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4Dimensional Convolutional Neural Network > W=
fMRI 7 — & fietfr FiE DS

Suggestion of the fMRI data analytical technique
using 4Dimensional Convolutional Neural Network
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With along to the technical progress in brain functional imaging, human brain functional information can be
measured easily and this information is applied into industrial products. In our study, the learning system which
can predict human’s status using brain functional imaging information is developed. CNN which is one of the
deep learnings (DL) is applied for the learning system. Since brain functional imaging information consists of four
dimensions (three for spaces and one for time), the DL should treat this four dimension information. In this paper,
how CNN treats four dimension information is described.

1. ELC®HIC

34, fMRI(functional Magnetic Resonance Imaging) *°,
fNIRS(functional Near Infrared Spectroscopy) ® & 9 723z
BORRES A —Y V THREDTGEL, b b OMNEEREE GHAA
RERIHMRE 2o TWB. BTE, MBIZOSETIE, 2ho 0
BTHRONZMNERES A -V Y 7T =5 hOREEA
LZENBBELINTWVWS. MEIEA A -V VI TF—Zh5
t b ORERDPNIL, D D L OREMEBROBW LR,
BMI(Brain Machine Interface) @ & 512, HME&SHE THbE %
fET2ZLREHATEIENTES. LrLERVS, Ik
B A=YV T T—R0 5 NOREEHEE T 5 AR F 72 HE
SMEINTWARW,

Z T, AWIFEOHIIL, W1 A -V 7T -2 hok
FOREEHET D HEERETHI L THS. AT,
IBERE A A —Y v 7T =X 6fHxDe hOREEHEET S
HE LT, BMEESREMAWS. 22T, IMRI R X D2KD
FERE A =Y v 7T —20F, e \nwd 3XouDOMEEIC,
RN - 7 EGFH A VGED T — X L > T0W5b. £OD
728, BEFOD 2 It T — X AOHEMTFE T, 4 RTOREE
T—REZDEEFFHTLILIEIARTETHS.

ARETIE, BHEEBRO FTHS CNN(Convolutional
Neural Network)[Lawrence 97] & 3 IR7t D AS T — X 2%
Jitx & &7z 3D-CNN(3Dimensional-CNN) % B IZ#L5E U 72 4D-
CNN 2ZZ L, fMRI 2D 4 IRTTWEEREN A —Y > 757 —
ZAZHIE U 7 bR E R 2 B U 72 4 ROTD AT 7 — ZUT5d
ST B 720, 3D-CNN IZRFHEE IS Mk U 7= b 247 5 7«
®IZ, Early Fusion[Karpathy 14] £\ 5 FEZHWS Z & T,
ARFTED AT T—RIZHRIET 5 Z & 2 EH L 72,

AREFRTIL, $2FET 5 AD-CNN H* 4 IGTONBERE T A —
VITF=R %M DTV (b ORI ISR Z & &
MEES 5. HHT527—XI, V—F2 7 AR VFE-FETH
% 2 FEEH DS B D N-back ## (N=2,3) KD MRI % i\
TINBEE A A=YV I T =R ThH D, REFEEHVTEHIIL
7= fMRI XBSRE 1 A — > 75 — & % EEE 5 1 O 2 T

2175 28T, RETFHROAAMNZMELT 5.
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2. EREHRDOIHD CNN

EHE, CNN IXHEEMITcRHEINE DT, 77— A
TIZHIELT WA, @H O CNN OMLHL#EEEE 1 1I258S. &
5 —W{HED AT DS, &5 —HROmGIZN L, EEE
D74 NZEWTLUT, BARAGEHBEITD. £F ¥ XILIID
WTHATIZHBRE 7 1 VA DBERAAETo T2, FERZHE
TEIZEF Y ANIDEZoTIET S, ZOZF ¥ FIVDT 1
NRADGE, EF Y IV DAEREZHE TS Z 2 DARETH
5. LT, 1 BHOBAAARETIE, £MOEHRI L D%
HEMH LU TR~y 72 ERL, 2 BHIMIE 1 EHCERR
Ihi-etERE2ECRE~Yy 72 EHTS5. 2oL 3iCL
T, CONN &7 7 —HEROA%EITD Z L BAGEL > T\ 5.

Color CH

R filters
[1]._ Convolution

Feature maps

Color Image

Convolution
Pooling

Neural

B filters Network

1: 2D-CNN

3. 4Dimensional Convolutional Neural

Network

ARTHRET % 4D-CNN 1, 3 WD ZERH®WE K>
AN F =23t U7z 3D-CNN & Early Fusion % F|f L
725D TH 5. Early Fusion[Karpathy 14] &%, CNN %
TDNN(Time Delay Neural Network) & U THIMH T % Sk
D12TH3. 2D-CNN T, 77 —HEEROFS 7=, %
BERPANINEI AT —F ¥y 2V EABE LTS, AT
RETDHETIE, ZOH T —ERAIIS % RRFEHRL
HUZFIHAT 5. 4D-CNN O 1 J8 H OB HAAE DG % X 2
RS, IRE A A =YV 7T —RITIEH 7 — DERM R\ 7z
&, 2D-CNN DA T —F ¥ FIVESIZERRIID T — X % A



HL, ThERMEF Yy xLETE. 1 EHOBAARETAN
INTMBERET A =Y VT —&IE, nxm(n ZRERF 7 1L
Ry bDT 4 NVEE, mIFRRAN T 1V X2y M) DT 1
VR IZEAAABE X N, 1 EHORE= v TITIdeRREH
SHIH TN AT — X OREIEENT WS, 2 EHMR
AT — X DIERFNOHE & O F — 2 DMEMR X h, Rk T
A Tbhd., ZDESI1IZLT, 4D-CNN OEHAAAED
T4 NRDBEEEIZ LD AN T — X ORHEEHET 2 A
AWHEIZ R D EEZX 55, 4D-CNN Oz A FICELES
Titd.

1. 3IRTDERMIERERFHE DT — X 2RRINAR, BAA
AEDEF ¥ FIVIZANT 5.

2. BEF Y RXNVTT 4NV RDEAAALIE T, RE
HEFTS.

3. BHRAAMIIZ L > THELSNERET v 712 Max 77—V
VTR, RTTEEMIT 5.

4. L EZEEED KL, @AHO=2 =1y hT =2
Tinlz247 5.

KRBT, IMRIZHWTY —F V7A€ ) HEO—-FETH
%, REHSE DR 5 N-back #UE (N=2,3) R DKNIET) %
FHIIL 72 7 — R 2 IREFIRC AN U, REHS L L 50 %
Tor. B2I1TRd &51T, ANEIZIEERRIIO MRI i
BREA A =YY 7 F =R AL, KERSIE 3 RoTHE
D7 4N ZZHOTEAAALHEZ T, REEMT 2175
BT, AT — X OREHHEIZ I D,
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4. RHHREEDRIRERTE
RETIE, JEBIEES X —Y Y 7 FETHS IMRI %

Wiz, B DT —F 27 X ® ) HENOINBEREEHI D FEER
FEIZOWTHR 3B,

4.1 EERIRIE

AERRCHA L7 Eian 1%, IEHEEHHIIZEE O MRI ##E
ECHELON Vegal.5 T(HS. A7« 28) &, #ERE ORI
VR —T7 x4 AL LT fORP 932 Subject Response Package
AL, ARFERRITIE, BERBA 29 4 (219 4, 520
&) BSIU 7. RRGUIRER R ERERR - EdaER
FMHAERHMGHEZRE2OEKR DL & T, HBREICHEDOR
%, Al e fHEncHE L, Fmic Lk REESE.

4.2 EBREEFE : N-back iEr8

T—% 27 AE)MEL LT N-back FEx A\, ERT
T4 EK 3R, WERE X 2-back & 3-back DEF 2 &Y
varvOEE MRIFTITo7. 1y Ya gL A 30
B, ZAZ7 :508% 4 FHRVELITS 70y 7 T v O#%E
Thb. VA, #iRE L X' OXEPRRINGE, R
R EMT IR ET 7. ZAIHTIE, A7, 'B’,’
C’,’D’, E’, OXFIHELLT > XL (EMEH 25%I1275
LD ITHAEE) ITRR I N, #HERE L 2-back H* 3-back 2T E
HET2HE, HE2VIKIMEFTOXFE —HL TOWNIEES
RE VB FTNDINIBERZ V2T L ERE2To72. TN
FnoOXFI 0.5 BEERE N, 1.5 WEORED 1 > X —N
VT 7.
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4.2.1 T—FVIAEY

T—FVIAEY L, MOBHRWIES ZATLD 1 DTH
%, LEXEAERY, HEWZ e hOEHITIE, HiRe —HEW
WZEEEL, FH L TCW Z BB ETH S, ZDOHRUED >
ATFLADILET—FUIAEY LR, ZhiE, — B
ReElEhsd, —BNAeiiEE, BRICBRRLZZ 2 P%Y
LiZezaftdsiel, 2hzfids 28 TH5. Zh
ZRLUT, T—FU 7 AV, KkEEALLZTZETHY
TEPRAMOFPEEEZERY, TOFTLERTILROZ &
ZELURT.

5. F&H

AR, TMERRE M X — Vv O F — R B KR ¥ OREHEL 2
DY R— M2z, AAORKEEFHAREICTSZ 2 HRD
S5NTWS. RIFFETIE, BEMFEEZ2HNT, MERET X —
VIT=RINSAANOREEET B FIEERET LI %2H
e LTWwWa., ULHLAAS, MRI 72 ¥ OINEERES A —Y >~
TF—=20%, SMAEELRERIDOAF 4 RO T — Xk L
RoTWb., FD®H, 4RTLDOT — XEED ASNTHIE L7z
KMFERPBETH D, AT, ZOMBIZHLT 5720
17, EEERE AT R EESRO—FTH 5 3D-CNN
%, BWRING X872 4D-CNN 2% L7z, AREEFED
HRMEZBGEET 5772012, IMRI Z2HWT, V—F 27 XEY
MEO—FTH D, HHEDEL D N-back L EKFDMELHE
TNEFNFHEL, RBEFEZHOCCHREES B0 Z1T5.
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