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Abstract This study aims to evaluate whether the distribution
of vessels inside and adjacent to tumor region at three-
dimensional (3-D) power Doppler ultrasonography (US) can
be used for the differentiation of benign and malignant breast
tumors. 3-D power Doppler US images of 113 solid breast
masses (60 benign and 53 malignant) were used in this study.
Blood vessels within and adjacent to tumor were estimated
individually in 3-D power Doppler US images for differential
diagnosis. Six features including volume of vessels, vascularity
index, volume of tumor, vascularity index in tumor, vascularity
index in normal tissue, and vascularity index in surrounding
region of tumor within 2 cm were evaluated. Neural network
was then used to classify tumors by using these vascular
features. The receiver operating characteristic (ROC) curve
analysis and Student’s t test were used to estimate the perfor-
mance. All the six proposed vascular features are statistically
significant (p<0.001) for classifying the breast tumors as

benign or malignant. The AZ (area under ROC curve) values
for the classification result were 0.9138. Accuracy, sensitivity,
specificity, positive predictive value, and negative predictive
value of the diagnosis performance based on all six proposed
features were 82.30 (93/113), 86.79 (46/53), 78.33 (47/60),
77.97 (46/59), and 87.04 % (47/54), respectively. The p value
of AZ values between the proposed method and conventional
vascularity index method using z test was 0.04.
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Introduction

Tumor vascularity is an important factor closely correlated
with tumor malignancy [1]. Studies have shown that the
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vascular geometry in malignant tumors was relatively cha-
otic compared with that in benign tumors [2]. To increase the
diagnostic accuracy, morphologic features of tumor vessels
have been taken into consideration [3, 4]. Doppler ultrasound
could provide a noninvasive method for assessing vessels and
is a reliable tool for investigating vascular flow direction and
velocity [5, 6]. Holcombe et al. [7] found that malignant tumor
is more likely to have detectable flow than benign tumor and
when it is presented in small tumor is highly suggestive of
malignancy. In a previous research of two-dimensional (2-D)
ultrasonography (US) image [8], counting the number of
vessel voxels is the most common method to assess vascular-
ity. Wu et al. [8] proposed the vascularity index (VI), defined
as the number of vessel pixels divided by the number of all
pixels of the whole tumor in 2-D Doppler US image, to assess
the malignant cervical lymphadenopathy and the performance
accuracy was 81 %; sensitivity, 78 %; and specificity, 83 %.
However, the VI was based on the 2-D image and did not take
the entire spatial information into consideration and either
vascularity or diagnosis result was highly dependent on the
selected representative slice. Unlike 2-D US, three-dimensional
(3-D) power Doppler US can provide the detailed anatomy of
tumor and reveal more precise distribution of vascular mor-
phology [9].

Besides quantification of vessel amounts based on num-
ber of pixels or voxels [3, 4, 10], other features based on
vessel morphology and tortuosity were also studied [11, 12].
Besides the power Doppler US, Molinari et al. [13] and
Schneider et al. [14] analyzed the vascularity of micro-
vessels on the contrast-enhanced ultrasound according to
the microbubble-based characteristics. Maheo et al. [15]
evaluated the change of vascular structure on the contrast-
enhanced ultrasound to predict the response of chemothera-
py. However, because in many centers contrast imaging is
not available, the use of Doppler images in this study is
good and a clear application for such a situation. Because of
the heterogeneously growing vessels related to the tumor
location, studies have applied several volumes around tu-
mor, divided vessels into different partitions, and then ana-
lyzed the vessels individually [9, 16, 17]. The four specific
regions around the tumor [16] were used to evaluate vascu-
larity within different volumes, including inside, upper half,
3-mm shell surrounding, and upper half region of 3-mm
shell region of radiologist-defined ellipsoid. Based on the
same concept, another study [9] used the manually selected
region of interest at the first, middle, and last slices of tumor
lesion to build a polygon and analyze the vessel networks
inside and outside the polygon individually. The sensitivity,
specificity, and accuracy could achieve 94, 69, and 81 %,
respectively. In the Gokalp’s study [17], whether the vessel
is in the central part of the tumor, periphery of the tumor
region, or penetrating into the tumor or not was used to
distinguish the different pathological type of the tumor and

the sensitivity, specificity, positive predictive value (PPV),
and negative predictive value (NPV) were 71.8, 81.8, 73.7,
and 80.4 %, respectively. These studies [9, 16, 17] con-
firmed that the related information of vascular features and
tumor region could be combined well for classification of
breast tumors in 3-D US diagnosis system.

In the current study, the segmented tumor region was
applied to separate the vessels into several volumes. After
the tumor volumes of interest (VOI) were determined, the
specific regions were used to quantify the vascularity inside,
outside, and adjacent to the tumor. These specific tumor-
related regions have been used [9, 16, 17] to evaluate the
vascular degree. Computer-aided diagnosis (CAD) [18–23]
then can help to analyze these quantitative vascular features
and can assist physicians to differentiate the tumor more
effectively. Thus, the purpose of our study was to evaluate
the accuracy of neural network analysis of relation between
different volumes corresponding tumor region and vascular
features at 3-D power Doppler US for the classification of
breast tumors.

Materials and Methods

Patients

In this study, the datasets were collected from 113 consecutive
patients between June 2008 and June 2009. All the patients
who received 3-D power Doppler US before undergoing sur-
gical excision or percutaneous needle biopsy based on suspi-
cious US findings were applied to evaluate the performance of
the proposed system. This study was approved by the local
ethics committee, and the informed consent was waived for this
retrospective study. The malignant lesions were further con-
firmed by pathology after the 3-D power Doppler US evalua-
tion. The lesions of all patients were pathologically proven by
core needle biopsy fine-needle aspiration cytology. A total of
113 solid breast masses (60 benign and 53 malignant) in 107
patients with definitely visualized tumor vessels at 3-D power
Doppler US were used to evaluated the performance of the
proposed method. The benign cases included 9 fibroadenomas
(tumor size; mean±standard deviation, 15.7±5.0mm), 39 focal
fibrocystic changes (14.5±8.9 mm), 5 papillomas (9.8±
2.6 mm), and 7 fibroepithelial lesions (11.3±3.7 mm). The
malignant lesions included 34 invasive ductal carcinoma
(31.2±20.0 mm), 11 ductal carcinoma in situ (28.0±
30.6 mm), and 8 invasive lobular carcinoma (15.6±
10.5 mm). The sizes of lesions were based on B-mode US.

US Imaging

All US images were acquired with a 3-D power Doppler US
scanner (Voluson 730; GE Kretz, Zipf, Austria) and a 6- to
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12-MHz-dedicated volume transducer. A suitable volume
box size determined by a breast radiologist was chosen
properly to include the most vessels with amount of normal
surrounding breast tissue. Since there were no specific rules
to capture the image, larger view including whole tumor
region was usually used to observe the vessels surrounding
the tumor. In this study, the scan width size was 4.0 cm and
the sweep angle was 25–30°. The 3-D volume was obtained
by using a curvilinear probe swept mechanically. The three-
dimensional volume files were then saved in Cartesian
coordinates and observed using the 4D-View program with
US scanner.

Image Preprocessing

In general, undue brightness, undue darkness, low contrast,
and speckle noises are some common artifacts in ultrasound
images. To achieve the purpose of acquiring better segmenta-
tion result of tumors in ultrasound gray images, it is necessary
to perform a series of image preprocessing operations.

In order to promote the discrimination between region of
tumor and region of normal tissue for tumor segmentation,
the sigmoid filter [24] was then further used to highlight the
boundaries of tumor. For reducing the noise influence, sig-
ma edge-preserving filter [25] was used to smooth image
without discarding the tumor boundary information. This
filter was to average over the neighboring and similar pixels
of each pixel, and these similar pixels was defined as the
intensity within the difference of one standard deviation
computed from the entire neighborhood. Moreover, in
according to the usage of our main segmentation method,
level set [26], the magnitude of gradient image [27] were
extracted as the input of level set method from the smoothed
image. Figure 1b–d shows the preprocessing results of ultra-
sound image.

Tumor Extraction

Segmentation plays an important role to precisely extract the
region of tumor for quantifying the relationship between
tumor growth and vascularity. In this study, level set method
[26, 28] was used to extract the boundary between tumor
voxels and normal tissue voxels. It needed a seed within
tumor to construct initial tumor contour and then iteratively
modify the contour until it converged. It is a numerical
computing algorithm to trail the propagating isosurface step
by step. For segmenting the tumor contour, it could start
from a 3-D surface and evolve it to approach the zero-level
set Γ(x, t)0{ψ(x, t)00} in Fig. 2, where x is a point inℜN, t
is time, and ψ(.) is level-set function. The segmented result
of Fig. 1a is shown in Fig. 1e.

Finally, the tumor VOI was segmented and then this result
was further used to analyze the relation between tumor and
vessels.

Vessel Extraction

In the decoded power Doppler ultrasound vessel image, the
colored voxels are represented in red, green, and blue color
system. Power Doppler depicted the amplitude of Doppler
signals and stores in the color-encoded information that
serves as index [29]. The corresponding voxels shown in a
power Doppler ultrasound image revealed a brighter red
color when the amount of blood flow in vessels increases.
Therefore, we applied a predefined threshold value TR to
examine the red channel for each voxel. The voxel in the
vessel image will be represented as vascular point if its red
component R is equal to or greater than TR. In this study, the
value of TR is manually selected to be 120 by experienced
physicians. Because the vessels with higher blood flow were
supposed to more closely correlate with tumor pathologies,

Fig. 1 A segmenting sequence of benign case. a Original image. b Sigmoid filter result. c Sigma filter smooth. d Gradient image. e The segment
result after applying the level set method
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the threshold was applied to retain the vessels with higher
blood flow for further analysis and remove the artifacts. The
original 3-D image was then converted into binary which
represented the vascular information.

Feature Extraction

In this study, two kinds of images including gray images and
color images were proceeded individually. The vascular
features considered for further breast tumor diagnosis were
extracted from the 3-D gray scale and color image. Values of
six vascular features of tumors were adopted to evaluate benign
and malignant tumors.

These features can be classified into two major categories
including vessel features and tumor-vessel features. Vessel
volume (VV) and vascularity index (VI) were the two vessel
features used in this study. The first feature, vessel volume,
was determined as the volume of vessel voxels in the pro-
cessed vessel image. Therefore, vessel volume VV can be
evaluated by

VV ¼ NV � p3 ð1Þ

where NV is the total amount of vessel voxels in the pro-
cessed vessel image and P is the resolution of the image
(millimeter per pixel). It had been reported that the statisti-
cally significant increase in vascular points was found on the
basis of malignancy and metastases compared with benign
tumors. It implicated that the growth of malignant carcino-
mas was closely related to the formation of blood vessels

from the surrounding tissues [8]. Once the density of vessels
becomes noticeably high, it shows a high tendency toward
the malignancy. The vascularity index VI determined as the
number of vessel voxels divided by the number of total
voxels in the entire volume was used to estimate the density
of vessels.

The other kind of features were tumor-vessel features that
evaluated using both vessel and tumor information. The
tumor-vessel features adopted in this study were tumor vol-
ume (VT), vascularity index in tumor (VI_in), vascularity index
in normal tissue (VI_out), and vascularity index in neighboring
region outside tumor within 2 cm distance (VI_around_2). More-
over, the tumor region should be segmented first to extract the
features. The tumor volumeVT is determined by the number of
voxels in the VOI which had been segmented in advance.
Therefore, tumor volume VT can be evaluated by

VT ¼ NT � p3 ð2Þ
where NT was the total amount of tumor voxels. To observe
the degree of vessel density inside tumor VOI, vascularity
index in tumor VI_in was defined as

VI in ¼ NVT NT= ð3Þ
where NVT denoted the number of vessel voxels inside VOI
obtained from vessel image with corresponding tumor region.
Similarly, the degree of vessel density outside tumor VOI was
evaluated by vascularity index in normal tissue VI_out defined
as

VI out ¼ NVN NN= ð4Þ
where NVN denoted the number of vessel voxels outside the
tumor region and NN denoted the total number of voxels
outside the tumor region.

With the growing of tumor, the formation of blood vessels
in the normal tissues surrounding the tumor region may be
also influenced. Therefore, vascularity index in neighboring
region of tumor within the distance of 2 cm (VI_around_2) was
considered to evaluate the degree of vessel density in the
surrounding region. For obtaining the surrounding region,
the distance from each pixel to the boundary could be found
in a 2-D distancemap [30] and it was extended to 3-D distance
map recorded the distance between the tumor surface to each

Fig. 3 A benign fibroadenomas case with a tumor size of 10 mm and a predicted value of 0.0163 by using our six features. a Original US image
with the tumor pointed by the arrow. b The segmented 3-D tumor region. c The 3-D vascular structure. d Components of tumor and vessels

Fig. 2 Zero set in a level set. The sign of ψ is different between inside
and outside zero level set
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voxel. Due to the different resolution p (in millimeters per
pixel) of each image case, the neighbor d millimeter distance
we want to focus on could be computed by d/p in voxel
distance. In our study, the d distance was 20 mm from the
tumor boundary. Vascularity index in neighboring region of
tumor VI_around_2 was then evaluated by

VI around 2 ¼ NVA 2 NNA 2= ð5Þ
where NVA_2 was the number of vessel voxels outside tumor
and within 2 cm in the neighboring region and NNA_2 was the
number of all voxels away from tumor boundary less than
2 cm.

Classification

A general multilayer perceptron neural network with back-
propagation learning rule [31] was adopted to classify solid
breast tumor based on the values of the proposed six features.
The predictive likelihood evaluated by the neural network lies
between 0 and 1. A predefined threshold, 0.1, was used to
classify the benign and malignant tumors for obtaining a
higher sensitivity. The k-fold cross-validation method [32]
was used to estimate the performance of the neural network.
The 113 3-D power Doppler US images in the database were
randomly divided into five groups.

Statistical Analysis

The mean value and standard deviations of the six proposed
features were evaluated for benign and malignant tumors by

using 3-D power Doppler US images. Unpaired Student’s t
test was used to determine whether the proposed features
were statistically significant over the entire database.
According to this test, the differences between benign and
malignant breast tumors were statistically significant for
values of all six features (p<0.001). The performance of
the values for these six proposed features was evaluated by
receiver operator characteristic (ROC) curve analysis pro-
gram (LABROC1, 1993; Charles E. Metz MD, University
of Chicago, Chicago, IL).

Results

Feature Analysis

In the beginning, tumor extraction algorithm was first applied
to extract the tumor VOI. Figures 3 and 4 show the extracted
result of VOI for benign and malignant cases which were
correctly diagnosed, respectively. In Fig. 5, it shows the VOI
of false positive case caused by the too unusual many vessels
to result in the benign diagnosis. On the other hand, based on
the fewer vessels, it was hard to compute the vascular structure
for analyzing the malignant likelihood. A false negative case
is shown in Fig. 6. To show the feasibility of six proposed
features, the mean value, standard deviation and p value using
t test of the six proposed features, VV, VI, VT, VI_in, VI_out, and
VI_around_2, in benign tumors and malignant tumors are shown
in Table 1. Differences between benign and malignant tumors
were statistically significant for values of all six proposed
features (p<0.001).

Fig. 4 A malignant invasive ductal carcinoma case with a tumor size
of 55 mm and a predicted value of 0.9998 by using our six features. a
Original US image with the tumor pointed by the arrow. b The

segmented 3-D tumor region. c The 3-D vascular structure. d Compo-
nents of tumor and vessels

Fig. 5 A false positive case (misdiagnosis) of fibrocystic change with a predicted value of 0.6065 by using our six features. a Original US image
with the tumor pointed by the arrow. b The segmented 3-D tumor region. c The 3-D vascular structure. d Components of tumor and vessels
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Diagnostic Analysis and Accuracy

The ROC area index AZ over the testing output values was
examined to evaluate the overall performance of proposed
method. The AZ value of vessel features—VV and VI were
0.93 and 0.83. For the tumor-vessel features—VT, VI_in, VI_out,
and VI_around_2, the AZ values were 0.84, 0.42, 0.82, and 0.81,
respectively and show in Fig. 7.

The diagnostic performances of 3-D US image classifi-
cation results of solid breast tumors using neural network
are illustrated in Tables 2 and 3. Accuracy, sensitivity,
specificity, PPV, and NPV of the diagnosis performance
based on all six proposed features were 82.30 (93/113),
86.79 (46/53), 78.33 (47/60), 77.97 (46/59), and 87.04 %
(47/54), respectively. Besides the diagnostic performance of
using all features, the diagnostic performances that vascu-
larity index feature, VI, mentioned before, was used as the
only feature for diagnosis were shown in the Table 2 for
comparison. In comparison with the proposed scheme, the
result using conventional vascular feature, VI, as the only
feature for classification can only achieve 76.99 % accuracy,
84.91 % sensitivity, 70.00 % specificity, 71.43 % PPV, and
84.00 % NPV. Figure 8 illustrates the ROC curves of the
neural network classification between benign and malignant
tumors using all the proposed features and VI only. The AZ

values of these two schemes were 0.91 and 0.83, respectively.
The corresponding two-tailed p value of these two AZ values
using z test was 0.04.

Discussion

This paper presented a method that quantified the relation
between tumor region and blood vessels from 3-D breast
power Doppler US images. The quantitative features were
further used by CAD system for breast tumor differential
diagnosis. The results showed that the proposed neural
network method can successfully differentiate breast tumors
as benign or malignant with the relation of tumor region and
vascular features at 3-D power Doppler US images. The
vessel networks could be different functionality with respect
to the different tumor regions. In all benign and malignant

image cases, the majority of vessels were outside tumor.
Hence, the vessels outside tumor could reveal the most
information of vascular morphology related to the tumor.
On the other hand, the malignant tumor was usually with
larger lesion size, it would consume much energy to main-
tain its growing. Hence, the inside-tumor vessel could play
an important role to supply nutrition and oxygen to affect
the histological changes of tumor tissues [1]. Thus using
functional vessel distribution of different region could re-
flect different tissue characterization and evaluate the ma-
lignancy likelihood [9, 16, 17].

The vascularity evaluation at different regions with re-
spect to tumor location was an efficient method to diagnose
tumor [9, 16]. The regions formed respectively by the semi-
manual polygon [9] and radiologist-defined ellipsoid [16]
were confirmed to be useful to quantify vascularity. Com-
pared with other studies [9, 16], our proposed method is
unique in terms of the selected regions to evaluate vascular-
ity. In accordance to the functional difference, regions in-
side, outside and, adjacent to segmented tumor were used to
evaluate the vascular features in our study. Compared with
the results by using vascularity index feature, accuracy,
sensitivity, and specificity of the diagnosis performance

Fig. 6 A false negative case (misdiagnosis) of invasive ductal carcinomawith a predicted value of 0.1002 by using our six features. aOriginal US image
with the tumor pointed by the arrow. b The segmented 3-D tumor region. c The 3-D vascular structure. d Components of tumor and vessels

Table 1 The mean value, standard deviation, and the p value using t test
of six proposed features—vessel volume (VV), vascularity index (VI),
tumor volume (VT), vascularity index in tumor (VI_in), vascularity index
in normal tissue (VI_out), and vascularity index in around region of tumor
(VI_around_2) in the benign and malignant tumors (p<0.001)

Value Type Mean±standard deviation p value

VV Benign 14.4099±31.6045 <0.001
Malignant 193.4439±294.6314

VI Benign 0.0010±0.0017 <0.001
Malignant 0.0045±0.0043

VT Benign 129.2817±119.5978 <0.001
Malignant 686.6199±822.3662

VI_in Benign 0.0002±0.0008 <0.001
Malignant 0.0022±0.0045

VI_out Benign 0.0004±0.0007 <0.001
Malignant 0.0018±0.0026

VI_around_2 Benign 0.0003±0.0022 <0.001
Malignant 0.0054±0.0090

736 J Digit Imaging (2013) 26:731–739



were improved to 82.30 (93/113), 86.79 (46/53), 78.33 %
(47/60), respectively.

The qualitative and quantitative analyses based on pixel
counts or flow parameters are not superior to the subjective
analysis of vessel morphology by radiologists [2, 33].
Therefore, we used the vessel pixel counts as our features
and further focused on the quantitative measurements that
reflected the vascularity features with corresponding tumor
region as depicted by using 3-D power Doppler US [9, 16].

After the tumor region was segmented, the useful features
in previous study [8, 10, 11, 34] were applied and incorpo-
rated into the tumor region information to extract the vas-
cular properties, tumor-vessel features. Hence, the vessel
features related to the tumors were extracted to analyze the
tumor, such as blood vessel inside the tumor region, and
blood vessel outside the tumor region, and in our study they
are useful criteria for differentiating the tumors as malignant
or benign. In previous researches [9, 16, 17], the vessels

were separated into several partitions to evaluate vascularity,
but they only applied the simplest characteristics to diagnose
tumor, the accuracy, sensitivity and specificity in the study
[17] were only 77.6, 71.8, and 81.8 %, respectively. In our
study, the spatial domain was separately into several
regions, inside tumor, outside tumor, and the periphery of
inside tumor, and then these regions were used to compute
vascularity based on vascularity index [8]. The vascular
network can be estimated individually with corresponding
different tumor region to recognize the tumor malignancy.
By exploiting the proposed tumor-vessel features, a higher
accuracy can be achieved in comparison with using conven-
tional vessel features as description in Tables 2 and 3. From
these two tables, using tumor contour information to evaluate
individually the distribution of vessels inside and adjacent to
tumor results in a better diagnosis accuracy in our study. The
simpler vascular features with tumor region information in

Table 2 3-D US image classification results of breast tumors using
neural network with all proposed features and VI, respectively

Sonographic
classification

NN with all features NN with VI

Benigna Malignanta Benigna Malignanta

Benign TN 47 FN 7 TN 42 FN 8

Malignant FP 13 TP 46 FP 18 TP 45

Total 60 53 60 53

TP true positive, TN true negative, FP false positive, FN false negative
a Histological finding. Accuracy0(TP+TN)/(TP+TN+FP+FN);
sensitivity0TP/(TP+FN); specificity0TN/(TN+FP); positive predic-
tive value0TP/(TP+FP); negative predictive value0TN/(TN+FN)

Table 3 Performance indices using neural network with all proposed
features and VI, respectively

Item All feature (%) VI (%)

Accuracy 82.30 76.99

Sensitivity 86.79 84.91

Specificity 78.33 70.00

PPV 77.97 71.43

NPV 87.04 84.00

PPV positive predictive value, NPV negative predictive value

Fig. 8 The ROC analyses of neural networks using all six proposed
features and VI feature only

Fig. 7 The ROC analysis of six vascular features
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this research perform as well as Chang’s study [11], with
experiment accuracy of 85.20 and 84.6 % individually.

Because the number of vessel pixels was decided by the TR,
the extracted features could be affected by this threshold. In
the future, the diagnostic accuracy of our system can be
improved focusing on three issues. Firstly, the automatic TR
selection algorithm should be further investigated to make the
proposed system more robust without manual interference.
Secondly, B-mode image could be used not only for segment-
ing tumor but also for extracting more tumor characteristics
[35, 36] to remove the manual influence. Thirdly, more mor-
phological features can be extracted around the tumor region
to have more understanding of the relation between vascular-
ity and the likelihood of tumor malignancy. Finally, our vas-
cular features might also be used as prognostic markers to
differentiate different histology [37, 38].

In conclusion, we proposed a method that makes use of
quantitative relationship between tumor region and vascular-
ity features from 3-D breast power Doppler US images to
classify solid breast tumors as benign or malignant. The
results showed that 3-D power Doppler US images, combined
with computer-aided analysis, can effectively classify benign
and malignant breast tumors using the six proposed features
with accuracy and sensitivity, 82.30 and 86.79 %.
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