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Purpose: To investigate the feasibility of applying a new quantitative image analysis method to
improve breast cancer diagnosis performance using dynamic contrast enhanced magnetic resonance
imaging (DCE-MRI) by integrating background parenchymal enhancement (BPE) features into the
decision making process.

Methods: A dataset involving 115 DCE-MRI examinations was used in this study. Each examination
depicts one identified suspicious breast tumor. Among them, 75 cases were verified as malignant and
40 were benign by the biopsy results. A computer-aided detection scheme was applied to segment
breast regions and the suspicious tumor depicted on the sequentially scanned MR images of each
case. We then computed 18 kinetic features in which 6 were computed from the segmented breast
tumor and 12 were BPE features from the background parenchymal regions (excluding the tumor).
Support vector machine (SVM) based statistical learning classifiers were trained and optimized using
different combinations of features that were computed either from tumor only or from both tumor
and BPE. Each SVM was tested using a leave-one-case-out validation method and assessed using an
area under the receiver operating characteristic curve (AUC).

Results: When using kinetic features computed from tumors only, the maximum AUC is 0.865
+ 0.035. After fusing with the BPE features, AUC increased to 0.919 + 0.029. At 90% specificity,
the tumor classification sensitivity increased by 13.2%.

Conclusions: The proposed quantitative BPE features provide valuable supplementary information
to the kinetic features of breast tumors in DCE-MRI. Their addition to computer-aided
diagnosis methodologies could improve breast cancer diagnosis based on DCE-MRI examinations.
© 2015 American Association of Physicists in Medicine. [http://dx.doi.org/10.1118/1.4903280]
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1. INTRODUCTION

Breast cancer is the most prevalent cancer in women world-
wide.! Although mammography is the most popular and
cost-effective imaging modality in breast cancer screening,
its detection sensitivity is not satisfactory in particular for
women with dense breasts and carrying certain high risk
genes. For example, mammographic sensitivity reduces from
over 98% to a range of 30%—48% when BIRADS ratings of
mammographic density increase from 1 to 4.>* The mammo-
graphic sensitivity is also lower (ranging from 16% to 40%)
for women who carry the high risk genes of BRCA1 and/or
BRCA2.* In order to improve cancer detection and diagnostic
performance, dynamic contrast enhanced magnetic resonance
imaging (DCE-MRI) examination of breasts is currently used
as an adjunct imaging modality to the mammography.® In
the current breast cancer screening programs, adoption of
DCE-MRI in the high risk population has shown benefit over
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mammography and other imaging modalities. The superior
performance of using DCE-MRI to increase the sensitivity of
early invasive breast cancer detection was well demonstrated
in a recent large multi-institutional study organized by the
American College of Radiology Imaging Network.® Using
DCE-MRI enables to detect tumors that are not clearly defined
or occulted on mammograms’ primarily due to the 3D imaging
technology and dynamic biological and physiological prop-
erties revealed by the DCE-MRI modality. In the diagnostic
breast imaging, DCE-MRI is often applied to map tumor size
and estimate tumor pathological stage and grade, which is used
as an initial guide for clinical treatment (e.g., lumpectomy)
and/or follow-ups.® However, despite the high sensitivity, the
reported specificity of DCE-MRI in distinguishing between
malignant and benign tumors varies greatly, ranging from 37%
to 90%.°

The high false-positive recall or biopsy rate substantially
reduces efficacy of breast cancer screening and early diagnosis,
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which generates negative consequences including long-term
psychosocial consequences, '’ cumulative radiation exposure, !
and waste of healthcare resources with associated high costs.'?
Therefore, in order to improve efficacy of breast cancer
screening and diagnosis, it is important to develop and apply
more accurate and reliable image biomarkers to significantly
increase discriminatory power in classification between malig-
nant and benign breast tumors. In assisting interpretation of
DCE-MRI examinations, both morphological (e.g., shape,
margin, and texture) and kinetic (e.g., contrast enhancement
curve) features have been analyzed and used. A number of
studies have been conducted to explore and reveal the unique
kinetic characteristics of breast tumors using the statistical
pharmacokinetic models that were established and trained
using the data acquired from the DCE-MRI examinations. '3!3
However, due to the large heterogeneity of the kinetic contrast
enhancement features of the breast tumors, visual classi-
fication of the tumors depicted on DCE-MRI images is a
difficult task. As a result, great research effort has been made
to develop computer-aided detection and diagnosis (CAD)
schemes, which use pharmacokinetic and morphological
features computed from an identified breast tumor to predict
the likelihood of the tumor being malignant.'®!7

Although the majority of previous CAD studies focused
on computing features within the breast tumors detected and
segmented from the DCE-MRI images, several recent studies
have demonstrated that the background parenchymal enhance-
ment (BPE) revealed from the breast DCE-MRI images might
also contain valuable information to assist prediction of the
breast cancer risk!” and affect detection and staging of breast
cancers.'® In this study, our hypothesis is that BPE might
also carry the valuable and supplementary information to
the kinetic contrast enhancement features computed from the
segmented breast tumors and thus help improve performance
of using DCE-MRI examinations to detect breast cancers (or
classify between malignant and benign MRI examinations).
Unlike the previous studies that qualitatively assessed average
BPE level of two breasts,'®!? we recently developed a fully
automated CAD scheme to detect BPE and its difference
(or asymmetry) between the left and right breasts.”’ The
purpose of this study is to test our hypothesis by integrating
the quantitative kinetic image features computed from both
breast tumor regions and BPE into a CAD scheme and then
investigating feasibility of using this new quantitative image
analysis approach to help improve performance of breast
cancer diagnosis using CAD schemes of breast DCE-MRI
images.

2. MATERIALS AND METHOD

The DCE-MRI images used in this study were retrospec-
tively collected from an existing clinical database at Zhejiang
Cancer Hospital in the City of Hangzhou, Zhejiang Province,
China. The dataset includes 115 DCE-MRI examinations
acquired from 115 women who underwent breast cancer
diagnosis at the hospital. All images selected in this dataset
were acquired before any cancer treatment procedures (for
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diagnostic purpose). The dataset was divided into two case
groups. Group one includes 75 cases depicted cancer (with bi-
opsy and pathology-verified malignant tumors) and group two
involves 40 cases that had highly suspicious tumors detected
from a number of imaging examinations (i.e., mammography
and DCE-MRI) but later proved by biopsy as benign. In
addition, in this dataset, each of all malignant cases only
depicts cancer in one breast and another breast is negative
without any detectable tumors.

In this image dataset, the mean and standard deviations of
the women’s age are 49.1 + 8.4 and 41.6 + 12.0 for the groups
of cancer and benign cases, respectively, which indicate
that the majority of women whose DCE-MRI examination
images were selected in this dataset are relatively younger.
Specifically, 57.3% (43/75) and 85% (34/40) of women were
younger than 50 yr old in the cancer and benign case groups,
respectively. Only one woman in cancer case group was over
70 yr old. In the cancer case group, the metastasis of cancer
cells to the lymph nodes was detected in 38 women and not
detected in the other 37 women.

Each breast DCE-MRI examination was originally per-
formed using the following imaging examination protocol.
The woman was scanned in prone position using a Siemens
MRI machine (MAGNETOM Espree—Pink 1.5T) equipped
with a dedicated eight-channel double-breast coil. Each exam-
ination included five series of sequential image scans. Two
precontrast (or baseline) series of T1 and T2 weighted 3D
image scans were first performed, followed by the injection
of Gd-DTPA contrast agent intravenously with a dose of
0.2 mmol/kg body weight and a saline flush of 20 ml at the
same injection flow rate of 2 ml/s. Then, after completion of
the contrast agent injection, three post-contrast series of T1
weighted 3D MRI scans and data acquisitions were performed
with a time interval of one minute. The first two postcontrast
image scanning series, which were named as S-1 and S-2,
used the same image scanning process and thus generated
images with the same spatial resolution as the precontrast
MRI scanning images (termed S-0) with a data matrix of
512x512 pixels. Specifically, all three (S-0—S-2) image series
using T1 weighted 3D image scanning model included 88
image slides that were reconstructed using the same slice
thickness representing the same in-depth resolution. The third
postcontrast image scanning series (termed S-3) generated
high in-depth resolution images, which involved 160 image
slices. The detail image scanning protocol and the related
parameters are summarized in Table I. In this study, only
the images acquired from three DCE-MRI image scanning
series (namely, S-0, S-1, and S-2) were selected and used in
the quantitatively kinetic image feature computation and data
analysis process.

The center location of the suspicious breast tumor in each
case was marked by the radiologists in this dataset. Using
the marked tumor center location as an initial segmentation
“seed,” the volumetric breast tumor boundary contour was
automatically segmented by a computerized algorithm.?! The
segmentation result was visually examined by our investiga-
tors and manually corrected (if needed). In this study, the
manual correction of tumor boundary segmentation occurred
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TasLe I. The parameters of the DCE-MRI scanning protocol used in this
study.

Scanning parameter Specification data

TR/TE 4.4/1.6 ms
Flip angle 12°

. . 1.2 mm in S-0, S-1, and S-2
Slice thickness 0.8 mm in S-3

0.625 % 0.625 x 1.2 mm? in S-0, S-1, and S-2

Spatial resoluti
patial resolution 0.625 % 0.625 x 1.2 mm? in S-3

in less than 25% cases. We also applied another computerized
scheme to automatically segment the breast region depicted on
all breast MR image slices, register sequential MRI scans (S-
0-S-2) as previously reported.?? Figure 1 shows an example
of a breast DCE-MRI slice and its CAD-segmented breast
regions depicted on the image slice before and after contrast
agent injection (S-0 and S-1). In this example, the left and
right breast regions were automatically segmented and a breast
tumor was identified. This image shows a tumor with higher
contrast enhancement along with the BPE in both left and
right breasts.

From the registered MRI sequential scans, we applied
the computerized scheme to generate two image subtraction
maps (namely, image maps of S-1-S-0 and S-2 - S-0).
Then, from these two sets of image maps, the computerized
scheme initially computed 18 kinetic features (as summarized
in Table II). Among them, six were tumor-related features
computed from the voxels inside the segmented breast tu-
mors. The other 12 were BPE features computed from the
background parenchymal regions. From this BPE image map,
the computerized scheme sorted and ranked voxels based on
the computed BPE values. We then conducted experiment and
data analysis to determine an optimal threshold (P%) to select
percentage of voxels in the top BPE value ranking list in order
to maximize the diagnostic value of using each BPE feature.??
Among the 12 BPE features, 6 were computed from one
abnormal breast depicting the suspicious breast tumor, while
other 6 were computed from the asymmetry (or difference) of
the features between the two bilateral (left and right) breasts.
These features represent (1) average contrast enhancement
(P% =0.17%) and the bilateral asymmetry (P% = 3.40%),
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(2) standard deviation of the contrast enhancement (P%
=6.54%) and the bilateral asymmetry (P% = 3.00%), and
(3) the maximum contrast enhancement inside the tumor or
background parenchymal regions and their bilateral asym-
metry. Each feature was computed twice at two postcontrast
enhancement points, namely, the subtraction maps generated
by S-1 —S-0 and S-2 — S-0.

After feature extraction and computation, we trained and
applied a support vector machine (SVM) based statistical
machine learning tool to fuse the computed kinetic features
and test SVM performance in classifying between the
malignant and benign DCE-MRI examinations. A publically
available SVM software package (LIBSVM; http://www.csie.
ntu.edu.tw/~cjin/libsvm) was used in this study to train and
optimize the SVM classifiers. The SVM was trained and tested
using a leave-one-case-out (LOCO) validation method.>* The
performance assessment indices used in this study included
the area under a receiver operating characteristic (ROC)
curve (AUC) computed by RrockiT program (http://www.
radiology.uchicago.edu/krl/) and the classification sensitivity
at 90% specificity. We systematically compared the change
of performance levels of the SVMs that were trained using
the kinetic features computed from the segmented tumors
only and the fused features computed from both inside the
tumor and background parenchymal regions. A complete
permutation searching method was applied in this study to
identify a SVM with the highest AUC value using a set of
quantitatively computed optimal image features.

3. RESULTS

After sorting the classification performance levels (the
computed AUC values) of the SVMs, Table III summarizes
two sets of the top ten SVMs and their classification perfor-
mance levels. In one set, SVMs were trained using the kinetic
image features computed from inside the tumors only, and in
another set, SVMs were trained using the combination of both
tumor and BPE features. The same testing image dataset and
LOCO validation method were applied in the performance
comparison. The results demonstrated that adding the BPE
features of the DCE-MRI images into a CAD scheme (e.g., a
SVM in this study) helped improve CAD classification
performance. Using the kinetic features computed from inside

(a)

(b)

(c)

Fic. 1. An example of a breast DCE-MRI slice (a) and its CAD-segmented breast regions depicted on the image slice before (S-0) and after (S-1) contrast agent
injection [(b) and (c)] in which the nonbreast regions behind the chest wall are removed and a tumor is pointed by a white arrow on the S-1 image slice.
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TasLe II. Summary of 18 kinetic features computed from breast DCE-MRI images.

Feature number

Feature definition

Computing method

Inside a tumor

1 Average contrast enhancement value S-1-S-0
2 Average contrast enhancement value §-2-S-0
3 Standard deviation of enhancement value S-1-S-0
4 Standard deviation of enhancement value S§-2-S-0
5 The maximum enhancement value S-1-S-0
6 The maximum enhancement value S-2-S-0
From BP region
7 Average BPE in breast depicting tumor S-1-S-0
8 Average BPE in breast depicting tumor §-2-8-0
9 STD of BPE in breast depicting tumor S-1-8-0
10 STD of BPE in breast depicting tumor §-2-S-0
11 Asymmetry of average BPE in two breasts S-1-S-0
12 Asymmetry of average BPE in two breasts §-2-S-0
13 Asymmetry of STD of BPE in two breasts S-1-S-0
14 Asymmetry of STD of BPE in two breasts §-2-8-0
15 The maximum BPE in breast depicting tumor S§-1-8-0
16 The maximum BPE in breast depicting tumor §-2-S8-0
17 Asymmetry of maximum BPE in two breasts S-1-S-0
18 Asymmetry of maximum BPE in two breasts S-2-S-0

Note: S-0, Images scanned before injection of contrast agent; S-1, The first image series scanned after contrast
agent injection; S-2, The second image series scanned after contrast agent injection; STD, Standard deviation; BPE,

Background parenchymal enhancement.

tumors only, the top ten AUC values ranged from 0.828 to
0.865. After adding the BPE features, the top ten AUC
values significantly increased to a range from 0.907 to 0.919
(p <0.05). The comparison of these 20 SVMs listed in Table I1
indicated that adding BPE features into a CAD type scheme
enabled to help improve CAD performance of classifying
between the malignant and benign DCE-MRI examinations.
Figure 2 illustrates and compares two ROC curves
generated by two SVMs listed in the top one position
of two SVM sets of Table III, which were trained using
either tumor based kinetic features only or fused features
computed from tumor and BPE. When using the tumor-related
kinetic features only, the top one SVM used three kinetic
features and yielded the highest classification performance of
AUC =0.865. The standard error of the AUC is 0.035 and

the 95% confidence interval was [0.785, 0.921]. When fusing
the kinetic features computed from both the tumors and the
parenchymal background, the top one SVM used ten kinetic
features including four computed from the tumor and six
computed from BPE. This SVM increased the classification
performance to AUC =0.919 with a standard error of 0.029
and a corresponding 95% confidence interval of [0.847,
0.962], which indicates more than 5% increase in AUC value
as comparing to using the kinetic features computed from
tumor only.

By separately sorting the classification scores generated by
two top one SVMs listed in Table III, the classification sensi-
tivities are 70.7% (53/75) and 80.0% (60/75), respectively, for
the two SVM trained using the tumor-related kinetic features
only and the fused tumor and BPE features at a 90% specificity

TasLe III. Comparison of the ten top SVMs trained using the kinetic image features computed from either tumors

only or the combination of both tumors and BPE features.

Tumor features only

Fused tumor and BPE features

Performance order AUC Feature list AUC Feature list
1 0.865 1,2,4 0.919 1,2,3,4,7,10, 11, 12, 16, 17
2 0.857 1,2,4,6 0.916 1,2,4,7,10, 15,16, 17, 18
3 0.857 1,2,4,5,6 0.915 1,2,4,7,12, 16
4 0.852 1,2,6 0.910 1,2,3,4,7,9,11, 16, 17
5 0.851 1,2,3,4,5,6 0.909 1,2,3,4,6,7,9,10, 15, 17
6 0.850 1,2,3,4,6 0.909 1,2,4,5,7,9, 10, 15,17
7 0.845 1,2,3 0.908 1,2,3,4,5,7,9,10, 15, 17
8 0.844 1,2 0.907 1,2,3,4,7,9,10, 11, 12, 16, 17
9 0.833 1,2,5,6 0.907 1,2,4,7,11,12, 16
10 0.828 3,4 0.907 1,2,4,7,9,10, 12, 16, 17
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FiG. 2. Comparison of two ROC-type performance curves generated by two
SVM classifiers in which SVM-1 was built using three kinetic features
computed only inside the segmented tumors and SVM-2 was built using ten
kinetic features (four computed inside the tumor and six computed from the
BPE features).

level. The comparison indicated that adding BPE features
increased the sensitivity by 13.2%. In addition, by dividing
the cancer cases into two subgroups of 38 metastasis and
37 nonmetastasis cases, the results showed that classification
performance of the SVM trained using the fused tumor and
BPE features was higher in the metastasis case subgroup. As
shown in Fig. 3, the median SVM classification scores are
0.862 and 0.799 for the metastasis and nonmetastasis cases
subgroups, respectively. At 90% specificity, 84.2% (32/38)
sensitivity was achieved in the metastasis case subgroup,
while in the nonmetastasis case subgroup, the sensitivity was
75.7% (28/37). Both are higher than using only tumor-related
features.

o9 [T 1
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Classification Score

[/ R O

L R [

L O R
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Fic. 3. Boxplots of the SVM-generated classification scores among the three
subgroups of cases.
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4. DISCUSSION

Breast DCE-MRI examinations are currently widely used
in breast cancer detection and diagnosis. However, its
performance (including sensitivity and/or specificity) heavily
depends on the identification of effective and reproducible
image features, which are often difficult to be reliably
quantified subjectively. Thus, the computerized quantitative
image feature analysis and CAD schemes can play an
important role in assisting radiologists in interpreting breast
DCE-MRI images. In this study, we developed and tested
a new quantitative image feature detection and analysis
scheme aiming to help improve performance of breast cancer
diagnosis using DCE-MRI examinations. This study along
with our new quantitative image analysis scheme has a number
of unique characteristics. First, although a number of CAD
schemes of DCE-MRI images including the commercialized
CAD schemes have been previously developed and used in
the clinical practice, BPE based kinetic features have never
been tested and implemented in any existing CAD schemes.
In this study, we demonstrated for the first time that BPE
image features computed from the abnormal breast or the
bilateral asymmetry of the left and right breasts provided the
low-correlated and supplementary information to the kinetic
features computed inside the detected breast tumors. For
example, based on the top one SVM using ten fused kinetic
image features (as shown in Table III), we retrained and tested
a new SVM that only used six BPE features (deleting other
four tumor-related features). The classification performance
of this BPE-feature only SVM yielded AUC =0.781 +0.045.
Although this performance level is significantly lower than
that generated by the SVM trained using the tumor-related
kinetic features (also shown in Table III), the classification
results using either the tumor-related or BPE features are not
highly correlated (with correlation coefficient r < 0.5). Hence,
fusion of the kinetic image features computed from both
tumor and BPE enables to improve the overall classification
performance of a CAD scheme of DCE-MRI examinations.

Second, unlike the previous studies that used a subjective
and qualitative grading method (similar to BIRADS) to
estimate the BPE values of the DCE-MRI examinations, '8!
which is likely to produce the large intra- and inter-reader
variability, we developed and presented a fully automated
method and scheme to quantitatively compute and measure the
BPE image features. The quantitative image analysis approach
provides us the flexibility to apply more effective image
feature computation methods and extract optimal statistical
kinetic features with higher discriminatory power. In this
study, we detected BPE only from the abnormal breast that
depicts the suspicious tumor and also the bilateral asymmetry
of the BPE detected from the left and right breasts. Both
computational methods enable to enhance the relevant BPE
information surrounding the diseased breast by reducing the
potential signal noise in the normal (negative) breast that does
not depict suspicious tumors. In addition, unlike using only
one subjectively rated BPE number, we computed and tested
12 BPE features in this study. Our study demonstrated that
using an optimal set of multiple BPE features could help
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improve the performance of the CAD schemes (e.g., the SVM
models used in this study).

From the experimental data analysis results, we also had a
number of interesting observations. For example, based on the
comparison of the frequency of the feature selection using
a complete permutation searching method to train SVMs,
we found that in the tumor-related features, the average
contrast enhancement value had substantially higher discrim-
inatory power than the maximum contrast enhancement value
computed inside a tumor. The kinetic features computed from
two postcontrast enhancement MRI scans (S-1 - S-0 and S-
2 — §-0) are equally important and often selected together by
the SVMs with higher performance (Table III). However, the
majority of BPE features selected by the highly performed
SVMs are typically computed only using the first postcontrast
enhancement series (S-1 — $-0). This indicates that the BPE of
the first postcontrast enhancement series plays a dominative
role in assisting case or tumor classification. This simplifies
the BPE feature computation process. In addition, although
all SVMs were trained and tested using all cancer cases
as one integrated group, we found that the SVM actually
yielded higher classification performance in the subgroup of
metastasis cases (Fig. 3), which may indicate that kinetic
features computed from both inside the tumors and BPE can
also provide the useful information to assist cancer staging
and prognosis assessment.

We also recognized that this was a very preliminary study
with a number of limitations. First, the size of the image
dataset is small and relatively unbalanced with a case ratio
of approximately 1-2 between the benign and malignant
cases. Hence, the robustness of this study results needs to
be further tested using much large and diverse image datasets
in the future studies. Second, only two postcontrast MRI scan
series were used and a limited number of kinetic features
were computed from inside tumors and BPE. Third, no
other tumor morphological or texture features were computed
and involved in our automated tumor classification scheme.
Despite these limitations, our preliminary experimental re-
sults were encouraging and we demonstrated a new concept
of fusing BPE kinetic features into a CAD scheme or a
quantitative image feature classification process to improve
performance of classifying between malignant and benign
DCE-MRI examinations. Although comparing with many
previously developed and reported CAD schemes of DCE-
MRI images, the approach and image features used in our
scheme are relatively simple and easy to compute, our scheme
does not directly compete with the existing CAD schemes.
The new approach investigated in this study is not limited to
our own CAD scheme (or SVM based classifier). It should also
be relatively easily applicable to the other existing or future
new CAD schemes of DCE-MRI images.
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