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Abstract

Breast cancer is a prevalent type of malignancy in females wherein there is uncontrolled cell
growth within the breast tissues. Proper identification and classification are the basis for effective
treatment and management. There has been potential in increasing classification accuracy as
well as support for early diagnosis through more recent advancements with deep learning
models, particularly when utilized in medical imaging. This research aims to enhance the
precision of breast cancer classification by comparing deep learning model performance. Python
and deep learning frameworks were employed in developing and comparing models for breast
cancer classification using the Curated Breast Imaging Subset of the Digital Database for
Screening  Mammography (CBIS-DDSM) dataset, which includes Digital Imaging and
Communications in Medicine (DICOM) mammography images obtained through Kaggle. The data
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was quality-assured and made uniform. A conventional Convolutional Neural Network (CNN) was
first applied for binary classification. Transfer learning was implemented with the DenseNet121
model that was pre-trained on ImageNet to improve performance. Layers of the model were
frozen, and classification layers were included as custom. Fine-tuning was accomplished by
unfreezing certain layers to enhance the ability of the model to discriminate between malignant
and benign cases. The conventional CNN model achieved accuracy of 51.87%, weighted F1-
score of 0.35, precision of 0.27, and recall of 0.52. Following transfer learning with DenseNet121,
accuracy was improved to 71%, weighted F1-score of 0.71, Specificity of 0.83, Sensitivity of 0.61
and AUC of 0.7. Fine-tuning resulted in an end accuracy of 88%, with weighted F1-score,
Sensitivity of 0.87, Specificity of 0.82, precision at 0.87 and Area Under the Curve (AUC) at
0.85.This study highlights the effectiveness of DenseNet121 combined with transfer learning for
improving breast cancer classification accuracy using DICOM images from the CBIS-DDSM
dataset, contributing to more reliable early detection and treatment strategies.

Keywords: Breast Cancer, Convolutional Neural Network (CNN), DenseNet121, Transfer
Learning.

1. INTRODUCTION

One of the most common types of cancer in the globe, particularly in women, is breast cancer
(Yiallourou, 2023). Uncontrolled cell development, which may later develop into tumors, is a
hallmark of this disease, which usually starts in the breast tissue (Cuthrell and Tzenios, 2023)
Treatment choices and patient outcomes are greatly enhanced by early diagnosis of these
cancerous cells. However, because breast cancer is frequently asymptomatic and the early
indicators of malignancy in mammogram pictures are modest, it might be difficult to detect the
disease in its early stages. Though diagnostic imaging methods—mammography, specifically—
are essential for detecting possible cases, their interpretation takes a lot of effort and highly
experienced radiologists, which can result in human error and inconsistency in diagnostic
accuracy (Chan et al., 2020). Computer-Aided Diagnostic (CAD) systems help radiologists detect
and classify tumors more accurately and consistently (Houssein et al., 2021). These systems use
machine learning, especially deep learning, to look closely at medical images. One of the most
popular types of deep learning models is the Convolutional Neural Network (CNN), which is really
good at looking at medical images, like those used to find breast cancer (Sharafaddini et al.,
2024). CNNs are great because they can find patterns in images that are hard for humans to see.
But regular CNNs sometimes struggle when dealing with medical images that have lots of details,
like DICOM mammograms (Salehi et al., 2023).To make things better, there’s something called
transfer learning, which helps improve CNN models when there isn't enough labeled data.
Transfer learning lets us use models that have already learned from big datasets, like ImageNet
(Chutia et al., 2024), and then adjust them for specific tasks. One popular model is DenseNet121,
which has layers that are really well-connected, making it good at handling complex data, like
mammograms, while also solving some tricky problems in deep learning (Tan et al., 2014).

In this research, we're showing how DenseNet121, combined with transfer learning, works better
than regular CNN models for diagnosing breast cancer. It helps improve things like recall,
precision, and accuracy, making it a really helpful tool for doctors to find problems early and give
patients better chances for treatment.

2. LITERATURE REVIEW

The rise of deep learning algorithms, which outshine traditional methods, has truly transformed
recent research in mammogram classification. Initiallytechniques like Support Vector Machines
(SVM) relied on manually crafted parameterssuch as texture and mass characteristics, to help
diagnose breast cancer. To showcase how practical SVM could be, Falconi et al. (2019) utilized
181 features and achieved an AUC of 0.805 with the DDSM database. However, it wasn't long
before deep learning models took the lead, proving to be even more effective.
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There's been a growing buzz around using transfer learning in the field of medical image
analysis, particularly for detecting breast cancer from mammography images, like those found in
the MIAS dataset. For instance, Ansar et al. (2020) employed Convolutional Neural Networks
(CNNs) within transfer learning frameworks, achieving an impressive 78.4% accuracy with
ResNet50 and 74.3% with MobileNet when categorizing mammograms. In another study, Prusty
et al. (2022) utilized a pre-trained MobileNet model to classify breast cancer, applying transfer
learning techniques on the DDSM and CBIS-DDSM databases, and they reported an accuracy of
86.8% on DDSM and 74.5% on CBIS-DDSM. Additionally, Sharma et al. (2022) leveraged a pre-
trained VGG16 model, which reached an accuracy of 81.99% based on the MIAS dataset. Recent
studies have also highlighted the potential of deep transfer learning for applications beyond just
breast cancer diagnosis in medical imaging.

Kaur and Mahajan (2025) trained ResNet152 and GoogleNet on brain tumors, achieving an
impressive recognition rate of 98.53%. Their research highlights the importance of feature
selection techniques, such as PCA and feature scaling, to enhance classification performance
across various medical imaging tasks. This aligns with findings from Zahra et al. (2023), who
reported a cancer classification accuracy of 98.4% with DenseNet, emphasizing the need for
improved preprocessing to boost class performance. Elkorany et al. (2023) took a different
approach by employing a series of classifiers, from KNN to SVM and Random Forest, to create a
deep learning model that reached 94.5% accuracy on the MIAS database by integrating features
from multiple pretrained networks. Meanwhile, Chakravarthy et al. (2024) utilized 90% of MIAS
images as training data, leveraging Inception-V3, ResNet50, and AlexNet as features, followed by
a multiclass SVM, achieving a classification rate of 98%.

Meenalochini and Ramkumar (2024) developed an auto-breast cancer classifier system utilizing a
pre-trained EfficientNet-B4 model. The system's classifying accuracy was 80.18% utilizing CBIS-
DDSM and 98.46% using INbreast datasets. Li et al. (2020) designed a new CNN architecture,
Interleaved DenseNet with Squeeze-and-Excitation Network (IDSNET), to classify cancerous and
non-cancerous tumors in breasts. IDSNET interlaces a Squeeze-and-Excitation (SENet) module
with a baseline DenseNet-121 architecture to improve feature extraction as well as classifying
accuracy. IDSNET uses Global Average Pooling (GAP) in its classifying network to prevent
overfitting issues due to a higher number of model parameters as well as computational costs.
The pre-trained and fine-tuned DenseNet-121 model acts as raw material utilized in extracting
cancer and non-cancerous tissue image's feature maps. To retain channel-wise global
information as well as improve the model so as to classify between cancerous and non-
cancerous tissue, SENet modules are utilized on extracted feature maps.

The IDSNET performance was examined in a comparative study using the same data with VGG-
16 and ResNet-50. The outcome showed that IDSNET is effective for breast cancer classification
with 84.6% to 90% and 84.5% to 89.1% Image Recognition Rates and Patient Recognition Rates,
respectively.

Current research comprises the improvement of breast cancer classification using new
approaches. Working with a Genetic Algorithm (GA) and Markov Random Adaptive Segmentation
(MRAS), Laishram and Rabidas (2024) attained a 83.5% classification rate by using the
application of Gaussian filtering and Adaptive Histogram Equalization (AHE) to suppress noise
and improve contrast. A machine learning and deep learning hybrid system was also proposed by
Lee et al. (2017) as they achieved 80.15% and 83.61% accuracy in DDSM and mini-MIAS,
respectively. MSI-MFNET, a novel medical image framework, was proposed by Sheikh et al.
(2020), while ResNet-50 and DenseNet-121 were utilized by Yari et al. (2020) for the
classification of breast cancer. Aljuaid et al. (2022) presented a computer-aided diagnostic (CAD)
scheme to identify breast cancer, whereas Boumaraf et al. (2020) investigated the potential of
ResNet-18.

With EfficientNet-based techniques, Ahmad et al. (2023) advanced it, and Koshy and Anbarasi
(2024) presented the LMHistNet architecture. Mewada (2024) advanced deep learning in medical
image analysis to the next level by further improving DenseNet-161 in 2021.
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These results demonstrate the increasing significance of transfer learning as a way to increase
diagnostic accuracy, especially when paired with pre-training, intricate feature extraction, and
optimization techniques. Even though CNNs and ensembles have potential, research is still
needed to address issues including overfitting, sample size restrictions, and further feature
extraction work in order to improve breast cancer diagnosis.

3. MATERIALS AND METHODS
In this context, deep learning models like CNN and DenseNet121 via transfer learning were
applied to the CBIS-DDSM dataset to obtain improved classification of breast cancer.

The step-by-step procedure in this study is outlined in the research flow diagram in Figure 1. The
starting point is the CBIS-DDSM dataset, which is downloaded from Kaggle and initially
transformed by rotation, augmentation, normalization, and scaling to make it ready for model
training. For the sake of making the model learn well and saving data for testing, the dataset is
split for testing and training. In order to create a baseline, the procedure of creating the model
later starts with a regular CNN model. Using DenseNet121, a more advanced model renowned
for its efficient feature extraction abilities, is followed. Leverage pre-learned ImageNet
information, the DenseNet121 model is used in the initial phase with simple layers frozen while
training custom layers alone. This allows the model to preserve the core characteristics and learn
task-specific knowledge. During a later stage, some layers of DenseNet121 are released so that
more fine-tuning can be carried out to fine-tune the model to suit the idiosyncrasies of breast
cancer images.

Data split

Breast Cancer image

Unfreeze some

Freeze base model
Conventional CNN layers """m base

Densenet121 Densenet121

Disease
Classification

FIGURE 1: Research implementation diagram.

3.1. Description of Data

This study employs the Curated Breast Imaging Subset of the Digital Database for Screening
Mammography (CBIS-DDSM), a modern, standardized derivative of the original DDSM. The
DDSM database holds 2,620 digitized mammography studies marked as cases that were labeled
as normal, benign, or malignant and pathologically verified. The CBIS-DDSM dataset, ground-
truth validated and curated by an experienced reader, is most useful for designing and testing
decision support systems because it is appropriately sized, has a coherent structure, and ground-
truth validated.

The CBIS-DDSM dataset contains JPEG images. Left and right breast images are incorporated in
the mammogram images as well as Mediolateral Oblique (MLO) or Craniocaudal (CC) views.
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Compared to other publicly available mammogram datasets, such as the Mammographic Image
Analysis Society (MIAS), INbreast, and Breast Cancer Digital Repository (BCDR), the CBIS-
DDSM has major advantages in terms of its pathology-verified cases and large region of interest
(ROI) annotations in DICOM format. This makes it the optimal choice for training models to
identify particular mammographic features associated with malignancies (Azour and Boukerche,
2022).

Convolutional Neural Networks (CNNs) were widely used for medical image processing within the
context of computer-aided diagnostic (CAD) systems for mammography. For the present study,
the CBIS-DDSM dataset was selected due to its standardized format, enhanced segmentation,
and large dataset size and therefore perfectly suited for evaluating the performance of a CNN-
based CAD system. The dataset is hosted on Kaggle
(https://www.kaggle.com/datasets/awsaf49/cbis-ddsm-breast-cancer-image-dataset) for research
use.

3.2. Data Preprocessing

Here the cleaning of data is performed by removing any images whose labels are uncertain (i.e.,
neither benign nor malignant), but not in the SA dataset as it is left untouched. The images are
resized to reduce computational requirements and improve the program's running speed. For
improving the training dataset and bringing in variability. Rotation and horizontal flipping come
under our trial stage data augmentation, where all images are rotated by 10° to capture maximum
variation and increasing the dataset size. Some examples of these augmented images have been
provided in Figure 3. Each augmented dataset is separated into two parts: a training set, having
80% of the images, and a test set with the remaining 20%.

3.3. Convolutional Neural Network and Densnet121 Algorithm Used

This study investigates various convolutional neural network (CNN)-based methods for breast
cancer picture classification in order to reliably distinguish between benign and malignant breast
cancer images. Because CNNs can automatically learn and extract relevant characteristics from
images, they are especially well-suited for medical image analysis. They are quite good at
recognizing visual patterns because of this capability (Litiens et al., 2017). In this study, we
looked at three primary approaches: a DenseNet121 model with some of its bottom layers
partially unfrozen, a standard CNN modeland a DenseNet121 model with its lower layers frozen.

1. Conventional CNN: A basic CNN including convolutional, pooling, and fully linked layers was
developed as a foundation for the categorization of breast cancer. While pooling layers
downscale spatial dimensions, convolutional layers absorb characteristics like edges and
textures. The model was trained from scratch in order to learn attributes specific to the photos of
breast cancer. This baseline serves as a reference for evaluating the effectiveness of transfer
learning techniques in later models.

2. DenseNet121 with Frozen Base Layers: In order to accommodate the breast cancer
classification task, the lower layers of a pre-trained DenseNet121 on ImageNet were frozen.
DenseNet121 dense connections allow effective learning with reduced parameters and reinforce
feature propagation. Besides preventing overfitting and accelerating the training process, freezing
the bottom layers also employs universal features like shapes and texture that are generalizable
in medical images. The method leverages the pre-trained ImageNet features of the breast cancer
data effectively.

3. DenseNet121 with Partially Unfrozen Base Layers: The last method allowed the
DenseNet121 base model to adjust learnt features to the breast cancer dataset by unfreezing
part of its layers for fine-tuning. While keeping the generic features from ImageNet, fine-tuning
aids in modifying the model's lower layers to better capture domain-specific information. This
method enhances performance by selectively unfreezing deeper layers, which helps the model
better match patterns in the photos of breast cancer. When compared to a fully frozen model,
fine-tuning usually improves performance.
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3.4. Using DenseNet121 as a Transfer Learning Model

The proposed model as shown in Figure 2, combines a pre-trained DenseNet121 architecture
with transfer learning, dropout regularization, and fine-tuning to improve breast cancer image
classification. Initially, images from the CBIS-DDSM dataset are preprocessed, scaled, and
augmented with techniques like rotation and flipping. The dataset is split, with 80% for training
and 20% for testing. DenseNet121’s base layers are frozen to retain general features from
ImageNet, while custom layers are added for classification. A dropout layer of (0.2 rate) is applied
following a fully connected layer in order to avoid overfitting. The model is further fine-tuned by
unfreezing some layers selectively where overfitting is detected so that it can better learn the
breast cancer dataset without losing generalizable properties. This approach enhances
performance through an equilibrium between generalization and specialization.

Data Acquisition

l

Freezing Layers
Dropping Layers

h 4
1 x 1024 layers + relu
activation

\ 4
Dropout layer
{Dropout rate = 0.2)

When overfitting then fine-tune
the model (Densnet121)

v F
1 x 1024 layers + relu
activation

v
Dropout layer (dropout rate
=0.2)

v
1 x 2 layer + sigmoid activation

v
Ewvaluate overfitting

v
Classifcation

FIGURE2: Architecture of the proposed Model.

4. RESULTS

In this paper, the following metrics are used to measure the performance of the models:

1. Accuracy: It estimates the overall performance of the model by determining the number of
correct predictions out of total predictions made.

TP+FP

Accuracy = ——
y TP+TN+FP+FN

2. Precision: Establishes the ratio of positive predictions that were true to all positive instances
predicted, aiming at reducing false positives.
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TP
TP+FP

Precision =

3. Recall (Sensitivity): It assesses the model's ability to correctly recognize all true positive
cases, aimed at reducing false negatives.

TP
TP+FN

Recall =

4. F1-score: Provides a balanced approach to precision and recall by taking their harmonic
mean, especially efficient for handling skewed datasets.

PrecisionxRecall
F1 — Score = 2 X

Precision+ Recall

5. Specificity:Shows the proportion of correctly identified true negative cases, indicating the
model's ability to avoid false positives.

TN
TN+FP

Specificity =

6. AUC (Area Under the Curve):Shows the model's ability to distinguish between classes, with
higher values indicating better performance. These measures combined ensure a comprehensive
evaluation of the model's capability in classifying malignant and benign cases correctly and
reliably.

FP
FP+TN

FPR =

4.1. Conventional CNN Model

The Results from the Conventional CNN model display stark performance gap between the two
classes (as can be observed from Table 1). The model classifies zero benign cases correctly as
revealed by extremely high sensitivity (100%) of malignancy patients, but extremely poor
specificity (0%). The faults of the model are evident particularly in benign prediction as the F1-
score on benign cases stands at 0% and AUC is equally very low standing at 50%.

Model Sensitivity ~ Specificity  AUC F1-

(%) (%) (%) Score

(%)

Conventional 100.00 0.00 50.00 0.00
CNN Model

Freeze Base 61.00 66.00  71.00 69.00
Model Layers
(DenseNet121)

Unfreeze 87.00 85.00 84.00 84.00
Some Layers
(DenseNet121)

TABLE 1: Evaluation metrics in CIB Dataset.

4.2. Freeze Base Model Layers (DenseNet121)

Performance is enhanced by using DenseNet121 and freezing the base model layers (see Table
1). The specificity for benign cases is 66%, whereas the sensitivity for malignant cases is 61%.
The model's F1-score for malignant cases is 69%, and its AUC is 71%. Even though the model
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performs better than the conventional CNN, it still has trouble accurately identifying every case of
cancer.

4.3. Unfreeze Some Layers of the Base Model (DenseNet121)

Upon unfreezing some layers of DenseNet121, the model achieves a significant boost in
performance, as shown in Table 1. Sensitivity for malignant cases increases to 87%, and
specificity for benign cases improves to 85%. The AUC reaches 85%, and the F1-score for both
classes is now much higher (84% for both). This model shows the best overall performance,
demonstrating that fine-tuning the model's layers can significantly improve its predictive
capabilities.

4.4. Computational Performance Analysis

The computational efficiency, memory consumption, and classification performance of the breast
cancer classification models using transfer learning with DenseNet121 and a standard CNN differ
considerably. Here, these factors are compared by evaluating the performance of a CNN model
trained from scratch with two variants of a pre-trained DenseNet121 model: one with frozen base
layers and another with partially unfrozen layers for fine-tuning. The results, as summarized in
Table 3, outline the trade-offs between classification accuracy and computational expense among
these approaches. The baseline CNN model, trained from scratch, incurs a relatively modest
computational expense, with each epoch requiring approximately 46 to 49 seconds, thereby
needing approximately 23 to 25 minutes of total train time for 30 epochs. While computationally
light, the model does not learn complex patterns in mammographic images very well, with an
accuracy of only 51.87%, and validation loss plateauing at around 0.6933. This modest
performance is indicative of poor feature extraction, making the model unsuitable for high-stakes
medical application. Memory consumption is modest, with GPU VRAM usage between 1 and 2
GB and CPU RAM usage between 4 and 6 GB. In contrast, the use of a pre-trained DenseNet121
with frozen base layers yields a significant increase in classification accuracy at the expense of
greater computational demands. Since feature extraction entails training only the classification
head, this model achieves a training accuracy of 81.42% and validation accuracy of 69.36%. Yet,
these improvements come at a cost in training time, with each epoch now taking between 140 to
160 seconds, and thus total training time taking around 25 minutes for 10 epochs. Memory
footprint also increases, with GPU VRAM usage increasing to 4 to 6 GB and CPU RAM usage
increasing to 8 to 12 GB.

Fine-tuning of DenseNet121 by unfreezing selective layers enhances feature extraction further so
that the model can adapt better to the breast cancer dataset. The process results in improved
classification performance compared to the frozen version but with an increased possibility of
overfitting. The additional computational expense raises training time to about 200 to 250
seconds per epoch, making the total training time about 37 minutes. This variant also consumes
much more memory, with the GPU VRAM usage increasing to about 6 to 10 GB and CPU RAM
usage up to 12 to 16 GB. As demonstrated in Table 2, the comparative analysis indicates the
trade-off between computational efficiency and classification performance. The conventional CNN
model is lean but lacks sufficient feature extraction capability and thus is not useful for clinical
purposes. The frozen layers of pre-trained DenseNet121 present a well-rounded solution, where
there is huge improvement in accuracy with manageable training times. DenseNet121 further
fine-tuned improves classification accuracy but at greater computational expense. These results
imply that transfer learning with selective fine-tuning yields a better and cost-effective strategy for
breast cancer classification compared to training CNN models from scratch.

Model Training Time Total GPU CPU
per Epoch (s) Training VRAM RAM
Time (min) (GB) (GB)
CNN (from 46 - 49 23-25 1-2 4-6
scratch)
DenseNet121 140 - 160 25 4-6 8-12
(Frozen)
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DenseNet121 200 - 250 37 6-10 12-16
(Fine-Tuned)

TABLE 2: Comparative analysis puts at the forefront the trade-off between classification accuracy and
computation efficiency.

4.5. Statistical Significance Analysis

For the testing of statistical significance when comparing the accuracy results of the three
models, namely, baseline CNN, DenseNet121 with frozen layers, and DenseNet121 with partially
unfrozen layers, paired t-test was applied to check whether differences among accuracy results of
models were statistically significant. The test generated the t-statistic value of -242.04 and p-
value <0.0001, an extremely significant difference in performance, particularly between the
baseline CNN and fine-tuned DenseNet121 model. It is an implication that the observed
improvements in the accuracy do not necessarily arise from random variation but are statistically
significant. Furthermore, a one-way ANOVA test was employed to compare classification
accuracy for the three models. The test produced an F-statistic of 14,353.64 with a p-value of
<0.0001, also indicating strongly that the differences in model performance are highly significant.
To check these findings, a Wilcoxon signed-rank test was applied, returning a W-statistic of 0.00
and a p-value of 0.0625. Although this is just over the usual 0.05 significance threshold, it does
indicate a tendency towards statistical significance. These statistical results strongly indicate that
fine-tuning DenseNet121 has a significant level of improvement on the accuracy of breast cancer
classification. The results validate the advantages of transfer learning over conventional CNN
training techniques, thus affirming the application of DenseNet121 as the model of choice.

5. COMPARATIVE MODEL PERFORMANCE

Table 3 presents a comparative analysis of the performance of the Unfreeze Base Model Layers
with DenseNet-121 (Proposed Work) against other well-established models used for breast
cancer image classification. The results show that the proposed model outperforms the others in
terms of Accuracy, Precision, Recall, and F1-Score, with an accuracy of 84% and an F1-Score of
85%, indicating its strong overall performance in breast cancer detection.

Author(s)/Year | Model/Method | Accuracy | Precision | Recall | FI-
Used (%) (%) (%) Score

(%)

Proposed DenseNet-121 84 84s 87 85
Work (Unfreeze

Layers)

Ansar et al. ResNet50, 78.4 78 80 79
(2020) Mobile Net

Zhou et al. DenseNet- 82 79 83 81
(2022) 121, VGG

TABLE 3: Comparative Model Performance.

5.1. Discussion

The purpose of this research was to determine if DenseNet-121 with transfer learning would be
an enhancement over traditional CNN models for classifying breast cancers. According to the
results of this research, the partially-unfrozen DenseNet-121 model outperforms VGG16,
ResNet50, and even the fully-frozen DenseNet-121 on maintainable classification tasks. Its
balance between sensitivity and specificity, diagnostic of real clinical settings, is what makes it
more useful than the others—because the possibility of false-negatives can be minimized. This
balance is helpful in enabling radiologists to detect the presence of breast cancer early, avoid
performing unnecessary biopsies, and reduce patient worry.
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Prior work, including Ansar et al. (2020) and Zhou et al. (2022), has demonstrated the
effectiveness of using deep learning on medical images, though here our work demonstrates the
importance of partial layer unfreezing for improving feature adaptation and classification
performance. Even though transfer learning for tasks related to medical imaging has been
researched before, the specific approach of progressive layer unfreezing whereby part of the
layers of the pre-trained DenseNet121 model are unfrozen at several stages is a novel aspect of
this study. The technique allows the model to gradually adjust its capability for feature extraction,
optimizing low- and high-level features both for classifying breast cancer. Unlike previous studies,
where fixed or totally unfrozen layers have been employed in most of the cases during transfer
learning, our approach enhances generalization of the model by emphasizing fine-tuning specific
layers at different stages to better enable the model to learn breast cancer-specific information.
The sharpening of progressively thawed layers allows the model to learn the most beneficial
patterns in the data, reducing overfitting and becoming more robust in the processing of
heterogeneous and complex medical images. This results in better classification accuracy
compared to traditional methods. In spite of its positive results, several aspects must be taken
into account before clinical application. Regulatory clearance for use is essential for patient
safety, and the model's explainability is also a crucial concern to the medical community.
Explainability techniques such as Grad-CAM used in this study enable visual reasoning of the
model's choice, which forms the core basis for instilling trust in Al-assisted diagnosis.

Further, transparent integration into existing radiology workflows and Picture Archiving and
Communication Systems (PACS) is needed to deploy it in practice. From a healthcare
perspective, Al models like this one can maximize diagnostic workflows, reduce radiologist
workload, and healthcare expenditure. Radiologists may focus on complex cases with the help of
automated initial screenings, leading to improved efficiency and outcomes for patients. Early and
accurate diagnosis also might lead to early intervention in terms of treatment, improving the
survival rate and reducing medical expenditures over time.

Future studies can address how multi-modal learning is used, where information that is based on
mammograms is combined with clinical and demographic data for more accurate predictions.
Ensemble-based learning methods such as combining outcomes from many deep neural
networks might also help improve robustness and generalization. Class imbalance by synthetic
data augmentation, cost-sensitive learning, or advanced data augmentation is another relevant
direction. Finally, external validation across diverse datasets is needed to confirm the
generalizability of the model across varied imaging conditions, populations, and medical settings.
Massive clinical trials with cooperative medical centers will be a substantial follow-up to determine
its practical value. By tackling these variables, this study offers a stepping stone for Al-
augmented breast cancer classification models to be systematically integrated into clinical
practice to ultimately maximize early diagnosis, reduce misdiagnosis, and enhance patient care.
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