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ABSTRACT

Alzheimer’s disease (AD) is a dementing disorder and
one of the major public health problems in countries
with greater longevity. The cerebral cortical thickness
and cerebral blood flow (CBF), which are considered
as morphological and functional image features, re-
spectively, could be decreased in specific cerebral re-
gions of patients with dementia of Alzheimer type.
Therefore, the aim of this study was to develop a com-
puter-aided classification system for AD patients ba-
sed on machine learning with the morphological and
functional image features derived from a magnetic
resonance (MR) imaging system. The cortical thick-
nesses in ten cerebral regions were derived as mor-
phological features by using gradient vector trajec-
tories in fuzzy membership images. Functional CBF
maps were measured with an arterial spin labeling
technique, and ten regional CBF values were obtain-
ed by registration between the CBF map and Talai-
rach atlas using an affine transformation and a free
form deformation. We applied two systems based on
an arterial neural network (ANN) and a support vec-
tor machine (SVM), which were trained with 4 mor-
phological and 6 functional image features, to 15 AD
patients and 15 clinically normal (CN) subjects for
classification of AD. The area under the receiver ope-
rating characteristic curve (AUC) values for the two
systems based on the ANN and SVM with both image
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features were 0.901 and 0.915, respectively. The AUC
values for the ANN- and SVM-based systems with the
morphological features were 0.710 and 0.660, respec-
tively, and those with the functional features were
0.878 and 0.903, respectively. Our preliminary results
suggest that the proposed method may have potential
for assisting radiologists in the differential diagnosis
of AD patients by using morphological and functional
image features.

Keywords: Computer-aided Classification (CAD);
Alzheimer’s Disease; Magnetic Resonance Imaging
(MRI); Arterial Spin Labeling (ASL); Fuzzy
Membership Image; Cortical Thickness; Cerebral Blood
Flow (CBF)

1. INTRODUCTION

Alzheimer’s disease (AD) is the most common cause of
dementia in the majority of developed countries [1-5].
AD is associated with morphological and functional
changes, i.e., the atrophy of gray matter in the cerebral
cortex, and the decrease of cerebral blood flow (CBF) in
specific cerebral regions which can be evaluated with
magnetic resonance imaging (MRI) and nuclear medi-
cine examinations obtained by positron-emission tomo-
graphy (PET) or single-photon emission computed tomo-
graphy (SPECT) [6-13]. However, the examinations by
PET and SPECT are more expensive and invasive than
those using MRI. On the other hand, arterial spin labe-
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ling (ASL) is a cheaper and non-invasive MR imaging
technique for the measurement of CBF without using
contrast medium [14,15]. Yoshiura et al. suggested that
the CBF map images measured by the ASL technique
can be used to assist radiologists in the discrimination of
patients with AD [16].

In recent years, various kinds of computer-aided dia-
gnosis (CAD) methods for AD patients have been deve-
loped [17-21]. However, to the best of our knowledge,
there is no CAD system for the classification of AD pa-
tients using machine learning with morphological and

functional image features obtained by MR imaging alone.

Therefore, our purpose in this study was to develop a
computer-aided differential diagnosis system for AD
patients based on machine learning with morphological
and functional image features obtained by MR imaging
without contrast medium.

2. MATERIALS AND METHODS
2.1. Subjects and MR Data

This study was approved by an institutional review board
of the Kyushu University Hospital. We applied our
proposed method to three-dimensional (3D) T1-weighted
MR images of the whole brain and ASL images obtained
from 30 cases, including 15 patients who were clinically
diagnosed with AD by a neuropsychiatrist at Kyushu
University Hospital (age range: 54 - 89 years; mean age:

77 years; Mini-Mental State Examination (MMSE) score:

11 - 25; mean: 22) and 15 cognitively normal (CN) sub-
jects (age range: 68 - 86 years; mean age: 73 years;
MMSE score: 28 - 30; mean: 29). These data were acqui-
red on a 3.0-T MRI scanner (Intera Achieva 3.0 T Qua-
sar Dual R2.1; PHILIPS Electronics, Best, Netherlands).
T1-weighted sequencing was performed using a mag-
netization prepared rapid gradient echo (MPRAGE) se-
quence (time of repetition (TR): 8.3 ms; time of echo
(TE): 3.8 ms; time of inversion (TI): 240 ms; flip angle:
8 degrees; sensitivity encoding (SENSE) factor: 2; num-
ber of samples averaged (NAS): 1; 240 x 240 x 150
voxels; individual voxel size: 1.0 mm % 1.0 mm x 1.0
mm). ASL was performed using quantitative signal tar-
geting by alternating radiofrequency pulses labeling of
arterial regions (QUASAR), a pulsed ASL technique de-
veloped by Petersen et al. [22]. The QUASAR protocol
consisted of two-dimensional image sequencing (labeling
slab thickness: 150 mm; gap between the labeling and
imaging slabs: 15 mm; SENSE factor: 2.5; TR: 4000 ms;
TE: 22 ms; sampling interval: 300 ms; sampling time
points: 13; 64 x 64 matrix; individualvoxel size: 3.6 mm
% 3.6 mm; 84 dynamics; seven transverse slices of 6.0
mm thickness (gap: 2 mm)). T2-weighted images (TR:
3000 ms; TE: 105 ms; 512 x 512 matrix; seven tran-
sverse slices of 6.0 mm thickness) were obtained at the
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same slice level as the ASL sequence.

2.2. Proposed Method

Our proposed method consists of three steps, ie., the
measurement of the functional and morphological image
features, and the classification of AD patients based on
machine learning. Figure 1 shows the overall scheme for
the calculation of AD patients and CN subjects based on
the functional and morphological image features. The
average CBFs in 16 cerebral cortical regions were deter-
mined as functional image features based on the CBF
map images obtained by the ASL technique. The average
thicknesses in ten cerebral cortical regions were mea-
sured as morphological image features in 3D T1-weigh-
ted whole brain images. In the next step, a combination
of functional and morphological image features for
classification of AD patients was selected based on the
statistical p-values and post studies in 16 average CBFs
and ten cerebral thicknesses. Finally, AD patients and
CN subjects were classified by using a machine learning
technique, i.e., an arterial neural network (ANN) or a
support vector machine (SVM).

2.2.1. Measurement of Functional Image Features

Average CBFs in 16 cerebral cortical regions were de-
termined as functional image features based on the CBF
map image, which was non-linearly aligned with the Ta-
lairach brain atlas by using a registration method with an
affine transformation and a free form deformation (FFD).
The Talairach brain atlas is one of the standard models
labeled for functional human brain mapping, and consists
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Figure 1. Overall scheme for the calculation of AD patients
and CN subjects based on the functional and the morphological
image features.
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of 5 levels (hemisphere, lobe, gyrus, tissue and cell level)
[23-25]. The lobe and tissue levels were used for
measuring the average CBF in each lobe of the cerebral
cortical region.

We developed the registration method between the
Talairach brain atlas and a CBF map image of a patient
through the corresponding T2-weighted brain image.
Figure 2 illustrates the registration procedure for mea-
surement of the average CBF values in 16 cortical re-
gions. Our registration method was composed of two
steps. In the first step, an affine transformation was
applied as a global registration. The affine transforma-
tion is given by

G G Gy)(=x
= 1 G Cz:t B (D
0 1

ra
=

Xﬂ
YJ’I’
1

—

where x, and y, are the coordinates in the moving
image (the CBF map image or the Talairach brain atlas),
and X, and Y, are the coordinates in the deformed
image. The affine transformation matrix consisting of
C,, to C,, was obtained by using a least squares-
method based on a singular value decomposition so that
the feature points in the moving and reference images
corresponded with each other. For determination of the
affine transformation, the minimum and maximum coor-
dinates of the binary images of the moving images and
T2-weighted images were selected as four sets of cor-
responding feature points.

Moving
images

l

Talairach brain atlas
With 16 cortical regions

CBF map image

Reference Affine
images transformation
Affine and FFD

transformation

Deformed
images

Fused
image

Figure 2. Flowchart of registration for extraction the average
CBF values in 16 cortical regions.
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In the second step, FFD was employed as a non-linear
local registration [26] to register the Talairach brain atlas
with the T2-weightedimages by determining the trans-
formation function based on B-spline functions, from
which a moving vector (D,,D,) in a two-dimensional
image was obtained. The moved coordinates (X,Y) in
the coordinate system in the T2-weighted image were-
defined by

(X.Y)=(x+D,, +D,) @)

where x and y are the original coordinates in the Ta-
lairach brain atlas. Sixty-four sets of corresponding
feature points were determined by using a template-
matching technique between the Talairach atlas and 64
subimages (matrix size: 128 x 128) obtained from the
T2-weighted image. Each feature point was determined
as the coordinates where the centers of the template subi-
mage took the maximum cross-correltion coefficient in
the Talairach atlas.

To approximate the moving distance space D,  , we
formulate an approximation function D, as uniform
bicubic B-spline functions, which were defined by using
a control lattice @ overlaid on the domain Q. We
assumed that @ is an (m+3)(n+3) lattice which
spans the infeger grid in the domain Q. Let @&, be the
value of the control point on lattice @ , located at (i, j)
for i=[1,0--m+1 and j=[L0--n+1. The approxi-
mation function D(x,y) in the moving distance space
was defined in terms of these control points by

D, (%)= Y B, (s)B, (¢ )Bkysen @)

k0 I1=0
wherei=|x |1, j=[y]l.s=x][x].
=y-y(0<t<1),k=0,1,23, and /=0,1,2,3. The
functions B, and B, are uniform cubic B-spline basis
functions defined as

-y
B, (’)=(—g*)“ )
3 - 2 -
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We chose 16 cerebral cortical regions in the Talairach
brain atlas, i.e., frontal, limbic, occipital, parietal, sub-
lobar, temporal lobes, posterior cingulate gyri and pre-
cuneuses in the left and right brain hemispheres after the
registration, where the average CBFs were measured.

2.2.2. Measurement of Morphological Image Features
Our method applied cerebral cortical thicknesses as mor-
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phological image features for the classification of AD
patients. Tokunaga et al. developed an automated me-
thod for measuring the 3D cerebral cortical thicknesses
in AD patients based on 3D fuzzy membership maps
derived from T1-weighted images, which includes the
atrophy in the cortical and white matter regions deter-
mined on each cortical surface voxel by using mem-
bership profiles on trajectories of local gradient vectors
in a fuzzy membership map [21]. For measurement of
the cortical thicknesses in ten cerebral regions, we adop-
ted Tokunaga’s method. This method consisted of
mainly three steps as follows:

1) Segmentation of the brain parenchymal region
based on a brain model matching between a brain mask
and a 3D T1-weighted image;

2) Creation of a fuzzy membership map for the cere-
bral cortical region based on the fuzzy c-means (FCM)
clustering algorithm;

3) Calculation of the cerebral cortical thickness using
localized gradient vector trajectories in fuzzy member-
ship maps.

In order to investigate the regional atrophy at the lobe
level, i.e., frontal, temporal, parietal, occipital lobes and
insula for the left and right brain hemisphere, the cere-
bral cortical thicknesses were separately evaluated in ten
lobar regions. The ten lobar regions were obtained by
registration of the lobar model image to each brain
parenchymal image by using the affine transformation
and FFD. The lobar model image was selected from a
probabilistic reference system for the human brain at the
International Consortium for Brain Mapping (ICBM)
website of the Laboratory of Neuro Imaging (LONI)
[27].

2.2.3. Classification of AD Patients

We applied two machine learning classifiers, ie., an
ANN and a SVM, which were trained with the functional
and morphological image features, to 15 AD patients and
15 CN subjects for classification of AD. The in putfunc-
tional features for the classifiers were the average CBF
values in the six regions, i.e., the four lobes (left occipital
lobe, left posterior cingulate gyrus, left and right precu-
nei) where AD-related hypoperfusion was found in the
previous step, and the two regions (right occipital lobe
and right parietal lobe) where the hypoperfusion was
expected based on previous reports [28]. In addition, the
input morphological features were the average values of
the cortical region thicknesses in four regions, i.e., the
left and right temporal lobes, and the left and right insula,
all of which showed statistically significant differences
between AD and CN subjects. All input features were
normalized for the training and testing of the classifiers.
Ten input features for the ANN were normalized from
—0.9 to 0.9, because the hyperbolic tangent (tanh) func-
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tion was used as a neuron output function. The ANN
with ten inputs, four hidden layers and one output was
trained based on a Levenberg-Marquardt algorithm, in
which the learning coefficient was empirically set as 0.9,
a convergence criterion was empirically set as 0.0001
and the maximum number of iterations was set as 200.
Regarding the SVM, input features were normalized
from —1.0 to +1.0. We constructed an SVM classifier
with a Gaussian kernel by using the open source software
package SVM light [29], which was empirically set as
3.0 for this study. The regularization parameter C of a
cost function for determination of an optimal hyperplane,
which can efficiently distinguish between AD cases and
CN subjects, was empirically determined as 180. The
maximum number of iterations was set as 100,000,

2.2.4. Evaluation of Our Proposed Classification
System for AD

The performance of our proposed method was evaluated
based on a receiver operating characteristic (ROC) analy-
sis, where the area under the ROC curve (AUC) was
used as a measure of the performance for classification
of AD. The ANN and the SVM were trained and tested
using a leave-one-out-by-case method. The ROCKIT
program was used for creating the ROC curve [30]. The
performances of classification of AD patients based on
an ANN and a SVM were compared with each other. In
addition, the performances using the morphological and/
or functional image features were compared with those
using one of two kinds of image features to investigate
the effect of the image features.

The statistical differences in CBFs and cortical thick-
nesses between AD patients and CN subjects in each
lobe were estimated with the Student paired ¢ test.

3. RESULTS

Figures 3(a) and (b) show therelationship between the
average CBFs and cortical thicknesses in the frontal lobe
and temporal lobe, respectively. The relationships bet-
ween the CBFs and cortical thicknesses of the AD
patients and CN subjects in the frontal lobe and the
temporal lobe were overlapped in their feature spaces.
There were no statistically significant differences be-
tween the two groups in the average CBF or cortical
thicknesses of frontal lobe. On the other hand, there were
statistically significant differences between the AD pa-
tients and the CN subjects in the average CBF of pre-
cuneus (p < 0.05) and cortical thicknesses of the tem-
poral lobe (p < 0.05). Table 1 shows the results of
average CBFs and average thicknesses in cortical regions
of each lobe. The average CBFs and cortical thicknesses
of AD patients were 29.3 ml/100ml/min and 3.15 mm,
respectively. On the other hand, the average CBFs and
cortical thicknesses of CN subjects were 33.1 ml/100
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Figure 3. Relationship between the ave-
rage CBFs and cortical thicknesses in the
frontal lobe (a) and temporal lobe (b).
There were no significant differences be-
tween the two groups in either the average
CBF or the cortical thicknesses in the
frontal lobe (a). On the other hand, there
were statistically significant differences
between the AD patients and the CN sub-
jects in the average CBF of the precuneus
(p < 0.05) and cortical thicknesses of the
temporal lobe (p <0.05) (b).

ml/min and 3.50 mm, respectively. In addition, there
were slatistically significant differences between the AD
patients and the CN subjects in the average CBFs of the
left occipital lobe, left posterior cingulate gyrus, left pre-
cuneus, and right precuneus and in the cortical thick-
nesses of the left and right temporal lobe, and left and
right insula (p <0.05).

Figure 4 shows ROC curves for the overall perfor-
mance of our method in classifying patients with AD and
CN subjects by using the ANN system and the SVM
system. The AUC values for the ANN- and the SVM-
based systems using both image features were 0.901 and
0.915, respectively. The AUC values for the ANN- and
SVM-based systems with the morphological features

Copyright © 2013 SciRes.
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Figure 4. Receiver-operating characteris-
tic curves for overall performance of our
method in classification of patients with
AD and CN subjects by using the ANN
system (a) or the SVM system (b). The
areas under the curve in both classifier
systems were improved to over 0.9 when
calculated using the average CBFs and
thicknesses. The area under the curve in
the SVM system was particularly impro-
ved, to 0.915, when the average CBFs and
thicknesses were used.

were 0.710 and 0.660, respectively, and those with the
functional features were 0.878 and 0.903, respectively.

4. DISCUSSION

This study showed that the proposed CAD system based
on a combination of the morphological and functional
image features vielded a higher diagnostic performance
for classification of AD compared with those using only
of the two kinds of image features. Although the pro-
posed method misclassified two AD patients and a CN
subject when using only one type of features, the pro-
posed method correctly identified three cases when both
the functional and morphological image features were
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used. Figure 5 shows one (an 81-year-old male with an
MMSE score of 20) of the two AD cases that were mis-
classified using only the cortical thickness features.
However, the proposed method correctly classified this
AD case when a combination of the functional and mor-
phological image features was used, which may have
been due to thelow CBF value, as shown in Figure 5.
Arimura ef al. [17] developed a CAD method for AD
with measuring cerebral cortical thicknesses based on
normal vectors in 3D T1-weighted MR image. The AUC
value in their method was 0.909 in a leave-one-out test
method in identification of AD cases among 29 AD cases
(mean age: 70; mean MMSE: 20) and 19 CN cases
(mean age: 62; mean MMSE: 28). Kloppel et al. [18]
proposed a CAD method by using a linear SVM to
classify the grey matter segment of T1l-weighted MR
scans, and tested their method for distinguishing AD
from CN cases. According to their results, 95% (a sen-
sitivity of 95.0% and a specificity of 95.0%) of AD
patients were distinguished in a leave-one-out test among
20 AD cases (mean age: 81; mean MMSE: 17) and 20
CN cases (mean age: 80; mean MMSE: 29). Colliot et al.
[19] reported that their developed method based on
hippocampal volumes in 3D TIl-weightedMR images
achieved a classification rate of 84% (a sensitivity of
84%, a specificity of 84%, and a AUC value of 0.913)
between 25 AD patients (mean age: 73; mean MMSE:
24) and 25 controls (mean age: 64; MMSE: no descrip-
tion). Ramirez et al. [20] developed a CAD system for
AD patients based on a baseline principal component
analysis (PCA) system in brain SPECT images. They re-

(m1/100g/min)

140
- UI
(®)
(mm)
. - : i
2 0.0
(d) (e)

Figure 5. Original MR images and color-coded maps of cere-
bral cortical thicknesses in patients with Alzheimer’s disease
(age: 81 years; gender: male; mini-mental statement examina-
tion score: 20): (a) an original T2-weighted image; (b) an on-
ginal CBF map image obtained by the ASL technique; (c) an
original T1-weighted image; (d) a color-coded axial map of
cortical thicknesses; (¢) a color-coded volume-rendering map
of cortical thicknesses.

(a)

Copyright © 2013 SciRes.

ported a sensitivity of 100%, a specificity of 92.7%, and
an accuracy of 96.9% for 41 AD cases and 56 CN cases
(age and MMSE were not mentioned). On the other hand,
in our results, the AUC values using the SVM-based sys-
tem when individually using morphological features and
functional features were 0.660 and 0.903, respectively. In
comparison between this study and past studies, the AUC
value of the proposed method was lower than conven-
tional methods when using only morphological image
features. However, the AUC value achieved 0.915 when
applying the combination of two image features.

The proposed CAD system for differential diagnosis
of AD has the advantage that it can provide the func-
tional and morphological image features by means of
only an MR examination without contrast medium. If the
differential diagnostic accuracy of AD could be impro-
ved by using our proposed system, then highly accurate
AD diagnosis would be achievable by only an MR
examination without contrast medium, and the exami-
nation burden for patients would be mitigated.

Our proposed method has three limitations. The first
limitation is that the classification results were affected
bysome artifacts on MR imaging. Such artifacts were
particularly prevalent when using the ASL technique,
and included motion artifacts, N/2 ghost artifacts, which
arca type of magnetic susceptibility artifacts, and the
artifacts caused by blood flow in the vessels. Figure 6
shows an AD case (a 72-year-old man with an MMSE
score of 23) that was incorrectly classified as a CN sub-
ject due to overestimation of the CBF value by motion
artifact. The second limitation was the number of cases

(ml1/100g/min)

140
- OI
a) (b)
{(mm)
i . - G'GH
0.0
(d) (e)

Figure 6. Original MR images and color-coded maps of cere-
bral cortical thicknesses in patients with Alzheimer’s disease
(age: 72 years; gender: male; mini-mental statement examina-
tion score: 23): (a) an original T2-weighted image; (b) an
original CBF map image obtained by the ASL technique; (c)
an original T1-weighted image: (d) a color-coded axial map
of cortical thicknesses; (e) a color-coded volume-rendering
map of cortical thicknesses.
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used to train the classifier. Both machine learning classi-
fiers, SVM and ANN, were trained with 15 AD cases
and 15 CN subjects in our proposed method. It will be
necessary to collect more data sets in order to improve
the classification accuracy, because the number of
training cases greatly influences the result [31]. The third
limitation is that additional classifiers will need to be
tested, because only the SVM and ANN were evaluated
in this study.

5. CONCLUSION

We have developed a computer-aided classification sys-
tem for AD patients based on a combination of mor-
phological and functional image features obtained by
MR imaging without contrast medium. Our preliminary
results suggest that the proposed method may have
feasibility for the classification of AD patients by using
morphological and functional image features.
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T I nA < —§% (Alzheimer’s disease: AD) 1%, WL ELEER TR LS VERRIMETHD. TN
A = —RBEOKMBEIROFFEOFIRICBWT, KMEEE L MM iER (cerebral blood flow: CBF) 23K T4
HZEBEMBNRATWAS., £Z T, ABFEDEKIX, MR (magnetic resonance) Hif§ 7217 & AW TIEIER L OB
EMAME AL, BREBCESTAYNA RO Ea— S REHBH VAT LERET
BT LTHB.

AWFETIE, 9, JERMWAY2 MR RIEIEDO— DT % ASL (arterial spin labeling) (2 & V#5547 CBF <
v 7 B IMFAIR T & O CBF A HREERAF I L L. KIC, 10 OMBUROKMEEEE, 77 VA
YR—=Vy Ty EOREA 7 GBI SERYD, HBEGSEEL L. BRFEELLT, A=
2—F /W3 v bV —7 (artificial neural network: ANN) & #7AR— k27 #—< 3 — 1 (support vector machine:
SVM)Z W=, #1E T, IEOHEREL B VTR, 52 E T, BEEGsEEIcIES< AD
BRI W o> 7= ¥ @ CAD(computer-aided diagnosis) D BAFE A 75l L 7. 55 3 ETIL 4 DO EBEBFEEL 6 ©
OMEEGRASSEEZAVTEE L, “FMBEOBRFEFEINCES 220V AT AN TR, Thb
DY AT L 15 EFO AD BE L 15 BIOREEFICEMA L. ANN & SVMIZESL 2 2DV AT AR
55 HBI{EFHE (receiver operating characteristic: ROC) @ #hi# T fif# (area under the curve: AUC) X, £h £
410901 B L TF0915 T o Jo. BIEE G FHEEEZ AV ANNB LT SYMICESL 22V AT AD AUCH,
ZTHEN 0710 BLTVH0.660 TH v, HEEGFFEEEZ AVZHEAE, ThEN 0878 8L 100903 THoT.
Fx OFERIT, BB L OHEEBGAFHERICL S AD OEHNZEICEWT, REFENRHHRBEOZE O
—Bh & 7B vTHEME AR L 7.

728, w3 Computer-aided Differential Diagnosis System for Alzheimer's Disease Based on Machine
Learning with Functional and Morphological Image Features in Magnetic Resonance Imaging ] |, Ai@3L D5 3 E D
NEICHT-5.

¥F—U—F: arva—2XELW, TAYNA v K, BRKIBER, Arterial Spin Labeling, 7 7 ¥ — A
Y=y THEE



Computer-aided Differential Diagnosis System for Alzheimer's Disease Based on Machine Learning with

Functional and Morphological Image Features in Magnetic Resonance Imaging

Department of Health Sciences 3MD09011Y Yasuo Yamashita

Abstract:

Alzheimer’s disease (AD) is a dementing disorder and one of the major public health problems in developed
countries with greater longevity. The cerebral cortical thickness and cerebral blood flow (CBF) could be decreased in
specific cerebral regions of patients with the dementia of Alzheimer type. Therefore, the aim of this study was to
develop a computer-aided classification system for AD patients based on machine learning with the morphological and
functional image features derived from only a magnetic resonance (MR) imaging system.

In our research, average CBF values in ten cortical regions were measured as functional features using an arterial
spin labeling, which was one of MR imaging techniques. The cortical thicknesses in ten cerebral regions were derived
as morphological features by using gradient vector trajectories in fuzzy membership images. An arterial neural network
(ANN) and a support vector machine (SVM) were employed as machine learning techniques. Chapter 1 mentioned the
background and aim of my research. Chapter 2 described the development of a computer-aided diagnosis (CAD) system
for AD patients based on functional image features. Chapter 3 elaborated the two systems based on the two machine
learning techniques, which were trained with 4 morphological and 6 functional image features and were applied to 15
AD patients and 15 clinically normal subjects for classification of AD. The areas under the receiver operating
characteristic curve (AUC) for the two systems were 0.901 and 0.915, respectively. The AUC for the ANN- and
SVM-based systems with the morphological features were 0.710 and 0.660, respectively, and those with the functional
features were 0.878 and 0.903, respectively. Our results suggest that the proposed based on morphological and
functional image features method may have a potential for assisting radiologists in the differential diagnosis of AD
patients.

Chapter 3 includes the Ph.D. dissertation “Computer-aided Differential Diagnosis System for Alzheimer's Disease

Based on Machine Learning with Functional and Morphological Image Features in Magnetic Resonance Imaging”.

Keywords: computer-aided diagnosis (CAD), Alzheimer's disease, magnetic resonance imaging (MRI), arterial spin

labeling (ASL), fuzzy membership image
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computer-aided diagnosis

222 XEREeH; ayPa—F{itks
T, Ef WG Z T35 2 & CRWnica B
iﬁ%%gﬂﬂ:ﬁﬁ:\' Lz, n/%ﬁ%i&j_é VAT A,

AD

Alzheimer's disease
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MRI

magnetic resonance imaging
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arterial spin labeling
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SVM

support vector machine
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E1E HE

1.1. =
1.1.1. TILYNA T —BIEBANSE

REVE L 1X, THMOREMREEFIZL > TETIRROLBAEEDETORETHY, TH
HEMDHDWVIZAFNREFEEZT> TV LT, ALMNICHEEZRT OO TH- T, AN EHER
EELZZTRICHBT 2 —RODERTH D) LERTDHILHATED[]. ARCKERLE
DOEHEET, @I bO—@&EWY, THITHE D BAEBRE OREMAHIH LB L 2o TWD
[2-6]. BAEICBITAREEANATIE, TAINA v —RIRBHIE, DV TV NAL <K

(Alzheimer's disease: AD) A3 &% <, MR EIAE, L & —/MERGREER &3V TEW[T7].
AD I, BAIDIEFIHE 21T o7 KA Y OFS#HEE Aloysius Alzheimer DA IZHARE L TWS. AD
IIAROELEERIERE L, CHNETCHEY, MREEBRESEZRT, REAICKMEHE D
KBS REREE I K o TRIMEE OMREN 2RI Kb 5 RABIEMEE~ & #1779 2 FEAAE
Thsd. ADDFRRRETFLLT, 7ind FpEARDS. KMREICERIhLT IS Fp
BEANE, BABELFEEIND v I 2R LIPS RAE 2 3k LRI AN SEBR T 5 Z & ThOZERM &
BZ9[1]. D= AD BF T, KMEE DK BB OEMRORENRERORFEEIZH K
ENZ LAMBNTWS. £, AD BE T —HOMBIR CMFIE THEZ LS Z L 3broT
W5. AD OIERTIX, ITFIBRIEORRIC L > T FRRUNERIE A & O RYIERR S HET I
FIZITDONTWE N, EITMHIR ERBETH S0, BB & RGP EE L I 5.

AD OB, TERT A Y WISHEFR DD (DSM-IV) &5V T 1984 FITREK ST
NINCDS-ADRDA #ffFEBEZ & % AD OZWiEEEICHEI L TR Zbh, AR THIAKEMA I T
VN5 [8-10]. AD ZHricFIH & 5 eERHE Y — v & L T, MMSE (Mini-Mental State Examination)
[11]438 5. MMSE {X, #BAEZR & ORMAEBOFEIZH WL — AV TH Y, KET 1975
FICRIFEDZWHADIZDIZ, 7ANAEA VERRARBLIEEMEY FTHD. 30 ATHAD 11

1



DERNBZRY, R4, TN, 38N, SENEN, KEMREBH L2 —T5RETFE
ThY, 24 RULTIER, 10 5URWN CIIEERMEBET, 20 AR CIIPEEOMEET L2
Wrd%. E7z, 2011 42 NIA-AA (National Institute on Aging-Alzheimer’s Association) 7 —3 3~
T T N—FI &K Y 2 TOBFERBICK T 2 RBAE OB W AN RE S 72[8,9]. NIA-AA Tii,
BIAZW O 72D, HEHD MMSE CSGT &AMl 5 MR FHM X 7 — A [12)iC & 2 FMEERE D
iz, /A A~ —H—HERZ W ZFBAICERY AND Z L RHER SN TV [13], BERZE O
HEMA®E > TW5. BIER, MRAOMNE L BEAONEORSHH AD OERZE 3 1Thbh T
BV, WEKILEEE (magnetic resonance imaging: MRI) (2 X % MO HE & HERE MR H-C, H—
Yo7 H W RE 4 (single photon emission computed tomography: SPECT) 2[5 8 - Hic H 4 i it 5

(positron emission tomography: PET) (Z & % i REE{SIF M ZWCH H & ST 5[14-19].

1.1.2. MRI (magnetic resonance imaging)Z L\ =7 LY /A T —fR D R REER 2T
AD DOTEREEEFEM Tk, MR BfRIC X 2MOEREOFENEEL 5. AD TiE, Kilde &

HITHEIT 2 KRB OFEM & IMEBILRBEZ Y, HITHEROERIILBH EM MO HBh,
MRI @ 3 Kot Tl MFAERIIAHTH LS. BlE T —RICHMEOILK & IEDOBR KA A B
575, AD BHE TIIMENC L 34O 2B TEMF/R-S. £z, BRIET TR, %5
AT 2 3 DRER-AE- R ITR O REOERPEZ VT WHEHETH S, S HITHETHITII,
SRR CRACIRVWEM A RO D &3 H 5. Fig. 1 1270 5D AD B & FFE#E O E
D RFAREAE A D AR 8744 % 7~ 97 [Nigel Cairns, Washington University / Copyright 2010 The New

York Times Company]. AD 3 OHBFERECIHRN & B LOZERE & 13 2RREOHEBZiRD 513,
fREET DB H %<, EHNBRICHEI EREZBE L 2B O2H T 5LERH S(1,19]. ERAYIC
FEME AT 55k E LT, BIEEH (volumetry) 238V, ZUMENREWA, ZOHMS, B

HEESTHZENDBEETHWS Z L IXREETH 5[20].



(b)

Fig. 1 Brain slices of (a) a 70-year-old patient with Alzheimer’s disease, and (b) a normal 70-year-old person

without AD. (Nigel Cairns, Washington University / Copyright 2010 The New York Times Company)

1.1.3. BREZEBGZAWN:=7ILYNA I—REOMBEEERZK
ZNET, AD OBEEERZENICIVTIE, SEMECRE, BATE, FATEMEALE A £ oM FE,

B L UM OIE T %, MMk SPECT, R PET OB {A# PET 2 HVW TRl L T
X7-. AD BEOMBRMAMBEIL, WHICEL o TRAY, KMEEOREIZ X > TR Z 25ER
EXS LTeBIbERTZ LAZW. BEOTRHENETZEERL 32558 AD Tk, EZ2ET
IERZEN B DO E 23K M jE SPECT T I D. S HIT AD DT ML &, AIERTED T
BRI E 2N AME & 22 B[1]. AD BE OMMHE SPECT TiX, FH#i2 5 %MAFIREIR L OBLATH
OMPAETAEZ V, EATICON THENFEBTHOMBIMET L, & 5ICHEITT S LATHRED
MK FAR SN 5. Fig. 21k, R U AD BF OF{CH PET & MK SPECT B TH v, e
BEDO—p| L UTIRRT 5. Fig. 2 OIEHITiE, MIZAEN HRIAKEIZ /T TR T 3RS 4 6
N3B21]. Ll, ERICE>T, MR mBOELEZHERTZ L3, RREEMEZETHE

¥Thbd. T2 TP SPECT BE Tix, 3 WocHat & gsT 2 b Z & T, Statistical



Parametric Mapping (SPM) 7% 3-Dimensional Stereotactic Surface Projection (3D-SSP) (Z k-
SEWKMBMUT —F X—2 L OHBEITY, MROREHMLEZBRIELZHO—BIE LTWV5[L,
22]. Minoshima & %, FDG-PET {235\ T, 3D-SSP 3 AD OEJICH A TH 5 = & %R L7-[23].
k7o, BET I A A=V TOMEBEEATNDS., TIiIaf FLA A=V 7 LiX, ADD
FREZRDZT InA FORM~DOIE % PET ARAZ AW CEEESL LFFMET 2R A THY,
§50e D B BRI FH 28 145 S CUh B [24,25).

PR
PET

A ofn 7
SPECT

Fig. 2 PET and SPECT images of AD patient (MMSE score = 19, r of z maps = 0.62), particularly
with respect to reduced uptake in temporoparietal association cortex (white arrows).

(Herholz K., et al., J Nucl Med, 43(1), 21-26, 2002)

¥

1.1.4. MRl ZH W\ =T ILYINA T—iR DB EEE SR 2N

T4, MRI ORf&iEDOOE > TéH D ASL (arterial spin labeling) # HV 5 = & CiE AT
PEFMLTTRD b U —H—2 R E 5 Z L R<, B2 - i - MM TR (cerebral blood flow:
CBF) Z | T&, MRI Z AW M RBERZW A FTRE L 72 o 72, ASL T, ¥9°7 AW (radio
frequency: RF) Z VT, BPIZRFET 28RN ZBEEMOICT XY 7L, BICH#ERT 24 2
VITCTRNMBRERBT D KICBRLDO TR 2 TbTICT NG LRAMETCHOa L b
—NE BT H. BB, 2 b —A BTNV BRERET S Z & CHREGR Z KD, #
WEi{§ 2> 5 CBF < v 7 % {ER§5[26]. Fig. 3 1%, AR ASL OB FiED—>Th 5 Q2TIPS

(QUIPSS II with thin-slice TI1 periodic saturation) O#I T 5[27]. Q2TIPS TiE, =¥ hr— 4
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No TSR EZES LTcAME AW T TR LY CBF 2R 5.

) AM
2M,,-TI, -exp(~ T, /T1,)-q @)

f

I T, fiX CBF, AMIX{EBIMEDZE, MyglXMig OB, TIIEXT NS 7 ik 73 ARk =
WAT D, TLIZMED T~ biREE CORRM, T13MEOTL, qiIfiEREERT.
Alsop HiE, AD BAFE O% A K ECHEMGESE L EICBIT 5 MTOIEK T2, ASL Z#HW
THIE L7=[28]. Yoshiura 5 }&, PASL (pulsed ASL)% i ] L 72 QASAR (quantitative signal targeting
by alternating radiofrequency pulses labeling of arterial regions) (Z3£-3 < CBF %% AD O@ERIZA H T

5T Lk mE L7[29].

Control scan Labeling scan

Imaging area maging area i AM
TR 2M,, - TI, -exp(-T1,/T1,) ¢

AM : Control-label yields a signal difference
My : Magnetization of blood
Tl :TI of blood

q : Correction coefficient

[ : Cerebral brood flow(CBF)

71, : Inflow time of labeled blood

71, :Time-gap from blood labeling to scan

1

Control image Labeled image CEBF map imége

Fig. 3 Basic idea of arterial spine labeling based on Q2TISP algorithm.



1.15. AVE2L— 42X EEH AT L

2o — ¥ AREW (computer-aided diagnosis: CAD) A5 A, [EH A O Efguag -
NG — BB VTRt L7z, WA ARERE, “BE0BR L LTHRRL, “EAM
DLW KB T HV AT A THB[31,32]. CAD VAT ADMEBEORES I EH L, 1960 FKI2F
T#D [31-33]. AR THRAINCEEX STz CAD AT ADFICIEL, 1967 4 Winsberg & D
EHLHLE X MBERIZE 2D THSH[33]. #IHID CAD ¥ A7 A, HFE X AREIR[34-37]°H
ARG X BRI 2 x5 & LT [32]48, ITE D =2 U B o — # Wi @ 5 (computed tomography: CT)
X° MRI BE{RIZ 31T 5 BT A= T L 2 @A OWME, A Ky 270X 5 ICRFEE DR % x5
& L7cWoBEMENS, CTIZHIT 5 HiHZ O Hi[38-43]%° CT colonography (2 331F % KI5
U — 7D HI[44-47]72 & CAD v A7 ADHBR G ZIKICbI-5 L 5o Tz.

AATIE, MMilEEESCRMIER EOEERBOTFHLEHREREZERNE LT, CT X MRI
ERWIER R v 7 I K 5REZKAIThATWAS. B MRI Z W2 K > 7 CiX, MEEEM
DI, MEMRSCARBRDIE R CORMERELBNL LTRY, Zhb0RBOBW 2B
51z Dk 72 CAD 75BHFE STV 5[48-53]. Arimura 51, MR angiography % Fi\ 7= S5 {5
PED B R DR D72 DD CAD ¥ A7 A% B3 L 72[48,49]. Yamamoto © 1%, MR E{@ 1 5H %
FPEREALIE D B EIRERH O D CAD AR L7=[53]. REIED 1 T 5 M &M 58 505E
DOERIDT=HIZ, Yamashita Hi%, MR E@A 5 AEHREZ BBflH Ll 5 o X7 A% B%

L7z[51].

1.1.6. £1THE
AD ZXfH & LT3 D CAD 1%, FERBREEIERIZ L S CAD & HEEERETERIZ LS CAD @ 2

DI ETE D, WIEB®REHRICE S CAD Tk, MRI ® Tl #iEGICBWIRELE AE %
XA T, REOEMOBELZERILTELZ L2FHLTWA. RERBORE N LMK D
KD X 5 IR OEINCBE RS S, MBEEOZERIZHE S\ - AD OERIEDORRE 21T -8
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ENEHBH H[50, 54-60]. £7=, HEGIX, BAHEEETORWER AD IZBW T LS DOZERE
PERICHDBND Z LIZESE, BREDERIZH - 2RNEF 2 &V b 5B R O FEE
DRI % R BB L 7o B 05 — #~— 2 & Motk LI voxel-based specific regional
analysis system for Alzheimer’s disease(VSRAD)% % L72[58]. AHH D%, 3 %ot T1 R @R
VBM (Voxel-based morphometry) Z AT, T AD OZWrIZI5iT % ROC fi#4r D AUC 23 0.94
Tho7= L 8% L1Z[59]). Kloppel ik, MY R— k7 #—<— (support vector machine:
SVM) ZAWT Tl MHEROKABRD TS A ML > TEFISET % CAD Z#RREL, EER
B AD ER T 5 Z & R A T2[60].

—75, HSEEERIEHICE-S< CAD T, EEHR{UM PET MMM HE SPECT (Zd\ T, HEHK
ECHLETE 22 ORI ME T35 2 & 2FH L TW5B[22]. Ishii HiX, B SPECT HEi{giC
3D-SSP (Z#-3< CAD Z % L, AD & L ' —/IMARIGBAAE D#RR! Z #7472 [61]. Ramirez 5 I,
ik 7 SPECT Witz 331F % EmR4r 47 (principal component analysis: PCA) ¥ A7 A ZHS<
AD BEDENDI-HD CAD ' A7 L% % L712[62]. Padilla HiX, AD OEHIZ V% HEAEH
B & LT, MM SPECT & B PET i 5 D7 — # X— A % L 7= CAD Z#5 L 72[63].
7o, ML OFSREEIE A V72 AD @ CAD & LT, Grana Hi%, MR O¥L#T > Y
JVIEHE & 72 AD @ CAD D B%E 237 7= [64].

AD DOSREFEIR I # & M BERIFHZ A DY KT L L TKATL, VSRADIZL % MR %
AW BB IS T IEER 8 & SPM (2 L 5 BMifL i SPECT % FV 7o CBF (225 < #REM
BIEBREHAEDEL - L CEWICAATHAZ L ERLZ[65]. L L, ZhETIZ ASL I
I3 HEEK MR R O A5 515 b - T HER K OB RE MR O R 4 ik % FH \ V72 AD O ERI D 128

D CAD ¥ AT AR I TV,



1.2. BB
ASL [ZES BREEGFHELZ FHTHMI 52 L3, HEZETIEXETHY, TOHKE

WIBREEN - BEEMEBAEEND. £, BEEGRHE L BEmGSEEOA FME,
HRD X S IZFEH S 2050, TN b X BEIRICHIET 52 A7 AIBWi 2 X8 T & % arfett:
Bd%. ABFRO BRI, HEE MR B LE LN IER L OHEEROREREICE S
AD BED A a—F XREHNDW S AT LEBRBT L THD. BrxORETIFER
AWSZ LT, BHOEBICLIREXLELET, FREHWIZ, AD OBWI MR RED AT
WREL 72D, EORR, BEOHEY - BRFHRARSKIBICERTE, BREN - BREME

B2 EBTE RN DHLLEERD.



E2E ASL(arterial spin labeling) DHEEEBRIERICE S FLIYNSA T—HFNDIVE
A— A XBEM R T LD

21. BH
W2EDEMIL, ASL Z AW TROT-HEEEEBR B ERICES< AD ® CAD Y AT AZ T

52 ETHD.

22. AHE
2.21. fEHI

ABFE, M KRR X R RN EREEEZBROFTO TITo . EFIX, 15 4
Bl AD BE (B &=9:6, F#i=54-89 ik, D RAE=77 %X, MMSE=11-25, MMSE D F &
i=22) BEQ 15 EH ORE XTBE (B LL=69, HF#=68-86 ik, FH#hDPRAIE=T3 5%,
MMSE=28-30, MMSE O 1 5fi=29) @ MR B % MEMH L7z, M L7 AD B3 6 L O H xf
#? ASL (Z3-3< CBF ¥ v 7% Fig. 4 |2/~ 7. Fig. 4(a)l¥X, MMSE 15 52D 72 it D AD B¥F
? CBF ~ v 7, Fig. 4(b)iZ, MMSE 30 ;3® 70 ik &M DR H % & D CBF = v 7/ THh 5. Fig. 4(a)
TiX, MEAZED LIRTHEI T TOMFERTARD b D, 28, A LIERITARBERRE
EOHEGRZHASEIC, BHREICL > TREMICHEEZH S TS, MR EfRiX, 30 TO
MR %% {# (Achieva Quasar Dual, Philips Medical Systems, Best, Netherlands) % iV C, #ii2Zi# (anterior
commissure: AC) & #7453 (posterior commissure: PC) % %558 (AC-PC line) I[ZEATRAT A A
Z ) & LR S iz, quantitative signal targeting by alternating radiofrequency pulses labeling of
arterial regions (QUASAR)[66]i=#-3< CBF v v 7% 1 fEBICD& 7 AT A A (Transverse, A7
A AJE=6mm, AT A A[E=2mm, 7 ENH A X=34mm, v b U v 7 A% A X=64x64, 12 bits,
TR=4,000 msec, TE=22msec, 7 VU v 7$4=3511.7°) BL}, CBF = v 7 & [FL& T L7- 2
WIE®D T2 FHAHE#R (Transverse, A7 A AE=6mm, A7 A AMFE=2mm, 727 AV A X=045

mm, ¥ b U v 7 R4 A X=512x512, 12 bits, TR=3,000 msec, TE=105msec) 7 A T A A% W 7z.



AD (72 F, MMSE:15) [ml/100mY/min]

0

Control (70 F, MMSE:30) [mia‘ll}!lmltnin]

Fig. 4 CBF maps of (a) an AD patient (age : 72, female, MMSE : 15) and(b)a control subject (age : 70,
female, MMSE : 30) obtained by an ASL technique. The CBFs in specific regions indicated by arrow

decrease for an AD patient.

222. FEOWME
R FIETIL, O FEREEYERRRE Cd 2 Talair atlas[67,68] & CBF ~ v 7% T2 8@

ICVPRABML—valr$5Z LIZL - T Talairach atlas & CBF v v % ERE&b®iz. 225,

Talairach atlas (ZBJ U Tix, 2230 TeEL < h%. KIZ, Talairach atlas ® Ik = & (ZEB D
CBF % B H L7z, %Iz, MR S & i S /= %) CBF E &2 K& & L T, SVM[69-71]
ZHAWT AD BE LRREXMEOENZITo/2. LTIRBREFEOHRNERY. F7, Fig. 5

CRBFIEOHENR Z AT,

Hefiii . 1 DOEAERS T2 MFERIZ LV PR b L—3 3 > %47 o7 Talairach atlas % & 55> U8
ELTHBL.

[Step 1] Affine ZE#t% JAV\T CBF v v 7 L TN ENDIER D T2 MABERDOL A hL—T a3 v
2R,

[Step 2] Affine ZE#a % IV T, ZEHERN T2 MARAIEIR %2 FHh ORER O T2 SEREERIZ 7 o — S

10



VPR ML—alreBIRR).

[Step 3] free-form deformation (FFD)% f\)C, Affine Z#if% o> FEYEN T2 R EI{R 2 T2 R Mg
Ca—H VPR M= aridBIRS.

[Step 4] Step 2 & Step 3 TR ¥ 7z Affine #1475 & FFD DZE¥RRI% % HV T, Talairach atlas % <
NENOESO T2 MAEBIZLS A NL—Yarz2BIl).

[Step 5] Stepl T3R¥® 7z CBF = v 7 & Step3 TR 7= Talairach atlas Z B 5 = & IZ K - THEREH)
JUBEIR = & DFH O CBF % HE T 5.

[Step 6] SVM O Hi 12 53T AD #ERIT 5.

-~

Extraction of average
CBF values in 16
cortical regions

—— - - - -

N/

CBF map image
after registration

Fusion image with
CBF map and Tlairach atlas
after registration

Classification
based on SVM

I
1
I
' 1 T2-weighted image 1
i
1

4

Talairach atlas
after registration

O . 0 SO ) G . 5 0 e,

'
]
1
1
]
1
N

Fig. 5 Overall scheme of the proposed method
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2.2.3. Talairach atlas Z W\ =B LA FL—2 3 Y
AW CII B E OB HERY 72 BRIk & & 12 D CBF % R 5 72912, Talairach atlas % >

7. Talairach atlas |%, Hemisphere Level, Lobe Level, Gyrus Level, Tissue Level, Cell Level 7>
fifk STV 5[67,68]. Fig. 6 (Z Talairach atlas DK %774, AHFSE T, Tissue Level D7
B HEIC 31T D Gyrus Level DX 43 % W THEIR T LI E o238 Z 72 o 7. Talairach atlas
i, BT LICTRY T ENT2141%172% b Y v 7 AD AC-PC line {24774 2 IR TTHER[72]
ZfE M L7c. Talairach atlas DA 7 A ZABRIRUTEI LTI, 2 TOEHI TR CR T A AL&E (Fig. 7)

EER L. 274 A[#EIX, CBF 7y 7B LU T2 EHFABERD R T A RE, XT A AMFREICHE
SWTIRE L7z, ASL B K OFRINLE D T2 FRIRER O I1X, AC-PC line \IZFATRAT A R &5k
#L LIRE I TW%. —J, Talairach atlas $ AC-PC line # EHL L TERINTWVWAHZ & h
B, ATFARABEL AT A AHRPEHA LI A T A A{L{ED Talairach atlas % FEITH LML H

HAE L.

\ Hemisphere Level
\ Lobe Level

\ Gyrus Level
\ Tissue Level

Cell Level

Fig. 6 A schema of Talairach brain atlas which is one of famous standard model of human brain, and

consists of 5 levels.
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Fig. 7 Illustrations of seven slices of a Talairach brain atlas with labels in hemisphere, lobe, gyrus,

tissue, and cell levels.

2.24. Free Form Deformation

RBEFIETIE, WMOMEFHOFENEMKEXGE T 5 Talairach atlas & CBF ~ » 7 % T2 R B
VPR M= ard 52 LK o Talairach atlas & CBF v v 7# Ehfb¥/kz. LY A b
L—3 3 i, Affine BHUCE S KEMLRMUESDEDO%, FFD Z VW THIEO LY X b
—Yar&{Tolc. FFD X, BB L 2B LT, BEFEOBEIEZ &4 HEHK T & /E
Eh 587 A — 28 2 3%0E L, AEBEIC X o THIT S = Hil ik 7 258 U <l % JEMRE

BT HFETHD. AETIE, FFDICHOWT, BRFE T B2 EICHHET 5.

13



LI & 72 5 SN T2 MAMER OPERE & (x,y) & 5 &, BIH OB X, V)3, BBRD,,
D& AVTHRAD & 5 I0Rd 2 LB TE 5.

(X,Y)=(x+Dx,y+Dy) 2
TIT i=lxl-1j=ll-1Ls=x—lxl,t =y = lyl®/3F AN v r2e#e iz, FAER T2 R

Ba R LI = (1, )0 < x <m0 <y < n}EEHTDE, DI FHD LT B-spline B% %

FAWTRBLTE5[73].

3 3
D,(x,)= 3 ¥ B.()B()ssex o 3)

k=0 [=0

Fig. 8 IZ/XTAN) w7 22l DT ANS L OB+ @B~ T, /STAN w2 2RIV T, FAE
(xr.yr), RO Ep, HHEAB LA ML —vaitko TBBI LclEMYd LT 5 &, &

MRLBBEMOBERIL, F={(xy.d)} F=0,.,p—1DEXRBRTE5.

bt ®
J
i1
,
0

Fig. 8 A configuration of control lattice @.

INTAN) 728D I\ T, il 7 BUE(m + 3)x(n + 3) TEEPEAIC B ST, Eie, HIEK T
DR iIIBBHB/ERESL-DODELEZRTHBERATHY, i=-1,0,-m+1BX, j=

—1,0,--,n+ 1&725. Fi=, KG@)DBBXVB I, EEBEEKTHY, X@)-(NDiTrT.
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5, (1) -1=) (9

6
3 2
et &
3 2
Bz(t)=_3t +3t6 +3t+1 (6)
r (7)
Ba(‘)=g

T, 0SS E< 1THD.
2N AN o728 ) EOHIEE DR A THARH R PEIZRE®) LV, @uEx e Ulcaxaifs

DI L BEEEREF = (%, Y7, d7)} (f = 0,....p - DOMAADEIC Lo THRES.

w,d f

¢u=33

>3l

a=0 b=0

®

TIZT, k&, TRENAXAGEHFEOKR F ORI IR 2R Lk =0,1,238LT1=0,1,2,3,
=@+ -|x), 1=G+1)— |y ToB. iz, wiy = Br(s)Bi(t), wap = Ba(5)By () TH.
HEHA L7 U DA S D RIC LT, 4x4EFOMHEAIEE T TREEA HS. ERLIHIH
HOMIERLTLE—BLARWIERTFREIND=D, FTiroOR(9)%E AV TRIE 26 #H R DEEZ R
Te.
2“’;@
wa

HIE S OEZ R E T D70 OREMAIE, UMD T2 S8R OMERE 50% T >EHESE8X8IC

)

64 REILIRFHOT T —hDRLIEREL, FEFO T2 W ER L TTF 7L —MEEL,
HAHBFRBICE ST I — by F 72 AW THIt L7z, FFD 1%, ZEHE T2 sadimgs L Xk
L—al LT ERI 0 T2 MR IR 0 +H EAE IR A 0.6 X5 ETIT-o7c. MAEMBFRET, K
Xz Tk,

X-1

~

xy pery _)

-5 (10

'T;bd

Xm
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ZIT, XEYIZT U U —NER DXLy H EOE AR, p(x,y), r(xy)iE, BREABIORAER T2
SRR ER O (x, y)IZRITDE T ENVE, 0, 0,13, BIER)IS L OZEHERS T2 SR E R OREHERZE, pR X
UFIEBIER 3 L OB HERN T2 SRR O FH e s lE R

Fig. 9 IZBBFEICBWTEH LIV VAR —Yar o—flZRd . thd D Affine B kALY
AR —a T, g FI3RIBRENDO B ER T, FFD I[ZLDL VAN —YarO%ki, M

RRBB R EBSN TOEIERDAS.

.' 3% 1':L'_'_'§~1!.I5.!i_rll

l P 6=

Moving image after Feature point distributions of Moving image after
an affine transformation a reference and moving image aFFD

Fig. 9 Illustrations of T2-weighted images with control lattice. A moving image was registered to
a reference image by a 2-step registration method with an affine transformation (bottom left) and
FFD (bottom right). Feature point distributions show corresponding feature points in a reference

image (red) and moving image after an affine transformation (white).
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2.2.5. CBF (cerebral blood flow) < FICE D #EEEEFHEBOHE L
AD TiX, CBF MMET 3 2 IMBIHIT, FREDMBFMEFLE LTAELDZZ LML TWDTE

¥, CBF {ii % Talairach atlas | & 2 BSREROIMBEIR = & ICRF &L L TR L. ED7HARMZE
TiX, CBF ¥ v 7 & Talairach atlas Z EREIC LY A b b—Ya 5729, [FAALED T2 S8R
BICEFNENEERAEDELZ L CHIEMICLY A ML—Ya v &2{To7. hHIT, Affine ZH#
ZHAWT, CBF~v 7 % T2 MBBICERSEL AN L—yvar iz, HEE229H9, 12D
t%, ASL 73 echo planer imaging (EPD)% iV CTHB I N TV A 728, HBICEAZELCTNWDHND
Thb. 2700iF, MBEHAD BETHDZ Lnb, MEIIROHBOMERTHIBERHD
16T 5. Affine ZH ORI, CBF v v 71 XU T2 MAREIR ) b KHE O B B L2 74]
ZHWTENFhOMERZME L, x y BEICBIT S8/, BRRKOE 7 EAALE D SIRE ORI
Bt 4 A Uiz, Affine ZEMITHI DT A —2 1%, 3 REA LOFEHROX, DF Y (xp, y0) &
XY (n=1,2,--,m, mi£3 LALb)E, Affine BHITHINHIELN DR OB HFRAA1)E

ZeéILLoT, RDHNB.

X, C, G G Xy
Y, |=| C. Gy G, Y 11)
1 0 1 1 1

TIT, ARTIE, 4 0DORFMRERAWEDOT, xEEL yEEOENENOBEEND 8 ED
ML HRAEED LB TED. ZOBRE, EREOBELY bROBREWTD, B/ RIE[T5]
WS FFRES M %Z AV T, Affine BIITHID 6 2DNT A—F RO,

WIZ, Talairach atlas % T2 AHERIZ L PR b L—3a U3 572012, FEAER T2 s0HR & % H
BL7c. YR T2 SEQICIE, 1 A0REH T2 BRAERZERL, DO COFBICT
Tarairach atlas Z B DWIAATE. S HIT, HYERK T2 SRFREIR 2 K AEF O T2 BFBEBIZ LT X b
b= a &, TORMBIKERVT, UM T2 AR ERIC & DEIA A Talairach atlas % %%
JEBIO T2 RARERICLV A ML —va v Uic, 7z, ZENERN T2 5RF0 1R % & EFI O T2 3870 H
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BIZVTU R M L—Ta VT ARRICIE, Affine BRIZE S Vo — VL PR b L—va D,
2240 TCRERLIZFFD IZE S v — ANV VPR b b— 3 V& A L7z, FFD (233U P AR
—3ar DI, Talairach 77 AD Gyrus Level 33X T Tissue Level ® 16 O REATEX 578,
XD, A ORTERYE, MIEAKE, IRTAE, RUAZE, J0BIE, sub-lobar, # HHMK Bl X OMERTH O BE O
Y CBF 2R 7. TOER, MBI LI BH BN E s CBF vy 7O 72 ZAhi L, CBF
{43 100 (m/100mV/min) BA F O 7 AT T CBF Dz Lotz £, /4 XEM D 7= CBF <

ITNNIAT AT T ANTF— (B —F NP A X=3x3) ZEHALI-.

2.2.6. SVM (support vector machine) [ZE DL ZILY/\{4 T—iRD &
AT U7 Rk, Talairach atlas OHEEERI TR X /312 H-3 & B L 72 16 3D ) CBF A 5>

5, Student t FREICIHS WV TEALZED H - o AKIAKE, EHREHHFRE, ZHOBEE, BLUAD
BT DMFIETAERE S D[22]), A%IALE, MIAKEOFEH CBF & Lk, SVM I, 7V —

Y7 F® SVM light [T11ZH L, H—FVERE LTRRDH Y7 v h—R Ak Hie.

K(x,3) = exp(=y || x=x]") (12)

Xiy X \IEBDANT — 2 DA THSH. AR T, X(12)Dy% 05512, ERVOHH7 TR
DA T BT DD, v— P DORESO N —RFE7%2HIHTEY 7 h~w—T 0 R_F A—X
(C) #1202, FEH DMK LEFO ER%Z 10,000 & EBRAOICHRELL. FEBLBT R b
&, hb—=27ty bbb VEHFZ —RERICERA L, BOTEFNLETNAME LT R b ik
DK, leave-one-out-by-case {Ex V7. MBFEOREM LHEREELFM I 57201,

receiver-operating characteristic ROC (Receiver Operating Characteristic) f#AT[76]% 1T 7z.
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23. #HR
Fig. 10 (23R 7= A BLRTED & A2 BHEE DY) CBF fED R #~7. AD BE OABAIEE L O

% ERED Y-S CBF i, % xiR# 1) CBF il & lh~MEVMAEAICH o7z, iz, Fig. 111
AD B3 L REFESIRE OMEIR T & ORE O CBF B2 R, ERIEE, EREBWERKE, &£
HOBBTRIZIBV T, AD BHE DY CBF X BE & L L THRICEWRER L Ro 7
(»<0.05). Fig. 12 [ZHRBFEOMREL 7T ROC fh#R % 7~3. ROC #ifRIZIS1T %5 AUC (area under
the ROC curve) %, 0.903 Téh-o7z. AUC X, ROC thiR D iR THEfiL, 0 26 1 ¥ TOEE &
D, 2 BORBEMBEICB T SBEFEED | DThD. AUC A 1 ITIEWVIEE Y AT ADOMREN
EWZ L EEWY SH. £, ROC #ifR ET, HEBEF(true positive fraction: TPF)7 0.815, K5
5. (false positive fraction: FPF)%3 0.17 Tdb 5 & &, AD B3 & 4 H %t R O 5 0 IEREEE X 0.823
(24.7/30)Th - 7. FREEIIBBFEOENOERSZRLTEY, 30 MEHF 247 A (ROC Hh
BMEXVREM LD/ a2 ET) TAD BE % AD 723 RE2EHE L IELS OB TE
DYARTATHDHIEETRT. AMROEREL, —ROICHNLITFLRV. LirL, K%
DIRRFIEN O SN 5 E B2 E R % second opinion & L THW, #EEZITAE, FEA

DEBAOFMONT Y X ZROELARBERH D LEXLND.
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Fig. 10 Relationship between the average CBFs in cortical regions of right precuneus and left occipital

lobe.

Left

(ml/100ml/min)

Average CBF

Fig. 11 Average CBFs in cortical regions of cerebral lobes between control subjects and patients with AD.
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1L0———————
L /K

True positive fraction

AUC =0.903

s 1.0
False positive fraction

Fig. 12 Receiver-operating characteristic curve for overall performance of our method in

classification of patients with AD and control subjects.

24. EER
241, ERLCRML—Y 3 VOBE

AD B#E LHEHEXIRE O CBF OFHELX g 2 &, E&RIEEYE, E&RMACRE, 45 ORE
HIZHW T, AD O CBF OEBEAARICES 7. ZHiX, AD OFRFTH CBF KT DR L
LCHE L7V [14,22,28]. REF1:TIX, Talairach atlas D EFEIRD 7~z #-3&, MR
Z & D CBF OFEHEZRFH Liz. £D7=, Talairachatlas & CBF v v 7O REHFEKO LT X b
L—ya URENEEERD. AFEICRBITZr—ANV LU R M—Ya Tk, EMEN T2 M
REREVIER LT T L— b 2AW, T b— vy F U TECESWT, RFOBEIR
ZRETHREREZHME L. S5, Z2ROFBARZHA LILERERRFIPNL VA ML —Y

aryE7e—rS NV TVAMr—Ya B EDbRAZLTC, BERVPAML—a B iTL
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Te. £z, SRV A M —a v ildioT, MKEDOD RV BB BEIECHMEE O 2\ ElE L B
DR Z X E$ 5 & CBF OEWEITIE T4 20, REFEOKEEND, FELWCBFDIETDH

LB A LR o T,

242. CBFRy7OEBFT—F 775 k
AEMER L7z CBF = v 7IZBWTC, ET7T—F 77 7 FD b DIEF D 30 FEHF 13 SEFLETE

L7z. £DOW, ADEBICEWTRHBIROEES L N2 T—X T —F 77 7 "BRHRITHEELE
JEBIZS 1 Bld 7=, Fig. 13 2T AD B#H O CBF < v 7 Tif, MMR&BIROALE I &V CBF
ERDBT—F 777 bEALTWE. ZHIX, IRV 7 SN iR EER I BIE T 2 ai08)
RAICER ST RBCHREINDZLICEVELDT—F 777 b CHY, T—F 777 FBEL
Te RS 2 ASASE DO B S & L THlitH L 7=72%, CBF OB Z B KFEM L TW e, Z 0E
BILISMZ, REROMBINRT —F 7 7 7 23, 4610 AD BE IS LTS5 B o4& ek i3 C b 22 mh
IR, BiRBMEIRSS & QP KIMBIAR O S EAGEIZEB W THER SN, ZOT7—F 7 7 7 b
@ CBF D)% R 2 BUC B OLHEMANICE £ 5 &, CBF ZBRIFHEi§5 2 & N TFRENS.
% Z CHRETFIETIE, CBF OFHEEZR MY B, CBF 2% 100 (ml/100mV/min) %X %€ 7
EAVEHBEICEENRWEIRELE. 207D, FEALOMBIRT —F 77 7 bk, CBF
DOFEMEIT B Lo 7. LHL, Fig. 13 @Q)DIEFNZHWTIL, MBIIRT —F 7 7 27 kD CBF
BLEVMERM CH o772, CBF OFEHEZBREFFML T LEo7/. £72, Fig. 13 OIIRT
X D CBF v v 7D X 5 1C, MEAENLRBEEIIHT TINBOT —F 777 Db DIE
BlA3d >7-. ZhiX, EPI (echo planar imaging) S D N2 T—RA T7—F 777 b CTHY,
BN FE R BRI, BEEOARE —M, k ZHOFEBEATTEINIANAELSZ LICLY
BZB[77]. N2 =R NT7—F 777 b, 24610 AD BEB IO 2 FlORE X RE CHRER X

Nic. RFECBWT, FEBOREFEENIC N2 I—X NT7—F 7727 FE2&L &, CBF ©
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BT ER E i R/NEE L TLE S ZEBTFAEINS. Fig. 13G)DEFICENT, 7—F 7
> 7 FOIFEL-FATEE D CBF OEHHEIL, fhofE B OFHMEE E_EZ o7z, L
MWL, N2 I—ARNF—F 7577 ME, BELEBHMIZE > TiL, CBF DEHEICEEY 52D

WEBEDOH LT —F 7727 hTHS.

77

Fig. 13 Two CBF map images with some artifacts in (a) an AD patient and (b) a control subject.

25 FEOH

%2 ETIE, HEEK MR FEBRIEDOVLDOTHS ASL IZ K5 CBF = v 7Ol &I K-S
7z, AD OFSEEEMRFFMRICHS< CAD #2E L. REBEFHEL 15EHID AD BEB LTS5
SER DR xR O BERIZEH L7k %, ROC #iARIZIIT D AUC 1% 0903, TEREEEIL 0.847 T
bole. ZOREND, BERBRIFEEZHVWZREFIEN AD OERHZXRICHFHATHDL Z LB
RS-, HEREEEGR ORI S HBEN L AT AL L TORBFEORKI—VIX, T
INA = —IROERNZRICH Y, LAl THBAIE S ICHRAE FTRE/: ASL DR Bl & v 72 B34

TNINAT—IFDAZ NV —=V TRBIISHTENL, HEMNEBERIIKEVWESEZS.
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FI3IE FEEXMREALOBEESIERE LEEGEREZAVV-BREZTICE ST
YNAI—RDAVE 12— 3 XBZH AT LORR

3.1. B#

3 EOHBIL, FHEER MR B 5RO IEE L OB RRER O R 8 ER % o
ICHESS AD BED L Ea— XREHDBW AT LERRETLZLTHD. BB, RE,
FALF L [Computer-aided Differential Diagnosis System for Alzheimer's Disease Based on Machine

Learning with Functional and Morphological Image Features in Magnetic Resonance Imaging| @ PNZ(Z

bHicb.
3.2. A%
3.21. $EH

ARFFEE, M RFER M XS RERAREEFEEZBRROF O TR I Ro 7. UK
BED KSR REIZ X o T AD & BRRBZW S iz 15 5ERI D AD BE (AEIGGHH @ 54-89 1%, T
“E#5 : 77 5%, MMSE (Mini-Mental State Examination) : 11-25, ) MMSE : 22) & 15 #lo K
B2 R (EERHEDH - 68-86 1%, XI4FHG : 73 5%, MMSE : 28-30, ‘F# MMSE : 29) #&&e
30 #il> MR @5 B LN T=2MD 3 kot (3D) T1 SAFRER & ASL EifRis L O ASL & [7l— &
TA AWHE O T2 BRBEBRICIRBFEZEA L. 2B, 2hoD7—2i%, B2ETCERALE

IEFIERCHDTHS.

322 FEDOME
T2 O|BFIEL, BEREGRRFEEOR I L OBEEGFEREORH, BRFEICES<

AD BEDEND 3 DD AT v 7 b5, Fig 1412, BRI OBEESOREEIZESL
AD BE L REHFOBRHOMELRY. ASLIZL VB 6N CBF v v FEfgIC 15 < #iem g

B L LT 16 OMEIRICI T 5D CBF Z AWz, 2o 3 kIt T1 MR EEH» bk
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B RHEE LT 10 OMERICBIT 2 Y REEARE Lz, RIZ, AD BEOER DO
B & CH IR S RO A bR, plie 16 BROFH CBF, 35X 08 10 FROML

BIEICETHHATHEICESERIN L. BEIS, ANN £721X SVM I L2828 2V T,

AD B#E LREWE ZER L.

Morphological image

7

Functional image features

i features
2D CBF map and 3D T1-weighted whole
T2-weighted brain images brain images
l v
. _ Segmentation of the brain
R(?ngt[‘ElllO[l of CBF map parenchymal region
images and Talairach
brain atlas i =
Creation of a 3D fuzzy
l membership map for a
cerebral cortical region
Measurement of average ¥
CBF value in cortical Measurement of the
region in 16 lobar regions cerebral cortical
thicknesses
. F AN I o
¥

Classification of AD patients based on machine learning

Fig. 14  Overall scheme for the calculation of AD patients and clinically normal subjects based on

the functional and the morphological image features.

3.23. HEEEGFHEOEH
Affine Z#& & FFD % FiV 7= CBF = w 7 Hi{& & Talairach atlas & DB L A hL— 3 iz

Lo THRIE L7z 16 DIMFEIRIZISIT 5 ) CBF %, #EEGRHHEL L THW:., AETHW:

PRAEEEBRFFHEY, FH2ETHHIA L DO THS.
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3.24. WREEZHHEOME
x4 DF{EIL, AD BE OER| D7 O BER R EE & LT, IMBCEE % £ H L7-. Tokunaga

biX, TIMRERNLH/ON3ID 77 V— A RN—v T~y FIZESL RFAEERZ b v
BB LIZ A NN—2 T T 7 A NVEBRELRE LEMER 7 B o TRES K, KA
HRBIOCHHBICEMZ ST, AD BEDOMBEEEO BBHIEELEZBR L712[78]. 10 OMERIZE
FOREREZRET H72DIT, Bxix, TRIIRT 3 DODAT v 7 b 725 Tokunaga b D Fik

AWz,

1. =27 & 3D-T1 MPEGDEFT N~ v F v FICESL MEBEHERDO XKL
2. 77 P—C ¥4 (fuzzy c-means: FCM) 2 TR Z ) o F 7N Y X AZESL MEBRO 7 7
—AUN—T T2y TOMER

3. P79 V=AU NRN—Vy T2yl ITBIT 5 RAERERY v ERWEMEEEOR

KA DOFTEAZE, MEAZE, GHTHYE, RINELHREIIBIT HE L L0 [T 22 M/ O BRE 2 5H
57D, MEEEZ 10 OFEEE T L I2o% U TR L7z, Affine Z£#: & FFD Z iV T, 10

DIEEDR B DINIEE T VBRI EEEZ VA P L—2a VEHZT LT, 10 B EEREL
7=. FM3EEF VERIZIE, LONI (Laboratory of Neuro Imaging) [79] web %1 k225, AR
DB AT AL LTARSN TS, ICBM (International Consortium for Brain Mapping) % ff]

Y ral

3.25. FPILYNAT—REBEDER
Fox ik, AD BEENDOI-DHIZ 15 FEFID AD BHE & 15 JEF DR FH O IBE X OHEHE M4 R

B %2 %8 X 72 ANN & SVM D 2 DOBBFE OB Z28A Lz, B0t Ah L
BEREM R RS RIL, fTORAT v 7 THL N E R o140 AD TIEEENE & 72 5 JMSEIR (12 1% FRE,
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FEBIBHCRE, ZRATEHE L OERATE) &, LITHEN O AD TIERERE 05 Z & ARE Sh
TW5 25 (HAERYE L ATATHYE) 22X /- 6 EIOFY) CBFETHSD. SbiZ, ALk
WIRES R EIY, AD LRREXRE THRIMWABREZEDDH > EADNIREL L VELDOHRE
D 4 FIROEBHWBLEIE THD. AN LT TOREEIL, MABEOFELT XA FOHIZIER
{tL7=. ANN X, 10 OFFEE % H BB W IE#E 2 AW e 71291, .-0.9 B 0.9 OffifH
TEBLLAAE L. ANN X, 28R %E 0912, IR % 0.0001 (CRBRAICERE L, &
KRG E A 200 & 5% 7F L, Levenberg-Marquardt {E(Z3-3< 4 >OHREE 1 SO IIEN S
MR L7z, SVMIX, 7V —Y 7 h®D SVMIight[711ZH L, »—XNVBEEELTH YT UH
—FNVERBEOICH <=2 30 ICRELTHW:., F£h, ERVOHD7 FAHFHITHIET S
D, v—TVUDRESODI—FIT7Z2HETEIV 7 b=V NRT7A=F CZ180 (I,

O R LA O LR 100,000 & FRERAIZERE L.

3.26. IREFEOFM
BRFEICBITS AD OERORE R EMICTHMET 572912, ROC #2417V, AUCIZ

X v 314 L7=. ANN & SVM i, leave-one-out-by-case {512 X - CTHH L5 A b &% L7=. ROC
HiRRIX, ROCKIT[76)IC L - TERR L7=. ANN & SVM ORBEDOZEEZETNFREKL, X 5HIZE
&L BAED 2 FEE O BERFFMEZ TN ENEM E ITEA SO E TER L7158 0BG
BLCHaMliL7z. F£7z, & CBF & KEED AD &% XTRFMOE X, Student 1 FIEIC &

- TiHili L7=.

3.3. #8
Fig. 15 (a) BEL O (b) 1%, AIEAZE L MIEAEEICISIT 5 CBF LM EEORBZEE EhLEh

AT, AD B SR XIRE T S BTEHE & IEREE D CBF B L OB EE 0 BfRIL, Fize
Ml ET, ENEFRERYE->TWS. RIEAEEIZEKIT S CBF & MEEREICIE, HitMAEZEITR

5.4}



Mot UL, BATEOYY) CBF & X CMUEARE OB EE Tid, AD B3E LR RE I
AABZEPBEO LN (p<0.05). Table. 1id, FHEIZIIT 5 CBF L EHFHEEOETH
%. AD B3 DY CBF i, 29.3 ml/100 mVmin, FHMEEEIE, 3.15mm Thorlz. —KH T,
B xR D45 CBF X, 33.1 ml/100 mUmin, “FEREZEEX, 3.50 mm THoto. X HIZ,
ERIAYE, EREarRE, ABETE K CHRATMOYY CBF &, EADOWEHERS L OELE
BB OB EIZIC BT, AD B LB EEICHIHNAEZELH o7 (p<0.05). Fig. 16 i,
ANN ¥ 721X SVM & W2 58 ORBFIEICE T 5 AD & @H X RE OEIC BT 2 IREFIED
HRAEZ 7R L7z ROC #i#R T 5. THHBIS K UHERED i 5 O B R i % iV 7= ANN 5 L U'SVM
IZHSL VAT AD AUC I, TRFN 0901 BET0915 ThHoto. HIBERFFMED A% 6H
L7288 ® ANN B LU SVM (23 AT LD AUC i%, £REH 0.710 38 LT 0.660 T

D, HRERGHFEEOADEEIX, 0878 BL 180903 TH-oi-.
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Table 1. Mean of CBF and cerebral cortical thickness in 18 lobar regions.

Left
s Posterior
Frontal lobe T“;x“' Parietal lobe O‘j‘o‘lf;"’ Insula  Limbiclobe Sub-lobar cingulate  Precuneus
gyrus
e S 332 3.16 342 271
AD patient “"‘“LBF
VeTage
. B8 29.3 29 28.2 29 335 296 30.2
G A 3.77 3.45 3.69 3.01
Control for)
Average CBF 35§ 35.1
e . O 33.1 326 34.6 324 342 5. ;
Right
. Posterior
Frontal lobe T"‘b‘?:" Parietal lobe 0";‘_&‘“’ Insula  Limbic lobe Sub-lobar  cingulale  Precuneus
gyrus
Cortical thickness 5 39 321 2.96 319 278
) (mm)
AR patsant Average CBF
e 269 27.4 27.5 28.1 30.4 30.1 318 202
Cortical thickness 3 g 371 3.21 3.61 3.1
(mm)
Control Average CBF
S i 29 30.2 30.1 329 34.6 325 34.7 35.3
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Fig. 15 Relationship between the average CBFs and cortical thicknesses in the frontal lobe (a) and
temporal lobe (b). There were no significant differences between the two groups in either the average
CBF or the cortical thicknesses in the frontal lobe (a). On the other hand, there were statistically
significant differences between the AD patients and the clinically normal subjects in the average CBF

of the precuneus (p < 0.05) and cortical thicknesses of the temporal lobe (p < 0.05) (b).
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Fig. 16 Receiver-operating characteristic curves for overall performance of our method in classification
of patients with AD and CN subjects by using the ANN system (a) or the SVM system (b). The areas
under the curve in both classifier systems were improved to over 0.9 when calculated using the average
CBFs and thicknesses. The area under the curve in the SVM system was particularly improved, to 0.915,

when the average CBF's and thicknesses were used3()



3.4. BEE
TS B T A R B - SRR TR AR % 2 2 B C U C AD ORI 24T 5 ik & bl L C,

B QR R & B RE R B R O AR DEITE S, CAD Y R T LD 53 @\ VS Wik
FEITHZLEAMEICL o TRLE, REFHECBWVWT, 1 EOKRMEOHRZ R\ TER
ZIToTeHBA T, 2ERO AD BF L 1 BIOREFICBWT, BocERRERZHA LB,
TEHEE L MR B AR O 2 WA Z & TCINbD 3EFNL, ELSENT DI LA TE
7=. Fig. 1713, WEEREDOHZEHEL L THWBAIZ, BoER% Lz 2 EH D AD B3
DHH, MMSE 2237 20 D 81 BB TH 5. L Z AN, Fig. 17Z7-T L 5 IZ{EV CBF
O 82 MR ARSER L L COBBERFERICHEASDES Z LT, #RETFIETHE, 0

ADJEHIZE LS ERITHZ LR TE . FaxBRE LTz AD OERIZE DI D CAD A7

AIZHX, HFEEO MRREOAZ)LE LN D HEEGRME & BEEGQFEEZAVTND L

WHFIERHD. Bx DRBFIEICL > TAD OENBBOBEZ M LI EDZ LB TENIT,
AR L2V MRIREDZ THFICIEMER AD BB REL 2V, BEIZL > TREDORA

HRBEMINDIZLEBEZOLND.
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Fig. 17 Original MR images and color-coded maps of cerebral cortical thicknesses in patients with
Alzheimer’s disease (age: 81 years; gender: male; mini-mental statement examination score: 20): (a)
an original T2-weighted image; (b) an original CBF map image obtained by the ASL technique; (c) an
original T1-weighted image; (d) a color-coded axial map of cortical thicknesses; (e) a color-coded

volume-rendering map of cortical thicknesses.
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Fig. 18 Original MR images and color-coded maps of cerebral cortical thicknesses in patients with
Alzheimer’s disease (age: 72 years; gender: male; mini-mental statement examination score: 23): (a)
an original T2-weighted image; (b) an original CBF map image obtained by the ASL technique; (c) an
original T1-weighted image; (d) a color-coded axial map of cortical thicknesses; (¢) a color-coded

volume-rendering map of cortical thicknesses.
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34.1. HTHREDLLEK
Arimura 5[50]¢%, 3D-T1 3@ MR B (Z31) DHERN 7 P IS BMBEIEOREIZ X 5

AD D7-%® CAD % L7z. O DFETIE, 29 EHID AD EH CEHER : 70 5%, T
MMSE : 20 /) & 19 BlofEHE (P4 : 62 5%, ¥ MMSE : 28 1) {2 X % leave-one-out i
TD AD FEFI OERIZI51F D AUC X, 0.909 T -7=. Kloppel H[60]i%, #RF SVM % AT
T1 BFABERDOIKAEHDE T A M X > TEFIZDET % CAD ZRE L, BEEHN D AD JEH
ENETHLERBT. BHOLORBRICLD &, 20EHID AD BER CEHER : 81 5%, B
MMSE : 17 5i) & 20 BO#EEETE CEX4HE - 80 5%, F# MMSE : 29 /) @ 5 %, leave-one-out
7 A MTBWT 95.0% (REE 95.0%F L OVRFRBE 95.0%) @ AD JEFIZEHIT& 2. 7z, Colliot
5[80]1%, 3D-T1 MMFAEE L OWERAFIC ESW-RRFIEICBUWT, 25 MO AD BE (B
Flih 0 73 5%, ¥ MMSE : 24 51) & 25 SEBIORRE R SRE CEL4EH : 64 5%, MMSE : ftil#%
L) BIDERIEA 84% (K 84%, FrFFE 84%, AUC fE 0.913) & 72 o 7= Z & ##4 L=, Ramirez
H[62]i%, MMM HE SPECT E{RIZI 1T 5 ERA T (PCA) T AT AIZHESL AD BE OERN O
72D CAD Y AT L% B Uiz, 51X, 41 0> AD FEHI L& 56 B0 HH (FE#id X X MMSE
IERFEIR) IZBWVT, JRE 100%, FFRE 92.7%, EREE 96.9% Tho7c L@ L7c[62]. —H,
Bx OFERTIX, BRBEGR R E 2 TR ERRFEERZ AW TERN LSS, SVMIZHE-S<
VAT KIZBIT D AUC flilE, £ Eh 0660 & 0903 Tholo. ABFZ L BITHEE LT 5
L, FHREBRREEEZ AWEEEORBFED AUC fHIX, ERIELHETEWY. LL, 2/
BOKBREZEA2EDE CGEMATHZ L T, AUCfEIX, 0915 L722o7z. Eio, HBATHIE (B :
Arimura & D FE[50]) 2 AW TRRERFHEEZ RO SH &, S HIZ AUC fEA A L9 25 Afgetk»3

b5,

34



342 REFEDYEZT—a Y
Bx DRBFHEICIE, 32900YITF—arvrdidbd. BOIOY IT—a ik, ERRERM

MR BEDOT—F 777 MNIHBEZITHZ L THD. FB2ETRARIIT—F 777 b,
ASL i LI-BBICHRE CTHY, E—TavT7T—F 777 MOBILRT —F 777 D —
DTHBEN2 T—RA T —F 777 b, MENOMKICRRTE7—F 777 bHBEaEND. £
—ar7—F 777 MZLo T CBFEZBRFMMENIZ & T, @EH LB TE ST
AD JEB] (MMSE 2217 23 A0 T2 5 BM:) % Fig. 18 IZ/°¥. MRE®RT —F 77 7 M, 4%
D MR OEHHOESIC L VBT ESND Z L2 MHETD. 7z, Bx ORBFIEIL, MR HREKEC
E59, 35T T1 MAERE L R ASL ICH-3< CBF E#@ A LAHlifTEE TH Y, flid ASL Of
BFHEICE S CBFRBWTHIGHTRETH DL ELXD. 2FBADY I7—Yaid, Whlds
DOFBIZFAWTIEFE TH S, AFFEICIBWVT, SVM & ANN i 5 OB EiA8s1%, AD
BE 1S M L REE 150X > TEE 21To 1. FHICHO ZIERBITEARSEICKE < 8
TH[31]720, BEEEZA LIEZ7DITE, SHIEZELDT—F2EZHVWTEESIELILEDR
HBHMH LRV, AL TIX, SVM & ANN DAL > TiHliZ £ L7272, 3 2BD Y

T—vari LT, TOMOMBBERTLENHDNE LAV,

35. F&H
B2 iE, RO MR ERO %5 5N EEE & CREERGHROMAZ S DIICES

X AD BED ALV Ea—F TJEFIBW O AT A% AR L. Bx ORI, REFEVERS
F UM REE B A EZ AV T AD BEOERNAETH D Z & 2k Lic. x ORET 5 Fik
EHWDZ LT, WREERBEOZE LT Z LA TENT, BROKEICIIRELLE
EHY, HREHIIZ, AD OBWINS MRREDA THREEL 20, BEOHEMN - BEHZR AR

KBS CE SRR DS L EZD.

35



FA4E #EFE

AFwIL T, HEF O MR EROLDHROIZEEL L OBERGFEREOMEAR S DT
3< AD BED 3 B2 — ¥ RENBW 2T AOBRRICET 5ROV TRz,

BIETE, HEOERLTAYNA—{OA L Ea—FHEBW AT AL THAL
fe. TNETOTNAINA~—IRIZEIT D CAD T, HEBEAHERE ZIMERERIEROARE
W= FEOREITObATEY, ASLICHESL HEEE MR B0 A0 5 BEGQTE 8 & ik
BfRIERAME L, Zhd2/HHE L 35 CAD RSN TN &2 Rx OB L L
Tk ~7z.

%2 BT, ASL T3 < #EE MRI O CBF v » 7/ bR H L 7o MR B R R RIC 3L 7
WINA = —JFDTH D CAD Z A% L. #BEFETIE, SVM 2V BBIER 2R, 15
SEF D AD B3 & 15 SEFIDOREE 2t & L CaHli L7=. ROC BH#RIZI1T 5 AUC 1 0.903, IE
MeBE1X 0.823 TH o7z,

FIETIE, SHICTHEBERRIERE L TRITHATHBINEHMEEEOERIEEZFAL, 6
2 B CHA%R LCEBEEGIER L M EbY, TAY A =—{D CAD DA FHIZ SV TR~
7o, BBFIEICBWVWT, ROC HIBRIZIITSH AUCIE, BATO0915 ThHholz. Hx OFERIL, #
RFENEEL L OKEE GRS EZFAVWT AD BEOENNFAETHDLIZ L2 RM L. B
FEEZHAWD Z LT, HREARBEORH 2 B CENE, HROEBICLI2REZLELY
¥, HRHEEYIZ, AD OIS MR REDA THREL 22V, BEOHEKE - BEFH 2 AH I KIF
BT ZREMDRH L EE 2D, IbIC, BEEN - BEEFMEHNERI NI EEZ T

5.
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AW DOREITIC B 12 FKahn b b T %\ 2 72 e BRI LM KRR = 20T 5Ebe A A
FEMBIRICER L IHEERLET. e, AHARCHLEERITERZB Y £ LMK
KEFBRE LT BEARKEFRIES HEEH LRRET. RFROT —~ DR L BRIKD
2RI B O ZHEW N A 272 TitiR A TEW S UM KRR PR E L EbE S BB IR
SBHBBLEY. BB, ABRICH L TIWAEZ TS0 E LIARBIREDOER & WM KFH
e E R BT AU BB P OB ARIC O L Y B L £

AHFFEIL JSPS BHFEE 21791199 DBIKZ T e b D TY.
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