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ABSTRACT

Deep convolutional neural networks (CNNs) have demonstrated outstanding ca-
pabilities in analyzing mammogram images. However, their overall performance
is frequently hampered by class imbalance and the inherent complexity of mam-
mogram images. In this work, we propose a novel generalizable enhancement that
can be seamlessly integrated into any CNN architecture aimed at improving clas-
sification outcomes for mammographic images. In order to rigorously evaluate
its effectiveness, the proposed approach was applied to six commonly used CNN
models and assessed on an imbalanced multiclass mammogram images dataset.
The experimental results showed consistent and significant improvements in all
key performance metrics, such as accuracy, precision, recall, F1-score, Precision-
Recall Curve (PRC), and Area Under the Curve (AUC), which highlights the
robustness and adaptability of our method. This enhancement provides a gen-
eralizable strategy for strengthening CNN-based mammogram classification sys-
tems, thereby promoting more reliable computer-aided diagnosis in breast cancer
screening.

1 INTRODUCTION

Breast cancer remains a significant worldwide health concern, afflicting women in all corners of
the globe. In fact, according to the International Agency for Research on Cancer (IARC), Glob-
ally, breast cancer is the most common cancer type among women and the second most common
cancer type overall Kim et al. (2025). Certainly, the reduction of mortality rate and the increase
of the chances of cure are possible only if this pathology is detected at the early stages, which the
early screening through mammogram considers very important to improve the outcomes of breast
cancer detection and survival. Deep learning has made significant progress with the introduction of
convolutional neural networks (CNNs) in image classification. Their considerable success has had
a transformative effect on the detection of breast cancer. Deep convolutional neural networks have
achieved impressive performance in the automatic detection and classification of soft tissue opacities
in mammograms, reaching a level comparable to that of radiologists in some cases. Indeed, a recent
study by Calisto et al. (2022) indicated that the BI-RADS-based DCNN achieved high accuracy,
although with slightly lower sensitivity compared to radiologists.
Enhancing the performance of CNN is an ongoing journey. Hardware acceleration, model inter-
pretability, ensemble learning, and advancements in neural architecture search are areas continu-
ously evolving. The quest for higher performance in CNN is driven by the need for more accu-
rate, efficient, and robust models, which means better mammogram images classification (breast
cancer diagnosis). However, their performance often depends on the choice of architecture and is
hampered by imbalanced datasets and limited generalization. To surmount this limitation, there
is an acute need for improvement strategies that not only offer better classification performance,
but can also be generalized to various CNN architectures. Most existing improvement methods
are closely tied to a specific model, which reduces their applicability and limits wider adoption in
clinical settings. In this work, we introduce a generalizable enhancement approach for CNN-based
mammogram classification. To demonstrate the method’s adaptability and performance regardless
of the model selected, it is assessed across multiple CNN architectures namely RegNet, ResNet,
MobileNet, Inception,NasNetLarge, and NasNetMobile. Our findings show that the proposed im-
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provement to CNNs enhances key metrics such as Accuracy, Precision, Recall, F1-score, AUC, and
PRC score across all tested CNN models, highlighting their capabilities in enhancing CNN potential
in analyzing mammograms. The main contributions of this paper are:

• We introduce a novel enhancement approach that can be seamlessly integrated into any
CNN architecture for mammogram classification.

• We tested the proposed improvement method across several CNN models, demonstrating
its adaptability and robustness.

• We validate the proposed approach on a multi-class dataset featuring an imbalance in the
number of images per class, demonstrating its ability to maintain performance across un-
derrepresented categories.

• We present a detailed empirical evaluation to demonstrate continuous improvements in
performance metrics, confirming the practical relevance of this approach.

The rest of the paper consists of the following sections: Section 2 reviews related work on CNN-
based mammogram classification and the improvement techniques of CNN. Section 3 describes
the proposed approach in detail. Section 4 introduces the experimental setup and the used dataset.
Section 5 presents and discusses the results, and Section 6 concludes the paper with perspectives for
future research.

2 RELATED WORKS

Deep convolutional neural networks (CNNs) have enabled significant advances in the automated
detection of breast cancer on mammograms. Early successes have taken advantage of architectures
such as VGG16 and ResNet50, illustrating the capabilities of CNNs for mammogram image classi-
fication. However, these models have often encountered difficulties in terms of generalisation and
sensitivity to class imbalance.
Transfer learning has become an essential pillar of medical image analysis, enabling models to
utilise pre-trained features from large datasets. Recent studies have implemented transfer learning
to mammogram classification, reaching remarkable improvements. For instance, Twum et al. (2025)
investigated the potential of transfer learning with models such as InceptionV3, MobileNetV2, and
ResNet50, assessing their efficiency in feature extraction and fine-tuning applications. Similarly,
Nasir et al. (2025) presented a CNN framework for breast cancer detection, focusing on the capabil-
ities of deep learning models to realize high accuracy without the need for intensive manual feature
engineering. However, the study was limited by the size and diversity of the dataset, which may
limit the robustness of the reported results.
Beyond transfer learning, ensemble learning has appeared as a complementary approach to enhance
the performance of CNNs. As an example, Shah et al. (2024) proposed a deep-learning ensemble
CNN model that combines EfficientNet, AlexNet, ResNet, and DenseNet for breast cancer detec-
tion. The proposed approach showed excellent performance on the evaluated dataset. Specifically,
the model achieved an accuracy of 94.6%, underscoring its effectiveness in correctly classifying
mammograms. But performance dropped when performing tests on external datasets, revealing
challenges with cross-dataset robustness. Recently, Islam et al. (2024) introduced an Ensemble Deep
Convolutional Neural Network (EDCNN) combined with a U-Net framework for breast cancer de-
tection and segmentation using ultrasound images. Their approach integrated MobileNet and Xcep-
tion to leverage complementary feature extraction capabilities. The proposed EDCNN achieved
an accuracy of 87.82%, surpassing several transfer learning models and the Vision Transformer
baseline. Whilst the results demonstrated clear improvements in classification and segmentation
tasks, the study was limited by its reliance on grayscale ultrasound images, which may constrain the
model’s generalizability to other imaging modalities and more heterogeneous datasets.
To further improve accuracy, ensemble strategies have emerged. Hence, Wu et al. (2023) combined
bagging and stacking techniques, achieving 98.84% accuracy in binary classification tasks. While
Ganaie et al. (2022) presented a survey on deep ensembles, highlighting their ability to increase ro-
bustness. The drawbacks of these methods, however, are often high computational complexity and
increased memory usage, which limits their deployment in real-time clinical environments or those
with limited resources. Furthermore, as demonstrated by Abe et al. (2024), diversity in lightweight
neural network ensembles improves generalization, while in high-capacity models, excessive diver-
sity can induce instability and overfitting.

2



108
109
110
111
112
113
114
115
116
117
118
119
120
121
122
123
124
125
126
127
128
129
130
131
132
133
134
135
136
137
138
139
140
141
142
143
144
145
146
147
148
149
150
151
152
153
154
155
156
157
158
159
160
161

Under review as a conference paper at ICLR 2026

Data augmentation was also used to handle limited datasets of mammograms. However, conven-
tional techniques, including rotation, flipping, cropping, and density adjustment, have been exten-
sively used to further diversify training and improve model robustness, as in studies by Arevalo
et al. (2016), Asifullah Khan (2020), and Shen et al. (2019). Nevertheless, these basic transforma-
tions often fail to capture the full complexity of the true changes in mammograms. Recent research
has investigated more advanced enhancement approaches to overcome these limitations. Specifi-
cally, Sutjiadi et al. (2025) used the diffusion model to generate synthetic mammographic images,
which improved the performance of the EfficientNetV2L model in breast cancer screening. Like-
wise, Jiménez-Gaona et al. (2024) took advantage of generative adversarial networks (GANs) to
augment training data, resulting in significant gains in classification. Nguyen et al. (2023) proposed
domain-adaptive enhancement strategies that take into account the distribution of breast density and
disturbed markers, thus enhancing the detection of abnormal cases. In addition, Panambur et al.
(2025) presented an attention-guided erasing (AGE) approach, which focuses on clinically relevant
areas. Collectively, these developed enhancement techniques demonstrate that carefully designed
synthetic and domain-aware transformations can substantially improve the robustness and general-
ization of deep learning models in mammogram analysis.
Although prior works often report accuracies above 95%, many are limited to binary classification
tasks or small datasets. These settings fail to capture the complexity of real-world clinical environ-
ments, where class distributions are imbalanced and image quality varies across devices. Recent
studies Litjens et al. (2021), Yamashita et al. (2021) highlight that CNNs trained under such con-
ditions tend to overfit and struggle with generalization across heterogeneous datasets. In summary,
while CNNs, ensemble methods, and data augmentation strategies have demonstrated potential in
mammogram classification, their effectiveness is often constrained by computational cost, dataset
limitations, and generalization challenges, particularly in scenarios involving imbalanced datasets
and multi-class classification based on the BI-RADS lexicon. Many existing models struggle to
accurately detect rare categories, such as high-risk BI-RADS classes, leading to biased predictions
and reduced clinical applicability. Our proposed approach addresses these gaps by introducing a
generalizable CNN enhancement that improves robustness and accuracy across all classes while
maintaining computational efficiency. By explicitly considering multi-class BI-RADS annotations
and handling class imbalance, our method provides a practical pathway toward real-world deploy-
ment in breast cancer screening systems.

3 PROPOSED APPROACH

Architectural innovations like ResNet, MobileNet, Inception, NasNetLarge, among others, have sig-
nificantly advanced CNN capabilities. These architectures are designed to address issues like van-
ishing gradients and overfitting, and to enable models to learn complex features more effectively.
Choosing the most suitable architecture for your problem is the first step towards performance im-
provement. The weights in a CNN play a critical role in allowing the network to learn and generate
precise predictions from input data. They are at the heart of the model’s learning and decision-
making process. CNN weights are typically used to extract significant features from input data,
adjust connections between neurons, control model complexity, and optimize performance. Weight
learning is the process whereby the CNN acquires the capacity to recognize and interpret complex
information present in input data, which is essential for its success in various computer vision tasks.
These weights are calculated using a training process that aims to find the optimal values of weights
that enable the network to perform accurate predictions on a set of training data, which means that
prediction accuracy depends directly on the optimal weights. That is why, in the proposed approach,
we focused on optimizing the weights so that CNN achieves good results in classifying mammo-
grams.
However, during the training process, the weight adjustment process essentially consists of min-
imizing the loss function. In this context, CNN’s primary objective is to find weight values that
minimize this loss function. To reach this outcome, the model employs an optimization algorithm,
such as stochastic gradient descent (SGD) or more advanced variants like Adam, Adamax, and
others. The optimization algorithm operates by adjusting the weights of the model based on the
gradients calculated through the backpropagation algorithm. The gradients indicate the direction in
which the weights should be adjusted to reduce the loss. Subsequently, the optimization algorithm
iteratively updates the weights using these gradients. This weight adjustment process is repeated
over the entire training dataset for several epochs (complete iterations through the dataset) or until
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the model’s performance no longer improves. Over epochs, the CNN gradually refines its weights,
allowing it to better adapt to the features of the training data. Ultimately, in the evaluation phase,
the weights used are the final weights that have been learned during the training phase. These final
weights represent the optimized parameters that the CNN has learned for the specific task, and the
model uses them to make predictions on new, previously unseen data to evaluate its performance and
generalization ability. Using the fixed weights during evaluation ensures that the model retains the
knowledge acquired during training and applies it to make predictions on new data in a consistent
way. This phase is essential for assessing the model’s ability to generalize to examples not seen
during training, which is a crucial indicator of its actual performance.
Given the significance of weight and its vital role in the performance of the CNN network, our contri-
bution lies in utilizing the best weights with the lowest loss during the evaluation phase, as achieved
during the training phase. As previously mentioned, the weights used during the evaluation phase
are generally the most recent ones, irrespective of whether they yield optimal performance. For this
reason, we advocate utilizing the weights that yield the best performance during the training phase,
with the loss function serving as the evaluation metric. While learning a CNN model, the weights
are iteratively updated in order to minimize the loss function. However, the model’s performance
can vary from one iteration to another, and it may not always converge to the best solution. This is
why we aim to monitor the model’s performance over the course of training and record the weights
that perform best for a specific measure, namely loss. By specifying loss as the measure to be
monitored, model weights will be saved solely if the monitored measure exhibits improvement on
the previous best value. This approach ensures that the weights associated with the highest model
performance are consistently saved while ignoring checkpoints that show no enhancement in model
performance. Therefore in the evaluation phase, the model will be evaluated with the saved weights
using performance metrics such as accuracy, precision, recall, F1-score, AUC, and PRC on the test
data.

Algorithm 1 Intial Algorithm for CNN Mammogram Classification
1: Input: CNN Model, train Dataset, test Dataset, nb Epoch
2: Output: metrics = {Accuracy, Precision, Recall, F1, AUC, PRC}
3: for i = 1 to nb Epoch do
4: weights← train Model(CNN Model, train Dataset) ▷ Train model and get weights
5:
6: end for
7: load Weights(CNN Model, weights) ▷ Load model weights at the last epoch
8: metrics← evaluate Model(CNN Model, test Dataset) ▷ Evaluate on test set using weights at

the last epoch

Algorithm 2 Proposed Algorithm for CNN Mammogram Classification
1: Input: CNN Model, train Dataset, test Dataset, nb Epoch
2: Output: metrics = {Accuracy, Precision, Recall, F1, AUC, PRC}
3: best Loss←∞ ▷ Initialize best loss as infinity
4: best Weights← Null
5: for i = 1 to nb Epoch do
6: loss← train Model(CNN Model, train Dataset) ▷ Train model and get loss
7: if loss < best Loss then
8: best Loss← loss
9: best Weights← save Weights(CNN Model) ▷ Save best weights

10: end if
11: end for
12: load Weights(CNN Model, best Weights) ▷ Load best weights into model
13: metrics← evaluate Model(CNN Model, test Dataset) ▷ Evaluate on test set using best weights
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Table 1: Parameters used in training CNN models

Parameter Values

Learning rate 0.001
mini-batch size 32
Optimizer Adamax
Epochs 200
Early stopping 5

4 EXPERIMENTS

4.1 EXPERIMENTS DESCRIPTION

Our study applied transfer learning to six CNN models, including RegNet [Xu et al. (2021)],
ResNet152 [He et al. (2016)], MobileNetV3 [Howard et al. (2019)], InceptionV3 [Szegedy et al.
(2016)], NasNetLarge [Zoph et al. (2018a)] and NasNetMobile224 [Zoph et al. (2018b)], used for
breast cancer diagnosis and classification based on BI-RADS lexicon. The CNN models are used
as a feature extractor while keeping their initial architecture. In this process, the lower layers of the
feature extractor portion are frozen, while the original fully connected, softmax and classification
output layers are eliminated and substituted with a new set. This new set has an output size of 6, sig-
nifying the multi-classification of breast cancer based on BI-RADS lexicon ( BI-RADS 0, BI-RADS
1,BI-RADS 2, BI-RADS 3, BI-RADS 4, and BI-RADS 5).
As part of an initial experiment, we didn’t seek to improve the CNN models or adjust the model
weights throughout the feature learning sections. We therefore simply applied transfer learning to
the CNN models on our small dataset to evaluate the performance of each CNN model in the specific
task of breast cancer diagnosis in a multi-class context (6 classes).
Then, as part of a second experiment, we applied our approach, which involves adjusting the weights
during the testing phase as explained in Section 3. In the testing phase, we used the weights that
yielded the best performance during the training phase, rather than employing the final weights
learned during the training phase. This stage aims to demonstrate the performance of our pro-
posed approach across several CNN architectures, including RegNet, ResNet, MobileNet, Incep-
tion,NasNetLarge, and NasNetMobile, which are widely recognized as high-performing deep mod-
els for classification tasks. The approach was applied to six different CNN models to show that it
consistently improves performance, highlighting its generalizability across diverse architectures.
In the two experiments for the training of the six CNN models, we worked with the Adamax opti-
mizer, and interestingly, there was no discernible difference in the achieved performance during the
initial experiments when compared to the SGD and Adam optimizers. Each CNN model was trained
in 200 epochs before being put to the test stage. As the used mini-batch size is equal to 32 and the
learning rate is equal to 0.001, as shown in Table 1. Additionally, using early stopping with a pa-
tience value of 5 ensures that the training process will come to an end if there is a prolonged period
without noticeable performance progress. This strategy saves computational resources while reduc-
ing the danger of overfitting. The hyperparameter values typically demonstrate a well-calibrated
configuration aimed at striking a harmonious balance between effective learning from the given data
and minimizing the risk of overfitting. It’s essential to take into account that the setting of hyper-
parameters is frequently an iterative and exploratory process. The effectiveness of these choices is
generally confirmed by tests carried out on a selected dataset. For each experiment, we tested the
CNN model 5 times in order to obtain a new training set and a new test set for each evaluation, using
the random split technique.

4.2 DATASET DESCRIPTION

The dataset used in these experiments is a collection of mammogram images that have been ac-
quired from different sources. The first source is the King Abdulaziz University Mammogram
Dataset that consists of 5 classes, which are BI-RADS 1, BI-RADS 2, BI-RADS 3, BI-RADS 4,
and BI-RADS 5 [Alsolami et al. (2021)]. These images were gathered from the Sheikh Mohammed
Hussein Al-Amoudi Center of Excellence in Breast Cancer at King Abdulaziz University in Jeddah,
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Saudi Arabia, spanning the period from April 2019 to March 2020. The total number of images
is 5662, with different image sizes encompassing two distinct views, namely CC (Cranio-Caudal)
and MLO (Medio-Lateral Oblique), for both the right and left breasts. The second source is the
Digital Database for Screening Mammography (DDSM) [Heath et al. (2001)] which comprises 6
classes of BI-RADS classification ranging from 0 to 5th class. As mentioned above, we combined
mammogram images from two datasets for the evaluation of our approach because the King Abdu-
laziz University mammogram dataset does not include all the classes; only BI-RADS 1, BI-RADS
3, BI-RADS 4, and BI-RADS 5 are public. To address this, we added the BI-RADS 0 and BIRADS
2 classes from the DDSM dataset, resulting in a final dataset comprising 2,881 images distributed as
follows:

• BI-RADS 0: 225.
• BI-RADS 1: 1865.
• BI-RADS 2: 278.
• BI-RADS 3: 387.
• BI-RADS 4: 102.
• BI-RADS 5: 24.

From this distribution, we can see that the used dataset is imbalanced, which is often the case in
medical datasets, especially for rare conditions or diseases. Managing these imbalances is essential
to ensure that deep convolutional neural networks can learn efficiently and produce reliable results.
We can solve the imbalance problem through many techniques, such as data augmentation. Since
the use of imbalanced data ensures that CAD systems are trained on datasets that reflect the actual
distribution of cases, which makes them more applicable to real-life scenarios. Consequently, the
dataset will be used in this evaluation exactly as it is, without any changes.
Therefore, some preprocessing steps could be applied before the experiments to prepare the data as
soon as a good data preparation guarantees that the model receives high-quality data, which facili-
tates its learning and enables it to produce accurate and consistent results during the classification
phase. There are several crucial steps in this procedure. We first resized all mammogram images in
the dataset to 331x331 pixels to have uniform dimensions, making them compatible with the CNN
model architecture. By resizing images to a reasonable, standardized size, computing costs in both
memory and processing power are significantly reduced, enabling these models to be trained and
deployed on different hardware. Then, all grayscale mammogram images are converted to RGB
so that the CNN models can process them because the CNN architectures employed in this evalu-
ation just require RGB images. Finally, the dataset is randomly partitioned, allocating 80% of the
mammogram images to training and reserving the remaining 20% for testing. In the experiments,
the training set included 2304 mammogram images, while the test set included the remaining 577
mammogram images. This randomization reduces the risk of bias in the evaluation. By randomly
mixing and distributing the data, it is ensured that each set involves a variety of samples from all the
categories in the dataset, in each test. As a result, applying random splitting to imbalanced datasets
is an essential deep learning technique that preserves data integrity, guarantees objective, strong,
and reliable model evaluation, and aids in the creation of models that can successfully address class
imbalance problems in real-world applications.

4.3 ASSESSMENT METRICS

To provide a comprehensive evaluation of the proposed approach, several quantitative assessment
metrics were employed. These metrics capture not only overall classification performance but also
the clinical relevance of the results:

• Accuracy: Measures the overall proportion of correctly graded cases.
• Precision: is the accuracy of positive predictions, reflecting dependability in detecting ab-

normal cases.
• Recall (Sensitivity): Measures the ability to correctly identify all relevant instances of a

particular class, which is critical in medical diagnosis to reduce false negatives.
• F1-score: is commonly used to assess overall model performance, particularly in situations

where datasets are imbalanced.
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• Area Under the ROC Curve (AUC): Represents the model’s ability to distinguish between
classes across different thresholds.

• Precision-Recall Curve (PRC): Offers a more informative evaluation than AUC in imbal-
anced datasets, highlighting the trade-off between precision and recall.

By combining these metrics, the evaluation ensures that the proposed method is assessed from mul-
tiple perspectives, addressing both statistical performance and clinical significance.

5 RESULTS AND DISCUSSION

To further demonstrate the effectiveness of the proposed approach during the training and testing
phases, we have summarized the quantitative evaluation metrics including accuracy, precision, re-
call, AUC and PRC, and F1-score in table 2. The overall metrics were calculated by averaging the
values across all five test sets in our experiments. As well, this table provides a clear before-and-
after comparison, showcasing the impact of our approach on enhancing model performance across
six CNN architectures. The striking difference between the results of all CNN models without
improvement and those with the proposed enhancement is truly remarkable. Regarding accuracy
performance, all enhanced models reached higher values compared to their baselines.
It is worth noting that InceptionV3 achieved the largest accuracy improvement, rising from 79.12%
to 94.41%, while ResNet152 rose from 74.96% to 86.73%. RegNet also exhibited a considerable in-
crease, reaching 89%, compared to 94.65% in its baseline.Besides accuracy improvements, the pre-
cision and recall metrics underscore the effectiveness of the proposed method. Precision recorded a
significant increase for MobileNet rising from 83.48% to 94.04% and InceptionV3 up from 83.76%
to 94.49%. Recall, a crucial indicator for medical applications where diagnostic errors are highly un-
desirable, improved substantially for InceptionV3 from 73.72% to 94.27%, and for ResNet152, from
68.92% to 82.46%. In addition the F1-score values showed consistent improvements, highlighting
a better balance between precision and recall. For example, NasNetLarge strengthened from 0.83 to
0.88, whereas InceptionV3 rose from 0.73 to 0.93, representing an increase of more than 0.2. The
proposed models reached strong performance in terms of AUC, with most of the enhanced models
achieving values above 0.95. Similarly, PRC values demonstrated the robustness of the improved
models against class imbalance, with RegNet and NasNetMobile224 both attaining 0.98. These re-
sults confirm that the enhanced CNNs illustrate a reliable distinction between positive and negative
cases. The comparative results reveal three key findings:

• Generalizability across architectures: The proposed enhancement consistently optimises
performance in lightweight networks (MobileNet) as well as deeper architectures (Incep-
tionV3, ResNet152), revealing that the proposed method is not architecture-dependent.

• Clinical relevance: Given that the accuracy rate reaches 15% with InceptionV3, these im-
provements are particularly valuable for breast cancer diagnosis, since they decrease the
risk of missed diagnoses.

• Robustness: Both high AUC and PRC values confirm that the enhanced CNN models main-
tain reliable discrimination even in the presence of imbalanced datasets.

Nevertheless, some basic models, such as ResNet152, initially had lower recall and F1-score values,
emphasising the importance of the proposed improvement. Besides enhancing individual metrics,
the method also guarantees more consistent performance across diverse CNN architectures. Overall,
the proposed approach provides a generalisable improvement to CNN-based mammogram classifi-
cation, enhancing both discriminative power and reliability, which is crucial for clinical applicability.

Figure 1 illustrates the accuracy results for each CNN model across five independent test runs.
Each CNN model including RegNet, ResNet152, InceptionV3, NasNetLarge, NasNetMobile224,
and MobileNetV3 was assessed five times on different test dataset to guarantee robustness and as-
sess variability. Both the baseline and the improved versions of all models are shown, allowing a
direct comparison of effectiveness gains. On the whole, the enhanced models consistently exceeded
their corresponding baselines in all tests. In particular, InceptionV3 and RegNet demonstrated the
most significant accuracy improvements. RegNet achieved baseline accuracy between 75.6% and
94.1% across the five tests. After implementing the proposed improvement approach, the enhanced
RegNet model consistently maintained accuracy ranging from 94.4% to 95.1%, demonstrating both

7
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Table 2: The CNN models results before and after applying proposed approach

CNN model Overall
accuracy

Overall
precision

Overall
recall

Overall
F1-score

Overall
AUC

Overall
PRC

RegNet 89% 89.59% 88.41% 0.88 0.95 0.94
Improved RegNet 94.65% 94.8% 94.27% 0.94 0.97 0.98
ResNet152 74.96% 85.18% 68.92% 0.68 0.88 0.86
Improved ResNet152 86.73% 86.73% 82.46% 0.82 0.94 0.94
InceptionV3 79.12% 83.76% 73.72% 0.73 0.87 0.82
Improved InceptionV3 94.41‘% 94.49% 94.27% 0.93 0.96 0.97
NasNetLarge 85.04% 89.45% 84.13% 0.83 0.92 0.87
Improved NasNetLarge 92.22% 93.11% 89.41% 0.88 0.95 0.95
NasNetMobile224 92.19% 93.21% 91.54% 0.91 0.96 0.94
Improved NasNetMo-
bile224

95.47% 96.43% 94.66% 0.95 0.98 0.98

MobileNetV3 80.61% 83.48% 78.44% 0.79 0.88 0.83
Improved MobileNetV3 89.85‘% 94.04% 85.57% 0.87 0.96 0.95

a substantial increase in performance and greater stability. Further, InceptionV3 exhibited baseline
variability in accuracy values, with a notable decline to 79.5% in subsequent tests after reaching a
peak of 94.1%, implying overfitting issues. In contrast, the improved model achieved accuracies
above 93%, highlighting increased robustness and generalisation. Over the six models, the proposed
approach has consistently improved both accuracy and stability. Models subject to high levels of
variability or slower convergence, notably ResNet152, InceptionV3, and MobileNetV3, were the
most beneficial, with a significant reduction in performance fluctuations. High-performing models,
in particular the RegNet and NasNet variants, showed more modest but consistent improvements,
confirming that the approach is generalisable to different CNN architectures. The results indicate
that the proposed improvement approach not only enhances performance, but also reduces the risk
of overfitting, as shown by smoother accuracy curves in the improved models. This robustness is
particularly important in medical imaging tasks, where classification errors can have critical conse-
quences.

6 CONCLUSION

In this paper, we proposed a generalisable enhancement approach for deep convolutional neural
networks designed for mammogram images classification. This method is specifically designed
to address the challenge of class imbalance in mammographic datasets, which is critical for ac-
curate breast cancer detection and BI-RADS categorization. The approach was evaluated on six
state-of-the-art CNN architectures, namely RegNet, ResNet152, InceptionV3, NasNetLarge, Nas-
NetMobile224, and MobileNetV3. The experimental results proved that the improved models con-
sistently outperformed their baseline counterparts in terms of accuracy, precision, recall, F1 score,
AUC, and PRC. The improvements were particularly impressive in terms of recall and F1 score,
which are key indicators for medical diagnosis, guaranteeing a significant reduction in false nega-
tives and a greater balance between precision and sensitivity. The proposed approach has proven
efficient for both shallow and deep architectures, thus confirming its generalisation and robustness,
even in the case of class imbalance typical of mammogram images datasets. Overall, the proposed
enhancement offers a reliable and adaptable strategy for improving the performance of convolu-
tional neural networks in the imbalanced multi-class classification of mammographic images, with
potential applications in computer-aided diagnosis systems. Our future work will involve extending
this approach to multimodal medical imaging data and optimising model interpretability to facilitate
clinical decision-making.
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