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Contrast-Enhanced Ultrasound Angiogenesis
Imaging by Mutual Information Analysis

for Prostate Cancer Localization
Stefan G. Schalk∗, Student Member, IEEE, Libertario Demi, Member, IEEE, Nabil Bouhouch,
Maarten P. J. Kuenen, Arnoud W. Postema, Jean J. M. C. H. de la Rosette, Hessel Wijkstra,

Tjalling J. Tjalkens, and Massimo Mischi, Senior Member, IEEE

Abstract— Objective: The role of angiogenesis in can-
cer growth has stimulated research aimed at noninvasive
cancer detection by blood perfusion imaging. Recently,
contrast ultrasound dispersion imaging was proposed as
an alternative method for angiogenesis imaging. After the
intravenous injection of an ultrasound-contrast-agent bo-
lus, dispersion can be indirectly estimated from the local
similarity between neighboring time-intensity curves (TICs)
measured by ultrasound imaging. Up until now, only linear
similarity measures have been investigated. Motivated by
the promising results of this approach in prostate cancer
(PCa), we developed a novel dispersion estimation method
based on mutual information, thus including nonlinear sim-
ilarity, to further improve its ability to localize PCa. Meth-
ods: First, a simulation study was performed to estab-
lish the theoretical link between dispersion and mutual in-
formation. Next, the method’s ability to localize PCa was
validated in vivo in 23 patients (58 datasets) referred for
radical prostatectomy by comparison with histology. Re-
sults: A monotonic relationship between dispersion and
mutual information was demonstrated. The in vivo study
resulted in a receiver operating characteristic (ROC) curve
area equal to 0.77, which was superior (p = 0.21–0.24) to
that obtained by linear similarity measures (0.74–0.75) and
(p < 0.05) to that by conventional perfusion parameters
(≤0.70). Conclusion: Mutual information between neighbor-
ing time–intensity curves can be used to indirectly esti-
mate contrast dispersion and can lead to more accurate
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PCa localization. Significance: An improved PCa localiza-
tion method can possibly lead to better grading and staging
of tumors, and support focal-treatment guidance. Moreover,
future employment of the method in other types of angio-
genic cancer can be considered.

Index Terms—Angiogenesis, contrast-enhanced ultra-
sound, dispersion imaging, mutual information, prostate
cancer.

I. INTRODUCTION

PROSTATE cancer is one of the most common forms of
cancer in the world. In the United States, it accounts for

26% and 9% of all cancer diagnoses and deaths in men, re-
spectively [1]. To date, prostate cancer is still diagnosed using
systematic biopsies, which consist of taking a dozen of geo-
metrically distributed specimens from the prostate using a core
needle. Systematic biopsy is invasive and has a low sensitivity;
moreover, it carries a risk of infection, sepsis, and bleeding [2],
[3]. Due to the inability of current diagnostics to accurately lo-
calize and grade prostate cancer, this malignancy is often treated
using whole-gland treatments (e.g., radical prostatectomy (RP),
external beam radiotherapy, and brachytherapy), which expose
patients to severe side effects such as incontinence, sexual dys-
function, and gastrointestinal toxicity [4]. An imaging technique
able to detect and locate cancer at an early stage could improve
both prostate cancer diagnosis and treatment: it could lead to
better staging and early grading of tumors, and open doors to
focal treatment. However, a reliable imaging technique requires
reliable prognostic markers.

The established link between angiogenesis (the formation of
new vessels) and cancer growth [5] has opened new horizons
toward better imaging techniques. Particularly, a local increase
in microvascular density (MVD) as a result of angiogenesis
has been considered as a prognostic marker for cancer aggres-
siveness and metastasis [6]–[9]. Several imaging methods aim
to detect this higher MVD through a raise in tissue perfusion.
Most of these methods are based on dynamic contrast-enhanced
magnetic resonance imaging, Doppler ultrasound imaging or
dynamic contrast-enhanced ultrasound (DCE-US) [10]–[13].

Due to its real-time availability at the bedside, ultrasound of-
fers a practical and cost-effective alternative to MRI for prostate
imaging. DCE-US is especially interesting for tumor angiogen-

0018-9294 © 2016 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
See http://www.ieee.org/publications standards/publications/rights/index.html for more information.
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Fig. 1. Acquisition of a time–intensity curve. In the subfigures, frames
of a contrast-enhanced ultrasound sequence are given (a) before wash-
in, (b) after wash-in, and (c) during wash-out of contrast agents. The
unprocessed image intensity q over time (referred to as “time–intensity
curve”) at the pixel indicated by the dots is given in (d). The dashed lines
in (a)–(c) represent the prostate boundary.

esis imaging, because of its ability of highlighting the low blood
flow in microvasculature. This ability results from the employ-
ment of an ultrasound-contrast agent (UCA), typically consist-
ing of gas-filled microbubbles that can be injected into the blood
stream. Due to their size, comparable to that of red blood cells,
these microbubbles flow through the smallest microvessels and,
unlike most MRI contrast agents, do not extravasate into the
interstitial space, which makes them more suitable for hemo-
dynamic quantification [14]. Moreover, their high echogenicity
and nonlinear response to acoustic waves make it possible to
enhance signals coming from vessels while suppressing signals
coming from other tissue [15].

In DCE-US imaging, typically, a sequence of images based
on backscattered acoustic intensity of microbubbles is recorded.
Next, a time–intensity curve (TIC), representing the evolution
of the UCA concentration over time, can be produced at each
pixel and further analyzed (see Fig. 1).

Several methods based on DCE-US have been proposed for
angiogenesis detection by assessment of tissue perfusion. Of-
ten, quantification is performed by extracting amplitude and
time features from the measured TICs. Up until now, DCE-US
perfusion quantification has not shown reliable angiogenesis de-
tection results in the prostate [16]. This could in part be due to the
complex influence of the geometrical and structural properties
of tumor microvessels on microvascular perfusion.

In fact, tumor microvessels differ, both structurally and
functionally, from normal vessels. Normal blood vessels are
relatively straight, branch by bifurcation, and have a predictable
diameter. In contrast, tumor microvessels typically show irreg-
ular branching, have an unpredictable vessel diameter, high tor-
tuosity, and contain arteriovenous shunts. Moreover, tumor mi-
crovessels can be leaky, which allows plasma to leak into the
interstitial space, contributing to a high interstitial pressure [6],

[16]. Whereas arteriovenous shunts and high MVD stimulate
perfusion, high interstitial pressure, high tortuosity, and small
vessel diameters oppose it [16]–[18].

Recently, contrast ultrasound dispersion imaging (CUDI) has
been proposed as an alternative method for angiogenesis imag-
ing [19]–[22]. Considering the geometrical properties of the
microvascular architecture, dispersion may in fact be more suit-
able for detecting angiogenic processes than perfusion.

So far, two different approaches have been proposed to per-
form CUDI. The first approach estimates dispersion by fitting
each TIC with a convective-dispersion model in the time do-
main [19], [23]. The second approach is based on an indirect
estimation of dispersion, achieved by computing the similar-
ity between neighboring TICs using linear measures such as
spectral coherence and temporal correlation [20]–[22].

Motivated by the promising performances of the second ap-
proach in particular, this paper presents a new method of dis-
persion estimation by using mutual information as a similarity
measure. As opposed to the linear measures, mutual information
also allows the exploration of nonlinear connectivity between
TICs [24].

The method was validated by simulation of DCE-US record-
ings for several dispersion levels, while using different settings.
Additionally, an in vivo validation was performed for prostate
cancer imaging on 58 datasets from 23 patients referred for RP.
The generated parametric maps were validated by comparison
with histopathology after RP. Results were compared with other
CUDI parameters and TIC features used to estimate local per-
fusion. A preliminary version of this study has been reported
in [25].

II. METHODS

A. In Vivo Data Acquisition

All patient data have been recorded at the AMC Univer-
sity Hospital (Amsterdam, The Netherlands) after obtaining ap-
proval from the local ethics committee and written informed
consent from the participating patients.

After a 2.4-mL bolus of SonoVue (Bracco, Milan, Italy) UCA
had been intravenously injected, a 2-minute 2-D DCE-US se-
quence was recorded using a Philips iU22 (Philips Healthcare,
Bothell, WA, USA) ultrasound machine equipped with either
a C8-4v or a C10-3v transrectal transducer. Power modulation
contrast imaging was adopted at 3.5 MHz and a mechanical in-
dex equal to 0.06 was used. The dynamic range and gain were
set such that a low signal (baseline) was visible before injecting
the UCA and peak signals were prevented from clipping. All
sequences were stored in Digital Imaging and Communication
in Medicine (DICOM) format using lossless compression.

For further processing, the RGB values in the color-coded
DCE-US sequences were converted to 8-bit quantization levels,
q, based on the color map used by the scanner. TICs are ac-
tually time sequences of q (see Fig. 1). A logarithmic relation
exists between q and the backscattered acoustic intensity A [19].
Because A and the UCA concentration, C, are linearly related
for C lower than 1 vol‰ Sonovue dilution [19], [26], q can
be considered as a logarithmically compressed representation
of C.
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B. CUDI by Mutual Information

In the first approach presented for CUDI, UCAs were mod-
eled to move according to a convection-dispersion process [19].
From the model, a local parameter κ = v2/2D was extracted
for the TIC in each pixel (after applying spatial downsampling),
in which v and D represent the UCA velocity and dispersion,
respectively. Based on the same model, the local degree of dis-
persion can be indirectly estimated using similarity measures
[20]–[22]. This approach originates from the observation that
the shape similarity between TICs is influenced by the local
degree of dispersion. TICs obtained from a low dispersion re-
gion are in fact more similar than those obtained from a re-
gion with a higher dispersion. The assessment of similarity be-
tween neighboring TICs can, therefore, be an indirect measure
of local dispersion. A monotonic relation between κ and linear
similarity between neighboring TICs, measured by the spec-
tral coherence ρ or correlation coefficient r, has been shown
in [21] and [22].

The more general similarity measure implemented here is
mutual information, which quantifies the degree of statistical
dependence between two random variables. In contrast to ρ
and r, mutual information is not limited to linear connectivity,
and therefore, allows the exploration of nonlinear relationships
between TICs. For this reason, we expect it to reveal more
subtle changes in similarity, which could result in more accurate
dispersion imaging.

Before calculating the mutual information, a Wiener decon-
volution filter [21] was adopted to compensate for the depth
dependence and anisotropy of the spatial resolution of the ul-
trasound imaging system. The filter was calibrated to regularize
the speckle size to approximately 1.6 mm as proposed in [25].
Following [25], spatial downsampling of a factor 3 × 3 was
applied, greatly decreasing the computation time.

After the preprocessing steps, TICs were aligned according
to their appearance time (AT), which is defined as the time
at which a filtered TIC reaches 10% of its peak value. As a
result, estimations of similarity between TIC shapes were not
disrupted by phase differences. The aligned TICs were then
windowed using a window with a length tw . The roles of
the time window were to focus on the most relevant part of
the TIC, which contains the first UCA passage, and to reduce
the computation time.

For each pixel, the similarity was estimated as the mutual
information between the TIC in this pixel and to those in a kernel
around it. We chose the shape of the kernel to be ring shaped
with an inner radius of 1 mm and an outer radius of 2.5 mm
(see Fig. 2) as proposed in [20]. The inner radius should prevent
a bias in mutual information caused by the imaging resolution,
for which the speckle size was regularized to 1.6 mm (yielding
a correlation equal to 50% between pixels at 0.8 mm distance
from each other). The outer radius is a tradeoff between the
number of TICs that can be used to accurately estimate the
mutual information and the resolution of the final similarity
map, which should be sufficient to detect tumors at an early
stage. In fact, the angiogenic switch typically occurs when a
tumor grows beyond 2–3 mm in diameter [27].

Fig. 2. The kernel used for the similarity analysis.

In the process of computing the mutual information, four as-
sumptions (AS1–AS4) were made to reduce the computational
complexity.
AS1 time samples within a TIC are independent of each other.
AS2 the occurrence of samples in a TIC is a stationary statis-

tical process.
AS3 a TIC in the kernel is statistically dependent on the TIC

in the center pixel only.
AS4 TICs in each of the kernel pixels can be described by the

same statistical process.
The validity of these assumptions is discussed in Section IV.

In the remainder of this section, assumptions applied during
the derivation of the mutual information will be indicated in
brackets.

We modeled TICs in a center pixel as a set of F indepen-
dent and identically distributed (IID) data points obtained from
the random variable C (AS1 and AS2), where F is the number
of frames. TICs in the N kernel pixels were considered to be
samples taken from a random variable XN . The mutual infor-
mation, indicated by symbol I , between C and XN could then
be written as [28]

I(XN , C) =

∑

xN ∈XN

∑

c∈C
PX N ,C (xN , c) log2

(
PX N ,C (xN , c)

PX N (xN )PC (c)

)

(1)

with

PX N (xN ) =
∑

c∈C
PX N ,C (xN , c)

PC (c) =
∑

xN ∈XN

PX N ,C (xN , c).
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Here, C = X = {0, 1, . . . , Q − 1} where Q is the size of the
alphabet (i.e., the number of quantization levels) used to encode
a TIC. It can be observed that I(XN ,C) is dependent only on
the joint distribution of XN and C. This distribution is given by
the joint probability mass function (PMF), PX N ,C (xN , c).

The PMF contains probabilities that combinations of TIC
values in the center pixel and the kernel around it occur at
the same time. High values in the PMF are related to a higher
predictability of kernel TICs from the center TIC and mutual
information is a measure of this predictability.

Using the chain rule for joint probabilities, we could rewrite
PX N ,C (xN , c) as

PX N ,C (xN , c) = PC (c)PX N |C (xN |c). (2)

In (2), PC (c) is the probability for the TIC in the center pixel
to have value c and PX N |C (xN |c) is the conditional probability
of XN = xN , given C = c. Given the IID process describing
the center TIC (AS1 and AS2), the number of occurrences Fc

of each quantization level in a TIC followed a multinomial
distribution [29]. Using a maximum likelihood estimator, PC (c)
could then be estimated as [29]

P̂C (c) =
Fc

F
. (3)

To estimate the conditional probability PX N |C (xN |c), we
assumed each component of XN to be dependent only on c
(AS3). In that case, we could write PX N |C (xN |c) as

PX N |C (xN |c) =
N∏

i=1

P (xi |c) (4)

with xi being a quantization level in the ith TIC in the kernel.
By applying the assumption that all TICs in the kernel origi-

nate from the same statistical process (AS4), the total number of
occurrences Kx|c of a quantization level x in the entire kernel in
a frame for which C = c again followed a multinomial distribu-
tion. Analogous to PC (c), the maximum likelihood estimation
P̂X N |C (xN |c) of PX N |C (xN |c) was then given by

P̂X N |C (xN |c) =
Kx|c
FcN

. (5)

Substituting (3) and (5) into (2) yielded the estimated PMF

P̂X N ,C (xN , c) =
Fc

F

Kx|c
FcN

=
Kx|c
FN

(6)

which could be used to compute I(XN ,C) in (1).

C. Additional Considerations

Several factors can affect the estimation of I(XN ,C), such
as the applied preprocessing steps, the number of quantization
levels, Q, used to describe TICs, the scanner settings (e.g., gain
and dynamic range), the time window tw , and the type of DCE-
US data used (linear or logarithmic). These factors should be
taken into consideration before using the presented method and
were tested in simulations and in the patient study.

As an additional preprocessing step, a temporal low-pass filter
with a cutoff frequency of 0.5 Hz could be applied to increase
the SNR, because the bandwidth of the frequency spectrum of

Fig. 3. Estimated PMFs P̂X N ,C (xN , c) averaged over (a) a benign
(average I = 0.71) and (b) a malignant tissue region (average I = 1.71)
using normalized, log-compressed data with 64 quantization levels.

a TIC containing the UCA kinetics in the prostate is limited to
0.5 Hz [20].

If the full 8-bit range is used to code the TICs, Q = 256.
However, it can be advantageous to compress the data by using
a lower value for Q to avoid sparsity in P̂X N ,C (xN , c).

Because the absolute quantization levels in the TIC may be
influenced by the scanner settings, it may be more accurate
to only look at the similarity between shapes of the curve. To
this end, each curve can be scaled between its minimum and
maximum over the Q quantization levels before running the
mutual information analysis. We refer to this procedure as “TIC
normalization.”

Instead of the logarithmically compressed TICs obtained
from the DICOM files, linearized TICs can be used. Lineariza-
tion requires a conversion from quantization level q to acoustic
intensity A, which can be realized as described in [19]. Using Q
equally spaced quantization levels, the linearized data can then
again be quantized to perform a mutual information analysis.
Compared to log-compressed data, a linearized curve results in
a higher resolution for the representation of high UCA concen-
trations and in a lower resolution for low concentrations. As a
result, the details around the peak of a TIC could become more
visible. However, linearization brings back multiplicative noise
[30]–[32] particularly at high quantization levels in the TIC,
which may corrupt a robust estimation of I .

As an example, the average PMF P̂X N ,C (xN , c), computed
over a benign and malignant region, using TIC normalization
with Q = 64 is given in Fig. 3. A blurry PMF, like the one
for benign tissue indicates less mutual information between the
center and kernel TICs, whereas the higher values around the
diagonal of the PMF for malignant tissue indicate higher mutual
information.

D. Simulation

To investigate the relation between I and κ, with κ inversely
related to the UCA dispersion, we performed a simulation study
in which TICs were described by the modified local-density ran-
dom walk (LDRW) model presented in [19]. The concentration
C(t) as a function of time, t, is then given by

C(t) =

{
α
√

κ
2π (t−t0 ) exp(−κ(t−t0 −μ)2

2(t−t0 ) ), for t > t0

0, otherwise
(7)
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Fig. 4. Example of a simulated TIC (κ = 0.5 s−1, μ = 25 s, t0 = 5 s)
expressed as (a) acoustic intensity (linear scale) and (b) quantization
level (log compressed).

in which μ and t0 represent the mean transit time and theoret-
ical injection time, respectively. The parameter α is a scaling
factor equal to the area under the curve and is set to 1 to obtain
a probability density function of arrival times of single mi-
crobubbles P (tarr) = C(t)|α=1 . If we discretize the time space
in equal intervals with length δt (inverse to the frame rate), the
number of microbubbles observed at a certain time interval n
follows a binomial distribution [32]. For a high total number
of microbubbles K and a low δt , the binomial distribution may
be approximated by a Poisson distribution [33]. Here, we used
K = 4000, in line with the values used in [32], and δt = 0.1 s,
similar to the frame rate observed in DCE-US sequences. Sam-
ples were taken from this distribution for each n to simulate the
number of microbubbles B[n].

Since the acoustic intensity A[n] is linearly related to the
UCA concentration, and hence, to B[n] for low concentrations
[19], [26], A[n] can be written as

A[n] = aBI B[n] + A0 (8)

with A0 being the acoustic intensity when no UCA is present
and aBI the linear conversion factor between the number of
microbubbles and the acoustic intensity. In this simulation, we
used aBI = 1.

Furthermore, additive Gaussian noise zadd ∼ N (0, σ2
a)

and Rayleigh-distributed multiplicative noise R(•), typically
present in ultrasound imaging [30], [34], were included in the
simulation, extending (8) to

A[n] = R(aBI B[n]) + A0 + zadd . (9)

The value of σa was set to 0.15, based on the standard deviations
of A around baselines observed in patients.

Finally, a conversion from A[n] to quantization level q[n] was
made assuming a logarithmic relation

q[n] =
255
DR

10 log10(A[n]) (10)

where scaling of the curve is controlled by the dynamic range
DR. Here, we used DR = 25 dB, conform the dynamic range
used in part of the in vivo measurements. An example of a
simulated TIC is given in Fig. 4.

To simulate a DCE-US sequence, TICs with constant values
of κ, μ, and t0 were generated in a grid of 212 × 212 pixels. The
pixel size was set to 0.45 mm, similar to the downsampled pixel

TABLE I
In Vivo COMPARISON OF CONTRAST PARAMETERS. THE p-VALUES IN THE

LAST COLUMN REPRESENT THE SIGNIFICANCE OF DIFFERENCES BETWEEN
THE AREAS AUCS OF MUTUAL INFORMATION (I) AND THE OTHER

PARAMETERS

Parameter Threshold SENS SPEC AUC p-value

I ≥ 1.198 0.713 0.711 0.775 N/A
r [22] ≥ 0.369 0.690 0.689 0.747 0.24
ρ [21] ≥ 0.800 0.679 0.673 0.743 0.21
FWHM < 18.7 s 0.622 0.668 0.704 0.042
WIT < 7.50 s 0.633 0.627 0.663 < 0.01
κ [19] ≥ 0.298 s−1 0.606 0.619 0.651 < 0.01
PI ≥ 59.72 a.u. 0.560 0.625 0.642 < 0.01
AU TIC ≥ 1346 a.u. 0.495 0.509 0.509 < 0.01

SENS = Sensitivity, SPEC = Specificity, AUC = area under the ROC
curve, FWHM = Full-width at half-maximum, WIT = Wash-in time,
PI = Peak intensity, AU TIC = Area under the TIC.

size in vivo, and the temporal resolution was 1/δt = 10 Hz. Mu-
tual information analysis was then performed on the simulated
DCE-US sequence to obtain a parametric map of I .

In a first test, we evaluated the relation of I with the
dispersion-related parameter κ, with special attention to its
monotonicity. We simulated multiple DCE-US sequences, each
time increasing the value of κ by 0.1 s−1 in a range from 0.1
to 1 s−1, typically encountered in patient data. The value of
μ was fixed to 25 s, chosen within the range of values found
in previous publications [19], [20]. The injection time t0 only
causes time shifts in the TICs, of which the effect is neutral-
ized after alignment of the TICs according to their ATs, and
its value is therefore irrelevant. After computing the parametric
maps, box plots were made, based on the values of I in the inner
200 × 200 pixels in each map. A band of 6 pixels at each edge
of the parametric map was removed from the analysis to exclude
boundary effects.

In a second test, we assessed the influence of different settings
for the mutual information analysis on the relation between I
and κ. For each simulation, the mutual information analysis was
executed for all combinations of settings given as follows, based
on the considerations described in Section II-C:

1) tw ∈ {20, 25, 30, 35} s;
2) Q ∈ {64, 128, 256};
3) with and without applying a temporal filter;
4) using q[n] or A[n];
5) with and without TIC normalization.

To evaluate the performance of these settings in finding
prostate cancer, we focused on the parametric maps of I ob-
tained from DCE-US simulations with κ = 0.2, κ = 0.3, and
κ = 0.4 s−1. The choice for the values of κ was motivated by
the threshold used in vivo (i.e., κ = 0.3 s−1, see Table I) to
classify benign and malignant tissue.

Next, for each setting, two receiver operating characteristic
(ROC) curves were computed based on the parametric maps
of I . In one ROC curve, parametric maps for κ = 0.2 s−1 and
for κ = 0.3 s−1 were considered; another ROC curve included
maps for κ = 0.3 s−1 and κ = 0.4 s−1. For each ROC curve, the
lowest value of κ represented benign and the highest malignant
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Fig. 5. Schematic overview of the method used to estimate the ability
of I to discriminate different dispersion levels around the threshold for
prostate cancer. First, parametric maps are generated for κ = 0.2, κ =
0.3, and κ = 0.4 s−1. From these maps, two ROC curves are generated
of which the average area under the curves is used as a measure to
define how well I can discriminate between the different values of κ.
The dashed box in the parametric images represents the pixels that are
included in the ROC curves.

tissue. The average area under the ROC curves (AUC) was used
as a performance metric to evaluate the capability of a setting
to discriminate between normal and malignant tissue (i.e., to
discriminate between κ = 0.2, κ = 0.3, and κ = 0.4 s−1). A
schematic overview of the process described above is given in
Fig. 5.

E. Validation in Patients

To validate the ability of the presented mutual information
analysis to detect prostate cancer, patients with biopsy-proven
cancer referred for RP were selected. For each patient, one
or more DCE-US sequences were recorded as described in
Section II-A, after which parametric maps of I were produced.
Following RP, excised prostates were processed and sliced ac-
cording to [35]. Benign and malignant regions were drawn on
the ultrasound image if a benign or malignant area was marked
by the pathologist in the corresponding histology slice and two
adjacent slices. During this process, the person drawing the re-
gions was blinded to DCE-US videos and parametric maps.

Overall, 35 malignant (≈ 8.2 × 104 pixels) and 50 benign
regions (≈ 8.6 × 104 pixels) could be drawn in 58 DCE-US
sequences from 23 patients. In some patients, only benign or
malignant regions had been drawn.

Because the mutual information analysis only gives useful
information about tumor locations in areas with qualitatively
good TIC curves (i.e., following the LDRW model), we created
three binary masks (1 = include, 0 = exclude) for each paramet-
ric map based on the DCE-US sequence. Regions were drawn
avoiding as many holes (i.e., zeros) in the mask as possible and
pixels which were not included by all masks were excluded from
the validation.

The first mask was used to exclude areas in which no contrast
signal was present at all. Only pixels with a mean acoustic

intensity Ā ≥ 7 over the first 35 s after the AT were included.
The second mask dealt with saturation: pixels for which the
TIC, median-filtered over 7 time samples, contained a q > 235
were excluded. Finally, in the third mask, pixels for which the
correlation coefficient, R2 , of the TIC fit described in [19] was
lower than 0.8 were excluded.

We tested the mutual information analysis with a reduced
set of settings, compared with the simulation described in
Section II-D, because of the large number of datasets to an-
alyze

1) tw ∈ {25, 35} s;
2) Q ∈ {64, 256};
3) with and without applying a temporal filter;
4) using q[n] or A[n];
5) with and without TIC normalization.

To hide clinically insignificant (small) lesions [36], each of
the obtained mutual information maps was smoothened with a
2-D Gaussian spatial filter (σpost = 1.5 mm) before analyzing its
classification performance. From the mutual information values
in the benign and malignant pixels, the ROC curve was obtained.
The optimal threshold was chosen to minimize the Euclidean
distance to the top left corner of the curve, where sensitivity
(SENS) and specificity (SPEC) were equal to 1. Three clas-
sification performance measures were then computed: SENS,
SPEC, and AUC. For reference, the best performing mutual
information analysis was compared to several other DCE-US-
based parameters described in literature: r [22], ρ [21], κ [19],
peak intensity (PI, linearized TIC peak value), wash-in time
(WIT, i.e., the time between AT and reaching 95% of the TIC
peak), full-width at half of the maximum (FWHM) of the TIC,
and area under the linearized TIC (AU TIC).

To investigate the statistical significance of the differences
in classification performance between the different parameters,
p-values of the difference in AUC were calculated. The standard
error (SE) in estimating each AUC was computed as described
in [37]. This computation requires the degrees of freedom nn

and np within the negative and positive class, respectively, to be
known. Since neighboring pixels in parametric maps are highly
dependent on each other because of spatial filtering and the ker-
nel used in CUDI, they could not be regarded as independent
measurements. Instead, we assumed a number of independent
pixels per region based on the average region area per class
(47.0 mm2 for benign and 62.8 mm2 for malignant). Assum-
ing round regions and a minimum spacing between independent
points of approximately 6.5 mm (kernel diameter + σpost), we
estimated the number of independent samples per area to be
3 and 4, respectively. Hence, nn = 150 and np = 140. Differ-
ences were considered to be significant for p < 0.05.

III. RESULTS

A. Simulation

Fig. 6 contains box plots of I obtained by simulation as de-
scribed in Section II-D for increasing values of κ between 0.1
and 1 s−1 (the first test). Here, the CUDI settings found to be
optimal in vivo were used to compute the mutual information
(i.e., tw = 35 s, Q = 64, using normalized q[n] and a temporal
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Fig. 6. Box plots of mutual information I computed from simulated
curves with increasing values of κ.

filter). As expected, I is monotonically related to κ. This rela-
tion was also observed for other settings (not shown here), but
resulted in higher standard deviations of I for small tw .

The AUCs, obtained by the second simulation test (see Fig. 5),
for different settings of CUDI by mutual information are pre-
sented in Fig. 7. When no temporal filter was applied, only
linearized data gave good results for each time window. In any
case, a time window of 35 s resulted in the best classification
performance.

For the data preprocessed by a temporal filter, the AUC in-
creased with the length of the time window. Again, tw = 35 s
produced the highest AUC. For this window length, a higher
number of quantization levels Q performed better than a lower
one and normalized log-compressed data performed better than
the unnormalized or linearized data.

B. Patient Data

The classification results of different settings in patient data
are given in Fig. 8. In line with the simulation results, a time
window of 35 s gave better results than one of 25 s, and us-
ing this time window, normalized log-compressed data worked
marginally better than other data types. However, in contrast to
the simulation results, Q = 64 outperformed Q = 256.

Table I shows the results of the in vivo study for several
CUDI and perfusion-related parameters. In the last column, the
p-values are given, obtained from the statistical analysis compar-
ing the AUC of I with those of the other parameters. The corre-
sponding ROC curves of the six best performing parameters and
their operating points, defined by the thresholds given in Table I,
are depicted in Fig. 9. Mutual information performs better than
the other similarity-based parameters, though not significantly
(p = 0.24 and p = 0.21). The differences between I and the
other three parameters, however, were significant (p < 0.05).

Examples of parametric maps of each of the three similarity
methods in one plane are shown in Fig. 10. The settings used
to generate the map of the mutual information were the best
performing in the in vivo validation (i.e., with temporal filter,
using normalized log-compressed data, Q = 64, tw = 35 s).
The corresponding histology slice with cancerous tissue marked
by a pathologist is also presented. Particularly in the near field
on the patient’s right side (left in the image), I seems to be more
accurate than r and ρ, which tend to overestimate the size of the
tumor in that area.

IV. DISCUSSION

In this research, we presented an extension of CUDI by spa-
tiotemporal analysis using mutual information. In contrast to
correlation or coherence, mutual information permits the explo-
ration of nonlinear relationships among TICs by assessing the
degree of statistical dependence between a TIC and its surround-
ing TICs. In fact, mutual information vanishes if and only if a
TIC is statistically independent to its surroundings. However,
a vanishing correlation or coherence indicates only the lack of
linear dependence rather than a total independence.

The presented extension of similarity-based CUDI from lin-
ear similarity measures to mutual information resulted in an
improved capability of finding prostate cancer in 23 patients.
However, extension of the dataset is required to investigate if a
significant improvement between the presented method and the
other similarity-based methods can be proven.

Computing a more general similarity comes at a small com-
putational cost, which increases when using more quantization
levels and longer time windows. Using an implementation in
MATLAB (The MathWorks, Natick, MA, USA) on a PC with
a Intel Core i5-2500 processor at 3.30 GHz (Intel, Santa Clara,
CA, USA) and 16 GB of random access memory, the method
using the settings that gave the best classification performance
took approximately 7–10 min to complete, depending on the
size of the prostate. In comparison, the linear similarity meth-
ods took approximately 4–7 min to complete. However, no code
optimization had been applied and computation of both types
of similarity maps can be strongly parallelized, because simi-
larities in different parts of the prostate can simultaneously be
computed without conflict. Therefore, we expect an optimized
implementation of the methods to reduce the computation time
by several minutes, which makes it suitable for adoption into a
routine prostate examination.

To validate this method, histology was used as ground truth,
which is based on cell differentiation (Gleason score [38]). In
contrast, CUDI aims at finding regions of reduced dispersion
as a result of angiogenesis. Consequently, CUDI and histol-
ogy may produce slightly different tumor locations. Moreover,
other pathologies affecting the microvascular structure, such as
inflammation, may affect UCA dispersion. Quantitative infor-
mation about the MVD or distribution in a specific area in the
prostate can be helpful for the interpretation of CUDI. To this
end, immunohistology [39] could be employed as it provides
information on the microvascular architecture.
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Fig. 7. Performance of mutual information in discriminating simulated curves with different values of κ. We tested the influence of a temporal filter,
the window length tw , the number of quantization levels Q, the type of DCE-US data (linear A[n] or log compressed q[n]), and normalization of the
data on the performance.

Fig. 8. Classification performance of mutual information for prostate
cancer and benign tissue in vivo. We tested the influence of a temporal
filter, the window length tw , the number of quantization levels Q, the type
of DCE-US data (linear A[n] or log compressed q[n]), and normalization
of the data on the performance.

In vivo validation was performed by manually drawing be-
nign and malignant regions after cognitive registration of the
fundamental image and histology. This validation method could
be improved by using an accurate image registration method to
obtain a better fusion of histology and parametric maps.

From the simulation as well as the in vivo results, it can be
concluded that a longer time window leads to improved classi-
fication. More data to estimate the joint PMF in (6) may result
in a more accurate estimation of the mutual information. The
window length is, however, limited to the point at which recircu-
lation occurs (around 35 s), which generates noise independent
of the local microvasculature.

Fig. 9. ROC curves of several parameters obtained by in vivo valida-
tion.

Fig. 10. Parametric maps of CUDI by (a) correlation r [22], (b) co-
herence ρ [20], [21], and (c) mutual information I . (d) corresponding
histology slice with cancer marked in red.
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According to the simulation results, applying a temporal fil-
ter reduces the capability of mutual information to distinguish
between the critical values of κ. It seems that the noise may be
of value in estimating the underlying statistical process which
generated the TICs. However, in vivo, the temporal filter im-
proved the results. The complexity of the noise encountered in
vivo might not be fully described by that modeled in the simu-
lation. In fact, different noise statistics apply for low and high
UCA concentrations [31], [32]. Moreover, noise due to small
movements of the probe or patient have not been taken into ac-
count. Therefore, the extra filtering step is required to maximally
exploit the data.

In Section II-B, four assumptions were made in the com-
putation of the mutual information between TICs. Each of the
assumptions simplifies the statistical model and reduces the
computational complexity. In future work, one or more as-
sumptions could be left out to achieve more accurate mutual
information estimation. Here, we discuss the validity of these
assumptions.

By considering TICs as IID processes (AS1 and AS2), time
dependence, intrinsic to the process of UCA flowing through the
vascular system, was ignored. The validity of these assumptions
is, therefore, questionable. Nonetheless, they may still be useful
for estimating dispersion from TIC similarity for the following
reason. Mutual information, as applied in this paper, can be
regarded as the predictability of kernel TIC values from a center
TIC value, regardless of their position in time. Because TICs
always have a certain global shape, each TIC value only occurs
in certain phases of the curve. For a similar curve shapes in the
center and the kernel, a TIC value in the center will occur in
the same phase as that value will occur in the kernel, making the
kernel TIC value predictable. If a region has a lower dispersion,
the values of TICs in the kernel will be more similar in shape,
hence better predictable by the values in the center. As a result,
low dispersion still results in high mutual information.

By aligning the TICs according to their ATs, the influence
of in-plane flow on time-shifts between TICs is reduced. This
supports the assumption that TIC values in the kernel pixels are
statistically only dependent on the center TIC value at a certain
time instance (AS3). Differences among TICs within the kernel
can be a direct result of dispersion. These differences lead to a
more spread-out PMF of XN and C, which again results in an
expected lower mutual information for high dispersion.

Kernel TICs are assumed to originate from the same statistical
distribution, regardless of their position in the kernel (AS4).
This assumption can be made, because the kernel covers only
a relatively small area. Moreover, no a priori information is
available about differences between kernel TICs based on their
position in the kernel. There is, however, a large computational
benefit in applying AS4, caused by a reduction in the number
of entries in the PMF PX N ,C (xN , c), from which the mutual
information is calculated, by a factor N .

A key hypothesis behind the presented method is that TIC
shape similarity is higher in regions with lower dispersion; lower
dispersion is linked to the presence of angiogenesis, possibly
due to the effects of increased tortuosity. Yet, other irregulari-

ties in the vasculature may occur across the kernel, such as an
area containing a larger vessel surrounded by microvessels or
a vascularized region with a necrotic core. Whereas a necrotic
core does not contain any UCA and will hence be excluded
from the analysis, an area containing both larger and smaller
vessels could lead to heterogeneous flow patterns. Depending
on the scale at which discontinuities occur, these may introduce
local artifacts in the image. However, these can be distinguished
from spatially distributed similarity reflecting the presence of
an angiogenic microvascular architecture indicative of clinically
significant cancer. To this end, the size of the kernel was cho-
sen such that the larger, clinically significant tumors could be
localized and most of the insignificant tumors would not be
detected.

We adopted a Wiener deconvolution filter to compensate for
changes in spatial resolution of the ultrasound imaging system
over depth. Unfortunately we were not able to compensate for
changes in beam width in the elevational direction, which in-
creases from 1.4 mm at a depth of 2 cm to 3.4 mm at 5 cm.
This increase may have an influence on the similarity between
TICs and on the validity of AS4. However, we did not observe
a significant change in mutual information over depth. It may
nonetheless be interesting to investigate this phenomenon fur-
ther in 4-D DCE-US recordings.

The results of dispersion estimation by mutual information
analysis confirm that a reduction in dispersion, in a particular
region, is an indicator of the existence of an underlying angio-
genic structure. One of the causes for the reduction in disper-
sion might be the tortuosity of angiogenic vasculature, which
acts against dispersion by constraining the microbubbles within
the sampling volume. However, other factors, such as arteri-
ovenous shunts and increased MVD, may play a role. The link
between dispersion and the geometrical properties of the tu-
mor’s microvascular architecture must be further researched to
have a better understanding on how these parameters influence
the convective-dispersion process.

The method presented here aims at finding the mutual in-
formation between local TIC shapes, which are difficult to
appreciate by naked eye. To be able to compare TIC shapes,
these were aligned according to their ATs. However, informa-
tion provided by ATs and mutual information may be compli-
mentary [40], [41]; combining these two features in a multi-
parametric approach may possibly improve the classification
performance.

In this paper, an implementation of CUDI by similarity anal-
ysis in 2-D has been described. However, a pilot study has re-
cently been conducted extending the method to 3-D and testing
the feasibility of 4-D DCE-US to perform such analyses using
linear similarity measures [42] or mutual information [43]. This
extension makes it possible to image the entire prostate using
a single bolus of contrast agent, saving time and costs, while
increasing the patient’s comfort. Moreover, by having the full
4-D UCA kinetics at our disposal, we are no longer limited to
in-plane flow for our dispersion analysis. Incorporating through-
plane flow could lead to a more accurate estimation of the local
dispersion.
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V. CONCLUSION

UCA dispersion can be indirectly estimated from the mutual
information between neighboring TICs as shown by a simula-
tion study. Because low UCA dispersion reflects the presence
of prostate cancer, mutual information can possibly be used to
localize tumors. In an in vivo validation for prostate cancer lo-
calization including 23 patients, mutual information performed
better than other CUDI implementations and several features
extracted from TICs commonly used to investigate tissue per-
fusion. Still, a more accurate estimation of the value of the
presented method could be achieved by validating it in a larger
patient group as well as other types of cancer where angiogen-
esis plays an important role.
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