
Artificial Intelligence in Mammography: A Study of
Diagnostic Accuracy and Efficiency
Luaay Alswilem ID ∗,1 and Nurettin Pacal ID α,2

∗Department of Computer Engineering, Faculty of Engineering, Igdir University, 76000, Igdir, Türkiye, αDepartment of Biology, Faculty of Arts and Sciences,
Igdir University, 76000, Igdir, Türkiye.

ABSTRACT Breast cancer continues to be a considerable global health problem, highlighting the need for early and accurate diagnosis
to improve patient outcomes. Although mammography is widely considered the gold standard for screening, its interpretation is not
straightforward and varies among readers. Our study aimed to compare the performance and computational efficiency of three leading
Convolutional Neural Network (CNN) architectures for classifying breast cancer automatically from mammogram images. We used a
publicly available dataset consisting of 3,383 mammogram images, which were labeled as either Benign or Malignant, and we trained and
evaluated three models: EfficientNetB7, EfficientNetv2-Small, and RexNet-200. We found the RexNet-200 architecture had the best
performance across the performance metrics we measured, achieving the best accuracy (76.47%), precision (75.18%), and F1-score
(77.44%). Even though EfficientNetB7 had a slightly better recall than the RexNet-200 model; the RexNet-200 model showed a more
compelling accuracy-board balance in diagnosis. Furthermore, RexNet-200 had the best performance and lowest computational cost with
a very low parameters count (13.81M) and lowest GFLOPS (3.0529) of the three models. Our study demonstrated that RexNet-200 had
the best prospects for achieving the ideal balance of high diagnostic accuracy and economical use of resources. Therefore, RexNet-200
is a very promising candidate for incorporation into clinical decision support systems designed to assist radiologists in the early detection
of breast cancer.
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INTRODUCTION

Cancer is ranked as one of the most complex and lethal diseases in
modern medicine, and is primarily characterized by the dysregu-
lated proliferation of cells into abnormal growths called tumors.
When healthy tissue is formed by regulated cell growth, division,
and death to maintain homeostasis, this balance is disrupted by ge-
netic mutations in cancer, continuously stimulating cells to form tu-
mors (Kurtulus et al. 2024a; Bayram et al. 2025). Tumors harm local
tissue and can spread into distant organs through the bloodstream
or lymphatic system (referred to as metastasis). Such progres-
sion can compromise the function of vital organs and significantly
increase mortality risk. Cancer is one of the worldwide leading
causes of death, yielding millions of lost lives as a result. Appro-
priately cancer is the focus of research, with the understanding of
the biology underpinning cancer and the promotion of early and
accurate diagnosis to improve survival and efficacy of treatment
(Lubbad et al. 2024a).

Breast cancer is the most common type of cancer, especially
among women. It represents an immense proportion of new
cases and deaths annually. Like many cancers, the appearance
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of breast cancer involves multiple motivations, including genetic,
hormonal, individual lifestyle behaviors, and environmental ex-
posures. While breast cancer is concerning, it is very treatable
when detected early. An early diagnosis means that a tumor or
tumors can be identified before it has a chance to invade contigu-
ous tissue, thus requiring a much less aggressive and invasive
treatment option. Additionally, early diagnosis has remarkably
high five-year survival rates, greater than 90% in many cases (İnce
et al. 2025; Lubbad et al. 2024b). Thus, public health campaigns
and interventions directed toward greater awareness and regular
screening have been effective in reducing breast cancer morbidity
and mortality globally.

While there are many potential diagnostic modalities, mammog-
raphy has remained a universal standard diagnostic tool for early
breast cancer. Mammography involves low-dose X-ray imaging
for the breast, creating radiographic images with sufficient detail
to detect small masses that are not palpable, architectural distor-
tion, and microcalcifications, which when clustered are precursory
indicators of early malignancy (Ozdemir et al. 2025). However,
mammogram image interpretation is complex and subjective, not
to mention dependent on the detail and experience of the radiolo-
gist in addition to contingent considerations such as the clinician’s
workload, burnout, and nuanced participant features on an im-
age. Misinterpretation may lead to important missed diagnoses
and unbelievbly, false positives.These errors can lead to delayed
treatment, unnecessary biopsies, and increased anxiety for patients

Computational Systems and Artificial Intelligence 26

ADBa
Computational Systems and 

Artificial Intelligence 
  Cutting-Edge Scientific Solutions

e-ISSN: 3108-4079
RESEARCH ARTICLE

Vol.1 / No.1 / 2025 / pp.26-31
https:/ /doi .org/10.69882/adba.csai.2025075

https://orcid.org/0009-0008-6232-5595
https://orcid.org/0009-0004-6491-0406


(Pacal and Attallah 2025; Pacal et al. 2025).

In response to these challenges, there is an increase in the de-
mand for objective, rapid and dependable decision-support sys-
tems for mammogram evaluation. In recent years, artificial intelli-
gence (AI) has advanced rapidly with a strong focus on deep learn-
ing resulting in improved decision-support systems for medical
image evaluation and also obtained excellent results. Compared to
traditional methods of supervised learning, reliance on specifically
trained artificial intelligence using convolutional neural networks
(CNN) obtained a new standard for extracting multi-level visual
features for evaluation and in some cases has outperformed human
experts analyzing, interpreting and accurately correlating mammo-
grams to radiological images (Cakmak et al. 2024; Zeynalov et al.
2025; Pacal 2025). CNN models can learn the subtle differences
between normal tissue patterns and benign or malignant lesions
to improve improve the classification of mammogram images. In
this study, three of the current top-of-the-line AI deep learning ar-
chitectures EfficientNetB7, EfficientNet-V2-Small, and RexNet-200
were used to classify breast mammograms into benign (0) or malig-
nant (1) classifications. The challenge of the study was to evaluate
and compare the performance and computational complexity of
all three models to determine the best AI-advantages solution to
support all radiologists and improve diagnostic accuracy (Cakmak
and Pacal 2025; Kurtulus et al. 2024b).

Artificial Intelligence (AI), particularly its branches of deep
learning (DL) and hybrid modeling, continues to redefine the land-
scape of medical image analysis, offering new capabilities in pre-
cision, scalability, and interpretability. These advancements have
had a significant impact on breast cancer diagnostics, enabling not
only early detection but also improved classification and segmen-
tation accuracy. A recent hybrid framework combining preprocess-
ing methods such as CLAHE, Gaussian blur, and sharpening with
ensemble models including YOLOv5 and MedSAM has demon-
strated outstanding results, achieving an accuracy of 99.7% and a
processing time of only 0.75 seconds per mammographic image.
Another novel architecture, HybMNet, integrates a self-supervised
Swin Transformer with a CNN via a fusion mechanism, delivering
AUC scores ranging from 0.864 to 0.889 on benchmark datasets
like CMMD and INbreast (Chen and Martel 2025). EfficientNet-B7
has additionally been utilized with explainability techniques such
as Grad-CAM for ultrasound breast cancer classification, achiev-
ing 99.14% accuracy while enhancing the interpretability of model
decisions (Latha et al. 2024).

Similarly, combining Attention U-Net with EfficientNet-B7 for
thermal imaging enabled more effective segmentation and classifi-
cation of suspicious breast regions, demonstrating strong clinical
potential (Mridha et al. 2023). Regarding segmentation, a deep
learning ensemble model based on CNN and a pruned Extreme
Learning Machine (HCPELM) showed improved recognition per-
formance on the MIAS dataset, reaching 86% accuracy (Sureshku-
mar et al. 2024). Generative adversarial networks (GANs) have
also emerged in this domain; one study proposed a conditional
self-attention GAN (ExCSA-GAN) designed for mammographic
image analysis, with a focus on increasing both performance and
model transparency (Sreekala and Sahoo 2025). Furthermore, the
importance of explainable AI (XAI) in medical diagnostics has
been emphasized. One comprehensive review evaluated the use
of XAI specifically in mammography, proposing tailored criteria
for assessing model transparency and reliability in clinical settings
(Ansari et al. 2025). In essence, the literature highlights a growing
trend toward hybrid AI systems, self-supervised learning, and
interpretable models. These directions reflect the need for accurate,

efficient, and trustworthy tools in breast cancer diagnosis.

MATERIALS AND METHODS

Dataset
This study was based on the publicly accessible "Breast Cancer
Detection" dataset from the Kaggle platform, which was used to
classify mammographic images into benign and malignant cate-
gories. The dataset features a total of 3383 pathologically verified
mammograms, consisting of 2225 benign cases (class 0) and 1158
malignant cases (class 1), providing a comprehensive foundation
for developing and validating deep learning models. To ensure
the standardization of experiments and prevent overfitting, the
dataset was meticulously divided using stratified sampling into
three distinct subsets. The majority of the data, 70% (2367 images),
was allocated for training the model. The remaining data was split
equally, with 15% (506 images) used for validation and 15% (510
images) reserved for final testing. This stratified approach success-
fully preserved the class balance within each partition: the training
set contains 1557 benign and 810 malignant samples, the validation
set includes 333 benign and 173 malignant samples, and the test set
comprises 335 benign and 175 malignant samples. A complete sta-
tistical breakdown of this data distribution is illustrated in Figure
1.

Figure 1 Statistical Breakdown of the Dataset by Class, Subset,
and Proportional Distribution

In addition to numerical analysis, visual examination of the
mammographic data provides insight into the types of features
present in each class. Representative images of benign and ma-
lignant mammograms are presented below. As shown in the ex-
amples, benign lesions typically appear as well-defined, rounded
masses with smooth contours. In contrast, malignant tumors are
more likely to demonstrate irregular shapes, spiculated (star-like)
margins, and increased tissue density, often accompanied by mi-
crocalcification clusters, which are early indicators of malignancy.
These visual distinctions, though significant, may be subtle and eas-
ily obscured due to challenges such as low image contrast, dense
breast tissue, or overlapping anatomical structures. Such complex-
ities highlight the importance of leveraging deep learning models
capable of extracting discriminative visual patterns from complex
mammographic data. Figure 2. Sample mammography images
demonstrating benign (left) and malignant (right) characteristics.

Data Augmentation
In order to enhance the generalization performance of the deep
learning models and reduce the risk of overfitting - a common
challenge faced in medical imaging tasks because of limited data.
Our work utilized a comprehensive family of online data augmen-
tation strategies during model training. The augmentations were
applied dynamically, and randomly to each image in real-time
during training, which maximized the exposure of the model to
new visual stimulus and enhanced its robustness. The augmen-
tation procedure included a number of spatial and color-based
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Figure 2 Sample mammography images demonstrating benign
(left) and malignant (right) characteristics

transformations. For all input images, the first transformation was
a Random Resized Crop. The method randomly selected a loca-
tion of the original image between a scale of 8% and 100% of the
original image size, with an aspect ratio between 0.75-1.33. Next,
the randomly selected crop was resized to an input resolution of
224×224 pixels while applying a random interpolation method to
emphasize more variability in pixel representation. This cropping
method has been shown to be an effective regularization method
in the convolutional neural networks used in image classification,
even when using small or imbalanced datasets (Faryna et al. 2024).
Following the cropping, a Random Horizontal Flip was used with
a probability of 0.5. The purpose of the random horizontal flip was
to enable the model to learn invariance to left-right orientation, a
transformation that is commonly used and clinically acceptable
when a mammogram is analyzed (Islam et al. 2024).

Vertical Flip was consiously excluded, since these transforma-
tions may produce anatomically impossible variations in medical
images, and potentially create ambiguity in the learning (Shorten
and Khoshgoftaar 2019). As for color based augmentation, a Color
Jitter operation was also added, which increased the brightness,
contrast, saturation, and hue of the image in a random way by
a factor of 0.4 for each operation. These variations are meant to
measure differences in imaging conditions and equipment based
settings to encourage the model to learn features that are structural
and pathological and not lighting differences (Zhang et al. 2024).
All of the techniques used for data augmentation in general help to
expose the model to a wider distribution of data, essentially aug-
menting the training set a more opportunistic approach without a
need for collection of additional data. This is particularly impor-
tant in medical imaging, which is generally cost prohibitive and
time-consuming to obtain large, balanced, and annotated datasets.
In addition, the random augmentation techniques help to provide
increased robustness and generalizability of the model when ap-
plied to unseen clinical situations and conditions (Tajbakhsh et al.
2020).

Model Architectures

The study addressed the task of classifying breast cancer from
mammograms in which high-performing deep CNN models were
applied with measurable complexity. Due to the difficulty ob-
taining labeled medical data, the transfer learning method was

used to exploit pre-trained models from large datasets, e.g., Ima-
geNet, to accelerate training, improve generalization, and reduce
the chances of overfitting (Tajbakhsh et al. 2016). Three state-of-the-
art CNN models were chosen based on performance in image clas-
sification: EfficientNetB7, EfficientNet-V2-Small, and RexNet-200.
EfficientNet series is characterized by the systematic optimization
of networks in depth, width, and spatial resolution in a way that
maintains accuracy with respect lesser in model parameters.

The EfficientNetB7 model, as the largest of its size, usually per-
forms well. EfficientNet-V2-Small, on the other hand, offers a
lighter, faster model, despite requiring fewer parameters at lower
cost without sacrificing comparable accuracy. It is ideal for sce-
narios where a combination of speed and performance is desired.
The RexNet-200 model represents a more recent and deeper archi-
tecture with the advantages of deep networks and the benefit of
gradient flow strategies that offer up more stable training and may
yield, accuracy, precision, and recall. It usually requires less param-
eters at lower computational cost, than other larger models. The
study critically employed three models, in order to compare their
performance, cost in relation to their performance, to discover a
good model for mammogram classification, enabling the potential
for developing intelligent diagnostic tools for early breast cancer
detection. The comparative study of these three architectures pro-
vided value in understanding how their different architecture im-
pacts biological image representations and computer vision tasks,
and contributed to the main objective of developing trustworthy,
AI-assisted diagnostic tools for the early detection of breast cancer.

Performance Metrics

The evaluation phase is an essential part of any classification
project based on deep learning, as it provides objective standards
of performance for quantifying the model’s performance and as-
sessing the success of the proposed methodology. Solid evaluation
metrics help to discover dataset imbalances, biases, and modifica-
tion opportunities for the models to potentially alleviate overfitting
and underfitting. In this evaluation study, specifically on the classi-
fication of breast cancer from mammographic images, we utilized
some standard metrics that have broad acceptance and applica-
tion: Accuracy, Precision, Recall, and the F1-score. Each of those
metrics provides unique viewpoints on model performance that
are equally important as part of the understanding of the effective-
ness of the classification. Accuracy represents the correctness of
the model by the percentage of correct predictions relative to the
number of samples evaluated.

Though conceptually simple and widely understood, just look-
ing at accuracy may not be adequate in a setting with class imbal-
ance. Precision measures the accuracy of our positive predictions
by looking at the ratio of true positive predictions to total positive
predictions. If our precision score is high, then we can be fairly
confident that the positive predictions we are making are really
positive predictions. High precision is extremely useful when we
want to limit false positives (for example misdiagnosing a healthy
patient). Recall (also known as sensitivity) looks at the model’s abil-
ity to find all real positive cases (out of the total real positive cases),
so it measures the percentage of true positive predictions out of all
real positive predictions. High recall is paramount, especially in a
medical setting, because missing real cases of disease can result in
catastrophic consequences. The F1-score is a score that attempts
to combine precision and recall into one measurement through
the harmonic mean of precision and recall. It balances both false
positives and false negatives into one single score. The advantage
of the f1 score is that it gives a more comprehensive evaluative
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technique, particularly in cases of imbalanced data or when using
either precision or recall is not sufficient. The definitions for all of
these metrics are shown here:

Accuracy =
TP + TN

TP + TN + FP + FN
(1)

Precision =
TP

TP + FP
(2)

Recall =
TP

TP + FN
(3)

F1 = 2 × Precision × Recall
Precision + Recall

(4)

As a whole, these metrics create a complete assessment frame-
work for evaluating the diagnostic capability of the developed
deep learning models. Their use in conjunction provides an assess-
ment of the metric that takes into account all aspects of the model,
including its predictive accuracy and the potential harm caused by
the model’s errors - this is particularly critical in sensitive environ-
ments such as medical imaging and disease detection.

RESULTS AND DISCUSSION

In this study, the performance and computational complexity of
three different Convolutional Neural Network (CNN) architec-
tures were comparatively evaluated for breast cancer classification
from mammography images. The summarized results are pre-
sented in the corresponding performance table. Upon examining
the evaluation metrics, it is evident that the RexNet-200 model
outperformed the other architectures, achieving the highest accu-
racy of 76.47%. This model also delivered superior precision at
75.18%, a solid recall rate of 70.22%, and an F1-score of 77.44%.
The detailed confusion matrix and training metrics for RexNet-200
are presented in Figure 3 and Figure 4, respectively. These figures
illustrate the model’s strong classification capabilities and stable
training performance.

■ Table 1 Performance and Complexity Comparison of CNN
Models for Breast Mammogram Classification

Model Acc. (%) Prec. (%) Rec. (%) F1 (%) Params (M) GFLOPs

EfficientNetB7 73.92 71.02 70.60 70.79 63.79 10.26

EfficientNetV2-Small 73.53 71.08 67.02 67.94 20.18 5.42

RexNet-200 76.47 75.18 70.22 77.44 13.81 3.05

Following closely, EfficientNetB7 demonstrated a balanced per-
formance with an accuracy of 73.92%, precision of 71.02%, recall of
70.60%, and an F1-score of 70.79%. The confusion matrix and train-
ing metrics for EfficientNetB7 can be found in Figure 5 and Figure
6, respectively, highlighting its effective discrimination between
classes and consistent convergence during training.

EfficientNetv2-Small showed competitive but slightly lower re-
sults, with an accuracy of 73.53%, precision of 71.08%, and recall of
67.02%. Its confusion matrix and training metrics are displayed in
Figure 7 and Figure 8, respectively. These demonstrate the model’s
reasonable classification performance and training stability, albeit
with slightly reduced recall compared to the other models.

From a computational complexity perspective, RexNet-200
stands out as the most efficient model among the three, with only

Figure 3 Confusion Matrix RexNet-200

Figure 4 ROC Curve for RexNet-200

Figure 5 Confusion Matrix for Efficientnet-B7

13.81 million parameters and 3.05 GFLOPs, indicating a favor-
able trade-off between performance and resource usage. Con-
versely, EfficientNetB7, while delivering good accuracy, is the most
complex model with 63.79 million parameters and 10.26 GFLOPs.
EfficientNetv2-Small falls in the moderate range regarding com-
plexity and computational demand.Clinically, these findings have
important implications. In breast cancer diagnosis, maintaining
a balance between recall and precision is critical: high recall min-
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Figure 6 ROC Curve for Efficientnet-B7

Figure 7 Confusion Matrix for Efficientnetv2-s

Figure 8 ROC Curve for Efficientnetv2-s

imizes the risk of missing malignant cases, while high precision
reduces false positives and avoids unnecessary anxiety and inva-
sive procedures for patients. RexNet-200’s ability to achieve the
highest scores in both precision and recall metrics, combined with
its lower computational cost, positions it as an ideal candidate
for practical deployment in clinical decision support systems. Its
efficiency also enables faster inference and easier integration into
resource-constrained healthcare environments.Therefore, RexNet-

200 emerges as the most promising architecture for developing
an accurate, efficient, and clinically viable breast cancer diagnosis
support tool.

CONCLUSION

This study aimed to comparatively evaluate the performance and
efficiency of three widely-used Convolutional Neural Network
(CNN) architectures EfficientNetB7, EfficientNetv2-Small, and
RexNet-200 for the classification of breast cancer from mammog-
raphy images. The results clearly demonstrated that the RexNet-
200 model outperformed the other architectures in terms of both
diagnostic accuracy and computational efficiency. RexNet-200
achieved the highest accuracy of 76.47%, while also maintaining
a relatively low model complexity with 13.81 million parameters.
This outcome, particularly when compared to the more complex
EfficientNetB7 model, which has 63.79 million parameters yet
slightly lower accuracy, supports the idea that increased model
complexity does not necessarily guarantee better performance for
this task.

The success of RexNet-200 can be attributed to its efficient ar-
chitecture that balances feature learning capacity with resource
requirements, enabling more effective classification of breast cancer
from mammography images. While these findings are encourag-
ing, it is important to recognize the limitations of the dataset used.
Future work should aim to validate these models on larger, more
diverse clinical datasets, explore different preprocessing and data
augmentation techniques, and incorporate Explainable Artificial
Intelligence (XAI) methods to improve model transparency and
trustworthiness.This research represents a significant step toward
developing high-performance and computationally efficient AI
models with strong potential for integration into clinical work-
flows as reliable decision support tools for radiologists.
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