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Comparison of spontaneity and synchronization

Fig.1 Activations specific to the spontaneous process (green) and those
specific to the synchronized process (red). (a) Singing; (b) speaking
(P <0.05, corrected).

the activation of the left anterolateral part of inferior frontal
gyrus in singing is related not only to the spontaneous
generation of text but also to that of melody [13]. Strong
evidence indicates thats the major role played by the left
inferior frontal gyrus is language generation in various
aspects such as phonology, semantics, and syntax [18].
Damage to the left inferior frontal gyrus could cause a
condition called dynamic aphasia, in which the patient faces
a difficulty in producing spontaneous speech without any
difficulty in naming, repetition, and comprehension. Robin-
son et al. [19] attributed this condition to the inability to
select an appropriate verbal response from a large number
of competing candidates. Warren et al. [20] reported the case
of a patient suffering from dynamic aphasia owing to left
inferior frontal gyrus atrophy who was able to generate
melody without lyrics. Therefore, activity in the left inferior
frontal gyrus may be related to the spontaneous generation
of text rather than melody. Text generation in singing,
however, is more complex than that in speaking, consider-
ing the need for supplying words for the tune and rhythm.
This may explain the difference in the location of the left
inferior frontal gyrus activation in singing and speaking.
Another possible interpretation of the activation of left
inferior frontal gyrus is associated with the increasing motor
preparation [15] or cognitive control in spontaneous tasks.

On the other hand, activations specific for the sponta-
neous generation of melody, which imply the actions
complementing the left inferior frontal gyrus activation,
were not observed. The right inferior frontal gyrus and right
anterior insula have been reported to be involved in melody
generation [8,13]. In our study, these areas were found to be
active specifically for singing but not for speaking under
both spontaneous and synchronized conditions. These
results suggest that the roles of the right inferior frontal
gyrus and right anterior insula are not exclusive for the
spontaneous condition. In addition, the right dorsal pre-
motor cortex was observed as a singing-specific area
regardless of spontaneous, synchronized, or listening con-
ditions, implying that the right dorsal premotor cortex is
involved in preparing the motor components of music
production, such as melody and rhythm [6]. These findings

suggest that melody and text generation in spontaneous
singing of a well-learned song are not treated in parallel;
melody might subsequently be generated along with text
generation. To investigate the specific regions involved in
the spontaneous generation of melody, the spontaneity and
synchronization of pure melody, avoiding the influence of
text, need to be examined in the future.

As the synchronized tasks relative to the spontaneous
tasks contain two major components of external perception
and synchronized production, activations to be detected by
paired t-tests need to be interpreted in the light of the
activation by passive listening tasks. Among the activations
observed that are specific to the synchronized tasks, the
posterior planum temporale was also activated by listening
tasks. The left posterior planum temporale has been
reported as common areas between covert singing and
speaking and passive listening to songs and speech [14].
Moreover, the left posterior planum temporale has been
reported to be involved in the processing and primary
storage of various complex sound patterns [21]. Considering
these points, the role of the left posterior planum temporale
is not a passive perceptional function; it appears to play a
more active role of bridging the external auditory informa-
tion with further judgment and motor planning. The cortical
region surrounding the left posterior Sylvian fissure in the
posterior parietal-temporal boundary has been reported to
be implicated in verbal working memory [22], auditory-
motor integration for speech {23], and auditory-motor
integration for both speech and music [24]. Our results
suggest that the left posterior planum temporale plays an
essential role in the synchronized processing of both melody
and text, in combination with more specific regions: in
combination with the bilateral anterior edge of the inferior
parietal lobule and right posterior planum temporale, for
synchronized singing, and with the left angular gyrus, for
synchronized speaking. Activations in the left anterior edge
of the inferior parietal lobule, right posterior planum
temporale, right planum polare, and right middle insula
were detected in synchronized singing as compared with
synchronized speaking, suggesting that these areas are
essential for processing melody rather than text under
synchronized conditions [24,25].

Conclusion

Our results elucidate the neural networks of spontaneous
and synchronized singing. The left inferior frontal gyrus
may be essential for the spontaneous generation of text: the
anterolateral part of the left inferior frontal gyrus in singing
and pars triangularis of the left inferior frontal gyrus in
speaking. In contrast, the right inferior frontal gyrus and
right anterior insula are involved in melody generation
regardless of spontaneous or synchronized conditions. On
the other hand, the left posterior planum temporale plays
the role of an auditory hub for synchronization of text and
melody, in combination with the bilateral anterior edge of
the inferior parietal lobule in singing and the left angular
gyrus in speaking. Our findings suggest that text and
melody in a well-learned song are not dealt with by
symmetric or parallel networks. The neural mechanisms of
spontaneous and synchronized singing will provide us with
the basics to understand the neural mechanisms for a higher
level of spontaneity (e.g. propositional speech and impro-
visation music), other forms of music (e.g. instrumental
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melody and percussion), and their further application in
education and rehabilitation.
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We propose a novel algorithm for voxel-by-voxel compartment model
analysis based on a maximum a posteriori (MAP) algorithm. Voxel-by-
voxel compartment model analysis can derive functional images of
living tissues, but it suffers from high noise statistics in voxel-based PET
data and extended calculation times. We initially set up a feature space
of the target radiopharmaceutical composed of a measured plasma time
activity curve and a set of compartment model parameters, and
measured the noise distribution of the PET data. The dynamic PET
data were projected onto the feature space, and then clustered using the
Mahalanobis distance. QOur method was validated using simulation
studies, and compared with ROI-based ordinary kinetic analysis for
FDG. The parametric images exhibited an acceptable linear relation
with the simulations and the ROI-based results, and the calculation time
took about 10 min. We therefore concluded that our proposed MAP-
based algorithm is practical.

© 2005 Elsevier Inc. All rights reserved.
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Introduction

The aim of this study was to develop a novel approach for voxel-
by-voxel compartment model analysis to form parametric images
using positron emission tomography (PET) based on a maximum a
posteriori (MAP) approach.

PET can provide various functionalities of living tissues in the
form of a spatial distribution of an administered radiopharma-
ceutical. If the details of a physiological function are required,
then a history of the radiopharmaceutical concentrations in a tissue
(i.e., the tissue time activity curve, or tTAC) is measured using
multiple PET scans, and a compartment model analysis is applied

* Corresponding author. Fax: +81 3 3964 2188.
E-mail address: ukimura@ieee.org (Y. Kimura).
Available online on ScienceDirect (www.sciencedirect.com).

1053-8119/$ - see front matter © 2005 Elsevier Inc. All rights reserved.
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to determine the parameters that describe the behavior of the
administered drugs in a target organ (Huang and Phelps, 1986).
This process is known as kinetic analysis. Furthermore, kinetic
analysis in a voxel-by-voxel fashion provides us with images that
can be used to determine the activity of specific enzymes or
concentrations of neuroreceptors. However, voxel-based kinetic
analysis has two major drawbacks. One is the noise level in a
voxel-based tTAC, and the second is the large number of voxels
involved. The noise level in a voxel-based tTAC leads to an
instability in the estimated parameters. The large number of
voxels, which can reach up to half a million, leads to extensive
calculation times for image formation.

We have proposed a clustering-based algorithm to overcome
this situation, in which voxel-based tTACs are categorized based
on their kinetics. The algorithm, Clustering Analysis for Kinetics
(CAKS), has been reported for a one-tissue-two-compartment
model (Kimura et al., 1999), and a two-tissue-three-compartment
model (Kimura et al., 2002). In the CAKS approach, the clustering
algorithm is a key term. An unsupervised clustering scheme has
also been applied (Kimura, 2004).

This paper introduces MAP approach for a kinetics scheme.
This is proposed to improve a robustness for noise interference.
In the proposed approach, feature surfaces are provided using an
a priori knowledge of the kinetics of the administered radio-
pharmaceutical, and then, the observed data are clustered. Some
simulation studies carried out are discussed to determine the
details of the proposed algorithm, and to evaluate its reliability.
Parametric images of the brain glucose metabolism are discussed
using ['®F]fluoro-2-deoxy-D-glucose (FDG).

Method

In the proposed method, the estimated kinetic parameters of
a voxel-based tTAC are determined based on similarities of
shape, when data are compared with noise-free tTACs that are
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formed from a set of parameters that lie within a physiolog-
ically feasible range. The shape of a noise-free tTAC is
projected onto the feature space, and the noise is expressed as
a statistical distribution of a feature point in the space.

Measurement of glucose metabolism using PET

FDG is a glucose analog, and it has been used to measure cerebral
glucose metabolism using PET in glucose transport from plasma to
tissue, in glucose phosphorylation, and to determine the metabolic
rate of glucose.

The behavior of FDG is described by Eq. (1) (Huang et al.,
1980):

k
Co(t) = > ! " {(bs +deg — 1)e™ 4 (0 — ks — by )™ } @ C, (1),
2 T Ky
1
where
ky+ks +kyF \/(kz + k3 +k4)2 — 4kyky
oy,0p = 5 ) (2)

and Cy(f) and Cy(f) denote the concentration of administered FDG
in a target tissue and arterial plasma, respectively. ® denotes a
convolution. Glucose transportation from a capillary to a tissue
and the reverse process are described by the terms %, and k,,
respectively, and k3 and k, denote the rate of phosphorylation and
dephosphorylation of FDG. The term C,(f) is derived as a
dynamic image from the PET data, and C,(f) is measured via
arterial blood sampling. The term k, is ignored in our discussion,
because we used scan durations of 60 min (Lucignani et al.,
1993).

First, Co(f) was normalized using its integral to reduce the
dimensionality by ignoring k;, because k, appears in both the
denominator and numerator of Eq. (3) from Eq. (1), and so
cancels out.

__TE_C_’gQZ_,_’ ©)
/ o Co(r)dr

where Tg denotes the time of the last frame.

C(t) =

Definition of the feature surface

The shape of C(¢) is represented mathematically as a surface
in a feature space, in which a shape is represented by a position
(Duda et al,, 2001). To define a feature space, dynamic PET
-data are considered as a vector in n-dimensional space:

C = [C(t)yoClt)]" @

where 7 is the number of frames. In a feature space, Cs are
located at different points that have different shapes from each
other.

In reality, the location of the noise-free tTACs in a feature
space is identified before parameter estimation using the
following steps. When the data from a measured plasma time
activity curve (pTAC) are inputted into Eq. (1), a set of
tTACs is derived by varying &, and k3 in a suitable range
based on physiological considerations: either 0.01 or values
between 0.02 and 0.40 with a 0.02 step size for k,, and
values between 0.01 and 0.30 with a step size of 0.01 for ks,

where k; is fixed to 0.1. Then, all the generated tTACs are
composed as a matrix C,:

CA = [Cl...CM}, (5)

and the principal components are calculated to generate a
feature space.

If the noise-free tTACs are projected onto this space, shown as
the C;—C, in Fig. 1, a curved surface on the noise-free tTACs will
be drawn, I1 in Fig. 1. Note that first only some principal
components are used. This approach decreases the dimensionality
and simplifies further data analysis. The optimal dimensionality is
discussed later in the text.

Parameter estimation

The noise distribution in a feature space, the likelihood for
parameter estimation, is evaluated using the following procedure. To
obtain the statistical properties of the noise in the measured tTACs,
noisy tTACs are mimicked to add the simulated noise to the noise-
free tTACs, assuming that a Gaussian distribution exists with a mean
equal to that of the measured tTAC and a variance proportional to
that of the tTAC (Kimura et al., 2002). This step means that a
multidimensional Gaussian was assumed for the noise distribution in
the projected tTAC onto the space. These values are used to
determine the noise amplitude such that the simulated tTACs have
the same noise level as those of the measured voxel-based tTACs.

The semantic diagram is available in Fig. 1. Noise-free
tTACs are projected onto a point in the space defined by Eq. (4)
(C1~C4 in Fig. 1). The noise perturbs the shape of the noise-
free tTAC, and causes a fluctuation in the projected point. This
fluctuation is assumed to be a multidimensional Gaussian,
centered at its noise-free position of C,—Cy4. The covariances
at each noise-free point are calculated using 500 realizations of
noisy tTACs. To determine the associated cluster of the
projected tTACs of 4, the Mahalanobis distance between the
point and each noise-free point is calculated, and then, the
nearest point is selected. In our example, this is C;. Finally, the

Fig. 1. A semantic diagram for parameter estimation using the proposed
MAP-based algorithm. I s a feature surface, and C,—Cj are the projected
noise-free tTACs. Noisy projections are denoted by the smaller plots, and
the estimated Gaussian is denoted by the superimposed ellipsoid. If a voxel-
based tTAC is projected on 4, then the Mahalanobis distance to each noise-
free point can be calculated (A-a -A_'C.t). Then, 4 can be classified as
belonging to the nearest point of C;.
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corresponding values of &, and k5 to the point are taken to be
the estimates of the voxel-based tTAC. The ratio of the integral
of the voxel-based tTAC to that of the corresponding noise-free
tTAC determines the value of k.

Simulation

A simulation study was designed to determine the appropriate
dimensionality of a feature space based on an estimation perform-
ance, and to validate the estimates using the proposed method. A
clinically measured pTAC was applied to Eq. (1) with aset of ky, k5,
and k; values varying from 0.01 to 0.19 with a step size 0f 0.02, from
0.01 to 0.28 with a step size 0f 0.03, and from 0.01 to 0.1 with a step
size of 0.01, respectively. For each set of the parameters, 27
realizations of noise-free tTACs were generated, and Gaussian noise
was added to simulate a real measurement situation. The proposed
approach was applied, and the performance was evaluated to
compare the data with the real values. Also, Patlak plot was
employed to derive the estimates of k;/k; (=DV) and the cerebral
metabolic rate of glucose (CMRGIc) computed as:

kiks
ky + ks

CMRGle = (%)K,- where K; = (6)
Gl is glucose content in blood, and Lc is a lamped constant of 0.42.
In Patlak plot, the linear relation is established some minutes later

after the administration:

/; Co(u)du
= K + DV +BY) )

where Bv denotes a blood volume. Therefore, the gradient and y-
intercept gives us the estimates of CMRGlc and DV (Patlak et al.,
1983).

C()
Co(r)

Dimensionality

A dimensionality of feature space was decided using two
ways: a performance-based approach as described in Simulation
and a theoretical approach. Morgera (1985) proposed a cova-
riance complexity based on an information theory, and it was
calculated using the eigenvalues of an inputted data as defined in
(Watanabe et al., 2003):

i
R )

M
Z agjlog a;

j=1
logM ’ ®)

where 'y, denotes the complexity at the dimension of M, and 4;
is the jth eigenvalue of the covariance matrix of C4 sorted in
descending order. I'j; ranges on {0 1], and it represents a
uniformity of information derived if M-dimensional feature space
is employed. If all axes defining a feature space have almost the
same amount of information, o; = 1/ M, and I'5r approaches to
1. Conversely, if only the first few axes have most information,
the corresponding g;s become almost 1, and ' = 0.

To investigate the dimensionality, voxel-based tTACs were
generated the same as that described in Simulation with 500

'y =

realizations. k; was fixed at the typical value, and k, or k;
varied in the range of their typical values +50%. The values
were 0.102, 0.130, and 0.062, respectively (Huang et al,
1980). Also, K; varied in the range of 0.0334 £ 50% with the
fixed k;.

Clinical image

The proposed method was applied to clinical PET scans:
five normal volunteers (four males and one female, average
age = 22 + 1.9), and two patients with congenital glucose
transporter-1 deficiency (Pascual et al., 2002) (an 11- and a 7-
year-old boy) to validate the algorithm in normal and higher
than normal cases. The FDG doses injected were 233 + 19
MBq for the normal subjects, and 155 or 121 MBq for the
deficiency patients. The Ethics Committee of the Tokyo
Metropolitan Institute of Gerontology approved the study
protocol, and informed consent was given by all subjects.
The scans were performed using a HEADTOME V apparatus
(Shimadzu Corporation, Kyoto, Japan) with arterial blood
sampling. The PET images were reconstructed at a resolution
of 7.5 mm FWHM, with 128 x 128 voxels and 30 slices
with 2 X 2 X 625 mm in a voxel size, using a standard
convolution back-projection algorithm. Corrections were
applied for dead time, detector nonuniformity, and for photon
attenuation. The frame-time sequence was 10 s x 6, 30 s X
3,60 s x 5, and 150 s x 5, and 300 s x 8. Besides, the
images obtained from a 57-years-old female Alzheimer patient
were formed using a HEADTOME-IV apparatus (Shimadzu
Corporation, Kyoto, Japan) with 128 x 128 and 7 slices with
2 x 2 x 13 mm in a voxel size. The frame arrangements
were 30 s x 2, 60 s x 4, 120 s x 4, 240 s x 8. The dose
was 210 MBq. Parametric images of DV, CMRGIc were then
computed. The delay between the tTAC and pTAC data was
estimated using the tTAC averaged over all the regions of
interest (ROIs) in a round-robin fashion (Kimura et al., 2004),
and it was removed from voxel-based tTACs before applying
the proposed method. Eq. (1) was fitted to the tTAC using
the interior-reflective Newton method (Coleman and Branch,

Ka=0md=

L K2=0727 T

Fig. 2. Example of a feature surface generated in a three-dimensional space.
Each axis denotes the first three principal components calculated from a
given set of noise-free tTACs. Noise-free tTACs are projected onto this
space and form a surface, as shown in the figure. The increase in the values
of k, and k5 is denoted by the black and gray amrows, respectively.
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Fig. 3. An actual example of a feature surface and a projected tTACs. The
projections are denoted by the small points. The surface is viewed from a
low angle to emphasize its curled shape.

1999) with a nonnegative constraint. The initial estimates of
all the parameters were selected to be 0.10. The blood volume
was fixed at 0.03 (Martine et al., 1987). Before applying the
proposed method to clinical data, blood volume component
was also subtracted from voxel-based tTACs assuming the
fixed blood volume. Additionally, extracranial voxels were
manually excluded before the image formation.

To evaluate the consistency between the ordinary ROI-based
model estimation and the estimates derived from the proposed
algorithm, seven ROIs were selected: the frontal, occipital, parietal,
temporal, cerebral, striatum, and the thalamus, and then the

Y. Kimura et al. / Neurolmage 29 (2006) 1203—-121]

nonlinear estimation algorithm was applied to derive the estimates
for the ordinary ROI-based kinetic analysis as described above.

Results
Feature surface

A typical feature surface is shown in Fig. 2, in which the
generated tTACs are projected into three-dimensional space. It can
be seen that the surface is highly curved as denoted by the black
and gray arrows. The noise-free tTAC is represented by the lattice
points on this surface, and the (k,, k3) parameter pair corresponds
to one of these points.

Fig. 3 shows a real situation of feature points formed using
measured PET data. The measured voxel-based tTACs are
projected onto the feature surface denoted by the dots. The noise
of the voxel-based tTAC fluctuated widely around the projected
points. However, most of the points were located away from the
surface because of the noise-induced fluctuation.

Simulation-based validation

Simulation-based validations are summarized in Fig. 4. For &,
the estimated median values were almost identical to the true
values. Moreover, there was an underestimation in this case,
because the lower bars of the boxplots are longer than the upper
bars. For k3, the median value was almost the same as the true
values, but the distribution of the estimates of k3 was more
complicated than that of k,. In the case of smaller values of k3, i.e.,
k3 <0.03, the estimate tends to be high. For values of k3 larger than
0.08, the estimate was lower than the true value. For k5, a linear

(A) kq (B)k (C)ks
02|y =103x+0.00._ . y =083 x+0.04~
r?=1.00 i r?=0.99 0.1
i | ]
| ! 02 | I
01+ = = M~ — =7 | |
I | | ]
| | | i y = 1.00 x+0.00
) . . | #=1.00
o 0 0 0
% 0 0.1 0.2 0 0.2 0 0.1
£ ; proposed
£  (D)CMRGIc  (E)DV(Tremod )  (F) DV (patiak plot)
w —
20 T A 2[y=078x07 T 2ly-oo01xdoar
N r#=092 | i F=002 |
P D
oA i
i Al L nliaiiali ofialiadiy
B | ! * ; .
. i 1
0 J ! 0 i
0 20 0 1 2
o proposed y=1.01x - 0.05 (°=1.00)
o Patiak plot y=1.01x - 0.09 (*=0.99) True

Fig. 4. Performance of the proposed algorithm in a simulation study. The estimates of k, &,, and k3 are plotted in panels A, B, and C, respectively. The
estimates are plotted with respect to the true values as a boxplot. The lower, middle, and upper edges denote the 25th, 50th, and 75th percentiles, and the range

shown between the lower and upper ticks is 1.5 times the quartile range, where most data exist. Regression lines between the true and the median are

superimposed. CMRGlc estimated by the proposed algorithm and Patlak plot is plotted in panel D with black and gray points, respectively. And estimated DV
using the proposed algorithm and Patlak plot is presented in panels E and F. For CMRGlc and DV, the estimates are plotted versus the true values. The

regression lines are also shown.
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dimensionality

Fig. 5. Courses of a performance and complexity according to dimensionality. The performance comparisons according to the dimensionality of the feature
space are shown in Frame (A), the change in consistency between the estimates and their true values, and in Frame (B), the change in linearity. For both
quantities, the ideal values are 1. The typical change of covariance complexity is displayed in Frame (C).

relation was maintained, but it was 20% underestimated especially
in large k, region. For CMRGlc shown in Fig. 4D, both estimates
by Patlak plot and the proposed approach were almost identical
with the true values, and the estimates from the proposed algorithm
presented slightly better estimates. DV estimates showed different
states between the proposed algorithm and Patlak plot in Figs. 4E
and F. The proposed algorithm gave lineally correlated estimates,
on the other hand in Patlak plot, no linear relation with the true DV
could be found. The estimates using the proposed algorithm have
22% underestimation in the range of DV between 0 and 2.

Dimensionality

Performance comparisons against the dimensionality are shown
in Figs. 5A and B. Frame (A) shows the change in slope of the
regression lines between the estimates from the proposed algorithm
derived for various dimensions and true values, where a slope
equal to unity is the ideal case. For the CMRGlc data, there was no
observed dependency on the dimensionality. For k,, a higher
dimensionality leads to an underestimation, and either two or three
dimensions seem to be the optimum choice. For k;, under-
estimation occurred with two dimensions or more than six
dimensions. Frame (B) shows the calculated regression coeffi-
cients. The CMRGlc estimates always correlated well with the true
values. The performance of the %k, and %; estimates became
gradually worse with increasing dimensionality. Three dimensions
was the optimum choice based on the estimation performance.

The typical trend of covariance complexity is available in
Frame (C) in cases of k; = 0.102, k; = 0.13, and %3 = 0.062. Most

(A) ky

(B) k,

information concentrated on the Ist dimension because the
complexity was near its minimum of 0, and a large increase was
observed only at the dimension of 2. And, further dimension in the
feature space has approximately a uniform amount of information
because the complexity gradually grew, but no peaks were
observed according to the increase of dimensionality. These results
implied that the information was not gained if higher dimensional
feature space than 4 was utilized. This disposition was common in
all k-parameters.

Clinical image

ROI-based validations are shown in Figs. 6 and 7, and typical
clinical images are available in Fig. 8. For ky, if it was smaller than
0.16 (which is normal range), the regression line was y = 0.97x +
0.04 (+* = 0.90); this line is plotted in a solid line in Fig. 6A, and
both estimates were almost identical. However, the linear regression
derived from all k, range was y = 0.73x + 0.03 (+> = 0.96), the
dashed line in Fig. 6A, and 27% of underestimation was observed.
For k3 shown in Fig. 6C, if k3 < 0.13 (the normal range of k3), y =
0.78x + 0.01 (r2 = (.92), the solid line, and 22% of underestimation
existed. The linear regression in all k5 range was y = 1.00x — 0.01
(r*=0.91); an almost identical relation. k, is summarized in Fig. 6B.
The relation was y = 0.57x + 0.12 (#* = 0,88). For CMRGlc and DV,
the comparisons between an ROI-based nonlinear estimation and the
proposed algorithm or Patlak plot are illustrated in Fig. 7. Both
CMRGIc estimates had good linear relations with 10% of under-
estimation as shown in CMRGlc-1 and CMRGIle-2; y = 0.90x +
0.21 (% = 0.98) for the proposed algorithm and y = 0.91x — 0.012

(C) ks

o
w

proposed estimation

o

[1/min}

[1/min]

0.4

0.2
[1/min]

nonlinear estimation

Fig. 6. Comparison between ordinary ROI-based nonlinear estimates and the proposed algorithm. Seven ROIs were placed on seven subjects, and subjects are
plotted with different symbols. Regression lines derived from ordinary parameter range and from all estimates are plotted in solid and dashed lines, respectively.
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Fig. 7. Comparison between ordinary ROI-based nonlinear estimates and
the proposed algorithm or Patlak plot on CMRGIc in (CMRGlc-1) and
(CMRGlc-2), and on DV in (DV-1) and (DV-2). (CMRGle-1) and (DV-1)
were derived from the proposed algorithm, and (CMRGlc-2) and (DV-2)
represent the estimates using Patlak plot. Seven ROIs were placed on seven
subjects, and subjects are plotted with different symbols. Regression lines
are superimposed.

(r* = 0.97) for Patlak plot. The deviation of CMRGlc estimates with
the proposed algorithm was 8% smaller than that with Patlak plot in
the ROI-based validation. The relation of DV is not good; y =0.33x +
0. 44 (* = 0.96) for the proposed algorithm and y = 0.39x + 0.28
(r* = 0.97) for Patlak plot in DV-1 and DV-2. The simulation
showed that k, and DV had relatively poor linear relation and 20%
of underestimation in Fig. 4, and the same results can be seen in
the clinical results (Figs. 6B and 7DV-1). Also, the bias in DV
estimates was not ignorable. Patlak plot can estimate DV, but it
was poor as the proposed algorithm. The deviation of DV
estimates by the proposed algorithm was around 35% smaller
than those by Patlak plot in the ROI-based validation. However,
in Fig. 8, the gray and white matter can be distinguished in the
Alzheimer case, and also in the normal case because there was a
monotonous relation between the DV estimates by the proposed
algorithm and the ROI-based estimates. The performance of the
proposed algorithm was rather sufficient for DV imaging. For
CMRGlc, both estimates coincided well with each other.
Generally, there is a good linear relation between both estimates
in all parameters, and the CMRGlc and &, in its normal range
were almost identical with the true values.

In the normal case in Fig. 8, the slices shown include the
cerebellum and the thalamus. The brain structure is clearly
visualized in the CMRGlc image, and in the k,, ks, and DV
images. Some regional differences in glucose metabolism are
observable: the cerebellum has a higher k; value than the
cerebral cortex, and the k; value of the cerebellum is smaller
than that in the cerebral cortex. In Alzheimer case, CMRGlc is
clearly defected on the right temporal lobe. k,, k3, and DV are
also lower than those in the left side. For CMRGIlc, both

methods give us a good brain structure, and the images with the
proposed algorithm are less noisy than those with Patlak plot.
For DV, the brain structure is unclear in the image with Patlak
plot; however, the gray and white matter can be recognized in
the proposed method.

It took about 10 min to generate a parametric image composed
of 128 x 128 voxels and 30 slices using an Ultra-80 Workstation
equipped with a 450 MHz Ultra SPARC-II processor and 4
gigabytes of memory (Sun Microsystems, Santa Clara, CA, USA),
in which around 5 min was taken to generate the feature space and
to calculate the covariances.

Discussion

We have discussed a novel scheme for voxel-based compart-
ment model analysis methodology. Four points are covered in the
discussion: the specificity of the algorithm to form a parametric
image, a comparison with other methods for parametric imaging,
the development of a MAP-based algorithm, and the performance
and usability of the proposed approach.

We now discuss the difficulties encountered in parametric
image formation using PET. PET can measure various finction-
alities in living tissues using a compartment model analysis. If
the analysis is applied in a voxel-by-voxel fashion, then a
functional image can be derived. Unfortunately, there are two
serious drawbacks in voxel-based kinetic analysis. One is a high
noise factor in voxel-based tTACs, and the other is the large
calculation time required. The small volumes in voxels cause
the high noise seen in voxel-based tTACs, and this leads to

statistical uncertainties in the estimated kinetic parameters. If a

nonlinear estimation algorithm is applied, then voxel-based
parameter estimations tend to include large estimation variances
and/or erroneous results because of this nonconvergence. Fur-
thermore, a nonlinear estimation algorithm involves a consid-
erable calculation time. The algorithm is usually implemented
using an iterative approach, and typically, a compartment model
analysis requires several dozen iterations. Additionally, a con-
volution operation is necessary to calculate a predicted output
using a measured pTAC and interim parameters in these
iterations, which is time-consuming. To make matters WOrse,
the number of voxels can reach up to half a million. A PET
camera has 128 x 128 voxels per slice, and can capture over 30
slices, giving a total of 5 x 10° voxels. For parametric image
formation, the model estimation algorithm should be invoked at
each voxel, so a huge calculation time is required. If it requires
10 s to obtain one voxel-based parameter estimation, then a
couple of months will be required to form a parametric image.
The above considerations make functional imaging in PET
impractical.

The proposed approach is designed to overcome these problems
using MAP algorithm. The model parameters are determined based
on their proximity in the shape of a tTAC between a measured
voxel-based tTAC and tTACs located in the bank of noise-free
tTACs. The proposed approach tries to find most matched noise-
free tTAC for a given feature space. Accordingly, the proposed
approach does not invoke any parameter estimation algorithm, and
the problems regarding parameter estimation and calculation time
are therefore resolved.

The dimensionality of a feature space must be given a priori,
because it defines the experimental space. In this study, an optimal
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dimensionality was decided by using the simulation for validation
method and a covariance complexity based on an information
theory, as shown in Fig. 5. In the result, three dimensions were
chosen as the optimum choice. The number of estimated
parameters used was two: k, and ks, because k, was ignored as
shown in Eq. (3). This implies that a dimensionality higher than
two is desirable to consider the noise in a {TAC. Moreover, the
dimensionality must also be decided to take into account the
signal-to-noise ratio. In Fig. 3, the projections were not located
around the feature surface, but were widely scattered. This
situation means that considerable noise was present. If the
dimensionality used were too high, then a defined feature space
would be composed of noise rather than the tTAC.

A covariance complexity denotes a uniformity of information in
a given dimensionality and each axis defining a feature space. If
the complexity is near 0, most information concentrates on first
some axes. The result conveyed that the feature space was
governed by the first some principal axes because the complexity
was low; its maximum was 1.0 because of the definition, and it was
smaller than 0.1 in all range of dimensionality. And, the complexity
was increased at the dimension of two as shown in Fig. 5C, which
represents that a new information can be expected if the 2nd axis is
incorporated. In our performance-based simulation, at higher

{1/min]

dimensions, the estimates were too low, and the linearity
diminished. On balancing the number of parameters and quality
of the input signal, three dimension remains the optimum choice.
In the proposed algorithm, projected feature points are classified to
multiple categories corresponding to pairs of k; and k; laid in a
physiologically possible range. It is a complicated situation, and
both information theory and performance-based indices are
reasonable choices to decide the dimensionality for feature space
definition.

We also compared the proposed method with other algorithms
for voxel-based estimation. Some approaches linearize the com-
partment model to simplify the estimation process. Logan plot
(Logan et al., 1996) and Patlak plot (Patlak et al., 1983) are popular
algorithm choices for this operation, which uses a line estimation
algorithm. RPM (Gunn et al, 1997) is another widely used
algorithm used to visualize the binding potential using a spectrum
approach. These algorithms are computationally simple and are
therefore fast, because they are implemented with a linear
estimation algorithm or a search for a minimal residual point
from a table, and an iteration and convolution are not required.
However, these algorithms can estimate only limited parameters: a
distribution volume, an influx parameter, or a binding potential.
Furthermore, the applicability of these algorithms depends on the

CMRGIc

Fig. 8. Clinical images of glucose metabolism in a normal young female in panels A and B, and Alzheimer patient in panels C and D. Panels A and C were
derived from the proposed algorithm, and panels B and D were formed by Patlak plot. All images were processed with a median filter.
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kinetics of an administered radiopharmaceutical. Because FDG is
trapped in a cell, then Logan plot and RPM are not applicable, but
using Patlak plot is feasible. In contrast, the proposed algorithm
can estimate all kinetic parameters, and is applicable to any
compartment model, because the proposed approach is based on a
general compartment model, and there is no assumption involved
in the model kinetics. Likewise, for determination of optimal
estimates, the method searches the nearest feature point instead of
invoking nonlinear optimization algorithm which is usually utilized
for a compartment model estimation. Accordingly, the proposed
algorithm is computationally simple and fast.

We now consider the method based on statistical approach for
medical image processing. An interesting study is the mixture
analysis approach (O’Sullivan, 1993). O’Sullivan assumed tTACs
as a weighted sum of sub-tTACs extracted from a dynamic data
using a clustering algorithm. Clustering for PET data analysis was
summarized in O’Sullivan (1994). Averaging dynamic data in
voxels that belong to the same cluster improves the signal-to-noise
ratio in voxel-based dynamic data, and it is helpful for parametric
image formation (Kimura et al., 1999; Kimura et al., 2002; Kimura,
2004; Bentourkia, 2001; Wong et al., 2002; Bal et al., 2004; Guo et
al., 2003). Additionally, it can reduce the number of data to be
analyzed, and makes parametric image formation practical (Kimura
et al., 1999; Kimura et al., 2002).

In Kimura (2004), an unsupervised clustering approach was
implemented using a Gaussian mixture model. However, because
of the large volume of data, the clustering algorithm used was
rather unstable for convergence. In the proposed algorithm, MAP
approach was introduced. The concept of MAP is that a priori
knowledge is incorporated in order to develop the performance for
parameter estimation. In MAP, an object function to be maximized
for parameter estimation is composed as a sum of a likelihood and
a priori probability (Sparacino et al.,, 2000). Various ways were
proposed to define a priori knowledge: using maximum-likelihood
estimates for the analysis of glucose contents in the blood
(Sparacino et al., 2000), or using population-based values
(Callegari et al., 2002), applying population-based averaged values
to estimate FDG PET data (Bertoldo et al., 2004), including
physiological constraints as a penalty term in an object function for
model estimation (O’Sullivan and Saha, 1999) which can reduce
estimation variance significantly for FDG imaging, and the
approach was extended to spectral analysis (Trukheimer et al.,
2003). In the method, a flat prior was defined in a parameter space
which means that all parameters have even possibilities, and the
Mahalanobis distance was introduced to realize MAP estimation
using measured likelihoods derived from random sampling
scheme.

The performance and usability of the proposed approach
technique is now discussed. Both simulation and clinical studies
showed that the estimates using the proposed algorithm approach
were very close to, or had a linear relation to either the true
parameters (Fig. 4) or to the ROI-based ordinary kinetic results
(Figs. 6 and 7). The estimated CMRGlc data always coincided with
both the true values and the ROI-based kinetic data, which are
shown in Figs. 4D and Fig. 7 CMRGIc-1. In the CMRGlc image
shown in Fig. 8, some cortical structures between the gray and
white matter were well visualized, and the thalamus could be
identified. For the k; data, the performance depended on the value
used. In the range k; < 0.16 (the expected normal range of k), the
estimate was almost identical, shown by the solid line in Fig. 6A.
In addition, there was a 27% underestimation for larger &, values,

shown by the dashed line in Fig. 6A. However, it can be said that
the estimates are linearly correlated with the ROI-based kinetic
results for all ranges of k;. The performance of k3 was worse than
that of k;. In the expected normal range of k3, i.e., k3 < 0.13, the
estimate was 27% underestimated from the results of the ROI-
based kinetic analysis. For higher values of k3, the estimates had
almost identical values with the ROI-kinetics. Moreover, for all
ranges of k3, a linear relation existed.

CMRGlc and DV were compared with Patlak plot in Figs. 4 and
7. Patlak plot is a well-established graphical approach which enables
voxel-based calculation of both quantities. For CMRGlc, these two
methods can offer good estimates and they were almost identical
with an ordinal ROI-based kinetic analysis. While for DV, a situation
was worse. The DV by the proposed algorithm was largely
underestimated and only weak linear relation could be found. In
clinical images of CMRGlc and DV in Fig. 8, the images derived
from the proposed algorithm were less noisy than those made by
Patlak plot especially in DV images; the estimation deviations
derived from the proposed algorithm were 8% and 35% smaller than
those of Patlak plot for CMRGlc and DV, respectively. Patlak plot
calculates DV as a y-intercept, and it is sensitive for an estimation
variance in a gradient of the plot. In the proposed approach, noise
propagation in a voxel-based tTAC is considered as a likelihood
function on the feature surface, and it might contribute an image
quality developed.

Usually in FDG PET study, only CMRGIc is utilized for
clinical purposes because a CMRGIc image contains some
information for brain pathophysiology and it is easy to measure.
Some previous works concluded that glucose transporters
(Kalaria and Harik, 1989) and a clearance rate of glucose
(Feinendegen et al., 2001) were affected by Alzheimer disease or
cerebral infarction. Kalaria (Kalaria and Harik, 1989) reported
that the hexose transporter located in the brain capillary was
significantly decreased in Alzheimer patients. Also, k; images in
Alzheimer patients have lower parts in the temporal lobe as
shown in Fig. 8. They suggested that there is potential usefulness
for the study of cerebral metabolism, and the method for voxel-
by-voxel compartment model analysis should be developed. In
the images in Fig. 8, the brain structure was well visualized, and
a defect part in Alzheimer case is available. Fig. 8 showed that
the glucose transportation was not homogeneous, and that it was
higher in the cerebellum than in the cerebral images. Moreover,
the images on cerebral glucose metabolism have different
appearance between normal and Alzheimer case. This supports
potential for more clinical application.

The overestimation and underestimation values speculated to
originate from the distorted shape of the feature surface are shown
in Fig. 2. The surface has a topologically quadrangular shape, but it
is mostly curved. In the case of large k; values, the surface
becomes narrow, and the projections of the measured voxel-based
tTACs fluctuate in a wider range of parameter values than those of
smaller k3 values. This local difference in shape probably
influences the different performances in the estimates. Further-
more, k, was a constant during generating noisy tTACs to calculate
covariances on the feature surface, see Fig. 1, and a variance of
tTAC was assumed to be proportional to the true tTAC value. The
current algorithm ignores the dependency of noise distribution on
an amplitude of tTAC. It would be needed to develop the algorithm
in which tTAC amplitudes is considered. Using the proposed
method, the noise propagation from the measured tTAC to the
kinetic parameters was modeled in a statistical fashion, and it was
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successful in realizing reliable estimates. More complicated
statistical modeling is possible, but the proposed multivariate
Gaussian scheme is a reasonable choice.

In summary, the proposed algorithm provides good CMRGlc
images, which are identical to those from ordinary ROI-based

kinetic analysis. The &; images are almost identical for values in

the normal range. Images show underestimated k3 and DV;
however, the contrast is well maintained. The proposed scheme
is theoretically expandable to the compartment model analysis for
receptor kinetics because of no assumption for compartment model
estimation. However, it causes an increase of the number of
parameters, and the shape of feature surface becomes presumably
more complex. More robust algorithm will be required.
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Quantitative evaluation of cerebral hemodynamics
in patients with moyamoya disease by dynamic
susceptibility contrast magnetic resonance
imaging—comparison with positron emission

tomography
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We examined whether the degree of hemodynamic stress in patients with chronic occlusive cerebral
vascular disease can be quantitatively evaluated with the use of perfusion-weighted magnetic
resonance imaging (PWI). Thirty-six patients with moyamoya disease (mean age, 26.8 years;
range, 18 to 59) underwent PWI and positron emission tomography (PET) within a month’s interval.
The PWI data were calculated by three different analytic methods. The cerebral blood flow
(CBF) ratio, cerebral blood volume (CBV) ratio, and mean transit time (MTT) of the anterior
circulation were calculated using the cerebellum as a control region and compared with PET data
on the same three parameters and oxygen extraction fraction (OEF). Parametric maps of PWI
attained a higher resolution than the PET maps and revealed focal perfusion failure on a gyrus-by-
gyrus level. The relative CBV and MTT obtained with PWI showed significant linear correlations
with the corresponding PET values (CBV, A2 =0.47 to 0.58; MTT, R2=0.32 to 0.68). We also found
that we could detect regions with abnormally elevated OEF and CBV based on the delay of
PWI-measured MTT relative to the control region by defining a 2.0-sec delay as a threshold. The

sensitivity and specificity were 92.3% and 100% in detecting regions with abnormally elevated OEF,
and 20.0% and 100% in detecting regions with abnormally elevated CBV, respectively. Among the
parameters obtained with PWI, our results suggested that the relative CBV value and delay of MTT

might be quantitatively manipulated to assist in clinical

moyamoya disease.

decision-making for patients with
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Introduction

To understand the pathophysiology and determine
the optimal treatment of occlusive cerebrovascular
disease, it is vital to clarify the degree of hemo-
dynamic compromise in each patient. Patients at a
high risk of ischemic stroke generally exhibit
abnormally high oxygen extraction fraction (OEF)
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and elevated cerebral blood volume (CBV), a
combination of states described as misery perfusion
or grade 2 hemodynamic stress (Derdeyn et al, 2002;
Grubb et al, 1998). The concurrent measurement of
cerebral blood flow (CBF), metabolism, and blood
volume on the same occasion by positron emission
tomography (PET) serves as the optimal method for
evaluating hemodynamics in patients. Positron
emission tomography is usually unavailable in daily
clinical practice, however, and it provides only poor
information on the structural integrity of hypo-
perfused tissue.

Perfusion-weighted magnetic resonance (MR)
imaging (MRI) (PWI) provides various parameters
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of cerebral dynamics noninvasively and in less
time than PET. A newly developed technique for
determining absolute CBF using MRI by introducing
an empirical normalization constant in animals

(Ostergaard et al, 1998b) and humans (Ostergaard

et al, 1998a) has recently been applied to evaluate
occlusive cerebrovascular disorder (Baird and
Warach, 1998; Maeda et al, 1999; Warach et al, 1996).
To apply this technique effectively in decision-mak-
ing for individual patients, however, we first have
to clarify the reliability of the obtained parameters.
In this study, we examined the same indivi-
dual patients by PWI and PET within a short period
in an attempt to confirm whether the numerical
parameters obtained with PWI can be manipulated
as quantitative values.

Moyamoya disease is a slowly progressive cere-
brovascular disease with terminal internal carotid
artery (ICA) occlusion and collateral formation of
abnormal arteries (Matsushima, 1999; Suzuki and
Takaku, 1969). Patients with moyamoya disease
show various degrees of hemodynamic insufficiency
and clinical symptoms. This variability might be
due to the variable interaction between the worsen-
ing hemodynamic factors with disease progression
and the protection conferred by the collateral
development (lkezaki et al, 1994; Nariai et al,
2005). The ischemic episodes in moyamoya patients
are often caused by hemodynamic stress rather than
thromboembolism (Ikezaki et al, 1994). These
features of moyamoya disease make it an appro-
priate subject for comparing quantified hemo-
dynamic factors with multiple modalities (Nariai
et al, 1995). The use of PWI in moyamoya patients
has been reported by several groups (Calamante
et al, 2001; Kassner et al, 2003; Lee et al, 2003;
Tsuchiya et al, 1998; Yamada et al, 1999). However,
the accuracy of quantitative evaluation of cerebral
hemodynamics by PWI in moyamoya patients has
not yet been discussed. Moreover, we have yet to
understand the significance of the abnormalities in
the PWI parameters in relation to the severity of
hemodynamics in patients with occlusive cerebro-
vascular disease. The purposes of the present study
were to evaluate whether PWI can accurately
measure hemodynamic parameters, and to certify
the reliability of quantitation. We also discussed the
range of application of this method in various types
of cerebrovascular disease.

Subjects and methods

Forty-one examinations of 36 patients with angiographi-
cally confirmed moyamoya disease were evaluated in this
study. The subjects consisted of 4 men and 32 women,
ranging in age from 18 to 59 years (mean age, 26.8 years).
All of the patients exhibited complete obstruction or
stenosis in the terminal portion of bilateral ICA with
moyamoya vessels, but no abnormal findings in cerebellar
circulation. They underwent both PWI scan and PET scan
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within the same 30-day period for diagnosis or follow-up
evaluation of cerebral hemodynamics. Five of the patients
underwent postoperative scans at least 1 year after the
bilateral indirect bypass surgery (encephalo-duro-arterio-
synangiosis). The transient ischemic symptoms disap-
peared and good revascularization was confirmed by
angiography in all five of these patients at the time of
the scanning. Thus, their hemodynamic status was
confirmed to be stable when the comparative examina-
tions using PWI and PET were performed.

Perfusion-Weighted Magnetic Resonance Imaging

The MR imaging studies were performed using a 1.5-T
superconducting system with a 25 mT/m maximal gradi-
ent capacity (Magnetom Vision; Siemens, Erlangen,
Germany) and a circularly polarized head coil. Perfu-
sion-weighted magnetic resonance imaging was per-
formed using a multislice, single-shot, spin-echo echo-
planar imaging sequence. The imaging parameters were as
follows: repetition time=1200ms, echo time=66ms,
field of view =230 x 230 mm?, matrix size =128 x 128. A
total of 50 scans with 7 slices were repeated in quick
succession without delay (3 scans before injection). The
device scanned a series of seven 5-mm-thick slices
separated by 7.5-mm gaps. The lowermost slice included
the cerebellar hemisphere as a control area, and another
slice included the ICA to enable estimation of the arterial
input function (AIF). The seven slices were also set to
cover both cerebral hemispheres. Each patient received a
bolus injection of gadodiamide (0.2 mmol/kg body weight;
OMNISCAN, Daiichi Seiyaku, Tokyo, Japan) via an
antecubital vein using a power injector (Nemoto Kyor-
indo, Japan) at a rate of 3mL/sec, followed by a 15-mL
saline flush.

Perfusion-Weighted Magnetic Resonance Imaging
Image Processing

All of the PWI data and PET data were transferred to a
personal computer after the measurement. The PWI data
were analyzed by three separate analyses using Dr View/
LINUX R2.0 software (Asahi Kasei Information Systems,
Tokyo, Japan). In preparation, we calculated the transverse
relaxation rate (AR,) by the equation AR,(t) = —In(S(t)/50)/
TE, where S(t) was signal intensity at time t, SO was the
precontrast baseline signal intensity, and TE was the
sequence echo time. Next, we applied a 3 x 3 uniform
smoothing kernel to the raw image and commenced the
three analyses to generate the parameters. In the first
analysis, we generated a CBF map and CBV map by
deconvolving the change in tissue concentration over the
first pass of contrast agent with an arterial AIF using
singular value decomposition (SVD) (Ostergaard et al,
19964, b) (deconvolution method) and then calculating the
mean transit time (MTT) by CBV/CBF. While this method
generally yields accurate measurements of CBF, the flow
estimates using SVD are susceptible to error due to bolus
delay and dispersion. To improve reliability, we evaluated
the PWI data by our second analysis, a pixel-based




numerical integration analysis with the measured data for
calculation of the relative CBV (rCBV) and relative MTT
(rMTT) (PIX method). The rCBV and rMTT were directly
calculated from the time~AR, curve
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where T,.. was the starting time of the first pass of
contrast medium in each pixel and T.., was the ending
time. The relative CBF (tCBF) was obtained as rCBV/
rMTT. Our third analysis was based on what we call the
FIX method. The analysis was performed by measuring
the mean start time and end time of the bolus passage of
contrast medium in the entire brain and then applying the
values to each pixel to measure parameters as the first-
pass-start time and first-pass-end time, respectively. The
equations to generate rCBV and rMTT were the same as
those used in the PIX method. Having generally witnessed
good correlations between FIX results and PET results in
the past, we decided to include the former in this study.
All the generated maps were filtered with a 5-mm full-
width at half-maximum (FWHM) to achieve a resolution
similar to that of the PET maps.

Positron Emission Tomography Study with "0 Gases

The method used for our PET study has been described
previously (Nariai et al, 1994). Briefly, the PET study was
performed using a Headtome-V scanner (Shimadzu Cor-
poration, Kyoto, Japan). The regional CBF and OEF were
measured during continuous and consecutive 9-min
inhalations of C*0, and '®0, with continuous arterial
blood sampling, employing a table-lookup technique
(Senda et al, 1988). The regional CBF and OEF were
obtained by calculating the values with lookup tables
created from the arterial whole blood and plasma radio-
activity curves, and then correcting them for delay and
dispersion (lida et al, 1986). The CBV was measured by a
3-min inhalation of C*O with blood sampling (Grubb
et al, 1978). The OEF was corrected for the effect of the
regional CBV (Lammertsma and Jones, 1983; Mintun et al,
1984). The MTT was calculated as CBV/CBF. All the PET
images were reconstructed into a series of seven 5-mm-
thick axial images with 7.5-mm intergaps, matched to the
PWI level in each patient to set the regions of interests
(ROIs) for PET and PWI in the same locations.

Analysis by Placing Region of Interests and Statistics

Abnormalities of cerebral hemodynamics in each patient
were evaluated by manually placing the ROIs over the
cerebral cortex (frontal, temporal parietal, and sensorimo-
tor cortex) supplied by the internal carotid system
{anterior circulation) and the upper cortex of the cerebel-
lum, avoiding the infarcted area. Each ROI consisted of a
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series of 1-cm-diameter circles along the cortical rim. The
mean values of MTT or tMTT, rCBF or CBF, and CBV or
rCBV of the ROIs in each hemisphere were calculated
(anterior MTT, anterior CBF, and anterior CBV, respec-
tively) for both PWI and PET. In the PWI data, we also
calculated the ratios of the anterior CBF (CBF ratio) and
anterior CBV (CBV ratio) to the cerebellum. The corre-
sponding data between the PWI and PET of CBF (PWI-
CBF ratio versus PET-anterior CBF), CBV (PWI-CBV ratio
versus PET—anterior CBV), and MTT (PWI-anterior MTT
versus PET-anterior MTT)] were compared with each
other. The delay of the anterior MTT compared with the
MTT or rtMTT of the cerebellum measured by PWI was
termed the ‘MTT delay’ and examined for correlations
with the OEF and CBV obtained by PET.

All the data were expressed as mean+s.d. Spearman’s
test and linear regression analysis were used to assess
correlations between PWI and PET parameter values of the
CBF ratio, CBV ratio, and anterior MTT. Correlations of the
MTT delay of PWI with the OEF ratio and CBV from PET
measurements were statistically analyzed by various reg-
ressions. Cluster analysis by the K-mean method was also
applied to analyze the distribution of pixel values bet-
ween PWI and PET. A P-value of <0.05 was considered
statistically significant throughout the study.

Results

General Findings

Both PET and PWI data showed various hemody-
namic abnormalities in unilateral or bilateral hemi-
spheres in all of the patients studied. Yet, a
comparison between the images obtained by the
two methods clearly illustrated that only PWI could
provide regional information on a gyrus-by-gyrus
level (see Figure 1). Perfusion-weighted magnetic
resonance imaging could be directly compared with
morphological MRI, allowing the direct detection of
abnormalities in CBF, CBV, and MTT on a precise
anatomical basis. Perfusion-weighted magnetic re-
sonance imaging could also be performed rapidly,
with an acquisition time only 60secs longer than
that of a conventional MRI examination. Positron
emission tomography, in contrast, took more time
and required registration process with morphologi-
cal images (Nariai et al, 1997; Shimada et al, 2000).
The high spatial resolution of the MR perfusion
maps was more useful for regional evaluation than
the lower resolution of the PET images (Figure 1).

Correlation Between Magnetic Resonance Imaging
and Positron Emission Tomography-Measured
Cerebral Blood Flow, Cerebral Blood Volume,
and Mean Transit Time

The correlations between PWI data and PET data on
CBF, CBV, and MTT are illustrated in Figure 2. All
CBV and MTT measurement variables calculated by
the three analytic methods corresponded signifi-
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Figure 1 Parametric maps to indicate CBF and CBV obtained by
PWI (Fix method) and PET in a 35-year-old woman with
moyamoya disease. The MTT map of PWI is also shown. The
CBF-PWI map indicated a decrease in CBF in the bilateral
parietal regions (white arrows). The MTT-PWI map indicated
MTT prolongation in the same regions (red arrows). The regional
distribution of CBF and CBV detected by PWI correlated well
with that detected by PET, but the spatial resolution of the
former was far better than that of the latter.

cantly with the PET data. The CBV ratio obtained by
the PIX method had the highest correlation with the
PET-measured CBV value (R?=0.58, P<0.01, with
the PIX method) among the three methods, and the
ratios determined by the PIX and FIX analytic
methods in the MTT measurement correlated well
with the PET data (B?=0.58, P<0.01, with the PIX
method: R?=0.67, P<0.01, with the FIX method).
However, the only association between the PW1-
measured CBF and PET-measured CBF was a weak
but less than significant correlation determined by
the FIX method (R?=0.06, P==0.06). Based on these
results, variables applied by PIX and FIX methods
were used for further analysis.

Journal of Cerebral Blood Flow & Metabolism (2006) 26, 291-300

—287—

Detection of Misery Perfusion Using Perfusion-
Weighted Magnetic Resonance Imaging

While the MTT has been used as an index of
reduced cerebral perfusion pressure (Gibbs et al,
1984), an MTT prolonged beyond normal (i.e.,
reduced perfusion pressure) does not necessary lead
to a reduced CBF. The compensatory mechanism to
increase the focal vascular bed works well to
preserve CBF until the reduction of perfusion
pressure exceeds a certain threshold. This threshold
is thought to correspond to the border between grade
1 and 2 hemodynamic stress, as defined by Powers
et al (Powers, 1991; Powers et al, 1987). As MTT is
theoretically considered a reciprocal of perfusion
pressure, we might be able to detect grade 2
hemodynamic stress (misery perfusion) by defining
the threshold of MTT prolongation.

In our comparison between PWI-MTT and PET-
OEF on the parametric image maps, the areas with
highly prolonged MTT closely corresponded with
the areas with elevated OEF measured by PET
(Figure 3). We therefore plotted the PET-measured
OEF (ratio to control) against the MTT (MTT delay)
measured by the PIX and FIX methods in the PWI
analysis. Correlations between the MTT delay
obtained by the PIX method and the OEF ratio
obtained by PET were slightly better fit by quadratic
correlation (R*=0.61, P<0.001) than by linear
correlation (R*=0.57, P<0.001). Correlations be-
tween the MTT delay obtained by the FIX method
and the OEF ratio obtained by PET were lower than
that obtained by PIX method (quadratic correlation,
R?=0.46, P<0.001; linear correlation, R®*=0.43,
P<0.001). Thus, the MTT delay calculated by the
PIX method was used for further analysis (Figure 4).
We statistically clustered the distribution of pixels
into two categories by the K-mean method, as shown
in the graph in Figure 4B. This figure clearly
indicates the division of the pixels into normal
OFEF and abnormally elevated OEF using an MTT
delay of 2.0secs as a threshold. In the cerebral
hemispheres where the MTT delay was within
2secs, the OEF value did not exceed 120% of
control. When the MTT delay exceeded 2 secs,
however, the OEF value rose in proportion to the
MTT delay. This suggests that the presence and
grade of misery perfusion might be detectable by
measuring the MTT delay with PWL

In our examination of the relationship between
the MTT delay by the PIX method and the CBV
measured by PET, the latter tended to rise gradually
in proportion to the duration of the MTT delay up to
a delay of about 2.0secs (Figure 4C). In the highly
prolonged range, however, the CBV remained stably
at around the 6 mL/100g level irrespective of the
duration of the MTT delay. The correlation between
the MTT delay obtained by the PIX method on MRI
and the CBV obtained by PET was slightly better fit
by negative quadratic correlation (R*=0.34,
P<0.001) than by linear correlation (R*=0.31,
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Figure 2 Correlation between PWI and PET measurements of CBF (A-C), CBV (D-F), and MTT (G-1). The correlation coefficient (R2)
obtained in each analysis is also displayed in each graph. All the CBV and MTT data generated by three methods were significantly
correlated with CBV and MTT findings obtained by PET, respectively. There were no significant correlations between PW| and PET

measurements of CBF (regression curve not shown).

P<0.001). By clustering the pixels into two cate-
gories, we could differentiate the dimension with
prolonged MTT and elevated CBV from that with
only moderate abnormalities of the two parameters
(Figure 4D). Clustering on the x-axis was not as
clearly depicted as it was in the case of OEF, but the
MTT delay of 1.5 to 2.0secs could be used as a
divider.

Before applying the threshold MTT delay value in
actual clinical decision-making, we need to ascer-
Jfain its sensitivity and specificity in detecting
abnormally elevated OEF and CBV using the 2-sec
MTT delay as a threshold. We did this by calculating
the sensitivity and specificity of the method in
detecting the mean + 2s.d. of the OEF ratio to the
cerebellum and CBV using normal control data from
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our earlier study {Nariai et al, 2005). Lines to H H

indicate these threshold values are displayed in Discussion

Figures 4B and 4D. Through the calculation with  In the present report, we used data from moyamoya
these values, we determined that the threshold MTT  patients to analyze whether the hemodynamic
delay value of 2.0secs had a sensitivity and  parameters obtained with PWI are reliable for use
specificity of 92.3% (12/13) and 100% (12/12) in  in clinical decision-making in the treatment of
detecting regions with abnormally elevated OEF  patients with chronic occlusive cerebrovascular
ratio, and 20.0% (12/60) and 100% (12/12) in disease.

detecting regions with abnormally elevated CBV, In making clinical decisions in the treatment of
respectively. patients with occlusive cerebrovascular disease, it is
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Figure 4 (A, B) show the correlation between the delay of PWI-MTT compared with the cerebellum (x-axis), and the PET-OEF ratio
with the cerebellum (y-axis). The upper graph (A) shows the results of the regression analysis. The quadratic polynomial fits better
than the linear polynomial, as indicated in the text. The lower graph (B) shows the results of cluster analysis by the K-mean method.
The area with MTT delay of more than 2.0 secs shows an unmistakable elevation of OEF (indicated with black dots). The dotted
vertical line indicates a 2.0-sec MTT delay and the horizontal solid line indicates the mean + 2s.d. of the OEF ratio among normal
controls (121.7%). Using these values, the sensitivity and specificity in detecting the regions with abnormally elevated OEF ratios
were calculated as 92.3% and 100%, respectively. (C, D) show the correlation between the delay of PWI-MTT compared with the
cerebellum (x-axis) and PET-CBV (y-axis). The upper graph (C) shows the results of regression analysis. The quadratic polynomial fit
better than the linear polynomial, as indicated in the text. The lower graph (D) shows the results of cluster analysis by the K-mean
method. This graph indicates that the area with MTT delay of more than 2.0 secs comprised a group of regions with maximally
elevated CBV (indicated with black dots). The dotted vertical line indicates a 2.0-sec MTT delay and the horizontal solid line
indicates the mean + 2s.d. of CBYV among normal controls (4.27). Using these values, the sensitivity and specificity in detecting the
regions with abnormally elevated CBV were calculated as 20% and 100%, respectively. Perfusion-weighted imaging data was
generated by the PIX method.

<
Figure 3 T2-weighted MRI (T2WI) (upper row), parametric maps to indicate MTT obtained with PWI (MTT) (middle row) and OEF
images obtained with PET (lower row) of two representative moyamoya patients. Conventional MRI of case 1, a 26-year-old woman
suffering from frequent temporary ischemic attacks (TIAs), depicted an infarcted area in the left frontal lobe. A parametric map of
MTT showed a severe prolongation of transit time in the left entire hemisphere and right frontal lobe, and these findings closely
corresponded with the OEF-elevated area. Case 2 was a 42-year-old woman who had been diagnosed with moyamoya disease
incidentally and had no history of ischemic episodes. An infarcted area was also detected in the left frontal lobe, but the MTT map
revealed almost normal circulation time in the entire brain. The parametric map of OEF also presented no abnormal elevation. MTT,
mean transit time; OEF, oxygen extraction fraction; T2WI, echo-planar T2-weighted image.
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now considered important to ascertain the degree of
hemodynamic stress to predict the patient outcome
(Derdeyn et al, 2002; Grubb et al, 1998). Simulta-
neous PET measurement of CBF and metabolism is
the only known way to confirm the established risk
factors (elevated OEF, misery perfusion, grade 2
hemodynamic stress). But rather than offering
information of physiological significance, elevated
OEF merely tells us that the decrease in focal
perfusion pressure exceeds the maximum limit of
the compensatory mechanism to increase the vas-
cular bed for the preservation of CBF. As MTT
measured by PWI is theoretically considered a
reciprocal of perfusion pressure, we speculated that
a comparison between PWI-measured MTT and PET-
measured OEF may provide information useful for
the detection of grade 2 hemodynamic stress.

In our analysis presented in Figure 4, OEF
remained largely unchanged until the MTT delay
in the anterior circulation of the cerebral hemi-
sphere reached approximately 2 secs, whereupon it
increased in proportion to the MTT delay beyond
the 2-sec level. In our comparison of the CBV value
from PET and the MTT value from the PIX method,
however, the CBV showed no apparent increase
once the MTT delay reached approximately 1.5-
2.0secs. The pixels were statistically clustered into
two categories in both plots: pixels with only
moderately prolonged MTT with normal OEF and
moderately increased CBV, and pixels with mark-
edly prolonged MTT with abnormally elevated OEF
and saturated CBV.

By interpreting these plots with the theoretical
consideration of the compensatory mechanism
against major vessel occlusion proposed by Powers
et al (Powers, 1991; Powers et al, 1987), we can align
the threshold of the perfusion delay with the limit of
vasodilatation to keep the CBF. In other words, we
can detect the border between grade 1 and grade 2
hemodynamic stress at the threshold MTT delay
value of around 2.0secs, and the area with delay
exceeding this point can be assumed to represent a
state of misery perfusion. The analysis of sensitivity
and specificity to detect abnormal OEF and CBV
using this threshold value in Figure 4 also supports
this assumption. High sensitivity and high specifi-
city in detecting the region with elevated OEF
indicate high reliability of the threshold MTT delay
value to detect the border between grade 1 and grade
2. However, the low sensitivity of the 2.0-sec MTT
delay in detecting the elevated CBV tells us that the
CBV is already elevated before the MTT delay
reaches 2.0secs, without any corresponding eleva-
tion of OEF. This means, in turn, that the hemody-
namic stress falls within the grade 1 range when the
MTT delay remains less than 2.0 secs. Moreover, the
100% specificity of the more than 2 secs MTT delay
in detecting elevated CBV tells us that grade 2
hemodynamic stress is always accompanied by
elevated CBV. While several reports have investi-
gated the use of PWI for the analysis of perfusion
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deficit (Baird and Warach, 1998; Maeda et al, 1999;
Warach et al, 1996) and the loss of cersbrovascular
reserve capacity (Schreiber et al, 1998) based on the
MTT delay, no reports have interpreted the useful-
ness of the perfusion delay in depicting critical
points for the prediction of misery perfusion. Our
success in detecting this critical point by PWI in the
present study may relate to the characteristics of
moyamoya disease.

Moyamoya disease is a slowly progressive cere-
brovascular disease which characteristically mani-
fests variable degrees of perfusion deficit (Nariai et al,
2005). This variability in perfusion deficit makes
the disease a suitable subject for comparative study
using multiple modalities. However, our present
results may also provide valuable insight into the
specific pathophysiology of moyamoya disease. The
application of PWI in cases with moyamoya disease
has already been reported (Calamante et al, 2001,
Kassner et al, 2003; Lee et al, 2003; Tsuchiya et al,
1998; Yamada ef al, 1999). However, no studies have
fully evaluated the accuracy of PWI measurement in
moyamoya disease patients through comparisons
with quantitative data acquired by other modalities,
such as PET. Moyamoya disease usually exhibits a
specific cerebral circulation pattern through lepto-
meningeal collaterals, and the focal perfusion is
generally highly delayed. Thus, PWI and other
methods to detect the bolus passage of contrast
media are probably heavily affected by delay and
dispersion (Calamante et al, 2000; Wu et al, 2003).
Our result suggested that PWI potentially has the
same level of reliability as PET in the quantitative
measurement of CBV and MTT. Given the consider-
able scatter seen in the plots of Figure 2, however,
caution should be taken in using this method for
clinical decision-making. Henceforth, we will need
to conduct ongoing comparative studies between
PWI and PET to confirm the clinical reliability.
Studies comparing the PWI parameters with clinical
symptoms and treatment courses in individual
patients with moyamoya disease will also be needed
to confirm the utility of PWI measurement in the
daily clinical setting.

In contrast to the PWI measurements of MTT and
CBV and their promising utility, none of the three
analysis methods using PWI showed any correlation
with CBF measured by PET. We attributed this to the
larger errors generated in the calculation of CBF
due to the measurement errors of CBV and MTT in the
PIX method. We also noted that the deconvolution
method seemed to skew the CBF values. Further, the
poor reliability of the AIF obtained from the internal
carotid arteries already manifesting the lesional
changes of the type seen in most patients with
moyamoya disease hampers the accurate assessment
of CBF by the AIF method.

Arterial spin-labeling (ASL) might have promise
as an alternative method for evaluating CBF
quantitatively. It should be noted, however, that
ASL methods such as flow-sensitive alternating



inversion recovery (FAIR) can also be affected by the
delay of the labeled spin passage (Calamante et al,
2001; Kim, 1995). Due to the specific circulation
pattern of moyamoya disease, the transit time is
prolonged and the FAIR technique is unable to
differentiate between very long transit times and no
flow (CBF =0, no signal in the arterial spin labeling
image).

As discussed above, our present analysis might be
strongly influenced by the specific circulation
pattern of moyamoya disease. To examine whether
the same approach can be applied in other types of
cerebrovascular disorder, we need to perform further
comparative studies between PWI and PET with
expanded populations of study candidates. Further
research on the moyamoya patients from the present
study is now underway to determine the correla-
tions between the clinical features of the disease and
the MTT delay measured in our current results. We
are also currently conducting a prospective observa-
tion of both surgically and medically treated
patients based on PWI data. These further analyses
will better clarify the utility and limitations of PWI
for clinical application.

In conclusion, PWI measurement provided suffi-
cient quantitative evaluations of CBV and MTT in
moyamoya patients. The measurement of CBF had
limitations, however. Among the various parameters
investigated, our results suggested that the duration
of MTT delay might be used to detect the presence
and degree of misery perfusion.
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