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Benign and Malignant Breast
Lesions: Diagnosis with
Multiparametric MR Imaging"

PURPOSE: To both develop and use a tissue signature method for the identification
and classification of breast lesions and healthy breast tissue with magnetic reso-
nance (MR) imaging.

MATERIALS AND METHODS: Thirty-six patients underwent breast MR imaging
(T1- and T2-weighted imaging and three-dimensional T1-weighted imaging with
and without contrast material enhancement), followed by biopsy or mastectomy
and histopathologic analysis. Tissue cluster analysis was performed by using the
iterative self-organizing data technique to identify glandular, adipose, and lesion
tissue signature vectors. Glandular and lesion tissue vectors were characterized by
angular separation from the reference adipose tissue vector. Differences in angular
separation of histologically proved benign and malignant lesion groups were eval-
uated with an independent ¢ test. The usefulness of the angular separation model for
distinguishing benign from malignant lesions was evaluated with nonparametric
receiver operating characteristic curve analysis.

RESULTS: The model enabled successful identification and characterization of
breast lesion tissue clusters in all patients; 18 lesions were benign, and 18 were
malignant. Angular separation = SD was 17.8° = 6.1° between adipose tissue and
malignant lesions and 29.0° = 11.2° between adipose tissue and benign lesions.
Angular separations of benign lesions and malignant lesions were significantly
different (P = .002), with a specificity of 78% and sensitivity of 89% at a cutoff value
of 21°. Significant differences in angular separation from adipose tissue also were
found between glandular tissue and lesion tissue (P < .001) and, in glandular tissue,
between patients with benign lesions and those with malignant lesions (P = .04).
The area under the receiver operating characteristic curve was 0.84.

CONCLUSION: Multispectral analysis of conventional breast MR images based on
the iterative self-organizing data model and on measurement of angular separation
between tissue signature vectors may enable automated lesion identification and
classification.

© RSNA, 2003

Magnetic resonance (MR) imaging is increasingly used for the diagnosis and characteriza-
tion of suspected breast lesions identified with mammography. Contrast material-en-
hanced MR imaging has high sensitivity (approximately 90%) but lower specificity (ap-
proximately 37%-86%) for breast cancer detection (1-7) because certain benign lesions
exhibit static or dynamic enhancement characteristics similar to those seen in breast
cancers (8). For example, fibroadenomas may enhance at variable rates from slow to fast
(9-14), considerably overlapping the enhancement rates of malignant lesions such as
ductal carcinoma.

Attempts to increase the specificity of breast MR imaging by using computer-aided
diagnosis, or CAD, have been reported previously. The methods used have included
statistical measurement based on semiautomated segmentation (15-17), analysis of con-
trast material uptake and washout curves (5,18,19), normalized slope measurements of
contrast material uptake (4), and neural network analysis (20) of contrast enhancement
curves. In addition, a model comprising contrast-enhanced three-dimensional imaging
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Figure 1.

and pharmacokinetic analysis was vali-
dated in experimental breast tumors (21)
and clinical subjects (14). These methods
have demonstrated specificities ranging
from 39% to 83%.

The purpose of our study was to both
develop and use a tissue signature method
for the identification and classification of
breast lesions and healthy breast tissue. We
hypothesized that quantitative measure-
ments of multiple MR signal intensities,
when combined in a multiparametric
model, would enable automated differen-
tiation between different tissue types, such
as adipose, glandular, and lesion tissues in
the breast.

MATERIALS AND METHODS
ISODATA Model

The multiparametric MR image data
set that was analyzed with the iterative
self-organizing data (ISODATA) technique
(22,23) consisted of T1-weighted images,
fat-suppressed T2-weighted images, and
three-dimensional fat-suppressed T1-
weighted images acquired before and
during contrast material enhancement
(see MR Imaging) (Fig 1). These imaging
sequences constitute the conventional
breast MR imaging examination, and
they were selected for ISODATA analysis
because each sequence provides different
contrast to disclose different tissue types.
For example, T1-weighted images provide
a clear visual separation of adipose tissue
from glandular tissue, and T2-weighted fat-
suppressed images facilitate the identifica-
tion of fluid-filled structures such as cysts.
Three-dimensional  fat-suppressed  T1-
weighted images obtained prior to and
during contrast enhancement help iden-
tify potential malignancies on the basis of
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different enhancement caused by different
uptake of the contrast agent (9,24).

If we assume that each tissue type has a
characteristic signal intensity on each MR
image type, then each tissue type will form
a cluster in a feature space the axes of
which represent the signal intensity of that
tissue on MR images of that type. The cen-
ter of each cluster can be described by a
tissue signature vector S, calculated for the
average signal intensity of all pixels that
are identified as part of the tissue type,
such that S =S, S,, . . ., S, where S, is the
mean signal intensity of the tissue type on
the kth image. The initial selection of nor-
mal tissue signature vectors from the MR
images used in the ISODATA model is
shown in Figure 2, A. The ISODATA tech-
nique (22) is an unsupervised segmenta-
tion method related to the K-means algo-
rithm, with additional splitting and
merging steps that allow for the adjust-
ment of cluster centers. Features of the ISO-
DATA method include the ability to adjust
the number of clusters and the lack of a
need for initial training or for a priori
knowledge of the exact number of tissue
types before segmentation. The modified
ISODATA algorithm that we used consisted
of four main stages, summarized as follows
(for a more complete description of the 14
steps performed, see Jacobs et al [23]).

1. The criteria defining normal breast
tissue parameters—in other words, adi-
pose and glandular tissue signature vec-
tors—and the initialization of the num-
ber of clusters were input into the
program. We first defined an adipose tis-
sue signature vector that represented the
adipose tissue depicted on the MR im-
ages; a glandular tissue signature vector
was likewise defined (Fig 2, A). The intra-
set euclidean distance (IAD) and interset

Representative sagittal MR image data set analyzed with the ISODATA algorithm. A, T1-weighted image acquired
with a fast spoiled gradient-echo pulse sequence (200/4.4). B, Fat-suppressed T2-weighted image acquired with a spin-echo
pulse sequence (5,700/102). C, Three-dimensional fat-suppressed T1-weighted image acquired with a fast spoiled gradient-
echo pulse sequence (20/4) prior to contrast enhancement by gadodiamide. D, Contrast-enhanced three-dimensional
T1-weighted image acquired with the same pulse sequence as in C.

euclidean distance (IED) *= SD for each
tissue type were then computed by using
ISODATA, information that was used for
the splitting and merging of the different
clusters. In this study, the number of ini-
tial clusters was used to partition the fea-
ture space into different segments within
which tissue cluster centers would be de-
termined. By postulating a large number
of initial clusters, we ensured that all pos-
sible combinations would be accounted
for. The expected number of clusters was
five: adipose tissue, glandular tissue, ducts,
and benign and malignant masses. We
therefore set the number of initial clusters
at 30—approximately an order of magni-
tude greater than the expected number of
clusters or tissue types (ie, five).

2. The MR image feature space was par-
titioned into random clusters.

3. Cluster centers were determined,
and IAD and IED were calculated be-
tween pixel vectors and cluster centers.
IED was defined as the distance between
cluster centers and was calculated from
the magnitude of the difference between
the two tissue cluster centers, such that
IED; = [IS; — S||, where S; and §; are the
cluster centers. IAD was defined as the
variance of each tissue cluster, such that

Nj

1
IAD; = >

i=1

Si—S.

j ’

where N; is the number of pixels in the
jth cluster, §; is the ith data point in the
jth group, and §; is the cluster center.

4. The clusters were then split and
merged on the basis of the projected IAD
and IED. The splitting and merging of
clusters allowed for adjustment to the
number of clusters on the basis of the

structure of the data.

Jacobs et al
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Figure 2. MR image data from the same patient as in Figure 1. A, Diagram of signature vectors defined for each normal tissue
type (adipose and glandular) and assigned to the tissue cluster that most closely resembles the vector elements for that tissue
type in the ISODATA algorithm. B, Representative ISODATA theme map of the signature vectors defined for each tissue cluster
shows normal adipose tissue (dark blue) in most of the breast. Regions that are light blue, green, and yellow represent
glandular tissue, and pink and white areas represent tumor tissue. C, Diagram of the three-dimensional feature space formed by
the combination of T1-weighted images and T2-weighted fat-suppressed images with contrast-enhanced three-dimensional
images. The angular separation model, with the distribution of tissue clusters in the three-dimensional feature space, is shown.
Angles were calculated as the dot product between the normal tissue cluster and the abnormal tissue cluster by using each cluster’s
tissue signature vector (6,, 6,). Each axis represents the signal intensity distribution for each MR image type.

Steps 3 and 4 were repeated until the
data converged (ie, the SD of the clusters
was minimized) or the maximum num-
ber of iterations was reached (Fig 2, B).

Study Subjects

A total of 36 patients (age range, 18-80
years; median, 45 years) were included in
this study. The protocol was approved by
the Joint Committee on Clinical Investi-
gation at the Johns Hopkins University
School of Medicine, and informed con-
sent was obtained from all subjects.

Subjects were selected retrospectively
from a cohort of 60 patients who were re-
ferred consecutively over the course of 1
year (from February 2000 to March 2001)
for MR evaluation of suspected breast le-
sions identified at mammography, ultra-
sonography, and/or clinical examination.
MR images of 11 patients could not be
evaluated with the ISODATA method be-
cause of technical difficulties such as im-
proper field of view (n = 6), inadequate fat
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suppression (n = 3), archival problems (n =
1), and failure of image coregistration (n =
1). From the remaining 49 patients whose
images were technically adequate, the re-
search coordinator (C.M.), who was not
blinded to histologic findings, selected at
random 18 patients who had received a
diagnosis of benign breast lesion and 18
patients who had received a diagnosis of
carcinoma. This study design was based on
statistical considerations (ie, the need to
have equal numbers of patients in each
group). The cases were presented in ran-
dom order to the MR imaging physicist
(M.A].), who performed image analysis
while blinded to histologic findings. After
MR imaging, core or excisional biopsies
were performed in 20 patients, and the
other 16 patients underwent lumpectomy
or mastectomy.

Histologic Analysis of Lesions

After MR imaging, biopsies were per-
formed on lesions identified on mammo-

grams and MR images and at physical
examination. Tissue specimens from mas-
tectomy were cooled to approximately
5°C. Specimens were sliced at 5-10-mm in-
tervals, in the same plane in which the MR
images were acquired.

Each lesion was classified as benign or
malignant on the basis of histologic anal-
ysis. A lesion was considered benign if
the histologic report specified fibrocys-
tic changes, including formation of cysts or
increased fibrous tissue, with benign pat-
terns of ductal or lobular distortion and
benign cellular changes such as are seen in
typical or atypical lobular or ductal hyper-
plasia. A lesion was considered malignant
if it was diagnosed histologically as ductal,
lobular, or undifferentiated carcinoma.

MR Imaging

For mammographically identified le-
sions, the mammogram and mammo-
graphic report were made available to the
radiologist (D.A.B.) for correlation with

Diagnosis of Breast Lesions with MR Imaging - 227
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TABLE 1

Patient Age, Lesion Size, and MR Imaging and Histologic Findings in Patients with Benign Lesions

Patient Lesion MR
Patient No. Age (y) Size (cm) Finding* Histologic Finding

1 63 1.2 Positive Benign fibrous breast tissue with microcalcifications
2 41 4.8 Positive Benign breast tissue with fat necrosis
3 45 1.6 Positive Apocrine metaplasia and cystic dilatation
4 46 2.0 Positive Fibroadenoma
5 74 2.0 Positive Residual atypical ductal hyperplasia, apocrine metaplasia, and intraductal papilloma
6 44 4.0 Positive Fibrocystic change
7 46 2.2 Positive Stromal fibrosis and elastosis. Florid ductal epithelial hyperplasia and sclerosing adenosis
8 38 2.0 Positive Fibroadenoma
9 48 1.8 Positive Fibroadenoma

10 46 3.6 Positive Fibrocystic change and adenosis

11 53 1.0 Positive Benign breast tissue with fibrocystic change

12 42 0.9 Positive Benign breast tissue with fibrocystic change, ductal hyperplasia, and adenosis with

microcalcifications

13 45 0.5 Positive Benign breast tissue

14 41 2.5 Positive Markedly atypical ductal hyperplasia with microcalcifications

15 32 3.5 Positive Benign breast tissue with fibrocystic change

16 44 1.0 Positive Benign breast tissue with fibrocystic change

17 44 1.2 Positive Ductal ectasia and intense inflammatory infiltrate

18 59 1.2 Positive Benign breast tissue with fibrocystic change and microcalcifications

Mean 47.3 2.1
SD 9.7 1.2

* Positive indicates that contrast enhancement was observed in the lesion on MR images acquired after administration of gadodiamide.

MR images. For abnormalities identified
at physical examination, a marker was
placed on the breast prior to MR imaging.
MR imaging was performed with a 1.5-T
MR imager (GE Medical Systems, Wauke-
sha, Wis) and a dedicated phased-array
breast coil (MRI Devices, Milwaukee, Wis),
with the patient lying prone and the breast
in the holder to reduce motion. The imag-
ing protocol included a fat-suppressed T2-
weighted spin-echo pulse sequence (rep-
etition time msec/echo time msec, 5,700/
102) and a Tl-weighted fast spoiled
gradient-echo sequence (200/4.4) with a
field of view of 18 X 18 cm, matrix of
256 X 192, section thickness of 4 mm,
and 1-mm gap between sections. In addi-
tion, a three-dimensional fat-suppressed
T1-weighted fast spoiled gradient-echo
pulse sequence (20/4, image matrix of
512 X 160, section thickness of 2 mm) was
performed before and during contrast en-
hancement obtained with intravenous ad-
ministration of 0.2 mL/kg (0.1 mmol/kg)
gadodiamide (Omniscan; Amersham
Health, Princeton, NJ). The contrast agent
was hand injected over a period of 10 sec-
onds, followed by a 20-mL normal saline
solution flush, with MR imaging begin-
ning immediately after completion of the
injection. Total imaging time for the entire
protocol was less than 20 minutes.

MR Image Preprocessing
and Analysis

MR image preprocessing and analysis
were performed at a workstation (Ultra-
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SPARC60; Sun Microsystems, Mountain
View, Calif). Images were preprocessed
with image analysis software (Eigentool;
Image Analysis Lab, Henry Ford Hospital,
Detroit, Mich) (25-28). Subimaging of
the breast from the background was
achieved by using thresholding and moz-
phologic operations (29) to reduce com-
putational time. After subimaging, an
inhomogeneity correction method was
applied to the MR image data set (30).
Finally, the images were restored by us-
ing a nonlinear restoration filter to re-
duce image noise while preserving edges
and partial volume effects (31). To ac-
count for possible patient motion, mis-
alignment between sequences, and dif-
ferences in section location or thickness,
coregistration of the breast MR images
was accomplished by a method described
previously (30).

Quantitative MR Measurements

Tissue clusters were defined by using
multiparametric ISODATA segmentation
and identified according to tissue signa-
ture vector (32). Tissue signature vectors
were defined for the adipose and glandu-
lar tissues in each patient (Fig 2, A) and
were used as input values for the ISO-
DATA algorithm. Other tissue types were
automatically determined by the ISO-
DATA routine, which output a theme
map with different colors representing
the different tissue types (Fig 2, B). Adi-
pose tissue depicted on the theme map
produced by multiparametric ISODATA

segmentation was visually verified by a
radiologist (D.A.B.) according to its ap-
pearance on T1- and T2-weighted images.
The adipose tissue vector defined by ISO-
DATA segmentation was used as the ref-
erence vector for measurement of angu-
lar separation of the other tissue clusters
defined by ISODATA and depicted on the
theme map. Classification of the differ-
ent tissue types was determined on the
basis of angular separation between the
two tissue signature vectors (Fig 2, C),
which was calculated by using the dot
product between the vectors. The results
obtained with the ISODATA model for
each lesion were compared with the his-
topathologic findings.

To identify the combination of MR
data that would provide optimal visual
separation of breast tissue types in fea-
ture space, ratios of IED to IAD were cal-
culated between pixel vectors and cluster
centers from the different MR image data
sets. Whereas IED is the distance between
each tissue cluster center, and IAD is the
variance within each tissue cluster, the
ratio of IED to IAD is a measure of sepa-
ration (33,34) between the different tis-
sue clusters in feature space. The four MR
image data sets considered for optimal
separation were (a) T1- and T2-weighted
images; (b) T1- and T2-weighted images
and fat-suppressed (nonenhanced) T2-
weighted images; (c) T1- and T2-weighted
images and three-dimensional fat-sup-
pressed contrast-enhanced T1-weighted

Jacobs et al
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TABLE 2

Patient Age, Lesion Size, and MR Imaging and Histologic Findings in Patients with Malignant Lesions

Patient Tumor MR
Patient No.  Age (y)  Size (cm) Finding* Histologic Finding

1 46 1.0 Positive Infiltrating mammary carcinoma with one focus of ductal carcinoma
2 52 1.3 Positive Infiltrating well-differentiated ductal carcinoma with atypical ductal hyperplasia
3 56 1.1 Positive Infiltrating ductal carcinoma and benign fibroadipose tissue
4 80 1.0 Positive Infiltrating mammary carcinoma with ductal and lobular features
5 50 1.0 Positive In situ ductal carcinoma with microcalcifications
6 54 2.5 Positive Invasive poorly differentiated mammary carcinoma with associated focal ductal carcinoma in situ
7 47 1.0 Positive In situ ductal and infiltrating poorly differentiated ductal carcinoma with microcalcifications
8 58 1.4 Positive Infiltrating lobular carcinoma, lobular carcinoma in situ, and foci of ductal carcinoma
9 40 2.5 Positive Ductal carcinoma, solid and cribriform types

10 60 2.2 Positive Infiltrating ductal carcinoma

11 62 2.0 Positive Infiltrating ductal carcinoma

12 34 5.0 Positive Carcinoma

13 62 6.0 Positive Differentiated ductal carcinoma

14 70 3.6 Positive Infiltrating ductal carcinoma

15 63 1.0 Positive Infiltrating ductal carcinoma with mucinous features

16 52 1.3 Positive In situ and infiltrating mammary carcinoma

17 34 3.0 Positive In situ carcinoma

18 59 2.6 Positive Infiltrating ductal carcinoma

Mean 54.4 2.2
SD 11.8 1.5

* Positive indicates that contrast enhancement was observed in the lesion on MR images acquired after administration of gadodiamide.

Fatty Tissue

Glandular
Tissue

C

I Tumor

sInfiltrating duct
carcinoma

*Angle = 19°

Figure 3. MR image data from a 56-year-old woman with infiltrating ductal carcinoma
confirmed by histologic analysis following mastectomy. A, Theme map obtained with mul-
tiparametric ISODATA segmentation at an angular separation threshold of 19° demonstrates
clear delineation of adipose tissue (blue) from glandular tissue (light green to yellow). B,
Sagittal T1-weighted contrast-enhanced digital subtraction image acquired with a FSPGR
pulse sequence (20/4). C, D, Histologic photomicrographs (hematoxylin-eosin stain, original
magnification in C, X2; in D, X40) on which the tumor tissue appears in pink and white. The
histologic morphology of the lesion was consistent with that of infiltrating ductal carcinoma.

images; and (d) T1- and T2-weighted im-
ages and three-dimensional fat-suppressed
contrast-enhanced and nonenhanced T1-
weighted images.

V 229 - Number 1

Statistical Analysis

Differences in angular separation be-
tween benign and malignant lesion groups

were evaluated by using an independent
Student £ test. Statistically significant dif-
ference was considered to be indicated by
P < .0S5. In addition, the ability of the
angular separation model to discriminate
between benign lesions and malignant
lesions was evaluated with nonpara-
metric receiver operating characteristic
(ROC) curve analysis.

RESULTS

The histopathologic and MR imaging
findings for the patient population in
this study are shown in Tables 1 and 2.
On gadolinium-enhanced T1-weighted
images, all of the breast lesions were con-
trast enhanced; contrast enhancement
was the criterion used to define a lesion.

The multiparametric ISODATA model
enabled successful segmentation of nor-
mal and abnormal breast tissues and dif-
ferentiation between adipose and glan-
dular tissue types in all cases. Figure 3
shows a representative multiparametric
ISODATA segmentation from a 56-year-
old patient with infiltrating ductal carci-
noma confirmed at histologic analysis
after mastectomy. The ISODATA segmen-
tation of adipose and glandular tissues is
shown in Figure 3, A. Representative his-
tologic photomicrographs of tissue from
the lesion area are shown in Figure 3,
Cand D. The angular separation of tumor
tissue from adipose tissue was 19.6°,
whereas the separation of glandular tis-
sue from adipose tissue was 7.1°. Overall,

Diagnosis of Breast Lesions with MR Imaging - 229
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TABLE 3

Angular Separations of Glandular Tissue and of Lesion Tissue from the Adipose
Tissue Reference, Calculated for Malignant and Benign Lesions

Angular Separation of
Glandular Tissue from
Adipose Tissue (degrees)

Angular Separation of
Lesion Tissue from
Adipose Tissue (degrees)

Lesion Mean SD Mean SD
Malignant (n = 18) 5.6* 2.4 17.8% 6.1
Benign (n = 18) 7.8 3.5 29.0 11.2

* P = .04 indicates a significant difference between malignant and benign lesions.
TP < .002 indicates a significant difference between malignant and benign lesions.

for malignant lesions (n = 18), the aver-
age angular separation between adipose
tissue and tumor tissue was 17.8° * 6.1°
(mean * SD). For benign lesions (n = 18),
the average angular separation between
adipose tissue and lesion tissue was
29.0° = 11.2°.

Angular separation of lesion tissue
from adipose tissue was significantly dif-
ferent between benign and malignant le-
sions (P < .002, df = 26, t statistic =
—3.64). Angular separation from adipose
tissue also was significantly different be-
tween glandular tissue and lesion tissue
(P <.001, df = 22, t statistic = —7.41). In
addition, there was a significant differ-
ence in glandular tissue signature vectors
between patients with benign lesions and
those with malignant lesions (P = .04,
df = 30, t statistic = 2.04) (Table 3). Fig-
ure 4 shows the ROC curve used to eval-
uate the ability of the ISODATA-based
angular separation model to differentiate
benign lesions from malignant lesions.
The area under the ROC curve is 0.84.
The sensitivity and specificity of several
representative angular separation thresh-
olds are presented in Table 4.

The MR data set that included T1-
weighted and T2-weighted images and
contrast-enhanced and nonenhanced
three-dimensional T1-weighted images
had the largest IED/IAD ratio—2.54 for
the lesion tissue cluster and 1.51 for the
glandular tissue cluster (Table 5). This re-
sult indicates that this image data set pro-
vided the best separation in feature
space. The large IED/IAD ratio also sug-
gests that this data set may be optimal for
achieving increased separation between
tissue types and decreased variance
within each tissue type. Two data sets
(T1- and T2-weighted images combined
with contrast-enhanced three-dimen-
sional T1-weighted images, and T1- and
T2-weighted images combined with non-
enhanced three-dimensional T1-weighted
images) had similar IED/IAD ratios for the
lesion tissue cluster (1.85 and 1.80, respec-
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tively) and glandular tissue cluster (1.31
and 1.32, respectively). The T1- and T2-
weighted image data set exhibited the low-
est IED/IAD ratio for the lesion tissue (ie,
1.68) and glandular tissue types (ie, 1.19).

DISCUSSION

The results of this study indicate that a
quantitative, multiparametric approach
to breast MR imaging may enable the
automated characterization of breast le-
sions as benign or malignant. The appli-
cation of the angular separation model to
MR image analysis provides quantitative
information that may assist the radiolo-
gist in determining whether a lesion is
benign or malignant. Further evaluation
will be necessary to determine whether
this quantitative assessment improves
the accuracy of clinical diagnosis of
breast cancer.

Other investigators previously reported
that T1- and T2-weighted images are not
sufficient for distinguishing benign from
malignant tissue (1,10,35) and that con-
trast-enhanced MR image data allow for
better visualization of the tumor extent
and of multifocality in breast masses sus-
pected to be malignant (4,9). The results of
our study indicate that quantitative analy-
sis of all MR data is useful for tissue classi-
fication as benign versus malignant. Al-
though T1- and T2-weighted images alone
may not be useful for differentiating tissue
types, the combination of these images
with contrast-enhanced three-dimensional
T1-weighted images increases the distance
between tissue clusters and minimizes the
spread of values within a single cluster.
This assertion is supported by the IED/IAD
ratios calculated for the different image
data sets; the multiparametric data set con-
sistently provided a higher IED/IAD ratio
than the other data sets.

T1-weighted images can provide excel-
lent visual separation of adipose tissue
from glandular tissue, and T2-weighted

1.0 [_

0.8
0.7
0.6+
0.5
0.4

Sensitivity

0.3+
0.2
0.1

o-o L Il L L L L L 1 L J
0.0 0.10.20.3 0.40.50.6 0.7 0.8 0.91.0

1-Specificity

Figure 4. Graph of ROC curves for ISODATA-
based analysis of angular separation according
to lesion tissue type and for all tissues. The area
under the curve for lesion tissue type was 0.84.
The diagonal line indicates an area under the
curve of 0.50 (ie, no separation between tissue
types).

TABLE 4

Sensitivity and Specificity of the
Model at Six Threshold Angle Values
for Prediction of Benign versus
Malignant Lesions

Threshold Angle Sensitivity Specificity
(degrees) (%) (%)
17 33 94
18 50 89
19 67 89
21 89 78
22 94 72
23 94 67

images can depict cysts, necrosis, hemor-
rhage, and some fibroadenomas (1,10,35).
Previous investigators, such as Kuhl et al
(35), suggested that the incorporation of
T2 weighting and contrast material en-
hancement into the breast MR imaging
protocol could increase diagnostic specific-
ity. Most malignant breast lesions are pro-
foundly enhanced after administration of a
contrast agent, and the enhancement pat-
tern may aid in the differential diagnosis of
the lesion (5,18). However, some benign
lesions, such as fibroadenomas, tend to en-
hance to the same extent as carcinomas.
To overcome this difficulty, Degani et al
(21) used the contrast enhancement pat-
terns on MR images obtained at three dif-
ferent time points during contrast material
uptake to produce a color-coded theme
map that characterized tumor heterogene-
ity in terms of microvascular permeability
and extracellular fraction. The use of this
three-time-point imaging and mapping
method was shown to improve the accu-

Jacobs et al
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TABLE 5

for Glandular and Lesion Tissue Clusters

Comparison of IED/IAD Ratios among the Four Image Data Sets Studied,

IED/IAD Ratio for
Tissue Cluster

Glandular Lesion

MR Image Data Set Tissue Tissue

T1- and T2-weighted images 1.19 1.68

T1- and T2-weighted images and fat-suppressed (nonenhanced)

T2-weighted images 1.32 1.80
T1- and T2-weighted images and three-dimensional fat-suppressed

contrast-enhanced T1-weighted images 1.31 1.85
T1- and T2-weighted images and three-dimensional fat-suppressed

contrast-enhanced and nonenhanced T1-weighted images 1.51 2.54

racy of diagnosis of fibroadenoma (14).
This area of breast imaging has been re-
viewed recently (36).

In our study, malignant lesions had
smaller angular separations from adipose
tissue than did benign lesions, but the
mechanisms underlying these differences
in angular separation have yet to be de-
termined. MR imaging is highly sensitive
both to localized changes in tissue water
content and to changes in the general
environment produced by the exchange
of water with the surrounding tissue.
Changes in tissue water content can re-
flect physiologic and morphologic alter-
ations that occur during the growth of
tumors. The use of extracellular gadolin-
ium-based contrast agents improves the
detection of most malignant breast le-
sions by means of observed lesion vascu-
larity, architecture, and permeability.
The timing of the contrast material injec-
tion and of breast imaging influences the
signal intensity on MR images.

Malignant breast lesions tend to ex-
hibit a washout pattern on dynamic con-
trast-enhanced images that differs from
that of benign lesions, which usually ex-
hibit either persistent or plateau-type en-
hancement (5). However, benign lesions
and malignant lesions can have the same
contrast enhancement pattern (5,14).
The time delay between contrast material
injection and image acquisition may in-
fluence the angular separation between
the lesion tissue and adipose tissue, re-
sulting in the smaller angle seen in ma-
lignant lesions; this hypothesis requires
further evaluation in future studies.

Of the four MR image data sets used in
our ISODATA segmentation model, the
multiparametric set that included all four
types of MR images consistently pro-
duced better tissue cluster separation as
defined by the IED/IAD ratio than the
other MR data sets. In the sets lacking
contrast-enhanced image data, the lesion
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was not optimally segmented from the
surrounding tissues. The T1- and T2-
weighted image data set had the lowest
IED/IAD ratio. Our study results indicate
that the inclusion of contrast-enhanced
three-dimensional T1-weighted images
allowed for better segmentation of the
breast tissue.

Breast tumors, whether benign or ma-
lignant, tend to have longer T1 and T2
relaxation times than does normal breast
tissue (37,38). Malignant tumors have
shorter T1 and T2 relaxation times than
do benign lesions, although there may be
some overlap in relaxation times be-
tween the two lesion groups (37,38). This
difference in relaxation times may be re-
lated to increased water content in be-
nign lesions and may have produced the
increased angular separation observed in
this study.

The results of previously published
studies indicate that MR imaging has
high sensitivity but lower specificity for
the detection of breast lesions. In most of
these studies, time-intensity curves were
used to measure the dynamic enhance-
ment of signal intensity over time, after
injection of a contrast agent. Some inves-
tigators, using time-intensity curves alone,
have demonstrated a sensitivity of ap-
proximately 91% for lesion detection
with MR imaging, with specificities rang-
ing from 37% to 86% (5,39-43).

Adams et al (15) evaluated the com-
bined use of T1- and T2-weighted images
with intermediate-weighted and Dixon-
opposed breast MR images and super-
vised segmentation classifiers in a three-
dimensional feature space. Supervised
segmentation requires a training data set
to teach classifiers how to recognize dif-
ferent tissue types. In addition, Adams et
al evaluated shape analysis, in which
compactness and frequency of lesion
boundary characteristics are considered.
They found shape analysis important for

separating benign from malignant tumors
on the basis of T1-weighted, T2-weighted,
and Dixon-opposed MR images. Lucas-
Quesada et al (16) constructed a two-di-
mensional feature space from contrast-
enhanced and nonenhanced MR images
and employed two semiautomated meth-
ods for segmentation of breast tumors.
The two methods gave similar segmenta-
tion results, with accuracy of 76%-84%
(according to the authors’ criterion);
however, the segmented lesions were not
classified as benign or malignant.

Gilhuijs et al (17) reported the use of a
model for computer-aided diagnosis
based on the extraction of different fea-
tures from dynamic contrast-enhanced
images, including the uptake of contrast
material, sharpness of lesion definition,
shape of the lesion, and radial gradient.
Features were evaluated individually and
in combination by means of ROC analy-
sis. The combination of radial gradient
with sharpness gave the best results (ROC
area, 0.86-0.87 for two-dimensional
analysis and 0.92-0.96 for three-dimen-
sional analysis), with specificity of 77%
and sensitivity of 100%. Lucht et al (20),
using a neural network classifier and
time-intensity curves derived from breast
MR images, achieved a sensitivity of 84%
and specificity of 81%.

To our knowledge, our study is the first
evaluation of a four-dimensional mul-
tiparametric MR image data set consist-
ing of T1- and T2-weighted images and
contrast-enhanced and nonenhanced
three-dimensional T1-weighted images.
The results achieved with our classifica-
tion method are comparable to those of
other, similar studies. For example, with
an angular separation of 21°, sensitivity
of 89% and specificity of 78% were
achieved. At larger angles, sensitivity of
94% and specificity of 72% were realized.
These data demonstrate the potential of
the angular separation model for cor-
rectly identifying and classifying breast
lesions. The advantage of the model de-
scribed in this article is that it may be
adapted to include five dimensions (eg,
dynamic contrast enhancement) or more
(eg, shape analysis [44], diffusion coeffi-
cients, or sodium imaging [45]). The goal
of subsequent multiparametric analysis
will be to determine the minimum num-
ber of parameters that objectively and
quantitatively yield optimal sensitivity
and specificity.

In conclusion, multispectral analysis of
conventional MR images by means of
ISODATA and measurements of angular
separation may provide an automated
means of breast lesion identification and
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classification. This approach may enable
the identification of specific tissue signa-
tures characteristic of benign versus ma-
lignant breast lesions.
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