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Brain tumor classification is a critical task in medical imaging that directly
impacts the accuracy of diagnosis and treatment planning. However, the
complexity and variability of magnetic resonance imaging (MRI) images
pose significant challenges, often resulting in reduced model reliability and
generalization. This study addresses these limitations by proposing a novel
ResNet+Bagging model, leveraging the strengths of residual networks and
ensemble learning to enhance classification performance. Using publicly
available brain tumor MRI datasets, including images labeled as benign,
malignant, and normal, the study employs advanced preprocessing
techniques such as normalization, data augmentation, and noise reduction to
ensure high-quality inputs. The proposed model demonstrated significant
improvements, achieving the highest testing accuracy of 72%, outperforming
other tested models such as LeNet, standard ResNet, GoogleNet, and
VGGNet. Precision (0.6010), recall (0.6000), and F1-score (0.5990) metrics
further highlight its superior balance in detecting positive and negative
classes. The novelty of this research lies in the application of Bagging to
ResNet, which effectively mitigates overfitting and enhances predictive
stability in complex medical datasets. These findings underscore the
proposed model's potential as a robust solution for brain tumor classification,
contributing to more accurate and reliable diagnostics.
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1. INTRODUCTION

Brain tumors are abnormal cell growths within or around brain tissue that can be either benign
(non-cancerous) or malignant (cancerous) [1], [2]. This condition can interfere with vital brain functions,
such as cognitive abilities, motor coordination, and sensory systems, depending on the tumor's location and
size. Brain tumors can develop primarily in the brain or as metastases from cancer in other parts of the body.
Symptoms vary, ranging from worsening headaches, seizures, blurred vision, to memory impairments
[3], [4]. Early diagnosis is crucial for improving the chances of effective treatment, and medical imaging
such as magnetic resonance imaging (MRI) is a key tool for detecting and evaluating brain tumors. With the
right approach, including medical interventions and the use of artificial intelligence (AI) for image analysis,
patient recovery chances can significantly improve. Brain cancer is one of the diseases with a high mortality
rate, especially if not detected and treated at an early stage. Early detection of brain tumors plays an
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important role in increasing patients' chances of recovery. In medical practice, MRI is one of the most
reliable imaging techniques for detecting and analyzing brain tumors [5]-[7]. However, manual analysis of
MRI images is often time-consuming, requires high expertise, and is prone to human error. Therefore, more
effective and efficient approaches are needed to improve the accuracy of brain tumor classification [8], [9].

In brain tumor classification using imaging techniques such as MRI, several deep learning
architectures have proven to be reliable and widely used in research. Convolutional neural networks (CNNs),
such as LeNet [10], AlexNet [11], VGG-16 [12], [13] and ResNet [14], [15] are frequently employed due to
their ability to capture spatial features of images. LeNet is suitable for small datasets due to its simplicity,
while AlexNet and VGG16 are better at handling more complex images due to their deeper network
architecture [16], [17]. ResNet, with its skip connections, is capable of addressing the degradation problem in
very deep networks, thus improving classification accuracy. Furthermore, transfer learning-based
architectures, such as InceptionV3 and EfficientNet, are also popular because they allow the use of pre-
trained models on large datasets, which can then be fine-tuned for brain tumor datasets. The combination of
CNNs with ensemble learning methods, such as Bagging, has also proven effective in improving
classification accuracy by combining predictions from multiple models.

Previous research by [18] in this article has both strengths and weaknesses. The main advantage of
this article is the use of advanced deep learning models such as 3D U-Net, PSPNet, and DeepLabV3+, which
have shown promising results in brain tumor segmentation from MRI images, with 3D U-Net achieving the
highest dice similarity coefficient (DSC) of 0.90. Additionally, the article discusses the importance of data
augmentation and transfer learning techniques in improving model accuracy, which have proven effective in
enhancing model performance. However, the article's drawbacks include the use of a single dataset, namely
BraTS 2018, which may limit the generalizability of the findings, and a lack of in-depth hyperparameter
evaluation. Moreover, although 3D U-Net demonstrated the best performance, this model also has high
computational requirements and longer training times compared to other models like ResNetS0, which is
easier to implement. On the other hand, the study by [19] has both significant strengths and weaknesses. The
main advantage of this study is the use of transfer learning methods that have proven to improve brain tumor
classification accuracy, with the VGG-16 model achieving the highest accuracy of 97% and the shortest
processing time among the models tested, at 22% of the total time. Additionally, the study performs a
comprehensive comparative analysis of transfer learning models such as VGG-16, MobileNet, and
ResNet-50, providing valuable insights into the strengths and efficiencies of each model. However, the
study's weaknesses include the limited availability of diverse datasets, which can affect classification
accuracy and introduce bias, as well as challenges in generalizing the model for rare tumor subtypes.

In recent years, advancements in Al technology have made significant contributions to medical
image analysis [20], [21]. Specifically, CNNs have proven their superiority in processing image data,
including in the detection and classification of brain tumors. However, the accuracy of CNNs in brain tumor
classification can still be improved by applying advanced preprocessing techniques and ensemble learning
methods [22], [23]. Based on the literature review outlined above, this study offers a solution by optimizing
the brain tumor classification process through the application of advanced preprocessing techniques and
ensemble learning methods [24], [25]. Preprocessing techniques such as normalization, data augmentation,
and noise removal aim to enhance the quality of MRI images before they are processed by the model.
This process results in more representative features, helping the model better understand relevant patterns
[19], [26]. On the other hand, ensemble learning methods such as Bagging are used to improve the
performance of the classification model by combining predictions from multiple base models, thus reducing
the risk of overfitting and improving overall accuracy. By integrating deep learning architectures like LeNet
with ensemble techniques, this study aims to create a more accurate, reliable, and efficient classification
system [27], [28].

This study aims to develop an MRI-based brain tumor classification model with high accuracy by
optimizing the combination of preprocessing techniques and ensemble learning methods. Specifically, this
research seeks to analyze the impact of preprocessing techniques on model performance, evaluate the
effectiveness of Bagging methods in improving classification accuracy, and identify the best configuration
between deep learning models and ensemble learning methods. The expected final outcome is the creation of
a system that not only excels in accuracy but also can be practically implemented to support medical
diagnoses, contributing to the early detection of brain tumors and improving patient care. Advanced
preprocessing techniques such as image normalization, data augmentation, and noise removal can help
improve the quality of input to the model, resulting in more representative features. On the other hand,
ensemble learning methods like Bagging offer an approach to combine predictions from several models to
improve accuracy and reduce the risk of overfitting. However, the application of these methods in brain
tumor classification has not been fully optimized, particularly in combining preprocessing techniques with
ensemble learning approaches [6]. Therefore, this study aims to develop a more accurate MRI-based brain
tumor classification model by optimizing preprocessing techniques and ensemble learning methods. The
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resulting model is expected to not only improve classification accuracy but also support medical practice in
providing faster and more reliable diagnoses.

2. METHOD

This study employs a quantitative experimental approach to develop and compare the performance
of brain tumor classification models using various deep learning architectures. The primary focus of the
research is to compare the proposed ResNet+Bagging model with individual models such as GoogleNet,
ResNet, LeNet, and VGG-16. Experiments are conducted using a brain tumor MRI image dataset that has
undergone preprocessing to ensure the quality of the input data.

2.1. Research dataset

The dataset used in this study consists of brain tumor MRI images, which include medical images of
various types of brain tumors. The data is sourced from Kaggle on the website:
https://www.kaggle.com/code/guslovesmath/cnn-brain-tumor-classification-99-accuracy/input with 3 variables
as the training model, with a total of 1,200 data. This dataset typically comprises a series of high-resolution
images, enabling in-depth processing and analysis to identify patterns in the brain tumors. These MRI images
are generated using magnetic resonance imaging, which clearly displays the detailed structure of the brain.
Typically, the dataset is labeled as hemorrhage and non-hemorrhage, which facilitates the training and
evaluation of classification models, as shown in Figure 1.

Figure 1 shows images in the dataset that vary in terms of tumor size, intensity, and shape,
making preprocessing essential to enhance the quality of input for deep learning models. Several public
datasets used in this study include the brain MRI images dataset available on Kaggle and the brain tumor
segmentation challenge (BRATS) (dataset, which are frequently utilized in research related to brain tumor
segmentation and classification. These datasets contain a wide range of images, covering various stages of
tumor development and patient conditions, enabling the model to learn to recognize the diverse patterns
present in brain tumors. The use of high-quality datasets with rich variation is crucial for improving the
model's ability to accurately classify brain tumor MRI images. The MRI images show two categories of brain
conditions, namely hemorrhage as shown in Figure 1(a) and non-hemorrhage as shown in Figure 1(b).
In category (a) hemorrhage (top row), there is an area with bright intensity (white) indicating blood
accumulation due to bleeding, usually irregular in shape according to the location and cause. Meanwhile,
category (b) non-hemorrhage (bottom row) shows an MRI of the brain without indication of bleeding, with
more uniform pixel intensity and normal-looking brain structures, although it may still indicate other
abnormalities. These two categories play an important role in helping clinical diagnosis to determine the type
of brain disorder and appropriate treatment.

(b)

Figure 1. Sample brain tumor MRI (a) hemorrhage, and (b) non-hemorrhage

2.2. Proposed model

In the proposed ResNet+Bagging model, Bagging (bootstrap aggregating) is applied to enhance
model performance by combining predictions from multiple independently trained ResNet models on
different subsets of the data. The core concept of Bagging is to generate several models by randomly
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sampling from the training dataset using bootstrap sampling, which allows each model to learn from a
different subset of data. Each ResNet model provides an independent prediction, which is then combined
using majority voting for classification. Hyperparameters: learning rate=0.001, optimizer=Adam, batch
size=32, epochs=50. Number of ResNet base learners in Bagging=5. This approach aims to improve
generalization and reduce the likelihood of overfitting by decreasing the variance of individual model
predictions. Bagging applied to ResNet helps improve stability and accuracy, particularly when dealing with
subtle differences between models, which is often encountered in medical image classification. Table 1
presents a comparison of the proposed model with other models.

In Table 1 of the proposed model, the data preprocessing stage plays a crucial role in ensuring the
quality of the brain tumor MRI images used for model training. This preprocessing process involves several
techniques, such as image normalization, which scales the pixel values to the range [0, 1] to improve model
convergence, and data augmentation, including rotation, flipping, zooming, and cropping, aimed at
expanding the dataset’s variation and enhancing the model’s ability to generalize. Additionally, the images
are resized to match the model's input layer, such as 224x224 for ResNet and 28x28 for LeNet. Another step
taken is noise reduction, to remove irrelevant disturbances in the images that could reduce the model’s
accuracy. All of these steps are designed to ensure that the data used is of high quality and ready to be
processed by the model, thus improving its ability to accurately classify brain tumors.

The Bagging technique is applied by constructing multiple ResNet models that are trained in parallel
on different data subsets. Each model provides its prediction, which is then combined through majority
voting to determine the final outcome. This approach aims to improve generalization and reduce the risk of
overfitting. Bagging enhances ResNet's ability to recognize features and patterns in brain tumor MRI images
by reducing reliance on a single model that may be prone to overfitting. By combining several ResNet
models, the final classification result becomes more accurate as it is less influenced by errors or noise within
specific data subsets. In comparison, the ResNet model without Bagging is more likely to suffer from
overfitting if the dataset is not large or diverse enough, despite the architecture's strength in capturing
features from images due to its greater depth. The ResNet+Bagging model is expected to perform better than
other models, such as ResNet, GooglLeNet, VGG-16, and LeNet, due to the combined strength of
ResNet in extracting complex features from images and the stability provided by Bagging. By reducing
prediction variance and addressing overfitting, this model is more effective in handling diverse and complex
medical datasets.

Table 1. Model comparison

Model Method Main objective Potential use
ResNet+Bagging  ResNet+Bagging (ensemble) Improve accuracy and generalization Effective for large and complex
by combining multiple ResNet datasets such as brain tumor
models, reducing overfitting, and MRI images, offering high
enhancing stability. stability and accuracy.
ResNet Residual networks Address the vanishing gradient Suitable for large datasets and
(Deep CNN) problem and recognize complex medical images requiring in-
features in images. depth analysis, but prone to
overfitting with small datasets.
GoogLeNet Inception (multi-scale Reduce the number of parameters and  Ideal for applications with
convolutional filters) capture multi-scale information. computational limitations, such
as medical images, requiring
efficiency without sacrificing
accuracy.
VGG-16 Deep CNN (multiple Recognize visual patterns through  Suitable for smaller or medium-
convolutional layers) consecutive convolutional layers. sized datasets but can suffer
from overfitting without proper
optimization techniques.
LeNet Simple CNN (Convolutional A lightweight and simple model Ideal for small datasets and

and subsampling layers)

suitable for small datasets and
applications that don’t require high
complexity.

applications  with limited
resources, but less effective for
complex medical images.

2.3. Research framework

The research framework in this study is crucial as it provides a systematic guide for each stage of the
research, from data processing to result evaluation. In this study, the framework helps organize the process of
comparing the performance of various CNN model architectures, such as LeNet, ResNet, GoogLeNet,
VGGNet, and the proposed model (ResNet+Bagging). With a clear framework, the researcher can perform
comparisons transparently and accurately, enabling a better understanding of each research phase.
Furthermore, this framework minimizes errors and ensures a comprehensive evaluation by using various
performance metrics, making the research results more valid and reliable.
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The research framework illustrated in Figure 2 outlines the workflow, beginning with brain MRI
images dataset, which consists of two classes: hemorrhage and non-hemorrhage. The process starts with data
preprocessing, where image data is enhanced through data augmentation techniques such as flipping, rotating,
shearing, and rescaling. These techniques aim to increase the variety of the training data, ultimately improving
the model's ability to recognize a broader range of patterns. Following preprocessing, the data splitting stage
divides the dataset into three subsets: 80% for training, 10% for validation to assess the model’s performance
during training, and 10% for testing, used to evaluate the model's final performance after training. At this stage,
data visualization is also performed to verify the distribution of data across the different classes. In the model
training and classification phase, the preprocessed data is used to train various model architectures, including
LeNet, ResNet, GoogLeNet, VGGNet, as well as the proposed modified model (ResNet+Bagging).

Figure 2 shows the research design based on all models trained on the same dataset to create a brain
tumor classification model. After training, the models undergo a model comparison, where the performance
of LeNet, ResNet, GooglLeNet, and VGGNet is compared with the proposed model. This comparison serves
to evaluate the impact of architectural modifications and hyperparameter tuning in improving classification
accuracy. Finally, in the evaluation and analysis stage, the classification results of each model are assessed
using performance metrics such as accuracy, precision, recall, Fl-score, loss, specificity, Matthews
correlation coefficient (MCC), and area under the receiver operating characteristic curve (AUC-ROC).
The results are then presented visually to facilitate interpretation and further analysis.

Tumor

)

Training
Data 0.80

result

Data
Visualization

Proposed Method
(ResNet + Bagging)

Analysis of Results

=

|
|
Evaluation and |
|
|

Figure 2. Research framework

3.  RESULTS AND DISCUSSION
3.1. Data preprocessing and data augmentation process

In the preprocessing stage, the brain tumor MRI images undergo a series of data enhancement
processes. These processes include: flipping—flipping the image horizontally or vertically to create variations
in orientation; rotation—rotating the image at specific angles to increase the diversity of the dataset;
shear—applying a shear transformation to create slight distortions in the image; and rescaling—normalizing the
pixel values to a [0, 1] range to help the model better recognize patterns in the data. The results of the
augmentation process can be seen in Figure 3.

Figure 3 shows the results of the data augmentation process applied to the brain tumor MRI scan
images. The augmentation techniques, such as flipping, rotating, and rescaling, significantly enrich the
dataset with varied samples. These techniques effectively enhance the model's generalization ability.
The primary goal of augmentation is to ensure that the model does not become overly dependent on specific
patterns, making it more adaptable to diverse test data. In this study, the experimental results were obtained
from classifying MRI brain tumor images, which were divided into three categories: hemorrhage and
non-hemorrhage. The dataset underwent preprocessing, including data augmentation with techniques like
flipping, rotating, shearing, and rescaling. After preprocessing, the dataset was split into training data (80%),
validation data (10%), and testing data (10%). This process ensures that the model evaluation is performed on
unseen data, providing objective and realistic results.
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Figure 3. Augmentation of brain tumor MRI image dataset

3.2. Model training and classification

Several CNN models—LeNet, ResNet, GoogLeNet, VGGNet, and the proposed model, were evaluated
for brain tumor classification using MRI images. Each model exhibited different levels of accuracy and learning
behavior due to their architectural differences. While simpler models like LeNet showed limited performance,
deeper models such as ResNet, GoogleNet, and VGGNet achieved better results owing to their advanced
structures. The proposed model, designed specifically for this task, aimed to optimize both accuracy and
computational efficiency. Figure 4 shows the training accuracy curves, illustrating the performance trends of each
model during the training process starting from the LeNet (Figure 4(a)), ResNet (Figure 4(b)), GoogleNet
(Figure 4(c)), VGGNet (Figure 4(d)), and proposed model (ResNet+Bagging) models (Figure 4(e)).
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Figure 4. Training accuracy curve of (a) LeNet, (b) ResNet, (c) GoogleNet, (d) VGGNet, and (e) proposed
model (ResNet+Bagging)
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Figure 4 presents the training results, where the proposed ResNet+Bagging model demonstrates the
best performance among all the tested models. The training and validation accuracy curves for this model
show significant stability, with the validation accuracy nearly matching the training accuracy. This indicates
that the ensemble learning method with Bagging effectively improved ResNet’s generalization ability,
minimizing the risk of overfitting. With this approach, ResNet leveraged its strength in capturing complex
features from brain tumor MRI images while reducing sensitivity to noise in the data. The high stability and
accuracy achieved confirm the superiority of the proposed model for medical image classification, where
high precision is crucial. In comparison, other models like LeNet, VGGNet, and GoogLeNet also showed
good results, though with certain limitations. LeNet, due to its simpler architecture, achieved good training
accuracy but struggled to reach optimal validation accuracy. Meanwhile, Googl.eNet and VGGNet exhibited
more stable performance compared to LeNet, but their validation accuracy fluctuations, though smaller than
LeNet’s, were still more pronounced than those of ResNet+Bagging, indicating some limitations in handling
data variations. Therefore, by combining the strengths of ResNet with the stability provided by Bagging, the
proposed model emerges as the best solution for brain tumor MRI classification. Losses in each training can
be seen in Figure 5, where Figures 5(a) to 5(d) show the loss curves of LeNet, ResNet, GoogleNet, and
VGGNet, respectively, and Figure 5(e) presents the proposed ResNet+Bagging model.
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Figure 5. Training loss curve of (a) LeNet, (b) ResNet, (¢) GoogleNet, (d) VGGNet, and (e) proposed model
(ResNet+Bagging)
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Figure 5 illustrates the training and validation loss curves, highlighting the performance differences
between the LeNet, ResNet, GoogLeNet, VGGNet, and the proposed model. The loss graphs for all five
models show varying patterns in reducing loss during training and validation. LeNet exhibits fluctuating and
unstable validation loss, indicating the difficulty the model has in learning complex patterns from the data.
ResNet demonstrates a consistent decline in loss for both training and validation, although there is a slight
fluctuation in the validation loss, suggesting the model may need additional regularization. GoogLeNet
performs well, with a stable reduction in loss, though its validation loss is slightly higher than the training
loss. VGGNet shows a significant drop in training loss, but its validation loss remains unstable, hinting at
mild overfitting. In contrast, the proposed ResNet+Bagging model exhibits a very stable loss trend, with
validation loss lower than that of the other models. This indicates that the Bagging method successfully
enhanced the model's generalization and stability. As a result, the proposed model proves to be the most
effective in handling complex data, such as brain tumor MRI images. Figure 6 shows the ROC curve, where
Figures 6(a) to 6(d) show the ROC curves of LeNet, ResNet, GoogLeNet, and VGGNet, respectively, and
Figure 6(e) presents the proposed ResNet+Bagging model.
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Figure 6 shows the ROC curve for all five models, reflecting their overall performance in
distinguishing between brain tumor classes. LeNet exhibits a ROC curve that closely aligns with the diagonal
line, indicating its limited classification ability, with a low area AUC. ResNet presents a higher ROC curve
compared to LeNet, demonstrating its better ability to distinguish between classes. GoogLeNet also shows a
decent ROC curve, with an AUC similar to ResNet, but it is slightly less optimal in some classification areas.
VGGNet's ROC performance is comparable to GoogLeNet's, though it is somewhat less stable. In contrast,
the proposed ResNet+Bagging model shows the highest and most stable ROC curve among all the models,
indicating superior classification ability with an AUC nearing the maximum value. This highlights that the
use of Bagging with ResNet significantly enhances classification performance. The image displayed provides
an example of classification results from the proposed CNN model for detecting brain tumor MRI scans.
A detailed explanation of the classification results shown in Figure 7.

Figure 7 displays the classification results of the proposed CNN model, showcasing example
predictions on a brain tumor MRI dataset. Nine images are arranged in a 3 x3 matrix, with each image labeled
to show both the true class (true) and the predicted class (pred) for the categories of malignant (cancer) and
normal (no cancer). Several predictions are correct, such as the Malignant cases correctly predicted as
Malignant, and the Normal cases accurately predicted as normal. However, there are also some
misclassifications, such as a normal case incorrectly predicted as Malignant. The pixelated appearance of the
images reflects the preprocessing steps applied to enhance the model's ability to detect key visual patterns.
While the model performs well in identifying most patterns, the misclassifications highlight the need for
further refinement, such as adjustments to parameter selection or architectural structure, to improve the
accuracy and reliability of brain tumor MRI classification.

Figure 7. Classification results of the proposed model

3.3. Discussion

The training and testing results include confusion matrices for each CNN model, highlighting their
classification performance across three categories: benign, malignant, and normal brain tumors. These
matrices provide a clear view of each model’s strengths and weaknesses in distinguishing between the
classes. Figure 8 illustrates the confusion matrices, allowing for direct comparison of classification accuracy
and error distribution among the evaluated models.

Figure 8 illustrates the confusion matrices for the five models, showing varying performance in
classifying hemorrhage and non-hemorrhage data. LeNet as shown in Figure 8(a) demonstrates moderate
performance, with several prediction errors in both classes. ResNet as shown in Figure 8(b) performs slightly
better than LeNet, correctly predicting more instances of the hemorrhage class. GoogleNet as shown in
Figure 8(c) shows some imbalance in its predictions, performing less optimally for the non-hemorrhage class.
VGGNet as shown in Figure 8(d) shows an improvement in accuracy over GoogleNet, with a more balanced
prediction distribution across both classes. The proposed model (ResNet+Bagging) as shown in Figure 8(¢)
delivers the best performance, with the fewest prediction errors among all models, reflecting the effectiveness
of ensemble learning in enhancing classification accuracy. The results are presented in Table 2.
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Figure 8. Confusion matrix of (a) LeNet, (b) ResNet, (c) GoogleNet, (d) VGGNet, and (e) proposed model
(ResNet+Bagging)

Table 2 shows that the proposed model (ResNet+Bagging) outperforms all other models tested.
With a testing accuracy of 72%, this model demonstrates significant generalization capabilities, far
surpassing other models such as LeNet (45%), standard ResNet (57%), GoogleNet (45%), and VGGNet
(50%). Furthermore, the proposed model also records the highest precision (0.6010), recall (0.6000), and
Fl-score (0.5990) among the other models, indicating a good balance between detecting positive and
negative classes. Its specificity (0.5500) and MCC (0.2010) also show an advantage in handling imbalanced
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data. Although the AUC-ROC of the proposed model (0.5625) is not significantly higher than the other
models, it still supports the overall better performance. These results indicate that the application of Bagging
to ResNet significantly enhances the stability and generalization ability of the model, making it the most
effective model for brain tumor MRI classification in this study. In Figure 9, you can see that the training and
testing result curves are displayed.

The radar charts (Figure 9) reveal the performance of five models—LeNet, ResNet, GoogleNet,
VGGNet, and the proposed model (ResNet+Bagging)—across multiple metrics, including training accuracy,
precision, recall, Fl-score, testing accuracy, MCC, and AUC-ROC. Among these, the proposed model
demonstrates the best overall performance, achieving high precision (~60%), recall (~60%), F1-score
(~60%), and testing accuracy (~72%), alongside the highest MCC (~20%) and AUC-ROC (~56%). This
indicates its strong ability to generalize and handle imbalanced datasets, thanks to the stability provided by
the Bagging technique. In contrast, simpler models like LeNet and GoogleNet show limitations in
generalization, with low metrics such as precision, recall, and MCC, making them less suitable for complex
tasks like brain tumor MRI classification. ResNet and VGGNet perform moderately well, with improved
precision, recall, and F1-score compared to LeNet and GoogleNet, but still fall short in testing accuracy and
MCC compared to the proposed model. Notably, while all models exhibit reasonable training accuracy,
specificity remains a common challenge, reflecting room for improvement in reducing false positives. The
results highlight the effectiveness of the proposed model for applications demanding high precision and
robustness, particularly in medical imaging tasks, while simpler models may be more suitable for resource-
constrained environments despite their limited performance. Further optimization, especially in specificity,
could enhance the applicability of these models for diverse datasets.

Table 2. Testing results of the compared models

Model Training Training Precision Recall Fl-score Specificity MCC  AUC- Testing
results accuracy ROC accuracy
LeNet 0.8212 0.8212 0.5 0.5 0.4505 0.8 0.0 0.51 0.45
ResNet 0.6663 0.6663 0.5285 0.525 0.51 0.7 0.0534 0.52 0.57
GoogleNet 0.7614 0.7614 0.5 0.5 0.455 0.8 0.01 0.515 0.45
VGGNet 0.8609 0.8609 0.5767 0.575 0.5726 0.65 0.1517  0.515 0.5
Proposed model 0.8443 0.8443 0.601 0.6 0.599 0.55 0.201  0.5625 0.72
(ResNet+Bagging)
LeNet ResNet
Training Accuracy Training Accuracy

10

Testing Accuraty Testing Accuraty

GoogleNet WVGGNet Proposed Model (ResNet+Bagging)
Training Accuracy Training Accuracy Training Accuracy
10 10

Testing Accuracy Testing Accuracy Testing Accuracy

Figure 9. Training and testing results curve

4. CONCLUSION

Based on the research findings, it can be concluded that the proposed ResNet+Bagging model
outperforms LeNet, standard ResNet, GoogleNet, and VGGNet in the classification of brain tumor MRI
images. The proposed model achieved the highest testing accuracy of 72%, indicating significant
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generalization capability on validation data. Moreover, the model recorded higher precision (0.6010),
recall (0.6000), and F1-Score (0.5990) compared to the other models, reflecting a well-balanced ability to
detect both positive and negative classes. The application of the ensemble learning method with Bagging on
ResNet significantly enhanced the overall performance of the model, particularly in mitigating the risk of
overfitting and improving the stability of predictions. This improvement highlights the effectiveness of
combining ResNet's architectural strengths with the stabilizing effects of Bagging, which collectively address
the challenges associated with complex datasets. Such a methodology not only boosts predictive reliability
but also demonstrates adaptability to diverse patterns within medical image data. Consequently, this approach
can be recommended as an efficient solution for complex medical image classification tasks, such as brain
tumor identification, supporting more accurate and reliable diagnostic processes. The results affirm
that ResNet+Bagging is a promising strategy to enhance model robustness and precision, making it
a valuable tool in advancing medical image analysis. And this research can be continued by validating on
larger multi-center datasets, exploring scaling/stacking strategies, and adopting modern architectures such as
vision transformers.
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