Journal of Computer Aided Diagnosis of Medical Images Vol.3 Nov. 1999

Original paper

Discrimination of malignant and benign

microcalcification clusters on mammograms

Ryohei NAKAYAMA? Yoshikazu UCHIYAMA? Isamu HATSUKADE?
Koji YAMAMOTO! Ryoji WATANABE? Kiyoshi NAMBA'
Kakuya KITAGAWAS and Kan TAKEDAY

Abstract: In this paper a new classification method of clustered microcalcifications by using the

weighted wavelet transform technique in digitized mammograms is introduced. The new method uses

three types of indicators of malignancy, i.e., (1) the standard deviation of the densities of individual

microcalcifications within a cluster, (2) the coefficient of variation of their sizes within a cluster,

and (3) the circularity of a cluster. The method was applied to the evaluation of malignancy of 35

microcalcification clusters taken as somewhat difficult cases from Breastpia Namba Hospital’s patient

files by an experienced mammographer. The results of the discriminant analysis using these indicators
showed 95.24% of sensitivity and 78.57% of specificity.
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1 Introduction

Mammography is the most sensitive method for the
detection of early breast cancer. However its effi-
cacy is limited by the poor positive predictive value
(15-30%) obtained by human observer [Adler 92,
Kopans 91]. One of the potential approaches to
improve the specificity of mammography may be
the use of computer-aided diagnosis (CAD) scheme.
They can automatically extract image features from
the regions of interest (ROI) and estimate the likeli-
hood of malignancy for a given lesion, thereby pro-
viding the radiologist with additional information
for making diagnostic decisions easier.

Since microcalcifications are important indicator
of early breast cancer, a number of investigators

have developed feature extraction and classification
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Shen

et al. used 3 shape features, compactness, moments,

methods to characterize microcalcifications.

and Fourier descriptors to classify individual micro-
calcifications [Shen 94]. Jiang et al. trained a neu-
ral network classifier to analyze 8 features extracted
from microcalcification clusters [Jiang 96, Jiang 99].
Chan et al. developed morphological and texture
features and evaluated various feature classifiers for
differentiation of malignant and benign microcalci-
fications [Chan 97, Chan 98]. Although the results
of these studies are expected to depend strongly
on data set, they indicate that the CAD techniques

have a potential to improve the diagnostic accuracy.

Various types of calcification can be seen in mam-
mograms. Among these, clustered microcalcifica-
tions are the most difficult to analyze accurately
and are the main cause of ensuing biopsies. This
paper therefore concentrates on the analysis of clus-
tered microcalcifications. To classify lesions into
malignant and benign, we use here three features.
Two of them are the heterogeneity of the shapes
and size within a cluster, which are known to be
major criteria for differentiation of malignant and

benign microcalcification clusters [Kopans 98]. An-
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(8) Original image

(b) Segmented image

(c) Cluster margin

Figure 1: The processes for estimating the margin of a cluster.

other one is the indicator about the spatial distor-
tion of the microcalcifications as a group, since the
calcification associated with breast cancer is some-
times guided along with the duct, resulting some-
what distorted distribution. The following sections
will present the details of these features, and will

estimate the accuracy of our CAD scheme.

2 Materials and Methods

2.1 Experimental data set

Thirty magnification mammograms with clustered
microcalcifications were selected by an experienced
mammographer from the patient files in the Breast-
pia Namba Hospital. This selection was performed
with a criterion that each cluster was very difficult
to classify its malignancy without biopsy. There
were 21 malignant and 14 benign clusters which
were diagnosed through biopsy. The locations of
the microcalcification clusters on each mammogram
were also identified by the radiologist, and only the
true microcalcification clusters were the target of
present study. All the magnification mammograms
were digitized at a resolution of 50 pm /pixel, 12bits
(4096 gray levels) using an ES-8000 digitizer sup-
plied by EPSON.

2.2 Segmentation of individual mi-

crocalcifications

In our previous paper [Uchiyama 99] we have de-
veloped a program to detect microcalcifications us-
ing weighted wavelet transform. As was shown in
[Uchiyama 99], the program can extract local con-
vexes of given sizes effectively and can enhance mi-
crocalcifications selectively while maintaining the
details of their shapes. However, if we determine
a threshold to get 100% of detection sensitivity,
then the detected signals also include false posi-
tives. These false positives were erased manually,
since the present purpose of this study is to exam-
ine the discrimination power of the new indicators
of malignancy from benign microcalcifications. We
use the term ”segmented image” as each of the true

positive microcalcification in this paper.

2.3 Defining a cluster and its margin

To each microcalcification a center of gravity was
determined to which a circle of radius of 50 pixels
was drawn. If any of these circles have instances
of overlapping, then we consider them forming a
same cluster(Fig.1). And the margin of the cluster
is defined as the outermost edges covered by these

circles within a cluster.

2.4 Feature extraction

All calcifications associated with breast cancer form

in the intra-ductal portion of the cancer. Although
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(b)

Figure 2: Tllustrations of the 12 shape indexes. (a)A smallest rectangular box that enclosed the cluster was first drawn

(dashed lines), and the distances between the center-of-cluster pixel (shaded) and the boundary of the rectangular box forms

the first four shape indexes (depicted by arrows in Fig.2a). (b)Eight shape indexes are the maximum lengths of straight

lines drawn from the center-of-cluster pixel (shaded) to the outermost pixels in the cluster in eight directions (arrows).

the multiplying cells can expend the duct, the
necrosis usually occurs irregularly in the center of
the duct. The cells in the center become hypoxic
as their distance from their blood supply increases
and eventually the center of the tumor becomes
necrotic. Because this is an irregular process at
the center of the intra-ductal cancer, the calcifica-
tions formed are very small, irregular, and haphaz-
ard. Their distribution is guided by the course of
the duct, giving a very distinctive linear, branching
pattern. This pattern of calcium distribution is due
to comedo-necrosis. Suspicion should be aroused
when a group of calcifications is very heterogeneous
[Kopans 98]. In this study, three features were se-
lected by us on the basis of the characteristics of
calcifications described above. These features are:
(1)the standard deviation of the densities of individ-
ual microcalcifications within a cluster (SD), (2)the
coeflicient of variation of their sizes within a clus-
ter (CS), and (3)the circularity of a cluster margin
(CM). The first two features were used to charac-
terize the shape or size irregularity of individual
microcalcifications. While the last one was used to
express the spatial distribution of the microcalci-
fications as a group. The detailed descriptions of

these features are as follows.

2.4.1 Standard deviation of the

(SD)

density

Each cluster contains several microcalcifications.
The density of each microcalcification, Iy, was given
as the mean of top 5 pixels in gray level. The stan-
dard deviation of them in a cluster is defined in the

usual manner as

Here N is the number of microcalcification in a clus-

ter, and I is the mean value of Ij.

2.4.2 Coefficient of size-variation (CS)

The size of a microcalcification, A, was measured
by counting the number of all pixels within its seg-
mented image. Then, the coefficient of variation of

the sizes is defined as.

1 & _
k=1
Here, N is the number of microcalcification within

a cluster, and A is the mean value of Ay.

2.4.3 Circularity of a cluster Margin (CM)

The circularity of a cluster was evaluated by using
12 shape indexes [Jiang 96]. Four shape indexes rep-
resent distances between the center-of-cluster pixel
and the boundaries of the minimum rectangular in
which the cluster is included. Another eights shape

indexes were the lengths of straight lines from the
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center-of-cluster pixel to the pixels located in the
outermost positions in eight directions within the
cluster (see Fig.2).

The coefficient of variation of these 12 shape in-
dexes was used to characterize the circularity of the

cluster, that is

12

1 |1 _
=57 EZ(SIk —S1)2.
k=1

CM
where SI; is a shape index, and ST is the mean
of 12 shape indexes. For a compact (round) clus-
ter, all 12 shape indexes have the same value, and
their coefficient of variation becomes zero. For an
irregular (linear or branching) cluster, some of the
12 shape indexes have large values, keeping others

small, which results in large coefficients of variation.

3 Results

Figure 3 shows the distributions of the three fea-
tures for 35 clusters of microcalcifications in 30
mammograms. Figure 3(a) is a scatter plot of each
cluster. The x-axis is the value of CS, while the
y-axis is those of SD. Figure 3(b) is a distribution
of the circularities of the cluster margin (CM). To
know how each feature contributes to the discrimi-
nation we performed the multi-variate discriminant
analysis by using SPSS statistical package [SPSS].
Table 1 shows the group means and the standard
deviations, while table 2 is the tests for univariate
equality of group means.

Table 2 indicates that CS greatly contributes to
the difference of two groups. And CM comes next
while the value of SD would make little to this dis-
crimination. To know the interdependence among
these variables, a pooled with-in groups correlation
matrix was evaluated (Table3).

From Table 3 it is known that the values of CS
and CM correlate somewhat strongly, which means
CM would not contribute so large to the difference
of two groups as was expected from Table 2 when
used together with CS. Table 3 also indicates that
SD is an independent variable. Table 4 is the un-

standardized and standardized discriminant func-

Group Mean Standard Number
Deviation

Benign CM 10.2223 5.0716 14

Benign SD 223.8898 112.5862 14

Benign CS 59.8648 14.3875 14

Malignant CM 17.8313 7.0671 21

Malignant SD || 288.6721 118.9299 21

Malignant CS 89.0158 17.5767 21

Table 1: Simple Statistics

Variable || Wilks’ Lambda F significance
CcM 0.733 12.038 0.001
SD 0.927 2.599 0.116
CS 0.554 26.557 0.000

Table 2: Wilks’ lambda and univariate F-ratio with 1 and
33 degree of freedom.

CM SD CS
CM | 1.000  0.033  0.334
SD | 0.033 1.000 -0.031
CS | 0334 -0.031 1.000

Table 3: Pooled within-groups correlation matrix

unstandardized | standardized
CM 0.062 0.329
SD 0.003 0.295
CS 0.049 0.799
constant -5.198

Table 4: Discriminant function coefficients

11/14 (78.57%)
20/21 (95.24%)

Benign (Specificity)

Malignant (Sensitivity)

Table 5: Percentage of cases classified correctly
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Figure 3: Diagrams of the distributions of malignant and benign clustered microcalcifications for three features. (a)The

standard deviation of the densities and the coefficient of variation of sizes. (b)Circularity of cluster margin.

tion coefficients, and Table 5 is the percentage of

cases classified correctly.

4 Discussion

Although all cases used were very difficult to di-
agnose their malignancy without biopsy, we made
receiver operating characteristic (ROC) analysis to
check objectively the difficulty of cases. We asked
another experienced specialist for mammography
diagnosis to diagnose malignancy through mammo-
grams. He knew nothing about the patients except
the images offered by us. To each case we made two
images of mammogram, i.e., full scale image of a
mammogram in which ROI is depicted, and the en-
larged image of ROL. In the creation of the enlarged
image, care was taken in the calibration of the win-
dow level so that each microcalcification is most
clearly shown. These two images of each case are
put into the Microsoft Power-Point Viewer, which
might make diagnosing more difficult, since there is
no tool to change the windows level. Figure 4 is the
result of this ROC analysis. The eigen-value, which
is the ratio of between-groups sums of square and
within-groups sums of square, was 0.995. This ex-
tremely high eigen-value also supports the goodness
of the obtained discriminant function in the cases

used. Many investigations have been done in the

past to obtain good indicators or features for the
discrimination of malignant and benign microcalci-
fications, and the features introduced in this paper
should be fully examined in the past. We wondered
why we could discriminate so wonderfully in these
difficult cases. Two reasons we can think of. One
is the use of the weighted wavelet transform, by
which we can extract only the micro-convexes in a
mammogram. The features evaluated by using this
transform might reflect correctly the characteristics
of each microcalcification. The second is about the
number of cases. Thirty-five may not be sufficient
to believe that the present results is statistically sig-
nificant. Although the number of cases is small to
make statistically significant conclusions, however,
it will be possible to say that (1) all cases used are
very difficult to diagnose, and (2) there is high pos-
sibility to make good CAD scheme by using the

present method.

5 Concluding Remarks

In this paper, we proposed a candidate of good CAD
scheme for supporting diagnosis of mammograms by
using the weighted wavelet transform technique for
extraction of microcalcifications and three features
obtained from them. These features are selected

by experienced mammographer on the basis of the
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Figure 4: The results of ROC analysis

characteristics of microcalcification associated with

cancer. We applied them to 35 cases of patient files.

All of them were difficult to diagnose their malig-

nancy without biopsy. SPSS statistical package was

used for discrimination. The experimental results

shows very high values of sensitivity (95.2%) and of

specificity (78.6% ) to the cases examined.

References

[Adler 92]

[Kopans 91]

[Shen 94]

[Jiang 96]

Adler DD and Helvie MA: Mam-
mographic biopsy recommendations.
Current Option in Radiology 4: 123-
129, 1992.

Kopans DB: The positive predictive
value of mammography. AJR 158:
521-526, 1991.

Shen L, Rangyyan RM, and Desau-
tels JEL: Application of shape anal-
ysis to mammograohic calsifications.
IEEE Trans. Medical Imaging 13(2):
263-274, 1994.

Jiang Y, Nishikawa RM, Wolverton
DE et al:

clustered microcalcifications:

Malignant and benign
auto-
mated feature analysis and classifica-
tion. Radiology 198: 671-678, 1996.

[Jiang 99]

[Chan 97]

[Chan 98]

[Kopans 98]

Jiang Y, Nishikawa RM, Schmidt
RA et al.: Improving Breast Cancer
Diagnosis with Computer-aided Di-
agnosis. Acad Radiol 6: 22-33, 1999.

Chan HP, Sahiner B, Petrick N et
al.: Computerized classification of
malignant and benign microcalcifi-
cations on mammograms: texture
analysis using an artificial neuralnet-
work. Phys. Med. Biol. 42: 549-567,

1997.

Chan HP, Sahiner B, Lam KL et al.:
Computerized analysis of mammo-
graphic microcalcifications in mam-
anf texture feature
2007-

mographical
spaces. Med. Phys. 25(10):
2019, 1998.

Kopans DB: Breast Imaging, 2nd
edition. Lippincott-Raven Publish-
ers, 1998.

[Uchiyama 99] Uchiyama Y and Yamamoto K: En-

[SPSS]

-22.

hancement of microcalcifications in
mammograms using dyadic wavelet
analysis. Med Imag Tech 17(3): 261-
271, 1999.

SPSS Professional Statistics 6.1,
Marija J. Norusis/ SPSS inc.


ezoe
Journal of Computer Aided Diagnosis of Medical Images Vol.3 No.3 Nov. 1999

ezoe
- 22 -

ezoe
Journal of Computer Aided Diagnosis of Medical Images Vol.3 Nov. 1999


Journal of Computer Aided Diagnosis of Medical Images Vol.3 Nov. 1999

WHARAL 7 S5 A& D BREMERTY 25 L

HI RS, AR HHEEL AR 2,
BEWE 3, HPE. duNRmt. FrHEe

VIR RZTEAER Y A7 LTHE [T 889-2192 BITH¥EATEATE 1 TH 1 FH)
SERFEAI BRI ARG

3T VA NET e AHEBE

ARBRH IS AT

SERPEATD IR

B=  ZOWMX TR TYET T LICBTAMHAIKLY T2 XK T 2 REEEN O L WIFERRRET
5, KFEEIL. SHEHOREELHVWTENE2ITY>, ZOSOREEL. (1) 7S RARXNICEET B HKLD
BEOERRFZE. (2) 7 SARNEET 2AKEOEEOLEHRE. (3) 7S AR EROMABETH .,
2RSS0 3FEOEBEICK U THHSH EHW. TV N7 RARRBROYYESSLOHMSTYES S
7 4 G EIC & VU BRE 0 S O IR I R RN AKL Y 5 A 2 3 5Bl & XtRICREMSEN KA. 2
OFER. EEME EBHEARMY 52 2 2B L8 2 95.24%. HEH (BHAKAY S22 % B &) $
78.57% L WORERMEO N, KRFEOEHHEEHERL =,

AEE (BARFE D&\

1999 FRITAS TEEUEW T2,
B, EASSHEAEERE 7.
EEFRBIRIIE BET DB i,
A 21— ISAEBIEEM T =
BsiRiEs. 328,

HEHE (FDDT &EG)

1984FF A ASIRL APV
1989 A ASASBRIBZETH
G RIS EERTIES SIS .
B, SRAS TS TR
B, 199F=IE S TEEESR
TEREENE.

AR S ﬁw}@éA
BFAVIEEs. 858

BIR™ (WEAND&DL)

198STAFBA SRR [OF—
INRING. 1992 A SRR,
AEBRREE . B TEVS. 19968
EBEA T AN IBAIFER.
FBRDFATERE - BIERICHE.
s AAWES. BARIERR
IS RTREEES.
BARESS. OASRERE S
BA ) s ZE8.

0Bt (BADH<0)

197 —TASREAE,
e s S e

-23-

AIlR— (DB0FEKLAT)

1995 FRATAZ T SEIER T 22,
1997 FS AEBrEAHEREE 5.
B, CASREHEIERE S,
BHAERSIR T%s. A 1—9
SEBEEM s, 358,

HIRBET (dFpE 2OL)

EHBRRIAS > CRATEIES
SATLIRFRIZNBUIEDS .,
EEEERLEENDED. §78
BRRREAS I A S DR T 2278
2. SFAZHD. B,
CEASERICEEREE.
EEEEROTF1 ST+ EFE
BIRUUEZEET 2HBRICHEE.

#RE (BT ERL)

1982 T - BREAERE . SRR
k. BIICAGEL 1985~1989cF
EHETERENEFTIN. GHFPIR
T TR RO RIS, &
PHSRARER. 191F AN 78
(FINBE. 1996 T AR PRAIE
e L s, B, B4
EESSTES. BRI STTS
8. Ar3EsishrattsiA. AAZE
Pﬂ*ﬁﬁ’a’ﬁﬂ%‘%"ﬁﬁg. B

TS (=370
ZERSEL AR,
FEUTBRRESEICH T Disiga2 .

Interventional RadiologyDE2fE. BSIZ
s,


ezoe
Journal of Computer Aided Diagnosis of Medical Images Vol.3 No.3 Nov. 1999

ezoe
- 23 -

ezoe
Journal of Computer Aided Diagnosis of Medical Images Vol.3 Nov. 1999




