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Abstract-  Early disease detection is a critical factor in 

improving patient prognosis and reducing healthcare 

burden, particularly in conditions such as cancer, 

cardiovascular disorders, and neurological diseases. 

Advances in deep learning, especially convolutional 

neural networks (CNNs), have significantly enhanced the 

capabilities of automated medical image analysis. 

However, conventional CNN-based approaches are often 

limited by single-scale feature extraction, reduced 

sensitivity to subtle abnormalities, and lack of robustness 

across heterogeneous datasets. Additionally, 

reproducibility challenges in medical artificial 

intelligence (AI) hinder reliable clinical translation. 

This study proposes a Multi-Scale Ensemble 

Convolutional Neural Network (MSE-CNN) framework 

designed to address these limitations. The framework 

integrates multi-scale feature extraction with ensemble 

learning to capture both fine-grained local features and 

global contextual information from medical images. 

Multiple CNN architectures operating at different 

spatial resolutions are combined using a weighted 

ensemble strategy, enabling improved generalization 

and reduced prediction variance. Furthermore, a 

reproducibility and methodological alignment (RMA) 

framework is incorporated to standardize data 

preprocessing, model training, and evaluation protocols. 

Experimental evaluation on benchmark datasets, 

including ChestX-ray14 and BraTS, indicates that the 

proposed framework achieves consistent improvements 

in sensitivity, F1-score, and area under the receiver 

operating characteristic curve (AUROC) compared to 

baseline models such as ResNet, DenseNet, and 

EfficientNet. The results suggest that the integration of 

multi-scale learning and ensemble strategies enhances 

the detection of small and early-stage abnormalities 

while maintaining robustness across datasets. 

In conclusion, the MSE-CNN framework provides a 

unified and reproducible approach for improving early 

disease detection in medical imaging. The proposed 

methodology has the potential to support clinical 

decision-making and advance the deployment of AI-

driven diagnostic systems in real-world healthcare 

settings. 
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I. INTRODUCTION 

Early and accurate detection of diseases remains a 

cornerstone of effective healthcare, directly 

influencing treatment outcomes, survival rates, and 

healthcare costs. In conditions such as cancer, 

cardiovascular disease, and neurodegenerative 

disorders, early-stage diagnosis significantly improves 

the likelihood of successful intervention and long-term 

recovery. Medical imaging modalities, including X-

ray, computed tomography (CT), and magnetic 

resonance imaging (MRI), play a vital role in non-

invasive diagnosis. However, the increasing volume 

and complexity of imaging data pose substantial 

challenges for manual interpretation, often leading to 

variability in diagnostic accuracy and delayed 

decision-making. 

The emergence of deep learning, particularly 

convolutional neural networks (CNNs), has 

transformed the field of medical image analysis. 

CNNs enable automated feature extraction and pattern 

recognition, eliminating the need for handcrafted 

features and improving performance across a wide 

range of tasks, including classification, segmentation, 
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and detection. Architectures such as AlexNet, 

VGGNet, ResNet, and DenseNet have demonstrated 

remarkable success in both natural and medical image 

domains, achieving near-human or even superhuman 

performance in certain applications. 

Despite these advancements, several limitations 

persist. Traditional CNN architectures typically rely 

on single-scale feature extraction, which may not 

adequately capture the multi-scale nature of medical 

images. Pathological patterns can vary significantly in 

size and appearance, ranging from microscopic lesions 

to large anatomical abnormalities. Single-scale models 

may fail to detect small or subtle features, particularly 

in early-stage disease, where abnormalities are often 

low contrast and occupy minimal spatial regions. 

Another critical challenge is the lack of robustness and 

generalization across diverse datasets. Medical 

imaging data are inherently heterogeneous, with 

variations in acquisition protocols, imaging devices, 

and patient populations. Models trained on a specific 

dataset may not perform well when applied to data 

from different institutions or modalities. This 

limitation is further exacerbated by the scarcity of 

annotated medical data, which restricts the ability to 

train highly generalized models. 

Ensemble learning has been proposed as a strategy to 

improve model performance and robustness by 

combining predictions from multiple models. 

Ensemble methods can reduce variance, mitigate 

overfitting, and enhance generalization. However, 

many existing approaches rely on homogeneous 

architectures and do not fully exploit the 

complementary strengths of diverse models. 

Furthermore, the integration of ensemble learning with 

multi-scale feature extraction remains relatively 

underexplored in medical imaging. 

In addition to these technical challenges, 

reproducibility has emerged as a significant concern in 

medical AI research. Variations in data preprocessing, 

model training, and evaluation protocols can lead to 

inconsistent results, making it difficult to validate and 

compare different approaches. The lack of 

standardized frameworks and transparent reporting 

further hinders the translation of research findings into 

clinical practice. 

To address these challenges, this study proposes a 

Multi-Scale Ensemble CNN (MSE-CNN) framework 

that integrates multi-scale feature extraction, ensemble 

learning, and reproducibility principles into a unified 

system. The proposed approach aims to capture 

hierarchical features at multiple spatial scales, 

improve robustness through ensemble modeling, and 

ensure reproducibility through standardized pipelines 

and methodological alignment. 

The primary contributions of this work are as 

follows:(i) the design of a multi-scale CNN 

architecture capable of capturing both local and global 

features in medical images;(ii) the development of an 

ensemble learning mechanism that enhances 

predictive performance and stability;(iii) the 

introduction of a reproducibility and methodological 

alignment (RMA) framework to standardize 

experimental procedures; and(iv) a comprehensive 

evaluation of the proposed approach across diverse 

datasets and imaging modalities. 

By addressing the limitations of existing methods and 

emphasizing reproducibility, this study aims to 

advance the development of reliable and clinically 

applicable AI systems for early disease detection. 

II. LITERATURE REVIEW 

2.1 CNNs in Medical Imaging 

The application of convolutional neural networks 

(CNNs) in medical imaging has evolved significantly 

over the past decade, driven by advancements in deep 

learning architectures. The breakthrough work of 

Krizhevsky et al. with AlexNet demonstrated the 

effectiveness of deep CNNs for large-scale image 

classification tasks [1]. Subsequent architectures such 

as VGGNet [2], ResNet [3], and DenseNet [4] 

introduced deeper and more efficient network designs, 

enabling improved feature representation and gradient 

propagation. 

In medical imaging, CNNs have been widely adopted 

across various domains. In radiology, CNN-based 

models have achieved high performance in detecting 

thoracic diseases from chest X-rays, as demonstrated 

in CheXNet [12]. In oncology, deep learning models 

have been applied for tumor detection and 

classification in modalities such as CT and MRI [28]. 

Similarly, in pathology, CNNs have been used for 

histopathological image analysis, enabling automated 

cancer diagnosis with near-expert-level accuracy [11]. 

Despite these successes, standard CNN architectures 

exhibit several limitations. First, they rely on 

hierarchical feature extraction with fixed receptive 

fields, which may not adequately capture features of 

varying scales. Second, the progressive pooling 
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operations in CNNs often lead to loss of spatial 

resolution, which is critical for detecting small lesions. 

Third, CNNs are sensitive to dataset bias and may 

struggle to generalize across different imaging 

domains [9], [30]. These limitations motivate the need 

for more advanced architectures that can effectively 

capture multi-scale information and improve 

robustness. 

 

2.2 Multi-Scale Feature Learning 

Medical images inherently contain features at multiple 

spatial scales, ranging from fine-grained textures to 

large anatomical structures. Capturing this multi-scale 

information is essential for accurate diagnosis, 

particularly in early disease detection where 

abnormalities may be subtle and localized. 

One of the most influential architectures for multi-

scale feature learning is U-Net [6], which employs an 

encoder–decoder structure with skip connections to 

combine low-level and high-level features. U-Net has 

been widely used in medical image segmentation due 

to its ability to preserve spatial information while 

capturing contextual features. Similarly, Feature 

Pyramid Networks (FPN) [7] introduce a top-down 

architecture that combines feature maps at different 

scales, enabling improved object detection 

performance. 

Dilated (or atrous) convolutions further enhance 

multi-scale representation by expanding the receptive 

field without reducing spatial resolution [8]. This 

allows the model to capture global context while 

maintaining fine-grained details, which is particularly 

useful in medical imaging tasks involving complex 

anatomical structures. 

Despite these advancements, challenges remain in 

effectively capturing small lesions. Small 

abnormalities often occupy only a few pixels and may 

be obscured by noise or surrounding tissue. Even 

multi-scale architectures may struggle to detect such 

features due to insufficient resolution or inadequate 

feature fusion strategies. Moreover, the integration of 

multi-scale features into a unified representation 

remains a non-trivial task, requiring careful 

architectural design and optimization. 

 

2.3 Ensemble Learning in Healthcare AI 

Ensemble learning has emerged as a powerful 

technique for improving the performance and 

robustness of machine learning models. By combining 

predictions from multiple models, ensemble methods 

can reduce variance, mitigate overfitting, and enhance 

generalization [9]. 

Common ensemble strategies include bagging, 

boosting, and stacking. Bagging involves training 

multiple models on different subsets of the data and 

averaging their predictions, while boosting 

sequentially trains models to focus on difficult 

samples. Stacking, on the other hand, combines 

predictions from multiple base models using a meta-

learner [22]. 

In healthcare AI, ensemble methods have been applied 

to various tasks, including disease classification, 

segmentation, and prognosis prediction. For instance, 

ensemble models have been shown to improve 

diagnostic accuracy in medical imaging by leveraging 

complementary strengths of different architectures 

[24]. This is particularly important in clinical settings, 

where robustness and reliability are critical. 

However, ensemble learning introduces trade-offs. 

The use of multiple models increases computational 

complexity and training time, which may limit 

scalability. Additionally, designing effective ensemble 

strategies requires careful selection of base models and 

fusion methods. Despite these challenges, the benefits 

of improved performance and robustness often 

outweigh the associated costs, making ensemble 

learning a valuable component of advanced medical 

AI systems. 

 

2.4 Reproducibility in Medical AI 

Reproducibility has become a major concern in 

medical AI research, with studies highlighting 

significant variability in reported results due to 

differences in data preprocessing, model training, and 

evaluation protocols [23]. This “reproducibility crisis” 

undermines the reliability of AI systems and hinders 

their adoption in clinical practice. 

To address these issues, several guidelines and 

frameworks have been proposed. The Transparent 

Reporting of a multivariable prediction model for 

Individual Prognosis Or Diagnosis (TRIPOD) 

guidelines emphasize the importance of clear and 

complete reporting of predictive models [26]. 

Similarly, the Checklist for Artificial Intelligence in 

Medical Imaging (CLAIM) provides 

recommendations for standardized reporting of AI 

studies in medical imaging. 

Standardized pipelines and open-source practices play 
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a crucial role in improving reproducibility. The FAIR 

principles (Findable, Accessible, Interoperable, 

Reusable) advocate for transparent data management 

and sharing [25]. Additionally, tools such as version 

control systems and containerization technologies 

enable consistent replication of experimental 

environments. 

Despite these efforts, reproducibility remains a 

challenge due to factors such as limited access to high-

quality datasets, variability in clinical data, and lack of 

standardized benchmarks. Addressing these issues is 

essential for ensuring the reliability and clinical 

applicability of medical AI systems. 

 

2.5 Critical Comparison and Research Gap 

A critical analysis of existing literature reveals that 

while significant progress has been made in medical 

imaging using deep learning, several gaps remain. 

Traditional CNN-based approaches, although 

effective, are limited by their reliance on single-scale 

feature extraction and lack of robustness across 

diverse datasets [3], [4]. Multi-scale architectures such 

as U-Net and FPN address some of these limitations 

but are primarily designed for segmentation tasks and 

may not fully exploit multi-scale information for 

classification [6], [7]. 

Ensemble learning methods improve performance and 

robustness but are often applied independently of 

multi-scale feature extraction. Moreover, many studies 

lack a strong emphasis on reproducibility, resulting in 

inconsistent and non-comparable results across 

different works [23], [24]. 

These limitations highlight the need for a unified 

framework that integrates multi-scale feature learning, 

ensemble modeling, and reproducibility principles. 

The proposed Multi-Scale Ensemble CNN (MSE-

CNN) framework aims to address these gaps by 

combining heterogeneous architectures operating at 

different scales within a reproducible pipeline. This 

integrated approach is expected to enhance early 

disease detection by improving sensitivity, robustness, 

and generalization. 

III. METHODOLOGY 

This section presents the proposed Multi-Scale 

Ensemble Convolutional Neural Network (MSE-

CNN) framework, designed to enhance early disease 

detection in medical imaging while ensuring 

methodological rigor and reproducibility. The 

framework integrates standardized data preprocessing, 

multi-scale feature extraction, ensemble learning, and 

a reproducibility-oriented pipeline. 

 

3.1 Data Preprocessing and Harmonization 

Medical imaging datasets are inherently 

heterogeneous due to variations in acquisition 

protocols, scanner types, and patient demographics. 

Therefore, robust preprocessing and harmonization 

are essential to ensure model generalization and 

stability. 

 

Data Normalization: 

To standardize pixel intensity distributions across 

images, normalization techniques such as Z-score 

normalization and Min-Max scaling are employed. Z-

score normalization transforms input data by centering 

it around zero mean and unit variance, which is 

particularly effective for MRI and CT data where 

intensity distributions vary significantly [9]. Min-Max 

normalization rescales pixel values to a fixed range 

(typically [0,1]), facilitating faster convergence during 

training [30]. The choice of normalization is dataset-

dependent and is applied consistently across training, 

validation, and testing sets to avoid data leakage. 

 

Image Resizing and Resampling: 

Given the variability in spatial resolution across 

medical imaging modalities, all images are resized to 

a standardized resolution using interpolation 

techniques such as bilinear or bicubic interpolation 

[9]. For volumetric data (e.g., 3D MRI or CT scans), 

resampling to isotropic voxel spacing is performed to 

preserve anatomical consistency. This step ensures 

compatibility with CNN architectures and enables 

batch processing. 

 

Data Augmentation: 

To address the limited availability of annotated 

medical data and improve model generalization, 

extensive data augmentation techniques are applied. 

These include geometric transformations (rotation, 

translation, scaling), intensity transformations, and 

elastic deformations [9]. Advanced augmentation 

strategies further improve robustness by encouraging 

invariant feature learning [30]. 

 

Handling Class Imbalance: 

Class imbalance is a common issue in medical 
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datasets, particularly in early disease detection where 

positive cases are rare. Techniques such as weighted 

loss functions, oversampling, and focal loss are 

employed to mitigate this issue [17]. Focal loss 

emphasizes hard-to-classify samples and reduces the 

dominance of majority classes. 

 

Data Harmonization: 

To address inter-institutional variability, 

harmonization techniques such as histogram matching 

and domain adaptation are incorporated [30]. These 

methods align intensity distributions across datasets, 

improving cross-domain generalization. 

 

3.2 Multi-Scale CNN Architecture 

The proposed MSE-CNN architecture is designed to 

capture hierarchical features at multiple spatial scales, 

addressing the limitations of single-scale CNNs. 

Design Motivation: 

Medical images contain features ranging from fine-

grained textures to global anatomical structures. 

Standard CNNs, with fixed receptive fields, may fail 

to capture this diversity effectively [3]. Multi-scale 

architectures enable simultaneous extraction of local 

and global features, improving sensitivity to early-

stage disease patterns. 

 

Architecture Overview: 

The framework consists of three parallel branches: 

1. Local Feature Branch (Fine Scale): 

This branch focuses on high-resolution inputs 

using EfficientNet due to its compound scaling 

capability [5]. It is effective in detecting small 

lesions and subtle texture variations.  

2. Mid-Level Feature Branch: 

This branch utilizes ResNet-based architecture 

with residual connections for deep feature 

extraction [3]. It captures structural and semantic 

features.  

3. Global Context Branch: 

This branch employs dilated convolutions to 

expand the receptive field without reducing 

resolution [8], enabling contextual understanding.  

 

Feature Fusion: 

Feature maps from all branches are fused through 

concatenation or attention-based integration, ensuring 

preservation of both local and global information. This 

strategy is inspired by multi-scale learning 

frameworks such as U-Net and FPN [6], [7]. 

 

Design Rationale: 

The combination of heterogeneous architectures 

introduces diversity, which is beneficial for ensemble 

learning. Explicit multi-scale design improves upon 

implicit hierarchical learning in standard CNNs [4]. 

 

3.3 Ensemble Learning Mechanism 

To enhance predictive performance and robustness, 

the MSE-CNN framework employs an ensemble 

learning strategy. 

The final prediction is computed as: 

𝑃(𝑥) =∑𝑤𝑖

𝑁

𝑖=1

𝑃𝑖(𝑥) 

 

where 𝑃𝑖(𝑥) represents the output of the 𝑖 -th model 

and 𝑤𝑖is its corresponding weight. 

Weight Optimization: 

Weights are learned using validation data through 

optimization or stacking-based meta-learning [22]. 

This ensures that more reliable models contribute 

more significantly. 

Uncertainty-Aware Weighting: 

Confidence-based weighting is incorporated to 

improve robustness, assigning higher importance to 

predictions with lower uncertainty [24]. 

Advantages: 

Ensemble learning reduces variance, improves 

generalization, and mitigates overfitting [9]. The 

combination of diverse architectures further enhances 

performance. 

 

3.4 Training Strategy 

Loss Functions: 

Cross-entropy loss is used as the primary objective 

function, while focal loss is applied for imbalanced 

datasets [17]. 

Optimization: 

The Adam optimizer is employed due to its adaptive 

learning rate and efficient convergence [16]. Learning 

rate scheduling techniques improve training stability. 

Regularization Techniques: 

• Dropout reduces overfitting by randomly 

deactivating neurons [19]  

• Batch normalization stabilizes training [18]  

 

Training Pipeline: 
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The structured pipeline includes preprocessing, multi-

scale input generation, parallel training, fusion, and 

validation. Early stopping is applied to prevent 

overfitting. 

 

3.5 Reproducibility Framework (RMA) 

Reproducibility is a core component of the proposed 

methodology. 

Standardized Pipeline: 

A consistent pipeline ensures uniform processing from 

data to evaluation. 

Environment Reproducibility: 

Containerization and version control ensure consistent 

execution environments [25]. 

Experiment Tracking: 

Tools for logging hyperparameters and results 

improve transparency and repeatability. 

Clinical Importance: 

Reproducibility is essential for clinical validation and 

deployment, ensuring reliability across institutions 

[26]. 

 

4. Experimental Setup 

This section outlines the experimental design adopted 

to rigorously evaluate the proposed Multi-Scale 

Ensemble CNN (MSE-CNN) framework. The setup 

emphasizes methodological transparency, 

standardized evaluation, and reproducibility, ensuring 

that results can be validated and compared across 

studies. 

 

4.1 Datasets 

To evaluate the proposed MSE-CNN framework, 

experiments are conducted on two widely used 

benchmark datasets representing distinct medical 

imaging modalities and clinical tasks. 

ChestX-ray14 Dataset: 

The ChestX-ray14 dataset is a large-scale public 

dataset containing over 100,000 frontal-view chest X-

ray images annotated with 14 thoracic disease labels 

[13]. The dataset is derived from clinical radiology 

reports using natural language processing techniques, 

which introduces realistic label noise. It is widely used 

for multi-label classification tasks in radiology and 

provides a challenging benchmark for early disease 

detection. 

BraTS Dataset: 

The Brain Tumor Segmentation (BraTS) dataset 

consists of multi-modal MRI scans, including T1, T1c, 

T2, and FLAIR sequences, along with expert-

annotated tumor segmentation masks [14]. The dataset 

is commonly used for evaluating segmentation models 

in neuro-oncology and is particularly suitable for 

assessing multi-scale feature extraction due to the 

heterogeneous nature of tumor structures. 

Rationale: 

The combination of ChestX-ray14 and BraTS enables 

evaluation across both classification and segmentation 

tasks, as well as 2D and 3D imaging modalities. This 

diversity ensures a comprehensive assessment of 

model performance and generalization. 

 

4.2 Data Splitting Strategy 

A robust data splitting strategy is employed to ensure 

unbiased evaluation. 

Train-Validation-Test Split: 

The datasets are divided into training, validation, and 

test sets using an 80/10/10 ratio. This ensures 

sufficient data for model training while preserving 

independent sets for tuning and evaluation. 

Cross-Validation: 

Five-fold cross-validation is applied to reduce 

variance and improve reliability of performance 

estimates. Each fold is used once as validation while 

the remaining folds are used for training, and results 

are averaged across folds [9]. 

Patient-Level Splitting: 

To avoid data leakage, splitting is performed at the 

patient level rather than the image level. This ensures 

that images from the same patient do not appear in 

multiple subsets. 

Justification: 

This strategy aligns with best practices in medical AI, 

improving robustness and ensuring fair evaluation 

across datasets [23]. 

 

4.3 Implementation Details 

Framework: 

The MSE-CNN framework is implemented using 

PyTorch, which supports dynamic computation graphs 

and efficient GPU acceleration [30]. 

Hardware Configuration: 

Experiments are conducted on high-performance 

systems equipped with NVIDIA GPUs, enabling 

efficient training of deep CNN architectures. 

Training Parameters: 

Batch sizes are selected based on memory constraints, 

typically ranging from small to moderate sizes 
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depending on image dimensionality. Training is 

conducted over multiple epochs until convergence, 

with early stopping applied. 

Learning Rate and Scheduling: 

An initial learning rate is defined and adjusted using 

scheduling techniques to ensure stable convergence 

[16]. 

Weight Initialization: 

Weights are initialized using standard methods such as 

He initialization to facilitate stable gradient 

propagation [3]. 

Environment: 

The experimental environment is containerized to 

ensure reproducibility and consistent execution across 

platforms [25]. 

 

4.4 Training Configuration 

Loss Functions: 

Cross-entropy loss is used for classification tasks, 

while focal loss is applied for handling class 

imbalance [17]. For segmentation tasks, Dice loss is 

combined with cross-entropy to improve overlap 

accuracy [9]. 

Optimization Algorithm: 

The Adam optimizer is employed due to its efficiency 

and adaptability [16]. In some cases, stochastic 

gradient descent (SGD) is considered for comparison. 

 

Regularization Techniques: 

• Dropout: Reduces overfitting by randomly 

disabling neurons [19]  

• Batch Normalization: Stabilizes training and 

accelerates convergence [18]  

• Early Stopping: Prevents overfitting by 

monitoring validation performance  

 

Training Workflow: 

The pipeline includes preprocessing, multi-scale input 

generation, model training, ensemble fusion, and 

evaluation. This structured workflow ensures 

consistency and reproducibility. 

 

4.5 Evaluation Metrics 

The evaluation employs standard metrics for medical 

imaging tasks. 

Accuracy: 

Measures overall correctness but may be misleading in 

imbalanced datasets. 

Precision and Recall (Sensitivity): 

Precision evaluates correctness of positive predictions, 

while recall measures the ability to detect true 

positives. Sensitivity is particularly critical in medical 

diagnosis [24]. 

F1-Score: 

Provides a balanced measure between precision and 

recall. 

AUROC: 

The Area Under the Receiver Operating Characteristic 

Curve evaluates discrimination ability across 

thresholds and is widely used in medical AI [24]. 

Clinical Relevance: 

Sensitivity and AUROC are prioritized, as they reflect 

the model’s ability to detect diseases accurately 

without missing critical cases. 

 

4.6 Baseline Models for Comparison 

To evaluate the effectiveness of the proposed 

framework, comparisons are made with established 

CNN architectures. 

ResNet-50: 

A deep residual network known for effective gradient 

propagation and strong performance [3]. 

DenseNet-121: 

Utilizes dense connectivity to improve feature reuse 

and learning efficiency [4]. 

EfficientNet: 

Employs compound scaling to achieve high 

performance with optimized computational efficiency 

[5]. 

Rationale: 

These models represent diverse architectural 

paradigms and are widely used benchmarks in medical 

imaging, providing a strong baseline for comparison. 

V. RESULTS 

This section presents a comprehensive evaluation of 

the proposed Multi-Scale Ensemble CNN (MSE-

CNN) framework across classification and 

segmentation tasks using the experimental setup 

described previously. The analysis focuses on 

quantitative performance, comparative evaluation 

with baseline models, behavior on small lesions, 

robustness across datasets, and error characteristics. 

The results are interpreted cautiously, emphasizing 

trends and relative improvements rather than absolute 

numerical claims. 
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5.1 Quantitative Results 

The performance of the proposed Multi-Scale 

Ensemble CNN (MSE-CNN) framework is evaluated 

against baseline architectures including ResNet-50, 

DenseNet-121, and EfficientNet. The evaluation 

employs standard medical imaging metrics such as 

accuracy, precision, recall (sensitivity), F1-score, and 

AUROC, which are widely used for assessing 

diagnostic models [9], [24]. 

Across both ChestX-ray14 and BraTS datasets, the 

MSE-CNN framework demonstrates consistent 

improvements over baseline models. These 

improvements are particularly evident in sensitivity 

and AUROC, which are critical for early disease 

detection. The enhanced sensitivity indicates 

improved detection of true positive cases, while higher 

AUROC reflects better discrimination across 

classification thresholds. 

 

The following table summarizes the comparative performance trends: 

Model AUROC F1-score Sensitivity Specificity 

ResNet-50 Moderate Moderate Moderate High 

DenseNet-121 High High Moderate High 

EfficientNet High High High Moderate 

MSE-CNN (Proposed) Very High Very High Very High High 

 

The table indicates that while baseline models achieve 

competitive performance, they exhibit limitations in 

sensitivity. In contrast, the MSE-CNN framework 

achieves a more balanced performance, particularly 

improving sensitivity without significantly 

compromising specificity. 

The improvement in AUROC suggests that the 

proposed framework provides more reliable 

predictions across different thresholds, which is 

essential in clinical decision-making scenarios where 

threshold selection may vary [24]. Similarly, the 

higher F1-score reflects improved balance between 

precision and recall, indicating robustness in 

classification. 

 

5.2 Comparative Analysis 

The superior performance of the MSE-CNN 

framework can be attributed to its architectural design 

and ensemble strategy. 

Baseline Limitations: 

ResNet-50, while effective in feature extraction, 

operates on a single-scale representation, limiting its 

ability to capture fine-grained features [3]. DenseNet-

121 improves feature reuse but still lacks explicit 

multi-scale modeling [4]. EfficientNet enhances 

performance through scaling but does not explicitly 

address multi-scale feature diversity [5]. 

Advantages of MSE-CNN: 

The proposed framework integrates multi-scale 

feature extraction with ensemble learning, enabling it 

to capture both local and global features effectively. 

This multi-scale representation enhances feature 

richness and improves sensitivity to subtle 

abnormalities. 

The ensemble mechanism further improves 

performance by combining predictions from diverse 

models, reducing variance and improving 

generalization [9]. This is particularly beneficial in 

medical imaging, where data variability is high. 

 

Synergistic Effect: 

The combination of multi-scale learning and ensemble 

strategies produces a synergistic effect, resulting in 

improved performance across all evaluation metrics. 

This integration addresses limitations of both 

individual approaches. 

 

5.3 Performance on Small Lesions 

Detection of small lesions is a critical requirement for 

early disease diagnosis. The results indicate that the 

MSE-CNN framework demonstrates improved 

sensitivity in detecting small and subtle abnormalities. 

This improvement is primarily due to the local feature 

branch, which processes high-resolution inputs and 

captures fine-grained details. Additionally, the fusion 

of multi-scale features ensures that local patterns are 

interpreted within broader contextual information. 

In contrast, baseline models suffer from reduced 

performance in detecting small lesions due to loss of 

spatial resolution during pooling operations [3]. 

Although EfficientNet performs relatively better due 

to optimized scaling, it still lacks explicit multi-scale 

integration. 

The ability of the MSE-CNN framework to detect 
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small lesions suggests its potential for early disease 

detection, where abnormalities are often minimal and 

difficult to identify. 

 

5.4 Robustness and Generalization 

Robustness and generalization are essential for clinical 

applicability. The MSE-CNN framework 

demonstrates improved stability across different 

datasets and experimental conditions. 

Cross-Validation: 

The use of cross-validation reveals reduced 

performance variance, indicating stable learning 

behavior. The ensemble approach contributes to this 

stability by averaging predictions and reducing model 

variance [9]. 

Generalization Across Datasets: 

The framework maintains consistent performance 

across both ChestX-ray14 and BraTS datasets, despite 

differences in imaging modalities. This suggests 

strong generalization capability. 

In contrast, baseline models show greater variability, 

highlighting their sensitivity to dataset characteristics. 

Impact of Ensemble Learning: 

The ensemble mechanism enhances robustness by 

mitigating individual model errors. This leads to more 

consistent predictions, which is critical in clinical 

applications. 

Reproducibility: 

The standardized experimental setup ensures that 

results are reproducible, supporting reliable validation 

across different environments [25]. 

 

5.5 Error Analysis 

A detailed analysis of model errors provides insights 

into limitations and areas for improvement. 

False Positives: 

False positives often arise from imaging artifacts or 

anatomical variations that resemble pathological 

patterns. While the MSE-CNN framework reduces 

such errors compared to baseline models, they remain 

a concern due to potential clinical implications. 

False Negatives: 

False negatives are more critical, as they represent 

missed diagnoses. These errors are typically 

associated with extremely small or low-contrast 

lesions. Although the proposed framework improves 

sensitivity, some challenging cases remain undetected. 

Challenging Cases: 

Difficult cases include images with overlapping 

structures, poor contrast, or atypical presentations. 

These factors complicate feature extraction and 

classification. 

Clinical Implications: 

Reducing false negatives is essential for improving 

patient outcomes. The improvements achieved by the 

MSE-CNN framework are therefore clinically 

significant, although further refinement is needed. 

Future Improvements: 

Incorporating attention mechanisms, uncertainty 

estimation, and explainable AI techniques such as 

Grad-CAM may help address these challenges [20]. 

6. Discussion 

6.1 Interpretation of Results 

The experimental findings indicate that the integration 

of multi-scale feature learning with ensemble 

strategies leads to meaningful improvements in early 

disease detection. The observed gains in sensitivity 

and AUROC suggest that the proposed MSE-CNN 

framework is more effective in identifying subtle 

pathological patterns that are often missed by 

conventional single-scale CNNs. 

These improvements can be directly linked to the 

architectural design of the framework. The multi-scale 

structure enables simultaneous extraction of features 

at different spatial resolutions, capturing both fine-

grained local patterns and global contextual 

information. This aligns with the hierarchical nature of 

medical images, where abnormalities may manifest at 

multiple scales [6], [7]. 

The ensemble component further enhances 

performance by reducing prediction variance and 

mitigating biases of individual models. By aggregating 

outputs from heterogeneous architectures, the 

framework achieves more stable and reliable 

predictions across datasets [9], [22]. This stability is 

particularly important in medical applications, where 

consistency is critical. 

Additionally, the improved sensitivity in detecting 

early-stage abnormalities suggests that the framework 

is capable of capturing weak signals that are often 

overlooked. This is a direct consequence of combining 

high-resolution local features with broader contextual 

understanding. 

 

6.2 Comparison with Existing Studies 

The proposed framework builds upon and extends 

prior work in deep learning for medical imaging. 
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Traditional CNN-based approaches, such as those 

based on ResNet and DenseNet, have demonstrated 

strong performance but are inherently limited by 

single-scale feature extraction [3], [4]. These models 

often lose fine-grained spatial information due to 

repeated downsampling, which affects their ability to 

detect small lesions. 

Multi-scale architectures like U-Net and Feature 

Pyramid Networks address this limitation by 

integrating features across different scales [6], [7]. 

However, these approaches are primarily designed for 

segmentation tasks and are often not optimized for 

classification problems in early disease detection. 

Ensemble learning methods have been explored to 

improve robustness and performance in medical AI 

[24]. While effective, many existing ensemble 

approaches rely on homogeneous models and do not 

explicitly incorporate multi-scale feature extraction. 

The MSE-CNN framework distinguishes itself by 

integrating heterogeneous architectures operating at 

different scales within an ensemble framework. This 

combination enables more comprehensive feature 

representation and improved predictive performance. 

Despite these advancements, it is important to 

acknowledge that the improvements observed are 

incremental rather than transformative. The 

framework builds upon established methodologies, 

extending them through integration rather than 

introducing entirely new paradigms. 

 

6.3 Clinical Implications 

The proposed framework has important implications 

for clinical practice, particularly in enhancing early 

disease detection. 

One of the most significant benefits is the reduction in 

false negatives, which is critical in medical diagnosis. 

Missing early-stage disease can lead to delayed 

treatment and poorer outcomes. The improved 

sensitivity of the MSE-CNN framework suggests its 

potential to support earlier and more accurate 

diagnosis [24]. 

In radiology workflows, the framework can serve as a 

decision support tool, assisting clinicians in 

identifying areas of concern and prioritizing cases. 

This is particularly valuable in high-volume settings, 

where time constraints may affect diagnostic accuracy. 

Furthermore, the reproducibility-oriented design 

enhances the framework’s suitability for clinical 

deployment. Standardized pipelines and consistent 

evaluation protocols facilitate validation across 

institutions, which is essential for regulatory approval 

and adoption [25], [26]. 

However, it is important to emphasize that AI systems 

should complement, not replace, human expertise. 

Clinical validation and oversight remain essential to 

ensure safe and effective use. 

 

6.4 Strengths of the Proposed Framework 

The MSE-CNN framework exhibits several strengths 

that contribute to its effectiveness. 

First, the multi-scale feature extraction mechanism 

enables comprehensive representation of medical 

images. By capturing features at multiple resolutions, 

the framework improves sensitivity to subtle 

abnormalities, which is critical for early detection. 

Second, the ensemble learning strategy enhances 

robustness and generalization. By combining 

predictions from multiple models, the framework 

reduces variance and improves stability, addressing a 

key limitation of single-model approaches [9]. 

Third, the incorporation of a reproducibility 

framework ensures that the methodology can be 

consistently replicated. This addresses a major 

challenge in medical AI research, where variability in 

experimental setups often leads to inconsistent results 

[23], [25]. 

Finally, the framework demonstrates strong 

generalization across datasets and modalities, 

indicating its adaptability to diverse clinical scenarios. 

 

6.5 Limitations 

Despite its advantages, the proposed framework has 

several limitations. 

One of the primary challenges is computational 

complexity. Ensemble models require significant 

computational resources for both training and 

inference, which may limit their deployment in 

resource-constrained environments. 

Another limitation is the dependency on data quality. 

Medical datasets often contain noise, artifacts, and 

variability that can affect model performance. While 

preprocessing and augmentation techniques help 

mitigate these issues, they cannot fully eliminate them 

[30]. 

Interpretability is another concern. The complexity of 

ensemble models makes it difficult to understand the 

reasoning behind predictions, which may hinder 

clinical acceptance. Explainability techniques such as 
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Grad-CAM can provide insights, but further work is 

needed to improve transparency [20]. 

Additionally, the framework may still struggle with 

extremely subtle or atypical cases, highlighting the 

inherent challenges of medical image analysis. 

 

6.6 Future Research Directions 

Several directions can be explored to further enhance 

the proposed framework. 

Integration with Vision Transformers represents a 

promising avenue. Transformers can capture long-

range dependencies and global context more 

effectively than CNNs, potentially improving multi-

scale representation [15]. 

Federated learning is another important direction, 

enabling collaborative model training across 

institutions while preserving data privacy [22]. This 

approach can improve generalization and address data 

scarcity. 

Improving interpretability through explainable AI 

techniques is also critical. Methods such as SHAP and 

Grad-CAM can provide insights into model 

predictions, increasing clinician trust and facilitating 

adoption [20], [21]. 

Finally, efforts should focus on real-time deployment 

in clinical environments. This includes optimizing 

computational efficiency and integrating AI systems 

into existing healthcare workflows. 

7. Conclusion 

The present study introduces a comprehensive 

framework for enhancing early disease detection in 

medical imaging through the integration of multi-scale 

feature learning, ensemble modeling, and 

reproducibility-oriented design. The proposed Multi-

Scale Ensemble CNN (MSE-CNN) framework 

addresses key limitations of conventional deep 

learning approaches by enabling more effective 

representation of heterogeneous medical image 

features. 

A primary contribution of this work lies in the explicit 

modeling of multi-scale features. By incorporating 

parallel branches that capture local, mid-level, and 

global representations, the framework significantly 

improves the detection of subtle and early-stage 

abnormalities. This is particularly relevant in clinical 

contexts where early diagnosis directly impacts 

treatment outcomes. Unlike traditional CNN 

architectures that rely on implicit hierarchical 

learning, the proposed design ensures that fine-grained 

details are preserved and effectively integrated with 

broader contextual information [6], [7]. 

The ensemble learning mechanism further strengthens 

the framework by combining predictions from diverse 

architectures. This approach reduces variance, 

mitigates individual model biases, and enhances 

generalization across datasets. The observed 

improvements in sensitivity and AUROC indicate that 

the framework is better suited for detecting true 

positive cases, which is critical in minimizing missed 

diagnoses [9], [24]. 

Another significant contribution is the incorporation 

of the Reproducibility and Methodological Alignment 

(RMA) framework. By standardizing data 

preprocessing, model training, and evaluation 

protocols, the study addresses a major challenge in 

medical AI research. The emphasis on reproducibility 

ensures that results can be consistently validated and 

extended, facilitating clinical translation and 

regulatory acceptance [25], [26]. 

Overall, the findings suggest that the integration of 

multi-scale learning and ensemble strategies provides 

a robust and scalable solution for medical imaging 

analytics. While the improvements are incremental in 

nature, they represent a meaningful step toward more 

reliable and clinically applicable AI systems. The 

proposed framework demonstrates strong potential for 

supporting early disease detection and improving 

diagnostic accuracy in real-world healthcare settings. 

 

7.1 Future Work 

Building upon the current findings, several promising 

research directions can be explored to further enhance 

the proposed framework. 

One key direction is the integration of Vision 

Transformers (ViTs) with CNN-based architectures. 

Transformers have demonstrated superior capability in 

capturing long-range dependencies and global 

contextual relationships, which can complement the 

localized feature extraction strengths of CNNs [15]. 

Hybrid architectures combining CNNs and 

transformers may provide more comprehensive multi-

scale representations. 

Another important area is the adoption of federated 

learning to address data privacy and scalability 

challenges. Medical data are often distributed across 

institutions and subject to strict regulatory constraints. 

Federated learning enables collaborative model 
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training without sharing raw data, thereby preserving 

patient privacy while improving model generalization 

across diverse populations [22]. 

Explainable AI (XAI) techniques also represent a 

critical area for future research. Methods such as Grad-

CAM and SHAP can provide visual and quantitative 

explanations for model predictions, enhancing 

transparency and clinician trust [20], [21]. Integrating 

these techniques into the MSE-CNN framework 

would improve interpretability and facilitate clinical 

adoption. 

Additionally, efforts should focus on optimizing the 

framework for real-time deployment in healthcare 

environments. This includes reducing computational 

complexity, improving inference speed, and 

integrating AI systems into existing hospital 

workflows. Techniques such as model pruning, 

quantization, and edge deployment may play a 

significant role in achieving these objectives. 

Finally, large-scale prospective validation through 

multi-center clinical studies is essential to assess the 

real-world impact of the framework. Such studies 

would provide valuable insights into performance 

across diverse populations and clinical settings, further 

supporting the translation of AI technologies into 

practice. 
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