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ABSTRACT

Breast cancer remains a leading cause of cancer death that affects women worldwide,
and the burden is felt most acutely in low resource settings where mammography
access is scarce, and radiologist coverage is thin. Transfer learning-based deep
learning models were evaluated for practical utility in breast cancer screening where
imaging resources are restricted. The CBIS-DDSM dataset (Kaggle JPG version) was
used for this study, with pathology labels mapped into a binary benign-versus-
malignant classification scheme. The dataset consisted of 3,568 full mammograms
and 3,461 ROI images from over 1,500 patients after quality control. 5-fold
StratifiedGroupKFold cross-validation was used to prevent patient-level data leakage,
which causes performance inflation in published studies, and ensured that no patient
data combined training and validation datasets. The research evaluated two types of
input data which included cropped region-of-interest lesion patches and complete
mammogram images. InceptionV3 achieved the highest performance among ROI
models by reaching ROC-AUC 0.821 and PR-AUC 0.775 and sensitivity 0.785. The
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INTRODUCTION

Breast cancer remains one of the most prevalent causes of
cancer related deaths among women worldwide. The
International Agency for Research on Cancer estimated
approximately 2.3 million new cases in 2020 alone and Sung
et al., (2021) projected that annual global cases would reach
28.4 million by 2040. These numbers highlight the
importance of early detection because detecting the disease
before it advances to later stages results in better survival
rates. Mammography serves as the primary screening method
but its ability to detect breast cancer decreases for women
who possess dense breast tissue which leads to both missed
cancer cases and extra testing requirements (Vourtsis & Berg,
2019).

The problem affects low- and middle-income countries
(LMICs) in an especially severe way. The healthcare system
in Nigeria depends on outdated X-ray technology which
exists in public hospitals while trained radiologists work in
limited numbers and the system fails to establish effective
patient referral procedures (Adeleye, 2023; Omisore et al.,
2023). Health systems face infrastructure gaps while women
face three barriers to screening which include screening costs
and their low health knowledge and the traditional cultural
beliefs that have persisted for long (Elewonibi & BeLue,
2019; Nja, 2021). The result for the system leads to advanced
stage diagnoses which decrease treatment options and
increase mortality rates.

Researchers have significantly explored artificial intelligence
and machine learning to improve the early detection and
diagnosis of breast cancer by providing decision support tools

for clinicians (Olofintuyi, 2023). Convolutional neural
networks have achieved specialist-level accuracy for
mammography tasks in multiple research facilities that
possess advanced resources according to the findings of
(Carrieroetal., 2024; Luo et al., 2025). The healthcare system
gains better understanding about ethical and equity challenges
which emerge when artificial intelligence systems get used in
areas that face resource shortages because of the current trend
to implement Al technologies in various healthcare fields
which include mental health monitoring and radiology.
Transfer learning is a promising starting point for this area as
it allows leveraging feature representations from large-scale
general-purpose data sets for new tasks that demand only a
small amount of labeled data (Morid et al., 2021). Domain
shift constitutes a real challenge because models that learn
from clean high-resolution digital mammography images
may fail to function properly with the lower contrast and
noisier images that are typical in LMIC facilities (Matta et al.,
2024). This paper is a report of an attempt to directly fill that
void. Three CNN transfer learning models were evaluated to
classify mammograms under conditions that simulated actual
low-resource settings, with patient-level cross-validation
tested to assess how well the models would perform in real-
world situations. The work aimed to achieve three goals
which included: (i) adopt CNN transfer learning models for
mammography classification, (ii) develop and fine tune a
computationally efficient transfer learning framework
suitable for low-resource settings and (iii) evaluate model
performance using standard metrics. Deep learning models
such as VGG16, ResNet50 and InceptionV3 have shown
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good performance in mammography (Alzubaidi et al., 2021;
Carriero et al., 2024).

Transfer Learning for Low-Resource Settings

Several research groups have looked into transfer learning for
breast cancer detection using pretrained CNN models on
mammography datasets (Mutar et al., 2023). However,
existing studies test their models using methods that do not
adequately prevent patient level data leakage allowing images
from a patient to end up in both training and validation sets.
This can make the performance look better than they should,
and lose the ability to generalize unseen data. Also, several
papers lean mostly on accuracy and ROC-AUC, even when
the classes are imbalanced, which feels a bit one dimensional.
Therefore, this study uses patient-level group splits and
evaluates results with both ROC-AUC and PR-AUC to
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provide a trustworthy assessment for low-resource healthcare
environments.

MATERIALS AND METHODS

Designed Framework

Figure 1 displays the entire processing system. The system
functions through five separate stages which start with the
loading and cleaning process of the CBIS-DDSM dataset and
continue through the creation of binary labels and their
validation and image processing through preprocessing and
augmentation and the implementation of 5-fold patient-level
cross-validation to develop three CNN models and final
performance assessment through established clinical metric
standards. The subsequent sections provide details about each
step of the process.

Loading CBIS-DDSM Dataset

Data Cleaning & Organization

Model Conf’guratlon
ResNetS0, InceptionV3, VGG16

Data Processong

Augmentation, ROI Cropping,
Image Degrading

K-Fold Technique

Patient Splitting (S0-10-10)

Validation

Save Results

Select Best Model

ok &y

Figure 1: Design Framework for Breast Cancer Detection from Mammography

Dataset

The study used the CBIS-DDSM Kaggle JPG release which
supplied mammography images that had been annotated with
pathology labels for both mass and calcification cases. The
label set was reduced to a binary task: cases marked
MALIGNANT were assigned label 1, while BENIGN and
BENIGN_WITHOUT_CALLBACK cases were both

mapped to label 0. After applying the inclusion criteria, two
cohorts emerged, as shown in Table 1. The two groups
exhibited a class imbalance which resulted in about 41
percent of cases being classified as malignant and this
imbalance influenced both metric selection and training
procedures.

Table 1: Cohort Characteristics after Quality-Control Filtering and Label Consolidation

Cohort Input Type Patients Samples Benign (n, %) Malignant (n, %)
ROI ROI crop 1,514 3,461 2,028 (58.60%) 1,433 (41.40%)
Full Full mammogram 1,566 3,568 2,111 (59.16%) 1,457 (40.84%)

Data Partitioning

Data leakage was avoided by splitting the dataset at the
patient level, so that images from the same patient were not
included in more than one subset. A stratified split was used
to maintain the benign and malignant class proportions in all
subsets. The last partition was 80% training, 10% validation,
and 10% testing data, as illustrated in Figure 1. The training
set was used to learn the model, the validation set was used to
tune the hyperparameters and to stop training early, and the
independent test set was used only to evaluate the final
performance of the model.

Image Preprocessing and Augmentation

PIL was used to read all images, which were converted to
three-channel RGB format. The images were zero-padding to
square dimensions before resizing. The ROI crops were
resized to 384x384 pixels while full mammograms were
resized to 512x512 pixels to preserve structural details. The

pixel values were transformed to standard ImageNet channel
means and standard deviations through the normalization
process. The training process employed system training
through two forms of horizontal flips and rotation operations
within 10 degrees and minor brightness and contrast changes.

Model Training Protocol

The research tested three different architectures, which
included ResNet50, VGG16, and InceptionV3, that all used
ImageNet-pretrained weights for their initial setup. The
original classification head was replaced with a single binary
output for each test case. The training process started with a
two-phase system that required a warm-up period. The first
phase required the training team to freeze the convolutional
backbone while updating only the new head, which allowed
them to settle before testing deeper weights. The second
phase required the complete unfreezing of all training layers,
which needed to run through an entire training process at a
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reduced learning speed. The training used a cosine annealing
schedule for learning rate adjustments, while early training
termination occurred when validation ROC-AUC reached its
maximum. The loss function used inverse-frequency weights
to address the problem of class imbalance.

Model Implementation Details

The three transfer learning models were implemented using
the PyTorch deep learning framework with pretrained
ImageNet weights obtained from the torchvision model
repository. For each architecture, the original ImageNet
classification layer was removed and replaced with a single
fully connected output neuron followed by a sigmoid
activation function for binary classification.

For ResNet50, the final fully connected layer consisting of
2048 input features was replaced with a binary classifier.

Table 2: Training Hyperparameters
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For VGG16, the final classifier layer containing 4096 input
features was replaced with a single-neuron binary output
layer.

For InceptionV3, the auxiliary classifier was disabled during
inference, while the final fully connected layer with 2048
input features was replaced with a binary output layer.

The same implementation protocol was applied across all
three architectures to ensure a fair comparison. The only
differences among the models were their inherent network
architectures and computational complexities.

Training Hyperparameters

Unless otherwise stated, identical hyperparameter settings
were employed for all three pretrained models to ensure
consistency during evaluation. The training configuration is
summarized in Table 2.

Hyperparameter Value
Optimizer AdamwW
Initial learning rate (Warm-up) 1x107
Fine-tuning learning rate 1x10+
Weight decay 1x10™*
Batch size (ROI) 32
Batch size (Full Mammogram) 16
Maximum epochs 50
Warm-up epochs 5

Learning rate scheduler
Early stopping patience
Loss function

Random seed 42
Image normalization

Cosine Annealing
10 epochs
Weighted Binary Cross Entropy

ImageNet Mean and Standard Deviation

The batch size for full mammograms was reduced because of
their larger image resolution and corresponding increase in
GPU memory requirements.

Evaluation in Resource-Constrained Environments
i. To evaluate the suitability of the proposed models
for deployment in resource-constrained
environments, computational efficiency was
assessed in addition to predictive performance. The
evaluation considered model complexity, inference
speed, and memory requirements, since these factors
directly influence deployment on low-cost clinical
computing devices. Each pretrained model was
evaluated using the following computational
metrics:
ii. Total number of trainable parameters.
iili. Model size on disk (MB).
iv. Peak GPU memory consumption during inference.
V. Average inference time per image.
vi. Floating Point Operations (FLOPS).
vii. Classification throughput measured as
processed per second.

images

Inference time was measured on the independent test set using
a batch size of one image to simulate real-world deployment.
The average inference latency was computed over the
complete test set after excluding the initial warm-up
iterations. To further assess deployment efficiency, the
models were compared using an overall trade-off between
diagnostic performance and computational cost. Models
achieving comparable ROC-AUC with fewer parameters,
lower memory consumption, and faster inference were
considered more suitable for resource-constrained healthcare
environments.

All experiments were conducted using the same hardware and
software environment to ensure a fair comparison among the
three pretrained architectures.

RESULTS AND DISCUSSION

ROI-Based Model Performance

Table 3 shows the performance of the three pre-trained
models using ROI lesion crops. Inception achieved the
highest ROC-AUC (0.821), PR-AUC (0.775) and Sensitivity
(0.785) while ResNet achieved the highest Specificity (0.774)
and VGG16 showed the lowest overall performance among
the three models.

Table 3: ROI-Based Model Performance (5-fold Stratified Group K Fold Cross-Validation)

Model (ROI) ROC-AUC PR-AUC Sensitivity Specificity F1-Score Accuracy
ResNet50 0.782 0.727 0.657 0.774 0.664 0.726
VGG16 0.740 0.665 0.703 0.663 0.643 0.678
InceptionV3 0.821 0.775 0.785 0.710 0.715 0.741

The ROC and PR curves in Figure 2 give a fuller picture of
how these differences play out across thresholds. InceptionV3

demonstrates superior performance to the other two models
for most of the ROC curve while the PR panel displays a
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larger performance difference because it shows results under
class imbalance conditions.

ROC Curves
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Precision-Recall Curves
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Figure 2: Pooled ROC curves (left) and PR curves (right) for ROI-based models,

ResNet50, VGG16, and InceptionV3

Confusion Matrices

Figure 3 shows the confusion matrices at the Youden-selected
threshold for each model. The visualisations make it easy to
see where the trade-offs fall. InceptionV3 achieves accurate
detection of most cancer cases however this success leads to
increased incorrect detection of noncancerous cases when

ResNet50_ROI

Predicted

compared to ResNet50. VGG16 displays a different mistake
pattern which causes it to demonstrate equal strength across
all classes but weaker overall performance. The plots provide
additional information to the AUC measurements because
they establish performance metrics at specific operational
points.

Benian

malignant

Benign Malignant

Figure 3: Confusion matrices for ROI-based models (ResNet50, VGG16,
Inception V3) at Youden-selected operating thresholds

Full-Mammogram Model Performance
Table 4 presents the results for ResNet50 trained on full

512x512 mammogram images. The study achieved an ROC-

AUC score of 0.838 and a sensitivity level of 0.790. Showing
the benefits of preserving global breast tissue information.

Table 4: Full-Mammogram ResNet50 Performance (5-fold Stratified Group KFold cross-validation)

Model (Full) ROC-AUC  PR-AUC

Sensitivity

Specificity F1-Score Accuracy

ResNet50 (512x512)  0.838 0.775

0.790

0.727 0.722 0.753

Comparative Analysis: ROI Crops vs. Full Mammograms
Table 5 presents the comparison between the performance of

ROI analysis achieved higher specificity. This shows that the
full mammograms improve cancer detection where ROI crops

ROI crops and full mammograms. The full mammogram  may be suitable when computational resources are limited

analysis achieved higher ROC-AUC, and sensitivity while the

Table 5: Direct Comparison of ResNet50 on ROI Crops Versus Full Mammograms

Input Type ROC-AUC PR-AUC  Sensitivity  Specificity F1-Score  Accuracy
ROI crop (384x384) 0.782 0.727 0.657 0.774 0.664 0.726
Full mammogram (512x512)  0.838 0.775 0.790 0.727 0.722 0.753

Discussion

The primary objective of this study was not only to compare
the diagnostic performance of pretrained convolutional neural

networks but also to identify architectures that are suitable for
deployment in resource-constrained healthcare environments,
where computational resources, memory capacity, storage,
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and processing power are often limited. Consequently, model
selection should consider both predictive performance and
computational efficiency rather than diagnostic accuracy
alone. Among the ROI- based models, Inception V3 achieved
the highest diagnostic performance but required greater
computational  resources, making deployment more
challenging in resource- constrained environment. ResNet50
provided a better balance between diagnostic performance
and computational efficiency making it more practical choice
for low resource healthcare settings. VGG16 required more
parameters and memory while providing lower classification
performance, making it less suitable for deployment in low
resource health care settings.

The comparison between ROI-based and full mammogram
revealed that full mammograms had better ROC-AUC and
sensitivity, but needed more computational resources due to
the larger size. In terms of deployment, this is a vital trade-
off. For healthcare facilities with limited computational
resources, ROI-based analysis might be a better choice due to
the significant reduction in input size, memory usage and
inference time when using cropped images. ROI-based
inference can also be used to process larger numbers of
images on less expensive computing systems, while the
centers with more powerful computational resources can
afford full-mammogram analysis for the improved diagnostic
performance. Thus, the choice of a deployment strategy will
depend on the accuracy of the diagnosis and the
computational resources available.

This is also in line with previous studies that have shown the
great potential of deep learning in breast cancer screening

Table 6: Comparison of the Pretrained Models in Resource
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(McKinney et al., 2020). The complexity of the network and
the representation of the input should be taken into account at
the same time. Models that offer competitive diagnostic
performance with less computational resources are more
likely to be used in routine clinical practice, especially in
developing countries where access to high performance
computing infrastructure is limited.

The results are similar to those of earlier research. A similar
finding was reported by Wu et al. (2019), who noted that
adding global breast context to the classification task of
mammograms improves classification accuracy, but at the
cost of higher computational costs. Their results confirm that
better diagnostic accuracy tends to be associated with greater
resource usage, which highlights the need to consider
performance as well as computational efficiency.

Lastly, it is important to note that the CBIS-DDSM dataset
was obtained from digitized film mammograms from the
United States, and thus may not fully reflect imaging
conditions in Nigerian or other West African healthcare
facilities. Therefore, it is still necessary to validate the model
with local mammography data before it can be used in clinical
practice. In addition, computational optimization methods
like model pruning, quantization, knowledge distillation, and
lightweight network architectures should be explored in
future research to enhance the deployment suitability in
resource-constrained healthcare settings.

Table 6 compares the computational efficiency of the
pretrained models for deployment in a low resource setting.

Constrained Environments

Model Parameters(M) Model Size(MB)  FLOPs(G) GPU Memory Inference Time(ms) FPS
ResNet50(ROI ,384px) 235 94 24.0 348 MB 7.6 131
VGG16(ROI, 384px) 134.3 537 90.4 1.2GB 11.9 84
InceptionV3 (ROI, 251 101 114 249MB 14.3 70
299px)

ResNet50(Full, 512px) 235 94 42.7 370 MB 7.1 140

Measured on an NVIDIA GeForce RTX 4060 Laptop GPU

CONCLUSION

In this study, three CNN transfer learning models were tested
for breast cancer detection using mammograms in a simulated
low - resource healthcare environment. Inception V3 had the
highest diagnostic performance among the ROI-based
models, and ResNet50 trained on full mammograms had the
highest overall ROC-AUC and sensitivity. The results show
that transfer can be used to enable accurate Al-based breast
cancer screening and reveal the balance between diagnostic
performance and computational efficiency for choosing
models in low resource settings. Patient level cross-
validation also helps to avoid data leakage and gives a more
accurate estimate of real-world performance. The results are
encouraging, but external validation with locally collected
mammography data is crucial prior to clinical use.
Lightweight models, optimization techniques and multi-view
mammographic analysis are recommended for future studies
to further enhance performance and deployment in low
resource healthcare environments.
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