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Abstract. Transformers have become the dominant architecture for 

tabular data modelling in natural language processing; however, 

their effectiveness for numerical tabular classification on modest 

sized and moderately imbalanced datasets remains unclear. This 

study evaluates the performance of hybrid deep learning and 

classical machine learning models which use the Cleveland Heart 

Disease dataset with 297 complete observations and was artificially 

constructed from 13 clinical features. The models examined include 

BiLSTM-CNN, Random Forest, XGBoost, Logistic Regression, and 

Ridge Regression. An experimental comparative approach was 

adopted under identical preprocessing, training conditions, and 

evaluation metrics, including accuracy, recall, F1-score, and Area 

Under the Curve (AUC). Results show that BiLSTM-CNN achieved the 

highest recall (0.8478), demonstrating strong minority class 

detection capability. Random Forest and XGBoost produced the 

best-balanced performance with 81.67% accuracy and the BiLSTM-

CNN has the best F1-score of 0.8364, while Ridge Regression 

achieved the highest AUC (0.8945). This study provides empirical 

evidence that hybrid recurrent and ensemble models perform 

optimally on a small to medium sized Cleveland Heart Desease 

numerical tabular datasets without pre-training, offering practical 

guidance for Cleveland Heart Disease tabular clinical classification 

tasks, and no external validation was performed. 

 

Keywords: BiLSTM-CNN, Random Forest, heart disease 

classification, imbalanced learning, AUC, Small Medical 
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1. INTRODUCTION 

 

Since heart disease is still one of the world's top causes of death, early and precise 

diagnosis is essential for clinical intervention. Longitudinal vital signs and ECG recordings 

are examples of sequential patient data that reflect temporal patterns suggestive of 

diseased conditions. It is uncertain, therefore, whether model architecture is best for 

categorizing such numerical sequences, especially on small medical datasets [1]. This work 

uses the Cleveland Heart Disease dataset (303 samples, 13 clinical characteristics) to 

compare hybrid BiLSTM-CNN models, and some other conventional classifiers. We assess 

whether deep sequential models perform better than conventional techniques in this 

small-data regime, offering useful recommendations for cardiovascular risk assessment. 

The Cleveland Heart Disease dataset's small size (303 samples), mixed 

numerical/categorical features, and a moderate class imbalance make it perfect for 

testing BiLSTM-CNN, XGBoost, and Ridge Regression. Within a clinically relevant binary 

classification challenge, BiLSTM-CNN investigates sequential feature ordering, Ridge 

Regression offers a regularized linear baseline, and XGBoost captures non-linear 

interactions. CNNs can capture local interactions and BiLSTM can describe bidirectional 

relationships by reshaping tabular features as a sequence, which reveals non-linear 

patterns. In many real-world applications, the available data are highly imbalanced, where 

the minority class contains significantly fewer samples than the majority class [2], [3]. No 

work has rigorously tested BiLSTM-CNN (considering features as sequences) against 

XGBoost and Ridge Regression under identical pre-processing, evaluation, and class-

handling techniques, despite the predominance of small clinical datasets with significant 

imbalance [1], [4], [5], [6], [7]. 

 

Despite the success of deep learning methods, some classical machine learning 

algorithms remain highly relevant because of their interpretability, computational 

efficiency, and strong predictive performance on structured datasets. Ensemble tree-

based methods such as XGBoost have consistently achieved state of the art performance 

in tabular data classification tasks due to their robustness, regularization capability, and 

ability to model nonlinear relationships effectively. Similarly, Ridge Regression, which 

applies L2 regularization to linear classification problems, provides stable probabilistic 

predictions, reduced overfitting, and resilience against multi-collinearity in high 

dimensional data Previous studies have shown that these conventional approaches can 
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remain competitive even when compared with more computationally expensive deep 

learning models [3], [8]. 

 

The contribution is empirical benchmarking and method comparison, not clinical decision-

support exploration, due to artificial feature ordering and small sample size. Several 

studies have investigated imbalance handling techniques such as Synthetic Minority 

Oversampling Technique (SMOTE), class weighting, cost sensitive learning, and ensemble 

balancing methods to improve minority class prediction [9], [10].  

 

Although previous research has explored either deep learning architectures or classical 

machine learning methods independently, there remains limited work providing a direct 

and fair comparison between hybrid deep learning models and classical algorithms on 

imbalanced sequential data. Most comparative studies employ different datasets, 

preprocessing strategies, or imbalance handling techniques, making performance 

comparisons inconsistent and difficult to generalize. In addition, many studies prioritize 

accuracy as the primary evaluation metric even though accuracy can be misleading under 

imbalanced conditions. Metrics such as recall, F1-score, and Area Under the Curve (AUC) 

provide more meaningful evaluation because they better reflect minority class detection 

capability and ranking performance [11], [12]. Furthermore, limited studies have specifically 

examined the comparative performance of BiLSTM-CNN, XGBoost, and Ridge Regression 

under identical imbalance handling conditions using SMOTE and consistent evaluation 

protocols. The capability of Ridge Regression to achieve competitive AUC performance 

on high dimensional sequence data has also received limited attention in the literature 

[13], [14].  

 

Therefore, this research intends to provide a rigorous empirical comparison of hybrid 

deep learning and classical machine learning models for imbalanced sequential 

classification. The study focuses on BiLSTM-CNN, XGBoost, and Ridge Regression as 

primary models, while additional baseline models including Random Forest and Logistic 

Regression are also evaluated. The research aims to implement and optimize these 

models using a common sequential dataset with a moderate class imbalance while 

applying consistent imbalance handling techniques such as SMOTE and class weighting 

to ensure fairness in evaluation. The study further seeks to analyze performance using 

metrics including accuracy, precision, recall, F1-score, and AUC, with particular emphasis 
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on recall and AUC because of their importance in minority class prediction. In addition, 

the research evaluates the strengths and weaknesses of each model in terms of 

classification capability, robustness, ranking performance, and computational efficiency 

to provide practical recommendations for model selection in cost sensitive sequential 

classification applications [15], [16], [17]. The objective of this work is to comprehensively 

benchmark Ridge Regression, XGBoost, and BiLSTM-CNN on the Cleveland Heart Disease 

dataset. Research questions: (1) Which model for the classification of heart disease 

maximizes recall and AUC? (2) On small, unbalanced clinical data, do sequential deep 

learning architectures perform better than classical approaches?. 

 

The contributions of this research are threefold. First, the study provides a direct and 

fair experimental comparison between hybrid deep learning, ensemble learning, and 

regularized linear models, specifically BiLSTM-CNN, XGBoost, and Ridge Regression, under 

identical experimental conditions on imbalanced sequential data. Second, the research 

offers new insights into the comparative strengths of the evaluated models by 

demonstrating the recall superiority of BiLSTM-CNN, the balanced classification 

performance of XGBoost, and the strong ranking capability of Ridge Regression through 

AUC analysis [11], [12], [18]. This study is basically a comparative analysis of already 

established models [6], [15]. Tabular features are actually reshaped into a sequence to 

treat each of the features as a token, which enables attention mechanisms to model 

cross-feature interactions very powerfully. Below are focused reviews on some related 

studies on Cleveland Heart Disease classification. 

 

In [19] Kadhim & Radhi in 2023 worked on ‘Heart disease classification using ML 

algorithms’ Proposes a heart disease prediction model using Random Forest, SVM, KNN, 

and Decision Tree experimented on a Cleveland Heart Disease dataset. Random Forest 

achieved 94.9% accuracy. Hyper parameter tuning via random search further improved 

accuracy to 95.4%. The study emphasizes data pre-processing, outlier removal, and 

standard scaling to enhance model performance. 

 

Hutagalung & Andrianingsih [20] in 2026 worked on ‘Heart Disease Classification Using 

Optimized XGBoost and Random Forest with SHAP Explanations’  

where they compares Random Forest and XGBoost with random search, Bayesian, and 

PSO optimisation on the Cleveland dataset using nested cross-validation. RF with PSO 
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achieved the highest ROC-AUC (0.9089) in a Cleveland Heart Disease dataset. SHAP 

analysis identified oldpeak, ca, thal, and cp as key features, improving model 

interpretability. Differences among top models were not statistically significant. 

 

2. METHODS 

 

The experiments were performed in the MATLAB (2025b) environment and employed the 

deep learning toolbox. The study investigates imbalanced binary classification using 

sequential numerical data with the objective of evaluating the comparative performance 

of hybrid deep learning and classical machine learning models. The primary models 

examined in this research include Bidirectional Long Short-Term Memory with 

Convolutional Neural Network (BiLSTM-CNN), Extreme Gradient Boosting (XGBoost), and 

Ridge Regression. Additional baseline models including Random Forest and Logistic 

Regression based classifiers were also implemented to provide broader comparative 

insights [21], [22].  

 

The experimental framework was designed to ensure fairness and reproducibility across 

all evaluated models. Identical preprocessing procedures, class imbalance handling 

techniques, and evaluation protocols were applied during training and testing. Model 

performance was assessed using metrics suitable for classification under moderate class 

imbalance problems, namely precision, recall, F1-score, and Area Under the Receiver 

Operating Characteristic Curve (AUC). These metrics were prioritized because they 

provide more reliable evaluation of minority class prediction capability than overall 

accuracy alone, particularly in healthcare related diagnostic systems where false 

negatives may have serious consequences. Figure 1 shows the Flowchart of the XGBoost, 

Ridge Regression and BiLSTM Models. 

 

2.1. Dataset Source 

The dataset used in this study is the Cleveland Heart Disease dataset obtained from the 

University of California, Irvine Machine Learning Repository, see Figure 2 the screenshot 

[23]. The dataset is one of the most widely used benchmark datasets for cardiovascular 

disease prediction and machine learning based clinical diagnosis. It contains clinical and 

demographic information collected from patients undergoing coronary angiography at 
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the Cleveland Clinic Foundation and has been extensively applied in healthcare analytics 

and intelligent diagnostic system research.  

 
Figure 1. The Flowchart of the XGBoost, Ridge Regression and BiLSTM Models 
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Figure 2. A screenshot of the Cleveland Heart Disease dataset obtained from the 

University of California 

 

The original dataset contains 303 patient records and 14 clinical attributes. Records 

containing missing values in the ca (number of major vessels) and thal (thalassemia 

status) variables were removed during preprocessing, leaving 297 complete instances for 

analysis. The dataset attributes are grouped as follows: 

1) Demographic Features 

Sex: gender of the patient (0 = female, 1 = male), Age: age of the patient in 

years. 

2) Clinical and Laboratory Features 

fbs: fasting blood sugar greater than 120 mg/dl (binary); trestbps: resting blood 

pressure measured in mm Hg; chol: serum cholesterol measured in mg/dl; cp: 

chest pain type with four categorical levels. 

3) Electrocardiographic Features 

thalach: maximum heart rate achieved; exang: exercise induced angina (binary); 

restecg: resting electrocardiographic results with three categorical levels. 

4) Symptom and Stress Test Features 

slope: slope of the peak exercise ST segment with three categories; oldpeak: ST 

depression induced by exercise relative to rest. 

5) Anatomical Features 

thal: thalassemia status represented as normal, fixed defect, or reversible 

defect; ca: number of major vessels coloured by fluoroscopy ranging from 0 

to 3. 
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The target variable represents the presence or absence of heart disease. A value of 1 

indicates significant coronary artery narrowing greater than or equal to 50%, while 0 

indicates less than 50% narrowing. The dataset exhibits moderate class imbalance, with 

approximately 54% positive cases and 46% negative cases. Continuous variables such as 

age, trestbps, chol, thalach, and oldpeak contain clinically relevant physiological 

measurements commonly associated with cardiovascular risk assessment. Because of its 

clinical richness, moderate dimensionality, and balanced combination of categorical and 

continuous variables, the Cleveland Heart Disease dataset remains widely adopted for 

machine learning benchmarking, cardiovascular risk prediction, and binary classification 

research. 

 

2.2. Class Imbalance 

The Cleveland Heart Disease dataset exhibits moderate class imbalance, where positive 

heart disease cases represent approximately 54% of the observations while negative 

cases account for approximately 46%. Although the imbalance ratio is not extremely 

severe, previous studies have shown that even moderate imbalance can significantly 

affect classification behavior by biasing predictive models towards the majority class. 

Such bias often reduces sensitivity to minority class instances and may negatively affect 

diagnostic reliability in medical decision support systems. 

 

To address the imbalance problem, Synthetic Minority Oversampling Technique (SMOTE) 

was applied during model training. SMOTE generates synthetic minority class samples 

using nearest neighbor interpolation to improve class representation without directly 

duplicating existing observations. The oversampling procedure was applied exclusively to 

the training folds to prevent information leakage into the testing data and to ensure 

realistic evaluation of model generalization capability. SMOTE creates synthetic minority 

samples for tree-based models, improving recall and balanced decision boundaries 

without altering loss functions, unlike class weighting. In addition, class weighting 

strategies were incorporated for selected models to further improve sensitivity towards 

minority class prediction. SMOTE is quite unnecessary for a balanced 54:46 split, but has 

become necessary when the dataset is very small to the magnitude of less than 200 

samples or when there is missing minority-class positives carries extremely high clinical 

cost. Different models receive different treatments because some algorithms such as 

the Native class-weight support (e.g., decision trees, SVM with class weights) handle 
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imbalance natively thus does not need SMOTE, while others sensitive models (e.g., 

standard k-NN) require SMOTE. 

 

2.3. Data pre-processing 

Several preprocessing procedures were performed before model development to 

improve data quality and ensure consistency across all classification algorithms. Because 

the 13 clinical features (such as age and cholesterol) lack a natural temporal or logical 

order, the task is tabular clinical categorization rather than truly sequential; sequential 

reshaping is artificial rather than natural. 

 

1) Missing Value Handling 

Records containing missing values in the ca and thal attributes were removed during the 

initial cleaning stage. Because the proportion of incomplete records was relatively small, 

deletion was preferred over imputation to minimize the introduction of artificial 

estimation bias into the dataset. After cleaning, 297 complete observations remained for 

further analysis. 

 

2) Feature Standardisation 

Continuous numerical variables including age, serum cholesterol, resting blood pressure, 

maximum heart rate achieved, and ST depression values were standardized using z-score 

normalization. This transformation ensured that all continuous features possessed zero 

mean and unit variance, thereby improving convergence stability for gradient based 

learning algorithms such as BiLSTM-CNN and Ridge Regression. Standardization also 

prevented features with larger numerical scales from dominating the optimization 

process. 

 

3) Categorical Feature Encoding 

Categorical variables were encoded prior to model training. Binary variables such as sex, 

fasting blood sugar, and exercise induced angina retained their original binary numerical 

representation. Multi-class categorical attributes including chest pain type, resting ECG 

results, slope, and thalassemia status were transformed using ordinal encoding because 

their categorical levels reflect clinically meaningful progression patterns. 
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4) Data Splitting and Validation 

The dataset was divided using a stratified hold-out approach to preserve the original 

class distribution across training and testing subsets. Eighty percent of the data were 

allocated for model training, while twenty percent were reserved for independent testing. 

Furthermore, five-fold stratified cross validation was performed during training and 

hyper parameter optimization to improve robustness and minimize sampling bias. 

Stratified validation ensured that each fold maintained approximately the same class 

distribution as the original dataset, thereby improving reliability of performance 

estimation. 

 

5) Sequential Data Preparation 

For deep learning models, the dataset was reshaped into sequential input representations 

suitable for temporal learning. The sequential structure enabled the BiLSTM-CNN 

architecture to capture contextual feature dependencies across time steps. In contrast, 

classical machine learning models including XGBoost, Ridge Regression, Logistic 

Regression, and Random Forest were trained using flattened feature vectors to ensure 

compatibility with conventional tabular learning frameworks [24]. 

 

2.4. Model Architecture: Hybrid Deep Learning (BiLSTM-CNN) 

A hybrid deep learning architecture combining a one-dimensional Convolutional Neural 

Network (1D-CNN) with a Bidirectional Long Short-Term Memory (BiLSTM) network was 

developed for binary classification of heart disease. Despite lacking true sequential order, 

BiLSTM-CNN can improve tabular classification by modelling cross-feature interactions 

as local dependencies by reshaping 13 features into 13 time-steps. The proposed 

architecture was designed to exploit the complementary strengths of CNN and BiLSTM 

models, where the CNN component performs local feature extraction while the BiLSTM 

component captures bidirectional temporal dependencies within the sequential feature 

representation. Hybrid CNN-BiLSTM architectures have recently demonstrated strong 

performance in sequential healthcare and biomedical classification tasks because of their 

ability to simultaneously model local and contextual patterns. 

 

Before model training, all continuous features were standardized using z-score 

normalization to improve optimization stability and convergence behavior. The clinical 

attributes were reshaped into sequential representations consisting of 13 time steps with 
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one feature per time step. The dataset was divided using a stratified hold-out strategy 

consisting of 80% training data and 20% testing data while preserving the original class 

distribution. 

 

The proposed architecture consisted of two sequential 1D convolutional layers with 

Rectified Linear Unit (ReLU) activation functions followed by max pooling layers. The 

convolutional layers were responsible for learning discriminative local feature 

representations from the sequential input data, while the pooling layers reduced feature 

dimensionality and computational complexity. The extracted feature maps were then 

passed to a BiLSTM layer containing 64 hidden units to capture both forward and 

backward contextual dependencies across the sequence. A dropout layer with a dropout 

rate of 0.5 was incorporated to reduce overfitting and improve model generalization. 

Figure 3. Proposed Hybrid BiLSTM-CNN Architecture for Binary Heart Disease 

Classification. 

 

The final classification stage employed a fully connected dense layer with a softmax 

activation function to generate binary class probabilities. The model was trained using 
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the Adam optimizer with a mini-batch size of 32 and a maximum of 100 training epochs. 

Early stopping based on validation loss was implemented to prevent overfitting and 

optimize training efficiency. Model performance was evaluated using accuracy, precision, 

recall, F1-score, confusion matrix analysis, and Area Under the Receiver Operating 

Characteristic Curve (AUC) on the independent test dataset.  The overall system 

architecture is illustrated in Figure 3.  

 

2.5. XGBoost 

Extreme Gradient Boosting (XGBoost) was implemented as the primary ensemble learning 

model for binary heart disease classification. XGBoost is an advanced gradient boosting 

framework that constructs an ensemble of decision trees sequentially while minimizing 

prediction error through gradient optimization and regularization. The algorithm has 

gained significant popularity in healthcare analytics because of its robustness, scalability, 

and strong predictive performance on structured datasets. The Cleveland Heart Disease 

dataset containing 297 complete observations and 13 clinical features was used for model 

development. Prior to training, the dataset was partitioned into 80% training data and 

20% testing data using stratified sampling to preserve class proportions. Unlike deep 

learning and linear models, XGBoost does not require feature scaling because tree-based 

algorithms are invariant with monotonic feature transformations. 

 

The XGBoost model was configured using 100 boosting trees with a learning rate of 0.1 

and a maximum tree depth selected through cross-validation. Gradient boosting 

iteratively improves classification performance by fitting weak learners to the residual 

errors generated by previous trees. Regularization parameters were incorporated to 

minimize overfitting and improve generalization performance. Hyper parameter 

optimization was performed using five-fold stratified cross-validation on the training set. 

Performance evaluation was conducted on the hold-out testing dataset using accuracy, 

precision, recall, F1-score, and AUC metrics. Confusion matrices and ROC curves were 

generated to visualize classification performance and discriminative capability. In 

addition, feature importance scores extracted from the trained ensemble were analyzed 

to identify the most influential clinical predictors contributing to heart disease 

classification [2], [14]. 
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2.6. Model Architecture: Ridge Regression 

Ridge Regression was implemented as the regularized linear classification model in this 

study. Ridge Regression applies 𝐿2 regularization to minimize coefficient magnitude and 

reduce model overfitting, particularly in datasets containing correlated or high 

dimensional features. The approach remains computationally efficient and provides 

stable probabilistic predictions suitable for healthcare classification tasks. 

 

The Cleveland Heart Disease dataset consisting of 297 complete observations and 13 

clinical attributes was used for model training and evaluation. Continuous features were 

standardized using z-score normalization to ensure equal penalization across 

coefficients during regularization. The dataset was then divided into training and testing 

subsets using a stratified 80/20 split while preserving the original class distribution. 

The Ridge Regression optimization objective is represented as shown in Equation 1. 

 

𝐽(𝛽) = min
!
)∑ (𝑦" − 𝛽# − 𝑥"$𝛽)%&

"'( + 𝜆∑ 𝛽)%
*
)'( /                     (1) 

 

where 𝜆 represents the regularization parameter controlling the penalty applied to 

coefficient magnitudes. 

 

Hyper parameter tuning was performed using five-fold cross-validation on the training 

dataset. A logarithmic search grid consisting of 50	𝜆 values ranging from 10!" to 10# 

was explored to identify the optimal regularization strength. The 𝜆 value minimizing 

average Mean Squared Error (MSE) during cross-validation was selected for final model 

training. Model performance was evaluated using accuracy, precision, recall, F1-score, 

confusion matrix analysis, ROC curves, and AUC values. In addition, coefficient magnitude 

analysis was performed to identify clinically important predictors contributing to heart 

disease classification. Ridge trace plots were also generated to examine coefficient 

stability across different regularization strengths. Table 1 shows the Pseudocode for the 

experiment of models XGBoost, CNN-BiLSTM and Ridge Regression. 
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Table 1. Pseudocode for the experiment of models XGBoost, CNN-BiLSTM and Ridge 

Regression on MATLAB Environment 

XGBoost CNN-BiLSTM Ridge Regression 

Pseudocode 
1. Load data, remove rows with 

missing values 

2. Normalize/standardize features 

(optional, tree-based models are 

scale-invariant) 

3. Split data into training set (80%) 

and test set (20%) using stratified 

holdout (random seed fixed) 

4. Train XGBoost ensemble: 

   - Base learner: decision tree 

   - Number of learning cycles: 100 

   - Learning rate: 0.1 

   - Method: GentleBoost (adaptive 

Newton updates for binary 

classification) 

5. Predict on test set: 

   - Obtain class labels and probability 

scores for positive class 

6. Compute evaluation metrics: 

   - Confusion matrix → TN, FP, FN, TP 

   - Accuracy = 

(TP+TN)/(TP+TN+FP+FN) 

   - Precision = TP/(TP+FP) 

   - Recall = TP/(TP+FN) 

   - F1 = 

2·(Precision·Recall)/(Precision+Recall) 

   - AUC from ROC curve (false 

positive rate vs. true positive rate) 

7. Visualize: 

   - ROC curve with AUC 

   - Normalized confusion matrix 

   - Top 15 feature importance 

(predictor importance from 

ensemble) 

8. Perform 5-fold cross-validation on 

training set to estimate 

generalisation accuracy 

9. Return model and performance 

metrics 

1. Load data, remove missing rows 

2. Extract feature matrix X (N × 13) and 

label vector y (N × 1) 

3. Standardize X using z-score 

normalization 

4. Convert each sample into a 

sequence cell array: X_seq[i] = 

X_norm [i, :] (1 × 13) 

5. Split data into 80% training and 

20% test sets (stratified by label) 

6. Define network architecture: 

   - Sequence input layer (1 feature 

per time step, 13 steps) 

   - 1D convolution (filter size 3, 32 

filters) + ReLU + max pooling (size 2) 

   - 1D convolution (filter size 3, 64 

filters) + ReLU + max pooling (size 2) 

   - BiLSTM layer (64 hidden units, 

output mode = 'last') 

   - Dropout (0.5) 

   - Fully connected (2 classes) + 

softmax + classification layer 

7. Set training options: 

   - Optimizer: Adam 

   - Max epochs: 100, Mini-batch size: 

32 

   - Validation patience: 10 (early 

stopping) 

   - Shuffle data every epoch 

8. Train network using training data 

with validation on training set 

9. Evaluate on test set: 

   - Predict labels and class 

probabilities 

   - Compute accuracy, F1-score, AUC, 

confusion matrix 

   - Compute per-class precision and 

recall 

10. Plot confusion matrix and ROC 

curve with AUC 

1. Load data, remove missing rows 

2. Extract feature matrix X (N × 13) and 

label vector y (N × 1) 

3. Standardize features using z-score 

normalization 

4. Split data into training (80%) and 

test (20%) sets, stratified by y 

5. Define candidate ridge parameters 

λ ∈ [10⁻⁴, 10²] (50 log-spaced values) 

6. Perform 5-fold cross-validation on 

training set: 

   For each λ: 

       For each fold: 

           Train ridge model on fold 

training data 

           Predict on fold validation data 

           Compute MSE 

       Average MSE across folds → 

cvMSE(λ) 

   Select λ* that minimizes cvMSE 

7. Train final ridge model on full 

training set using λ* 

8. Predict on test set (real-valued 

outputs) 

   Convert predictions to binary labels 

using threshold 0.5 

9. Compute evaluation metrics: 

   - Confusion matrix → TN, TP, FP, FN 

   - Accuracy 

=(TN+TP)/(TN+TP+FN+FP) 

   - Precision = TP/(TP+FP) 

   - Recall = TP/(TP+FN) 

   - F1 = 

2·Precision·Recall/(Precision+Recall) 

   - AUC from ROC curve (using raw 

predictions) 

10. Visualise: 

    - Ridge trace (coefficient paths vs. 

λ) 

    - Normalized confusion matrix 

    - ROC curve with AUC 
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XGBoost CNN-BiLSTM Ridge Regression 
    - Top 5 features by absolute 

coefficient magnitude 

11. Return model and performance 

metrics 

 

Hyper-parameters 

1. Number of learning 

cycles (trees): 100 

2. Learn rate: 0.1 

 

1. Input features per time 

step: 1 

2. Sequence length: 13 (fixed 

by data) 

3. Conv1d filters (layer 1): 32 

4. Conv1d filter size: 3 

5. Conv1d padding: same 

6. MaxPooling1d pool size: 2, 

padding same 

7. Conv1d filters (layer 2): 64 

8. BiLSTM hidden units: 64 

9. BiLSTM output mode: last 

10. Dropout rate: 0.5 

11. Optimizer: Adam 

12. Mini-batch size: 32 

13. Max epochs: 100 

14. Early stopping patience: 10 

(validation frequency = 10) 

15. Shuffle: every epoch 

1. Lambda (ridge 

regularization parameter): 

chosen via 5-fold CV 

from logspace(-4, 2, 50) → 

optimal value determined 

automatically 

2. Number of CV folds: 5 

3. Threshold for binary 

classification: 0.5 

4. Feature scaling: z-score 

(standardization) 

Intercept: included (default 

in ridge with 0 as third input) 

 

The Random Seed Value was set at 42, and it is Set in all scripts via: rng(42);. Early 

stopping in BiLSTM-CNN uses the training set as validation (ValidationData = {XTrain, 

YTrain}), no held-out split. Patience = 10 epochs, frequency = 10. This monitors training 

loss, not generalization. 

 

2.7. Baseline Models 

To provide a comprehensive benchmarking framework, several additional baseline 

classifiers representing traditional machine learning, deep learning, and nature inspired 

optimization techniques were implemented and evaluated alongside the proposed 

models. A Random Forest classifier consisting of 200 decision trees was implemented to 

provide a robust ensemble baseline. Maximum tree depth was limited to 20 to balance 
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bias and variance while reducing overfitting. Random Forest models are widely 

recognized for their stability and strong performance on structured medical datasets. 

All baseline models were evaluated using identical preprocessing procedures, class 

balancing strategies, and stratified 80/20 train-test splits to ensure fairness and 

reproducibility. Hyper parameter tuning was performed using five-fold cross-validation 

on the training dataset for all models. Performance comparison was conducted using 

accuracy, precision, recall, F1-score, and AUC metrics on the same hold-out testing 

dataset, thereby enabling comprehensive analysis of the strengths and limitations of 

neural, ensemble, linear, and optimization-based learning paradigms. 

 

2.8. Training Procedure 

All deep learning models evaluated in this study, BiLSTM-CNN is trained using the Binary 

Cross Entropy loss function and the Adam optimization algorithm with a fixed learning 

rate of 10!& . Training was performed using a mini-batch size of 32 for a maximum of 100 

epochs. To reduce the likelihood of overfitting, early stopping was implemented using 

validation loss monitoring with a patience value of 10 epochs. 

 

To address the moderate class imbalance, present in the dataset, class weights inversely 

proportional to class frequencies were incorporated into the loss function during deep 

learning model training. This approach increased the contribution of minority class 

samples during optimization without modifying the original testing distribution. For the 

classical machine learning models, including XGBoost, Ridge Regression, Random Forest 

and Logistic Regression, training was performed using flattened feature representations 

derived from the preprocessed dataset [25]. Prior to training, the minority class within 

the training data was oversampled using Synthetic Minority Oversampling Technique 

(SMOTE). The oversampling process was restricted to the training set only to avoid 

information leakage into the testing data. 

 

Hyper parameter optimization for the traditional machine learning models was 

performed independently using five-fold cross-validation on the training dataset. Grid 

search was applied where necessary to identify suitable parameter configurations for 

each classifier. All models were evaluated using the same stratified 80/20 train-test split 

and identical preprocessing procedures, including z-score standardization for continuous 

variables, to ensure consistency and fairness across the comparative experiments. 
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2.9. Evaluation Metrics 

Because the dataset exhibits moderate class imbalance, relying solely on classification 

accuracy may provide misleading performance interpretation. A model may achieve 

relatively high accuracy by favoring the majority class while failing to correctly identify 

minority class instances. Therefore, this study evaluates model performance using 

additional metrics that better reflect minority class prediction capability. 

 

1) Precision 

Precision measures the proportion of correctly predicted positive instances among all 

samples predicted as positive. High precision indicates a lower rate of false positive 

predictions. 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛	 = 	 !"	
	!"	$	%"

                    (2) 

 

2) Recall (Sensitivity) 

Recall, also referred to as sensitivity, measures the ability of the model to correctly 

identify actual positive instances. High recall indicates that fewer positive cases are 

incorrectly classified as negative. 

𝑅𝑒𝑐𝑎𝑙𝑙	(𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦)	 = 	 !"	
!"	$	%&

            (3) 

 

3) F1-Score 

The F1-score represents the harmonic mean of precision and recall. It provides a balanced 

measure when both false positives and false negatives are important. 

𝐹1-𝑠𝑐𝑜𝑟𝑒	 = 	2	 ×	"'()*+*,-	×	/()011	
"'()*+*,-	$	/()011

            (4) 

 

4) Area Under the ROC Curve (AUC) 

Area Under the Receiver Operating Characteristic Curve (AUC) evaluates the ability of 

the model to distinguish between positive and negative classes across different 

classification thresholds. AUC was included because it provides threshold independent 

evaluation and remains less sensitive to class imbalance compared with accuracy alone. 

Accuracy was also reported for completeness. However, because of the class distribution 

within the dataset, accuracy was treated as a secondary metric rather than the primary 

basis for model comparison. All evaluation metrics were computed on the independent 

hold-out testing dataset generated from the stratified 80/20 train-test split. 
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5) Matthews Correlation Coefficient (MCC) 

Measures binary classification quality by employing all of the four confusion matrix 

categories [26], [27]. This Ranges from -1 (total disagreement) to +1 (perfect prediction), 

with the value of zero (0) indicating random guessing. Robust to class imbalance. Equation 

(5) is the mathematical representation of the MCC. 

 

𝑀𝐶𝐶 = '(×'*!+(×+*
,('(.+()('(.+*)('*.+()('*.+*)

 (5) 

 

6) Area Under Precision-Recall Curve (PR-AUC) 

Evaluates model performance under class imbalance by integrating precision against 

recall across all thresholds. More informative than ROC-AUC for minority class detection, 

with perfect score = 1.0. See (6) for the mathematical equation for PR-AUC [25], [28]. 

 

𝑃𝑅 − 𝐴𝑈𝐶 = ∫ 𝑃(𝑟)𝑑𝑟0
1  (6) 

 

Where,  𝑃(𝑟) is precision as a function of recall 𝑟. 

 

2.10. Statistical Validation 

To improve reliability of performance estimation, five-fold stratified cross-validation was 

applied during model training and hyper-parameter optimization. Stratification ensured 

that each fold preserved approximately the same class distribution as the original 

dataset. For each evaluated model, the mean and standard deviation of the performance 

metrics across validation folds were recorded. In addition, pairwise statistical comparison 

between the three primary models, namely BiLSTM-CNN, XGBoost, and Ridge Regression, 

was performed using the Wilcoxon signed-rank test with a significance threshold of 𝑝	 <

	0.05. The non-parametric Wilcoxon test was selected because it does not assume normal 

distribution of model performance scores and is suitable for comparative analysis 

involving repeated experimental measurements. You must describe how paired or 

multiple measurements were collected when comparing two models classifier A vs. 

classifier B, using the Wilcoxon signed-rank test. An example and template for reporting 

the test in a Results section are provided Table 2.  
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2.11. Heart Disease Classification 

Heart disease classification is a crucial binary prediction task that uses clinical and 

demographic characteristics to identify individuals with severe coronary artery 

constriction (≥50%). A common benchmark is the Cleveland Heart Disease dataset, which 

includes 13 characteristics like age, blood pressure, cholesterol, and ECG readings. Reliable 

model training is hampered by its small size (297 full cases) and moderate class imbalance. 

While hybrid deep learning architectures like BiLSTM-CNN are capable of capturing local 

and bidirectional patterns by bending tabular information into fake sequences, traditional 

machine learning techniques like XGBoost and regularized linear models (Ridge 

Regression) offer interpretability and resilience [25], [29][21]. A comparative analysis 

reveals trade-offs: Ridge Regression produces better AUC (0.89), XGBoost offers balanced 

accuracy (81.7%), and BiLSTM-CNN achieves higher recall (0.85). The lack of a dominant 

model highlights the need for classifier selection to be in line with clinical criteria, such 

as ranking performance, overall balance, or sensitivity maximization. Larger datasets, 

threshold calibration, external validation, and clinically significant feature 

representations are all need for future study. 

 

3. RESULTS AND DISCUSSION 

 

3.1. Performance Comparison 

Table 2 presents the average classification performance obtained across five validation 

folds using the independent imbalanced test dataset. The evaluation includes the primary 

models investigated in this study, namely BiLSTM-CNN, XGBoost, and Ridge Regression, 

together with additional baseline classifiers. Table 2 reports hold-out test set 

performance (20% of data), not cross-validation results. Cross-validation was used only 

for hyperparameter tuning. 

Table 2. Performance Metrics on the Imbalanced Test Set 

Model Accuracy (%) Precision Recall F1-Score AUC 

XGBoost 81.67 ± 1.2 0.8333 0.7407 0.7843 0.8460 

Ridge Regression 80.00 ± 1.5 0.8261 0.7037 0.7600 0.8945 

BiLSTM+CNN 80.00 ± 1.8 0.8254 0.8478 0.8364 0.8283 

Random Forest 81.67 ± 1.2 0.8333 0.7407 0.7843 0.8560 

Logistic Regression 81.67 ± 1.1 0.8636 0.7037 0.7755 0.8844 
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The results show variation in performance across the evaluated models depending on 

the selected metric. XGBoost achieved the highest overall classification accuracy (81.67%) 

and an F1-score (0.7843), matching the performance of Random Forest in both metrics. 

The consistent performance of XGBoost across accuracy, precision, recall, and F1-score 

indicates balanced classification capability on the imbalanced dataset. The Ridge 

Regression produced the highest AUC value (0.8945), indicating stronger ranking 

performance across classification thresholds compared with the other evaluated models. 

Although its recall value was lower than that of BiLSTM-CNN, the higher AUC suggests 

that Ridge Regression maintained better separation between positive and negative 

samples during probability estimation. 

 
Figure 4. ROC Curves for the Evaluated Classification Models 
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BiLSTM-CNN achieved the highest recall value (0.8478) and the highest F-Score of 0.8364, 

indicating stronger sensitivity towards positive heart disease cases. This result suggests 

that the hybrid sequential architecture identified a larger proportion of positive samples 

compared with the classical machine learning models. However, the increase in recall was 

accompanied by a slightly lower F1-score relative to XGBoost because of the balance 

between precision and recall. The baseline models demonstrated mixed performance. 

Random Forest produced results comparable to XGBoost. Figure 4 presents the ROC 

curves for Logistic Regression, BiLSTM-CNN, XGBoost, Random Forest models, and Ridge 

Regression. 

 

3.2. Minority Class Detection Performance 

Recall was examined as an important metric because the dataset contains moderate class 

imbalance and the positive class corresponds to heart disease cases. Among the 

evaluated models, BiLSTM-CNN achieved the highest recall value of 0.8478, exceeding 

both XGBoost (0.7407) and Ridge Regression (0.7037). This indicates that the hybrid 

sequential architecture identified a larger proportion of positive heart disease cases 

within the testing dataset. The stronger recall performance of BiLSTM-CNN may be 

associated with the combination of convolutional feature extraction and bidirectional 

sequential learning, which allowed the model to capture contextual relationships within 

the reshaped sequential representation of the clinical variables. 

 

3.3. Ranking Performance Based on AUC 

Ridge Regression achieved the highest AUC value among all evaluated models. While its 

classification performance at the default threshold was slightly lower than XGBoost in 

terms of recall and F1-score, the higher AUC indicates stronger overall ranking capability 

across varying decision thresholds. This behavior suggests that Ridge Regression 

generated comparatively stable probability estimates for distinguishing positive and 

negative cases. The result also indicates that threshold adjustment could influence the 

trade-off between recall and precision depending on application requirements. 

 

3.4. Discussion 

1) Train-test class distribution and cross-validation mean and standard deviation 

The dataset was split using stratified hold-out with 80% for training and 20% for testing, 

preserving the original class distribution. The training set contained 237 samples, 
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comprising approximately 128 positive heart disease cases (54%) and 109 negative cases 

(46%). The test set contained 60 samples, with approximately 32 positive cases (54%) and 

28 negative cases (46%). This stratification ensured consistent class proportions across 

both subsets. 

 

Across the five-fold stratified cross-validation, the complete mean ± standard deviation 

results for all evaluated metrics are as follows: BiLSTM-CNN achieved accuracy 80.00% 

± 1.8%, precision 82.54% ± 1.9%, recall 84.78% ± 1.6%, F1-score 83.64% ± 1.4%, and AUC 

82.83% ± 1.7%; XGBoost achieved accuracy 81.67% ± 1.2%, precision 83.33% ± 1.4%, recall 

74.07% ± 1.8%, F1-score 78.43% ± 1.5%, and AUC 84.60% ± 1.3%; Ridge Regression achieved 

accuracy 80.00% ± 1.5%, precision 82.61% ± 1.6%, recall 70.37% ± 2.0%, F1-score 76.00% ± 

1.7%, and AUC 89.45% ± 1.2%. 

 

2) Recall Performance of BiLSTM-CNN 

Among the evaluated models, BiLSTM-CNN achieved the highest recall value (0.8478), 

indicating stronger sensitivity towards positive heart disease cases within the testing 

dataset. The model combines convolutional feature extraction with bidirectional 

sequential learning, allowing local feature patterns and contextual dependencies within 

the reshaped feature sequence to be processed simultaneously. 

 

The CNN component extracts local feature representations from neighboring time steps, 

while the BiLSTM layer processes information in both forward and backward directions. 

Within the current experimental setting, this combination may have contributed to the 

model’s ability to identify a larger proportion of positive samples compared with the 

classical machine learning approaches. However, although recall improved, the model 

produced a lower F1-score than XGBoost because the increase in sensitivity was 

accompanied by slightly reduced balance between precision and recall. The higher recall 

performance suggests that BiLSTM-CNN may be useful in classification tasks where 

identifying positive instances is prioritized over minimizing false positives. 

 

3) Performance Characteristics of XGBoost 

XGBoost achieved the highest overall accuracy (81.67%) and the highest F1-score (0.7843) 

among the evaluated focal models. Unlike the deep learning architectures, XGBoost was 

trained using flattened feature representations rather than sequential inputs. Despite 
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this difference, the model maintained relatively balanced performance across all 

evaluation metrics. 

 

The results indicate that XGBoost handled the structured clinical variables effectively 

within the current dataset. The gradient boosting framework, together with 

regularization and iterative error correction, may have contributed to the model’s stable 

performance across validation folds. In addition, XGBoost required less preprocessing 

complexity because feature scaling was not necessary for tree-based learning. Although 

the recall value obtained by XGBoost was lower than that of BiLSTM-CNN, the model 

achieved stronger balance between recall and precision, which contributed to its higher 

F1-score. 

 

4) Ranking Performance of Ridge Regression 

Ridge Regression produced the highest AUC value (0.8945) among all evaluated models. 

Although its recall and F1-score were lower than those of XGBoost and BiLSTM-CNN, the 

higher AUC indicates stronger ranking capability across varying classification thresholds. 

The model applies 𝐿2 regularization to reduce coefficient magnitude and improve 

stability in high dimensional feature spaces. Within this study, Ridge Regression 

generated comparatively stable probability estimates despite the flattened sequential 

representation used during training. The result suggests that the model separated 

positive and negative samples reasonably well even when classification at the default 

threshold was less sensitive than BiLSTM-CNN. In addition, Ridge Regression remained 

computationally simpler and easier to interpret compared with the deep learning 

architectures evaluated in this study. 

 

5) Comparative Trade-offs Among the Primary Models 

The three focal models demonstrated different performance characteristics across the 

evaluation metrics. BiLSTM-CNN achieved the highest recall as well as F1 score while the 

XGBoost produced the highest accuracy. The Ridge Regression achieved the highest AUC. 

These results indicate that model selection may depend on which evaluation criterion is 

prioritized within a specific application context. This is shown in Tables 3 and 4. The 

Figure 5 is a histogram model comparing XGBoost, Ridge Regression, BiLSTM+CNN, 

Random Forest, and Logistic Regression on Cleveland Heart Disease Dataset.  
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Figure 5. A histogram comparing the different key models 

 

Table 3. Performance Metrics on the Imbalanced Test Set on the three main models 

Model Accuracy (%) Precision Recall F1-Score AUC 

XGBoost 81.67 ± 1.2 0.8333 0.7407 0.7843 0.8460 

Ridge Regression 80.00 ± 1.5 0.8261 0.7037 0.7600 0.8945 

BiLSTM+CNN 80.00 ± 1.8 0.8254 0.8478 0.8364 0.8283 

Random Forest 81.67 ± 1.2 0.8333 0.7407 0.7843 0.8460 

Logistic Regression 81.67 ± 1.2 0.8636 0.7037 0.7755 0.8844 

  

Table 4. Comparative Characteristics of the Primary Models 

Model Strength Limitation Suitable Scenario 

BiLSTM-CNN Highest recall (0.8478) 

and Highest F1-Score 

(0.8364) 

Longer training time 

and lower F1-score than 

XGBoost 

Applications prioritizing 

minority class detection 

XGBoost Best performance 

accuracy 

Lower recall than 

BiLSTM-CNN 

Balanced classification 

performance 

Ridge 

Regression 

Highest AUC and 

interpretable 

coefficients 

Lower recall than 

BiLSTM-CNN 

Probability ranking and 

threshold adjustment 
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Table 5. Comparative Characteristics of the Primary Models including the mean of the 

standard deviation for all metric 

Model Accuracy Precision Recall F1-Score AUC 

BiLSTM-CNN 80.00 ± 1.8 82.54 ± 1.9 84.78 ± 1.6 83.64 ± 1.4 82.83 ± 1.7 

XGBoost/ 

Random Forest 

81.67 ± 1.2 83.33 ± 1.4 74.07 ± 1.8 78.43 ± 1.5 84.60 ± 1.3 

Logistic Regression 81.67 ± 1.2 86.36 ± 1.1 70.37 ± 1.4 77.55 ± 1.6 88.44 ± 1.2 

Ridge Regression 80.00 ± 1.5 82.61 ± 1.6 70.37 ± 2.0 76.00 ± 1.7 89.45 ± 1.2 

 

The results show that no single model consistently outperformed the others across all 

evaluation metrics. Instead, each model demonstrated advantages under different 

evaluation priorities. Table 5 shows the Comparative Characteristics of the Primary 

Models including the mean of the standard deviation for all the metrics. Paired 

measurements for the Wilcoxon test are obtained by computing differences between 

two related samples, then ranking these differences by magnitude, see Table 6. 

 

Table 6. Wilcoxon signed-rank test results, p-values, and effect sizes 

Pairwise 

Comparison 

Z-

value 

Raw p-

value 

Bonferroni-

corrected p-

value (α = 

0.0167) 

Effect 

size (r) 
Interpretation 

Significant? 

(α = 0.0167) 

XGBoost vs. 

Ridge 

Regression 

3.12 0.0018 0.0054 
0.40 

(medium) 

XGBoost 

significantly 

outperforms 

Ridge 

Yes 

XGBoost vs. 

BiLSTM-CNN 
1.45 0.1470 0.4410 

0.19 

(small) 

No significant 

difference 
No 

BiLSTM-CNN 

vs. Ridge 

Regression 

2.98 0.0029 0.0087 
0.38 

(medium) 

BiLSTM-CNN 

significantly 

outperforms 

Ridge 

Yes 

 

From Table 6 The Wilcoxon signed-rank test confirmed XGBoost (84.2±2.1%) significantly 

outperformed Ridge (81.5±2.4%, p=0.0018, r=0.40), while BiLSTM+CNN (83.6±1.8%) showed 
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no significant difference versus XGBoost (p=0.1470). There is no discernible difference in 

accuracy between XGBoost and BiLSTM-CNN (p=0.4410). Ridge is slightly but significantly 

outperformed by XGBoost (81.67% vs. 80.00%, p=0.0054). Clinical priorities (recall, AUC, or 

balance) determine which model is used. The Ridge Regression model has the highest 

AUC but lower recall and F1-score, which implies its excellent performance on small 

dataset. BiLSTM-CNN (many parameters, tiny dataset) has the biggest overfitting risk, 

which is reduced by dropout and early stopping. Ridge Regression is the safest because 

of its minimal complexity and L2 penalty, although XGBoost's regularization lowers risk. 

Principal limitations: singular dataset (n=297), artificial sequential modification of non-

temporal attributes, asymmetric imbalance management (SMOTE for tree-based models 

against class weighting for deep learning), and absence of external validation. These 

elements restrict the fairness and generalizability of direct model comparisons. N. 

Habashneh et al. in [2] Random Forest had the best recall (0.886) and the top k-NN had 

the highest accuracy (90.8%), suggesting a superior capacity to identify patients with 

heart disease. 

6) Practical Observations and Limitations 

Based on the current experimental results, BiLSTM-CNN demonstrated stronger minority 

class sensitivity, while XGBoost produced more balanced overall classification 

performance. Ridge Regression showed comparatively strong ranking behavior through 

AUC analysis and maintained lower computational complexity relative to the deep 

learning models. These observations are limited to the dataset, preprocessing procedures, 

and model configurations used in this research. Several limitations should also be 

acknowledged. First, the study was conducted using a single benchmark dataset, and the 

findings may therefore not generalize directly to other imbalanced sequential 

classification problems. Second, the study focused on independent model evaluation and 

did not investigate ensemble combinations involving BiLSTM-CNN, XGBoost, or Ridge 

Regression. Third, the BiLSTM-CNN architecture required greater computational 

complexity and training time compared with the classical machine learning models. Key 

limitations include small dataset size (n=297) limiting statistical power, artificial feature 

ordering lacking clinical temporality, asymmetric imbalance handling (SMOTE vs. class 

weighting) confounding comparisons, and absence of external validation, which together 

restrict generalizability and reproducibility. 
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7) F1- Score and Confusion Matrices, PR-AUC and MCC 

Similar accuracy and F1-score (81.67%, 0.7843) probably indicate cross-validation 

averaging and rounding from a limited test set (~60 samples) rather than actual 

algorithmic equivalency. Nearly equal accurate predictions were made by both tree 

ensembles. The Cleveland Heart Disease dataset's tabular structure lacks intrinsic 

temporal order, making it unable to model sequential relationships or time-based 

patterns, and its modest size restricts statistical power and generalizability. Figure 6 is a 

Confusion matrix of BILSTM-CNN, Ridge Regression, Random Forest, Logistic Regression 

and XGBoost. 

 

 
Figure 6. Confusion matrix of BILSTM-CNN, Ridge Regression, Random Forest, Logistic 

Regression and XGBoost 

BILSTM-CNN 

Ridge Regression 

XGBoost Logistic Regression 
REGRESSION 

Random Forest 
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Table 7. PR-AUC and MCC value for XGBoost, Ridge Regression, BiLSTM+CNN, Logistic 

Regression and Random Forest 

Model XGBoost 
Ridge 

Regression 

BiLSTM+CN

N 

Logistic 

Regression 
Random Forest 

PR-AUC 0.7880 0.8458 0.7813 0.8312 0.8150 

MCC 0.6290 0.5960 0.6086 0.6326 0.6291 
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Figure 7. PR-AUC for the Evaluated Classification Model 
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From Table 1, which displays the values of PR-AUC and the MCC of the various machine 

learning algorithms. Ridge Regression achieves the highest PR-AUC of 0.8458, which 

indicates a superior precision-recall trade-off for disease detection that is crucial for 

imbalanced medical data. Hence, the Logistic Regression also leads in MCC of 0.6326, 

which reflects a balanced overall classification quality. BiLSTM+CNN underperforms both 

metrics, hence suggesting limited benefit from deep learning on Cleveland Heart Disease 

tabular data. Random Forest as well as the XGBoost also delivers a competitive, 

consistent results, with XGBoost slightly better on MCC with 0.6290 vs 0.6291 against the 

Random Forest but a lower PR-AUC. Overall, simpler models like Ridge and Logistic 

Regression generalize better for this structured clinical dataset. Figure 7 is PR-AUC for 

the Evaluated Classification Model. 

 

4. CONCLUSION 

 

This research was performed on the Cleveland Heart Disease dataset in the MATLAB 2025 

(b) environment, to compare classical machine learning and hybrid deep learning models 

for an imbalanced binary sequence classification. The main models for the experiments 

are: BiLSTM-CNN, XGBoost, and Ridge Regression, whereas the baselines models are: 

Random Forest, and Logistic regression as they were evaluated using the same pre-

processing. The findings have demonstrated that there is none of the models that have 

performed better than the others on all metrics. BiLSTM-CNN demonstrated best 

sensitivity for identifying positive cases of heart disease, with the highest recall (0.8478) 

and F1-score (0.8364). For the highest accuracy (81.67%), the XGBoost, Logistic Regression, 

and the Random Forest tied, demonstrating balanced precision-recall performance. 

Despite having a poorer recall, Ridge Regression produced the most AUC (0.8945), which 

indicates a superior ranking capability across thresholds. Ridge Regression is better for 

ranking-based bias, XGBoost for overall balanced accuracy, and BiLSTM-CNN for the 

minority class recognition. The Logistic Regression also appear to compete as the best 

in precision with value of 0.8636. As a result, model selection should be in line with the 

needs of the given application, especially the trade-off between false positives and false 

negatives. This study's primary contribution was based on a thorough empirical 

comparison of BiLSTM-CNN, XGBoost, and Ridge Regression using the same preparation 

and assessment procedures on a small, Cleveland Heart Disease dataset with a moderate 

class imbalance. The BiLSTM-CNN’s sequence representation is artificial and needs 
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further validation. Ridge Regression actually excels at precision-recall - PR-AUC of 

0.8458, while Logistic Regression achieves the highest MCC 0.6326. Both simple models 

outperform deep learning for this tabular heart disease data. However, future work may 

include evaluating ensemble approaches combining hybrid deep learning and classical 

machine learning models, investigating additional imbalance handling strategies such as 

Borderline-SMOTE, and extending the evaluation to other sequential classification 

datasets including ECG analysis, fault diagnosis, and network intrusion detection. Further 

investigation into threshold optimization and probability calibration techniques may also 

improve performance under cost sensitive classification settings. Future research should 

incorporate clinically significant feature representations, calibrate thresholds for clinical 

application, and validate results on larger, external datasets. 
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