TR 2 O RGBTSR (L Y 2 7 RS

SyRpt IR &

b E OF EVEHEFiEORE L, & EGICBET S5

— BB R TR

ul

PAE LTI

=]

WHIE A

& HRLRFR IR O MR E BHB A I EEF RO HIZ L 2= ETH
DFEEAL & FERRENETREHE S 2 7 L O —

i - [V RT A ¥y an O — T AR OB 3 |

el /LS

Fre RERNEENEN S AT L« A Ao Do —ii5eiE 2k

MAEEE :

MR OBHEME S g < KRBT — Z T B iff OB %E & L C ensemble
learning system |21 2., deep learning system OB 2D, EEDF ) I 7 AF—4
ERWERREEED T, 7 LT & 2 OBBET — 2 X— 2O & L TIEITIFE T
BA% L7y 7 b Y =7 O—@OMLERE(L, @dfk) & Garuda 77 v b 74— A b~

R AR A ED T,

A BFEEM

AHFZEIL, ZhE TOEMEMEIC, R
TAEEFOILRLBELER L
ETHHMEZHEEL, 2O TR v Y
=7 PORRREZEREMICRESELSED
ZEHHBEL TV, FRrIZ, AR T = —
XTI, BMEEO 7 = — X0 h, L0 E
EOPIVIN R =G APNININ ThAS (dt=2 /i =YL i
TR BRI SRR E R O AR T O FET
M Z " & L. OECD AOP (Adverse
Outcome Pathway) & OHEE) M % 5 b 7= fi
Mz B3 %,

Z 2 E TOMIETI. T o BB R OB
a2 PTAT - T =0, AR FHEA
EHR Yy hU =213, KB T—2n50
HWEEITO HFRTh o7, LinL., JE#R
FMETRZIT O 2iE, FENC AR E R RE
ETNVEEL, TOETILE KRBT —
A0 BRHEE S0y A B O Z (k%
PRHG IR U722 3 5 10 K5 O i i T
EITHOMERD D, EHIZ, vUATOHE
B e A CToENe, v 7 AZFIH L
TeEMRBRA TE WAL, En ki
ANETOBEEY A7 % TRIT 200 %
BIRETHZ LN EEMEEZR L TV 5D,

Z ZCARNHFERE TR, EER I E
BT 27 7 b LICEET 5 ET VAR
L. ToX@z T+ 5 720 ol &
BREORREZITO 2L L35, ZHud,

IhETOTa Y2l M, BINCRED
b E 20 B, & OFEE AR AT
T5 VI M TR LD T=T T a—F
LlX, o7 e —FTHY, mET TR
7 2 (Adverse Outcome) &\ 9 A FRE2A 72
fRND, T SEZFTRERIZS 0
EorEWwWH HFiEwmcehs (K1), 77T
2. AETOMMET., ALFWENSZ D
B2 TR 5 H5EIL. —EORBNED S
NTHEY, ZOHEDE b 5 WM LIk
T HMENHDHHDOD, ZDBFET, W
NSO T T a—F EHICBEATLH L
T, RAROfENT R EFRICHER L, FHMN
ERE LT L VREEICT A L
EZ D,

Flo, EHONFWMEOE LR EE 2
52z, Forward Effect Analysis D& T
L. e o _& ¥ —7 v N OHIPHD L
272 % L [RIFFIC, S2FRIC Adverse Outcome
ELTCH#ETAX—F Y MIZEDO T —H
Th D &V D TIERNR IR 2170
EBHEM/R, I, A5 FE TEAN IR
B L CHERN T 7 a—F B +070hH
IMEEFFHIZL Do 2B DO —D2TH 5,
L2xL, EBEIZIEMY 72 Adverse
Outcome FMREIZER T HZ LN TX,
FDOXOMREREZ LT THAH>BIET
R OEET, —EDOMAEDEITRE
TAHZENARTH D, TOMAEEDLHE
2. HHRREILFFEICDTE AL EIZB T
b, TOFHNERIND Z LITFFEFICE
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BThbH, Tk, plzIE, R L7 Cff
b5 Metabolic Flux Analysis(FBA) 7z &£
DOHIFIBRENE S 2 7 BARBES T FiE A, o
HANZFIHAT 2 EWHIA A=V ThdH, =
DFEz %Y EIZ, AOP OH BB D4y 1
HECE BT A OFEE T XR&E T —
PR, 2I0b, HEOEMILED
DL I A % - 7= Forward Effect
Analysis #3795 Z & T, LD hEAyH
OFEOENEAREOHAE TN TE S
EWIRFSID,

Forward Effect Analysis Backward Effect Analysis

-

<
o

,g
e & \>\
Chemicals = g - .
— E >/td vvvvvv
~ E s Outcome
- —
1 Forward Effect Analysis &

Backward Effect Analysis O@l&

ZO—HEDOMBLELT 511X, EE DY 7 b
7T OEENMETH Y . ABFZETIL,
TR —EDOY 7 N T OB

179
(A) AOP #if

Adverse Outcome Pathway(AOP) i .
Pathway D4FEES>TNDHOD, 451
MHEERE Y NU—27 D L)L TO
Pathway Cid72 <. X0 His%me, EHS
RZERN ED X S5l SN b0 %2
b LRy MU —Z{LHERIRR TH B,
zZT, —HEOBEMICE#ET S AOP %
Garuda Platform EIZEBIT5HY—1LTH D
PhysioDesigner TiE# L., 47 1 HtHAAE
x>y NV —7 BT AHEY —LTH D
CellDesigner |Z & 5E7 /L Ll <& 5,
ZIZTHBERON, 5 FLILREIG TV
NILTOED LD BN, AOP L~b
TOEINZEET 2 ONOFRE EBRIETH
%o, AOP L~ LOFLiR2s, AT L
L THDHDT, WK LUV
AL DETILTOFHEZ AOP LY
JNEBE S E 2 0ER S 5H, W,
FHRTEE, vV RAERNLDOE FTO
R ESC~ U A b WA ToE K
TOBHEE % v[HE & 9 2 HiT I — R A
Hiztnctxs,

Adverse Outcome Pathway E#

Organ Organism  Population
Responses  Responses  Responses

Chemical | | RECePIOTLIgaNG | Gene activation Altered Physiolgy | Lethaity | | Structure
he Interaction

Properties Protein Disrupted
DBA Binding Production Homeostass

Macro-Molecular Cellutar
Toxicant pos =

impaired | | Extinction
velopment

BRMECH

Protein Oxidation Altered Altered tissue Impaired
Signaling development/ | | Reproduction

\ — function e |
N ‘ ‘ )
. I = = > \
E

= —

e

I CellDesigner Model ‘ PhysioDesigner Model |

o . BIEmIR A Rk AOP E3
Sy FHERE SO = L L D EHE

(B) Garuda Systems Toxicology Platform
D B &

D DRFFE L A F TOHFIERUE & A
WEA L, S OIS EmE TN
BTDHEMTEDLT Ty N7+ — L%
T D, BEX, INETOWIE TR E
L CT\% Garuda Platform & LT, = ZIZ
FERFGE ISR L LTy — NV BE, T — 2 —
AT 8 a A L, EEYEE A FIE(Standard
Operating Procedure) €73 %, ZiiZ
Lo T, ERENFEEOHEE TR O TR
MEFRIND, ZNOHOKREEEH LTz
A 7 AiE, Garuda Systems Toxicology
Terminal & L CHEALEIN D, (¥ 3)Y

3
Terminal

Garuda Systems Toxicology

B. W

ARRBETHRLZET LS & LTWD BERITIA
HTHY, ZNT T —F LEZNL AR
BTDHDIENRMBELRD, TDOYD,
(1) KRBT — 7 fRHT H 9l 0 B % &
(2) 7 Mkt & % OB #T — Z N— 2
DEfEAT -T2,

(1) KIRBET — & gt H it O BR %
VTR, KBUE DL RTCI IR B ET — &

- 43 -



WEBS N2 D, KT, (LEWHHME
IR ZT A=A LI ICEHETH
V. PercellomeZ D&MD EMEIZBET 5
RET —HR— AL, ZOFEMEEEZNT L
TWb, L7=23-> 7T, Percellome T —# X
—Anb., AHZEHREHET 272012
X, 2O T — X OEMEMEICHILTE D
RATIEDN VBRI R TH D, LaLian
5. ZOHREMEOB T =2 A
RERES T2 &, WEEROWSETH
WO IVT E THEEHENTIE 72 & TIEAFRET
H 5D,

AIAEEE D Ensemble Learning TE127]
XX, S4MFEIL, Deep Learning % F|H
L. Percellome7 —# X—ANnH, —
EDOFSEZ M L T oMEA R E
LT, ZOEHAGEMEE R LT,

Percellome 7 — # ~— A Ci%, {LFWEH
HETFOBIFORAERZEG TR, =
N E T, Percellome 7 — % ~<X— 2 DM T
I, ALFWER G TICBT 28 B8
ZRIET HOIC, BEFERERE L —=0
TEREATETMREDR., TNENDOERE
FDFEL 2 — L OEG A H TR T, 5l
EIToTCE (M4),

Percellome database

Gene 1 Informative genes

|
Gene 1

|
Gene 2
: Gene 3
{

Gene 3

v

 S—

4 : Visual inspection {2 X %5, AE7/2#E
Bt DFE

L2xL7AaN 5., Percellome 77— & X— &
%, 100 DL Lo b EEnEhicxt L,
40,000 L o7 o — T ORFBT —F NEE
NTEY, 400 FLEORERT —% &tk
LZEg TR S TWD, ZokER, K
BOEBOETAEHTRT, AERERGT
ZHBIT D 7-DITiX. BRA5 ) &R
WE LD,

L TAT, EF, BECEE O Tk
DOFBITHTE L, B FEEZHWZE
BT O FELEE SR S >oH 5,
KFiZ. deep learning O FHEDOREITD X
FLL, DT o TE, AMDREN A

Z > & 5 (David Silver et al (2006)
Mastering the game of Go with deep
neural networks and tree search. Nature
529:484 — 489.), %1z iX. deep learning
DEANT A AT U 72 G ARATIZ > CiE, FF
WICENRE RGN VDR EITH 2L D
T& 5% deep learning E7 /LA, BRI
T \» 5 (Andre Esteva et al. (2017)
Dermatologist-level classification of skin
cancer with deep neural networks. Nature
52:115-118),

Z T, AEE, RelL,
percellome 7 — % ~X— A DEE T — H />
b, IRELAERBTZHRT 5 FiE
DORERZ HIE LT, &FOZEORE THE
% &35 deep learning algorithm % >
7oy EBIENT S AT LD FEEERIT T2, FE
4 L7= deep learning (236D < WG HENT >
2T LD TRNGEORGEZ , 2 L 724158
HEMBE TR TER LZEgT — 2ty M &
AN TITo 70, ZORER, AR5 L=
RN~ AT 22XV | percellome T — %
R—ZADEBRT — X b, HRIRBEL D
HIBZ, mUVEECHES Z L 2R L
7=

(2) 7 Wit & 2 OBE T — & N— 2
D EAG

[FRFZ, 7 DBEOT —Z _— 2 & D
#HEae L vE®EIZL, #lxiE. ki Deep
Learning T, [AEIN7EEET Y X MR
ENB Ry hU— 7 RERE R B (TFs)
ZEEL, ZI00HEMEOHEEITO 2 E
RSt XY UBL VN N A

Z OFER TR, RN BRI AT > Tz
SHOE @ Garuda Platform E~»3FELE%
Gl EFEATV., & O ICHERETRAL & Dk
KEATV, ZO—HEOMIRIZ B 2 #ifE %
EHLEE (K5),
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Garuda

(_3 CellDesigner

Visuatzing Gene- TF Network

l Export

with Species Extractor

SHOE-Garuda L
Example Story S

Other DatoBase Gadgets

o'

X 5: SHOE-GARUDA 4L,
C. okt R

(1) REUELT — & RN EIR DB 7
ASEFE . B HT D deep learning algorithm
(resnet 7 /L= J X ., Kaiming He (2015)
Deep Residual Learning for Image
Recognition. arXiv:1512.03385) % Hi
W, BB DOIBLNZ — o ZFlak L7 H
@7 =200 HE CREE L L, Zh
TNWORBEBFDHENE D DEHRIT D,
WG S AT ADOHEE 24T -7 (K
6)e ZOTAT N, BHBT—F (L
A=V T T—HETANT—%) ORI
{75 a AR —x> k., deep learning |Z
O ERT — LA BERER & T
TODHMEMEEST a0 R—x M £
LC. HE L7220 HaRO TR E OMGEZ
THarR—xr b, THREND,

Resnet
n We uwd nPt\/ork (‘omnmed oi

—~ 18 (or 34 or 50 152)
convolutional |aerS

Classifier model: Performance of
The model classify surface images the model
into 4 classes, positive, negative, (Accuracy)

rough, and intermediate classes b

6 : deep learning algorithm % F\»
Tz ERIENT S AT L

BBT —% ORIAEZITI>IaVR—FR v
F:ZoarviR—xr FTlX, AUV
O, BaRBEEFE L7 RGB E# %,
7L — R — VBB D, F D&,

T V— R — )Vl DO Y A XOME/NEAT
96

deep learning ([ZE S EHE T —FZ N bEH
ERBEFETFHTIEBEHEET L2
VIR—=RXUh IO vR—% L NI, £
Kok (BHARERLT—V TfE%) T
WSS, BoHE LT, 18 B,
7oi, 348, E2iE, 508, E£7-0%, 152
Jg& Lz, ZnbofEaHve, mifgr —
Aob, FEEOHBH M EZITI, O
%, WMEOBITHBWT, il LA EEIC
EOSE, TNENOBIETE, 45DV 7
T 5, 45D T AL, positive
class ({LF=WEIC LV 3BLDY up regulate
ENnb 7 7 A). negative class (LFWE
K VBB MH S D2 F A), rough
class ({LZWEIZ XV up regulate 4]
H IRV T T A) | intermediate class
(positive F 721X negative class & rough
class DD 7 Z &) | ’CEE)Z) (7).

Positive & negatlve class (2SI NT-iE
fBF3, BEFETHISNDGHEDOT
H5,

Alal, BARR L 7= AFgEE A, BRI Efﬁf
772 JELEBRT -2 E RV, &

—ZDON., 75 X—F L FNOEBRE, 5
ﬁ%%%ﬁ?étb@bv%:yﬁ?~&
LLT, YD 25 R—tE2 ME, ERRL
SO TR E Z5HMEi T 57200, T
A RTF—=HELTHWZ (MW7),

K7 :T7ARNT—=FL A= TT—H

Training data
Positive: 3,443 images
75% Negative: 282 images
Rough: 372 images

,; . Intermediate: 375 images
y - 1

Original data

4591 surface images 317 surface images

Test data for leave-
one-out test
Positive: 1,148 images
Negative: 95 images
25% |Rough: 124 images
Intermediate: 125 images

Rough surface (non-informative): —
496 surface images
&y A W B

TOFRER, 18 B THK I LD deep
learning 7 /L =Y Xb%fﬁb\ﬁzﬁn . TRl
DIFfEREIT 83 R—t v hE. BWIEAHR
oLl (K8), ZofEHEIx, Fxr o
deep learning (243 < B EAT > A T A
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WZX 0, BHERBE T2 E\OREE CHERlC
EHZEERBRT D, LrLReRs, 34
J&. 50 f@. 152 B DA O IEZE R L,
0.76, 0.7, 0.72 &, XV JEDEW 18 gD
Ga X biknrote, ZoRIE. BEIE
SLTEDL, PA=VTTF—HITHL

THFEAZEZ L TLE D rlaEtEZ R L
TWo,

8 :18J@. 3F®Y 508, 152 8D deep
learning model % f\ 7= 354 O K &

F7-. 18 BOLREHITHOWT, 47 F A%
NEUTHT D, PHKEEORGEEZIT> 72

(K 9), =D H . positive class .
negative class. intermediate class DT>
—DEAIE, 12~163—k FTh
D, 77 AMTRERET R, L
L7272 5, rough class @ J — DEE
%, 28 N—t N THY, flDr T AL
D HTRBENMEoTe, ZDOZ NG,
rough class D5, Mo class LV &
WTHLZENTRREND, ZORKE L
T, rough class (FETRWEIET) IZ
SEENDLBEFHRRE S THY, 07
T AN, SRR FHLET S — R
EREBRBILTDREENLTZOTHD, &5
bbb,

#—\rH

9 : 18 @ deep learning model % 7=
BHD, 4207 7 AENEND TR

AT, B LB S AT AR
Mz, X0 ERE RO LD
%, Bl ziX, BifE. deep learning €7 /L
EVEDBRICIZ, O L ODAEN S BT Hig
T—=H LDAONTWRWR, FEEIL. A
EEIEZRD O THRILTWAHDT, X
D EREE R T VOMEEO DI, SRk
AEOEGT — X =N TTPHlZIT) v A
T LDOWELEED 5,

(2) 77 Lkt & 2 ORET — X _— 2
DA

AAEEIZSHOE # i & Lz —EH O %
EH L7, £7. SHOE H{KIX. Garuda
Platform @ Gadget ®#7¢ 53, Cloud
Service & L THIRMHLATRE L 72 o 72 (X 1
0), ELbHLREBRORBEHRERDERIN
(1 1),

1. On The Browser

SHOE: Sequence HOmology in Eukaryotes
ot

P

Submit

1 0 : SHOE @ Cloud Version (%) &
Garuda Gadget Version(45) (Efz+V
A N FEE )
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SHOE calculates Transcription Factors, Scores, etc ...

: SiGEEEEIEIED oM D S
N s R

&

SRt R AR ]

: SHOE #&

X1 1

I 52 SHOE DOfERH 5, CellDesigner
(CHE) S, Bia—BERFf~ v T OR
RATRE L 72072 (K 1 2),

Import Results to CellDesigner in Garuda

| Selection Window

1 2 : SHOe-CelDesigner #H#%: SHOE
DFRERNOBABT - BERF~ v 7 HHR
SINFRIND

S OICEBOITERE~—T L, Kbae
KA CX A BEF—BEER T~y 7%
METHZEbrEELE -T2 (X1 3),

Working with CellDesigner Gadgets
Merged multiple maps with ‘? Merge Model gadget

1 3 : EEDOMHTRE R Z~— L, I
72851 « BRER 1~ v 7 2T 5

FLIOERENTE~ Y TnD, BT &
RGN 2T 5 (K1 4),

I
2N
| Gt Resctoms Panys receved st .

X1 4 : iR~ > 76, EBiaf - iB5
K+ U A kZHHT 5

HitHEn7=9 2 225 Percellome DB <°
Reactome DB ~t 772 L, BHES S
F=R2REICT /A TS5 (K1 5),

Extracted Genes & TFs can be also imported other gadgets
Example:

REATCTOME Pathways: searches
Pathway for genes and proteins

Percellome: searches elements from
Percellome Project DataBase
i e, - —
| . -
REACTOME patway Browsaer for genes snd proteine

®O0 e

Z ‘
1 5 : Percellome <=° Reactome ~ & H )
T 5,

=

NG O—HEOMT AT D LD TRE
v NT—I BRSNS, £ T,
Fxix, xS TE R LY — L&
AR L7=(X16),

(New Feature) GeneViz

Gene-TF Map Visualizer
on the SHOE Web

Features

- Visualizing Multiple Maps

- Importing results from SHOE

- Finding common elements through
maps

- Search elements

- Search by Attributes (receptor )

16 : MR Y b U — 7Tt % A
> — /L GeneViz
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D. #%

MR T ERR T OFFATIZ X, KRBT — &
N2 Z TR L. S bICmEREIR
FENENOIEH T XRE BB FHEZ2 A EH
WIRET 2HEINPMLETH D, Al Fx
IZ. Deep Learning =\ /-FETI i
FHL, ZORELZMR LT, 10k
LR AT CW/=SHOEIZBI L Cix., #
ORER LR EL, Bk Z I HI2ED
% & [AIRFIZ, Garuda Platform #EHLIC K 5
7 vy =7 & oEEERbE X 5 ITHE
LiED Tz, ZNbDRR, BT/~ 7T A
> DN LTEReERE b O RTEEMED R 2 T &
72

E. #

AT A MR an D—fRT T o Sh ARk
i R OSSHBFICOWT S PEB Y HER L
TEBH, — Mo Y —2ARH 2L
Tre TNHERMIZI TV =7 FORKHE
BEDER, BB EMEMENT A 77 A O
D B,

F. WrEsE

1. i SCFER

@D Nozomu Yachie; Robotic  Biology
Consortium; Tohru Natsume. Robotic

crowd biology with Maholo LabDroids.
Nature biotechnology. 35, 4, 310-312, April
2017.

@ dLHZEH. 7o v s Fo—rOFEKIT
NLHBEEDOHEIZHY, N—r1—
RebBEYRA - LE2—, 2017 4 8 A
5, 24-37, Aug. 1, 2017

® ABEH. ) — s Fa—U T .
Fy LoV NLEREIC X B RHRR %
ROBFEREEMBIFOMEEZD S L
T. FEBREI THR7zo 7 RIT Al
(NLHEIBE) XmRy 3o TL
%] ,22-31, Dec. 15, 2017.

@ AL . AT Liw & T — X BrE) Sy
BB AlHE & 70 D ZALFTE. FEBR R %
HF S T ki - Far
7%, 35,20, 115-123, Dec. 15, 2017.

_48_

Kitano, H. Nobel Turing Challenge.
International workshop "From Genetic
Networks to a Cellular Wiring Diagram",
Research Center for Advanced Science and
Technology, The University of Tokyo,
Tokyo, Apr. 26, 2017. (invited)

Kitano, H. Nobel Turing Challenge: The
Day Al win The Nobel Prize and Future of
Civilization. LCSB seminar, Luxembourg
Centre for Systems Biomedicine,
Luxembourg, May 11, 2017. (invited)

872 W, AL BEE AE MLy A ) N—
a7 RFx¥ LY. Al X Life
Science > AR T T A, HANE =FHA—
Ju, B, May 17, 2017. (Plenary talk)

Kitano, H. Impacts of Artificial
Intelligence for Pharmaceutical Industry:
Disruptive  Innovations in  Scientific
Discovery and Biomedical Sciences. The
FIP 6th Pharmaceutical Sciences World
Congress 2017(PSWC 2017), Stockholm
Masaan, Stockholm, Sweden, May 21,
2017. (Plenary talk)

Kitano, H. Nobel Turing Challenge: Grand
Challenge of Al, Robotics, and Systems
Biology. ICRA 2017, Sands Expo and
Convention Centre, Singapore, May 31,
2017. (Plenary talk)

LB 720, N TEIREIC X B Ef . 1L
ORF R A TATHEE - &
T LEFIT L DR MR B~ DB T2
ki) L ANA 7 7 0 7 TP RTIVFE
&6, (LA, June 24, 2017. (invited)

LR NTHEEE 7T RF v b
> ¥ :RoboCup 7> 5 Nobel Turing
Challenge £ C. % 1 [A] Al - A\ TH08E
EXPO, HUR By 7 A b, B, June 28,
2017. (Plenary talk)

LB N THREIC LD VAT A -
Ny aao—oME. 5 44 Bl HAH
PRI S, NT 7 ¢ ik, PR
JII, July 11, 2017. (invited)

Ab55 72 B, Nobel Turing Challenge. THE
NEW TEXT CONFERENCE, J£ / ] b /L
A, R, July 25, 2017. (invited)

Kitano, H. Systems Biology: Tools and
Integrated Platforms for the 3Rs. 10th
World Congress on Alternatives and



Animals in the Life Sciences, Washington
State Convention Center, Seattle, USA,
Aug. 23, 2017. (Plenary talk)

LB ZZ . NTHBED Y 0 #0 < 772
P AAIFFE. 5 76 0] B AR P23 PR 23,
NI T 4 AR, A, Sep. 29, 2017.
(invited)

Kitano, H. Nobel Turing Challenge:
Objectives and Implications. Symposium

on Al and Society, Toranomon Hills, Tokyo,
Oct. 10, 2017. (Keynote)

AL¥5 72 8. System Biology, Data and Al.
HABAARET A 7 A U AT UK
VUL BERETA T AT ANT,
B, Oct. 14, 2017. (invited)

Kitano, H. Nobel Turing Challenge: Grand
Challenge of Al, Robotics, and Systems
Biology. DSAA2017 - The 4th IEEE
International Conference on Data Science
and Advanced Analytics, Shinagawa Prince
Hotel, Tokyo, Oct. 20, 2017. (Keynote)

Kitano, H. Noble Turing Challenge. JSPS-
IVA Seminar  “The Nobel Turing
Challenge - When will the first Nobel Prize
be awarded for AI?” , IVA's Conference
Centre, Stockholm, Sweden, Oct. 25, 2017.
(invited)

Kitano, H. Nobel Turing Challenge. OECD
conference  ‘Al: Intelligent Machines:
Smart Policies’ , OECD, Paris, France,
Oct. 26, 2017. (invited)

Jt#7 728, Nobel Turing Challenge: Grand
Challenge of Al and Systems Biology. *F-
B 29 FEAARNA A AT H~T 4
7 AR - Y AT LRI S

TAL Z Wi o 2 7 A ORI 1A
FCy, BUERRY: iPS MRATFZERT, AU,
Dec. 15, 2017. (invited)

TN PEME D BRI
L
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