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Predicting phosphorylation sites of Poplar protein

GAO Guangqin, HUANG Jiarong™ , ZHOU Junchao, XIE Pengfang
( Henan Agricultural University, Zhengzhou 450002, China)

Abstract:In this paper, the phosphoproteome of Populus simonii XP nigra was used as the research object. The
nonlinear relationship between the structure characteristics of amino acid sequence and phosphorylation of serine and
threonine was expressed by artificial neural network. A BP artificial neural network model was established and trained
by using the real data on phosphorylation. The appropriate structure is 21 x 16 : 8 : 4, the fitting accuracy is 90% ,
and the Acc, Sn, Sp, MCC are 78%, 89%, 67%, and 0.57, respectively. The comparative results show that the

model has strong prediction ability.

Keywords : Populus simoniiXP nigra; Phosphoproteome ; Phosphorylation site; Artificial neural network

FEAEYIAR , HH RNA BP0 28 1 TR 2 48
o R A B A A Y B A Y By
T HA RO REA A5 5 MR S RE A A R
WA A 7 it 2 o T 2 Y 2 1 ST DI RE AN A, % 48 2y
REAS A BRI TR . 2 1 BB 2 7E A L
B HEALVE IR | iR Ak AT ey AR 43+ 56 78 B 85 1 o
() A PR N 2 LR 5 - ) ek A8 2 — S AT Y
W PR E A TR AR, B SR
AW B IR AL A s AR AN TR] B 2
22 Z 1R (Serine, S) 73 & R ( Threonine , T ) FI % 2 ik
(Tyrosine, Y ) %5k 3L 5 & F B 2 R L AR
(Aspartic acid, D) , & 2 2 ( Glycine, G ) Fl1 4 2 IR
(Histidine , H) 585% 3 3 i 7EBE IR T A0 i K A B T

Y% B #A.2015-05-06; 1€ B H #7:2015-06-03.
ELTE A R FERE SR

PEAE R, SO B S 25 T R RG34
HAERIREST (e o 15 5 R R IR A0 R4
VP A R IR 4 vl 3 AR 2 B
1 10 A E AR AL B B R 19 i, I R i
BORAEHE BT 27 A4 R W P T A6 T 0 B0 A 1
MR B RINASIABRRALE A A = 5
BT T BB ) B R AL A Ui KL, 5 S 2R Wy 2 5
RARMLIRUEE S, B, AL AL U5 %, B
i 26 3 0 R R P B T A e Y — AR 9 R N AR
T M TR A SRR AL, YT, B
A KA R R AL R U AR g e R
[TEE R 5 Wb (4 2 1 BB R A A s T A
(EET X A7 B A 19 RO TR P 7 ) T AT 52 9 A AL A

EE R mOLTT, &, LS A  SEIR I, 5T 5 1] AL A W5 B2 s E-mail . sckdggq@ 163.com.
*BIEIEE KR, 5 WL 2UR  UF50 07 ) AR IR S B4 B E-mail ; huangjiarong]137@ 163.com.



166 £ #H A

& % %13 A&

B, ACLI/INE (Populus simoniiXP nigra ) R 1k
BT AWFFENT G, HIN A 28 0 2 g e ol R Ak
(LS TR | S AH T 58 B2 5 S

1R ik
1.1 #REES5AR

MSCHR 12 ] % 32 4 5 H AT R I AR A A )
PR AL AL R AR AR N B/ NR M A S SR AL L

RCHA S AT 5-EL) 15 45 10 DR LR HE 1Y 7
511 106 Bt 14 Ji IEAE AR 4R 5 P A A0L e O 8 1R A 3 90
PEVSE 1 1 R RO o0 N B AEBER AL 31 106
Bt MR REAR S  RESCanER 1, $RAEALRIN Y 4 4
AFEAHHER 1 A4S (36 54 BY) 4 UG IR REAS, R Y
3/4 (3158 Bo) ME M INZRFEAS , W H—Fh 3 2 iR
AR B G R R i R 1O R AEFEAR A LR 45 4
JF A g% MATLAB F2 )7, B 49 53 A A% i 36 B0
BEAR

Fx1 HEREHEKX
Table 1 Type of sample set
EEY e T IEFEALE EEY e T AL
203151 LKSAITGGSA PSLSAPKKTK+ AT5G66400.1 HHGQEQLHKE GGGLGGMLHR—
227384 DRWGGLVTDM DDQQDISRGK+ AT5G08670.1 GLLDGKYDDL EQSFYMVGGI—
822067 GSRATGAFIL ASHNPCCPNE+ AT5G04140.1 GGPWELGLTE HQTLIANCLR—
*x2 SEBHEARFVERX
Table 2 V scales for amino acids
AR V1 V2 V3 V4 V5 V6 V7 V8
Ala(A) 0.18 -1.35 -0.37 -0.90 -0.42 0.28 -0.90 -1.19
Arg(R) -1.34 1.28 0.44 2.09 —-1.81 -0.2 0.47 1.83
Val(V) 1.06 -0.48 -0.99 -0.98 -0.46 0.46 0.42 -1.29
AR V9 V10 V11 VI2 Vi3 V14 Vi5 V16
Ala(A) -1.13 -0.01 -1.54 -0.21 1.23 -1.38 -0.27 -1.01
Arg(R) 2.56 0.07 -0.05 1.33 -0.36 -0.39 0.85 0.51
Val(V) -0.83 0.29 -1.04 0.02 0.78 -0.41 -1.22 -0.12
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e Bt 4% M < network N7 B 0 28 X 2 45 3)1| 2k 45 R 5 Sp =TN/(TN + FN) = 100 (4)
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Fig.1 Neural network model forecasting phosphorylation sites of poplar protein(21xm : n : 4)

2 GRS

Ph 158 Bl 54 Brad FE R 7 40 () 4 iR - it AL 4K
PEAE AN R ARG I8 AR A, X T (B R 32 4 A 1)+ 43
A =R (Network1 | Network2 , Network3 ) #£47 JI|
i K5 XS L o A (W3R 3) 5 A A R AL Oy
network3, Fi 45 R 21x 16 = 8 = 4, 4L HEHE N
90% , N A IE 1 2 Ace  REUE Sn R Sp. 1
TR OC R B MCC 45 T50 I 3740 48 45 43 501 8 78%
89% 67% 0.57, SCHA[ 5] H] SVM #F5 By 25 AR ik
K 74% ,72% ,77% ,0.49 ; SCHk [ 6] FE T SVM (R FE
PR AT B PN 7K e 3 11 BT B R AN S A 45 SRR
K 75% ,76% ,67% ,0.47, F Lb &5 R FE W, BR Sp 18

PRAD , AR PRI B TR AR T4 R U WIAS
SCHR R AL AY network3 L BLAT AR 1) £ 11 BT R
AL T BE 77, #4 network3 Hi iy 44 i NNFPSPP
(Neural Network Forecasting Phosphorylation Site of
Poplar Protein) , HAXH , BY{H W3 4, 45 HACA K
(1), 5z B 2 P Joi W8 TR A 07 ot 22 o 4% 00 A6 7
VR RIS, R i A2 BRI A e
AE AR B L e 92 B B I, B R R
MATLAB {7 H pR AR A

C = sim(NNFPSPP,V) (6)
2P, sum () 5 MATLAB (145 2L 0 45 ; NNFPSPP Oy
IZRLF R RIZE RS G2 ERRAE T P28 25K R 1 A 4l
e~ EA NS R E TN TR L=

xR 3 IFMERETINERERIER
Table 3 Indicators evaluating predict performance of the model
Wi 4 44 T TP TN FP FN Acc Sn Sp MCC Pn
Network 1 54 20 21 7 6 76 74 78 0.52 0.968 4
Network2 54 17 21 10 6 70 63 78 0.41 0.999 9
Network3 54 24 18 3 9 78 89 67 0.57 0.899 7
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Table 4 Straining results of NNFPSPP
Fa WL(],l) Wll<,(1,2) WL(],ls) Wli,(z,l) Wli,(z,Z) WII(,(2],16) by
1 1.607 0 0.404 9 1.4109 -3.9550 0.121 5 5.358 5 -4.994 2
2 0.881 0 -3.280 2 -2.368 5 6.315 2 -3.695 0 -2.765 9 -0.831 8
3 -0.692 0 -0.097 5 0.916 6 -0.3913 0.368 6 1.4223 -0.833 8
4 2.967 1 2.629 5 4.133 5 0.257 8 3.104 3 1.576 6 1.460 5
5 -9.537 6 1.196 4 2.718 3 1.175 7 -0.413 8 -5.764 1 -1.808 2
6 0.175 5 0.573 5 0.013 8 0.704 9 -0.3313 -0.986 6 5.882 1
7 0.296 0 0.896 4 1.300 9 -2.5222 2.756 1 0.087 3 -7.583 6
8 29751 -0.426 3 1.994 6 -0.690 6 0.380 9 0.092 2 52517
)z Wi,l Wi 2 W?‘,s W3,4 W3,5 Wi Wf,7 Wi,s b
1 54.217 8 —-279 316 -279 322 -680.580 5 -669.405 250 337.9 278 695.8 -270 496 30 285.32
2 -12.5059 -19.136 8  30.8153 -130.5757  441.5826 -222.638 -47.599 9 27.524 -224.196
3 -1639.99 2 296.29 36.086 5 2 950.691 18.331 5 -8.393 4 -1 641.84 672.792 -3 633.94
4 -32.719 8 37.897 1 70.431 9 -98.798 9 -99.299 -11.403 9 -10.283 7 68.343 2 59.017 7
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