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Abstract

To compare the diagnostic performances between two
computer aided diagnosis (CAD) systems, this research
trains one system by conventional ultrasound (US) and
the other by spatial compound imaging, for differentiating
between benign and malignant breast masses. The study
obtains conventional US and spatial compound images in
128 patients with 140 masses including ninety-seven
benign and forty-three malignant masses simultaneously.
Each mass was characterized by eight computerized
features including the morphological class (shape,
orientation, and margin) and acoustic class (lesion
boundary, echo pattern, and posterior shadowing). The
study trained the binary logistic regression model by
correlating the pathological results with the computerized
features as a CAD system. When utilizing acoustic class
features to construct CAD systems, the area indices under
ROC curves were 0.80 and 0.85, respectively, using
conventional ultrasound and using spatial compound
imaging. The area indices were 0.95 and 0.97,
respectively, using all features in conventional US and
that in spatial compound imaging. The diagnostic
performance of the CAD system did not significantly
improved using spatial compound imaging.

1. Introduction

Ultrasound imaging has become more prevalent than
other medical imaging techniques due to convenience,
noninvasiveness, and forming images in real-time. For
breast ultrasound findings, the Breast Imaging Reporting
and Data System (BI-RADS) developed by the American
College of Radiology [1] standardizes the descriptions of
sonographic characteristics and treatments as lexicon.
Clinically, the radiologist describes the US finding on the
basis of standardized descriptions in BI-RADS including
shape, orientation, margin, lesion boundary, echo pattern,
and posterior shadowing features and then assess the
likelihood of malignancy.

However, the ultrasound image suffers from an
inherent imaging artifact called speckle. Generally, the
speckle artifact in an image masks the details and
degrades contrast. To reduce this artifact, spatial
compound imaging was, therefore, proposed [2-4].
Electronic beam steering of a transducer array rapidly
acquires and compounds several images of the same
region from varying insonation angles to form an image

at real-time frame rates. The formed image is averaged
from images at several different angles, reducing speckle
artifact influence.

Compared with conventional US, using spatial
compound imaging could improve image quality [5-8].
The improvements include reducing speckle artifacts,
enhancing mass margin delineation, and improving the
conspicuity of low-contrast mass. However, the posterior
acoustic characteristic is less clears in spatial compound
imaging than in conventional US. Differences between
the two imaging techniques have concerned radiologists
regarding the inter-observer agreement [9, 10]. In their
results, using spatial compound imaging improves the
inter-observer agreement and reduces the inter-observer
variation. Further, Cha et al. [11] assessed the influence
of spatial compound imaging for diagnostic performance
of radiologists. They concluded that spatial compound
imaging did not significantly improve diagnostic
performance of radiologists with respect to
characterizing solid breast masses.

With the rapid development of computer applications,
computer-aided diagnosis (CAD) systems were widely
developed for differentiating the benign from malignant
masses [12-15]. In these results, several computerized
features were defined to characterize the mass and the
correlation with corresponding pathological results was
regressed by training a classification model, such as a
neural network, as a CAD system [12, 14]. However,
research investigating the influences of imaging
techniques to a CAD system is lacking. This study
assesses the influences of spatial compound imaging,
compared with the conventional US, for the CAD
system.

2. Materials and Methods

2.1. Data Acquisition
This research obtained approval from the institutional

review board and consent from all patients included in
this study. Between December 2002 and February 2003,
128 patients underwent excisional or percutaneous
needle biopsy due to suspicious mammographic or
physical findings examined by ultrasound. An
experienced breast radiologist using an ultrasound
scanner ATL HDI 5000 (Advanced Technological
Laboratory, Bothell, WA, USA) performed the
ultrasound examinations. This study included a total of
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140 solid breast masses, including ninety-seven
benignities and forth-three malignancies. The scanning
processes used linear-array transducers with a 5-12 MHz
and did not use changing depth, focus position, and gain
settings. Both conventional US and spatial compound
imaging captured images and randomly determined the
order of acquisitions. The target mode produced all
spatial compound images consisting of nine frames
obtained from different viewing angles. The scanning
protocol used both transverse and longitudinal real-time
imaging of the solid masses and a split-screen imaging
mode obtained identical images with conventional US
and spatial compound imaging. To avoid interaction
between computerized image segmentation methods and
imaging techniques, the radiologist retrospectively
analyzed static ultrasound images and drew the margin
of mass using a paint program (Microsoft Paint, version
5.2, Microsoft Inc, Seattle, WA).

2.2. Computerized BI-RADS Features
The BI-RADS sonographic features, including shape,

orientation, margin, lesion boundary, echo pattern and
posterior shadowing, are quantified into eight
computerized features to characterize a mass.

The best-fit ellipse [16] characterizes the mass shape
as shown in Fig. 1. The ratio between the perimeter of
mass and that of corresponding best-fit ellipse evaluates
the irregularity, SPR, for a mass shape as

)(
)(
ellipsefit-bestPerimeter

massPerimeterSPR � (1).

Further, the mass orientation, OE, can be estimated by
the angle � between the horizontal line and the
major-axis of the best-fit ellipse as shown in Fig. 1. The
range of � is limited in ]2,[0 � .

The distance map [16] counts the undulations and
angular characteristics on the mass margin. For each
pixel in the ROI, the distance to the lesion boundary is
calculated. Fig. 2(b) shows an example for the distance
map of a mass. In the figure, darker intensity means a
longer distance. The lobulate areas between the mass
margin and the maximum inscribed circle of the mass are
defined as candidates of undulation as shown in Fig. 2(c).
If the maximum distance within each lobulate area is
larger than a predefined threshold, this lobulation is
admitted to an undulation. The local maxima on the
distance map are grouped and each formed group is
regarded as an angular characteristic as shown in Fig.
2(c). Finally, this research regards the summation of
undulations and angular characteristics, MUA, are
regarded as a margin feature.

For evaluating the degree of abrupt interface across a
lesion boundary, the distance map partitions two
disjointed ring-like areas around the lesion boundary as
shown in Fig. 2(d). The difference between the average
gray intensities of two areas evaluates the degree of
abrupt interface, LBD.

The contrast and variation within a mass measure echo
pattern characteristic is measured by the. When sorting
the pixels within the mass in ascendant order by their
gray intensities, the first quartile Q1 is computed in order
to divide the pixels into darker and general groups. The
average gray intensities for the mass and darker group
are defined as

MPN
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where NMP is the number of mass pixels and NDG is the
number of pixels in the darker group and I(p) indicates
the gray intensity of pixel I. Then, the contrast feature
EPC is defined as

massavg
DGavgEPC _

_
� (3).

(a) (b)
Figure 1. (a) Spatial compound imaging shows a
malignant US finding. (b) The best-fit ellipse is regarded
as baseline to describe the mass shape and orientation.

(a) (b)

(c) (d)
Figure 2. (a) Spatial compound imaging shows a
malignant US finding. (b) The corresponding distance
map of mass (a). (c) Two undulation and four angular
characteristics are discovered on the margin. Each
angular characteristic is circumscribed by ellipse. (d)
Outer and inner areas around the lesion boundary also
could be partitioned by distance map..

(a) (b)
Figure 3. (a) Conventional US shows an US finding. (b)
The area behind the mass is defined to evaluate the
posterior acoustic characteristic.
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The variation on pixel p(x, y) can be evaluated by the
gradient magnitude. Further, the variation of a mass,
EPAG, can be measured as

MP
AG N

pG
EP �� )( (4)

where G(p) is the gradient magnitude at pixel p.
The posterior area behind the mass is defined for

evaluating the posterior acoustic characteristic as shown
in Fig. 3. For avoiding edge shadowing, the left and right
boundaries of the posterior area are, respectively, shrunk
one-sixth of the mass width. The top and bottom
boundaries of the posterior area are parallel to the bottom
boundary of mass. When sorting the pixels within the
posterior area in ascendant order by their gray intensities,
the third quartile Q3 is computed in order to divide them
into brighter and general groups. The average gray
intensities for the posterior area and brighter group are
defined as

PAN
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where NPA is the number of pixels in the posterior area and
NBG is the number of pixels in the brighter group. The
contrast feature PSC is then defined as

PAavgBGavgPSC __ �� (6).
The variation of posterior area PSAG is also evaluated by
the average of gradient magnitudes as

PA
AG N

pG
PS �� )( (7).

2.3. Experiments and performance evaluations
The identification ability of conventional US and that

of spatial compound imaging in differentiating between
malignant and ��������	

�
������	���	���������������
�
t-��
��� ������� �	����	����� ���� ��������
� �-test, this work
performed ���� ������
� ��
�� ��� ������ ���� ���	����� ���
variances.

The defined computerized BI-RADS features
represented both conventional US and spatial compound
imaging. For each imaging technique, the current work
trained the binary logistic regression model [17] by
correlating the pathological results with the computerized
BI-RADS features as a CAD system. In the defined
computerized BI-RADS features, the acoustic related
features, including lesion boundary, echo pattern, and
posterior acoustic characteristic, reflect the difference

between two imaging techniques of the suspicious mass.
The other features mainly present the radiologists�
perception. Therefore, this study also uses the acoustic
related features to construct a CAD system respectively
in either imaging technique.

The k-fold cross validation method [18] verifies the
diagnostic performance of the constructed CAD system.
In this study, k=10, the adopted cases are randomly
partitioned into ten sets according to the pathological
result. The numbers of benign and malignant cases in each
set is similar. The current work regards each set as the test
set once and diagnosed by the CAD system trained by the
remaining nine sets. Five performance indices, including
accuracy, sensitivity, specificity, positive predictive value
(PPV), and negative predictive value (NPV), evaluated
diagnostic performance of the constructed CAD system.
For each performance index, the Chi-square test measured
the significance of difference between two resulting
values. The ROC analysis also measured diagnostic
performance of the CAD system [19]. The z-test
measured the significance of difference between two
resulting Az values.

3. Results

Table 1 lists the mean value and standard deviation in
the benign and malignant groups for conventional US
and spatial compound imaging on each computerized
BI-RADS feature. According to the resulting p-values in
the ��������
� �� ��
��� ���� ������� �	

�
� group was
statistically different from the malignant group on each
BI-RADS feature either for conventional US or spatial
compound imaging because all p-values are less than
0.001 or 0.05.

When using acoustic related features to construct a
CAD system, the current study merged the predicted
likelihoods of malignancy in the ten test sets as the final
diagnostic results for each imaging technique. The area
index under the ROC curve was 0.80 for the CAD
systems using conventional US compared to the area
0.85 for those at spatial compound imaging as shown in
Fig. 4. The difference between the two area indices was
0.05 and not significant because the p-value eas 0.148 in
the z-test. The diagnostic performances, accuracy,
sensitivity, specificity, PPV, and NPV of final diagnostic
results for conventional US were 73.6(103/140),
74.4(32/43), 73.2(71/97), 55.2(32/58), and 86.6(71/82)
respectively. Oppositely, the corresponding performances
were 79.3(111/140), 83.7(36/43), 77.3(75/97),
62.1(36/58), and 91.5(75/82) respectively. Although all
indices for spatial compound imaging were better than
another technique, the differences were not statistically
significant because all p-values were larger than 0.05 in
the Chi-square test.

When adopting all computerized BI-RADS features,
this work further compared the CAD systems trained by
conventional US and those trained by spatial compound
imaging. The area index under the ROC curve was 0.97
for conventional US compared to the area index 0.95 for
spatial compound imaging as shown in Fig. 4. The
difference between the two area indices was not
significant because the p-value was 0.546 in the z-test.
The diagnostic performances, accuracy, sensitivity,
specificity, PPV, and NPV of final diagnostic results for

Table 1. The mean value and standard deviation of each
computerized BI-RADS feature in the benign and the
malignant groups. The difference between two groups
was evaluated by Student�s t-test.
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conventional US were 92.1(129/140), 93.0(40/43),
91.8(89/97), 83.3(40/48), and 96.7(89/92) respectively.
For spatial compound imaging, the corresponding
indices were 93.6(131/140), 93.0(40/43), 93.8(91/97),
87.0(40/46), and 96.8(91/94). The differences were also
not statistically significant in the Chi-square test.

4. Discussion

In this study, the US findings either for conventional
US or for spatial compound imaging were characterized
by eight computerized BI-RADS features. In terms of
capability for differentiating the malignant from benign
masses, both conventional US and spatial compound
��	����� ����� 
�	��
���	���� 
�������	��� ��� ���� ��������
�
t-test, respectively. For the CAD system either trained by
conventional US or trained by spatial compound imaging,
the capabilities for diagnosing masses were not
statistically significant regardless of using acoustic
related features or using all features.
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