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Summary

Objectives: The paper aims at improving the
support of medical researchers in the context
of in-vivo cancer imaging. Morphological and
functional parameters obtained by dynamic
contrast-enhanced MRI (DCE-MRI) tech-
niques are analyzed, which aim at investigat-
ing the development of tumor microvessels.
The main contribution consists in proposing a
machine learning methodology to segment
automatically these MRI data, by isolating
tumor areas with different meaning, in a his-
tological sense.

Methods: The proposed approach is based on
a three-step procedure: i) robust feature
extraction from raw time-intensity curves, ii)
voxel segmentation, and iii) voxel classifi-
cation based on a learning-by-example ap-
proach. In the first step, few robust features
that compactly represent the response of the
tissue to the DCE-MRI analysis are computed.
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1. Introduction

Machine learning techniques are becoming
important to support medical researchers in
analyzing biomedical data. For instance, in
the context of cancer imaging, methods for
the automatic isolation of interest areas char-
acterized by different tumoral tissue develop-
ment are crucial for diagnosis and therapy as-
sessment [1]. In this paper, morphological
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The second step provides a segmentation
based on the mean shift (MS) paradigm,
which has recently shown to be robust and
useful for different and heterogeneous clus-
tering tasks. Finally, in the third step, a support
vector machine (SVM) is trained to classify vo-
xels according to the labels obtained by the
clustering phase (i.e., each class corresponds
to a cluster). Indeed, the SVM is able to clas-
sify new unseen subjects with the same kind
of tumor.

Results: Experiments on different subjects af-
fected by the same kind of tumor evidence
that the extracted regions by both the MS
clustering and the SVM classifier exhibit a pre-
cise medical meaning, as carefully validated
by the medical researchers. Moreover, our
approach is more stable and robust than
methods based on quantification of DCE-MRI
data by means of pharmacokinetic models.
Conclusions: The proposed method allows to
analyze the DCE-MRI data more precisely and
faster than previous automated or manual
approaches.
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and functional parameters obtained by a dy-
namic contrast-enhanced MRI (DCE-MRI)
acquisition system are analyzed by combining
clustering® and classification techniques [2].

2 In the following, we adopt the terms segmentation
and clustering associating them the same meaning,
i.e., the one of a consistent partition of data into
classes with high inter-class variance and low intra-
class variance [2].

DCE-MRI techniques represent noninvasive
ways to assess tumor vasculature, based on
dynamic acquisition of MR images after in-
jection of suitable contrast agents and subse-
quent voxel-by-voxel quantitative analysis of
the signal intensity time curves.

Our method extends our previous work
proposed in [3], and brings two advantages to
the current state of the DCE-MRI analysis.
First, it allows a more stable and robust fea-
ture extraction step from DCE-MRI raw data.
In fact, as highlighted in [4-6], the standard
quantification of DCE-MRI data by means of
pharmacokinetic models [7] suffers from
large output variability, which is a con-
sequence of the large variety of models em-
ployed. Here, we propose to work directly on
the raw signals by extracting few and signifi-
cative features which robustly summarize the
time-curve shape of each voxel. Second, we
focus on the automation of the whole data-
analysis process by exploiting the effective-
ness of the machine learning techniques on
the proposed applicative scenario. A three-
step procedure is introduced: i) signal feature
extraction, i) automatic voxel segmentation,
and iii) voxel classification. In the first step,
few compact features are computed, without
the need of a free parameter tuning pro-
cedure. Note that the same features are used
for all subjects and for all kinds of tumor. In
the second step, the subject voxels are clus-
tered basing on the features previously
extracted, by adopting the mean shift cluster-
ing [8]. Although the MS clustering approach
allows a precise data segmentation, it requires
a careful tuning of a free parameter, namely
the bandwidth [8]. For this reason, we pro-
pose to estimate such a parameter on a small
subset of the subjects, being supported by the
medical researchers that validate the segmen-
tations. Then, in the third step, a classifier is
trained to classify the tumoral regions ac-
cording to the previously validated clustering
results. A support vector machine (SVM) [9]

Downloaded from www.methods-online.com on 2012-05-24 | IP: 38.107.179.232
For personal or educational use only. No other uses without permission. All rights reserved.



U. Castellani et al.: DCE-MRI Data Analysis for Cancer Area Classification

249

is applied as classifier. In particular, voxels of
the same cluster are fed with the same label
into the classifier. In this fashion, the SVM be-
comes able to perform segmentations on new
unseen subjects with the same kind of tumor.

In a previous paper [3], we proposed the
introduction of the MS clustering on the
DCE-MRI data of tumoral regions. In that
case, we focused on standard tumor micro-
vessel parameters, such as transendothelial
permeability (kPS) and fractional plasma
volume (fPV), obtained voxel-by-voxel from
intensity time curves. In this paper, we are
inspired by recent works on the use of
machine learning techniques for DCE-MRI
tumor analysis [6, 10-12]. In [6] the curve
patterns of the DCE-MRI pixels are analyzed
in the context of musculoskeletal tissue clas-
sification. Several features are extracted to
represent the signal shape such as the maxi-
mum signal intensity, the largest positive sig-
nal difference between two consecutive scans,
and so on. Then, the classification is carried
out by introducing a thresholding approach.
In [10] the authors proposed the use of the
MS algorithm [8] for the clustering of breast
DCE-MRI lesions. In particular, pixels are
clustered according to the area under the
curve feature. Since the results are over-seg-
mented, an iterative procedure is introduced
to automatically select the clusters which
better represent the tumor. In [11] alearning-
by-example approach is introduced to detect
suspicious lesions in DCE-MRI data. The
tumoral pixels are selected in a supervised
fashion and fed to a SVM which is trained to
perform a binary classification between
healthy and malicious pixels. The raw n-di-
mensional signal is used as multidimensional
vector. In [12] a neural network was applied
on dynamic contrast agent MRI sequences as
a nonlinear operator in order to enhance dif-
ferences in the signal courses of pixels of nor-
mal and injured tissues.

In this paper we emphasize the use of ma-
chinelearning techniques as mean to produce
stable and meaningful segmentation results
in an automatic fashion. Indeed, the pro-
posed approach permits to fasten the analysis
itself, ensuring a higher throughput that
turns out to be useful in the case of massive
analysis.
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2. The DCE-MRI
Experimental Setup

The main purpose of DCE-MRI analysis is to
accurately monitor the local development of
cancer, eventually subject to different treat-
ments. Tumor growth is critically dependent
on the capacity to stimulate the development
of new blood vessels (angiogenesis), which in
turn provides the tumor tissue with nu-
trients. In consequence, various angiogenesis
inhibitors have been developed to target vas-
cular endothelial cells and to block tumor an-
giogenesis [13]. The traditional criteria to as-
sess the tumor response to treatment is based
on the local measurement of tumor size
change [13]. But such methods of testing cy-
totoxic compounds might not be adequate
for antiangiogenesis drugs, which are in fact
mainly cytostatic, slowing or stopping tumor
growth. Moreover, the vascular effect of anti-
angiogenesis drugs may precede, by a remark-
ably long time interval, the effect on tumor
growth. Consequently a different and more
appealing indicative symptom of the cancer
development has been analyzed, i.e. the tissue
vascularization [14]. DCE-MRI techniques
play a relevant role in this field [14]. The final
aim is to provide quantitative measures that
indicate the level of vascularization in the
cancer tissue, eventually treated with anti-
angiogenic compounds, in a noninvasive way.
The standard® DCE-MRI analysis can be
divided in the following steps: 1) injecting
contrast agents in the subject being analyzed;
2) acquiring MRI image sets of different slices
of the tissues of interest; 3) extracting mor-
phological and functional parameters such as
fractional plasma volume (fPV) and trans-
endothelial permeability (kPS), that model the
tissue vascularization; in practice, to each
point of the MRI image is associated a couple
of fPV and kPS values; 4) manually selecting
a Region Of Interest on the MRI slices, in
order to isolate the highly vascularized local
tumoral area; 5) averaging the values of fPV
and kPS in such an area, obtaining for each
slice a couple of fPV and kPS mean values
that indicate the overall level of vasculariza-

b The procedure listed above comes from the investi-

gation detailed in [13], that in turn presents addi-
tional similar researches.

tion. Even if the use of fPV and kPS parame-
ters is employed in recent researches [13],
such standard tumor microvessel parameters,
based on the definition of a particular phar-
macokinetic model, suffer from large output
instability [4-6].

In this paper, we strongly improve the clas-
sical DCE-MRI analysis, providing an auto-
matic method of tumoral tissue classifica-
tion; the proposed technique is applied to this
particular kind of analysis, but we suppose it
can also be applied in general in the DCE-
MRI context. In detail, we change steps 3, 4
and 5; our method takes as input the raw
DCE-MRI signals; in an automatic fashion, it
isable to segment areas that correspond to the
tumoral area traditionally extracted by hands
in step 4, driven by histological and physio-
logical a-priori considerations.

3. Proposed Method

The proposed methodology is based on three
main steps: i) signal feature extraction, ii) MS
clustering, and iii) SVM classification. In the
first step we extract standard curve parame-
ters [6, 10]. The aim is to define a compact
representation of the signal curve shape of
each voxel, which effectively summarize the
expected behavior by medical researchers. In
the second step we choose the MS method
since it effectively performs a clustering of
multidimensional data lying on regular grid
(i.e., the image) by combining spatial and
feature relations into the same framework
[8]. After the previous step, few stable and
meaningful regions are extracted. In order to
improve the automation of the proposed sys-
tem, the data (i.e., voxel) segmentation can be
treated as a classification problem on which a
classifier is trained to distinguish among the
regions extracted by the clustering. In par-
ticular, the number of regions is fixed accord-
ing to the expectations of the medical re-
searchers . Therefore, in the third step we se-
lect the SVM as classifier. We highlight that
SVM are particular suitable for our method
since we naturally define a n-dimensional
feature vector for each voxel, as required by
the SVM framework. Moreover, SVM have al-
ready shown their efficacy on several do-
mains, by performing a data-driven classifi-
cation while being able to effectively general-
ize the results [2].
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3.1 Signal Feature Extraction

From the raw DCE-MRI signals, few and

stable features are extracted. For each voxel,

the time-intensity curve is divided by the pre-
contrast signal intensity value in order to nor-
malize signal intensities out of the scanner.

Furthermore, data is filtered with a smooth-

ing function to minimize errors due to out-

liers collected during the feature extraction
step. More in details, the extracted features
are:

» Time to peak (TTP) is the time interval
between contrast injection and the time of
maximum of signal intensity (SI).

= Areaunder the curve (AUC) is the integral
of the time-intensity curve.

e AUC;yyp is the integral of the time-
intensity curve between contrast injec-
tion and the time of maximal signal
intensity.

« Washout rate (WR) is the mean approxi-
mate derivative of the last part of the time-
intensity curve.

Note that proposed features depend only on
the time signal observed on a single voxel
being independent by the respective contex-
tual neighborhood. In order to give the same
weight to all of these features during the clus-
tering step, a standardization procedure is
performed, i.e., the range of each feature is
normalized to the unit interval. »-Figure 1
shows a scheme of the visual meaning of the
extracted features.

3.2 Mean-shift Clustering

The theoretical framework of the Mean Shift
(MS) [8] arises from the ParzenWindows
technique [2], that, in particular hypotheses
of regularity of the input space (such as inde-
pendency among dimensions [8]), estimates

the density at point x as:
2
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where d indicates the dimensionality of the
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Fig. 2 Equation 2
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available, and k(:) is the kernel profile that
models how strongly the points are taken into
account for the estimation, in dependence
with their distance to x, influenced by the h
term. Finally, ¢ , is a normalizing constant,
depending on the dimensionality of the data
and on the kernel profile.

MS extends this “static” expression, differ-
entiating (1) and obtaining the gradient of
Ok(x)

ox
In Equation 2, the first term in square
brackets is proportional to the normalized
density gradient, and the second term is the
mean shift vector M, (x), that is guaranteed to
point towards the direction of maximum
increase in the density [8].

Therefore, the MS vector can define a path
leading to a stationary point of estimated
density. The modes of the density are such
stationary points. More in details, starting
from a point x in the feature space, the mean
shift procedure consists in calculating the
mean shift vector at x, which will head to lo-
cation y'; this process is applied once again
toy, producing location y* and so on, until
a convergence criterion is met, and a conver-
gence location y is reached. The mean shift
procedure is guaranteed of being convergent
(8].

In the MS-based clustering, from here
simply MS clustering, the first step is made by
applying the MS procedure to all the points
{x;}, producing the convergency points {y;}. A
consistent number of close convergency lo-
cations {y;}; indicates a mode y;. The cluster-
ing operation consists in marking the cor-
responding points {x;}; that produces the set
{y;}; with the label I. This happens for all the
convergency locations [ =1, 2, ..., L.

In this clustering framework, the only in-
terventions required by the user involve the
choice of the kernel profile k(-) and the choice
of bandwidth value h. As usual, the Epanech-
nikov kernel is adopted as kernel profile [8].
Note that, in this fashion, the meaning of the
kernel bandwidth parameter is more intui-
tive. In fact, the kernel bandwidth parameter
regulates the level of detail with which the
data space is analyzed; a large bandwidth
means general analysis (few convergence
locations), while a small bandwidth leads to a
finer analysis (many convergence locations).

Here, we use the MS algorithm to the 4-
dimensional space defined by the signal fea-

the density (P see Fig. 2), where g(x) =
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Cluster #1(10.3%, 221 pixel)

Cluster #4(15.9%, 341 pixel)

Cluster #7 (3.0%, 65 pixel)

kPS, fPV

seg. approach

Cluster #1(54.9%, 1179 pixel)

Cluster £2 (19.8%, 426 pixel)

j0__j5 30

Fig. 3 Segmentation comparisons. On the left, the segmentation built on the kPS and fPV parameters; on the right, our segmentation. In the small boxes,
we plot the mean signal (solid line), the median signal (dot-solid line), and the variance (dashed line) of the signal, respectively.

ture extraction. Since the bandwidth selec-
tion is crucial to find the correct segmen-
tation (in the histological sense), we are sup-
ported by the medical researchers in this
phase. Note that also subjects with the same
tumor need different settings of the band-
width. Therefore, we apply the MS clustering
only to a subset of subjects with the same kind
of tumor. Once the medical researchers have
validated the clustering results, we use a clas-
sifier to distinguish the different kinds of tu-
moral tissues being more suitable to general-
ize the results [2].

3.3 SVM Classification

The involved classifier is the binary support
vector machine (SVM) [9]. SVM constructs a
maximal margin hyperplane in a high-di-
mensional feature space, by mapping the
original features through a kernel function.
Since the radial basis function (RBF) kernel
has been used, two parameters C and y
needed to be estimated. According to sugges-
tions reported in [15], data are normalized
properly and parameters are estimated by
combining grid search with leave-one-out
cross-validation [2]. In order to extend the
SVM to a multi-class framework, the one-
against-all approach is carried out [2]. As

© Schattauer 2009

mentioned above, in our framework such
learning-by-example approach is introduced
to better generalize the results. In fact, the
SVM is able to automatically detect the most
discriminative characteristics of the detected
clusters. Moreover, the training phase is intu-
itive and the testing (i.e., the classification) is
faster than the clustering itself.

4. Results

The experiments performed in this paper are
related to a series of investigations on the ef-
fects of a particular tumor treatment, using
DCE-MRI techniques. Here, human mam-
mary and pancreatic carcinoma fragments
were subcutaneously injected in the right
flank of 42 female rats at the level of the
median-lateral. The details about the experi-
ment outstand the scope of the paper (see
[13] for details). After the injection of a
contrast compound in the animals, MRI im-
ages were acquired for tumor localization and
good visualization of extratumoral tissues.

4.1 Signal Feature Validation

As first experiment, we evaluate the effective-
ness of the segmentation by comparing the

clusters obtained with the signal features with
those obtained with the standard tumor
microvessel parameters. In both cases we
carefully tune the bandwidth, in order to find
the best segmentation according with histo-
logical principles supported by medical re-
searchers. P Figure 3 shows one slice seg-
mented with both approaches.

Even if apparently the segmentations seem
visually similar, an accurate evaluation of the
statistical properties of the obtained clusters
reveals the better results obtained by the pro-
posed approach. In Figure 3 the schemes
show the mean curves of the DCE signals be-
longing to the same cluster. Beside the mean,
for each cluster it is evidenced the median,
and the variance. It is worth noting that 1) in
general, good kPS- and fPV-based segmen-
tations tend to be characterized by a large
number of clusters. With a lower number of
clusters, obtained by augmenting the MS
bandwidth value, the segmentation decays in
quality. In the figure, we report the three most
meaningful clusters, out of nine; 2) the intra-
cluster variance is, in general, high; 3) the
mean curves of the clusters do not appear so
different among each other as expected. After
our clustering process instead, 1) the clusters
are less in number and meaningful; 2) the
intra-class variance is lower, as compared to
the other clustering approach; 3) the profiles
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Fig. 4 Experiment 1: Clustering results obtained with the mean shift algorithm (a) and the SVM classifier (b) respectively. The curves of the mean-signals

are also visualized for all the clusters.

of the mean curves are coherent with the ex-
pected behavior of the signals (in a histologi-
cal sense). More in details, in the necrotic
poorly vascularized (i.e., cluster 3) the con-
trast agent concentration enhances linearly.
On the contrary, the active area (i.e., cluster 2)
evidences a more rapid enhancement. The
peak of the curve is reached in the early side of
the signal and then it decades slowly. Finally,
DCE signals of the area associated to cluster 1

show a rapid enhancement with a slow decay,
meaning that zones of tissue previously vas-
cularized are approaching a necrotic state.

4.2 Pipeline Validation

Following the proposed pipeline, we com-
plete the experiment by segmenting a further
subject (beside the subject used for signal fea-

ture validation) affected with the same kind
of tumor of the previous cases. As mentioned
before, different parameters are used to esti-
mate the best clustering results in both the
subjects. Therefore, the SVM is trained to rec-
ognize the three extracted classes. Indeed, the
tissue classification is performed to a third
unseen subject with the same tumor. P> Fig-
ure 4 shows four slices of both the segmen-
tation obtained from the training and the

Fig. 5 Experiment 2: Clustering results obtained with the mean shift algorithm (a) and the SVM classifier (b) respectively. The curves of the mean-signals
are also visualized for all the clusters.
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testing subjects respectively. Moreover, it is
also shown the respective statistics collected
on each cluster provided by the classifier.
Note that the extracted regions and the re-
spective statistics in both the cases a and b in
Figure 4 exhibit the same behavior.

The classification has been validated in
two ways. The first one is based on the medi-
cal researcher analysis which confirmed the
observations described above. As second vali-
dation, we applied the MS clustering also to
the third subject, again by carefully tuning the
parameters. By using the new obtained clus-
tering results as ground truth, the SVM-based
voxel classification reached the 89% of accu-
racy.

The same proposed pipeline is applied to
three subjects with a new kind of tumor.
Again, subjects 1 and 2 are used to train the
SVM, while subject 3 represents the test.
P Figure 5 shows the clustering results and
the related statistics. Also in this case the be-
havior of the SVM classifier is coherent with
the clustering results and in accordance with
the expectations of the medical researchers.

Note that in both the experiments, the es-
timated tumoral regions correspond to the
one segmented by hand at steps 4 and 5 of the
classical DCE-MRI analysis discussed in Sec-
tion 2. We have carried out further experi-
ments on new subjects affected by different
kinds of tumors by observing mainly the
same behavior: stable clusters of meaningful
regions, as expected by the medical re-
searchers.

5. Conclusions

In this paper, we introduce a new methodolo-
gy, aimed at improving the analysis and the
characterization of tumor tissues. The

© Schattauer 2009

multidimensional output obtained by non-
invasive tissue analysis, namely the dynamic
contrast-enhanced MRI (DCE-MRI) tech-
nique is considered. The signals of each voxel
are parameterized by few and compact fea-
tures which robustly summarize the shape of
the signals, as expected by the medical re-
searchers. We show that the proposed signal
features perform better than standard tumor
microvessel parameters, in segmenting the
data. Moreover, we show the effectiveness of
the proposed method based on the com-
bination of clustering and classification tech-
niques. The obtained results allow the evi-
dencing of a histologically meaningful parti-
tion, that individuates tissue zones differently
involved with the development of the tumor.
The proposed method achieves two goals:
1) it permits an analysis of the tissue more
precise and 2) faster than the manual analysis
classically performed. These two results assess
that the proposed machine learning approach
well behaves with medical segmentation and
classification issues, related to the DCE-MRI
context.

References

1. Lau PY, Ozawa S, Voon FCT. Using Block-based
Multiparameter Representation to Detect Tumor
Features on T2-weighted Brain MRI Images. Meth-
ods Inf Med 2007; 46: 236-241.

2. Duda RO, Hart PE, Stork DG. Pattern Classifi-
cation. John Wiley and Sons, second edition; 2001.

3. Castellani U, Cristani M, Combi C, Murino V, Sbar-
bati A, Marzola P. Visual MRI: Merging information
visualization and non-parametric clustering tech-
niques for MRI dataset analysis. Artificial Intelli-
gence in Medicine 2008; 44 (3): 171-282.

4. Buckley DL. Uncertainty in the analysis of tracer
kinetics using dynamic contrast enhanced
T1-weighted MRI. Magnetic Resonance Med 2002;
47: 601-606.

10.

11.

12.

13.

14,

15.

Harrer JU, Parker GJ, Haroon HA, Buckley DL, Em-
belton K, Roberts C, et al. Comparative study of
methods for determining vascular permeability and
blood volume in human gliomas. Magnetic Reso-
nance Imaging 2004; 20: 748-757.

Lavinia C, De Jongea MC, Van de Sandeb MGH,
Takb PP, Nederveena AJ, Maas M. Pixel-by-pixel
analysis of DCE MRI curve patterns and an illus-
tration of its application to the imaging of the mus-
culoskeletal system. Magnetic Resonance Imaging
2007; 25: 604-612.

Tofts PS, Briks G, Buckley DL, Evelhoch JL, Hender-
son E, Knopp MV et al. Estimating kinetic parame-
ters from dynamic contrast enhanced T1-w MRI of
a diffusible tracer: standardized quantities and
symbols. Magnetic Resonance Imaging 1999; 10:
223-232.

Comaniciu D, Meer P. Mean shift: A robust ap-
proach toward feature space analysis. I[EEE Trans
Pattern Anal Mach Intell 2002; 24: 603-619.
Burges C. A tutorial on support vector machine for
pattern recognition. Data Mining and Knowledge
Discovery 1998; 2: 121-167.

Stoutjesdijk MJ, Veltman J, Huisman MD, Karsse-
meijer N, Barents, ] et al. Automatic analysis of
contrast enhancement in breast MRI lesions using
mean shift clustering for ROI selection. Journal of
Magnetic Resonance Imaging 2007; 26: 606-614.
Twellmann T, Saalbach A, Muller C, Nattkemper
TW, Wismuller A. Detection of suspicious lesions in
dynamic contrast-enhanced MRI data. Engineering
in Medicine and Biology Society 2004. pp 454-457.
Leistritz L, Hesse W, Wustenberg T, Fitzek C,
Reichenbach JR, Witte H. Time-variant analysis of
fast-fMRI and dynamic contrast agent MRI se-
quences as examples of 4-dimensional image analy-
sis. Methods Inf Med 2006; 45: 643—650.

Marzola P, Ramponi S, Nicolato E, Lovati E, Sandri
M, Calderan L, Crescimanno C, Merigo F, Sbarbati
A, Grotti A, Vultaggio S, Cavagna F, Lo Russo V,
Osculati F. Effect of tamoxifen in an experimental
model of breast tumor studied by dynamic
contrast-enhanced magnetic resonance imaging
and different contrast agents. Investigative radiol-
ogy 2005; 40: 421-429.

Marzola P, Degrassi A, Calderan L, Farace P,
Crescimanno C, Nicolato E, Giusti A, Pesenti E,
Terron A, Sbarbati A, Abrams T, Murray L, Oscu-
lati E In vivo assessment of antiangiogenic activity
of su6668 in an experimental colon carcinoma
model. Clin Cancer Res 2004; 2: 739-50.

Chang CC, Lin CJ. LIBSVM: a library for support
vector machines. 2001.

Methods Inf Med 3/2009

Downloaded from www.methods-online.com on 2012-05-24 | IP: 38.107.179.232
For personal or educational use only. No other uses without permission. All rights reserved.



