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Protein secondary structure online server predictive evaluation

ZHU Shuping, LIU Yihui®
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Abstract ; The prediction of protein secondary structure is of great significance for studying the function of proteins
and human life sciences. The prediction of protein secondary structure was put forward in 1951, but the accuracy
rate was only 50% in 1983. During years of development, the prediction method has been continuously optimized,
and the accuracy rate has already exceeded 80%. However, there are many online servers, and Continuous
Automate Model EvaluatiOn (CAMEQ) can only provide predictive evaluation of the server’s three-level structure,
while the secondary structure evaluation has not been realized. Aiming to solve the above problems, PSRSM,
MUFOLD, SPIDER, RAPTORX, JPRED, and PSIPRED were selected to evaluate their predicted secondary
structure. The latest released protein from the Protein Data Bank (PDB) was applied to ensure that the test set is not
included in the training set. In the experiments where the protein homology was 30%, 50% and 70%, the obtained
accuracy of PSRSM for Q3 were 91.44%, 88.12%, and 90.17%, respectively. The accuracy was higher than the best
prediction server MUFOLD by 3.19%, 1.33%, and 2.19% correspondingly, which proved that PSRSM has better
prediction accuracy than other servers for the same kind of homology data and for the Sov. This paper focuses on
analyzing the operating methods and corresponding results of various servers, thus it is concluded that the prediction
of protein secondary structure should be studied from the perspectives of big data, templates, and in-depth learning.
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Zafer"*' 25 Nl FH B DL 20 28 28 A i o 5900, 15
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W, HER R I ) 80% ZE A7, Wang'® 46 NG it 45 &
PSSM FZHE 1R 7 9145 2., Tl —Fh Bk oy — 45
4356 U1 4t ) 4 — fife A 25 0 2% ( SSREDN ) K fiff 2k Jiin A
HATTRIE S SS Z a7 51 - S5 F st 5¢ & |, ff
CullPDB F1 CB513 54k 224, 43 501l 35 3 84.2%,
82.9% 1) Q3 WERAA, BT g il R
Wrid: AT 77, IRAEAR 2 5 VA AR SE B T TE 2 Ik 55
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RAPTORX JPRED £l PSIPRED 6 Ff iR 55 %% , 43 51| [#]
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TERR L NITTZ5 4 S AT FE LR R 55 % A T

1 FESR S5 i I B

1.1 PSRSM
PR 55 A A0 T 0 20 DX A B AL 1 45 1)
( Partition and semi-random subspace method,
PSRSM) #7557 . FEAEGERI BEAL T 25 0] 5 ik
AR 125 ] 1 o 2 = ] B AL R A 77 A /9, PSRSM
fdE P2 BEAL 25 18] J5 125 RE AT 3800 PR UE R il 732
A ETPE M Z AL, ZT R RPN
S BN R AR 2 1 504 B ) S AN [ 1) 1 4
B FEAL AR SR A 2 BEATL T2 ) 8 05 AR T
23 8] FFAE T4 (8] EUNZREER 728 8% ; e Ja iR E 241
SRR FE A AR R AR A AR, A R 2
(532t , ol SVM 1R S B AR 1 43 2485 .
B, % T % A fdE H] PSI-BLAST 25 4 1
PSSM % #E , 3f H PSI-BLAST {ii /] BLOSUM62 3# 1k
M2 NCBI RYAEICAY (NR) Hidle 9 RO 4R BURRAS
R IR JFN AR 2 PSSM 2 20 = L R, 20 Sy
AR L A E AR KB, 7ESL8h
fd ] 13 AN S ORI F 5 8145 2 AT

FPa b B H B A, R A — R
L I, 2774 260 = L(13 =20 = L) A% AJH
M, M 260 FFEME L 160 41 R 32 ZAFAE, 1F
R, BeE ESr 12 R TN gk, IR
2 —H I E AT I SR A R A a1
Oy RARIEAT I

SEEG I GRAE R L T ASTRAL $0dE4E 11 6 892
20 FUBOBCIE AN CullPDB B4l 55119 12 288 &8 1
T, R AR E R AT, IR
5 15 696 Z%HE . WXL 99 4~ CASP10 idiE |
81 4~ CASP11 4. 19 4~ CASP12 %¥#% . 513 4
CB513 %4 1 673 4> 25PDB B FI 2018 4F 2 F
1 SZHTHY 100 254048 (T100) , S804 24 ] 6 4>
GTPCs #i 1 7£ 25PDB ., CB513, CASP10, CASP11 .
CASP12 H1 T100 i i 2 11 it — A5 Y Q3 Fil
T AE T R 0591 2 86.38% .84.53% .85.51% .85.89%
85.55%Fl1 85.09% ., % M55 #% Fi I A 11 I3 5 471 31 1]
A& 10 ] 800, F I (414 < http :// qilubio.qlu.edu.cn:;
82/ protein_PSRSM/ default.aspx
1.2 MUFOLD

MUFOLD R FH i) & —Fh 44 4 R BE W46 - P9 384
Ui (Deep 31) K7 7Y 0 £ > F0 2 1 5 — R 254, O
FUT 4 AR AN T 40 3055 2, RRAE R [
ZEA T S BRI FRAL I Bt | PSI-Blast #54iF Al HHBlits
REAE"S AR B AR M R A R AR A R, SR T
-1 B 1 ZEREHY 8 N TF R TR — AR, 1
7 RN BRI, 5 — A 1 80 FKoRE
TR AR, WF 1, =7 RRFE—REIR,
“n” R FRAL I i B EUE . MUFOLD % &
BN AR 700 + 8, #7B BEH A — A E LR )T
SIS 600 Y AR 11 BT, 1 8 A PRI 23 L HT 600 17
BRI 7 A543 BRAS B BRAL I 15, 26 8 ik 0, 17
J&i 100 FTHIRT 7 Raffish 0, J5 — i & h 1,

X F PSI-Blast FURFAE , 72 B FEFH A 0 31
1 IR 21 (L8038 — & 5L W2, T 20 AR 48
RF|H) PSSM HIKE, 5 — 0 1 800 RomE®A
B A ;% T HHBlits $#AEN A 0 2] 1 Z [\ 31 f7 %L
FRAR—ANFIERR BT 30 A7 4 HMM SCH% 8,
g — i RIRE 0 3 1 FRfi A . UL = AREE B
HE WA~ 58 DLAVRRIE 154 28 A

Deep31 W& JEH 2 1> Deep3l B, — R FI 4
SEARIRE I BUH E L, T Deep3T Ha t 4] 1A A
i B B, 90 4R B B 3 2o 4 AR BE A A AL
PRI R A% 5L 2 () W AR SR F8AH ELAE . Deep3l
W) %38 1 il TensorFlow F1 Keras ASWr k4711 5 F0 52
L% SO i = | i &2t b g wm RN
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Table 1 Input matrix set according to the physical and chemical properties of amino acids

WA 'R 7 AR+ 1 A ATRIA

1 * n n n n n n n 0

2 * n n n n n n n 0
599 * n n n n n n n 0
600 * n n n n n n n 0
601 \ 0 0 0 0 0 0 0 1
602 \ 0 0 0 0 0 0 0 1
699 \ 0 0 0 0 0 0 0 1
700 \ 0 0 0 0 0 0 0 1

MUFOLD 5 56 Hh (1 40 5 66 ] 8 1 5y 810
FES4r T 50 B 700 Z [H] 19 K Hs, K A CullPDB,
JPRED ,CASP CB513 1 PDB 5 4~ F 19 26 14 T 4%
%, BAR B M CullPDB $EHL 79 581 4% H,
HABEALIE 9 00026/ UIZRME  F60F 1 581 &A%
S N JPRED e 35 B8 110k 8 AN [a] i 20 K
J5; CASP (% 46 253 T )5 CASP10 119 98 2% %K
ffii, CASP11 1 83 Z5KUdi, CASP12 11 40 25 %4l v
{1 ; CB513 A1 385 2% PDB 44 th [7) BE 4 1 A T
MUFOLD )5 % v, MUFOLD iU i 5 4 1) 715 Bl 2
30 | 700, M3k} Ak A2 - http ; //mufold. org/ mufold-ss-
angle/

1.3 SPIDER

Hefferman'*' 25 A 41 21 %F T 85 1 5 945 F 131
R 79 5 ik 2 TR AR O AUE 5T, 22 4F — ELASH 0 S i Y
JEPRSR A T, A L SRR R FETE = e 45 h b iR B AR
VAR AR BT v o B AR, R O 50 0 4l 2 2 ik
RBR I Z ] AR SR AR EAE ] . B P&~ 1Y
Ti B REAER G H] 10 ~ 20 A9 3h 8 F R AR I SR
(AHEAE . 1 SPIDER Al I8 sh & 1, >k FH —
P 5 1991012 ( Long Short-Term Memory , LSTM)
LA 336 U9 0 28 ) 4% ( Bidirectional Recurrent Neural
Networks , BRNNs) AL 7 > SRR SCEL i, fig
AR B IR Ak Ak 2 1] 1) AF Jm) 8 AH ELAR B AR, 52
SR B RE A% R B T RS BT AR
SN R AT SR T

M 4 1) LSTM-BRNN £ B & fy % 4> fiff ]
LSTM ZH /i (1) BRNN )2 il A4~ 35 %80 0 42 H B it ek
BIG( Rectified Linear Unit, ReLU) #iE HIBs & JZH4)
B, BN T IUGEAUT , X TZ M5 A S
177 MR AR RY o S R B AR
( Physio-chemical properties, PP ) . 20 43k H PSI-

Blast (1) PSSM F1 30 42k H HHBlits %:1>5% 3 (19 f2
P L R B R A Y (1Y 7 51 3% ( HMM  Profiles ) , 48 5x 26
BRI LSTM-BRNNs W 45 4 )i (R 340, gk A7
DUV EAR (CHHp— AR A 35 5 4~ LSTM-BRNN ) ,
R 3 RN R WA IR i B A A
1B, EYNZR IR Ry B b s LG B R %l
509 E 4Bk 3 Adam DAL I 25 A2, 1% 9 2%
RERETE A M Sh o0 DAY & R K A HE

H,

Protein | PSI-Blast

Sequence

=

PSSM
HMM Profiles

PP i =10))

BEl1 SPIDER FE4H
Fig.1 Main structure of SPIDER

1.4 RAPTORX

RAPTORX fiff 1] i % & 45 B4 42 B 2% ( Deep
convolutional neural network , DCNN) #1514 FE 137
( Conditional random fields, CRF) 204 1M il IR & &
FRM 2237 ( Deep Convolutional Neural Fields, DCNF) ,
RT3 BT — G, I HX R 48 5% F— M 7E
ROC 4% T 1 X B9 ( Area under the ROC curve,
AUC) S RAR T3 B RNk, T REBEAR G- ik ke 25 5L
JPAEE T 000 ] R Wang '™ $2 3 7 Af 2R
FIUT T 51 3CF J& , RAPTORX 78 #4658 CASP Al
CAMEO fERS 1S 5] K2 K 84% ) Q3 HERA A 72%
M9 Q8 WA, Al 7 51 SCHFRE RS AR 14 200 74%
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PRI F= 11 FE DR 45 4 X 2 AR 408 4% ik ] 17 A
Wang' ™ #§ Hi DCNF fdi Ff DCNN C#: CNF Hffi Y
TRIZ LS BERS Al 2K di A RN i Hh b 28 22 1) &2 2%
0PN HEN 14 21 B i D) R 2K Y SN

RAPTORX 52 % o fiff I (9 £ 4l 5 6 125 4>
CullPDB %4, CB513 %4l | 123 > CASP10 %4l |
105 4~ CASP11 451 CAMEO ()% , 384 JPRED
STERY 1 338 AU 2R B 149 A O B s
RAPTORX 454 5 /2 26 31 4 000 4~ (A 5 7
H, #i I B A A7. http://raptorx. uchicago. edu/
StructurePropertyPred/predict/

1.5 JPRED

JPRED Jl 55 %% M\ 1998 4F-FF Ui #3626 (4 5 1) 75
MFFAE T 2 & JE 3] JPRED4 M4, JPRED3 fliA<
FINET S 2 BN 1 57 91 508 2 )59 H)
(MSA) [y i, Horfr INET fdi F§ JNET v2.0, JNET
v2.0 ANl AR SO, HASH PSI-BLAST 9 PSSM
Jic & SCAF A HMMER B B By 7R AT AR AR 400 28 )
261 9 ANEATTHI IR 100 ASEATT %5 e Je i i v
FEFIGEION I SCOPe Ui 1) Astral 1 45 £7 25 19 )7
RS AR TOAR IR R AT 7 A% 28 g Uk 35 Il i
KB R 149 4 Bt AT A B T
81.5% ) Q3 HERGH,

JPRED4 A F JPRED3 — K¢, [RIEEfd F INET
BRI LR — TP BN 22 3 81 X 2R B8 Y
TG, A R R B 1 358 4> SCOPe/
ASTRAL v.2.04 B KB —A 0K, INET
2.3.1 #E4T 7 A58 ERUF A 5L 5, i 2t F-4% UniRef90
v.2014_07 34 1, PSI-BLAST SCE3F R — AR 1
AN S Z A, BR TE 150 IS T
AR T 82%MUERGF . [T JPRED 7Rk 55 7
AT DAFRAE TR AT K A 6 iy R DX g o 3o
M4k 4 ¢ hitp : //www. compbio. dundee. ac. uk/jpred4/
index.html .

1.6 PSIPRED

Mecguffin''® %5 A 3§ Hi PSIPRED R 45 #5454 T
=Mt nyE A , 43 55 PSIPRED . GenTHREADER
F MEMSAT 2, JLrft PSIPRED SR FH 7™ #% 1) 38 XL 56
UERRVEAG PR BE , I ELR FH WA B8 19 i 22 R 465, %o B
PSI-BLAST FR75 (%0 1 #6417 201, NI A5- 2 mT 5 i
TSR TN 25 5 s GenTHREADER JH 34 4 b %5 fist
RS H A 4548 ; MEMSAT2 RE fi% PR 38t 131
AP EA5 B, B AL R . hitp ://bioinf. cs.
ucl.ac.uk/psipred/ ,

ML 6 AN M55 i F00I0 2o 2 1 3 B 437, 7T LA

BRGNS e A, Hhaetgite L F
ARSI 45 ) /2 PSRSM  SPIDER3 1 RAPTORX ,
RGN ER O, FiE— S E ) RS
JPRED #1 PSIPRED #2200 8 1 45 K H g A& —A4>
BT (ST ) /2, T HL25 52 LR i)
T & 126 2R B m, I H PSIPRED 7 ) — B[] B
W2 HAVF EA% 20 S50 24T T , DRtk 3000 45
RARBUT R &2 2%, MUFOLD 884K W vl | 5 B
— AT A ST 10 4B E R AR S2 6 b
ARBOSE , fee— Ik Q] A 4 8 R0 77, 6
AR 55 #45% TOUIN A BsF ) AH 22 0 AN R AR K, FE A T
25 SR AR T AR R 220

2 RIS ORI s v

FEF R MRS A5 40 v] AT by w4, AR B 2
JoT & A B 7 A AL [ RA: 43 R BT 150 28 it
738, IR T A 18 M PE I AR R TEA
2.1 HUEIREN

B BEBGEAE LT R £ E 2018 4F PDB
BB KA PRIE T IR AR ST A 55 7 0 I 2k
erb Bk A R A s ] B, B ELAG A o 5 BdE
SRR, AR S0 45 A HA R 5 PR B
KRR L LR — A IR 52 8 AT LAt A7 00K, I 15 2]
TZE R BT BRI A 2018 4F 4.5.6 H
SHIERUT 50 S8 BT AR TR — R SE I B
VRN 2 B

JEH N TS 45 R A Al S G — 2
M 2018 4 4 F) 8 H, 3T A I Y 30% , 50% Fil
T0%BEHL 7 B L T 50 4%, 2 150 & % s
(T150) #EATEE R SLHG , 125 50 I B0H e B an ¢ 3
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2.2 EfhERAE

AR SR T WA A e R O R T M
PETT Q3 FI Sov HAE T2 B AT AN I 5E I 4 BiL 1Y
KGR, Sov M{E I B RA i 200 R M TR FE

2.2.1 Q3
Fie IR DSSP!T A REE | T R FRA T AR
£EFRI4r 8 H G 1.E B TS fil—,8 Fuik A, 1Miix

8 XMURA M H GI>H,EB—E, Hit—>cC
1 2 B — SR IR T 9 Ak HCIRTE) E (37
) C(H) 3 MRS, W Q3 FRm ol e w Tl 1Y
RS E R A EE R TS R e, £F
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Horp: S, 02 B REA R MEFR I EBE, &, Q3 MR =FIRET , E A B A T Y
Sy & H RE P B MERf O p0 8k, S, & C 28 MERRR,
A RS MER T RO, S AR R R IR AR

*2 DB150 #iE&k
Table 2 DB150 data set

KA R A HEHABAFR
5MXB SMXW SNFX 5NM3 SNWN SNYH SNZG SNZH 5NZI 5NZJ
SNZK 5NZ1 SNZM 506C 50A0 50DX 50HU 5017 5019 501D
4 5OLN 50QH 5TOS 5USB S5USN 5USO 5V80 5VAS 5VCK 5VFX
S5VFY 5VFZ 5VGS 5VGC 5VGP 5VH2 S5VHU 5VJ]3 S5VKX 5VYY
5WBS S5WC7 S5WDJ 5NQO 508M 50AE 50ET 50LM 5X9B 5YQ5
S5LTL SMHA 501A 501F 50BU 50BW 50BX 50BY 5000 50UJ)
50UK 5SVH 5TF7 5TF8 5TFA 5TGK 5TRZ 5TS1 S5TXK S5UK7
5 SUNP 5VP3 S5WKR S5WKS S5WL3 SWL5 S5WL6 S5WL7 SWNI SWNK
SWNL 5XK2 5XKC 5Y03 5YRP 5ZEO0 6AU6 6BWV 6BXD 6BXE
6BY2 6BY3 6CAM 6CCG 6CDF 6CDR 6CEN 6CEV 50FE S5VWG
SMOB 5042 506X 5072 5O0ND 5TPT 5VZN 5VZQ S5WOY S5W1D
5W37 SWAA SWLS SWMO S5WMQ 5X84 5XPL 5XPQ 5XPS 5XQ5
6 5XQA S5XWS 5XZK 5YOF 5YD5S 5YGU 5YK9 5YWR 5743 57])6
57K0 6BG6 6BVP 6CD3 6CMN 6C0O2 6CPL 6CPN 6DOL 6D0S
6D2C 6D60 6D8J 6DIN 6D9Y 6DIP 6F51 6F63 6F66 506P

£®3 TI50 $iEE

Table 3 T150 data set

R E A1 9% HH AR
5LOS SLTL S5M6Y SMCT S5MCU SMCV SMCW SMF7 SMGS SMHS5
5MH6 SMIY SMLP SMNW SMQX SMV2 5MXB SMXP SMLQ 5N12
30 5N2P 5N9B SNAP SNBC 5SNCB SNCM SNDX SNFX SNKN S5NM3
SNPN 5NQO SNUK S5NV9 SNWH SNYH S5NZ4 5NZ5 SNZG 509X
50BA 50C9 50D3 50GX 500X 5008 50TU 50W5 50W0 S5QIF
SMQX SMXP 5NCB SNDX 5N7Z4 509X 50C9 50D3 50GX 500X
5008 50TU 50W5 50WB S50WL 50W0 S5QIF SUMP SUMW 5V03
50 5VX5 S5W6K S5W6Q S5W7R 5W87 SW8Y S5W8Z SWAS S5WCH SWCQ
SWCX S5WD6 5WDG SWDK SWEC SWEW SWFU S5WG8 S5WHS5 SWH6
SWIM SWKW SWLP S5WM9 SWQM 5X16 5XE] 5XGQ 5XKE 5XOR
50G7 50G9 50GH 50GJ 50GO 50GT 50GZ SOHT SOHY 5010
5011 501U 50J3 50J5 50K2 50K3 50K6 50LT 50MI 50NK
70 50NN S50NQ 5003 50P3 50W4 50WC 50WK 5022 SULY 50Q9
S5VJA SVTL SWAX SWID SWMG SWMK SWNF SWOE S5WP1 SWYN
5X21 5XFJ 5XNC 5XNE 5XQZ S5XWX 5XX0 5XX]J 5XXQ 5XYB

222  Sov WENRFFNCH S, , S M S, S, B RAHIE 1)

Sov WTHRJEHE T HE S BULEM—MINE, & FBLIRA S, i 2 & — X ESM— 1 R0E, & T

XM ZE A B RS R R A X, TRl  1

kS, B length (S, ), I HABEEX H S, A1 S,

Q3 BB AL E A AR N IRGE rE R RS ECRIFEIC N max (S, , S, ) B S, AT S, B
Bl =R, MRBRBORE R FSICA S, , B FFIINEORZZEIC N min (S, , S, )., 75 BIAFERR
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A Sow BYHA AR E T
@ |:min(S1 ,S,) +8(S, +S,)
max(S,,S,)

Sov =

length(S,) :|

(2)
Ho T 8 WiE 2 7 ArE H il hil
GAb B AR, 8(S,,S,) BUERTA LT E X
(max(S,,S,) - min(S,,S,) )
min(S, S,)

sov So

3 SLEG AR

M PDB Hf T A5 B B i B O, RS A
B EAEE] 6 ASTRINARSS: 25 L HEF TR, AL 2R R
3452 B TS5 5 , 38 5 IR AR A =4S A9 DSSP
ZERAH R R R E BT Q3 1 Sov HEH
R, BRI AR A U R DB150 1 Q3 i Sov

PSR E M ength(8)) + 2] WA 4 . 4 s IE T 309%,50%,
int [length(S2) + 2] 70% 1 [ 2 BCE A1 T150 19 Q3 Fl Sov 1Y 52 I 45 F
(3) k5 PR,
x4 EI 18 Q3 Sov FHHEME
Table 4 Average accuracy of Q3 and Sov in Experiment 1
BELE 28 Ve MUFOLD/ % SPIDER3/% PSRSM/ % RAPTORX/ % JPRED/ % PSIPRED/ %

4 A 85.67 84.94 87.39 82.21 78.31 78.99

5H 88.48 86.70 87.66 85.23 80.40 80.44

o 6 A 87.46 86.30 89.15 83.97 79.91 80.61
DB150 87.20 85.98 88.07 83.80 79.54 80.02

4 H 79.67 81.35 81.61 76.39 72.91 72.25

54 83.52 83.38 84.00 80.19 75.76 73.27

o 6 H 83.53 82.34 83.36 78.84 74.91 73.88
DB150 82.24 82.35 82.99 78.47 74.53 73.13

x5 I8 2H9 Q3 F Sov FHHEFHE
Table 5 Average accuracy of Q3 and Sov in Experiment 2
R 24 ol sE MUFOLD/ % SPIDER3/ % PSRSM/ % RAPTORX/ % JPRED/ % PSIPRED%

30% 88.25 87.44 91.44 84.20 80.88 82.02

50% 86.79 85.87 88.12 84.54 79.68 80.53

@ 70% 87.98 86.19 90.17 83.45 78.62 80.15
T150 87.67 86.50 89.91 84.07 79.73 80.90

30% 84.56 83.76 87.45 81.23 78.39 77.32

50% 81.67 80.23 81.95 78.74 75.30 76.05

i 70% 78.15 78.33 83.36 75.37 67.43 68.81
T150 81.46 80.77 84.25 78.45 73.71 74.06

MALEGZE R P R ], AR T H O E AR
Holle , 2 FE T RIS [F R 43 1 $i0E , PSRSM 415 HL
13 TR — 2 A i O RCR , Q3 R TLI HERf R A
2 AT 90% , 44 I8 Byl 45, 4 7 4 1) B8
£ PSRSM A E| T fe b 9 T A5 5, Q3 1 Sow 1Y
{50914 87.39% F1 81.61% ; 76 5 A 11 K4k 4
MUFOLD %) Q3 #EW 3 =, 7 88.48% , Sov HERH
{LKTF PSRSM 14 84.00% , 1y 83.52% ; #£ 6 H 3 Bids
e PSRSM 19 Q3 3K 75 f5 o ME A %0 89.15%, T

Sov {XYX T MUFOLD 1 83.53% , 4 83.36% , TELiE
45 DB150 25 R IR AT 3] 6 Fhatil 7 =X Q3 1)
WERR = & B A PSRSM. 14 88.07% , MUFOLD [7)
87.20% ,SPIDER 1) 85.98% , RAPTORX ¥ 83.80%,
PSIPRED [ 80.02% #1 JPRED [ 79.54% ; Sov #EWf
Fh & F K~ PSRSM %) 82. 99%, SPIDER3 )
82.35% ,RAPTORX f{] 78.47% , JPRED ] 74.53% Fll
PSIPRED ) 73.13% ,PSRSM 185] 1 Q3 Fl Sov F#x
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I 4f B SPIDER &t 5%, Sk & 7€ T150 Q3
il Sov HEH & B 55 2K 43 3] PSRSM 119 89.91 FiI
84.25% , MUFOLD F 87.67% 11 81.46% , SPIDER (7]
86.50% F1 80.77% , Raptorx ] 84.07% F 78.45%,
PSIPRED Y 80.06% #1 74.06% , JPRED #J 79.73 Hi
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