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ABSTRACT Class imbalance occurs frequently in machine learning, particularly in binary classification
tasks where the majority class has a significantly larger number of samples than the minority class.
The majority class is often favored by conventional classifiers, which can lead to biases from improper
oversampling or subpar performance when detecting instances of the minority class. Consequently, there
is growing concern about algorithmic fairness. Thus, the goal is to improve the ability to identify different
discriminatory patterns in the data by creating a large number of test cases, which will result in more fair
and unbiased model performance. Here, we introduce SMOTEHashBoost, an ensemble learning approach
that overcomes class imbalance by combining three core methods: SMOTE oversampling, hash-based
undersampling, and AdaBoost boosting. The proposed approach combines weak classifiers to increase the
model’s ability to generalize while generating a balanced and representative dataset. The effectiveness of
SMOTEHashBoost is demonstrated by improved performance in handling imbalanced datasets, which makes

it a dependable solution for skewed class distributions in real-world classification problems.

INDEX TERMS Class imbalance, ensemble classifier, HUE, RUSBoost, SMOTE.

I. INTRODUCTION

Generally, standard algorithms for classification assume a
balanced data distribution, which indicates that there are an
equal or nearly equal number of examples of each class
in the dataset [1], [2]. But in many real-world situations,
this assumption is frequently incorrect. For example, in the
COVID-19 disease classification system [3], the majority
class is represented by healthy patient data, whereas COVID-
19 patient data form the minority class. Crucially, end users
frequently prioritize concerns for the minority class. Thus,
the most challenging aspect of training a classification model
on imbalanced data is figuring out which class to focus on,
usually the minority class. However, if every occurrence is
given the same weight, classifiers might ignore the minority
class more frequently. Because of its higher representation,
the majority class tends to predominate and add more to the
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overall accuracy (ACC) of the classifier, which could result
in the minority class being poorly detected. When there is
a large discrepancy in the distribution of classes, traditional
data mining techniques tend to favor the over-represented
majority class. Due to this bias, the minority class—which
is often the positive class—is not as well detected, resulting
in misclassifications that cost the most [1], [2], [4], [S]. Thus,
creative approaches are needed to guarantee that the model
correctly detects these crucial but infrequent occurrences.
Several approaches have been put out to address the class
imbalance, the most well-known of which are data processing
(sampling), algorithmic (Ensemble methods), and advanced
(synthetic data generation) [1], [2], [4], [6]. However, the
simplest way is to either decrease the number of instances
of majority classes (undersampling) or raise the number of
instances of minority classes (oversampling). Consequently,
data sampling aims to modify the class distribution in
the training data. Undersampling and oversampling can
now be done using a variety of techniques. The simplest
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method of resampling a dataset is random resampling.
Replicating instances from the minority class balances
the dataset by random oversampling until the target class
ratio is attained. Similarly, random undersampling (RUS)
diminishes the majority class by arbitrarily removing cases
until the desired balance is reached. Furthermore, there exist
increasingly advanced and “intelligent” methods for both
undersampling and oversampling [1], [2], [4], [6], [7]. But,
each oversampling and undersampling strategy has benefits
and drawbacks of its own.

Therefore, a simpler and faster imbalance dataset learning
algorithm, i.e., RUSBoost, has been proposed to achieve
decent performance and to reduce the model training time [8].
The discovery and thinning clusters of the majority class
have been proposed by Bach et al., which eliminates the
data samples of high-density areas of the majority class [9].
Likewise, the clustering approach has been employed in the
data pre-processing stage for an undersampling strategy to
construct an effective machine learning model for imbalanced
datasets [10]. The imbalanced class distribution problem has
been resolved by cluster-based undersampling approaches,
which discover the representative samples from minority
classes to enhance classification ACC [11]. Besides, the
data samples near the majority class’s decision boundary
have only been accepted with the minority class to train the
weighted support vector machine for biological imbalanced
data [12]. The principal drawback associated with under-
sampling is the information loss that arises from eliminating
samples from the training dataset [1], [2], [4], [6], [7].
Nonetheless, a significant benefit is that because of the
reduced dataset size, it takes less time to train models. As a
result, it affects the classifier’s performance and causes a loss
in generality.

By keeping every example in the resampled data, over-
sampling, on the other hand, maintains all the information
from the original dataset. The resampled dataset contains
either newly created minority class examples or duplicates,
depending on the oversampling approach used [1], [2], [4],
[6], [7]. K-Nearest Neighbor (K NN) OveRsampling method
has been applied to minority classes by discovering the
important and secure areas for augmentation and producing
synthetic data samples [13]. To address the time-consuming
process of KNN, a fast oversampling method, i.e., Fast Syn-
thetic Minority Oversampling Technique (SMOTE), has been
constructed by performing the feature analysis of minority
class [14]. Additionally, a weighted oversampling approach
has been applied to the hard-to-learn data points of the minor-
ity class to compute appropriate weight using Euclidean
distance from the majority class [15]. The Localized Random
Affine Shadowsampling has been employed for the minority
class by Bej et al. in [16] to estimate the local probability
distribution and reduce misclassification properly. It can be
concluded that oversampling does not eliminate information,
but it does have certain drawbacks. It lengthens the time
needed for model training by producing duplicates or new
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examples. Also, it might result in overfitting if duplicate
instances are used [17]. The literature states that SMOTE is
a widely utilized approach among various dataset-balancing
techniques. Over the years, various variants of SMOTE have
been developed to address the data imbalance issue and
improve its performance [1], [2], [4], [6], [7].

Recently, an SMOTE-based oversampling approach for the
encoder/decoder deep learning framework has been proposed
to mitigate the issue of imbalanced data [18]. Similarly, the
quality and size of datasets have been improved for deep
learning model training through a standard data augmentation
approach [19]. The concept of extended oversampling
has been introduced to reduce class imbalance in image
datasets and enhance the learning of convolutional neural
networks [20]. Additionally, generative adversarial networks
(GANs) have been adopted as data augmenters to perform
the meta-analysis of GitHub projects [21]. Moreover, class
rebalancing for minority classes was performed using the
meta-learning approach, which aimed to augment the demand
space for these classes [22]. Further meta-knowledge has
been improved by balancing the learning variables to achieve
a better solution [23]. Also, the meta-learning approach has
been adopted for a few shot learning algorithms during evalu-
ation through meta-dataset to enhance the performance [24].

Besides the above-advanced techniques, boosting is
another technique to enhance classification performance.
Boosting enhances the effectiveness of any weak classifier,
independent of data balance, in contrast to many data
sampling strategies created expressly to address class imbal-
ance [25], [26]. AdaBoost [27] is the most used boosting
technique; it builds an ensemble of models iteratively.
To make misclassified instances more likely to be correctly
classified in the following iteration, the weights of those
examples are modified in each iteration. The models jointly
contribute to classifying newly found, unlabelled data
through a weighted voting method once all iterations have
been completed. Minority class instances, which are more
likely to be incorrectly classified, are given more weight in the
following rounds, making this method especially useful for
addressing class imbalance. Boosting is occasionally referred
to as an enhanced technique for data sampling [7], [25],
[26]. Either “reweighting” or ‘“‘resampling’’ can be used to
boost [28], [29]. Not all algorithms can use these weights in
their decision-making; in reweighting, the changed example
weights are transmitted straight to the base learner in each
iteration. Since the training data is resampled based on the
specified weights, we apply boosting by resampling in this
research. The resampled data is then utilized to create the
model for each iteration.

Techniques for artificial oversampling have shown to be
quite successful in rectifying skewed datasets [1], [2], [4],
[6], [7]. However, given that data-driven algorithms have
been shown to generate biases, worries about algorithmic
fairness are growing. This issue occurs because when creating
synthetic instances, they do not consider the majority class
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distribution. The goal is to improve the ability to identify
different discriminatory patterns in the data by creating many
test cases, which will result in more fair and objective
model performance. To improve the performance of models
trained on imbalanced datasets, we present in this study
a novel hybrid technique called SMOTEHashBoost, which
combines boosting and data sampling. SMOTEHashBoost is
a boosting model framework that integrates hashing-based
sampling and SMOTE to handle class imbalance. Using a
hashing-based undersampling ensemble technique, SMOTE-
HashBoost picks a representative sample of majority class
examples almost uniformly at random for constructing
the subsets. By creating artificial instances for the under-
represented class, the approach uses SMOTE to oversample
the minority class and guarantee a balanced dataset in the
subset. By doing this, the skewed distribution is lessened,
and the classifier’s capacity to identify instances of minority
classes is enhanced. This method enriches the solution space
and avoids bias towards the majority class by minimizing
duplication in the majority class, which generates different
training subsets. These varied subsets serve as the basis
for training the basic classifiers, and in the following
rounds, boosting is used to iteratively improve the model
by emphasizing misclassified examples. SMOTEHashBoost
builds a strong and efficient final model that can handle
extremely imbalanced data by merging these classifiers with
boosting.

The paper is organized as follows: The theoretical basis
and the suggested technique are presented in Section II.
We present the dataset and offer a detailed analysis of
the findings in Section III. Lastly, Section IV highlights
our research contributions and summarizes the conclusions
derived from our findings.

Il. THEORETICAL BACKGROUND

The fundamental ideas of SMOTE, hash-based sampling, and
AdaBoost are presented in this section. First, each technique’s
underlying ideas are clarified, giving its application perspec-
tive. The suggested hybrid strategy is then given, which
combines these techniques to address class imbalance more
successfully.

A. SYNTHETIC MINORITY OVER-SAMPLING TECHNIQUE
(SMOTE)

One popular technique for resolving class imbalance in
datasets is the SMOTE [30]. SMOTE balances the class
distribution by creating synthetic instances rather than
just copying minority class examples, which enhances the
efficiency of classification algorithms on imbalanced data.
Following are the steps of SMOTE:

1) Identify Minority Class Instances: Let the dataset D =
{(X;, Y,-)}?; | contain N instances, where X, refers to
the minority class instances and X, to the majority
class instances. The goal is to increase the number of
Xmin instances by generating synthetic samples.
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2) Select Nearest Neighbors: For each instance x; in the
Xmin, the KNN of that instance are identified based on
the Euclidean distance metric. Let KNN(x;) represent
the set of NN for x;.

3) Generate Synthetic Data: A synthetic instance X, is
generated by selecting one of the KNNs, xgyy, and
interpolating a new point between x; and xgyn:

Xnew = Xi + 6 X (XkNN — Xi) (D

where § is a random number between O and 1. This
ensures that the synthetic sample lies on the line
segment between x; and xgpy -

4) Repeat: This process is repeated until the X,,,;, instances
are increased to the desired level, balancing the class
distribution.

SMOTE is still one of the most popular and successful
methods for handling imbalanced datasets, especially when
Xmin performance is important. Models generalise more
effectively and identify significant trends in X,,;, thanks to
its capacity to provide meaningful synthetic data instead of
replicating samples [1], [2], [4], [6], [7]. SMOTE lowers the
chance of overfitting to the X,,,;, by creating fresh synthetic
cases instead of random oversampling, which duplicates
instances. Classifiers can better identify uncommon but
significant patterns by concentrating on the X,,;, when the
dataset is balanced, which improves recall and F1 scores [1],
[2], [4], [6], [7]. SMOTE is acceptable to various application
domains. It is employed with different classification proce-
dures. Also, numerous studies have shown that SMOTE is
more effective than other oversampling methods because it
adaptively addresses the issue of class imbalance [30], [31].
However, it generates artificial samples without assuming
the X, distribution. As a result, classification performance
may be negatively influenced by noisy or overlapping data
samples, particularly close to the decision border. The
KNN in high-dimensional datasets may be far from the
target point, rendering interpolation and producing synthetic
points that might not be suitable for classification. SMOTE
can be computationally expensive for large datasets or
when KNN searches are expensive because it necessitates
the computation of NNs. SMOTE can produce synthetic
instances that obfuscate class boundaries when the X,,;, and
Xpngj distributions overlap, which raises the possibility of
misclassification [1], [2], [4], [6], [7].

B. HASH-BASED UNDERSAMPLING ENSEMBLE (HUE)
METHOD

Using a hash-based undersampling technique, a hash function
maps the data points into a lower-dimensional space. The
Xpngj data is then uniformly selected or sampled using these
mappings, resulting in representative and diversified subsets.
This process is repeated by the Hash-based Undersampling
Ensemble (HUE) method [32] to produce numerous balanced
datasets, each of which is used to train a base classifier.
The classifiers’ predictions are combined into a single final
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prediction using an ensemble framework. Following are the
steps of HUE:

1) Dataset representation: Let the dataset D consists of
Xmin and X,,4; class instances. The goal is to reduce the
size of the X,,; class while preserving diversity.

2) Hash function Af (x): Define hf (x): RY — {0,1,.....
k — 1}, which maps the x; into a hash space of size
k. Within hash space, randomly sample a small subset
of Xuqj examples. This ensures that the X,,,4; examples
are undersampled uniformly across the feature space,
rather than being biased towards any particular region.

3) Ensemble construction: Repeat the undersampling
process m times to create m different undersampled
datasets D1, Dy, ....., D, each containing all X,,;, class
examples and a subset of X, class examples. For each
dataset D;, train a base classifier hy,(x).

4) Prediction aggregation: Combine the predictions from
the m hp,(x) using a majority vote or weighted vote
approach. The final ensemble classifier EC(x) can be
defined as:

EC(x) = argmax Z wi -
i=1

I(hpx)=y) (2

where /() is an indicator function and w; is a weight of
hp, ().

Comparing hashing approaches to standard sampling
methods lowers the computing cost by enabling scalable and
effective sampling of the X, even in high-dimensional
datasets. Hashing ensures that sampled subsets are diverse,
producing a more resilient ensemble. Each base classifier in
the ensemble is trained using a marginally different dataset to
encourage model variety. Because hash-based undersampling
eliminates redundant data and ensures the model learns from
more balanced input, it lowers the chance of overfitting to
the X;;,4j. The hash function selection has a significant impact
on the method’s performance. Inadequate selection of hash
methods can result in the grouping of incompatible data
points, which can lower classification performance and cause
suboptimal sampling. The approach can cause overfitting to
the X,,;, because it always keeps the complete X,;,. This
is especially true if there are very few minority cases in
comparison to the X,,,;. Hashing shrinks the quantity of
the dataset and could lead some models to ignore intricate
correlations between the features in favour of concentrating
exclusively on simpler patterns within the data.

C. AdaBoost

The main idea behind AdaBoost is that it focuses on the
data points misclassified by previous classifiers and adjusts
their weights. Hence, the subsequent classifiers pay more
attention to these difficult examples. AdaBoost is an adaptive
algorithm because each new classifier is trained with respect
to the performance of those already trained. It is widely
used for binary classification tasks but can also be extended
to multiclass problems. AdaBoost (Adaptive Boosting) is
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FIGURE 1. Proposed SMOTEHashBoost method for class imbalance
problem.

a powerful ensemble learning technique primarily used to
improve the performance of weak classifiers [27]. Following
are the steps of AdaBoost:
1) Initialize weights (ng)): Dataset D contains the feature
vector x, and corresponding binary class label y; and
then w = 1/N for each x;.
2) Train weak classifier (wc;(x)): In each iteration f,
wcy(x) is trained on weighted D to minimize the error
€; and can be computed as

N
e = wi I (we,x) # i) 3)
i=1
where 7() returns 1 if the classifier misclassifies x;, and
0 otherwise.
3) Compute classifier weight (o ): After training we,(x),
calculate its o, which measures the classifier’s impor-
tance. This weight is given by:

1 1—61
N 2”( € ) ()

The «; increases as the €, decreases, giving more
importance to more accurate classifiers.

4) Update weights: The w(t) of the misclassified x; are
increased to emphasize the difficult examples for the
next weyy1(x). The new wgtH) for each x; are updated
with normalization factor Z; as:

ey 0 L it g ovent) = 30
i Z e if I (wer(x;) # yi)

5) Final classifier (WC(x)): The WC(x is a weighted sum
of the wc;(x), given by:

T
WC(x) = sign (Z oWey (x)) (6)

t=1

&)

AdaBoost remarkably enhances performance by turning
weak learners into powerful classifiers with only marginally

58095



IEEE Access

S. Yadav et al.: SMOTEHashBoost: Ensemble Algorithm for Imbalanced Dataset Pattern Classification

Algorithm 1 SMOTEHashBoost: Ensemble Algorithm for
Imbalanced Dataset Pattern Classification

Input: Base estimator wc;(), sampling method s, number of
iterations njs, number of neighbors k, number of estimators

Nest
Output: Ensemble classifier WC
1: Initialize AdaBoost classifier with base estimator wc;() and ng

: Determine Xj,qj and Xy classes and their sizes

: Perform SMOTE on Xy, to generate Xy,

Set k to min(k, number of X,,;, - 1) if possible
Compute number of bits np;rs using Eq. 8

: Perform PCA on X, to determine Xpcy € R"ma>"bits
Compute rotation matrix R using ITQ on Xpca

: Generate H for Xy, samples using sign(Xpca - R)

: for each subspace in 2"is do

Select a Xgp C Xing;j based on sampling method s
Combine X;in, Xgyn and X, samples to form training set
X', y)

12:  Train base classifier wey() on (X', y")

13: end for

14: return Ensemble classifier WC using Eq. 6

—_—

better ACC than random guessing. Each iteration places
greater emphasis on cases that are challenging to categorize,
which aids in the efficient management of noisy and
complicated data distributions. Compared to other ensemble
approaches, AdaBoost is comparatively easy to use because it
does not involve tweaking many hyperparameters. Decision
trees, perceptrons, and other weak learners can all benefit
from its application. AdaBoost is less prone to overfitting
than other ensemble techniques, particularly when utilizing
basic weak learners like decision stumps. Due to its
tendency to overemphasize noisy or erroneous samples by
giving misclassified cases higher weights, AdaBoost might
be unreliable when dealing with noisy data or outliers.
To achieve high performance, the technique may require a
significant number of iterations or boosting rounds, which
could raise the cost of computing and complicate the model.
AdaBoost relies on strengthening weak learners; hence,
it may only offer considerable performance gain if the
weak classifiers are simple and perform nearly randomly.
Although it is typically less computationally demanding
than techniques like random forests or gradient boosting,
training numerous weak classifiers can be computationally
demanding, particularly for large datasets [25], [26].

D. SMOTEHashBoost METHOD

The SMOTEHashBoost methodology is designed to address
the class imbalance by integrating SMOTE oversampling,
hash-based undersampling, and AdaBoost into a cohesive
ensemble learning framework, as shown in figure 1. The
SMOTEHashBoost steps are shown in Algorithm 1. This
approach ensures that both X, and X, classes are rep-
resented in the training process while focusing on difficult-
to-classify instances through boosting. The methodology is
divided into three primary phases: balancing the dataset,
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hash-based undersampling, and ensemble learning with
AdaBoost.

1) DATASET BALANCING

Imbalanced datasets are characterized by a disproportionately
small number of X,,;, samples, which can cause classifiers to
favor the Xj,,,,. Given a dataset D and y; € {0, 1} represents
the class labels (with O for the X, class and 1 for the Xiyin
class), the SMOTE algorithm is employed to address this
issue by artificially generating new X,,;, class samples. For
each x; € Xy, synthetic samples Xy, are generated by Eq.
1. The result is a balanced dataset (Xres, Yres),

Xres = Xmaj U Xonin U Xsyn @)

and yres represents the corresponding labels. This balanced
dataset is then used for the next phase, ensuring that both
classes contribute equally to the learning process.

2) HASH-BASED UNDERSAMPLING

While SMOTE addresses the under-representation of the
Xmin, the X;,qj may still overwhelm the classifier due to its
large size. Thus, hash-based undersampling is applied to
reduce the number of X, class samples while maintaining
diversity across the feature space. Thus, following are the
steps:

« Dimensionality reduction: Let X, € R"ma %4 represent
the X,,,j samples, where # X,,,; samples (nqj) > #
Xmin samples (n,i,). Several studies have demonstrated
that principal component analysis (PCA) provides
good generalization ability and performs successive
projection directions while retaining a greater amount of
data variance. The variance allows learning of different
patterns present in the data to improve ACC [33], [34],
[35]. Thus, in this work, PCA [36] was applied to
reduce dimensionality, denoted by np;. It is calculated
dynamically based on the ratio of Xy, to Xy, samples
and given as:

. Nmaj
Npits = min ([logz (3 . )—‘ ,d) 8)
Nmin

The reduced majority samples are denoted as Xpca €
RMmaj>*Mbits . This step ensures that only the most
informative features are retained, making subsequent
undersampling more efficient while preserving the
structure of the data.

o Hashing: Further, Iterative Quantization (ITQ) has been
successfully utilized in various studies [34], [37] to
reduce the quantization error resulting from the orthog-
onal transformation of PCA, i.e., dimensionality reduc-
tion, and improve the system’s overall performance.
Thus, in this work, once dimensionality reduction is
performed, ITQ bib;34 is applied to generate binary
hash codes for the X,,,; samples. ITQ finds an optimal
rotation matrix to minimize quantization error, ensuring
that samples with similar characteristics are mapped to
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the same hash subspaces. These hash codes partition the
Xingj into distinct regions, enabling more structured and
representative samples. Let R € R"bis *"its be a rotation
matrix that minimizes quantization error:

R* = argmin || Xpca — sign(VR)||7 9
R

where Xpca € R'maj*Miss ig the PCA-transformed data.
The majority samples are now represented by binary
hash codes H = sign (Xpca - R).

o Hashing subspaces: From each hash subspace H; C
H, a subset of Xgp» C Xpgj samples is selected
according to a predefined sampling method. The goal is
to ensure that the selected Xy, samples are diverse and
representative of the overall distribution while avoiding
over-representation from any specific subspace. The
combination of dimensionality reduction, hashing, and
weighted sampling ensures that the X, is undersam-
pled in a balanced and efficient manner. The final result
is a balanced training dataset (X', y’), which includes all
Xmin samples (real and synthetic) and a representative
subset of X, samples from different regions of the
feature space.

X'= Xsub U Xonin U Xsyn (10)

3) BOOSTING WITH AdaBoost
After creating a (X’,y’) dataset, AdaBoost is applied to
iteratively improve the model’s classification performance
by focusing on difficult-to-classify instances. This boosting
process enhances the predictive power of the ensemble by
combining the strengths of multiple wc,(x).

The proposed method is summarized as:

« Balanced ensemble learning: Combining oversampling
the Xy, and undersampling the X, in a controlled
manner, followed by boosting, creates a powerful
ensemble learning framework that reduces class imbal-
ance bias and improves predictive ACC.

o Algorithmic robustness: Through the use of PCA
and ITQ for dimensionality reduction and hashing,
a complex approach to manage the Xy, is illustrated.
While reducing computational complexity, this method
maintains the dataset’s representative characteristics.

o Dynamic feature selection: The dynamic determination
of the npis supports more efficient learning without
overfitting by ensuring that only the most informative
features are used during undersampling.

o Boosted learning for X,,,;,, representation: The AdaBoost
phase ensures that difficult-to-classify instances, often
from the X, are given more attention, improving the
classifier’s ability to generalize.

Class imbalance can be effectively addressed using
SMOTEHashBoost, which focuses on creating balanced
datasets and uses boosting to improve classification perfor-
mance, particularly for X,,;, occurrences.
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FIGURE 2. Imbalance ratio of various datasets.

Ill. RESULTS AND DISCUSSIONS
This section provides information about the datasets and
experiment results.

A. DATASET DESCRIPTION
The proposed methodology was evaluated on four different
categories of datasets, i.e., low dimensionality - high
sample size (LDHSS), low dimensionality - low sample size
(LDLSS), high dimensionality - low sample size (HDLSS),
and high dimensionality - high sample size (HDHSS). Thus,
these categories consist of a total of fifteen diverse multi-
variate datasets. A comparative information of each dataset
is provided in table 1. The table offers a thorough analysis
of multiple datasets across a number of characteristics,
with a primary focus on class imbalance. Although the
amount of features varies between datasets and appears to be
unrelated to class imbalance, it can affect model performance
and complexity. The datasets are from many fields and
are either gathered from real-world situations or laboratory
settings. To facilitate binary classification, we converted the
datasets by identifying the most underrepresented class and
designating it as the X,;;, and rest of the other as a X;,;. The
ratio of the Xj,,; size to the X, size is used in the imbalance
ratio to quantify the imbalance, as shown in figure 2.
With a very high imbalance ratio (295.8), yeast5-ERL
demonstrates the X;,;’s dominance. Additionally, flare-F and
yeast5 are difficult datasets for classification algorithms due
to their large imbalance ratios (23.79 and 32.73, respectively).
Predictions made by machine learning models trained on
these datasets may be significantly skewed towards the X4,
particularly if the imbalance problem is not addressed. This
could result in inaccurate performance metrics like ACC.
Figure 2 and table 1 indicates that the proposed work is
evaluated on diverse domains with different features and
varying imbalance ratios of the datasets.

The classifier’s performance is evaluated using AUC-ROC
(Area under the Receiver Operating Characteristic Curve)

58097



Ensemble Algorithm for Imbalanced Dataset Pattern Classification

S. Yadav et al.: SMOTEHashBoost

IEEE Access

[6¥] (SVASd) ssa9ong
onuepedy pue Inodoig

60TT Y6L pajjoiug (¥6L) Pal[o1ug * (60zT) Avenpern “ (1zp1) modoiq very € 9¢ PHOM 83y QUG [BIOS  SIUdpPMS 1paid
(gs3) vonmu
00€°6 00€°C 2InzZ1vg (00T'6) 2ImMZI3s-UON “(00€C) 2INZIog 00S°T1 C 8LI PlIOM Teay aledyl[esq -5000y amzrag ondoridy
[8¥] (DDDQ) swaID
Y9€€ET 9€99 SOA (#9€€T) ON “(9€99) SIX 0000¢ < €T PIOM ey ssoursng pled Jpal) jo jnejod
(SSHAH) 2z1g djdureg ysiy - Ayfeuorsuowiq y3Iy :soLOSaIe)
[L¥] (MDE) (dnsouser)
LSE clc W LS€ 9 TIT N 69S 4 0¢ PlHOM By QUIDIPIAl pue yijesH UISUOOSIA TooueD) jsearq
[ov] (aD)
48! L6 }o0y L6 00 “T11 U 80T 4 09 onoyiukg Ansmuay) pue sorsAyq yousgq Istuonssuuoy)
[sy]
(d¥asa) uonodIpaid Ysry
(143 00¢ 2AneSaN 00 :2ANESAN ‘0TE :2ANISOq 0TS 4 91 PlIoM [B9Y SUISIPIIN pue YijesH sojeqeiq  oSwms  Apeg
(SSTAH) 2z1S 9rdwres Mo - Ajeuorsuawi YSIH :$AL1038D)
[¥¥] (@dTD) 10501Q
91y L91 [ (L91:0°0) “O1+:0°T) €8¢ 4 o1 PlIOoM Teay QUISIPIJAl pue yi[esH juslied  IeAI'T  UBIpU]
(6T
S81 6C L 10°L) (6:09) (€1:0°9) “(L1:0°€) (9L :0°T) (0L 0" T) 14Y4 9 6 onoyiukg Ansiuay) pue so1sAyd [e¥] ssein
orl1 0L [ (0L :0°¢) ‘(0L 07 (0L :0'D) 01T € L PlIoM [BY soneuLIojutorg / £3ojorg [zy] paas
0¢l 8y 4 (8% :0) ‘(1L 1) *(6S :0) 8L1 € €l PlIOM [B9Y Ansruray) pue sorsAyq [17] ouim
(SST1a71) 2z1S drdwreg Mo - ANI[eUOISUAWI MO :$ALI0TNe)D)
(0€ *.OVA.) (0T :.X0d ) ‘(6TF *.DNN.)
‘(PPC S LING) ‘(€91 :.€aN.) ‘(IS *.TdN.) ‘Gt
6LY1 S T4 LI (S DX (S 1 TIEL) (€91 (. LAD.) 124! 01 8 PlIoMm [ey soneuwojutorg / A3o[org [6€] TIH-GIsLX
(59 :poosa,)
6591 69 poos ‘0TcT :o9eun,) (69 :,po03,) ‘(8¢ :.09e,) 8CLI 14 9 oneyiukg LAnowoIny [or] poonIe)
(59 :.p008A,)
€991 <9 poo3A 011 :o%eun,) ‘(69 :.po03,) ‘(8¢ :,09e,) 8CLI 14 9 onoyiukg LAnowoNy [o¥] poopare)
orpl ad aantsod (pp -.oan1s0d,) “(Opp1 - PAnES0U,) 871 z 8 plom [eay  soneuwiojutolg / ASojolg [6€] S1seax
€201 (92 oanisod (ep -.oam1s0d,) ‘(€201 :.2AneS0U,) 9901 4 I pUom [ey  sdisAydonsy /Awouonsy [8¢€] d-orerq
(SSHA'1) 2z1§ 2rdwres y3Sry - AfeuoIsudwig Mo :SAL103eD)
sojduwres ejep .E_:x # sojdures ejep iy 4 [°qer “x sojdures ejep # I1oy) pue Sasse[) sojdures eje # SIsSe[)) # SaIed # 0IN0S urewo( jaseIR(]

"J9sejep JuaJayIp jo uoneuwnojul aanesedwo) | 1AVl

VOLUME 13, 2025

58098



S. Yadav et al.: SMOTEHashBoost: Ensemble Algorithm for Imbalanced Dataset Pattern Classification

IEEE Access

(AUC abbreviation used for AUC-ROC), F1-score, average
precision (AP), and G-Mean performance metrics [36]. They
are given as

2TP
Fl—score = —————— (11)
2TP + FN + FP

where # instances are accurately signified as ‘‘positive”,
i.e., true positives (TP), # instances are incorrectly sig-
nified as ‘“negative,” i.e., false negatives (FN), and #
instances are incorrectly signified as ‘“positive,” i.e., false
positives (FP).

n—1

AP = Z [thr(a@) — thy(a + D] - thy(a) (12)

a=0
where precision th,(a) and recall th,(a) for threshold a and
they are computed for thresholds n - 1.

1 1
G — Mean = X (13)
\/ 1+ 1+ £
where # instances are accurately signified as “‘negative”, i.e.,
true negatives (TN).

The Python! programming language has been used to
implement the proposed method. Various libraries like
scikit-learn, NumPy, matplotlib, etc., have been employed
from Python. The code was executed on a Google Colab”
(Processor: Intel Xeon CPU with 2 vCPUs and RAM:
13 GB). The dataset was divided using Stratified K-Fold
Cross-Validation to ensure balanced class distributions across
folds [36]. Typically, a 5-fold Stratified K-Fold was used,
meaning the data was split into five parts, with four folds
used for training and one fold for testing, and this process
was repeated across multiple runs, i.e., 20 times. The five
nearest neighbors are utilized in the SMOTE. A decision
tree serves as the base classifier. For GAN and SMOTified-
GAN, the setting given in [50] is adopted for result
generation.

B. PERFORMANCE ANALYSIS OF SMOTEHashBoost ON
VARIOUS SAMPLING STRATEGIES

The table 2 compares different sampling strategies used in
the SMOTEHashBoost algorithm across various datasets.
The sampling strategies include reciprocal, random, linearity,
negative exponent, and limit, and their effectiveness is
measured in terms of ACC (%) for each dataset and evaluated
using various metrics.

For LDHSS category datasets, the choice of strategy does
not significantly impact ACC. This effect observed due to
the abundance of data provides sufficient diversity, reduces
sensitivity to individual samples, and adequately represents
the data’s underlying patterns. Nevertheless, AUC shows
sensitivity to the strategy, particularly for mid-performing
datasets like flare-F. Concerning ACC, the reciprocal method

1 https://www.python.org/
2https://colab.research.google.com/
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outperformed the others in the flare-F dataset, with a 94.84%
classification ACC with a lower AUC of 0.63, showing
modest class distinction. The flare-F dataset experiences
more variation in its ACC and AUC values. With a decent
AUC of 0.92 and the best ACC of 98.45%, the reciprocal
approach performed exceptionally well overall for the yeast5
dataset. Other techniques still needed to improve AUC,
yet they were still competitive. The reciprocal, linearity,
and negative exponent strategies performed quite well with
a nearly ideal AUC of 0.99 and 99.94% ACC for the
carvgood dataset. The carvgood dataset experiences less
variation in its ACC and AUC values. Concerning the cargood
dataset, random followed closely after with 99.19% ACC and
0.97 AUC, while reciprocal yielded the best ACC at 99.42%
with an AUC of 0.97. This dataset’s worst performance,
with an ACC of 99.07% and an AUC of 0.95, was the
negative exponent method. Although they both had ACC rates
above 99.0%, limit and linearity had comparable performance
with moderate AUCs. The random, linearity, and negative
exponent strategies performed exceptionally well, with a
near-perfect AUC of 0.99 and a 99.93% ACC rate for the
yeast5-ERL dataset. The limit and reciprocal methods had
an ACC of 99.87%, while the limit strategy’s AUC was
somewhat lower (0.97).

The wine dataset yielded almost ideal performance for
the reciprocal, random, and limit strategies, with an ACC
of 99.44% and an AUC of 0.99. With little variations in
AUC for the seed dataset (Refer the figure 3(f)), every
strategy achieved identically high ACC (98.57%). For the
glass dataset, ACC (96.28%) and AUC (0.95 and 0.94,
respectively) were obtained using the random and negative
exponent methods. With an ACC of 69.3% and an AUC
of 0.65, the random method yielded the best results when
applied to the ILPD dataset. The reciprocal was marginally
less effective, with 68.1% ACC and 0.64 AUC. The limit
was the least accurate, with an ACC of 67.4% and an AUC
of 0.64. The ILPD dataset experiences more variation in its
ACC and AUC values. For LDLSS category datasets, random
and negative exponent sampling strategies often yield better
results, particularly for AUC. This pattern observed due to
their ability for enhancing diversity and adapt to constrained
training data. For HDLSS category dataset, ESDRP and
BCW dataset demonstrates excellent results (ACC > 94.0%,
AUC =~ 0.97) for all strategies, indicating robustness to
different sampling approaches. However, CB dataset exhibits
significant variation in ACC (75.0 — 82.0%) with different
strategies and AUC (0.75 — 0.83), with the random strategy
performing best. HDLSS category datasets tend to benefit
more from the random strategy due to their tendency to
explore diverse feature combinations. ESR dataset achieves
high ACC (>91.0%) and AUC (>0.90), with the random
strategy being particularly effective. Datasets like DCCC
and PSDAS show moderate to low performance across all
strategies (ACC < 78.0%, AUC < 0.65). ESR and PSDAS
datasets exhibit less variability in performance. HDHSS
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TABLE 2. Different sampling strategies for SMOTEHashBoost.

Dataset Sampling stratergies
Reciprocal Random Linearity Negative Exponent Limit
ACC (%) AUC ACC (%) AUC ACC (%) AUC ACC (%) AUC ACC (%) AUC
Flare-F 94.8440.38 0.63+0.02  94.371+4.33 0.62+£0.04  94.754+0.53 0.66+£0.02  94.75+0.51 0.62+0.03 94.75+0.29 0.6340.02
Yeast5 98.454+0.23 0.924+0.02  98.384+0.18 0.924+0.03 98.2540.23 0.94+0.02  98.454+0.19 0.93+0.03 98.32+0.19 0.9140.02
Carvgood 99.9440.01 0.994+0.02  99.83+0.12 0.9940.01 99.9440.02 0.9940.01 99.94+0.10 0.99+0.01 99.88+0.01  0.99+0.01
Cargood 99.4240.21 0.97+0.02  99.1940.33 0.9740.03 99.1940.35 0.96+0.03  99.074+0.29 0.95+0.03 99.13+0.33  0.9640.03
Yeast5S-ERL ~ 99.8740.03 0.99+0.01 99.934+0.03 0.99+0.01 99.9340.02 0.99+0.01 99.93+0.03 0.99+0.01 99.87+0.03 0.9740.03
Wine 99.4440.29 0.99+0.01 99.4440.66 0.99+0.01 98.8940.86 0.99+0.01 98.89+1.08 0.99+0.01 99.4440.53  0.9940.01
Seed 98.5740.71 0.98+0.01 98.57+0.80 0.98+0.01 98.5740.61 0.98+0.01 98.57+0.85 0.98+0.01 98.57+0.42 0.9840.01
Glass 94414093 0.95+0.02  96.2840.96 0.954+0.02  94.874+1.19 0.924+0.02  96.28+0.81 0.94+0.01 94.88+1.23 0.93+£0.02
ILPD 68.10+1.69 0.64+0.02  69.30+1.57 0.65+£0.02  67.59+1.58 0.63+£0.02  68.26+1.76 0.65+0.02 67.40+1.61 0.6440.02
ESDRP 97.6940.69 0.98+0.01 97.504+0.64 0.98+0.01 97.1240.38 0.97+0.01 97.31+0.48 0.97£0.01 97.1240.58 0.9740.01
CB 75.01+£2.43 0.7540.03 82.754+2.61 0.83+0.03  77.4443.30 0.77+0.04  80.3043.40 0.81+0.04 75.99+1.99 0.7640.02
BCW 94.384+0.71 0.94+0.01 95.26+0.53 0.95+0.01 94.38+0.75 0.9440.01 94.55+0.95 0.94+0.01 94.55+0.95 0.95+0.01
DCCC 71.38+0.18 0.63+0.01 76.64+0.21 0.6410.01 71.53+0.23 0.624+0.01 71.66+0.28 0.63+0.02 71.51+£0.23 0.6240.01
ESR 91.1540.26 0.9140.01 93.461+0.19 0.94+0.01 91.2940.20 0.9140.01 91.1540.20 0.91+0.01 91.09+0.22 0.9140.01
PSDAS 77.26+0.32 0.6340.01 75.844+0.53 0.64+0.01 78.6240.23 0.64+0.03  75.934+0.65 0.65+0.01 75.79£0.60 0.6440.01
1.0 1.0 1.0
0.8 0.8 0.8
0.6 0.6 0.6
0.4 0.4 0.4
BBl Fl-score BBl Fl-score BB Fl-score
0.2 = AP 0.2 = AP 02 = AP
B G-Mean BBl G-Mean Bem G-Mean
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FIGURE 3. The F1-score, AP, and G-Mean for various sampling strategies of the SmoteHashBoost method: (a) Reciprocal, (b) Random, (c) Linearity,
(d) Negative Exponent, and (e) Limit. (f) AUC curve of various sampling strategies of the SMOTEHashBoost method on the seed dataset.

category datasets are less sensitive to strategy changes,
especially for moderately performing datasets. However,
random yields slight improvements in both metrics.

In terms of ACC and AUC, the reciprocal method
consistently performs well across datasets, particularly for
datasets belonging to the LDHSS and LDLSS category.
Thus, it is acceptable because of its strength in offering
high classification ACC and appropriate class separation with
less variation in the performance. The random technique can
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produce large AUC values, showing its effectiveness in class
distinction, but it often exhibits slightly poorer ACC than the
reciprocal strategy for LDHSS and LDLSS category datasets.
Random strategy performs better on datasets belonging to
the HDLSS and HDHSS category than other techniques,
indicating that it may be better suited for complicated datasets
with unequal class distributions. As seen in the flare-F
and yeast5 datasets, the linearity technique typically yields
the best AUC even if it frequently achieves slightly lower
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TABLE 3. Comparison with various state-of-the-art techniques.

Dataset SMOTEHashBoost HUE RUSBoost ~ Adaboost SMOTE-Tomek SMOTE-ENN Borderline-SMOTE ADASYN GAN SMOTified-GAN
Flare-F ACC (%) 94.37+4.33 81.43+0.59 82.55+0.70 94.944+2.26 94.09+£0.44  93.34+0.72 94.65+0.45 94.56£0.54  95.58+0.7 95.93+0.71
AUC 0.6240.04 0.864+0.02 0.83+0.02 0.55+0.13 0.5740.02 0.72+£0.03 0.62+0.02 0.61£0.03  0.95+0.02 0.94+0.02
YeastS ACC (%) 98.38+0.18 95.96+£0.27 97.03£0.24 98.524+0.23 98.31+£0.43  98.18+0.23 98.38+0.29 98.59+£0.23 96.77+0.93 96.23+1.88
i AUC 0.9240.03 0.9740.01 0.974+0.01 0.85+0.02 0.91+£0.03 0.96+0.03 0.93+0.03 0.93£0.03  0.95+0.02 0.97£0.02
Carvgood ACC (%) 99.83+0.12 98.44+0.03 99.02£0.17 99.9440.02  99.94+0.01 99.88+0.12 99.88+0.01 99.88+£0.10 94.78+0.86 93.14+1.77
AUC 0.9940.02 0.9940.01 0.994+0.01 0.99+0.01 0.99+0.01 0.99+0.01 0.99+£0.01 0.98+£0.01  0.99+0.01 0.99+£0.01
Cargood ACC (%) 99.19+0.33 95.49+0.28 99.19£0.30 99.884+0.08 99.48+0.23  98.73+0.33 99.31+0.31 99.25+0.32 94.25+1.74 93.09+0.97
AUC 0.9740.03 0.9740.01 0.984+0.01 0.99+0.01 0.96+£0.02 0.95+0.2 0.95+0.02 0.96+0.03  0.99+0.01 0.98+0.01
Yeast5-ERL ACC (%) 99.93+0.03 99.46+£0.46 99.87+0.04 99.93+0.02  99.84+0.02 99.93+0.06 99.93+0.02 N.A. N.A. N.A.
; AUC 0.99+£0.03 0.9940.01 0.994+0.01 0.99+0.01 0.99+0.01 0.99+0.01 0.99+£0.01 N.A. N.A. N.A.
Wine ACC (%) 99.44+0.66 94.43+1.22 99.43+0.96 98.89+1.03  98.3+0.84 97.21+£1.51 98.89+1.02 98.89+1.07 93.89+1.60 96.67+1.9
AUC 0.9940.02 0.98+0.01 0.994+0.01 0.98+0.02 0.9840.02 0.97£0.02 0.98+0.02 0.98+0.02  0.96+0.04 0.97£0.03
Seed ACC (%) 98.57+0.80 98.57+0.58 98.10+£0.65 90.48+1.80 98.57£1.05  98.57+1.26 98.57+1.02 98.1£1.35 87.14£2.93 86.31+3.85
AUC 0.98+0.01 0.984+0.01 0.984+0.01 0.8940.02 0.9840.02 0.98+£0.02 0.98+0.01 0.98+0.02  0.98+0.01 0.98+0.01
Glass ACC (%) 96.28+0.96 94.88+0.94 97.21£1.09 99.53+0.44 96.74+£0.74  96.27+0.95 96.28+1.14 96.74£1.01 56.74+7.13 55.47+6.84
AUC 0.9540.02 0.954+0.01 0.9440.02 0.99+0.01 0.9340.02 0.94£0.02 0.93+0.02 0.94£0.01  0.89+0.02 0.89+£0.02
ILPD ACC (%) 69.30+1.57 66.55+1.42 71.524£0.93 67.924+1.89 69.12£1.40  68.63+1.62 69.48+1.72 67.76£1.79 67.52+11.17  70.09+9.99
AUC 0.6540.02 0.714£0.02  0.66+0.02 0.62+0.03 0.6340.02 0.69+£0.02 0.65+0.02 0.64£0.03  0.74+0.05 0.76£0.05
ESDRP ACC (%) 97.50+0.64 97.1940.79 98.65+£0.50 97.504+0.59 97.50+£0.68  93.27+1.19 97.1240.72 97.69£0.63 91.97+2.00 92.98+1.09
AUC 0.9740.01 0.9740.01 0.994+0.01 0.97+0.01 0.97+0.01 0.94+0.01 0.97+0.01 0.98+0.01  0.98+0.01 0.99+0.01
CB ACC (%) 82.75+2.61 78.8142.37 82.264+2.09 76.42+1.99 78.37+1.95  75.0142.16 77.44+2.57 N.A. 86.79+2.50 87.621+3.67
AUC 0.8340.03 0.784+0.03  0.724+0.02 0.76+0.02 0.7840.02 0.74+£0.02 0.77+0.03 N.A. 0.9640.01 0.96£0.01
BCW ACC (%) 95.261+0.53 96.11+£0.74 97.194£0.47 94.03+0.81 94.38+£0.99  94.38+0.77 94.03+0.76 94.38+£1.02 89.78+6.45 94.17+£2.72
AUC 0.9540.01 0.964+0.01 0.97+0.01 0.94+0.01 0.94+0.01 0.94+0.01 0.94+0.01 0.94£0.02  0.99+0.01 0.99+0.01
DCCC ACC (%) 76.64+0.21 68.661+0.20 N.A. 72.99+0.16  72.4940.25  70.5240.22 72.45+0.27 72.27+0.23 80.89+2.47 81.6842.12
AUC 0.6440.01 0.68+0.01 N.A. 0.6240.02 0.62+0.01 0.65+0.01 0.62+0.01 0.62+£0.01  0.94+0.01 0.95+0.01
ESR ACC (%) 93.46+0.19 95.55+0.18 N.A. 94.18+£0.20 91.81+0.21 91.72+0.36 91.93+0.22 89.95+0.27 95.8940.54 95.84+0.49
AUC 0.9440.01 0.9440.01 N.A. 0.91+£0.01 0.89+0.01 0.89+0.01 0.8940.01 0.89+0.01 0.97+0.01 0.97+0.01
PSDAS ACC (%) 75.84+0.53 74.25+0.50 N.A. 757242047 75.99+£0.49  72.67+0.71 75.99+0.62 76.11£0.50 63.80+6.81 64.46+£9.93
AUC 0.6440.01 0.7140.01 N.A. 0.65+0.01  61.8140.01 0.65+0.01 0.6240.01 0.64+£0.01 0.82+0.03 0.82+£0.04

ACC than other strategies. The linearity approach effectively
enhances the model’s class discrimination capabilities, which
is advantageous when class differentiation is more important
than ACC. Regarding ACC and AUC, the negative exponent
method performs quite consistently across datasets, fre-
quently matching linearity’s performance. Although there are
better performers than it, in situations such as the carvgood
dataset, it provides a good compromise between ACC and
class separation. Also, it perform better than linearity strategy
for the datasets belonging to the HDLSS and HDHSS
category. The performance of the limit approach varies.
It outperforms other best practices in some datasets (like
wine), but ranks lower in others (like ILPD). It frequently
performs more inconsistently, particularly regarding AUC
values, suggesting that it might not always offer the best class
discrimination. Low correlation was observed in datasets
like ILPD and DCCC, suggesting that ACC alone does not
reflect the model’s ability to discriminate between classes in
imbalanced datasets. HDLSS datasets benefit the most from
random strategies, indicating their robustness for complex
datasets. Datasets with near-perfect baseline performance
(e.g., Carvgood, Yeast5-ERL) show negligible impact from
different strategies, indicating inherent dataset characteristics
outweigh sampling influence. The performance of the
proposed method significantly varies with high-dimensional
datasets compared to low-dimensional datasets depending
on the representation of both majority and minority classes.
High-dimensional datasets tend to exhibit more sensitivity to
sampling strategies, especially when sample sizes are small
(e.g., CB and BCW).

AUC is more sensitive to the choice of sampling strategy
than ACC, highlighting the need to prioritize sampling

VOLUME 13, 2025

techniques for balanced performance. Across most datasets,
the random strategies performed well in terms of both ACC
and AUC, particularly in the wine, carvgood, and yeast5-
ERL datasets. The linearity strategy tended to produce
slightly lower ACC but often resulted in higher AUC
values, particularly in datasets belonging to the HDLSS
and HDHSS category, suggesting better performance in dis-
tinguishing between classes. Similarly, reciprocal stratergy
slightly produces better results than random strategy for the
dtatasets belonging to LDHSS and LDLSS category. On some
datasets, such as carvgood and glass, the negative exponent
and limit strategies nonetheless performed competitively,
despite having lower accuracies and AUC values overall.
Performance differed according to the dataset, showing that
the hashing algorithm selected can have a big influence
on the result in terms of classification ACC and AUC.
SMOTEHashBoost’s research of these hashing algorithms
shows that while linearity primarily focuses on improving
class separability, reciprocal and random do well overall.
The results of diverse sampling procedures for the pro-
posed method, i.e., SMOTEHashBoost, across multiple data
sets, are shown in figure 3. The three main metrics used to
assess performance are F1-Score, AP, and G-Mean. SMOTE-
HashBoost consistently performs well across all metrics and
sampling schemes, demonstrating its effectiveness for these
datasets. Across most datasets, G-Mean is relatively stable
compared to F1 and AP scores, suggesting good handling of
class imbalances. Across most datasets, when F1-Score and
G-Mean are high, the AP tends to follow the same pattern.
It suggests that for the majority of datasets, maximizing the
Fl-score and G-Mean simultaneously is likely to result in
higher precision across all recall levels. Random sampling
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TABLE 4. Time to run (in seconds) comparison with various state-of-the-art techniques.

Dataset SMOTEHashBoost HUE RUSBoost Adaboost SMOTE-Tomek SMOTE-ENN Borderline-SMOTE ADASYN GAN SMOTified-GAN SMOTEBoost HashBoost
Flare-F Y] 7 337 I 2 2 I 25 193 195 37 I
YeastS 9 12 101 1 2 2 1 2 238 240 2 1
Carvgood 5 5 89 2 2 2 1 2 309 311 2 1
Cargood 6 7 123 1 2 2 1 2 309 306 2 1
Yeast5-ERL 3 2 31 1 1 1 1 NA.  NA. NA. 1 1
Wine 1 1 10 14 11 2 14 1 110 119 1 1
Seed 1 1 8 1 1 1 1 1 101 103 1 1
Glass 1 2 58 2 1 1 1 1 113 115 1 1
ILPD 3 2 183 1 1 1 1 2 132 133 1 1
ESDRP 1 1 59 1 2 2 2 1 137 142 1 1
CB 1 1 51 1 2 2 2 NA. 105 110 1 1
BCW 2 2 235 1 3 3 3 2 136 136 1 1
DCCC 325 190 NA. 35 205 240 330 286 3251 3251 55 12
ESR 1481 827 NA. 795 2269 37499 371 1853 1197 1197 1095 49
PSDAS 45 13 NA. 2 36 41 26 15 476 476 7 1
10/ SMOTE-ENN [52], Borderline-SMOTE [53], ADASYN [31],
' GAN [50] and SMOTified-GAN [50]—assessed across
0.8 —— SMOTEHashBoost (AUC = 0.9893) multiple datasets. RUSBoost does not apply to time series
% —— HUE (AUC = 0.9893) datasets like DCCC, ESR, and PSDAS, as it loses significant
o —— RUSBoost (AUC = 0.9857) . . . . ..
Y 0.6 —— AdaBoost (AUC = 0.9000) 1nf0r.rr.1at10n due to a reduction in majority classes [2].
S SMOTE-Tomek (AUC = 0.9821) Additionally, ADASYN, GAN, and SMOTified-GAN are
4 SMOTE-ENN (AUC = 0.9821) . .
o -
. Borderline-SMOTE (AUC = 0.9750) unsuitable for Ye.asFS ERL and CB datasets as no neighbors
§ ADASYN (AUC = 0.9786) belong to the majority class.
= — GAN(AUC = 0.9794) Both GAN and SMOTified-GAN demonstrate the best
0.2 SMOTified-GAN (AUC = 0.9795) . .
—— SMOTEBoost (AUC = 0.9821) performance in terms of ACC (95.93%) alongside AUC
0.0 — HashBoost (AUC = 0.9821) (0.94-0.95), which shows they are suitable for flare-F dataset
0.0 0.2 0.4 0.6 0.8 1.0 analysis. Similarly, they dominate for CB, DCCC, and ESR

False Positive Rate

FIGURE 4. ROC curve for seed dataset for various state-of-the-art
techniques.

shows better generalization across datasets, particularly for
high-performing datasets like wine and carvgood. The ILPD,
DCCC, PSDAS and flare-F datasets seem highly sensitive to
the sampling strategy employed. Some datasets, particularly
glass, yeast5, CB, ESR, and cargood show variability in
performance depending on the sampling strategy. As a result,
choosing the appropriate sampling procedure have a promi-
nent effect. For these datasets, linearity and random sampling
procedures typically yield high results, whereas reciprocal
and negative exponent sampling strategies may result in lower
ratings. All things considered, random sampling yields the
most reliable findings across a variety of datasets, although
more specialised approaches like reciprocal or linearity might
be helpful in particular situations like wine, carvgood, and
glass. The type and degree of class imbalance in the dataset
affect SMOTEHashBoost’s overall efficacy.

C. COMPARISON WITH VARIOUS STATE-OF-THE-ART
TECHNIQUES

The table 3 and figure 4 comprehensively compares distinct
classification methods—SMOTEHashBoost, HUE [32],
RUSBoost [8], Adaboost [27], SMOTE-Tomek [51], [52],
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datasets. The majority of techniques demonstrate excellent
performance on yeastS as well as yeast5-ERL through their
high ACC rates surpassing 98.0%. The analysis of AUC val-
ues indicates that predictive powers remain in a similar range
between all techniques, from 0.97 to 0.99. Adaboost reaches
the highest ACC level of 99.88%, while all studied techniques
demonstrate excellent performance levels above 99.0% for
both carvgood and cargood datasets. SMOTEHashBoost
obtains 99.44% ACC when used on the wine dataset,
though the performance of GAN and SMOTified-GAN
falls below 93.0-96.0% ACC. GAN and SMOTified-GAN
experience a major reduction in performance for the seed
dataset, which results in ACC falling to 86.0-87.0%. The
combination of GAN and SMOTified-GAN fails to deliver
satisfactory results (ACC 55.0%), thus proving it is unusable
with the glass dataset. All techniques demonstrate inferior
performance levels compared to other datasets when using
ILPD as the test set, which indicates strong classification
challenges. RUSBoost demonstrates superior performance
than other techniques on ESDRP and BCW data collection
points. ADASYN demonstrates superior performance than
other methods in the PSDAS dataset.

The SMOTified-GAN and GAN demonstrates superior
performance on most datasets with ACC outcomes and
achieves secondary best results for AUC performance after
GAN and SMOTified-GAN. However, the computational
requirements for GANs and SMOTified-GANs are higher
compared to other methods. Some experiments show that
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FIGURE 5. The performance metrics comparison of various state-of-the-art techniques: (a) F1-score, (b) AP
score, (c) G-Mean score.
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Adaboost and SMOTE-Tomek accomplish ACC results that
are on par with other models. Among all methods, HUE
demonstrates inferior performance in both ACC and AUC
measurements. Data-dependent barriers affect the optimal
results from GAN and SMOTified-GAN since they show
diminished performance on the Glass dataset. The consis-
tency level of Adaboost and SMOTE-based methods extends
to various datasets.

SMOTEHashBoost shows reliable performance in dataset
testing because it produces the highest ACC score in
many cases and places a close second in the rest. AUC
score evaluation shows the strong discriminatory ability
of these models. The results using Flare-F and ILPD
datasets show inconsistent performance statistics regarding
SMOTEHashBoost. SMOTEHashBoost delivers the optimal
ACC levels, among other techniques, for the Yeast5-ERL,
Wine, and Seed datasets. The model consistently achieves
high positions among the top three in most datasets as it
demonstrates consistent performance across diverse tasks.
The AUC metrics of SMOTEHashBoost demonstrate healthy
competition, although they fail to match GAN and RUSBoost
performance when dealing with highly imbalanced datasets,
including Flare-F and ILPD. SMOTEHashBoost delivers
0.99-area under receiver operating characteristic (AUC) in
its tests of Carvgood Cargood, Yeast5-ERL Wine, and Seed
tasks while demonstrating powerful classification functional-
ity. The datasets Carvgood, Cargood, and Wine demonstrate
almost flawless ACC because their class separability is well-
established.

Electing GAN-based methods delivers the most success in
extremely imbalanced datasets, although Boosting methods,
including Adaboost and SMOTEHashBoost, achieve superior
performance on structured datasets. A dataset with clear
separability represents an excellent situation for SMOTE-
HashBoost to succeed. The fusion techniques ADASYN and
SMOTified-GAN deliver minimal enhancement for datasets
with medium class distribution inequality.

The F1-Score and AP results for Flare-F Yeast5
and Carvgood datasets reach exceptional levels using
SMOTified-GAN and GAN, as shown in figure 5. All
datasets demonstrate good performance using Borderline-
SMOTE, SMOTE-ENN, and SMOTE-Tomek techniques.
The outcome of both SMOTEHashBoost and SMOTEBoost
shows balanced performance. The G-Mean values of
SMOTEHashBoost remain above 0.94 in most datasets,
demonstrating excellent sensitivity and specificity balance.
AdaBoost demonstrates average success rates, but it performs
poorly on Flare-F. The G-Means of SMOTE-ENN and
SMOTE-Tomek techniques stay at high levels, indicating that
both methods effectively regulate sensitivity and specificity
values. The SMOTEHashBoost imputation method ranks as a
leader in imbalanced dataset resampling strategies, achieving
superior results than traditional techniques. The technique
demonstrates strong performance in F1-Scores and G-Means,
which means it optimally balances data sets while retaining
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essential information. It is a good option for applications
needing sensitivity to X,,i, since it excels at striking a balance
between precision and recall. SMOTEHashBoost emerges
as the best general-purpose model for class imbalance,
consistently performing consistently across most datasets and
metrics.

D. TIME TO RUN ANALYSIS OF VARIOUS
STATE-OF-THE-ART TECHNIQUES

The execution time of different machine learning techniques
measured in seconds across multiple datasets appears in a
table 4. The execution time for AdaBoost remains the fastest
throughout most datasets, so it becomes highly efficient in
computations. GAN-based models (GAN and SMOTified-
GAN) require the longest run times when processing HDHSS
datasets. Implementing GAN-based methods (GAN and
SMOTified-GAN) involves high computation costs while
potentially generating better synthetic data. SMOTE-Tomek,
SMOTE-ENN, Borderline-SMOTE, and ADASYN hybrid
models and their counterparts demonstrate typical execu-
tion times ranging from 1-3 seconds but show prolonged
execution for datasets with HDHSS. In terms of efficiency,
SMOTE-ENN operates as the slowest of all methods built on
SMOTE. The execution time of RUSBoost exceeds that of
other boosting methods since it operates at a range of 10 to
100 times slower. Among the listed methods, SMOTEHash-
Boost and HUE perform moderately by surpassing AdaBoost
in execution time but remaining quicker than GAN-based
strategies. The execution time of SMOTEHashBoost aligns
well with its data effectiveness level. SMOTEHashBoost
operates within the same or marginally higher time range
as standard SMOTE algorithms. The execution times of
SMOTEHashBoost indicate good adaptability with LDLSS,
HDLSS, and LDHSS data sets. The SMOTEHashBoost
algorithm encounters larger execution time increases when
processing the HDHSS dataset. SMOTEHashBoost demon-
strates high efficiency and scalability for synthetic data aug-
mentation through its superior execution speeds compared
to GAN-based oversampling. SMOTEHashBoost offers an
efficient data balancing solution that maintains effective
results without being the swiftest technique for imbalanced
data handling.

E. ABLATION ANALYSIS

An ablation study uses the figure 5 and tables 4 and 5
to evaluate performance differences between SMOTEHash-
Boost, SMOTEBoost [54], and HashBoost through multiple
datasets. The accuracy results from SMOTEHashBoost
exceed those of SMOTEBoost and HashBoost for almost
every dataset tested. The performance evaluation of SMOTE-
HashBoost displays strong indicators across all datasets
except for minor variations in AUC scores. HashBoost
shows weaker ability than both SMOTEHashBoost and
SMOTEBoost in several datasets since it demonstrates lower
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TABLE 5. Ablation analysis.

Dataset SMOTEHashBoost SMOTEBoost HashBoost
— ACC (%) 9437433 93931043 80.96£0.65
AUC 0.6240.04 0614002  0.84+0.02

Veasts ACC (%) 98.38£0.18 975240.19  95.9640.23
: AUC 0.92+0.03 0894002  0.97+0.01

Carvood ACC (%) 99.83£0.12 99.7840.16  98.38+0.04
AUC 0.99+0.02 0994001  0.99+0.01

Cargood ACC (%) 99.19-£0.33 99.134£029  95.7240.40
AUC 0.97+0.03 0954002  0.97-+0.01

ACC (%) 99.93+0.03 99234024  98.8540.58

YeasS-ERL ¢ 0.9940.03 0994001 0994001
Wine ACC (%) 99.44-0.66 98334126  98.33+1.21
AUC 0.99-40.02 0984002  0.98-0.02

Seed ACC (%) 98.57-0.80 98.054£0.77  97.6240.90
AUC 0.98£0.01 0984001  0.98-0.01

Glass ACC (%) 96.28-0.96 96284097  93.89+0.82
s AUC 0.95+0.02 0944002 0924001

LPD ACC (%) 69.30+1.57 68.78+1.80  62.44+1.30
AUC 0.65-0.02 0634002 0.60-£0.02

ESDRP ACC (%) 97.50-0.64 97.1940.82  96.92+1.00
AUC 0.97+£0.01 0974001  0.9740.01

B ACC (%) 82.7542.61 769141.80  77.89+3.02
AUC 0.830.03 0774002 0.79+£0.03

Bew ACC (%) 95.26-£0.53 94734089  94.7340.48
AUC 0.95£0.01 0954001  0.97+0.01

bece ACC (%) 76.64-£0.23 72694020  64.9840.20
AUC 0.64£0.01 0624001 0.63£0.01

ESR ACC (%) 93.46-£0.19 91584028  92.9340.14
AUC 0.94£0.01 0.89£001  0.94:£0.02

PSDAS ACC (%) 75.84-£0.53 75244052 68.69+0.44
AUC 0.64+£0.01 0632001  0.64£0.01

accuracy results in these cases. In most cases, the AUC
results of SMOTEHashBoost match those of SMOTEBoost.
The highest accuracy gain is seen in the CB dataset, where
SMOTEHashBoost outperforms SMOTEBoost by 5.84% and
HashBoost by 13.41% in the flare-F dataset. The Carvgood
dataset exhibits the lowest accuracy gain among all testing
datasets since each method delivers similar results. The
stability of SMOTEHashBoost appears higher due to its
lower standard deviations in multiple instances. The accuracy
of the HashBoost solution presents unstable characteristics
due to its significant accuracy fluctuations. The ablation
study reveals important information about how SMOTE
and HashBoost affect classification results by identifying
their respective performance strengths and weaknesses.
Besides, HashBoost and SMOTEHashBoost show almost
similar outcomes to GAN-based approaches for Fl-score,
AP, and G-Mean score. The SMOTEHashBoost takes a
slightly longer computing time than the SMOTEBoost and
HashBoost in HDHSS datasets. However, computational
time is nearly identical for LDHSS, LDLSS, and HDLSS
datasets. The SMOTEHashBoost combines three methods.
Hence, the computational time is longer than that of SMOTE-
Boost and HashBoost, which is evident in the HDHSS
datasets.

IV. CONCLUSION

This paper introduces a novel ensemble learning technique,
SMOTEHashBoost, to address dataset class imbalance.
By integrating AdaBoost boosting, hash-based undersam-
pling, and SMOTE oversampling, the proposed method
balances the dataset and improves classification performance,
particularly for minority classes. Through extensive testing
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on multiple datasets, we demonstrated that SMOTEHash-
Boost consistently outperforms traditional methods. The
hybrid technique ensures that minority and majority class
samples are sufficiently represented during the training phase
while concentrating on difficult-to-classify examples. One
of the main takeaways from the results is that SMOTE-
HashBoost can maintain its robustness across a range of
datasets with varying levels of class imbalance. Its ability
to successfully combine oversampling, undersampling, and
boosting approaches makes it useful for handling complex
imbalanced datasets. Furthermore, the framework’s versatil-
ity allows it to be adjusted to different sampling strategies and
base classifiers.

Ultimately, the effectiveness of any strategy is dependent
on the dataset’s complexity, dimensionality, and sample size,
and none will provide optimal results in all scenarios. Future
studies could extend the application of SMOTEHashBoost to
multi-class imbalanced problems and investigate additional
optimization techniques to increase this algorithm’s com-
puting efficiency. Moreover, the performance of SMOTE-
HashBoost shows significant variation when applied to high-
dimensional datasets. This variability is mainly due to hash
collisions in the feature space and the curse of dimensionality,
which leads to reduced feature separability. Thus, for
large-scale and high-dimensional datasets, performance may
be improved by including deep learning models in the
ensemble.
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