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Abstracts - Skewed class distribution continues to be one of the central obstacles in binary classification, since a
learning model tends to lean toward the dominant class and consequently overlooks observations belonging to the
under-represented class. The purpose of this research is to examine how the choice of distance measure inside
SMOTE, specifically Euclidean, Manhattan, Chebyshev, and Hamming, affects predictive quality on imbalanced
binary data. Ten publicly available binary datasets drawn from the KEEL repository, whose imbalance ratios span
from 1.86 up to 15.80, were used in the experiment. Every dataset was preprocessed and partitioned into 80% for
training and 20% for testing; oversampling with SMOTE was carried out on the training portion only, after which
four learners, namely Naive Bayes, Decision Tree, Logistic Regression, and k-Nearest Neighbor, were assessed.
Model quality was judged through the Matthews Correlation Coefficient (MCC) together with the G-Mean, as
these two indicators describe imbalanced performance more faithfully than plain accuracy. The comparison
revealed that pairing Euclidean-based SMOTE with Logistic Regression yielded the strongest average scores
(MCC = 0.72; G-Mean = 0.79); Manhattan-based SMOTE reached its top MCC again with Logistic Regression
(MCC = 0.68) and its top G-Mean with the Decision Tree (G-Mean = 0.79); Chebyshev-based SMOTE delivered
the best overall combination together with the Decision Tree (MCC = 0.74; G-Mean = 0.84); and Hamming-based
SMOTE performed best alongside Logistic Regression (MCC = 0.73; G-Mean = 0.81). Taken together, these
outcomes suggest that the distance function chosen within SMOTE shapes the quality of the generated synthetic
points and, in turn, the behavior of the trained classifier.

Keywords : Binary Imbalanced Classification, Distance Metrics, SMOTE, MCC, G-Mean.

INTRODUCTION

As digital information keeps expanding rapidly, data mining and machine learning have grown increasingly
central to uncovering useful patterns hidden within large collections of data. Within classification, how dependable
a model turns out to be rests not merely on the chosen learning algorithm but equally on the way the training data
are distributed and represented. When the classes are evenly represented, a model can shape its decision boundaries
in a balanced manner; conversely, an uneven distribution pushes the learning process to be governed mainly by
the dominant class (Misdram et al., 2023; Chen et al., 2024; Yulian Pamuji et al., 2024).

Situations with skewed classes appear regularly in real applications, including clinical diagnosis, detection
of fraudulent transactions, identification of machine faults, and prediction of software defects. In such settings the
rare class usually carries the most critical meaning even though it is backed by far fewer samples than the common
class. Because of this, ordinary accuracy may give a misleading impression: a model can score highly simply by
favoring the majority label while remaining unable to detect the rare cases. For that reason, indicators like MCC
and G-Mean fit imbalanced problems better, since they reflect how well a model handles both the majority and the
minority side (Cruz Huayanay et al., 2025; Imani et al., 2026; Wong & Chung, 2025).

A number of resampling techniques have been introduced to counter class imbalance, and SMOTE ranks
among the most popular because, rather than copying existing records, it synthesizes new minority examples. Even
so, earlier work has pointed out several notable shortcomings of the method. The synthetic points may fall within
noisy or overlapping areas, the neighborhood definition can be vulnerable to outliers, and the standard distance
formulation is not necessarily suitable for every kind of feature distribution (Hairani et al., 2024; Matharaarachchi
et al., 2024; Widiyaningtyas et al., 2025; Zhang et al., 2024). These limitations indicate that the distance metric
guiding the construction of SMOTE neighborhoods is far from a minor technicality; rather, it is a methodological
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element capable of shaping how good the generated samples turn out to be.

The gap this study targets concerns the scarce comparative examination of distance measures inside the

SMOTE procedure for binary imbalanced data. A large share of prior research has concentrated on contrasting
classifiers, weighing SMOTE against alternative resampling schemes, or introducing fresh SMOTE variants.
Comparatively few investigations, however, place Euclidean, Manhattan, Chebyshev, and Hamming distances side
by side under one consistent experimental design that spans several binary datasets and relies on imbalance-aware
indicators. Addressing this gap matters because every distance measure embodies a distinct geometric assumption
about how neighborhoods are formed.
What distinguishes this work is its structured assessment of four distance measures within SMOTE, carried out
over ten publicly accessible binary imbalanced datasets with four learning algorithms and two imbalance-focused
evaluation indicators. In concrete terms, the study contributes by examining how Euclidean, Manhattan,
Chebyshev, and Hamming distances influence SMOTE-based binary classification, by pinpointing the classifier-
distance pairing that yields the highest MCC and G-Mean, and by offering a comparative overview clarifying
which measure stays more consistent across different classifiers. Building on the gap described above, the study
sets out to appraise and contrast the effectiveness of distance-metric-driven SMOTE for binary imbalanced
classification. Its precise aim is to establish which pairing of distance measure, SMOTE, and learning algorithm
delivers the most balanced predictive outcome as gauged by MCC and G-Mean.

RESEARCH METHOD

The present research was structured as an experimental comparison aimed at understanding how distance
measures embedded in SMOTE shape binary imbalanced classification results. The framework put forward
proceeds through seven stages: gathering ten binary imbalanced datasets from the KEEL repository; preparing and
normalizing the features; dividing each dataset into 80% training and 20% testing portions through a stratified
scheme; oversampling the training portion with SMOTE under the Euclidean, Manhattan, Chebyshev, and
Hamming measures; building classifiers with Naive Bayes, Decision Tree, Logistic Regression, and k-Nearest
Neighbor; assessing the results with MCC and G-Mean; and finally contrasting the mean performance obtained by
each method.

Data Collection Data Preprocessing Distance Metrics

SMOTE

Results and Classification
Evaluation Methods

Source: Research Result (2025)
Figure 1. Proposed Research Framework

The research framework is depicted in Figure 1. A key point of the design is that balancing is performed
exclusively on the training subset once the split has been made, whereas the testing subset stays untouched.
Handling the data in this way limits the risk of data leakage and guarantees that the reported MCC and G-Mean
genuinely represent how the model behaves on data it has never seen.

1. Data collection
For the data-collection stage, ten binary imbalanced datasets were retrieved from the publicly available
KEEL repository.
Table 1. Binary Imbalanced Dataset

Dataset IR (Imbalance Ratio) Instance Attribute
ecoli-0-3-4-7 vs 5-6 9.28 257 7
ecoli-0-6-7 vs 5 10.0 220 6
ecoli-0-4-6_vs 5 9.15 203 6
ecoli-0-6-7_vs_3-5 5.14 215 5
ecoli-0-1_vs 2-3-5 9.17 244 7
ecoli4 15.8 336 7
pima 1.87 768 8
new-thyroid1 5.14 215 5
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vehicle0 3.25 846 18
wisconsin 1.86 220 7
Source: KEEL-dataset (2025)

2. Data Preprocessing

Preprocessing was carried out so that every dataset would fit the experimental pipeline. To keep differences
in feature scale from dominating the distance computation, the numerical attributes were normalized. Each dataset
was subsequently divided into 80% training and 20% testing subsets by means of a stratified approach that keeps
the class proportions intact, and SMOTE was invoked on the training subset alone. In the Hamming-based variant,
the numerical attributes were first turned into interval-based categorical indicators using cut points obtained solely
from the training data, allowing Hamming distance to capture mismatch patterns instead of the raw magnitude of
the numbers.

3. Distance Metrics
Euclidean distance

Grounded in the Pythagorean theorem, Euclidean distance quantifies how far apart two points lie within
a Euclidean space, whether on a 2D plane or in 3D. For a pair of points X=(X1,X2,...,Xn) and Y=(Y1,Y2,...,Yn),
the Euclidean distance is written as follows.

d(x,y) = X0 —y)? (D

Notation used:

d(x,y) = the distance separating the two points x and y
xi = the i-th attribute value of point x

yi = the i-th attribute value of point y

n = the total count of attributes (features)

> = summation taken from i = 1 through n

Manhattan distance

Manhattan distance gauges the separation between two points in a multidimensional space by summing the
absolute gaps between their matching Cartesian coordinates. For a pair of points X=(X1,X2,...,Xn) and
Y=(Y1,Y2,...,Yn), the Manhattan distance is written as follows:

d(x,y) = Xiqlx; — il 2

Where the symbols denote:

d(x,y) = the distance separating the two points x and y
x; yi = the i-th attribute value

n = how many attributes are involved

| xi-yi | = absolute value of the difference

Chebyshev distance

Chebyshev distance describes the separation of two points in a vector space as the single largest absolute
gap found across their coordinate components. Put differently, it retains only the greatest deviation among the
matching elements of the two vectors. For points X=(X1,X2,...,Xn) and Y=(Y1,Y2,...,Yn), the Chebyshev distance
is written as follows:

d(x,y) = max;(|x; — y;|) 3)

Definition of the notation:

d(x,y) = the distance separating the two points x and y
X;yi = the i-th attribute value

| Xi-yi | = absolute value of the difference

max; = the largest value across all dimensions

Hamming distance

Hamming distance evaluates dissimilarity by tallying how many positions hold differing values between two
equally long vectors. Here it is brought in as an exploratory point of comparison, since it embodies a mismatch-
oriented notion of neighborhood that contrasts with magnitude-oriented measures such as Euclidean, Manhattan,
and Chebyshev. To keep the methodology sound, the Hamming-based SMOTE run relies on discretized or
categorical indicator versions of the features. Consequently, the Hamming outcome is read as an illustration of
categorical-style neighborhood formation instead of a straightforward substitute for continuous-distance measures.
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dx,y) = X168 (i, yi) 4

The symbols are read as:

d(x,y) = the distance separating the two points x and y
X;yi = the i-th attribute value

n = how many attributes are involved

d(X;,yi) = an indicator flagging a mismatch

4. SMOTE

The Synthetic Minority Over-sampling Technique (SMOTE) balances a dataset by combining an
enlargement of the minority class with a trimming of the majority class. During the trimming step, the count of
majority-class records is lowered through a general routine so that the class distribution becomes more even
(Nasaruddin et al., 2025). In the enlargement step, by contrast, SMOTE fabricates new records by exploiting how
close instances sit to one another within the feature space: it selects minority-class points, locates their nearest
neighbors, and places new samples along the line segments joining each point to those neighbors (Husain et al.,
2025). This mechanism yields a more representative spread of the data and lets classifiers draw more general
decision boundaries. As a result, applying SMOTE tends to curb overfitting and sharpens a model’s ability to
recognize patterns belonging to the minority class (Jain et al., 2025).

O is the original data set
P is the set of positive instances (minority class instances)
For each instance x in P
Find the k-nearest neighbars (minority class instances) to x in P
Get y by randomly selecting one of the k instances
Difference =x -y
Gap = a random number between 0 and 1
n =x + difference * gap
Addnto O
End

Source: Research Result (2025)
Figure 2. SMOTE Method

5. Classification Methods
Logistic Regression

Logistic Regression serves, in machine learning, to model binary outcome data for classification, chiefly
by estimating the probability tied to a categorical dependent variable(Swana et al., 2022). The model equation of
the Logistic Regression method is as follows:

P(y =1|x) = :

1+e—(Bo+X, Bixi) ©)
Meaning of each symbol:
P(y=1Ix) = probability of positive class
o(z) = the sigmoid (logistic) function
e = Euler's number (= 2.718)
Bo = the intercept (bias) term
Bi = the weight of feature i
x; = the value of feature i
n = how many attributes are involved
Decision Tree

A Decision Tree is a predictive structure in which every internal node applies a test to an attribute, each
branch reflects a possible test outcome, and each leaf carries a class label. Because it is transparent and easy to
follow, the technique is broadly adopted for classification. When a tree is grown, entropy becomes a key quantity,
expressing the degree of impurity or uncertainty present in a dataset(Chandra et al., 2023). Entropy is computed
with the formula below

Entropy(S) = Xi=1pilog> (1) (6)

Symbol definitions:
S = the dataset under study
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¢ = the count of distinct classes

pi = the fraction of samples in class i

A = a chosen attribute (feature)

S, = the data subset whose attribute equals v
[S| = the size of the dataset

[Sy| = the size of that subset

k-Nearest Neighbor

As a supervised technique, k-Nearest Neighbor (k-NN) labels a new instance according to the class held by the
majority of its k closest neighbors, where k denotes how many nearest neighbors enter the decision. In this work, k-
NN adopts Euclidean distance as its default measure, so Equation (7) is included to make the classifier’s neighbor-
search step explicit. This classifier-level distance is separate from the distance measures examined within SMOTE,
whose role is to create synthetic minority points during preprocessing. Choosing k carefully matters, because a value
that is too small can be swayed by noise while a value that is too large may blur the class boundaries (Hairani et al.,
2024). The default distance used by k-NN is written as follows:

d(x,y) = /X, (x; — y)? @)

Explanation of the notation:

d(x,y) = the distance separating the two points x and y
xi = the i-th attribute value of point x

yi = the i-th attribute value of point y

n = the total count of attributes (features)

> = summation taken from i =1 through n

Naive Bayes

Naive Bayes draws on statistical reasoning to estimate a class probability from earlier observations. Its core
assumption is that whether a given feature appears within a class is independent of the remaining features(Lubis et
al., 2024). The mathematical form of Naive Bayes is expressed as follows:
P(CIX) = PX|C)P©

00 ®)
Notation and meaning;:

P(CIX) = probability of class C for data X

P(C) = the the prior probability of class C of class C
P(XIC) = the likelihood term

P(X) = the evidence (marginal probability)

X; = i-th feature

n = the total count of attributes (features)

RESULTS AND DISCUSSION
1. Data Sets

All experiments were run in Jupyter Notebook, with Python as the programming language. Ten binary
imbalanced datasets were obtained from the KEEL repository for the analysis. These datasets differed considerably
in their imbalance ratios, ranging from 1.86 to 15.8, and, being binary, each involved two classes.

2. MCC and G-Mean

MCC captures how strongly the predicted labels agree with the true ones by drawing on every cell of the
confusion matrix. Because it folds true positives, true negatives, false positives, and false negatives into one
coefficient, it fits imbalanced classification well. Its value lies between -1 and 1, and larger figures point to a better-

balanced classification. The equation is given below:
MCC = (TPXTN)—(FPXFN)
= J(TP+FP)(TP+FN)(TN+FP)(TN+FN)

)

Where the terms stand for:

TP (True Positive) = positive cases that the model classifies correctly as positive
TN (True Negative) = negative cases that the model classifies correctly as negative
FP (False Positive) = negative cases the model wrongly labels as positive

FN (False Negative) = positive cases the model wrongly labels as negative
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The G-Mean reflects the equilibrium between sensitivity and specificity; a high value signals that the classifier
copes well with the minority and the majority class alike. For this reason the present study treats G-Mean as an
evaluation indicator rather than an accuracy figure. The corresponding equation is presented below:

G _ ( TP )X( TN )
mean = \[\Tp+FN TN+FP

(10)
Description of the notation:
TP, TN, FP, FN : the four cells of the confusion matrix
3. Evaluation Test
Table 2. MCC and G-Mean Results for Binary Euclidean + SMOTE
Dataset Naive Bayes Decision Tree Rt;f:::izn KNN
MCC G-Mean MCC G-Mean MCC G-Mean MCC G-Mean
ecoli-0-3-4-7_vs_5-6 0.54 0.75 0.37 0.57 0.69 0.70 0.54 0.57
ecoli-0-6-7_vs_5 0.85 0.86 0.88 0.89 0.80 0.81 0.69 0.70
ecoli-0-4-6_vs_5 0.77 0.88 0.46 0.62 0.68 0.70 0.72 0.75
ecoli-0-6-7_vs_3-5 0.62 0.93 0.31 0.49 0.83 0.91 0.80 0.81
ecoli-0-1_vs_2-3-5 0.80 0.81 0.47 0.62 0.77 0.88 0.85 0.86
ecoli4 0.56 0.94 0.70 0.70 0.68 0.75 0.55 0.57
pima 0.25 0.45 0.38 0.71 0.53 0.71 0.50 0.75
new-thyroidl 0.82 0.89 0.82 0.84 0.81 0.85 0.68 0.70
vehicle( 0.40 0.70 0.83 0.92 0.9 0.95 0.73 0.77
wisconsin 0.82 0.87 0.84 0.91 0.52 0.61 0.69 0.79
Average 0.64 0.81 0.61 0.73 0.72 0.79 0.68 0.73

Source: Research Result (2025)

As Table 2 indicates, the Euclidean + SMOTE setup reached its strongest average performance together
with Logistic Regression, giving MCC = 0.72 and G-Mean = 0.79. Although Naive Bayes attained the top G-Mean
(0.81), its MCC (0.64) trailed that of Logistic Regression. This pattern suggests that, under the Euclidean-based
configuration, Logistic Regression offered a more evenly balanced agreement between the predicted and the true
classes.

Table 3. MCC and G-Mean Results for Binary Manhattan + SMOTE

Dataset Naive Bayes Decision Tree RIngrgei:gzn KNN

MCC G-Mean MCC G-Mean MCC G-Mean MCC G-Mean
ecoli-0-3-4-7_vs_5-6 0.56 0.57 0.47 0.62 0.69 0.70 0.48 0.50
ecoli-0-6-7_vs_5 0.63 0.76 0.37 0.57 0.54 0.69 0.56 0.57
ecoli-0-4-6_vs_5 0.64 0.80 0.56 0.69 0.72 0.85 0.68 0.70
ecoli-0-6-7_vs_3-5 0.46 0.81 0.60 0.63 0.68 0.70 0.68 0.70
ecoli-0-1_vs_2-3-5 0.81 0.90 0.85 0.98 0.62 0.79 0.69 0.70
ecoli4 0.48 0.93 0.81 0.99 0.64 0.70 0.69 0.70
pima 0.19 0.32 0.38 0.69 0.57 0.77 0.32 0.62
new-thyroid1l 0.79 0.97 0.91 0.92 0.87 0.90 0.75 0.77
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vehicle0 0.41 0.68 0.83 0.92 0.85 0.92 0.78 0.86
wisconsin 0.80 0.87 0.85 0.91 0.58 0.67 0.87 0.91
Average 0.58 0.76 0.66 0.79 0.68 0.77 0.65 0.70

Source: Research Result (2025)

Table 3 shows that, with Manhattan + SMOTE, the best average MCC came from Logistic Regression
(MCC = 0.68), whereas the best G-Mean was delivered by the Decision Tree (0.79). This outcome implies that
Manhattan distance can reinforce different classifier strengths: Logistic Regression excels at overall correlation,
while the Decision Tree is better at balancing sensitivity against specificity.

Table 4. MCC and G-Mean Results for Binary Chebyshev + SMOTE

Dataset Naive Bayes Decision Tree Rt;f:::izn KNN
MCC G-Mean MCC G-Mean MCC G-Mean MCC G-Mean

ecoli-0-3-4-7_vs_5-6 0.45 0.68 0.84 0.92 0.68 0.70 0.69 0.70
ecoli-0-6-7_vs_5 0.69 0.70 0.77 0.88 0.75 0.77 0.60 0.63
ecoli-0-4-6_vs_5 0.85 0.98 0.56 0.57 0.92 0.93 0.85 0.86
ecoli-0-6-7_vs_3-5 0.72 0.75 0.85 0.86 0.80 0.81 0.68 0.63
ecoli-0-1_vs_2-3-5 0.69 0.70 0.69 0.87 0.75 0.77 0.75 0.77
ecoli4 0.49 0.91 0.78 0.88 0.70 0.86 0.81 0.81
pima 0.22 0.45 0.33 0.66 0.41 0.63 0.49 0.75
new-thyroidl 0.87 0.97 0.92 0.94 0.91 0.98 0.68 0.70
vehicle0 0.43 0.72 0.74 0.88 0.77 0.85 0.63 0.71
wisconsin 0.84 0.89 0.93 0.96 0.43 0.51 0.62 0.74
Average 0.63 0.78 0.74 0.84 0.71 0.78 0.68 0.73

Source: Research Result (2025)

Table 4 makes clear that Chebyshev + SMOTE performed best on average when teamed with the Decision
Tree, recording MCC = 0.74 and G-Mean = 0.84. This suggests that the maximum-coordinate gap emphasized by
Chebyshev distance generates synthetic points that align well with the hierarchical splitting logic of the Decision
Tree across the binary imbalanced datasets examined.

Table 5. MCC and G-Mean Results for Binary Hamming + SMOTE
Logistic

Dataset Naive Bayes Decision Tree Regression KNN

MCC G-Mean MCC G-Mean MCC G-Mean MCC G-Mean

ecoli-0-3-4-7_vs_5-6 0.54 0.79 0.72 0.85 0.80 0.81 0.75 0.77

ecoli-0-6-7_vs_5 0.80 0.98 0.54 0.75 0.68 0.70 0.69 0.70

ecoli-0-4-6_vs_5 0.46 0.78 0.85 0.86 0.85 0.86 0.80 0.81

ecoli-0-6-7_vs_3-5 0.31 0.49 0.79 0.81 0.88 0.89 0.42 0.44

ecoli-0-1_vs_2-3-5 0.46 0.50 0.39 0.61 0.92 0.93 0.73 0.75

ecoli4 0.26 0.91 0.76 0.98 0.72 0.88 0.85 0.86

pima 0.35 0.68 0.20 0.59 0.42 0.71 0.34 0.68

new-thyroid1l 0.91 0.98 0.60 0.63 0.69 0.87 0.34 0.37
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vehicle0 0.32 0.67 0.82 0.91 0.67 0.70 0.37 0.42
wisconsin 0.80 0.88 0.78 0.89 0.70 0.75 0.50 0.58
Average 0.52 0.77 0.65 0.79 0.73 0.81 0.58 0.64

Source: Research Result (2025)

According to Table 5, Hamming + SMOTE was most effective alongside Logistic Regression, yielding
MCC = 0.73 and G-Mean = 0.81. While competitive, this figure should be read with the understanding that
Hamming distance operates on a mismatch-based representation. Consequently, Hamming + SMOTE is best suited
to cases where features can be cast as categorical or discretized indicators.

Table 6. Comparative Summary of Chebyshev + SMOTE and Hamming + SMOTE

. Chebyshev Chebyshev . Hamming .

Classifier MCC G-Mean Hamming MCC G-Mean Dominant Result
Naive Bayes 0.63 0.78 0.52 0.77 Chebyshev
Decision Tree 0.74 0.84 0.65 0.79 Chebyshev
Logistic 0.71 0.78 0.73 0.81 Hamming
Regression
KNN 0.68 0.73 0.58 0.64 Chebyshev
Average across 0.69 0.78 0.62 0.75 Chebyshev
classifiers

Source: Research Result (2025)

Table 6 sets Chebyshev + SMOTE against Hamming + SMOTE directly, as these were the two setups
with the strongest average scores in Tables 4 and 5. Chebyshev + SMOTE comes out ahead for Naive Bayes,
Decision Tree, and KNN, whereas Hamming + SMOTE leads only for Logistic Regression. The averaged figures
further reveal that Chebyshev + SMOTE is the more consistent option across classifiers, posting a higher mean
MCC (0.69) and G-Mean (0.78) than Hamming + SMOTE, whose averages stood at MCC = 0.62 and G-Mean =
0.75.

Viewed as a whole, the experiments show that the distance measure adopted within SMOTE reshapes the
layout of the synthetic minority points and thereby influences classifier behavior. The most balanced result came
from Chebyshev + SMOTE paired with the Decision Tree, with Hamming + SMOTE combined with Logistic
Regression following behind. Yet, because Hamming distance depends on categorical or discretized
representations, Chebyshev distance appears the more dependable choice for numerical binary imbalanced datasets
in this experimental context. These results lend further weight to the view that SMOTE ought not to be applied as
a rigid, one-size-fits-all preprocessing step; its distance measure should instead be chosen in light of the data’s
nature and the classifier’s tendencies.

CONCLUSION

The study concludes that the distance measure employed within SMOTE exerts a measurable effect on
binary imbalanced classification. Its principal contribution lies in a structured comparison of the Euclidean,
Manhattan, Chebyshev, and Hamming measures inside SMOTE, conducted over ten publicly available binary
imbalanced datasets and four learning algorithms. The strongest configuration overall was the Decision Tree paired
with Chebyshev + SMOTE, which reached MCC = 0.74 and G-Mean = 0.84. Hamming + SMOTE together with
Logistic Regression was likewise competitive (MCC = 0.73; G-Mean = 0.81), though its usefulness hinges on a
suitable categorical or discretized representation of the features. The evidence therefore indicates that Chebyshev
distance yields a more stable SMOTE neighborhood structure for the numerical binary datasets studied. MCC and
G-Mean are best read as evaluation indicators rather than accuracy scores, since each captures a distinct facet of
model behavior under imbalanced class distributions. For future work, it would be valuable to add explicit baseline
runs without SMOTE, to compare further SMOTE variants such as Borderline-SMOTE, SMOTE-ENN, and
ADASYN, to adopt repeated stratified cross-validation, and to test statistical significance in order to confirm
whether the differences observed hold across a wider range of datasets and domains.
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