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Abstract : The issue of class imbalance, particularly in relation to Machine Learning (ML) models, are common
challenge in practical applications. ML is a field in which class imbalance is problematic, as it slows down the
best learning process even by the best ML models. This issue significantly impacts performance, as these methods
often prioritize learning the majority class while neglecting the distribution of the minority classes. In this paper,
anovel oversampling method based on the stratification of Pascal's triangle is introduced to tackle the problem of
class imbalance. The method is designed to enhance the learning process of ML models by facilitating a more
effective representation of minority classes. To evaluate effectiveness of the developed method, we conduct
experiments on six benchmark datasets for the application of churn prediction. The results indicate that the
developed method consistently outperforms SMOTE, ADASYN, G-SMOTE, and Gaussian oversampling
techniques. Also, this approach appears to be not only an effective but also an efficient option for improving ML
models' learning processes under the conditions of class imbalance.
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1. Introduction

Class imbalance can also lead to biased models that perform poorly in real-world scenarios where both classes
are equally important. Various techniques, such as oversampling, undersampling, and ensemble methods, have
been developed to address this issue and improve the performance of classification algorithms on imbalanced
datasets [1]. This issue has become increasingly serious for researchers due to its potential impact on several
applications, including malware detection [2], medical diagnosis [3, 4], financial crisis prediction [5], and churn
prediction [6].

Data balancing techniques are essential when working with highly imbalanced datasets, as such distributions
can cause models to incorrectly classify the majority of instances as negative, thereby increasing the number of
false negatives [7, 8]. Thus, it is crucial to adopt an effective balancing strategy with a strong interpretability
component during the preprocessing phase to accurately identify churn customers. As is often the case in
predictive analytics, handling false positives—particularly in churn prediction—poses considerable risks and
costs; therefore, the need to address class imbalance is critical [9].

Although ML models exhibit generalization, scalability, and interpretability, they face considerable challenges
when dealing with imbalanced data. Many solutions were presented to tackle this problem which can be broadly
classified into three groups: data level, algorithm level and hybrid methods [10, 11]. Data level strategies
addressed the issue by enhancing the under-represented classes in the dataset by generating synthetic minority
samples. The simplest of these techniques is random sampling, which aims to improve the quality of the training
set before classification algorithms are trained. Random sampling can be divided into random undersampling and
oversampling [12].

The Synthetic Minority Oversampling Technique (SMOTE) [13], and the Adaptive Synthetic Sampling
Approach (ADASYN) [14], are among the most widely used methods for addressing class imbalance. In these
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techniques, new minority-class instances are generated by identifying nearest neighbors and interpolating between
a given sample and one randomly selected neighbor [14, 15]. These approaches help balance positive and negative
examples in the dataset; however, the generation of synthetic samples also introduces randomness, which can
detract from a clear understanding of the minority class. Consequently, learning algorithms may face challenges
in accurately modeling and classifying minority-class instances [13].

Many techniques have been suggested to remedy this problem [11, 15, 17, 18]. In [11], the HEOMGA
approach is developed, which uses Heterogeneous Euclidean-Overlap Metric (HEOM) and genetic algorithm
(GA) combinations, especially in the area of over sampling minority class. HEOM is used as a fitness function
that facilitates the GA to create new data points. The HEOMGA technique was found to be more efficient than a
number of popular oversampling techniques. In [15], the authors propose a novel SMOTE based method called
Range Controlled SMOTE (RCSMOTE) for handling three major issues that arise in oversampling. This method
relies on a sample classification scheme to determine suitable samples from the minority class and an improved
filling process which synthesizes samples from the input data within the ‘safe zone’. This enables pattern space
over-sampling to be done both safely and efficiently. The findings verified that RCSMOTE gained better results
than the classical SMOTE method. In [17] a new and basic approach convex hull based SMOTE’ or CHSMOTE
has been suggested to counter problems faced by SMOTE technologies. The results suggest that the algorithm
implemented in this case is comparatively more effective than SMOTE. Furthermore, the authors in [18] introduce
another novel technique called Multi-vector Stochastic Exploration Oversampling (MSEO) that is an extension
of the conventional SMOTE technique. The technique has the advantage of producing synthetic samples with
random direction and scaling vectors, instead of the traditional approach whereby vectors are determined by
neighboring samples, hence more generalized oversampling technique is offered. The results indicate MSEO
improves the classification efficiency even more so than SMOTE.[5]

This work presents a data-oriented oversampling approach that addresses class imbalances by utilizing the
Pascal Triangle logic to generate new data points from available minority classes instead of relying on random
sampling. The primary goal is to assess the effectiveness of the proposed method in achieving optimal
performance and enhancing the learning process for imbalanced datasets. Initially, the technique chooses a pair
of data points in the minority class that have similar feature values and combines them to create a new data point.
Next, we use the newly created data points to generate additional points, repeating this process until we achieve
a balance between the minority and majority class data points.

The rest of the paper is structured as follows: The section 2 reviews SMOTE and ADASYN oversampling
methods. Proposed method is presented in section 3. The datasets used to validate the proposed method are
described in section 4, while section 5 provides the evaluation measures used to assess the proposed method and
its efficiency. The section 6 presents the experimental results obtained by the used methods. Finally, section 7
concludes the paper along with possible future research directions.

2. Methods and materials

This section provides and overview for SMOTE, ADASYN, G-SMOTE and Gaussian method and proposed
method and used datasets.

2.1. SMOTE
Chawla et al. initially developed SMOTE [13], a popular method to address class imbalance in datasets. It works
by generating synthetic samples for the minority class through interpolation between existing minority instances
rather than simply duplicating them. It improves the performance of classification algorithms by balancing the
class distribution, which reduces bias toward the majority class. However, SMOTE may introduce noise if
synthetic instances are generated in overlapping regions. A new synthetic minority class example is generated on
the line segment between X; and X . both X;,X € N,,;, is computed as follows:

Xnew = X; + (X = X;) *rand(0,1), W
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where X; is the oversampled minority sample, X , is another minority sample, which is usually selected from N,
samples near to X;, rand(0,1) is a random number in the range of [0,1].
2.2. ADASYN

He, Bai, Garcia, and Li [14] introduced ADASYN to address the issue of class imbalance. It was developed
as an extension of SMOTE and it is designed to reduce the generation of noisy data along the decision boundaries.
ADASYN effectively minimizes the learning bias caused by the original imbalanced data by shifting the decision
boundary to focus on the harder-to-learn examples in the dataset. The new synthetic examples are generated
through the following process:

s; =% + (g — x)A,

)

where s; is the new synthetic example, x; and Xx,; are two minority examples within and A is a random
number between [0,1].
2.3. G-SMOTE

G-SMOTE is an enhanced version of SMOTE that tackles the problem of addresses class imbalances by
generating synthetic samples for the minority class. Unlike traditional SMOTE, G-SMOTE considers the
geometric properties of data, such as distances and angles, to create more representative samples. This approach
helps improve model performance and reduce overfitting in imbalanced datasets, particularly those with complex
distributions [19]

2.4. Gaussian method

This method is used to generate synthetic samples for the minority class by modeling the data distribution with
a Gaussian (normal) distribution. It assumes that the minority class follows a Gaussian distribution and then
generate new samples by sampling from this distribution. This method helps balance the class distribution by
producing realistic minority class data points [20]
2.5. Proposed method

Pascal’s triangle is an algebraic arrangement of numbers that was known long before the Italian mathematician
Niccold Fontana Tartaglia (1500—-1577) and the French scientist Blaise Pascal (1623—1662). It had also been
explored by various mathematicians in regions such as China, India, and Iran prior to their work [21]. Binomial
coefficient is a simple type of algebraic expression and its properties was widely explored by many over the
history of mathematics [22, 23, 24]. Binomial coefficient has just two terms operated on only by addition,
subtraction, multiplication. Pascal’s triangle in mathematics is a triangular array of binomial coefficients (Fowler,
1996), where each number is the sum of the two numbers directly (right and left) above it as shown in Figure 1.

Figure 1. Pascal’s triangle
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Pascal’s triangle can be used to find out the number of possible combinations of n items using the following:

!
()= P = o

where n presents number of items and k is the number of k items can be ordered.

It is amazing to note how this formula works and its relationship with Pascal’s triangle. For example, one can
choose 3 balls from 16 or can choose 13 balls out of 16 have the same number of combinations as shown in figure
6. This can be achieved using the follows:

(16) _ 16! * 15! * 14! * 13! - 560
3/ (@16-3)!31

The idea behind the proposed strategy is to deal with the problem of class imbalance and restrict the possibility
of negative effects which can be caused by generating random examples on the predictive performance. Multiple
solutions may exist to resolve class imbalance problem by adding random synthetic instances. However, the
proposed method aims to generate consistent data points in order to improve learning process.

The proposed method aims to generate consistent data points in order to improve learning process. In the first
step, the proposed strategy selects two points (samples) from the minority class in the dataset within the same
attribute values to produce a real point. The newly generated data point presents the sum of the two data points
above it. This can be achieved using the logic of Pascal triangle. In the next step, the produced real data points
will be used to generate new ones. Subsequently, the produced points that have been generated from two similar
points will be ignored in order to remove duplication and to make sure that the point has not been selected twice
during this step. This procedure will be repeated and once the total number of the new generated points equals the
number of majority classes, the procedure stops. Finally, all the generated data points are normalized within the
range of the attributes values by utilizing equation (3). Algorithm 2 provides the pseudocode of the suggested
method:

S—X.
Xnew = (Xi - Xj)

j

+ X; 3

maxy — X; ®)
where, X; and X; is two minority data points within the same feature values, X; presents the maximum value

while X; is the minimum value, S is the sum of X; and X, max, is the maximum number from the original

minority data points and the generated ones.

Algorithm 2 Pseudocode of the proposed method

1: Input: Collect dataset related to customer churn

2: Output: Balanced dataset

3: Set:

4; N: Number of minority class samples

5: M: Number of majority class samples

6: c: Counter

7: Method:

8: Step 1: Compute number of combinations that can be produced from N
9: K=2; this step to choose two samples from the minority N

n!
10: (Z) - (n—k)!k!
11: Step 2: Produce new real examples
12:  A={ay, a; - a,}
13:  B={by, by - b,}
14: Whilec<=N
15: Ifa; €to A and b; € to B then
16. D= A+B this step will select two real examples and produce a new one
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17: If the new examples (D) produced from two similar examples (a; = b;) then ignore

18: End while

19: Step 3: Use the new real examples produced in Step 2 to produce new examples and repeat
this procedure until reaching to N=M

20: End of Pseudocode

2.6. Datasets

A set of publicly available datasets are used, and they obtained from Kaggle repository [25]. The datasets with
their characteristics are provided in Table 2, [26,27].:

Table 1. Summary of the dataset's characteristics

Dataset No. of instances No. of features No. of class No. of No. of non-
churners churners
DS-1 3,333 21 2 483 2,850
DS-2 71,047 58 2 14,210 56,837
DS-3 100,000 100 2 49,562 50,438
DS-4 3,333 11 2 483 2,850
DS-5 3,150 16 2 495 2,655
DS-6 50,375 10 2 20,331 30,044

3. Experimental results
3.1. Experimental setup

To assess the performance of the developed methods, Support Vector Machine (SVM) learner is employed.
The SVM seeks to identify the hyperplane that separates instances of two classes by maximizing the distance
between them. This approach is particularly effective due to its ability to operate in high-dimensional feature
spaces, allowing it to capture complex nonlinear relationships with relatively high accuracy between input and
output [28, 29, 30, 31, 32, 33]. The SVM with a radial basis function (SVMs) kernel is utilized for this analysis.

For the SMOTE, ADASYN, G-SMOTE, and Gaussian methods, the input parameter settings are based on
their original implementations. All experiments are conducted using Python's scikit-learn library, with SVMys
learners constructed using default parameters on a Windows 7 system equipped with a Duo CPU running at 3.13
GHz and 44.25 GB of RAM.

3.2. Evaluation metrics

Several evaluation metrics are used to evaluate the methods, and these metrics are widely adopted in churn
prediction [11, 26, 29].

_ TP
Recall = TPiFN” )
; TP TN 3)
= X
mean = o Y FN TN + FP
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TP FP ) (4)
TP+FN_FP+TN
2

AUC = (1+

where, True Positive (TP) and True Negative (TN) refer to the counts of positive and negative examples that
are correctly classified, while False Negative (FN) and False Positive (FP) indicate the counts of misclassified
positive and negative examples, respectively.

3.3. Results and discussion

A 10-fold cross-validation approach is employed to ensure that no specific portions of the dataset are
exclusively used for training or testing. The value of k is set to 10, resulting in the dataset being divided into 10
parts. The process begins by allocating 90% of the data for training and 10% for testing. This procedure is repeated
10 times, allowing each part of the data to serve as the test set for each algorithm utilized in this study. Ultimately,
the average results across the 10 partitions are considered. The results, including those obtained without any
balancing method (i.e., 0% balancing), as well as those from the proposed and other methods, are summarized in
Table 2.

Table 2. Summary of the performance results using the Datasets

Dataset Method Recall G mean AUC
DS-1 0% balancing 0.719 0.706 0.724
SMOTE 0.814 0.816 0.817
ADASYN 0.676 0.739 0.739
Proposed 0.845 0.919 0.919
G SMOTE 0.845 0.919 0.918
Gaussian 0.837 0.913 0.914
DS-2 0% balancing 0.581 0.607 0.636
SMOTE 0.605 0.640 0.681
ADASYN 0.539 0.586 0.642
Proposed 0.674 0.705 0.740
G SMOTE 0.673 0.697 0.724
Gaussian 0.668 0.699 0.734
DS-3 0% balancing 0.443 0.537 0.547
SMOTE 0.395 0.524 0.545
ADASYN 0.402 0.535 0.544
Proposed 0.502 0.557 0.560
G SMOTE 0.500 0.529 0.530
Gaussian 0.498 0.551 0.553
DS-4 0% balancing 0.763 0.765 0.767
SMOTE 0.836 0.838 0.839
ADASYN 0.730 0.755 0.781
Proposed 0.864 0.889 0.916
G SMOTE 0.864 0.885 0.912
Gaussian 0.852 0.879 0.907
DS-5 0% balancing 0.806 0.808 0.811
SMOTE 0.859 0.860 0.861
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ADASYN 0.785 0.803 0.823
Proposed 0.884 0.898 0.913
G SMOTE 0.884 0.889 0.905
Gaussian 0.868 0.883 0.900
DS-6 0% balancing 0.893 0.895 0.897
SMOTE 0.903 0.904 0.905
ADASYN 0.893 0.900 0.907
Proposed 0.922 0.914 0.906
G SMOTE 0.903 0.897 0.892
Gaussian 0.898 0.891 0.885

Table 2 demonstrates that the proposed method outperforms 0% balancing, SMOTE, ADASYN, G-SMOTE,
and the Gaussian method in terms of Recall across all datasets used in the study. This indicates that the proposed
approach is more effective at identifying true positive instances from the minority class, leading to better
classification results. The superior Recall values highlight the method's ability to capture a higher proportion of
the minority class, which is critical in applications such as customer churn prediction. By improving the
identification of at-risk customers, the proposed method improves the churn rate prediction compared to
traditional oversampling techniques. As a result, this method offers a more reliable solution for dealing with class
imbalance, ensuring that minority class instances are better represented and contributing to a more balanced and
accurate learning process.

The findings indicate that the suggested method surpassed other oversampling techniques regarding both G-
mean and AUC across the datasets. The proposed technique attained the highest G-mean and AUC values across
the six datasets. This enhancement is due to the comprehensive information supplied by the proposed approach,
which improved both the predictive outcomes and the learning process as well. The ROC graph evaluates the
SVM;pr and adjusts its confidence level scores to derive unique values for the True Positive Rate (TP rate) and
False Positive Rate (FP rate), as depicted in Figure 2.
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Figure 2. ROC carver results obtained by SVMron the datasets

4. Conclusion

This work tries to tackle class imbalance problem in order to achieve a better prediction accuracy in the
application of churn prediction. In this study, a preprocessing approach as an alternative solution to mitigate the
class imbalance issue is presented, helping to enhance the learner's generalization capacity and performance.
While oversampling methods generate instances randomly, our proposed method produces authentic data-points
from the existing minority class samples, which in turns provides richer information about the new generated data-
paints. Through experiments, the proposed method behaved excellent and exhibited superior performance over
existing oversampling techniques in overcoming class imbalance, demonstrating both effectiveness and
efficiency. Future work could benefit from assessing its performance across other applications and datasets where
class imbalance remains a significant challenge
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