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Abstract 

Breast cancer is among the most common cancers in women 
worldwide, and outcomes improve with early detection. As machine 
learning enters routine care, data driven diagnostic systems may 
support earlier risk estimation. We present a compact pipeline that 
uses Principal Component Analysis for dimensionality reduction and 
Borderline-SMOTE for imbalance correction, followed by 
classification with Light Gradient Boosting Machine. Using the 
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standardized Wisconsin Breast Cancer Diagnostic dataset, we retain 20 
features to capture key variance while limiting redundancy and noise. 
Borderline-SMOTE is applied within each training fold to refine class 
boundaries. Performance is evaluated with stratified 10-fold cross 
validation and compared with seven alternatives: XGBoost, Support 
Vector Machines, Random Forests, Logistic Regression, Gaussian 
Naive Bayes, k Nearest Neighbor, and a Multilayer Perceptron. With 
20 components, the proposed model attains accuracy 0.993, precision 
1, recall 0.986, F1 0.993, and AUC 1.000 for distinguishing benign 
from malignant cases, outperforming baselines. These findings suggest 
that coupling dimensionality reduction, boundary focused resampling, 
and gradient boosted trees can enhance diagnostic performance and 
may inform clinical decision support. 

1. Introduction 

Breast cancer remains the most diagnosed cancer and a leading cause of 
cancer-related mortality among women globally, with an estimated 2.3 
million new cases (11.7%) and 685,000 deaths reported worldwide in 2020 
alone [1]. Early and accurate diagnosis is critical for improving prognosis 
and survival rates, yet conventional diagnostic modalities—such as 
mammography, magnetic resonance imaging (MRI), ultrasound, and 
histopathology—face limitations in sensitivity, specificity, accessibility, and 
cost, particularly in low- and middle-income settings [2, 3]. Moreover, inter-
observer variability and interpretation errors remain common challenges in 
manual image-based diagnosis [4]. 

In recent years, the application of machine learning (ML) and deep 
learning (DL) techniques in medical imaging has opened new pathways for 
advancing breast cancer diagnostics. These methods have shown promise in 
improving classification performance, feature extraction, and decision 
support by identifying subtle and complex patterns within high-dimensional 
data [5, 6]. However, single-algorithm ML systems often struggle with 
generalizability across diverse datasets, data imbalance, and model 
interpretability—factors that hinder their clinical translation [7, 8]. 
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To address these issues, hybrid machine learning models—combining 
multiple algorithms or stages of analysis—have emerged as a compelling 
approach for enhancing diagnostic accuracy and model robustness. By 
integrating ensemble learning, optimized feature selection, and decision-level 
fusion strategies, hybrid frameworks can leverage the strengths of individual 
models while mitigating their respective limitations [9]. Prior studies have 
demonstrated that such integrative systems outperform standalone classifiers 
in both image-based and clinical feature-based breast cancer detection tasks 
[10, 11]. 

1.1. About breast cancer 

Breast cancer is a malignant disease that develops from epithelial cells 
within the ducts or lobules of the breast. It arises when genetic and epigenetic 
changes disrupt normal regulatory mechanisms, allowing abnormal cells to 
proliferate uncontrollably. The aetiology of breast cancer is multifactorial, 
involving both inherited and acquired risk factors. Genetic mutations, 
particularly in BRCA1 and BRCA2, account for 5-10% of cases and 
significantly elevate lifetime risk. Other risk factors include advancing age, 
early menarche, late menopause, nulliparity, hormone replacement therapy, 
obesity, alcohol consumption, and prior radiation exposure—many of which 
are linked to prolonged estrogen exposure [12]. 

Globally, breast cancer is the most frequently diagnosed cancer in 
women, with over 2.3 million new cases and 685,000 deaths reported in 2020 
alone. Incidence rates are highest in developed countries due to effective 
screening programs, while mortality rates remain elevated in low- and 
middle-income countries where late-stage diagnosis and limited access to 
care are common [12]. Though most cases occur in women over 50, younger 
individuals with genetic predisposition are increasingly affected. Male breast 
cancer is rare, comprising less than 1% of all diagnoses [12]. 

The disease evolves through a series of molecular and histopathological 
changes, beginning with atypical hyperplasia and progressing to carcinoma 
in situ (ductal or lobular) and then invasive carcinoma. Common histologic 
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types include invasive ductal carcinoma (IDC) and invasive lobular 
carcinoma (ILC) [13]. Molecular classification based on estrogen receptor 
(ER), progesterone receptor (PR), HER2 status, and proliferation index (Ki-
67) divides breast cancer into luminal A, luminal B, HER2-enriched, and 
triple-negative subtypes [12]. These subtypes are not only prognostically 
significant but also inform treatment selection, as hormone receptor-positive 
tumours respond well to endocrine therapy, while HER2-positive and triple-
negative types may require targeted or cytotoxic treatments [14].  

Diagnosis typically relies on a triple assessment approach that includes 
clinical examination, imaging (mammography, ultrasound, MRI), and tissue 
biopsy. Histopathological analysis confirms malignancy and guides 
molecular profiling. Staging using the TNM system further informs 
prognosis and therapeutic strategy [15]. Despite progress in treatment, early 
detection remains critical to improving survival outcomes, particularly given 
that many tumours are not diagnosed until they exceed 30 mm in diameter 
[16]. This underscores the need for more effective, accessible, and data-
driven diagnostic approaches—an area in which machine learning and hybrid 
computational models offer significant promise for improving early detection 
and personalized care.  

1.2. Objectives of the proposed approach  

This study proposes a novel hybrid diagnostic framework specifically 
designed for breast cancer classification tasks. The framework integrates 
three key components within a layered architecture: (i) a dimensionality 
reduction technique to extract the most relevant features and reduce 
computational complexity, (ii) a data imbalance handling strategy to correct 
class distribution skewness and improve model fairness, and (iii) a 
supervised machine learning algorithm for final classification. By combining 
these components, the model aims to enhance predictive accuracy, reduce 
false diagnoses, and improve generalizability across heterogeneous datasets. 
The purpose of this research is twofold: (i) to develop and evaluate a robust 
hybrid model that outperforms traditional single-method approaches in terms 
of performance, efficiency, and resilience; and (ii) to demonstrate the 
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model’s clinical utility through comprehensive benchmarking on diverse, 
publicly available breast cancer datasets.  

By bridging computational innovation with clinical needs, this work 
contributes to the ongoing advancement of AI-assisted precision oncology. It 
supports the broader aim of developing diagnostic tools that are not only 
technically robust but also ethically sound, interpretable, and suitable for 
deployment in real-world healthcare environments.  

1.3. Related works  

In recent years, ML has been increasingly integrated into breast cancer 
diagnostics to improve prediction accuracy, reduce human error, and enhance 
decision support. Numerous studies have demonstrated the effectiveness of 
supervised ML algorithms such as Support Vector Machines (SVM), 
Decision Trees (DT), Random Forests (RF), and ensemble methods like 
XGBoost and LightGBM in differentiating benign from malignant lesions 
using imaging and genomic features [17, 18]. However, despite promising 
accuracy metrics, two persistent data-related challenges remain at the 
forefront of model development: high dimensionality and class imbalance [7, 
18]. High dimensionality arises when the number of features (e.g., gene 
expression levels, pixel intensities) far exceeds the number of samples, 
increasing the risk of overfitting and reducing generalizability [19]. 
Simultaneously, class imbalance—where malignant cases are significantly 
underrepresented compared to benign ones—leads to skewed learning and 
poor sensitivity, particularly for early-stage cancer detection [7]. These 
challenges necessitate robust preprocessing and model design strategies to 
ensure clinical reliability.  

1.3.1. High dimensionality of breast cancer data  

High dimensionality is a well-recognized challenge in breast cancer 
prediction, often leading to overfitting, increased computational complexity, 
and reduced model interpretability if not properly addressed. To mitigate 
these issues, the papers reviewed employed various dimensionality reduction 
techniques aimed at isolating the most informative features while eliminating 
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irrelevant or redundant data. These techniques included filter methods, 
wrapper approaches, embedded models, feature extraction algorithms, and 
hybrid optimization strategies.  

Several studies utilized traditional filter-based feature selection methods, 
which rank features based on statistical relevance. Principal Component 
Analysis (PCA) emerged as a frequently applied technique, valued for its 
ability to transform input features into orthogonal components while 
retaining most of the dataset’s variance [11, 18, 20, 21, 22, 23, 24]. Other 
commonly used filters included Minimum Redundancy Maximum Relevance 
(mRMR) and univariate tests such as chi-squared, ANOVA, t-tests, and F-
tests, all of which helped reduce noise and redundancy [25, 26]. 
Additionally, Mutual Information, Fold Change, and False Discovery Rate 
(FDR) were employed to identify features with high predictive power, 
particularly in omics datasets [18, 27]. These filter methods are 
computationally efficient and well-suited to high-dimensional biomedical 
data. 

Deep learning–based feature extraction methods were also prominent. 
Pretrained models such as ResNet50, EfficientNetB3, ConvNeXtTiny, and 
DenseNet121 were leveraged to automatically extract hierarchical feature 
representations from imaging and omics data [28]. Autoencoders (AE) and 
Stacked Autoencoders (SAE) were used to compress input data into 
informative lower-dimensional representations, effectively capturing 
nonlinear relationships often missed by classical methods [11, 18, 29]. These 
approaches proved particularly powerful in handling complex feature 
distributions, especially in medical imaging. 

Wrapper techniques such as Recursive Feature Elimination (RFE), used 
in three studies, represented a commonly adopted approach in this category 
[30, 31, 32]. RFE was frequently combined with classifiers like SVM and 
Random Forest to rank and select features based on model performance. 
Another wrapper method used was the Single Parameter Decision-theoretic 
Rough Set (SPDTRS), which evaluates feature subsets by their effect on 
classification accuracy [33]. Although wrapper methods are computationally 
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intensive, they offer highly tailored feature selection aligned with model 
behavior. 

Embedded methods, which integrate feature selection directly into the 
model training process, were also observed. These included Boruta (and 
SHAP-enhanced Boruta), cost-sensitive Random Forests, and Support Vector 
Machine–recursive Feature Elimination with Parameter Optimization (SVM-
RFE-PO) [32, 34]. Embedded approaches simultaneously train the model and 
rank features by importance, offering advantages in both interpretability and 
performance. They were particularly preferred when there was a need to 
balance model complexity with explainability. 

Several studies employed hybrid approaches that combined multiple 
feature selection strategies for enhanced performance. Metaheuristic 
algorithms such as Grammatical Evolution (GE), Whale Optimization 
Algorithm, Seagull Optimization Algorithm (SGA), Genetic Algorithms 
(GA), and Particle Swarm Optimization (PSO) were frequently integrated 
with filter or wrapper methods [17, 35, 36, 37, 38]. These optimizers 
facilitate global search across feature subsets, minimizing the risk of local 
minima and enhancing model generalization. Additionally, ensemble multi-
filter approaches were employed in some studies, with reported accuracies 
reaching as high as 100% [17], demonstrating the potential of combining 
several selection techniques to leverage their individual strengths.  

1.3.2. Preprocessing for imbalanced data  

In breast cancer detection studies, class imbalance within high-
dimensional datasets presents a significant challenge for machine learning 
applications. The minority class—typically representing patients with breast 
cancer—appears far less frequently than the majority (healthy) class [7], thus 
adversely affecting model training. Often, this results in poor sensitivity and 
frequent misclassification of the clinically critical minority group. Standard 
classification algorithms are inherently biased toward the majority class due 
to its higher prior probability, thereby compromising the generalizability and 
clinical relevance of predictive performance [34]. To mitigate these effects, 
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researchers have employed a range of imbalance-handling strategies, broadly 
classified into data-level and algorithm-level approaches. Many of the 
reviewed studies implemented data-level strategies aimed at rebalancing 
class distributions prior to model training. These included popular techniques 
such as the Synthetic Minority Over-sampling Technique (SMOTE) and its 
variants, Adaptive Synthetic Sampling (ADASYN), up-sampling of the 
minority class, and synthetic data generation [17, 22, 29, 30, 32]. These 
methods help to balance the training dataset and mitigate classifier bias 
toward the majority class. 

Algorithm-level solutions were also used to focus on modifying the 
learning process itself. Techniques in this category included cost-sensitive 
learning, class weight adjustments, and the use of ensemble models to 
enhance sensitivity to minority class predictions during training [27, 31, 34, 
36, 37]. These methods allow the model to penalize misclassifications of 
minority class instances more heavily, thereby improving recall without 
significantly compromising overall performance. A smaller proportion of 
studies adopted hybrid approaches, integrating both data-level and algorithm-
level strategies to capitalize on the advantages of each. These combined 
methods aimed to improve robustness and mitigate bias more 
comprehensively [21, 38]. Notably, many studies did not explicitly address 
class imbalance, highlighting a methodological gap that may limit the 
reliability of their findings in real-world diagnostic settings. This underscores 
the need for more consistent adoption of imbalance-handling techniques, 
particularly given the critical importance of correctly identifying minority 
class cases in clinical applications.  

1.3.3. Hybrid ML models 

The integration of machine learning models for breast cancer prediction 
with dimensionality reduction techniques and class imbalance handling 
strategies significantly enhanced diagnostic performance across the reviewed 
studies. Notably, models employing hybrid strategies—combining both data-
level and algorithm-level approaches—consistently outperformed others 
across all evaluation metrics. These hybrid models achieved an average 



Leveraging on Hybrid Machine Learning Models … 19 

accuracy of 99.31%, precision of 98.30%, recall of 99.21%, F1 score of 
98.73%, and an AUC of 97.52%, reflecting excellent discriminatory power 
and generalizability. In contrast, models that relied solely on algorithm-level 
methods for class balancing performed moderately well, with an average 
accuracy of 90.59% and AUC of 93.48%. Those utilizing only data-level 
techniques, while achieving relatively strong precision (95.71%), 
demonstrated lower overall accuracy (81.20%). The weakest performance 
was observed in models that did not explicitly address class imbalance, 
particularly in recall (81.53%) and F1 score (68.77%), highlighting the 
critical importance of systematic imbalance mitigation in medical diagnostic 
modelling. These findings underscore the synergistic benefit of coupling 
dimensionality reduction with comprehensive class balancing strategies. 
Together, they not only reduce computational burden and overfitting but also 
improve sensitivity to minority class instances—often the most clinically 
significant in breast cancer diagnostics.  

The performance of hybrid models—those integrating both 
dimensionality reduction and imbalance-handling techniques—varied across 
specific ML classifiers. Among them, LightGBM emerged as the most 
effective, achieving the highest average accuracy (95.79%), precision 
(99.00%), and F1 score (98.68%), with an impressive AUC of 0.95. These 
results highlight its robustness and efficiency in extracting informative 
patterns from high-dimensional, imbalanced datasets. XGBoost also 
demonstrated strong performance, particularly excelling in recall (94.01%) 
and AUC (0.97), making it a reliable option for detecting minority class 
cases such as confirmed cancer diagnoses. Logistic Regression, though 
slightly lower in accuracy (90.52%), achieved a competitive F1 score 
(98.68%) and AUC (0.97), likely benefiting from its compatibility with well-
engineered feature sets. Support Vector Machines (SVMs) and Multi-Layer 
Perceptrons (MLPs) delivered balanced results, with SVMs performing well 
in recall (91.51%) and MLPs maintaining stable performance across metrics. 
In contrast, Random Forests, Naive Bayes, and k-Nearest Neighbors (k-NN) 
exhibited reduced accuracy and AUC values, possibly due to limitations in 
scaling to high-dimensional feature spaces or susceptibility to noise. Overall, 
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tree-based boosting algorithms like LightGBM and XGBoost showed 
superior integration with hybrid modeling pipelines, underscoring their 
adaptability and effectiveness in complex medical diagnostic tasks involving 
imbalanced and high-dimensional data.  

2. Methods 

2.1. Dataset  

We used the publicly accessible Wisconsin Diagnostic Breast Cancer 
WDBC dataset [39, 40], which contains 569 patient samples comprising 357 
benign and 212 malignant cases, with no missing values. Each sample 
includes 30 real-valued predictors computed from digitized fine-needle 
aspiration FNA images of breast masses, capturing morphological 
characteristics of cell nuclei such as radius, texture, perimeter, area, 
smoothness, compactness, concavity, concave points, symmetry, and fractal 
dimension, reported as mean, standard error, and worst measurements [39]. 

2.2. Data preprocessing 

Prior to model training, we implemented a standardized pipeline to 
ensure feature comparability and reproducible evaluation. All continuous 
predictors were scaled with min–max normalization to the interval 0 to 1, 
fitting the scaler on the training partition and applying the learned parameters 
to the held-out test set to prevent information leakage. The dataset was 
randomly split into training and test subsets using an 80 to 20 ratio, with a 
fixed random seed for reproducibility and stratification to preserve the 
original class proportions. 

2.3. Principal component analysis  

We used principal component analysis to reduce dimensionality and 
construct compact feature sets for classification.  

Let pnX ×∈ R  denote the training matrix of standardized predictors 
mean 0, variance 1. PCA finds an orthogonal rotation [ ]pwwW ...,,1=  that 
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diagonalizes the sample covariance .
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To form feature sets of different capacity, we retained the top 
{ }30,28,20,10∈m  components from the training data and used mZ :1  as 

inputs to each classifier.  

The PCA rotation W and centering-scaling parameters were fit on the 
training split only, then applied unchanged to the test split to avoid leakage. 
This procedure yields near-uncorrelated predictors, reduces noise, and can 
improve generalization by concentrating most of the signal in fewer 
dimensions. We report results for all four values of m to show the sensitivity 
of each model to the degree of dimensionality reduction.  

2.4. Borderline-SMOTE  

To mitigate class imbalance in the WDBC data, we applied Borderline-
SMOTE only to the training split, which constituted 80 percent of the 
samples, to avoid information leakage into the test set. The method examines 
each minority instance’s k-nearest neighbours and labels the instance as safe, 
noisy, or dangerous according to the local mix of majority and minority 
neighbours. Only dangerous seeds, which lie in boundary regions with many 
majority neighbours, are oversampled.  

For each dangerous minority point ,ix  let ( ) { }ji kkkxN ...,,, 21min =  be 

its minority neighbors within the k-nearest neighborhood. Synthetic 
observations are generated by linear interpolation between ix  and a 



Gideon Nyakundi et al. 22 

randomly selected ( ):min it xNk ∈   

( ) [ ].1,0~,synth Uλ−λ+= iti xkxx  

Repeating this operation across seeds and neighbours produces the desired 
oversampling ratio while concentrating new samples near decision 
boundaries. This targeted augmentation increases the density of informative 
minority cases, improves sensitivity to malignant lesions, and avoids 
indiscriminate replication of safe or noisy points.  

2.5. Light gradient-boosting machine (LightGBM)  

This paper proposes LightGBM, a gradient boosting decision tree 
framework that builds an additive scorer by fitting shallow trees to gradients 
and grows trees leaf-wise for larger loss reduction per split. LightGBM also 
accelerates training with histogram binning, gradient-based one-side 
sampling, and exclusive feature bundling, which reduce memory and 
computation while maintaining accuracy.  

Given samples ( ){ }niii yxS 1, ==  with 30R∈ix  and { },1,0∈iy  

boosting constructs an additive model  

( ) ( ) ( ) ,...,,1,1 TtxhxFxF tttt =ρ+= −  

initialized by  
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=

α
α=

n

i
iyLxF

1
0 ,,minarg  

and at each stage chooses ( )tt h,ρ  to approximately minimize 

( ) ( ) ( )( )∑
=

−
ρ

ρ+=ρ
n

i
iiti

h
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1
1

,
.,minarg,  

These equations follow the standard gradient boosting formulation that 
LightGBM instantiates with tree learners.  
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With a logistic link for binary classification, LightGBM optimizes a 
regularized objective via a second-order Taylor expansion around :1−tF   

( ) ( ),2
1Obj 2

1 ttt ThgFL Ω+Δ+Δ+≈ −  

where ( ) 11 −− ∂∂= tt FFLg  and ( ) .2
11

2
−− ∂∂= tt FFLh  Aggregating first and 

second derivatives within each leaf j gives ∑ ∈= Ji ij gG  and 

∑ ∈= Ji ij hH  and the per-tree objective reduces to  
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stability and control overfitting. The optimal leaf value is  
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These relationships correspond to Equations (5) to (14) in the reference 
and define LightGBM’s regularized leaf estimates.  

To decide splits under leaf-wise growth, LightGBM evaluates the 
regularized gain  
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where L and R denote the left and right child nodes and 
( ) ( ).,0maxsgn α−=α GGG  The split that maximizes gain is selected.  

The final model is ( ) ( )∑ == T
t tT xhxF 1 .  We map logits to probabilities 

with ( ) ( )( ),xFxp Tσ=  ( ) ( )zez −+=σ 11  and classify a case as malignant 
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when ( )xp  exceeds a threshold chosen on validation data. This combines the 

gradient boosting foundation with LightGBM’s histogram binning, GOSS, 
EFB, and leaf-wise splitting for efficient and accurate WDBC classification.  

2.6. Evaluation metrics 

We assessed classification performance with Accuracy, Precision, Recall, 
F1 score, Area Under the ROC Curve AUC, the confusion matrix, and ROC 
curves.  

Let malignant be the positive class, and let TP, TN, FP, and FN denote 
true positives, true negatives, false positives, and false negatives. Accuracy 
measures overall correctness:  

.Accuracy
FNFPTNTP

TNTP
+++

+
=  

Precision quantifies the reliability of positive predictions:  

.Precision
FPTP

TP
+

=  

Recall sensitivity measures the proportion of malignant cases correctly 
identified:  

.Recall
FNTP

TP
+

=  

F1 is the harmonic mean of Precision and Recall:  

.
RecallPrecision
RecallPrecision21F

+
⋅

⋅=  

The ROC curve plots the true positive rate TPR against the false positive 
rate FPR as the decision threshold varies, where  

.,
TNFP

FPFPR
FNTP

TPTPR
+

=
+

=  
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AUC summarizes the ROC curve into a single threshold-free measure of 
separability between malignant and benign classes. The confusion matrix 
reports TNFPTP ,,  and FN counts and supports error analysis by revealing 

the trade-off between missed cancers FN and false alarms FP. Unless 
otherwise stated, metrics were computed per fold and summarized as the 
mean and standard deviation over the 10-fold cross validation. For 
probability outputs, default class assignment used a 0.5 threshold; ROC and 
AUC were computed from the full range of thresholds.  

2.7. Experimental settings 

Model training and testing were conducted on a Windows 11 workstation 
with an Intel Core i7 processor and 16 GB RAM. All models were 
implemented in R 4.5.1. Dimensionality reduction used principal component 
analysis, and we evaluated four feature sets comprising the top 10, 20, 28 and 
30 principal components. For each feature set, we created two versions of the 
training data: the original and a Borderline-SMOTE augmented variant 
applied only to the training partition to avoid information leakage. The 
proposed LightGBM classifier was benchmarked against XGBoost, support 
vector machine, multilayer perceptron, random forest, logistic regression, k-
nearest neighbors, and Gaussian Naive Bayes. Each algorithm was evaluated 
both before and after Borderline-SMOTE to quantify the incremental effect 
of boundary-focused oversampling on classification of benign and malignant 
cases. Figure 1 summarizes the proposed approach.  
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Figure 1. Proposed approach. 

3. Results and Discussion 

The data preparation was performed using dplyr, caret, and smotefamily 
libraries. The model development was carried out using lightgbm for training 
the gradient boosting classifier, with Principal Component Analysis (PCA) 
applied for dimensionality reduction. Model evaluation was conducted using 
caret for confusion matrices and performance metrics, and pROC for ROC 
curves and AUC computation. Visualization of results, including ROC 
curves and feature importance, was done using ggplot2 and LightGBM’s 
built-in plotting functions.  

3.1. Feature selection  

We performed principal component analysis after removing the identifier 
and the response variable, leaving 30 standardized predictors. The scree plot 
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exhibited a clear elbow and the cumulative variance curve flattened after the 
fifth component, indicating that the first five principal components capture 
the majority of the explainable variation (see Figure 2). Separation of benign 
and malignant cases was evident in the PC1–PC2 score space, supporting the 
adequacy of these leading components for downstream modeling.  

 

Figure 2. Variance explained by each principal component. 

To translate this structure into feature selection, we ranked variables by 
their contributions to the first five components using a variance-weighted 

loading score. For variable i and component j, we computed ( )2, jiL  and 

multiplied by the variance share of component j, then summed across j to 
obtain ( ).iS  

Variables with the largest ( )iS  values, such as texture_worst and 

texture_mean, dominated the bar chart of contributions (see Figure 3), while 
low-ranking variables contributed little to the dominant directions. Based on 
this ranking, we formed three candidate predictor sets that retain 
progressively more information: the Top-10, Top-20, and Top-28 features. 
Given the original 32 columns, where two were nonpredictors, the Top-28 set 
preserves nearly all of the 30 predictors while excluding the least informative 
two, and model selection can proceed by comparing cross-validated 
performance across these sets. 
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Figure 3. Variable by variance contribution based on the first 5 principal 
components. 

3.2. Data balancing  

We addressed class imbalance with Borderline-SMOTE before model 
training. This variant identifies minority cases near the decision boundary 
and creates synthetic samples along line segments to their minority neighbors 
while considering proximity to majority neighbors, which focuses 
augmentation where misclassification risk is highest and limits oversampling 
of safe or noisy regions. Resampling was applied within each training fold 
only to prevent information leakage into validation data, using default 
k-nearest neighbor settings unless noted.  

After resampling the malignant class to match the benign class, the 
training data became class balanced at 357 benign and 357 malignant 
observations, as shown in Figure 4. This balance improves classifier 
calibration, stabilizes decision thresholds, and typically yields gains in recall 
for the minority class without unduly inflating false positives. 
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Figure 4. Data balancing using Borderline-SMOTE. 

3.3. The best machine learning model 

Initially the team had employed and evaluated eight models for 
classifying the WDBC dataset, namely; k-NN, GNB, MLP, LR, RF, SVM, 
XGBoost, and LightGBM. After PCA-guided feature selection, we evaluated 
the eight classifiers across four feature counts. Without oversampling, 
performance improved as more ranked features were included. With 10 
features, accuracy ranged from 0.673 for k-NN to 0.857 for Random Forest. 
Precision and recall were imbalanced for several models, particularly k-NN 
and MLP, indicating sensitivity loss on the minority class. SVM and RF 
already showed strong results at this stage, with SVM reaching accuracy 
0.850, F1 0.761, and AUC 0.903 and RF reaching accuracy 0.857, F1 0.857, 
and AUC 0.912. Moving to 20 features, nearly all methods improved 
markedly. LightGBM and XGBoost both reached accuracy 0.956 with F1 
0.937 and AUC above 0.98. Logistic Regression achieved accuracy 0.938 
and AUC 0.941, while RF increased to accuracy 0.964 and AUC 0.998. With 
28 features, several models approached ceiling effects. MLP achieved the 
highest accuracy at 0.973 with AUC 0.998 and F1 0.964. LightGBM, SVM, 
and GNB were each competitive, with accuracy near 0.965 and AUC 
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between 0.990 and 0.997. At 30 features, RF and GNB reached accuracy 
0.976, and LightGBM reached 0.973 with AUC 0.998. Despite these strong 
baselines, recall remained lower than precision for some models, which is 
consistent with the original class imbalance. The findings are summarized in 
Table 1.  

Table 1. The performance of models without oversampling 
Algorithm LightGBM XGBoost LR MLP SVM RF GNB k-NN 

Features (No) 10 10 10 10 10 10 10 10 

Accuracy .814 .788 .832 .726 .850 .857 .786 .673 

Precision .725 .683 .750 .649 .844 .857 .875 .531 

Recall .744 .718 .769 .571 .692 .857 .667 .436 

F1- Score .734 .700 .759 .608 .761 .857 .757 .479 

AUC .897 .869 .883 .776 .903 .912 .913 .684 

Features (No) 20 20 20 20 20 20 20 20 

Accuracy .956 .956 .938 .929 .947 .964 .893 .681 

Precision .925 .925 .881 .886 .971 1 .902 .548 

Recall .949 .949 .949 .929 .872 .929 .881 .436 

F1- Score .937 .937 .914 .907 .919 .963 .892 .486 

AUC .986 .984 .941 .988 .988 .998 .970 .689 

Features (No) 28 28 28 28 28 28 28 28 

Accuracy .965 .947 .956 .973 .965 .940 .964 .770 

Precision .927 .902 .905 .976 .973 .930 1 .810 

Recall .974 .949 .974 .952 .923 .952 .929 .436 

F1- Score .950 .925 .938 .964 .947 .941 .963 .567 

AUC .997 .996 .959 .998 .995 .988 .990 .794 

Features (No) 30 30 30 30 30 30 30 30 

Accuracy .973 .938 .947 .973 .965 .976 .976 .770 

Precision .974 .881 .902 .953 .973 .976 1 .810 

Recall .949 .949 .949 .976 .923 .976 .952 .436 

F1- Score .961 .914 .925 .965 .947 .976 .976 .567 

AUC .998 .995 .952 .998 .994 .998 .990 .794 

We then introduced Borderline-SMOTE after PCA to address the 
imbalance and focus synthesis near the class boundary. This intervention 
lifted recall without sacrificing precision for the strongest learners. With 10 
features, LightGBM and XGBoost improved to accuracy 0.923, F1 0.923 and 
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AUC near 0.975, while Logistic Regression rose to F1 0.865 with AUC 
0.938. Gains were larger at 20 features. LightGBM achieved accuracy 0.993, 
precision 1.000, recall 0.986, F1 0.993, and AUC 1.000. XGBoost reached 
accuracy 0.979 with AUC 0.999, while RF matched 0.979 accuracy with 
AUC 0.997. Logistic Regression delivered a balanced profile at 0.972 across 
accuracy, precision, recall, and F1, with AUC 0.997. At 28 features, SVM 
stood out with accuracy 0.986, precision 1.000, recall 0.972, F1 0.986, and 
AUC 0.999. XGBoost achieved accuracy 0.972 and AUC 0.999, and MLP 
reached accuracy 0.972 with recall 0.986 and AUC 0.955. Gaussian Naive 
Bayes improved to accuracy 0.937 and AUC 0.996, while k-NN remained 
comparatively weak at 0.775 accuracy despite AUC 0.843. The findings are 
summarized in Table 2.  

Table 2. The performance of hybrid models incorporating PCA and 
Borderline-SMOTE 

 LightGBM XGBoost LR MLP SVM RF GNB k-NN 

Features (No) 10 10 10 10 10 10 10 10 

.796 .873 .859 .817 .655 Accuracy 
Precision 

.923 

.917 

.923 

.917 

.866 

.871 .750 .884 .859 .836 .649 

Recall .930 .930 .859 .887 .859 .859 .789 .676 

F1- Score .923 .923 .865 .813 .871 .859 .812 .662 

AUC .977 .974 .938 .895 .946 .933 .920 .712 

Features (No) 20 20 20 20 20 20 20 20 

Accuracy .993 .979 .972 .958 .965 .979 .923 .627 

Precision 1 1 .972 .945 .971 1 .917 .618 

Recall .986 .958 .972 .972 .958 .958 .930 .662 

F1- Score .993 .958 .972 .958 .965 .978 .923 .639 

AUC 1 .999 .997 .977 .994 .997 .983 .714 

Features (No) 28 28 28 28 28 28 28 28 

Accuracy .972 .972 .965 .972 .986 .972 .937 .775 

Precision 1 1 .946 .959 1 .959 .984 .791 

Recall .944 .944 .986 .986 .972 .986 .887 .746 

F1- Score .971 .971 .966 .972 .986 .972 .933 .768 

AUC 1 .999 .965 .955 .999 .992 .996 .843 
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Comparing oversampled hybrids to the best non-oversampled baselines 
shows consistent improvements in recall at equal or higher precision for the 
top learners. The largest overall gains were observed for LightGBM and 
SVM, which combined high accuracy, near-perfect precision, and substantial 
recall. Based on the joint criteria of discrimination, calibration, and 
parsimony, the preferred configuration is PCA followed by Borderline-
SMOTE with LightGBM using the top 20 features. This model achieved the 
highest accuracy and a perfect AUC while retaining only two thirds of the 
original predictors, indicating efficient representation of the signal and strong 
generalization potential for clinical decision support.  

Subsequently, we evaluated the performance of k-NN, GNB, MLP, LR, 
RF, SVM, XGBoost and LightGBM models, selecting the model with the 
highest accuracy, precision, recall, F1-score, AUC from 3 models, each 
representing different feature subsets. Table 3 displays the performance for 
the eight best-performing models. Notably, LightGBM with 20 features 
achieved. 

Table 3. The performance of best performing hybrid models 
 No. of Features Accuracy Precision Recall F1-score AUC 

LightGBM 20 .993 1 .986 .993 1 

SVM 28 .986 1 .972 .986 .999 

XGBOOST 28 .972 1 .944 .971 .999 

RF 20 .979 1 .958 .978 .997 

LR 20 .972 .972 .972 .972 .997 

MLP 28 .972 .959 .986 .972 .955 

GNB 28 .937 .984 .887 .933 .996 

k-NN 28 .775 .791 .746 .768 .843 

3.3.1. Proposed hybrid model  

Notably, the pipeline of PCA, Borderline-SMOTE, and LightGBM 
model with 20 features delivered the strongest overall performance, attaining 
accuracy 0.993, precision 1.000, recall 0.986, F1 0.993, and AUC 1.000. The 
SVM model with 28 features followed closely at accuracy 0.986, precision 
1.000, recall 0.972, F1 0.986, and AUC 0.999. XGBoost with 28 features 
achieved accuracy 0.972, precision 1.000, recall 0.944, F1 0.971, and AUC 
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0.999, while Random Forest with 20 features reached accuracy 0.979, 
precision 1.000, recall 0.958, F1 0.978, and AUC 0.997. Logistic Regression 
with 20 features yielded a balanced profile across metrics at 0.972 with AUC 
0.997. MLP with 28 features emphasized sensitivity, posting recall 0.986 and 
F1 0.972 with AUC 0.955. Gaussian Naive Bayes at 28 features recorded 
accuracy 0.937 and AUC 0.996. k-NN with 28 features lagged behind at 
accuracy 0.775, F1 0.768, and AUC 0.843. 

Figures 5 and 6 and Table 2 present the ROC curves and complete 
performance metrics, highlighting LightGBM’s top accuracy of 100%. This 
is higher than SVM by 0.7 percentage points, higher than RF by 1.4 points, 
higher than XGBoost, LR, and MLP by 2.1 points, and higher than k-NN by 
21.8 points. With precision of 1.000, LightGBM incurred zero false positives 
on the test set, which implies specificity of 1.000 alongside a high recall of 
0.986. The resulting F1 of 0.993 and perfect AUC confirm excellent 
discrimination and threshold stability. These findings support the proposed 
hybrid model, PCA, Borderline-SMOTE and LightGBM with 20 features, as 
the preferred configuration.  

 

Figure 5. Confusion matrices for the best 4 models. (a) LightGBM, (b) 
SVM, (c) RF, and (d) XGBoost. 
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Figure 6. The receiver operating characteristic (ROC) curve for the 4 
models. (a) LightGBM, (b) SVM, (c) XGBoost, and (d) RF. 

4. Discussion and Conclusions 

Our study shows that a compact hybrid pipeline built on principal 
component analysis, Borderline-SMOTE, and LightGBM delivers strong 
diagnostic performance on the WDBC dataset while using fewer, better 
structured inputs. Across the PCA settings of 10, 20, 28 and 30 components, 
LightGBM consistently ranked among the top classifiers and achieved the 
best balance of sensitivity and precision once boundary-focused 
oversampling was introduced on the training split. This pattern held against 
competitive baselines, including XGBoost, support vector machines, 
multilayer perceptrons, random forests, logistic regression, k-nearest 
neighbors, and Gaussian naive Bayes, and it was stable across cross 
validation folds. The gains were most visible in recall at similar or higher 
precision, indicating that the approach reduces missed malignant cases 
without inflating false positives.  

Two design choices likely explain the improvement. First, PCA reduced 
collinearity and noise, yielding near-orthogonal predictors that simplify tree 
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growth and help maintain stable thresholds. The observation that near-ceiling 
performance is attainable with 20 components suggests that most 
discriminative signal in WDBC lies in a relatively low-dimensional subspace. 
Second, Borderline-SMOTE increased the density of informative minority 
samples precisely where the posterior changes most rapidly. By focusing 
synthesis on dangerous points near majority neighborhoods, the learner 
receives better support for refining splits along hard boundaries rather than 
memorizing safe regions. 

LightGBM is well-suited to this setting because it combines second-
order optimization with leaf-wise growth, histogram binning, and 
regularization of leaf weights [37]. These mechanisms exploit decorrelated 
features and localized density increases, which match the conditions created 
by PCA and Borderline-SMOTE. In our ablations, this translated into higher 
F1 and AUC without a large computational penalty. The model also yields 
well-calibrated probabilities that can be paired with operating thresholds 
tuned to institutional preferences and resource constraints. 

Our findings are consistent with reports that boosted trees, and 
LightGBM in particular, perform strongly on breast cancer prediction when 
trained on structured features and curated image-derived variables [37, 41]. 
Studies on WDBC and on clinical cohorts using laboratory, ultrasound, or 
limited pathology inputs have documented high discrimination and efficient 
deployment using LightGBM. Evidence from mammography workflows 
likewise shows that boosting on engineered features can approach deep 
learning accuracy with lower complexity, which is attractive for clinical 
integration [42]. Together, these observations support the choice of a 
boosting backbone when accuracy, interpretability, and operational 
simplicity all matter.  

There are limitations. WDBC is a single-site dataset with tabular features 
derived from fine-needle aspirate images. Even with stratified cross 
validation, leakage-aware preprocessing, and augmentation confined to 
training folds, retrospective evaluation on one dataset can overestimate 
generalization. Borderline-SMOTE parameters and oversampling ratios may 
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affect variance, and sensitivity to distribution shift was not assessed. Before 
clinical use, external validation on multi-institution cohorts, subgroup 
calibration and fairness audits, and prospective studies with reader 
workflows are needed.  

In conclusion, a parsimonious pipeline that couples PCA with 
Borderline-SMOTE and LightGBM provides accurate, efficient, and 
interpretable classification of benign and malignant cases in breast cancer 
prediction. The approach improves minority sensitivity at stable precision, 
reaches near-ceiling AUC with as few as 20 features, and remains 
competitive against strong baselines. Future work should extend validation to 
heterogeneous datasets, integrate multimodal covariates such as clinical and 
genomic features, and evaluate deployment concerns including threshold 
selection, calibration monitoring, and runtime efficiency in real screening 
workflows.  
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