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Abstract: A lump growing in the breast may be referred to as a breast mass related to the tumor. However, not all tumors are cancerous or malignant. Breast masses can cause discomfort and pain, depending on the size and texture of the breast. With an appropriate diagnosis, non-cancerous breast masses can be diagnosed earlier to prevent their cultivation from being malignant. With the development of the artificial neural network, the deep discriminative model, such as a convolutional neural network, may evaluate the breast lesion to distinguish benign and malignant cancers from mammogram breast masses images. This work accomplished breast masses classification relative to benign and malignant cancers using a digital database for screening mammography image datasets. A residual neural network 50 (ResNet50) model along with an adaptive gradient algorithm, adaptive moment estimation, and stochastic gradient descent optimizers, as well as data augmentations and fine-tuning methods, were implemented. In addition, a learning rate scheduler and 5-fold cross-validation were applied with 60 training procedures to determine the best models. The results of training accuracy, p-value, test accuracy, area under the curve, sensitivity, precision, F1-score, specificity, and kappa for adaptive gradient algorithm 25%, 75%, 100%, and stochastic gradient descent 100% fine-tunings indicate that the classifier is feasible for categorizing breast cancer into benign and malignant from the mammographic breast masses images.
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1  Introduction

The concept of the nervous activity character in mathematics was first introduced in 1943 by McCulloch and Pitts [1]. They claimed that the nervous activity could be formulated mathematically due to the “all-or-none” hypothesis associated with propositional logic. This idea inspired several studies related to the development of a neural network (NN). In 1975, Fukushima attempted to study the multilayered NN to identify the numbers and alphabet patterns [2]. In addition, five years later, in 1980, he improved his theory where the number and alphabet may be recognized even though there was position shifting [3]. His results motivated several studies to develop the pattern recognition algorithm using NN for classifying the numbers from handwriting patterns [4–7]. To overcome the issues in a real-world task, LeCun et al. in [5] tried to establish the NN system for detecting the handwriting digits with a large dataset collected from zip codes in the postal service. They divided the dataset to be 7291 for training and 2007 for test datasets. Overall, they had 9298 binary images. Considering the era it was established, the computer ability was not sophisticated and limited when it has to train a large dataset; however, they provided satisfactory results by showing 80% accuracy when confronting poorly-formed numbers. Nowadays, LeCun et al.’s study is famous because it provides a publicly accessible dataset of handwritten digits, called the modified national institute of standards and technology (MNIST) [8] containing 60000 training and 10000 test datasets.

By understanding NN development over several years, a deep NN known as a convolutional NN (CNN) has emerged as a promising method for the diagnosis of breast cancer. To the best of our knowledge, the first CNN for evaluating breast lesions was developed in 1994 by Wu et al. [9]. Wu et al. speculated that with the assistance of computer vision, the early stage of breast cancer can be detected from a breast abnormality such as microcalcification; thus, it is possible to classify benign and malignant breast cancers. The objective of early detection is to decrease the mortality rate of cancerous breast lesions. With the aid of computer vision through mammogram images, biopsy procedures leading to the inefficient cost of medical care and time consumption may be avoided. Microcalcifications can be classified into three classes: benign, likely malignant, and malignant. Most patients with intermediate diagnostic experience undergo breast biopsy to check for cancer. Therefore, the approach can optimally classify the microcalcification group considered to be able to decrease unnecessary procedures in medical treatment. Based on the aforementioned purposes, Wu et al. attempted to create a CNN system to categorize cancers as benign and malignant. Although there were technical limitations in that era and a limited dataset, their results showed sufficient performance with a sensitivity and specificity of 75% each, along with 0.83 of the area under the receiver operating characteristic (ROC) curve (AUC).

A significant challenge in developing an adequate classifier utilizing CNN is the dataset because CNN requires a relatively large dataset to optimally categorize a specific group for a particular task. With the development of computer technology, including the internet, the challenge of a limited dataset can be solved. In 2009, Deng et al. launched a large-scale image dataset consisting of natural images, called ImageNet [10]. In the first launch, ImageNet provided tens of millions of cleanly sorted images involving 12 subtrees. These subtrees comprise 5247 synonym sets and 3.2 million images. Moreover, starting in 2010, a competition ImageNet Large Scale Visual Recognition Challenge (ILSVRC) to classify 1.2 million high-resolution images into 1000 classes [11] was successfully held by engendering several CNN architectures, such as AlexNet: the first place of ILSVRC 2012 [12], visual geometry group (VGG) nets: the first place for localization and the second place for classification in ILSVRC 2014, GoogLeNet: the first place for classification in ILSVRC 2014, and residual neural network (ResNet): the first place for detection and localization in ILSVRC 2015 [13].

Considering the promising role of CNN in the biomedical field, the emerging datasets were not only in the natural images but also in the scope relevant to medical studies in detecting breast cancer via mammographic images. Therefore, an open-access dataset, such as a digital database for screening mammography (DDSM) [14–16], INbreast [17], or the mammographic image analysis society (MIAS) [18], can resolve the dataset necessity for improving the CNN. These datasets are a milestone for researchers to develop the CNN method using several approaches and techniques from conventional CNN to transfer learning using fine-tuning for segmentation, classification, clustering, and object detection [19–22]. Furthermore, mammography is a common and standard modality in medical facilities because, compared to magnetic resonance imaging (MRI), mammography may be cheaper and can be found in any hospital. However, to detect a potential tumor in a breast lesion, radiologists are confronted with a huge number of works and struggle to consistently examine the breast when mammography views are utilized, such as the cranio-caudal (CC) and medio-later oblique (MLO) views. Therefore, several attempts have recently been made to implement deep learning and to increase clinicians’ or physicians’ confidence when measuring the breast; hence, CNN can assist radiologists in diagnosing breast lesions by providing a second opinion in terms of computer-aided diagnosis (CAD) [23]. Additionally, a CNN with domain transformation can improve the accuracy when combined with a pre-trained model and weights from one domain to another with a particular task [24–29]. As reported in 2019, the mortality rate for women with breast cancer in the United States was number two after lung and bronchus cancers [30]. With this reality, deep learning is assumed to be efficient in enhancing radiologists’ confidence in encountering the analysis probability followed by a final diagnostic and averting false-positive, unnecessary medical examination of patients, and excessive health care costs.

A multi-task transfer learning using CNN was used to diagnose breast cancer via mammogram images by Cha and Richter in 2017 [31]. Moreover, they provided the AUC of single-task view-based 0.76±0.01, single-task lesion-based 0.78±0.02, multi-task view-based 0.79±0.02, and multi-task lesion-based 0.82±0.02. A study was performed using a CNN for detecting breast carcinoma with hyperparameter tuning by Saranyaraj et al. in 2020 [32]. This study claimed that the obtained results were 96.23% for test accuracy and 97.46% for average classification accuracy. In addition, they were motivated by the LeNet-5 architecture with 5 layers [33]. However, these two aforementioned studies did not offer a comprehensive CNN metric evaluation by providing the training and validation results related to the accuracy and loss by implementing k-fold cross-validation. Therefore, the novel contributions of this study are four-fold. First, we implemented seven combinations of data augmentation, divided into two procedures to balance the DDSM dataset and 5-fold cross-validation to avoid bias and overfitting. Second, we employed a modified ResNet50 architecture with an adaptive gradient algorithm (Adagrad), adaptive moment estimation (Adam), and stochastic gradient descent (SGD) optimizers with straightforward 25%, 75%, 100% fine-tunings versus a feature extraction approach, as well as a learning-rate scheduler. Third, we offered a set of comprehensive metric evaluations for our model involving training accuracy, p-value, test accuracy, AUC, sensitivity, precision, F1-score, specificity, and kappa to obtain a better understanding when considering an optimal classifier with CNN construction. Moreover, 60 training procedures were performed to determine the best model. Fourth, the proposed framework has four best models with an AUC in the range of 0.9970 to 1.0000 and test accuracy of 97.98% to 99.96%.

2  Related Works

A study to improve CNN accuracy using multiview mammographic images was proposed by Sun et al. in 2019 [34]. They proposed a novel CNN architecture called multi-view mammographic image convolutional neural subnetwork and multi-dilated convolutional neural subnetwork (MVMDCNN) and trained the DDSM and MIAS datasets using the Adam optimizer. They resized the image datasets prior to being fed into their model architecture with 180×180 pixels. They set the learning rate and the proposed loss function to 10−4. They then trained the model with a batch size of 128 and a maximum of 200 epochs. In addition, they assigned early stop criteria with a rule stating that if the training accuracy was 100%, the training was completed. For comparison, LeNet and LeNet-BN (BN is batch normalization), ResNet, VGG, densely connected convolutional networks (DenseNet), Inception, MobileNet, ShuffleNet, Zeiler and Fergus (ZF) Net, AlexNet, and other models were employed to demonstrate a significant improvement in accuracy. Although their results showed satisfactory outcomes, they only presented the benefits of their model in terms of its accuracy. Another reviewed study was conducted by Khan et al. in 2019 regarding the development of a new CNN model using multi-view to classify normal/abnormal, mass/calcification, and benign/malignant features, called multi-view feature fusion (MVFF) [35]. They reported deploying three stages for classification, with each stage containing two categories. In addition, they used left and right CC, and left and right MLO views of the curated breast imaging subset of DDSM (CBIS-DDSM) and MIAS datasets to acquire useful data information before training and then to concatenate all features. They compared the model performance with VGG, ResNet, and GoogLeNet. To train the model, they employed 128×128 pixels of images to be fed to the CNN layers, an SGD optimizer, a learning rate of 0.0001, a momentum of 0.9, a batch size of 32, and a loss function with cross-entropy. They used early stop criteria in the patience of 5 with a maximum of 100 epochs. If there was no improvement in five consecutive epochs, training was stopped automatically. They reported their results in terms of the training and testing accuracies, sensitivity, specificity, and AUC. They have an AUC of 0.93 for normal and abnormal, 0.932 for mass and calcification, and 0.84 for benign and malignant. They demonstrated promising solutions, but their results in classifying benign and malignant cancers were deemed low, which led to a necessity for improving the performance of the model used in future research.

Another study reported the use of combined k-mean clustering, long short-term memory (LSTM) network of recurrent neural network (RNN), CNN, random forest, and boosting methods to classify breast masses into three categories: normal, benign, and malignant by Malebary and Hashmi in 2021 [36]. In addition, they compared their invented models with other models utilizing DDSM and MIAS datasets. They started with the k-mean for segmenting the input images to locate the region of interest (ROI) related to the cancer position. In addition, they assigned the datasets as the input for the RNN-LSTM layers. The output from k-mean was the input for the CNN model, and they trained the model utilizing ImageNet as the pre-trained dataset to transfer and use the pre-trained model and weights for the CNN. Additionally, the output from the RNN-LSTM is a high-level feature. After obtaining the results from the CNN and RNN-LSTM, they were concatenated using a rectified linear activation unit (ReLU). An interesting method involves treating the output from the concatenating vector as the input for the second CNN model to yield a feature vector with labels. The last step was to ensemble the learning model for classification into normal, benign, and malignant categories by applying machine learning random forest by selecting an efficient tree operating the boosting. They set the epochs for training between 20−200. To confirm the feasibility of their model, they reported the results of the sensitivity, specificity, F1-score, accuracy, and AUC. They concluded that their system achieved 0.94−0.97 for DDSM AUC and 0.94−0.98 for MIAS AUC. The sensitivity, specificity, F1-score, and accuracy for DDSM were 0.97, 0.98, 0.97, and 0.96, respectively, and those for MIAS were 0.97, 0.97, 0.98, and 0.95, respectively. Although their results were sufficient for classification, their classifier model was deemed to be complex. In 2022, Li et al. completed the segmentation and classification of breast masses using DDSM and INbreast datasets [37]. They aimed to create an optimal algorithm for two subsequent works called DualCoreNet. DualCoreNet implemented feature fusion of manually segmented images, known as a locally preserving learner (LPL), and another path was the conditional graph learner (CGL) from the CNN segmentation. After they yielded the textual ROI with LPL and bounding box ROI with CGL, they fused the features to be fed into the CNN architecture for classification in benign and malignant cases. To obtain better results, they augmented the dataset and fine-tuned the layers in the pre-trained model. They presented that their results were merely in AUC and they admitted several limitations of their model, such as overfitting and excessive trainable parameters. They used relatively few datasets, and especially for LPL, human experts were required to accomplish the experiments.

To complement the abovementioned past studies, we optimized the CNN classifier to categorize the breast masses into benign and malignant with three different simple fine-tuning approaches, three optimizers, seven data augmentations, and 5-fold cross-validation to avoid overfitting and bias. Also, we modified the well-known ResNet50 architecture to improve the classifier feasibility. Furthermore, to provide a comprehensive insight, we offered the evaluation metrics of our model in terms of training accuracy, p-value, test accuracy, AUC, sensitivity, precision, F1-score, specificity, and kappa. The remainder of the methodology is described in Section 3. Tab. 1 presents a summary of the published articles and comparisons with our approach.
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3  Materials and Methods

3.1 Dataset

A DDSM comprises 2620 cases partitioned into 43 volumes. Using these 2620 cases, four mammography images were collected from two views, mainly CC and MLO; therefore, there are 1714 breast lesion images. In addition, DDSM contains 1065 normal breast tissue images, and 649 images encompass breast abnormalities. The abnormalities were divided into four categories: 119 benign calcification images, 120 malignant calcification images, 213 benign mass images, and 197 malignant masses images [38]. The image datasets of DDSM have an average size of 3000×4800 pixels with 12 or 16 bits composed using spatial resolutions of 45−50 microns [14,23]. Because the purpose of this paper is to classify breast masses as benign and malignant, we excluded calcification images. In 2020, Huang and Lin treated the DDSM dataset along with the INbreast and MIAS datasets [39]. They collected breast masses images from three datasets and augmented the data by rotating and flipping them to increase the number of images. In our study, we only utilized the DDSM dataset containing breast masses processed by Huang and Lin. The image sizes were set to 227×227 pixels in order to be easily used for any CNN model. In total, this dataset contained 13128 images involving 5970 benign masses and 7158 malignant mass images. Additionally, the dataset can be accessed from the Mendeley data website at https://data.mendeley.com/datasets/ywsbh3ndr8/5.

3.2 Convolutional Neural Network Model and Computational Environment

The major consideration when constructing the CNN model from scratch is to create an optimal architecture so that the constructed model can precisely classify the task under test. However, to act accordingly requires time, and several attempts should be made through trial and error approaches, and computational power is necessary to test any possibilities to obtain the best model. In addition, a specific dataset for a particular task is not always available; in other words, it cannot be accessed publicly, except with permission. Moreover, the availability of the dataset in the medical field is rare, and if it is available to the public, the number of datasets is limited. Therefore, CNN as a classifier can be deemed insufficient and ineffective. Nonetheless, to solve this issue, a domain transformation known as transfer learning [40] offers the advantage of bringing the model from one domain to another. In addition, the pre-trained model and weights can be useful for the domain under test. The transfer learning scheme is more powerful when the pre-trained model and weights have similar features, for example, from cancer cell lines to mammogram images, or from one modality to another. Furthermore, the pre-trained model can be fine-tuned to obtain higher accuracy and precision. It is simple to use because we do not require the model to be built from scratch, and with the fine-tuning strategy, several last CNN layers can be trained, depending on the number of classes. These advantages motivated us to assign domain transformation with a modified ResNet50 architecture, fine-tuning 25%, 75%, and 100%, as well as comparing them with feature extraction.

Fig. 1 shows the modified ResNet50 used in this study. The input images were resized from 227×227 pixels to 224×224 pixels because this image size is a standard input image of ResNet50. The convolutional blocks involving 24 residual blocks were the same as those in the original ResNet50 [13]. To match our task, we modified the fully connected layers after the global average polling layer consisting of 1000 classes with a softmax activation function to be 1024 dense with ReLU and dropout 50% to minimize overfitting. Additionally, we employed two 8 dense layers with ReLU prior to classifying the breast masses as benign and malignant using the sigmoid activation function; thus, there was only one output representing two classes. Moreover, the model in this study was trained under a certain computer specification with two NVIDIA GeForce RTX 3090 graphics processing units (GPU) and a central processing unit (CPU) Intel Core i9-10940X. In addition, we set the epoch at 150 without early stop criteria because we considered the entire performance of our model even though it required time consumption in computation, and the batch size was set to 16. In this study, the computation time required to train one model was approximately 3.7 hours. However, this computation time is reasonable because a large number of images are allocated after the data augmentation. In addition, the model in this study was executed using Python 3.6.9 and Tensorflow 2.4.1 in the Jupyter Notebook environment.
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Figure 1: Proposed modified ResNet50. ResNet50: residual neural network 50

3.3 Image Augmentation

The augmentation [41,42] was utilized after we broke the dataset in the ratio of training to test at 80:20. Therefore, for training, there were 4776 benign masses images and 5726 malignant masses images, whereas for test datasets, there were 1194 benign masses images and 1432 malignant masses images. For the first stage of data augmentation, we employed five image augmentations, specifically color jitter, gamma correction, horizontal flip, salt and pepper, and sharpening, to balance the dataset in the 5-fold cross-validation. In the second stage, the training dataset was increased by random rotation and a height shift. Fig. 2 shows an example of data augmentation of color jitter (Fig. 2b), gamma correction (Fig. 2c), horizontal flip (Fig. 2d), salt and pepper (Fig. 2e), and sharpening (Fig. 2f) for benign mass images processed from the original left breast with an MLO view, as shown in Fig. 2a. Similarly, Figs. 3a and 3c depict the original images of the right and left breasts from the CC perspective, respectively, whereas the augmentation using color jitter is shown in Figs. 3b and 3d for Figs. 3a and 3c, respectively.
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Figure 2: Data augmentations for benign masses images, specifically (a) Original left breast with MLO view, (b) Color jitter, (c) Gamma correction, (d) Horizontal flip, (e) Salt and pepper, and (f) Sharpening. MLO: Medio-later oblique
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Figure 3: Data augmentations for malignant masses images, specifically (a) Original images of the right breast from CC view, (b) Color jitter of (a), (c) Original images of the left breast from CC view, (d) Color jitter of (c). CC: Cranio-caudal

3.4 5-Fold Cross-Validation and Hyperparameter

The aim of initializing the CNN using 5-fold cross-validation was to prevent overfitting and bias while training the model. As discussed in Subsection 3.3, we began our attempt to split the dataset into training and test datasets with a ratio of 80:20. The test datasets were independent images and could not be seen by the model, except in the last step or evaluation. Because we split the dataset into 5-fold consisting of training and validation datasets, 1145 images fulfilled the first four folds, while the other fold contained 1146 images of malignant masses. Similarly, 955 images satisfied the first four folds, but the other fold covered 956 images of benign masses. To balance the dataset, five image augmentations were completed for benign masses, as shown in Fig. 2, whereas only one augmentation was designated for malignant masses, as shown in Fig. 3. These augmentations produced 1146 images for each fold in the benign and malignant masses images. Additionally, to increase the number of training images, random rotation up to 90∘ and a height shift of 0.3 were executed; thus, the training dataset had 3438 images for each fold. To run the algorithm with resized images 224×224 pixels, the fine-tuning strategy should be utilized first. There were three fine-tuning schemes, defined as 25%, 75%, and 100%, and feature extraction when there was fine-tuning method only for the last layer. Subsequently, preferable optimizers, such as Adam, Adagrad, and SGD, are selected before training the model. Next, several hyperparameters were set. Therefore, we set the binary class mode due to the sigmoid activation function, binary cross-entropy as a loss function, and a learning rate scheduler with an initial learning rate 10−3 and decay rate of 0.96. Based on the average training accuracy and loss, we chose the best model with the minimum training loss and the highest training accuracy for every optimizer, fine-tuning scheme, and feature extraction; thus, in total, we obtained 12 best models. In Section 4, discussions are provided to determine the selected best models. Once the best model is obtained, an evaluation using independent test datasets can be performed to complete the entire procedure. Fig. 4 shows the process block diagram from the splitting dataset until evaluation.
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Figure 4: Block diagram of 5-fold cross-validation with augmentations and model evaluation

3.5 Performance Metric Evaluation

Nine CNN evaluation metrics were used to evaluate the CNN model, including training accuracy, p-value, test accuracy, AUC, sensitivity, precision, specificity, F1-score, and kappa. The concept of CNN evaluation metrics can be derived from the confusion matrix for binary classification, as shown in Tab. 2.
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Where TP is a true positive, TN is a true negative, FP is a false positive, and FN is a false negative. From Tab. 2, the test accuracy (also known as overall accuracy (OA)), sensitivity, precision, specificity, F1-score, and kappa can be formulated as

OA=TP+TNTP+TN+FP+FN×100%,(1)

sensitivity=TPTP+FN,(2)

precision=TPTP+FP,(3)

specificity=TNTN+FP,(4)

F1−score=2⋅sensitivity⋅precisionsensitivity+precision,(5)

kappa=2(TP⋅TN−FN⋅FP)[(TP+FP)⋅(FP+TN)]+[(TP+FN)⋅(FN+TN)],(6)

while AUC can be expressed as a summary of the ROC curve [43,44].

4  Results and Discussions

The feature extraction method was run five times, corresponding to a specific fold, and the average values of accuracy and loss in training and validation were acquired. After 15 training with different optimizers, the results shown in the first row of Fig. 5 can be obtained. The feature extraction schemes with Adam, Adagrad, and SGD had similar conditions, offering low accuracy and high loss averages for the training and test datasets. Therefore, there is no optimal model for feature extraction. Subsequently, the fine-tuning technique with 25% was accomplished using the same scenario as the feature extraction. A total of 15 training procedures were performed to obtain the best model in this case, and the results are shown in the second row of Fig. 5. Adagrad with a 25% fine-tuning approach satisfied the criteria as the best model when compared with SGD with 25% fine-tuning, which provided overfitting identified from the loss average between training and validation, while Adam with 25% fine-tuning showed unsatisfactory training loss at almost 400% when the epoch was 150. Similarly, the model was trained using the same conditions and hyperparameters for a 75% fine-tuning procedure, and the results are shown in the third row of Fig. 5. Again, Adagrad with 75% fine-tuning provided the maximum accuracy average along with the minimum loss average, corresponding to training and validation. Nevertheless, SGD 75% and Adam 75% fine-tuning provided several uncertainties by showing validation loss fluctuations, leading to overfitting. The validation loss for Adam 75% reached almost 400% around the epoch of 120. To complete the entire 60 training procedures, the last 15 training procedures with a 100% fine-tuning scheme were conducted using the same preparation as the feature extraction, 25%, and 75% fine-tuning methods. The results are shown in the fourth row of Fig. 5. Adagrad 100% fine-tuning was superior, demonstrating sufficient accuracy and loss averages. The validation loss was roughly 5% and the training loss was approximately 0%. In addition, SGD 100% agreed with Adagrad 100% by presenting adequate accuracy and loss. The validation loss is less than 10%, whereas the training loss is approximately 0%. Evidently, Adam was not appropriate for any fine-tuning technique in this study, even Adam with 100% fine-tuning presented uncertainties in all epochs. To achieve a better illustration, Fig. 6 depicts the mean training accuracy with the standard deviation for the four best CNN models with Adagrad 25%, Adagrad 75%, Adagrad 100%, and SGD 100% fine-tuning. As depicted in Fig. 6, the mean accuracy increased following the level of fine-tuning in the last several layers in the CNN model. In contrast, the standard deviation decreased following the fine-tuning level.
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Figure 5: Accuracy and loss average of 5-fold cross-validation for training and validation datasets. The first column is for Adagrad, the second column is for SGD, and the third column is for Adam. Additionally, the first row is for feature extraction, the second row is for 25% fine-tuning, the third row is for 75% fine-tuning, and the fourth row is for 100% fine-tuning. The red line is training accuracy, the blue line is validation accuracy, the green line is training loss, and the black line is validation loss. Adagrad: adaptive gradient optimizer, SGD: stochastic gradient descent, Adam: adaptive moment estimation
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Figure 6: Mean training accuracy with the standard deviation for the four best CNN models with Adagrad 25%, Adagrad 75%, Adagrad 100%, and SGD 100% fine-tunings. CNN: convolutional neural network

By completing the entire model training procedure, we obtained the four best models involving the Adagrad 25%, 75%, 100%, and SGD 100% fine-tuning approaches. The following step was to evaluate the four best models using CNN metric evaluations, including p-value, test accuracy, AUC, sensitivity, precision, specificity, F1-score, and kappa. Fig. 7 depicts the confusion matrix of the four best models with TP=1170, TN=1403, FP=29, and FN=24 for Adagrad with 25% fine-tuning, as shown in Fig. 7a, meanwhile, TP=1180, TN=1415, FP=17, and FN=14 for Adagrad with 75% fine-tuning, as shown in Fig. 7b. Additionally, TP=1191, TN=1429, FP=3, and FN=3 for Adagrad with 100% fine-tuning, as shown in Fig. 7c, whereas TP=1194, TN=1431, FP=1, and FN=0 for SGD with 100% fine-tuning, as shown in Fig. 7d.
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Figure 7: Confusion matrix for the four best CNN models with (a) Adagrad 25%, (b) Adagrad 75%, (c) Adagrad 100%, and (d) SGD 100% fine-tunings

The results are summarized in Tab. 3. The training accuracy was in the range of 97.76%±0.64% to 99.95%±0.04% with p-value of 6.4809e−5 to 1.4812e−5 calculated from the improvement of training accuracy using fine-tuning versus feature extraction, while the test accuracy was in the range of 97.98% to 99.96%. Moreover, the AUC was 0.9970−1.0000, sensitivity was 0.9799−1.0000, precision was 0.9758−0.9992, F1-score was 0.9779−0.9996, specificity was 0.9797−0.9993, and kappa was 0.9595−0.9992. Compared to [36], in terms of sensitivity, specificity, F1-score, accuracy, and AUC, as shown in Tab. 1, our results showed 2%−6% enhancements. Our CNN best model results indicated that from the metric evaluations, with a more fine-tuning depth level, better results were obtained. Therefore, a fine-tuning method, along with data augmentation and 5-fold cross-validation, has a significant impact on the improvement of the proposed modified ResNet50 architecture in classifying breast masses corresponding to benign and malignant cancers. However, the improvement needs to be concentrated in the future related to the computation time and method to select the appropriate hyperparameters to increase efficiency.
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5  Conclusions

The modified ResNet50, along with 5-fold cross-validation, data augmentations, and fine-tuning schemes, has been designed to classify breast masses related to benign and malignant cancers. In addition, this study employed the DDSM dataset collected from Mendeley data, which can be publicly accessed. To balance the dataset between benign and malignant, five data augmentations were allocated, namely color jitter, gamma correction, horizontal flip, salt and pepper, and sharpening. To increase the number of training datasets in each fold in the 5-fold, two image augmentations were assigned with random rotation up to 90∘ and a height shift of 0.3. Using the arrangement of 25%, 75%, and 100% fine-tunings, feature extraction, and three optimizers (Adam, Adagrad, and SGD), 12 models were obtained. By selecting the best accuracy and loss averages that did not comprise overfitting, four models were defined as the best model consisting of Adagrad 25%, 75%, 100%, and SGD 100% fine-tunings. Our AUC was in the range of 0.9970 to 1.0000 with a test accuracy of 97.98% to 99.96%. The results of nine CNN metric evaluations indicate that the optimized classifier is feasible for categorizing breast cancer as benign and malignant from the mammographic breast masses images. However, in a future study, optimization of the computational time is essential because, for every training, the time consumption was approximately 3.7 hours. Additionally, a method to select appropriate hyperparameters to increase efficiency is crucial.
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Table 1: Comparisons of the published articles encompassing CNN for breast masses classification
using the DDSM dataset and proposed method

Study Purpose Optimizer Augmentation/  CNN Metric
Evaluation
cross-validation
Sun et al., Develop an Adam accuracy =
2019 [34] algorithm based on 0.8018 to 0.8202
CNN and multiple
mammogram Views
for breast mass
classification
xKhan et Develop a multi-view  SGD training
al., 2019 feature fusion accuracy =
[35] (MVFF) to classify 78.92% 4+ 1.35%
the breast into to
normal/abnormal, 80.56% £ 1.33%
mass/calcification, and test accuracy
and 76.27% £ 0.89%
benign/malignant to
77.66% £ 0.72%,
sensitivity =
80.61% to
81.82%,
specificity =
70.37% to
72.02%, and
AUC = 0.757 to
0.769
Malebary Classify the breast Not sensitivity = 0.97,
and mass into normal, mentioned specificity = 0.98,
Hashmi, benign, and F — score =0.97,
2021 [36] malignant accuracy = 0.96,
and AUC = 0.94
to 0.97
xLiet al., Develop a Adam AUC =
2022 [37] DualCoreNet to 0.85£0.021
segment and classify
breast masses into
benign and
malignant
Proposed Develop a CNN Adam, training accuracy,
method classifier with Adagrad, p-value, test

different fine-tuning and SGD
approaches and

optimizers to

categorize the breast

masses into benign

and malignant

accuracy, AUC,
sensitivity,
precision,
F1-score,
specificity, and
kappa

Note: CNN: convolutional neural network, DDSM: digital database for screening mammography, Adam: adaptive moment estimation,
Adagrad: adaptive gradient algorithm; SGD: stochastic gradient descent; AUC: area under the receiver operating characteristic (ROC)

curve.

* is used curated breast imaging subset of DDSM (CBIS-DDSM).
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Table 3: The performance results with augmentations and 5-fold cross-validation of the proposed
CNN model with three different fine-tuning procedures and optimizers

Fine- Optimizer Training  Test p-value AUC Sensitivity Precision F1- Specificity Kappa

tuning Accuracy Accuracy score
(%) (%)

25% Adagrad  97.76 + 97.98 6.4809¢> 0.9970  0.9799 0.9758 0.9779  0.9797 0.9595
0.64

75% 99.80 + 98.82 4.9601e=> 0.9988  0.9883 0.9858 0.9870  0.9881 0.9763
0.16

100% 99.95 + 99.77 4.6160e=>  1.0000  0.9975 0.9975 0.9975  0.9979 0.9954
0.04

100% SGD 99.90 + 99.96 1.4812¢=> 1.0000  1.0000 0.9992 0.9996  0.9993 0.9992
0.09

Note: CNN: convolutional neural network, Adagrad: adaptive gradient algorithm; SGD: stochastic gradient descent; AUC: area under the
receiver operating characteristic (ROC) curve.
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Table 2: Confusion matrix concept.

Predicted Label
Positive Negative
Actual Label Positive TP FN
Negative FP TN

Note: TP: true positive, TN: true negative, FP: false positive, FN: false
negative.
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