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o, 370 AEAE, & dlolel] A2|ek 4 5, vR FAIR v
G FURE =ofso] AYEIL At 2 ZolA= L Sl Ak
Al
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et A74re] Hlolel HAIo] 2708 Wko] H2e) FRE aetAl
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ENERERL
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> > > CHF2 ClO[E] 7[Hto] k| A1Z T (Brain Network) %71 52 @ Q @ @ ‘

S HaE SpAN Ake] A wheekellA A Y S 1 52 B4 W, AW 5o 2oA 5t H G
] Fo7kL Q)= Fpoloja] opA] & At Kgke] A & 3] $fal =ut Jlell ©]2+= voxel(volumetric pixel)
2 s & AdRolel & 4= ok, gl Al B4 o] SRS W, 2 WHAEHIT] SAHCE v
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ogh pl o] s U7l Q= Asdelch &% 7iG3t A 7HgsaL o] ER | Al 11EaElA AFE o
g oyt AR 715 Ve 2 39 " aERAe W ZEskal oS H Al gl oldll= AlghE 4= Hie
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A 7154 A718H (MR, analysise}il gch ¥FH MVPA
FANYEGTHIE(PED) 55 L] AMZot HO|E= HARZE fojg] & 2ol Toldt= voxelE9)
SHOE o]FAL Qli= QT HY ot 7t E2 O|AFZL| HIOIEIZ  ‘gje'S iz g} LA|HQ o)
Ap 719ke] WA AT} multi- T8 7 A MoRA JAGe] FE sk
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photon calcium imagings-= 58 HO= o|FAal 8ol floJEE T (training set)¥ HIAEL (test
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2RE T 2AS AR 5T 4= QA st

I

1.

r

Y

d

re

;L

CHAO| k| Ak human brain imaging) &7
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Feature selection |_ | Classifier training
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-3 l

| SVM Classifier | =P prediction

voxel 2 value
voxel 2 value

voxel 1 value

voxel 1 value

(3 1) A, MVPA £ 0|28t LdA 2AM 11 B, Univariate
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AAL A A4 (correlation coefficient)
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e A8 At 27] Il ot dA8E
ZAFSE Aol Al AJAFSEe] seed—based analysis®}
brain network analysis@® A3}t S
analysiss= ¥ A (F= 54 949, &2 A Ao

3

A

r

eed—based

IS A - |

A =8 SRS Hol ofol)o] yoxelS seed® AASIAL

-

U, 24
T o ol glom, WO AlEHE AAA s
Sl = Qlth= $HA17) QIE}. Brain network analysist
k] P92 node, Hgt AAAS edger FERAT|O]
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C. 54 7153 AZ4(dynamic functional
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> > b CiF2 HlOJE] 7|81 k

AL 7123517] 981e] multi—electrode array (MEA)
recording©] ©|-&&oj¢kon o]& 0|83} local field
potential(LFP)2 7|28k AL 7 A EZE9Q] spikeZ 7|
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9] tuning curvell A&

43

AMZAZ (Brain Network) 017 =&t
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bladder window_basad trajactory in 30 space

o Bin: 10ms
-os | Firing rate-based
T Explained variance: 98%
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