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Abstract
Class-imbalanced learning presents critical challenges in machine learning, largely because data in most domains are nat-
urally imbalanced. Although resampling techniques have been widely applied to address this issue, their effectiveness has
been inconsistent and sometimes flawed, owing to artificial assumptions. In this study, we move beyond hype surrounding
resampling methods by exploring alternative strategies, such as ensemble learning, cost-sensitive algorithms, and one-class
classification techniques. Through rigorous experimentation across extreme,moderate, andmild imbalance levels, our findings
reveal that these alternatives often outperform traditional resampling in terms of F1-scores, with ensemble SVM and one-
class logistic regression achieving notable values of 1.00 and 0.90, respectively. In addition, we introduce a knowledge-based
recommender system designed to help practitioners choose the most appropriate techniques for addressing class imbalance.
This research argues that resampling is not always the optimal solution for all instances, thereby advocating a more balanced
framework that leverages advanced methods for superior performance in imbalanced learning tasks. Our study advances the
field by offering a pragmatic, data-driven approach to overcoming class imbalances, contributing valuable insights for both
researchers and practitioners.

Keywords Class-imbalanced learning · Resampling techniques · Ensemble learning · Cost-sensitive learning · One-class
classification · Recommender system

1 Introduction

Class-imbalanced learning poses a significant challenge in
machine learning and datamining, wheremajority class sam-
ples overwhelmingly outnumber minority class samples. In
real-world applications such as frauddetection,medical diag-
nosis, and anomaly detection, minority classes are of greater
importance, despite being underrepresented. Dataset D, with
m instances across n classes C1, C2, . . . , Cn is considered
class-imbalanced when there exists a significant disparity
between class sizes, such as |Ci | � ∣

∣C j
∣
∣, where i and j are

indexes of the classes [1]. This imbalance creates challenges
for traditional machine learning models, which typically
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assume balanced class distributions, leading to biased pre-
dictions and poor generalisation, particularly for minority
classes [2]. It has been recognised as one of the top ten chal-
lenges in datamining and pattern recognition [3]. Imbalanced
datasets can arise intrinsically, as in cases of rare diseases,
or extrinsically, due to sampling methods or instrumenta-
tion errors [4]. In such scenarios, the minority class typically
carries greater significance, owing to the higher cost associ-
ated with its misclassification [5]. Class-imbalanced severity
is typically classified into three categories: mild (20–40%),
moderate (1–20%), and extreme (≤ 1%) [6].

Traditional machine learning classifiers struggle with
imbalanced data because they are designed to maximise the
overall accuracy, which can lead to amisleadingly high accu-
racy rate when the model simply predicts the majority class.
This issue, referred to as the ‘accuracy paradox’, fails to accu-
rately represent the effectiveness of the model in identifying
instances of the minority class [7]. To address these chal-
lenges, researchers have introduced a range of techniques
using data, algorithmic, and hybrid approaches [8].
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The data-level approach, encompassing methods such as
undersampling, oversampling, andhybrid techniques, ismost
commonly employed because of its simplicity and compati-
bility with standard machine learning algorithms [9]. These
techniques attempt to rebalance the dataset to achieve a 50:50
class distribution that is suitable for classifiers. The effective-
ness of these methods has been demonstrated in numerous
studies using decision trees, naïve Bayes, and convolutional
neural networks [10, 11]. Comparative studies of classifiers
such asC5.0,multilayer perceptron (MLPs), and support vec-
tor machines (SVMs) have demonstrated that some models
exhibit reduced sensitivity to sampling techniques [12–14].
The MLPs and SVMs were demonstrated by Japkowicz and
Stephen [15] to be less sensitive to sampling variations. Sim-
ilarly, Khushi et al. compared the performances of SVMs,
logistic regression, and random forests (RFs) by resampling
imbalanced medical data for classification. Also traceable in
the literature is some works on imbalance learning frame-
works, as in [5], Zhao, Wong [16], Zhang, Zou [17], and
Jiang [18].

Resampling techniques remain a practical choice in
domains that require high interpretability, such as health-
care and finance. For instance, using SMOTE in logistic
regression models helps address class imbalance without
compromising the explanatory power of predictor variables
[19]. Similarly, resampling combined with geometric trans-
formations effectively enhances model robustness in tasks
involving limited labelled data, as demonstrated in convolu-
tional neural networks for image classification tasks [20].
These scenarios underscore that while advanced method-
ologies may surpass resampling in predictive performance,
resampling retains its utility under certain conditions, espe-
cially when data augmentation or interpretability is critical.

Despite their popularity, data-level techniques are limited.
Oversampling can introduce bias by generating synthetic
data that may not accurately represent the true distribution
of test data. This can result in overfitting and exacerbating
any underlying anomalies in the data. Conversely, under-
sampling may lead to the loss of important data, potentially
distorting the effectiveness of the model and causing miscal-
ibration [21]. Consequently, models trained on rebalanced
data may face challenges in generalising real-world imbal-
anced datasets, requiring retraining on properly distributed
test data [22]. Given these limitations, there is growing inter-
est in exploring algorithm-level solutions that do not rely
on data rebalancing. These methods include the creation of
specialised algorithms, ensemble learning techniques, cost-
sensitive learning, and one-class classification, which are
designed to address class imbalances more effectively and
ethically.

However, although significant work has been conducted
on resampling techniques and algorithm-levelmethods, there
is a need for comprehensive experimental validation across

diverse types of classifiers and imbalance levels. Previous
studies have focussed on demonstrating the effectiveness of
rebalancing techniques without adequately comparing them
with baseline classifiers, leading to potentially exaggerated
claims regarding their performance. Additionally, research
on cost-sensitive and one-class learning has often concen-
trated on individual techniques, with little cross-referencing,
to provide a broader understanding of their relative strengths
and weaknesses.

This study aims to address these gaps by experimentally
evaluating the performance of four classifiers, along with
their corresponding ensemble, cost-sensitive, and one-class
learning algorithms, across datasets with extreme, moder-
ate, and mild imbalances, using synthesised and benchmark
datasets. We also propose a rule-based recommender system
for imbalanced learning that guides users in choosing the
most suitable techniques for their specific needs, minimis-
ing reliance on trial and error. Our findings contribute to the
advancement of imbalanced learning by providing empirical
evidence that cautions the current emphasis on data rebal-
ancing and advocates for a more balanced framework.

2 Related works

This section reviews relevant studies on data-level rebal-
ancing techniques and algorithm-level methods, including
ensemble learning, cost-sensitive learning, and one-class
classification, as well as the development of imbalanced
learning frameworks.

2.1 Resampling techniques

Resampling techniques are pivotal for addressing imbal-
anced class distributions in datasets, which is a common
challenge in imbalanced learning. These techniques aim to
create a more balanced dataset by oversampling the minority
class or undersampling the majority class. Common resam-
pling methods include random oversampling (ROS), random
undersampling (RUS), NearMiss, and synthetic minority
oversampling technique (SMOTE). The primary objective
of these methods is to improve the performance of classi-
fication algorithms in accurately identifying minority class
samples.

For instance, Thanka, Ram [23] demonstrated the effec-
tiveness of resampling methods in predicting stroke inci-
dence using three machine learning algorithms and an
artificial neural network (ANN) model. The dataset con-
sists of seventeen (17) predictor variables, achieved a high
accuracy of 99.3% when resampled using a combination of
SMOTE and RUS. However, the researchers acknowledged
that the ANN model performed well on both original and
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resampled datasets, thereby putting a question mark on the
essence of the resampling.

Conversely, [24] highlighted concerns regarding oversam-
pling, noting that it could lead to models trained on synthetic
data that may not perform as expected in real-world appli-
cations. In their study, seventy (70) oversampling methods
were investigated and ranked, based on the number of incor-
rect examples generated. The findings indicate that most
oversampling methods created minority samples that were
more likely to belong to the majority class, contradicting the
intended purpose. The study suggested that oversampling in
its current form is unreliable for real-world applications, par-
ticularly in sensitive domains such as security, autonomous
driving, aviation safety, and medical applications. Instead,
the authors recommend exploring ensemble approaches.

Similarly, [4] emphasised the need for rigorous evalua-
tion of the effectiveness of undersampling and oversampling
methods. Their work assessed the impact of combining seven
sampling methods with eight machine learning classifiers
across thirty-one (31) datasets with varying degrees of imbal-
ance. This study found that resampling had only a minor
effect on the performance of most classifiers, underscoring
the need for further research to evaluate the generalisability
of these techniques on larger and more diverse datasets.

2.2 Ensemble techniques

Ensemble learning methods capitalise on the combined
power of multiple learning algorithms to develop high-
performance, imbalanced classification models. These tech-
niques have proved to outperform individual algorithms by
enhancing the diversity of the base classifiers [25]. Shah,
Gandhi [26] highlighted the benefits of ensemble learning by
demonstrating how bagging, boosting, and stacking ensem-
ble techniques can improve the predictive performance.
An and Xu [27] further advanced this field by proposing
a selective evolutionary heterogeneous ensemble (SEHE)
algorithm. This algorithm generates diversity through var-
ious sampling strategies and trains multiple heterogeneous
base classifiers. The experimental results on forty-two (42)
imbalanced datasets confirmed their superiority and effec-
tiveness.

Zhu, Zhang [28] employed ensemble learning models,
such as random forest, AdaBoost, and LightGBM, to achieve
high predictive accuracy. The evaluation indices demon-
strated that ensemble learning algorithms consistently out-
performed individual methods, affirming their feasibility for
prediction tasks. However, these studies did not fully explore
the significance of the higher performance of ensemblemeth-
ods compared with their constituent base algorithms.

2.3 Cost-sensitive analysis techniques

Cost-sensitive learning techniques address imbalanced
datasets by maintaining the natural form of the dataset
and modifying the objective function of algorithms to pri-
oritise the accurate prediction of the minority class. This
approach assigns different misclassification costs to each
class, emphasising the minority class through cost, proba-
bilistic estimation, thresholds, and ensemble strategies [29].

This technique has proved effective in improving the
classification performance over traditional methods, which
assign a constant higher penalty for all minority instances
[30]. For example, Awasthi, Sajwan [31] compared SMOTE-
NC, SMOTE-ENC, and a cost-sensitive ANN (artificial
neural network) to mitigate data imbalance. The study con-
cluded that the cost-sensitive ANN technique generated
superior results across versatile datasets.

Additionally, Mienye and Sun [32] developed robust cost-
sensitive classifiers by modifying the objective functions of
well-known algorithms such as logistic regression, decision
tree, extreme gradient boosting, and random forest. These
modified algorithms have been successfully applied to medi-
cal datasets, such as Pima IndiansDiabetes,HabermanBreast
Cancer, cervical cancer risk factors, and chronic kidney dis-
ease, yielding superior performance compared to standard
algorithms.

2.4 One-class classification techniques

One-class classification (OCC) techniques address the chal-
lenge of learning from imbalanced datasets, without gener-
ating synthetic minority data. This approach eliminates bias
by exclusively learning from a single class, focussing on
distinguishing between a single positive class and unknown
outliers.

OCC is a special case of multiclass classification, where
the training data comprise only a single positive class. The
goal is to accurately represent this single class while dis-
tinguishing it from the unseen outliers during exploitation.
Hayashi and Fujita [33] demonstrated this approach by train-
ing one-class classifiers separately on minority and majority
class data. The classifiers were then applied to compute the
minority and majority scores of the testing data. Their exper-
iments using imbalanced-learn datasets revealed that OCC
methods outperformed traditional sampling methods across
twenty (20) datasets when applied with decision tree and K-
nearest neighbour classifiers.

Although one-class logistic regression has shown strong
classification performance, its scalability depends on both
feature dimensionality and noise. High-dimensional data
increase computational cost (O(n · d) per iteration for n
samples, d features) and risk overfitting in noisy settings.
To mitigate this, practitioners often employ dimensionality
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reduction (e.g. PCA) or feature selection before training.
Chen, Yang [34] demonstrate that complexity-aware prepro-
cessing—assessing feature overlap, sparsity, and noise prior
to modelling—enhances performance in imbalanced scenar-
ios. For noisy, high-dimensional data, hybrid pipelines that
include noise filtering, feature reduction, balanced resam-
pling (SMOTE/ADASYN), and regularised one-class logis-
tic regression aremore effective than the standalonemethods.
Ensemble versions, such as balanced logistic regression
boosters, further increase the robustness and scalability.

2.5 Imbalanced data classification framework

Significant efforts have been made to develop imbalanced
data classification frameworks that provide systematic pro-
cedures, guidelines, and automated solutions for selecting
the optimal techniques. Notable frameworks include fuzzy
ARTMAP, a brain-neuron framework combined with an
ensemble of a specialised artificial neural network (ANN)
and fuzzy C-means clustering algorithm [35]. Another
prominent framework is based on federated learning, which
combines deep learning with data augmentation to improve
the accuracy and generalisation [36].

[5] introduced a framework for imbalanced dataset clas-
sification that begins with sampling, followed by basic
classifiers and dynamic selection of classifiers. The best pos-
sible configuration was determined using a geometric mean
metric (G-mean) to evaluate the dataset.

Furthermore, [16] developed a framework for learning
from healthcare data with imbalanced distribution, incor-
porating various rebalancing strategies, and providing a
guideline procedure. This two-stage framework consists of a
base classifier selection stage and rebalancing strategy stage,
with the recall metric used to determine correctly classified
minority instances at the base classifier selection stage.

Similarly, Wu, Zhao [37] proposed a model-agnostic
framework for class-imbalanced fault diagnosis. This frame-
work addresses the challenge of acquiring failure data from
large-scale equipment, which can lead to issues such as
minority class overfitting andmajority class domination. The
framework comprises four submodules: time-series data aug-
mentation, data-rebalanced sampler, balanced margin loss,
and a classifier with a dynamic decision boundary. Exper-
iments on public datasets demonstrated that the proposed
framework outperformed various state-of-the-art methods.

3 Materials andmethods

This paper presents an imbalanced learning framework that
integrates basic resampling techniques, ensemble methods,
cost-sensitive approaches, and one-class classification tech-
niques. The effectiveness of these techniques was evaluated

using standard imbalanced learning metrics, such as preci-
sion, recall, and F1-score. A rule-based advisory system was
developed to guide users in selecting the most appropriate
imbalanced learning techniques for specific projects. The fol-
lowing subsections detail the development of the framework
and implementation process.

3.1 Structured imbalanced learning framework

The imbalanced learning recommender framework in Fig. 1
consists of seven integrated modules designed to facilitate
user decision-making based on the characteristics of the
given imbalanced datasets, the goals, and the project’s per-
formance requirements.

3.1.1 Framework overview

The framework for handling class imbalance consists of six
phases. First is the data analysis and preprocessing phase,
the data quality is assessed, with noise, missing values,
and outliers identified and cleaned. Next is the degree of
imbalance checking phase, the dataset’s class imbalance
is determined (mild, moderate, or extreme), and balanced
datasets are generated using techniques such as random
oversampling, SMOTE, undersampling, and NearMiss. The
algorithm selection and configuration phase involves choos-
ing four base classifiers (logistic regression, decision tree,
support vector machine, and artificial neural network), their
ensembles, cost-sensitive, and one-class learning techniques
with hyperparameter tuning to optimise performance. Dur-
ing model training, evaluation, and validation, the selected
models were trained and validated using the original and
rebalanced datasets by applying the precision, recall, and
F1-score metrics.

The performance visualisation and interpretation phase
presents the results via tables, charts, and graphs for easy
interpretation. The recommendation engine and user guid-
ance phase suggest the best imbalanced learning techniques
based on dataset characteristics and user needs. Finally, the
feedback and continuous improvement phase ensures that the
user feedback and performance data on new datasets con-
tribute to the ongoing refinement of the framework.

3.2 Imbalanced data curation and processing

This study used both synthetic and benchmarked imbalanced
datasets in themild, moderate, and extreme categories. These
class distribution categories were used in practice to provide
an intuitive understanding of the level of disparity between
classes. Therefore, in this study, the categories represent the
three base buckets for exploring the effects of the severity of
imbalances on the distinct types of class-imbalanced learning
techniques considered.
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Fig. 1 Schematic diagram for imbalance learning recommender framework

The synthetic class-imbalanced dataset from the sklearn
Make_Classification function (reference) was used to formu-
late the three levels of data imbalance. Theweight parameters
of the function were set to 0.7, 0.3, 0.9, 0.1, and 0.995, 0.005
to reflect mild, moderate, and extreme conditions, respec-
tively.

Furthermore, three benchmark datasets from the
Imbalanced-Learn (imblearn) open-source library that
met mild, extreme, and moderate imbalanced conditions
were chosen. The datasets according to their proportions, as
shown in Table 1, are the customer churn, stroke, and credit
card datasets.

The customer churn dataset is used to predict the number
of customer churns from the service of a telecommunication

company. The proportion of churned customers is lower than
that of non-churned customers; hence, the dataset is mildly
imbalanced (36.12%). The stroke dataset contained a moder-
ately imbalanced dataset (5.12%) in the medical rare-disease
category. There is a far lower proportion of patients who are
likely to experience stroke than those who are not at risk
of stroke. Similarly, the credit card dataset is a fraudulent
transaction dataset in which the occurrence of fraud is rare in
proportion to non-fraudulent transactions, thereby making it
an extremely imbalanced dataset (0.17%).
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Table 1 Benchmark imbalanced
dataset Dataset Features Degree of

imbalance
Proportion
(%)

Minority Majority Total

Customer
churn

21 Mild (> 20%
|Ci|< � 40%)

36.12 1869 5,174 7,043

Stroke 11 Moderate (> 1%
|Ci|< � 20%)

5.12 249 4861 5110

Credit card 31 Extreme (|Ci|< �
1%)

0.17 492 284,315 284,807

3.3 Implementation of the imbalanced learning
techniques

The base imbalance learning techniques deployed in the
framework include logistic regression, decision tree, support
vector machines, and artificial neural networks. They were
chosen to represent the linear, tree, and network types of the
classifiers. Details of the implementation of these base tech-
niques and their corresponding ensemble, cost-sensitive, and
one-class techniques are presented in the following subsec-
tions.

3.3.1 Base classifiers

Four standard classifiers were used as the foundation for the
ensemble, cost-sensitive, and one-class models.

Binary logistic regression: Let (X , y) define a set of N
feature vectors with classification yi ∈ {0, 1}. Without loss
of generality, assume that X is modifies as a design matrix
with first column consisting of ones, representing the inter-
cept term in the regression model. Linear logistic regression
models the log-likelihood ratio of the response as a linear
combination [38]:

log
Pr (yi � 1|X � xi )

Pr (yi � 0|X � xi )
� β0 + βT

xi , (1)

where β0 ∈ R is the intercept term, β ∈ R
p is a vector

of regression coefficients, and X � (

X1, X2, . . . X p
)

is a
vector of predictors. Inverting this logit transformation (1)
yields the conditional probability:

Pr (yi � 1|X � xi ) � eβ0+βT
xi

1 + eβ0+βT
xi

. (2)

The LR, in its simplest form, does not work on classes
{0, 1} but rather the probabilities that a feature vector_ xi
will map to Class 1. We typically fit binary logistic models
by mimicking the binomial log-likelihood of data [38].

The sigmoid (logistic) function : S(z) � 1

1 + e−z
, (3)

is an ‘S’ shaped curve with the slope parameter β � 1 that
approaches 1 as x → ∞ and 0 as x → −∞. It is used as an
activation function to map the output of a linear function to
a probability score, which can then be thresholder to make
binary classification decisions.

Given the regression coefficient vector w �
(

XT X
)−1

XT y ∈ R
n and the feature xi , then the logis-

tic model assumes that pi (the probability that yi � 1) is
given by:

Pr (yi |xi ) � pi ∼ S
(

wT xi
)

� 1

1 + e−wT xi
. (4)

Hence the logistic classification of yn+1, given unknown
sample xn+1 is defined as:

yn+1 �
{

1 1

1+e−wT xn+1
> 1

2

0Othersie
(5)

Hence logistic classifiers are a special form of linear clas-
sifiers since the definition of pi in Eq. (4) implies that pi > 1

2
exactly when wT xi > 0.

Decision tree (DT): DT recursively splits a dataset based
on feature thresholds to create a tree-like structure for clas-
sification. They make decisions by traversing from the root
to the leaf nodes, where each node represents a feature and
each branch represents a decision based on that feature.
Techniques for handling imbalanced datasets in DT include
weighted loss functions, pruning, and minimum samples per
leaf. The decision tree parameters include the criterion and
the maximum depth. The criterion parameter measures the
quality of a split, whereas the maximum depth specifies the
tree height.

Support vector machines (SVMs): SVMs are powerful
supervised learningmodels used for classification and regres-
sion. They work by determining the optimal hyperplane that
maximises the margin between classes in the feature space.
They can handle both linear and nonlinear classifications by
using kernel functions. The hyperparameters and settings in
SVM include the selection of appropriate kernel functions,
such as linear, polynomial, radial basis function (RBF), and
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sigmoid. Class weights and cost-sensitive learning are tech-
niques for handling imbalanced datasets in SVM [39].

Artificial neural network (ANN): An ANN is a compo-
sition of interconnected nodes arranged in layers. It learns
complex patterns through weighted connections between
nodes in different layers, and adjusts these weights during
training. Hyperparameter settings include the network archi-
tecture and activation function. Adjustment of the number of
layers and nodes in the network can influence the capacity
of the model to learn from imbalanced data.

The handling of imbalanced datasets in anANN is through
weight initialisation, which can mitigate the influence of the
majority class. Another technique is to utilise samplingmeth-
ods in conjunction with ANNs to balance class distribution
[40].

3.3.2 Ensemble methods for imbalanced learning

Ensemble techniques combine multiple base learners to cre-
ate a more robust and effective model that outperforms
the individual models. Common ensemble methods include
the bagging, boosting, and classifier ensembles. Bagging
(bootstrap aggregating) trains models on various subsets
of the dataset, generates them through bootstrapping, and
aggregates their predictions to enhance the overall perfor-
mance. Boosting focuses on iteratively correcting misclassi-
fied instances, particularly those from the minority class, in
subsequent models, thereby progressively improving accu-
racy. Examples include random forests, bagging logistic
regression, and bagging SVMs, which are ensembles of deci-
sion trees, logistic regression models, and support vector
machines, respectively.

Ensemble logistic regression: Ensemble linear regression
typically uses bagging or stacking techniques to combine
predictions from multiple binary logistic regression mod-
els trained on bootstrapped subsets of a training dataset. In
Python’s sklearn [41], the BaggingClassifier can be utilised
to implement ensemble logistic regression with key hyperpa-
rameters including random_state, solver, n_estimators, and
class_weight.

Random forest (RF): RF is an ensemble of DT that is
created based on the idea of bagging. The meta-estimator
employs multiple decision trees, each trained independently
on random subsets of training data and random subsets of
features at each node split. For classification tasks, the predic-
tions from all trees were combined through majority voting,
whereas for regression tasks, the final output was the aver-
age of the predictions. Key hyperparameters for the sklearn
ensemble Random Forest Classifier include n_estimators,
criterion, max_depth, and min_samples_split.

Ensemble SVM: The basic principle of ensemble SVM
is similar to that of other ensemble methods, where multi-
ple SVM models are trained using bootstrapped subsets of

the training dataset. The predictions from each model were
aggregated by averaging to obtain a stronger final output.
The base_estimator for ensemble_svc is (support vector clas-
sifier), and the other hyperparameters and settings for the
BaggingClassifier include n_estimators and random_state
[41].

Neural network ensembles: Ensemble neural networks
can be achieved by varying the training data, models, and
combinations. However, the training of neural networks is
computationally expensive. A deep network trained on mil-
lions of examples may require days, weeks, or even months
to train. Hence, the implementation of an ensemble neural
network was exempted in this experiment [42].

3.3.3 The cost-sensitive learning methods for imbalanced
learning

Cost-sensitive learning (CSL) addresses imbalanced classifi-
cation problems by assigning varying costs to errors based on
class distribution. By assigning higher weights to the minor-
ity class in the cost function, themodel faces greater penalties
for the misclassification of this class, thereby focussing more
on the underrepresented class. CSL methods include cost-
sensitive logistic regression, decision trees, support vector
machines, and neural networks [43].

Cost-sensitive logistic regression: Cost-sensitive logistic
regression, also referred to as weighted logistic regression, is
an adaptation of the standard logistic regression algorithm,
tailored for imbalanced datasets. This method reduces the
penalty for errors in the majority class, while increasing the
penalty for errors in the minority class. The mathematical
expression for the cost-sensitive logistic regression model is
as follows:

logi t(p(y � 1|x)) � β0 + β1x1 + β2x2 + . . . + βpxp �
p

∑

j�0

β j x j (6)

where p(y � 1|x) is the probability of the positive class
given the input features x , β j is the coeffiecient for feature
x j , and p is the number of features. The logit function is

defines as logi t(p) � log
(

p
1−p

)

.

In scikit-learn, the module for cost-sensitive logistic
regression is BalancedLogisticRegression, where the weight
for each class is specified using the class_weight parameter
[41].

Cost-sensitive decision trees: Cost-sensitive decision trees
address the issue of skewed class distributions in imbal-
anced learning problems. The criterion used to evaluate split
points in the standard decision trees was adjusted to consider
the importance of each class during the tree construction
process. A weighted split point or weighted decision tree
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typically assigns a greater weight to the minority class dur-
ing training. The cost-sensitive decision tree model can be
mathematically expressed as follows:

spli t(S) � argmax ∈ S{Gain(S, s) − λCost(S, s)} (7)

Gain(S, s) � Impuri ty(S) −
∑

t∈{L , R}

|St |
|S| Impuri ty(St )

(8)

Cost(S, s) �
∑

t∈S
Ciwi (9)

whereS is the set of examples at a given node, s is a can-
didate split point, spli t(S) is the optimal split point, Gain
(S, s) is the information gain of the split, Impurity (S) is the
impurity of the set S, Cost(S, s) is the cost of the split, Ci is
the misclassification cost of example i , wi is the weight of
example i , andλ is a regularisation parameter and controls
the trade-off between information gain and cost.

Balanced random forest in scikit-learn is a variant of ran-
dom forest model that adapts the tree-building process to
balance class distribution in each tree node and thereby reduc-
ing the impact of class imbalance.

Cost-sensitive support vector machines (SVM): In cost-
sensitive SVMs, the standard SVM algorithm is modified in
a way to allow the margin used to separate the classes to
take the importance of each class into account. The margin
can be made wider for the minority class and narrower for
the majority class. The cost-sensitive SVM model can be
mathematically expressed as

min
w, b, ξ

1

2
wTw + C +

∑

i :yi�1

ξi + C −
∑

i :yi�−1

ξi (10)

Subject to yi
(

WT xi + b
) ≥ 1 − ξi , ξi ≥ 0.

Here, w represents the weight vector, b is the bias term,
ξi denotes the slack variable for the i th training example, yi
is the class label for the i th training example, xi is the cor-
responding feature vector. The cost parameters C+ and C−
are associated with the positive and negative classes, respec-
tively, and can be adjusted to reflect the relative importance
of each classset to different values to reflect the importance
of each class. The balanced SVM in scikit-learn is achieved
by setting the class_weight hyperparameter to ‘balanced’ in
addition to specification of the kernel types.

Cost-sensitive neural networks: Cost-sensitive neural net-
works are a variation of standard neural networks that allow
themodel to focusmore on theminority class in datasets with
severely skewed class distributions. The training algorithm
modifies the backpropagation process to weigh misclassifi-
cation errors according to the importance of each class,which

is often referred to as weighted or cost-sensitive neural net-
works.

The cost-sensitive neural network model can be mathe-
matically expressed as follows:

output � f

(
n

∑

i�1

wi xi + b

)

(11)

loss �
m

∑

i�1

Ciwi l(yi , outputi ) (12)

where xi , is the input feature vector for the i th training
example, yi is the true class label for the i th training exam-
ple, outputi is the predicted class label for the i th training
example, wi is the weight assigned to the i th training exam-
ples, b is the bias term, f is the activation function, l is the
loss function, and Ci is the misclassification cost of exam-
ple i . The weights for each class can be specified using
the class_weight parameter in scikit_learn’s NeuralNetwork
class. A grid search was used to determine the optimal class
weights for a given dataset.

In scikit-learn’sNeuralNetwork class, theweights for each
class can be specified using the class_weight parameter. Grid
search canbeused tofind the optimal classweights for a given
dataset. The BalancedNN in scikit-learn requires the com-
pute_class_weight hyperparameter to be set to ‘balanced’.
Other settings included classes, input_dim, and activation
[41].

3.3.4 One-class classification methods for imbalanced
learning

One-class classification (OCC) is an unsupervised learning
algorithm that focuses on modelling a single class within a
dataset, eliminating bias towards other classes. It is com-
monly used for outlier and anomaly detection, making it
a practical approach to imbalanced learning. OCC fits a
model to the majority class data to determine whether a new
instance belongs to the majority class (the normal group) or
the minority class (the anomaly group). In this study, the
one-class classification algorithms used include one-class
logistic regression, isolation forest, one-class support vector
machines, and one-class neural networks.

One-class logistic regression: One-class logistic regres-
sion is a binary classification model that is commonly
employed for anomaly detection. It models the relationship
between a binary dependent variable and one or more inde-
pendent variables. The dependent variables take values of
either 0 or 1, whereas the independent variables can be either
continuous or categorical.

Isolation forest: Isolation forest [44] is an unsupervised
learning algorithm that works by randomly partitioning the
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data into subsets and recursively splitting each subset until
every data point is isolated in its own subset. The key intu-
ition is that outliers with feature values significantly different
from the majority are likely to be isolated with fewer splits
compared to normal points. As a result, the path length from
the root node to the leaf node in an isolation tree serves as
a measure of how anomalous a point is. The average path
length across all trees in the forest, known as the anomaly
score, was used to rank the data points from most to least
anomalous..

One-class support vector machine: A one-class support
vector machine (OC-SVM) is an outlier detection method
that attempts to fit a boundary around normal data points and
classifies new points as normal or abnormal based on their
position relative to this boundary. The boundary can take the
form of either a hyperplane or hypersphere, depending on the
formulation of the problem. The OC-SVM model is trained
using normal data and then classifies new data points based
on their distance from the origin in the feature space.

One-class neural networks: One-class neural networks are
designed to detect anomalies by training on a set of normal
examples and then classifying new examples as normal or
abnormal based on their deviation from the learned feature
space of normal data. This method is particularly valuable
in unsupervised learning scenarios, in which labelled data
for the minority class are unavailable. It can be applied to
binary classification tasks with highly imbalanced class dis-
tributions or in cases with no clear structure to differentiate
classes using supervised algorithms..

3.3.5 Assessment criteria

A confusion matrix, or error matrix, summarises the pre-
dictions in matrix form for all classification algorithms
considered. The matrix reveals direct values, such as true
positive (TP), false positive (FP), true negative (TN), and
false negative (FN). Additional insights were gained through
comparative analysis using metrics such as accuracy, preci-
sion, recall (sensitivity), specificity, G-mean, and F1-score.

For binary classes 1 and 0, TP and TN refer to the number
of ‘1 s’ that the model correctly classified as 1. In addition,
the number of ‘0 s’ was correctly classified as 0. Similarly,
FP and FN gave the number of ‘1 s’ that the model incor-
rectly classified as 0, and the number of ‘0 s’ that were also
incorrectly classified as 1. The other metrics are determined
defined in Table 2.

Accuracy measures the proportion of correct predictions
made by the model. However, in imbalanced datasets, the
accuracy can be misleading, as the majority class may skew
the results. Precision quantifies the proportion of true posi-
tive predictions among all the positive predictions made by
the model, offering insight into its performance in the minor-
ity class. Recall (or sensitivity) evaluates the proportion of

Table 2 Evaluation metrics for imbalanced classification

Evaluation metrics Formulas

Accuracy True Positives + True Negatives
Total Observations

Precision True Positives
True Positives + False Positives

Recall True Positives
True Positives + False Negatives

Specificity True negatives
True negatives + False Positives

G-Mean
√

(Sensitivity × Specificity)

F1-score 2×(Precision × Recall)
(Precision + Recall)

AUC 1+True Positive Rate−False Positive Rate
2

true positive predictions among all actual positive instances.
Specificity measures the proportion of true negatives among
all the actual negative instances. Additionally, the G-mean
is the geometric mean of sensitivity and specificity, whereas
the F1-score represents the harmonic mean of precision and
recall, providing a balanced view of these metrics. While we
acknowledge that MAUC offers a comprehensive evaluation
of model performance in multiclass-imbalanced settings, it
was not included in the present study as our primary focus
was on binary and three-class classification taskswhere other
metrics such as AUC, G-mean, and F1-score are more com-
monly adopted and sufficient for performance comparison
[45]. Higher values of these performance metrics indicated
a better model.

4 Results and discussion

The discussion of the experimental results starts with the
performance of the base classifiers on the synthetic and
benchmark datasets without resampling across the three
levels of imbalances. This is followed by the effects of
oversampling and undersampling techniques on the classi-
fiers and levels of imbalance. The outcome of implementing
ensemble, cost-sensitive, and one-class classification mod-
els across imbalances has also been reported. The F1-score
was used to present the performance of the algorithms across
various imbalances. Deductions from the results were used
to formulate the rules for the recommended system.

4.1 Performance of the base classifiers
without resampling across levels of imbalances

The performances of the decision tree (DT), linear regression
(LR), support vector machines (SVM), and artificial neural
networks (ANN) on the extreme,moderate, andmild datasets
are summarised in Table 3 for the synthesised dataset, and
Table 4 for the benchmark dataset.
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Table 3 Performance of base
classifiers on synthesised dataset Models Classes DT LR SVM NN

F1-score—extreme 0 0.99 0.99 1.00 1.00

1 0.04 0.00 0.92 0.00

F1-score—moderate 0 0.95 0.95 1.00 1.00

1 0.25 0.24 0.92 0.90

F1-score—mild 0 0.85 0.85 1.00 1.00

1 0.57 0.53 0.92 0.90

Table 4 Performance of base
classifiers on benchmarked
dataset

Models Classes DT LR SVM

F1-score—extreme 0 1.0 1.0 1.0

1 0.82 0.7 0.8

F1-score—moderate 0 0.97 0.97 0.97

1 0.0 0.0 0.0

F1-SCORE—MILD 0 0.86 0.88 0.88

1 0.5 0.63 0.62

The performances of the base classifiers on the extremely
imbalanced synthetic dataset for the majority and minority
(0,1) classes show that the LR and NN perform extremely
poorly, with (0.99,0.00) and (1.00, 0.00) for classes 0 and
1, respectively. The performance of DT is also insignificant
with only 0.04 recognition of the minority group, whereas
SVM performs very well in the minority class (1.00, 0.92)
without losing sight of the majority class.

There was a marginal improvement in the performance of
DT andLRonmoderate imbalances of (0.95, 0.95) and (0.25,
0.24), respectively. TheNN shows a significant improvement
(1.00, 0.90) almost in per with the performance of SVM
which is (1.00, 0.92). These performances are sustained on
a mildly imbalanced dataset by the NN and SVM. DT and
LR also have an improved performance of (0.85, 0.85) and
(0.57, 0.53), respectively.

The base algorithms demonstrated various degrees of per-
formance on the three benchmark datasets. As shown in
Table 4, DT led on the extreme dataset with (1.0,0.82) fol-
lowed by SVM (1.0,0.8) and LR (1.0, 0.7). All models have
the same performance (0.97,0.0) for themoderate benchmark
dataset. SVM has (0.88, 0.62) on the mild dataset to be in
the second position, LR led with (0.88, 0.63), and the least
performance from DT is (0.86,0.5).

These results reveal the tolerance levels of the four base
classifiers to imbalanced datasets. This shows that the SVM
is the most appropriate classifier for all forms of imbalanced
datasets because of its lead performance and consistent sec-
ond position on the benchmark datasets. The performance
of the NN follows on the synthesised dataset, although the
performance of the NN cannot be reported on a benchmark
dataset for logistic reasons. DT is a better classifier for the

imbalanced dataset than LR, as demonstrated in the results
from both the synthesised and benchmark datasets.

To assess whether the classifiers exhibit statistically
detectable differences in their performances based on the
observed F1-scores, we performed the Friedman test [46]
to test the null hypothesis that the classifiers are equivalent
with respect to the observed F1-scores, which yielded a sig-
nificant result (p-value � 0.01775). This implies that there
is a statistically significant difference in performance among
DT, LR, and SVM. This further justifies the analytic infer-
ences presented from the results.

4.2 Implication of resampling on the performances
of the classifiers across levels of imbalances

The two oversampling techniques used were ROS and
SMOTE. Similarly, RUS and NearMiss were applied as the
undersampling techniques. These four resampling methods
were individually implemented on the four base models
across the three levels of class imbalance for the two dataset
categories.

4.2.1 Effects of resampling on the extremely imbalance
dataset

Figure 2 shows the negative effects of resampling
the extremely synthesised imbalanced dataset on the perfor-
mance of the DT and SVM classifiers. The performance of
the base DT for the majority (0) and minority (1) classes
is (0.99, 0.04), and none of the resampling techniques met
that performance; the least performance of (0.59, 0.02) was
achieved by DT + NearMiss. The performance of SVM was
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Fig. 2 Effect of rebalancing
techniques on an extremely
imbalanced synthetic dataset

also reduced from (1.00, 0.92) to (0.99,0.38) by SVM+ROS.
The best result from resampling is (1.00,0.9) from SVM +
RUS. A slight improvement on the minority recorded in the
resampling of LR from (0.99,0.0) to (0.77,0.03) resulted in
a reduced performance in the majority class.

Lower resampling performance is also observed in the
extremely imbalanced benchmark datasets, as shown in
Fig. 3. The DT performance on the credit card dataset is (1.0,
0.82). This value dropped to (1.0, 1.35) in DT + NearMiss,
and further decreased to (0.97, 0.06) in DT + ROS.

The same trend was maintained for LR and SVM. LR
has (1.0, 0.7), which was reduced to (0.99, 0.12) by LR +
ROS as the highest and (0.95, 0.03) from LR + NearMiss as
the lowest performance. SVMhas (1.0, 0.8) performance, but
when resampled with SMOT, the lowest value of (0.99, 0.11)
was recorded, and the highest from the resampling techniques
was (1.0, 0.77) from RUS.

4.2.2 Effect of resampling on the moderately imbalance
dataset

The resampling of a moderately imbalanced dataset reduces
the performance of the SVM and NN; however, it provides a
slight improvement in the performance of DT and LR on the
minority class, as shown in Fig. 4. However, this improve-
ment on the minority in the two classifiers for the moderately
imbalanced dataset resulted in low recognition of the major-
ity class. TheDT performance on themoderately imbalanced
dataset is (0.95,0.25), while the performances of DT + ROS
is (0.75, 0.32), DT + SMOT is (0.77, 0.31), DT + ROS is
(0.77, 0.32), and DT + NearMiss is (0.84,0.33).

The same trend ismaintained by LRwith base value (0.95,
0.24), and the highest value on the minority from resampling
is (0.85, 0.34) from LR + NearMiss the three other resample
techniques generate a lower value of (0.8, 0.32). The per-
formance of the SVM for the moderate imbalance dataset
was (1.00, 0.92), which was reduced to (0.99, 0.38) by SVM

+ ROS as the lowest and (1.00, 0.88) by SVM + NearMiss
as the highest from resampling. Similarly, the base NN has
(1.00, 0.99), the highest from the resampling is the NN +
ROS value of (0.99, 0.39), and the lowest is the (0.99, 0.36)
from NN + RUS and NN + NearMiss.

A moderate improvement was observed in the minority
class when resampling techniques were applied to the stroke
dataset for all models. As shown in Fig. 5, the improvements
range from 0.2 and 0.3.

Conversely, resampling lowers the performance of the
models in the majority class from 0.97 through various val-
ues, to 0.81. All the base models performed poorly on the
stroke dataset, and resampling provided marginal improve-
ment across all the models.

4.2.3 Effect of resampling on the mild imbalance dataset

The results inFig. 6 reveal that resamplingmildly imbalanced
datasets does not improve the performance of SVM and NN;
instead, it reduces the performance across all rebalancing
techniques. As shown, the base SVM performance on the
mild dataset is (1.0, 0.92); this value reduces to (0.99, 0.38)
by SVM + ROS as the lowest and (1.0, 0.9) as the highest
from resampling. Similarly, the NN performance value was
(1.0, 0.9), and all the values from the resample were lower,
with NN + RUS and NN + NearMiss values of (0.99, 0.38)
being the lowest.

The base DT performance on mild dataset is (0.85, 0.57);
DT+NearMiss ups this performancewith 0.86 for themajor-
ity and equals the performance with 0.57 for the minority
classes. The performance of ROS, SMOT, and RUS for the
minority class was 0.6, while the performance for the major-
ity class for ROS and RUS was 0.76, and that of SMOT was
0.74. The LR value (0.85, 0.53), the LR + NearMiss resam-
pling produce (0.81,0.59), all other rebalances recorded a
lower value of (0.77,0.59).

123



   58 Page 12 of 21 International Journal of Data Science and Analytics            (2026) 21:58 

Fig. 3 Effect of rebalancing
techniques on the extremely
imbalanced credit card dataset 1 0.99 0.990.98
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Fig. 4 Effect of rebalancing
techniques on the moderate
imbalanced synthetic dataset

Fig. 5 Effect of rebalancing
techniques on the moderately
imbalanced stroke dataset

The result from the customer churn dataset shown in Fig. 7
revalidates the performance recorded with the mild synthetic
imbalance datasets. In the minority class, the resampling
techniques improved by 0.5 of the base DT, up to 0.61. In
addition, resampling marginally improves the performance
of LR on the minority from 0.63 to 0.64. The same value of
0.62 is recorded by the base SVM and the resample dataset
with ROS, SMOT, and NearMiss. For the minority class,
SVM + RUS has 0.63 for a minority class.

For all instances except SVM+RUS, the resampling tech-
niques reduce the performance of the model on the majority
class for the mildly imbalanced dataset.

The effect of rebalancing was low on the SVM and NN
across the extreme, moderate, and mild imbalanced datasets.
These results conform to those of [15] in which MLPs and
SVMs were less affected by resampling. Also Thanka, Ram
[23] claimed that ANN models performed satisfactorily on
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Fig. 6 Effect of rebalancing
techniques on a mildly
imbalanced synthetic dataset

Fig. 7 Effect of rebalancing
techniques on the mildly
imbalanced customer churn
dataset

the original imbalanced dataset and resampled dataset. Fur-
thermore, this result justifies the fact that SVM and NN are
themost appropriate for direct use on all forms of imbalanced
datasets.

Furthermore, the effect of resampling is not sufficiently
high to significantly influence a non-performing classifier to
become an excellent classifier. The best approach is to sustain
the performances as seen in RUS and NearMiss on SVM.
There are also instances in which resampling reduces the

performance of the models, as seen in the NN. This outcome
agrees with that in [4] that sampling has little or no effect on
the performance of most classifiers. The next section reports
the performance of the ensemble, cost-sensitive, and one-
class classification on the imbalance classification.
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Fig. 8 Ensemble, cost-sensitive, and one-class classification performance on extreme imbalance synthetic dataset

4.3 Implication of ensemble, cost-sensitive
and one-class classification on imbalance
classification

The performance of the ensemble of binary tree—radom for-
est (EN-RF) on the extremely imbalanced synthetic dataset as
shown in Fig. 8 is (0.99, 0.05), that of ensemble linear regres-
sion (EN-LR) is (0.99, 0.00), the value for the ensemble SVM
(EN-SVM) is (1.00, 0.92). That of ensemble ANN is (0.00,
0.00). Except for EN-RF, which outperforms the base DT by
0.01, no other ensemble models outperform their base mod-
els on the extremely imbalanced dataset. The values of the
cost-sensitive models for the extremely imbalanced dataset
were not up to the values of their base models. The perfor-
mance of OC-IF (0.88, 0.04) is in accordance with that of
the base DT (0.99, 0.04) on the minority class, and OC-LR
and OC-NN performed much better than their base LR and
NN, respectively. Therefore, the one-class model stands out
as better for an extremely imbalanced dataset. The EN-RF
and EN-SVM were good models for this category.

The results from the credit cards dataset in Fig. 9 further
corroborate the outcomes of the synthetic dataset.

As shown, EN-RF and OC-LR outperform and perform
the base models.

The F1-scores of models on the moderate imbalance
synthetic dataset in Fig. 10 show that the performance of
ensemble models is equal to that of the base models or mod-
erately better than that of the base models. The former is
as seen in LR (0.95, 0.24)/EN-LR (0.95, 0.24) and SVM
(1.0, 0.92)/EN-SVM (1.0, 0.92). The latter is as seen in DT
(0.95, 0.25) and EN-RF (0.85, 0.36). CS-BRF (0.81, 0.32)
and CS-BLG (0.8, 0.32) outperformed the corresponding
base models. CS-SVM (0.99, 0.38) and CS-NN (0.00, 0.01)
performed lower than their base models. The performance of
the cost-sensitivemodels is better formoderately imbalanced
datasets, followed by the one-class model techniques.

The deduction from the synthetic moderately imbalanced
dataset is substantiated by the output from the stroke dataset,
as shown in Fig. 11.

CS-BRF, CS-BLG, and CS-SVM outperformed their cor-
responding base models and all other types of models for the
moderately imbalanced real dataset demonstrated using the
stroke dataset.

For the mildly imbalanced dataset, Fig. 12 shows the
results for the synthetic dataset, OC-IF (0.78, 0.37), and OC-
SVM (0.95, 0.10) performed below their base models. On
the other hand, CS-BRF (0.78, 0.59) and OC-LR (1.00, 0.90)
outperformed their base models, whereas the performance of
OC-NN (1.00, 0.90) was equal to that of the base model.

The performance of the synthetic mild imbalance dataset
is reflected in the output of the customer churn dataset in
Fig. 13. The result of CS-BRF (0.81, 0.63) is better in the
minority class than the base model DT (0.86, 0.5). EN-LC
and OC-LR have the same performance (0.88, 0.63) as the
base model LR. The OC-BLG (0.81, 0.63) is the same as the
others in the minority class, but lower than the others in the
majority group.

Comparatively, there was little or no improvement in the
performances of EN-RF, EN-LC, and EN-SVM over the per-
formances ofDT,LR, andSVM, respectively, across the three
levels of imbalances. The study could not experiment with
the EN-NNbecause of the huge space and time requirements.
Most studies on ensembles provide information on perfor-
mance without reporting the significance of the performance
over the base models.

In the same vein, a modest improvement was displayed by
CS-BRF on moderate and mild imbalances, but no improve-
ment was noticed on extremely imbalanced datasets. Unlike
CS-BRF, CS-BLG performed better across all three levels
of imbalances. The performances of CS-SVM and CS-NN
were extremely low across the three imbalance levels.

123



International Journal of Data Science and Analytics            (2026) 21:58 Page 15 of 21    58 

Fig. 9 Ensemble, cost-sensitive,
and one-class classification
performance on credit cards
dataset

Fig. 10 Ensemble, cost-sensitive, and one-class classification performance on moderate imbalance synthetic dataset

Fig. 11 Ensemble, cost-sensitive,
and one-class classification
performance on stroke dataset

Fig. 12 Ensemble, cost-sensitive, and one-class classification performance on mild imbalance synthetic dataset
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Fig. 13 Ensemble, cost-sensitive,
and one-class classification
performance on customer churn
dataset

However, the performance of one-class classification tech-
niques is significant across all levels of imbalances for
OC-LR, OC-SVM, and OC-NN, and the improved perfor-
mance in OC-IF is not as high as that of the other three
models.

5 Modelling of a knowledge-based
recommender system for imbalance
classification

The performance of the resampling techniques, ensembles,
cost sensitivity, and one-class classification on the four clas-
sifiers and across the three levels of imbalances is coded,
as shown in Table 5. The value chosen as the threshold of
average performance on the minority class is 0.5 ( ∫), values
below the threshold are considered unsatisfactory 0 (X), and
values above the threshold are rated satisfactory 1

(√)

.
In Table 5, the overall performance of DT is 2 that of LR

is 5.5, that of SVM is 15, and that of NN is 5. These results
indicate that the SVM is the most effective algorithm for the
direct handling of class-imbalanced datasets, followed by
LR and NN. DT is the least effective algorithm for managing
class imbalances in binary classification problems.

Similarly, the results reveal that undersampling is a bet-
ter resampling technique than oversampling with RUS �
3.5/12 and NearMiss � 4/12 while ROS � 0.5/12 and
SMOT � 0.5/12.

Although the performance of EN-NN is not reported
here because of its computational complexity, the over-
all performance in four out of nine cases for the other
three scenarios indicated that ensembles outperformed both
undersampling and oversampling techniques. The one-class
classification technique achieved a performance of 8 out of
12, making it the best overall model for handling imbal-
anced learning problems. Thiswas followed by the ensemble,
undersampling, and cost-sensitive techniques. Oversampling
techniques performed the worst among all methods consid-
ered.

5.1 Formulation of imbalance learning
recommender system’s model

The twenty-seven (27) rules derived fromTable 5 are encoded
in Table 6 and used to develop the imbalanced recommender
system model, as illustrated in Figs. 14, 15, and 16. These
rules are expressed as a series of IF–THEN statements that
capture the explicit domain knowledge.

The selection of a knowledge-based recommender system
is driven by the transparent and explainable nature of the rules
or knowledge representations used by these techniques.

When a dataset is provided, the system determines the
level of imbalance and specifies the recommendedoptions for
the user. However, the actual choice that is eventually made
by the user will depend on other business rules and necessary
conditions that must be considered. A typical output for a
mildly imbalanced dataset is shown in Fig. 14.

Figure 14 shows the recommendations for the mild
dataset. This indicates that DT, SVM, and NN can be used
directly on the dataset. If resampling is required, RUS and
NearMiss are preferable. EN-RF and EN-SVM were the
ensemble models recommended in this case. The recom-
mended cost-sensitive model was CS-BRF, and the one-class
models were OC-LR, OC-SVM, and OC-NN.

The default recommendations for the moderate and
extreme datasets are shown in Fig. 15 and 16, respectively.

The models are the actualisation of the recommendation
engine and the user guidance component in the imbalanced
learning recommender framework shown in Fig. 1. The
model’s output Figs. 14, 15 and 16 displays the default actual
performance values for each data level as a guide for the user.
The user’s actions and transaction outcomes will serve as
feedback for the system towards continuous improvement.
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Fig. 14 Model recommendation for mild imbalance data

6 Summary, conclusion,
and recommendations

Properly managing class-imbalanced learning is essential
in machine learning, data mining, and other data-driven
problem-solving approaches. The resampling techniques that
are commonly used to address this problem normalise the
dataset classes to equal 50% either by oversampling with
artificially generated data or undersampling by losing some
original information in the dataset. Therefore,models built on
resampled datasets are based on artificial assumptions, with
inconsistent accuracy and unsatisfactory performance when
deployed in the real-world domain. Therefore, it is essential
to demonstrate the capacity of other approaches to handle
imbalanced learning without the side effects associated with
resampling methods.

It is evident from this study that resampling is not neces-
sary in imbalanced learning, because it is not always the best
solution. The performance of the resampled models ranked
them on par with or below, but certainly not above, other
available alternative techniques, such as ensemble methods,
cost-sensitive learning, and one-class classification tech-
niques.

Hence, with the limitations attributed to rebalancing the
class-imbalanced dataset, it is essential for the imbalanced
learning research community and users not to be carried away
by the hype on the performance of the resampling techniques;
instead, safer algorithms and hybrid approaches should be
explored to handle class-imbalanced problems. Furthermore,
a recommender system is provided in this study to provide the
necessary guidance for users to save time and effort expended
on the search for the best techniques for a given problem.

Future work on this study would consider the exploration
of more classifiers and datasets to further demonstrate the
adequacy of the findings with an extension to multiclass-
imbalance datasets. In addition, the scalability of one-class
logistic regression and other techniques on datasets with high
dimensionality or significant noise was explored. Further-
more, the recommender system can be deployed and made
accessible to an unbalanced learning community. The usabil-
ity evaluation and other feedback received can be used for
the continuous enhancement of the platform.

123



   58 Page 18 of 21 International Journal of Data Science and Analytics            (2026) 21:58 

Fig. 15 Model recommendation for moderate imbalance data

Fig. 16 Model recommendation for extreme imbalance data
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