364 W4 E7 R = Vol. 36, No. 4
2017 4F 4 A ENVIRONMENTAL CHEMISTRY April 2017

DOI:10.7524/j.issn.0254- 6108.2017.04.2016072202

I, BRESC, 20, S5 S IR SA i SR8 B R R SOV R0 ) QSAR R T ] BRI 402 ,2017,36(4) :703-709.

XU Tong, CHEN Jingwen, LI Chao, et al. QSAR models for predicting hydroxyl radical reaction rate constants with organic chemicals in the
atmosphere[ J ] .Environmental Chemistry,2017,36(4) :703-709.

SHEVNUEREEREEERERNER
A QSAR &Y

(1. Tk A2 5 PRIE TR ST AR 2 SR 2, R B TORSAFRIE A, I, 116024
2. EZIGIO PR A S S PR L SR AR R AR B, KFR, 130024)

W E SAMPEIEER SR R (OH) RN L (k) ZIN G KA EESEL
TALF AN L B Y by, SCI RO AS R T 8 JEL A 2 RS DA A 75 3. IR I, T 2 57— il filg A sk o)
F MU G ko, B9 AN B30 A SR AR G 3 SRR B T 917 P AL & ko, 80 MH  RHIB AL 2
TCEEE A (MLR) S REm AL (SVM) 43 BIFSEE T T 1000 22 b &0 Lk, MR PERIFE LR 1 2 i 45
-1 0GR (QSAR) AR BE T MLR 4 AR B AT R4 A0 B (A IE AR DG R B J7 R:,;, = 0.862
¥ iR 2% RMSE,, =0.455) fa il (38 ERUE R EL Q7 = 0.856) AT it 1 (FMHBHHIE R EL Q2, =0.850) .3
T SVM BRI HA BUAFELA I (R, =0.915, RMSE, =0.358) AITIIAE /1 (2, =0.860) HLHL /34 4
W e A F B BE (Eyono ) M B R FIES T HIT 5 B9 E 50 (X %) 1401 H A =CH—Z5 i % B
(NdsCH) 2R 1 3 MHIBRAT MR T 8 4E 78.3% 175 22. 5% I Williams 32 FAFASE AU (1) o7 FH 3. 7 22 57 (1)
BRI ] T beks ke e 5 RIS Y B IR RS R MK RS Ik a W AL
Yy B ST ko

KR AHbES, FREEA R RN, RS- R (QSAR).

QSAR models for predicting hydroxyl radical reaction rate
constants with organic chemicals in the atmosphere

XU Tong' ~ CHEN Jingwen' LI Chao® LI Xuehua'*’

(1. Key Laboratory of Industrial Ecology and Environmental Engineering ( Ministry of Education) , School of Environmental
Science and Technology, Dalian University of Technology, Dalian, 116024, China; 2. Key Laboratory for Wetland Ecology
and Vegetation Restoration of National Environmental Protection, School of Environment, Northeast Normal University,

Changchun, 130024, China)

Abstract: Reaction rate constant of hydroxyl radical with organic chemicals (k) is an important
parameter for assessing the atmospheric persistence. However, for the large number of chemicals, it
is difficult to meet the demand of ecological risk assessment with existing experimental ky values.
Thus, it is significant to develop an effective prediction method for k. In this study, we collected

koy values of 917 chemicals, and used Multiple Linear Regression ( MLR) and Support Vector
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Machine (SVM) to develop linear and non-linear QSAR model for Igk,,, prediction. Results of linear
QSAR model show that it has satisfactory goodness-of-fit (R:(,j'lr = 0.862, RMSE, = 0.455),
robustness ( Q},,=0.856) and good predictability ( Q7 =0.850). Results of non-linear QSAR model
show that it also has good fitness (Ridj'“, =0.915, RMSE, =0.358) and predictability ( Q> =0.860).
Mechanistic analysis reveals that the energy of the highest occupied molecular orbital (E,,,) , the
percentage of halogen atoms in a molecule (X%), and the number of =CH— structure in a
molecule ( NdsCH) are the most important descriptors in the model, which explain the 78.3%
variance of data set. The applicability domain of the models was characterized by the Williams plot.
The developed models can be used to predict ky values (298 K) of alkanes, alkenes, alkynes,
ketones, ethers, aromatic compounds, alcohols, acids, esters, halogenated compounds, nitrogen
compounds, sulfur compounds.

Keywords: organic chemicals, hydroxyl radical reaction rate constants, quantitative structure-

activity relationship.

o35 E AL 2R SO A g, e i R M AL 2R 8 B A 111 {22 R, B B 2 15000 Flt Ak2f 5
KB L AL TG Y o A IR 3 — 2 5 ek A RSB IR, & kA — R ST
Bl At AR R, A DBV S A2 i 7 KA HR AR A, Sk T8 R s ) Y5 e AR A 3.

FIEH M -OH) RSP REZEWEMF, 5 - OHR R LA PSR KRB 322
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1 MRS 71 (Materials and methods)

1.1 BdssE

FT Li AR A e A T RURIR IR AU B 45 A lak,, SCHRME , B 42 0 5917 4
AW gk o, (298 K) |, B 1 88 3 A LA SE T Rk Jehe e D5 S a9 B2 T2 ek
XK RAE BEE UL EY  EAEY SR G EZ R RAE Y H 401 0 L BIBEDLR] S E s A
734 MEA Y TR ST 183 M-S TR () SN EALE.
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Fig.1 Distribution of experimental lgk, in the data set

1.3 B FPEfy

fdiFH SPSS 19.0 B4 A9E 2 MLR J5 vk, %428 8 9547 07 2% , 40 g ToU00 A5 78 SVML A5 784 (% 7 ki )
MATLAB 2014 3f4, B http ://www.ilovematlab.cn 35 SVM FFJE R FE . BF B MLR AR5 i 1k >k A0 4 i
FF5IA SVM BB BT st SRR R S50 B B AN ROk 20 (R AR AR A 20 AMBEARY ) 2 EAR
Bl 100 (B S1F) | BB )7 25 e /N IABEAL SVM AR il 28 B0 ©) AT 52 e AR 0 S50 i 7 Y
BH(y) AR REL(2) % 3 DS HWE . C RN I R A I AR R /M 1R 25 -1t 1 R0 4k
SH, C KNSRI G4 RIA, € KRN B A e /0N, A AS RS R R, (H S R ) i
MU 22 s e TR, TSN A BE FAIG, SR WL AL, SR s AL AR Bk K A% BRI 1 SVM
HRZALEE DTy AR A SH, AL v JFER B B e i . SVM AL RYAL v SR 14 4% R SR 22
M IEPRECK (u,v)=exp (—ylu—vl®) i u fl o B HAE.
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F-J7 (Ryy ) P ARBERIE A 28 X IE R EL( Qo ) A1 bootstrapping 7155 [ Qoo 1, #7712 22 (RMSE)
G AR h SR A A 5 22 KR (VIF) /N T 105 HASRAERE M 1 K M6 2B Ky ) /DT AR B
PRI AR B I M 1 K A O R (K ) AT ST 5 25— bootstrapping 51T IFRIGIE , A2 5 @
19 183 MEE Y THMRERAE BAIPEAN B GE 125 S 84S  BOE A C R BNV Jr (R, TR 2%
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h*=3(k+1)/n (2)
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NGRS b ERT R I SRR %00 71 TR H B A XA 520 36k
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2 ZEHL 53798 (Results and discussion)

2.1 lgk,, T pE A
FF MLR 9 QSAR #iA1R
lgk oy =—8.934 + 13.15 E 0~ 0.02400 X% + 0.2430 NdsCH + 0.3310 nR=Cp + 0.3960 CICO +
0.9330 nP — 0.004000 a + 2.918 Q.+ 0.7250 (€-020) + 0.1040 Morl4i — 0.03900 w
n,=734, R2,=0.862, RMSE=0.455, Ky, =0.323, K,, =0.372, 7, =0.856, Q},;=0.797, n,, =183,
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R%,.,=0.840, RMSE_ =0.468, Q2 =0.850
MLR A8 EUAT BI04 FE R B A T AN R IAE | 47 BL A B SMBBIIAE 1. K o N T Koy 46
AR Z ARG R /N T 0.8, 11 AR RF Y VIF E X/ T 10, WU T BB A A7 7E £ 8 4L 2 k.
Y-scrambling B 3515 HH 1) R1(0.0143) Al Q15 (-0.0190) B BRI A A Ak AR AF Y9 &5 SCRI VIF
{H ¢ KR E I 1.
B TEIR) SVM B Hf € =50.09 .y = 0.2318 & = 0.03106. Zi £ B 505 I 0 n, =734, R, =
0.915, RMSE, =0.358; n_, =183, R, =0.860, RMSE_,=0.454, Q°, =0.860.SVM KA [Fk:H A BT

LA RE ST FITINAE J1. 18] 2 S MLR AT SVM AR AL 510 B4 1gh oy, B TIUIM(ELFH S B0 B 0045 &1

R QSAR AL RHIIRLT & S VIF i .« i
Table 1 Meanings, VIF, and ¢ values of descriptors in the QSAR model

ext ext

iR FF Descriptor & X Meaning VIF t(p)
Evomo e AR U AR 2.165 21.24 (<0.001)
X% X R TS R E S 2.876 -14.96 (<0.001)
NdsCH ST BEAE=CH—Z5/ % H 1.154 12.52 (<0.001)
nR=Cp At sp2 244k C(sp?) ERRAY AL 1.298 8.185 (<0.001)
CICO HMELE BIRHREL 4.662 9.364 (<0.001)
nP A3 F e R A4 1.063 7.796 (<0.001)
! STk 2.822 -5.623 (<0.001)
Qumax AR FE N AR RE ) (AR ) 1.198 7.484 (<0.001)
C-020 S Fih=CX2 ZtfE B 1.400 6.362 (<0.001)
Morl4i B ALEANAL Y 3D 3T AR R 2.168 3.250 (<0.001)
i AR 1.275 -2.771 (<0.001)
-8~ MLR 9r SVM
“r v “10} 2
~10 i 5 r . o ;N
ot e e R s % o
?;j -1 8 8, B ‘ é&,‘,&' . }é - 8o g '
= o for 6o 0 7 = -12F 9 gk B
B -12r ki o 3 L o FE
£ A B £ it °
3-13F S &8 £ -13F o S 5o
—14 oFgie & -4 LA
-5 s =.""°n o |45 Training set ~15 o, /6 ; e e o YIZk%E Training set
16 F ° BSJE4R Validation set r ot o B9E4R Validation set
L ° —16 -
~17 1 1 1 1 L 1 1 1 L 1 1 1 1 1 L 1 ] 1 1 1 1 L | ! | L 1 L 1 L 1 " I ]
-17 -16 -15 -14 -13 -12 -11 -10 -9 -17 -16 -15 -14 -13 -12 -11 -10 -9
Igkon(Experimental) Igkon(Experimental)

2 3T MLR I SVM A QSAR #5581 1gk,,,, SE 50855 T {5 A 015 1
Fig.2 Plots of the predicted versus experimental lgk, values for the QSAR models based on MLR and SVM

2.2 W FHIRELE
Kl 3 3T MLR A1 SVM RERL A6 5 90 (R AT AT B X B v 5% 25 F H 9 Williams [ MLR B rp g5
S 1A, SVM BRI B RE Sl 15 AN MLR AR B R 2 A 250 258 .C =0 N =0 i
&5, SVM BRI BN 2 8 B C =0 SR ki AL A 4 BRI 2 iU R AE T R TN R 22 K, %
e EW 27 DRIE T IS ST BE 5 P A 1 A4S, SHZ AL TIN5 22 %5 Kk i AT BE T IR 2 D ok B
TE%EPW%@H:A%%'\ AL S C =0 45 b G AU 29 5% & B E AL, T i 22 3K, Hifth &
SR AW 181 < 3, 1B T RS AR ] LTI R 250 2Rk &9 540, R e 2 ARIE T
ﬂﬁ\#mﬁﬁﬁﬁf AT ABEI 20 e s S Bl v T, S B B JE T MR A9 QSAR B, HIBR B #E A5, A
R R, 0.885  BEAU YU G B FIAS A PE AR A B4 &
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6  MLR 8r svm
h"=0.049046 i 8 h"=0.049046
6 —
4 .
D st
2 2k ’ o
S o & <
= . 3 2r
g oot aly $
k<] ° e k<]
E2r 3§ . o Eot
7 4l 7B 4+ c
| o Y4k Training set F = YIIZi4E Training set
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1 1 1 1 1 1 1 1 1 ] -8 | 1 1 1 1 | L | 1
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B3 T MLR Fl SVM 9 QSAR #iRY[H) Williams [&]
Fig.3 Williams plots of the QSAR models based on MLR and SVM

SR B BE ST 3T MLR B9 QSAR F5 %y .

lgk oy =—8.632 + 14.18 E,;0y0— 0.02300 X% + 0.2320 NdsCH + 0.3250 nR=Cp + 0.4110 CICO + 0.9220 nP
~0.005000 o + 2.932 Q0+ 0.7180 (€-020) + 0.1220 Morl4i — 0.02800 w

n,=725, R, =0.885, RMSE =0.415, Ky =0.327, Ky, =0.377, 70, =0.881, Qf,,; =0.795, n_, =181,
R’,..=0.851, RMSE_ =0.434, Q. =0.860
2.3 FAIHLIR S HE

2 1 15 E,on0 X% NdsCH 25 3 MR AF 1 ¢ AH W 5 T H B 3R 5, v] DR B EUE 4E 78.3%
BI97 2 I E yone X % NdsCH SRR rp i B 3 NRAE. E v e T8 i im G 60 T80 R S hE
AT 2E R AT W AR F RO SR M. - OHJESE fLIR ], B Eono ML S YW ER S5 -OH
R X %A o SR FAE T T i B E A b R BRI TR S A ) ZJE NS -OH
1) SR 3 PR AR NdsCH 327R 43 F h AT =CH—Z5 M 8 H (b & h S =CH—45 £ s 5 5
- OH W BRI IR EE nR=Cp .CICO .nP Q1 -C-020 43 HIFE7R AR Ui sp Al C(sp?) FBRAEL A=
5 EISHRE B R A SR TR M S S R RE T (SRR ) (o F Hh=CX2 &5# 15 B X
BERSARTFIE S 1k, 2 IEAH G IRTF Mor14i J& 3D-Morse Fi3R AT , J& 55 T HL 7117 4 EE 7 10 R A 43 145
MRS REIR AT 5 gk o 22 IEAHDC NIRRT o F w23 501 701 WO B AL SR AR AR, O A6 A R AT,
I3 F R ZE R AR AR B, I gk o /.o FEEZRIR A0 F R FRME B A 53T L A8 T LB (BB R,
S FE AT AR TE SR, AR TS -OHE R w5 o BIEH, 7 F A9 MR (R At ok
2.4 AL

2B TR ABAL S RIARIE SO R IR S S L A AOBERLAR L, X A I S A
T 225 4 T S8 T 4 Li 2612 it B8 (1) RMSE = 0.419. ATFFE #3719 5T MLR K57l RMSE =
0.455,5F SVM i) RMSE=0.358) , Hirp | AL MAR Y L 28 AR 7 T30 R0 R B A A 5 g 57 119 5 72
AL SR T i A 2= A AR B ST, 5 T LB

F 2 BREGEE SRR

Table 2 Comparison of statistical parameters for different k prediction models

AELARY Bk 4 Y tE Training set ISUFAE Validation set

Models Methods Ny, R? RMSE Moy R%, RMSE,., 0%,
Li 4[] MLR 12 696 0.883 0.419 176 0.858 0.489 0.851
Roy &30 MLR 4 460 0.824 0.430 — — — —
Roy 4 130] MLR 4 460 0.806 0.450 — — — —
Wang %5031 PLS 22 576 0.878 0.391 146 — 0.430 0.872
N MLR 11 734 0.862 0.455 183 0.852 0.468 0.850
LN SVM 11 734 0.915 0.358 183 0.860 0.454 0.860

e A FRRE A TR A9 %L. The number of descriptors in the model.
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3  %5i& (Conclusion)

AWFFER T MLR H1 SVM PIRETT I, 20 S SE 1T 000 S A B2 0 19 gk, ML E IR 2K
P QSAR BEAY | Fay AR AL 44 BAT RAF Y T500 BE 1 AR A E | X5 T AT LA 7 it ) I AP A 25K
B AN A H 2 S LB A R, ey o 20 T BE E (Eone ) KR I TAE TS A 0 |
(X%) F15p - rp A =CH—45 B9 H (NdsCH) 55 3 NIRRT XT LA Y gk o, 7 MR B BIT 57 R
LI e TP S iy Ve Sl g 7/ N L= SN TEAN SN S SN N BN A= R 7/ R 2 R
BY ERAEYAEER T ko, (H.
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