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The main goal of this study is to build an artificial intelligence (AI) architecture for automated extraction 

of dual-modal image features from both shear-wave elastography (SWE) and B-mode ultrasound, and 

to evaluate the AI architecture for classification between benign and malignant breast tumors. In this 

AI architecture, ultrasound images were segmented by the reaction diffusion level set model combined 

with the Gabor-based anisotropic diffusion algorithm. Then morphological features and texture features 

were extracted from SWE and B-mode ultrasound images at the contourlet domain. Finally, we employed 

a framework for feature learning and classification with the deep polynomial network (DPN) on dual- 

modal features to distinguish between malignant and benign breast tumors. With the leave-one-out cross 

validation, the DPN method on dual-modal features achieved a sensitivity of 97.8%, a specificity of 94.1%, 

an accuracy of 95.6%, a Youden’s index of 91.9% and an area under the receiver operating characteristic 

curve of 0.961, which was superior to the classic single-modal methods, and the dual-modal methods 

using the principal component analysis and multiple kernel learning. These results have demonstrated 

that the dual-modal AI-based technique with DPN has the potential for breast tumor classification in 

future clinical practice. 

© 2018 IPEM. Published by Elsevier Ltd. All rights reserved. 
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. Introduction 

Breast cancer is the most common cancer in women and has

igh mortality of 508 0 0 0 annually [1,2] . The early diagnosis of

atients with breast cancer is crucial to improve the prognosis of

atients and prolong their survival [3] . It is of great value to dif-

erentiate between benign and malignant breast tumors for the di-

gnosis and treatment of breast cancer. At present, there are two

ain diagnostic methods for diagnosis of breast cancer: pathology

nd imaging. Pathology is the gold standard for diagnosis of breast

ancer. However, it is invasive and thus is not suitable for breast

creening [4] . 
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Ultrasound imaging technology has been recognized as the

ain method for early diagnosis of breast cancer because of its

on-ionizing, non-invasive, and low-cost nature, as well as its ca-

ability of real-time dynamic imaging and imaging of dense breast

issue [5] . Traditional ultrasound imaging such as B-mode ultra-

ound provides useful information pertaining the number, size,

hape and boundary of a breast tumor [6,7] . Shear-wave elas-

ography (SWE) has emerged as an effective imaging tool for

easurement of breast tissue elasticity and early detection of

reast cancer based on the fact that the change of breast tissue

lasticity may be earlier than its morphological changes [8] . 

The SWE imaging system often provides dual-modal visualiza-

ion of breast tumors consisting of both a B-mode image and

n elastogram. However, the current diagnosis methods for dif-

erentiating benign and malignant breast tumors mainly use sin-

le modality, either B-mode or elastography, and combination of

ual modalities for diagnosis is limited. In this paper, we focus on

ual-modal discrimination between benign and malignant breast

umors by combining complementary diagnostic information pro-

ided by SWE and B-mode [9] . 

https://doi.org/10.1016/j.medengphy.2018.12.005
http://www.ScienceDirect.com
http://www.elsevier.com/locate/medengphy
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Fig. 1. Flowchart of the proposed deep polynomial network (DPN) method on dual-modal ultrasound for breast tumor diagnosis. (i) Image preprocessing. (ii) Tumor seg- 

mentation. (iii) Dual-modal feature extraction. (iv) Feature learning and classification with DPN; here, n i represents layers of nodes. 
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The diagnosis of breast tumors with ultrasound often relies

on visual interpretation of ultrasound images by experienced

radiologists, which is subjective, time-consuming, tedious, and

also limits the diagnosis accuracy. Thus, it is desirable to develop

approaches using artificial intelligence (AI) for more objectively,

accurately, and efficiently interpreting dual-modal ultrasound

images and distinguishing between malignant and benign breast

tumors [7] . In this paper, we have proposed an AI-based archi-

tecture for breast tumor classification on dual-modal ultrasound.

The contributions of this work are two-fold: (i) Contourlet-based

texture features and morphological features have been extracted

from dual-modal ultrasound images, following an improved tumor

segmentation model with the reaction diffusion (RD) level set. (ii)

Dual-modal features have been combined by using a deep learning

method called the deep polynomial network (DPN) to facilitate

feature learning and to yield accurate classification of breast

tumors. To the best of our knowledge, this study is among the

first to propose an AI-based architecture on dual-modal ultrasound

namely SWE and B-mode for breast cancer diagnosis. 

2. Materials and methods 

Our methods were comprised of four steps as show in Figure 1 .

First, the dual-modal ultrasound images were preprocessed to be

suitable for following analysis. Second, tumor segmentation was

conducted on B-mode images with the reaction diffusion (RD)

level set model combined with the Gabor-based anisotropic dif-

fusion (GAD) algorithm, named RD-GAD, and then the segmented

tumors locations were mapped back to the paired SWE images.

Third, 82 quantitative features were extracted from B-mode and

SWE images, including morphological features and contourlet-

based texture features. Fourth, the deep polynomial network was

utilized to facilitate learning and to improve tumor classification

by combining the dual-modal features and constructing a new set

of features that were more informative and discriminating than

the initial features. 

2.1. Dual-modal image acquisition and preprocessing 

This was a retrospective study approved by the Institutional Re-

view Board and informed consent of all patients was obtained. The
tudy group consisted of patients with visible breast abnormalities

n routine B-mode scans. A total of 227 dual-modal images with

oth SWE and B-mode were acquired from 121 women, consist-

ng of 135 images of benign tumors and 92 of malignant tumors.

athology served as the gold standard for diagnosis. The ultrasound

xamination was conducted with the Aixplorer system (Supersonic

magine, Aix-en-Provence, France) equipped with a 4–15 MHz lin-

ar array broadband probe. The SWE and B-mode images were dis-

layed on the monitor simultaneously, with the SWE on the top

nd the B-mode image on the bottom ( Fig. 2 (a)). 

The SWE image was displayed as a composite color image,

hich was a transparent color image named the pure SWE image

uperimposed on the background of the grayscale B-mode image

 Fig. 2 (b)). With an in-house software, the color SWE was con-

erted into a grayscale image of elastic modulus to rebuild its elas-

icity information of tissues as follows [10] . First, the pure SWE

mage ( Fig. 2 (d)) was derived by subtracting the B-mode grayscale

mage ( Fig. 2 (c)) from the composite SWE image ( Fig. 2 (b)). Then

ach pixel on the pure SWE image was compared with all colors

n the color bar displayed to the right of the dual-modal image

 Fig. 2 (a)) to find its closest color and rebuild the corresponding

lasticity modulus value [10] . After pixel-by-pixel rebuilding, the

ure SWE image was transformed to a grayscale elastographic im-

ge ( Fig. 2 (e)). 

.2. Breast tumor segmentation 

The lesion boundaries are usually not obvious in the elas-

ograms of breast tumors. In order to detect the locations of breast

umors, the boundaries of tumors were automatically delineated

n the B-mode images with our improved reaction diffusion (RD)

evel set model, namely RD-GAD. The tumor boundaries detected

n B-mode images were then mapped to SWE images. The RD-GAD

odel for segmentation of B-mode images is presented as follows.

Firstly, the GAD was used for suppression of speckle noise on an

ltrasound image I and preservation of tissue edges so as to con-

truct the stopping edge function g for the level set segmentation

11] . 

 = 

1 

1 + | ∇ GAD( I ) | 2 (1)
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Fig. 2. Dual-modal display of an SWE image and a B-mode image for a breast tumor and the elasticity rebuilding. (a) Dual-model images with the composite SWE image on 

the top and the grayscale B-mode image on the bottom; (b) the composite SWE image; (c) the B-mode image; (d) the pure SWE image; (e) the elastographic image shown 

in grayscales rebuilt from the RGB color space. 
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here ∇ was the gradient operator, and GAD( I ) was the ultrasound

mage filtered with the GAD. 

Then the function g was integrated into the evolution equation

f the RD level set, for controlling the curve evolution to stop at

he desired boundaries of breast tumors. The evolution equation of

he RD-GAD was given by 

 

ϕ t == ε�ϕ − 1 

ε 
[ L (ϕ) + α · g · δ(ϕ) ] 

subject to ϕ ( x, t = 0 , ε ) = ϕ 0 ( x ) 

(2) 

here ε was a small positive constant; � was the Laplacian op-

rator; φ was the level set function; φ0 was an initial level set

unction; δ( ·) was the Dirac function; α was the coefficient that

ontrolled the weight of the stopping edge function. 

In this paper, we used the true positive rate (TPR_S), false pos-

tive rate (FPR_S), accuracy (ACC_S), specificity (SPE_S), and root

ean square error (RMSE) as the quantitative indices to evalu-

te the segmentation performance of the RD-GAD model, with the

anual segmentation results as the gold standard [12] . The sub-

cript “_S” means these indices were used for assessing the tumor

egmentation rather than the terminal task namely tumor classi-

cation. The three indices TPR_S, ACC_S, and SPE_S measure the

imilarity and overlap between the region segmented by an algo-

ithm and the gold standard region, and their values are between 0

nd 1. The larger the values are, the more accurate the segmenta-

ion is [13] . The RMSE reflects the average distance between the

umor contour detected by an algorithm and the gold standard

ontour. The smaller the value, the more accurate the segmenta-

ion [13] . 

.3. Feature extraction 

Morphological and texture features of breast tumors were ex-

racted as follows. Ten morphological features describing the struc-

ure, shape and size of a breast tumor were computed from the

-mode images including the area, convex area, convex area ra-

io, rectangular area ratio, perimeter, diameter, long- and short-axis

engths, orientation and eccentricity [14] . 

Seventy-two contourlet-based texture features were calculated

n the bandpass bands decomposed from the SWE and B-mode

mages by using the contourlet transform [10] , where 36 were

rom one modality. These texture features were extracted from

he segmented area of a breast tumor, including: (i) five features

omputed on the binary images after the adaptive thresholding
lgorithm, namely the area ratio, center deviation degree, dis-

ersion degree, radial deviation degree, and combined area ratio

15] ; (ii) eleven first-order statistical features of the intensities

14] , including the mean, standard deviation, maximum, mini-

um, median, third quartile, coefficient of variance, skewness,

urtosis, entropy of the histogram and entropy of the brightness;

iii) twenty features calculated with the gray level co-occurrence

atrix (GLCM), i.e. the contrast, correlation, energy, homogeneity,

nd entropy [10,14,15] . In our practice, the GLCM was computed at

istances of 1, 2, 3, and 4 pixels and directions of 0 °, 45 °, 90 ° and

35 °, and the GLCM features were averaged over four directions

15] . For methodological details of contourlet-based texture feature

xtraction, readers can refer to our previous publication [10] . 

.4. Feature learning with deep polynomial networks 

Deep polynomial networks are deep neural networks where the

utput of each node is a quadratic function of its inputs [16] . DPNs

earn polynomial predictors by a deep network architecture that

rovides a good approximate basis for the values attained by poly-

omials over the training samples. The DPN is suitable for small

ata samples and has high computational efficiency [17] . Here, we

sed the DPN to construct a new set of dual-modal ultrasound fea-

ures that were more informative and discriminating than the ini-

ial features for breast tumor classification. 

When constructing the first layer in DPNs, the set of values by

egree-1 polynomial (linear) function over training samples was

iven by Livni et al. [18] 

( 〈 w, [ 1 x 1 ] 〉 , · · · , 〈 w, [ 1 x m 

] 〉 ) : w ∈ R 

d+1 
}
, (3) 

hich was the ( d + 1)-dimensional linear subspace of R 

m . Here,

•, •〉 was the inner product. To simplify the model, we specified

he linear transformation by a matrix W which mapped [ 1 X ] into

he constructed basis, where 1 was the all-ones vector, and X was

 matrix of samples X = [ x 1 , x 2 , …, x m 

]. The columns of W , denoted

y w j , j = 1, …, d + 1, meant the d + 1 linear functions forming the

rst layer in the DPN; namely, the j th node of the first layer was

he function 

 

1 
j (x ) = 

〈
w j , [ 1 X ] 

〉
(4) 

Here, { (n 

1 
j ( x 1 ) , . . . , n 

1 
j 
( x m 

) ) } d+1 
j=1 was a basis for all values ob-

ained by degree-1 polynomials over training samples. Let F 1 be an

 × (d + 1) matrix with F 1 
i , j 

= n 

1 
j 
( x i ) . 
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Table 1 

The quantitative indices of breast ultrasound image segmentation. 

Indices TPR_S FPR_S ACC_S RMSE/pixel 

RD Mean 0.793 0.046 0.956 8.528 

Std 0.108 0.169 0.046 7.829 

RD-GAD Mean 0.867 0.076 0.963 7.266 

Std 0.077 0.194 0.047 7.976 

Table 2 

Single-modal classification results. 

B-model SWE 

PCA DPN PCA DPN 

ORIG CONT ORIG CONT ORIG CONT ORIG CONT 

SEN 63.0% 63.0% 98.9% 94.6% 75.0% 76.1% 96.7% 96.7% 

SPE 77.0% 79.3% 85.9% 82.2% 89.6% 88.9% 91.1% 88.9% 

ACC 71.4% 72.7% 91.2% 87.2% 83.7% 83.7% 93.4% 92.1% 

YI 40.1% 42.3% 84.8% 76.8% 64.6% 65.0% 87.9% 85.6% 

AUC 0.730 0.732 0.864 0.837 0.882 0.908 0.920 0.934 
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We then performed an iteration process to evolve a matrix F .

We initialized F as an empty matrix. At the first iteration ( t = 1),

F : = F 1 . At the following iterations ( t > 1), the matrix F was main-

tained, whose columns formed a basis for the values attained by

all polynomials of degree ≤ ( t − 1). That is to say, we found a col-

umn subset F t so that the columns of [F F t ] formed a basis for the

columns of [F ˜ F t ] , where 

˜ F t = 

[ (
F t−1 

1 ◦ F 1 1 

)
· · ·

(
F t−1 

1 ◦ F 1 | F 1 | 
)
· · ·

(
F t−1 
| F t−1 | ◦ F 1 1 

)
· · ·(

F t −1 
| F t−1 | ◦ F 1 | F 1 | 

)] 
(5)

Then F was redefined as an augmented matrix F : = [ F F t ], t = 2,

3, …. 

For achieving the balance between simplicity and accuracy in

practice, we adopted the following strategy to quickly decrease the

training error by using a small number of nodes in a computa-

tionally cheap way [18] . We computed a linear transformation at

the first layer which transformed the augmented data matrix [ 1 X ]

into its leading singular vectors. The next layers used a standard

orthogonal least squares approach for greedily picking the columns

of ˜ F t that were most relevant for prediction [19] . We iteratively

picked the column of ˜ F t whose residual after projecting on the ex-

isting basis F was most correlated with the residual of the labels y ,

also after projecting on the existing basis F . The column was then

added to the existing basis, and the process repeated itself. 

After feature learning on the initial dual-modal ultrasound fea-

tures with the DPN, the output of the network was the basis F ,

which was a new set of features combining SWE and B-mode char-

acteristics and were supposed to be more informative and discrim-

inating than the initial features. We then utilized a support vector

machine (SVM) on F for classification between malignant and be-

nign breast tumors. 

In this work, the depth of the DPN model was set to 3 (ex-

cluding the input and output layers), and the number of nodes at

each layer was set to 30. The quantitative indices for classification

evaluation were sensitivity (SEN), specificity (SPE), accuracy (ACC),

Youden’s index (YI), and area under the receiver operating charac-

teristic curve (AUC) [14] . 

3. Results 

3.1. Results of tumor segmentation 

The proposed segmentation model RD-GAD was based on the

RD algorithm and we compared the RD-GAD with the traditional

RD for breast tumor segmentation. 

Figure 3 (a)–(d) shows segmentation results for a benign breast

tumor. The border of the breast tumor was uncontinuous and

broken at 4 to 5 o’clock. The RD-GAD model extracted the broken

edges more effectively and accurately than the traditional RD

method, and its segmentation result was more close to the result

of the manual segmentation. Figure 3 (e)–(h) shows segmentation

results of a malignant breast tumor with a relatively complex

shape and uneven edges. Compared with the traditional RD

method, the RD-GAD algorithm more effectively extracted the

convex and broken edges at 8 o’clock, which was more consistent

with the result of the manual segmentation. 

To compare performance of the RD-GAD with traditional RD

method quantitatively, we used the two models to segment

227 ultrasound images of breast tumors. From Table 1 , the RD-

GAD algorithm was superior to the traditional RD algorithm in

terms of ACC_S, TPR_S and RMSE. The ACC_S values of the RD

and RD-GAD were 95.6% ± 4.6% and 96.3% ± 4.7%, the TPR_S val-

ues were 79.3% ± 10.8% and 86.7% ± 7.70%, and the RMSE values

were 8.53 ± 7.83 pixel and 7.27 ± 7.98 pixel, respectively. It was also
hown that the FPR_S of the RD-GAD (7.6% ± 19.4%) was close to

hat of the RD (4.6% ± 16.9%), both maintained at low values. Tak-

ng all the indices into consideration, it was demonstrated that the

D-GAD algorithm was better than the traditional RD algorithm for

he segmentation of ultrasound images. 

.2. Results of classification 

In addition, the principal component analysis (PCA) model, the

ultiple kernel learning (MKL) model and the DPN model were

ompared for feature learning. Pertaining to the PCA method, the

ual-modal features were concatenated as the input of the PCA.

he feature dimension contributing to the variance more than 95%

as reserved [20] . Pertaining to the MKL method, features ex-

racted from SWE and B-mode ultrasound were fused as follows.

irst, two types of features of different modalities were trained to

btain two kernel functions. Then these two kernel functions were

ombined into a kernel function. Finally, the classifier used this

used kernel function to classify the breast tumors [21] . 

.2.1. Single modal classification results 

The classification performance of the PCA model and DPN

odel for a single modality was calculated. In order to compare

he contourlet-based texture features (at the contourlet [CONT] do-

ain) with the texture features extract from the raw images (at

he original [ORIG] domain), we also used the PCA model and MKL

odel for classification of breast tumors at these two different do-

ains. As shown in Table 2 , for the B-mode alone, at the ORIG

omain, the DPN model achieved the best classification SEN, SPE,

CC, YI, and AUC in a validation set via the leave-one-out cross-

alidation, which reached 98.9%, 85.9%, 91.2%, 84.8%, and 0.864, re-

pectively. For the SWE alone, at the ORIG domain, the DPN model

lso achieved the best classification indices with the leave-one-

ut cross validation, which reached 96.7%, 91.1%, 93.4%, 87.9%, and

.920, respectively. The results indicated that the DPN model per-

ormed better than the PCA model for a single modality. 

.2.2. Dual-modal classification results 

The classification results at different domains of dual-modal

eatures are listed in Table 3 . The DPN model at the CONT do-

ain achieved an SPE of 94.1%, an ACC of 95.6%, a YI of 91.9%

nd an AUC of 0.961, respectively, which were increased by 2.2%,

.3%, 2.2%, and 0.037, respectively, compared to its counterparts at

he ORIG domain. At the CONT domain, the PCA model achieved

n SEN of 85.9%, an ACC of 85.9%, a YI of 71.8% and an AUC of
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Fig. 3. Segmentation results of a benign breast tumor (a–d) and a malignant breast tumor (e–h). (a, e) The B-mode ultrasound images; (b, f) results of manual segmentation 

by radiologists, as the gold standard for segmentation; (c, g) results of the traditional RD model; (d, h) results of the RD-GAD model. 

Table 3 

Dual-modal classification results. 

ORIG CONT 

PCA MKL DPN PCA MKL DPN 

SEN 80.4% 73.9% 97.8% 85.9% 75.0% 97.8% 

SPE 88.1% 86.7% 91.9% 85.9% 90.4% 94.1% 

ACC 85.0% 81.5% 94.3% 85.9% 84.1% 95.6% 

YI 68.6% 60.6% 89.7% 71.8% 65.4% 91.9% 

AUC 0.880 0.871 0.924 0.908 0.915 0.961 
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Table 4 

Classification performance in representative publications. 

Literature Patient 

no. 

Tumor 

no. 

Method SEN 

(%) 

SPE 

(%) 

ACC 

(%) 

YI 

(%) 

AUC 

Zhang et al. [31] 121 227 S 88.6 97.1 93.4 85.7 0.947 

Wang et al. [32] 100 126 S 93.4 95.4 94.4 88.8 0.952 

Moon et al. [22] 106 109 B + S 90.4 94.7 92.3 85.1 0.961 

Han et al. [33] 5151 7408 B 86.0 96.0 90.0 82.0 0.900 

Yu et al. [34] 187 137 S 95.1 94.6 94.8 89.7 –

Song et al. [35] 200 209 B + S 68.2 98.0 82.8 66.2 –

This study 121 227 B + S 97.8 94.1 95.6 91.9 0.961 

S = quantitative features on shear-wave elastography; B = quantitative features on B- 

mode ultrasound. 

This study and [31,33,34] were performed with cross-validation. 
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.908, respectively, with the leave-one-out cross validation, which

ere increased by 5.5%, 0.9%, 3.2% and 0.028, respectively, com-

ared to the results at the ORIG domain. The MKL model at the

ONT domain achieved an SEN of 75.0%, an SPE of 90.4%, an ACC

f 84.1%, a YI of 65.4% and an AUC of 0.915, respectively, which

ere increased by 1.1%, 3.7%, 2.6%, 4.8% and 0.044, respectively,

ompared to its counterparts at the ORIG domain. The experimen-

al results showed that the contourlet-based texture features had

uperior performance to the traditional features for tumor diagno-

is with dual-modal ultrasound images. 

It was also seen from Table 3 that the SEN (97.8%), SPE (94.1%),

CC (95.6%), YI (91.9%), and AUC (0.961) of the dual-modal DPN

ethod at the CONT domain were increased by 1.1%, 3%, 2.2%,

%, and 0.041, respectively, compared to the best classification re-

ults of the single-model DPN methods. The SEN (85.9%), ACC

85.9%) and YI (71.8%) of the dual-modal PCA method at the

ONT domain were increased by 9.8%, 2.2% and 6.8%, respectively

ompared to the best classification results of the single-model

CA methods. These results showed that the methods with dual-

odal features outperformed their counterparts with single-modal

eatures. It also indicated that dual-modal features could more

omprehensively express and capture the information of benign

nd malignant breast tumors than single-modal features, thus ele-

ating the accuracy of the artificially intelligent diagnosis. 

As enumerated in Tables 2 and 3 , the DPN model at the CONT

omain achieved the best SEN of 97.8%, SPE of 94.1%, ACC of 95.6%,

I of 91.9%, and AUC of 0.961 in the validation set, respectively.

ompared to all other classification models, the best classification

erformance was improved by 11.9%, 8.2%, 9.7%, 20.1%, and 0.053,

espectively. These results indicated that the DPN model could

ore effectively learn the relationships between features of differ-

nt modalities and thus it could help to more accurately classify

reast tumors. 
. Discussion 

The most important contribution of this work is the introduc-

ion of AI architecture to breast cancer diagnosis with dual-modal

ltrasound. This study used a deep learning algorithm, the DPN,

o achieve more accurate, efficient and convenient classification.

he dual-modal AI architecture was superior to all other com-

ared methods and could improve the classification performance

f breast tumors, which indicated that the AI-based technique

ould get close results to breast tumor biopsies and could be po-

entially applied to clinical non-invasive diagnosis. 

Our dual-modal DPN method achieved superior or compara-

ive performance compared to various recent studies outlined in

able 4 . The AUCs across these studies ranged from 0.900 to 0.961,

he YIs were between 66.2% and 91.9%, and the ACCs were between

2.8% and 95.6%. Our method yielded the largest AUC (0.961), the

argest ACC (95.6%) and the largest YI (91.9%), demonstrating that

ur AI-based method has the state-of-the-art classification abil-

ty. The two studies with the largest AUCs (ours and [22] ) were

oth based on dual-modal features, indicating that the dual-modal

ethods outperformed the single-modal methods for classification

f breast tumors. The dual-modal methods could more fully cap-

ure the benign and malignant information from breast tumors and

hus could elevate diagnostic performance [23] . 

In this paper, we proposed an improved RD method for tumor

egmentation, i.e., the RD-GAD. The RD method is a level set

odel that is free of the costly reinitialization procedure and

as been proved to be valuable in image segmentation [24,25] .

owever, the traditional RD model cannot be directly applied to

edical ultrasound images, because the speckle noise, an inherent,
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multiplicative noise in ultrasonic imaging, largely blurs the image

details and reduces the contrast of the image. We combined the

RD model with the GAD algorithm in order to suppress the effect

of speckle noise on segmentation and thus made the RD-GAD

capable of accurately segmenting B-mode ultrasound images. 

At present, morphological features on ultrasound are gener-

ally used in artificially intelligent diagnosis systems for breast tu-

mors [26] . To augment the classification accuracy of the AI-based

systems, we extracted texture features from tumors by using the

contourlet transform. The contourlet transform quantified textures

that represented tumor elastic heterogeneity on spatial-frequency

domain, bringing detailed information to tumor classification [10] .

The combination of the morphological features and texture fea-

tures improved the accuracy for breast tumor classification. 

There are some limitations and directions for future work. First,

the RD-GAD algorithm rendered automated segmentation of breast

lesions and helped diagnose breast tumors. With more advanced

machine learning especially deep learning approaches [26 –29] , the

segmentation accuracies are expected to be further enhanced. Sec-

ond, we combined features from SWE and B-mode for dual-modal

classification by using the DPN algorithm. Only one type of elastog-

raphy, i.e., SWE [30] , was adopted, and other types such as strain

elastography could be integrated for ultrasonic multimodal diagno-

sis in the future. Third, the parameters in the DPN algorithm such

as the node number and depth were emperically adjusted to yield

the best performance. It is important to explore a more intelligent

and effective approach for the optimal parameter setting. 

5. Conclusion 

In conclusion, we propose a dual-modal AI-based framework for

diagnosis of breast tumors. The experimental results show that the

dual-modal DPN was superior to all other frameworks, indicating

that the AI architecture can assist in more effective and more con-

venient classification of breast tumors. 
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