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Relationship Between Structure and Dissociation Rates
of Antiviral Compounds

TAN Jianjun, ZHOU Ziyun, HAN Xiaoding, HAN Dan, WANG Cunxin, LI Chunhua, ZHANG Xiaoyi
(College of Life Science and Bio-engineering, Beijing University of Technology, Beijing 100124, China)

Abstract: To solve the problem of how to screen out more effective antiviral compounds, the relationship
between dissociation rate (k) and antiviral drug structure was studied in this research. The theoretical
basis is that k  is often used to evaluate the activity of the drug in the open system of the human body.
The molecular descriptor of each antiviral compound was calculated by using molecular descriptor
software,, and the descriptors were screened by multiple stepwise regression analysis, partial least squares
method and genetic algorithm. Then, the support vector machine (SVM) and BP neural network were
used to establish the prediction model of antiviral compound structure and dissociation rate k 4 value, and
the model was verified. Results show that this experiment screens out the descriptors with good predictive
power, and the two predictive models are proved to be reasonable and have guiding significance for the
future development of antiviral drugs.

Key words: antiviral chemicals; binding kinetics; dissociation rate; support vector machine; back

propagation neural network
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Fig. 1 Relevance between the experimental dissociation rate
and predicted set of training set and testing set of
SVM model

T AR B REAAG S bR HE IR 22 SD = 0. 193, JL
{HAY 3 F5 4 0. 578, HIZfEAK I 1 L, AT
S 56 A AN TN ECAR 7E A B 22 VS LY. B Y 38 X
IEAHOC R ECE T BT AR R 25 MSE 35152 Il
Y4 1), =0.85, MSE = 0.006; ik £ 5, =0.79,
MSE =0. 046. 5 I+, SCE0 N7 /) SVM Tl A0 2
B B R S7 2%, T L AT LB 2 28k B Y
R R AT A A YRS 1 T
2.3.2  BP MR PEAL

X BP B 22 ) 24 N7 0 S A AR R A T I R AR
DN Y Rl T S A5 A 7R ) 28 S0 UE A G R 4L

ST M T AR R 22 MSE 43 G2 IR 4E ) =
0.79,MSE =0. 015 ;#lli{4E rj, =0. 67 ,MSE =0. 053.
TR ASE TR I AR RIS TR 2 B,

1.0¢

ool ML

0.8+ )
077 R N
0.6f e o
05 S S0
0.4+ “ ’
03t
02t s

01 2
ol
O 0T 020304 050607080910
P12 BP-ANN ARSI A 5 ik i e S 0 -5 T {8
HRAH A

Fig.2 Relevance between the experimental dissociation rate

pizbIf=]
>

and predicted set of testing set of BP-ANN model

JITA AR ) RE A A, B AR E IR 22 SD = 0. 251, H
HA 3 450 0. 753, X AE KA 2 g2, ml R
IF RTETE B IXHRUN 2 AR T 78 XN 9 55, AT g
K AR R 22, BT o BRI, AT Z 0 5%
Wi, A IZAR R G B 5 SVM A ], Sk 56 0 455 80 ()
TR | S50 | SR ESC A 4 Sk Il ASE Y 1) F50 0 fi
J1. 3@ i A AT 43 MSE = 0. 053, MAE = 0. 040,
SSE =0. 076. BP 125 [ 45 Jir £ 37, Y 50 0 A5 780 25 |-
RS UEIE SR AT AE 1Y (AR BT #2540 6 W 2 A
R TIN5 TS B B IR AN

3 it

1) A SC3 A8 SVM Al BP #2845 2 Fl )y
PR BRI A B ) 5 A 0 1 O 1R AT T AR
P S50 K500 2 B T DA B, 2 R A — 8
25t SVM Jr ik g Sr B ALY 2R 4E 1) = 0.85,
MSE =0. 006 ; ik 4E r}, =0. 79, MSE =0. 046. 1fij BP
P2 ) 4 g ST BRI R 4R 1 = 0.79, MSE =
0.015; MK 4 ), =0.67,MSE = 0.053. £ iFAdnf
Y, S0 HE ST Y 2 P TN RE R S AT A JF BB T
SVM XL 15 240 1] 500 25 figp %8 & AT T £ 5
TS T LR B RS2 ) B R
BEACHRE.



1862 d = T Wk Kk % % R

2017 4F

2) WTRINGE S 7, SVM J7 v HE ~r i 6 50 o
Uf. D3 A0, %k 2 Bl ik AL %) S 06 ok B R AT X L
SVM HYSLB i FEREAR [ &8 F A shoe i, 544
WV BE A 3 A B, & FhAUE A2 DI 25
AR A S T BP RS 45 1 R S EUER
W, IFH H AT A B A B % 1 i 2 W 4%
B 75 S22 ) AR i, (o A RN 1 MR RS T SVML
B ERROC RV L R R B A G 1T
S ST G5 SRS TR R A R R
B A A a5 5 R Y is 2 R R KR 28
JEARRMEA S IC R, IR, 3l A oI 4Rk 1] A A
SVM J5 ik A R

3) AWFGEXT SVM F1 BP #4845 1 S Bk &
Yy e S LA ) 2 TR R e AR AR R AR A T T 4R
KBRS B A5 WA T S A B2 AT ek A
R R PUR RIS AR SR A vk R b T £
FHOCHH IR S AR .

SE LAk

(1] #BFL, #Rorfh. 2495 2 AALFREs & 3 12 X R N 2y
B [ 1], hE kg, 2014(1) : 70-77.
GUO Y, GUO Z R. Significance of binding kinetics in
drug efficacy [ J ]. Chinese Journal of Medicinal
Chemistry, 2014(1) : 70-77. (in Chinese)

[2] W, P Ml MEEFIRERZG Y 5 Z KM S5 630 )
E[J]. R EDRTEGAER, 2013(20) ; 2353-2357.

GUO Y, GUO Z R. Drug-receptor binding kinetics:
tiotropium bromide as an example[ J]. Chinese Journal of
New Drugs, 2013(20) ; 2353-2357. (iin Chinese)

[3] CARROLL M J, MAULDIN RV, GROMOVA A V, et al.
Evidence for dynamics in proteins as a mechanism for
ligand dissociation [ J]. Natl Chen Biol, 2012, 8 (3):
246-252.

[4] DROR R O, PAN A C, ARLOW D H, et al. Pathway and
mechanism of drug binding to G-protein-coupled receptors
[J]. Proc Natl Acad Sci USA, 2011, 108(32) . 13118-
13123.

[5] SHANY, KIM E T, STWOOD M P, et al. How does a
drug molecule find its target binding site? [J]. J Am
Chem Soc, 2011, 133(24) . 9181-9183.

[6] BRZE. T OECD HENIXT QSAR/QSPR 527 JLANH 22 1]

BIMHIFE[D]. Kb thEik#, 2013.
CHEN X. Studies on a few key problems of QSAR/QSPR
modeling based on the OECD principles[ D]. Changsha.
Zhongnan University, 2013. (in Chinese)

[7] MILLER D C. Investigation of the effect of molecular

properties on the binding kinetics of a ligand to its
biological ~ target [ J ]. Medicinal
Communication, 2012, 3(3) : 449-452.

(81 TWEIK. BT S HF ) 5 ALY A W B4 43 7 7 s F 52
[D]. k. B#EIMER, 2012.
YU X Q. The study of biological data analysis method

Chemistry

based on support vector machines [ D ]. Shanghai.
Shanghai Normal University, 2012. (in Chinese)

(9] Bl sC. FET e it BELTBOAR A0 Fe 295 1 £ BRE s DI AF 50
[D]. miat: MEUIAATR RS, 2010.
ZHANG ] W. Research onwelding structure health
monitoring using piezoelectric impedance technology [ D].
Nanjing ; Aeronautics  and
Astronautics, 2010. (in Chinese)

[10] JOHAN W, ELDAR A, VERA B, et al. Resolution of

Nanjing  University  of

the interaction mechanisms and characteristics of non-
nucleoside inhibitors of hepatitis C virus polymerase.
Antiviral Research, 2013, 97. 356-368.

[11] GUANGHUI Y, JEROME D, BAOCHANG F, et al.
Biochemical study of the comparative inhibition of
hepatitis C virus RNA polymerase by VX-222 and filibuvir
[J]. Antimicrobial Agents and Chemotherapy, 2012, 56
(2): 830-837.

[12] SOFIA S G, ANGELICA E, BENJAMIN S, et al.
Identification of weak points of hepatitis C virus NS3
protease inhibitors using surface plasmon resonance
biosensor-based interaction kinetic analysis and genetic
variants[ J ]. J Med Chem, 2014, 57 1802-1811.

[13] RAVIR, SHAWN M, SARAH K S, et al. Inhibition and
binding kinetics of the hepatitis C virus NS3 protease
inhibitor ITMN-191 reveals tight binding and slow
dissociative behavior [ J ]. Biochemistry, 2009, 48
2559-2568.

[14] ONA B, AMOREENA C C, RUTH W, et al. Binding
kinetics, potency, and selectivity of the hepatitis C virus
NS3 protease inhibitors GS-9256 and vedroprevir [ J].
Biochimica Et Biophysica Acta, 2014, 1840(12) ; 3292-
3298.

[15] ORIGENE N, BENOIT D, LEEN V, et al. la/lb
subtype profiling of nonnucleoside polymerase inhibitors of
hepatitis C virus[ J]. Journal of Virology, 2010, 84(6) :
2923-2934.

[16] MATTHIS G, GORAN D, HELENA D. Mechanistic and
kinetic characterization of hepatitis C virus NS3 protein
interactions with NS4A and protease inhibitors[ J]. J Mol
Recognit, 2011, 24. 60-70.

[17] JOHAN W, ELDAR A, VERA B, et al. Resolution of

the interaction mechanisms and characteristics of non-



o512 WY, 5. PURTEIAL A A5 B A AR C R 1863
nucleoside inhibitors of hepatitis C virus polymerase[ J]. 105.
Antiviral Research, 2013, 97 356-368. [29] PER-OLOF M, WESLEY S, MARKKU H, et al.

[18]

[19]

[20]

(21]

[22]

(23]

(24]

(25]

[26]

[27]

[28]

MARIA V F, JOANNE S, GIUSEPPE C, et al. HCV-
NS3 inhibitors: determination of their kinetic parameters
and mechanism [ J ]. Biochimica Et Biophysica Acta,
2009, 1794 . 1441-1448.

ASHA V, CAROLNE M P. Simeprevir; first global
approval[ J|. Drugs, 2013, 73 2093-2106.

NATHALIE G, ZHAO S P, OLIVER H, et al. Combined
X-ray, NMR, and kinetic analyses reveal uncommon
binding characteristics of the hepatitis C virus NS3-NS4A
protease inhibitor BI 201335 [ J]. Journal of Biological
Chemistry, 2011, 286(13) ; 11434-11443.

HAO L, PETER J T. Drug-target residence time: critical
information for lead optimization [ J]. Curr Opin Chem
Biol, 2010, 14(4) . 467-474.

DAVID R. L, HIMADRI K. S, LIN Z Y, et al. The
terminal ( catalytic) adenosine of the HIV LTR controls
the kinetics of binding and dissociation of HIV integrase
strand transfer inhibitors [ J |]. Biochemistry, 2008, 47 .
13481-13488.

EDWARD P G, BENJAMIN S, MARGARET J G, et al.
Potent inhibitors of HIV-1 integrase display a two-step,
slow-binding inhibition mechanism which is absent in a
drug-resistant T661/M1541 mutant [ J ].
2009, 48 1644-1653.

KENDRA E H, WANG R L, FELIX D, et al
( S/GSK1349572 )

Biochemistry,

Dolutegravir exhibits  significantly
slower dissociation than raltegravir and elvitegravir from
wild-type and integrase inhibitor- resistant HIV-1
integrase-DNA complexes[ J]. Antimicrobial Agents and
Chemotherapy, 2011, 55(10) ; 4552-4559.

CYNTHIA F. S, LOTTA V, U. HELENA D. Improved
structure-activity relationship analysis of HIV-1 protease
inhibitors using interaction kinetic data [ J]. J Med
Chem, 2004, 47 5953-5961.

WESLEY S, MARKKU H, ANDERS K, et al
Relationships between structure and interaction kinetics
for HIV-1 protease inhibitors[ J]. J Med Chem, 2002,
45, 5430-5439.

DAN B, MICHEL M, U. HELENA D. Biosensor-based
screening and characterization of HIV-1 inhibitor
interactions with Sap 1, Sap 2, and Sap 3 from Candida
albicans[ J]. Journal of Biomolecular Screening, 2006,
11(2): 165.

PAUL L D, SUSAN P J, DAWN L H, et al. Dissociation
and association of the HIV-1 protease dimer subunits:

equilibria and rates [ J]. Biochemistry, 1994, 33. 98-

[30]

[31]

[32]

[33]

[34]

(35]

[36]

[37]

[38]

Relationships between structure and interaction kinetics
for HIV-1 protease inhibitors[ J]. J Med Chem, 2002,
45, 5430-5439.

ALBERTA S, EMMANUELE C, SAMANTA V, et al.
Slow

interaction  between

HIV-1

binding-tight  binding

benzimidazol-2-one  inhibitors  and reverse
transcriptase containing the lysine 103 to asparagine
mutation[ J]. Antiviral Research, 2010, 86 268-275.
MATTHIS G, TORSTEN U, U. HELENA D. Interaction
kinetic characterization of HIV-1 reverse transcriptase
non-nucleoside inhibitor resistance [ J ]. ] Med Chem,
2006, 49 . 2375-2387.

ROBERT A C, DAVID L P, THOMAS D M. Drug-target
residence time and its implications for lead optimization
[ J]. Nature Reviews Drug Discovery, 2006, 5(9) : 730-
739.

WANG T, CHEN S, SUN ], et al

factors influencing the pharmacokinetics of voriconazole

Identification of

and the optimization of dosage regimens based on Monte
Carlo simulation in patients with invasive fungal infections
[J]. Journal of Antimicrobial Chemotherapy, 2013, 69
(2): 463-470.

NAVEA S, TAULER R, JUAN A. Application of the
local regression method interval partial least-squares to
the elucidation of protein secondary structure. [ J].
Analytical Biochemistry, 2004, 336(2) : 231-242.
MR, T e/ N SR S AR ) 4 ALY A 4 23T 14
FE RS/ BOCRDIGE[ D], M FEALImIE
Kz, 2011.
LI P X. Quantitative structure-activity/property
relationship studies in biomolecules based on partial least
squares and support vector machine [ D ]. Lanzhou;
Northwest Normal University, 2011. (in Chinese)

SRAE. TS R TR A VR A4 A SR e A M L A
WAL D], BFm . IR 2R, 2010.

ZHANG J.

modeling techniques and its evolution of rule [ D].

2010. (in

Development of latent variable statical

Jinan: Shandong Economic
Chinese )

SRIGERN. i dwe /1N —3f€ [nl )9 43 B T [ A 5E [ D]
KA AL R, 2010.

ZHANG X L. Researeh on a number of issues related to

University,

partial least squares regression analysis [ D ].
Changchun; Northeast Normal University, 2010. ( in
Chinese )

GARUTI L ROBERTI M BOTTEGONI  G.

’ ’



1864 dom Tk K AR 2017 4§
Benzimidazole derivatives as kinase inhibitors [ J ]. neural network predictive control in nonlinear system

[39]

[40]

[41]

[42]

[43]

[44]

[45]

Current Medicinal Chemistry, 2014, 21 (20). 2284-
2298.

NOBLE W S. What is a support vector machine? [ J].
Nature Biotechnology, 2006, 24(12) ; 1565-1567.
MASAKI B, YUSUKE K, WEI C, et al. Development of
a sugar-binding residue prediction system from protein
[J].
Computational Biology and Chemistry, 2016, 66: 36-43.
SUN X D, HUANG R B. Prediction of protein structural
classes using support vector machines[ J]. Amino Acids,
2006, 30(4) . 469-475.

ADRIANA M, BOGDAN Z, ADRIAN O, et al. Mapping

vegetation communities of the karkonosze national park

sequences using support vector machine

using APEX hyperspectral data and support vector
machines[ J]. Miscellanea Geographica, 2014, 18(2) .
23-29.

AAEIR. de/ N AR STA 1) AL A e A e 14 B
[D]. Fint: MIRUHRHLRS:, 2015,

LI J Q. Application of LSSVM in soft sensor modeling
[D].
Telecommunications, 2015. (in Chinese)

W, XUE, &, 4. BP #4 ® 4 1l Bacillus
amyloliquefaciens Q-426 KB =WiG k[ 1]. AN S
N FHAE2Z, 2013(9) ; 1055-1058.

YANG G, LIU Q, DAI R, et al. Predicting antibacterial
activity of Bacillus amyloliquefaciens Q-426 in shake flask

Nanjing: Nanjing University of Posts and

culture based on BP neural network [ J]. Computers and
Applied Chemistry, 2013(9) : 1055-1058. (in Chinese)
T LM AT i 22 0 2 T ) 47 ) 7 A F 2
RGP D] K REHET R, 2016.

WANG B X. Research on LM optimization algorithm and

[46]

[47]

[48]

[49]

[50]

[D]. Taiyuan; Taiyuan University of Technology, 2016.
(in Chinese)

FUIE. AR A B RO R R T i
ZE[D]. HIK: WK, 2012

LU J. QSAR and molecular design studies of proteasome
[D].
2012. (in Chinese)
HIGE, sk SCRpim L2 2R m At sE [J]. el
TR, 2014(3) ; 28-31.

XIAO X, ZHANG M. Research on the multi-class

inhibitors Chongqing: Chongqing University,

classification problem of support vector machine [ J].
Journal of Huaihai Institute of Technology, 2014(3) ; 28-
31. (in Chinese)

JAUR. R B 28 B AR A 1 B i R R
HIBIWFFE[D]. dest: hELRY:, 2015,

ZHOU Y. Protein-protein interaction: simple prediction
tool development and studies on specific cases [ D].
Beijing: China Agricultural University, 2015. ( in
Chinese )

XIERE, 22JCh. BP M4 rp & 2 95 sl AL O B 50
[1]. @535, 2005(2) : 83-86.

LIU W Q, LI 'Y C. Research on optimization of implicit
layer node in BP network [ J]. Traffic and Computer,
2005(2) : 83-86. (in Chinese)

WA G T, AR, S M T SRR M L
(‘support vector machine, SVM ) X B3l 57 &5 fif
A o fELEAT UM A9 J5 75 - CN201510919482. 5[ P].
2016-03-30.

(WHEHE  Bd)



