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Abstract

Prediction of Personal Propert by
applying Machine Learning

from Brain Structural Magnetic Resonance Imaging

Takenobu SASATANI

In recent years, the aging population of the world is increasing. In Japan, particu-
larly, in the case of countryside area the situation is tremendously serious. Therefore, in
order to maintain the level of people’s health, medical and health checkup is performed
many scenes. Also brain checkup using MRI (magnetic resonance imaging) becomes
popular in Japan, which is called brain dock. Due to the spread of such medical check-
ups, medical data is becoming big data, and there are many studies for diagnosis using
image recognition techniques with traditional feature engineering. Conventional stud-
ies mainly aim at the recognition task of visually recognizable diseases such as tumor
and bleeding. However, since health checks are aimed at detecting and recognizing
future risks and signs of diseases, and there is not a clear image feature, it is more
difficult to detect them using conventional image recognition. On the other hand, some
researchers think that human internal health state and longtime life and foods affect
human body including the anatomical shape and structure of brain. Therefore, in this
research, we aim at estimation of human internal state using machine learning model.
As the first step, we construct a predict model using machine learning to predict gender
and age, which are the most fundamental property among people’s characteristics from

brain structural MRI. Furthermore, as a higher-order attribute, estimation of smok-
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ing habit related to lifestyle habit is estimated from brain structural MRI. From the
358 MRI structural image, the accuracy is verified with 2 models of 2D-CNN, which
extracts features in two-dimensional space and 3D-CNN, which extracts features in
three-dimensional space in Convolutional Neural Networks (CNN). As a result, for the
gender estimation, a model with accuracy of 97.00% is constructed using 2D-CNN and
it can be predicted using 3D-CNN at 97.01%, indicating that local features contributing
to gender exist. When constructing a similar model with an image of only gray matter
part, accuracy of 2D-CNN is 85.32%, and that of 3D-CNN is 83.71%, which derive that
the gray matter part has characteristics of gender. In prediction age and smoking, since
there is a divergence in the loss between the learning data and the validation data, it
is shown that definite features contributing to them can not be detected with whole
brain image and gray matter image. In addition, as a result of gender using Brodmann
Area which is an anatomical division, it is possible to predict male and female with a
high accuracy exceeding 75% in the frontal gyrus related to thinking and cognition, the
temporal gyrus related to vision and hearing. As a conclusion, it is possible to predict
male and female from a brain structural image and there may exist some pattern or

features to discriminate the distinction of sex in our brain anatomical structure.

key words Magnetic Resonance Imaging, Convolutional Neural Network, Struc-

tural Brain Image, T1-weighted image

—iv —



H>

Rl

Rl

G

4

ot
1

N
104

w
1

3.1

3.2

3.3

3.4

4.2

4.3

&R 1
REE %2 3

EWFEZIC LD MEED 5D

BEEFRHTE 5
e < 6
31 JKEVEMR . . .. 6
3.1.2 Brodmann Area Mif§ . . . . . . . .. ... ... 6
BT IS B ARILER . . 7
3.21 ATFARDHEM ... 7
3.22 IEBUE .. 7
3.2.3 AEMGEHEIZEZT7—%54% .o 8
DIalb—Ta VETERE ... 8
HETES AT e 9
341 WEHETE ... 9
3.4.2 AFRHHETE ... .. 10
343 BHESEMETE . . ... 10
MRI B &5 D AT LIE 12
Resampling: #Z#¥AL . . . . . . . ... 12
Segmentation: 7EL . . ... 13
BREFIR T E B . o 13

4.3.1 IBASPM — Individual Brain Atlases using Statistical Parametric

Mapping . . . . . . o o e e 14



H

Rl
(528
1t

6.2

BTE

7.1

4.3.2 Brodmann Area . . . . . . . . .. ... ...

BWMFEFE

5.1.1  FEARMERE .,

‘B HiAHE — Convolutional Layer

7' —1) ¥ 7'J& — Pooling Layer

H

5.1.2

w

5.1.3 B EIEEERE .

Dropout . . . . . ... ...
Batch Normalization . . . . . . . ... ... ...
5.1.4 REEBOTHULFE ..o
miEEOLowgAL . .o
Grad-CAM . . . ... ...
Passive Aggressive Classifier . . . . . . ... ... ...
HEET IV
2D-CNN E70V . oo oo
6.1.1 3WICMRI 77— ~D@H . .. ... ... ....
6.1.2 Aty MU= ..
6.1.3 RHEEOSEMTE ..o
3D-CNN E70V . .. ... o
6.21 Ay bT—ZMEE ..
HTERER
PERIHESE . . o

—vi —

#% 4@ — Full Connection Layer

D-CNN . . e

15

15

15

16

17

18

19

20

20

21

22

22

22

23

25

25

25

25

26

26

27

30



H

7.2

Rl
o
1o

8.1

8.2

Rl
©
g

SE XM

A&

8% A

f1$% B

7.1.1 3D-CNN OfLEIC £ % 2
7.1.2 BB~y T
WmEEOW
Grad-CAM . .. .....
FWREE ... L

BAMEEE .. ...

Brodmann Area FllD#EFER

MERHEE .
R 7 s R 2 A CH W2 E
E )

M

EMRELE T DEARALFER

MRIHEICH T BEE~ Y T

46

...................... 46

...................... 47

50

52

55

58

61

— vii —



2.1

3.1

3.2

3.3

3.4

3.5

3.6

4.1

4.2

4.3

5.1

5.2

9.3

5.4

5.5

5.6

5.7

5.8

6.1

6.2

7.1

=

/N

BEFEITZE & ARFFEDE . . . o o 4
WEEETIVIRE . . . . 5
ATAARER L 7
KAEIAERREE .« . . 8
MR BEOMWRGAR . . . 9
BB ORI . . 10

S DOBYEAAT e 11
Resampling #LFE . . . . . . L 12
Segmentation ZLEL . . .00 13
Brodmann Area . . . . . . . . . ... 14
ONN OIEARRERE . . . .. 16
feBAaAME, HrERARMBE 17
T=U YT e 18
3DCNN DEAARMIE o 19
Dropout . . . . . . .o 20
Batch Normalization #E%% . . . . . . . . . .. ... ... .. ... ..., 21
CAM & Grad-CAM OFERE . . . . . . ..o 23
Passive Aggressive Algorithm OBEZE . . . . . . ... Lo L. 24
BWHEIRICBIT S, 2WICEARAS . . ..o 26
Neural Network €7 WVOFHIE A . . . . . . .. ... 28
B17—) RO~y 7 — Bk — Sagittal ... ... 35

— viii —



EER/N

72 17— TREORR~ Yy 7 — % — Sagittal .. ... 36
73 Bl rUREORE Yy 7 — 5% — Coronal . ... 37
T4 B1T-) rTREORE Yy 7 — %k — Coronal .. ..o 38
75 F1T-)yTEORE Yy 7 — % — Horizontal .. ... L. 39
7.6 17— rTREORE~ Y 7 — % — Horizontal . . ... ... L. 40
7.7 Grad-Cam \[ZX A5~y 7 . .. .. 43
7.8 KR FEHEEOREME FHMEORAR Lo 44
7.9 AEE: FEHMERE — BYEHEE —2D-CNN . . ... ... 45
8.1 Brodmann Area TEDPERIHEERR . . . ..o 47
8.2 FEMNMPURLZWHEOFEMER . . . . . 49
8.3 Brodmann Area 27 . . . . . ... 49
Bl 27— /B0~y 7 — B — Sagittal . . . .. ... 62
B2 37— IEBORE~y 7 — B — Sagittal . . .. ... 62
B3 27— IO~y 7 — L — Sagittal . ... ... 63
B4 937y IREBO#H~y 7 — & — Sagittal . . ... ... L. 63
Bb5 %27 IO~y 7 — 5% —Coronal . . . ... ... 64
B6 %37 IEORE~y 7 —B% —Coronal . . . . ... ... ... 64
B.7 %27 IO~y 7 — &% — Coronal . . . .. ... ... .. 65
B8 #3771y rEokRH~y 7 — &K —Coronal . . . ... 65
B9 %27 IO~y 7 — 51 — Horizontal . . . ... ... .. 66
B.10 %3 7—) ¥ VI ORE~ v 7 — 1% — Horizontal . . . . .. ... .. 66
B.11 82 7= » V@ok#~y 7 — KM — Horizontal . . . . ... .. .. 67
B.12 %3 77— Y JIEORE~ v 7 — X% — Horizontal . . . ... ... .. 67

—ix —



x=HERX

3.1

3.2

3.3

6.1

6.2

6.3

7.1

7.2

7.3

7.4

7.5

7.6

7.7

7.8

7.9

7.10

7.11

7.12

8.1

8.2

Ty MRE ..
YRab—=vayETEREE ..

BUEIZB T ARIBNE . . o

Ay T —=FHER T —2D-CNN . . ... ..
Ay T =78 —3D-CNN . . ...

P NI =28 — Cole’s . . . . .

FEF PERIEE — 2D-CNN . . . o
M WEE — 2D-CNN — IRKFVBE . ...
FEFE MERIMEE — 3D-CNN . . . ..
fiAe: MEREE — 3D-CNN — JREHE . . ... ..o
5-Fold MR & B MERIHEE DFE R — Passive Agressive Classifier —
Whole Brain . . . . . . ..
5-Fold Z&#MiREE:C & 2 MERIHEE O#E R — 3DCNN — Whole Brain . . .
Down Scaling T® 2D, 3D-CNN €7 VO A X & 8T 2 =55 . . .
3D-CNN I251F %, % Fold TOMMIROERERAE . .. .. ... ... ..

3D-CNN 12875, EFIVOMBED — NMEZ & OFkHIZE O HE R 7=

FER AEEHETE — 2D-CNN . . .
FER AEENETE — 3D-CNN . . .
FESL BREEHEGE — 2D-CNN . . .
T5% VL EOKEE TSI §E 7% Brodmann Area $88F . . . . . . ... ..
=F5EE 7 Brodmann Area & W72 PERIHERE . . oL o 0oL oo

33

34



E=R7S

A1 5-Fold Z¢EMEREEIC X A ERIHEE Ol — 2DCNN — Whole Brain . . .

A.2 5-Fold ZEMGEDZ X 2 MERIHEE OFFl — 2DCNN — Gray Matter . . .

—xi-—

99



JH
o
fk

i

B

AR TEEESZHEICERL WD, HROBADICED S 65 I EoE G
1950 4E D 5.1%2>5 2015 4F121E 8.3% £ T LA L, 2060 F121% 17.8% £ THIfNT % & KA
INTVD. 512, HAROBIKRE LT, 2017 40 65 U EALNE 3,515 HAEBALD
27.7% % L0 L E AR L 2o Twa. ZHUIH LT, HRIZBIT 5 EMO&HIE 2016
RIS RUT 319,480 A, 2014 4F-7 6 OREHEED 2.7% & 2w Lo ITBV OV T W
W) F BHEREO L) AT, ST L) DA TSk, EEALED
EHTHS 2. ZOMBEBO—ODMREL LT, BELEEM L SO THHFHEL 5T,
TR A x HEN LT 2 ) MAPIThIL TV S

MRI [ %75 W 0 H 8L B9 % iF%81%, CAD(Computer-Aided Diagnosis, = >
Yoo — ¥ RZI) O L O \CEHERERREAN 2 W 2B M S % 1), TE Tl E
rHWZOBELSTIE S N Twb. Ihbid, EESlim, BRERELRZEHTRTD
2% b DORHMNETH S [3].

B> MRI M & B IOV, BIfER BRI 0IZonTh, £ oG T —
%775, VBM(Voxel Based Morphometry) % vy, 4xfiiz &K EVE - EVE Q%R % 551
L, Mt ZN S &7y A < —HIEERHEE (AD) ORRMEZEC S D% - ERLS
NTw5, F7z, BWE 2 HORERE G (IMRI) SRR E L OBRE LT, K-
N7 & —< 3 v (Support Vector Machine) & F\ T, fa il - U S & ik
D37 T AT, MEKFIE & EERAD 90%, WA LTI & BURTER 05 88%, fa&
Hetk & BB EDS 60% DIEE T TH L V) iE0H 5 [4). HIZIE, HE, 2
i, AR L oMM BENERES (TLA v Ta—T 4 7)) bR IN TV S



SOLI I WEBWE L CHHRATEYE %Y 2 bONIEE ), FEEARICE
MENWET— 5 LA E RO THEBI 1% b OORIEIEATY 5. ZR5
ORI, BEORWEF ROV, BWT 52 L2 HNET 2 bONSNH, FTEE, KK
BEORHERE, FIORROBBRET AL TN T2, AOWE, THE, IS RZ
AWE L, EEESCRRICETE L OOMED RS2 L E 16N, 250
H—#hiE, MOMEIZ O PBE G EELDIELWRETH S [5].

ZZCARRIETIR, AOMEE LCR OB, ML ERE R LT, F— 2 L
WFEEHOATENETTFMT A ENTEXED, ZLT, HIZHLWr—<& LT, BEL
Vo 7 AETBIA B S E DT B DPENRT B



W
(\V)
ot

FEM R

MRI F O &2 o BB LICBI T 258121384 7 b Oh3d 5. CAD(Computer-Aided
Diagnosis, 2> Yo — % 3RZHN) O & ) \HEEERREAN & W72z 5mE 0, ik
FETIIWTE 2 22O BELSIZE ST b, Tibid, BEL i, EREEE
REHTRTODSDODOBHIFETH -7 [3].

B> MRI BEEH IOV T, IR BERREHDS 2 Wb DIZOoWT Y, £ OEIET—
¥ 5, VBM(Voxel Based Morphometry) z M\, &2 5K HE - HE ORI = it
L, BEHICZENS & TV nAg < —BIEEHIE (AD) OBRMEZEC b DA% - FERMLS
NTWa. 7z, HMEE e iEsEm & (IMRI) &FfEE L Ok E LT, K-
F X7 ¥ —< 3~ (Support Vector Machine) % F\:C, #AKMAE - BUBRMERE & it gk
D 37T AT, AR & EERAD 90%, Ma I & BURMER E 2% 88%, 1
Fefk & B E DY 60% DFEE TR TH L &) s 0d 5 [4). BIZIE, HHE, &
M, RRRRIREE L OB B MBS (TL A v T a -7 7)) AR E N TwE. Z
DEHI EGEBZWE LIRS ERT L0000 F ), HFEITREICERES
N7ZERT — & EREMFE 2 MO CHEGZ 21772 ) b ODOMZENEA TN .

CNEOWZEIE, BEOWEL RO, M52 L2 HNET5LDD% 005, I,
RIR O EEOMEREIREE, TR ROBERETHASE TN T L. ANOHE, MG, i
B RE L, FERECTHERNIECEZI0OMBEOREYZITHEEZ LN, i
D) L—HIE, MOWEIZHEELH2LE2LILHTETHD [H].

ZZTAWNIZETIE, H21IRTEH1C, AOWEE LCTROBRIENZ, MR & Fki %t
RELT, 7= WM FBOATENEZPMT L LD TEDH, £LT, HIZELWY



FZILYINAI—8H (MRI R
el | o C‘ ) > EEOBREEADE
i (n > REDE CORMREICRES

IH%I” HETIE - BiE #E (MRI) > ANHEICLET 2E5RTHTE
> SHEDU XU EHTE

ROTARD 5 EETE - BEASTATREON?

RHSESD 5 AIOEETE - Bt e

RS I ST - AMICBIT B B = & A

2.1: BEAFFZE & RIFZE D E

ToYELT, BELCSZHFERBZEC I LN TS0 2MET .



53 E

NIi?

EWFEE IC L DMERDLS5D

BEBERETE

ARFETIE, MRI AR A 5 BERE OISR 2 (W 72 BRI R HEE TR IO »
Tiwd 5. 3.1 ICAMROEMRE 2R, MEEER, S, SBIEEREHEET HET
eWETH LT, BUERENHEEOMICHEYH S L 2N 5. Wik S ncaixm
BRIKEE, HHE % SRS oM T e S 23RS BT i g & KR E

TIVE T D,

¥ 72, Brodmann Area %° IBASPM 7z EfE5% - BB EERI X 3 CEFR S N/-HT O A %

AW ETIVOREEIZL > C, KEMEE KHEE COMELMIET 5

Neuroimaging Data

Brain Structural Image

Constructed Model

CNN model

[J
.
N 00 o

s, AN
>, N
°, .
N, Y ]
°, .
N,

Other model

Property Task

Regression >
Hm Classification >

m Classification >

Detect Contribute Brain Parts

X 3.1: #EEE T IVAEE



3.1 7—=%+tv b

#3.1: 7—%tvy MEE

s NE 368 A

Bk 210 : 158

31 F—%&2tvy bk

=5ty M, EBROBE Y 7BBEOT -5 2 iz T—58 7 NVOMREFRIZE
3.1ITRT.

Ji B 7 IBRZICB T, A I OEIG 2 2% 5 HETRET 2725, KEFHEEIC
&, BHEO T1fEENGRE VS, TLKHEES A 71280 T, TR T HGROFAEL
OSBRI A, 2, MRITRIELZZ2ZDE DT =5 TH L 2MBEOMmIZ,
Resampling LB %17 5 72 Resampled Hi{%, Segmentation ML X o THRL L 72K U

%, Brodmann Area B TOE Y A7 ODHEZ 1T ).

3.1.1 RBEER

%7, Resampling LHE TR OILIR 2 BEHEAL L 721212, Tissue Probability Maps (2 & -
TIREHEH GO A2l LKA EE G2 2B ICH WL 2 8T, HEER EORT RGN
BrE L, IKHEIZBWTE Y A7 IZHG L TW LA H 20052 BEET 5. £72, MNI

space IZZH L TWBHDT, AT AREEOT— 7 DORITHK—ENTV5S,

3.1.2 Brodmann Area &{&

Brodmann Area TiEF S L7z 47 OEIB O XN O A THEE #47\v, ZHEFY A 712B

WTHEDBWEMNZFETAZ LT, 5L TCWAEMNOEERITR ).



3.2 BRI IZBUT B ATLE

Padding Image
Number of Slices (Background)
N 195-N

Padding

3.2: AT A AHilH

3.2 HEWHFTBICH T DE10E
3.2.1 X574 ZXDtHEME

MRI ¥E&EBE D AT 4 A %L, #HBEOHELOKREIIZL-oTHRL S, LA2L CNN T
EANBEEDT 4 k&b b LENDH L. —HEMICIX, Resampling LETH 1 X% &b
BB, T T A VBRI L > T MORBAEIELLTLE D 20, RIFEME LT 2
ONN TUREEAH 2 THEMAH 2. 22T, 3.2 0% ICHFREE (Pixel fi: 0) D27
4 AR ST & B W T 2 2 LT, EHBOBKEZLS 452 L7 { ONN 12578 54
HZEETRIZLTWAS

3.2.2 IE#Ht

REBRTH 72 NIfTL 7 + —~ v M 32bit THRESNTBY, SHHVAT—% 1y b
T [0, 1900] OHEFHDO KR 7 LIV L 5. LA L, Segmentation SLEIZ & o THiH S 7z
B OWFIL, [0, 1] IZEBEINTWE, BWFEE 7V ALATHE, FERNSTA—F
T AT ) 720 ZER 2 [0, 1] TIEBMLS 5. 2k, Rk s REOREE L% [F
CZEMCRMAET 5 2 £AYT & 5. AWIZE Tld min-max IEHILZE A5



4

Bibi

\/
M
)

33 vIial—v3

Training Data [2B7—%]

Subset Dataset 1

Subset Dataset 1

Subset Dataseti - 1

Subset Dataset i | |

Subset Dataset 2

Subset Dataset i
Subset Dataset k

Subset Dataset k Validation Data [IREET—%]

Subset Dataset i .’

3.3: K 73ISR

3.2.3 XEMRILEICEZTFT—420E

Al L72HEE ' 7V ORIl & LT, K- #I52EMGED: (K-Fold Cross-Validation : CV)
THWTH 33 DX H)ICKERIZHEIL, &0 T =8 P8 1 ERET— 21235 X9
2B F— 7 EWEE T — 2 2T A SIS E - T, FETF - O I2 X B LTERE
BT 2HHT 22 WL s, /2, HFIRY Z7ICBVTHEE T — % EMGET — ¥ CTF
FE\ZTREEAVE U723 A 1B B A TON T B LT & 5720, WEET— 7 TOREOH
B2 & 2B OB MEL (Barly Stopping) #177% 9 2 & T, S E 7T VO % HEH:

T5HZENHRFTE 5.

3.3 YIalL—23 ETRIE
2D-CNN E 7V K UF 3D-CNN £ 7V 1% Keras(Tensorflow backend) % v, 3£ 3.2 DR

BTy Ial—Yarrirol.



34 HEES A

F#392 vIal—a rFETEE

Property Detail
CPU Intel(R) Xeon(R) CPU E5-2620 v4 @ 2.1GHz
GPU GeForce GTX 1080 Ti
OS Ubuntu 16.04 LTS
Deep Learning Frameworks | Keras, Tensorflow

Woman
158 subjects Man

42.9 % 200 subjects
57.1%

3.4: WREEHE ORI A

3.4 HEZRXY
3.4.1 TERIHETE

WZEOUNEHET A5 A7 % “Man” & “Woman” @O 2 7 5 Ay A7 & LU THE
EEREIT) . BEZEOGAIIX 3.4 1 IRT
Hee ' IV OFHINE, X (3.1) THEE L72KEEE (Accuracy) 12T ).

IELWHEER L72WERE T — 5
EWERE T — 7B

Accuracy = (3.1)



34 HEES A

Population
60

50
40
30
20

10

%

X 3.5: BEoH O AF oA

3.4.2 FHIHT

SEOEMEWLET 25 A7 RARHES A7 & U CHEREBREIT ). ZERO AL
3.5 12”7
#eE £ 7NV OFHIE, 3N (3.2) THE L7219 2 75 (Mean Squared Error) (2 CEFAfl

117, '
_ Py = (A 2
RBE—QW%%?_yﬁEJ%EEW FH D) (3.2)

3.4.3 EUESHETE

BURIRREOHEEIZIE, T3 “BREry, IR SRR 0 3 7 T AR TR Z L
T, BYE|ZBT M EDOESE L 202 BEES 5. &7 7 AOERIL, Wy 7 OMZg
HEZONEEZZIH L, LTOEMICHTLRIENEELZ 7 7 AT NVICHWS, £/, |
3.6 IIHKBE 7 T ADGA R FIRL T 5b.

e £ 7V OFFE, 2 (3.1) THRM L72KEEE (Accuracy) 2 CEHli 2477 9.

— 10 —



3.4 HEEY AT

£ 3.3: BUICE S 2 M NE

HHNE it 5
NI F I 9?7 XV or VW2 or R©72
1 A 4ER? (I3 05E) 1HzA yFH
EOMH? 1 HTAR? (RO720%4) a-bi%1HzA&

200 185
180

160
140
120
100 89

80 68
60

40

20

SBeh e SRR

3.6: 5 H OB 5 A

— 11 -



S48

NIi?

MRI BixiiE[{% O pij L3

MRI B{RI21E, SHERE R ICEHTOR X SRIREHOMM 2B X 12X - T, HMAER
JAZXDBEL L, BWMFEBIZBWT/ 4 RFEBNOER & 7% 5 7208 B 72 38084
BEND B, DIz, ARG TIIMHENT T—KIICH W51 5. Resampling JLE &

Segmentation W% 179 . AL Z OMLEE % SPM12 L CTHEAT L 72,

4.1 Resampling: 1Z#/t
FHEHORE SRIBRICE AWAELZRER T 572012, {HEE O T1-MRI H{%% 7 7 1
YW X o TIHEMEIFENE T 7L — MERIZEDESD., —HOENE [ 4.1 ITRT.

AWFZETlX, MNI space 7~ 7L — b % H\»C Resample LEL %17 )

Affine
Transformation

Template Images

4.1: Resampling JLFH

- 12 —



4.2 Segmentation: 7L

Extracted Tissues

Resampled Image Tissue Probability Maps

4.2: Segmentation WLE

4.2 Segmentation: HEl{t

PR T O B RERAL D 560 B EIE I X BN 2 B 5 729012, MRI {5 o 53855
(Segmentation) (ZIEH ICEELZLIHO—>TH ), X4.2 12773 & 9 7% Tissue Probability
Map &\ £ R L NVEHEK T L DR~y T2~y F 0 7S MENHEZEIC L - TE
W57 SRR - B - BHES - AR - B KRR IZ 553 5. Segmentation AL
HIZLLFOTIETHF NS [6]:

e Resampling ALEE-CHE A 722 DB,
o EMFEADRETMETINVIZE 5T, KR LIVORERSMERI L, % RE.
o [IAZE % H T IMEAL O FHIE % Resampling SLEE I F 5 6%

4.3 HRESEIE I EDRENL

Tissue Probability Map (2 & 5 &, KIS LA TL OB TE 2 nwzofrk
WAL OB AWNEE L 22 5. 2 2 THREMFZOE CER I N, MEEZ ~ A 7 LA IZ

Lo THI L, MZE#EiEsE9 4. AW TlE, IBASPM(Individual Brain Atlases using

- 13 —



4.3 BEREHEI & o5 EIL

4.3: Brodmann Area

Original :https://commons.wikimedia.org/wiki/File:Gray726-Brodman.svg

Statistical Parametric Mapping) & Brodmann area (2 & - TEF& S 1172 I fH IS C 4 E AL

AT, SWMEBO~ R 7 W§AHIZ1E, WEFU Pickatlas Z f#H3 % [7][8].

4.3.1 IBASPM — Individual Brain Atlases using Statistical

Parametric Mapping

IR 7 & 7 = 7 o SPM(Statistical Parametric Mapping) (2 & > THBIZEFRK S
Ty ¥ U FFET, BEHIFENREEIC BT 5 55% % Registration WHE X — A TfT79H 2 & T,

SRR ERIICERT 5 2 L ATED [9]

4.3.2 Brodmann Area

1909 4F | ZfEH 2 RS 12 2D W OBk RE 2 [X BT & % X 9 12, Korbinian Brodmann (2
Lo TAB S NMIHESE~ » 7 Th Y, KB EE 47 DRA LFRICHE L2 b 0TH
2 [10]. ARIFCTE, SMIOHEEESET, GRS 27105 LT 5 B8R %
RAD.

— 14 —



55 &

NIi?

BT EF

5.1 Convolutional Neural Network (CNN)

Convolutional Neural Network (BEHAARZ2—F )V Ay b T—2) 1, EEGEHZIIL
O, BAGREI A7 B TERBERBRNPTREZ=2—F VA FT =0 Thb. R
513 1980 AU N D2 B AR OB AR 2 2B £ 7 VL L 72 Neocognitron Z# 2% L,
Pz LEE e UCORBEIINE T V2R E L7z [11]. 2 @ Neocognitron % #filid ) 7 |
R L7235 7% Yann 512 &> TIRE S/ CNN THh 5 [12]. CNN iE Neocognitron 0
BT A RENRIEIC X D AR L o THlid ) FBEEZFEHL T 5

5.1.1 EAEE

CNN (B R L RRAIE D 2 o O SN THB Y, FEILEIE AL 7 — % o
P AL T 2BETH ), EENOBSHEBIZB W TN AR EELT 574 VY
% T % B HAHIE (Convolutional Layer) & &l mf@OFER % L ) ALR 25U
5 72O\ R K7 & CRAT 57— 1) » 7T (Pooling Layer) @ 2 D72 HAHL S 1,
SIFT(Scale Invariant Feature Transform) 7 & O JRFTH O FTE & BARMICFH Ul TR
AT 7 5~ v 7" (Feature Map) & L CTHT % [13].

ARBIERIE, SRR THI L2 Y Y TR VT, BEMAEN 2T OB TH 5.
MEEH O ) — FEXRTa2#iE L72ETH 52468 (Fully Connected Layer) (2 & o TH
o~y 7O EEROMNBANGERT 2552177 ). CNN OEAMEZN 5.1 1217,

— 15 —



5.1 Convolutional Neural Network (CNN)

/ ..................
| o

Feature Map

" Feature

5.1: CNN OF:A M

2#1A#E — Convolutional Layer

B 5213, BRARBIZBITL 74 NVEUHERS. RO L) ITHEE S«S OF v 4
VL C O ATTHES (Original Image) 128 LT, 74 V¥ 2 E2HRACUIEEIT2 . U,
— R R EGLIET D 7 4 vy s LT, e FEll, Ty VBT 5 & EIEARMIC
FLThs [14]. ANEBEOET ¥ R IVIEBEDT A XD T 4 VY ZEAAKR, EFT ¥ U
DEHAHFERZMAET 5. 2D-CNN 06, ZOFERKRIT 1 F v A VoligEz &
B, B T uip 37 40V % wie((i,4,k) € [0,L —1] x [0, L — 1] x [1,N]) £&#< &,

N

uijz E

k=1

Z qukwpi,qj,k] + b (5.1)

(P,q)EPij

DEHIEET D, £72, Py ZEGETOETE (4,5) 2 THRET D% A4 X L x L WFEOIES

HIHTH 5.
Py=[Gi+7,5+7)=0,...,L -1, =0,..,L—1] (5.2)

T2, AV NI ORBADNEZMEIEL20IC, H—ANVIZIDERABMHIZ L5
THI S 2R~ v TIEEALBI B (Activation Function) Z @53 5. THIZ XD,
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5.1 Convolutional Neural Network (CNN)

Original Image

Convolution Output

:
:
:

/
// ﬂ Feature Map
P ﬂ g New Pixel Map
/{ 0 ﬂ [Feature Map] Activation
}{ 1 S ‘ Function
2
galga g
o5e et o
\KC}/SIHI ’l
C

5.2: fiiEHiABIE, HiE Aol A LR

LR TP TS 2 WM FRBERIH 2 28 55 2 LA HEIC & 5 [14]. ABFZETI,

ReLU(Rectified Linear Unit) B% %z EIZHW 2. ORI,
anet.u (¢) = log(1 + exp(x)) ~ max(0, 2) (53)

W& EEIC RN, WERTEATTREE D, F72, max(0,z) L) BBOMEE, £
COMEN O DAN—AMT) - ALY, dv T — 7 BEPASN— ARl E b,
MICE o, BEA Y M7= 271275 THMEIERE TS 2700, HE OB
F AR RMESIHITE 5 [15]. M EOFHEIZE o T, AMOZETIZBIT 2 /AT 7z
MRS EALAICL > TEHLTWDS,

7—1) > E — Pooling Layer

TN TETE, BAARBTEMINIFEH~ Y TI2BIT5 7 4 VY INEDERE—
HIETH 2 LT, HENICBIN L FEOBM/N e ZALICK T 2 AN E M E R 5 2 L2 HIN L
LTwa, 53T, 7=y 7REOBZEL TWD, ERARED ST S N2
%Y TO—EROFRNIZH LT 1 DI F LD MBEEITRH). HIOLIICATA K
sE2ICHET D E, TV YITRBIZEoTREY Yy 7OW A XD E512% 0, Mz LD
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5.1 Convolutional Neural Network (CNN)

Convolutional Layer

Output
1 5
2| 4 5
113 Max Pooling 7 |13
7 | 1 1 2

5.3: 7=V Y V)&

MR FHT LW REL 7 5.

T=) I, FIZ200HENRH L. 1 20idd HERNOMIIOFE E IS Y T —
1) » 7 (Average Pooling) T, &9 1 213H 5 HBANOE T ORKELZWNLHRKT—Y) ~
7" (Max Pooling) 3% 4. THHIZE o T, HROEMEZITR ). oBEAARBERLD
T Y TREICAFET BN A=IPFIEL B\, 2Ok, T=1) Y TRE» SOOI
HALBIE 2 B L 2 WO — M Th 5. AR T, —KOIHBEOR LTS 2%
K7—=1) v 7% FIEHT S [16].

248 — Full Connection Layer

BAARIGE 7= ¥ ZIIT, i - G S SRR TR R T S 1% 38
SEThHL, BEENO ) — FT_TEEELEBTHY, BEE7—) v ZBOMICE
BEND., SREOREO RT3 2 LT, S8 - [URRIE . L ORI R
RIS S S, SHERIEE Softmax BIAE IV, EHRENIES T AD ) — FITH
SBHAED M TONB M E 5%, ERMERERILL 27— 5 Of, Logistic MHZ
V52 LT/ — K 120 S BIREEEASEI S 5 & 5 ISR S D [14),
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5.1 Convolutional Neural Network (CNN)

5.4: 3DCNN D& A A AHNLE]

5.1.2 3D-CNN

— A ONN IE 2 RGO 2 MR L= —F NV hy T =7 DR E L TWwA
25, [17] % [18] @ & 9 1B T — 5 Oy, 2 KITHE+T L — A0 3 WTCHER E B, %
72, 7 L— LB OHEHRICIEBEARMEYND D, 3 RITEM CTHEEETT A2 ZEPRETH L7:20,
2 WICHIE + 1 WITOMN I BN L 72 3 RITD 7 — % 2 /R IZ L 72 3D-CNN 12 X 5
Ednx AW R SN TN 5.

5.4 12, 3D-CNN 2B} 5 EHAAAMILETRT. 3 RICOBRART — IV & x,y BO
2IRITTHFNZA P TA FLTWE, REORIIHBE TEAAAZIToZHDE, FRolz 2 Hl
LIRTCDOFINZA N TA FLT, F7o o,y OHANIEAARLIEZ (T2 9 (30 5.4).

AFZE TH W% MRI #&EH &IE 3 RITOBERT—F TH Y, ERLOICHT—% LR %
D, BRICOEZT =8 ThHb720, 3 RITFITZEH TORBIMM P IFEICEHIEII R 57290,
3D-CNN % i\ 7= g O IGEST 5,

N

Wik = > | D TpgrkWp—ig stk | + b (5.4)

k=1 (paqar)eng
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5.1 Convolutional Neural Network (CNN)

5.5: Dropout

5.1.3 @FEHIEEE

Za—=F Nty bT—=21F, ZOERBNOEI PO T - HEEICHEE L Tk
O, FERT— T HREIIERITE D, RKAOT— 5 I3 nTE Ry, BYE
RpIERIT. ABFZRIE, B s £ L O OBERE 2R T 5 oI LHERED L H
ThH), BRITT—FD72ddy bT =2 05F50/87 2= F B BRI ) @FE 35 L

RTWERHETH L7720, ZNUTHIET 5720 DEIEIZOWTEHIwT 5.

Dropout

Dropout #1d, M55 DEHIC=2—F Nty NI =7 DEFEEDOKZEIRY 7 T DHhO
J = RS L CHEBEIT) HETHA, ZHICED, 2y NT—o 8D — FIZK
FL7RERIZ R 0ICL R, W E L2 ED3CTE& 5. 72, Dropout i&, /—F%
BN L CRE RO v M7 — 7 ZEBHCEE 2T JTT v v TR LR,

LTEY, HE, &, XEOHMD ) FE BV TIULHBEOm LB S hTw b [19].
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5.1 Convolutional Neural Network (CNN)

Internal
/I Covariate Shift
P(x)
Only

I Pooling I

Activation

Convolutional
®

¢ Keep
/\ feature distribution

®
P(x)

/N

/| s

5.6: Batch Normalization BEZ

Batch Normalization

B 56 DL, W hole=Za—F Nty FT—2712BWT, BhgLiFE KT
DANERDO AN T LI EDboTLE)MEDPDH L. ZOBHRE2NEELET 7 b
(Internal Covariate Shift) &FFUY, 54 OZALHFFE EJE R DI, & - 727 N8 3
LI EHHEE R D, BRI, BRILT -5 T, BRLZANTHANPRERBLRERL. I
% #IH5 % O 7% Batch Normalization Th 1), FEDOATIT— ¥ 2 iEHEfL L, NHLLEE
I BRED A XEWHNIL, T OREN L ARD A% FEHT LI LN TELMAHMAT
& % [20]. Batch Normalization 7 )V TV XA TI, DLFO L )23 =Ny F T &I ZIEHL
1779, 5.5, 5.6 T, I=NvFOT—F O, SiirEL L, 5.7 TIEB LA T
). FDHh, FENRGA—F v L BEAVCT, A= IFBIFYT NETRD. Th

I2E o, BENBOMD s IEEY 7 b9 52 L2 HHIL TWD

= % > (5.5)
=1

— 21 —



5.1 Convolutional Neural Network (CNN)

1 m
op=—> (vi—pup)? (56)
i=1
A Ti — UB
£y = ———— 5.7
\/‘7129 + € ( )

5.1.4 HEEIRIEFE

ONN (ISR e L B0 BE L C 2Bl CTh 2720, HHksHTom s,
CNN O#BNIEF G LT 25~ v 7 (feature map) * S5 5 FEPRESN TV S,
AHFZETIXLLT O Fi: % F v CRfgE O & OFAL % Fv T CNN 25351 L T 2 2 & 5
T5.

FRREE D H A DEE(E

FHEHFEH CNN ETNVOKELRARE - 7= Y ZREOWINE, ATTHEGIES L CRRENC

Bz SR~y T o Twnd, TNHDORH~y 72— vy 7R
HEE G T B FEPRESI N TS 21]. £OHFT, KiFZETIE, S5
Yy T Rb— by I CERINCA BRI ity .

Grad-CAM

W E O~ v 7L, @Al 7 7 AR S ATITEMRD B & EHAKME - T—1) »
JER A I CEMEAL L 2S804 TR ST Wb, 20720, i~y 712X > TIEAR
IR 25BN L6030 5. ZOREICH LT CAM KU Grad-CAM 23R ST
% [21][22][23]. 5.7 12 CAM K UF Grad-CAM OfR a7~ 3. CNN ORIl 6 H
T ENLH#~ v 712 Grobal Average Pooling # #1725 2 LT, 47 7 A c DFHHICE
WCHEER=Z 212U OEATRATHILEDPIRETHY), TO=2—10 |2 ReLU Bi% %
AL, AOHNZHIMTHZET, 7T A clZBWTHEOFMBOHT L ) A E R
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5.2 Passive Aggressive Classifier

Classification

Result
Feature Maps
CNN Model
Backprop
Gradients

Grad-CAM

5.7: CAM & Grad-CAM DR

DI ERB LI~y 7HERTE 5.

5.2 Passive Aggressive Classifier

ERLTH AN ONN 70V & N— 2 CEEHEEE T VOWRLFFMT 5. FElidRe L
T, Support Vector Machine(SVM) 73 2 55705, /Ny FHEH TOFEEDHiRE 2> T
Vw5720, MRI F—% D L) BERTTY ¥ TVEOEZWEETF— 5 TlE, A€ ORE
HRIZ L > THEMST 2 2 EPRETH 5.

Passive Aggressive Classifier(PAC) (£, SVM 2SEAFEHICH VA~ — Y ViR kL%,
Ny FEFICL o TEPIICERT2%B 7V T) XA TH D [24]. ¥ 5.8 12 PAC OFH
WP %R, 2 7 F A43%H (binary classification) D36, FET—4 % bfr, BT NV %
Yy € +1,—1 LEFR LA, 7EMsign(w-x) 2o ENFFICEoT2 7T A
SEAFRS. sign(wy-xg) =ye £ EINIT— T y(wy - xe) FTEERBD 1 BLED
=V Y ERENTAZETSVM OV =Y YIRKIEDIEVET 2o Tnd, Y=Y YD 1R
WOWE, FoNy FTHEET HIEIL, hinge HHAMEEIZ L > TUTORD L ) I2EHKRS
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5.2 Passive Aggressive Classifier

NTn5b,

INPUT: aggressiveness parameter C > 0
INITIALIZE: wy = (0, ...,0)
Fort=1,2,..

® receive instance: x; € R"

® receive correct label: §, € sign(w, - x;)
® suffer loss: ¥; € max{0,1 —y,(w; x,)}
® update:
1. set:
__
Tt = 2 (PA)
. 2
7, = min{C, IIx:IIZ} (PA-1)
2
T, = PA-II
E ez oo (PA-ID

2. update: Wi q =W+ T,YVeXs

5.8: Passive Aggressive Algorithm OHEZE

SCRK [24] ORI 1 % BE VB

U(w; (x,y)) = { 0 y(w-x)>1

1 —y(w-x) otherwise
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56 =

NIi?

WTEETIL

KETIE, BHEET A7 I TAHEEETIVOFHEMICONTHERS, 2 RKITE 3 RIT

CNN €7V, Dropout %> Batch Normalization Z#H L 72E 7 )V ZRGET 5.

6.1 2D-CNN EFJ/L
6.1.1 3 XRTMRIF—2~DiEH

#H 2D-CNN TlE, 2 &IcHf§Ia L CEH S bAY, RIFFETHW 5 MRI & 51X
Z3IRTELT—F Thhbd, b 1KRITTNEF ¥ ANV ELTHR, 2KRITETOERARE T
79, MRI E{EO 2 WICHEFIZIIHIE Z & 1T OERRH ),

horizontal (KFUrE): BAN L CTHUE P17 2 T TAD
sagittal(ZRIKMTE): H K% /oG 12089 % Wik
coronal (FRKE): JIKENZTEEIIZZDY, B Rz FIRIZ5E]S 2 Wik

PI6.1DEHIZINE 3Oz & L7z 3 /8% — > OHffEds 2 E L 72,

6.1.2 v bT—U8R

6.1, BEEL7-A Y P — 2 E R LT, “Fixed Filter” (&, 8D MIAA
TANE DR PERABRT —INVDHF A XL T =) v FHBEFEELIZETIVTHY,
“Down Scaling” (I ATBIZHWEMAKE, T—1) v IFREBOFHBEELRKE L, BB
WL DOHEE /NS LTWAD, K61 FOEIAREMRIZH B LEOFMEIZ T 4 V5 OFE,
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6.2 3D-CNN E£7 )V

Slices as Channel

" /

S

6.1: FWHERIZHBIT S, 2 RITERAR

1 0f
Coronal

BOBAEIE T — AN A X s, MBI, M - BYEHEE I B0 5 08I Softmax
BB % AR e E 12 B 1 2 MR TEIL Logistic BA% @ @M L T\ 5.

6.1.3 FHEfENREHGE

X 6.2 I2&ETVOFMEOHIMNTHZ RS, F¥FEYA7IZBWT, T—5ty b
Br—% BEET—%, fHMli7T— 71258 Twb. ETIVOBEIFERT— 7 2 Hwi-E
TN DFEE ERGET — % % F\V: 72 Early Stopping % &£ D/37 X — ¥ FHIZ L > TiTbiL s,
Sl 7 — 12 & o TH I E 1172 Accuracy X Mean Squared Error % & OFHIifE % € DET
VOFHME & LTl E 177 9.

6.2 3D-CNN E£5FJ)L

3D-CNN £7)VCiE, ANMEZ 3 R ED LI ANTE 20T, MiEEZOIRE REF
L72F REGREI DR L 2 57280, 2D-CNN O X ) IZA T 1 A% EHAA THE T %
ETREDPRVOT, L) EREEFEEET TR VBEN L2 TE 5. 3612, 1M

J&% 3 RILZEM TEHTE 5720, CNN P HWES 2 M) L T2 EA & s & o fE
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6.2 3D-CNN E£7 )V

#6.1: v bT— 7K1 — 2D-CNN

Fixed Filterl Fixed Filter2 Fixed Filter3 Down Scaling
Conv1(Filter, kernel) 10, 5 20, 5 30, 5 30, 5
Activation ReLU
Poolingl Max(6) Max(6) Max(6) Max(4)
Conv2(Filter, kernel) 10, 5 20, 5 30, 5 20, 4
Activation ReLU
Pooling2 Max(6) Max(6) Max(6) Max(3)
Conv3(Filter, kernel) 10, 5 20, 5 30, 5 10, 3
Activation ReLU
Pooling3 Max(6) Max(6) Max(6) Max(2)
FullConnection 3000
Output Softmax or Logistic

M REZ Db 3D-CNN OKE 2FHTH 5.

F 7, BIEfZE L LT Cole 5@ 3D-CNN |2 & 2 4E#HHEEE TV [25] & N— A% A
TLICHNEEEELZETVEH VS, £6.312Cole 5Oy M — I ERT. #
MR OB R RIS 272012, &7 =) Y TRBOBIZEARARGOHE#~ v 7Ok %
2 fHIZ LT3,

6.2.1 XxXv bT7—U18K

#6213, MGEEL72A Y FT =7 Hifiz/R L TWwab. 2D-CNN & & & & [FAHIZ “Fixed

Filter” & “Down Scaling” TH§, L T\ 5.
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6.2 3D-CNN E£7 )V

80% of All Data

Training Model

Dataset .
Evaluation

|

l Average of Scores

) @

Test E

Dataset

20% of All Data

Score of Model

6.2: Neural Network &7V D&M /51
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6.2 3D-CNN E£7 )V

#6.2: &y b7 — 27 — 3D-CNN

Fixed Filterl Fixed Filter2 Fixed Filter3 Down Scaling
Conv1(Filter, kernel) 10, 4 20, 4 30, 4 30, 4
Activation ReLU
Poolingl Max(8) Max(8) Max(8) Max(6)
Conv2(Filter, kernel) 10, 3 20, 3 30, 3 20, 3
Activation ReLU
Pooling?2 Max(4) Max(4) Max(4) Max(4)
Conv3(Filter, kernel) 10, 2 20, 2 30, 2 20, 3
Activation ReLU
Pooling3 Max(2) Max(2) Max(2) Max(2)
FullConnection 3000
Output Softmax or Logistic

#6.3: v M — 7R — Cole’s

block No. Archtechture
1 Convl1(8, 3) - ReLU — Conv2(8, 3) - BN — ReLU — MaxPooling(2, 2)
2 Conv3(16, 3) — ReLU — Conv4(16, 3) — BN — ReLU — MaxPooling(2, 2)
3 Conv5(32, 3) — ReLU — Conv6(32, 3) — BN — ReLU — MaxPooling(2, 2)
4 Conv7(64, 3) — ReLU — Conv8(64, 3) — BN — ReLU — MaxPooling(2, 2)
5 Conv9(128, 3) — ReLU — Conv10(128, 3) — BN — ReLU — MaxPooling(2, 2)
6 FullConnection(3000) — Output(Logistic or Softmax)
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5T E

NIi?

HEERER

7.1 RIHETE

KT, HEETIVICBUT B MG 2 V2R EORRERT. EETNIZBWT
95 %A EE DFRBNZDSBEA S L7z, 2 RTTHR O W b & IR S b
728, FHIRT ORI RERIEMAHEIET 2L £ 2 5. F72, Ay T —27 ORI L 545
BEOZEABR N i, HHHEEICHS T 2 WM R AT 2 L 52 5.

F72, IKHERDORE WA RE R 7.2 18T, IREEE S O A THEBE TV 2K
U785t 80%FEEDAHEAHER S, SMEIR L D 10%BERNEIlWAT 205, B
ARSI Sz, SRR LY, HEEFRLEMOKE S LSO BHT R EDSIK A E 5
WHTETAEEZ 5.

3D-CNN % v 72854 o 2§ % H v 72 W HHEE TIEER 7.3 1R T £ )12, “Fixed
Filter2” Tid 97% & m\v k)= 2 51l L 7225, o€ 7 )L Tld 2D-CNN % W86 &
BT, #10%I% EFMENBAL LT D, BIEOMAOERE LT, 3D-CNN OF)H
INT A= F IR ECHG L TWDEEZ L. £ 7.61%, 5-Fold KEMGETOE
Fold D#ERTHAH. RT6HVRTEBY, RMLETIVTH 90% %R 5 Fold £ F v » AL
NV TH D S0%FEEEDFRFZD Fold 23@Hl S 7z,

72, RT5I1RY. PAC 7V TOERMEGOREHIL 88.4T% TH-72728, 2D-CNN

0" 3D-CNN Z v 2 Z &8, @R L - 53RO EDHIZ B W TENL TV
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7.1 MERIHEE

F 7.1 RS HERHEE — 2D-CNN

Fixed Filterl Fixed Filter2 Fixed Filter3 Down Scaling
Horizontal 90.47% 94.31% 94.29% 92.91%
Coronal 97.00% 95.93% 95.63% 93.75%
Sagittal 92.96% 89.73% 96.50% 96.00%

7.1.1 3D-CNN DOEFIC & B &

£ 7.71%, 2D-CNN 0" 3D-CNN @ “Down Scaling” €7 )V TOKBOHIIH 1 X L Hi
LA L TWB/8T A= HEIRT. H8T A — & HH 2,585,012 @ 2D-CNN & [z L
T, 3D-CNN O#/37 A — & B 152,582 L URHIK SN T WL 720, 1 DD/8T A —
BB RELKFGT LI EDNERZOLND.

T/, ETNVOWM T 2 —% & K-Fold Cross Validation Offl A& b A ELEIC#2E S
N5, EFVOREIZKRESEDLLEER L. £ 7.813 K-Fold THHIT 2BOMAE
bEERIRETHHEHO Y — FEETEE L7 5 /88 =V Tiio72v 32 b —3 3 Y OFEROKE
#ERZ=THAH. “Fixed Filterl” X, HEFEEIVNS S Ro72hs, ZOMDOETIVIZ
BWTIE—ED Fold Tl 20% L FOFRENSHE L AR E LR D720, T—FDIEHO &%
BERHIC B A 5.2 5 L %2 5. AT, £7.9 TIEL,CNN EFLVOMIEERD > — FE
EELZEDDETINTI o7z 32l —2a yOEREOERFEETH L. Fold DI A
ADbEM “Fixed Filter 17 3R, HERZEIVNS R o720, OO E T IV

fELZ & > THRERFMATR & <2ALT A HIMA R 57z,

71.2 BLEICHTRIEHy T

Mo 520 5, RO TR T H 2 & ZHIET TR L7z, KRETIE, MWHHEEICS
AR~y TEHEALT S 2 LT, FHEIREOKR S S 2 B 5.
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7.1 MERIHEE

F 7.2 AR MHRHEE — 2D-CNN — JKHE

Fixed Filterl Fixed Filter2 Fixed Filter3 Down Scaling
Horizontal 83.42% 82.62% 84.51% 85.32%
Coronal 83.95% 84.76% 84.78% 83.98%
Sagittal 79.33% 80.43% 82.33% 83.69%

F7.3: Ak MEpIHEE — 3D-CNN

‘ Fixed Filterl Fixed Filter2 Fixed Filter3 Down Scaling

Accuracy ‘ 80.14% 97.01% 80.51% 70.51%

FEEDHT

B 7.1-7.6 135 17— Y 7B L FERDOB LOMRIBIIZET 558~ v 72 &
RLEDDTH L, BB TELZ LM~y 7RG L TWw5 5, HEIEEEICBWT, BL
R T ARBOTEIE Y 5. E72, HORE BEFEFES) & WO BT B G A
BmWZERS, HOBREHZT TER L, MOMEICREPFET 28E2 5. MB.1 -
B12 I 2D T—1) Y FRBIZB T2 H RO~y 7R RT LI, Bk T
POSTREE DWW~ v TR 5720, AR BIFERIZ L > T, BRo@ir»trbnT
WhHEEZD,
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7.1 MERIHEE

F T4 R HRIHEE — 3D-CNN — JKHE

‘ Fixed Filterl Fixed Filter2 Fixed Filter3 Down Scaling

Accuracy ‘ 83.71%

77.47% 68.17%

78.55%

72 7.5: 5-Fold ZCEMGEZZ & 2 PERIHEE O — Passive Agressive Classifier — Whole

Brain

‘ 1st 2nd 3rd 4th 5th ‘Avera,ge S.D. S.E.

Accuracy‘89.19 87.84 88.89 83.56 92.86‘ 88.47 3.333  1.490

3 7.6: 5-Fold RZEMGEFEIZ & A HERIHEE DK SR — 3DCNN — Whole Brain

Model 1st 2nd 3rd 4th 5th Average S.D. S.E.
Fixed 1 97.30% 94.59%  56.76%  94.52% 57.53% | 80.14%  21.023 9.40
Fixed 2 95.95% 95.95% 100.00% 95.89% 97.26% | 97.01%  1.769  0.79
Fixed 3 98.65% 62.16%  51.35%  93.15% 97.26% | 80.51%  22.115 9.89
Down Scale | 58.11% 54.05%  51.35%  98.63% 90.41% | 70.51% 22.240 9.95
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7.1 MERIHEE

% 7.7: Down Scaling T? 2D, 3D-CNN 7 VO A4 X & /3T 2 =4 H%

2D-CNN 3D-CNN
OutputSize  Parameter OutputSize Parameter

Convl | (252,252,30) 138,780 (253,253,182,30) 1,950
Pooll (63,63,30) 0 (31,31,22,30) 0
Conv2 | (61,61,20) 5,420 (29,29,20,20) 16,220
Pool2 (20,20,20) 0 (7,7,5,20) 0
Conv3 (18,18,10) 1,810 (5,5,3,10) 5,410
Pool3 (9,9,10) 0 (2,2,1,10) 0

FC 3,000 2,433,000 3,000 123,000
Output 2 6002 2 6002
Total 2,585,012 152,582

7 7.8: 3D-CNN (2B} %, % Fold TOmkhlZ DI R

1st 2nd 3rd 4th H5th

Fixed Filterl | 5.2%  2.0% 43% 2.9% 3.5%
Fixed Filter2 | 15.6% 19.6% 14.1% 26.3% 2.5%
Fixed Filter3 | 16.3% 19.5% 3.7% 18.5% 25.1%

Down Scaling | 21.2% 18.0% 6.4% 21.2% 18.7%

#7.9: 3D-CNN 2515, ETNVOMMEY — NMEZ & OB OIFEERE

1st 2nd 3rd 4th Hth

Fixed Filterl | 3.1% 2.1% 4.4% 43% 3.1%
Fixed Filter2 | 21.9% 15.9% 5.4% 27.8% 17.6%

Fixed Filter3 | 24.7% 16.5% 2.0% 2.1% 18.0%

Down Scaling | 18.8% 22.2% 17.4% 7.5% 20.1%
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7.1 MERIHEE
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7.1 MERIHEE
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7.2 il

F7.10: R FHEE — 2D-CNN

MSE/MAE | Fixed Filter]l Fixed Filter2 Fixed Filter3 Down Scaling

Horizontal 10.88/8.57 10.70/8.70 10.90/8.70 11.20/9.08

Coronal 11.74/9.52 12.10/9.54 11.13/8.87 10.78/8.67

Sagittal 10.80/8.76 9.87/7.86 10.06/7.89 9.09/7.08

Grad-CAM

7.71%, Grad-CAM z= W CTH~y 72 \RAL LR TH 5. &0 TR
(2, HORZE SICRET ARG L0, MES RIS R 5. £z, Sagittal
& Coronal 705 (&, WEREOLETES 2 M FLLE 53 12 & M EE 2% f B S Bii, Horizontal 2»
AL FRBAFR I S R 2 RS BN 727200, i IZ B W T IS OFMMICHE TR Z 2K
FEPAEST 2 28T, MR HEEP TR THLEERD.

7.2 FHHETE

£ 7.11 12 3D-CNN TaNi{§ % %8 L2 7V COERMIEEOBRERT. B~y 7
DOBUZBFR7 <, MSE Tix 10 %, MAE Tl 8 EEDMRETOHEEEL o7, ZOKNK
ELTC, 78 TRLTWA LIIZ, FHMEDGARA 50 - 60 O HIPH T O AHEEL DI
THY, ELPNEMITKFICEW2S, ME» %, PFEEEZEN L TWwEETFTIVE 5T
5.

Cole 5D &) BAERIZH L LRWER E LT, KR THWZ T — % O4FEE57AG A5 40 -
60 XA 90%LL L% (EOT WA 720, ZEOMOERED T — & B NETR ST b L&
2B, DD, HBERLEELT, FRBOSMAEEEICTLIENERINSG.
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7.3 BAEEHEE

F 711 AR FlEE — 3D-CNN

‘ Fixed Filterl Fixed Filter2 Fixed Filter3 Down Scaling Cole’s

MSE/MAE ‘ 10.84/8.68 10.20/8.20 10.76/8.68 10.76/8.68 15.53/12.33

7.3 BUEEHE

F# 7.12 12, 2DCNN TOBYEHEEDFER A RS, “KEFR OFEN, &7ty FO
54%% HOTWAH 2o, BHPITATELT, MT9ITRT LHIFET— % LGET— %
TOWERD L 57-0, BUEHEEIZE 59 2 RFTHAFEDI9WEE 2 5.
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7.3

WA 4
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7.3 BUEEEE

--Accuracy ---Val_Acc

=
N

P

=

o
(]

Accuracy
=]
o

0.4
0.2
0

0 5 10 15 20 25 30 35 40 45 50 55

Epoch
7.9: AR FEMEAE — BEHEE — 2D-CNN
£ 7120 fR: BUEHEE — 2D-CNN
‘ Fixed Filterl Fixed Filter2 Fixed Filter3 Down Scaling
Accuracy ‘ 54.34% 52.43% 51.96% 50.00%
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58 E

NIi?

Brodmann Area pllDHETELEER

AETIX, Brodmann Area T IZKHEEY A7 AT o 124G RIZOVWTIRT 5.

8.1 'THRlHETE

8.1 12 Brodmann Area T & OHERIEEDH R Z /RS, F ¥ ¥ A LN 57.26 %l
LT, %% R R TRkl T RE 2 SHE MBI S 7z, K81, TS DELD
Brodmann OB E#HEHF 5 & HERHEF, TaelconTE e s, Fi, 8% - FBANCH
D BTG (BA: 9 - 12, 43 - 47) RHE - WEs 4 212 Bb 2 WG] (BA: 20 - 22) TS
AN RECH o7z, D0, TNOLORAETHELMIENDTH L EER D,

14 - 16 HE O L9 5 F v Y AV NUVREREOBRIRIZZR 52T 7V T, FHEDETH L
270, FHEPPHEL T ARnD, SIS L2EE OTBIREEITFELEWEER D,
8.2 |21& Brodmann Area 27 #HE¥f TOFHMER 2R T

8.3 I3 Brodmann Area 27 OELTH 5. T O & ) IR CHEEFIIARK L LT
NS, HEPICER 7 2V L AFEES CNN 2 X 2 BT ot 2N E$ET5H
HIENEZOLNLIZO, L) MWD EWIRGERESE 52, ST [26) D &9 %
Super-Resolution & W7z BRI HEAM I L D, BEOMEEZR LIELI LT, Ih
5 ORI AKAFAES 2 RFTRFEA I T 2 WS 5.
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8.1: Brodmann Area Z & OTERIHEERS

8.2 SRELMAHFZECHWIEE

— 8 ® Brodmann FEEFIZ2BWT 2D-CNN EFI) T 70% %2 B2 0%28HI L7, 1
DM % TR CEAZEGE THRHEEZITo 2R 2K 8.2 12T, iA=L 83% L IKH
BERELSEDLS WEZ B L 72,
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8.2 EMELMHE 2 THWEE

# 8.1: T5%LL EDREEE

TR BT HEZ: Brodmann Area A%

Brodmann Area

R

faE

9
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20

21

22

24

44

45

46

47

Dorsolateral Prefrontal Cortex
Anterior Prefrontal Cortex
Orbitofrontal Area
Orbitofrontal Area
Inferior Temporal Gyrus
Middle Temporal Gyrus
Part of the Superior Temporal Gyrus
Ventral Anterior Cingulate Cortex
Opercular Part of Inferior Frontal Gyrus
Triangular Part of Inferior Frontal Gyrus
Dorsolateral Prefrontal Cortex

Orbital Part of Inferior Frontal Gyrus

oAV
B FN B AT E)
B G2 R AT ED

RN A B A (4]
AN A B (X

B J2 EE X
B3 A E B4

\:\"‘i

AE#

oy

émj

TERER

==*f.
[=gcn]

Eﬂﬂl

THE) 38 FlE
B E) ORI

R T

¥

% 8.2: EEE 7 Brodmann Area & F\ 72 M RIHEE

‘ 1st 2nd 3rd 4th 5th ‘Average S.D. S.E.

Accuracy‘77.03 95.89 81.08 73.97 87.67‘ 83.13 7.86 3.51

— 48 —
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R TId, B & AB O BB ICHBEAEES 222 e T 5720, MRI##
TEM {50 i b ARIE 2 N OFEETH 5, 15l - AFEGHEE S O & (22 LD U 5 AT
B CH LB A 177 9 ONN EFIVIOWT, SR - K% - (W52 C
Ak BRSO EFAM 2 47 o 7.

ZOREE, WREE T 2D-CNN EF L 04, 2RE{ET 97.00% & &\ ikl 2% % £
DETINAPHEE SN 720, BifEEIC THINCES T 2 BT R EMIGEET 2L %2 5.
F72, 3HEDAT A AMENIEB T, 0%% B L#EHETVPHEEINZLrs, A
7 A AWTH R N FAUCHEZET B 7oA H 2 R E ST 2 52 5. T2, K
FIE 5T 85.32% & BLMIZ BV TUKHE IR EW RS HFET 5 £ %2 5. 3D-CNN %
MW 72556 97.01% & 2D-CNN & RO THRINTTETH 5720, L0 &Rz
<y TCHMINEE Y RIS 2 LD TH L7720, FHHMNOFEICHHTH L EE L
L. LL7%D5, 3D-CNN OERFEEIZEANT MVAEREOERERSLFEH T — 41248 -
T, RELSET @AM A SN, 72, 3D-CNN (F 2D-CNN & [l L CEAREA
L, 120022 -0 Y HFEINCKECHSGLTLE) 20, BEIRY)PAEL L EEZ
L. F7o, REHE - BEREMYIX 43 Cd 4 Brodmann Area @ 47 FHEF % 45 HEF |2k ISR &
T o724, B - ABANCE D ZEEHE, 5 - BB D 2 [IBHIE]C i Ag RE 2wk Bl 23]
RBCTHo72720, TN6 DN K MBI TEREND H 2 &AWt ENRFE D SR T
EDHLEERD.

HERHEE Tld, 2D-CNN, 3D-CNN #(2, MSE T 9.09 #%, MAE T 7.08 % D57 Tk
MITHETH 7278, FHMES L CTHFHMEL ETT L TR EAP R SN L 72OFEBHEA T
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