¥

Arts and Sciences

#EFBICK DM FTSPECTHE T BRHTIEISR
DRAEED 58

Dementia disease classification of the statistical analysis images of cerebral blood flow SPECT
using deep learning
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[Abstract]

Using the original deep learning model, we attempted to classify the following diseases from the cerebral blood flow
SPECT 3D-SSP images: AD, DLB, and normal cognition. Then, it was compared with the transfer learning of GoogLeNet
and AlexNet reported in the past. Furthermore, we tried to visualize accuracy of each analysis and feature image using the
Grad-CAM technique.The accuracy was low for AlexNet in AD and for GoogLeNet in DLB. Stable results were obtained in
the original model.The size of the feature area captured by each analysis method from the Grad-CAM image differed. The
original model captured the area of reduced blood flow in a localized manner.
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(1) (2) (3) (4) (5) 6 (8) (9
(A)
B EHEL- - B 1 M-
(0 (1) (12 (13) (14 (15 (16) (17) (18)  (19)
(B) Image input layer(1) Convolution 2Dlayer(6)
Input Size [224,224,3] Channels 16
Convolution 2Dlayer(2) Batch normalization layer(7)(11)(15)
Filter Size [3,3] Convolution 2Dlayer(10)
Channels 8 Channels 32
Stride [1,1] Convolution 2Dlayer(14)
Padding zero padding  Channels 64
Weightslnitializer Xavier Full connected layer(17)
Batch normalization layer(3) (7) InputSize 50176
ReLU layer(4)(8)(12)(16) OutputSize 3
Max pooling 2Dlayer(5)(9) (13) Bias [-0.04;-0.02;0.06]
PoolSize [2,2] Weights|nitializer Xavier
Stride [2,2]
Fig.1 Configuration diagram and parameters of the original model.

It comprises 4 convolution layers and 3 pooling layers. (A: Configuration diagram created with deep network designer in

matlab.)
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Fig.2 AD and DLB simulation images and the NC image used for the training.

(C) Original image of 3D-SSP, (D) AD simulation data created from C (=>:-35%), (E) Simulation image of AD (= :-20%),
(F) Simulation image of AD (Changed reference region from GLB to THL), (G) Simulation image of AD (Changed Z-score

threshold), (H) Simulation image of DLB, (I) NC image.
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Modified from Yasushi y, et al: Classification of the statistical analysis images of cerebral blood
flow SPECT. JNMT 2021; 41(2):213.

Fig.3 The graph shows the recall in each model
by disease type.

In the AD group, G.N and O.N showed high values,
and there was no significant difference in them. In the
DLB group, O.N showed the highest value, which
was significantly different from those of G.N and A.N.
Additionally, O.N was high in NC, and it differed from A.N
and G.N.

Table 1 Recall, Precision, and F-measure in O.N analysis method were calculated separately

for AD, DLB, and NC.

Evaluation
= type n“

Recall 0.83+0.09
Test Precision 0.84£0.05

F- measure 0.83+0.04

Recall 1.00
Training Precision 1.00

F- measure 1.00

Recall 1.00
Validation  Precision 0.98+0.02

F- measure 0.99+0.01

0.85+0.05 0.86+0.06
0.83+0.06 0.87+0.06 0.84+0.02
0.83+0.04 0.86£0.03
1.00 1.00
1.00 1.00 1.00
1.00 1.00
1.00 0.98+0.02
1.00 1.00 0.99+0.01
1.00 1.00
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Modified from Yasushi y, et al.: Classification of the statistical analysis images of cerebral blood
flow SPECT. INMT 2021; 41(2):214.

J M P
K N
L 0] R

Fig.4 Heat map of A.N, G.N, and O.N analysis images classified as AD, DLB, and NC by matching with the

radiologist’s reading results.

Heat map of images classified as (J) AD, (M) DLB, and (P) NC by A.N. Heat map of images in which the same image is
classified as (K) AD, (N) DLB, and (Q) NC by G.N. Heat map of images in which the same image is classified as (L) AD,
(O) DLB, and (R) NC by O.N. (=) indicates a heat map region that correctly recognizes the specific blood flow reduction
region in AD and DLB, and NC heat map region without blood flow reduction.
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Fig.5 Heat map of images in which the radiologist’s reading results and classification results did not match.

(S) In AN, AD was erroneously classified as DLB. (U) In G.N, DLB was erroneously classified as AD. (X) In O.N, DLB was
erroneously classified as AD. (=) indicates the heat map area that caused the erroneous classification of AD and DLB. (T)AD
in AN (V) DLBin G.N (Y) AD in O.N, heat map area of each train data.
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