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BE : R VN IBEONAREEIZR VN EOBRIZKRELEHD Y, AIEFOEGRZICE W TEERFER
LB, EBRNIIAEE 2 ET 2 OIEHFE - SR A MBS0 5720, FHEEE AW TILIRE
EETPUT2FENL R INTE ., —HTERBE T O 72D IE TR AEEDOFHFE (Model
Quality Assessment Program, MQAP) » #7405, MQAP O£ IZ#—, F7ZIXEBORAHEES
U X2 RTHERT > 2 v VEBCCHRINIES N RBE2 AW THEREE 27530 TH 5. KHKEtK
TP NVEBIZINETHE K BRINTE 2. BFEOHERT V¥ v VEBOZ IZFETFx, FRE A
CCOMEFHEZZEELEZLDTH-7=. INSIE KFOHEEHATH B IR cHEEE2ERI 22
MTETWhr oz, —F, SIREBARAA=Z2—F )%y v 7—2 (3D Convolutional Neural Network,
3DCNN) IZfERBIEZRH, WREFEICH WO N T E 2D, EETIEX VSN BIREE T — X DETIZ
Houoh, Rz TWE. 2o Dz E 2 RSETIE 3SDCNN 2 HW T LRI TOME/EH %%
L7 MQAP 28X T 5. TOEZOIZRXRUANIEORFBRE2EHL, TOEHEINBEORHBES
3DCNN D AS & U 2 EREHZITV, TOX¥BHEAETILVEAVWTR U AELEDORKSLEDATT
EHATE. ZOFEEHCTRABEL ZNEBL TEOSNZATOET VO =V THETIA Y
N ERFHME L 2R, METEEAS, LRI LOBMORRMEZBMT L 2Tk L7

model using deep learning

SaTo RiN''®  IsHIDA TAkAsHI!P)

Abstract: The three-dimensional structure of a protein is related to its function, and it is important infor-
mation in life science application such as drug discovery. Determination of the 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 but the accuracy is still insufficient. Thus, evaluation of predicted model qual-
ity is required and such methods are called model quality assessment program (MQAP). Most of MQAPs use
machine learning and statistical potential functions expressing single or plural natural structure likelihoods
and explicitly created feature quantities. Numerous statistical potential functions have been devised so far.
Many of the existing statistical potential functions consider interactions in atom pairs, residue pairs, and the
like. Since these are interactions between two bodies, it was not possible to capture whole three-dimensional
structure information. 3D convolutional neural network (3DCNN) has been used for conventional motion
recognition and object recognition, but in recent years it has been used successfully for analysis of protein
three-dimensional structure data. Based on these points, in this research, we devise an MQAP that considers
interaction among multiple bodies using 3DCNN. For that purpose, the local environment of the protein
is defined, binary classification is performed with the feature amount of the defined environment as input
of 3DCNN, and the score of the naturalness of the whole protein is output using the learned model. As a
result of evaluating a decoy set which is a pool of native structures and artificial models, we succeeded in
recognizing the same number of native structures as the existing method or more.
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1. F#

7 ) MR DFMOE 2 X0 % DEMD YT ) L
WEATNDS, TO—HTEOT ) LAhORRINEGT 3
J BB DR X NI ERED &S iRk EEE L TWw»
5D OPNITZUTEV DI RWVIREBIZH 5. 2017 4F 12
HBHERIN TR 2 VX 7 BNARREETR RO T — X R—ATH
% Protein Data Bank[1] &I NT WD X VNI HEHAL
ARG DU 13 T3k, ZNITR U TAMZR Y 2 BRI
HHD T — R R=2ATH 5 UniProt[2] ITEEHKINTWVS
72 BRESOBII L EEThH B, RN EEEIXX
VB DRI D B8, & VX0 EORERE DRI
EARAIRTH Y, AREOEGBF 2175 ETHEERER
LB, XU EGEEERNITIET 5 fiElE NMR
P X MHERET 2 Y WL O d B HY, ENH I, 5%
FHZ I A N h 5. £ 2 CEEME AW T AEZ 7
B BT L DBEAIZITDNTED, 2<DEFY
VIFENBERINTE .

ETV YT OFEPKRLFEIEL, FRUEBRETV VI
BLTIET Y7L —MIHWE X R IENRRL S SR
LR 5720, SRR TUNAMEE 22 Z LB TE 5
FD—HTENS DFRARFHED 5 b —FRKMMES U
WG Z BIBENDH D, 2L OFEVEFKIN TS/,
ZZTRABMEE S L\ E I RAREE & OREEHELIED E W
Z e EERT. ZTh%E Model Quality Assessment Program
(MQAP)[3] £IER. %< D MQAP (13—, X738
KRR S U X 2 RTHFRT > v VBIR 4], 5] 12k -
THRINTE D, EHETITIHRIIZES R D
SHMEFEIZ L PHIET VRS IEEINLTWS 6], [7).
et R T > ¥ v VEIEIE Protein Data Bank (ZBEXTD KR
Y 70 S HEE R RO IR D &, Hatizo< 6h
F2RTF VU YIVEBDODZ e THh O BE LS ERINTE-.
INB D% L DI ART v v VEIBUIIR T-50f, BRI 72
C2RMOMEMEMZRZ DR ETH 572 8. Ly
U, RYNRNTEIE 3IRTHEIETH 5 72 DI ARKEE DR
ERAOSNT WA o7z. EHEIDOI L2 FE AL RO
AT Uy v VBN ERINTE 2 (8], [9], [10]. LA L
INSDLEKREORT > ¥ VBT ED 2 (KD H D
FORWHEZETITEE>TWARY., ZHEZHRIZT 5
CHTEN L DEMEZR ORI A =R —EW2 2212k B
LOREEDbNG. o TEERBOMBEMERAZEZ 5121
INETOMFIRT > v VEBUEES FEL ILED B
TR FEPBETH 5.

BARAAABEED=a—I NV xy NI —20 THEIEH
AR a—=F IV E3 Y NI =21 ZNETE L DR T
ZIND . Tk 3IRITITHER U 72 £ DA% 3 IRt B AR
HA=—a—F)xv b7 —2 (3 Dimentional Convolutional
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Neural Network, 3DCNN) T&» 5. 3DCNN 34t RE1E

AR 1] W RERE [12] IV ST E 7228, EETIHAX

2N ENARREE DT IV o D T 5 [13], [14].

Z O CHIRI R EE % D TSRS & U - B F T

FORWEEZIND, X287 BRSOz B WT

3DCNN OEMMZ2RB L. ZOZ k2% %, 3DCNN

EHOVILEMQAP O/BHIZBEWTHAMTHE E X,

RN BNEMEESRTIRAD Z L 2EEIZR 5
Z e S AFETIE 3DCNN Z2FHWSZ & & LT,

2. REFZE

2.1 REFEORN

AR TIIL AR COMAENFEA % S 72012 3DCNN %
WS FiEERETS. 3DCNN Z4BOT VIV E AN
ELTEAAAFHEEZT HH, ZDANIE bounding box
EEY, ZNETNDOT% voxel LI, FZHEBEORY
27XV LD RGB IZHHY T % H D% voxel TId channel
ISR, RN TEHRERORAREES U 2 i 5720
KRR VX7 EH42K% 1 D0 bounding box & L, 1%
Al B Z EDNEZL5NED, RUNRIBITLIZREIN
B0, F3MEBEREHAD LS L 2RTOHD K
DIRT A =R =%, K& bounding box Z# > Dl
WHETHB. &Ko TRFFETIEDERIBDE Z T, FATKE
EICHEALZORUELZHEL, mRIZTO s DR %E
HOETRUNIEREROFMZITS. DO, [T
B 2EHRT DI TR UNIEEZDET S, LFDRY
Ya vCEHMl Rl 5.

2.2 BAMREDOER
RUNTBEDHDHEIHIOVTORFEE 2 EHT D06
D 5.
»H HHFEED DB % bounding_box DN ARIZT 5728
2, ZTONSREEDERENPBEL D, XN ENR
&l PDB 74—~y MERTRI N, FETO xyz J&E
Gl EnhTnwad., ZofizfiMlicEEKe UTHWS
&, HEELUAZRU R VN EBORRREN AT LR o7
SIZFRUBAEREL UTRBT 2LV TERNY. £ZT

a=(Ca,C)T b= (Ca,N)Y,c=axb

CUTIEREREER21S5 [13). ZhidERIck-T—K
WCHRESINSLHEIETH L7720 LR ORMEI R TE S, Z
DEONEZEREREEZ BATREORKEL LTED 5.
1 D&SIC1BED Ca Tz, ZoKEEZH
WT

v=(2,y,2)' 727U —d<a,y,z<d

TERIND 2d x 2d x 2d DSLTRNIZH B FHE, HHONE
WaAMEDORFREEE LTEHT S, S d=6[A] &
L7-.
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B2 KEURER [13]

2.3 HHEOEK

Wen Torng & 1&X 2 @ & 512 channel % (jk3E, BEE,
R, i#) D422 LT, TNEND voxel IZDNWTHK
R DFEET 256, MNIiEd 5 channel DfiZ 1 & LFRD
@ 3 DO channel 1% 0 DIEZIEINT 5. TDOEDEE ZIR
TDT 7 VT NT—VALEROEZHE L THAI YTV 7«
NREDTS. [13]

AMFETIEINITMAT, ERTOBTHEEDFEHRE
# 1 OYMEfE % EFME L T, WG9 % channel IZH&HHS 5.

X 512, Stride[18] (2 & o THII T N7z 2 IKEIENGHRD 7
class % [AIFRIZ BN 5. £7-, DEPTH[19] %
HWCTEFR D& 87 ERKH ) o D% 5145 LU channel
WEMU 7z, & 15 channel & 720, AJ¥ 1 Xk (12, 12,
12, 15) &7 o 7z

channel

2.4 REFEOZRIA7

AWETIE 1 2OET IV U TEREOR L 215
5728, ZTNoERVNRIBEEKRODAITIZEMRT 5 0%
Whb., EREPSORATE p, L. HEGAL 7272,
AIFETIEATTI

ELTE#]MLUT-.

2.5 ZBEICAVET—9EY N
HBT I BEHINZDOWTEERDORREE &, 7 DRIRRE
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k1 7I/Boyk
TIJM TR [15]  EFEA[16]  BUKMEZX 3T [17)]
A 71.0779 6.01 1.8
C 103.1429 5.05 2.5
D 115.0874 2.85 -3.5
E 129.1140 3.15 -3.5
F 147.1739 5.49 2.8
G 57.0513 6.06 -0.4
H 137.1393 7.60 -3.2
I 113.1576 6.05 4.5
K 128.1723 9.60 -3.9
L 113.1576 6.01 3.8
M 131.1961 5.74 1.9
N 114.1026 5.41 -3.5
P 97.1152 6.30 -1.6
Q 128.1292 5.65 -3.5
R 156.1857 10.76 -4.5
S 87.0773 5.68 -0.8
T 101.1039 5.60 -0.7
\Y 99.1311 6.00 4.2
W 186.2099 5.89 -0.9
Y 163.1733 5.64 -1.3

BIZPEETY VI FC Lo TS =R DS (Ta1 &
WS) DT =T IAA &y b EFER. KHFFE T Critical
Assessment of protein Structure Prediction (CASP) T4T
OEFMOI VRT3 yTHREBEI N TN
iEEEZ T a4 L3252 2T, CASP8 7*5 CASP10 £
T [20][21][22] D R A 1 VAT Sz KARME L T D
FHNIAREZE 436 fHOT a1y FZEFEL, ThzE
TRy b U7z, TNEN L T34 DT aA
HEEDFAET 5.

ARG TIERAREE & 7 2 1 FEEDOBBUE P S T ROV
J 24T o7, 2 DO NAREEE DR X F T RMSD[23],
GDT_TS[24], TMscore[25] BHW SIS, KAFFETIE TM-
score EWH Y 7 b7 EHWT LEZEIAEL, RAK
EE D GDT TS %4 0.9 & h KEWILKMEE» /60D
voxel X2 TIERF, 0.35 K O/NSWVWIZEEEroFHONDS
voxel ZRTEHME LTI RIAZE U, E2E61F1/10
R YTV T Ul fERY Y TV 193 75, D
HIEKNE 27%, BBl 63% & 755 7.

2.6 FEAE

Za—=INXxY bT—IDEEDODTA T TV IE
keras[26] &2 HI\, EHIEIIMEN 3 DEDE MWz, Th
I [13] DEMEEE D L1, REDO ATV A X2k L T
WRL7ZHDTHS. Drop out JEi% p=0.3, JHMEALBEIEK
XTI E D A sigmoid, F A relu , HELT LT

I d adam|27] , loss (& binary_crossentropy % M7z,
HANT A —R—DOIRBUEI 220 T & 78> 72,
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loss DR

1
0.8
0.6
0.4
02 ——

0

epoch_1 epoch_2 epoch_3 epoch_4
—e—I0ss val_loss

input: | (None, 12, 12, 12, 15)
output: | (None, 12, 12, 12, 15) 4 HEOHRDOHR

l

batch_normalization_1: BatchNormalization

input_1: InputLayer

input: (None, 12, 12, 12, 15)
output: | (None, 12, 12, 12, 15)

l 3. MEREFAE

3d 1: Conv3D input: | (None, 12, 12, 12, 15)
_1: output: | (None, 10, 10, 10, 32) :@%"C“‘iﬁﬁ%"@?ﬂéjbf:%?‘}b%ﬂqb\_t?‘:/r-b\y ]\
l EAL, PRSI HT 5 KRS LS 0237
e 2 Coma | e B, %DM DN BT L KT 5.

l

input: | (None, 8, 8, 8, 64) 3.1 4 E@?%ﬁ‘%%

dropout_1: Dropout

L Lt MERERMOHTIZ, %3 IO BRI DOV THd T 3.
l T ———— BEOHBIER 4 DL > WkiRE R o7, 72720 IHiIER
e pootned 1Mool oupu | None. 4.4, 4.64) VSO ALROFI TR <, BB O VWTT
l #%. train_loss & validation_loss K& TEffi L TH D,
mMJmM;ﬂimxﬁxﬁ) 7258 lepoch HTHRATWA Z Db h5. Zhit
l MNP THEI-DILT AN T =R 22T —XDFEET
e 1+ Domse | Put_| (None. 4096) BHIZT T ARBREZELE > TWEHOIZEEZTWS
_ owput: | (None, 312 ZeMREFEZONDE. SEOFE TIEBERMORARREELH 13
l, FidHdDIZ L, 720720 400 BEORAREEL 20T 1
dropout_2: Dropout (:Zf’::t gz:: ::2 AREE U D2HWTWAWZ®, validation_loss Z/NX < ¢
l BEBDICHEICE DRSO RIS BEND B &
dense_2: Dense (:Zf’::[ ((i;:;ee 56142)) bihs.

l AWIFETIEZINSDETIND S B validation loss 23—

ropout 3 Dropout input: | (None, 64) INE N epoch 1l DE FIVEAWTHREAGZ1T 5.
output: | (None, 64) 3, ZOEFNVIZEL T bounding_box D HAL T
i BTETW 0 2MRT 5. TOHOFMHEREE LT
dense_3: Dense ;22::; (:11\10::;,6:) ROC ¥ FOMHFETH 5 AUC (Area Under the Receiver

Operating Characteristic curve) %2889 5. ZEHL/ZE
FINEHAWEZT AN TF— 21245 ROC #hifRIEX 5 D &>
2R otz ZOFER» o PLMEREE HHRED > THE T
ETWVWB I EARINTE.

3 JEfhG

3.2 FAMNTFT—=%tY b

AT EBRIZ MQAP ICAFHEZEHA L THEREZ L T
W<, MQAP OMREFEIZT a1 &y MU TFEE
WHALTAa7 %ML, 237 EMOETIVAKRE
EWTHEh, TERA/MEEVEER NI AT
FAITHIBNTE 2R EDEIEE SN 5. RIFETIIME

© 2018 Information Processing Society of Japan 4
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Receiver Operating Characteristic

0.8 1

0.6 1

041 .
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False Positive Rate

B 5 epoch.l DEFTNEZELWVWTTAMTF—XZFH LD

ROC i

1.0

HELLIRIZBAEICH W S5 15 ‘R’ Us (4statereduced, Fisa,
Fisa_casp3, Lmds, Lattice_ssfit, hg_structal, ig_structal,
ig_structal_hires) ¥ 2 v b, ROSETTA 72321t v
b, -TASSER 7231 v b2 AW, —fiZiZ MOUL-
DER Ta4 1y bHHWONDE Z ENEWVA, W DOh
DRV INTE T TMscore[25] ZFETTE R o72720, 5
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FEMNIEER 2 2Rk S 5.
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xR 3 RAMETH
Decoy sets RWplus dDFIRE OPUS-PSP GOAP #FETFiE  #targets
4state_reduced 6 7 7 7 6 7
fisa 3 3 3 3 3 4
fisa_casp3 4 4 5 5 4 5
Imds 7 6 8 7 6 10
lattice ssfit 8 8 8 8 8 8
hg_structal 12 16 18 22 23 29
ig_structal 0 26 20 47 41 61
ig_structal_hires 0 16 14 18 18 20
ROSETTA 20 12 39 45 51 58
I-TASSER 56 48 55 45 48 56
No. 116 146 177 207 208 258
x4 RAWEED Zscore DYy
Decoy sets RWplus dDFIRE OPUS-PSP GOAP % #targets
4state_reduced -3.51 -4.15 -4.49 -4.38 5.50 7
fisa -4.79 -3.80 -4.24 -3.97 4.70 4
fisa_casp3 -5.17 -4.83 -6.33 -5.27 6.51 5
Imds -1.03 -2.44 -5.63 -4.07 4.69 10
lattice_ssfit -8.85 -10.12 -6.75 -8.38 13.83 8
hg_structal -1.74 -1.33 1.87 -2.73 2.38 29
ig_structal 1.11 -1.02 0.69 -1.62 2.11 61
ig_structal_hires 0.32 -2.05 -0.77 -2.35 2.30 20
ROSETTA -1.47 -0.83 -3.00 -3.70 4.50 58
I-TASSER -5.77 -5.03 -7.43 -5.36 6.22 56
No. 2,08 2,50 271 357 4.27 258
K5 WEETIND TMscore D
Decoy sets Rwplus dDFIRE OPUS-PSP  GOAP {#ETFiE  #targets
4state_reduced 0.667 0.732 0.755 0.818 0.817 7
Fisa 0.434 0.454 0.405 0.475 0.392 4
Fisa_casp3 0.277 0.309 0.270 0.300 0.347 5
Lmds 0.346 0.364 0.339 0.339 0.365 10
Lattice_ssfit 0.251 0.266 0.248 0.248 0.249 8
hg_structal 0.891 0.891 0.891 0.889 0.885 29
ig_structal 0.948 0.948 0.953 0.946 0.943 61
ig_structal_hires 0.950 0.946 0.946 0.944 0.939 20
ROSETTA 0.505 0.480 0.506 0.511 0.458 58
I-TASSER 0.577 0.578 0.547 0.567 0.573 56
All 0.688 0.686 0.684 0.691 0.679 258

Fa4&wv b RUNRTEOE  FHOT a1 DO
4state_reduced 7 665
Fisa 4 1432
Fisa_casp3 5 1432
Lmds 11 439
Lattice_ssfit 8 2000
hg_structal 29 29
ig_structal 61 61
ig_structal_hires 20 19
ROSETTA 58 100
I-TASSER 56 438.2
3.3 MEEERHMD ISR

FHED MQAP OMERE L LT EN T RARKEE 2 3 5I©
E 57, EFRRAMEITEVHEE 2T E 207 %G
flis 3721z, EEOTFIaA Ly bEAVWTIUTNOEZET
PEREFEAT 2 17 5 .
o FHEEZHVWTES LVWAITDOVAEENKRIESET
HBTIA1EY O

o BANMRKEEIZ AT HN U -IRFDKIRKEIE D Zscore

o RAMEZBWTERD L\WA T DIARKEEDKARNE
JEIZHRF 5 TMscore

o RARMEEZBWZRFDA 27 & TMscore DFHEAFREK

3.4 HR
FHoTFa1ty bEHOWTEEFEORT VY v ILE

© 2018 Information Processing Society of Japan

#Ttd % DFIRE, DOPE, RW, RWplus, dDFIRE, OPUS-
PSP, GOAP kiU 7z, &RIEHED BWHEHIIKF TR
INTVWS.
3.4.1 RABIEERH

3 FRAEEP AT TR EMTHEEHEZRL T
5. BEFHRIIBMEFHRICHEBRWVEREEZ R L. KIC
ROSETTA 734 &y MZEALU TIMUBEFFEL VLD
RKARMEEZ M TE 72, £72K 4 CERAMEDO X7 %
Zscore (LU 72 EHERLTWVWDE., ZOMHEIPIRKEVIEE LD
I RRWEZRFBTETCWL I L ERT. BEFHERS
KOFTa14ty hCHMEFELD I RERHEL Lo 72,
3.4.2 HBRETIOD TMscore D14

EEOMBETIIRAREEIIFEL R0z, FHSZIRRE
WD T —Vip 6 KB ICREEVWEEZEIRTESZ L
AROOND., ZITRRAMEZT A £y b2 5SRO
72BRD, A7 EALORGED &N KRG TN
ZRD THKT S, 2 DOVAREENENZTHEMUL TV
B0 % RTIEEL LT TMscore 2\ 5. #2EFIEITRE
FFRELBIVERE L 72 o 72,
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R 6 BTFHEDAIT L TMscore DRI
Decoy sets DFIRE Rwplus dDFIRE OPUS-PSP GOAP KT #targets
dstatereduced  0.635  -0.606  -0.693 20589 -0.694 0.689 7
Fisa 20.446 -0.462  -0.461 0282 -0.347 0428 4
Fisa_casp3 0243 -0.240  -0.149 20005 -0.221 0.145 5
Lmds 0118 -0.147  -0.248 20001 -0.146 0.166 10
Lattice_ssfit 20004 -0.097  -0.070 20051 -0.058 0.027 8
hg structal 0817 0806  -0.796 0752 -0.825 0.722 29
ig structal 0785 -0.782  -0.766 20779 -0.865 0.714 61
igstructal hires ~ -0.876  -0.879  -0.844 0832 -0.885 0.744 20
ROSETTA 0441 0444 -0.393 10.343  -0.476 0.263 58
LTASSER 0.519 0488  -0.525 0284 0477 0.381 56
Al 0593 058  -0.579 0499 -0.612 0.485 258

3.4.3 RO 7 & TMscore DFEREHREL

BFIHEDOA 7T & TMscore IZ2DWT, 7Y OfEE
FREEHAWTR 6 THIERT 5. HBEGREAKREZWEY, X
RGN E R GD 2N TES. ZOHEETIIEE
FIRIZE DHER L o 7.

4.

4.1 FHROHER

AN TITZ AR D BAEH % 38 2 72 F R SL ARk D FF
MPEEZFEFET D202, 3IWTBARAA=2—F IV FRY
N7 =2 &2AWTR N EDRTREZMEL, X8
IBEKROAIT & EFFBREOFMiOVEE LTHIITS
TRNIAREE QT FIEEZBFE L. Ta1Ly hE2AV
THERERHMIE 2 U 7245 R, RARLEZGERIC DWW TIIBFETIE
FOERWHERETH D, £7/-237H EALD TMscore DI
PZDOWTEBEFEFEICESIMEREZ R U2, 2D Z 2T,
SMILBEARA=2—F )2y NT—=T 2 FWTR VIS
BORFESZHMT 2 0ZYERBLTWS EE
Zonb.

4.2 S1E0OFE

AFEDOHEF BT T Iy h2HWTEELT
WaH, T4y MIFEAERETRERE DR 2 TEDT
$ 1000 12372 72\, ZXBREID & Vo8 7 B NARKEIER
13 FizidE < IR WBETHY, ZOFFDOT7 L —A
7 — 7 TIEEERREEE2 TR U CHEREOWEIXL D
U HGAD W7o, MOFHE ik HRT 208 D 5.
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