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Protein Disorder Prediction Using Deep Networks

A1ZAWA YOUSUKED2:®)  IsHIDA TAKASHINZP)  AKIYAMA YUTAKAL:2:©)

Abstract: Many proteins include flexible regions generally called disordered region. Some methods for ac-
curate prediction of disorder regions are proposed. We focus on deep learning because deep networks have
already been successful predictors in the fields of image recognition and speech recognition. DNdisorder,
which is the disorder predictor using deep learning with deep belief networks, was proposed, but its perfor-
mance was not the best in the CASP9 evaluation. Thus, we tried to apply stacked denoising autoencoder,
which is another method of deep learning, to the prediction of disordered protein regions. As a result, the
proposed method is achieved performance of over DNdisorder in the CASP9 evaluation.
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Fig. 1 Networks of Denoising Autoencoder

2.1 EFIFE

SDA TiE, FHi%EZ denoising autoencoder (DA) [11]
DR S, DA TIEATNTK L THEERIIZ / A ZH0
ZONANO—HMPEE SN/ #%IL, = a—F, 7a—F
DIFNTDND. DA DEF LA LISRT. figEv—
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2.2 Fine tuning

Fine tuning CTl¥, D=2 —F L3y FT—27IZH
W GRETRRREIC LD BT 2 FE 21T 5. AR TIE
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Table 1 Detail of the training dataset
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Fig. 2 Making of the training dataset
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Table 2 Detail of CASP9 dataset

CASPY9 7—%t v |

PPV ¢ 4 117

72 BREAEK 26,083
RIRIE MR DR HHL 2,427
RIREMEREIROE S (%) 9.30

BITol=. £z, BWEET A TY X5 L LTOMREL T
i %78, PrDOS2 ® 1 EEE O TR TRIA ST 5
PR — T H—< v (SVM) 1T LD FHGE RS it
Gl L.

3.1 TRALT—H+EYF
3.1.1 EAT—2Ev+

CASP9 IZB W Tl OMEREZ Rk LTV 7z PrDOS2 1,
D 1B HOFHTIEC SVM 2RI L Tun=. Zhic
*L, MEFETET 41— T —= T OFEOVEDT
H5SDAZFALTWS. 20D FHIFEDENICLD
PERED I AAT 5 720, AT —F2 &y M35 10
I ENIRFERRTE ZAT T2

AT — 2t > FOFEMIZHOWTIE, 238 TRLTE
LBV THD. SVMICELTIE, AHL (15 kv 3T
1210 S EIRREREN T TV D, ABFETIEZ O
ICFtd N TWaRRE B LI, T4 —TTFT—= T DOF
#ED15THD SDA ZFH LIZIRE Tk L, SVM % F|H
L= FEOMEREZ g L7z,
3.1.2 CASP9 F—4+tv

2010 FFIZ AT & v X 7 BN REE T RN F e —
7 T % CASP9 ORISR TR TRIA S izT — %
Ty b (2 I LTTPRZITo/. FgEE LT
YRITEOT I ) BESORBEZ 5, ToULE LTR
SRZEPEREIRIC & EN D DD 2 AT S TW 5.
CASPO ICiT s g & LT % PrDOS2 A& L TV 5.
DNdisorder iZZ/MM L TWho7=b DD, MEREFHMD 7=
CASP9 57— &t v MIKTEHTREIT-TEY, ZD5H
SCH[T] TREREAB L TWA . 2L FE L DNdisorder,
PrDOS2 35 L U SVM OVYERE % LGl 35 7=, CASP9
ETANT—4%y T BHTHEI TS,

3.2 FHiEAE

=82 K D FRIOFEN O 9% & L TiL Accuracy,
F-measure 72 S8k x Z2FHHEIE SO TV D A3, KIRZE
PRI DEN G 93 A2 W IRERZEVESEIR T 3 TiE ROC
HiAR TR (AUC) B—iIcHW STV S [8]. AHF
FTIEZ D AUC Z& fV TP RIF 2 3l L 7-.
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Table 3 Results of 10-fold cross validation in the training

dataset
Predictor AUC
Value SE
Proposed 0.9075 0.0032
SVM[15] 0.881 n/a

10 Receiver operating characteristic
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Fig. 5 ROC curve of 10-fold cross validation in the training
dataset
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F7o, MEFEDO ROC R EXK 5 I1Z/T. SVMIZE S
TR AUC OfilE, AHD [15] 12X VR 5N fE T
0.881 THo7r=. FHUTxt L TIRETFKRO AUC 12 0.91 2
LR, SUMICELRER L o7,
3.3.2 CASP9 F—4&+tv

CASPO 7 —4t v M TRIXIG L LIZBED, RETF
£ & PrDOS2, DNdisorder 38 X TNSVM DTl 45 4
W9, 7272 L, PrDOS2[9] # & U DNdisorder[7] O:6E
I, BRI N TV DHEEFI AL TWD. BREEX
%, CASP9 ICIIT %l & FARIC 1,000 [El D ¥ 7 24
YTV UTIZE VR LTS 8. £, RETIEB L
U'SVM @ ROC Bif %X 6 12773, AUC Tix PrDOS2
23 0.85 A TR L TWDR, ZIUCIRWTIREFIE L
SVM 1% 0.84 F2E DIFIF[RZEDOMERE & 72 - 7=. DNdisorder
D AUC X 0.83 FEEIZE £ 0, #ZE T2 DNdisorder %
Mz HMREE R L. £72, ROC it Ty % &, FP
rate DEWVEY Tlx SVM BERETFE LY BT B WEAE
LTz,

34 EE
RETEIL, CASPY 77— & v MIxtd 25 T#IT DNdis-
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Table 4 Results of the prediction for CASP9

Predictor AUC
Value CI 95%
PrDOS2[9]  0.8544  +0.005
SVM 0.8409 +0.004
Proposed 0.8408  +£0.004

DNdisorder[7] ~ 0.8299  =£0.005

10 Receiver operating characteristic

0.8 1

o4
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— Proposed
P — SVM
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Fig. 6 ROC curve of the prediction for CASP9
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FEIR TNk LTk SDA DIF 5 BN EFL FEEBNT A 20
RERHD. LL, ANETHRBESTEROWER
EOMMPNFIEDE NS H DT, BT 5 2 L3
LW, AR THWZZEROMERIMHAT — %> k
DE)—AIFZ—RKANCT 4 — 7T — = TITERFETH
HEENTEY [12], BEFEOMRON LICFHS Lz L
Zzohb.

BEFEIL, T —2 Yy MTBWTSVM 282 %
PEREZ R LT ey, CASPY 7 —4 & v MZBWTIHIE
ERFEOMREE R Lic. ABHETIEIIMAT — %ty M
BIFAREREIZL VAL RN—=RT A= NREINTE
v, AT —& > Mokt LGRS LT 5 rTEEMERE
Zbivd. CASP9 7 —# &> FTHICEIT S ROC ikt
TiE, AUCIHIZIZREE TH > 7228 FP rate DIRWER Tlid
SVM O RE T RUVMEREZ /R LT e, RIRZEPEREIRT
BRI BREORTTHLRVWEIGTHEEL TN DD,
ROC HARIZBW IR RETOMRPERE L EX bR
B. TORTHE, BEFEN SVM IR L THOINICE S
R LI oTz.

CASP9 5 —%t v FFHIZEBWTIE, PrDOS2 23 SVM
AT hy 7OMREE R L. ZOHBE LTIE, Pr-
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DOS2 OFHFIETIX SVM I & 5 THIOBZIZHIFEED &
L8R TEOT I BEINC XD TRBITON D RN
EzZ b5, BETFIELPrDOS2 1T DR & 2o 128
SVM &IFIFREDOHEZRLTEY, BETIEICBNT
HZ DI PrDOS2 L [FIEED 2 B H OF 2475 Z &
TEDLITHEREN A LT D ATREMER 5 5.

4. ¥R

4.1 APRDOFELD

AL TIIT A —T T == T DOOEDDFETH D
SDA ZFIH L TH /R0 B O RREMFIR T A41T > 7=,
F7o, EREERTHZZERT 272D FEROWE, I
M7 —%1ty hONT 2L Wo e FIEEZRD A,
ANR—=IRT A —=H D EITH 2. AFETORETIED
TRIMERRZ T T 2 72, BEAFO TRIZZ IV CThemiikne
%% PrDOS2, SDA LRI T4 —F F7—=7DF
£ TH % DBN % FHIIZEL Y A7z DNdisorder @ 2 D
Fik & R ER AT o 72,

FERE LT, EBMNNF~—27 ThDH CASPI T —#
t v MK A FHITIX AUC 28 DNdisorder % i % 5 #i
REiol. RIECIT- e B R ORI T — 4
ty hOBW—ERAEORm EICFES LB 26N D.

PrDOS2 1Zxf L TiL, CASP9 5 —# ¥ v MIxT 5T
BFERICB W TIRETIEOMEREN L DIER L 2o 7208,
PrDOS2 TiZ SVM IZ L2 FMI7ZT T <, ZO®BITHIF
YWobn s I EOT X BEINZ L 5T Z1T > T
7o, SVMIZx U CIEREFERZIEREOMREEZ R L T
Wm0, BETIEICBNTY 2BBOFEITH> Z & T
FEEEDS A L9 D ATREME N & 5 .

5. SE&DEREE

AT, AT —2 %y hNO Y T 2 — (kDT
DI IERIRZE PRI DA D KI5y B AEE L Tz, FER
IR VEREI OIEAR % 2 CRIH LoD, KRR MEIK DA
YTV LK LT D L CHRER T BT A
HEMER D D

Tz, FABEARERANA N—RT A =X OHIIT 4 —7
T U BT AREMBESAE SN TEBY, ZhEnk
FHEILRIZBFE STV, RIFFETIE, WL 2o
ARG A= BIHBRERL ST RT A—FREHREIT> T
BY, LOEMBRNTA—ZRREZITH 2 L THEZLGE
TEDAHEMERD D.
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