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ABSTRACT 
 
Breast cancer continues to be a major public health issue worldwide, ranking as the second leading cause of 
cancer-related deaths among women. Effective early detection and classification are crucial for improving 
survival rates, yet they are complicated by the challenges posed by imbalanced datasets in microarray gene 
expression analysis. These imbalances can significantly affect the predictive power and reliability of traditional 
classification models, underscoring the need for more sophisticated analytical techniques. This study introduces 
an approach, the SMOTE-ENN-LR method, which combines the Synthetic Minority Over-sampling Technique 
(SMOTE) with Edited Nearest Neighbors (ENN) for noise removal and Logistic Regression (LR) to accurately 
classify breast cancer based on microarray data. The SMOTE technique is utilized to over-sample the minority 
cases in the dataset, thereby addressing the issue of underrepresentation. Simultaneously, the ENN method is 
employed to clean the data by removing mislabeled instances and noise, which are often prevalent in over-sampled 
datasets. The cleaned and stable dataset is used to train a LR model, optimizing its ability to discern between 
cancerous (Abnormal) and non-cancerous (Normal) gene expression profiles effectively. Our comprehensive 
evaluation shows that the SMOTE-ENN-LR method attained a remarkable classification accuracy of 97.14%, 
outperforming contemporary state-of-the-art methods. This significant enhancement in accuracy highlights the 
potential of combining advanced data preprocessing techniques with robust statistical learning models to tackle 
the inherent challenges of microarray data analysis. Further, we employ Local Interpretable Model-agnostic 
Explanations (LIME) and SHAP (SHapley Additive exPlanations) to offer an understandings into our model’s 
decision-making process, enhancing the predictions’ transparency and interpretability. Moreover, the success of 
the SMOTE-ENN-LR method in this study paves the way for its application in other areas of medical diagnostics 
where similar data imbalances may impact the accuracy and effectiveness of disease classification. These results 
substantiate the effectiveness of the SMOTE-ENN-LR approach in managing the complexities of imbalanced 
microarray gene expression data, proposing a promising path for upcoming research in medical bioinformatics 
and precision medicine. 
 
Keywords: Breast cancer; Gene expression; Machine learning; Logistic Regression; Classification; 
Explainable AI 
 
 
1.0 INTRODUCTION 
 
Breast cancer is a significant global health challenge and the most common cancer among women worldwide [1]. 
It is caused by the uncontrolled growth of breast cells that can spread to other organs of the body. This disease 
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exhibits complex and diverse behavior at both the cellular and molecular levels, resulting in varied prognostic and 
clinical outcomes [2-4]. When the regulatory mechanisms fail, breast cells divide uncontrollably, forming masses 
or lumps [5]. 
 The risk factors for breast cancer are multifaceted, involving both inherent and extrinsic elements. Inherent 
factors such as age, sex, ethnicity, and genetic predispositions can predispose individuals to tumor formation. In 
contrast, extrinsic factors influenced by lifestyle, diet, and long-term medical treatments like hormone replacement 
therapy significantly impact neoplastic processes and can be somewhat controlled to mitigate risk [6]. The risk 
components of breast cancer are displayed in Fig. 1. 
 
 

 
 

Fig. 1: The causes and risk factors of breast cancer [7] 
 

 
Table 1: A typical Microarray Gene Expression Data for n Samples Across m Genes [8] 

 
Sample Gene 1 Gene 2 . . . Gene m Class Label 

Sample 1 8.66 7.05 . . . 8.44 C1 
Sample 2 10.25 6.79 . . . 8.55 C2 

⋮ ⋮ ⋮ ⋱ ⋮ ⋮ 
Sample n 9.22 7.00 … 8.39 Cn 

 
 Microarray technology, a staple in bioinformatics and molecular biology, facilitates the measurement of 
expression levels across thousands of genes simultaneously. This capability enables it to generate high-
dimensional data from minimal samples, which is advantageous for genomic studies but also introduces significant 
computational demands and the risk of overfitting, known as the "curse of dimensionality" [9-11]. Microarray 
gene expression (MGE), therefore, plays a pivotal role in supporting medical decision-making, particularly in 
cancer classification [12-13]. MGE data shows potential for preliminary detection of breast cancer, offering 
advantages and considerations compared to mammography, X-rays, and MRI. Table 1 provides a symbolic 
representation of MGE data in the n × (m+1) matrix. The matrix has n rows denoting samples, m columns denoting 
genes, and the last column indicating the class label, which represents the group to which each sample belongs. 
The use of machine learning (ML) methods in breast cancer research has become increasingly common due to 
their ability to train models rapidly and develop predictive systems that aid in effective decision-making. ML 
algorithms leverage statistical methods to autonomously learn and adapt from data, facilitating classification 
without human intervention [14-15]. Despite advances in computational power  [16], the challenge of imbalanced 
datasets persists, where the minority class is underrepresented, which can severely skew the model’s performance 
[17]. 
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 This study introduces the SMOTE-ENN-LR approach, integrating SMOTE with ENN and LR to counteract 
the imbalance in the dataset and refine input features for improved classification accuracy. Furthermore, this paper 
discusses the importance of model interpretability in clinical settings, utilizing advanced methods like LIME and 
SHAP to enhance the transparency and reliability of the models, thereby fostering greater trust and acceptance in 
clinical applications. The main objectives of this study are as follows: 
1. To integrate SMOTE with LR to address the imbalance in microarray gene expression data, which improves 

the representation of minority classes. 
2. To employ ENN for data cleaning to enhance model accuracy by reducing noise and removing misleading 

samples. 
3. To develop a reliable breast cancer classification model using SMOTE-ENN-LR with high accuracy. 
4. To utilize LIME and SHAP to explain model predictions, thereby increasing the transparency and 

understandability of the model’s outputs to clinicians. 
5. To assess the suggested method against benchmarks, emphasizing higher accuracy and interpretability. 

 
2.0  LITERATURE REVIEW 
 
Breast cancer is the most common types of cancer affecting humanity, and their early detection is vital for effective 
treatment. However, breast cancer dataset often suffer from class imbalance, wherein the minority class (positive 
cases) is considerably smaller than the majority label (negative cases). This imbalance can lead to poor 
classification performance and biased results. To address this issue, various techniques have been proposed. This 
literature review aimed to critically evaluate the application of SMOTE-ENN, application of ML and integration 
of microarray gene expression for the classification of breast cancer. This review seeks to understand the 
effectiveness, limitations, and their practical implications, particularly in the domain of breast cancer classification. 
 
2.1  SMOTE-ENN on Breast Cancer 
 
The SMOTE-ENN has emerged as a broadly employed strategy to handle class imbalance by producing synthetic 
samples for the minority class, thereby improving the performance of model trained on imbalanced data [18]. 
SMOTE is an oversampling procedure that creates synthetic minority class samples by interpolating between 
existing samples [19]. The ENN technique aimed at eliminating noisy samples from both classes to improve the 
quality of the dataset [18]. However, it is essential to carefully evaluate and analyze the effectiveness of 
SMOTEENN in addressing the issues posed by imbalanced datasets [20]. Several studies have discovered the use 
of SMOTE-ENN for breast cancer classification [21-22]. One study compared the performance of SMOTE-ENN 
with other resampling techniques, such as undersampling, oversampling, SMOTE, and SMOTETOMEK, on 
medical datasets, including the breast cancer data. The results showed that SMOTE-ENN with LR and ANN 
achieved the highest accuracy [19]. Introduced by Tomek in 1976, the technique concentrates on identifying and 
removing samples that form ambiguous boundaries between classes. Therefore, by eliminating such instances, the 
classification model becomes less susceptible to misclassification and better handles the imbalanced class problem. 
One-Sided Selection method by Kubat, aimed to balance classes by removing the majority of cases that are close 
to the minority class. This technique assists in mitigating the challenges posed by imbalanced training sets and 
enhances the performance of classifiers [19]. In their comprehensive review, He and Garcia discussed various 
strategies for learning from imbalanced datasets. Their paper covered techniques such as resampling and ensemble 
methods to handle imbalanced class distributions [23]. A hybrid method to tackle the class imbalance problem in 
medical datasets was proposed in [24]. Combining techniques such as data-level sampling and ensemble learning, 
the method aims to improve the classification performance on imbalanced medical data. Another study used 
SMOTE-ENN to address the class imbalance issue of breast cancer and compared its performance with other 
methods, such as SMOTE, BLSMOTE (Borderline-SMOTE), and RUS (Random Undersampling) [25]. This study 
found that SMOTE-ENN + XGBoost achieved the highest accuracy among the fusion models. In addition, a study 
examined the efficacy of mix-up at the individual level on balanced data subjected to SMOTE-ENN to ensure 
consistency between the mixed label and the original label while also addressing imbalances within each class 
[23]. The author found that SMOTE-ENN improved the performance of Mix-up in handling class imbalance. Table 
2 provides a concise overview of the key information for each referenced method, including the authors, the 
method itself, and its associated weaknesses or limitations. Researchers can use this summary to quickly grasp the 
main aspects of each approach and consider their applicability in their specific context. 
 In general, SMOTE-ENN is a promising technique for addressing the imbalance issue in the breast cancer 
dataset. It combines the strengths of SMOTE and ENN to generate synthetic minority class samples and eliminate 
noisy samples from both classes. Several studies have shown that SMOTEENN can improve the performance of 
several classifiers and achieve high accuracy in breast cancer classification. However, more study is needed to 
further explore the potential of SMOTE-ENN and its limitations. 
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Table 2: Summary Table for Breast Cancer Classification on SMOTE-ENN 
 

Ref. Method Weakness/Limitation 

[18] SMOTE May introduce noise in synthetic samples. Sensitive to the choice of 
k in the algorithm 

[19] One-Sided Selection May lead to information loss by removing potentially relevant 
majority class samples close to the minority class 

[23] Learning from Imbalanced Data Focused on general strategies; lacks specific details about certain 
algorithms. Lacks depth in discussing newer approaches and 
advancements in the field 

[20] Ensemble Deep Learning General review; not specific to addressing imbalanced datasets in 
healthcare. Limited focus on challenges and limitations in healthcare 
applications 

 
2.2 The Impact of Machine Learning in Breast Cancer Classification 

 
Machine learning (ML) has emerged as a transformative tool in medical research, offering the potential to 
revolutionize cancer diagnostics and classification [26-28]. In the context of breast cancer, ML algorithms analyze 
complex datasets to extract patterns, predict outcomes, and aid clinicians in decision-making [29]. In recent years, 
the integration of ML techniques with microarray expression data has emerged as a promising avenue for 
enhancing the accuracy and precision of breast cancer classification. This section explores the applications and 
advancements of ML in addressing the issues posed by this cancer. The authors emphasized the pivotal role of 
gene selection in cancer classification, particularly utilizing support vector machines (SVM). SVMs are renowned 
for their capability to grip high-dimensional data and discern complex relationships within gene expression 
patterns. This study emphasizes the significance of choosing appropriate features for accurate breast cancer binary 
classification, offering insights into the integration of SVMs to achieve the goal [30]. ML approaches such as 
random forest, extra tree, and SVM are used to categorize breast cancer gene expression data into normal and 
relapse. Grid search cross-validation (CV) is used to optimize the hyperparameters of the methods. The tuned 
SVM outperforms the others with 97.78% of accuracy [31]. The comparative analysis by Kotsiantis et al. shed 
light on the effectiveness of different ML  methods, presenting a nuanced understanding of their strengths and 
boundaries in the context of breast cancer classification [32]. Alrefai et al. utilized a convolutional neural network 
(CNN) to categorize breast cancer using MGE data. The authors reported an accuracy of 95.45% [33]. Table 3 
displayed the summary of the breast cancer classification using ML techniques. 
 

Table 3: Summary of breast cancer classification using machine learning 
 

Ref. Method Used Weakness/Limitation 
[30] Support Vector Machines 

(SVM) 
Limited discussion on the interpretability of selected genes, potentially 
hindering biological insights. 

[31] SVM Imbalanced data, missing feature selection method. 
[34] Various ML techniques Challenge of handling high-dimensional data and potential sensitivity to noise 

in microarray expression datasets. 
[32] Comparative analysis of 

multiple methods 
Limited exploration of ensemble methods; may not capture the combined 
strengths of various algorithms effectively. 

[35] Gene expression profiling for 
molecular classification 

Dependency on the availability of comprehensive and representative datasets 
for accurate subtype identification. 

[17]  Ensemble with Genetic 
Algorithm 

Imbalanced data, computationally intensive, the performance heavily relies on 
the diversity and performance of the individual feature selection algorithms. 

 
 The application of ML in DNA microarray analysis was expanded by Cho and Won [34], addressing challenges 
posed by noise and dimensionality. This comprehensive overview laid the foundation for utilizing ML techniques 
to unravel complex gene expression patterns linked with breast cancer subtypes. Sorlie and Tibshirani studied 
diagnostic markers and categorizing breast cancer into molecular subtypes, this research paved the way for more 
personalized and targeted approaches to treatment [35]. In [17], the authors proposed an ensemble filter feature 
selection approach called EnSNR for the classification of breast cancer. The EnSNR feature subset is generated 
automatically and a genetic algorithm (GA) is used to generate the model to classify breast cancer using the EnSNR 
feature subset. Ensemble methods may sacrifice interpretability, making it challenging to extract meaningful 
biological insights from the selected features. The integration of molecular information provided a more subtle 
understanding of the heterogeneity within breast cancer. 
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 Therefore, the integration of ML methods with microarray expression data deals a great method to improve the 
accuracy of breast cancer classification. The insights gained from the reviewed literature lay the foundation for 
further study and advancements in this critical space of cancer diagnosis. 
 
3.0  MATERIALS AND METHODS 
 
The SMOTE-ENN-LR method combines 1) SMOTE for generating synthetic data points, 2) ENN for noise 
removal, and 3) LR for classification. SMOTE tackles the class imbalance issue by creating synthetic samples of 
the minority cases, thereby levelling the playing field for ML models. ENN further enhances the quality of the 
data by eliminating noisy majority class instances that may negatively impact model performance (See algorithm 
1). Finally, LR was employed to build a predictive model on the cleaned and augmented data. Fig. 2 shows the 
system architecture of the study. 
 

 
 

Fig. 2: Workflow of the Proposed Method 
 

3.1  Dataset 
 
The dataset was obtained from National Center for Biotechnology Information (NCBI) that hold the accession 
number GSE57297 [36]. It contains 50,739 genes or features from 25 breast cancer (abnormal) samples and 7 
normal samples. Identified 10054 genes that are statistically significant out of a total of 50739 genes, with a P-
value < 0.05. The dataset information is presented in Table 4. Table 5 shows some data samples from dataset. 
 

Table 4: Dataset Descriptions 
 

Cancer No. of Genes Total Sample Sample Size Sample Types 

Breast 10054 32 
25 Abnormal (1) 

   7 Normal (0) 
 
3.2  Data Pre-processing 
 
The quality of data preprocessing directly influences the performance of ML models [37]. In this study, we 
employed a comprehensive preprocessing strategy tailored to handle the complexities of microarray gene 
expression data, aimed at optimizing the input for subsequent analysis and model training. 
 
3.3  Dataset Loading and Inspection 
 
The dataset was loaded from a specified path to ensure accessibility and reproducibility of results. Initial data 
inspection was conducted to understand the structure and distribution of the data. This included visualizing the 
first few rows to verify the integrity and format of the loaded data, which is crucial for identifying any discrepancies 
early in the preprocessing stage. 
 

Algorithm 1 Data Pre-processing, Balancing, and Model Evaluation 
 

1: Load Dataset 
2: Load the dataset from ’path/to/csv/file’ 
3: Display the first few rows to inspect the dataset structure 
4: Separate Features and Target 
5: Extract target variable 𝑌𝑌 from the column ’Class’ 
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6: Extract features 𝑋𝑋 by removing the target column ’Class’ 
7: Pre-process Data 
8: 

a. Filter Genes: 
i. Select genes/features with a p-value less than 0.05. 

ii. Ensure that the dataset includes 10,054 genes/features. 
b. Apply PCA: 

i. Apply Principal Component Analysis (PCA)  to reduce dimensionality. 
ii. Retain components that explain 95% of the variance. 

9: Initialize Model 
10: Set up a LR model 
11: Set Up Resampling Technique 
12: Define SMOTE-ENN as the resampling technique to balance the dataset 
13: Specify Edited Nearest Neighbours as part of the SMOTE-ENN process 
14: Create Pipeline 
15: Create a pipeline that combines the resampling tech- nique with the LR model 
16: Define Cross-Validation 
17: Set up a repeated stratified k-fold cross-validation method 
18: Specify the number of splits and repetitions for cross- validation 
19: Evaluate the Model 
20: Use cross-validation to evaluate the model 
21: Calculate metrics: accuracy, precision, recall, and F1- score 
22: Output Metrics 
23: Print the Performance Metrics 
24: Explainable AI 
25: Explanation using LIME and SHAP  
 

Table 5: Data Samples from Dataset 
 

PC1 PC2 PC3 PC4 . . . PC24 PC25 Class 
-58.53 9.30 -6.29 2.27 . . . -2.53 -6.99 0 
-91.00 -7.65 12.62 -8.44 . . . 0.88 9.49 0 
-85.76 -3.39 2.34 -10.54 . . . -0.36 -0.71 0 
-93.33 4.71 0.57 -4.07 . . . 2.18 0.83 0 
-74.27 -11.09 7.49 10.23 . . . -6.58 12.48 0 
14.56 11.91 1.85 -2.46 . . . 3.80 0.07 1 
8.87 7.02 16.22 14.53 . . . -7.65 -13.28 1 
10.82 -35.27 -9.65 39.32 . . . -7.16 6.06 1 
31.76 28.86 -11.45 2.85 . . . 2.80 4.22 1 
24.00 -56.66 0.03 -18.39 . . . 4.58 2.48 1 
40.27 4.32 25.07 11.72 . . . 22.32 0.52 1 
28.76 -57.43 -18.07 -20.55 . . . 0.05 -2.00 1 
23.24 -3.99 46.55 11.72 . . . -2.46 0.93 1 
9.63 9.61 17.71 -14.71 . . . -10.87 2.78 1 

 
3.3.1  Feature and Target Separation 
 
We segregated the target variable, Y, identified by the column labeled ’Class’, from the input features, X. The 
feature matrix X was derived by excluding the target column, thereby isolating the predictors which are essential 
for the model training process. 
 
3.3.2  Gene Filtering 
 
Given the high dimensionality typical of microarray data, gene filtering was imperative to enhance model 
performance and reduce computational load: 
 
3.3.3  P-value Filtering 
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We filtered genes based on statistical significance, retaining only those features with a p-value less than 0.05. This 
step ensured that the features included in the model were statistically relevant to the class outcomes. 
 
3.3.4  Feature Consistency 
 
The dataset was pruned to maintain a consistent set of 10,054 genes across all samples, aligning with typical gene 
expression panels used in clinical settings. 
 Dimensionality Reduction via PCA: To address the curse of dimensionality and improve the efficiency of our 
model, Principal Component Analysis (PCA) [38] was applied. PCA served two primary functions: 

i. By transforming the data into a set of linearly un- correlated components, PCA reduces the dimensionality 
of the data while retaining those components that explain a substantial amount of variance, specifically 
95% in this study. 

ii. The reduced feature set facilitated a more interpretable model by diminishing the noise and less 
informative variables. 

 
3.4 Data Balancing with SMOTE-ENN 
 
The class imbalance prevalent in our dataset was addressed using SMOTE combined with ENN. This hybrid 
approach not only augmented the minority class through synthetic sample generation but also refined the dataset 
by removing misleading majority class samples. This preprocessing step was crucial for preventing model bias 
towards the majority class. 

 
3.4.1  Synthetic Minority Over-sampling Technique 
 
SMOTE is a method used to handle class imbalance in ML by generating synthetic examples for the minority class 
[18]. This technique helps to create a balanced dataset, which enhances the performance of the classifier by 
improving the representative- ness of the minority class. 
SMOTE augments the data by performing the following steps: 

i. Identification of the k-nearest neighbors: For each sample in the minority class, identify the 
𝑘𝑘 nearest neighbors within the same class. 

ii. Synthetic Sample Generation: 
• For each sample 𝑥𝑥𝑖𝑖 in the minority class, select one of its 𝑘𝑘 nearest neighbors 𝑥𝑥𝑛𝑛𝑛𝑛. 
• Generate a synthetic sample 𝑠𝑠 using the formula: 

𝑠𝑠 = 𝑥𝑥𝑖𝑖 + 𝜆𝜆 × (𝑥𝑥𝑛𝑛𝑛𝑛 − 𝑥𝑥𝑖𝑖) 
where 𝜆𝜆 is a random number between 0 and 1.  

iii. Repetition: Repeat the process until the dataset is sufficiently balanced. 
 
3.4.2  Edited Nearest Neighbors (ENN) 
 
The ENN algorithm is primarily utilized for reducing misclassification noise and improving the quality of datasets, 
especially those that exhibit class imbalance [39]. It works by removing instances that are likely mislabeled or are 
considered noise. 
 

ENN operates through the following steps: 
i. Neighbor Identification: Identify the 𝑘𝑘 nearest neighbors for each instance in the dataset. 
ii. Majority Voting System: For each instance, examine the class labels of its nearest neighbors. 
iii. Instance Deletion: If the majority of an instance’s neighbors belong to a different class than the instance 

itself, the instance is removed from the dataset. 
 
 Let 𝑋𝑋 be a dataset with instances 𝑥𝑥𝑖𝑖, and 𝑌𝑌 the corresponding class labels. For an instance 𝑥𝑥𝑖𝑖, denote 𝑁𝑁(𝑥𝑥𝑖𝑖) as 
the set of 𝑘𝑘 nearest neighbors, and 𝐶𝐶(𝑥𝑥) the class of instance 𝑥𝑥. The ENN rule can be mathematically formulated 
as: 
 

Remove 𝑥𝑥𝑖𝑖 if     ∑        𝐼𝐼(𝐶𝐶(𝑥𝑥𝑗𝑗) ≠ 𝐶𝐶(𝑥𝑥𝑖𝑖)) > 𝑘𝑘/2            
                       𝑥𝑥𝑗𝑗∈𝑁𝑁𝑘𝑘(𝑥𝑥𝑖𝑖) 

(1) 
where 𝐼𝐼 is the indicator function, returning 1 if the condition is true and 0 otherwise. 
Often, ENN is combined with SMOTE to both augment the minority class and ensure the quality of the augmented 
dataset. 
This hybrid approach, known as SMOTE-ENN, provides a balanced and cleaner dataset for training robust models. 
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3.5  LR model 
 
LR is extensively used for classification tasks [40]. It measures the probability of the target variable belonging to 
one class based on independent predictors. 
 
The model uses a logistic function defined as: 

𝜎𝜎 (𝑧𝑧) = 1 / (1 + 𝑒𝑒-𝑧𝑧) 
(2) 

where 𝑧𝑧 is a linear combination of input features. Given model parameters 𝛽𝛽 and inputs 𝑋𝑋, the probability that an 
observation belongs to class 1 is: 

𝑃𝑃 (𝑦𝑦 = 1|𝑋𝑋) = 𝜎𝜎 (𝛽𝛽0 + 𝛽𝛽1𝑋𝑋1 + ⋯ + 𝛽𝛽𝑛𝑛𝑋𝑋𝑛𝑛) 
 

(3) 
 

3.6  Fitting the Model   
 
The parameters of the LR model are estimated using maximum likelihood estimation, seeking to maximize the 
likelihood of observing the given data. 
 
3.7  Use in Classification 
 
To classify a new observation, the model calculates the predicted probability. If 𝑃𝑃 (𝑦𝑦 = 1|𝑋𝑋) >0.5, the outcome is 
classified as class 1, otherwise as class 0. 
 
3.8  Explainable AI (XAI) Approach 
 
3.8.1  Local Interpretable Model-agnostic Explanations 
 
LIME provides insights into complex ML model predictions by creating simple, local surrogate models that 
approximate the predictions of the original model within a small neighborhood around the input being explained 
[41]. The core principle of LIME is to perturb the input data and observe how the predictions change, thus gaining 
insight into which features significantly influence the output [42]. By applying weights to these perturbations based 
on their proximity to the original input, LIME ensures that the local surrogate model—typically a linear model or 
decision tree—faithfully represents the original model’s behavior in the vicinity of the input. This approach allows 
users to understand which features contribute to the decision made by a model, providing transparency and 
enhancing trust, especially in critical applications like healthcare and finance, where interpretability is essential. 
Mathematical Formulation: 
 Let 𝑓𝑓 be the complex model’s prediction function, and 𝜉𝜉 (𝑥𝑥) be the explanation model for an instance 𝑥𝑥. LIME 
solves the following optimization problem: 
 

𝜉𝜉(𝑥𝑥) = arg min 𝐿𝐿(𝑓𝑓, 𝑔𝑔, 𝜋𝜋𝑥𝑥) + Ω(𝑔𝑔)             (4) 
                  𝑔𝑔∈𝐺𝐺  

 
where: 
• 𝐺𝐺 is the class of interpretable models, such as linear models or decision trees. 
•  𝐿𝐿 is a loss function measuring how unfaithful 𝑔𝑔 is at approximating 𝑓𝑓 in the locality defined by 𝜋𝜋𝜋𝜋, the 

proximity measure centered at 𝑥𝑥. 
•  Ω(𝑔𝑔) is a complexity measure of the model 𝑔𝑔 (regularization). 
• 𝜋𝜋𝑥𝑥 often takes the form of an exponential kernel based on the Euclidean distance, weighted by some 

hyperparameter. 
 
3.8.2  SHapley Additive exPlanations 
 
SHAP is a process to elucidate the output of any ML model by measuring the influence of each feature to the 
prediction [43]. SHAP standards are presented on the concept of Shapley values from cooperative game theory 
[41]. These values offer a consistent and locally accurate attribution of feature importances across different types 
of data and models.  
 
Mathematical Formulation: 
The SHAP value 𝜙𝜙𝑖𝑖 for a feature 𝑖𝑖 is calculated as follows: 
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ϕi = ∑       |S|!(|F| - |S| - 1)!  [ fx(S ∪ {i}) - fx(S)]         (5) 
           S⊆F\{i}         |F|! 
 
where: 
• 𝐹𝐹 is the set of all features. 
•   𝑆𝑆 is a subset of features excluding 𝑖𝑖. 
•  |𝑆𝑆| is the cardinality of subset 𝑆𝑆. 
•   𝑓𝑓(𝑆𝑆) is the model prediction when only the features in 𝑆𝑆 are used. 
 
4.0  RESULTS  
  
4.1 Model Parameter Settings 
 
In this study, we meticulously configured the SMOTEENN-LR model to ensure robustness and reliability in the 
classification of breast cancer from MGE. Given the complexity of handling imbalanced datasets and the high 
dimensionality of microarray data, specific parameter settings are critical for optimizing model performance. 
Below, we outline the key parameters and their settings: 
 
4.2 Cross-validation Strategy 
 
To evaluate the model’s performance comprehensively, we employed a Repeated Stratified K-Fold CV strategy. 
This approach confirms that each fold of the data is utilized for both training and testing, and that the data is split 
in a way that preserves the percentage of samples for each class. 
 
4.3  Number of Splits 
 
The cross-validation process was configured to use 7 splits (see table 6). This setting was chosen to provide a 
balance between computational efficiency and model evaluation thoroughness, allowing for detailed performance 
metrics across multiple subsets of data. 
 

Table 6: Model Parameter Settings 
  

Parameter  Value 
Cross-validation Strategy  Repeated Stratified K-Fold 
Number of Splits  7 
Number of Repeats  3 
Random State  1 
Scoring Metrics  Accuracy, Precision , Recall , F1-score 
Parallel Processing  Enabled (n_jobs=-1) 

 
4.4  Number of Repeats 
 
Each cross-validation cycle was repeated 3 times to ensure stability and reliability in the performance estimates. 
This repetition helps mitigate the variance that might arise from the random partitioning of data in each fold. 
 
4.5  Random State 
 
A constant random state of 1 was used to initialize the random number generator. This setting ensures the 
reproducibility of the model training and validation process, allowing other researchers to replicate our results 
under the same experimental conditions. 
 
4.6  Parallel Processing 
 
To expedite the computational process, parallel processing was enabled with n_jobs=-1. This setting allows the 
model to utilize all available CPU cores, significantly reducing the time required for cross-validation and model 
training. These parameter settings were carefully selected to optimize the model for the specific challenges posed 
by microarray data analysis, particularly in dealing with imbalanced datasets. By enhancing the oversampling of 
minority classes through SMOTE and reducing noise via ENN before applying LR, our approach not only 
addresses the imbalance in the data but also improves the overall predictive accuracy, as evidenced by our 
experimental results. 
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4.7  Evaluation Metrics 
 
Performance metrics were employed to assess the performance and effectiveness of the proposed methods. The 
confusion matrix summarizes the performance of the proposed methods on a set of test data. In this study, the 
following performance metrics [44] were utilized to critically assess the performance of the proposed cancer 
classification approach. A confusion matrix is illustrated in the Table 7, which can be employed to observe the 
performance of a classifier.  
 

Table 7: Confusion Matrix 
 

Actual Class Predicted Class 
Positive (P) Negative (N) 

Positive (P) True Positive (TP) False Negative (FN) 
Negative (N) False Positive (FP) True Negative (TN) 

 
The evaluation metrics for classification models are defined as follows: 
 
•  Accuracy: The ratio of accurate outcomes to the total cases analysed. 
 

            Accuracy = (𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇) / (𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹 + 𝐹𝐹𝐹𝐹 + 𝑇𝑇𝑇𝑇)                        (6) 
 
•   Precision: The ratio of accurate positive identifications. 
 

Precision = 𝑇𝑇𝑇𝑇 / (𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹)                (7) 
 
•   Recall (Sensitivity): The proportion of actual positives that were correctly identified. 
 

Recall = 𝑇𝑇 𝑃𝑃 / 𝑇𝑇 𝑃𝑃 + 𝐹𝐹 𝑁𝑁                  (8) 
 
• F-measure: The harmonic mean of precision and recall. 
 

F-measure = 2 × Precision × Recall / (Precision + Recall)             (9) 
 
•   ROC Curve: A graphical representation demonstrating the diagnostic efficacy of a binary classifier system as 

its discrimination threshold is adjusted. 
 

ROC curve = Sensitivity vs (1 - Specificity)            (10) 
 
 This section briefly explains the experimental findings across three stages: feature selection, comparison 
analysis, and evaluation of the classification phase. Table 8 presents the performance metrics of the SMOTE-ENN-
LR approach applied to microarray expression data for breast cancer. 
 

Table 8: Performance Analysis Results of Breast Cancer Classification 
 

Cancer  Precision (%) Recall (%) F1-score (%) Accuracy (%) 

Breast 96.43 98.21 97.96 97.14 

 
 The method was assessed using a 7-fold CV with three repeats on the LR model. The metrics, such as Precision, 
Recall, F1-score, and Accuracy, all expressed in percentages. The method achieved a notable precision of 96.43%, 
suggesting that the vast majority of positive predictions were indeed true positives. The recall for breast cancer 
was 98.21%, suggesting that the model successfully identified most of the actual positive cases. The F1-score, 
which balances precision and recall, was exceptionally high at 97.96%. This indicates a well-balanced model in 
terms of both false positives and false negatives. The model demonstrated an overall accuracy of 97.14%, affirming 
its capability to correctly classify both positive and negative cases. The outcomes exhibit the effectiveness of the 
proposed approach in addressing the imbalance problem in MGE data for breast cancer classification. The higher 
precision and recall outcomes indicate that the model is reliable in identifying true positives while minimizing 
false positives, which is crucial in medical diagnoses. The F1-scores are particularly notable, reflecting a robust 
balance between precision and recall, a key aspect in imbalanced datasets. Fig. 3 represents the receiver operating 
characteristic (ROC) curve generated for breast cancer.  



200 
 

 
 

 
 
Fig. 3: ROC curve 

 
 The SMOTE-ENN-LR method shows high precision (96.43%), recall (98.21%), and F1-score (97.96%). These 
metrics indicate the method’s robustness in handling imbalanced datasets, particularly in ensuring a minimal 
number of false positives (high precision) and a high detection rate of true positives (high recall). The SMOTE-
ENN-LR’s accuracy of 97.14% significantly outperforms that of other existing methods. This suggests that the 
combined approach of balancing the dataset and then applying LR is more effective in this context. The superior 
performance of SMOTE-ENNLR in terms of accuracy and the available metrics suggests its suitability for breast 
cancer microarray expression data. Using SMOTE-ENN-LR effectively addresses the imbalance problem, 
enhancing the model’s predictive power. 
 
4.8  Explaining Predictions with LIME 
 
The LIME visualization Fig. 4 provided outlines the contribution of various principal components (PCs) towards 
a model’s prediction that a particular breast cancer case is abnormal based on microarray gene expression data. 

Prediction Probabilities: 
Class 0 (Normal): 0.000 (No probability or very low probability of the sample being normal) 
Class 1 (Abnormal): 1.00 (Extremely high or absolute certainty probability of the sample being abnormal) 

The Fig. lists several principal components (PCs) with their respective contribution scores to the prediction 
decision. Each feature contribution is expressed as a positive or negative value indicating the direction and strength 
of the influence on the prediction outcome (in this case, toward abnormal). 
a. PC1 (31.76) Influence: Strong positive contribution (15.75) 

Interpretation: Higher values of PC1 significantly increase the probability of the sample being classified as 
abnormal. 

b. PC22 (16.54) 
Influence: Positive contribution (0.33) 
Interpretation: High values of PC22 moderately increase the likelihood of an abnormal classification. 

c. PC4 (2.85) 
Influence: Positive contribution (0.02) 
Interpretation: Slightly positive influence on the prediction of abnormal. 

d. PC23 (-1.07) 
Influence: Positive contribution (0.02) 
Interpretation: The value range of PC23 slightly pushes the decision toward abnormal. 

e. PC24 (2.80) 
Influence: Positive contribution (0.02) 
Interpretation: Similar to PC4, contributes slightly toward an abnormal prediction. 

f. PC2 (28.86) 
Influence: Positive contribution (0.02) 
Interpretation: Higher values of PC2 slightly favor an abnormal classification. 

g. PC10 (-21.47) 
Influence: Positive contribution (0.02) 
Interpretation: The lower value of PC10 slightly supports the abnormal classification. 
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h. PC5 (5.89) 
Influence: Positive contribution (0.02) 
Interpretation: Mid-range values of PC5 have a minor positive impact on the abnormal prediction. 

i. PC12 (12.81) 
Influence: Positive contribution (0.02) 
Interpretation: Higher values of PC12 slightly influence the sample toward being classified as abnormal. 

j. PC13 (3.68) 
Influence: Positive contribution (0.02) 
Interpretation: Indicates that a mid-range value of PC13 subtly pushes toward an abnormal classification. 

 

 
 

Fig. 4: Local interpretability with LIME-1[0-Normal, 1-Abnormal] 
 
 The second LIME visualization Fig. 5 provided illustrates how different principal components (PCs) contribute 
to a specific prediction for a microarray gene expression data sample in breast cancer classification. This 
explanation focuses on the classification probabilities for two classes (likely 0 for ’normal’ and 1 for ’abnormal’), 
with the provided sample having probabilities of 0.790 for class 0 and 0.211 for class 1, suggesting a leaning 
towards the ’normal’ classification but with considerable uncertainty. 
 
● PC1 (<= -4.22): This feature heavily influences the prediction towards class 0 (normal) with a high contribution 
score of 0.98, suggesting that lower values of PC1 are strongly indicative of a normal classification.  
● PC18 (0.59 < PC18 <= 3.34): Sits within a range that mildly supports the normal class with a contribution of 
0.00, indicating neutrality in this context. 
● PC9 (1.54 < PC9 <= 9.86): Also shows a neutral contribution (0.00), despite the value falling within a 
significant range, suggesting that its impact is less decisive under the given model. 
● PC13 (> 4.54): With a value of 6.72, exceeding 4.54, it again shows a neutral influence on the prediction 
outcome. 
● PC20 (<= -5.58): A very low value of -13.14 contributes neutrally, which is interesting as it suggests that 
extreme values of PC20 might not be influential for this model. 
● PC11 (-6.93 < PC11 <= -0.25): Shows a small range and a neutral effect on the decision, highlighting less 
impact on the classification. 
● PC8 (> 8.93): A high value of 17.27 shows a neutral contribution, indicating that this feature in high ranges 
does not sway the prediction considerably. 
● PC24 (> 3.20): With a value of 9.76, much higher than 3.20, it still contributes neutrally, suggesting that for 
this model, higher values of PC24 are not determining factors. 
● PC16 (0.35 < PC16 <= 7.73): Falls within a contributing range but shows a neutral impact with a score of 0.00. 
● PC22 (-0.69 < PC22 <= 5.55): Also demonstrates a neutral impact with its value of 0.99. 
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Fig. 5: Local interpretability with LIME-2[0-Normal, 1-Abnormal] 
 
4.9  Understanding Model Predictions: A SHAP Analysis 
 
The provided SHAP visualization (refer to Fig. 6) offers an in-depth look at how different features, denoted as 
principal components (PCs), influence a specific model prediction. Here we focus on a single prediction instance, 
examining how each component nudges the model’s output away from or towards the expected average outcome. 
• Base Value and Prediction: The base value, denoted by [𝑓𝑓(𝑋𝑋)] = 0.75, represents the expected model output 

when no specific feature information is included. The actual prediction for the instance is significantly lower, 
(𝑥𝑥) = 0, indicating a shift towards class ‘0‘. 

• Negative Contributions: Features such as PC1, with a value of -58.53, show a substantial negative impact, 
reducing the probability of the outcome being class ‘1‘. Similarly, other PCs like PC23, PC22, and others 
collectively push the prediction towards class ‘0‘. 

• Positive Contributions: Conversely, PCs like PC19 and PC17, though minor, try to counterbalance by 
pushing the prediction slightly towards class ‘1‘. 

 The aggregation of feature effects culminates in a final prediction that deviates markedly from the base 
expectation, underscoring the importance of principal components like PC1 in this decision-making process. 
 
5.0  DISCUSSION 
 
The SMOTE-ENN-LR approach for classifying breast cancer using MGE data demonstrated highly promising 
results, significantly improving the reliability and accuracy of diagnostic predictions. The precision rate achieved 
was 96.43%, indicating a high likelihood that the positive predictions made by the model are true positives. This 
is vital in medical settings, where the cost of false positives—such as unnecessary treatments and associated stress 
for patients—can be substantial. Additionally, the model exhibited a recall of 98.21%, suggesting it successfully 
identified the majority of real positive samples. The higher recall rate is critical for effective screening programs 
where missing a true case can delay crucial treatment, adversely affecting patient outcomes. 
 The balanced F1-score of 97.96% highlights the model’s robustness, effectively managing the trade-off 
between precision and recall—a key aspect in dealing with imbalanced datasets. Moreover, the accuracy of 97.14% 
affirms the model’s competence in accurately classifying both positive and negative samples, confirming its utility 
in a clinical environment. These metrics not only illustrate the effectiveness of the SMOTE-ENN-LR method in 
handling class imbalance and noise in the data but also showcase its superiority over traditional methods, which 
often struggle under similar conditions. The integration of SMOTE and ENN pre-processing ensures that the LR 
model is trained on balanced and cleaned data, enhancing the predictive performance and reliability necessary for 
medical diagnostics. One potential limitation of this study is the relatively small number of normal breast cancer 
samples in the dataset. 
 
6.0  COMPARISON WITH STATE-OF-ART METHOD 
 
In the domain of breast cancer classification using MGE data, our proposed SMOTEENN-LR method 
demonstrates significant advancements over several state-of-the-art techniques, including Genetic Algorithms 
(GA) [17], Support Vector Machines (SVM) [45], and kNearest Neighbors (kNN) [46]. These traditional methods 
achieved accuracies of 92.39%, 90%, and 91.24%, respectively. However, they do not inherently address the 
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serious matter of class imbalance, which can lead to biased predictions favoring the majority class, a significant 
drawback in medical diagnostics. 
 

 
 

Fig. 6: SHAP visualization showing the impact of principal components on the model’s prediction. 
  
 Our approach leverages the SMOTE to generate synthetic samples for the minority class, effectively balancing 
the dataset. This is complemented by the ENN technique, which further improves the dataset by eliminating noisy 
instances before applying LR. This dual approach not only addresses class imbalance but also ensures data 
integrity, resulting in enhanced predictive performance. 
 As shown in Table 9, the SMOTE-ENN-LR method achieved an accuracy of 97.14%, precision of 96.43%, 
recall of 98.21%, and an F1-score of 97.96%. These metrics clearly surpass the performance of the other methods 
listed, demonstrating the efficacy of our approach in producing a more balanced and accurate predictive model. 
Moreover, our study uniquely incorporates Explainable AI (XAI) techniques, specifically LIME and SHAP, to 
provide transparency into the model’s decision-making process. Compared to other methods listed in Table 9 (such 
as Catboost [26], GRU-RNN [27], and DNN post-SMOTE [28] that did not utilize XAI frameworks like LIME 
and SHAP, our comprehensive approach of integrating SMOTE and ENN, followed by LR and supported by XAI, 
sets a new benchmark in terms of both performance and interpretability.   
 In summary, the SMOTE-ENN-LR method not only achieves superior predictive accuracy but also addresses 
the class imbalance problem and enhances model interpretability through XAI. This makes it exceptionally suitable 
for critical healthcare applications, where accurate and explainable diagnosis is paramount. 
 

Table 9: Comparison with State-of-art Method 
 

Ref. Method Precision (%) Recall (%) F1-score 
(%) 

Accuracy (%) XAI 

[26]  Catboost - - - 92 X 
[27]  GRU-RNN - - - 97.8 X 
[28]  DNN post SMOTE - - - 81 X 
[17]  GA - - - 92.39 X 
[45]  SVM - 87 - 90 X 
[46]  kNN - - - 91.24 X 
Our Study SMOTE-ENN-LR 96.43 98.21 97.96 97.14 YES 

 
 
7.0  CONCLUSION 
 
In this paper, a comprehensive strategy is introduced to handle class imbalance issues in ML. It begins by using 
SMOTE to create synthetic instances of the minority class, effectively increasing its representation in the dataset. 
ENN comes into play next, ensuring the dataset is devoid of noisy instances from the majority class by comparing 
class labels of neighbors. After this preprocessing, LR is trained on the refined data, enabling the model to predict 
the probability of fitting to a specific class. This method has proven successful in clinical diagnosis, where accurate 
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predictions are critical. Therefore, addressing class imbalance and noise, SMOTE-ENNLR contributes to more 
robust and reliable ML models. Finally, the experimental findings reveal that the suggested SMOTE-ENN-LR 
method achieved a test accuracy of 97.14%. The SMOTE-ENN-LR approach yields superior classification 
accuracy compared to existing methods. 
 
Contributions of this Study 
 
The main contributions of this study are as follows:  
1. Introduced the SMOTE-ENN-LR method, which combines SMOTE, ENN, and LR to address the class 

imbalance in breast cancer gene expression data. 
2. Utilized SMOTE to enhance the representation of minority classes through oversampling, and applied ENN 

to remove noise from the dataset, ensuring cleaner and more relevant data for training the model. 
3. Achieved a high classification accuracy of 97.14%, demonstrating the effectiveness of the SMOTE-ENNLR 

approach in predicting breast cancer from MGE data. 
4. Demonstrated superior performance over state-of-the-art methods for breast cancer prediction, providing 

evidence of the robustness and reliability of the SMOTE-ENN-LR model. 
5. Implementation of LIME to provide local interpretative insights into the model predictions and SHAP to 

decipher the role of each parameters to the prediction across the model. 
6. Tackled the prevalent issues of imbalanced data and noise in medical datasets, which are crucial for 

enlightening diagnostic accuracy and reducing the risk of misdiagnosis.  
 
Future Work 
 
As we look to the future, our research will aim to further refine the SMOTE-ENN-LR method by increasing the 
dataset size to include a more diverse range of gene expressions and clinical scenarios. This expansion will enable 
us to validate our findings more comprehensively and explore the potential reduction of false-positive rates, 
thereby enhancing the diagnostic precision of breast cancer classification. We will collect large dataset for future 
research.  
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