 2 articles and AUCPR in 1 

article. 

VI. CONCLUSION 

This paper aims to examine how resampling strategies in 

ML have recently been used in medical data sets. Approaches 

of balancing the imbalanced data were applied to medical 

datasets spanning through the years 2018 to 2023, based on 

the selection criteria used for these papers. In addition, the 

publications that met the survey requirements are shown in 

Tables I, II, and III, together with the general subject of the 

application strategy employed in the study.  

The contributions of this paper can be summarized as 

follows: 

• The type of databases and the resampling strategies 

are identified, and it is observed that the resampling 

strategy generally improves the performance of the 

prediction. 

• The oversampling technique generally performs 

better in terms of improving performance than the 

under-sampling techniques. 

• Hybrid approaches performed better and are more 

appropriate to be applied for the resampling of the 

imbalanced data. 

Based on the results of this review, some 

recommendations are provided for future work as follows:  

• There is a need to explore further the capability of 

algorithm-level techniques as these might help 

overcome the problem of the data-level technique. 

• A limited number of investigations have been 

conducted in the area of the under-sampling 

technique. Existing studies have shown that under-

sampling technique benefits the resampling of 

imbalanced medical data. 

• There is a need to look into multi-class imbalanced 

data. When multiple classes are considered, the data 

imbalance problem becomes considerably more 

problematic.  
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