
International Journal of Applied Mathematics 

Volume 38 No. 8s, 2025 

ISSN: 1311-1728 (printed version); ISSN: 1314-8060 (on-line version) 

156 
 

 

Received: August 13,2025 

CONVENTIONAL AND HYBRID RESAMPLING TECHNIQUES IN 

MACHINE LEARNING FOR HEALTHCARE DATA  

 

Ghayth AlMahadin 

Assistant Professor, Dpartment of Data Science, College of Information 

IDhttps://www.scopus.com/authid/detail.uri?authorId=57219945588 

 

Abstract 

In order to better understand and diagnose disease, several healthcare technologies now make use of large amounts 

of patient health data collected in the past. The performance of a classification model is directly affected by data 

imbalance with regard to the class labels, making this a challenging topic for machine learning techniques. The 

aim of the research is to categorize all of the prominent resampling techniques reported to overcome the data 

imbalance in the automated analysis techniques under healthcare sector. The purpose of this study is to perform 

a review analysis of the reported contemporary literature to identify a recently effective resampling technique. 

Finally, the review study is discussed and comprehended that SMOTE and its hybridized method are identified as 

a finest resampling technique foreseeing, the advancements, and applications in healthcare. 
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Introduction 

Data imbalance in relation to class labels has been recognized as a formidable challenge for machine learning 

methods due to its direct impact on the effectiveness of the classification model. This is due to the influence that 

it has on the accuracy of the model [1].  The vast majority of machine learning algorithms contain a bias that 

causes them to favour the class that has the most members and ignore classes that have less members [2], [3]. This 

can lead to the construction of classification models that cannot be generalized and is a limitation of machine 

learning. There are extensive machine learning techniques developed and reported [4]. In order to rectify the data 

imbalance, resampling either eliminates instances from the validation set (under-sampling) or introduces new 

records to the minority group (over-sampling). Cross-validation and bootstrapping are two examples of 

Resampling techniques [5].  

The several classes of resampling techniques are discussed followingly. Model performance can be assessed by 

Cross-Validation by estimating the test error connected to it. The most fundamental method of resampling is the 

validation set method which splits the dataset at random into a training set and a validation set or hold-out set 

as required. The model is trained using the data in the training set, and then predictions are made using the data 

in the validation set [6]. The k-fold cross-validation method requires the data set to be split into k almost equal-

sized folds at random. To fit the model, the remaining folds are used as training data, while the initial fold is used 

as a validation set. Then, k iterations are performed and implemented as 5-fold, 10-fold cross validation, with a 

distinct set of data serving as the validation set each time [7]. Comparatively, the leave-one-out-cross-validation 

(LOOCV) method is superior to the validation set method. Instead of using half of the data for validation and the 

other half for model fitting, a single observation is used for both purposes.  
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Figure 1. Classification of Resampling techniques in Machine Learning 

The ambiguity of a model can be determined with the aid of Bootstrap, a robust statistical tool. Nevertheless, 

bootstrap's real strength lies in the fact it can be used for a diverse range of models regardless of whether the 

variability is hard to collect or is not supplied automatically [8]. The purpose of Random Over-Sampling (ROS) is 

to achieve statistical parity between classes by artificially and arbitrarily increasing the number of instances from 

underrepresented classes. In order to achieve statistical parity between classes, random under-sampling (RUS) 

often involves deleting cases from the majority class at random. The instances of the majority class are removed 

to increase the distances between the two classes when they are very near to each other which aids in determining 

proper categorization. The Synthetic Minority Oversampling Technique (SMOTE) is a common oversampling 

technique that creates "synthetic" observations in the dataset rather than repeating data [9], [10]. In order to 

uncover groups in datasets, cluster-based Over Sampling or K-means clustering technique can be employed on 

each class instance separately [11], [12].  

This decade has seen the continued development of extremely effective, diverse resampling approaches by 

software developers aiming to address the limitations brought to light by the rapid time expectation with massive 

amounts of work input. This research work aims to provide a definitive category of all of the prominent resampling 

methods that have been reported in the past few years that pertain to the healthcare industry. The objective of this 

research is to identify and discuss the efficient resampling technique foreseeing future, elements of its growth and 

application in the field of healthcare. 

Literature Review 

The use of machine learning in healthcare is growing as digital health information become more widely available 

and computational power improves. In regard with this, [13]stated that the classifiers are developed in machine 

learning to reduce misclassification errors and increase prediction accuracy of the datasets considered [14]. These 

classification techniques work under the presumption that there are nearly equal numbers of samples in each class 

of considered data set. Extensive research reported by Belarouci [15] showed that class imbalance is particularly 

common in classification models that are used to detect significant diseases and diagnosis data. According to the 

study by Han et al.[16], resampling technique have been applied to a number of high-profile datasets, including 

the lung cancer, thyroid, dermatology [17], hepatitis [18], skin lesions [19], and other medical diagnosis [20], [21] 

in order to examine class imbalance strategies. 

 



International Journal of Applied Mathematics 

Volume 38 No. 8s, 2025 

ISSN: 1311-1728 (printed version); ISSN: 1314-8060 (on-line version) 

158 
 

 

Received: August 13,2025 

Medical Data Classification 

In order to determine the optimal data resampling technique to stabilize classification performance, Alahmari [22] 

investigated class imbalance for a medical application pertaining to autistic spectrum disorder (ASD) screening. 

The goal was accomplished by experimental studies conducted on a genuine imbalanced ASD dataset consisting 

of 10 people. Experiments comparing the oversampling algorithms SMOTE, ROS, and RUS indicate that class 

imbalance can lead to distorted findings if not handled. Random Forest and Naive Bayes models fared best on the 

considered dataset when ROS resampled the data. The research by Ganie and Malik [23] introduced a novel 

ensemble learning-based approach for an early prediction of type II diabetes mellitus utilizing the lifestyle 

indicators. In the study, SMOTE is used to ensure that each population class is represented equally, and K-fold 

cross-validation has been employed to ensure that the results produced are reliable. Out of the classification 

methods available, bagged decision tree had the best accuracy (99.56%), precision, recall, specificity 

and misclassification rate (MCR) (0.86%). Concatenated resampling(CR) has also been tested experimentally for 

diagnosis of vertebral column pathologies by Reshi et al., [24]. Combining Adaptive Synthetic (ADASYN) 

Sampling, SMOTE, and Cluster Centroids (CC) improves learning model outcomes. ADASYN is a viable 

resampling model which can generate 147 entries for the typical patients’ class with default parameter settings. 

Experiments demonstrate that the Random Forest classifier with integrated ML tools performs better without 

resampling and with under sampling. Oversampling the same training dataset improved Extra Tree Classifier 

(ETC) ML technique’s accuracy to 0.90 for SMOTE and 0.95 for ADASYN.  

Shi et al., [25] used resampling to fix the prognostic model's uneven data structure and improve forecasts. Authors 

employed a resampling technique called SMOTE-Edited Nearest Neighbour (SMOTE-ENN), which generates 

synthetic instances of End Stage Kidney Disease (ESKD), to appropriately identify high-risk individuals. Despite 

a high rate of misclassification for the negative cases (45%), author identified ESKD high-risk people much better 

to that of the logistic regression and survival models. Varatto et al., [26] analysed Stereoelectroencephalography 

(SEEG) recordings from surgically-treated individuals with focal epilepsy. RUS performed best despite being the 

simplest classification method, since under sampling was more robust than oversampling. SMOTE Resampling 

is used to equalize positive and negative classes in a dynamic population with mostly negative results.  

Barbieri et al., [27] assessed the usefulness of a data mining approach in predicting electrocardiogram (ECG) 

outcomes and whether resampling an unbalanced dataset may help clinical decision making. The proposed 

technique can improve clinical decision making and reduce needless cardiovascular reactivity (CVR) tests. 

SMOTE boosts Decision Tree (DT)'s area under curve (AUC), sensitivity and generated useful knowledge that 

reduced cardiovascular disease (CVD) predicting guesswork.  

Healthcare professionals have discovered tremor classification data to be subjective, inaccurate, and unreliable. 

In respect to overcome the limitation, Almahadin et al., [28] suggested resampling and classifier integrated 

approaches like artificial neural network based on multi-layer perceptron (ANN-MLP) and random forest (RF) to 

improve tremor severity classification. Hybrid and over-sampling strategies outperformed conventional 

resampling methods. The proposed methodology enhanced tremor severity classification substantially and 

demonstrated that ANN-MLP with Borderline SMOTE, exhibits 93.81% overall accuracy. 

Enhancement of Dataset and Model Evaluation 

Mohammed et al., [29] conducted an experiment with three machine learning algorithms DT (J48), sequential 

minimal optimization (SMO) and NB to evaluate which ML strategies are most effective. The experiment has 

been conducted using two of the popular datasets, namely the white blood cells (WBC) and the datasets of breast 

cancer. Incorporating resampling data labelling techniques to mitigate the effects of the imbalance problem is just 

one of the many reasons why this study is significant. The SMO algorithms outperformed the other two classifiers, 

with an accuracy of above 95% in both datasets. To lessen the disparity ratio, researchers resampled the data 

several times, which could have influenced the results. It was comprehended that due to this, the performance of 

these three machine learning methods may endure when applied to an uneven or irregularly distributed dataset. 



International Journal of Applied Mathematics 

Volume 38 No. 8s, 2025 

ISSN: 1311-1728 (printed version); ISSN: 1314-8060 (on-line version) 

159 
 

 

Received: August 13,2025 

The accuracy of Appearance, Pulse, Grimace, Activity and Respiration combinedly known as Apgar score can be 

forecasted using a variety of resampling and pre-processing strategies. Tarimo et al., [30] narrowed attention on 

the SMOTE, the Borderline SMOTE (BSMOTE), and the RUS. XGBoost improved after being subjected to 

BSMOTE resampling approaches, allowing the model to accurately identify 93% (an increase from 20% baseline 

performance) of new-borns with a low Apgar score, while missing only 7% of the time. By comparison, this is a 

20% improvement above the norm. Potentially improved outcomes can be obtained by applying the borderline-

SMOTE method to the selected ensemble classifiers which was concluded effective.  

Murphy et al., [31] determined the values for AUC and the receiver operator characteristic (ROC) curve for over 

10 years of collective training data and evaluated the classifier's ability to distinguish between stomach cancer 

cases.   Estimates of the capacity to forecast the affected and unaffected case status of observations often 

shows unduly optimistic response when based on an evaluation of discrimination within the training data. Hence, 

LOOCV was incorporated  to check and validate the model internally. Under LOOCV the elements like Urea, 

Pepsinogen identification models were validated, and AUC of the models were determined. 

Healthcare Database 

Francesco and team reported the best model based on plausibility of observed correlations and fixed effects model 

accuracy on simulated holdout data using LOOCV[32]. Humanitarian indivituals should routinely make critical 

datasets publicly present in curated and accessible form to encourage research of this nature and other studies that 

benefit the public, such as anthropometric surveys among the pregnant women and outpatient children, admissions 

and the exit outcomes for the management of acute malnutrition. The dataset that was accessible both before and 

after it was processed was subjected to the application of a number of different ensemble classifiers. These 

classifiers used several sampling techniques to classify intensive-care units (ICU) based infection dataset 

[33].  RUS ratio should be high enough to boost minority class classification but low enough to prevent 

information loss owing to imbalanced data set. 6.7% of patients showed signs of disease, whereas 93.3% did not 

get an infection. The authors state that creating classifiers from unbalanced samples is difficult. The methodology 

and process of discussed various clustering based resampling approach is shown in Figure 2.  

 

Figure 2. Structure of integrated cluster-based sampling method [33] 

Jiaxing Liu's [34]  article analyses fall incidence severity levels by data imbalance and structured clinical factors. 

Author created an incident report classification (IRC) framework that compares structured feature extraction, 

resampling, and ML approaches. Using this IRC framework, users can compare the performance of SMOTE and 

its variant  structural features for improved classification and unusual class identification. Zhao et al., [35] 

analyses oversampling, under sampling, SMOTE, and cost-sensitive learning on classifier performance. 

Parameters used to train a classifier might affect its effectiveness, thus they are assessed extensively during 

implementation. SMOTE improves recall by 45.3% and accuracy by 1.5% when applied to the base 
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classifier. Classifiers' accuracy and recall vary and all rebalancing strategies improve recall over the base 

classifier, despite a loss in detection accuracy of healthcare data. 

Synthetic Resampling Approaches for Diverse Implementations 

Using resampling techniques in the field of identity management in healthcare helps to prevent adversarial 

learning by projecting data in partitions. By integrating a synthetic data creation technique with a deconstruction 

strategy, Ilavarsi et al., [36] assessed the efficacy of learning models in relation to a collection of data balancing 

approaches. Non-parametric analysis results presented in the experiments justify the use of SMOTE-TL (Tomek 

Links) for this purpose. The number of simulated minority groups is set by the required level of oversampling. 

Li et al., [37] used a class imbalance learning method to determine the likelihood of in-hospital mortality for 

intensive care unit patients. The bootstrapping approach was used to determine the mean and standard deviation 

of the assessment methods, to calculate statistically meaningful differences between the different models, and to 

construct bootstrap error bars for the models with a confidence level of 95%.  

SMOTE oversamples minorities when resampling imbalanced data. SMOTE's samples may be confusing, low-

quality, and similar to the rest. This model finds "visible" nearest neighbours adaptively. The proposed Self-

inspected Adaptive SMOTE (SASMOTE) model by Kosolwattana et al., [38] incorporates uncertainty removal 

via self-inspection to improve sample quality. Both techniques perform better around a threshold of uncertainty 

score before declining. The optimal uncertainty threshold for SASMOTE with visible neighbours and SASMOTE 

alone is 50%.  

Reeves et al., [39] developed machine learning and statistical methods for suicide death prediction using race and 

ethnicity. Blind, Separate, or Equity resampling can be used to sensitive categories. By using one of these 

resampling methods, users can create predictive models with less heterogeneity between data sets. Resampling 

and three ensemble approaches increase model performance. ADASYN improves classifier performance on an 

uneven dataset. The method proposed by Mohammed et al., [40] focused on synthesizing minority classes based 

on the asymmetry between difficult-to-learn and easy-to-learn data samples in the training dataset. The ADASYN 

approach was reported to use distribution probability as a criterion to synthesize minority data samples and obtain 

a new dataset sample. The results from the researchers suggest that the proposed approach is the best way to 

anticipate healthcare software issues.  

Data generalizability issues hinder oversampling development. The proposed method is based on pruning, which 

involves looking for specific minority areas while keeping the generalization of the data. Wilbowo et al., [41]  

Figure 3. Process of TRIM-SBR resampling method [41] 

proposed TRIM-Smoothed Bootstrap Resampling TRIM-SBR to create COVID-19 minor class data as shown in 

figure 3. This search for specific minority areas while keeping the generalization of the data leads to minority data 

seeds, which are used as standards to create new synthetic data using bootstrap resampling techniques. When 

training data is unevenly distributed, accuracy, specificity, sensitivity, F-measure, and AUC are used to evaluate 

a classifier's performance. It was discovered by the authors that TRIM-SBR is superior to alternative oversampling 

methods. 
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Discussion On Significant Methods 

The use of machine learning in healthcare is growing as digital health information become more widely available 

and computational power improves. The use of machine learning to the healthcare business has been criticized for 

raising equity concerns, such as the unequal allocation of scarce healthcare resources or the disproportionate risk 

of illness among particular populations. Many classifiers showed higher levels of specificity, sensitivity, and 

precision after being pre-processed with oversampling. In order to construct the training set, data from 

underrepresented groups is combined with samples from the dominant group using a random sampling procedure. 

It was determined that under sampling techniques were the least effective of these resampling approaches, 

probably because they are left out crucial concepts from the main body of data.  

Furthermore, MI-MOTE wouldn't perform well when the rate of missing data is very low because it just duplicates 

the minority of cases that are complete and have no missing values. To duplicate data from a minority group, the 

ROS approach, for example, adds new examples to the training set at random [42], [43]. Under-sampling reduces 

the number of samples in the majority class to establish statistical parity between classes. Most commonly, this is 

accomplished by combining samples from the two groups, with the training set consisting of a subset of majority-

class data that is selected at random. Many oversampling algorithms were developed to address this issue by 

enhancing coverage of the minority class in imbalanced datasets and enlarging the decision region [44], [45]. 

Figure 4. Accuracy and recall Percentage representation of resampling techniques[35] 

The end purpose of SMOTE methods is to increase classification precision. As a result, they are biased toward 

the dominant class and display insensitivity to the concerns of the minority class. As a result of the analysis of the 

contextual section, it is clear that the SMOTE resampling method is one of the most popular options because to 

the versatility it offers [35]. Figure 4 from Zhao et al., and figure 5 from Alexandre et al., [46] depicts the efficient 

performance of the SMOTE resampling method with accuracy values. Integrated SMOTE discussed in contextual 

section describes how the Tomek Link technique, which uses guided under-sampling, can be used to remove 

examples from the majority class. T-link, a method of data compression, and SMOTE, a method of sampling, are 

combined to achieve the required resampling rate. Tomek-Link technique supplies the SMOTE algorithm with 

the optimal resampling rate n for interpolating minority class instances of k-neighbours.   

 



International Journal of Applied Mathematics 

Volume 38 No. 8s, 2025 

ISSN: 1311-1728 (printed version); ISSN: 1314-8060 (on-line version) 

162 
 

 

Received: August 13,2025 

 

Figure 5. Comparison of Resampling methods accuracy scores [46] 

Integrated method affirms an advancement in overcoming imbalanced datasets as the SMOTE version has 

restrictions [47]. For complex techniques, implementation of SMOTE method and hybridised resampling 

algorithms has been identified to aid increased effectiveness and minimized inaccurate sampling. The Boxplot 

and ROC curve used to assess the optimum resampling method showed a definite significance of the SENN 

method in a study reported by Sajad Khodabandelu et al., [48] . Since the models trained using the original data 

had inadequate predictive power for the positive class and had poor calibration compared to the balanced dataset 

using the Stomek and SENN technique, this factor resulted in the elimination of the other methods in favour of 

the Stomek resampling method. On consideration of generic approach irrespective of specific classification, under 

sampling techniques performed superior to over sampling. In individual resampling technique category, SMOTE 

excelled in over sampling and cluster centroid excelled in under sampling, according to the significant insights 

obtained. A SMOTE variant technique was proposed by Daochen Zha et al., [49] for 1000 iterations and the values 

were observed to excel the current state of art methods, which was also evident from other studies [50] that 

SMOTE has efficient performance over 1000 iterations. Furthermore, it is undeniable that there isn't a single 

machine learning method that can be ranked as the most effective at the top of the hierarchy. In applications with 

a defined domain, they can produce the best outcomes and hybrid techniques were highly recommend for 

advanced data balancing. 

 

Figure 6. Box plot showing the performance of resampling technique implemented imbalanced data 

classification [48] 
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Conclusion 

The above discussed review study has paved way to establish the insights on the resampling techniques for health 

applications. The proliferation of datasets in recent years has led many industries to recognize them as valuable 

resources for gaining insights that can be used in strategic decision-making. In fields of healthcare involving 

screening and diagnosis, it is rarely apparent for the majority of instances to be identified with a single class, 

prompting the machine learning algorithm to develop classifiers that favour the majority class while overlooking 

the minority class labels. On consideration of generic approach irrespective of specific classification, under 

sampling techniques performed superior to over sampling. In individual resampling technique category, SMOTE 

excelled in over sampling and cluster centroid excelled in under sampling, according to the significant insights 

obtained. 

Furthermore, it is undeniable that there isn't a single machine learning method that can be ranked as the most 

effective at the top of the hierarchy. In applications with a defined domain, they can produce the best outcomes 

and hybrid techniques were highly recommend for advanced data balancing. In such a consideration a remarkable 

inference could indeed be drawn, seeing that integrated/hybrid SMOTE possesses impressive adaptability for 

resampling techniques and nonetheless, due to the fact that it is known for certain that the core SMOTE version 

possesses limitations, and the integrated techniques serves to establish an improvisation. 
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