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Triple negative breast cancer develops rapidly with high mortality and limited treatment. Therefore, it is
important to detect and diagnose breast cancer in a timely manner. However, breast tumors in ultrasound
images are characterized by irregular shapes, large-scale changes, and blurry boundaries, which bring great
challenges to the segmentation and classification of breast ultrasound images. In this paper, we propose an
approach for ultrasound image segmentation and classification of Triple Negative Breast Cancer (TNBC)
and Non-Triple Negative Breast Cancer (NTNBC) based on deep learning and radiomics. Regarding the
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deep learning framework, we propose a benign and malignant segmentation model based on the U-Net mod-
el for Channel and Spatial Efficient U-Net (CSE-U-Net) breast ultrasounds. First, during the skip connec-
tion stage, to obtain more spatial and contextual semantic information, we implemented a channel attention
module (CM) and spatial awareness module (SM). Then, Efficient Channel Attention (ECA) is added to the
feature extraction part of the U-Net backbone network to ensure model robustness. Regarding the radiom-
ics, we extract features using histogram, texture, and filter features, and compare them using six machine
learning classification algorithms. Experimental results indicate that CSE-U-Net is more effective and ac-
curate in many evaluation indexes; among the six Machine Learning (ML) algorithms evaluated, the extreme
gradient boosting algorithm was able to classify breast cancer more accurately into TNBC and NTNBC than
the other five algorithms evaluated. The prediction results show that the CSE-U-Net and ML algorithms are
efficient and can be used for the segmentation and classification of breast cancer into TNBC and NTNBC.

KEYWORDS: Breast ultrasound imaging; Deep learning; Radiomics; Machine learning

1. Introduction

1.1. Background and Significance

According to GLOBOCAN, the global cancer data for
2020 show that there are more than 226,000 ongo-
ing breast cancer cases in women, ranking first in the
world [31]. The high incidence age of breast cancer
is between 45 and 54 [6]. However, the main cause
of breast cancer remains unclear. Malignant tumors
can be classified into TNBC and NTNBC based on
their receptors. When the progesterone receptor
(PR), human epidermal growth factor receptor 2
(HER-2), and estrogen receptor (ER) are all nega-
tive, the tumors are classified as TNBC; otherwise,
they are classified as NTNBC [3]. Patients with
TNBC exhibit low survival rates, poor prognoses,
and rapid disease development. However, studies
have confirmed that early detection and aggressive
treatment can greatly improve patient survival and
prognosis [4]. Histopathological detection is a trau-
matic operation; however, it is the gold standard for
the diagnosis of breast cancer.

The probability of benign tumors being detected his-
topathological is approximately 70%, which caus-
es physical and psychological trauma to patients
with benign breast tumors. There are many ways
to screen for breast cancer, among which breast ul-
trasound is non-invasive, real-time visualization,
cheap, etc. It is regarded as one of the most effec-
tive routine breast screening methods [33]. Breast
tumors in ultrasound images are of different sizes,
have unclear boundaries, and are easily confused
with other normal breast tissues [12]. Radiologists

are often subjective in their diagnosis, and it is diffi-
cult to achieve an accurate diagnosis. Therefore, we
first used an image segmentation algorithm to auto-
matically distinguish between benign and malignant
tumors and segment the tumor area and location.
Then, we used radiomics approaches to extract fea-
tures of TNBC and NTNBC from malignant tumors
and machine learning algorithms for classification.
The most meaningful thing is that we can predict the
results of biopsy and immunohistochemistry in ad-
vance using only ultrasound images.

The rest of this section describes deep learning im-
age segmentation technology and radiomics texture
feature extraction and classification technology.

1.2. Related Research

With the widespread application of computer tech-
nology in breast ultrasound imaging, scholars have
proposed various medical image segmentation al-
gorithms. In the machine learning field, we are
faced with challenges such as complex breast tissue
structures, low contrast, speckle noise, and poor
ultrasound imaging quality. Abdullah et al. [21] in-
vestigated the classification of breast tumors using
handcrafted texture, shape, and intensity features
extracted from ultrasound images, employing both
Support Vector Machines (SVM) and Artificial Neu-
ral Networks (ANN). Their results demonstrated
high specificity and balanced diagnostic accuracy,
particularly in differentiating between benign and
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malignantlesions. However, the dependence on man-
ually engineered features may reduce generalizabili-
ty across different imaging environments. To address
this, Guizani et al. [13] proposed a hybrid CNN-SVM
framework in which deep features were automati-
cally extracted using convolutional neural networks
(CNNs), such as MobileNetV2 and InceptionV3, and
subsequently classified using SVMs. This two-stage
pipeline leveraged both deep learning’s representa-
tion power and traditional classifiers’ robustness,
achieving improved classification accuracy in breast
cancer detection. Additionally, Ru et al. [26] intro-
duced a hybrid spatial-geometric learning approach
that combined CNNs with graph-based models to
capture spatial relationships and geometric patterns
in multi-center ultrasound datasets. Their approach
outperformed traditional classification schemes,
demonstrating excellent generalization and reliabil-
ity for breast tumor differentiation.Despite these ad-
vances, conventional machine learning methods still
require substantial manual intervention for feature
engineering and parameter tuning, limiting their
adaptability and scalability. Furthermore, their per-
formance is often hindered by limited data availabili-
ty and poor generalization across imaging conditions
and clinical settings.

Currently, the primary deep learning algorithms
for breast ultrasound image segmentation include
U-Net [25], FCN [29], CSST-Net [44] and GAN-
based methods [14]. Authors in [43] propose at-
tention mechanisms to assist the network in con-
centrating on important regions. Among these, the
U-Net architecture effectively combines low-lev-
el (shallow) and high-level (deep) image features,
achieving accurate segmentation even with limited
training data, which makes it particularly suitable
for medical imaging tasks. To tackle the challenge
of segmenting complex tumor boundaries in breast
ultrasound images, Wan et al. [34] proposed a du-
al-path D-TransUNet model that integrates convo-
lutional neural networks (CNNSs) and transformers.
The CNN path captures local texture details, while
the transformer path models global dependencies,
resulting in enhanced edge sensitivity and more
precise delineation of irregular tumor contours, es-
pecially under low-contrast conditions. Anand et al.
[2] reformulated breast ultrasound segmentation
as a mask classification problem using the Mask-
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Former architecture. Leveraging cross-spatial at-
tention mechanisms, their model effectively aggre-
gates contextual information, producing coherent
and accurate segmentations across diverse tumor
types. This approach achieved state-of-the-art re-
sults on several public datasets. Rao et al. [23] devel-
oped an ensemble transfer learning framework for
breast ultrasound diagnosis by stacking pretrained
CNN feature extractors—including InceptionV3
and VGG-16/19—and combining classifiers such as
Multi-Layer Perceptron (MLP) and Support Vec-
tor Machines (SVM). Their method demonstrated
improved robustness compared to standard CNNs,
achieving an AUC 0f 0.947 and an accuracy of 0.858.

Although many scholars have proposed different
segmentation methods for breast tumor ultrasound
images, there remain unresolved problems. First,
there is an overlap in the benign and malignant
manifestations of breast ultrasound images, which
is prone to misjudgment, and using only the infor-
mation acquired from breast images to judge be-
nign and malignant is too biased. Second, most re-
searchers only classify benign and malignant breast
cancers and have not studied the crucial TNBC and
NTNBC classifications. Therefore, we introduced a
radiomics method to evaluate TNBC and NTNBC in
malignant tumors based on segmentation results.

Radiomics, since its introduction by Lambin et al.
[18], has been widely applied in breast cancer di-
agnosis and prognosis evaluation. Recent advanc-
es integrating ultrasound radiomics and machine
learning have demonstrated significant progress in
classifying and predicting outcomes for triple-neg-
ative breast cancer (TNBC). Wenwen et al. [36] con-
ducted a multicenter study developing a machine
learning model that combined ultrasound radiomic
features with clinicopathological data to predict
disease-free survival (DFS) in patients with non-
metastatic TNBC. Their model demonstrated strong
prognostic performance, achieving AUCs of 0.84 in
the training cohort and 0.90 in the external valida-
tion cohort. Li and Duan [19] retrospectively ana-
lyzed data from 127 breast tumor patients and eval-
uated four machine learning algorithms—logistic
regression, support vector machine, decision tree,
and random forest—to build predictive models for
TNBC. The integrated model achieved AUCs of 0.92
and 0.76 in the training and test sets, respectively,
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outperforming models based on single feature types.
In arelated study, Cai et al. [8] explored the use of ul-
trasound radiomics to identify TNBC in a retrospec-
tive single-center cohort. Their findings confirmed
that radiomic features derived from B-mode ultra-
sound images could effectively distinguish TNBC
from non-TNBC subtypes, highlighting the import-
ant diagnostic value of texture-based radiomic fea-
tures. Collectively, these studies underscore the
growing utility of radiomics combined with machine
learning in improving the diagnosis, risk stratifica-
tion, and treatment planning of TNBC.

Considering the ultrasound images for breast tu-
mors with different sizes, low contrast, unclear de-
marcation between tumor and normal tissue, etc.
we propose a Channel and Spatial Efficient U-Net
(CSE-U-Net) breast ultrasound image segmenta-
tion model based on deep learning. First, CM and
SM were introduced in the jump connection phase
of the U-Net model to extract the breast ultrasound
image edge information. Then, to improve the mod-
el performance without increasing its complexity,
we added the ECA (Efficient Channel Attention)
spatial attention mechanism to the main feature ex-
traction network to distinguish between benign and
malignant breast ultrasound images. To perform a
qualitative analysis of malignant TNBC and NTN-
BC tumors after breast ultrasound segmentation,
we used radiomics techniques, such as histogram
features, texture features, and filter features, to ex-
tract image features from multiple angles, and built
models using multiple machine learning algorithms.
The experimental results show that the proposed
breast ultrasound segmentation model has a better
segmentation result than that of the original model.
Furthermore, the random forest and XGB algorithms
perform the best in extracting TNBC and NTNBC
tumor features.

The remainder of this paper is organized as follows.
Section 2 introduces the image segmentation meth-
ods for breast ultrasound image tumors and feature
extraction methods for TNBC and NTNBC images
based on radiomics. Section 3 introduces the ex-
perimental validation and analysis of the methods
proposed in Section 2 using breast ultrasound image
datasets and public datasets of the tumor hospital
affiliated with Xinjiang Medical University. Finally,
Section 4 summarizes the entire study.
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2. Image Segmentation and
Radiomics

2.1.Image Segmentation

Malignant and benign tumors in breast ultrasound
images usually have different features. Benign tu-
mors are smooth with clear or sharp edges, oval, and
large lobulated. Malignant tumors are not smooth,
have blurry edges, and are small, lobulated, and spic-
ulated. The boundary features of tumors can not
only help improve the accuracy of imaging, helping
doctors in differentiating benign and malignant tu-
mors, but also are crucial in the segmentation and
classification of breast ultrasound images. Current-
ly, with the development of artificial intelligence
technology, deep learning technology is increasing-
ly being used in medical imagery. Many scholars
have proposed various medical image-segmentation
technologies [10]. The U-Net algorithm is currently
one of the most widely used algorithms for medical
image segmentation. First, the algorithm uses an en-
coder backbone feature network to extract features
from the image to obtain five effective feature layers.
Second, it uses a decoder to enhance the features
and fuse the effective feature layers to obtain a fea-
ture layer that integrates all obtained features. Then,
it uses the last feature layer to predict each pixel. In-
spired by the literature, we used the U-Net model as
the benchmark model for breast ultrasound images.
After semantic segmentation of breast ultrasound
images, it is necessary to classify the feature maps.
Acquiring breast tumor features can pave the way
for accurate tumor diagnosis.

2.1.1. Network Architecture

To better segment the shape and edge of breast ultra-
sound images, we propose the so-called CSE-U-Net
model, CSE represents CM, SM and ECA modules
respectively. CSE represents CM, SM and ECA mod-
ules where principles of CM and SM are explained in
section 2.1.2 and principles of ECA are explained in
section 2.1.3. The CSE-U-Net structure of which is
shown in Figure 1.

The CSE-U-Net model is divided into image data
preprocessing, image deep learning, and image pre-
diction stages. (1) Image data preprocessing stage
aims to reduce model overfitting, weaken data noise,
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Figure 1
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CSE-U-Net network architecture. Sections 2.1.2 and 2.1.3 describe the CM, SM, and ECA attention.
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and enhance the generalization of the model. First,
the model performs random horizontal flipping,
skewing, and Gaussian blurring operations on the
input image in this stage to increase the number of
data samples. Second, normalization and regular-
ization are applied. Finally, the image is uniformly
cropped to 512 pixels x 512 pixels. (2) The learning
stage mainly comprises an encoder, decoder, ECA,
CM, and SM. For better end-to-end semantic seg-
mentation, the encoder and decoder structures refer
tothe overall structure of U-Net symmetry. In the en-
coder stage, also known as the down-sampling stage,
the main purpose is to extract the tumor features in
breast ultrasound images. This stage is divided into
five layers, mainly composed of several 3 x 3 convo-
lution blocks (3 x 3 convolution layer, batch normal,
and ReLU activation function), a 2 x 2 average pool-
ing layer, an ECA, and an attention mechanism. The
purpose of the convolution block is to obtain image
features and improve the expression ability regard-
ing the nonlinear model features. Therefore, each
feature layer needs to perform 3 x 3 convolution
block operations, in which the first two layers need
to be operated twice and the last three layers need to
be operated three times. For every execution of the 2

l 2%2 Maximum pooling layer
3%3 Convolution block

x 2 average pooling layers, the space size of the fea-
ture layer is reduced once, and the number of chan-
nels is unchanged. This module reduces the feature
dimension and overfitting and enhances the model
fault tolerance. The ECA attention mechanism ef-
fectively extracts dependencies between channels
without increasing the number of parameters. In
the decoder stage, also known as the up-sampling
stage, the purpose is to enhance the resolution and
feature information of the image, mainly including
several feature fusions, SM module, 3 x 3 transposed
convolution, and 3 x 3 convolution block composi-
tion. Shallow convolution can obtain better texture
features, whereas deep convolution focuses more on
the essential features of the image. The traditional
U-Net network fuses only the weighted features of
the corresponding feature layers, which results in
a loss of spatial and semantic feature information.
Therefore, the SM module was used in the jump
connection stage to extract more semantic informa-
tion and fuse it with the feature layer in the up-sam-
pling stage. The decoder successively enhances the
feature extraction performance of the feature layer
that integrates all semantic information and gradu-
ally recovers the image information, making the net-
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work more accurate and stable. (3) Image prediction
stage, using 1 x 1 convolution blocks, predicts each
pixel category of the image.

2.1.2. Channel and Spatial Modules

In ultrasound images, most tumors are hypoechoic,
and the quality of tumor images is closely related to
the medical methods. As reported by Ibtehaz et al.
[16], ultrasound images of breast tumors have differ-
ent shapes and sizes, unclear textures, and unclear
boundaries between the tumor and the normal breast
tissue. In this study, we propose a CM module for
multi-scale extraction of context channel informa-
tion and an SM module for spatial information. First,
we replace the single-scale convolution with multi-
branch convolution to obtain different scale percep-
tion fields and stitch and fuse features of different
scales to enhance the context feature extraction abil-
ity. On the other hand, to recover the spatial informa-
tion lost in the down-sampling during the U-Net skip
connection stage, we fused the shallow features with
the deep features and replaced the original interme-
diate features to weaken the feature differences in
the coding and decoding processes.

The structure of the CM module is illustrated in Fig-
ure 2. First, feature map I was passed through one 1 x
1 convolution and three 3 x 3 convolution branches.
The 3 x 3 convolution branches enlarge the receptive
field by increasing the number of convolution cores,
replacing large convolution cores, reducing the com-

Figure 2
CM module architecture.
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putational complexity, and improving the model de-
tection speed. The number of convolution cores in
the three branches was 1, 2, and 3. Then, four con-
volution branches from different receptive fields are
fused to obtain the feature map K. To fully leverage
the contextual semantic information, we introduce
arefined attention mechanism (ARM) [38] that cap-
tures feature weight information at different scales
to obtain feature map P without increasing com-
putational costs. The ARM includes global average
pooling, 1 x 1 Convolution, Batch Normal, and Sig-
moid operations.

In the U-Net network, the down-sampling process
compresses the image information. Subsequent-
ly, directly using up-sampling to recover the im-
age will cause losing significant feature informa-
tion. Therefore, a skip connection is introduced
to provide multi-scale spatial information for the
up-sampling deconvolution stage, which makes the
segmentation finer. However, skip joining has some
limitations. Fusing the shallow information ob-
tained from down-sampling directly with the deep
information obtained from up-sampling will result
in differences in semantic information and loss of
fine-grained information, such as edge and texture
information of tumors. Accordingly, we proposed an
SM module for extracting multi-scale spatial infor-
mation fusion. The structure of the SM module is
illustrated in Figure 3. The feature layer fusion part
must aggregate the multi-scale spatial and channel
information of the adjacent feature layers. For ex-
ample, for the feature fusion operation in the i layer,
the C,,; feature layer of the i-1layer must be divided
into four parts in the encoder. First, the C,,;,, and
C,;., feature layers are obtained by the CM module
and 3x3 convolution block. Second, the C, ; feature
layer is average pooled to obtain C;; feature layers.
Then, in the decoder part, layer CH,’j is used for 3x3
transposition convolution operations to obtain C, .,
feature layers. Finally, C;; feature layers, C,,, fea-
ture layers, and C,;., feature layers are fused with
weighted features and 3x3 convolution blocks to ob-
tain C;;,, feature layers. The MS module is defined
as stated in Equation (1).

Cij+3=F <A(Ci-1,j)+c(ci-1,j+l )+T(Ci+1,j))
(1<i<5)

@)
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Figure 3
SM module architecture.
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Here, F denotes the feature fusion operation, A de-
notes the average pooling operation, the step size is 2,
the size of the feature layer becomes half of the origi-
nal, and the number of channels remains unchanged.
C denotes the convolution block operation, which
includes a 3x3 convolution kernel, Batch Normal and
ReLU activation functions, and T-transpose convolu-
tion converts low resolution to high resolution.

2.1.3. ECA Attention Mechanism

Many feature layers were captured during the
down-sampling process. To further determine the im-
portance of each channel in the feature layer, differ-
ent weights are assigned according to channel impor-
tance so that more attention is paid to the important
features, and less important channel features are sup-
pressed during model learning. To further determine
the importance of each channel in the feature layer,
different weights are assigned based on the channel

Figure 4
ECA attention mechanism.
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importance so that the model pays more attention to
the important features and suppresses the unimport-
ant channel features when learning. To address this
problem, Jie et al. [15] proposed an SENet attention
mechanism. However, Wang et al. [35] believed that
although the SENet network improved the perfor-
mance ofthe model, itincreased the model complexity
when reducing dimensions. Therefore, they proposed
an attention mechanism module of efficient channel
attention (ECA). The ECA attention mechanism not
only avoids dimension reduction but also enables
cross-channel feature information interaction. The
structure of the ECA network is illustrated in Figure
4. The module includes the following four steps:

First, the input feature map X(HxWxC) is defined, and
X1(1x1xC) is obtained via global average pooling, as
stated in equations (2) and (3), where K (2-D convolu-
tion, both length and width of convolution core are K)
is the convolution kernel size and S is the step size.

W=2241 ©)
H=ER 41 ®)

Second, the adaptive convolution kernel K is calculat-
ed according to the channel number C of the X1 char-
acteristic diagram, as stated in formula (4), where
"|tjodd” represents the odd number of the nearest t:

K== 2

oe© | l|odd : )

Then, the feature map X1 calculates the feature weight
of each channel through the convolution kernel K and
then uses the Sigmoid function to assign weight to each
feature channel to obtain the feature map X2, as stated
in equation (5), where y, represents a feature layer.

W=Sigmoid(C(y;)) i€C. ()

Finally, X2 and X are multiplied channel-by-channel
to generate a weighted feature map X3.

2.2. Radiomics

TNBC and NTNBC breast cancers have similar so-
nographic findings and overlapping lesion features.
However, Radiomics can be automated during the
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deep mining and analysis of the heterogeneity of
breast tumors. Combining imaging and tumor fea-
tures can provide useful information for clinical di-
agnosis. The main processes of radiomics include im-
age pre-processing, image feature extraction, model
establishment, and verification, as shown in Figure 5.

Firstly, the tumor captured in the breast ultrasound
image is semantically segmented to extract its focus
area, and then its image features are extracted. The
feature extraction [28] mainly includes histogram,
texture, and filter features. Histogram features are
representations of pixel intensity that do not change
with scale, shift, and rotation. We focus on first order
features, which amountsto atotal of 18 features. Tex-
ture feature [22] refers to the quantification of image
features. The main extraction methods are struc-
ture-based and statistics-based methods, which
have good anti-jamming ability against noise and ro-
tation invariance. We use the 16-feature Gray-Level
Size Zone Matrix (GLSZM), 5-feature Neighboring
Gray Tone Difference Matrix (NGTDM), 24-feature

2025/4/54

Gray-Level Co-occurrence Matrix (GLCM), 16-fea-
ture Gray-Level Run-Length Matrix (GLRLM), and
14-feature Gray-Level Dependence Matrix (GLDM).
Filtering feature [27] is an indispensable part of the
image preprocessing stage. It can preserve the orig-
inal image information while reducing the noise
inter-ference. In this study, we select the wavelet
transform for feature extraction. Python’s wavelet
filter (which has 48 wavelet bases) can process the
images. Each wavelet base has eight different fil-
tering methods for image filtering in low-pass and
high-pass modes. Each filtering method uses 14
first-order statistics. Each image will generate 5376
(48*8*14) features. If various filters and classifica-
tion features are combined, each image can extract
more features. For instance, if the above methods are
combined with 63 texture-based features, the image
will extract 48%8*(14+63) = 29568 features.

The feature dimensions of the medical images
were higher than those of the nor-mal images. In
this study, we used radiomics to extract features of

Figure 5
Radiomics flowchart.
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TNBC and NTNBC. In total, 465 features were ex-
tracted in this study. Among these, there are many
redundant features; many features for model train-
ing will lead to over-fitting; therefore, before model
training, we used Student’s t test and Least Absolute
Shrinkage and Se-lection Operator (LASSO) [37] to
reduce duplicate variables and filter the most im-
portant features for model training. we used LASSO
to achieve feature selection and dimensionality re-
duction of high-dimensional radiomics data. Lasso
is amethod in statistical learning used to solve vari-
able selection and regularization in linear regression
problems. LASSO achieves feature selection and di-
mensionality reduction by adding L1 regularization
terms to the loss function to make the coefficients
of some features zero. Finally, this study uses a ma-
chine learning algorithm to model the TNBC and
NTNBC features and employs a 10-fold cross-val-
idation method to train the model and evaluate the
classifier performance.

2.2.1. Normalization

Data normalization is a common data preprocessing
process that can eliminate data singularities, accel-
erate the model convergence speed, and improve the
model classification accuracy. We used the z-score
[40] to compress the data, as stated in equation 6:

_xp
Z— p > 6)

where x, |1, and o are the pixel value, average pixel val-
ue, and average pixel standard deviation, respectively.

2.2.2. Feature Dimension Reduction

High-dimensional data indicate that the data di-
mensions are far greater than the number of sam-
ples. If we directly use high-dimensional data for
model training, it will lead to over-fitting of the mod-
el, which will be difficult to predict. Data dimension-
ality reduction is an indispensable part of selecting
important features. There are two main steps to re-
duce the dimension of data features: first, a paired
sample Student’s t test is used to detect whether the
mean of the data are equal to each other, so that the
two samples are independent and obey the normal
distribution. Second, the penalty function of the
LASSO method was used to reduce the variable set
and compress the coefficient to zero. This method
has a wide range of applications, which can not only
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filter variables but also reduce the complexity of the
model to avoid overfitting.

The Student’s t test is divided into single-sample
Student’s t test, paired-sample Student’s t test and
independent-sample Student’s t test according to
the applicable scenarios of the samples. The sam-
ples studied in this paper are suitable for indepen-
dent-sample Student’s t test, and the implementa-
tion principle is as follows.

Step 1: Assume assumptions. HO (No significant dif-
ference between the two samples), H1 (Significant
difference between the two samples).

Step 2: Decision strategy (0=0.05).

Step 3: Calculate the t-score, as shown in equation

(7) - (8.

t=-2 t(m+n-2)

S, (o
Wil 1 @
m n

—— [(m-DST+(n-1)S3]. ®)

YT m4n+1

Equations (7)-(8), in which x, m, S?, represents the
mean, capacity and variance of the first sample, y, n,
S2 represent the mean, capacity and variance of the
second sample, respectively.

Step 4: Make judgments and conclude with H,,.

The core principle of LASSO method is to change the
unimportant characteristic coefficient to 0. The re-
alization principle is as follows:

Step 1: Define the model function as shown in For-
mula (9):

Vi =wiTxi +b, ©)

Formula (9) y, represents the predicted value, X, rep-
resents the characteristic value and w, represents
the weight value of the characteristic.

Step 2: Learn the weight w and the cost objective
function is shown in Formula (10).

1 2
Jow)= - 20 (yirw )" 42 X0 [ wil. (10)
Formula (10) M(Lambda)>0, m represents the num-
ber of features, the smaller the cost loss function,
the more accurate the forecast value will be, so both

o (y;-wTx;)? and A .2, IwiI need to be as small as
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possible. The larger the A value, the more weight co-
efficients will be compressed, and many coefficients
will be compressed to 0. The value of A will be veri-
fied by cross-validation with ten folds.

Step 3: L1 regularization is used to compress the di-
mension of characteristic data and the approximate
gradient descent method [39] is used to iteratively
solve the optimal W value.

In this paper, we used radiomics to extract 465 fea-
tures from breast ultrasound images, and then Stu-
dent’s t test and Lasso method were used for cal-
culation and analysis. 8 important features were
obtained, which have obvious classification signifi-
cance at the statistical level.

This chapter mainly introduced the network model
of CSE-U-Net and the method to extract the features
from the image group. Next, the experiments and
analysis of the method would be carried out to verify
its accuracy and accuracy.

3. Datasets and Experimental
Analysis

3.1. Datasets

Image Segmentation: (1) Public datasets: Breast
Ultrasound Images Dataset (Dataset BUSI) [1]: The
dataset collected ultrasound breast images of wom-
en aged between 20 and 75 years, including 133 nor-
mal images, 437 benign images, and 210 malignant
lesions, with an average pixel value of 500x500; the
dataset is masked by manual labeling. (2) Breast Ul-
trasound Image Datasets (XJBUSI) of Affiliated Tu-
mor Hospital of Xinjiang Medical University: The
dataset was acquired using a Logic-E9 color Doppler
ultrasound system with an image frequency range
of 5-9 MHz and mechanical index of 0.16. The im-
ages show the morphology, lesions, and surrounding
tissues of the patient’s breast tumors. The selected
dataset consisted of 920 malignant and 400 benign
lesions, with an average pixel value of 1008x547.
The dataset tumor regions were labeled using the la-
belme tool and examined by two physicians with five
years of clinical experience.

Radiomics: In this study, 300 patients with TNBC

and NTNBC, confirmed by surgery and pathology,
were enrolled in the Affiliated Tumor Hospital of
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Xinjiang Medical University between January 2015
and December 2012. Among them, 150 were clas-
sified as having TNBC and 150 as having NTNBC.
The inclusion criteria were as follows: (1) All pa-
tients underwent ultrasonography before surgery,
and complete ultrasonographic data were retained.
(2) All patients were confirmed by pathological
results. Exclusion criteria were as follows: (1) No
definite pathological results were found in patients
who were not treated with hospital-type surgery
for cancer. (2) The information regarding retained
ultrasound images was incomplete with poor qual-
ity. Examples of TNBC and NTNBC are presented
in Figure 6.

Figure 6
Example diagrams of TNBC and NTNBC.

(a) TNBC
ultrasound image

() NTNBC
ultrasound image

(b) TNBC
ultrasound mask

(d) NTNBC
ultrasound mask

3.2. Evaluation Index

To evaluate and test the performance and advantag-
es of the CSE-U-Net model, we used the Precision
(P), Recall (R), Accuracy (Acc), Mean Intersection
over union (MIou), and Frequency-Weighted Inter-
section-over-union (FWIou) metrics as evaluation
indexes. P refers to the correct proportion of positive
sample prediction in the prediction results, R refers
to the proportion of positive samples predicted to
be correct, Acc re-fers to the proportion of positive
samples and negative samples predicted correctly in
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the prediction, MIou refers to the ratio of union and
intersection of each type of real value and predict-
ed value, and FWIou is an improvement of the MIou
evaluation indicators, which sets weights for the fre-
quency of each category.

Equations (11)-(15) are stated as follows:

Precision= TPTIFP 11
Recall= TPT:;N (12)
Accuracy= % (13)
Mlou=— ¥t | — (14)
FWlou= —TP+EN TP 15

TP+FP+TN+FN ~" TP+FP+FN’

where True Positive (TP) denotes the number of
positive samples predicted correctly, False Positive
(FP) denotes the number of positive samples pre-
dicted as negative samples, True Negative (TN) de-
notes the number of negative samples predicted cor-
rectly, and False Negative (FN) denotes the number
of negative samples predicted as positive samples.
As the essence of image segmentation is the classi-
fication of pixel categories, K represents the number
of pixel categories.

The Mean Square Error (MSE), accuracy, sensitivity
and specificity are often used in radiomics to mea-
sure the effectiveness of medical image classifica-
tion. The MSE is the expected value of the square of
the difference between the true and predicted values.
The smaller the MSE is, the better is the model accu-
racy, as stated in Equation (16), where y, represents
the true value, )3,. represents the predicted value, and
m represents the number of samples. The accuracy
was calculated using Equation (13). Sensitivity is
also known as the recall rate, as stated in equation
(12). Specificity refers to the ratio of the correct neg-
ative samples to the total negative samples, as stated
in Equation (17). The F1-Score is the harmonic av-
erage of P and R, as stated in equation (18). The ROC
curve, whose area is the value of Area Under Curve
(AUC), measures the generalization performance of
the model.
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1 A
MSE=—% (yi-;,) 16)
e . 1IN .
Specificity= TNTFP an
PxR
F1=2XP:—R- (18)

3.3. Experimental Environment

The operating system of the experimental environ-
ment was Windows 11, CPU was Intel Xeon E5 V3
2600, memory size was 16G, GPU model was NVIDIA
RTX3090 with CUDA version 11.4, memory size was
24G, and deep learning framework was Pytorch 1.9.0.

We use SGD optimizer, Adam optimizer, RMSprop
optimizer and Adagrad optimizer to adjust the pa-
rameters of the deep learning algorithm, and finally
test that the SGD optimizer has achieved the best
results. The initial learning rate is adjusted from
0.1 to 0.01, each time reduced by 0.01, and the final
initial learning rate is determined to be 0.05; Batch-
size uses the maximum within the GPU limit; After
testing, when epoch is greater than 180, the model
tends to converge. Therefore, epoch 200 is set in this
paper to ensure the convergence of the model while
reducing the time waste. The momentum is 0.99 to
0.01 and the final value is determined by grid search.
Weighted at-tenuation coefficient using default val-
ue 0.0001. Lasso Alpha = A in radiomics experiments,
taking 50 values from the linearity in - 4 and 1, Lasso
max_iter was set to 100000, and cross validated pa-
rameters were set, using a mean square error assess-
ment, resulting in an optimal value for lasso mod-
eling; Optimization of relevant hyperparameters in
machine learning classification methods using grid
search methods such as the Number of Weak Opti-
mizers in extreme gradient boosting (XGB) [9] set
to 200, Random Forest (RF) [7] Random_state was
set to 20, information gain was selected by Feature
method in Support Vector Machine (SVM) [30] and
kernel function was Radial Basis Function.

Parameter tuning in deep learning is an important
step in the model training process, which directly
affects performance, convergence speed, and gen-
eralization ability. The following is a detailed expla-
nation and adjustment method for the main hyper-
parameters such as learning rate, epochs, and batch
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size. The main parameter setting methods are sum-
marized as follows:

Adjustment method for learning rate: Usually, we
use random sampling on alogarithmic scale to select
the learning rate, that is, sampling multiple times in
the interval close to 0, because the learning rate is
usually very sensitive in this interval.

Adjustment method for Number of iterations
(Epochs): We determine the number of iterations
based on the model convergence. Usually, we deter-
mine whether a model has converged by observing
the loss or accuracy on the validation set. If the loss
of the model does not significantly decrease or the
accuracy does not improve after several consecutive
iterations, the iteration can be stopped.

Adjustment method for Batch Size: The selection
of batch size will affect the training speed of the
model and the stability of gradient updates. We gen-
erally consider parameter values based on dataset
size, model architecture, hardware resources, and
training objectives, combined with empirical values.

The experimental parameters are listed in Table 1.

Table 1
Super-parametric settings.
Deep Learning Radiomics
Optimizer SGD Lasso Alpha -4.1,50
Initial 0.05 Lasso 100000
learning rate max_iter
Batch-size 4 Numbe?r (?fWeak 200
Optimizers
epoch 200 Random_state 20
momentum 0.9 Feature method 1nformat10n
gain
Weight decay kernel Radial Basis
0.0001 . .
factor function Function

3.4. Experimental Results and Analysis

3.4.1. Experimental Results and Analysis of Image
Segmentation

The samples in BUSI and XJBUSI datasets were ran-
domly divided into a training set: verification set: test
set=7:2:1; accordingly, experiments were conducted.
The training set was used to train the model and ad-

2025/4/54

just its parameters, verification set was used to find
the optimal model, and test set was used to test the
generalization of the trained model. To verify the
effectiveness of the multiclassification CSE-U-Net
model proposed in this study, we used ablation ex-
periments to verify the effectiveness of adding CM,
SM modules, and ECA attention mechanisms. The
ablation experiment was based on the U-Net model.
To make the model fuse the semantic information be-
tween multi-scale context channels, CM module was
introduced in the third, fourth and fifth layers of the
down-sampling stage, which was named U-Net+CM.
To make the U-Net model use more spatial informa-
tion and reduce the gap between the shal-low infor-
mation and the deep information semantics of the
model, an SM module named U-Net+SM was added
throughout the jump connection stage. To further
extract semantic information across channels, an
ECA attention mechanism model named U-Net+E-
CA was added after each feature layer in the downs-
ampling encoding phase. In addition, CM module is
combined with ECA module, SM with ECA module,
CM with SM module, CM, SM with ECA module. The
models are named U-Net+CM+ECA, U-Net+SM+E-
CA, U-Net+CM+SM, CSE-U-Net respectively. Fig-
ures 7-8 show the results of ablation experiments on
XJBUSI and BUSI Dataset datasets, respectively.

As shown in Figures 7-8, (1) U-Net+CM model: Acc
and MIou reach 98.53%, 97.29% in XJBUSI dataset,
97.52% and 95.28% in BUSI dataset, respectively,
which are 0.3%, 0.48%, 0.2%, 0.33% higher than the
U-Net model, and its segmentation effect is better
than that of the U-Net model. (2) U-Net+SM mod-
el: Acc and MIou reach 98.33%, 97.39% in XJBU-
SI dataset, 97.47%, 95.44% in BUSI dataset, 0.1%,
0.58%, 0.12%, 0.49% higher than the U-Net model,
which improves the segmentation accuracy of the
U-Net model; (3) U-Net+ECA model: Acc and MIou
reach 98.53%, 97.39% in XJBUSI dataset, 97.33%
and 95.07% in BUSI dataset, respectively, which are
0.3%, 0.04%, 0.52%, 0.12% higher than the U-Net
model. This model has higher segmentation accura-
cy than the U-Net model. (4) The combined models
U-Net+ CM + ECA, U-Net + SM + ECA, U-Net + CM
+SM, and CSE-U-Net compared with the addition of
a single module enhanced the segmentation effect to
various degrees, among which the CSE-U-Net mod-
el achieved the best segmentation effect.
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Figure 7

Ablation results on XJBUSI dataset.
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Ablation results on the BUSI dataset.
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As shown in Figure 9, as an example plot of Ablation
Experiment segmentation results, The CSE-U-Net
model has better segmentation performance. SM
and CM modules are added to the CSE-U-Net model
to enhance the edge detection ability, and ECA atten-
tion mechanism is introduced to enhance the net-
work feature extraction ability without increasing
the computationalload. The effect of texture blurring
on the model detection is reduced. The CSE-U-Net
model is significantly better than the original U-Net
model for edge detection. The U-Net+CM+SM mod-
el has the same edge smoothness as the CSE-U-Net
model. However, the detection accuracy is slightly
lower than that of the CSE-U-Net model due to its
weaker ability to extract image features.

Asreported in Table 2, because the CM and SM mod-
ules increase the number of model parameters, the
computational complexity of the model increases; ac-
cordingly, the detection speed of the model decreas-
es. Because the ECA attention mechanism only adds
a few parameters, it does not reduce the calculation
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speed of the model while improving the model accu-
racy. Compared with the other two models, CSE-U-
Net improved in five indicators, indicating the gener-
alization and effectiveness of the proposed algorithm.

In this study, we verify the segmentation perfor-
mance of the proposed CSE-U-Net model. Using the
same experimental environment and dataset, U-Net,
AttNet [20], ERFNet [24], PSPNet [41], SegNet [5],
and UNet++ [42] were compared with the CSE-U-
Net model, as reported in Figures 10-11.

Figure 10 presents the evaluation index results of
the different algorithms on the XJBUSI dataset.
Compared with the other algorithms, the CSE-U-
Net algorithm achieved the best results in five eval-
uation indexes. Compared with the best segmenta-
tion algorithm of the same kind, namely, PSPNet,
in the comparison experiment, the proposed al-
gorithm improved the Acc, MIou, FWIou, P, and R
by at least 0.17%, 2.27%, 0.31%, 0.72%, and 2.95%,
respectively. PSPNet is mainly used for the scene
analysis of similar color and shape problems in im-

Table 2
Ablation results of FPS on XJBUSI and BUSI dataset.
U-Net U-Net U-Net U-Net U-Net U-Net
Dataset U-Net +CM +SM +ECA +«CM+ECA +SM+ECA = +CMsgM | CSE-U-Net
XJBUSI 0.1461s 0.1777s 0.1726s 0.1551s 0.1798s 0.1775s 0.1789s 0.1805s
BUSI 0.1022s 0.1376s 0.1334s 0.1175s 0.1382s 0.1371s 0.1383s 0.1392s
Figure 9

Example of the ablation experiment.
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Figure 10
XJBUSI dataset performance comparison.
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age segmentation. Zhao et al. [41] proposes using a
pyramid pooling module structure that integrates
multi-scale image features. However, the CSE-U-
Net algorithm uses a similar multi-scale fusion
method. Figure 11 presents the evaluation index re-
sults of the different algorithms on the BUSI data-
set. The CSE-U-Net model demonstrated the best
results in the five evaluation indexes. Moreover,
PSPNet still achieved good results, coming only
second to CSE-U-Net, which was significantly im-
proved compared with UNet++ (Acc increased by
2.13%, MIou increased by 12.28%, and FWIou in-
creased by 3.97%). This shows that the CSE-U-Net
model is effective in extracting image spatial and
context semantic information.

Four breast ultrasound images were randomly se-
lected from the test sets of XJBUSI and BUSI. Im-
ages were segmented using U-Net, AttNet, ERFNet,
PSPNet, SegNet, UNet++, and CSE -U-Net. The seg-
mentation results are presented in Figure 12. In the
segmented images, black represents the background,
white represents the malignant tumor area, and
green represents the benign tumor area. As shown
in the segmented result graph, the SegNet network
had the worst segmentation effect. It has insufficient
shape fit and poor edge detection ability in breast ul-
trasound images. The PSPNet network is closest to
the CSE-U-Net model; however, its ability to extract

Figure 12
Comparison between tumor segmentation results.
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edge information is insufficient.

Among the tested many models, the proposed CSE-
U-Net model demonstrated the best segmentation
effect and stronger robustness. The breast tumor
morphology information was extracted most com-
pletely in the segmented results, the shape was more
consistent with the label, and the segmented tumor
edges were smoother and more accurate compared
with the other models.

3.4.2. Radiomics Experiments and Analysis

In this study, 300 TNBC and NTNBC breast ultra-
sound images were extracted through radiomics.
The most important 8 features were extracted from
465 features using the Student’s t test and LASSO
methods on high-dimensional feature data, such as
the filtered features, coefficients and t-score report-
edin Table 3. When feature filtering is performed for
the LASSO method in Figure 13, Figure 13(a) shows
that the MSE changes with the penalty factor Lamb-
da of the penalty function, and when Lambda=0.005,
the MSE gets the minimum value, where the weight
w is the optimal value. As shown in Figure 13(b), as
lambda increases, the eigenvalue compression de-
creases; accordingly, the coefficients gradually de-
crease to 0. The larger the opening curve is, the more
obvious the coefficient compression becomes with
increasing lambda.

PSPNet Seglet U-Het++ CSE-U-Net
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Table 3
Radiomics important features.

Features
wavelet. HL._glem_MCC
wavelet. LH_glrlm_ShortRunEmphasis

wavelet.LL_glszm_ZoneEntropy

wavelet. HH_gldm_SmallDependenceLowGrayLevelEmphasis

wavelet. LH_glrlm_RunLengthNonUniformityNormalized

wavelet. HH_firstorder_Range

wavelet. LH_glrlm_ShortRunHighGrayLevel Emphasis

wavelet. HH_glszm_SmallAreaHighGrayLevelEmphasis

Figure 13
Diagram of'the coefficient variation with lambda parameters.
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Finally, the 25 most important image features ex-
tracted were modeled using the Random Forest (RF)
[7]1, Support Vector Machine (SVM)[30], extreme
Gradient Boosting (XGB)[9], Light Gradient Boost-
ing Machine (LightGBM) [17], logistic [32] algo-
rithms and CNN[11] presented in Table 4, which re-
ports the experimental results of TNBC and NTNBC
classification.

As shown in Table 4, the best performance of MSE
and Acc is XGB model, reaching 17.78% and 82.22%,
respectively. The best performance model for Sen-
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Coefficients t-score
-0.116740806 8.502
-0.063200052 6.658
-0.062976636 -6.692
-0.073042477 -5.825
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sitivity was CNN, reaching 98.46%; Specificity was
the best performing SVM model, reaching 54.54%;
The best performance model of the comprehensive
index Fl-score is random forest. The ROC curves
for each model are shown in Figure 14. After a thor-
ough comparison, one can observe that the logistic
model had the largest AUC area and best overall ef-
fect. Sensitivity is of great importance in the field of
medical imaging diagnosis. Sensitivity indicates the
proportion of patients correctly diagnosed to the to-
tal number of patients and is a key indicator to eval-
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Table 4
TNBC and NTNBC experimental results.
Algorithm MSE Accuracy Sensitivity
RF 21.11% 78.89% 83.67%
SVM 24.44% 75.56% 67.35%
XGB 17.78% 82.22% 79.59%
LightGBM 22.22% 7778% 7143%
Logistic 21.11% 78.89% 75.51%
CNN 44.00% 78.33% 9846%

uate the diagnostic effect. Specificity indicates the
percentage of patients who are correctly diagnosed
as disease-free. Specificity is more meaningful to pa-
tients than Sensitivity. Due to the limitation of the
number of pictures, CNN is not ideal in the task of
classification of TNBC and NTNBC. Although CNN
performs well on the Sensitivity index, it does not
perform as well on the Specificity and F1-Score in-
dex as other algorithms. Therefore, this paper clas-
sifies triple-negative and non-triple-negative breast
cancer using imaging histology.

The experimental results indicate that the CSE-U-
Net model can automatically identify benign and
malignant tumor categories and extract tumor re-
gions and locations, which lays a good foundation

Figure 14
ROC curves for each model.
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Specificity F1-Score Train_ AUC Test_AUC
82.93% 84.54% 100% 90.77%
95.12% 78.57% 88.59% 83.18%
85.37% 82.98% 100% 89.10%
92.68% 80.46% 100% 89.25%
87.8% 81.32% 9374% 90.89%
54.54% 60.70% 82.09% 82.08%

for radiomics feature extraction. To better classify
malignant TNBC and NTNBC, we used the image
histology method to extract the tumor feature infor-
mation of breast ultrasound images, screen for the
high-dimensional features, and reduce the dimen-
sionality. Finally, five machine learning algorithms
were used to classify malignant tumors with an ac-
curacy of more than 75.56%.

4, Conclusion

In this study, we mainly investigated the classifica-
tion method of TNBC and NTNBC. First, we pro-
posed animproved CSE-U-Net model. By combining
the multi-scale channel attention and spatial aware-
ness modules, the impact of different tumor scales
on tumor information extraction is weakened, which
enhances the robustness and improves the accuracy
of tumor detection. The ECA attention mechanism
is added to improve the feature extraction ability of
the model from tumor edges, making the segmented
tumor edges smoother. Benign and malignant tumor
segmentation and classification tests were conduct-
ed on XJBUSI and BUSI datasets. The main indica-
tors, such as Acc and MIou, were higher than those of
other comparison models, and the segmented imag-
es are extracted with radiomics features. In addition,
using a machine learning model to classify TNBC
and NTNBC, the accuracy of the XGB model with the
highest accuracy reached 82.22%. The experimental
results show that the proposed segmentation model
and classification method have high segmentation
and classification accuracy; however, there remains
a segmentation speed issue. Therefore, in the future,



Information Technology and Control

we can consider introducing lightweight feature
extraction deep learning network to improve the
model segmentation speed and further improve the
overall model performance of the model. Regarding
radiomics, we analyzed the characteristics of mul-
timodality and multi-factors to improve the classi-
fication accuracy regarding TNBC and NTNBC in
ultrasound images.
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