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1. Introduction

Cancer is a complex disease characterized by abnormal and uncontrolled cell growth, in which these cells have
the ability to invade surrounding tissues and spread to other organs through a process known as metastasis [1]. Cancer
cells can develop in almost any part of the human body, from the skin surface to internal organs such as the lungs, liver,
or brain [2]. According to WHO data, cancer is the second leading cause of death worldwide, after cardiovascular
diseases such as stroke and heart attack, with the number of cases continuing to rise each year. The causes of cancer
are diverse and complex, involving a combination of genetic factors, lifestyle choices (such as diet, alcohol consumption,
smoking, and lack of physical activity), and exposure to environmental carcinogens such as radiation or air pollution.

Although cancer is often equated with tumors, it is important to understand the fundamental difference between
the two. A tumor is an abnormal mass of tissue that can be benign (non-spreading) or malignant (spreading and
damaging other tissues), while cancer always refers to malignant tumors [3]. Among the various types of cancer, breast
cancer is one of the most common in women and remains the leading cause of death among women globally [4].
Statistics show a significant increase in the number of new cases each year, particularly in developing countries where
access to early screening remains limited.

Breast cancer diagnosis is traditionally performed by pathologists through histopathological slide examination
using a microscope [5]. This process is manual, subjective, and time-consuming [6]. Pathologists must observe
important features such as nuclear morphology, cell distribution and size, and tissue structure at the microscopic level
[7]. The accuracy of diagnosis depends heavily on the skill and experience of the physician, which opens the possibility
of variation among individuals in assessing the severity of the disease. Therefore, early detection is the key to improving
patient survival rates and the effectiveness of therapy.

Early detection efforts are generally conducted through screening mammography [8], a non-invasive imaging
technique that can identify tumors before they progress to advanced stages. However, this technique is not without
challenges, such as limited image resolution, interpretation errors due to overlapping breast tissue, and reduced
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sensitivity in women with dense breast tissue. In some cases, mammography produces false positives or false
negatives, which may lead to misdiagnosis and inappropriate therapy.

In response to these limitations, alternative approaches such as analyzing hematological parameters from patient
blood samples have begun to be developed [9]. Some studies suggest that changes in certain blood parameters can
serve as early indicators of cancer, including breast cancer. This technique is more accessible, non-invasive, and has
the potential to provide rapid results. On the other hand, histopathology-based imaging approaches remain crucial as
they provide detailed information about cellular and tissue structure, which is essential for cancer classification and
staging.

Histopathology itself is a branch of anatomical pathology that focuses on the microscopic analysis of body tissues
to detect morphological changes in response to disease [9]. Histopathological examination not only identifies the
presence of cancer cells but also provides important insights into the biological characteristics of tumors, such as
differentiation level, mitotic rate, and tissue invasion patterns [10]. All this information is vital in establishing prognosis
and determining the most appropriate therapeutic strategy.

Recent developments in breast cancer diagnosis include the integration of artificial intelligence (Al), deep
learning, and computer-aided diagnosis (CAD) in histopathological image analysis. This approach aims to enhance the
accuracy, consistency, and efficiency of diagnosis while reducing the workload of pathologists. Machine learning
algorithms can identify subtle patterns in digital images that are difficult for human observers to detect and can perform
automatic classification based on cellular morphological features. Additionally, research is also moving toward
personalized treatment based on tumor molecular profiles and patient responses, known as precision medicine.

Experiments have been conducted based on machine learning techniques ranging from the lowest to the highest
level, with quite varied accuracy results [11], and many success rates are close to excellent, with only some noise that
needs to be improved. Therefore, the development of this machine learning method continues in an effort to achieve
the most effective approach with optimal results. Deep machine learning algorithms are capable of producing
performance equivalent to that of an expert in object detection and image classification tasks [12].

The application of Machine Learning in the health sector is highly impactful [13] because it can enhance clinical
decision support, detect diseases, and help personalize treatment approaches for patients in need. The limited number
of skilled doctors is a factor that affects the optimization of the healthcare organization’s services. The most widely used
machine learning technique to describe objects in complex images is Convolutional Neural Network (CNN). ResNet18
and VGG16, which are part of the Convolutional Neural Network architecture, are capable of generating large image
network data sets.

The application of Convolutional Neural Networks (CNNs) in breast cancer detection has advanced significantly.
A study by Alanazi et al. (2021) demonstrated that a five-layer CNN model could achieve an accuracy of 87%,
outperforming traditional machine learning approaches [14]. In 2022, Pradeep Kumar et al. applied a three-layer CNN
to the DDSM dataset and achieved a high accuracy of 97.2%, with a precision rate of 99% [15]. More recent work by
Murtaza et al. (2024) utilized various architectures—including InceptionV3, DenseNet121, and VGG16—combined with
data augmentation and U-Net-based segmentation, reaching an accuracy of up to 98.87% on datasets like CBIS-DDSM
and Inbreast [16]. Another study in 2024 introduced a modified ResNet architecture for patch-based analysis of Whole
Slide Images (WSI), reporting an accuracy of 89% [17]. A systematic review by Yusoff et al. (2023)
in Diagnostics highlighted CNNs as the most dominant and effective deep learning approach across nearly 100 studies
on breast cancer diagnosis. Overall, these recent studies underscore the effectiveness of CNN-based models—
particularly modified and hybrid versions—in improving the accuracy, efficiency, and real-world applicability of breast
cancer detection.

Multiple Instance Learning (MIL) is a learning framework that is often used in supervised learning [15]. Unlike
supervised learning, the data sample for MIL is a bag consisting of a set of instances. In the MIL setting [16], the bag is
labeled, while the individual instances within the bag remain unlabeled. Researchers have studied various paradigms
for MIL, including—but not limited to—multiple instance classification [18], multiple instance regression, multiple
instance clustering, unbalanced multi-instance learning, and multiple multi-instance labeling.

Attention-based Multiple Instance Learning (A-MIL) is a machine learning method used when training labels are
available only for groups of data (bags) rather than for individual instances within those groups. In A-MIL, each bag
consists of several instances, and the label assigned to the bag applies to the entire bag, not to each individual instance
[20].

In medical images, especially histopathology images, there is great variation in tissue structure as well as pattern
and texture. In addition, the cancer lesions are very small and the patterns are scattered, while for part of the image is
normal tissue. Therefore, multiple instance learning techniques are very effective in classifying a set of instances [21],
which allows the system to ignore irrelevant structures (such as image areas with normal tissue) and focus on detecting
relevant areas (cancer cells). Multiple instance learning can also detect very small areas, allowing cancerous lesions to
be identified even when the most of the image appears to show normal tissue. Especially in cancer datasets, the labeling
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process at the instance level often takes a long time due to the large amount of data used. Multiple instance learning
allows to use datasets with more general labels (in bags), making the process faster and more efficient.

In this research, the attention-based multiple instance learning method [18] is used to produce more complicated
localization of regions in breast cancer histopathology images, particularly in handling noise—an area where other
classification methods often struggle, such as spots in images [22]. This is achieved by giving a bag [23] of several
examples of image spots using the attention-based multiple instance learning (A-MIL) method to classify them [23]. The
research provides new innovations to breast cancer classification by using different testing methods and datasets from
several studies that have been done before. Increasing the amount of training data will help evaluate the capability of
multiple instance learning in improving classification accuracy, while the addition of texture-based feature extraction
aims to reduce noise from previous studies.

Therefore, by utilizing bag-level labels and capturing complex patterns within the bag [19], MIL models can
support early detection, accurate classification, risk prediction, and personalized treatment planning. In addition,
incorporating domain knowledge and expert annotations into the MIL framework can further improve the performance
and interpretability of cancer diagnostic models.

In contrast to conventional CNNs or fully supervised approaches, A-MIL can capture complex patterns across
whole-slide images, making it suitable for real-world clinical data. This research introduces innovations by evaluating
A-MIL with various datasets and expanding the amount of training data. It also incorporates texture-based feature
extraction to reduce the impact of noise, thereby improving classification accuracy and model robustness.

A maijor contribution of this work is the development of an interpretable and reliable breast cancer classification
system that not only predicts overall labels but also provides visual localization maps highlighting diagnostically
important areas. The use of public datasets such as BreakHIS ensures that the findings are reproducible and
comparable with existing methods.

Beyond its technical merits, this research offers significant social value. The Al-based diagnostic system can
assist medical practitioners, particularly in regions with limited access to pathologists. It enables more efficient and
accurate early detection of breast cancer, potentially lowering mortality rates, accelerating the diagnostic process, and
reducing the workload of healthcare professionals in underserved areas.

2. Research Method
2.1 Dataset

The dataset used in this research consists of breast cancer histopathology images obtained from the publicly
available BreakHis dataset (Breast Cancer Histopathological Image Classification). BreakHis is a widely recognized
dataset in the field of medical image analysis and has been used extensively in various studies related to the
classification of breast cancer. The dataset comprises a total of 7,909 histopathology images, which are categorized
into two main classes, namely Benign (non-cancerous) and Malignant (cancerous). These images were collected from
breast tumor biopsies of 82 patients and represent a broad range of tissue types, providing diverse and rich data for
training and evaluating machine learning models.

The dataset was divided into three subsets: training, validation, and testing data. Specifically, 80% of the total
data (6,327 images) were allocated for training the model to learn and recognize the relevant features of each class.
Meanwhile, 10% of the data (791 images) were used for validation during training to fine-tune model parameters and
prevent overfitting. The remaining 10% (791 images) were used for final testing to evaluate the generalization
performance of the trained model.

One of the unique characteristics of the BreakHis dataset is that the histopathology images are captured at four
different magnification levels, namely 40x, 100x, 200x, and 400x. This allows the model to learn features at varying
scales, simulating the real-world scenario where pathologists often examine tissue samples under different zoom levels
to observe both macro and micro characteristics. The availability of images at multiple magnifications enhances the
robustness of the classification model and provides a more comprehensive understanding of breast cancer tissue
morphology.

2.2 Division of Bag

Each image in the BreakHis dataset has a resolution of 700x460 pixels and is available at four different
magnification levels. Each whole slide image is divided into smaller patch sizes, resulting in 60 new patches per image.
At this stage, the process begins with preparing the breast cancer histopathology images, followed by segmenting each
whole image into small pieces (patches) of a fixed size, which then become instances.

All patches from one image or suspicious region are grouped into one bag based on certain criteria, such as
image origin or tumor segmentation results. The labeling process assigns a positive label to any bag that contains at
least one patch indicating cancer, while the bag without any cancer-indicative patches is labeled negative.
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Figure 1. Patch Division

In the Attention Multiple Instance Learning (AMIL) method, the patch division process is a very important initial
stage for handling large-scale histopathology images, such as whole slide images (WSI). Since the size of WSl is very
large and complex, the image cannot be directly analyzed as a whole by the model. Therefore, as illustrated in Figure
1, each image is first divided into small pieces known as patches. Each image is treated as one bag, while the patch
pieces in it are treated as instances.

Patch division is typically performed using a grid-based cropping method, where the image is cut into fixed-sized
squares, such as 224x224 pixels. The patches may or may not overlap depending on the system design requirements
and the desired level of detail. After division, patches that contain only background or irrelevant information are usually
filtered out and ignored, so they do not affect the performance of the model. The extraction results in representation
vectors, which are then combined to form one representation bag for the entire image.

2.3 Prepocessing

In the first stage, the image is reprocessed using data augmentation techniques, including vertical and horizontal
flips as well as rotations of 90°, 180°, and 270°, with the aim of improving the performance of the model to be more
effective. This augmentation technique produces a new dataset of 47,454 images.

After performing the data augmentation technique, the next step is to verify the dimensions of the augmented
data to ensure that all images have the same size and that no NULL or improperly sized data remain.

Figure 2. Augmentation Data
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In Figure 2, after the data augmentation process was completed, testing was conducted on the VGG16 network
initialized with weights that had been trained using the ImageNet dataset. For VGG16 training, random patches of size
224 x 224 were extracted from the training images. The following are the input and output images generated from the
training process using VGG16.

4 A\ ;
Image array before preprocessing (shape: (224, 224, 3)):
[[[197. 177. 188.]
[189. 153. 179.]]

[[192. 168. 184.]
[187. 146. 176.]11]

Image array after preprocessing (shape: (1, 224, 224, 3)):
[[[84.061 60.221 73.32 ]
[75.061 36.221 65.32 1]

[[80.861 51.221 68.32 ]
[72.061 29.221 63.32 ]]]

7 Figure 3. VGG16 Feature Extraction Result

Figure 3 shows the preprocessing pipeline applied to the histopathological images before feeding them into the
deep learning model. The top panel presents the original histopathological image, while the bottom panels compare
(left) the original image with overlaid feature activations and (right) the reconstructed preprocessed image produced by
the VGG-based preprocessing step. The overlaid activations highlight the regions of interest extracted from the raw
image, whereas the reconstructed image on the right demonstrates the normalized and resized version of the tissue
sample used as input for the network.

The accompanying array outputs further confirm the effect of preprocessing. The image array before
preprocessing shows raw pixel intensity values in the original RGB scale, whereas the image array after preprocessing
reflects the normalized and scaled values with altered dynamic ranges, consistent with the VGG preprocessing routine.
This transformation standardizes the input data to improve model stability and convergence during training while
retaining diagnostically important structures.

These visual and numerical results collectively illustrate how the preprocessing stage adapts raw
histopathological images to the feature space expected by the convolutional neural network, ensuring that subsequent
layers focus on relevant patterns rather than variations in raw pixel intensity.

Finally, the extracted feature dimensions for both the training and testing data are displayed to ensure that the
extraction process has been executed correctly. This step prepares the data for use in the subsequent learning models
or for further analysis. Since both VGG16 networks have many adjustable parameters, a large data augmentation
method is used to ensure effective training. This data augmentation includes various transformations such as horizontal
and vertical flips, rotation at various angles, and changes to image scale and brightness.

Table 1. Preprocessing Architecture Detail

Dimension Input Layer
[3 x 128 x 128] Conv1
[64 x 128 x 128] Maxpool
[64 x 64 x 64] Conv2
[64 x 64 x 64] Maxpool
[64 x 32 x 32] Conv3
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[128 x 32 x 32] Maxpool
[128 x 16 x 16] Conv4
[128 x 16 x 16] Maxpool
[3x8x8] Convb
[124 x4 x 4] Flatten
2048 FC1
1024 FC2

The architecture described in the Table 1 represents a series of feature extraction processes from histopathology
images using a Convolutional Neural Network (CNN) approach. The process begins with an input image of size [3 x
128 x 128], where 3 denotes the RGB color channel and 128 x 128 corresponds to the spatial dimension of the image.
This image is first processed through the initial convolution layer (Conv1), which produces 64 feature channels while
maintaining the spatial dimension of [64 x 128 x 128]. A max-pooling layer is applied, reducing the spatial size to [64 x
64 x 64] to lower the computational complexity and minimize redundant features.

A similar process is repeated in subsequent layers. After Conv2 and the second pooling, the dimension becomes
[64 x 32 x 32]. Conv3 increases the number of channels to 128, producing feature maps of size [128 x 32 x 32], followed
by another pooling step that reduces the size to [128 x 16 x 16]. The Conv4 layer maintains this size before further
pooling. Although the table reads the output after the fourth pooling as [3 x 8 x 8], this appears to be a typographical
error, as the number of channels should remain at 128. The Conv5 layer then changes the output to [124 x 4 x 4],
indicating the final features of the convolution process.

The final output of this process is then flattened into a one-dimensional vector of size 2048, which is then passed
to two fully connected (FC) layers. The FC1 layer changes the dimension from 2048 to 1024, followed by FC2, which
serves as an advanced stage of classification. This entire sequence serves as an important feature extraction stage
before class prediction is performed, ensuring that the image is optimally represented for distinguishing between benign
and malignant tissues.

2.4 Attention Mechanism

Each patch within the bag is processed in a packet by extracting features to fulfill the instance-level features. The
dense layer extracts 500 features from each instance. The attention score block calculates the attention weight using
500 features from each instance. These attention weights are used during attention-based aggregation to obtain bag-
level characteristics. This accumulation calculation makes the bag highly informative for classifiers at the bag level. The
A-MIL framework is trained using a single batch size.

The table below illustrates the sequence of the feature extraction process in the A-MIL model that uses several
layers in a convolutional neural network (CNN). The process begins with an input image of size 3 x 28 x 28 pixels (RGB).
In the first step, the initial convolution layer (Conv1) is applied, resulting in features measuring 24 x 24 x 24. This is
followed by a maxpooling layer, which reduces the spatial dimensions to 20 x 12 x 12. The second convolution layer
(Conv2) produces features with dimensions of 50 x 8 x 8, which are reprocessed with maxpooling to produce a size of
50 x 4 x 4. The output is then flattened into a one-dimensional vector with a dimension of 800, which is then processed
in the fully connected layer that produces an output with a dimension of 50.

Finally, important features are extracted with a final dimension of 50, which are used for advanced models or for
classification.

Table 2. A-MIL Feature Extraction

Dimension Input Layer
3x28x28 Conv1
24 x 24 x 24 Maxpool
20x12x12 Conv2
50x8x8 Maxpool
50x4 x4 Flatten
800 Fully Connected
50 Extrac Feature

The feature extraction stage of the Attention-Multiple Instance Learning (A-MIL) method in Table 2 shows the
convolutional network architecture designed to extract feature representations from each small image patch of 3 x 28 x
28, where 3 denotes the color channel (RGB) and 28 x 28 refers to the resolution of the patch being analyzed. The
process begins with the first convolution layer (Conv1), which converts the input into a 24 x 24 x 24dimensional output,
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indicating that 24 feature maps are successfully generated with a slight reduction in spatial size due to the convolution
process.

Afterward, the output from Conv1 goes through a max-pooling process, which reduces the spatial dimensions
while retaining the important features. This produces an output with dimensions of 20 x 12 x 12, showing 20 feature
channels with a smaller spatial size. Next, the second convolution layer (Conv2) increases the number of channels to
50 while reducing the spatial size to 8 x 8, indicating a more complex feature deepening process. A second pooling
layer further reduces the spatial size to 4 x 4, while maintaining the 50 channels.

The next stage is flattening, where the three-dimensional features [50 x 4 x 4] are flattened into a single 800-
dimensional vector (the result of 50 x 4 x 4). This vector is then passed into a fully connected layer, producing a 50-
dimensional feature representation, which serves as the final output of the feature extraction process. This 50-
dimensional vector is subsequently used in the next stage of A-MIL, the attention mechanism, which determines the
importance of each patch in the final classification process. Overall, this design ensures that each patch is represented
efficiently, concisely, and informatively for multiple instance learning.

The A-MIL algorithm allows different samples within each bag to be assigned varying weights. This weighted
aggregation ensures that the resulting bag representation is highly informative for bag-level classification. The A-MIL
framework was trained using a single batch size, a learning rate of 0.001, and binary cross-entropy as the loss function.

(a) Original image (b) Localization by A-MIL
Figure 4. A-MIL Prediction

Figure 4 illustrates the visual interpretability of the proposed Attention-based Multiple Instance Learning (A-MIL)
framework on histopathological images. Panels (a) present the original input images at different magnifications, whereas
panels (b) depict the corresponding localization maps generated by A-MIL. The highlighted regions in the localization
maps represent tissue areas that the model identified as most informative for classification. These attention maps clearly
demonstrate that A-MIL is capable of focusing on diagnostically relevant structures—such as epithelial clusters or
abnormal glandular formations—while down-weighting less informative regions. This visualization provides evidence
that the model not only achieves high classification performance but also offers transparent and interpretable decision-
making, which is crucial for building trust among pathologists and ensuring clinical applicability.

2.5 Multiple Instance Learning

MIL is useful in situations where obtaining precise label at the instance level is difficult, while labeling groups of
instances is easier or more practical [22]. MIL offers a more effective and flexible approach for various cases in machine
learning, where labeling individual instances is difficult or impractical. The purpose of MIL is to build a more complex
machine learning model to predict the label of a new bag using each information from each labeled instance [23].

The most important part of Multiple Instance Learning (MIL) [22] is the instance combination process. The
purpose of this model-level aggregation is to collect features from each instance and combine them to form a bag-level
representation. Two commonly used aggregation methods in MIL are mean pooling and max pooling.

In mean pooling, the average of all instances in a bag is used to predict the bag label, meaning each instance
contributes equally to the final outcome. In contrast, max pooling assigns the bag label based on the instance with the
highest activation. This method focuses on very strong instances and is considered more suitable for determining bag
labels.
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However, both methods have limitations. Max pooling may rely on outliers—high-activation instances that do not
truly represent the whole bag—resulting in the model failing to capture important information from the majority of the
instances. On the other hand, mean pooling treats all instances equally, causing rare or minority instances to be
overshadowed in the pooling process. This may reduce the performance of the model when working with data with
fewer classes.
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Figure 5. Data Labels in One Class

Based on Figure 5 above, a histopathology image is divided into many small patches, which are then grouped
into a bag. If the image contains malignant cancerous tissue, the entire bag is labeled as malignant even though not all
patches necessarily show malignant features. Some patches may contain only normal or irrelevant tissue. This
illustrates the uneven distribution of label data within a class in the MIL method.

The Attention-based Multiple Instance Learning (A-MIL) model was developed with three main components: a
feature extractor, an attention mechanism, and a classifier. The feature extractor transforms the input data into a latent
representation, while the attention mechanism assigns importance weights to each instance within a bag. The classifier
then uses the information from the attention mechanism to generate the final prediction.

The training process involves feeding the model with training data incrementally in batches. The model calculates
the loss based on the difference between the prediction and the true label, then updates the weights using gradient-
based optimization. After each training epoch, the model is evaluated using validation data to assess accuracy and
loss, providing insight into its performance on unseen data.
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Figure 6. Validation and Loss

In Figure 6, once the model is trained, the testing process is performed. The model is used to make
predictions on new data, including both individual images and image sets. For individual images, features are
extracted using a pre-trained model (such as VGG16), and then organized into a dataset (bag) that can be
processed by the A-MIL model.

Predictions are generated in the form of class probabilities, and the class with the highest probability is
selected as the final output. The model’s performance is evaluated using metrics such as classification report,
which provides insight into accuracy, precision, and recall. This process ensures that the model is not only learns
patterns from the training data but is also capable of generalizing to new data.

3. Results and Discussion

At the A-MIL testing stage, which used 80% training data, 10% testing data, and 10% validation data from the
BreakHIS dataset with four different magnification levels, the accuracy results obtained are as follows:
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Table 3. A-MIL Classification Accuracy Result

.. . Accuracy
Training Data Testing Data 20x 100x 200x 200x
80% 20% o o o o
6.327 image 1582 image 89.90% 95.50% 97.50% 90.43%

Based on Table 3 above, the highest accuracy was achieved in the class trial with an image magnification level
of 200x, reaching 97.50%. Figure 7 shows an image of a sample of the cancer classification visualization results using
a dataset with a magnification level of 100x.

Predicted: 100X

Predicted: 100X Predicted: 100X

Figure 7. Visualization of Cancer Classification Output

The initial prediction result is a probability score for each class, which is then converted into a final label by
selecting the class with the highest probability using the argmax function. Next, the numerical prediction labels are
converted back to the original labels using the label encoder previously used during training. The same process is
performed on the original labels of the test data to ensure comparability.

Afterward, a classification report is generated using the classification_report function, presenting metrics such as
accuracy, precision, recall, and F1-score for each class. Additionally, a confusion matrix is calculated to provide a
detailed overview of the distribution of correct and incorrect predictions. This confusion matrix is then visualized as a
heatmap using Seaborn to facilitate analysis of the test results, as shown below.

Table 4. Classification Matrix

Precision Recall F1-
Score

Benign - 400x 0.88 0.81 0.84
Benign - 200x 1.00 0.82 0.90
Benign - 100x 0.92 0.69 0.87
Benign - 40x 0.90 0.78 0.86
Malignant - 400x 0.87 0.62 0.90
Malignant - 200x 0.89 0.88 0.89
Malignant - 100x 0.82 0.82 0.89
Malignant - 40x 0.84 0.83 0.87

Based on Table 4, the model’s performance in classifying benign tissues shows consistently high precision across
all magnifications, with the highest value at 200x (1.00) and the lowest at 100x (0.92). The recall for the benign class
varies between 0.69 and 0.82, indicating that although the model is highly precise at most magnifications, its ability to
correctly retrieve all benign samples is less optimal, particularly at 100x. Consequently, the F1-scores range from 0.84
to 0.90, reflecting moderate to high overall performance.

For the malignant tissue classification, the model exhibits relatively stable precision (0.82-0.89), with recall being
lower at 400% (0.62) but improving at lower magnifications (0.82—0.88). The F1-scores for the malignant class remain
high (0.87-0.90), indicating a balanced trade-off between precision and recall. These findings suggest that image
magnification influences the model's performance, with intermediate magnifications (e.g., 200x) providing the most
consistent and optimal results for both benign and malignant tissues.
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Figure 8. Classification Matrix Graph

Based on Figure 8, the classification matrix evaluates the performance of the breast histopathology image
classification model across two main categories, namely Benign and Malignant, each further classified based on
microscope magnification levels of 40X, 100X, 200X, and 400X. This matrix compares the actual labels (vertical axis)
with the model's predicted labels (horizontal axis). Each cell represents the number of images predicted for a particular
category. Correct predictions appear along the main diagonal from the top left to the bottom right, highlighted in dark
blue to represent a high value.

Overall, the model shows good classification performance, with most predictions concentrated along the main
diagonal. For example, in the B_100X class, 21 images were correctly classified, and in the M_40X class, 46 images
were also accurately identified. However, several notable misclassifications occurred. For example, in the B_400X
class, 12 images were incorrectly predicted as M_400X, indicating that the model had difficulty distinguishing benign
and malignant tissues at that level of magnification. Similarly, in the M_100X class, some images were misclassified
into the M_200X and M_400X classes, indicating that visual features at multiple resolutions tend to be similar and
difficult for the model to distinguish.

These findings show that, although the model has performed adequately, further improvement is needed,
especially in distinguishing high-resolution images that have similar features between classes. Improvements can be
made through approaches such as data augmentation, class balancing, or the use of more complex architectures to
capture finer visual patterns. By doing so, it is hoped that classification accuracy can be improved across all image
categories.

4. Conclusion

Based on the results of the research conducted, it can be concluded that the Multiple Instance Learning method
can be used to classify breast cancer using histopathology images, as reflected in the accuracy obtained. This study
has shown better classification performance through the use of the attention method, which enhances accuracy in
noise-prone areas by providing more focused exposure related to histopathology images to spot patterns. The highest
accuracy was achieved using images with a 200x magnification level, reaching 97.50%.

To support the continuation and further development of this research, several suggestions are proposed. These
include increasing the number of datasets used for the classification process for varied data such as increasing the
number of classes or adding features related to data preprocessing, in the hope of improving accuracy results, as well
as adding or developing the methods used in order for comparisons, such as adding feature extraction or using two
classification methods as a performance comparison.
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