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Abstract—Class imbalance is a common problem that occurs
in classification where one class has much more instances than
the other class. Class imbalance is especially challenging in
high-stakes fields like medical diagnosis, fraud detection and
predictive maintenance among others. In cases of imbalanced
class distribution, models perform well while predicting the
majority class but are unable to predict the minority class, which
is usually more important. This paper introduces the MI-Heat
(Mutual-Information and Heatmap Driven Under-sampling), a
hybrid algorithm which targets the binary classification problem.
The algorithm is a data-level method that combines Mutual
Information (MI) for identifying important features and K-Means
clustering for identification of the most important majority class
samples. In addition, a distance heatmap is used to project
proximities among samples and cluster centers, guiding what
majority instances to retain and what to discard. Together,
Mutual Information, clustering, and heatmap preserve diversity
and suppress noise in order to increase the ability of the model
to represent both classes equally with clarity. Performance of
the MI-Heat algorithm is tested on 23 benchmark datasets and
the results are seen as an improvement in classification accuracy,
minority class recall and model generalization. When compared to
the traditional under-sampling approaches, MI-Heat performance
is consistently better, which clearly demonstrates its dominance
over dealing with the class imbalance issue.

Keywords—Mutual information; heat-map visualization; clus-
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I. INTRODUCTION

Class imbalance refers to a prevalent situation in binary
class problems, where one class heavily dominates the other,
resulting in an imbalanced data distribution [1]. In these setups,
machine learning systems use supervised or unsupervised
learning methods to tag unstructured, typically subjective data
[2]. Such asymmetry is naturally challenging in numerous
domains especially in high-risk domains like medical diagnosis
[3], [4], fraud detection [5], [6] and predictive maintenance.
When there is class imbalance, models bias towards the ma-
jority class with resulting negative effects on their prediction
performance for the minority class, typically of greater interest
[7], [8], [9].

In diagnostic medicine, for instance, the influence of class
imbalance may negate the ability to identify rare diseases
that must be identified early if they are to be effectively
treated [10]. Models learned from unbalanced datasets may
be less sensitive to the minority class and consequently more

likely to produce false negatives [11], [12]. These errors are
particularly undesirable in medical scenarios where diseases
like cancers or rare diseases must be diagnosed early [13].
[9] have found a study indicating that class imbalance has a
tendency to significantly impact the performance of disease
predictive models, an indicator of the significance of methods
effective at dealing with differences in class distribution.

The effects of class imbalance also trickle down to fraud
detection systems [14]. In the system, fraudulent transactions
are the minority of the total transactions, so classifiers that
have been trained using biased data find it hard to detect such
critical instances. In line with [15], the monetary implications
of having fraud activity misclassified are disastrous, thereby re-
quiring it all the more to have high-precision and recall models
for fraud detection. Similarly, in predictive maintenance, the
strength of models relies on their ability to effectively identify
failure events; thus, class imbalance resolution is paramount to
prevent costly downtime and inefficiency in industrial setups
[16]. To reduce the data imbalance, one way is to manipulate
the dataset through sampling [17], [18], [19].The other focuses
on manipulating the algorithm to reduce the effect [20]. Data-
level methods target to reduce majority class instances or
adding new information to the minority class. These methods
involve rebalancing of the dataset using data resampling,
under-sampling and over-sampling techniques [21], [22].

Although many solutions at the level of sampling and
algorithms have been proposed in order to handle class imbal-
ance, very few methods explicitly leverage structural patterns
hidden within the data. Most of the under-sampling techniques
based on hybrid and clustering approaches rely on distance
metrics or estimations of density which do not consider how
informative features interact between minority and majority
classes. Consequently, such methods cannot preserve crit-
ical instance relationships or sometimes eliminate samples
with discriminative information. Mutual information-based ap-
proaches represent one promising direction, yet, unfortunately,
are rarely combined with spatial or structural insights such
as heatmap visualization of feature relevance. An approach
that combines mutual information with heatmap-driven vi-
sualization in guiding informed under-sampling decisions is
highly lacking in current literature. More precisely, there is a
lack in the study of techniques that find redundant majority
regions by using information-theoretic measures, which also
preserves meaningful minority clusters, resulting in consistent
generalization in datasets under different imbalance severity
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conditions. This opens a gap in the development of an MI-
Heatmap-based under-sampling method that can intelligently
select samples by exploiting feature-relevance patterns and
data geometry instead of relying on randomness.

The remainder of this paper is organized according to
the following plan. Section II introduces background and
related work, including under-sampling techniques, clustering
for addressing class imbalance, Mutual Information (MI) fea-
ture selection, and interpretability through heatmaps. Section
III introduces the MI-Heat algorithm, explains its workflow,
and its theoretical rationales, e.g., cluster separation, heatmap
interpretability, and time complexity.Section IV describes the
experimental setup: baselines, approaches, choice of classifier,
and measures. Section V discusses and reports the results.
Section VI contains the conclusion and future directions.

II. RELATED WORK

This paper introduces a hybrid mutual information-based
clustering approach which utilizes heatmap visualization, for
further improvement of the process of reducing the data
from majority class without losing important information. This
section includes under-sampling approaches, clustering in class
imbalance, mutual information and heatmap visualization for
interpretability

A. Under-Sampling Approaches

To overcome the issues of class imbalance, various meth-
ods are employed like over-sampling, under-sampling and
advanced ensemble techniques. For instance, methods such
as SMOTE (Synthetic Minority Over-sampling Technique)
enhance the representation of the minority class using synthetic
sampling, improving the performance of the model [23].
Moreover, research identifies that various approaches are of
varying effectiveness depending on the specific characteristics
of the compared data sets, pointing to tailored solutions rather
than one approach to all [24].

Random Under-sampling (RUS) is among the simplest
techniques to address class imbalance. It chooses instances
randomly and removes it from the majority class until both
classes have equal proportions. Although this can improve
a model’s ability to recognize minority instances, it has the
effect of inducing loss of vital information if key examples
are being removed [15]. Tomek Links builds upon this by
cleaning the decision boundary removing overly close majority
samples to minority ones [25], [26]. Tomek Links can still
eliminate useful samples accidentally and cause overfitting or
misrepresent the class distribution [24]. NearMiss tries to select
representative majority samples close to minority instances,
retaining valuable context and increased sensitivity [27]. But
it may risk losing important data, limiting generalization [28].
DBSCAN-based under-sampling, however, clumps data and
removes majority points of sparse regions but keeps denser
ones. While better organized, it is also dependent on tuning
parameters and still risks discarding useful or noisy samples
[29].

Although useful, these methods have vulnerabilities that
come with them by nature: they can discard valuable majority
information, reduce diversity and cause under- or over-fitting.
Each approach also experiences different performance on

different datasets, showing that under-sampling also lacks the
more adaptable and informative strategies it needs [24]. Tradi-
tional under-sampling methods for imbalance classes, such as
Random Under-sampling (RUS), Tomek Links and Near-Miss,
suffer from the disadvantage of removing informative majority
class samples and consequently losing useful information [30]
and inducing underfitting. They can also reduce diversity in the
majority class, which is a critical factor in successful decision
boundary learning.

Condensed Nearest Neighbor (CNN) reduces the training
set without losing the most important patterns, but selecting the
optimal subset is NP-hard and most often relies on heuristics
[31]. Edited Nearest Neighbor (ENN) improves classification
by deleting majority samples incorrectly classified by their
neighbors but may delete useful points as well [32]. As a result,
these methods must balance eliminating redundancy with the
preservation of informative data [33].

Even though SMOTE and other oversampling methods are
useful in expanding minority class samples, they introduce
noise and tend to enhance overfitting when the minority class
is small.

However, under-sampling methods may results in an in-
formation loss due to extreme reduction in the majority class
[34]. This will ultimately lead to models that overfit to the
remaining data, particularly when the samples retained do not
adequately represent the original dataset’s diversity [35].

B. Clustering in Class Imbalance

Clustering is a good way to preserve structure and di-
versity of the majority class under under-sampling. Random
or distance-based only methods treat all majority samples
the same way and have a tendency to remove useful points.
Clustering, specifically K-Means, first groups similar ma-
jority instances together into meaningful clusters then keep
some representative samples from each cluster. This preserves
important patterns and removes redundant or noisy points.
There is evidence to support this: clustering can concentrate a
model’s attention on the minority class more strongly [36] and
when combined with learned samplers like MLPs, can provide
improved accuracy in difficult settings like bioinformatics
[37]. DBSCAN can also help by eliminating sparse, less-
informative majority points and preserving dense structure, but
is hyperparameter-sensitive [29]. However, K-Means is gener-
ally preferred for its simplicity and stability it selects centroid
or near-centroid samples, which improves generalization and
bounds information loss [24].

C. Mutual Information (MI) in Feature Selection

Mutual information (MI) chooses the most relevant features
to predict the class. By selecting the most relevant features,
MI increases the ability of the model to discriminate be-
tween minority and majority classes, particularly when there
is overlapping in class distribution [38], [39], [40]. Using
MI before under-sampling preserves the signal and removes
the clutter, so the model learns more from fewer, cleaner
examples. For instance, Chen et al. demonstrate the usefulness
of MI for feature selection when they indicate that it helps
to identify features that have high information gain about the
minority class, which can lead to improved discrimination

www.ijacsa.thesai.org 1011 | P a g e



(IJACSA) International Journal of Advanced Computer Science and Applications,
Vol. 16, No. 11, 2025

Fig. 1. Conceptual framework.

between the classes [41]. This is crucial because minority
classes have a tendency of lacking representative data and
therefore, classifiers fail to learn their characteristics. The
application of MI allows one to select features that optimize
the model’s ability to separate minority and majority classes,
thus enhancing overall classification performance, particularly
for overlapping distributions [42]. Furthermore, [43] validate
the applicability of MI-based feature selection in the context
of imbalanced datasets, showing how it allows for the identi-
fication of pertinent features and the removal of redundant or
non-informative features.

Combining clustering with MI makes it even stronger.
Clustering can tell us which features to keep by eliciting
structure in the data and MI ranks those features by usefulness.
Adaptive, MI-based selection has also been shown to remove
redundancy and keep only the most informative features [44].
Hybrid designs that couple under-sampling with heuristic fea-
ture selection also produces more quality data and results [45].
Furthermore, MI weighting models can enhance performance
in high-stakes fields (e.g., medicine) by better encoding true
class structure [46].

D. Heatmap Visualization for Interpretability

Heatmaps facilitate easier visualization about under-
sampling choice. Distance heatmap shows nearest distance
of each sample to minority points and to cluster centers,
thus representative majority examples can be retained while
deleting redundant/noisy ones. This is helpful to avoid class
imbalance biased classifiers. Past research validates informed
sampling: [47] highlight accurate sampling during training;
[48] illustrate density-aware approaches preserving essential
minority information; and [49] indicate heatmaps as an easy
way of visualizing closeness and informing under-sampling. In
practice, heatmaps facilitate practitioners to see class structure,
to prioritize boundary cases and to justify what is kept or
thrown away with a single, understandable figure.

However, most of these sampling methods still have key
limitations. For instance, random under-sampling results in
the removal of informative majority instances, introducing
information loss. Most of the existing hybrid or clustering-
based methods improve balance but are mostly not inter-
pretable and cannot explain why certain samples are retained
or rejected. Visualization-aided sampling methods exist, but

Fig. 2. Workflow of algorithm.

most provide coarse or domain-specific representations that
do not clearly expose feature relevance or cluster structure.
Consequentially, decision transparency of current imbalance
handling techniques is still limited, leaving room for devel-
opment at the intersection of information-theoretic feature
selection with interpretable, structure-aware sampling. Based
on such shortcomings, the MI-Heat algorithm proposes a
more structured and explainable alternative: Hybrid Mutual-
Information and Heatmap-Driven Under-sampling.

By combining these methods, the MI-Heat (Hybrid Mutual-
Information and Heatmap Driven Under-sampling) algorithm
provides a new solution to class imbalance problem. By
employing clustering to efficiently distribute the majority class
samples, Mutual Information (MI) further helps in selecting
features that are most representative in nature, making the
model more sensitive to the minority class. Heatmap visualiza-
tion included in the approach also makes it more interpretable,
such that under-sampling itself becomes efficient as well as
clear. This under-sampling hybrid approach reduces major-
ity class representation without sacrificing the diversity and
integrity of the majority class, circumventing the limitations
of traditional under-sampling methods that often result in
data loss and overfitting. While successful in these data-level
methods, class overlap and distribution differences between
the classes remain challenges. Synthetic data generation can
even introduce noise or omit the actual distribution of the
minority class. Furthermore, where minority samples are few, it
is impossible to fully represent differences between the classes
and the utility of data-level methods is limited.

III. PROPOSED METHODOLOGY: MI-HEAT ALGORITHM

The Hybrid Mutual-Information and Heatmap Driven
Under-sampling (MI-Heat) method starts with mutual choice
of the most informative features from the data by way of
Mutual Information (MI), as shown in Fig. 1. This is to
effectively eliminate only the features that contribute minimal
value towards classification, while keeping the features of
maximum importance. Then, any feature with small variability
is removed by a Variance Filter, so that relevant information
can be used for further analysis. Second, the most common
class instances are clustered collectively with the aid of K-
Means Clustering, splitting the data into more manageable
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smaller sets that are closer in nature. This assists the algorithm
in achieving a better understanding of the overall structure
of the majority class. Post-clustering, the algorithm computes
distances from every data point to the center of the respective
cluster. These are rendered visible with a heatmap, from which
it is easy to spot the data points nearer to the cluster centroids
and thus more significant.

Finally, the algorithm selects representative points from
every cluster and, in this instance, the nearest to the cluster
center. These representative points are added to all instances of
the majority class and create a balanced dataset. By the proper
selection of representative points from every cluster and the
preservation of all majority and minority class instances, this
method avoids the end dataset to be deprived of vital infor-
mation regarding the data distribution and hence it becomes
a balanced and informative dataset that results in improved
model performance and more accuracy in prediction.The math-
ematical formulations utilized in the proposed algorithm 1 are
elaborated in the subsequent overview section.

A. Overview

As shown in Fig. 2, the proposed approach, follows a
formal workflow starting from mutual information (MI) com-
putation and top feature selection. Clustering is performed on
the features, after which heatmap is used to visualize by using
the euclidean distance.

• Input data: Begin with an imbalanced dataset with
feature matrix X and labels y.

• Mutual information (MI) feature selection: Compute
MI between each feature and the target, then keep the
top k features:

I(X;Y ) =
∑
x∈X

∑
y∈Y

p(x, y) log

(
p(x, y)

p(x)p(y)

)
. (1)

• Variance filter: Remove near-constant features using a
variance threshold to retain informative variables.

• Clustering of majority-class samples: Apply k-means
to the majority-class subset to form clusters based on
feature similarity.

• Euclidean distances: For majority sample pi and clus-
ter center cj ,

d(pi, cj) =

√√√√ n∑
m=1

(pim − cjm)
2
, (2)

where n is the number of retained features.

• Distance heatmap generation: Compute normalized
distances between majority samples and their assigned
centroids and visualize them with a heatmap (darker
indicates closer).

• Select informative majority samples from clusters:
From each cluster, choose the n closest samples to
its centroid (by sorted d(·, ·)) to form Sfinal.

• Balanced dataset creation: Combine selected majority
samples with all minority samples:

Algorithm 1 Hybrid Mutual-Information and Heatmap Driven
Under-Sampling (MI-Heat)

Require: Training data Xtrain ∈ Rn×d, labels ytrain, majority
class label cM , under-sampling ratio r ∈ (0, 1], number of
top features kf , random seed s.

Ensure: Under-sampled dataset (X ′, y′) with balanced class
distribution.

1: Identify class indices
2: IM ← { i | ytrain[i] = cM }, Im ← { i | ytrain[i] ̸= cM }.
3: if |IM | = 0 then
4: error: “No majority instances found.”
5: end if
6: Select informative and stable features
7: Compute mutual information scores MIj =

MI(Xj , ytrain).
8: Retain top-kf features with highest MIj .
9: Apply variance filtering (σ2 < 10−5) to remove near-

constant predictors. Resulting matrix: Xs.
10: Extract majority subset XM ← Xs[IM ].
11: Determine clustering granularity k ←

max
(
1, ⌊|IM | × r⌋

)
.

12: Perform cluster analysis
13: Apply K-Means (k clusters, seed s) on XM to obtain

cluster centers C = {c1, . . . , ck} and labels L.
14: Compute proximity metrics and visualize heatmap
15: Compute Euclidean distances Dij = ∥XM [i]− cj∥2.
16: Normalize the minimum distance per sample:

hi =
minj Dij −min(h)

max(h)−min(h)
.

17: Visualize {hi} as a one-column heatmap to show density
and dispersion of majority points.

18: Cluster-aware instance selection
19: for c ∈ {1, . . . , k} do
20: Sc = { i | L[i] = c }.
21: nc = max

(
1, ⌊|Sc| × r⌋

)
.

22: Sort Sc by Di,c ascending.
23: Retain first nc indices to obtain S′

c.
24: end for
25: Concatenate all retained indices: I ′M =

⋃
c

S′
c.

26: Form the final balanced subset
27: I ′ = I ′M ∪ Im; X ′ = Xtrain[I ′], y′ = ytrain[I ′].
28: Reset indices for consistency.
29: Return (X ′, y′).

Dbalanced = Sfinal ∪ Dminority. (3)

Notation: p(·) denotes probability mass/density; bold sym-
bols are vectors; log is the natural logarithm.

B. Theoretical Rationale

MI-Heat combines feature selection and clustering to ad-
dress the imbalanced data issue in a more interpretable and
structured manner. It combines feature relevance with under-
sampling that is cluster-aware to preserve valuable patterns
within the majority class without letting the minority class
be overlooked. The hybrid approach has several theoretical
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advantages to enable the model to learn better from both
classes.

1) Relevance enhances cluster separation: In the MI-Heat
model, the process begins by selecting the most informative
features according to Mutual Information (MI), by using the
formula discussed in Eq. (1). This process ensures that only
features most effective at distinguishing between classes are
retained. Operating with these features, the algorithm enhances
the separation between clusters of the majority class. As a
result, the clusters obtained in the subsequent K-Means clus-
tering step are more pronounced, with better defined borders,
making it easier to distinguish between the majority and
minority classes. Cluster diversity avoids loss of minority-
adjacent samples. Instead of simply random under-sampling
the majority class samples, the MI-Heat method uses K-
Means clustering to divide the majority class into smaller
clusters. In this manner, diversity among the majority class
is preserved. The algorithm ensures that notable, divergent
minority instances near the minority class are preserved by
selecting the most characteristic points from every cluster. This
reduces the risk of losing valuable minority-adjacent samples,
which would harm the ability of the model to learn the minority
class characteristics. To construct the final balanced dataset, the
representative majority samples selected from all clusters are
combined with the complete minority set, as represented in
Eq. (3).

2) Heatmap provides interpretable cluster-density map-
ping: The distance heatmap generated during the clustering
phase is computed using the Euclidean metric in Eq. (2),
which serve as an interpretation aid employed in helping us
comprehend the structure of the majority class. The heatmap
shows the distances of the majority instances to their respective
cluster centers, with the intensity of the colour representing the
sample density in each region. The visualization serves to aid
understanding of where the data points are centered and the
quality of the definition of the clusters. It gives interpretability
to the procedure such that it’s possible to see the spatial
location of majority class points and how the algorithm decides
what points to retain.

3) Time complexity analysis O(nMkd′t) : The time com-
plexity of the MI-Heat algorithm is different based on the
factors discussed below. nM represents the number of majority
class instances, k represents the number of clusters derived
in the K-Means clustering and d′ is the number of features
yielded after Mutual Information and Variance Filtering. The
most prominent time complexity is the K-Means clustering
with a time complexity of O(nMkd′t), where t represents the
number of iterations the K-Means algorithm runs through. This
is a sign of the clustering cost of the most frequent class data
and calculating the distances between every sample and its
nearest cluster center.

IV. EXPERIMENTAL SETUP

This section reports experimental setup used to evaluate the
performance of the Hybrid Mutual-Information and Heatmap
Driven Under-sampling (MI-Heat) algorithm. The evaluation
is done on various benchmark datasets, baseline comparison,
classifier training and assessment using variety of evaluation
metrics.

A. Datasets

For testing, 23 standard benchmark datasets are retrieved
from UCI and KEEL in various domains such as medical,
biological and industrial data. The data was split into 30% for
training and 70% for testing. Out of the 30% training data,
the initial count of the majority class samples is identified
from the entire dataset.However, to address the class imbalance
problem, the majority class is under-sampled, so that there is
balance between the majority class and the minority class in
the training set. This is where limited number of best majority
samples were selected representing the entire majority class.
These datasets were selected to be representative of a variety
of imbalanced classification problems. Table I show a list of
the datasets used in the experiments.

B. Baseline Methods

The performance of the MI-Heat algorithm is compared
with several baseline under-sampling techniques, commonly
used in imbalanced data scenarios. These include:

1) Random Under-sampling (RUS): A basic under-
sampling technique that randomly selects a subset of the
majority class samples, discarding the rest.

2) Tomek links: A cleaning method that removes pairs of
samples from different classes that are closest to each other.

3) NearMiss: A family of algorithms that selects majority
class samples closest to minority class samples based on a
distance metric.

4) DBSCAN-based under-sampling: A density-based
under-sampling method that uses DBSCAN (Density-Based
Spatial Clustering of Applications with Noise) to find dense
regions of the majority class and reduce instances accordingly.

5) ENN (Edited Nearest Neighbors): An algorithm that
removes samples from the majority class that are misclassified
by their nearest neighbors.

6) CNN (Condensed Nearest Neighbors): A similar tech-
nique to ENN but instead condenses the dataset by retaining
only the necessary majority class samples that are not misclas-
sified.

C. Choice of Classifier

To evaluate the effectiveness of the proposed method,
Random Forest(RF) is selected as a classifier. Random Forest is
a robust and efficient ensemble learning method that is well-
known for its ability to handle imbalanced data and reduce
overfitting. With under-sampling, it further reduces majority-
class bias and improves minority detection [50]. Empirical data
prove RF exhibits consistency across data-acquisition environ-
ments and various types of datasets. In medical science, RF
has worked better than traditional classifiers, i.e., gestational
diabetes prediction, proving its actual-world use [51]. It is also
good in complex relations under different rebalancing methods
[52]. It is trained on the under-sampled data of the MI-Heat
algorithm as well as the baseline methods. The Random Forest
classifier was implemented using the scikit-learn library with
the following parameters:

• Number of trees : 300
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TABLE I. SUMMARY OF THE DATASETS USED IN THE EXPERIMENTS

Dataset Samples Features Minority Ratio Actual Majority Selected Majority Source
ECOLI-0 Vs 1 336 7 1:3 56 31 UCI
Spambase 4601 57 1:1 1984 1246 UCI
abalone20-vs-8-9-10 1333 8 1:9 17 9 UCI
abalone9-18 731 8 1:18 32 20 UCI
cardiotocography 1349 21 1:5 329 190 KEEL
ecoli-0-1-3-7 vs 2-6 327 7 1:2 4 2 UCI
ecoli-0-1-4-7 vs 5-6 327 7 1:2 19 11 UCI
glass-0-4 vs 5 214 9 1:3 7 4 UCI
Kddcup 1120 41 1:99 14 9 UCI
kddcup-rootkit-imap vs back 2225 41 1:10 19 11 UCI
messidor features 1200 19 1:3 420 252 KEEL
Pima 768 8 1:1 188 111 UCI
poker-8 vs 6 1477 10 1:2 13 6 UCI
Satimage 6,435 36 1:3 517 339 UCI
segment0 2,310 19 1:2 225 137 UCI
vehicle2 846 18 1:2 164 100 UCI
yeast-1-2-8-9 vs 7 947 8 1:1 20 12 UCI
yeast-2 vs 4 514 8 1:2 34 20 UCI
yeast-2 vs 8 483 8 1:2 15 9 UCI
yeast6 1,484 8 1:2 25 12 UCI
ecoli4 336 7 1:2 13 7 UCI
pendigits 10,992 16 1:3 813 473 UCI
vehicle3 846 18 1:2 151 83 UCI

• Maximum depth : None (until maximum leaf nodes
are reached)

• Class weight : Balanced (to handle class imbalance)

D. Evaluation Metrics

To assess the performance of the MI-Heat algorithm and
compare it with the baseline methods, several standard eval-
uation metrics commonly applied in imbalanced classification
problems are employed:

1) PR-AUC: The area under the precision-recall curve,
particularly useful for imbalanced datasets.

2) AUC-ROC: The area under the receiver operating char-
acteristic curve, providing insight into the model’s performance
across different classification thresholds.

3) Partial ROC-AUC: The area under the receiver op-
erating characteristic curve (ROC-AUC) computed within a
partial range of interest (for example, considering only a
certain threshold or a range of false positive rates). This metric
allows for a more focused evaluation, especially in cases where
specific regions of the ROC curve are of particular interest for
the application.

V. RESULTS

The boxplot in Fig. 3 shows PR AUC ranks of the proposed
MI-Heat on 23 benchmarking datasets with different under-
sampling strategies. Lower ranks indicate better performance.
As can be observed, the proposed MI-Heat method works
stably well and its ranks are close to the optimal values for
the most part. Traditional methods like RUS and DBSCAN are
more volatile, i.e., their performances are not as stable across
datasets. NearMiss and Tomek Links are superior to random
under-sampling but lose some useful majority information.
ENN and CNN gain better boundary cleaning at the expense
of sensitivity to dataset properties. In contrast, MI-Heat strikes
a good balance between throwing away redundant samples
and keeping useful structure in data. As a whole, these results

confirm that the new method provides more stable and accurate
classification for imbalanced datasets.

Fig. 4 shows the ROC AUC rank distribution of 23
benchmark sets for different preprocessing and under-sampling
methods. The ROC AUC score is used to measure the model
performance in distinguishing minority and majority classes.
Lower ranks show better classification performance. It can be
seen from the results that the employed MI-Heat method is
consistently strong in performance with relatively lower me-
dian ranks compared with traditional methods. Classic methods
such as RUS and DBSCAN show higher variability, which
suggests unstable performance across different datasets. CNN
and ENN are suitable for boundary smoothing but show higher
fluctuation, suggesting data attribute sensitivity. NearMiss and
Tomek Links are fairly good but discard significant majority-
class samples. Overall, the graph shows that MI-Heat produces
more balanced and stable results across datasets, confirming its
effectiveness in improving classifier robustness on imbalanced
data.

Fig. 5 plots the distribution of Partial ROC AUC ranks
across 23 benchmark datasets for different preprocessing meth-
ods. This metric focuses on the classifier’s performance in
the most critical region of the ROC curve, putting weight on
true positive rates at low false positive rates. Lower ranks are
preferable. The novel MI-Heat method has one of the lowest
median ranks, reflecting stable and consistent classification
performance. Methods such as RUS and DBSCAN exhibit
high variability, suggesting instability across data sets. ENN
and CNN present moderate performance but remain sensitive
to class overlap. Near-Miss and Tomek Links improve decision
boundaries but remove some informative instances. The figure
5 as a whole demonstrates that MI-Heat provides robust and
stable performance within the important detection region and
thus, it is highly effective for imbalanced data classification.

Fig. 6 is a ranking of Normalized Partial ROC AUC
performance over 23 benchmark datasets for different prepro-
cessing techniques. Normalized partial ROC AUC focuses on
measuring performance in the most suitable part of the ROC
curve with normalized results over diverse datasets of different
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Fig. 3. PR AUC ranks of the proposed MI-Heat on 23 benchmarking datasets.

Fig. 4. ROC AUC rank distribution of 23 benchmark sets.

scales. Lower ranks correspond to superior performance. The
proposed new MI-Heat method exhibits stable and competitive
ranks with consistent classification quality for heterogeneous
data types. Compared to traditional under-sampling approaches
like RUS, DBSCAN and NearMiss, the proposed approach
exhibits lower variability and higher reliability. ENN and CNN
perform well at boundary refinement but are still vulnerable

to overlapping classes.

When all four-measurement metrics PR AUC, ROC AUC,
Partial ROC AUC and Normalized Partial ROC AUC are
compared, a consistent trend can be seen. MI-Heat algorithm
always yields stable, lower-ranked results, demonstrating that
it is robust and resilient. It preserves data diversity well
but minimizes noise to a significant degree, outperforming
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Fig. 5. Partial ROC AUC ranks across 23 benchmark datasets.

Fig. 6. Normalized partial ROC AUC performance over 23 benchmark datasets.

traditional methods which either delete valuable samples or
introduce too much bias. In general, these results confirm that
MI-Heat offers fair and trustworthy improvements in handling
class-imbalanced datasets. The complete detailed results are
provided in Tables II, IV and III and Fig. 7, and Fig. 8
(Appendix).

VI. CONCLUSION

This article introduced MI-Heat, a novel hybrid under-
sampling algorithm incorporating Mutual Information (MI)-
based feature relevance, K-Means clustering and distance
heatmap visualization to effectively address class imbalance
in binary classification problems. Empirical evaluation on 23
benchmark datasets demonstrated that the proposed method
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achieved superior and more stable performance compared to
traditional techniques such as RUS, Tomek Links, DBSCAN
and NearMiss.

On all the evaluation metrics PR AUC, ROC AUC, Partial
ROC AUC and Normalized Partial ROC AUC MI-Heat showed
low rank variability, which signifies model robustness and
stable discrimination between classes. The clustering step
maintained the structural diversity of the majority class and
MI-based selection ensured the retention of most informative
samples. The use of the heatmap visualization added inter-
pretability, allowing for the straightforward understanding of
cluster separability and data density distribution.

Overall, the experiments confirm that MI-Heat produces an
interpretable and balanced solution that minimizes data loss,
avoids noise amplification and encourages classifier general-
ization on diverse datasets.

Meanwhile, this study has a number of limitations that
need to be acknowledged. This algorithm is evaluated only on
binary classification settings; multi-class or extreme-imbalance
scenarios are not explored within this study. Similarly, the
combination of MI computation, clustering, and heatmap gen-
eration might introduce additional computation overhead when
dealing with very large datasets; comprehensive assessment of
the scalability of the proposed method is beyond the scope
of this study. Furthermore, given that all experiments were
conducted on benchmark datasets, there is a possibility of
dataset-specific biases or structural assumptions hindering the
generalization in industrial settings.

VII. FUTURE DIRECTIONS

Future research can build upon this study in the following
substantive ways:

• Using adaptive clustering methods like DBSCAN or
Gaussian Mixture Models to automatically adapt to
data density.

• Investigating multi-class imbalanced learning condi-
tions to analyze the scalability of MI-Heat in non-
binary configurations.

• Incorporating deep feature extraction or autoencoder-
based representations for improving the quality of
feature selection prior to under-sampling.

• Employing explainable AI (XAI) frameworks for visu-
alizing decision boundaries and interpreting the sam-
pling results further.

• Performing real-world domain tests in healthcare, fi-
nance and industrial fault detection to determine real-
world impact.
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APPENDIX

DETAILED SUMMARY VALUES AND RANK DISTRIBUTION

TABLE II. SENSITIVITY RESULTS OF DIFFERENT MODELS ACROSS MULTIPLE DATASETS

Dataset Baseline RUS DBSCAN CNN Near Miss ENN Tomek Link Hybrid
Ecoli-0 vs 1 0.955556 1 0.955556 0.955556 1 0.977778 1 0.978
Spambase 0.92721 0.961872 0.92721 0.954939 0.948007 0.965338 0.930676 0.946
Abalone20-vs-8-9-10 1 0.82716 1 0.989418 0.231041 1 1 1
Abalone9-18 0.995238 0.690476 0.995238 0.97619 0.395238 0.980952 1 1
Cardiotocography 0.981855 0.91129 0.981855 0.927711 0.796371 0.931452 0.965726 0.986
Ecoli-0-1-3-7 vs 2-6 1 0.804878 1 1 0.658537 1 1 1
Ecoli-0-1-4-7 vs 5-6 1 0.93617 1 0.93617 0.670213 1 1 1
Glass-0-4 vs 5 1 0.807692 1 1 0.961538 1 1 1
Kddcup 1 0.95842 1 0.997921 0.962578 1 1 1
Kddcup-rootkit-imap vs back 1 1 1 0.875758 0.918182 1 1 1
Messidor features 0.716129 0.774194 0.716129 0.909677 0.748387 0.929032 0.798742 0.89
Pima 0.788079 0.649007 0.788079 0.615894 0.701987 0.613333 0.768212 0.907
Poker-8 vs 6 1 0.468182 1 1 0.302273 1 1 1
Satimage 0.995991 0.991404 0.995991 0.9851 0.848138 0.993123 0.994842 0.998
Segment0 1 0.996599 1 0.994898 0.945578 1 1 1
Vehicle2 1 0.985 1 0.99 1 0.98 1 1
Yeast-1-2-8-9 vs 7 1 0.785455 1 0.991727 0.276364 1 1 0.992
Yeast-2 vs 4 0.992754 0.956522 0.992754 0.985507 0.844444 0.985507 0.985507 1
Yeast-2 vs 8 0.992857 0.557143 0.992857 0.992857 0.457143 0.992857 0.992857 0.993
Yeast6 0.997706 0.885321 0.997706 0.993119 0.373853 0.995413 0.995413 1
Ecoli4 0.714286 0.893617 0.714286 1 1 1 0.666667 1
Pendigits 0.996967 0.9821 0.996967 0.9983 0.952814 0.9997 0.996967 0.997
Vehicle3 0.906736 0.6269 0.906736 0.6891 0.590674 0.7098 0.834197 0.963

TABLE III. F-MEASURE RESULTS OF DIFFERENT MODELS ACROSS MULTIPLE DATASETS

Dataset Baseline RUS DBScan CNN Near Miss ENN Tomek link Hybrid

Ecoli-0-vs-1 0.966292 1 0.966292 0.977273 0.989011 0.988764 0.988764 0.978
Spambase 0.946903 0.923461 0.946903 0.947549 0.910908 0.943268 0.938811 0.948
abalone20-vs-8-9-10 0.992126 0.903661 0.992126 0.990291 0.375358 0.992126 0.992126 0.992
abalone9-18 0.978923 0.805556 0.978923 0.973872 0.566553 0.971698 0.979021 0.979
cardiotocography 0.969154 0.944619 0.969154 0.952577 0.872928 0.953560 0.966700 0.962
ecoli-0-1-3-7 vs 2-6 0.993939 0.891892 0.993939 0.993939 0.794118 0.987952 0.993939 0.980
ecoli-0-1-4-7 vs 5-6 0.984293 0.961749 0.984293 0.961749 0.797468 0.984293 0.984293 0.978
glass-0-4 vs 5 1 0.893617 1 1 0.980392 1 1 0.981
kddcup 1 0.978769 1 0.998959 0.980932 1 1 1
kddcup-rootkit-imap vs back 0.999243 0.993976 0.993976 0.933764 0.957346 0.999243 0.999243 0.999
messidor features 0.680982 0.685714 0.680982 0.689487 0.678363 0.692308 0.686486 0.685
pima 0.801347 0.734082 0.801347 0.712644 0.765343 0.710425 0.805556 0.823
poker-8 vs 6 0.995475 0.637771 0.995475 0.995475 0.463415 0.995475 0.995475 0.996
satimage 0.995991 0.994825 0.995991 0.991064 0.916692 0.995405 0.996270 0.996
segment0 1 0.998296 0.988235 0.997442 0.972028 1 1 1
vehicle2 0.997506 0.992443 0.997506 0.994975 1 0.989899 0.997506 0.995
yeast-0-2-5-6 vs 3-7-8-9 0.967509 0.908730 0.967509 0.963235 0.525199 0.967033 0.972875 0.958
yeast-2 vs 4 0.982079 0.970588 0.982079 0.985507 0.904762 0.978417 0.978417 0.974
yeast-2 vs 8 0.989324 0.715596 0.989324 0.989324 0.627451 0.989324 0.989324 0.981
yeast6 0.992018 0.935758 0.992018 0.989714 0.541528 0.990868 0.988610 0.992
ecoli4 0.989474 0.943820 0.989474 1 0.984293 0.9843 1 0.978
pendigits 0.997639 0.9908 0.997639 0.9973 0.975332 0.9917 0.997639 0.997
vehicle3 0.870647 0.758621 0.870647 0.8036 0.723810 0.7998 0.854111 0.876
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TABLE IV. PR-AUC RESULTS OF DIFFERENT MODELS ACROSS MULTIPLE DATASETS

Dataset Dbscan Imbalanced Near Miss Tomek Link Enn Rus Cnn Hybrid

Poker-8 Vs 6 0.9989 0.9989 0.9946 0.9990 0.999378 0.997967 0.991607 1

Vehicle2 1 1 1 0.9998 0.999854 1 0.999926 1

Ecoli4 0.9999 0.9999 0.9986 0.9999 0.999887 1 1 1

Yeast2 Vs 4 0.9995 0.9995 0.9929 0.9993 0.973392 0.972059 0.964429 0.9996

Segmentation 0.9989 0.9990 0.9983 0.9990 1 1 0.999999 1

Abalone-9 Vs 18 1 1 1 1 0.982544 0.951903 0.984721 1

Abalone20 Vs 8-9-10 0.9793 0.9793 0.9799 0.9837 0.998056 0.998294 0.99794 0.9876

Kddcup-Land Vs Satan 1 1 1 1 1 1 1 1

Satimage 0.9999 0.9999 0.9985 0.9999 0.999945 0.999941 0.999705 0.9999

Pendigits 0.99998 0.99998 0.99981 0.99998 0.999973 0.999914 0.999947 0.99997

Kddcup-Rootkit-Imap Vs Back 0.994 1 1 1 1 1 1 1

Spambase 0.954 0.9863 0.9718 0.9851 0.983886 0.986909 0.987866 0.9883

Vehicle3 0.9528 0.9528 0.9419 0.9567 0.955635 0.952496 0.937653 0.9444

Ecoli-0 Vs 1 0.999 0.999 1 1 1 1 1 0.9995

Ecoli-0-1-4-7 Vs 5-6 0.9974 0.9974 0.9662 0.9974 0.998175 0.998633 0.994141 0.9978

Ecoli-0-1-3-7 Vs 2-6 0.9999 0.9999 0.9994 0.9999 0.999703 0.999627 1 0.9992

Yeast-0-2-5-6 Vs 3-7-8-9 0.9995 0.9995 0.9928 0.9993 0.973392 0.972059 0.964429 0.9996

Cardiography 0.9968 0.9968 0.9975 0.9960 0.994158 0.994949 0.994911 0.9967

Messidor Features 0.7019 0.7019 0.7111 0.6897 0.681141 0.712438 0.656291 0.6706

Pima 0.8841 0.8841 0.8791 0.8862 0.874282 0.873859 0.877073 0.887

Yeast6 0.9955 0.9955 0.9742 0.9957 0.99669 0.997035 0.993282 0.9945

Yeast-2 Vs 8 0.9979 0.9979 0.9975 0.9960 0.997831 0.992736 0.997611 0.9969

Glass-0-4 Vs 5 0.9998 1 1 1 1 1 1 1
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(a) Baseline (b) DB-SCAN

(c) Near-Miss (d) Tomek-link

Fig. 7. Rank distribution for the first four preprocessing methods.
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(a) CNN (b) ENN

(c) RUS (d) MI-Heat

Fig. 8. Rank distribution for the remaining preprocessing methods.
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