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Certain elements or compounds, that are difficult to decompose, accumulate in organisms. The phenomenon of higher
compound concentrations in organisms than in the environment is called bio-concentration. This research studies 21
bio-concentration factors (B¢r) of halogenated benzene in fish. Here, 14 halogenated benzene molecule parameters are
randomly selected as a training set and the remaining parameters are considered as a testing set to calculate halogenated
benzene molecule descriptors. A prediction model of the quantitative structure—activity relationship between
bio-concentration and molecular descriptors is built using the multiple linear regression method. The independent
variable with serious collinearity is eliminated to obtain an optimal prediction model (R*=0.919). The prediction data of
linear regression are also obtained using the molecular parameters of the test set. A support vector machine (SVM) is
used to predict the result of the test set using the training set as study samples. The best method for predicting the
bio-concentration factor of halogenobenzene in fish is determined by comparing the prediction accuracy of the two
methods. The final results indicate that the model officially built by stepwise regression can effectively predict Bcr SVM
is more accurate in predicting Bcr. SVM possesses better predictive capability in issues with a small amount of samples.
Key words: Bio-concentration factor, halogenobenzene, linear regression, quantitative structure-activity relationship,

prediction model, support vector machine.

INTRODUCTION

Halogenated benzenes are compounds that
feature replacement of one or more hydrogen atoms
in benzene by halogen atoms; these compounds are
widely distributed in the air, soil, groundwater,
surface water, and the sea [1]. Halogenated
benzenes are widely used in chemical, electronic,
and pharmaceutical industries as chemical raw
materials. They have become the focus of many
researchers because of their strong carcinogenic,
teratogenic, and mutagenic effects, toxicity,
persistence, and Dbio-concentration [2]. The
concentration of halogenated benzenes in the
environment stepwise increases through the food
chain. The more high-end creatures in the food
chain, the more harmful are the side effects. This
phenomenon is called bio-concentration.

The bio-concentration factor is the ratio between
the balance concentration of a compound in an
organism and its balance concentration in water. B¢r
is generally used to express bio-concentration.
Bio-concentration is associated with the food chain,
where different creatures are closely linked by
eating and being eaten. While the concentrations of
some chemicals may be harmless to some creatures
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in the environment, they can become harmful to
human health through biological enrichment and
biomagnifications in the food chain [3.4].
Therefore, studying the bio-concentration factor of
toxic halogenated benzenes is significant. Studying
the physical and chemical properties of halogenated
benzenes may also provide a means of predicting
bio-concentration.

The quantitative structure—activity relationship
(QSAR) between the molecular structures of
halogenated benzenes and their bio-concentration is
the primary subject of this study. The essence of the
QSAR model is to obtain information from the
structure-bio concentration factor model through a
sufficient amount of data and establish the
molecular structure of halogenated benzenes and
their enrichment factor using multiple linear
regression (MLR) [5,6]. The law of large numbers
of classical statistical mathematics states that the
statistical law will be accurately known and the
results of the fitting model can fully reflect the real
law only when the known sample number
approaches infinity. In actual problems such as
chemicals, drug design, and environment protection,
obtaining the known sample number is often
difficult. Vapnik proposed statistical learning theory
by studying mathematical theory for over 30 years
and developed the support vector machine on the
basis of statistical learning theory [7, 8]. SVM,
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which includes SV classification and SV regression,
has been successfully applied in language
recognition, facial recognition, text recognition, and
drug design [9, 10, 11]. SVM is not only effective at
simplifying structures but also presents outstanding
capability for all technology types, especially in the
field of generalization, as confirmed by many
previous experiments [12, 13]. Therefore, we used
SVM to verify small sample descriptors that have
been screened out in the present work. A liable
mathematical prediction model is further
established using SVM to provide a theoretical basis
for analyzing the biological toxicity of halogenated
benzene compounds.

MATERIALS AND METHODS
Data set

This study employed experimental data of 21
halogenated benzene bio-concentration factors
described in ref. [14]. The SMILES format of
halogenated benzene was searched to obtain
descriptor information and construct the MLR
model. PaDEL-Descriptor software was used to
obtain the molecular descriptors of halogenated
benzene [15]. The 3D descriptors of halogenated
benzene were calculated to select the most suitable
descriptor parameter by MLR. The QSAR model
between the descriptor and Bcr was finally built.
The logarithm lgBcr was used to express the
bio-concentration in a more scientific manner
because the different Bcr values of halogenated
benzene largely vary. The higher the value of 1gBcr,
the higher is the bio-concentration capability of the
compound. Here, 14 molecular parameters were
randomly selected as a training set for modeling,
and the remaining 7 parameters were classified as a
testing set. The optimal prediction model was
determined by MLR of the parameters.

Method

MLR

MLR provision is the classic QSAR modeling
method that establishes the forecast method by
analyzing two or more independent variables and a
dependent variable correlation analysis [16]. A
linear relationship for the calculation of the
correlation between the independent and dependent
variables cannot determine which descriptors
exactly predict and establish the mathematical
model using the selection of the 3D descriptor
parameters. Therefore, this study uses stepwise
regression method to establish the halogenated
benzene bio-concentration factor Bcor covariant
relationship with molecular descriptors. The
mathematical function expression of the MLR
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equation is as follows:
T gp gy & i @, (1)

In eq. (1) Y is the concentration fact; «;, is a
constant; x,...x, are molecular descriptors; and
a,...@, are regression coefficients.

SVYM

SVM was used to validate the results and
compare them with MLR forecasting to verify the
accuracy of MLR in reducing errors and make more
accurate predictions. SVM may be completely
described by the training set and kernel function
[13]. Finding the optimal hyper plane, which is the
plane that separates all samples with the maximum
margin, is an essential principle of SVM [17, 18].
This plane helps to improve the predictive ability of
the model and lowers the error that may
occasionally occur during classification.

Fig. 1 illustrates the optimal hyper plane; here,
“red” indicates the samples of type 1 and “blue”
represents the samples of type 1.

Fig. 1.Support vectors determining the position of the
optimal hyper plane.

The SVM method can be applied to the function
fitting problem. SVM was applied in this study to
obtain the regression formula as follows:

Yo fia) m EL 01 =T x5 5, (2)
The nonlinear problem must be transformed into
a linear problem using the kernel function method to
project the original data to a high-dimensional

feature space. The following formula is then
obtained:

Tm flx) m IR (T = T)RU % 1+ 5, 3)

RESULTS
OSAR model of the stepwise regression method
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The 3D molecular descriptors of halogenated
benzene compounds are studied through 3D
autocorrelation. We describe the bio-concentration
factor by using the descriptors as charged partial
surface area, length over breadth, and weighed
holistic invariant molecule [19,20,21]. Vv and
LOBMAX are filtered from the existing molecular
descriptors by the stepwise regression method. Vv is
used to describe the weighed holistic invariant
molecula [19], and LOBMAX is used to describe
the length over breadth. The QSAR model between
Bcr and the molecular structure descriptors is
established according to the minimal relative
standard deviation and the maximum principle of
correlation coefficient as:

T 3132 & 0248 x Vo= 1020 » LOBMAXK, (4)

First, the sample size of the regression model is
four times larger than the independent variable
based on data with statistical regularity. Second, the
correlation coefficient of the regression equation
established in Table 1 is R>=0.919, which indicates
that the model provides good correlation. The model
test value of F' is 74.294, and the significance level
is less than 0.05.

Table 1. Statistical universe of the regression
equation.

R R’ R’ F Sig.

0.965 0.931 0.919 74.294 0.000

The equations of each variable test value are
listed in Table 2. The results of the ¢ test show that
the coefficients of the statistic equation are 2.675,
7.535, and [12.557. The probability of the  test is 0,
which means that the regression equation matches
the standard. The VIF values are 1.69 and 1.69
when the VIF value is larger than 10. This result
indicates that the independent variables have strong
collinearity. The independent variables at this point
are consistent with the collinearity inspection, so it
can be considered as linear fitting.

Table 2. Determination of the regression equation.

Beta t Sig. VIF

Constant 2.132 2.675 0.022
Vv 0.245 7.535 0.000  1.690
LOBMAX  [11.029  [12.557 0.027  1.690

Tables 3 and 4 show the SMILES of the
halogenated benzene compounds, descriptor
parameters, experimental values, calculated values,
and residual errors. Fourteen of the halogenated
benzene 1gBcr were selected as the training set, and
7 were selected as the test set. The absolute value of
the minimum residual error is 0.01, while the
absolute value of the maximum residual error is

2.06. The ratios of the experimental values are
0.54% and 67.8%, respectively.

Fig. 2 shows the solid dots indicating the training
set and the hollow dots indicating the test set. The
experimental and predicted values of the training
and testing set molecules are similar to some extent.
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Fig.2. Comparison of the experimental and
predicted values

SVM prediction of the test set results

The selected compound structure description
parameters should have significant structural
characteristics in the SVM application to build a
matching model and help predict the compound
properties. We obtained Vv and LOBMAX in this
study using the stepwise regression method of
molecular descriptors with 14 descriptors taken as
training samples for SVM learning. The 1gBcr
predicted by the SVM is obtained by inputting the
descriptor parameters of the test set into SVM.

Seven of the halogenated benzene IgBcr were
selected as the test set. The absolute value of the
minimum residual error is 0.15, whereas the
absolute value of the maximum residual error is
1.22. The ratios of the experimental values are 8%
and 40%, respectively.

MLR and SVM results

The appropriate horizontal ordinate range is
selected and the prediction scatter plot of the MLR
test set is described as follows:

Fig. 3 shows precise matching results, and the
predicted and experimental values are close. Figs.
3b and 3c reveal the residual, experimental, and
predicted relationships. The residual values are
relatively low.

The SVM test results are highly similar to those
of MLR. SVM can generate a fairly analogical and
precise result compared with the MLR test results.
In summary, both MLR and SVM can be suitably
applied for determining halogenated benzene
bioaccumulation factors in fish.
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Table 3. MLR prediction of the training set parameters of the bio-concentration factor of halogenated benzene

compounds in fish.

lgBCF
Name Vv LOBMA SMILES - : -
X experimenta predicte  residua
1 d 1

1,2,3,4-tetrachlorobenzene ”'2 1.17 c1(e(c(cec1CCHCICI 3.77 3.63 0.14
1,2,3-trichlorobenzene 9.63 1.15 cl(c(cceclCIHCHCI 3.11 3.31 170.20
1,2.4,5-tetrachlorobenzene 1o.§ 1.17 c1(c(ee(c(cCHCHCICI 3.76 3.58 0.18
1,2-dichlorobenzene 7.90 1.43 cl(c(ccecl)CDHCl 2.48 2.59 0.11
1,3,5-trichlorobenzene 9.94 1.26 cl(cc(ee(c1)CHCHCI 3.38 3.27 0.11
1,4-dichlorobenzene 7.38 1.42 cl(cce(Clyecl)Cl 2.52 2.47 0.05
hexachlorobenzene 14; 1.35 °1(C(C(C(CDC(&lCI)CDCDCD 4.26 420 0.06
2,4,5-Trichlorotoluene 12'? 1.21 cl(c(ce(Che(c)CHCI)C 3.87 3.96 10.09
é’z’S 4,5-Pentachlorobenzen 12'2 1.15 cl(c(c(ce(c1CHCHCHCNCI 3.86 4.05 110.19
1,2,4,5-Tetrabromobenzene 13'; 1.20 cl(c(cc(Br)e(c1)Br)Br)Br 3.79 4.12 J0.33
1,2,4-Tribromobenzene ! 1'2 1.44 cl(c(cce(c1)Br)Br)Br 3.66 3.36 0.30
1,3,5-Tribromobenzene 12'; 1.25 cl(cc(ee(c1)Br)Br)Br 3.85 3.82 0.03
Bromobenzene 6.73 1.81 cl(cceecl)Br 1.7 1.92 00.22
1,2-dibromobenzene 9.17 1.42 cl(c(ccecl)Br)Br 3.1 2.92 0.18

Table 4. MLR prediction of the test set parameters of the bio-concentration factor of halogenated benzene

compounds in fish.

1gBCF
LOBMA
Name Vv X SMILES experimenta predicte  residua
1 d 1
1,23 Setrachlorobenzen 112 56 ¢l1(e(ce(Cliee 1 CHCNCI 336 3.60 0.24
1,2,4-trichlorobenzene 9.29 1.44 cl(c(cee(c1)CHCICL 3.26 2.93 0.33
1,3-dichlorobenzene 7.96 1.08 cle(ceec1CCl 2.65 2.97 0.32
Chlorobenzene 6.16 1.73 cl(cceeel)Cl 1.85 1.86 0.01
1,3-dibromobenzene 9.28 1.14 clc(ceee1Br)Br 2.8 3.23 110.43
Hexabromobenzene 17'2 1.34 C1(C(C(C(Br)c(crlBr)Br)Br)Br)B 3.04 510 [12.06
1,4-dibromobenzene 8.30 1.54 cl(cce(Br)ccl)Br 2.83 2.58 0.25
Table 5. SVM prediction of the test set parameters of the bio-concentration factor of halogenated benzene

compounds in fish.

Compound Experimental Predicted Residual
1,2,3,5-tetrachlorobenzene 3.36 3.77 10.41
1,2,4-trichlorobenzene 3.26 3.1 0.16
1,3-dichlorobenzene 2.65 2.48 0.17
Chlorobenzene 1.85 1.7 0.15
1,3-dibromobenzene 2.8 3.1 0.3
Hexabromobenzene 3.04 4.26 [1.22
1,4-dibromobenzene 2.83 248 0.35

a) a)
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Fig. 3. Test results of the MLR model. a) experimental
vs predicted values; b) experimental vs residual values;

and c) predicted vs residual values.
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Fig. 4. Test results of the SVM model. a) experimental
vs predicted values; b) experimental vs residual values;

and c) predicted vs residual values.
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CONCLUSIONS

In this work, we used the SVM and MLR
stepwise analysis methods. The principle of the
MLR stepwise analysis method considers the size of
the contribution of each variable to the dependent
variable by introducing the variables one at a time
and simultaneously inspecting the previously
introduced  variable. ~ The  capability  of
discriminating a previously introduced variable
becomes non-significant as a new variable is
introduced. This new variable is removed when a
discriminant variable is remarkable, and stepwise
regression ends when no important variable for the
rest of the variables can be introduced to the
discriminant [22]. The equation must conform to the
test, the parameters of the obtained descriptors must
be remarkable, and the training set correlation
coefficient must be R*=0.919 to eliminate
collinearity independent variables in the model and
ensure that the model has strong predictive ability.
The test set molecules are substituted into the
equation to obtain the predicted values. The residual
distributions of the training and test sets are even.
This model has two independent variables, thereby
highlighting the influence of Vv and LOBMAX on
the Bcr of the halogenated benzenes.

Given that SVM has the advantage of solving the
problems of small samples, this study also uses
SVM to validate the results of MLR. The Vv and
LOBMAX descriptors of the 14 groups of training
set data are used as learning samples, and the
remaining 7 groups of test data are substituted into
SVM to obtain the predicted values. The residual
value of the prediction obtained from SVM is more
stable than that obtained from MLR. The root mean
square error (RMSE) of the SVM prediction is 0.42,
whereas that of the MLR prediction is 0.94. These
values illustrate that the SVM model prediction
error is smaller and the model obtained through this
method is more stable. The residual value of the
MLR prediction of hexabromobenzene is 67.8%,
whereas that predicted by SVM is 40.1%. These
values show that hexabromobenzene cannot fit the
QSAR model; however, in this study, we still
retained the full information of hexabromobenzene
to authenticate results.

In conclusion, the statistical results of the
stepwise method are suitable (training set
R’=0.919), and the prediction ability of the model is
outstanding. We can obtain more precise prediction
values by using SV Minstead of MLR. The model
can better specify the descriptors of LOB and
WHIM. Thus, we can accurately predict the ultimate
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bio-concentration factor. The model obtained
provides guidance for future research on
halogenated benzene concentration factors. The
method proposed in this work may be an important
means of halogenated benzene compounds
concentration research in the fields of chemistry,
drug design, and environment protection.
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QSAR-U3CJIIEABAHE HA BUO-KOHUEHTPUPAHETO HA XAJIOTEHUPAH BEH3EH B
PMBU

®. Yeu"?, H. JIu'?, [I. Sau'**", 1. Koy'?

!Kniouoea nabopamopus no 6v3cmanosseane na MopcKu 6uopecypcu u nodobpasane Ha JICUTUHAMA Cpedd &
npogunyus JIaonune, Okeanonodicku ynugepcumem 8 Januan, Kumaii
Kniouosa nabopamopus no cesephu mopcku Kyimypu, Munucmepcmeo na 3emedenuemo, OKeanonodicku yHUSEpCUumen
6 lanuan, Kumaii
Koneaic 3a nayku 3a scugoma u mexnonozuu, Ynusepcumem ¢ Januan, Kumaii

Tlocrpnmna Ha S anpui, 2015 .
(Pesrome)

Hsikon HaTpyIaHU ChEAWHEHHMS Ce pasrpaxJaT TPYIHO B OPTaHU3MHTE. SIBICHHETO Ha IOBUIIEHA KOHIICHTPAIWS B
OpraHM3MHTE CIPSIMO B OKOJIHATA Cpefia ce Hapuda OHO-KOHIEHTpHpaHe. B Ta3u pabora ca uzcnensanu 21 dakropu Ha
Ouo-koHIeHTpupane (Bcr) Ha XanoreHupad 6eH3eH B pubu. UeTuprHageceT MOJIEKYIHU TapaMeTPU Ha XaJIOTCHUPAHUTE
OCH3eHHM Ca MPOW3BOJIHO M30paHH Karo 0a3oBa MpeXa, a OCTAHAIMTE Ce CMATAT KaTO 3aBUCHMH IIPOMEHIIMBH 32
U3YUCISIBAaH Ha MOJIEKYJIHH JAeckpunTopd. Ch3laJeH € MoJen 3a Ipefcka3BaHe Ha OTHOIICHHETO KOJIMYECTBCHA
CTPYKTYpa-aKTUBHOCT MEXIy OHO-KOHIICHTPHPAHETO M MOJEKYJIHHTE IECKPHITOPH UYpe3 MHOKECTBEHAa JIMHEHHA
perpecusi. EnuMuHNpaHu ca He3aBHCHMHTE NPOMEHJIMBU ChC 3HAUMMa B3aMMHA JIMHEHHa Bpb3Ka 3a IMOCTHTAHETO Ha
ONITHMAJTHH TPEABIKIAHKS C KoeHIHeHT Ha kopenamus R’=0.919. TIpeackasaHnTe JaHHM OT JHHEHHATA PErpecks ca
MOJYYeH! U Ype3 MOJIEKYJTHUTE MapaMeTpH OT 3aBUCHMHTE NPOMEHINBHY. M3mon3Ban e noaaspxkant Bektop (SVM) 3a
IpelcKa3BaHe Ha 3aBHCHMHUTE IPOMEHINBH OT 0a30BUTE JaHHU KaTo IpoOu. Hail-noOpust MeTon 3a mpeacka3BaHe Ha
(dakTopa Ha OHO-KOHIICHTPHpAaHE Ha XaJOT€HO-OCH3CHW B PHOM ce ONpeaeNs 4pe3 CpaBHsABaHE HA TOYHOCTTAa HA
IpeIBIKIaHe Ha JBaTa MeTona. KpaifHuAT pe3ynTaT Ioka3Ba, e MOJENBT, IIOCTPOCH 4Ype3 CTEIICHHA PErpecust MOXe
edekTHBHO na mpenckaxe Bcr [Ipmiaaranero Ha SVM Moe Ja € I0-TOYHO B NPEABMKIAHETO Ha Bcr, 0COOEHO mpH
MairsK Opoit mpoGwu.
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