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Abstract.  Many machine learning applications are faced with the challenge of class
imbalance. Most traditional machine learning techniques only consider maximizing overall
accuracy which will lead to the model being biased towards the majority class. As a result,
the model will not be able to identify the minority class even if it was able to obtain high
overall accuracy which is an issue when these samples are very rare in research or in
applications where they are needed. This review summarizes three commonly used
approaches to address this problem. It also clarifies the application logic of evaluation
metrics tailored for imbalanced scenarios, including precision, recall, F1 score, and
precision-recall curves. This review summarizes current progress in addressing class
imbalance and highlights potential directions for future research.
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1. Introduction

In machine learning, it is not uncommon for sample sizes to differ across categories. An example of
this phenomenon can be found in the medical record data, where there are plenty of healthy
individuals whose data can be easily collected; however, there are usually only a few patient
samples available. For this reason, models will typically predict the majority class by neglecting
those patients that actually deserve care. The algorithms use imbalanced training sets; therefore, they
are most likely to predict the predominant class [1]. An example of the problems created by this
practice is that the algorithm results in an overall accuracy that is high but fails to identify the less
frequently occurring class.

The issue has been addressed by several researchers with multiple methods, including: (1)
methods using data-level modifications (i.e., modification of the numbers of occurrences in a data
set) to address imbalance; (2) methods modifying algorithms (i.e., including change in loss function)
to address the issue; and (3) ensemble methods to improve classification accuracy by using multiple
classifiers in combination to create a combined classifier for improved performance.

None of the techniques above will solve every problem and the choice of which to use will again
depend on the problem being solved. In practice, it often turns out that the methods seem to work
better or worse depending on the size of dataset, the degree of imbalance in the classes and how the
feature space is structured. Choosing a sensible approach often requires empirical comparisons
rather than relying on theoretical advantages. Some methods will work better on small datasets
while others will work better when the dataset is very large and very imbalanced.This review
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explores several standard approaches and explains the advantages and disadvantages of each. The
purpose of this paper is not to discuss all details, but to help readers understand the available
methods and when they can be applied.

2. Literature review

2.1. The definition of class imbalance

In practical machine learning data, classes frequently have very different numbers of examples. This
is a class imbalance. In binary classification – where there are just two classes – the less frequent
class tends to be rare events (such as fraud or disease), and the more frequent class the normal ones.
In multi class problems, some groups will have a lot of examples, and others very few. The amount
of imbalance is usually expressed using the "imbalance ratio", which is typically around the number
of examples in the more frequent class, divided by the number of examples in the less frequent class.
There's no strong rule for what counts as "very imbalanced", but ratios of 100:1 or more are not
unusual.

The problem has been known for many years. Initial studies investigated how imbalance can
affect classifier performance, and how it might be measured. Though the definition of imbalance is
straightforward, the effects on learning algorithms are often subtle and don't become obvious until
models are applied to real data.

2.2. Class imbalance is a problem

Class imbalance creates problems, as most standard algorithms aim to improve overall accuracy
without accounting for highly imbalanced class distributions. Indeed, in a balanced dataset, accuracy
is a good performance metric. However, if one class is much larger than the other, a model can still
achieve high accuracy by predicting that class. For example, imagine a dataset with 95% negative
examples and 5% positive examples; a model that always guesses "negative" would achieve 95%
accuracy but would fail in unusual situations. Research has demonstrated that conventional
measures can be deceptive in these situations [1,2]. To better assess performance, alternative
measures such as precision, recall, and F1-score are often used. These measures concentrate more on
the less frequent class and better indicate whether the model has identified important features.

3. Methods

3.1. Data-level methods

When faced with imbalanced datasets, many people's first instinct is to adjust the dataset itself. The
reasoning is straightforward: if one class has extremely few samples, why not simply increase the
number of these minority samples? Though this idea is simple, it lies at the core of oversampling.

The most common way to address this is SMOTE [3]. Rather than simply duplicating minority
samples, SMOTE interpolates to generate new samples. Geometrically you can think of SMOTE as
expanding the minority class in feature space so that classifiers that draw decision boundaries can do
so with lesser bias. It has been demonstrated to drastically improve recall for the minority class on
benchmark datasets [3]. However, this method has drawbacks. When minority samples are sparsely
distributed or overlap heavily with the majority, SMOTE may generate synthetic samples within the
overlapping region. In such cases, oversampling can even blur the class boundary further.
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To address this drawback, improvements aimed to improve the sampling process. Borderline-
SMOTE only considers samples that fall near the decision boundary to make additional samples, as
these points are the area of most interest for classification [4]. ADASYN makes additional samples
in the area where learning is harder still [5]. This quality of the samples with respect to the class
boundary makes this method more appealing theoretically than simple uniform oversampling,
although in practice the result is heavily dataset dependent, and thus also is the value of the sample
distribution in the feature space.

Of course, oversampling is not free from controversy itself. The review paper states that
synthetically generated data is likely to distort the original data distribution and may even introduce
some synthetic artifacts [6]. This goes against the implicit assumption that matching the class
distribution as closely as possible is always good and leads to better generalisation. It also raises a
fundamental question: Are people truly addressing the imbalance, or merely altering the dataset
distribution without resolving model bias?

In contrast, undersampling alleviates imbalance by removing the samples from the majority class.
Early methods, such as Tomek links, remove most highly similar samples from the minority class,
thereby sharpening decision boundaries and reducing class overlap [1]. Later approaches, such as
NearMiss, assume that the majority of samples near minority regions carry greater informational
value, as they help define decision boundaries and indicate areas prone to misclassification by
models [7]. Undersampling remains one of the most fundamental data-level approaches, as it
directly adjusts class distributions without introducing artificial samples.

In summary, data-level methods are attractive for their simplicity and flexibility, enabling
application before training virtually any classifier.

3.2. Algorithm-level methods

Algorithmic approaches do not delete or add samples; instead, they adjust the learning objective to
focus more on minority-class samples.

One of the oldest implementations of this idea is cost-sensitive learning. Misclassifications
should not all be treated the same since in imbalanced learning tasks, the true cost of misclassifying
a minority class sample is much higher than misclassifying a majority class sample. By imposing
greater penalties on minority class samples, the model emerges misclassifying them less, even if
accuracy overall may decrease [8]. This approach alters the optimization objective without
modifying the dataset itself.

In practice, cost-sensitive learning can be implemented in various ways. Many classifiers, such as
logistic regression and support vector machines, allow direct specification of class weights, thereby
increasing their contribution to the loss function. Rezvani et al provide a comprehensive review and
empirical evaluation of SVM-based approaches for class-imbalanced learning, including weighted
SVM variants [9].

This idea also carries over to deep learning. Researchers are increasingly using weights per
category or designing different losses that focus better on examples that are hard to learn or minority
examples over cross-entropy. One such example is the focal loss, which modifies cross‑entropy loss
and down-weights easy majority samples during training and focuses more heavily on hard minority
examples [10].

Still, setting the weights or loss design is often not straightforward. Because of this, some studies
have turned to ensemble methods.



Proceedings	of	CONF-CDS	2026	Symposium:	Data-Centric	AI	Security:	Securing	Models,	Learning	Agents,	and	Autonomous	Systems
DOI:	10.54254/2755-2721/2026.CH33069

19

3.3. Ensemble methods

As its name suggests, ensemble methods combine multiple models rather than relying on a single
one. The core idea is that individual models may suffer from bias or instability, so combining
multiple models aims to produce more reliable predictions, especially in scenarios with class
imbalance.

Early works include EasyEnsemble and BalanceCascade [11]. EasyEnsemble samples random
subsets from the majority class and pairs these subsets with all samples from the minority class. This
process generates several balanced training sets. A classifier is trained on each subset and their
outputs are combined. Although it does not solve the problem perfectly, it alleviates the model's
tendency to blindly predict the majority class. BalanceCascade proposes an improvement on this
idea. After classifiers have been learned, BalanceCascade discards majority class samples that have
been correctly classified so that the resulting classifiers focus more on the remaining hard-to-classify
samples.

Beyond these classical approaches, recent years have seen an increase in ensemble methods that
combine sampling with boosting algorithms. For instance, CUSBoost first clusters the majority
samples, performs undersampling within each cluster, and then applies a boosting algorithm to the
processed data [12]. In contrast, SMOTEBoost integrates the SMOTE oversampling technique into
the boosting procedure. At each boosting iteration, SMOTE generates synthetic minority class
samples, increasing their representation in the training distribution and forcing the model to pay
greater attention to these cases [13]. These approaches strongly demonstrate that sampling and
ensemble learning need not be separate steps but can be integrated into a unified training process.

Recent surveys have also looked at the interplay between ensemble models and data
augmentation [14]. Adding perturbed implementations of minority data samples help stabilize the
model and improve recognition of the minority however the these designs also increase model
complexity and generally have some associated increase in tuning requirements.

In summary, ensemble approaches serve as a practical alternative when single-model methods
encounter limitations. They function by distributing the learning task across multiple models; this
helps mitigate the tendency for models to favor majority classes and provides minority classes with
more opportunities to be learned.

4. Evaluation and metrics

As discussed earlier, overall accuracy is not a reliable metric. In extremely imbalanced scenarios,
classifiers that predict only the majority class can achieve high accuracy while completely failing to
recognize minority-class samples, which are often the primary targets [1]. Therefore, alternative
evaluation metrics are commonly introduced. Precision and Recall serve as foundational evaluation
metrics: Precision quantifies the proportion of correctly predicted positive samples, while Recall
quantifies the proportion of actual positive samples correctly identified. Furthermore, because of the
trade-off between these two metrics, researchers use the F1-score. Defined as the harmonic mean of
precision and recall, it provides a single metric that balances both.

Curves can be utilized to evaluate performance as well. The ROC curve and AUC are commonly
applied in balanced environments. Conversely, the Precision-Recall curve and its AUC are generally
better suited for imbalanced datasets since they inherently emphasize detecting the minority class of
samples [15]. As such, PR curves will show how well the model can detect positive examples (the
samples that are not listed as true negatives), and will not be as impacted by the overwhelming
number of true negatives present in imbalanced datasets.



Proceedings	of	CONF-CDS	2026	Symposium:	Data-Centric	AI	Security:	Securing	Models,	Learning	Agents,	and	Autonomous	Systems
DOI:	10.54254/2755-2721/2026.CH33069

20

Another approach is cost-sensitive evaluation (note: this refers to the evaluation‑level concept,
distinct from the training-level cost-sensitive learning mentioned earlier). This method weights
errors based on their actual impact, thereby more accurately reflecting the model's performance
across different classes. In practical applications, researchers typically combine multiple metrics,
such as precision, recall, and the F1 score, to provide a more comprehensive evaluation of model
performance.

It is worth noting that real-world scenarios rarely involve isolated imbalanced data problems.
Factors such as limited labels, noisy observations, and data distribution drift often coexist, making it
harder to predict model performance across domains. Consequently, researchers typically combine
multiple imbalance mitigation strategies and report diverse evaluation metrics to achieve more
robust and reliable results. This approach reflects a growing pragmatic trend in recent research on
imbalanced learning.

5. Conclusion

This review outlines three core approaches to solving class imbalance in machine learning—put
simply, solutions fall into three directions: data-level, algorithm-level, and ensemble learning. Data-
level methods balance data by adjusting sample distribution; they're simple and easy to use, but they
either generate unrealistic synthetic samples or lose useful data. Algorithm-level methods directly
modify the model's learning logic by assigning higher weights to minority classes, but there's no
universal standard for setting these weights. Ensemble methods rely on multiple models working
together, which offers better stability but costs more in computation. Clearly, no single method
works for all scenarios; the right approach depends on the specific data situation.

Agreement maintains that overall accuracy isn't reliable by itself. To effectively assess the
performance of models, we require metrics related to minority classes, such as precision, recall, and
PR curve. Therefore, current research is reporting multiple metrics, rather than just using accuracy,
to find loopholes.

Although there has been a lot of progress in this field, there are still significant challenges that
need to be addressed. The first challenge relates to 'scalability' since some sampling or ensemble
algorithms are very costly in terms of time and money to train models when data sets are very large
or a model needs to process data in real-time from one source. Also, deep learning is very
complicated by itself to begin with, and almost every way that the current research has to address
class bias is usually done as a stand-alone component of a class imbalance; hence they are not well
integrated into the overall architecture of the neural network.

The second direction worth studying is "dynamically changing class imbalance". For example, in
practical applications such as fraud detection or surveillance systems, the number of samples per
class can change over time. Methods that assume the class imbalance ratio remains constant will
degrade over time. So we need an "adaptive" strategy that can automatically adjust the sampling
method or weight settings while the model is running.

The third point is "interpretability"—in other words, the ability to explain why the model makes a
particular prediction. When we adjust the model to focus more on minority-class samples, it's often
harder to explain its prediction logic. Future research will likely stop fixating on single techniques
and instead move toward "unified frameworks" that integrate data processing, model optimization,
and evaluation metrics. As more applications need to target these rare events, class imbalance
learning will remain a key focus in machine learning, not a niche field.
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