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R
Background

The global dementia population is rapidly increasing, and the number
of dementia patients in Taiwan is also rapidly climbing. This fact causes
a substantial social and economic impact on Taiwan. The rise of artificial
intelligence technology has allowed us to further utilize biomarkers to
diagnose dementia and related neurodegenerative diseases through
different types of brain images and data analysis. The purpose of this
proposal is to combine structural brain imaging and nuclear medicine
imaging data to develop an artificial intelligence model that can
distinguish between healthy subjects and individuals with mild cognitive

impairment.

Methods

The data collected from both groups will include clinical
characteristics, neuropsychological assessments, Tc-99m-ECD SPECT
and T1-weighted images. After the pre-processing and analysis of the
image data, the Explainable deep neural network model developed by the
experimental team will be used to build an artificial intelligence model for
classifying individuals with mild cognitive impairment and healthy

controls.

Expected results

By combining structural brain imaging and nuclear imaging, the
artificial intelligence model for mild cognitive impairment should
improve diagnostic accuracy and identify key brain regions with abnormal

brain structure and perfusion in individuals with mild cognitive



impairment. The model will provide a more objective and highly accurate

diagnostic aid.

Significance

The artificial intelligence model established through this proposal
can identify individuals with mild cognitive impairment and key brain
regions with abnormalities. It can contribute to the advance of neurology
and increased precision of clinicians' diagnosis, which can help identify
patients with mild cognitive impairment early and increase the proportion

of preventive medicine to reduce the burden of society and medical care.
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and voxel size = 1.0 x 1.0 x 1.0 mm’>.

(=) Te-99m-ECD SPECT

Collimator type: LEHR ~Fan-beam; Scanning mode: Steps; Total
rotation angle [deg.]: 180~2*180; Number of projections [proj.]: 60-120;
Projection size[pixels x pixels]: 128*128; Acquisition time of projection
[sec /proj.]: 20-30; Photopeak energy window [keV; %]: 140keV£10%,
140keV+£15%; Zoom: 1-1.78; Detector to detector distance [cm]: 15-40.6;
Counting rate [cps] : 10k-17.3k; Start/End location: 0~90; Recon. Method:
iterative reconstruction; Attenuation. Cor: Chang’s; SPECT image size

[mm]: 2.3438-3.32.
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#cA H Fl-score 5 0. 93~ & rr % 5 92, 5% a7 1+ 5 100. 0% 8
1 85. 0% 4 %5 87.0 % 142 & RT & ## (Area under curve>
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Zoz v r Tl 4B fud > 7 IRRHE B L Ars G Rz A 1 EH
A Em e
e By | FHE Ly
Fine Tree 72.9% | Cosine KNN 87. 9%
Medium Tree 72.9% | Cubic KNN 92. 5%
Coarse Tree 72.5% | Weighted KNN 90. 0%
Linear Discriminant 85.0% | Ensemble (Boosted Trees) 50. 5%
Logistic Regression 70.0% | Ensemble (Bagged Trees) 82.5%
Gaussian Naive Bayes 87.5% | Ensemble (Subspace 90. 0%
Discriminant)

Kernel Naive Bayes 87.5% | Ensemble (Subspace KNN) 7. 5%
Linear SVM 92.5% | Ensemble (RUSBoosted Trees)  50. 0%
Quadratic SVM 92.5% | Narrow Neural Network 82.5%
Cubic SWM 92.5% | Medium Neural Network 82. 9%
Fine Gaussian SVM 67.5% | Wide Neural Network 87. 9%
Medium Gaussian SVM 92.5% | Bilayered Neural Network 87. 5%
Coarse Gaussian SVM 92.5% | Trilayered Neural Network 82. 5%
Fine KNN 77.5% | SWM Kernel 90. 0%
Medium KNN 90.0% | Logistic Regression Kernel 90. 0%
Coarse KNN 50. 0%

21



True Class

Predicted Class

Br &% Tl 4c B8 jad =
%:IEKE‘ EPI\}J‘FF ﬁ‘z:

v AR
B

|9 SR F a R e A JE T

0.8 -

e
-3

True Positive Rate
o
rY

0.2-

L
o 0.2 0.4

—1 (AUC = 0.9525)

- 1 Model Operating Point
—2 (AUC = 0.9525)

+ 2 Model Operating Point

0.6 0.8 1

False Positive Rate

22

2 JH

<~ (=



(=) #3= - #&* ECD SPECT # i = & -3
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BB pciE o ie- %4 ECD SPECT ¥ ih¥ 445 BiaM A3 » ©
TAHMGEARLE 10 T2 8 ZFB 50 2 HA 2 MaEsFe
- £ 73 188 BRI EAMNPE ZMEFKEXRIRET - B
587 0 31 %827 > Wide Neural Network eha #f 4 i
& (%= ) Fl-score 5 0.89 -~ ®rr¥ 5 90.0% >~ 57 1+ 5 85. 0% ~
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%= ~ i * ECD SPECT # ffu >

BRI AR -

BEIRE 93 - R = A A i

e By | FHE Ly
Fine Tree 75.0% | Cosine KNN 67. 5%
Medium Tree 75.0% | Cubic KNN 7. 9%
Coarse Tree 79.0% | Weighted KNN 80. 0%
Linear Discriminant 72.5% | Ensemble (Boosted Trees) 50. 0%
Logistic Regression 70.0% | Ensemble (Bagged Trees) 80. 0%
Gaussian Naive Bayes 77.5% | Ensemble (Subspace 72.5%
Discriminant)

Kernel Naive Bayes 85.0% | Ensemble (Subspace KNN) 5. 0%
Linear SVM 87.5% | Ensemble (RUSBoosted Trees)  50. 0%
Quadratic SVM 77.5% | Narrow Neural Network 80. 0%
Cubic SWM 77.9% | Medium Neural Network 85. 0%
Fine Gaussian SVM 77.9% | Wide Neural Network 90. 0%
Medium Gaussian SVM 85.0% | Bilayered Neural Network 7. 5%
Coarse Gaussian SVM 67.5% | Trilayered Neural Network 75. 0%
Fine KNN 72.5% | SWM Kernel 85. 0%
Medium KNN 72.5% | Logistic Regression Kernel 85. 0%
Coarse KNN 50. 0%
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() #3= 1 $& Tl 4% & ECD SPECT # i = & #gH#-7)

B RS AP S e 0 F o T] 4o iR i ECD SPECT

I

P e e (1,923) k'dis - BASRL o FFEE
Fohe TR R W U S B AR A SR 2 A e B
%81 & 31 fAiw 2P > Cosine KNN -~ Cubic KNN /22 Ensemble
(Subspace Discriminant) % /% & /2 2 & F (£ 2 )> 2 Fl-score
 0.95 Brs 5 95.0 %~ AR e 100.0 %~ #2142 90.0 %~ #

BH90.9 %2 v RTafHE0.95 (BN~ 4 )
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2w ~ & TI 4t tfr ECD SPECT #2 W = 7 Fp PIIE & 31407 5
ez A 1A EHA AR -
e By | FHE Ly
Fine Tree 67.5% | Cosine KNN 95. 0%
Medium Tree 67.5% | Cubic KNN 95. 0%
Coarse Tree 67.5% | Weighted KNN 92. 5%
Linear Discriminant 92.5% | Ensemble (Boosted Trees) 50. 0%
Logistic Regression 72.5% | Ensemble (Bagged Trees) 85. 0%
Gaussian Naive Bayes 90.0% | Ensemble (Subspace 95. 0%
Discriminant)

Kernel Naive Bayes 90. 0% | Ensemble (Subspace KNN) 5. 0%
Linear SVM 92.5% | Ensemble (RUSBoosted Trees)  50. 0%
Quadratic SVM 92.5% | Narrow Neural Network 90. 0%
Cubic SWM 87.5% | Medium Neural Network 87. 9%
Fine Gaussian SVM 77.9% | Wide Neural Network 90. 0%
Medium Gaussian SVM 92.5% | Bilayered Neural Network 90. 0%
Coarse Gaussian SVM 92.5% | Trilayered Neural Network 90. 0%
Fine KNN 87.5% | SWM Kernel 87. 5%
Medium KNN 92.5% | Logistic Regression Kernel 87. 5%
Coarse KNN 50. 5%
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