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Abstract
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Abstract

Compressed sensing and other sparse signal processing techniques have been
applied to various fields. In this study, they were applied to brain informatics
and bioinformatics. In the former case, we made a sparse logistic regressor that
discriminates electroencephalogram (EEG) signals during insight from those during
non-insight in order to extract the spatio-temporal pattern for insight. In the latter
case, we identified the kinases that regulate neurite growth by solving an inverse
problem that models compounds, kinases and neurite growths using compressed
sensing.
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1 U

EEFRHEZEBO TV AERL Y v T EDANA—REBNEIZ, BEDANN—AHET
BbbIECOBEENIETHE I LEREL TARBREMEZE FETHS [14]. %
DI R4 TH 503, KRR TRMERENTB LI AL 7 42T 4 7 ALIGHL
BN D OTHRNT 5,

RAF BT~ DIGAICB WTIE, 06 ZIBE T 2RESH ML 2R 5. VoD &
EPNTY RLHDEY DREEFD3H D F A 72DV THEUNIK (electroencephalogram,
EEG) ¥l L, EEG 852 ANLT 505D XHFIRZHEL 7z, ZDHAFIERIC sparse
logistic regression (SLR) [4] Z Ai\>3 Z & T, SLR OREDMAHEIKE 4 & 2 AITME
MBS ENTRBREEZAILNTES, kD, Do EICEET BREM Y —
vEMHEL .

NAZFA YT APT 4 7 ANDIGRICB VTR, MR OMBEICES T 2BEDMAE
RRAT 6. THIIBERERZHCEBOMEHET -S> oBEL2RET SHET
bY, —RRICEERERZEROBROEAZEET 279, WEoMREL L TERL
ENB, IhErEHELyI vy IEACTRE, MRMRICEET 2BERZFREL 7.

2 RSB ADOGA

05 & EFFRARNCIIFTRREE L HEENROERICELSBEL 3 L EbN TV 5D [7],
RERDOHEILBEFREICE T AMIEB L OB TH 5720, U560 F LHENLEERE
LI FIMBTE T AP0k, ZITARHETIZVSDHELTLITY ALANDHED
DIBEZ/HBHBTF 74T AN, BRI IMEHOERICEHTS L
T, 06D EICHET AEH ORER Y — v 2 I L 72 [5].

2.1 Ak

NLADBEBREIH L TAXFDTF I 7L - TAM2EML % (Fig. 1). #EREICIXH
ENRI-BICAY Vv 2HEE, ZORICELSDAHETRO L ZOETREI Y,
B, #ERED EEG ZHIE L (15 F v ¥ RV, ¥ v 7 VA 200Hz).

FRERCHB NS EEGEE20560X L 7N Y XLMWD DT}, TnoZzsy
FT50502H7%8% SLRICX->THER L, £7, ¥y UyHLORZZKZO0 EL
CH§RSE %2 i 2, 750ms Ai-500ms B, 500ms Bi-250ms B, 250ms Aj-0ms D 3 2 DK
BEPHAZLY. FHERICIBVT, 15F X 2NVDELICOWTEEGESD/NNY F/A7 —
(a ¥ 8-13Hz, 81 % 14-20Hz, 2 ¥ 21-30Hz, v ¥ 36-40Hz) %KD, 180 RILDXZ b
NEANTEL .
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Xl 1: The flow of the anagram test.

2.2 R

BRI N7z SLR DRI, BIEROL /BRI /Ny R3E20 00 2 IclI5 T2 B2 E L
T3 EEZO6NS, INEZRRLAEZDBDI Fig. 2 TH Y, HEF v ZADN—XEDS
all, B, B2, yIEZRL T3,

COMDS, D6DEIHEELTOAKRIEIITEE LT HETHY, AHREHD 02 (HE
D HHIBENE W) EROFND D 5 L BFHARN S,

3 NAAAVTAIT 1 I ANDIGH

MR OMEIC IS  ORSESEIS L TH ), BEHEAORSI X ) HE IOk
ERIFE NG, Ui L —RIcRERHEA M OBEO R & HET 270, Z07—
8905 15 ¥ OREED ENFE MBI 5 2 TR, B2 M22R s &
i3, HRICHIS T 2BERFAEL, KL CMRE HET 5 REHEAOHAS b 20
%T B LDHEEND,

R BRI AR L D b OB, NERRREREE 2%, 2 o CF
it v s v 7RG, MRICHET 3MELFEL - (6.

3.1 A&

COBRRZUTDEICETMET 5, BEREER m Ik DEESE n 2% Ay, 7217 HE
INnsEl, BEE n 3MEMRE o, ZUHMEIE2 LT3, ZOEABRETHS L
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max
0.398285

4 0.0

-0.514346
min

[X] 2: Spatio-temporal pattern extracted by SLR.

RESTNE, BHER m 252 7-ROME v, &
Ym = ZAmnxn (1)

LEXN, - R7 PATERETNL y= Az L WIBBABRR L 45, —RICEFRHE
EHIB M BEEBN LhH/NAX0ED, TNERARREMEBEL 3. Z I CHiBEMHBE
5T 3 EEERIAVETH D LIREL, Bty v FOFEHTCIEBRO, Thbb

min ||z|| st.y= Az (2)

LV ESELEER B 2T 2R, BEn OWMRME~NOFEBERZ RO,
¥, AR CHWLERT — 5 IZEESREEEN 35 B, BR 130/ THY, LR
22# D Vance Lemmon B0 SN — T o RBEE2RIT-HDTH 5,

3.2 #E%R

Leave-n-out %V (Hn=1, K n=2), SHEROBEEE (z,) DOMHEHALZ
%, Fig. 3 DX )izl ote (—&#kE). OB 5, kinase 77, 88, 99, 100 7% EBEEN
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FEH

AERTIIA AR EBNB L2 MEREN B L OANL AL v 74T 4 2 RISHAL -
BN LTz, ZZTORTREOTNS ERBELEL TOuhnkd, ZOFENENST
B THo 2R TE Tk, BE, BENRIEXSEOHEREPATLT—¥I1c X 2
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3: Importance of z, in leave-one-out method and leave-two-method.



