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Abstract— This paper presents a comparative analysis of three hybrid Decision Tree–based models—DT-CNN, 
DT-HOG, and DT-LR—designed for medical image classification. The aim is to evaluate how different feature 
extraction strategies influence the performance and generalization ability of the Decision Tree classifier. The DT-
CNN model achieved the highest validation accuracy (98%) due to its deep feature representation capability, 
while the DT-LR model obtained the highest test-set accuracy (96.3%), demonstrating superior generalization 
performance. In contrast, the DT-HOG model achieved an accuracy of 81.3%, reflecting the limitations of 
handcrafted features for subtle lesion characterization. The results indicate that although CNN-based features 
provide strong representation power, the Logistic Regression–Decision Tree hybrid exhibits more stable and 
reliable performance on unseen data. These findings highlight the importance of selecting appropriate feature 
extractors when designing hybrid machine-learning pipelines for medical image classification. 

 
Keywords— Medical imaging; Hybrid machine learning models; Cyst detection; Neuroinformatics.   
     

1. INTRODUCTION  

Convolutional Neural Networks (CNNs) have revolutionized the field of deep learning, 

particularly in image recognition and classification tasks. CNNs are a class of deep neural 

networks that utilize convolutional layers to automatically and adaptively learn spatial 

hierarchies of features from input images. The architecture of CNNs typically includes 

convolutional layers, pooling layers, and fully connected layers, which work together to 

extract and classify features from images [1]. The convolutional layers apply a set of filters to 

the input image, creating feature maps that capture various aspects of the image, such as 

edges, textures, and patterns. Pooling layers then reduce the spatial dimensions of these 

feature maps, which helps reduce computational complexity and prevents overfitting. Finally, 

fully connected layers interpret these features to make predictions [2]. 

CNNs have been extensively used in medical image analysis, where they have shown 

remarkable performance in tasks such as tumor detection, organ segmentation, and disease 

classification. The ability of CNNs to learn from large datasets and generalize well to new data 

makes them particularly suitable for medical applications [3]. Moreover, CNNs have been 

pivotal in advancing image classification tasks. They have achieved state-of-the-art results in 

various benchmarks, outperforming traditional machine learning methods. The hierarchical 

feature learning capability of CNNs allows them to capture complex patterns in images, 

leading to high accuracy in classification tasks [4]. Despite their success, CNNs face challenges 

such as the need for large, labeled datasets, high computational requirements, and difficulties 
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in interpreting learned features. Future research is focused on addressing these challenges by 

developing more efficient architectures and improving interpretability [5]. 

Histograms of Oriented Gradients (HOG) is a feature descriptor used in computer vision 

and image processing for object detection. The HOG algorithm works by dividing an image 

into small, connected regions called cells and computing a histogram of gradient directions or 

edge orientations for each cell. The combination of these histograms represents the object’s 

shape and appearance, making it suitable for detecting objects like humans in images. The 

HOG descriptor is particularly effective in human detection due to its ability to capture the 

local shape of objects while being invariant to geometric and photometric transformations. 

This robustness is achieved by normalizing the histograms across larger spatial regions called 

blocks, which helps in reducing the effects of illumination and shadowing [6]. 

One of the significant advancements in HOG-based object detection is its 

implementation on hardware platforms such as Field Programmable Gate Arrays (FPGAs). 

Demonstrated an FPGA implementation of a HOG-based object detection processor, which 

significantly enhances the processing speed and energy efficiency, making it suitable for real-

time applications [7]. Moreover, the integration of HOG with other feature descriptors like 

Local Binary Patterns (LBP) has shown improved performance in handling partial occlusions 

during human detection [8] proposed HOG-LBP human detector effectively manages 

occlusions, enhancing the reliability of detection in complex environments. The efficiency of 

HOG in real-time applications is demonstrated through the development of energy-efficient 

object detection systems capable of operating at high resolutions and frame rates, such as 

1080HD at 60 fps with multi-scale support. This highlights the practical applicability of HOG 

in high-resolution video processing [9]. Furthermore, fast human detection methods using a 

cascade of HOG descriptors have been introduced to accelerate the detection process by 

concentrating computational resources on the most promising regions of an image. This 

approach significantly reduces computational load while maintaining high detection accuracy 

[10]. Logistic regression is a widely used statistical method for modeling binary outcomes in 

various fields, particularly in medical research. It estimates the probability of a binary response 

based on one or more predictor variables. The logistic regression model is defined by the 

logistic function, which maps any real-valued number into the range between 0 and 1, making 

it suitable for predicting probabilities [11]. In clinical risk prediction, logistic regression is 

employed to identify and quantify the risk factors associated with specific health outcomes. 

This involves fitting a logistic regression model to the data, where the dependent variable is 

the occurrence of a clinical event (e.g., disease presence) and the independent variables are the 

risk factors (e.g., age, gender, biomarkers). The coefficients obtained from the model provide 

insights into the strength and direction of the association between risk factors and the clinical 

outcome [12]. 

Model validation is a crucial step in logistic regression analysis to ensure the reliability 

and generalizability of the model. Techniques such as cross-validation, bootstrapping, and the 

use of independent test sets are commonly employed to assess the model's performance. These 

methods help in evaluating the model's accuracy, sensitivity, specificity, and overall predictive 

power [13]. Logistic regression has also been integrated with other machine learning 

techniques to enhance prediction accuracy. For instance, neural networks combined with 

logistic regression have been used to predict student retention rates, demonstrating the 

versatility and applicability of logistic regression in various domains beyond healthcare [14]. 
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Furthermore, comprehensive reviews of logistic regression techniques highlight their 

effectiveness in predicting health outcomes and trends. These reviews emphasize the 

importance of proper model specification, validation, and interpretation to ensure accurate 

and meaningful predictions [15]. 

In this paper, we explore hybrid models that combine Decision Trees with HOG, CNN, 

and Logistic Regression to enhance classification accuracy. The Decision Tree-HOG hybrid 

model achieved an accuracy of 0.81, the Decision Tree-CNN hybrid model achieved an 

accuracy of 0.98, and the Decision Tree-Logistic Regression hybrid model achieved an 

accuracy of 0.96. These results demonstrate the potential of hybrid models in improving 

classification performance by leveraging the strengths of different algorithms. 

2. RELATED WORKS 

The integration of hybrid models in machine learning has gained significant attention 

due to their ability to leverage the strengths of different algorithms, thereby enhancing 

predictive performance and robustness. This section reviews hybrid models involving 

Decision Trees combined with Histograms of Oriented Gradients (HOG), Convolutional 

Neural Networks (CNNs), and Logistic Regression. 

Histograms of Oriented Gradients (HOG) is a feature descriptor widely used in object 

detection tasks. Combining Decision Trees with HOG descriptors has been explored to 

improve the accuracy and efficiency of detection systems. This integration enables hierarchical 

classification of features, enhancing the model's ability to distinguish between different objects 

in an image. Hardware implementations of HOG-based object detection on platforms like 

FPGAs have further demonstrated improvements in processing speed and energy efficiency, 

highlighting the practical applicability of such hybrid models in real-time scenarios. 

Additionally, hybrid approaches that incorporate complementary descriptors have shown 

improved robustness in complex environments, such as those involving partial occlusions [16]. 

Convolutional Neural Networks (CNNs) have transformed image recognition and 

classification by learning hierarchical features from raw pixel data. Their combination with 

Decision Trees has been explored to enhance classification accuracy and interpretability. 

Hybrid models that integrate CNNs for feature extraction with Decision Trees for decision-

making have shown improved performance in large-scale classification tasks. These models 

have also been applied in diverse domains such as legal judgment prediction and network 

intrusion detection, where they outperform traditional methods in terms of accuracy and 

efficiency [17]. 

Logistic Regression is a commonly used statistical method for modeling binary 

outcomes. Its integration with Decision Trees has been explored to improve predictive 

performance and interpretability. Hybrid models that use Decision Trees to partition the input 

space and apply logistic regression within each partition can effectively capture heterogeneous 

patterns in the data. These approaches have been applied in various fields, including 

education, healthcare, and finance, offering robust and interpretable solutions for complex 

prediction tasks [18]. Overall, hybrid models that combine Decision Trees with HOG, CNNs, 

and Logistic Regression demonstrate significant advancements in predictive modeling. By 

leveraging the strengths of each algorithm, these models achieve improved classification 

accuracy, robustness, and interpretability across a wide range of applications, including object 

detection, image classification, legal analytics, and clinical risk prediction [19]. 



Jordan Journal of Electrical Engineering. Volume 12 | Number 1 | March 2026                                                        57 

 

3. METODOLOGY 

3.1. Dataset Description 

The dataset used in this paper consists of 2,194 anonymized brain MRI images obtained 

from the BETATOM Medical Imaging Center (Istanbul, Turkiye). All images were acquired 

using standard T2-weight MRI protocols, which offer high contrast between cerebrospinal 

fluid (CSF) and surrounding brain tissue. Prior to analysis, all patient information was fully 

anonymized in accordance with ethical research guidelines. 

The dataset includes two categories of MRI slices: arachnoid cyst–present and non-cyst 

(normal) cases. Arachnoid cysts are benign, CSF-filled lesions located within the arachnoid 

membrane, typically appearing as well-defined, fluid-intensity regions on T2-weighted scans. 

Their subtle boundaries and radiological similarity to adjacent CSF spaces make them 

particularly challenging and suitable for assessing hybrid machine-learning pipelines. 

Across all five available MRI subsets, a total of 316 cyst-present and 778 cyst-free images 

were included, yielding a combined dataset of 2,194 images for model development and 

evaluation. The overall workflow of the proposed hybrid models is illustrated in Fig. 1. All 

images were preprocessed by resizing them to 128 × 128 pixels and normalizing pixel 

intensities to [0, 1] to ensure uniformity across the three hybrid models. 

 
Fig. 1. Overview of the hybrid decision tree pipelines used for brain cyst classification. 

The data were partitioned into training, validation, and testing sets as follows, with all 

available images utilized in the experimental workflow: 

Training set: 868 images 

Validation set: 152 images 

Test set: 80 images 

Cyst: 316 images 

Cyst-free: 778 images 

This partitioning strategy aligns with best practices in medical imaging research and 

ensures balanced representation of both classes across all subsets. Data augmentation, 

including controlled rotations, brightness adjustments, and mild affine transformations—was 

applied exclusively to the training set to improve model generalization while preserving 

anatomical plausibility. 

3.2. Performance Analysis of Decision Tree-CNN Hybrid Model 

The hybrid model combining Decision Tree (DT) and Convolutional Neural Network 

(CNN) leverages the strengths of both feature-based and deep learning approaches, 
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demonstrating robust performance across various evaluation metrics. Figure 2 (Training and 

Validation Accuracy Curves) reveals that the model achieves strong convergence with limited 

overfitting, as the validation accuracy remains consistently high relative to the training 

accuracy, indicating effective generalization.  

The plateau in accuracy suggests that further training would not yield significant 

improvements, supporting the use of early stopping [20]. Figure 3 (Confusion Matrix) 

highlights the model’s classification performance, with high diagonal values indicating strong 

true positive rates. However, misclassifications occur primarily between semantically similar 

classes, suggesting that while the model excels in broad class separation, fine-grained 

distinctions remain challenging.  

    
Fig. 2. Training and validation accuracy curves. 

 
Fig. 3. Confusion matrix. 

Figure 4 (Feature Importance from Decision Tree) provides insights into the most 

discriminative features selected by the DT component, enhancing the model’s interpretability 

[21]. The CNN’s ability to extract hierarchical features complements the DT’s rule-based 

decisions, improving overall reliability.  

Figure 5 (ROC Curves) demonstrates the model’s strong binary classification 

performance, with Area Under the Curve (AUC) values exceeding 0.90 for most classes, 

confirming excellent discriminative power [22].  

Similarly, Fig. 6 (Precision-Recall Curves) reinforces the model’s robustness, particularly 

in imbalanced datasets, as it maintains high precision across varying recall levels. 
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            Fig. 4. Feature importance.                                       Fig. 5. ROC curve. 

 
Fig. 6. Precision-recall curves.                         Fig. 7. Computational efficiency comparison. 

Figure 7 (Computational Efficiency Comparison) illustrates the training time required 

by the DT-CNN hybrid model. The hybrid model achieves high performance with a 

reasonable computational cost during training. Finally, Fig. 8 (Confusion Matrix) presents the 

confusion matrix of the final test split, supporting the overall performance interpretation of 

the DT-CNN hybrid model. 

In conclusion, the Decision Tree-CNN hybrid model effectively integrates interpretable 

feature selection with deep learning’s representational power, achieving high accuracy, 

computational efficiency, and generalization. Future research could explore ensemble 

techniques to further enhance performance in complex classification tasks. 

3.3. Performance Analysis of Decision Tree-HOG Hybrid Model 

Decision Tree-HOG hybrid model analysis is visualized through various figures, 

illustrating the model's performance and characteristics. This model combines a decision tree 

classifier with the Histogram of Oriented Gradients (HOG) feature extractor. The model 

performs classification by extracting HOG features from images using the decision tree 

algorithm. 

Figure 9 presents a bar chart comparing precision, recall, and F1-score for cyst-free and 

cystic image classes. The metrics indicate that the model performs better in classifying cyst-

free images, achieving higher precision (0.84), recall (0.88), and F1-score (0.86). In contrast, the 
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values for cystic images are lower (precision: 0.74, recall: 0.67, F1-score: 0.71), suggesting that 

the model is more effective in identifying cyst-free images. 

 
Fig. 8. Confusion matrix. 

 
Fig. 9. Class-wise metrics. 

Figure 10 displays the confusion matrix of the Decision Tree model, highlighting true 

positive and false positive counts for each class. The matrix reveals that the model correctly 

identifies 129 cyst-free images but misclassifies 17 cyst-free images as cystic. This imbalance 

indicates a bias towards cyst-free images and suggests that further adjustments are needed to 

improve predictions for cystic images. 

 
Fig. 10. Confusion matrix. 
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Figure 11 shows the learning curve, depicting the variation in training and validation 

accuracy with respect to the size of the training dataset. While the training accuracy 

consistently remains at 1.00, the validation accuracy fluctuates between 0.75 and 0.80. This 

discrepancy implies that the model, despite its excellent performance on training data, exhibits 

inconsistency on validation data, indicating a potential overfitting issue. 

 
Fig. 11. Learning curve. 

Figure 12 provides a bar chart of overall performance metrics, including accuracy (0.813), 

precision (0.742), recall (0.671), and F1-score (0.705). These metrics offer a comprehensive view 

of the model's effectiveness and highlight areas, particularly recall, where improvements are 

necessary. 

 
Fig. 12. Performance metrics. 

Figure 13 illustrates the Receiver Operating Characteristic (ROC) curve with an Area 

Under the Curve (AUC) value of 0.78. The curve demonstrates the model's ability to 

distinguish between cyst-free and cystic images, with the AUC indicating good performance. 

However, enhancements are needed to achieve higher discriminative capability. Figure 

14 presents the class distribution using a pie chart and bar graph.  

The dataset is imbalanced, with 71.1% of samples being cyst-free images and 28.9% cystic 

images. This imbalance can affect model performance, necessitating additional techniques to 

handle the skewed data effectively. 
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Fig. 13. ROC curve. 

 
Fig. 14. Class distribution. 

During the training process, images labeled as cystic and cyst-free were loaded, and 

HOG feature extraction was performed to create a unified dataset. After splitting the data into 

training and test sets, the decision tree model was trained and evaluated on the test set. The 

cv2.HOGDescriptor function was utilized for feature extraction, and the model achieved an 

accuracy of 81.3% [23]. 

Figure 15 showcases a scatter plot of Principal Component Analysis (PCA) results, 

displaying the distribution of data points across two principal components (PC1=0.22, 

PC2=0.14).  

 
Fig. 15. PCA results. 
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These components together explain 36% of the dataset’s variance, providing partial but 

useful separation between cyst-present and cyst-free cases. The plot reveals distinct clusters for 

cyst-free and cystic images, suggesting that the model effectively separates classes based on 

these components. 

In conclusion, the Decision Tree-HOG hybrid model demonstrates promising 

performance, particularly for cyst-free images. However, the analysis underscores the need to 

address class imbalance and reduce overfitting to enhance overall model efficacy. Reviewing 

the code indicates that further optimization is required to tackle these challenges and improve 

the model's generalization capabilities. 

3.4. Performance Analysis of Decision Tree-Logistic Regression Hybrid Model 

Although the dataset is imbalanced (Fig. 13), the DT-LR hybrid maintains balanced 

precision and recall for both classes (Fig. 15). This class imbalance may adversely affect the 

model's performance, emphasizing the need for techniques specifically designed to address 

imbalanced data [24]. 

Figure 16 displays the precision, recall, and F1-score for both classes. The results 

demonstrate high performance across both classes, with cyst-free images (class 0) achieving 

precision, recall, and F1-scores of 0.98, 0.97, and 0.97, respectively. Meanwhile, cyst-present 

images (class 1) achieve scores of 0.93, 0.96, and 0.95. These values suggest that the hybrid 

model is proficient at accurately classifying instances from both classes, indicating balanced 

model performance. 

 
Fig. 16. Class wise metrics. 

Figure 17 presents a confusion matrix, illustrating that the model correctly classifies 141 

instances of cyst-free images (class 0), while 5 instances are erroneously classified as cyst-

present images (class 1). This observation reflects a high true positive rate for cyst-free images. 

However, the absence of detailed information on cyst-present misclassifications implies the 

necessity for a more comprehensive evaluation to ensure reliable classification performance 

for both image types. 

Figure 18 shows the learning curve, where the training accuracy consistently remains at 

1.00, while validation accuracy improves from 0.86 to 0.97 as the training size increases. This 

trend suggests that the model exhibits robust generalization to new data, with minimal risk of 

overfitting, as indicated by the steady improvement in validation accuracy with larger training 

sets. 
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Fig. 17. Confusion matrix. 

 
Fig. 18. Learning curve. 

Figure 19 features a bar chart displaying the overall performance metrics, including 

accuracy (0.963), precision (0.933), recall (0.959), and F1-score (0.946). These metrics 

demonstrate that the model maintains a high level of balanced performance, excelling in both 

precision and recall, which underscores its effectiveness in accurately distinguishing between 

cyst-free and cyst-present images. 

 
Fig. 19. Performance metrics. 

Figure 20 depicts the Receiver Operating Characteristic (ROC) curve, with an Area 

Under the Curve (AUC) value of 1.00. The high AUC value demonstrates strong 
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discriminative capability of the model; however, external validation with a larger dataset is 

recommended to confirm this result, as reflected in the ROC curve's trajectory towards the 

top-left corner of the plot. 

 
Fig. 20. ROC curve. 

Figure 21 presents a scatter plot depicting the Principal Component Analysis (PCA) 

results, showcasing the distribution of data points across two principal components. The 

explained variance, with PC1 at 0.18 and PC2 at 0.09, captures a meaningful portion of the 

data’s variability, allowing partial separation between cyst-free and cyst-present images. The 

plot clearly displays distinct clusters for cyst-free and cyst-present images, indicating the 

model's effectiveness in differentiating between these classes based on the extracted features. 

 
Fig. 21. PCA results. 

In conclusion, the Decision Tree-Logistic Regression hybrid model exhibits outstanding 

performance across various evaluation metrics and visualization techniques. The analysis 

demonstrates the model's capacity to manage class imbalance, generalize effectively to new 

data, and achieve high accuracy, precision, recall, and F1-scores. Additionally, the ROC curve 

and PCA scatter plot reinforce the model's robustness in distinguishing between cyst-free and 

cyst-present images, emphasizing its reliability and efficacy for classification tasks. 

3.5. Performance Comparison of Hybrid Models 

The performance comparison of the three hybrid models (Decision Tree-CNN, Decision 

Tree-HOG, and Decision Tree-Logistic Regression) for medical image classification highlights 
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significant differences in their characteristics, strengths, and limitations, see Table 1. Each 

model employs distinct feature extraction methods combined with decision tree-based 

classification, resulting in varied accuracies, generalization capabilities, and robustness when 

dealing with class imbalance. 
Table 1. Comparison of the three hybrid models in terms of feature extraction. 

Model Feature Extractor 
DT Input 

Dimensionality 
Accuracy Strengths Weaknesses 

DT-CNN 
Deep CNN latent 

features 
64 0.98 

High-level texture 
representation, strong 

generalization 

Slight risk of 
overfitting 

without 
regularization 

DT-HOG 
HOG gradient 

features 
3780 0.813 Fast, low computational cost 

Limited feature 
richness, weaker 

on subtle 
patterns 

DT-LR 
Logistic Regression 
probability space 

2 0.963 
Balanced performance, robust 

to class imbalance 

Depending on 
LR feature 

quality 

 

Regarding performance and accuracy, the Decision Tree-Logistic Regression model 

demonstrates the highest test-set accuracy (96.3%), whereas the DT-CNN model achieved the 

highest validation accuracy (98%). 

The CNN-based hybrid model also displays robust accuracy and generalization, as 

evidenced by its minimal overfitting and strong validation accuracy, closely aligning with the 

training accuracy (Fig. 2). In contrast, the HOG-based model yields a lower accuracy of 81.3% 

(Fig. 12), primarily due to its sensitivity to image variations and the challenges associated with 

extracting features from complex patterns. Notably, the hierarchical feature extraction 

capability of CNN contributes to superior performance in nuanced image classification tasks 

compared to the HOG descriptor, which primarily captures localized features. 

A major challenge in hybrid modeling is to maintain generalization while avoiding 

overfitting. The Decision Tree-Logistic Regression hybrid model exhibits exceptional 

generalization ability, as the validation accuracy improves with the increase in training data 

size (Fig. 19). In contrast, the Decision Tree-CNN model displays stable validation accuracy, 

indicating balanced learning (Fig. 1). However, the Decision Tree-HOG model struggles with 

generalization, as demonstrated by fluctuating validation accuracy, suggesting a tendency to 

overfit the training data (Fig. 11). Class imbalance presents a significant issue in medical image 

classification, as minority classes often experience poorer classification outcomes. The 

Decision Tree-Logistic Regression model addresses this problem effectively, achieving 

balanced precision, recall, and F1-scores for both cyst-free and cyst-present classes (Fig. 17). 

Conversely, the Decision Tree-HOG model displays a bias towards cyst-free images, as 

reflected in the disparity between the two classes' metrics (Fig. 9). Although the CNN hybrid 

model is not explicitly designed to manage class imbalance, it maintains relatively stable 

performance due to its adaptive feature extraction approach. 

Efficiency in feature extraction is a critical factor influencing the model's performance 

and computational efficiency. The CNN-based model excels in this aspect by effectively 

capturing both low- and high-level image features, leading to enhanced accuracy (Fig. 5). The 
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Decision Tree-HOG model, although computationally efficient, lacks the representational 

richness of CNN, limiting its capacity to detect complex visual patterns (Fig. 13). In contrast, 

the Decision Tree-Logistic Regression model benefits from a simpler feature representation 

and efficient learning, which significantly contributes to its remarkable performance and 

stability. 

Model robustness and stability are essential for reliable evaluation, particularly across 

different data splits. The Decision Tree-Logistic Regression model shows minimal variance in 

cross-validation accuracy, demonstrating its resilience to data variability (Fig. 18). The CNN 

hybrid model also produces consistent results, indicating that combining CNN with a decision 

tree helps mitigate overfitting while enhancing interpretability. On the other hand, the HOG-

based model shows inconsistencies, particularly when the dataset contains images with 

varying qualities or structural complexities (Fig. 11). 

From an interpretability perspective, CNN-based models are often perceived as black 

boxes. However, integrating a decision tree enhances interpretability by providing feature 

importance metrics (Fig. 4). While the Decision Tree-HOG model also offers interpretability 

through HOG feature visualization, its practical application is constrained by its lower 

accuracy. The Decision Tree-Logistic Regression hybrid effectively balances accuracy with 

interpretability, making it a viable option for clinical applications where comprehending 

model decisions is crucial. 

In conclusion, the Decision Tree-Logistic Regression hybrid model outperforms the 

other two hybrids in terms of accuracy, generalization, and handling class imbalance. Despite 

being slightly less accurate, the CNN-based hybrid model remains a robust option for complex 

image classification tasks. Although the Decision Tree-HOG model is computationally 

efficient and interpretable, it requires further optimization to achieve performance comparable 

to the other models. Future research could focus on developing ensemble techniques or 

employing advanced feature extraction methods to improve model performance in complex 

medical image classification scenarios. Representative code fragments for the three hybrid 

pipelines can be found in Appendix A. 

4. DISCUSSION 

The comparative analysis of the three hybrid models (Decision Tree-CNN, Decision 

Tree-HOG, and Decision Tree-Logistic Regression) for medical image classification reveals 

that the Decision Tree-Logistic Regression model outperforms the other two in terms of 

accuracy, generalization, and robustness to class imbalance. The Decision Tree-CNN model, 

while highly accurate and efficient, demonstrates slightly lower stability compared to the 

Decision Tree-Logistic Regression model, whereas the Decision Tree-HOG model, despite its 

computational efficiency, struggles with generalization and class imbalance issues. 

The superior performance of the Decision Tree-Logistic Regression hybrid model can be 

attributed to its ability to balance the interpretability of decision trees with the probabilistic 

modeling of logistic regression. This model achieved an accuracy of 96.3%, which is 

significantly higher than the Decision Tree-HOG model (81.3%) and comparable to the 

Decision Tree-CNN model. Moreover, the model’s robustness in handling class imbalance is 

noteworthy, as it achieves balanced precision, recall, and F1-scores for both cyst-free and cyst-

present classes [25]. This robustness makes the model particularly suitable for medical 

applications where class distribution often skews towards non-pathological cases [26]. 
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In contrast, the Decision Tree-CNN model excels in capturing hierarchical features, 

making it highly effective for complex pattern recognition tasks. The integration of CNN’s 

deep learning capabilities with the decision tree's interpretability contributes to a well-

rounded model that balances accuracy and computational efficiency. However, the model’s 

generalization capacity, although robust, does not surpass that of the Decision Tree-Logistic 

Regression hybrid. This difference could be due to the CNN component’s sensitivity to 

training data variations, which sometimes leads to slight overfitting despite the use of 

techniques such as early stopping [27]. 

The Decision Tree-HOG hybrid model, while computationally efficient due to the 

simplicity of HOG features, falls short in accuracy and generalization when compared to the 

other hybrids. HOG features, being primarily edge-based, may not capture subtle texture 

differences essential in medical imaging [28]. This limitation is evident in the model’s lower 

recall for cystic images, suggesting that the HOG descriptor lacks the representational depth 

necessary for distinguishing between similar pathological and non-pathological regions [29]. 

Additionally, the model exhibits overfitting, as evidenced by significant fluctuations in 

validation accuracy, indicating that the decision tree component struggles to generalize from 

HOG-derived features. 

One notable finding across all three models is the challenge posed by class imbalance. In 

medical image classification, where positive cases (e.g., cyst-present) are often fewer than 

negative cases, achieving high recall without sacrificing precision is challenging. The Decision 

Tree-Logistic Regression model effectively addresses this issue by maintaining balanced 

metrics, whereas the Decision Tree-HOG model shows bias towards non-pathological images 

[30]. Integrating advanced data balancing techniques, such as synthetic minority over-

sampling (SMOTE), could potentially enhance the HOG-based model’s performance. 

Overall, while the Decision Tree-Logistic Regression model stands out for its accuracy 

and robustness, the Decision Tree-CNN hybrid model remains highly competitive, especially 

for tasks requiring complex feature extraction. The Decision Tree-HOG model, despite its 

limitations, may still find applications where computational efficiency is paramount. Future 

research should investigate ensemble techniques that combine the strengths of these hybrids 

to create a more versatile and adaptive classification model. 

Although hybrid models improve accuracy by combining complementary algorithms, 

they also introduce certain limitations. First, the overall pipeline becomes more complex, 

which increases computational cost and reduces model transparency. Second, the 

performance of the hybrid classifier strongly depends on the quality of the feature extractor; 

if the extracted features are suboptimal (e.g., HOG on subtle lesions), the Decision Tree cannot 

compensate. Finally, hybrid methods may require additional hyperparameter tuning to 

maintain generalization across different datasets. 

Additionally, the incorporation of advanced data augmentation and balancing methods 

could further enhance model reliability in real-world medical imaging tasks. 

5. CONCLUSIONS 

In this paper, we conducted a comprehensive comparative analysis of three hybrid 

classification models—Decision Tree-CNN, Decision Tree-HOG, and Decision Tree-Logistic 

Regression—targeted toward cyst detection in medical imaging. Each hybrid architecture 

exhibited distinct methodological advantages and inherent limitations contingent upon the 
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selected feature extraction and classification paradigms. 

Despite the DT-CNN achieving the highest validation accuracy (98%), the Decision Tree-

Logistic Regression hybrid model demonstrated superior overall performance, attaining an 

accuracy of 96.3%, along with exceptional generalization capacity and resilience to class 

imbalance, common challenges in clinical datasets characterized by disproportionate 

distributions of pathological and non-pathological cases [31]. The synergistic integration of 

interpretable decision tree partitioning with probabilistic modeling via logistic regression 

enabled effective modeling of heterogeneous data structures, underscoring its suitability for 

deployment in clinical decision-support environments where both diagnostic precision and 

model transparency are indispensable. 

The Decision Tree-CNN hybrid model exhibited robust proficiency in capturing 

hierarchical and complex visual patterns inherent to medical imaging modalities such as MRI 

and CT [32]. Although its classification accuracy marginally trailed that of the Logistic 

Regression hybrid, its aptitude for extracting subtle textural and structural features 

underscores its applicability in nuanced diagnostic scenarios involving visually ambiguous 

lesions. The complementarity between CNN’s deep representational capacity and the decision 

tree’s rule-based interpretability renders this model highly promising for large-scale, multi-

modal clinical imaging datasets. 

Conversely, while the Decision Tree-HOG hybrid model offered advantages in 

computational efficiency and interpretability, its reliance on edge-oriented features 

constrained its discriminative capacity, particularly in differentiating fine-grained 

pathological variations critical to accurate cyst detection. Despite its lower accuracy (81.3%), 

this model may retain utility in preliminary screening applications or computationally 

constrained clinical environments, albeit requiring significant methodological refinements to 

reach diagnostic-grade performance standards. 

Beyond model-specific findings, this investigation highlights several critical 

implications for future research. First, hybridization of deep learning with classical machine 

learning paradigms offers a compelling strategy for balancing predictive performance with 

interpretability, a requisite in medical applications where model decisions directly inform 

clinical interventions. Second, addressing class imbalance remains a persistent challenge; 

while the Logistic Regression hybrid effectively mitigated this issue, integrating advanced 

oversampling techniques (e.g., SMOTE) and domain-specific data augmentation strategies 

may further enhance model robustness across all architectures. Finally, exploration of 

ensemble meta-learning frameworks and adaptive feature selection methodologies holds 

promise for elevating both generalization performance and diagnostic reliability, particularly 

in heterogeneous or limited sample settings. 

In summation, while no single hybrid model demonstrates universal optimality across 

all medical imaging contexts, the deliberate integration of complementary methodologies, 

informed feature engineering, and targeted optimization may yield highly performant, 

interpretable, and clinically viable classification systems. As the scope and complexity of 

medical imaging data continue to expand, such hybridized frameworks stand poised to 

contribute substantively to advancing diagnostic precision, alleviating clinician burden, and 

ultimately improving patient care outcomes. 
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Appendix A – Code Snippets: This section provides concise code excerpts illustrating the 

implementation steps of the three hybrid models used in this paper. These snippets represent 

abbreviated versions of the full code and are intended to demonstrate the practical 

applicability of the experimental workflow. 

A.1. Decision Tree–CNN Hybrid (DT–CNN) 

# CNN feature extraction 

feature_extractor = tf.keras.Model( 

    inputs=cnn_model.input, 

    outputs=cnn_model.layers[-3].output 

) 

train_features = feature_extractor.predict(X_train) 

test_features  = feature_extractor.predict(X_test) 

 

# Decision Tree classifier on CNN features 

dt_model = DecisionTreeClassifier(random_state=42) 

dt_model.fit(train_features, y_train) 

dt_pred = dt_model.predict(test_features) 

A.2. Decision Tree–HOG Hybrid (DT–HOG) 

# HOG descriptor for 128×128 MRI slices 

hog = cv2.HOGDescriptor( 

    _winSize=(128, 128), 

    _blockSize=(64, 64), 
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    _blockStride=(32, 32), 

    _cellSize=(32, 32), 

    _nbins=9, 

) 

def hog_descriptor(img): 

    return hog.compute(img).flatten() 

# HOG feature extraction and Decision Tree training 

X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=0.2, 

                                                    random_state=42) 

dt_model = DecisionTreeClassifier(random_state=42) 

dt_model.fit(X_train, y_train) 

A.3. Logistic Regression–Decision Tree Hybrid (LR–DT) 

# Flattened and normalized 128×128×3 MRI pixels 

X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=0.2, 

                                                    random_state=42) 

lr_model = LogisticRegression(random_state=42, max_iter=1000) 

dt_model = DecisionTreeClassifier(random_state=42) 

# Soft-voting hybrid of Logistic Regression and Decision Tree 

hybrid_model = VotingClassifier( 

    estimators=[('lr', lr_model), ('dt', dt_model)], 

    voting='soft' 

) 

hybrid_model.fit(X_train, y_train) 

hybrid_pred = hybrid_model.predict(X_test) 

 


