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Abstract

We evaluated a series of pathologically proven breast tumors using the support vector machine (SVM) in the differential diagnosis of solid

breast tumors. This study evaluated two ultrasonic image databases, i.e., DB1 and DB2. The DB1 contained 140 ultrasonic images of solid

breast nodules (52 malignant and 88 benign). The DB2 contained 250 ultrasonic images of solid breast nodules (35 malignant and 215 benign).

The physician-located regions of interest (ROI) of sonography and textual features were utilized to classify breast tumors. An SVM classifier

using interpixel textual features classified the tumor as benign or malignant. The receiver operating characteristic (ROC) area index for the

proposed system on the DB1 and the DB2 are 0.9695F0.0150 and 0.9552F0.0161, respectively. The proposed system differentiates solid

breast nodules with a relatively high accuracy and helps inexperienced operators avoid misdiagnosis. The main advantage in the proposed

system is that the training procedure of SVM was very fast and stable. The training and diagnosis procedure of the proposed system is almost

700 times faster than that of multilayer perception neural networks (MLPs). With the growth of the database, new ultrasonic images can be

collected and used as reference cases while performing diagnoses. This study reduces the training and diagnosis time dramatically.

D 2005 Elsevier Inc. All rights reserved.
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1. Introduction

Breast cancer is one of the leading causes of deaths from

cancer for the female population in both developed and

developing countries. The most useful way to reduce deaths

due to breast cancer is to treat the disease at an earlier stage.

Earlier treatment requires early diagnosis, and early diagnosis

requires an accurate and reliable diagnostic procedure that

allows physicians to differentiate benign breast tumors from

malignant ones. The most frequently adopted medical

imaging studies for the early detection and diagnosis of

breast cancers include mammography and ultrasonography.
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Mammography gained publicity, whereas breast sonography

does its job quietly behind the scenes [1]. Usually, breast

sonography was used as an adjunct to mammography. Al-

though mammography can visualize nonpalpable and mini-

mal tumors, and sonography is suitable for palpable tumors,

sonography is more convenient and is safer tool than

mammography is in the evaluation of a breast mass in daily

clinical practice. However, sonography is an operator-

dependent examination technique, there is a considerable

overlap of benignancy and malignancy in breast sonography,

and interpretation is subjective. The sonographic examina-

tion is much more extensive than the usual examinations

performed at most breast imaging centers. Stavros et al. [2]

found that the sensitivity of breast ultrasound for malignancy

is 98.4%, the specificity is 67.8%, the overall accuracy is

72.9%, the positive predictive value (PPV) is 38%, and the

negative predictive value (NPV) is 99.5%. We noticed that

the above diagnostic results are achieved by experienced
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radiologists. In practice, many invasive diagnostic proce-

dures are still required in most cases. Most of these

procedures could be avoided if a more specific diagnostic

test was available, because the rate of positive findings at

biopsy for cancer is low, between 10% and 31% [3–5]. The

biopsy is expensive because of a great quantity of indetermi-

nate lesions, which need to be differentiated.

Recent technical advances in ultrasound image have

expanded the potential utility of this modality for the

evaluation of breast lesions [6–10]. In these approaches,

Chen et al. used 2-D auto-covariance coefficients and the

neural network (NN) classifier to determine whether the

breast tumors are benign or malignant in breast sonography.

The computer-aided diagnostic system (CAD) utilizes a

multilayer perception neural network (MLP) to perform a

good diagnostic result. However, the learning procedure of

MLP is very time consuming and initial parameter depen-

dent; that is, the number of neurons, learning rate, and

moment values are hard to decide. Unfortunately, the

selections of initial parameters will affect the results

drastically. Whereas, the support vector machine (SVM)

reveals the feasibility and superiority to extract higher order

statistics and has become extremely popular in terms of

classification and prediction. This study employs this SVM

model as a classifier instead of MLP to determine whether

the breast tumors are benign or malignant. The diagnosis

system proposed herein can classify the ultrasonic images of

a breast more accurately and efficiently. The SVM is a

reliable choice for the new proposed system because it is

fast and excellent in ultrasonic image classification.
Fig. 1. Full ultrasonography. (a) A 736�556 full breast sonography. (b) The ROI re

169�135 pixels (a 1�1 cm rectangle contains 58�58 pixels).
2. System description

In this paper, we supposed that the physician has already

identified the tumor. The proposed system can use the

intensity variation and interpixel texture information from

the sonography to diagnose the tumor. The physician first

extracted the rectangular subimage of the region of interest

(ROI), and then the computer analyzed the ROI to make a

differential diagnosis.

2.1. Ultrasonic image databases

This study evaluated two sonographic image databases

of solid breast nodules. All images in these databases

contained only one image from each patient. The ultra-

sonic images were captured at the largest diameter of the

tumor. Sonography was performed using an ALOKA SSD

1200 (Tokyo, Japan) scanner and with freeze-frame

capability and a 7.5-MHz linear transducer. No acoustic

standoff pad was used in any of the cases. The databases

were supplied by the coauthor, an experienced physician,

Dr. Chen, from the Department of General Surgery,

Changhua Christian Hospital, Changhua, Taiwan. The

sonographic gain setting remained unchanged throughout

the entire period of study, except for changes made to

obtain the best view.

2.1.1. Ultrasonic image database 1 (DB1)

To compare the performance with the CAD that

was proposed by Chen et al. [9], the identical sonography
ctangle is approximately 2.91�2.33 cm in size, captured with a resolution of



Fig. 3. Performance of the proposed SVM system with different parameter

c (gamma) values.
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database is used in DB1. The DB1 consists of 140 images

of pathologically proven benign breast tumors from 88

patients and of carcinomas from 52 patients (tumor size:

N1 cm in all cases). The images were collected from

January 1, 1997, to May 31, 1998; the patients’ ages ranged

from 18 to 62 years.

2.1.2. Ultrasonic image database 2 (DB2)

A total of 250 sonograms from patients, including 35

cancers, 56 fibrocystic nodules, 115 fibroadenomas, 1 intra-

ductal papilloma, 3 lipomas, 38 cysts, and 2 galactoceles,

was used as DB2 samples (tumor size: N0.8 cm in all cases).

The images were collected from March 1, 1998, to April 30,

1999; the patients’ ages ranged from 18 to 68 years. The

ultrasonic appearances were then correlated either with the

fine-needle aspiration, core biopsy, or surgical excision.

Most of the cases are tissue proved and some were followed

up at least 2 years.

The monochrome sonographic images in the databases

are quantized into 256 gray levels, i.e., 8 bits/pixel. The

ROI is manually selected by Dr. Chen, using the ProImage

package. That is, the hardware-bundled software package

was used to capture the full image of the ultrasonic

scanner and to select the ROI manually. The ROI was

then saved as a digital form for later analysis by the SVM

program. Fig. 1(a) illustrates a real-time digitized mono-

chrome ultrasonic image. Fig. 1(b) presents an ROI for

the tumor.

2.2. Textural analysis

Observably, different tissues always have significantly

different textures in an ultrasonic image. The textural

information extracted from sonography has been found to

be an efficient feature to classify breast tumors. The

proposed CAD system used the correlation between

neighboring pixels within the images as features to classify

breast tumor. The modified auto-covariance coefficients
Fig. 2. SVM optimal hyperplane.
between pixels (i, j) and (i+Dm, j+Dn), in an image with

size M�N, is defined as

c Dm;Dnð Þ ¼ 1� A Dm;Dnð Þ
A 0;0ð Þ ; ð1Þ

where

A Dm;Dnð Þ ¼ 1

M � Dmð Þ N � Dnð Þ

�
XM�1�Dm

x¼0

XN�1�Dn

y¼0

j f x;yð Þ� f¯
� �

�ð f ðxþDm;yþDnÞ� f¯Þj; ð2Þ

where f̄ is the mean value f(x,y). This study utilized the

coefficients for each breast tumor ultrasonic image as the
Fig. 4. Diagram of the ROC curve for the DB1 in the classification of

malignant and benign tumors. The AZ value for the ROC curve is

0.9695F0.0150.



Table 2

Classification of breast nodules in the DB1 by the proposed SVM system

with c=0.01

Benign Malignant

SVM output b 0 TN 81 FN 0

SVM outputz 0 FP 7 TP 52

Total 88 52

TN = true-negative; FN = false-negative; FP= false-positive; TP = true-

positive.
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interpixel features to distinguish the differences between

benign and malignant tumors.

2.3. Support vector classification

The aim of SVM is to devise a computationally efficient

way of learning separating hyperplanes in a high-dimensional

feature space [11,12]. The SVMs have been shown to be an

efficient method for many real-world problems because of its

high generalization performance without the need to add a

priori knowledge. Recently, SVMs have attention much as a

useful tool for image recognition, hand-written digit recog-

nition, and bioinformatics [13–18]. The SVM can map the

input vectors into a high-dimensional feature space through

some nonlinear mapping, chosen a priori. In this space, an

optimal separating hyperplane is constructed. Generally, the

SVM is an implementation of the structural risk minimization

principle, whose object is to minimize the upper bound on the

generalization error. Given a set of training vectors (l in total)

belonging to separate classes, (x1,y1), (x2,y2), (x3,y3),. . .,
(x1,y1), where xiaRn denotes the ith input vector and

y1a{+1,�1} is the corresponding desired output. The

maximal margin classifier aims to find a hyperplane

w: wx+b=0 to separate the training data. In the possible

hyperplanes, only one maximizes the margin (distance

between the hyperplane) and the nearest data point of each

class. Fig. 2 shows the optimal separating hyperplanewith the

largest margin. The support vectors denote the points lying on

the margin border. The solution to the classification is given

by the decision function

f xð Þ ¼ sign
XNSV

i¼1

aiyik si;xð Þ þ b

 !
; ð3Þ

where ai is the positive Lagrange multiplier, si is the support

vectors (NSV in total), and k(si,x) is the function for

convolution of the kernel of the decision function. The radial

kernels performs best in our experimental comparison, hence,
Table 1

The number of misdiagnosed cases of the MLPCAD and the proposed

SVMCAD for each test in the DB1

Test set

MLPCAD (threshold = 0.2) SVMCAD

Malignant

cases

Benign

cases

Malignant

cases

Benign

cases

1 0/5 0/9 0/5 0/9

2 1/5 0/9 0/5 0/9

3 0/5 1/9 0/5 1/9

4 0/5 0/9 0/5 1/9

5 0/5 1/9 0/5 1/9

6 0/5 3/9 0/5 3/9

7 0/5 0/9 0/5 0/9

8 0/5 0/9 0/5 0/9

9 0/6 0/8 0/6 0/8

10 0/6 1/8 0/6 1/8
is chosen in the proposed diagnosis system. The Radial

kernels is defined as

k x;yð Þ ¼ exp � c x� yð Þ2
�
;

�
ð4Þ

where caR is a nonzero parameter.

The modified normalized auto-covariance matrix is used

as the feature vector for the input of the SVM classifier. In

this work, both Dm and Dn are 5; thus, processing an

ultrasonic image produces a 5�5 auto-covariance matrix

(25 auto-covariance coefficients). Because the value of

c(0,0) is always 1, thus, except for the element c(0,0), other
coefficients are formed as a 24-D textural feature vector.

Take note that the output value of the SVM is either �1 or

1. When the output value of a sonographic breast image is

larger than 0, the system will classify the tumor in the image

as malignant. Conversely, when the output value is smaller

than 0, the tumor will be diagnosed as benign.
3. Results

The k-fold cross-validation method and the receiver

operating characteristic (ROC) curves (software package

LABROC1 by Professor C. E. Metz, University of Chi-

cago) are used to estimate the performance of the proposed

SVM system (denoted by SVMCAD) and the MLP system

proposed by Chen et al. (denoted by MLPCAD) [9].

Usually, the overall performance of a diagnostic system

can be evaluated by examining the ROC area index, AZ,

over the testing output values. Moreover, because the radial

kernels perform best in the experimental results, the kernels

are chosen in the proposed SVM diagnosis system. Fig. 3
Table 3

The performance of the proposed SVM system on the DB1 with c = 0.01

Item Proposed SVM system

Accuracy (%) 95.00

Sensitivity (%) 100.0

Specificity (%) 92.05

PPV (%) 88.14

NPV (%) 100.00

Accuracy = (TP+TN)/(TP+TN+FP+FN); Sensitivity = TP/(TP+FN);

Specificity = TN/(TN+FP); PPV = TP/(TP+FP); NPV= TN/(TN+FN).



Fig. 5. Diagram of the ROC curve for the DB2 in the classification of

malignant and benign tumors. The AZ value for the ROC curve is

0.9552F0.0161.

Table 5

The computation time by using the proposed SVMCAD and the MLPCAD

Training time (in s) Diagnose time (in ms)

MLPCAD 140.71 357.12

SVMCAD 0.20 0.15

The training time is evaluated by using the sonography database that

contains 140 images. The diagnose time is the average computation time for

an ultrasonic image.
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shows the diagnosis performance for the SVM system with

different c values. With the c ranging from 0.01 to 0.02, the

SVMCAD obtained a stable and the highest accuracy.

3.1. Simulation results of the DB1

In the simulations, k is 10, and each group has 14

ultrasonic images. The training data and the test data are

equivalent to that of the study by Chen et al. [9]. Fig. 4

illustrates the diagram of the ROC curve for the SVMCAD

in the classification of malignant and benign tumors. The

SVMCAD and MLPCAD achieve AZ =0.9695F0.0150

(SD) and 0.9560F0.0183 (SD), respectively. The system

correctly identifies all of the malignant tumors and 81 of

the 88 benign tumors. Table 1 lists the number of

misdiagnosed cases of the MLPCAD (threshold=0.2) and

the SVMCAD for each test set. The accuracy of the

proposed SVMCAD for malignancy is 95.0% (133/140),

the sensitivity is 98.1% (51/52), the specificity is 93.2%

(82/88), the positive predictive value (PPV) is 89.5% (51/

57), and the negative predictive value (NPV) is 98.8% (82/

83), as illustrated in Tables 2 and 3. On the other hand, the

MLPCAD performs that the overall accuracy is 95.0%, the

sensitivity is 98.1%, the specificity is 93.2%, the PPV is

89.5%, and the NPV is 98.8.
Table 4

The performance of the proposed SVM system on the DB2 with c = 0.01

Item Proposed SVM system

Accuracy (%) 93.20

Sensitivity (%) 91.43

Specificity (%) 93.49

PPV (%) 69.57

NPV (%) 98.53

Accuracy = (TP+TN)/(TP+TN+FP+FN); Sensitivity = TP/(TP+FN); Specifi-

city = TN/(TN+FP); PPV = TP/(TP+FP); NPV= TN/(TN+FN).
3.2. Simulation results of the DB2

In the simulations, k is also 10, and each group has 25

ultrasonic images. Fig. 5 illustrates the diagram of the ROC

curve for the SVMCAD in the classification of malignant

and benign tumors. The SVMCAD achieves AZ =0.9552F
0.0161 (SD). The accuracy of the proposed SVMCAD

for malignancy is 93.2% (233/250), the sensitivity is 91.4%

(32/35), the specificity is 93.5% (201/215), the PPV is

69.6% (32/46), and the NPV is 98.5% (201/204), as

illustrated in Table 4.

3.3. Training time and diagnosis time

We also compared the computation time for the SVMCAD

and theMLPCAD. All simulations are made on a single-CPU

Intel Pentium III, 1-GHz personal computer with the

Windows XP operating system. Table 5 shows the training

for the ultrasonic image database and the average diagnosis

time for each tumor sonography. The training and average

diagnosis times of the MLPCAD are 700 and 2380 times

longer than that of the proposed SVMCAD, respectively. In

all simulation results, the results from the proposed

SVMCAD obtain the better classification performance

and the speedy computation than those obtained with

the MLPCAD.
4. Discussion

Many lesions found by breast sonography are not

clinically apparent by palpation. Improved imaging techni-

ques permit the management of sonographically detected

breast lesions to become less invasive. Hence, this inves-

tigation proposes an efficient diagnosis system using SVM to

differentiate between benign and malignant tumors. The

proposed system diagnoses breast tumors using interpixel

texture within the ultrasonography. The MLP classifier

(AZ =0.956) proposed by Chen et al. [9] is replaced by the

SVM (AZ =0.970) to obtain a better result. The proposed

system adopts the SVM to distinguish between benign and

malignant cases more efficiently. The proposed SVM

diagnostic model performs differential diagnosis very well.

From the highly satisfactory specificity and sensitivity of the

results, the proposed system is expected to be a helpful tool

for classifying benign and malignant tumors in sonograms
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and can provide a second reading to help reduce misdiag-

nosis. With the growth of the database, more and more cases

will be collected and used as training set. The MLP system

suffered from the time-consuming and initial-condition-

dependent problems. Hence, the proposed SVM approach

for differencing benign and malignant tumors is the best

choice. Experimental results demonstrate the feasibility and

excellent performance of the proposed system in ultra-

sonography classification.
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