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SUMMARY

Ultrasonography has been an important imaging technique for detecting breast tumors. As opposed to
the conventional B-mode image, the real-time tissue elastography by ultrasound is a new technique for im-
aging the elasticity and applied to detect the stiffness of tissues. The red region of color elastography indi-
cates the soft tissue and the blue one indicates the hard tissue. The harder tissue usually is classified as ma-
lignancy. In this paper, the authors proposed a computer—aided diagnosis (CAD) system on elastography to
measure whether this system is effective and accurate to classify the tumor into benign and malignant. Ac-
cording to the features of elasticity, the color elastography was transferred to hue, saturation, and value
(HSV) color space and extracted meaningful features from hue images. Then the neural network was uti-
lized in multiple features to distinguish tumors. In this experiment, there are 180 pathology-proven cases in-
cluding 113 benign and 67 malignant cases used to examine the classification. The results of the proposed
system showed an accuracy of 83.89 %, a sensitivity of 82.09 % and a specificity of 84.96 %. Compared with
the physician’s diagnosis, an accuracy of 78.33 %, a sensitivity of 53.73 % and a specificity of 92.92 %, the
proposed CAD system had better performance. Moreover, the agreement of the proposed CAD system and
the physician’s diagnosis was calculated by kappa statistics, the kappa 0.64 indicated there is a fair agree-

ment of observers.
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The national trial is going on in Japan for confirmin
INTRODUCTION going Jap g

the evidence of reducing the mortality rate of breast

Breast cancer is the most frequent cancer in Japa-
nese women and still increasing year by year. Ultra-
sonic examination could be an effective method for
early detection of breast cancer as well as mammogra-

phy and is thought to reduce breast cancer mortality.
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cancer by screening ultrasonography. Ultrasound elas-

Yis a newly developed technique of imag-

tography '~
ing the tissue elasticity and it has been used clinically
to examine a variety of breast lesions in patients. And
this technique is also used for other organs%g). In
general, the breast cancer tissue is harder than the ad-
jacent normal breast tissue or mostly benign lesions.
The principle of elastography is that the tissue com-
pression produces the strain displacement with smaller
strain in harder tissue and the larger strain in softer

tissue. In the past, the elastograms are grey-level im-
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Fig. 1 Color elastography is transformed to hue image

Hue is monochrome, grey image. CAD system acquires the strain magnitude from hue image.
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Fig. 2 The flow chart of elastography analysis for
computer-aided diagnosis

Tumor region is determined on color elastograhpy.

2) Transform color image to HSV. 3) Calculate on

six features 4) Make diagnosis

ages with dark region for the hard tissue and the
bright one for the soft tissue 1010 The color elasto-
grams, in which the strain information is superimposed
on B-mode images with a translucent color scale, are

121 1n the color elas-

proposed recently by Shiina et a
tograms, the color scale is distributed from red, green

to blue which presents soft, moderate, and hard tissue,

respectively. Moreover, Ueno ' classified the elasto-
graphic images into five categories by the hardness
distribution of inner and outer tumor. The best cutoff
point between the elastographic scores for differentiat-
ing the benign and malignant tumors was between 3
and 4 with sensitivity 86.5 % and specificity 89.8 %.
The CAD is an effective tool to assist the physicians
in diagnoses and it can automatically detect certain
diseases from medical images. The radiologists can get
the second option to reduce incautious mistakes espe-
cially in suspicious cases. Sahiner " indicated that phy-
sicians can obtain rapid and accurate diagnosis with
the aid of the CAD. In this paper, we propose a com-
puter-aided diagnosis using color elastography fea-
tures for classifying breast lesions in ultrasound imag-
es. The elastography is firstly transformed to the hue
image to obtain the elasticity information as Fig. 1, and
the inner and outer tissue distribution is analyzed to
get six features. Then, we utilize the neural network
to train the feature information and classify tumors
into benign or malignant. The flow chart of elastogra-
phy analysis is illustrated in Fig. 2. The aim of this
study was to evaluate whether the new computer—aid-
ed method of color elastography could perform the ef-
fective and objective differentiation of benign and ma-
lignant breast lesions. Therefore, the proposed CAD is
also compared with the physician’s diagnosis. Further-
more, the agreement of our CAD system and the phy-

sician’s diagnosis is calculated by kappa statistics 16

Elastography Imaging

For elastography, two frames of ultrasound data are
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Fig. 3 Left : Color elastography of malignant case, Right : B-mode image

recorded, one before and one after the tissue is com-
pressed. The tissue shifts can be estimated by window-
ing data in the pre- and post-compression signals, and
identifying the displacement that produces the closest
match between the windows. The local gradient of the
displacement estimates could be used to estimate the
strain.

The cross—correlation analysis and phase-shift esti-
mation are used for tracking of small displacements
with ultrasound and could be applied for elastography
and Doppler flow. The cross-correlation analysis ™ 1% s
commonly used to track larger tissue displacements
for elastography. The maximum of cross—correlation
function between two signals, one obtained before and
the other obtained after compression, indicates the
point at which two signals are most similar to each
other. However, due to the high computational cost,
the cross—correlation analysis is not practical for real-
time assessment. On the other hand, the phase-shift
estimation or Doppler methods can be used to rapidly
track the tissue motion and commonly used to deter-
mine the blood flow velocity. However, the phase-shift
tracking method fails to measure large displacements
due to aliasing errors. In order to provide the real-
time elastography, Shiina et al"®" proposed the com-
bined autocorrelation method (CAM) to produce an
elasticity image with high-speed processing and accu-
racy by combining envelope correlation and phase
shift. The envelope correlation is used to solve the
problem of phase aliasing in the phase-shift tracking
method. In this paper, the used elastography machine

is based on the CAM technique.

Color Elastography and Scoring System
In general, the elasticity information is displayed in

112 The dark region of elas-

the form of a gray image
togram indicates the hard tissue and the bright one in-
dicates the soft tissue. However, Shiina et al.'*' dis-
play the strain image that is superimposed on B-mode
images with a translucent color scale. Using a translu-
cent strain image, it is easy to recognize the strain in-
formation of each region in a tumor. In the color scale
strain image, red indicates that tissue is soft and blue
that it is hard. Fig. 3 is a malignant case of breast tis-
sue. The left image is an elastographic image and the
right image is a conventional B-mode image. The mid-
dle blue regions of elastographic images expand as the
pressure increases, whereas the conventional B-mode
images have only less change. The scale at the lower-
right corner of the elastographic image indicates the
pressure. In the B-mode images, the breast imaging
reporting and data system (BI-RADS)™ is used to as-

& proposed

sess breast tumors. In elastography, Ueno'
a scoring system based on the strain distribution of a

tumor and the elastographic score is defined as

® Score 1 : elasticity tissue extended the entire le-
sion (e.g. cyst)

® Score 2 : elasticity tissue over the most part with
individual solid structures (e.g. fibroadenoma)

® Score 3 : elasticity tissue in the periphery region

and solid in the center of the lesion
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Score 1 Seore 2
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O Elasticity tissue
B Absence elasticity tissue

Fig. 4-1 Elastography scoring system (Tsukuba Score)

Ueno proposed physician’s elastography score according to the strain distribution

Score 1-3 benign, Score 4-5 malignant

Score 1

Score 2

Score 3

Score 4

o

Score 5

Fig. 4-2 Elastography Score and corresponding images

® Score 4 : absence of elasticity over the entire le-
sion (e.g. suspicion of carcinoma)

® Score 5 : absence of elasticity over the entire le-
sion and surrounding area (e.g. infiltrating carcinoma)

The corresponding images are illustrated in Fig. 4-1
and 4-2.

METHODS

In the proposed analysis, the physicians need to
manually draw the tumor contour for each case on the
B-mode image and the tumor contour on the B-mode

image is mapped to the color elastographic image.

From our experiments, the elasticity information could
be separated from the color images by using the hue
information. Hence, the color elastographic images will
be transferred in order to extract the hue information.
In order to acquire the strain magnitude, the original
color image in the RGB color space will be transformed
to the image in the HSV color space firstly, and then
the hue values could represent the strain magnitude
from our experiments. The RGB color space is a three—
dimensional color space with the Red, Green, and Blue
components and this model is used to display the col-
ors on a monitor screen. The HSV color space stands
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Fig. 5 The color elastography is transferred to HSV
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HSV ! hue, saturation and value
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Fig. 6 Original tumor border and “Inner tumor”, “Outer
tumor”.
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(d) Hue histogram

Fig. 7 A benign case

A true negative example of physician’s elastography score 1

for Hue, Saturation, and Value illustrated in Fig. 5. The
Hue component refers to a specific wavelength of col-
or, and in the form of an angle between [0, 360] de-
grees. The black line in the Fig. 5 at the lower right
shows the Hue angle. The second component Satura-
tion describes the purity of the color and displays by
the length of the S vector with ranges [0, 1. The final
component Value of the color determines its bright-
ness along the V axis from 1 to 0.

Then meaningful features are extracted from hue

images. The neural network was utilized in multiple
features to distinguish tumors. Six proposed features
including tumor mean, inner tumor mean, outer tumor
mean, hard rate, inner hard rate, and outer hard rate
will be calculated from the inner and outer of tumor as
Fig. 6 to distinguish benign and malignant tumors.
These features could be depicted by two categories,
mean measures and hard rate measures as Fig. 7 and
8.
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(a) Elastographic image

(c) Hue image

(b) B-mode image

(d) Hue histogram

Fig. 8 A malignant case
A true positive example of physician’s elastography score 5

1) Mean features
Suppose that A; is the hue value of pixel 7 in the tu-
mor region, the mean of ROI could be expressed as

20k,
mean=———
Where 7 is the pixel index and n is the total pixels in
the tumor region.
The inner mean mean:
The outer mean meano

2) Hard rate features
The rate of the hard pixels hard_rate in a tumor is
defined as
hard_rate = hard_pixel
n
Where hard_pixel is the number of hard pixels and

n is the number pixels in the region

Furthermore, a neural network is used to combine
these features and then to classify tumors into benign
or malignant. Fig. 7 is a case of benign and Fig. 8 is a

case of malignant tumor.
RESULTS

In this experiment, there are 180 pathology-proven

cases including 113 benign and 67 malignant cases

used to examine the classification of elastography. Ta-
ble 1 are results of mean values of six proposed fea-
tures. The Kolmogorov-Smirnov test was applied to
test for data distribution and all the features were nor-
mal distribution. All those features are statistically sig-
nificant between benign and malignant tumors by Stu-
dent’s t test (p<0.05). Table 2 shows the results of
physician’s diagnosis and CAD analyses of six features.
The results of the proposed system showed “Tumor
Mean” is the best among six features, an accuracy of
82.78 %, a sensitivity of 85.07 % and a specificity of
81.42 %. After adapting neural network, results of
CAD system are an accuracy of 83.89 %, a sensitivity
of 82.09% and a specificity of 84.96 %, while the re-
sults of physician’s diagnosis are an accuracy of 78.33
%, a sensitivity of 53.73 % and a specificity of 92.92 %
as shown in Table 3. The Chi-square test is used to
calculate p—value.

DISCUSSION

Elastography is a recently introduced technique to
ultrasonography. CAD is already applied for diagnostic
images such as mammography, B-mode ultrasonogra-
phy and so on. The authors developed CAD system for
breast color elastography and studied its diagnostic ac-
curacy. For physician’s diagnosis, Ueno et al proposed
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Table 1 Mean values of six proposed features for benign Table 3 Physician’s elastography score vs. proposed CAD
and malignant cases and Student’s t est. system after adapting neural network.
Mean * Standard The CAD system has better results on sensitivity and
Features Type Deviation p-value NPV. Chi-square test was used to calculate p—value.
. Physician’s
Benign 116.7 = 23.15
Tumor Mean - <0.05 elastography Proposid CAD p-value
Malignant 145.2 £ 13.53 score system
Inner Mean Benign 12132543 105 Accuracy 78.33 % 83.89 % 0.1781
Malignant  152.6 = 14.16 Sensitivity 53.73 % 82.09 % 0.0004
Outer Mean  enign 1322079 105 Specificity 92.92% 84.96 % 0.0563
Malignant  136.3 = 13.00 PPV 81.82% 76.39 % 0.4902
Hard Rate Benign 3762798 05 NPV 77.21% $3.89 % 0.0174
Malignant 77.57 + 17.82 PPV positive predictive value, NPV : negative predictive
Beni 47.79 = 32.97 1
Inner Hard Rate enisn <0.05 vatue
Malignant 85.78 = 17.57
Beni 40.91 = 24.06
Outer Hard Rate enisn <0.05

Malignant 68.21 + 16.31

All those features are statistically significant between
benign and malignant tumors (p < 0.05).

All the features are confirmed as normal distribution by
Kolmogorov-Smirnov test.

Table 2 The results of physician’s elastography score and six elasticity features by CAD (Computer-aided diagnosis)
The results of the CAD system showed “Tumor Mean” is the best among six features. After adapting neural network,
results are improved (Table 3).

Physician’s

elastography Tumor Inner Outer Hard Inner Outer
score mean mean mean rate hard rate  hard rate

Threshold 3.5 135 147.5 133.5 0.7 0.843 0.651
TP 36 57 54 42 54 49 46
FN 31 10 13 25 13 18 21
FP 8 21 19 14 22 20 17
TN 105 92 94 99 91 93 96
Accuracy (%) 78.33 82.78 82.22 78.33 80.56 78.89 78.89
Sensitivity (%) 53.73 85.07 80.6 62.69 80.6 73.13 68.66
Specificity (%) 92.92 81.42 83.19 87.61 80.53 82.3 84.96
PPV (%) 81.82 73.08 73.97 75 71.05 71.01 73.02
NPV (%) 77.21 90.2 87.85 79.84 87.5 83.78 82.05

TP : true positive, FN : false negative, FP : false positive, FP : false positive, TN : true negative, PPV positive
predictive value, NPV : negative predictive value
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Fig. 9 Elastography and B-mode ultrasonography.
In primitive results, elastography features are better
than B-mode features.

Elastography and B-mode features could be combied to
improve the diagnostic results.

a scoring system for color elastography as “Tsukuba
score”™. This scoring system is widely used clinically.
In this study, the proposed CAD system was com-
pared with physician’s diagnosis by Tsukuba score.
From the results, the proposed CAD system had bet-
ter performance than physician’s diagnosis. Moreover,
the agreement of the proposed CAD system and the
physician’s diagnosis was calculated by kappa statis-
tics, the kappa value 0.64 indicated a fair agreement.
ROC curve shows combined elastography and B-mode
ultrasonogrgaphy has better performance as shown in
Fig. 9. Elastography is thought to help physician’s di-
agnosis for breast tumor and the CAD system is con-
sidered to assist physician’s diagnostic procedure. The
radiologists can take the second option by the CAD
system to reduce incautious misdiagnoses especially in

suspicious cases.
CONCLUSION

The proposed CAD system of breast elastography
has better performance than the physician’s diagnosis
as shown in Table 3.

The agreement of the CAD system and the physi-
cian’s diagnosis has kappa 0.64 indicated there is a

substantial agreement of observers.

The CAD system correctly classified the tumor as

benign or malignant with high probability.
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