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ABSTRACT 

Imbalanced class distribution remains a significant challenge in healthcare data analysis, particularly in 

disease-related datasets where minority classes representing critical conditions such as diabetes are 

severely underrepresented. This disproportionate representation often results in biased predictive models 

that exhibit reduced sensitivity to minority classes, leading to suboptimal diagnostic accuracy and reduced 

generalizability. Imbalanced data can decrease the performance of classification methods and result in 

overfitting. SMOTE is a frequently used method for addressing data imbalance. A recent SMOTE variant 

considers only outliers to remove minority classes (data noise) without considering minority data 

neighboring majority classes, which are considered noise. This research aimed to modify SMOTE based on 

KNN filtering and a modification of Manhattan-based distance metrics to reduce the generation of noise 

data in minority classes and minimize overlap. The proposed method is called NR-Modified SMOTE and 

has several stages in balancing data: (i) filtering by removing minority classes close to majority classes 

(data noise) using the KNN method, and (ii) applying SMOTE oversampling with the modification of the 

Manhattan distance metric. Experiments were carried out on two health datasets, Pima and Haberman, 

with NR-Modified SMOTE and classification using Random Forest, SVM, and Naive Bayes using 10-fold 

cross-validation, where the proposed method led to better accuracy for all classifiers than NR-SMOTE 

without distance metric modifications. 
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I. INTRODUCTION  

Health data often encounters imbalanced data issues, more 
frequently compared to other fields, particularly in disease-
related datasets such as breast cancer [1], diabetes, stroke [2], 
and heart disease [3]. Imbalanced health data is a crucial 
challenge to address. Imbalanced data refers to an unequal 
distribution of classes within a dataset, where one class is more 
dominant than the others [4]. Imbalanced data leads to biased 
classification outcomes [5], overfitting, and poor performance 
[6] of classification methods. SMOTE is a baseline solution to 
address imbalanced data issues, generating synthetic data based 
on linear interpolation between samples of the minority class 
with K Nearest Neighbors (KNN) [7].  

However, the SMOTE method has limitations, such as 
generating noisy synthetic data that can lead to overfitting [8, 
9] and overlapping between classes in decision boundary areas. 
Several studies have attempted to address the shortcomings of 
the SMOTE approach. The SMOTE-LOF method [10] 
combines SMOTE with the Local Outlier Factor (LOF) 
algorithm to retain samples from the original minority class and 
remove minority data considered outliers. In [11], the Radius-
SMOTE approach was proposed to address data imbalance 
issues, focusing on noise data filtering and generating synthetic 
data based on a safe radius to prevent overlap between classes. 
In [12], Borderline-SMOTE was modified with noise reduction 
techniques on uneven data. In [13], a K-Means approach was 
combined with SMOTE (KM-SMOTE). In [14-16], synthetic 
instances for minority categories were generated using different 
distance metrics in SMOTE, observing improvements in 
classification performance depending on the metric used. In 
[17], the Outlier-SMOTE approach was proposed to address 
imbalanced COVID-19 data, focusing on creating minority 
classes in outlier areas. In [18], KSMOTE was introduced, 
which applied a Kalman filter to identify and remove noisy 
data samples, reducing the impact of overfitting on 
classification methods. In [19], an Adaptive Synthetic (Adasyn) 
approach introduced modifications to distance metrics, using 
the Manhattan distance to resolve imbalanced student 
graduation data. 

The baseline reference for this study to modify the SMOTE 
method is [10]. The LOF technique is typically used in outlier 
identification, but it can be used to detect noise because most 
outliers are considered noise. SMOTE-LOF focuses on 
detecting noise among minority instances located in outlier 
areas. Minority-class instances identified as outliers are 
removed while retaining samples of the original minority class. 
Based on the findings of this study, the SMOTE-LOF method 
with �=3 performed better than the unmodified SMOTE on 
Pima, Haberman, and Glass datasets. However, this study has 
several shortcomings that must be addressed. First, only 
minority data considered noise in outlier areas are addressed, 
while important minority noise data adjacent to majority 
classes should also be resolved. Second, the study uses health 
data as experimental material, so removing minority classes 
from outlier areas may not be appropriate, as they may contain 
important information. Therefore, it is necessary to involve 

SMOTE oversampling processes, as proposed in [17], which 
suggests the Outlier-SMOTE oversampling technique to 
improve COVID-19 detection by prioritizing minority class 
instances in outlier areas. Third, the study in [10] does not 
address the problem of overlapping instances of minority 
classes generated by SMOTE, which can potentially become 
noise. An approach that could be used to minimize the overlap 
produced by SMOTE is to modify distance metrics, as in [14-
16]. 

This study adopts a combination of filtering and distance 
metric modification strategies to address the issues of noise and 
overlapping that commonly arise from SMOTE. The filtering 
mechanism is applied before SMOTE to eliminate minority 
samples that are likely to be noise, contributing positively to 
the handling of imbalanced data, as supported in [20, 21]. 
Additionally, modifying the distance metric within SMOTE 
helps reduce the overlap between synthetic minority samples 
and instances of the majority class, which can otherwise 
introduce more noise [22]. Therefore, this study aimed to 
modify SMOTE based on KNN filtering and Manhattan-based 
distance metrics to reduce noise data in minority classes and 
minimize overlapping. 

In this context, this study proposes a novel method termed 
Noise Reduction (NR)-Modified SMOTE (NR-Modified 
SMOTE), to improve the original SMOTE by incorporating 
two key innovations: (i) a KNN-based filtering process is used 
to discard minority samples located near majority instances, as 
they are more likely to be noise, and (ii) the Manhattan distance 
metric is utilized in the SMOTE process to reduce data overlap 
in synthetic minority class generation. Although the use of 
filtering techniques and Manhattan distance metrics in SMOTE 
has been widely discussed, the novelty in this study lies in the 
integration and application sequence of these components, 
which have not been examined in previous studies. 
Specifically, this study proposes a filtering algorithm for noise 
reduction prior to the synthetic sample generation process, 
followed by a modification of the Manhattan distance metric in 
SMOTE to maintain the distribution structure of the minority 
class. As this combination and application sequence have not 
been explicitly explored previously, this study offers a more 
effective approach to maintaining interclass boundaries and 
reducing the overlap of synthetic data with the majority class. 
The main contributions of this study include: 

 Integrates a KNN-based filtering approach to eliminate 
noisy minority class instances close to the majority class. 

 Introduces Manhattan distance into the SMOTE framework 
to reduce the occurrence of overlapping synthetic data, thus 
improving class separability. 

II. RESEARCH METHOD 

The first step is a review of the literature to collect and 
analyze relevant studies on modifications of the SMOTE 
method to address data problems. Literature review analysis 
yields insights into the latest approaches to modifying SMOTE 
for imbalanced data resolution and identifies gaps from 
previous research. The second step involves collecting health 
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data from Kaggle, including two publicly available datasets: 
the Pima dataset [23], which contains diagnostic data to predict 
the onset of diabetes, and the Haberman dataset [24], which 
includes survival records of breast cancer patients. The Pima 
dataset comprises 768 data entries with eight features, while the 
Haberman dataset includes 306 entries and three features. 
These two datasets were chosen because they are the most 
frequently used in experiments related to cases of imbalanced 
data [25]. Table I shows details of these two datasets.  

TABLE I.  DATASET USED 

Dataset Examples Minority Majority 

Pima 768 268 500 
Haberman 306 81 225 

 
The data preprocessing steps used in this study include 

scaling and data balancing using the proposed method. Feature 
scaling is applied to reduce the disproportionate influence of 
attributes with larger value ranges over those with smaller 
ranges. The scaling process is carried out using: 

�′ = ����	


���
���	

    (1) 

SMOTE, introduced in [26], is an oversampling technique 
to address class imbalance by generating synthetic minority 
instances through linear interpolation with Euclidean distance. 
This process, described in (2) and (3) [27], identifies the � 
nearest neighbors of the minority samples and interpolates 
among them. However, Euclidean distance may be less 
effective in high-dimensional spaces, potentially introducing 
noise and overlap in synthetic data. As an alternative, the 
Manhattan distance (4) has been proposed [28], offering 
improved performance in high-dimensional contexts when used 
within the SMOTE framework [29]. 

�
 = �� + ��� − ��� ∗ ϒ   (2) 

where term �
 refers to the inclusion of the minority class, ��  
denotes the minority class instance, �� represents the value of 
the k-nearest neighbor to �� , and ϒ  is a randomly selected 
vector with a value within the range of 0 to 1. 

����, �� = �∑ ��� − �����	
���    (3) 

���	��  �	��, �� = ∑ |�� − ��|	
���   (4) 

where �� refers to the Euclidean distance, ���	��  �	 denotes 
the Manhattan distance, �" represents the "-th test data on 
variable �, and ��  represents the "-th sample data on variable �. 

SMOTE has a significant drawback, as it may generate 
noisy data within the synthesized minority classes, and 
overlapping data may introduce additional noise, which can 
result in inaccurate classification outcomes. To address this 
issue, NR-Modified SMOTE utilizes a filtering approach with 
the KNN method to remove noise from minority classes 
adjacent to majority classes, with �=3 as in [11, 30, 31], and 
then performs SMOTE with a modification of the Manhattan 
distance metric to reduce potentially noise-generating 
overlapping data. 

In [10], the focus was solely on resolving the noise of 
minority classes located in outlier areas while neglecting the 

noise of minority classes adjacent to the majority classes and 
not addressing the potentially noise-generating overlapping 
data produced by SMOTE. In contrast, the proposed solution 
involves resolving noise from minority classes adjacent to 
majority classes using a filtering approach and addressing 
potentially noise-generating overlapping data by modifying the 
Manhattan distance metric in SMOTE. Figure 1 shows the 
detailed process of the proposed method. The initial step 
focuses on filtering through the KNN method to classify 
minority data as either noise or non-noise categories [31]. 
Minority data instances that are close to the majority class 
(noise) are removed. Then, the SMOTE method modified with 
the Manhattan distance metric is employed to balance the 
minority class and minimize the potential overlap of artificially 
generated minority class data, which could result in noise. By 
removing noise from the minority class before applying 
SMOTE, the amount of noise generated is reduced, thereby 
improving the overall performance of the classification method 
[32]. The fourth step consists of splitting the data into training 
and testing sets through a 10-fold cross-validation. This 
technique partitions the data into 10 subsets, with each fold 
alternating between serving as training and testing data. The 
next step involves applying classification methods, specifically 
Random Forest (RF), SVM, and Naïve Bayes (NB). 

The last stage involves assessing the effectiveness of the 
classification method. This evaluation is carried out using a 
confusion matrix, which illustrates the counts of correct and 
incorrect classifications, as presented in Table II [33, 34]. 
Accuracy is used to evaluate the performance of the models 
[35-38]. 

TABLE II.  CONFUSION MATRIX 

Actual 
Prediction 

Negative Positive 

Negative TN FP 
Positive FN TP 

 

III. RESULTS AND DISCUSSION 

A. Experimental Design 

The Pima dataset consists of 768 samples, with 500 
belonging to the Negative class and 268 to the Positive class, 
resulting in an imbalance ratio of 1.87. The Haberman dataset 
includes 306 samples, with 225 from the positive class and 81 
from the negative class, leading to an imbalance ratio of 2.78. 

Subsequently, a scaling procedure is applied to reduce the 
influence of features with the largest value range (max) 
compared to those with the smallest value range (min). 
Following this, data balancing is performed on both the Pima 
and Haberman datasets using the proposed NR-Modified 
SMOTE method. Figure 2 shows the sampling process using 
NR-Modified SMOTE on the Pima and Haberman datasets. 

The dataset, balanced using the proposed method, is 
subsequently classified using the RF, SVM, and NB algorithms 
using 10-fold cross-validation. Classification performance is 
evaluated using accuracy, which is derived from the confusion 
matrix. 
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Fig. 1.  Proposed method: NR-Modified SMOTE. 

 
Fig. 2.  Number of cases after oversampling with NR-Modified SMOTE. 

The original data distribution, shown in Figure 3, shows a 
significant class imbalance, characterized by the dominance of 
the number of samples in the majority class and a limited 

distribution in the minority class, which tends to be 
concentrated in certain feature areas and accompanied by the 
emergence of outliers in extreme areas. After applying the NR-
Modified SMOTE method (Figure 4), the class distribution 
becomes more balanced by adding synthetic data to the 
minority class that is more evenly distributed in the feature 
space. This technique avoids areas containing noise, thereby 
reducing the potential for overlapping between classes.  

B. Experimental Result 

Tables III and IV present the confusion matrix results of the 
RF method with NR-Modified SMOTE on the Pima and the 
Haberman datasets, respectively. Tables V and VI show the 
confusion matrix results of the SVM method with NR-
Modified SMOTE on the Pima and the Haberman datasets, 
respectively. Finally, Tables VII and VIII show the confusion 
matrix results of the NB method with NR-Modified SMOTE 
on the Pima and the Haberman datasets, respectively.  
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Fig. 3.  Original data distribution. 

 
Fig. 4.  Data distribution after applying NR-Modified SMOTE. 

TABLE III.  CONFUSION MATRIX FOR PIMA DATA USING 
RF 

Actual 
NR-SMOTE NR-Modified SMOTE 

Negative Positive Negative Positive 

Negative 425 75 428 73 
Positive 35 466 34 466 

TABLE IV.  CONFUSION MATRIX FOR HABERMAN DATA 
WITH RF 

Actual 
NR-SMOTE NR-Modified SMOTE 

1 2 1 2 

1 189 39 185 40 
2 9 216 5 220 

TABLE V.  CONFUSION MATRIX FOR PIMA DATA WITH 
SVM 

Actual 
NR-SMOTE NR-Modified SMOTE 

Negative Positive Negative Positive 

Negative 401 99 400 100 
Positive 70 430 63 437 

 
 

TABLE VI.  CONFUSION MATRIX FOR HABERMAN DATA 
WITH SVM 

Actual 
NR-SMOTE NR-Modified SMOTE 

1 2 1 2 

1 188 37 190 35 
2 76 149 75 150 

TABLE VII.  CONFUSION MATRIX RESULTS FOR PIMA DATA 
WITH NB 

Actual 
NR-SMOTE NR-Modified SMOTE 

Negative Positive Negative Positive 

Negative 403 97 403 97 
Positive 100 400 105 395 

TABLE VIII.  CONFUSION MATRIX ON HABERMAN DATA 
WITH SVM  

Actual 
NR-SMOTE NR-Modified SMOTE 

1 2 1 2 

1 198 27 195 30 
2 92 133 88 137 

 
According to these tables, the NR-Modified SMOTE 

method led to high accuracy across both the Pima and 
Haberman datasets with all classifiers. In the Pima dataset, RF 
correctly classified 428 out of 500 negative and 466 out of 500 
positive instances (Table III), while in the Haberman dataset, 
RF classified 185 out of 225 for class 1 and 220 out of 225 for 
class 2 (Table IV). In the Pima dataset, SVM classified 400 out 
of 500 negative and 437 out of 500 positive instances (Table 
V), while in the Haberman dataset, SVM classified 190 out of 
225 for class 1 and 150 out of 225 for class 2 (Table VI). In the 
Pima dataset, NB classified 403 out of 500 negative and 397 
out of 500 positive instances (Table VII), while in the 
Haberman dataset, Naïve Bayes classified 195 out of 225 for 
class 1 and 137 out of 225 for class 2 (Table VIII). 

Table IX compares the performance of NR-SMOTE and 
NR-Modified SMOTE with RF, SVM, and NB on the Pima 
and Haberman datasets. NR-Modified SMOTE outperforms 
NR-SMOTE in all cases. With RF, NR-Modified SMOTE 
achieves 89.36% accuracy on Pima and 89.20% accuracy on 
Haberman. Similarly, SVM with NR-Modified SMOTE also 
shows 83.70% accuracy on Pima and 75.64% accuracy on 
Haberman. Overall, NR-Modified SMOTE with RF 
outperforms SVM and NB on both datasets. 

TABLE IX.  PERFORMANCE RESULTS OF THE PROPOSED 
METHOD WITH DIFFERENT CLASSIFIERS ON HEALTH 

DATASETS 

Distance Method Dataset Accuracy 

Euclidean 

Random Forest 
Pima 

89.03% 
SVM 83.10% 

Naïve Bayes 80.30% 
Random Forest 

Haberman 
88.78% 

SVM 74.89% 
Naïve Bayes 73.56% 

Manhattan 

Random Forest 
Pima 

89.36% 
SVM 83.70% 

Naïve Bayes 79.80% 
Random Forest 

Haberman 
89.20% 

SVM 75.64% 
Naïve Bayes 73.78% 
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C. Discussion 

The test results indicate that the RF method with NR-
Modified SMOTE exhibits superior performance compared to 
the SVM and NB methods across all the datasets utilized. 
Moreover, NR-Modified SMOTE demonstrates better accuracy 
compared to NR-SMOTE without distance metric modification 
in all classification methods employed. The NR-Modified 
SMOTE method shows superior performance compared to the 
traditional SMOTE method in dealing with data imbalance 
problems. This is due to the initial stage in the form of a noise 
reduction process that aims to eliminate minority data that are 
not representative or can cause overlapping between classes. 
After the noise reduction process, synthetic data is added using 
SMOTE with the Manhattan distance approach, which is more 
effective in minimizing the risk of overlapping between classes 
compared to using Euclidean distance. 

Figure 5 presents a comparative visualization of the test 
results of the SMOTE, NR-SMOTE, and NR-Modified 
SMOTE methods on the two benchmark datasets, using the 
same classification algorithm, namely RF, to maintain the 
validity of the comparison. The results show that NR-Modified 
SMOTE provides the best performance. On the Pima dataset, 
the accuracy increases from 82.22% (SMOTE) and 89.03% 
(NR-SMOTE) to 89.36%. Meanwhile, on the Haberman 
dataset, the accuracy increases from 66.89% (SMOTE) and 
88.78% (NR-SMOTE) to 89.20%. These findings indicate that 
the NR-Modified SMOTE method is more effective in 
addressing class imbalance, especially on datasets with small 
sizes and uneven class distributions. 

 

 
Fig. 5.  Performance comparison of SMOTE, NR-SMOTE, and NR-
Modified SMOTE using RF. 

When compared to previous studies, the proposed NR-
Modified SMOTE method demonstrates enhanced performance 
compared to SMOTE-LOF [10], Radius-SMOTE [11], and 
IRS-BAG-Integrated Radius-SMOTE [38] on the same dataset. 
As shown in Table X, NR-Modified SMOTE improves 
accuracy by 15.14% on the Pima dataset and 20.32% on the 
Haberman dataset over SMOTE-LOF [10]. Compared to 
Radius-SMOTE [11], accuracy is increased by 2.96% on the 
Pima dataset and 12.6% on the Haberman dataset. Compared to 
IRS-BAG-Integrated Radius-Smote [38], accuracy is increased 
by 8.36% on the Pima dataset and 8.20% on the Haberman 
dataset. 

TABLE X.  COMPARISON OF THE PROPOSED WITH 
PREVIOUS APPROACHES 

Method Dataset Accuracy AUC 

SMOTE-LOF [10] 
Pima 74.22% 74.24% 

Haberman 68.88% - 

Radius-SMOTE [11] 
Pima 86.40% - 

Haberman 76.60% - 
IRS-BAG-Integrated Radius-

Smote [38] 
Pima 81.00% 86.00% 

Haberman 81.00% 79.00% 

Adasyn with RF 
Pima 81.11% 81.22% 

Haberman 60.30% 60.10% 

SMOTE with RF 
Pima 82.22% 82.20% 

Haberman 66.89% 66.89% 

NR-SMOTE with RF 
Pima 89.03% 89.03% 

Haberman 88.78% 88.78% 
Proposed method  

(NR-Modified SMOTE) 
Pima 89.36% 89.36% 

Haberman 89.20% 89.20% 

 
The proposed approach demonstrates superior performance 

across all classification techniques compared to various 
SMOTE variants, including SMOTE-LOF [10], Radius-
SMOTE [11], and IRS-BAG-Integrated Radius-SMOTE [38]. 
The improved performance of NR-Modified SMOTE is 
attributed to the noise removal process and the adjustment of 
the Manhattan distance metric within SMOTE. By removing 
noise from the minority class before applying SMOTE, the 
noise introduced by SMOTE itself is reduced, thus increasing 
the accuracy of classification [32, 39, 40]. Furthermore, using 
SMOTE with a modified Manhattan distance to balance 
minority classes helps reduce the likelihood of noise arising 
from artificial overlaps in the minority class [19]. As shown in 
Table X, NR-Modified SMOTE surpasses NR-SMOTE, which 
lacks distance metric adjustment, in both datasets, aligning with 
the findings from previous studies [16, 19]. 

The utilization of the Manhattan distance is superior to the 
Euclidean distance for generating synthetic minority classes 
because of its ability to capture nonlinear relationships and 
handle high-dimensional data more effectively. However, the 
impact of Manhattan distance in minimizing overlapping data 
in synthetic minority classes is not significantly pronounced. 
This could be influenced by the absence of decision boundaries 
in generating synthetic minority classes [41], thus necessitating 
the creation of new decision boundaries using clustering 
approaches to focus more on generating minority classes within 
each cluster. This approach could reduce data overlapping 
more effectively, improving the performance of classification 
methods. Another limitation of this study is that it uses only 
two small-scale datasets and does not use high-dimensional 
datasets such as MIMIC-III. 

IV. CONCLUSION 

This study proposes the NR-Modified SMOTE approach 
with RF to address data imbalance in healthcare datasets such 
as Pima and Haberman. The proposed method outperforms 
several previous studies on the same data. This is attributed to 
removing minority data deemed noise near the majority class 
using KNN filtering, followed by the Manhattan distance in 
SMOTE to reduce overlapping data in synthetic minority 
classes, potentially considered noise. The proposed method 
performs better than SVM and NB, with accuracies of 89.36% 
and 89.20% on the Pima and Haberman datasets, respectively.  
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In addition, NR-Modified SMOTE shows a better 
performance improvement compared to SMOTE-LOF, Radius-
SMOTE, and IRS-BAG-Integrated Radius-SMOTE on the 
Pima and Haberman datasets. Compared to SMOTE-LOF, 
accuracy increases by 15.14% on the Pima dataset and bt 
20.32% on the Haberman dataset. Compared to Radius-
SMOTE, accuracy increases by 2.96% on the Pima dataset and 
by 12.6% on the Haberman dataset. Compared to IRS-BAG-
Integrated Radius-Smote, accuracy increases by 8.36% on the 
Pima dataset and by 8.20% on the Haberman dataset. Further 
research could improve this method by implementing 
clustering processes to group data into several clusters to 
establish decision boundaries. Subsequently, SMOTE could be 
applied to each cluster to reduce overlapping data from 
synthetic minority classes. However, a limitation of this study 
is that it uses only two small-scale datasets and does not use 
high-dimensional datasets such as MIMIC-III. 
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