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Abstract. Class-imbalanced datasets are a common occurrence in real-
world applications. The imbalance between minority and majority classes
exists due to the over-representation of one class compared to another
in a dataset. The class imbalance might reflect a system’s behaviour
over time. However, the class imbalance causes sub-optimal performance
for machine learning models that predict the system’s future behaviour.
Various techniques are used to reduce the negative impact of class-
imbalanced datasets on machine learning models. Data resampling tech-
niques are one of the main techniques, and the subdivisions of data re-
sampling techniques include oversampling and undersampling. Oversam-
pling techniques have outperformed undersampling techniques in most
studies, and most data resampling techniques are derived from oversam-
pling. However, some oversampling techniques are ineffective when used
on minority-class datasets that lack within-class variation and have a
high-class imbalance. In this study, an analysis was performed to un-
derstand the changes in within-class variation before and after over-
sampling for nine datasets. Additionally, classification performance was
measured for standard and hybrid oversampled datasets. A novel hy-
brid oversampling technique that uses k-Means and ADASYN was imple-
mented. Hybrid oversampling techniques generated synthetic examples
that marginally changed the within-class variation and had the high-
est F1 score compared to standard oversampling techniques across nine
datasets.

Keywords: Class imbalance · Oversampling · ADASYN · Classification
algorithm · Within-class variation.

1 Introduction

A class-imbalanced dataset occurs when one class (the majority class) has signifi-
cantly more examples than the other (the minority class) [22]. Such an imbalance
may cause model prediction errors because a model trained on imbalanced data
tends to misclassify examples belonging to the minority class [17]. Certain appli-
cations of classification models focus on predicting the minority class outcomes
(e.g. machine failure, credit fraud detection, early cancer detection) [13, 4, 28].
In those scenarios, class-imbalanced datasets pose a significant threat to model
minority class prediction.



Class imbalanced datasets are common in real-world applications [12]. The
imbalance in a dataset may result from the type of real-world application (e.g.,
fraud detection systems) or the expense of observing rare undesired events
(e.g., space shuttle oil spillage) [22, 17]. Class-imbalanced datasets affect ma-
chine learning model predictions in varying ways. The most common negative
impact is misclassifying examples from the minority class as the majority class.
Misclassifying minority class examples might lead to an increase in False Nega-
tive(FN) outcomes.

In some cases, incorrectly predicting an outcome, particularly a false posi-
tive (FP) outcome, is associated with low costs/consequences [23, 5]. However,
predicting a False Negative (FN) outcome can lead to significant costs or conse-
quences, particularly in cases involving class-imbalanced datasets [23]. To reduce
the cost of ML models incorrectly predicting outcomes, precautions are taken
when imbalanced datasets are used for model predictions, since rare events are
hard to learn for most machine learning models[6].

Moreover, the impact of class-imbalanced datasets extends beyond just model
predictions; it also raises ethical considerations and fairness issues in machine
learning applications [5]. Models trained on class-imbalanced datasets may rein-
force biases observed in datasets, potentially leading to unfair or discriminatory
outcomes, especially when predicting underrepresented classes [12]. These bi-
ases can have far-reaching consequences, negatively affecting decision-making
concerning lending [26], hiring [10], and criminal execution [1].

Classifying minority class examples in a class-imbalanced dataset has become
a rigorously researched topic. Highly imbalanced datasets often result in classi-
fication models with high accuracy scores, which is not a reliable performance
indicator [22]. Various data underlying properties affect the classification of mi-
nority classes. The most prevalent underlying properties are the training size
of the dataset, the complexity of the dataset, and the degree of imbalance [16].
Multiple techniques have been proposed to reduce the most common issue about
class-imbalanced datasets, which is misclassifying minority class examples [17].
However, most techniques focus on improving the classification of minority-class
examples without addressing the underlying dataset properties that contribute
to the misclassification of minority-class examples.

2 Problem statement

Addressing class imbalance in datasets is a common challenge in machine learn-
ing. Existing approaches primarily focus on correcting the imbalance between
minority and majority classes without considering the impact on the dataset’s
intrinsic properties. Some datasets are inherently imbalanced due to the nature
of their application, e.g., space shuttle oil spillage data[12]. Rectifying the imbal-
ance might remove essential information or introduce noise in the dataset that
might hinder model performance [22].

A key issue in class-imbalanced datasets is the lack of within-class variation,
particularly in the minority class, which often has fewer distinct examples [17,



21]. The problem occurs when resampling techniques create synthetic examples
with minimal variation, worsening the misclassification of minority class exam-
ples [17]. This problem is further compounded by minority and majority class
examples that are close in similarity, making it difficult for models to distinguish
between them accurately [3].

Most existing methods for handling class imbalance focus primarily on im-
proving the classification of minority class examples while neglecting the issue of
within-class variation. However, both challenges often coexist in a single dataset,
impacting the model’s ability to learn meaningful patterns. This study aims to
analyse and address both factors using a novel technique to improve the model’s
output trained on class-imbalanced datasets.

3 Background

The techniques for class-imbalanced datasets consist of 3 categories. The first
category is data resampling techniques, which attempt to reduce the imbalance
level between the majority and minority classes during the data pre-processing
phase of a machine learning model [17]. Algorithm techniques modify the under-
lying Machine learning model parameters or hyperparameters to mitigate biases
in favour of the majority class [22, 23]. Hybrid techniques utilise data resampling
and algorithm techniques to mitigate issues concerning class-imbalanced datasets
[17]. The background section briefly discusses Data resampling, Algorithm-based,
hybrid techniques and related work.

3.1 Algorithm Methods

Cost-sensitive learning is one of the Algorithm-based techniques used to counter-
act the negative effects of class-imbalanced datasets. Elkan [11] first introduced
the method in 2001, demonstrating that a cost matrix could prioritise the minor-
ity class and reduce misclassification. Traditional classification algorithms like
Naive Bayes, Artificial Neural Networks and Support Vector Machines aim to
minimize the overall error rate [23]. Reducing incorrectly predicted outcomes,
regardless of the class, ignores the differences in misclassification errors and
assumes that all errors are identical [23]. In some real-world applications, the
assumption is false. Therefore, cost-sensitive learning aims to minimise a mis-
classification error that is a costly outcome [23, 11].
The limitation of Cost-Sensitive learning is that no standard approach is used
to determine the cost values. Sometimes, a domain expert is required to assign
the cost values [11, 8].

3.2 Hybrid techniques

Traditional machine-learning algorithms may struggle to obtain desired results
when datasets are highly imbalanced [9]. The inability to capture or learn essen-
tial underlying patterns from class-imbalanced datasets makes it challenging for



traditional machine learning models to function optimally [9]. Ensemble learn-
ing algorithms attempt to tackle the limitations of traditional machine learning
models when using highly imbalanced datasets. Ensemble learning algorithms
aim to learn various patterns on a dataset by extracting subsets and training
multiple learners (models) based on those subsets [9]. Thereafter, a voting or
weighing mechanism is imposed on all learners to create an aggregate model
that is better than one learner [27].
Ensemble learning algorithms attempt to reach a balance point between bias and
variance using Boosting and Bagging. Bagging is a shortened term for Bootstrap
Aggregating; the approach reduces high variances, which can lead to overfitting,
especially in high variance models like Decision Tree [27].
The boosting approach trains models sequentially, where the subsequent model
focuses on rectifying the previous model’s error to improve overall accuracy [25].

3.3 Data Resampling Techniques

There are multiple data under-sampling methods used to balance the distribu-
tion between majority and minority classes. Under-sampling techniques remove
majority class examples to balance or reduce the imbalance between classes [12].
There are two types of under-sampling methods: non-heuristics and heuristics
sampling methods. Non-heuristic techniques randomly remove examples from
the majority class to reduce the imbalance ratio between majority and minority
groups; these methods are known as Random Under-Sampling techniques (RUS)
[19]. These methods are considered naïve since they assume that most events re-
sulting from a specific feature are independent of another feature. This assump-
tion in real-world applications is usually incorrect [19]. Non-heuristic techniques
do not improve model performance significantly when used with traditional clas-
sification models. However, their application in deep learning has produced bet-
ter results compared to heuristic methods [17].
On the other hand, heuristic techniques focus on retaining vital information that
can help a model learn about various classes while removing redundant exam-
ples. [12]. Multiple heuristic undersampling methods aim to strategically remove
certain majority class examples based on their significance.

There are multiple data oversampling-sampling techniques used to balance
the distribution between majority and minority classes. Data oversampling meth-
ods adjust the dataset’s distribution and decrease the imbalance between the
majority and the minority class by adding minority class examples [17]. Over-
sampling techniques are also divided into two categories, which are heuristics
and non-heuristics.

Non-heuristic techniques randomly duplicate examples of the minority class
to balance the distribution between the majority and minority classes. These
methods are known as Random Over-Sampling Techniques (ROS) [12]. The
challenge with ROS methods is that they tend to increase the likelihood of
over-fitting. Over-fitting occurs due to generating multiple copies of the same
minority class examples in a dataset [20]. ROS methods are known to underper-
form when used with traditional classification models. However, modern deep



learning applications have seen ROS outperform other alternative methods [17].
Heuristic oversampling techniques attempt to overcome the challenges of ROS
techniques. Heuristic oversampling techniques reduce over-fitting and class im-
balance using interpolation to generate synthetic examples [12]. Many of these
heuristic methods for oversampling are derived from SMOTE (Synthetic Minor-
ity Over-sampling Technique) [17]. SMOTE generates synthetic examples that
are similar to the original class examples but differ slightly to add variety [4].
SMOTE performs better than ROS methods in cases where the class imbalance
is high [4]. The increased popularity of SMOTE led to different variations of
SMOTE.

Coefficient of Variation for Measuring Within-class variations

Class imbalance is a common challenge in machine learning, where the distri-
bution of classes in a dataset is highly skewed, with one class significantly out-
numbering the others [22, 17]. This issue can lead to biased model performance
and decreased accuracy, specifically for the minority class. Past research papers
have explored various techniques to mitigate the impact of class imbalance, and
one crucial aspect is assessing the within-class variation [2, 24]. The coefficient of
variation (CV) is a widely used statistical measure that relates the standard devi-
ation to the mean of a dataset [15, 18]. It is particularly valuable when analysing
datasets with different scales or units. In the context of imbalanced datasets, the
CV has emerged as a valuable tool for measuring within-class variation [2]:

CV =
σ

µ
(1)

where σ is the standard deviation of a set and µ is the mean of a set. One of the
primary reasons for using CV in imbalanced datasets is its ability to normalise
the variation across features or classes. In class imbalance datasets, the minority
class may exhibit higher or lower variability due to its smaller sample size [16].
This variability can adversely affect model training and generalisation [23, 16].
By calculating the CV within each class, researchers can obtain a standardised
measure of variation that facilitates fair class comparisons [7].

4 Related work

SMOTE generates synthetic examples that are similar to the original class ex-
amples but differ slightly to add variety [4]. SMOTE performs better than ROS
methods in cases where the class imbalance is high [4]. The increased popularity
of SMOTE led to different variations of SMOTE. In some instances, the border-
line class examples are essential for classification. Borderline SMOTE was devel-
oped to generate minority examples close to the borderline [13]. In 2005, Han,
Wang and Mao conducted an experiment using a linearly inseparable dataset



[13]. The investigation showed that borderline-SMOTE achieved a better True
Positive rate and F1-Score than ROS and SMOTE for the minority group [13].
In 2009, Bunkhumpornpat, Sinapiromsaran and Lursinsap [3] proposed a method
called Safe level-SMOTE, which assigns each positive instance a safe level value
before generating synthetic examples. A safe level value is the number of positive
samples in k-NN [3]. The safe level ratio is used to categorise the state of a pos-
itive instance into noise or safe. If a safe level is close to 0, the positive instance
is considered noise, but if it is close to 1, it is considered safe. An experiment
by the same authors using two datasets from the UCI repository shows that
safe-level SMOTE outperforms SMOTE and Borderline SMOTE.
In 2008, Haibo and Yang proposed a technique called Adaptive Synthetic Over-
sampling (ADASYN) [14], based on generating synthetic minority class examples
using a minority class distribution. The technique focuses on generating minor-
ity class examples that are harder for the classifier to learn than those that are
not. It was observed that the method outperforms the SMOTE technique in
experiments performed by Haibo and Yang [14].
Under-sampling and Over-sampling techniques help address the challenges of
imbalanced datasets during data pre-processing. However, there is a limitation
regarding improving the within-class variation and reducing overlapping class
distribution. Most methods focus on one of the two factors. Therefore, consider-
ing both factors might provide a robust approach that this dissertation analysed.

5 Dataset

Nine datasets were used for the research study. The datasets are available on the
Kaggle repository. Every dataset contains a target variable that has Boolean val-
ues (e.g., True or False, 1 or 0). The names of the datasets are credit-card-fraud-
detection-dataset-2023, telco-customer-churn, stock-data-with-industry-information,
heart-failure-prediction, loan-default and social-network-ads. All datasets had a
class imbalance, where the minority class represented at most 15% of the dataset.
Each dataset had at a minimum 2000 records (instances). The least number of
independent variables was eight for a dataset. Multidisciplinary datasets were
used to investigate each resampling method.

6 Resampling techniques

In this study, the resampling techniques were selected based on their resemblance
to the proposed technique and the resampling type. SMOTE was selected since
it is the base technique, from which most techniques are derived. k-SMOTE
is a hybrid technique that is similar to the proposed technique (k-ADASYN).
ADASYN constitutes one component of the proposed technique, which integrates
both k-Means and ADASYN. There are numerous other techniques that could
have been considered; however, the ones selected had the most resemblance based
on the literature.



Experiment 1 Aimed to evaluate if the hybrid or standard oversampling tech-
niques overestimate or underestimate the coefficient of variation for different
minority class subsets. The experiment aimed to measure each oversampling
technique’s accuracy in estimating the expected Coefficient of Variation (CV)
for a minority class subset.

1. A subset was created by randomly selecting R% of the minority class exam-
ples.

2. The hybrid and standard oversampling techniques were used to increase the
minority class subset by 100%.

3. The coefficient of variation was calculated for the oversampled subset.
4. The expected coefficient of variation was calculated using Bootstrap, and

the following sub-procedures were performed:
(a) A subset was created by randomly selecting minority class examples

with replacements. The subset created was 2 × R% of the minority class
examples.

(b) The coefficient of variation was calculated for the subset and recorded.
(c) Steps 4.a to 4.b were repeated 1000 times using different samples (boot-

strap samples).
(d) The expected CV was calculated using an average of all 1000 bootstrap

sample CVs.
5. Each oversampling technique’s CV values were compared to the bootstrap

expected CV value.
6. The CV values of the standard oversampling technique were compared to

those of the hybrid oversampling technique.

Experiment 2 Aimed to measure and compare ML classification performance
scores before and after using standard and hybrid oversampled datasets.

1. SMOTE, ADASYN, k-SMOTE, and K-ADASYN 1 were performed on the
minority class to achieve an imbalance ratio of 70:30 (majority: minority
class).

2. The Decision Tree, XGBoost and Random Forest models were used to eval-
uate the prediction performance of the oversampled dataset for each over-
sampling technique.

3. The hyperparameters of each classification model were tuned to enhance
overall classification performance based on the oversampled dataset.

4. The F1 score and AUC for each classification model were computed to eval-
uate the efficacy of each oversampling technique.

5. The performance scores of the standard oversampling techniques were com-
pared to those of the hybrid oversampling techniques.

6. The performance scores for hybrid oversampling techniques were compared
between the two hybrid techniques.

1 k-ADASYN was the proposed new technique for implementing a hybrid oversampling
technique



7 Experiment Results

7.1 Experiment 1

Table 1. Coefficient of variation for oversampled and bootstrapped data subsets, the
subsets were 25%, 35%, and 45% of the minority class examples across all datasets.

Dataset Minority class subset size Bootstrap SMOTE ADASYN k-SMOTE k-ADASYN
25% 1.77 1.67 1.67 1.68 1.81

1 35% 1.78 1.68 1.64 1.66 1.79
45% 1.78 1.60 1.63 1.59 1.75
25% 2.95 3.19 2.95 2.99 2.95

2 35% 2.92 2.56 2.40 2.49 2.56
45% 2.93 2.88 2.33 2.50 2.62
25% -4.01 -4.01 -4.01 -4.01 -4.01

3 35% -4.02 -3.04 -3.10 -2.69 -3.11
45% -4.02 -2.96 -3.08 -2.87 -3.24
25% 3.34 3.10 3.23 3.56 3.34

4 35% 3.33 3.13 3.58 3.24 3.47
45% 3.30 3.65 3.69 4.05 4.10
25% 2.82 2.93 2.81 2.75 2.91

5 35% 2.82 1.92 2.04 2.03 2.35
45% 2.82 1.86 2.10 2.23 2.35
25% -4.67 -4.67 -4.67 -4.67 -4.67

6 35% -4.66 -4.39 -4.73 -3.84 -4.87
45% -4.72 -4.49 -5.71 -3.60 -5.40
25% -8.04 -8.04 -8.04 -8.04 -8.04

7 35% -7.95 -8.45 -6.72 -9.13 -8.26
45% -7.99 -7.84 -6.65 -7.59 -7.59
25% 1.37 1.37 1.37 1.37 1.37

8 35% 1.37 1.18 1.21 1.34 1.39
45% 1.35 1.13 1.17 1.09 1.27
25% 25.77 29.97 22.17 50.89 25.77

9 35% 26.58 9.04 6.86 8.96 10.73
45% 28.78 14.60 9.02 21.97 16.04

Table 1 shows that when the expected bootstrap dataset CV was low, it
marginally differed from the oversampled dataset CV. The lowest difference be-
tween the expected bootstrapped and oversampled dataset CV was observed in
Datasets 1, 2, and 8, where the expected CV was low compared to other datasets.
When the expected bootstrap dataset CV was high, it significantly differed from
the oversampled dataset CV. The highest difference between the expected and
oversampled dataset CV was observed in Dataset 8, where the expected CV was
the highest compared to other datasets. The coefficient of variation (CV) values
for the Bootstrap and Oversampling techniques that were identical or closely
similar were highlighted in bold to indicate their strong correlation. Where CV
values were identical for all techniques, they were not highlighted in bold.

In most instances where the expected Bootstrap CV was low, the oversampled
dataset CV was identical to the expected bootstrapped CV for the 25% minor-
ity class subset size. When the minority class subset size increased to 35% and



45%, the expected bootstrapped dataset CV marginally differed from the over-
sampled dataset CV (e.g., Dataset 1, 2, 8). When the expected bootstrapped
dataset CV was high, the oversampled dataset CV significantly differed from
the bootstrapped dataset CV (e.g., Datasets 4, 7, 9). Based on results shown in
Table 1, oversampling techniques overestimate and underestimate the expected
coefficient of variation. In most instances, Hybrid Oversampling techniques over-
estimate the expected bootstrapped dataset CV, while Standard Oversampling
techniques underestimate it (e.g., Datasets 1, 2, 8, 9). However, there are in-
stances where all oversampling techniques overestimate or underestimate the
expected CV. Therefore, the CV overestimation and underestimation depend on
the dataset’s properties.

Increasing (overestimating) the CV of the dataset improves the within-class
variation by introducing dispersion or variability in the class. Improving the
within-class variation for the minority class was performed to assist machine
learning models in correctly classifying minority class examples. Three machine
learning models were used to check if oversampling techniques used to modify
the within-class variation improved the classification of minority class examples.

7.2 Experiment 2

The objective of experiment 2 was to verify whether modifying the distribution
of the minority class improves the classification of minority class examples. To
prevent data leakage, the test data was scaled using the mean and standard de-
viation of the training dataset. The method which was used to scale the data was
Standardisation. The classification models were trained using 70% of the dataset
for each of the nine datasets. The models were tested using the remaining 30%
that was not used to train each model. The following table shows the classifica-
tion performance metric scores for the original and oversampled datasets.

Extreme Gradient Boosting (XGBoost) The Extreme Gradient Boosting
(XGBoost) tuned hyperparameters were learning rate, max depth, number of
estimators, sub-sample and colsample bytree. The following table shows the clas-
sification performance metric scores for the original and oversampled datasets.

Table 2 shows the XGBoost classification results for all nine datasets. The
classification performance scores shown were f1 and AUC. The standard tech-
niques outperformed hybrid techniques (e.g., Datasets 2,3,6,7,9). However, the
k-ADASYN f1 score and AUC show that the precision and accuracy scores for
the XGBoost algorithm were lowest for most datasets.

Random Forest Model Results The Random Forest Model tuned hyperpa-
rameters were max depth, minimum sample leaf, minimum sample split, max
features and criterion. The following table shows the classification performance
metric scores (F1 and AUC) for the original and oversampled datasets.



Table 2. XGB Classification model performance result for all nine datasets

Dataset no. Performance Score Original ADASYN k-SMOTE SMOTE k-ADASYN
1 F1 score 99.99 99.98 99.98 99.99 99.99

AUC Score 100.00 99.99 99.99 99.99 99.99
2 F1 score 99.62 100.0 100.0 99.68 99.63

AUC Score 99.62 100.0 100.0 99.68 99.63
3 F1 score 50.91 55.44 52.84 52.17 55.08

AUC Score 66.80 70.29 68.77 68.38 68.99
4 F1 score 100.0 100.0 100.0 100.0 100.0

AUC Score 100.0 100.0 100.0 100.0 100.0
5 F1 score 10.13 78.98 80.00 77.09 87.82

AUC Score 52.85 85.20 84.85 82.26 90.71
6 F1 score 81.33 80.14 81.43 79.27 79.63

AUC Score 80.79 84.61 85.56 83.97 75.12
7 F1 score 43.69 42.89 35.31 34.87 41.67

AUC Score 61.63 63.76 60.56 60.41 60.76
8 F1 score 72.22 64.20 65.82 64.20 79.45

AUC Score 79.71 77.20 77.77 77.20 83.47
9 F1 score 71.01 78.61 78.87 76.61 65.83

AUC Score 78.80 83.09 83.32 82.13 75.57

Table 3. Random Forest Classification model performance result for all nine datasets

Dataset no. Performance Score Original ADASYN k-SMOTE SMOTE k-ADASYN
1 F1 score 99.99 99.98 99.99 99.99 99.98

AUC Score 99.99 99.99 99.99 99.99 99.98
2 F1 score 99.62 100.0 100.0 99.68 100.0

AUC Score 99.62 100.0 100.0 99.68 100.0
3 F1 score 48.16 56.84 56.84 56.84 50.21

AUC Score 65.11 70.94 70.94 70.94 66.28
4 F1 score 100.0 100.0 100.0 100.0 100.0

AUC Score 100.0 100.0 100.0 100.0 100.0
5 F1 score 0.00 79.93 82.96 77.67 87.43

AUC Score 50.00 85.86 87.82 83.94 91.15
6 F1 score 83.17 80.00 80.00 80.00 82.69

AUC Score 82.46 84.37 84.37 84.37 80.10
7 F1 score 41.74 34.67 34.67 34.67 39.47

AUC Score 61.53 60.35 60.35 60.35 60.66
8 F1 score 77.33 64.20 64.20 64.20 80.00

AUC Score 83.77 77.20 77.20 77.20 85.33
9 F1 score 67.45 72.49 77.13 78.31 70.65

AUC Score 75.72 78.80 81.78 82.51 78.29

Table 3 shows the Random Forest classification results for all nine datasets.
The classification performance scores shown were F1 and AUC. Overall, the
standard techniques performed the same as the hybrid techniques. In some cases,
the ADASYN, SMOTE and k-SMOTE had the same F1 score (e.g., Datasets



4, 2, 1). k-ADASYN was an outlier when compared to the other techniques for
datasets 5 and 8. The difference between the hybrid and standard oversampling
technique’s classification scores was small since some scores were the same for
both hybrid and standard techniques. Overall, the classification of minority class
examples improved after oversampling using hybrid and standard techniques.
The F1 score was higher for hybrid techniques than standard ones across all
three classification models. While the AUC scores varied based on the dataset.

Decision Tree Model Results The Extreme Gradient Boosting (XGBoost)
tuned hyperparameters were n_estimators, criterion, max_depth and max_features.
The following table shows the classification performance metric scores for the
original and oversampled datasets.

Table 4. Decision Tree Classification model performance result for all nine datasets

Dataset no. Performance Score Original ADASYN k-SMOTE SMOTE k-ADASYN
1 F1 99.20 99.61 99.81 98.94 99.99

AUC 99.64 99.78 99.88 99.32 99.99
2 F1 score 95.82 94.46 98.56 98.73 99.63

AUC Score 97.60 98.08 99.39 99.43 99.63
3 F1 score 51.20 43.99 47.38 43.99 55.08

AUC Score 66.98 64.32 66.10 64.32 68.99
4 F1 score 98.35 91.76 99.65 97.86 100.0

AUC Score 99.67 92.79 99.92 98.16 100.0
5 F1 score 0.00 57.81 65.09 57.70 87.82

AUC Score 49.89 73.49 76.74 73.12 90.71
6 F1 score 79.86 63.53 71.16 63.53 79.63

AUC Score 80.14 74.39 79.02 74.39 75.12
7 F1 score 42.04 36.39 39.87 36.39 41.67

AUC Score 59.84 60.64 62.44 60.64 60.76
8 F1 score 77.33 65.12 54.55 65.12 79.45

AUC Score 83.77 78.71 70.95 78.71 83.47
9 F1 score 56.95 63.06 67.48 66.00 65.83

AUC Score 72.60 75.21 77.86 76.82 75.57

Table 4 shows the Decision Tree classification results for all nine datasets.
The classification performance scores shown were F1 and AUC. The hybrid
techniques outperformed standard techniques (e.g., Datasets 1, 2, 3, 4, 5, 8).
The k-ADASYN outperformed k-SMOTE for most of the datasets used; only a
few datasets (e.g., Dataset 9), where k-SMOTE outperformed k-ADASYN. The
oversampling of the minority class improved the classification of minority-class
examples for most datasets (e.g., Datasets 1, 2, 3, 4, 5, 6, 9).



8 Result Discussion

Oversampling the minority class affects the within-class variation (coefficient of
variation) in various ways. Based on the coefficient of variation, the changes in
the within-class variation differ from one dataset to the other. However, the com-
mon observation across all datasets was that the coefficient of variation of the
minority class dataset and the oversampled minority class dataset was the same
or almost the same when the CV was small (close to zero). When the minority
class dataset CV was large (greater than 10), the oversampled minority class CV
was significantly lower than the original minority class dataset. When the over-
sampled dataset’s CV was similar to the original dataset’s CV, it indicated that
the synthetic examples generated through oversampling marginally improved the
within-class variation. When the oversampled dataset CV was higher than the
original dataset CV, the generated synthetic examples improved the within-class
variation.

Hybrid Oversampling Techniques generated a CV value more similar to the
original minority class CV than Standard Oversampling Techniques. The similar-
ities in CVs indicate that Hybrid Oversampling Techniques generated synthetic
examples that closely resemble the original data. A high CV similarity between
the synthetic and the original examples reduces the likelihood of misclassifying
minority class examples. The low dispersion or variability ensures that minority
classes are easily identifiable based on their similar characteristics. However, un-
known distinct minority class examples might be misclassified if they were not in
the training set. A low CV similarity between the synthetic and original dataset
examples might have a higher likelihood of misclassifying the minority class ex-
amples. However, unknown distinct minority class examples might be correctly
classified due to the synthetic examples containing more distinct characteristics
than the original dataset.

The Hybrid Oversampling Techniques had the highest average F1 score across
all nine datasets and had the most similar minority class dataset CV when com-
pared to the original minority class dataset CV. The High F1 score was observed
when the model’s recall score was higher than the precision score. Standard
Oversampling Techniques had the highest F1 score when the precision score was
higher than the recall score. Therefore, choosing Hybrid or Standard Oversam-
pling Techniques depends on the importance of the recall or precision score.

9 Conclusion

The classification of the oversampled datasets outperformed the original datasets
when comparing performance metrics. However, when the initial coefficient of
variation was very low, the original dataset classification performance was nearly
identical to the oversampled dataset classification performance. When the ini-
tial coefficient of variation was high, classification scores for oversampling tech-
niques significantly outperformed the original dataset classification score. The



hybrid oversampled dataset classification scores were higher than the standard
ones for the Decision Tree algorithm and differed marginally for XGBoost and
Random Forest. k-ADASYN classification scores outperformed all other over-
sampling techniques using the Decision Tree algorithm. Based on the F1 score,
where the recall score is very high, the proposed novel hybrid technique should
be used in cases where predicting a false negative is more costly than predicting
a false positive.

10 Recommendations

There is little research on hybrid oversampling or undersampling techniques. The
combination of clustering and data resampling techniques might offer tremen-
dous performance gain. Therefore, other clustering-based oversampling or under-
sampling techniques should be explored to understand their performance against
other standard techniques. Additionally, the k-ADASYN and Decision Tree algo-
rithms should be used with various datasets to test whether similar observations
can be obtained in another study.

Disclosure of Interests. The author declares no competing interests relevant to the
content of this article.
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