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ABSTRACT 
 

Breast cancer remains a leading cause of mortality among women globally, with early and accurate detection 
being critical for effective treatment. This study aims to evaluate the effectiveness of transfer learning 
architectures in detecting breast cancer using mammographic image data, addressing challenges posed by 
dense breast tissues and limited annotated datasets. The research utilizes the INbreast dataset, comprising 
high-resolution mammograms, and applies pre-trained convolutional neural network models such as 
DenseNet-201 and MobileNetV2 to classify benign and malignant classes. The methodology includes data 
preprocessing resizing, normalization, and augmentation, followed by model training with hyperparameter 
optimization, and validation. Performance is assessed through accuracy, precision, sensitivity, and 
specificity. DenseNet-201 outperformed MobileNetV2 across all metrics, achieving 0.99 accuracy and 
sensitivity, 0.98 specificity and 0.97 precision, demonstrating its robustness in capturing intricate features 
critical for cancer detection. MobileNetV2, while computationally efficient, showed lower diagnostic 
reliability, making it more suitable for resource-constrained scenarios. The findings confirm that DenseNet-
201 is a highly effective model for breast cancer classification in mammographic images, offering strong 
potential for integration into clinical diagnostic systems. This study contributes to the growing literature on 
AI-assisted diagnostics and supports the deployment of deep learning for improving public health outcomes. 
Future work should explore ensemble models and broader dataset generalization to ensure scalable and 
equitable implementation. 
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1. INTRODUCTION 

 
Breast cancer is a serious and complex 

disease where breast cells grow uncontrollably. It is 
one of the most common types of cancer in the 
world and the main cancer affecting women [1], [2]. 
According to the World Health Organization 
(WHO), breast cancer accounts for about 12% of all 
new cancer cases globally [3]. Recent studies show 
that the number of breast cancer cases is increasing, 
especially in low- and middle-income countries. 
This is likely due to changes in lifestyle, such as 
unhealthy eating habits, less physical activity, and 
an aging population. These trends show the urgent 
need for better ways to detect and diagnose breast 
cancer early so that patients can get timely 
treatment and reduce the risk of serious illness or 
death. 

Breast cancer is usually classified based on 
its appearance under a microscope (histologic type) 
and its molecular features. Two common types are 
invasive ductal carcinoma and lobular carcinoma, 
and each has different outcomes and treatment 
options [4], [5]. Molecular subtyping guided by 
hormonal and genetic markers increasingly enables 
more personalized care, improving patient 
outcomes through tailored therapeutic strategies.  

Mammography is the most widely used 
imaging method for detecting breast cancer. It is a 
key part of regular screening programs. Digital 
mammography has replaced the old analog version 
and offers clearer images, which helps doctors see 
problems in dense breast tissue more easily [6], [7]. 
A newer technique called Digital Breast 
Tomosynthesis (DBT) produces 3D images that 
help detect tumors more accurately and reduce 
errors [8], [9]. Still, mammography has some 
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weaknesses. It can sometimes give false-positive 
results, leading to unnecessary tests and stress for 
patients. On the other hand, false-negative results 
may delay diagnosis and treatment, which can harm 
the patient. 

One big challenge in mammography is 
dealing with dense breast tissue. High breast density 
can hide tumors and make them harder to find [10]. 
Additionally, the move from analog to digital 
mammography has raised concerns about radiation 
exposure, which means safety procedures and 
quality controls must be carefully followed [11]. 
Because of these challenges, there is a need for 
ongoing training for healthcare workers and the use 
of other imaging methods to support better cancer 
detection. 

Even with new technologies, there is still a 
gap between what is possible in theory and what 
happens in real-world practice, especially when it 
comes to interpreting mammograms correctly. This 
shows that we need new solutions to improve 
accuracy, reduce errors, and help doctors manage 
patient care more effectively ([9]. One promising 
approach is using artificial intelligence (AI) and 
machine learning, especially deep learning and 
transfer learning. These techniques use knowledge 
from large image datasets to help improve 
performance on smaller, specific medical datasets 
[2], [12]. 

Artificial Intelligence (AI) and Deep 
Learning (DL) have made a major impact on the 
medical field, especially through the use of transfer 
learning [13], [14]. This approach allows models to 
use knowledge from large, general datasets to 
perform well on smaller, more specific tasks. In 
healthcare, where collecting large labelled datasets 
is often difficult due to ethical and practical reasons, 
transfer learning becomes particularly useful [15], 
[16]. The process typically involves training a 
neural network on a large dataset first, then fine-
tuning the model on a smaller medical dataset. This 
helps improve performance in tasks such as image 
classification and disease detection. For example, 
models that were first trained on general images 
have been successfully adapted to detect cancer in 
mammogram images, helping to solve the problem 
of limited medical data. 

Another advantage of transfer learning is its 
efficiency. Deep learning models usually require a 
lot of computational power and time to train from 
scratch. With transfer learning, training is faster and 
requires fewer resources because the model starts 
with parameters learned from previous training. 
This has been proven effective in many areas of 
healthcare, including radiology and genomics [17], 

[18], [19], [20]. However, even with these benefits, 
there are still challenges. For instance, in real 
clinical settings, it is not always easy to interpret the 
results from these models accurately or to fully 
integrate them into healthcare systems [21]. 

This research focuses on using transfer 
learning models specifically for detecting breast 
cancer in mammographic images. It aims to find out 
which models give the best results in terms of 
diagnostic accuracy and suitability for clinical use. 
The study is important both academically and 
practically. On one hand, it adds to the scientific 
understanding of how AI can improve medical 
imaging. On the other hand, it offers practical 
benefits more accurate early detection of breast 
cancer can improve treatment outcomes and make 
better use of healthcare resources. Therefore, this 
research has the potential to close important gaps in 
current diagnostic methods and support the 
development of better solutions for breast cancer 
detection. 

Despite continuous advances in 
mammographic imaging and computer-aided 
detection, accurate diagnosis of breast cancer 
remains a major challenge, especially in patients 
with dense breast tissues. False positives often lead 
to unnecessary biopsies, while false negatives delay 
treatment. Transfer learning using pre-trained 
CNNs has emerged as a promising solution, but 
systematic comparative evaluations on clinical-
grade datasets such as INbreast are still limited. 

Research Questions: 
RQ1: Which transfer learning architecture 

(DenseNet201 or MobileNetV2) provides 
superior diagnostic accuracy in 
mammographic image classification? 

RQ2: How do computational efficiency and 
diagnostic reliability trade-offs influence 
model suitability for clinical deployment? 

 
2. LITERATURE REVIEW 

 
In recent years, transfer learning has 

emerged as a pivotal technique in applying deep 
learning architectures for breast cancer diagnostics, 
particularly in processing mammography images. 
Various pre-trained models, including 
MobileNetV2, and DenseNet-201, have been 
extensively evaluated to enhance the classification 
accuracy of breast cancer types, notably between 
benign and malignant tumors. 

One significant study by Alkhaleefah et al. 
illustrated the implementation of different CNN 
architectures, including VGG and ResNet, 
highlighting the challenges associated with using 
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models trained on datasets like ImageNet, which 
lack breast cancer-specific images, thereby leading 
to suboptimal classification performance [22]. 
Conversely, the integration of DenseNet, notable 
for its architectural efficiency in leveraging dense 
connections, has shown promise in improving 
classification rates. Jiménez-Gaona et al. 
demonstrated that adopting DenseNet for 
classifying tumors in mammographic images 
significantly enhances classification accuracy 
compared to traditional methods [23], further 
corroborated by Wakili et al., who reported on a 
novel integration of DenseNet with transfer 
learning techniques yielding high accuracy in 
histopathological image classification [24]. 

Moreover, Hu et al. introduced the Squeeze-
and-Excitation Blocks, which adaptively recalibrate 
feature responses in various channels. This 
architecture can fortify deep learning models’ 
feature extraction capabilities, enhancing 
identifying subtle patterns within mammographic 
images [25]. Similarly, the research by Eskandari et 
al. provided evidence that employing deep learning 
models like DenseNet can lead to higher diagnostic 
accuracy for breast cancer detection, corroborating 
the advancements in this area [26]. 

The combination of multiple architectures 
into a single network, as seen in Hassan et al.’s 
feature concatenation approach utilizing VGG-16, 
ResNet50, and Inception-v3, has also garnered 
attention for its capacity to synergistically enhance 
classification performance. This study illustrated 
that merging features from various models 
improved detection rates when classifying breast 
cancer histopathological images [27]. Likewise, 
Alkhaleefah et al.’s Double-Shot Transfer Learning 
strategy reinforced the importance of fine-tuning 
pre-trained models to address the limitations of 
smaller datasets available for breast cancer 
classification [22]. 

To evaluate the robustness of these methods, 
Park et al. emphasized the comparative efficacy of 
various CNN architectures, reporting that DenseNet 
consistently outperforms older methods [28]. 
Additionally, to substantiate their findings, Suh et 
al. provided empirical evidence that DenseNet and 
EfficientNet outperformed previous deep learning 
approaches in breast cancer detection from 
mammograms, achieving impressive area under the 
receiver-operating characteristic curve (AUC) 
scores [29]. 

Previous studies largely focused on either 
histopathological images [24], [27] or specific CNN 
variants [22], [23]. This study differs by providing 
a structured comparative evaluation of 

DenseNet201 and MobileNetV2 on mammographic 
data, emphasizing both diagnostic reliability and 
computational efficiency, which are critical for real-
world deployment. 

 
3. METHOD 

 
The research protocol followed in this study 

is adapted from earlier works on transfer learning 
for medical image classification [22], [23]. Similar 
to these studies, we applied dataset stratification, 
extensive augmentation strategies, and evaluation 
using confusion matrices to ensure robustness. 
However, this work extends prior protocols by 
providing a structured comparative evaluation 
between DenseNet201 and MobileNetV2 on 
mammographic data, focusing not only on 
classification accuracy but also on computational 
feasibility for real-world deployment. This study 
follows a structured process to ensure the deep 
learning models are developed and tested in a 
reliable and effective way. The first step is data 
collection, where mammographic images are 
gathered from the INbreast database. This dataset 
contains high-quality digital mammograms taken 
using consistent clinical procedures, including two 
standard views: craniocaudal and mediolateral 
oblique. Additional information such as patient age, 
breast density, and the type of lesion is also 
collected to allow for detailed subgroup analysis 
and to ensure a balanced set of data for both benign 
and malignant cases. 

The second step is data pre-processing. Each 
image is resized to match the input size needed by 
the selected convolutional neural network models, 
typically 224×224 pixels for models like 
MobileNetV2 and DenseNet-201. To improve 
consistency, pixel values are normalized, which 
helps the model learn more effectively. To make the 
model more robust and better prepared for real-
world situations, data augmentation is applied. This 
includes techniques such as rotating the image, 
flipping it horizontally or vertically, shifting or 
zooming the image, adjusting contrast, cropping 
certain regions, and adding noise. These methods 
teach the model to recognize tumors in different 
positions, sizes, and lighting conditions. 

The third stage is model training. Transfer 
learning is used by taking CNN models like 
MobileNetV2 and DenseNet121 that have already 
been trained on a large general dataset (ImageNet) 
and adapting them to the specific task of breast 
cancer detection. This is done by retraining the final 
layers and adjusting deeper layers using the 
mammogram dataset. During training, several 
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settings such as learning rate, batch size, and 
regularization are optimized. Model performance is 
monitored using loss curves and metrics such as 
accuracy, sensitivity, specificity, and precision on a 
validation dataset. Techniques like early stopping 
and learning rate adjustment are used to avoid 
overfitting and to help the model learn efficiently. 

The final stage is model evaluation. The 
trained models are tested using a new set of images 
that were not used during training to check how well 
they perform in real-world conditions. Confusion 

matrices are used to show how the model balances 
correct and incorrect predictions, such as 
distinguishing true positives from false positives. A 
flowchart in Figure 2 summarizes the full research 
process, starting from data collection, pre-
processing, and training, to model testing along 
with success indicators such as desired accuracy 
levels, acceptable error rates, and computational 
efficiency. These steps ensure the models are ready 
for further validation and possible use in clinical 
settings.

 
 

Figure 1. Research Workflow 
 

a. Data Collection 
This study uses mammographic images from 

the INbreast database, which was created by the 
Breast Center of Centro Hospitalar de S. João in 
Porto, Portugal [30]. The dataset contains 7,632 
high-resolution digital mammograms collected 
using consistent clinical procedures. Each breast 
was imaged from two standard angles: cranio-
caudal (CC) and mediolateral oblique (MLO) 
views. The images are evenly divided into two 
groups benign and malignant lesions providing a 
well-balanced dataset for training and testing 
machine learning models. 

Before being used in this study, all images 
were carefully reviewed and labeled by expert 
radiologists. They identified and marked important 
features such as microcalcifications, masses, and 
structural abnormalities. In addition, they included 
key information like patient age, breast density 
based on BI-RADS classification, and the medical 
diagnosis of the lesion. Technical details such as 
image size, resolution, and scan settings were also 
kept unchanged to ensure the data remained 
clinically accurate. To protect patient privacy, all 
personal information was removed according to 
ethical and legal data-sharing rules. 
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Figure 3 shows examples of the 
mammograms used in the study, including both 
benign and malignant cases. These samples 
highlight the wide range of appearances and 
characteristics that the model needs to understand, 
such as differences in tissue density and lesion 
shape. By using this detailed and diverse dataset, 

the research aims to train and evaluate transfer 
learning models that can reliably distinguish 
between benign and malignant breast lesions in 
various imaging conditions and across different 
patient profiles. 

 

 

 
 

Figure 2. Mammography Image Data 
 

b. Splitting Data 
Splitting the dataset is an important step in 

building a reliable classification model. In this 
study, we divide the original dataset into three parts: 
training, validation, and test sets. First, we use the 
train_test_split function from the scikit-learn 
library to divide the data into two main sections. 
Eighty percent (80%) of the data is used for training 
the model, while the remaining 20% is set aside for 
future evaluation. 

Then, we split the 20% holdout further into 
two equal parts: 10% for validation and 10% for 
testing. The validation set is used during the training 
process to monitor how the model performs on data 
it has not seen before. It helps us tune important 
settings such as learning rate, batch size, and 
regularization strength. This process helps the 
model learn general patterns in the data rather than 
memorizing the training examples. 

The test set, which is also 10% of the total 
data, is used only once at the end to evaluate the 
final model. Since this data is not used during 
training or tuning, it provides an unbiased measure 
of how well the model is likely to perform in real-
world situations. 

To ensure the results are consistent and fair, 
we use a fixed random seed and apply stratified 
sampling when splitting the data. Stratified 
sampling keeps the proportion of benign and 
malignant cases similar across the training, 
validation, and test sets. This prevents imbalanced 
data from affecting the model's performance. By 
organizing our data into this 80-10-10 structure with 
careful sampling, we create a strong and systematic 
setup for training and evaluating the breast cancer 
classification model. 

 
c. Preprocessing data 

One of the essential steps in analyzing retinal 
image data is data preprocessing, which serves as a 
preparation stage before the modeling process 
begins [31]. Preprocessing is crucial for improving 
the quality and consistency of the input data, 
allowing the model to learn more effectively. This 
stage helps reduce the risk of overfitting, a 
condition where the model performs well on 
training data but fails to generalize to new, unseen 
data. A key strategy used in this stage is image data 
augmentation, which involves applying various 
controlled transformations to existing images to 
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artificially expand the size and diversity of the 
dataset. 

Data augmentation improves model 
robustness by simulating real-world image 
variations, such as angle, size, and orientation 
changes. Common augmentation parameters 
include rescaling pixel values, zooming, shearing, 
and flipping images horizontally or vertically. 
These transformations generate new training 
examples without changing the original image 
labels, allowing the model to learn from a wider 
range of patterns. As a result, the model becomes 
more capable of recognizing important features in 
different contexts. The outcome of this process is a 
more varied training dataset, which enhances the 
model’s ability to generalize and increases its 
accuracy when classifying previously unseen 
retinal images. 

 
d. Model Development 

At this stage of the study, the researchers use 
two advanced convolutional neural network (CNN) 
architectures MobileNetV2 and DenseNet201 to 
classify mammographic images. Both models have 
shown strong performance in various image 
classification tasks and are commonly used in 
transfer learning because they can learn detailed 
patterns from images through layered structures. 
This process involves adjusting several important 
parameters such as learning rate, number of epochs, 
batch size, and others [32]. To support this, a custom 
callback function is created using the Keras library. 
This callback plays an important role in tracking the 
model’s training progress and helps make necessary 
changes to the training settings in real time. It 
ensures that the training process stays efficient and 
effective. The details of the hyperparameter settings 
used in this study are shown in Table 1. 

 
Table 1. Hyperparameter Tuning 

Parameter Value 
Loss Function BinaryCrossentropy 
Optimizer Adamax 
Activation sigmoid 
Learning Rate 0.00001 
Epoch 30 
Batch Size 32 
 
 
MobileNetV2 is designed to be lightweight 

and efficient. It uses depthwise separable 
convolutions and inverted residuals to reduce the 
number of parameters, making it faster and more 
suitable for use in environments with limited 
computing resources. In contrast, DenseNet201 

uses a dense connection structure, which allows the 
model to reuse features across layers and helps 
reduce unnecessary repetition. This design makes 
DenseNet201 effective at learning both small local 
details like microcalcifications and larger structural 
patterns in mammograms. 

The main goal of comparing these two 
models is to evaluate how well each performs in 
detecting breast cancer from mammographic 
images. The comparison focuses on key metrics 
such as accuracy, sensitivity, and specificity, which 
are measured using a separate test dataset that the 
models have not seen before. This helps ensure that 
the results reflect how the models would perform in 
real-world situations. 

In the end, the analysis aims to identify 
which model gives the most accurate and reliable 
results for use in breast cancer screening. The 
findings from this comparison will help guide future 
development of deep learning tools for clinical use, 
especially in building effective and practical 
systems for early breast cancer detection. 
 
e. Evaluation 

To rigorously assess the classification 
models’ performance, we employ the confusion 
matrix as our primary evaluative tool. This matrix 
provides a detailed accounting of all possible 
prediction outcomes: true positives (TP), true 
negatives (TN), false positives (FP), and false 
negatives (FN), thereby enabling a comprehensive 
analysis of both correct and erroneous 
classifications [33]. From the aggregated confusion 
matrix, we derive metrics including accuracy, 
precision, sensitivity, and specificity, which 
collectively characterize the model’s discriminative 
capability in distinguishing malignant from benign 
cases. Accuracy reflects the overall proportion of 
correctly classified instances, whereas precision 
quantifies the proportion of correctly predicted 
positives among all positive predictions, offering 
insight into the model’s reliability in identifying 
true cases. Sensitivity measures the model’s ability 
to detect actual positive cases, which is critical for 
minimizing missed diagnoses. At the same time, 
specificity assesses how well the model correctly 
rejects negative cases, thereby reducing false 
alarms. This evaluative approach ensures a robust 
and statistically sound assessment of model 
performance that is essential for validating its 
clinical applicability. 
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4. RESULT AND DISCUSSION 
 
This study evaluated the performance of two 

modern convolutional neural network (CNN) 
models—DenseNet201 and MobileNetV2—in 
classifying breast cancer using a balanced and 
standardized mammographic image dataset. To 
ensure fairness in training, the dataset was stratified 
so that both benign and malignant cases were 
equally represented. Four key metrics were used to 
assess the models: accuracy, precision, sensitivity, 
and specificity. Accuracy shows how many 
predictions were correct overall. Precision tells how 
reliable the model is when predicting cancer. 
Sensitivity shows the model’s ability to detect real 
cancer cases, while specificity reflects how well the 
model can recognize non-cancer cases. 

DenseNet201, a deep model with strong 
feature-sharing connections, performed very well. 
It achieved an accuracy of 0.99, precision of 0.97, 
sensitivity of 0.99, and specificity of 0.98. These 
results mean the model can detect cancer accurately 
while making very few mistakes. The high 
sensitivity is especially important in medical 
practice because it shows that 99% of cancer cases 
are correctly identified, reducing the risk of missed 
diagnoses. High specificity also minimizes false 
alarms and unnecessary medical follow-ups. The 
strength of DenseNet201 lies in its ability to reuse 
features across layers, helping it learn both small 
and large patterns in mammogram images. The 
training progress of DenseNet201 can be seen in 
Figure 3. 

 
 

 
Figure 3. DenseNet-201 Training Graph 

 
In comparison, MobileNetV2 is a lighter 

model designed to work well on devices with 
limited computing power, such as mobile or edge 
devices. However, it performed less effectively on 
the same dataset. It achieved an accuracy of 0.84, 
precision of 0.76, sensitivity of 0.77, and specificity 
of 0.88. While MobileNetV2 runs faster and 
requires less memory, it has more difficulty 
detecting subtle image features that are important 

for cancer detection. A sensitivity score of 0.77 
means that nearly one out of every four cancer cases 
could be missed, which is not acceptable in medical 
diagnosis. Still, its reasonable specificity suggests it 
could be used in situations where fast preliminary 
screening is needed, rather than final diagnosis. The 
training progress of MobileNetV2 is shown in 
Figure 4. 
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Figure 4. MobileNetV2 Training Graph 

 
Overall, the comparison results clearly show 

that DenseNet201 performs better than 
MobileNetV2 in all evaluation metrics. This strong 
performance is due to DenseNet201’s deep 
structure and dense connections between layers, 
which help the model learn detailed and meaningful 
patterns from the images. These features allow 
DenseNet201 to make more accurate and reliable 
predictions in detecting breast cancer from 
mammograms. 

On the other hand, MobileNetV2 is designed 
to be lightweight and efficient, which makes it 
suitable for use on devices with limited computing 

power. However, its lower accuracy and sensitivity 
suggest that it may not be the best choice for use in 
critical clinical settings unless additional 
improvements are made. These improvements 
could include combining it with other models 
(ensemble methods) or doing more fine-tuning with 
specialized mammographic data. The confusion 
matrix for DenseNet201 is presented in Figure 5, 
while the confusion matrix for MobileNetV2 is 
shown in Figure 6, providing a clear visual 
summary of how each model handles correct and 
incorrect classifications. 

 
 

 
 

Figure 5. DenseNet 
 



 
 Journal of Theoretical and Applied Information Technology 

31st October 2025. Vol.103. No.20 
©   Little Lion Scientific  

 
ISSN: 1992-8645                                                                    www.jatit.org                                                     E-ISSN: 1817-3195 

 
8344 

 

 
 

Figure 6. MobileNetV2 
 
Based on the results of this study, 

DenseNet201 is recommended as the main model 
for developing automated breast cancer detection 
systems where high accuracy is essential. 
Meanwhile, MobileNetV2 could still be useful as a 
support tool in settings where computational 
resources are limited, as long as steps are taken to 
improve its performance. The detailed comparison 
of performance metrics for both models is shown in 
Table 2.  

 
Table 2. Classification Result 

Metrics DenseNet201 MobileNetV2 
Accuracy 0.99 0.84 
Precision 0.97 0.76 
Sensitivity 0.99 0.77 
Specificity 0.98 0.88 

 
These findings directly address RQ1, 

demonstrating that DenseNet201 consistently 
outperforms MobileNetV2 in terms of accuracy, 
sensitivity, and specificity. Regarding RQ2, 
although MobileNetV2 offers computational 
efficiency, its lower sensitivity poses limitations for 
high-stakes diagnostic tasks. 

Critical Reflection: While DenseNet201 
achieves state-of-the-art performance (0.99 
accuracy, 0.99 sensitivity), the reliance on a single 
dataset restricts generalizability across 
heterogeneous clinical environments. Compared to 
advanced architectures such as EfficientNet and 
ensemble methods [26], [29], our approach 
demonstrates strong baseline performance but 
highlights the need for broader validation and 
hybrid approaches to ensure clinical readiness. 

 
Open Issues and Future Research Directions 
Several open issues remain that warrant further 
exploration by the research community: 

1. Dataset generalization: Current findings are 
limited to INbreast; validation across larger, 
heterogeneous datasets is necessary. 

2. Explainable AI (XAI): Improved 
interpretability methods are required to 
support radiologists in understanding deep 
learning predictions. 

3. Integration with multimodal data: 
Combining mammography with clinical 
records and genetic markers could enhance 
diagnostic precision. 

4. Deployment feasibility: Further work is 
needed to optimize models for real-time 
deployment in low-resource hospital 
environments. 

5. Ensemble approaches: Combining 
lightweight models such as MobileNetV2 
with high-performing models like 
DenseNet201 could balance efficiency and 
accuracy. 
 

5. CONCLUSION 
 
This study investigated the application of 

transfer learning architectures for breast cancer 
detection in mammographic images, explicitly 
addressing the research questions defined in the 
problem statement. DenseNet201 demonstrated 
near-perfect diagnostic performance (accuracy 
0.99, sensitivity 0.99, specificity 0.98), confirming 
its suitability for clinical use where reliability is 
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paramount. In contrast, MobileNetV2, while 
computationally efficient, exhibited reduced 
sensitivity and is therefore more appropriate for 
preliminary screening or resource-constrained 
settings. 

The results confirm that DenseNet201 offers 
a reliable foundation for AI-assisted breast cancer 
detection systems, while MobileNetV2 highlights 
the trade-offs between efficiency and diagnostic 
robustness. Compared to state-of-the-art methods 
such as EfficientNet and ensemble learning, our 
approach provides a focused comparative analysis 
on mammographic data, offering novel insights into 
the practical trade-offs of transfer learning models. 

Despite these promising findings, 
limitations remain due to reliance on a single 
dataset. Future research should validate these 
models across larger, diverse datasets, explore 
ensemble strategies, and integrate explainability 
tools to improve clinical adoption. By addressing 
these open issues, transfer learning can move closer 
to real-world implementation, supporting earlier 
and more accurate breast cancer diagnosis. 

From a broader perspective, the research has 
significant implications for healthcare and 
technology developers. By evidencing the 
diagnostic potential of transfer learning in breast 
cancer screening, the study supports the strategic 
deployment of AI tools to alleviate radiologist 
workload, reduce diagnostic delays, and enhance 
early detection programs especially in regions with 
limited access to specialized medical personnel. 
Additionally, it reinforces the call for continued 
investment in medical AI infrastructure and 
interdisciplinary collaboration between clinicians, 
data scientists, and engineers. 

In conclusion, this study underscores the 
transformative potential of transfer learning in 
breast cancer diagnostics and provides a clear 
direction for future work to bridge technological 
innovation and clinical practice. The insights 
gleaned herein lay a solid foundation for developing 
scalable, accurate, and equitable AI-driven 
solutions in medical imaging. 
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