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Self-attention random forest for
breast cancer image classification

Jia Li*, Jingwen Shi, Jianrong Chen, Zigi Du and Li Huang

Department of Intelligent Manufacturing, Wuyi University, Jiangmen, China

Introduction: Early screening and diagnosis of breast cancer can not only detect
hidden diseases in time, but also effectively improve the survival rate of patients.
Therefore, the accurate classification of breast cancer images becomes the key to
auxiliary diagnosis.

Methods: In this paper, on the basis of extracting multi-scale fusion features of
breast cancer images using pyramid gray level co-occurrence matrix, we present a
Self-Attention Random Forest (SARF) model as a classifier to explain the
importance of fusion features, and can perform adaptive refinement processing
on features, thus, the classification accuracy can be improved. In addition, we use
GridSearchCV technique to optimize the hyperparameters of the model, which
greatly avoids the limitation of artificially selected parameters.

Results: To demonstrate the effectiveness of our method, we perform validation
on the breast cancer histopathological image-BreaKHis. The proposed method
achieves an average accuracy of 92.96% and a micro average AUC value of 0.9588
for eight-class classification, and an average accuracy of 97.16% and an AUC value
of 0.9713 for binary classification on BreaKHis dataset.

Discussion: For the sake of verify the universality of the proposed model, we also
conduct experiments on MIAS dataset. An excellent average classification accuracy
is 98.79% on MIAS dataset. Compared to other state-of-the-art methods, the
experimental results demonstrate that the performance of the proposed method is
superior to that of others. Furthermore, we can analyze the influence of different
types of features on the proposed model, and provide theoretical basis for further
optimization of the model in the future.

KEYWORDS

classification, breast cancer images, self-attention, random forest, GridSearchCV

1 Introduction

Atpresent, breast cancer has become a major health problem worldwide and the second most
common cause of female cancer death (1), especially in Asia, Africa, South America and other
regions where the incidence of pre-breast cancer is low, the growth rate is particularly obvious (2).
To a certain extent, experienced physicians can complete the diagnosis by discriminating
histopathological images. However, this traditional diagnostic approach has certain
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subjectivity, low diagnostic efficiency and can’t be repeated. Therefore,
computer aided diagnosis (CAD) has been widely used (3-5), and it has
achieved reliable results both in classifying a large amount of breast
cancer data by algorithms or in predicting new data based on previous
data. It has also been recognized and trusted by the majority of
histopathologists and greatly reduced the workload of doctors.

Image feature extraction or feature selection is an important
prerequisite for building high quality breast cancer diagnostic
models, so how to extract features from images that are useful for
recognition has been a concern of researchers. For example, the
literature (6) extracted features from the gray-scale map of breast
cancer histopathological images using gray-level co-occurrence
matrix (GLCM), local bimary patterns (LBP), law’s texture energy
(LTE) and Haralick texture feature (HTF) feature extraction methods;
literature (7) used color-texture features to describe the image with
Gabor features, multi-layer coordinate cluster representation, etc.;
literature (8) extracted features from three aspects: morphological
features, spatial features and texture features. In addition, how to
combine certain feature extraction methods to construct effective
classification model is also the focus of attention. For example,
Spanhol F A et al. (4) adopted completed local binary pattern
(CLBP), GLCM and parameter-free threshold adjacency statistics
(PFTAS) as feature extraction means, which were applied to
different classifiers such as random forest (RF), K-Nearest Neighbor
(KNN) and support vector machine (SVM), experimental results
showed that the combination of PFTAS and SVM classifier
achieved better performance with 85% accuracy; Vartika Mishra
et al. (9) used scale-invariant feature transform (SIFT) and speeded
up robust features (SURF) descriptor feature extraction techniques
were used to extract features from breast cancer histopathological
images, followed by dimensionality reduction using principal
component analysis (PCA), and the performance of the four
classifiers was analyzed objectively, the results shows that KNNhas
the highest accuracy among SIFT, SIFT-PCA, SURF and SURF-PCA,
and SURF is faster than SIFT. Although various machine learning
models constructed above have made efforts in the classification
accuracy, the clinical results have higher requirements forCAD.
Therefore, we still need to explore better methods to improve the
classification effect of breast cancer images.

Deep learning (DL) has been successfully used to accomplish breast
cancer histopathological image recognition tasks (10-14). For example,
Kassani S H et al. (15) proposed an integrated model of convolutional
neural network (CNN) based on VGG19, MobileNet and DenseNet for
feature representation and extraction steps, and the proposed integrated
model obtained better predictions than single classifier and machine
learning algorithms. In addition, in recent years, as Volodymyr (16)
applied attention mechanism to the visual field for the first time in 2014
and made a great breakthrough, more and more researchers introduced
attention mechanism into breast cancer image recognition task (17-20),
which confirmed that attention mechanism can increase the expression of
features. It makes the classifier pay more attention to important features
and suppress unimportant features. Although the aforementioned deep
learning techniques have shown remarkable results in image classification,
there are still certain problems, firstly, the complex structure of deep
learning and the involvement of a large number of convolutional
operations lead to a large training time cost, secondly, the poor
interpretability of the deep model makes it difficult to design an effective
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optimization strategy for neural network. To address these problems, the
traditional machine learning (4, 9) model has been shown to be effective
structures. To further improve the performance of breast cancer image
recognition, inspired by the literature (21) and Self-Attention Network
(SAN) (22), we propose a self-attention random forest (SARF) model
based on a common idea (extracting multiscale features and focusing on
important features), and combine with the advantages of random forest
such as simple structure and interpretability. The main contributions of
our work are as follows:

1) We introduce the self-attentive mechanism into the
classification model, SARF can realize the adaptive
refinement of multi-scale features, which makes the model
pay more attention to the learning of important features.

2) Using the model interpretable SHAP (Shapley Additive
exPlanations), we analyze the degree of influence of each scale
feature in the sample on the prediction results of SARF model,
which plays an active role in the subsequent model optimization.

3) Our overall framework consists of feature extraction and
classification. In the feature extraction stage, the multi-scale
fusion features of breast cancer images are extracted using
pyramid gray level co-occurrence matrix (PGLCM); in the
classificationstage, the GridSearchCV technique is used to
optimize the classification ability of SARF model, which
effectively avoids the limitation of artificial parameter selection.

4) Experiments show that, compared with the existing advanced
algorithms, the performance of the proposed method has
been significantly improved on histopathological image
dataset (BreakHis). In addition, the proposed method is
also applicable to mammographic dataset (MIAS), which
reflects the universality of the model.

The rest of the paper is organized as follows: the datasets and
evaluation metrics are presented in Section 2. Our proposed method
is presented in Section 3. In Section 4, we describe the details of the
experiments and the results. The paper is discussed in Section 5. At
last, we make a brief conclusion about this paper in Section 6.

2 Datasets and evaluation metrics
2.1 Datasets

2.1.1 BreaKHis

The BreaKHis dataset (4) from the P&D laboratory—Pathological
Anatomy and Cytopathology in Parana, Brazil, which consists of
hematoxylin and Eosin (H&E)-stained histopathological images of
breast cancer from 82 patients (24 benign and 58 malignant), with a
total of 7909 images (3-channel RGB, 8-bit depth per channel, 700 x
460 pixels, PNG format), containing 5429 malignant tumor samples
and 2480 benign tumor samples.

Table 1 shows the contents of BreaKHis dataset, which contains
images of benign tumors (B) and malignant tumors (M) at 4 different
magnifications (40X, 100X, 200X, 400X), with B including adenosis
(A), fibroadenoma (F), phyllodes tumor (PT), and tubular adenoma
(TA), while the M include ductal carcinoma (DC), lobular carcinoma
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TABLE 1 Summary of the contents of BreaKHis.

Malignant

Magnification

40X 114 253 109 149 864 156 205 145 1995
100X 113 260 121 150 903 170 222 142 2081
200X 111 264 108 140 896 163 196 135 2013
400X 106 237 115 130 788 137 169 138 1820
Total 444 1014 453 569 3451 626 792 560 7909
Patients 4 10 3 7 38 5 9 6 82

A, adenosis; F, fibroadenoma; PT, phyllodes tumor; TA, tubular adenoma; DC, ductal carcinoma; LC, lobular carcinoma; MC, mucinous carcinoma; PC, papillary carcinoma.

(LC), mucinous carcinoma (MC) and papillary carcinoma (PC), a 2.2 Evaluation metrics
total of 8 types. Figure 1 shows the H&E-stained breast cancer

histopathological images for these 8 tumor types, where (a)(b)(c)(d) For the selection of evaluation metrics, the confusion matrix as
is B, (e)(f)(g)(h) is M. well as Accuracy (Acc)[37], sensitivity (Sen), specificity (Spe), positive

prediction rate (PPR), negative prediction rate (NPR), receiver
2.1.2 MIAS operating characteristic (ROC) curve and area under curve (AUC)

The MIAS dataset (23) from the UK national breast screening  as evaluation metrics, and the larger values of Acc, Sen, Spe, PPR and
program (UK NBSP), consists of 322 left and right breast NPR represent the closer the model’s prediction and the real situation,
mammographic images from 161 patients (grey-scale images, 1024  the better the model performance, and their expressions as follows:
x 1024 pixels, PGM format), classified into 3 categories: normal (207),

. . e = XLN,/ 2 2N (1)
benign (63) and malignant (52). The dataset also distinguishes Acc i=1Vii/ fui=1 =11
between images labeled as benign and malignant tumor images for

background tissue and etiology, with background tissue divided into 3 Sen = TP @)
categories: fatty, fatty-glandular and dense-glandular; etiology divided TP+ FN
into calcification (CALC), well-defined/circumscribed masses
(CIRC), spiculated masses (SPIC), miscellaneous/ill-defined masses Spe = IN 3)
(MISC), architectural distortion (ARCH), asymmetry (ASYM). IN +FP
Table 2 shows the contents of the MIAS datasets.

Figure 2 shows the images from MIAS dataset, where (a) is a PPR = _TP (4)
normal breast image, (b) is a benign tumor breast image, where the TP+ FP
red box indicates a mass with fatty background tissue and etiology is N
CIRC, and (c) is a malignant tumor breast image, where the red box NPR = TN+ EN (5)
indicates fatty background tissue and etiology is ASYM. As can be
seen from the Figure 2, benign tumors have smooth edges and regular Where TP denotes true positive cases, FN denotes false negative
shapes, while malignant tumors have blurred edges and burrs. cases, FP denotes false positive cases, and TN denotes true negative

FIGURE 1
H&E-stained breast cancer histopathological images of 8 tumor types. (A) A, adenosis; (B) F, fibroadenoma; (C) PT, phyllodes tumor; (D) TA, tubular
adenoma; (E) DC, ductal carcinoma; (F) LC, lobular carcinoma; (G) MC, mucinous carcinoma; (H) PC, papillary carcinoma.
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TABLE 2 Summary of the contents of MIAS.

Film Category

10.3389/fonc.2023.1043463

Breast Type

Dense-Glandular

Fatty-Glandular

CALC B:2 B: 5 B:5 B: 12 25
M: 4 M: 4 M: 5 M: 13

CIRC B: 10 B: 6 B:3 B: 19 23
M:2 M:2 M: 0 M: 4

SPIC B:2 B: 4 B:5 B: 11 19
M: 3 M:3 M: 2 M: 8

MISC B:2 B:3 B: 1 B: 6 14
M: 5 M: 2 M: 1 M: 8

ARCH B: 4 B: 2 B:3 B: 9 19
M: 2 M: 4 M: 4 M: 10

ASYM B: 1 B: 2 B:3 B: 6 15
M: 3 M:2 M: 4 M:9

Normal 66 65 76 207 207

Total 106 104 112 322 322

B, benign; M, malignant; CALC, calcification; CIRC, well-defined/circumscribed masses; SPIC, spiculated masses; MISC, miscellaneous/ill-defined masses; ARCH, architectural distortion; ASYM, asymmetry.

A Normal

FIGURE 2

Different types of images in MIAS dataset. (A) Normal; (B) Benign; (C) Malignant.

cases, n is the number of categories, Nj; represents the value of row
extiti and column j in the confusion matrix.

The ROC curve takes the false positive rate (FPR) as the horizontal
coordinateand the true positive rate (TPR) as the vertical coordinate, and
the AUC value is the area under the ROC curve. The closer the ROC
curve is to the upper left corner and the larger the AUC value, the higher
the accuracy of the model. The formula of FPR and TPR is defined as:

FPR = rp (6)
" FP+ TN
TP
TPR = ——
TP + EN @

3 Methods

The proposed process of breast cancer image recognition is shown
in Figure 3, including three stages of data augmentation, feature
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extraction and classification, where the feature extraction and
classification tasks are performed by the combined model PGLCM-
SARF. First, the dataset is expanded and balanced using data
augmentation methods such as rotation, flip and enhanced image
color degree; second, the features of breast cancer images are
extracted using the PGLCM; finally, the SARF model builtas the
classifier to complete the breast cancer image recognition task, and
the GridSearchCV technique is also used to optimize the classifier.

3.1 Data augmentation

As can be seen from Table 1, there is an uneven distribution of sample
size for different tumor types, especially the sample size of DC type is
significantly more than other types. Therefore, in order to expand and
balance the data volume, we process the data from BreaKHis and MIAS
datasets using data augmentation methods such as rotation and flip, and
the sample size distribution after processing is shown in Tables 3, 4.
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FIGURE 3
Breast cancer image recognition process.

TABLE 3 The amounts of different types of data in BreaKHis dataset using data augmentation.

Type Tumor

Magnification
40X 912 856 872 894 864 884 905 870 7057
100X 904 891 968 900 903 956 981 851 7354
200X 888 913 864 840 896 918 864 810 6993
400X 848 821 920 780 788 772 746 828 6503
Total 3552 3481 3624 3414 3451 3530 3496 3359 27907

A, adenosis; F, fibroadenoma; PT, phyllodes tumor; TA, tubular adenoma; DC, ductal carcinoma; LC, lobular carcinoma; MC, mucinous carcinoma; PC, papillarycarcinoma.

TABLE 4 The amounts of different types of data in MIAS dataset using data augmentation.

Normal Malignant
Total 1569 1575 1560 4704
What’s more, to the above data augmentation methods, we also L= o—(W2 . (Q(W‘ p - Q(X) + bll)) + blz) (8)

expand and balance the MIAS dataset by enhancing the brightness,
chromaticity, contrast, and sharpness of the original images. For
example, Figure 4 shows the enhanced image with an enhancement
factor of 1.2 for a benign tumor image.

3.2 PGLCM-SARF

3.2.1 PGLCM

Figure 5 shows the feature extraction process by using PGLCM
(24) with samples from BreaKHis dataset as an example.

Figure 6 shows the contrast, correlation, energy and homogeneity
features map for GLCM of breast cancer histopathological images at a
distance of 2 in the 90° direction.

3.2.2 SARF classifier

The structure of the SARF proposed is shown in Figure 7. Firstly, the
neurons in the first layer of SAN are used to maintain the connection with
the input features F (as shown by the green line in Figure 7), and then SAN
is trained by the attention layer, and the importance W of F is calculated
using the trained model (as shown by the blue line in Figure 7). Finally, the
fused feature vector after weighting W and F is used as the input of the
classifier to obtain the classification results. Our purpose of introducing
SAN in RF is to take into account the advantages of RF model with its
simple structure and interpretability, while achieving important
information focus as well as feature adaptive refinement.

The structure of the neural network implementing the attention
mechanism can be represented as:
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The first neural network layer Q is specifically designed to
maintain the connection with the input features F . We define it as:

Q(X) = @ [X@softmax (WE X+, )| ©)

First, the input vector X is used as the input to a softmax
activation layer that contains a number of neurons equal to the
number of features |F| , where the softmax function applied to the.-th
element of the weight vector v is defined as follows:

) exp (Vji )

=) 10
S Flexp () 1o

softmax (v;

where veR! and. represents the number of attention heads - the
different matrices represent the relationship between the input features.
The ® symbol corresponds to the Hadamard product, and @ refers to the
Hadamard summation between the individual heads. Thus, € represents
the first layer of SAN, whose output has dimension |F| . a corresponds to
the activation function SELU, defined as:

if x>0

x
SELU(x)zl{
if x<0

ofexp (x) - 1)

where Aand ocare hyperparameters. This method is only interested in
self-attention, a SAN is trained and we simply activate the weights of the
attention layer by using softmax. In this case, the weight vector itself
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A Original Image

B Bright Enhancement

FIGURE 4

AT

C Color Enhancement P Contrast Enhancement E Sharp Enhancement

10.3389/fonc.2023.1043463

MIAS data augmentation. (A) Original Image; (B) Bright Enhancement; (C) Color Enhancement; (D) Contrast Enhancement; (E) Sharp Enhancement.

Converting the breast cancer images into grayscale image

Extracting 4 GLCM texture features, namely contrast, correlation, energy and homogeneity, at

"
mmmm)>  Establishing a 5-layer Gaussian pyramid of breast cancer image

multiresolution of breast cancer image in 0°, 45°, 90° and 135° directions with distances of 1-10

GLCM features of breast cancer image at different scales were serially fused to form pyramid
fusion features

Input image
(770 i

FIGURE 5

GLCM feature of

each layer
T

Pyramidal
fusion

i1
| features

. o

Feature extraction process of breast cancer histopathological images based on PGLCM.

contains information about the importance of the features and can be
checked directly. The global attention is defined as follows:

R; = ! &) [softmax <diag <W{jﬂ>)] ; WZ’; e RIFIxIFI (12)

k¥

SAN is presented below in Algorithm 1.

Input: X, T, 1, , k, a, A
Output: Wlﬁ'” *F— F
initialize: Set W=0, b=0
for t=1,2,.., Tdo
Q(X) =} ®; [X @ softmax (W[, X +bf )]
if x> 0 then Il,=sigmoid (W, (Ax (W, r Q(X) +bll))

+b3,)

else
I,=sigmoid (W, - (Aa(exp (W, r Q(X)
+b; ) -1))+b;)

end if

y;=Dense (1,)
L= lz@;:)’)
L=L-x*dL/dx
update: W, b
end for

ALGORITHM 1 SAN corresponding code.

Frontiers in Oncology

Random Forest (RF) Breiman (25) is a machine learning algorithm
proposed by leo breiman in 2001 by combining the integrated learning
theory of bagging with the random subspace method, which is an
extended variant of bagging. The basic idea of RF classification: first, n
samples are drawn from the original training set usingbootsrap sampling
(randomly and with put-back from the training set of N training
samples), each with the same sample size as the original training set;
then, n decision tree models werebuilt for each of the n samples to obtain
n classification results; finally, each record is voted on according to the n
classification results to determine its final classification.

The RF is interpretable in that it can calculate the feature importance
by obtaining the error corresponding to the rearranged feature inputs.
The feature importance is defined as J, with the following equation:

Ja(x) :% s ﬁ <EEB I(hf(i) :tyi) = I(hy (i) ¢yi)> (13)

B C

where y; denotes the label category corresponding to the i-th Out-Of-
Bag (OOB) data, I(x) is the indicative function, and /(i) is the function that

the label of predict sample i . The sample is a sample from dataset By and
h;llm’ (i) is the classification label after replacing feature x; .

3.3 Optimization

Hyperparameters are important for the improvement of a model.
RF, as a machine learning algorithm, can be optimized in breast
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FIGURE 6

Feature map of breast cancer histopathological image. (A) Original Image; (B) Contrast Feature; (C) Correlation Feature; (D) Energy Feature; (E) Homogeneity Feature.

——— Connecting with the input features F

Training model

— Calculating the feature importance

Dimension = |F|

@

First layer

F e RIIXIFI

FIGURE 7
Structure of the SARF proposed. RF, Random Forest.

cancer prediction by setting reasonable hyperparameters for the
dataset. Hyperparameter optimization is a multivariate function
optimization process, commonly used optimization methods are
RandomizedSearchCV, HalvingSearchCV, GridSearchCV, Baysian,
Gradient-based and so on. In order to automatically obtain the
optimal parameters of number and depth of decision trees in RF
and avoidthe limitation of human selection, this paper adopts the
GridSearchCV algorithm (26) in python library to optimize the
parameters of RF. The specific optimization process is as follows:
firstly, a grid with a certain numerical interval is given as the search
range of parameters in the classification model; then, in the process of
training the model, the parameters are selected sequentially in the grid
in certain steps, and finally, the parameter with the highest accuracy
in multiple iterations is selected as the optimal parameter of the
optimized model by cross-validation.

4 Experiments and results

This paper validates the effectiveness of the proposed PGLCM-
SARF mothed by conducting 3 comparative experiments. First, in
order to verify the influence of the introduction of SAN into the
classification model on the classification results, our model and
PGLCM-RF ablation experiments are conducted (Section 4.1), and
in experiment 4.2, analyzing of the ability to improve classification
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results after optimization of PGLCM-SARF using GridSearchCV
techniques. Then, in experiment 4.3, in order to demonstrate the
superiority of our method, a comparative experiment is conducted
with various current state-of-the-art algorithms. The data used in the
aforementioned 3 sets of experiments are all taken from BreaKHis
dataset, the adopted data samples are randomly divided into training
set (70%) and testing set (30%) in the same proportion. The
experiments are done on the Windows 10 64-bit operating system
with the following hardware setup: CPU: Intel Core i5-10400, GPU:
NVIDIA GeForce GTX 1650,32GB RAM; software platform:
MathWorks MATLAB R2018b, python 3.6.

4.1 Comparison of PGLCM-SARF and
PGLCM-RF

In the parameter setting of PGLCM-SARF, epochs are 20, batch
size is 16, learning rate for the Adam optimizer in SAN is set to 0.001,
the dropout rate for regularization is set to 20%, and the depth and
quantity of decision trees in the RF are set to 20 and 200, respectively.
Table 5 displays the experimental result, our method has a higher
classification accuracy than the PGLCM-RF for both binary
classification and eight-class classification. An eight-class
classification accuracy of 93.72% forPGLCM-SARF and 93.% for
PGLCM-RF at a magnification of 100X. Our method has a binary
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TABLE 5 Comparison of accuracy (%) of PGLCM-SARF and PGLCM-RF.

Category Magnification
Irrelevant 100X

Eight-class Classification Proposed method 92.67 92.79 93.72 94.16 93.67
PGLCM-RF 92.63 92.63 93.02 93.96 93.18
Difference 0.04 0.16 0.70 0.20 0.49

Binary Classification Proposed method 97.11 97.56 97.69 97.76 97.54
PGLCM-RF 96.54 96.94 97.01 97.21 97.17
Difference 0.22 0.62 0.68 0.55 0.37

The bold values indicate the highest accuracy under the same conditions.

classification accuracy of 97.69%, which is 0.68% better than PGLCM-
RF’s. From the results, it can be seen that the introduction of SAN
facilitates the adaptive refinement and enhancement of the features
and provides a certain enhancement to the classification effect.

4.2 Comparison before and after PGLCM-
SARF optimization

We optimize the classification model using the GridSearchCV
approach, with parameters set between 190 and 230 for the number of
decision trees and 10 to 30 for their depth. Table 6 compares the
average accuracy of the proposed PGLCM-SARF model before and
after optimization, bold text denotes RF parameters that are
automatically selected (after optimization) using the GridSearchCV
approach, and (d, n) stands for the depth and the number of decision
trees. In the parameter setting before optimization, we set a fixed (d,
n) as (20,200) based on experience. It is clear from Table 6 that the
accuracy rates following optimization have been slightly increased
compared to the accuracy rates before to optimization. For instance,
in an eight-class classification, the accuracy before optimization
ranges from 92.67% to 94.16%, and after optimization, the accuracy
ranges from 92.96% to 94.77%, with an improvement of 0.25% to
1.1%. In binary classification, the accuracy before optimization ranges
from 97.11% to 97.76%, and after optimization, the accuracy ranges
from 97.16% to 97.98%, only 0.05% to 0.29% is different between
before and after optimization. The experimental results demonstrate
that using the GridSearchCV approach improves classification
accuracy. We discover that the higher the accuracy before
optimization (that is, the closer to 100%), the smaller the
improvement degree after optimization, considering the
characteristic of automatic parameter selection of GridSearchCV
technology, we think that it is still necessary to adopt this technology.

We also utilize the confusion matrix to display the specifics of the
classification, which helps to further illustrate the benefits of the
improved PGLCM-SARF in terms of recognition impact. The results
of each evaluation metrics and confusion matrix are shown in Table 7
for the optimal binary classification results. In the binary classification
experimental test data independent of the magnification, TP=3944,
FN=186, FP=52, TN=4191, so it can be counted Acc=97.16%,
Sen=95.50%, Spe=98.77%, PPR=98.70%, and NPR=95.75%. Take a
malignant tumor in the confusion matrix as an example: there are
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4130 images in the test set, the number of correctly classified images is
3944, the number of incorrectly classified as benign tumors is 186, and
the accuracy of malignant tumor recognition can be calculated as
95.50%. The experimental results show that the recognition accuracy
of benign tumor is higher than that of malignant tumor.

Table 8 shows the confusion matrix and the values of the
evaluation metrics for the optimal eight-class classification results.
In the eight-class classification experimental test data independent of
the magnification, taking PC in the confusion matrix as an example:
there are 975 images in the test set, the number of correctly classified
images is 973, the number of incorrectly classified as DC is 2; the
number of incorrectly classified images as other types of tumors is 0,
so it can be counted mathrmSen ,spc =99.79%, Speasspc =99.15%,
PPRasspc =93.92% and NPR y,spc =99.97%. Similarly, the results for
the remaining 7 categories as shown in Table 8, and the average Acc of
92.96% for the last eight-class classes. The results show that A and PT
had the highest recognition accuracy, and DC has the lowest, with DC
being incorrectly identified as LC the most, indicating that there is
some similarity between DC and LC tumor, and the number of DC
incorrectly recognized as other tumors is also higher compared with
other tumors, indicating that DC tumor have a certain complexity
that makes them difficult to identify.

4.3 Comparison with the state-of-the-art
methods

In this experiment, firstly, the classification performance of
PGLCM-IBL (incremental broad learning) (27) and PGLCM-SARF
on breast cancer histopathological images is compared, and secondly,
the classification performance of different classification algorithms on
breast cancer histopathological images is compared under specific
magnification conditions. For the selection of PGLCM-IBL
parameters, the number of feature nodes per window is set to 100,
the number of enhancement nodes was set to 800, and the number of
additional enhanced nodes is set to 10,000; in terms of PGLCM-SARF
parameter selection, they are set to the optimal parameters after
GridSearchCV optimization (see 4.2).

The experimental results are shown in Table 9. The classification
accuracy of our method is much higher than that of PGLCM-IBL for
both binary classification and eight-class classification, especially in
the case of magnification independent. As the results, the binary
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TABLE 6 Comparison of accuracy before and after GridSearchCV optimization of PGLCM-SARF model.

Category Magnification (d, n) Accuracy (%) Difference (%)
Eight-class Classification 40X (20,200) 92.79 1.09
(25,223) 93.88
100X (20,200) 93.72 0.25
(26,227) 93.97
200X (20,200) 94.16 0.41
(24,213) 94.57
400X (20,200) 93.67 1.1
(23,219) 94.77
Irrelevant (20,200) 92.67 0.29
(26,203) 92.96
Binary Classification 40X (20,200) 97.56 0.12
(22,218) 97.68
100X (20,200) 97.69 0.29
(21,213) 97.98
200X (20,200) 97.76 0.12
(27,226) 97.88
400X (20,200) 97.54 0.25
(26,197) 97.79
Irrelevant (20,200) 97.11 0.05
(26,222) 97.16

(d, n) represent the depth and number of decision tree, respectively.
The bold values represent optimized parameters and results.

TABLE 7 Confusion matrix of binary classification results and values of evaluation metrics.. Sen, sensitivity; Spe, specificity; PPR, positive prediction rate;
NPR, negative prediction rate.

Ground Truth Classification Result PPR (%) NPR (%)
Malignant Benign

Malignant 3944 186 95.50 98.77 98.70 95.75

Benign 52 4191

(d, n) = (26, 222).

TABLE 8 Confusion matrix of binary classification results and values of evaluation metrics. ((d, n) = (26, 222)). Sen, sensitivity; Spe, specificity; PPR,
positive prediction rate; NPR, negative prediction rate; A, Adenosis; F, Fibroadenoma; PT, Phyllodes Tumor; TA, Tubular Adenoma; DC, Ductal Carcinoma;
LC, Lobular Carcinoma; MC, Mucinous Carcinoma; PC, Papillary.

Ground Truth Classification Result Sen (%) Spe (%) PPR (%)
DC TA
PC 973 0 0 2 0 0 0 0 99.79 99.15 93.92 99.97
MC 4 1035 3 13 0 2 1 0 97.83 98.59 90.95 99.68
LC 0 0 1043 43 0 0 0 2 95.86 98.17 88.69 99.37
DC 53 92 121 580 49 39 67 49 55.24 99.03 89.09 9391
TA 0 0 0 3 1005 0 0 0 99.70 99.28 94.99 99.96
PT 0 0 0 0 0 1109 0 0 100.00 99.37 96.02 100.00
(Continued)
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TABLE 8 Continued

Ground Truth Classification Result

10.3389/fonc.2023.1043463

Sen (%) PPR (%) NPR (%)

Spe (%)

95.52 99.07 93.52 99.37

A 0 0 0 0

0 1058 100.00 99.29 95.32 100.00

(d, n) = (26, 203). Sen, sensitivity; Spe, specificity; Ppr, positive prediction rate; Npr, negartive prediction rate; A, adenosis; F, fibroadenoma; PT, phyllodes tumor; TA, tubular adenoma; DC, ductal

carcinoma; LC, lobular carcinoma; MC, mucinous carcinoma; PC, papillary carcinoma.

classification accuracy of our method reaches 97.16%, which is much
higher than that of PGLCM-IBL (86.73%); the eight-class
classification accuracy of our method is 92.96%, an improvement of
9.53% relative to PGLCM-IBL. The experimental results show that the
proposed method has higher classification accuracy for breast cancer
histopathological images.

The ROC curves and AUC values of PGLCM-SARF and PGLCM-
IBL classification results are given in Figures 8 and 9. As shown in
Figure 8, the AUC value of PGLCM-SAREF for binary classification of
breast cancer histopathological images is 0.9713, while that of PGLCM-
IBL is only 0.8672, indicating that the proposed model has better binary
classification performance. The micro mean AUC value of PGLCM-
SAREF for eight-class classification of breast cancer histopathological
images is 0.9588 as shown in Figure 9A, and the micro mean AUC
value of PGLCM-IBL is 0.9053 as shown in Figure 9B, indicating that
the proposed model has higher eight-class classification performance
compared to PGLCM-IBL. We found that in Figure 9A, our method
has the largest AUC value for PT type identification (0.9963) and the
smallest AUC value for DC type identification (0.7625), indicating that
DC tumor have a certain complexity that makes them difficult
to identify.

The comparison results of different models with existing state-of-
the-art algorithms under specific magnification conditions are shown
in Table 10. Among the eight-class classification experiments,
literature 286 (23) compared the classificationaccuracy of
GoogLeNet, ResNet50 and the Inception-ResNet-V2 proposed in
literature (23); literature (28) used CNN for classification of breast
cancer histopathological images; literature (29) compared the
classification accuracy of PFTAS + QDA, PFTAS + SVM, the
PFTAS + RF and Single-Task CNN models. From the experimental
results, it can be seen that the proposed PGLCM-SARF achieves

TABLE 9 Comparison of accuracy (%) of PGLCM-SARF and PGLCM-IBL.

92.96%-94.57% accuracy, which is the highest accuracy compared to
all the above models at all 4 magnifications. In the binary
classification experiments, literature (30) used a CNN model for
classification of breast cancer histopathological images; literature
(31) extracted DeCAF features of breast cancer histopathological
images for classification; and literature (5) proposed a Single Task
CNN model based on magnification independence. From the
experimental results, it can be seen that our method achieves an
accuracy of 97.16%-97.98%, which is the highest accuracy compared
to all the above methods at all 4 magnifications. It is not difficult to
find that magnification has a significant impact on the experimental
results, due to the fact that the higher the magnification of the medical
image, the larger the cellular tissue and the more difficult it is to
distinguish the internal environment, leading to poorer results.

5 Discussion

The experimental results demonstrate that the addition of SAN to
RF is advantageous to the adaptive enhancement and refinement of
features, which is reflected in the continued improvement of
classification accuracy; concurrently, the addition of the
GridSearchCV technique to PGLCM-SARF not only avoids the
restriction of artificially selected parameters but also contributes to
the enhancement of the classification effect. Additionally, from the
verification results on BreaKHis dataset demonstrate that our
proposed method has superior classification accuracy in
comparison to other state-of-the-art algorithms. Despite the clear
benefits of the suggested approach, there are still some issues, such as
the hardware restriction that the search range of the GridSearchCV
only be restricted to the depth of decision trees is 10 to 30 and the

Category Magnification
Irrelevant 100X
Eight-class Classification Proposed method 92.96 93.88 93.97 94.57 94.77
PGLCM-IBL 83.43 89.49 85.52 85.85 88.54
Difference 9.53 4.39 8.45 8.72 6.23
Binary Classification Proposed method 97.16 97.68 97.98 97.88 97.79
PGLCM-IBL 86.73 91.45 90.17 90.90 90.73
Difference 10.43 6.23 7.81 6.98 7.06
The bold values indicate the highest accuracy under the same conditions.
Frontiers in Oncology 10 frontiersin.org
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Binary Classification ROC Curve
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FIGURE 8
ROC curves of PGLCM-SARF and PGLCM-IBL for binary classification
results

number of decision trees is 190 to 230, and the effect of other decision
tree parameters on the classification accuracy has not been
further studied.

For the sake of verify the universality of the proposed model, we
also conduct experiments on MIAS dataset. Table 11 displays the
results of three-class classification on MIAS dataset, where both
malignant and benign tumors are accurately identified. Normal
pictures are properly recognized in 461 cases, misclassified as
malignant in 9 cases, and misclassified as benign in 8 cases. The
experimental results demonstrate that our method has more
substantial benefits in distinguishing mammographic images from
breast cancer histopathological images and has similarly universally
applicable on MIAS dataset. To further demonstrate the superiority
of the proposed model, comparison results with existing algorithms
on MIAS dataset are given in Table 12. The literature (32)
compared the classification results achieved by using different
classifiers and preprocessing method of dataset splitting; the
literature (33) proposed a fuzzy multilayer classifier (FMSVM)
model; the literature (34) proposed a CNN-based computer

10.3389/fonc.2023.1043463

detection system, which contains 8 convolutional layers, 4
maximum pooling layers and 2 fully connected layers; literature
(35) built a hybrid model based on pulse-coupled neural network
(PCNN) and CNN; literature (36) proposed a RANSAC model
based on image processing for pectoral muscle detection method
and used U-Net architecture to train the model; literature (37)
proposed Morph-SPCNN model to solve the limitations of over-
segmentation of mammographic images by employing SVM
incorporating Gaussian, linear and polynomial kernels as
classifiers; literature (38) proposed a texture based associative
classifier (TBAC) for automatic breast cancer classification
system; literature (39) used halarick’s texture feature extraction
algorithm to obtain GLCM from mammographic images, and
proposed a three-class classification of mammographic images
based on the watershed algorithm combined with the K-NN
classifier. By observing the experimental results in Table 12, it is
easy to find that the recognition results of the proposed algorithm
(98.79%) is better than the existing algorithms mentioned above.
Compared with the poor interpretability of deep learning, the
proposed model in this paper has significant advantages. For
example, we can draw a scatter plot of our feature density with
the help of the model interpreter SHAP, as shown in Figure 10.
SHAP is a game theory-based approach to interpreting machine
learning models, as proposed by lundberg and lee (40). The core
idea of SHAP is to calculate the marginal contribution of features to
the model output, and then interpret the “black box model” at both
global and local levels. During model training or testing, a
corresponding prediction value is generated for each sample, and
the SHAP value is the corresponding value attributed to each feature
in the sample (41). In the figure, the horizontal axis represent the
SHAP values (the distribution of feature effects on the model
output) and the vertical axis represent the feature ranking
corresponding to the sum of the 400 sample SHAP values. Each
point represents a sample, with thesample size stacked vertically,
and the colors denoting the feature values (red corresponding to
high values and blue corresponding to low values). For instance, the
first row of Figure 10A shows that high “i=1, 0°std” (meaning the
standard deviation values of the contrast, correlation, energy and
homogeneity features at a distance of 1 and in the 0° direction) (red)
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TABLE 10 Comparison of classification accuracy (%) of different classification algorithms for BreaKHis dataset.

Category

Magnification

Eight-class Classification

Binary Classification

100X

GoogLeNet (23) 68.7 65.9 69.1 62.8
ResNet50 (23) 82.5 78.8 84.3 81

Inception-ResNet-V2 (23) 86.7 80.3 83.5 68.5
CNN (28) 88.2 84.6 83.3 84

CNN (28) 82.70 82.15 83.37 82.40
PFTAS + SVM (29) 81.65 79.70 85.30 82.30
PFTAS + RF (29) 81.70 82.60 84.40 81.20
Single-Task CNN (29) 83.08 84.15 85.67 83.10
Proposed method 93.88 93.97 94.57 94.77
CNN (30) 89.6 85 84 80.8
DeCAF features using CNN (31) 84.6 84.8 84.2 81.6
Single Task CNN (5) 83 83.1 84.6 82.1
Proposed method 97.68 97.98 97.88 97.79

The bold values indicate the highest accuracy under the same conditions.

TABLE 11 Confusion matrix of three-class classification results and values of evaluation metrics. Sen, sensitivity; Spe, specificity; PPR, positive prediction
rate; NPR, negative prediction rate.

Ground Truth Classification Result Sen (%) Spe (%) PPR (%) NPR (%)
Malignant Benign Normal
Malignant 490 0 0 100.00 99.02 98.20 100.00
Benign 0 444 0 100.00 99.17 98.23 100.00
Normal 9 8 461 96.44 100.00 100.00 98.21
((d, n) = (20, 204)).
TABLE 12 Comparison of the classification accuracy of different has a negative effect on the prediction, while low “i=1, 0°std” (blue)
classification algorithms for MIAS dataset. has a positive effect on the prediction. Therefore, through the
information in the figure, we can analyze the influence of different
0
Model b types of features on the proposed model, and provide theoretical
VGG19+SVM(27) 95.92 basis for further optimization of the model in the future.
ResNet50+SVM (27) 96.87 :
6 Conclusion
Inception-V2&ResNet+SVM (27) 94.76
Inception V3+SVM (27) 98.45 In this paper, a breast cancer image recognition method based on
PGLCM-SARF was proposed and its performance was evaluated on
EMSVM (14) 98.50 .
two datasets (BreaKHis and MIAS). Our overall framework was
CNN (12) 92.54 composed of feature extraction and classification. In the feature
PCNN-CNN (1) 98.77 extraction stage, the multi-scale fusion features of images were
extracted using PGLCM, and feature representation capability by
RANSAC (17) 92.20 ) . ) . . o
introducing Gaussian pyramid technique. In the classification stage,
Morph-SPCNN (26) 87.80 the proposed SARF model achieved adaptive refinement and
TBAC (3) 94.66 enhancement of features to achieve higher classification accuracy by
introducing SAN. In the meantime, the GridSearchCV technique was
Watershed+K-NN (22) 85.00 L K K . . .
used to optimize the classification ability of SARF, which effectively
Proposed method 98.79 avoided the limitation of artificial parameter selection. Experiments
The bold values indicate the highest accuracy. showed that, compared to other state-of-the-art algorithms, the
Frontiers in Oncology 12 frontiersin.org
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FIGURE 10
Distribution of the influence of different features on PGLCM-SARF model.0 (A) The influence of features on binary classification results; (B) The influence
of features on eight-class classification results.

performance of our method had been significantly improved on
histopathological image dataset (BreakHis). In addition, our
method was also applicable to mammographic image dataset
(MIAS), which reflected the universality of the model. Furthermore,
using the model interpretable SHAP, we analyzed the degree of
influence of each scale feature in the sample on the prediction
results of SARF, which played an active role in the subsequent
model optimization.

Data availability statement

The original contributions presented in the study are included in
the article/supplementary material. Further inquiries can be directed
to the corresponding author.

Author contributions

Conceptualization and Formal analysis—]L, JS, Data curation—
JS, JC. Writing-Original Draft-JC, JS, LH, Writing—Edit and Review-
JL, ZD. All authors contributed to the article and approved the
submitted version.

References

1. Yap MH, Goyal M, Osman F, Marti R, Denton E, Juette A, et al. Breast ultrasound
region of interest detection and lesion localisation. Artif Intell Med (2020) 107:101880.
doi: 10.1016/j.artmed.2020.101880

2. Supreetha AYC, Ashwini M. A review: Breast cancer, a global threat to women.
(2021). Available at: https://www.semanticscholar.org/paper/A-Review%3A-Breast-
Cancer%2C-a-Global-Threat-to-Women/117da7b2e7016c17157eebdb0c8b1a5f588909¢9

Frontiers in Oncology

10.3389/fonc.2023.1043463

Funding

This work was supported by the Science and Technology Project
of Basic and Theoretical Scientific Research in Jiangmen City under
Grant 2021030102120004848,and by the Science and Technology
Project of Basic and Theoretical Scientific Research in Jiangmen
City under Grant 2022JC01023.

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could be
construed as a potential conflict of interest.

Publisher’s note

All claims expressed in this article are solely those of the authors and
do not necessarily represent those of their affiliated organizations, or
those of the publisher, the editors and the reviewers. Any product that
may be evaluated in this article, or claim that may be made by its
manufacturer, is not guaranteed or endorsed by the publisher.

3. Feng C, Zhu Z, Cui Z, Ushakov V, Dreher J-C, Luo W, et al. Prediction of trust
propensity from intrinsic brain morphology and functional connectome. Hum Brain
Mapp (2021) 42:175-91. doi: 10.1002/hbm.25215

4. Spanhol FA, Oliveira LS, Petitjean C, Heutte L. A dataset for breast cancer
histopathological image classification. IEEE Trans Biomed Eng (2015) 63:1455-62. doi:
10.1109/TBME.2015.2496264

frontiersin.org


https://doi.org/10.1016/j.artmed.2020.101880
https://www.semanticscholar.org/paper/A-Review%3A-Breast-Cancer%2C-a-Global-Threat-to-Women/117da7b2e7016c17157eebdb0c8b1a5f588909c9
https://www.semanticscholar.org/paper/A-Review%3A-Breast-Cancer%2C-a-Global-Threat-to-Women/117da7b2e7016c17157eebdb0c8b1a5f588909c9
https://doi.org/10.1002/hbm.25215
https://doi.org/10.1109/TBME.2015.2496264
https://doi.org/10.3389/fonc.2023.1043463
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org

Li et al.

5. Bayramoglu N, Kannala J, Heikkild J. (2016). Deep learning for magnification independent
breast cancer histopathology image classification, in: 2016 23rd International conference on
pattern recognition (ICPR) (IEEE), . pp. 2440-5. doi: 10.1109/ICPR.2016.7900002

6. Singh S, Kumar R. (2020). Histopathological image analysis for breast cancer
detection using cubic svm, in: 2020 7th international conference on signal processing
and integrated networks (SPIN) (IEEE), . pp. 498-503. doi: 10.1109/
SPIN48934.2020.9071218

7. Gupta V, Bhavsar A. Breast cancer histopathological image classification: is
magnification important? in. 2017 IEEE Conference on Computer Vision and Pattern
Recognition Workshops (2017) (Honolulu, HI, USA: CVPRW) 769-76 doi: 10.1109/
CVPRW.2017.107

8. YuC, Chen H, Li Y, Peng Y, LiJ, Yang F. Breast cancer classification in pathological
images based on hybrid features. Multimedia Tools Appl (2019) 78:21325-45. doi:
10.1007/s11042-019-7468-9

9. Mishra V, Singh Y, Rath SK. (2019). Breast cancer detection from thermograms using
feature extraction and machine learning techniques, in: 2019 IEEE 5th International Conference
for Convergence in Technology (I2CT) (IEEE), . pp. 1-5. doi: 10.1109/12CT45611.2019.9033713

10. Khan MBS, Nawaz MS, Ahmed R, Khan MA, Mosavi A, Rahman A. Intelligent
breast cancer diagnostic system empowered by deep extreme gradient descent
optimization. Math Biosci Eng (2022) 19:7978-8002. doi: 10.3934/mbe.2022373

11. ZhangX, He D, Zheng Y, Huo H, Li S, Chai R, et al. Deep learning based analysis of
breast cancer using advanced ensemble classifier and linear discriminant analysis. IEEE
Access (2020) 8:120208-17. doi: 10.1109/ACCESS.2020.3005228

12. Siddiqui SY, Haider A, Ghazal TM, Khan MA, Naseer I, Abbas S, et al. Iomt cloud-
based intelligent prediction of breast cancer stages empowered with deep learning. IEEE
Access (2021) 9:146478-91. doi: 10.1109/ACCESS.2021.3123472

13. Zheng J, Lin D, Gao Z, Wang S, He M, Fan J. Deep learning assisted efficient
adaboost algorithm for breast cancer detection and early diagnosis. IEEE Access (2020)
8:96946-54. doi: 10.1109/ACCESS.2020.2993536

14. Dewangan KK, Dewangan DK, Sahu SP, Janghel R. Breast cancer diagnosis in an
early stage using novel deep learning with hybrid optimization technique. Multimedia
Tools Appl (2022) 81:13935-60. doi: 10.1007/s11042-022-12385-2

15. Kassani SH, Kassani PH, Wesolowski MJ, Schneider KA, Deters R. Classification of
histopathological biopsy images using ensemble of deep learning networks. arXiv preprint
arXiv (2019) 1909:11870. doi: 10.5555/3370272.3370282

16. Mnih V, Heess N, Graves A, Kavukcuoglu K. Recurrent models of visual attention.
Adv Neural Inf Process Syst (2014) 27:2204-12. doi: 10.48550/arXiv.1406.6247

17. Chen H, Gao M, Zhang Y, Liang W, Zou X. Attention-based multi-nmf deep
neural network with multimodality data for breast cancer prognosis model. BioMed Res
Int (2019) 2019: 1-11. doi: 10.1155/2019/9523719

18. Zou Y, Zhang J, Huang S, Liu B. Breast cancer histopathological image
classification using attention high-order deep network. Int J Imaging Syst Technol
(2022) 32:266-79. doi: 10.1002/ima.22628

19. Yao H, Zhang X, Zhou X, Liu S. Parallel structure deep neural network using cnn
and rnn with an attention mechanism for breast cancer histology image classification.
Cancers (2019) 11:1901. doi: 10.3390/cancers11121901

20. Liang Y, Yang J, Quan X, Zhang H. (2019). Metastatic breast cancer recognition in
histopathology images using convolutional neural network with attention mechanism, in:
2019 Chinese Automation Congress (CAC) (IEEE), . pp. 2922-6. doi: 10.1109/
CAC48633.2019.8997460

21. Yurong H, Lan D, Jiuzhen L. Fusion of gaussian image pyramid feature for low-
resolution face recognition. J Chin Comput Syst (2021) 42:2107-15.

22. ékrlj B, Dzeroski S, Lavrac N, Petkovi¢ M. Feature importance estimation with self-
attention networks. arXiv preprint arXiv (2020) 2002:04464.

23. Liu J, Huang L. Pathologic image recognition of breast cancer based on inception-
resnet-v2. software guide, Vol. 19. (2020) 19(05):225-9. doi: 10.3233/FAIA200256

Frontiers in Oncology

14

10.3389/fonc.2023.1043463

24. Li]J, ShiJ, Su H, Gao L. Breast cancer histopathological image recognition based on
pyramid gray level co-occurrence matrix and incremental broad learning. Electronics
(2022) 11:2322. doi: 10.3390/electronics11152322

25. Breiman L. Random forests. Mach Learn (2001) 45:5-32. doi: 10.1023/
A:1010933404324

26. Zhang C, Wen H, Liao M, Lin Y, Wu Y, Zhang H. Study on machine learning
models for building resilience evaluation in mountainous area: A case study of banan
district, chongqing, china. Sensors (2022) 22:1163. doi: 10.3390/522031163

27. Chen CP, Liu Z. (2017). Broad learning system: An effective and efficient
incremental learning system without the need for deep architecture, in: IEEE
transactions on neural networks and learning systems 29:10-24. doi: 10.1109/
TNNLS.2017.2716952

28. Bardou D, Zhang K, Ahmad SM. Classification of breast cancer based on histology
images using convolutional neural networks. IEEE Access (2018) 6:24680-93. doi:
10.1109/ACCESS.2018.2831280

29. Ling Y, Sun Z. Recognition algorithm of breast pathological image based on
convolutional neural network. J Jiangsu Univ (Natural Sci Edition) (2019) 40:573-8.
doi: 10.3969/.issn.1671-7775.2019.05.012

30. Spanhol FA, Oliveira LS, Petitjean C, Heutte L. (2016). Breast cancer
histopathological image classification using convolutional neural networks, in: 2016
international joint conference on neural networks (IJCNN) (IEEE), . pp. 2560-7.
doi: 10.1109/IJCNN.2016.7727519

31. Spanhol FA, Oliveira LS, Cavalin PR, Petitjean C, Heutte L. (2017). Deep features
for breast cancer histopathological image classification, in: 2017 IEEE International
Conference on Systems, Man, and Cybernetics (SMC) (IEEE), . pp. 1868-73.
doi: 10.1109/SMC.2017.8122889

32. Saber A, Sakr M, Abo-Seida OM, Keshk A, Chen H. A novel deep-learning model
for automatic detection and classification of breast cancer using the transfer-learning
technique. IEEE Access (2021) 9:71194-209. doi: 10.1109/ACCESS.2021.3079204

33. Hariraj V, Khairunizam W, Vikneswaran V, Ibrahim Z, Shahriman A, Zuradzman
M, et al. Fuzzy multi-layer svin classification of breast cancer mammogram images. Int J
Mech Engg Tech (2018) 9:1281-99.

34. Gnanasekaran VS, Joypaul S, Meenakshi Sundaram P, Chairman DD. Deep
learning algorithm for breast masses classification in mammograms. IET Image Process
(2020) 14:2860-8. doi: 10.1049/iet-ipr.2020.0070

35. Altaf MM. A hybrid deep learning model for breast cancer diagnosis based on
transfer learning and pulse-coupled neural networks. Math Biosci Eng (2021) 18:5029-46.
doi: 10.3934/mbe.2021256

36. Kim Y], Yoo EY, Kim KG. Deep learning based pectoral muscle segmentation on
mammographic image analysis society (mias) mammograms. Precis Future Med (2021)
5:77-82. doi: 10.23838/pfm.2020.00170

37. Qi Y, Yang Z, Lei ], Lian ], Liu J, Feng W, et al. Morph_spcnn model and its
application in breast density segmentation. Multimedia Tools Appl (2021) 80:2821-45.
doi: 10.1007/s11042-020-09796-4

38. Deshpande DS, Rajurkar AM, Manthalkar RR. Texture based associative classifier—
an application of data mining for mammogram classification. In: Computational
intelligence in data mining-volume 1. Springer (2015). p. 387-400. doi: 10.1007/978-81-
322-2205-7_37

39. Mata BBU, Meenakshi M. Mammogram image segmentation by watershed
algorithm and classification through k-nn classifier. Bonfring Int ] Adv Image Process
(2018) 8:1-7. doi: 10.9756/BIJAIP.8352

40. Lundberg SM, Lee S-1. A unified approach to interpreting model predictions. Adv
Neural Inf Process Syst (2017) 30:4768-77. doi: 10.48550/arXiv.1705.07874

41. Zhou X, Wen H, Li Z, Zhang H, Zhang W. An interpretable model for the
susceptibility of rainfall-induced shallow landslides based on shap and xgboost. Geocarto
Int, Taylor & Francis (2022), 1-32. doi: 10.1080/10106049.2022.2076928

frontiersin.org


https://doi.org/10.1109/ICPR.2016.7900002
https://doi.org/10.1109/SPIN48934.2020.9071218
https://doi.org/10.1109/SPIN48934.2020.9071218
https://doi.org/10.1109/CVPRW.2017.107
https://doi.org/10.1109/CVPRW.2017.107
https://doi.org/10.1007/s11042-019-7468-9
https://doi.org/10.1109/I2CT45611.2019.9033713
https://doi.org/10.3934/mbe.2022373
https://doi.org/10.1109/ACCESS.2020.3005228
https://doi.org/10.1109/ACCESS.2021.3123472
https://doi.org/10.1109/ACCESS.2020.2993536
https://doi.org/10.1007/s11042-022-12385-2
https://doi.org/10.5555/3370272.3370282
https://doi.org/10.48550/arXiv.1406.6247
https://doi.org/10.1155/2019/9523719
https://doi.org/10.1002/ima.22628
https://doi.org/10.3390/cancers11121901
https://doi.org/10.1109/CAC48633.2019.8997460
https://doi.org/10.1109/CAC48633.2019.8997460
https://doi.org/10.3233/FAIA200256
https://doi.org/10.3390/electronics11152322
https://doi.org/10.1023/A:1010933404324
https://doi.org/10.1023/A:1010933404324
https://doi.org/10.3390/s22031163
https://doi.org/10.1109/TNNLS.2017.2716952
https://doi.org/10.1109/TNNLS.2017.2716952
https://doi.org/10.1109/ACCESS.2018.2831280
https://doi.org/10.3969/j.issn.1671-7775.2019.05.012
https://doi.org/10.1109/IJCNN.2016.7727519
https://doi.org/10.1109/SMC.2017.8122889
https://doi.org/10.1109/ACCESS.2021.3079204
https://doi.org/10.1049/iet-ipr.2020.0070
https://doi.org/10.3934/mbe.2021256
https://doi.org/10.23838/pfm.2020.00170
https://doi.org/10.1007/s11042-020-09796-4
https://doi.org/10.1007/978-81-322-2205-7_37
https://doi.org/10.1007/978-81-322-2205-7_37
https://doi.org/10.9756/BIJAIP.8352
https://doi.org/10.48550/arXiv.1705.07874
https://doi.org/10.1080/10106049.2022.2076928
https://doi.org/10.3389/fonc.2023.1043463
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org

	Self-attention random forest for breast cancer image classification
	1 Introduction
	2 Datasets and evaluation metrics
	2.1 Datasets
	2.1.1 BreaKHis
	2.1.2 MIAS

	2.2 Evaluation metrics

	3 Methods
	3.1 Data augmentation
	3.2 PGLCM-SARF
	3.2.1 PGLCM
	3.2.2 SARF classifier

	3.3 Optimization

	4 Experiments and results
	4.1 Comparison of PGLCM-SARF and PGLCM-RF
	4.2 Comparison before and after PGLCM-SARF optimization
	4.3 Comparison with the state-of-the-art methods

	5 Discussion
	6 Conclusion
	Data availability statement
	Author contributions
	Funding
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /PageByPage
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages false
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 1
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /ENU (T&F settings for black and white printer PDFs 20081208)
  >>
  /ExportLayers /ExportVisibleLayers
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /BleedOffset [
        0
        0
        0
        0
      ]
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /ClipComplexRegions true
        /ConvertStrokesToOutlines false
        /ConvertTextToOutlines false
        /GradientResolution 300
        /LineArtTextResolution 1200
        /PresetName ([High Resolution])
        /PresetSelector /HighResolution
        /RasterVectorBalance 1
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks true
      /IncludeHyperlinks true
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MarksOffset 6
      /MarksWeight 0.250000
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


