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EETHT 2FENLHBINTE 2. TEREETH T, EROT V7L — MEEXEED Tl
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Abstract: The three-dimensional structure of a protein is related to its function, and it is important in life
science application such as drug discovery. Determination of three-dimensional structure is costly in terms
of time and money, thus many methods for predicting three-dimensional structure using a computer have
been developed. However, the accuracy is still insufficient. Thus, evaluation of the quality of a predicted
model is required and such software is called model quality assessment program (MQAP). ProQ3D, which is
currently one of the best MQA method, assesses the model quality of each residue (local score) using deep
learning method. As results, the quality of whole protein structure (global score) was simply calculated as
the mean value of local scores. Thus, if we can use a machine learning method to integrate those local scores
for getting a global score, it may improve the accuracy compared with that by the mean value. However, it
is difficult to use machine learning method because number of residues in a protein is not fixed. To deal with
this problem, we developed a novel single model assessment method using graph convolution. We defined a
graph structure on a protein, whose node is a residue and as edge means close residues. By using multi-task
learning based on local and global score, proposed method achieved better accuracy than previous methods.
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RUNTEBERR VRN EOBREIZEAD 5720, &Y
NI BEDEREDIEIIII AT RTH D, AIEEED L amRY
2175 L CHELERE LS.

R N B kG & FEERIICIRE T 5 FiE1E NMR % X ##
FEEE R WL Dhdh 50, EhE N, S8z
A NDBDD B,

Z 2 CEBERE W T IRREE & PSS 5N PR &
DEEAZITONTED, 2L DET YV VI FENEBTREIN
T& 7.

TV VT OFEPRATFHAL, MIKET Y v 7 kIcH
LTETY 7= MIAWSE R N IEWRREL S LFERS
Rl B7-80, HHETFUNAEEEZR2 Z LN TE DN
ZO—FATENSDTFHENARED 5> b, KRG & DR
EEEOMED SN —BRIRMGE S UL VWS 2 BINERH D,
L DFEPFHARINTEZ, ZOLDBRTFHEERILT
Model Quality Assessment Program (MQAP)[3] & IF-5.

MQAP (3 single model method[4], [5], [6], [7] & consen-
sus method|[8], [9] D 2 DIZKE L AT 515, single model
method I3 #— D FHRZARIE 2 A1 L UTZTOMIEDHE
% FMd 5. —75 consensus method 1&F M7 (A REE D
HGEANEL, MEDENRWE VI EFZOMD X v
NIBYE OEENELLTWS 2 WS ARIZED EEED
BrHhds., FllaY T A MR EIZEWTIE consensus
method D /AN EAEEIZFPHTE 50, HAEWE TN
% < % 5 & T\ 5354 single model method @ A A5 E B
KFHTZ2ZeNTEEINFENTNVS [10]. 72k
JE A3 R\ consensus method i single model method % A
HFE L 3 2 FHEDNL V20, consensus method D
RD7-H1Z% single model method DR IZEETH 5.

FERE KD L\ single model method D 1 2 TH 5
ProQ3D[4] 13 & 5%k Z & D JRjfTHEE & RKIRMEIE D [ T D
MG FALIME % S-score & U TEFHL, 3% Deep Neural
Network AW T#H T LFHETH 5.

CDFHERIZBIREL DI T2Oo00OMENETFSNS. 1
DEFEHEBIZEVFELTCWEHTHD. TDD, [H
ERDONRI MVEANETZILIZRY, HE—EDY 1
VROH A RIZEKY > TANT— X E2ERT 208, Zhik
fid% EHEN TV B ERE DAL Z e TES, T
ZHEZEYIRAD N TERVWI ENEZOND. 2
DHOMERIIBHRORLUVELZRTFHHIT I RXNVDAT
FEHALTVWOIRTHS. AT NVOATERLTWS
®, GDT.TS Ok X Y N7 BLRATOFHOR X %R
TRKT AN EFET e TERY. £z, KIEITR
NEBEHETINT 2 Z BN TERNZD, ProQ3D TlHAI
AAT &R/ AAT OFEE LTERLTWEA, Fit
AAT HKBAATIRET 2 0IHMFEE2HW5 Z &
T, BHAFIMEL D b EHERTFHPMGEEINS. L

(© 2019 Information Processing Society of Japan

Vo0l.2019-BIO-57 No.3
2019/3/8

U, ZUNIESERREIZE ENFREOBUILEE TIEZ
WD HHIZEEAEH 2 EAT S5 L IIRETH 5.

A, 77 7HEEICEAAAHF 2 EHR T D RBEFET
HETH DT 7 7BHRIABDRYNAE T W T < Wg
INTWD [11], [12], [13]. X ¥ 37 BNLARREE 23 L T
75 7BAAAERNDFIEDLERLINDDOH D, Fout
FRVNTEDA VR =T 2= AFRNEBEEE ) — F
W5 20 Bedkfla =y Ve $5 7T THEEE X VSV ENL
FHHEICER L 7 T 7TBARAE W REFEFEEE
KU, ERFIETHSD SVM 2HVZFELD HEMEED
FHIZERL TWD [14].

AR TIE, 77 7BARAZHNDEZ LT, R
RNV E KRBT RV ERBIZIIVFRA2THEET L
ClZaAEEL L, £NIT XD SFEEZ single model TD
MQAP 2B L7, METFHOIIRT 42 arThb
CASP[15](Critical Assessment of protein Structure Pre-
diction)11, 12 D7 A bt v b &2 W2 EZBRTIIBGFTFIE
X0 EEETO PRI RINU 7.

2. REFZE

2.1 2BICHWST—4%Ev b

CASP7-10 THW =7z 438 fHD RABME L, T oiz
SHUTEMIN—=TIZE>TET) VI I FY 274.3
DT I E»SRETa1 Xy b2FEFHIZAWS. X
RBERNTT — Ry " 2FE TR RiET—% %
8:2 THHIL, 8 T—XDOTFT I [E% 25%I127 VR I
YTV T Utz 72 Sewrld[16] % W THIBH % FelAL
L7-.

2.2 EBETDIT7E9T7LDEHAHEE
KRS E ) — R L, BBRIEO CA A SA N
J=RMIZTy INRBHELEH L. Z0OT T 7HEEICH
U THATIRGE [14) THW SN2 T 7 BAHIAAEEDEH
DOHLUTO2FHD T T 7 BAAMER % W=,
e NodeAverage
HEH/ —REFED ) —RFOEAZDITTRELAEDES
EFNLTHS.

1
Zi=0 (Wcl'i-FW Z WN.%'J' +b>

JEN;
e NodeEdgeAverage

NodeAverage IZLT v Y ORBHIMATEARAAET
2ETNTHS.

1 1
2 =0 WCCL’Z+7ZWN$j+7ZWEAZ]+b
|M| JEN; |M| JEN;
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2.3 ANKHE
2.3.1 /- FOEHE

BN 3 MEHORHMEEZ HDOETHNS.

e Base feature SE/T W% [14] ICHWVWH N TW D
Psi-balst[17] 7 515 5 %1% Position-Specific Scoring
Matrix(PSSM), Relative accesible Surface Area (ob-
served RSA)[18], Half Sphere Exposure[19], (Z Sec-
ondary Structure (Observed SS)[20] % /il A 7= 26 YAt
DR

e Profile based feature
ProQ3D[4] ¥ SVMQA[7] W SN T W5 Psi-
blast 22 53 51 %5 PSSM 2 HWT FHlIE N5
RSA (predicted RSA)[21] ¥ SS (predicted SS)[21], %
7z observed SS & predicted SS A —H L TWB 1L S
NP ERTREBEZ A2 5 T ORHE

e Rosetta energy feature
ProQ3D THAWLNT WS, EEFFOTH A VIC
W SRR T v & v L LB ER T 2 2 v L THERR
INBTANF BB TDH 5 Rosettal22] & H\WTEF
RBINDEEREBOMA IR XV F — %2 £T 20 IRIT
DR

2.3.2 IvIORHE

FATHISE [14]) 2 2F R EFB DR, ZhEThoikEo
7 I NHDERRZ MU TREK, 7 I REEVH LD
ESMDEF 3ot e L.

2.4 IR
AFETEINVF XA TOFE TS0, B - K
BD2Oo0DINUVWEZS5NT WS,

2.4.1 BRI

BT RV e UCAIETIIATDIRVEEEHET 5.
KM & 7 2 1 MG DRI O FHT T OREEF LI
BMLT, BErERGDLELLEUTORIZLIVERIA
N2 E#ETS.

1
local label =
0

(p; denotes rate of residues under distance cutoff < 2¢A4)

ﬁi(ii}am)>05

(otherwise)

ZORMI NV EAWT ZESEE UTRITOEE 2 %3
T5.

2.4.2 KiFEF~NIL

KRBT RV UTRAMIE L T 31 BEOHMEREKD
GDT.TS 2 W CTHEHEE LT¥ET 5. FRRMEE L
T ORI IR T RVIEZ DK T RV TH 5.

2.5 Z2BETIL
REFETRERIANIVE KRBT RVEIIVFRATT
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local score;

>)\ \/{

Readout

Graph Convolution

1 SILFRATTOEHOE

global score

Stem model
G.Conv 32
G.Conv 64
G.Conv 128
G.Conv 256
G.Conv 256 G.Conv 256
Dense 256 Mean
Dense 1 Dense 256
Dense 1
Local model Global model

2 EFILOEEM

ZETEHEHICM1IDEIBRETIVEMAVS. BELERIX
AR T X)L & D% KT local loss & KIk7 X)L & D#E%
7273 global loss IZ K AU FOATED B HffiLf L 3 5.

Loss = local loss + global loss

%) —REBORMELZ 1 DIcEed, 75 72K0HH
%185 Z & % readout & MERHARMZE TIEEEED RS b
%1535 #4E% readout function & U7z, JEMHHEDFEMIE
21239, 7272 U Graph Convolution % G.Conv & K72
T5.

3. HEIER

3.1 MIT—9 TOMBELLE

B2 I8N T A =2 —TORED LB AT - 72 A5 R LUF
DETHB. T 27T CC validation IFMFLT — X DK% Z
ARV ERBAITIZBENTD, CC validation(local) 1% /5
FRA 3T DOFEEE KT X)WIZBEWTOET Y v OFHE
R RT.
3.1.1 VIFIRVICLDRBELR

TIVFRAZIZE OKEENA T B2 MEEL 724G
R1ThHD. RFi7TNVEIVFRAZIZHEET L1508
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K1 BRIET—ZEY MINTEINF XA FEHITL DK % 5 CASP11 stage2
local loss  global loss | CC validation CC validation(local) method cc P Loss  p-value(CC)  p-value(p)
X v 0.887 _ Proposed | 0.572 0.529 3.830 - -
v/ X _ 0.852 ProQ3D 0.497 0.465 6.278 3.33E-03 8.08E-03
v v 0.906 0.842 ProQ3 0.457 0.430 5.460 8.53E-05 3.41E-04
VoroMQA 0.432 0.415 6.433 2.62E-06 4.17E-05
DeepQA 0.411 0.396 7.581 7.19E-07 1.21E-05
K2 HHULE — FEHEEICLEE~DLE
Base Feature Profile based Rosetta Energy | CC validation % 6 CASP12 stage2
v X X 0.906
method cc P Loss  p-value(CC)  p-value(p)
v v X 0.910 - -
v v 0.909 Proposed | 0.702 0.635 5.976 - -
X ’ ProQ3D 0.690 0.641 7.503 5.00E-01 7.42E-01
v v v 0.916 ProQ3 0636 0584 5.435  4.55E-04  1.31E-02
VoroMQA 0.593 0.540 7.764 4.06E-06 3.39E-05
%3 55 TEAALRE T L BRI DeepQA | 0572 0537 7.634  1.23E-07  6.38E-05
75 7 BHABRETI | Val Pearson
Node Average 0.916 BRHWTEFL-.
Node Edge Average 0.912 -
g g 3.2.3 FHEEE

K4 FTAMEY OFEM

Dataset BYNTEE EET A
CASP11 stage2 88 150
CASP12 stage2 51 150

WELMH ETEZEPRENEZ., FBEFEFEOLSIZE
FTA T QR EEMEE RKIBAIT 235 L0 HHEED
BWiER Lo 7=,
3.1.2 AW3/—FEBEICLHE

J/ — REFEE(Z Profile based feature ¥ Rosetta energy
feature ® & 5 N1 U ARV ARREEZ IR E W L9
LD ORGEFERDEK 2 THh D, TNThNA LIV RRE
BEMAS I THENH LT 2R o7,
3.1.3 UII78BHAHFETINICLBLE

FHIZHWS 7 T 7 BHRAAEEDERIZ L - THED
BOBWPERILLEZ. Ty VORBELEALAERT S
Node Edge Average DIE 5 WEEN T DGR & 4o 72,
Ty VORHEEIERTINRNETVEHNTNS 728
ERTRoZ e EXoN5.

3.2 BIEFEEOLR
3.21 FRbhEYH

CASP11, 12stage2 D7 31 &y 2 HAWT, ERFIED
Mo & EAF TR g 5. PRINLIRNEE & £ D GDT.TS
\& http://predictioncenter.org/ P LHAF L7z, T a1 & v
N DFEINIE & 4 12
3.2.2 WBFE

WEFZ D single model FIEIZ U THE 2 LT 5.
BT W Tk LT CASP FTRWEMZAL T
S EH DFIETH % ProQ3D[4], ProQ3[23], DeepQA[5],
VoroMQA[6] 2\ 5. BEFEFIEIET 74 hRXT X=X

(© 2019 Information Processing Society of Japan

EFNFNOFENSESN AT & GDT.TS 7 55
RENBET YV (CC), AT <V (p) OHBEFREZEHW
5. FrFERIZEIDERINZET VRS GDTTS D
REWETIVDHAEE Loss £ T 5.

3.2.4 LEEHER

PLIRDE S5, 6 IZHEBEREZRT. CC, p, Loss IZ2\
THRLEBVWEDERFTRL, BEFERLONRDOH S ¢
WEDIER%E pvalue(CC), p-value(p) £ F L, BREAKUE
5% THRBRS DE KT THRY. CASPII stage2 IZHWT
REFHEIMEFEIVIARICEENRVWHEREZRL
7=. CASP12 stage2 iZ B\ TH ProQ3D MO FiETH
BICHENREL, £/ ProQ3D L HHENEY, /i
A& DRE %2R U7z

4. &R

4.1 ARROFER

AT FIEOMER Z R T 57201275 7
BARABERNT ALY EE M AEDE #7272 Single
model method D X /7 B FRISIARMEE TR FI% %2 FAFE L
To. RNVFRAZFEDKEE 2N ESEEZ L 2MERL, T
A Mty b TOMRELLIRIZE VT CASP11 stage 2 Tldin®
WENRWE ENEMAETIED 1 DTH5 ProQ3D L v H
FRICKEE XS FHIT 2 Z LI2EIN U7z (p-value=0.003).

4.2 S1RORE

SETy VORHEEZBEARABHEITMA S Z & THE
METUL7H, Z0ik Node Edge Average TlET v YD
RESEH I NI &%, Ty VOREENEY) T4
WZEeWHBELTHEILNS., Ty VORBEZFEHT
L5BAAAFHEEZEHRL, Ty VORERIZEEN
DIAXIVX—% Profile o FHITNZ IV &7 s THI%E
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DRHEZMA D Z L THEDOH LAY TES. £
near-native 7€ 7V 2 ERT 21— 27— AITBWTIH
NAHBEDRHIZ B ETH 5 4%, KT N0 EEHE TR
KTV 7%BITY 5 L CIEMHBEOREEN L2 2L
PHIRFTE 5.
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