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Sequence-based prediction of protein-GDP binding site
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Information, Ministry of Agriculture and Rural Affairs of the People's Republic of China, Shanghai 201306, China

Abstract: The prediction of protein-GDP (Guanosine Diphosphate) binding site is significant for protein function annotation
and new drug discovery. A sequence-based protein-GDP binding site prediction method is proposed for improving the
accuracy of protein-GDP binding site prediction. The method uses a position-specific iterative algorithm for multiple
sequence comparison to obtain a position-specific scoring matrix, selects the feature vector of each residue in the protein
sequence through the mirror residue-based variable sliding window, solves the imbalance problem of the positive and
negative samples of the data set using CNMW (Clustering NearMiss-2 Weighted) under-sampling, and finally realizes the
prediction via support vector machine. The experimental results showed that compared with traditional methods, the
proposed method has a significantly higher Matthews correlation coefficient, indicating its effectiveness and feasibility.
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Table 1 Composition of training set and independent test set

Hlfide  FAIEE IEREA TrEA IEHE
GDP105 105 1577 36561 23.18
GDP82 82 1101 26244 23.84
GDP14 14 194 4180 21.55
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Figure 1 Process of creating missing residues
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Table 3 Performance comparison with other methods in

GDP105 data set
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NsitePred! ! 64.60 99.10 97.60 0.675
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MR RE LB 25 RO, A SCRF G I 5 157 Sen
Spe. Acc Al MCC J7 T & BLE U, 43 5l 4 67.72% .
99.91%.98.55%.0.806., 541 K755 1T Ml H
AT AE Sen . Spe . Acc \MCC #8454l 425 T
2.47%.0.73%.0.77%.0.106, MCC $5 Fp & i 5 43
KABEAIVERE B — BT bR, DA S o e AR
RER B
2.4 07t

R T R 2 UE B A SO R T R A R AR
SCIA A BioLip H 4 37 X 5 GDP 14 il 3 122 45 754
FTTEI PERE > SCIREE R AR 4 s .

MNFE 4 T SE S5 BTSN, A SO VA AR S
£ b R M E U, Sen 48 45 4 58.67%, Spe 1§ br M
99.78%, Acc } 98.01%, MCC 4 0.656, i% 4 P44 $85



- 1430 -

e
AR

] 22

5539 %:

bbb A7 R 7% A7 0 5 1k 4 s s 2.37% . 0.33%
1.01%. 0.085, Ft NsitePred 75 ¥ 23 % &5 1 2.97%.
1.88%. 1.91%. 0.120, t. SVMPred J5 ¥ 43 5l 7 H
9.17%.2.18%.2.61%.0.190, X FH T CNMW T}
FEE SVM 454 1) 515 T LI 20 -l 7500 25 11 5 -GDP

AN

F4 MR E GDP14HISEIRLEE R
Table 4 Experimental results in independent test set GDP14

Ty ik Sen/% Spe/% Acc/% MCC
KSR 58.67 99.78 98.01 0.656
AR 56.30 99.45 97.00 0.571
NsitePred!!! 55.70 97.90 96.10 0.536
SVMPred! '/ 49.50 97.60 95.40 0.466
3 4 1%

AT CNMW TR A B AT SVM Bk AH 45
A, A AR 15T 4 e SR R 45 Bk T GDP 45
B B SE DEEE Y B AN B BUT 81
TiIE SR J5 &5 B B HR L 14 R IR A% SE (W R AIF | >R I F
BEAGRRFE A T ARV Sh B Oy s R AR AR 3 A AR AE
] &, I H F —Fh 45 4 K-means 8 2% \NearMiss-2 J7
IERMACT RAER CNMW B R R A AR LR 1)
APl Im) L, B S f ] SVM BEAT 0 28 1 . 5 HiAth
FE T 4 04 00 5 vk AR L AR SC T VR AR P A A AL
PEAE b1 S H A SR uE Al 7 4R GDP14 LB 3k
18 78 B MCCAEL, 3% & B A SCT7 0T L AT 250 Hh il
W& B 80 ) GDP 25 56 s, i 43 [H) AH B AR
FHAF AL 158 i) L B

(5% 3CiK]

[1] Durrant JD, Mccammon JA. Molecular dynamics simulations and drug
discovery[J]. BMC Biology, 2011, 9: 71.

[2] Oztiirk H, Ozgiir A, Ozkirimli E. DeepDTA: deep drug-target binding
affinity prediction[J]. Bioinformatics, 2018, 34(17): i821-i829.

[3] Ballester PJ, Mitchell JB. A machine learning approach to predicting
protein-ligand binding affinity with applications to molecular docking
[J]. Bioinformatics, 2010, 26(9): 1169-1175.

[4] Seco J, Luque FJ, Barril X. Binding site detection and druggability
index from first principles[]]. J Med Chem, 2009, 52(8): 2363-2371.

[5] Heo L, Shin WH, Lee MS, et al. GalaxySite: ligand-binding-site
prediction by using molecular docking[ J]. Nucleic Acids Res, 2014,
42: W210-W214.

[6] Altschul SF, Gish W, Miller W, et al. Basic local alignment search tool
[J].J Mol Biol, 1990, 215(3): 403-410.

[7] Wilti MA, Riek R, Orts J. Fast NMR-based determination of the 3D
structure of the binding site of protein-ligand complexes with weak
affinity binders[J]. Angew Chem Int Ed Engl, 2017, 56(19): 5208-
5211.

[8] Hogeweg A, Sowislok A, Schrader T, et al. An NMR method to
pinpoint supramolecular ligand binding to basic residues on
proteins [J]. Angew Chem Int Ed Engl, 2017, 56(46): 14758-
14762.

[9] Harris R, Olson AJ, Goodsell DS. Automated prediction of ligand-
binding sites in proteins[ J |. Proteins, 2010, 70(4): 1506-1517.

[ 10] Nisius B, Sha F, Gohlke H. Structure-based computational analysis of
protein binding sites for function and druggability prediction[J]. J
Biotechnol, 2012, 159(3): 123-134.

[11] Si JN, Cui J, Cheng J, et al. Computational prediction of RNA-binding
proteins and binding sites[J]. Int J Mol Sci, 2015, 16(11): 26303-
26317.

[12] Taherzadeh G, Yang Y, Zhang T, et al. Sequence-based prediction of
protein-peptide binding sites using support vector machine [J]. J
Comput Chem, 2016, 37(13): 1223-1229.

[13] Srivastava A, Kumar M. Prediction of zinc binding sites in proteins
using sequence derived information[J]. J Biomol Struct Dyn, 2017,
36(16): 4413-4423.

[ 14] Yang XX, Wang J, Sun J, et al. SNBRFinder: a sequence-based hybrid
algorithm for enhanced prediction of nucleic acid-binding residues[J ].
PLoS One, 2015, 10(7): e0133260.

[15] Walia RR, Xue LC, Katherine W, et al. RNABindRPlus: a predictor
that combines machine learning and sequence homology-based
methods to improve the reliability of predicted RNA-binding residues
in proteins[ J]. PLoS One, 2014, 9(5): €97725.

[ 16] Hernandez M, Ghersi D, Sanchez R. SITEHOUND-web: a server for
ligand binding site identification in protein structures[J]. Nucleic
Acids Res, 2009, 37: W413-W416.

[ 17] Chauhan JS, Mishra NK, Raghava GP. Identification of ATP binding
residues of a protein from its primary sequence [J]. BMC
Bioinformatics, 2009, 10: 434.

[ 18] Chen K, Mizianty MJ, Kurgan L. ATPsite: sequence-based prediction
of ATP-binding residues[ J |. Proteome Sci, 2011, 9(Suppl 1): S4.

[19] Chen K, Mizianty MJ, Kurgan L. Prediction and analysis of
nucleotide-binding residues using sequence and sequence-derived
structural descriptors[ J]. Bioinformatics, 2012, 28(3): 331-341.

[20] Yu DJ, Hu J, Tang ZM, et al. Improving protein-ATP binding residues
prediction by boosting SVMs with random under-sampling [J].
Neurocomputing, 2013, 104: 180-190.

[21] Yu DJ, Hu J, Huang Y, et al. TargetATPsite: a template-free method for
ATP-binding sites prediction with residue evolution image sparse
representation and classifier ensemble[J]. ] Computat Chem, 2013,
34(11): 974-985.

[22] Fang C, Noguchi T, Yamana H. Simplified sequence-based method for
ATP-binding prediction using contextual local evolutionary
conservation[ J|. Algorithms Mol Biol, 2014, 9(1): 7.

[23] Yang JY, Roy A, Zhang Y. BioLiP: a semi-manually curated database
for biologically relevant ligand-protein interactions|J ]. Nucleic Acids
Res, 2013, 41(1): 1096-1103.

[24] Altschul SF, Madden TL, Schiffer AA, et al. Gapped BLAST and PSI-
BLAST: a new generation of protein databases search programs|[J].
Nucleic Acids Res, 1997, 25(17): 3389-3402.

[25] Mani I. KNN approach to unbalanced data distributions: a case study
involving information extraction| C |/ICML Workshop on Learning
from Imbalanced Datasets, 2003.

[26] Cortes C, Cortes C, Vapnik V, et al. Support-vector networks [J].
Machine Learning, 1995, 20: 273-297.

[27] & X &, #1F . 75 % & f-GDP g8 & 4 & Fm [T]. i+ iz 5
&R, 2016, 52(13): 55-59.

Shi DH, He X. Sequence protein-GDP binding site prediction[J].
Computer Engineering and Applications, 2016, 52(13): 55-59.

(¥t BEFD)



