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Hypothesis: Using 3-dimensional (3-D) over 2-dimen-
sional (2-D) ultrasonographic (US) images of the breast
represents a potentially significant advantage for com-
puter-aided diagnosis (CAD).

Background: Although conventional 2-D US images of
the breast are increasingly used in surgical clinical prac-
tice, 3-D US imaging of the breast, a newly introduced
technique, can offer more information than 2-D US im-
ages do.

Design: This study deals with a CAD method for use
with the proposed 3-D US images of the breast and com-
pares its performance with conventional 2-D US ver-
sions.

Methods: The test databases included 3-D US images
of 107 benign and 54 malignant breast tumors for a to-
tal of 161 US images. All solid nodules at US belong to
categories above C3 (ie, probably benign). The 3-D US
imaging was performed using a scanner (Voluson 530;
Kretz Technik, Zipf, Austria). New 3-D autocorrelation
coefficients extended from the traditional 2-D autocor-
relations were developed to extract the texture charac-

teristics of the 3-D US images. The extracted texture fea-
tures of the 3-D US images were used to classify the tumor
as benign or malignant using the neural network.

Results: At the receiver operating characteristic analy-
sis, 3-D and 2-D autocorrelation calculating schemes
yielded Az values (ie, area under the receiver operating
characteristic curve) of 0.97 and 0.85 in distinguishing
between benign and malignant lesions, respectively. Ac-
curacy, sensitivity, specificity, positive predictive value,
and negative predictive value are statistically signifi-
cantly improved using 3-D instead of 2-D US images for
CAD.

Conclusions: The proposed system (for 3-D and 2-D
CAD) is expected to be a useful computer-aided diag-
nostic tool for classifying benign and malignant tumors
on ultrasonograms and can provide a second reading to
help reduce misdiagnosis. Findings from this study sug-
gest that using 3-D over 2-D US images for CAD repre-
sents a potentially significant advantage.
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U LTRASONOGRAPHY (US)
has been used in medi-
cine since the Second
World War and is recog-
nized as a noninvasive,

nonradioactive, real-time, inexpensive im-
aging modality. During the 1990s, signifi-
cant technical advances were made in di-
agnostic US because higher frequency linear
transducers were introduced. Increasing the
computing power of US platforms al-
lowed fully digital systems with improved
resolution and contrast of the image. This
digitalization is a great help in the field of
computer applications for image process-
ing. “If you are still using ultrasonogra-
phy only for the distinction between cys-
tic and solid lesions of breast, you are
missing the boat” said Raymond in 2000.1

Ultrasonography has a well-established role

in breast imaging. Using US imaging of
breast tumors, Stavros et al2 described sev-
eral malignant features that can be used to
differentiate malignant from benign le-
sions with promising results. However, it
is unlikely that the radiologist’s or sur-
geon’s decisions will ever be based 100%
on imaging alone and that computer-
aided diagnosis (CAD) may improve the in-
terpretation rate. In studies by Chen et al,3-5

the benign and malignant tumors are clas-
sified in a diagnostic model by applying a
2-dimensional (2-D) normalized autocor-
relation matrix to the multilayer feed-
forward neural network. The normalized
autocorrelation matrix is computed using
2-D US images. Because only the coeffi-
cients of a 2-D US image will be calculated
and saved into the 2-D autocorrelation co-
efficient matrix, the characterization from

ORIGINAL ARTICLE

From the Department of
General Surgery, China
Medical College and Hospital,
Taichung, Taiwan
(Dr D.-R. Chen), and
Department of Computer
Science and Information
Engineering, National Chung
Cheng University, Chiayi,
Taiwan (Drs Chang and
Ms W.-M. Chen); and the
Department of Diagnostic
Radiology, Seoul National
University Hospital, Seoul,
South Korea (Dr Moon).

(REPRINTED) ARCH SURG/ VOL 138, MAR 2003 WWW.ARCHSURG.COM
296

©2003 American Medical Association. All rights reserved.
Downloaded From: https://jamanetwork.com/ on 03/09/2022



real tissues may be lost by such 1-slice operation and the
accuracy of 2-D US image analysis may be affected by the
transducer position during the image acquisition. An ex-
perienced observer is needed to control the transducer po-
sition to perfectly identify the relevant structures and lo-
cations, which is not easy to reproduce in clinical
applications.

From the viewpoint of texture analysis, we did not
know how many views of a tumor image should be used
to represent the whole texture information of a tumor.4,6

The answer may be as many as possible; however, that is
inaccessible using the conventional 2-D US imaging. The
use of 2-D US images plays a major role in clinical US; how-
ever, it has been extended into 3-dimensional (3-D) US
images gradually. Three-dimensional US is a newly de-
veloped technique and it has been introduced into clini-
cal use; it can provide more information about a tumor.
The texture characteristics of tumors can be captured mor-
phologically by 3-D US images. However, the quality of
3-D US images of the breast is limited by the US scanning
equipment owing to image reconstruction. In this article,
to overcome the quality limitation problem, we present a
new algorithm for the diagnosis of breast tumors using 3-D
US images and accurately distinguish between benign and
malignant diseases.

Conventional 2-D US image analysis of breast le-
sions include the following: shape, width-depth ratio, le-
sion compressibility, margin characterization, echoge-
nicity, and echotexture. Additional 3-D US information
displayed in the multiplanar mode offers the new aspect
of the coronal plane. It allows classification of the breast
masses by retracting and compressing patterns as de-
scribed by Rotten et al.7 Three-dimensional US imaging
has the potential to be a reliable diagnostic tool because
the US image is not a transmission image but a cross-
sectional image and the inner tissue of a tumor can be
easily observed.8 Moreover, since a 2-D US image repre-
sents a thin slice of the patient’s anatomy in a particular
orientation and location, it is difficult to locate the same
image plane in subsequent examinations.9 We propose
that the use of 3-D US images to perform the breast ex-
amination will overcome the limitations of conven-
tional 2-D US images. The aim of this study is to present
a new approach to the diagnosis of breast cancer using
3-D US images and a neural network based on the coef-
ficients of the 3-D autocorrelation matrix. The modified
version of the neural network model is also developed
to fit such a multiple coefficient structure.

METHODS

DATA ACQUISITION

A radiologist (W.K.M.) supplied the entire database. Data were
collected from January 1, 2001, to June 30, 2001. All supplied
cases were used for analysis without selection. The test data-
base contained 161 three-dimensional volumes of pathologi-
cally proven cases. There were 107 benign (ie, 6 tumors were
originally categorized as benign, 96 tumors as indeterminate,
and 5 tumors as malignant) and 54 malignant (ie, 2 tumors were
originally categorized as benign, 13 tumors as indeterminate,
and 39 tumors as malignant) US images of breast tumors in the
database. The tumor sizes ranged from 0.81 to 3.54 cm in di-

ameter for all 161 cases. One of us (W.K.M.) categorized all of
the tumors in the database using the following Breast Imaging
Reporting and Data System of the American College of Radi-
ology: C3, probably benign, was used for the benign tumors;
C4, suspicious, was used for all indeterminate cases; and C5,
highly suggestive of malignancy, was used for the malignant
tumors. All solid nodules at US belong to categories above C3.
Most cases were categorized as indeterminate or malignant be-
cause we included only histologically confirmed cases. Table 1
lists the number of tumors for the various specific subtypes of
the 161 benign and malignant tumors in this study.

The subimages of volume of interest (VOI) were manu-
ally selected by a breast surgeon (D.-R.C.)) who was familiar
with breast US interpretations and CAD applications but masked
to the diagnosis of the tissue and clinical categorization from
the radiologist before the VOI selections. The selected VOIs were
outlined, leaving a 1- to 2-mm border around the lesion. The
VOI has to include the entire extent of the tumor margins.

Three-dimensional US imaging was performed using a scan-
ner (Voluson 530; Kretz Technik, Zipf, Austria) and a small port
transducer (Voluson S-VNW5-10, Kretz Technik). The trans-
ducer, which is a linear-array transducer with a frequency of 5 to
10 MHz, has a scan width of 40 mm (switchable in 3-mm steps)
and a sweep angle of 20° to 25° to allow for the performance of
3-D volume scan. All of the US imaging was performed with the
patient in a supine postion with an arm extended overhead. No
stand-off pad was used. The lesion of interest was refocused af-
ter the 2-D examination was completed; it was then analyzed us-
ing 3-D US imaging of the breast. The volume scan is automati-
cally performed by a slow-tilt movement of a sectorial mechanical
transducer. The process of acquiring the 2-D US images at regu-
lar angular intervals results in a set of 2-D image planes arranged
in a fanlike geometric pattern, as shown in Figure 1A-B. Vol-
ume data were obtained through the reconstruction of these 2-D
US images and were saved into a computer file on a magneto-
optical disk. The magneto-optical file could be read and ana-
lyzed using a personal computer. We developed a program to ob-
tain the 3-D US data directly from the 3-D volume file. Before using
this program, the 3-D volume file should be saved in Cartesian
coordinates using the Voluson 530D or 3D View 2000 pro-
gram. In the 3-D volume file of Cartesian coordinates, the vol-
ume data set is a set of consecutive 2-D image planes, as shown
in Figure 1C.

3-D AUTOCORRELATION FUNCTION

Each 3-D US volume image consists of many pixels with differ-
ent values of gray level intensity. Usually a breast tumor on US
is hypoechoic, that is, the pixels have a lower level intensity than
the surrounding tissue.10 The correlation between neighboring

Table 1. Specific Subtypes of the 161 Benign
and Malignant Tumors Studied

Subtype of Tumor No. of Tumors

Benign tumors
Fibroadenoma 51
Fibrocystic nodule 52
Other 4

Total 107
Malignant tumors

Invasive ductal 49
Intraductal 2
Lobular 1
Mucinous 2

Total 54
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pixels within the 3-D US images is a patent feature of a tumor.
The normalized autocorrelation coefficients11 can be used to
reflect the interpixel correlation within an image. In general,
the 3-D autocorrelation coefficients are further modified into
a mean-removed version to generate similar autocorrelation fea-
tures for images with different brightnesses but with a similar
texture. This modified version is expressed as

(1) �(�m, �n, �p) =
A�(�m, �n, �p)

A�(0,0,0)
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where � �(∆m, ∆n, ∆p) is the normalized autocorrelation coef-
ficient between pixel (i, j, k) and pixel (i+�m, j+�n, k+�p) in
an image with size M�N�P, and f is the mean value of f(x, y,
z). The absolute value is adopted in the above equation be-
cause, when the gray level of a pixel is subtracted from the mean,
a negative value may result. This study found 3-D autocorre-
lation coefficients for each breast tumor US image and used these
coefficients as the interpixel features to distinguish the differ-
ences between benign and malignant tumors.

Because the data acquisition system is using a 3-D vol-
ume transducer to scan over the breast, the volume scan is au-
tomatically performed by slow-tilt movement sectorial 2-D
planes. Such a scanned plane is formatted as an image in a fan-
like geometric pattern, and not in parallel with other planes.
To form 3-D volumes from a series of the planes, several co-
ordinate-system transformations are required. The data acqui-
sition system reconstructs the image coordinate to a volume
coordinate by using interpolation and enlargement or the scale-
down method. Therefore, the pixel per centimeter, called the
“pixel rate,” of each of the 3-D US images is different. The vari-
able range of the pixel rate is between 20 pixels per centimeter
to 115 pixels per centimeter. Since the large variation of the
resolution will influence the diagnostic result, the proposed pro-
gram needs to recalculate the �m, �n, and �p in the 3-D auto-
correlation expression to keep variation. The calibrated ex-
pression is defined as:

(3) �m = �n = �p = (Pixel Rate � Autocorrelation Step)

where the unit of the pixel rate is pixels per centimeter
and the unit of the autocorrelation step is centimeters.
In this article, the value of the autocorrelation step is
0.018 cm.

3-D US IMAGES BASED ON THE 3-D
AUTOCORRELATION METHOD

The proposed method consists of 2 stages as shown in Figure
2. In the first stage of the segmentation, rough subimages of
the VOI are determined and autocorrelation coefficients are
generated. Figure 3 illustrates the shape of the VOI in the
3-D US image, which is cuboid. If a physician has already
identified the tumor in the 3-D US image, then the pixels of
the VOI can be extracted. To extract the subimages of the
VOI, 3 frames need to be defined by the physician using a
rectangular zone that just includes the tumor border, which
was described earlier. They are the first, middle, and last
frames. As shown in Figure 4, the first frame is a rectangular
zone in which the tumor appeared; the middle frame is a rect-
angular zone including the largest diameter of the tumor; and
the last frame is a rectangular zone where the tumor is tend-
ing to disappear.

When the frames are defined, a 3-D VOI array will be ex-
tracted from the 3-D volume file and then the 3-D normalized
autocorrelation matrix will be generated by the 3-D autocor-
relation function. As shown in the second stage in Figure 2,
we used the modified version of the 3-D normalized autocor-
relation matrix as the input layer of the neural network. Each
dimension of the autocorrelation matrix can be of any size. In
our experiment, the size of �m, �n, and �p is 3 for all cases (to
avoid excess in the amount of the coefficients), so processing
each 3-D US image produces a 3�3�3 autocorrelation ma-
trix (ie, 27 auto-correlation coefficients). The autocorrelation
matrix is normalized, � (0, 0, 0) is always 1. Thus, except for
the element �(0, 0, 0), other autocorrelation coefficients can
be formed as a 26-dimension characteristic vector.

These characteristic vectors were further fed into the source
nodes in the input layer of the multilayer feed-forward neural

A

B
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First 2-D Scan

Central 2-D Scan

Range of 
Sweep

Figure 1. A, A set of 2-dimensional (2-D) image planes arranged in a fanlike
geometric pattern. B, The reconstructed 3-dimensional volume. C, The
3-dimensional ultrasonographic data in Cartesian coordinates.
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network. The architecture of the neural network scheme is
simple.12 Our proposed scheme uses only 1 type of neural net-
work model, a multilayer feed-forward neural network with 27
input nodes, 10 hidden nodes, and 1 output node. The 26-
dimension characteristic vectors, in combination with a pre-
defined threshold of the input layer, constitute the input sig-
nals of the neural network.

When the performance is suboptimal for new 3-D US im-
ages, these images will be added to the original training set again
to reproduce a new set of synaptic weight vectors by adjusting
the free parameters. The value produced by the output layer is
used to decide whether the tumor is benign or malignant. When
the output value of a 3-D US image is near enough to 1, the
tumor in the image will be categorized as malignant. Con-
versely, when the output value is near 0, the system will cat-
egorize the tumor as benign.

SIMULATIONS (k-FOLD CROSS-VALIDATION)

The 161 three-dimensional US images in the database, as listed
inTable1,were randomlydivided intomgroups.Them−1groups,
called “training groups,” provide the neural network to deter-
mine the set of synaptic weight vectors and the residual one is
set as an outside group. The training process was stopped when
the value for improvement of error distortion was smaller than
0.1 or when the number of training iterations was more than
10000. Once the process is stopped, the network was then tested
on the outside group and the result was recorded. Next, the out-
side group was then replaced with any group in the training sets
and training continued again. This process was repeated until all
m groups were used as the training and outside groups. In this
simulation, m is 5 and each group has about thirty-two 3-D US
images.

2-D US IMAGES

In this part, we used the correlation between neighboring pix-
els within the 2-D US images as classifying features of the tu-
mor. The normalized autocorrelation coefficients can be used
to reflect the interpixel correlation within an image. Similar to
the autocorrelation features for 3-D images, the 2-D normal-
ized 5�5 autocorrelation coefficients were used for 2-D US im-
age analysis and its detail was described by Chen et al3 in 1999.
Because of the variation of pixel resolution in each volume data
set, the 2-D autocorrelation coefficient is needed to be modi-
fied by equation 3. The subimage of the region of interest is
extracted from the middle frame of the VOI in the 3-D US im-
ages as the database for the 2-D CAD system. The reason for
this is because the middle frame is the rectangular zone in the
image with the largest diameter of a tumor. The performance
of the 2-D US images diagnostic method is compared with that
of the proposed schemes for 3-D US images.

The receiver operating characteristic (ROC) curve was used
to represent the diagnostic performance and the �2 test was used
for statistical analysis. In this study, the software package
LABROC1 by C. E. Metz, PhD, University of Chicago, Chi-
cago, Ill, was used to fit the ROC curve.

RESULT

The overall performance of the process was evaluated on
a total of 161 cases, that is, 107 cases of benign and 54
cases of malignant tumors. The overall performance of
the neural network was examined by the ROC area in-
dex Az over the testing output value. In Figure 5, both
diagnostic performances for 2-D and 3-D were com-
pared. Three-dimensional US imaging (with an Az value
of 0.9717) is better than 2-D US imaging (with an Az value
of 0.8457). Table 2 lists the number of training itera-

tions and error distortions in each training set for 3-D
and 2-D, respectively. By comparing the number of it-
erations and error distortions in Table 2, the conver-
gence of the neural network training can be clearly dis-
cerned. The speed of the convergence using the 3-D
autocorrelation method is faster than the conventional
method, and the level of error distortion with the 3-D
autocorrelation method is also lower than that found
within the conventional method. These results confirm
that the performance using 3-D interpixel correlations

3-D Ultrasonographic 
Diagnostic Equipment

3-D Ultrasonographic Images Database

First Stage

Extracted the VOI Array by the First, Middle, and Last Frames

3-D Autocorrelation Matrix Calculation

Characteristic Vectors
(3-D Normalized

Autocorrelation Matrix)Second Stage

Precomputed 
Synaptic Weights

Multilayer Feed-Forward 
Neural Network

Benign Breast Tumor (0) or Malignant Breast Tumor (1) Result

Figure 2. The structure of neural network tissue classification model. 3-D
indicates 3-dimensional; VOI, volume of interest. For a detailed description
see the “3-D US Images Based on 3-D Autocorrelation Method” subsection
of the “Methods” section.

VOI

3-D Ultrasonographic Volume

First Frame

Middle Frame

Last Frame

Figure 3. Volume of interest (VOI) in the 3-dimensional (3-D)
ultrasonographic images.
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in 3-D US images is better than the 2-D versions in clas-
sifying benign and malignant lesions. The distortion er-
ror is calculated by the absolute difference between the

desired output and the actual output of the neural net-
work. Table 3 lists the performance of proposed 3-D
and conventional 2-D methods for different threshold val-
ues. In the 3-D set, with a threshold value of 0.1, the neu-
ral machine correctly identifies 98 (91%) of 107 benign
tumors and 50 (92%) of 54 malignant tumors. In the 2-D
set, with a threshold value of 0.2, the neural network cor-
rectly identifies 86 (80%) of 107 benign tumors and 38
(70%) of 54 malignant tumors. The performance be-
tween the 3-D and 2-D methods is compared in Table 4.
Accuracy for the 3-D vs 2-D was 91.9% vs 77.0%
(P�.001); sensitivity, 92.6% vs 70.4% (P�.005); speci-
ficity, 91.6% vs 80.4% (P�.02); positive predictive value,
84.7% vs 66.4% (P�.02); and negative predictive value,
96.1% vs 84.3% (P�.005). The performance of the 3-D
method was better than the 2-D method with statistical
significance using the �2 test. Accuracy, sensitivity, speci-
ficity, positive predictive value, and negative predictive
value for the diagnostic performance between the 3-D and
2-D methods are clearly shown in Figure 6. All diag-
nositic measurements of proposed 3-D schemes are higher
than those of the conventional 2-D ones.

CONCLUSIONS

Correlation between neighboring pixels provides impor-
tant information for CAD using medical US images. This

First Frame

3-D Ultrasonographic Volume

The Size of Each 
Image in 3-D 
Ultrasonographic 
Volume

Autocorrelation Step

Middle Frame

Figure 4. The program screen of the proposed 3-dimensional (3-D) autocorrelation scheme.
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Figure 5. The receiver operating characteristic (ROC) curves for the neural
network in the classification of malignant and benign tumors. The mean (SD)
Az value for the ROC curve of our proposed 3-dimensional (3-D)
ultrasonographic (US) method is 0.9717 (0.013) and the Az value of
conventional 2-dimensional (2-D) US method is 0.8457 (0.03).
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article proposes a new neural network diagnostic system
adopting 3-D interpixel correlation features instead of our
previous 2-D features to obtain a better diagnostic result.
Our previous 2-D autocorrelation coefficients were calcu-
lated from 2-D US images with the same pixel resolution.
However, the 3-D US images even from the same machine
have a large variation of pixel resolutions. Hence, the 3-D
autocorrelation coefficients must be modified as noted in
equation 3 for considering the resolution variation.

In clinical practice, frankly benign breast lesions (BI-
RADS [Breast Imaging Report and Data System] category
2) seen on US were not confusing to an interpreter, and
the CAD system has no role here. But for a lesion at US
that belongs to a C3 or more category, seeking a second
opinion to increase the diagnostic confidence becomes help-
ful if the second opinion-providing system can work well.
It is true especially for an inexperienced US interpreter.
This study focused on that point. Further studies are un-
der way using a larger test set of tumor images. This scheme
deals with the classification part of the problem (malig-
nant vs benign) and excludes the detection part. The di-
agnostic procedures, however, must involve the physi-
cian to identify the tumor. Sometimes, this is inefficient if
there are many such projects to deal with or if the US im-
age is not sharp. Consequently, we must still strive to find
some efficient ways to fully computerize the diagnosis of

tumors using US images. Enhancement of the accuracy of
US technology is also needed.12 For example, we can im-
prove the accuracy of 2-D accumulative and multiple au-
tocorrelation schemes by capturing the 2-D slices in an-
other 2 directions. Moreover, an artificial intelligence
technique, called a “support vector machine,”13 has been
recently used for research purposes. As a consequence, the
idea of using a support vector machine to replace the judg-
ment and learning functions of the neural network algo-
rithm becomes one of the most important issues in our
future works. We are hoping that the better usage of the
judgment and learning functions in a support vector ma-
chine will further improve the precision of the diagnosis
of breast cancer.

Giger et al14 at the University of Chicago, Chicago,
Ill, did many studies on CAD on US of the breast. Re-
cently, they performed the ROC study with or without
aid of a CAD system. Observers (6 experts and 6 non-
experts) gave their likelihood that the lesion was malig-
nant and also their patient management recommenda-
tion (biopsy or follow-up). The output of their system
shows the estimated probability of malignancy of the le-
sion (eg, 81%) and the computer also displays a variety
of lesions that have characteristics similar to the one at
hand and for which the diagnosis is known. The above
idea is similar to the one in our previous article.5

Table 2. The Number of Malignant and Benign Cases of Breast Tumors, Number of Iterations, and Error Distortions
in Each Training Set for 3-Dimensional (3-D) and 2-Dimensional (2-D) Ultrasonographic Images

Training Set*

No. of Patients No. of Iterations Error Distortions

With Malignant Tumors With Benign Tumors 3-D 2-D 3-D 2-D

1,2,3,4,5 54 107 4781 20 000 0.1995 12.8795
1,2,3,4 44 84 3873 20 000 0.1998 9.4330
1,2,3,5 43 86 3977 20 000 0.2135 8.7985
1,2,4,5 43 86 4113 20 000 0.3210 7.0472
1,3,4,5 43 86 3695 20 000 0.2224 6.4470
2,3,4,5 43 86 3721 20 000 0.2323 9.0362

*For a detailed description of the training set, see the “Simulations (k-Fold Cross-Validation)” subsection of the “Methods” section.

Table 3. Performance of Neural Network for Different Threshold Values for the
Proposed 3-Dimensional (3-D) and Conventional 2-Dimensional (2-D) Ultrasonographic Imaging

Threshold

Results

Sensitivity, % Specificity, %True Negative True Positive False Negative False Positive

3-D Ultrasonographic Imaging
1.0 107 0 54 0 0 100
0.9 104 44 10 3 81 95
0.8 102 44 10 5 81 97
0.2 98 49 4 9 91 92
0.1 98 50 4 9 91 92
0 0 54 0 107 100 0

2-D Ultrasonographic Imaging
1.0 107 0 54 0 0 100
0.9 93 33 21 14 61 87
0.8 91 35 19 16 65 85
0.2 86 38 16 21 70 80
0.1 83 38 16 24 77 78
0 0 54 0 107 100 0
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The conventional 2-D US of the breast is increas-
ingly used in surgical clinical practice because it offers
many benefits compared with other medical imaging tech-
niques. Nevertheless, conventional 2-D US images are not
enough to transmit the entire US information of a solid
breast lesion while stored 3-D US can offer comprehen-
sive information of all 2-D lesion aspects and provide,
in addition, simultaneously the coronal plane. This ad-
ditional information has been proved to be helpful for
both clinical applications15 and CAD using texture analy-
sis. The proposed systems for 2-D CAD and 3-D CAD
are expected to be a useful computer-aided diagnostic tools
for classifying benign and malignant tumors in ultra-
sonograms, and they can provide a second reading to help
reduce misdiagnosis. They can be routinely established
for surgical office-based US of breast. They can easily be
implemented on existing commercially available diag-
nostic US machines; all that would be required for the
CAD system is a personal computer with CAD software.
From this study, accuracy, sensitivity, specificity, posi-

tive predictive value, and negative predictive value for
CAD are improved using 3-D US instead of 2-D US im-
aging. This suggests that using 3-D US images for CAD
represents a potentially significant advantage over 2-D
US imaging. The artificial neural network ROC perfor-
mance based on the 2-D US regions of interest is signifi-
cantly lower in this study (Az=0.85) than what we re-
ported in a previous study (Az=0.96).3 One of the most
important reasons for this finding was the difficulty level
of this data set (C4 in most cases) was higher than be-
fore (C3, mostly).
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Figure 6. Accuracy, sensitivity, specificity, positive predictive value (PPV),
and negative predictive value (NPV) for the diagnostic performance between
2-dimensional (2-D) and 3-dimensional (3-D) methods were demonstrated
where the line curves. CAD indicates computer-aided diagnosis.

Table 4. Classification and Number of Breast Nodules
Comparing the Proposed 3-Dimensional (3-D)
With the Conventional 2-Dimensional (2-D)
Ultrasonographic Imaging Results

Ultrasonographic
Classification
of the Nodule

3-D Ultrasonographic
Imaging

2-D Ultrasonographic
Imaging

Benign Malignant Benign Malignant

Benign TN 98 FN 4 TN 86 FN 16
Malignant FP 9 TP 50 FP 21 TP 38
Total 107 54 107 54

Abbreviations: FN, false negative; FP, false positive; TN, true negative;
TP, true positive.

*Classification was made using a threshold of 0.1.
†Classification was made using a threshold of 0.2.
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